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ABSTRACT (Greek)

To Winograd Schema Challenge (WSC) etvan pio Vo mpdxhnot, €vag dlay wviouog, 6Tou ol
gpELVNTESC xoholvTaL Vo dnptovpyicouy éZunva cuc thuata Teyvntric Nonuoolvng (TN).
Ty televtalo dexoetio, p€oa 6Ty onola €xeL YIVEL YVWGTO GTNY EQELVNTIXY XOLVOTNTA,
EQELVNTES XUAOUVTAL VOL ONULOVEYHICOLY GUO TAUATO TTIOU VO UTIOPOUY Vol ETLAVOUY TEOPBAT-
MO HEC YRHOTS XAVOVKY XOLVAS AOYIXAG OTIWS XAl Ol AvUpwToL.

To WSC avagépeton otn dnuiovpyia cuctnudtov TN mou eivar cavd vo emhdouy
TEOPAAUTO AVIPORAS OVTWVUULGY OE TEOTAOELS.  LUYXEXPWEVA, uTdpyouv (ebyr omod
oy fuato (schemas), To xdle eva and to omolo anmoteheltan and plo tpdTaoy, uio cpwtNom, 1
OTOloL AVAUPERETAL OE L AVTLYULN TNE TedTaoNE Xt 500 TAVES amavTHOELS (WS AV Th-
OELC YPTOYLOTOLOUVTOL OUCLUC TiXA OTO (BL0 YEVOC o aptdd, YEYOVOC TTOU XAVEL AXOUT TIO
0UoXOAN TN OnuLovpYia EVOC TEToloL cucTHUNTOC). Enione, oe xdie npdtacn undpyet wia
el hEEN 1) ppdion mou Ty OAAEEL, aAAGLEL xou 1) amdvTnoT TNE epwTnong. O anwTtepog
o%0oTO¢ Ebval 1 XATAVONOT TNG AVIPOTILVIG CUUTEQLPORAS, TOU TEOTOU BNANDY| TTOL YENO\-
HOTOLOVY TOUG XAVOVES XOLVNG AOYLXNG, Yiot VoL emAOGoLY TEToL TEoBAAuaTa. AV xou elvou
x4t To omofo Yo Toug avdpdmoug elvon €ugpuTo, 1 BNULoUEYiN TETOLWY CUCTNUATWY elvor
OUOXONT XU GYEDOV aXATOPVWTY).

H Srotpi3n) awtr emxevtpdvetan ot oyedlao xon avanTuén UG TNUATLY TOU APOEOLY
0 WSC. Enetdr] xatd 1o teheutadar ypdvia UTdpyeL Uiar T4oT) OTNY EPELVNTIXT| XOLVOTN T
vo e0TLACEL o U Btapaveic oTatto Tnég Aooelg (Un-oupBoiny| TN) xou emeldy] ot dvipmmol
oev otnplloviar oe potifo AéLewv yia vo emALOUY TETOL TEOBAAUNTA, €Y OUNE BNULOVEY T
oet éval cUOTNUO AOYLoUXOU TO Omolo, PEca amd TNV eCaYWYT| YVOONS XOWNAS AOYIXAG
and v Ayyiu) Wikipedia, emler tpoArjuata tou WSC, ta onola €youv druiovpyr-
Vel and edwoig Tou yweou. To cuyxpltind TASOVEXTNUA TOU BLopavols auToU GUGTH-
uoTog TopouotdleTon YEca amd TELRUUATO TOU EYIVOY GE UPLO TAUEVO GUVOAX DEDOUEVMY.
Lopgpova ue tor amoteAéopatd wag gofveTon 6TL, av VENOUUE YEVIXOTEQY Vol TETUYOUUE T1)
OTULoVEY A GUOTNUATKY TIOU YENOYLOTOLOUV XAVOVES XOWAC hoYIxnS, Vo TENEL 1) EEUVT-
TIXT) XOLVOTITAL VOL ECTLAOEL XU OTNV EEYQOUEVN Tieploy ) TS xhaouxric/oupforxnc TN.

"Eyouv dnuoupyniel eminpdoieta cuc ot Tor onola o tnpiCovton oTig Vo TUCELS TNG

TN (cupPBohxr xou m—oupﬁohxﬁ) X0l ATTOVTOVY O GUYXEXQUIEVO EQEUVITIXG EQWTHUTY,



viii

omwe: o) Ilog propolue va tpowdricouvue To WSC, 1ol kote va yvwo totomniel o€ 6c0 10
OLVATO TEPLOGOTEQOUG EPELVNTES BLUPOELY EQELVNTIX®Y LTIOPATpwY; B) TItg uropolue va
OTULOVEYCOUPE GUC TAUNTA TOU VAL AELTOURYOUY WG METPIXES AUTOUATNS AlLOAOYNONS TNG
duoxollag eniivone tpofAnudtwy WSC and avipmroug; v) Ilde uropolue va dnulovey -
GOUWE GUO THUTA Yol TNV QUTOUXTH/NULAUTOUATY Tapay wyT| VEOY oynudtwy WSC;

Ytny mpoomdield pag auth, tpoteivaue ) Yo teofAnudtwy WSC w¢ uio véa popen
CAPTCHA. Iupadootoxd, ot nepiocotepeg unnpeoiec CAPTCHA e&unnpetoly 6Uo 6T6-
YOUC: TNV AT0TEOTY| X0XOBOVAWY EMUECEWY AT AUTOUUTOTONUEVY TEOYQUUNTA XOL THY
YVWO TOTOMNOT| TEOXAHCEWV-OLOY WVLOUMY UE OXOTO TNV ETIAUGY| TOUC. LTNY TEQITTWON
HOC O OOTEPOG GTOY0G EVAL 1) Y V(WG TOTOINGT) TOU TEOBAAUATOS GTNY EPELVNTIXT XOLVOTNTA,
EUEATILIO TOVTAS OTY) poxponpdleoun enthuct] Tou. MEoa and Tr cUPPETOY Y| HEYSAOU opL-
YOV GUUUETEYOVTWY UE CLYXEXQPUEVO Tielpopal a&lohoYAUNXE 1) YEHOT, 1) XATUAANAOANTA
oS xan 1 euyenotia tou WSC ot oycor ue xOpleg poppéc CAPTCHA.

AopBdvovtag unddn 6TL oL pehhovTixol diorywviouol Yo TEEMEL VoL 0pYavVOVTaL UE
Bdomn tov tedéTo enthuorc Toug and toug avlpmmoug, ahhd xon 6TL 1) yerion Tou WSC
o¢ wog véag poppric CAPTCHA Va mpénel vor unopet vor napovatdlet oyrjuato WSC ot
APOEKY BUOOALDY, €YoulE ETiong avamTULEL GUC TANTA AOYLoUX0D, Tor oTtola AeLlToup-
YOOV WG PETEIXEC QUTOUATNG allohdyNong TN duoxohlag eniivong mpofinudteny WSC.
H ouyxexpiuévn avantuln cUoTNUATOY GUVOOEVETOL UE TELOUUAUTIXG ATOTEAEGUATO TOU
a€loA0Y0UV TNV TOLOTNTA TV TEOPAEPEDY ToUC Ot OyéoT Ue TN BuoxoAMa Tou €youv ot
dvipwmol 0T GUYREXEWIEVA TROBAY AT

Téhoc, yvopilovtog 6Tt uTdpyet Teplopiouévos aptiuog oynudtwy WSC (Aoyw duoxo-
AMaig dntovpylag Toug) xan 6Tt 1) emlAvor ahhd xan 1) yerion Tou WSC we plag VEug nop@pnig
CAPTCHA cuvendyeton UEYUAES ATMAUTHOELS OF VEX OY AT, GE UTY| TN} OLTELf3r) €y 0UUE
enlomng TEoYWEYOEL GTNY AVETTUEY CUC TIUTLY AOYIGUIXOU YIOL TNY QUTOUATY) X0k ULV TO-
wotn mapay Y ) VEwy oynudtwy WSC. To cucthuato avamtiydnxoy UEGw TEYVIXMY TAT-
Yovddeong, enelepyasiog QuoAC YAMGOAS AN xou ¥EHONG VEUPWVIXGY dixtiwy. H
a€LOAOYNOT TNE TOLOTNTAS TWY TAURXYOUEVKY TEOBANUETOY EYLVE UE TELOAUAUTO GUYXEICHC
TOUC HE UPLO TAPEVA TTROBAAUATO TTOU €Y 0UV XUTAOXEVUOTEL amd edtxols oto WSC.

H Suatei3y) ohoxhnpdveton TopouctdlovTog GUYXEXOHIEVH ATOTEAEGUOTA XAl TEOTEVO-
vTog Tioveég HEANOVTIXEC EpEUVNTIXEC XATEVHUVOELS, CUVOBEUOUEVES UE ELOTYNOELS GYETIXEC
UE TOUG EAAEITOVTEC GUVBEGUOUE TTOU UTOUTOUVTAL YLOL T1 LEAAOVTIXT| TRO0DO0 GTOV EVPUTEROD

Y0 TOL TEOBAAUNTOC.



ABSTRACT

The Winograd Schema Challenge (WSC), a new novel litmus test for machine intelligence,
has been proposed to advance the field of Artificial Intelligence (AI). In the last decade,
the challenge has received considerable interest as a step towards building machines with
commonsense reasoning, humanity’s long-willed target since the late fifties.

The WSC refers to resolving pronouns in carefully structured sentences, where the
information needed to resolve them is not grammatically present. The challenge consists of
pairs of halves (schemas), where each half comprises a sentence, a question referring to an
unresolved pronoun, and two possible pronoun targets (answers). It is believed that tackling
the challenge will advance the field of Al helping at the same time the research community
to understand human behavior, which relates to the unfolding of the human mechanisms used
when answering such questions. In this regard, each WSC instance should tell us something
about human behavior, which needs to be explained. Although humans have no difficulties
tackling it, such systems’ development seems challenging and troublesome.

This dissertation focuses on methods and tools covering multiple aspects of the WSC.
Given the AI’s tendency to focus on behavior in a purely statistical sense, which can lead to
the development of non-transparent systems (sub-symbolic Al), and that human language
is not based on word patterns, we start by presenting how we developed a commonsense
reasoning system to tackle the WSC. In terms of experimentation, we compare the developed
system with well-known coreference resolvers. The compelling advantage of this transparent
solution is presented through experiments performed on existing WSC schemas developed by
experts in the field. The findings indicate that systems based on classical/symbolic Al must
be a part of the solution toward the endowment of machines with commonsense reasoning.

Additional systems based on both classical Al and machine learning were developed to
answer research questions such as: a) How can we promote the WSC to various academic
disciplines so that they could work on the problem of actually trying to solve the WSC? b)
How can we design systems that automatically differentiate between Winograd instances
according to their perceived human hardness? c¢) How can we build systems that automatically
build or considerably help humans develop schemas from scratch?



In this regard, we show how we utilized the WSC as a novel form of a completely
automated public Turing test to tell computers and humans apart (CAPTCHA). We expect
that the adoption and use of a WSC-based CAPTCHA will bring forward the WSC to various
academic disciplines to work on the problem of actually trying to solve it, and perhaps, in
the process, help build machines able to reason with commonsense knowledge. Experiments
we undertook show that a WSC-based CAPTCHA is generally faster and easier to solve than,
and equally entertaining as, the most typical existing CAPTCHA tasks.

Based on the fact that this is a challenging task for machines and that future Winograd
challenges should be organized according to how humans tackle them, this dissertation also
shows how we designed multiple approaches that can automatically differentiate between
Winograd instances according to their perceived hardness for humans. According to our
results, the automated approaches’ performance correlates positively with the performance
of humans, suggesting that these kinds of systems could be used as a metric of hardness for
WSC instances.

Finally, given that the schema availability is limited and that the schema development
process is challenging and troublesome, this dissertation shows how we managed to provide
the research community with the necessary tools for designing Winograd schemas from
scratch. The undertaken experiments show the benefits of utilizing our developed systems,
which, among others, can considerably help humans in the schema development task.

The dissertation concludes with the thesis findings, discussing the implications of this
research, accompanied by our thoughts on the missing links required for future progress in
the field.
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Introduction

Most people in the Al field trace its foundation to the late fifties (1956), where John Mc-
Carthy, Marvin Minsky, Claude Shannon, and Nathaniel Rochester organized a workshop
at Dartmouth College (Mitchell, 2019). The proposal (McCarthy et al., 2006), based on
which the term Artificial Intelligence (Al) was coined, listed several topics for discussion
that have continued to define the Al field to the present day (e.g., abstraction, neural nets,
natural language processing) (Mitchell, 2019).

Claude Shannon proposed studying the application of information theory concepts to
computing and the synthesis of brain models by emphasizing representing it as a mathematical
structure. Marvin Minsky proposed research, initially described in his dissertation, about
training machines using input and output channels (training data) through trial and error.
Nathaniel Rochester wanted to study the originality in machine performance, the process
of invention, and machines with randomness. Finally, John McCarthy proposed examining
the relation of language to intelligence because the human mind uses the former to handle
complicated phenomena.

Although everyone was very enthusiastic about their own research and high-level opti-
mizations indicated that Al was close in reach, sixty years later, the problem of endowing
machines with a deeper understanding of the world remains a challenge (Marcus and Davis,
2019; Mitchell, 2019; Wooldridge, 2020). Of course, the Dartmouth College workshop
produced significant outcomes, as it is the place where the Al goals were formed/forged, and
that further led to the development of well-known Al labs and projects (e.g., the MIT Al Lab,
the Stanford Al project) (Mitchell, 2019). Since 1956 we have been through winters and
springs, immense media hype, and failures, where various approaches have been proposed
(e.g., classical Al, machine learning). In the end, the Al community was criticized for

promising too much and delivering too little (Marcus and Davis, 2019; Wooldridge, 2020).
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Questions, such as whether machines could “think™, began to arise in 1951 (Wooldridge,
2020). In this regard, Alan Turing, one of the fathers of Al, inspired by the Victorian-era
parlor game called the Imitation Game, described what we now call the Turing Test. The
basic idea was for human interrogators to tell if someone they interact with, in the form of
textual questions and answers, is either a person or a computer program. Since then, various
computer programs have claimed to have pass it, though this was done with clever tricks,
through which they try to confuse the interrogators into believing that they are interacting
with a human being (Wooldridge, 2020). According to Levesque et al. (2012), the problem
with the Turing test relates to the free-form conversation nature of the challenge. Even though
free-form conversations are the best way to tell how or what someone thinks of something,
they are also susceptible to deception and trickery.

This led researchers to establish other similar challenges that seem to be less subject
to abuse. To that end, numerous challenges have been proposed towards encouraging the
development of systems that will automate, substitute, or enhance basic human abilities and
increase the extent to which humans can relate and interact with them.

One of these challenges is the Winograd Schema Challenge (WSC) (Levesque et al.,
2012), a carefully crafted pronoun resolution task that seems to be able to capture basic human
abilities (Levesque, 2014). The WSC refers to resolving pronouns in carefully structured
sentences, where the information needed to resolve them is not grammatically present. The
challenge consists of pairs of halves (schemas), where each half comprises a sentence, a
question referring to an unresolved pronoun in the sentence, and two possible pronoun targets
(answers). In this regard, the WSC can be considered as a novel litmus test for machine
intelligence. It is believed that the tackle of the challenge will advance the field of Al, helping
at the same time the research community to understand human behavior, which relates to
the unfolding of the human mechanisms used when answering such questions. Although
humans have no difficulties in tackling it, it seems that the development of such systems is
challenging and troublesome (Bender, 2015; Morgenstern et al., 2016). According to Adger
(2019), humans see invisible structure, not linear order, which is necessary to understand
how pronouns can refer to something. On the other hand, it seems that current developed Al
systems do not have that day-to-day commonsense reasoning that humans do (Marcus, 2018;
Marcus and Davis, 2019; Mitchell, 2019).

According to Marcus and Davis (2019), commonsense knowledge is the knowledge that
is commonly held among people or, simply put, the kind of knowledge we expect ordinary
people to possess. It is the knowledge we all humans have that we take for granted. Some
of it is innate, and some is acquired throughout our lives without even being aware of it

(Mitchell, 2019). The problem is that, even though we know it is something we possess as
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humans, nobody seems to know how to build machines with that ability (Marcus and Davis,
2019).

1.1 Motivation

According to Levesque (2014), each WSC instance should tell us something about human
behavior, that needs to be explained. With this in mind, we argue that non-transparent
solutions are not the best way to tackle Winograd instances. On the other hand, at the time of
writing, most approaches rely on statistical-pattern solutions to tackle specific datasets of the
WSC. According to Morgenstern (2021), doing well on a test often does not mean excelling
at the skills the test was designed to measure. We believe that this high performance is partly
because the vast majority of Al systems are trained for specific datasets and objectives, which
lead to models that are effective at finding task-specific correlations but lack explainable
commonsense reasoning abilities (Marcus, 2018; Marcus and Davis, 2019; Mitchell, 2019).

Al researchers are a competitive bunch, meaning that it comes as no surprise they like
to organize online challenges (e.g., Glue, SuperGlue) to drive the field forward (Mitchell,
2019). On the other hand, this is done by developing systems focusing on specific subsets
of the WSC, trying to bootstrap it from scratch —e.g., via multiple submissions and retests.
Do not get us wrong. Machine learning techniques, like deep learning, are valuable tools
for Al that we extensively use in this thesis. However, these kinds of techniques rely on
correlation rather than understanding. According to Wooldridge (2020), anyone with data
and fast parallel computer hardware could successfully use deep learning to tackle many
challenges. The problem is that “showing their work™ is not something machine learning
systems can easily do (Marcus and Davis, 2019; Mitchell, 2019), meaning that they are
opaque and, on occasions, brittle. In this regard, they could be perfect in one situation and
utterly wrong in another without showing what led them to make specific decisions.

In this thesis, we make the following claims: First of all, even though Levesque (2014)
argued that we need to turn to our roots of knowledge representation and reasoning without
treating English text as a monolithic source of information, the design of such systems remains
an open research issue and any evidence for this has been mainly anecdotal. Secondly, as this
is a particularly new challenge in the field (Levesque et al., 2012), scant attention has been
given to finding ways to promote it in various academic disciplines to stimulate research to
work on the problem of actually trying to solve it. Thirdly, although it is widely accepted
that future challenges should be organized according to how humans tackle them (Bender,
2015), no study has focused on developing systems that could output the perceived human

hardness index of Winograd instances. Finally, while the development of Winograd schemas
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is difficult and troublesome, requiring motivation and inspiration (Morgenstern et al., 2016;

Morgenstern and Ortiz, 2015), minimal evidence exists regarding the development of systems

that could automatically develop or considerably help humans in the development task.
Hence, the main research questions examined in this thesis are the following:

* How can we design a system that tackles the WSC based on knowledge representation

and reasoning?

* How can we promote the WSC to various academic disciplines so that they could work
on the problem of actually trying to solve the WSC?

* How can we design systems that automatically differentiate between Winograd in-
stances, according to their perceived human hardness?

* How can we build systems that automatically build or considerably help humans
develop quality schemas from scratch?

1.2 Thesis Contribution

Aiming to advance the Al field, the research community is concerned with the endowment
of machines with commonsense reasoning. We believe that a fully-fledged approach to the
WSC will bring us closer to the complete tackle of the challenge and the long-term Al goal
of endowing machines with commonsense reasoning abilities. Additionally, given that the Al
field will benefit from bringing together many different tools that refer to different periods
of the Al history (Marcus and Davis, 2019), in this thesis, both classical Al and machine
learning are used, which might also help bring together a new generation of Al researchers
who appreciate both approaches.

Concerning the first question (How can we design a system that tackles the WSC based
on knowledge representation and reasoning?), we start by presenting how we developed
a system, which, through the acquisition of commonsense knowledge from the English
Wikipedia, tackles the WSC. Given that there is a tendency in Al to focus on behavior in
a statistical-sense, and that human language is more than patterns or sequences of words
(Adger, 2019), we developed a system that uses commonsense reasoning to tackle the WSC.
The developed system shows how day-to-day commonsense reasoning can be operationalized
through a densely connected collection of inferential knowledge to tackle the WSC. In this
regard, our system could be used as a part of an extensive system to provide an insight into
how learning and reasoning through knowledge acquisition can fruitfully interact for pronoun

resolution. We expect that our developed system will help researchers focus on knowledge
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representation and reasoning and maybe combine good old-fashioned Al (GOFAI) with
modern non-symbolic Al to get closer to the long-term Al goal that’s been bothering us since
the 1950s.

Concerning the second question (How can we promote the WSC to various academic
disciplines so that they could work on the problem of actually trying to solve the WSC?),
a novel form of CAPTCHA was developed. According to Marcus and Davis (2019), to
advance the Al field, Al researchers must be drawn not only from the computer science field
but from a wide range of other disciplines, from psychology to linguistics to neuroscience.
Based on the fact that the WSC is a challenging task for machines and that CAPTCHAs have
also helped promote Al research in various challenge tasks, we will show how we utilized
the WSC as a novel form of CAPTCHA to distinguish humans from bots. Specifically, we
discuss the nature of this WSC-based CAPTCHA, highlight the shortcomings of typical
existing approaches, and provide motivation for a detailed WSC-based CAPTCHA design.
We expect that the adoption and use of WSC-based CAPTCHAs will encourage researchers
of various disciplines to work on the problem of actually trying to solve the WSC, and
perhaps, in the process, help build machines able to reason with commonsense knowledge.

Concerning the third research question (How can we design systems that automatically
differentiate between Winograd instances, according to their perceived human hardness?),
we will show how we utilized recent research (Bender, 2015) to develop mechanisms that
differentiate between Winograd instances. Given that not all schemas can be tackled with
the same ease, we will present how we designed and built multiple approaches that can
automatically differentiate between Winograd instances according to their perceived hardness
for humans as a step towards designing future challenges and as a security mechanism for the
WSC-based CAPTCHA service. To that end, we will show how a particular existing system
developed for the WSC can form the basis for deriving a data-driven metric of hardness
for WSC schemas. Additionally, given that sub-symbolic systems like deep learning are
extremely good at correlation tasks (Bengio et al., 2017; Francois, 2017), we will show how
we developed a machine learning system (random forest and deep learning) that outputs the
hardness index of any Winograd half faster than any previously used method.

Finally, concerning the last question (How can we build systems that automatically build
or considerably help humans develop quality schemas from scratch?), we will show how we
managed to provide the research community with the necessary tools for designing Winograd
schemas that meet the challenge requirements. Given that the development of schemas is
hard and troublesome even for humans, the developed systems come into play as schema
replenishment mechanisms and assistants for the schema design process. To that end, we will

show how we built a crowdsourced collaboration system that guides humans in the schema
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development task. Furthermore, we will show how we built a system that blends NLP and
deep learning to automatically develop Winograd instances to considerably help humans in

the schema development task.

1.2.1 Research Outcome

The outcome of this work was presented in several international peer-reviewed conference
proceedings, workshops, and journals. Additionally, systems developed as a part of this work
participated in international competitions all over the world. Specifically, our developed
system, Wikisense, tied in first place on the first WSC competition at [JCAI 2016. For
another, a modified version of our system participated and took third place on the first Taboo
Challengel, which took part as a side event of IJCAI 2017 (Rovatsos et al., 2018). Parts
of this thesis (e.g., ideas, figures, experimental results) have appeared previously in the

following publications:

1. Isaak, N., Michael, L.: Tackling the Winograd Schema Challenge Through Machine
Logical Inferences. In: Pearce, D., Pinto, H.S. (eds.) STAIRS. Frontiers in Artificial
Intelligence and Applications, vol. 284, pp. 75-86. IOS Press (2016), http://dblp.uni-
trier.de/db/conf/stairs/stairs2016.html#IsaakM 16

2. Isaak, N. and Michael, L. (2017). How the Availability of Training Material Affects
Performance in the Winograd Schema Challenge. In Proceedings of the (IJCAI 2017)

3rd Workshop on Cognitive Knowledge Acquisition and Applications (Cognitum
2017).

3. Isaak, N. and Michael, L. (2017). Tackling the Taboo Challenge with Machine Logical
Inferences. In Proceedings of the (IJCAI 2017) ESSENCE Taboo City Challenge
Workshop (Taboo 2017).

4. Isaak, N., Michael, L.: Using the Winograd Schema Challenge as a CAPTCHA. In:
Lee, D., Steen, A., Walsh, T. (eds.) GCAI-2018. 4th Global Conference on Artificial
Intelligence. EPiC Series in Computing, vol. 55, pp. 93-106. EasyChair (2018).
https://doi.org/10.29007/rnk8, https://easychair.org/publications/paper/pVoV

5. Isaak, N., Michael, L.: A Data-Driven Metric of Hardness for WSC Sentences. In:
Lee, D., Steen, A., Walsh, T. (eds.) GCAI-2018. 4th Global Conference on Artificial

Thttps://www.essence-network.com/wp-content/plugins/really-static/static/challenge/
challenge-rules/
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Intelligence. EPiC Series in Computing, vol. 55, pp. 107-120. EasyChair (2018).
https://doi.org/10.29007/398z, https://easychair.org/publications/paper/nRrp

6. Isaak, N. and Michael, L. (2019). WinoFlexi: A Crowdsourcing Platform for the
Development of Winograd Schemas. In Liu, J. and Bailey, J., editors, Al 2019:
Advances in Artificial Intelligence, pages 289-302, Cham. Springer International
Publishing.

7. Isaak, N. and Michael, L. (2020). WinoReg: A New Faster and More Accurate Metric
of Hardness for Winograd Schemas. In Danoy, G., Pang, J., and Sutcliffe, G., editors,
GCAI 2020. 6th Global Conference on Artificial Intelligence (GCAI 2020), volume
72 of EPiC Series in Computing, pages 46—58. EasyChair.

8. Isaak., N. and Michael., L. (2020). Winventor: A Machine-driven Approach for
the Development of Winograd Schemas. In Proceedings of the 12th International
Conference on Agents and Artificial Intelligence - Volume 2: ICAART, pages 26-35.
INSTICC, SciTePress.

9. Isaak, N. and Michael, L. (2021). Experience and Prediction: A Metric of Hardness
for a Novel Litmus Test. Journal of Logic and Computation. exab005.

10. Isaak, N. and Michael, L. (2021a). Blending NLP and Machine Learning for the
Development of Winograd Schemas. In Rocha, A. P, Steels, L., and van den Herik, J.,
editors, Agents and Artificial Intelligence, pages 188—214, Cham. Springer Interna-
tional Publishing.

Additionally to those mentioned above, three WSC datasets were created as an outcome
of this thesis?:

1. A dataset consisting of 29 Greek Winograd schemas that meet all the WSC criteria

developed by a Greek literature teacher.

2. A dataset consisting of 135 Winograd schemas (270 halves) developed by crowdwork-

Crs.

3. A dataset consisting of hundreds of automatically developed Winograd instances

(schemas/halves).

http://www.nicosisaak.info
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1.3 Thesis Structure

The remainder of the thesis is structured as follows. Chapter 2 shows various central aspects
of the WSC, what the challenge is about and why world knowledge and the ability to reason
seem necessary to tackle it. Then, the related work section is presented. Given that the WSC
has been a topic of interest for nearly a decade, multiple datasets along with systems were
introduced for tackling the challenge.

Following, Chapter 3 presents Wikisense, a system that focuses on commonsense knowl-
edge to tackle the WSC. Wikisense, which retrieves its knowledge via a supervised learning
approach, shows how learning and reasoning through knowledge acquisition can fruitfully
interact for the pronoun resolution. It shows, among others, how the acquisition and the
extraction of general inference rules could help us tackle the WSC. To that end, we show
how Wikisense utilizes the Websense engine (Isaak, 2011; Michael, 2013), an engine able to
respond to user queries provided in natural language text, with inferences that are implied by
the given queries according to the collective human knowledge. The proposed framework of
how Wikisense utilizes the Websense engine is described and applied in the experimental
section.

Chapter 4 presents how we utilized the WSC to develop a new type of CAPTCHA in
order to bring more Al research into the field. Although CAPTCHAs were established as a
standard technology to confidently distinguish humans from bots, beyond their typical use,
they have also helped promote Al research in various challenge tasks. Based on current
reports in the literature, the WSC remains a challenging task for bots and is, therefore, a
candidate to serve as a novel form of CAPTCHA. Although there are a finite number of
words in a language, there is an infinite number of sentences that can be built (Adger, 2019),
meaning that there is a long tail of completely unpredictable Winograd instances that could
be built to serve as CAPTCHAs. In this regard, Chapter 4 shows how we investigated whether
this a priori appropriateness of the WSC as a form of CAPTCHA could be justified in terms
of its acceptability by the human users in relation to existing CAPTCHA tasks.

Future challenges should be organized according to how humans can tackle them (Bender,
2015). Additionally, systems able to differentiate between Winograd instances could be used
to ensure that the CAPTCHA service would display harder schemas to solve in the case of
possible fraudulent actions. In this regard, Chapter 5 shows how we developed systems that
can be used as a metric of hardness for WSC instances. The first system utilizes Wikisense
to show how the performance of a particular automated approach varies with the availability
of training material. To that end, we compare the results of the automatic approach with two
studies, one from the literature and one that we designed and undertook. The second system
adds to previous research by presenting a new system, which, based on machine learning,
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outputs the hardness of any Winograd half faster and more accurately than previously used
methods. At the same time, along with our developed system, we show how we extend
previous work by presenting the results of a large-scale experiment we undertook.

Chapter 6 is related to the availability of Winograd schemas, which is not sufficient.
Since the development of new schemas by individuals is in itself a rather challenging
task, and as the WSC has been proposed as a basis for a novel form of CAPTCHA, such
uses of the task necessitate the availability of an extensive and presumably continuously
replenished collection of available Winograd schemas. Towards addressing this issue, we
present our developed systems. The first, WinoFlexi, is a flexible online platform system that
considerably helps humans in the schema development task. The second system, Winventor,
blends NLP with deep learning and attempts to fully automate the schema development
process to considerably help humans in the schema development task.

Finally, Chapter 7 summarizes the thesis findings, where we discuss the implications of
this research accompanied by suggestions for future research directions. Given that endowing
machines with a deeper understanding of the world remains a challenge, Chapter 7 closes
with the discussion section, where we present our final thoughts on the missing links required
for future progress in the field.






2

The Winograd Schema Challenge:
Background and Related Work

2.1 Background on the WSC

The Winograd Schema Challenge (WSC) is a novel litmus test for machine intelligence and
a variant of the well-known Recognizing-Textual-Entailment challenge (RTE) (Dagan et al.,
2005) that is able to capture basic human abilities (Levesque et al., 2012). The challenge
was named after Terry Winograd because of a well-known example that was taken from his
doctoral thesis, justified in terms of machine translation, and modified accordingly to meet
the challenge difficulties (see 2.1) (Davis, 2016).

The WSC is one of the most challenging tests for machines currently available and is
under the affiliated organization of Commonsense-Reasoning! (Marcus and Davis, 2019).
According to Levesque (2014), the WSC has been proposed as an alternative to the well-
known Turing Test. Given that it is a challenge that tests for reading comprehension, it seems
less subject to abuse by verbal tricks and canned responses (Levesque, 2014).

The challenge is about resolving ambiguities because the information needed is not
grammatically present. Passing the challenge requires resolving pronouns in certain sentences
where shallow parsing techniques do not seem to be directly applicable, and the use of world
knowledge and the ability to reason seem necessary (Levesque, 2014). Simply put, it is a
challenge that requires participants to answer binary questions referring to a definite pronoun
in the sentence without having to depend on a precise notion of entailment (Levesque et al.,
2012). Each Winograd schema comprises two halves, with each half consisting of a sentence,

a definite pronoun, or a question, two possible pronoun targets (answers), and the correct

'http://commonsensereasoning.org/winograd.html
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pronoun target (see 2.1). While given just one of the halves, the aim is to resolve the definite
pronoun, through the question, to one of its two pronoun targets. To avoid trivializing the task,
the pronoun targets are of the same gender, and both are either singular or plural. Moreover,
the two halves differ in a special word or phrase that critically determines the correct pronoun
target. Schemas that do not strictly follow these rules are called “schemas in the broad sense”.

Given a Winograd schema to answer, people can anticipate, and reason about, causes
and effects (Sap et al., 2019), and by realizing who did what to whom, when, where, and
why (Gary Marcus, 2019; Marcus, 2018), they can easily tackle it. For instance, if someone
gives us a Winograd half, “Sentence: The city councilmen refused the demonstrators a

29 ¢

permit because they feared violence.” “Question: Who feared violence?”, “Pronoun targets:
The city councilmen, The demonstrators”, and asks us to resolve the definite pronoun
“they” or just answer the question, we can easily infer that the correct answer is ‘“The city
councilmen”. This example shows how we, humans, through commonsense reasoning, can
easily tackle Winograd instances. We understand this because of our knowledge about
the city councilmen, demonstrators, and politics (Winograd, 1972). For example, having
the commonsense knowledge that city councilmen are often afraid of having other people
participate in demonstrations leads us to conclude that they [the councilmen] are the ones
who “feared violence”.

According to Adger (2019), we humans use special abilities when we learn languages, as
this is a part of our nature (starting with Chomsky (1959) review of Skinner). In this regard,
we can unconsciously sense the abstract structure of sentences when we hear them, which
is necessary to understand how pronouns refer to things. Not surprisingly, human adults
tackle the challenge with an average score of 92%, which sets the bar high (Bender, 2015).
However, it seems that the development of such systems is challenging and troublesome
(Bender, 2015; Morgenstern et al., 2016).

Although most Al developed systems seem to focus on the technology of Al that gets all
the attention, we should be focusing on the science of Al, which might help us understand
how we can do something, or as stated by Levesque, how is it possible for something physical
(like people, for instance) to actually do X?. In this regard, we should think of people’s
behavior in resolving ambiguities as something that needs to be explained, where even a
single half can show us something important (Levesque, 2014).

Furthermore, well-designed schemas can test for different kinds of expertise, or problem-
solving skills, or for an ability to visualize (Levesque, 2014). For instance, the following
schema concerns certain material regarding COVID-19 vaccines (the special word is given in
bold): Sentence: Vaccines like Pfizer are better than Sputnik-V. They are based on the mR-

NA/adenovirus technology. Question: Which vaccines are based on the mRNA/adenovirus
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technology? Pronoun targets: Pfizer Vaccines, Sputnik-V Vaccines. To answer such a schema
correctly, one needs to know that the Pfizer vaccines are based on the mRNA technique, and
the Sputnik-V vaccines use adenovirus-based technology.

Another one that tests problem-solving skills is the following: Sentence: The sack of
eggs at Morrisons supermarket was placed above the sack of wet eggs, so it had to be moved
first/second. Question: What had to be moved first/second? Pronoun targets: the sack of
eggs, the sack of wet eggs. To answer such a schema, we only need to know that “when X is
above Y, then X has to be moved first”. So, one needs to have this commonsense knowledge
and know what item is above and below. In this example, the contextual/circumstantial
knowledge of wet eggs does not make any difference in the resolution of the pronoun. Hence,
in the first half, the answer to the question “What had to be moved first?” is the “sack
of eggs”, and in the second “What had to be moved second?” is the “sack of wet eggs”.
However, with a slightly different example: Sentence: The sack of eggs and the sack of wet
eggs at Morrisons supermarket were placed on top of each other, so it had to be moved
first/second. Question: What had to be moved first/second? Pronoun targets: the sack of
eggs, the sack of wet eggs, the contextual/circumstantial knowledge about wet eggs makes the
difference in the resolution of the pronoun. In this regard, to answer such a schema, we need
to know that because of COVID-19 food safety measures, a sack of wet eggs means sacks
of preservative liquid which cause the eggs to float —It seems that this is a new way to sell
lots of hard-boiled eggs destined for salad bars. Then, to have the commonsense knowledge
that the sack of eggs had to be placed above the sack of wet eggs for safety reasons —if
we placed the sack of wet eggs above the sack of eggs, we would probably break the eggs.
Hence, in the first half, the answer to the question “What had to be moved first” is the “sack
of eggs”, and in the second “What had to be moved second” is the “sack of wet eggs”.

According to Levesque et al. (2012); Levesque (2014), when constructing Winograd
schemas, we should avoid making them either hard (e.g., ambiguous to answer) or too
obvious to resolve (e.g., non-Google-proof answers). For instance, an obvious way to resolve
a schema using the Google search engine is the following: Sentence: The rabbit easily passed
by the turtle because it was going so fast/slow. Question: What was going so fast/slow?
Pronoun targets: the rabbit, the turtle. At the time of writing, if we combine the first half’s
question and search Google with the keywords: “fast rabbit” and “fast turtle”, we can easily
resolve the definite pronoun to the rabbit (“fast rabbit”: 975,000 and “fast turtle”: 305,000).
In the same regard, in the second half, we can resolve the definite pronoun it to the turtle
(“slow rabbit”: 344,000 and “slow turtle’’: 574,000). It seems that in schemas that are too
obvious to resolve, one can implement a simple system that ignores the sentence structure to

search on engines like Google, which pair of words co-occur more frequently.
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An example of a schema whose answers are not obvious enough largely depends on
how much a person knows or on the shared common ground between interlocutors, not on
commonsense knowledge. As stated by Levesque et al. (2012), we have schemas that are a
“near-miss”’, meaning too ambiguous to answer —e.g., one of the special words or one of
the answers makes it too hard to resolve the schema or one of the two halves correctly. For
instance, the schema Sentence: John was happy/jealous when Nicos said that he tackled the
WSC with promising results. Question: Who tackled the WSC? Pronoun targets: John, Nicos
is too ambiguous to resolve when used with the special word “happy”. This happens because
the answer of the first half can be either John or Nicos, as it relies on the shared common
ground between interlocutors regarding their knowledge of the two pronoun targets. In this
regard, someone reading only the first half without knowing the specific people and their
relationship cannot answer it with certainty.

Challenges like the WSC aim to tackle the goal of endowing machines with human
commonsense reasoning abilities. By extension, it is believed that a system that contains
the commonsense knowledge to resolve Winograd schemas correctly should be capable of
supporting a wide range of Al applications (Levesque et al., 2012).

Given that the WSC is a challenge that has been proposed as the means to understand
human behavior (Levesque, 2014), it seems that non-transparent approaches —approaches
that cannot explain their reasoning— do not seem applicable (Levesque, 2014). For instance,
Winograd (1972) argued that no syntactic or semantic rules could capture this kind of ability
without world knowledge. However, as with the Turing test, many researchers claim to pass
it, though this is done with opaque statistical solutions that focus on discovering patterns of
words in WSC schemas. It seems systems can discover tricks or systematic bias in words to
tackle schemas without showing commonsense reasoning abilities as humans do.

For this thesis’s scope, we started working on the WSC at the time it was introduced
(2012). Since then, many have implemented well-established solutions and benchmark
datasets, mainly based on machine learning techniques. Below, we will start by presenting

the developed datasets and continue with the various approaches built to tackle the challenge.

2.2 Available Datasets

The WSC has been a topic of interest for nearly a decade. Since its introduction, multiple
datasets have been developed, aiming to assist the development of systems to tackle the
challenge. To the best of our knowledge, the only one that meets the challenge restrictions is
the WSC_273 dataset, introduced back at the same period with the challenge itself.
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\ A Winograd schema \
Sentence The city councilmen refused the demonstrators a permit because they feared violence.
st Question Who feared violence?
1% half - -
Pronoun Targets The city councilmen, The demonstrators
Correct Answer The city councilmen
Sentence The city councilmen refused the demonstrators a permit because they advocated violence.
nd Question Who advocated violence?
2" half - -
Pronoun Targets The city councilmen, The demonstrators
Correct Answer The demonstrators

Table 2.1 A Winograd schema example. The schema consists of two halves, and the objective
is to resolve the definite pronoun through the question in each half.

2.2.1 WSC_273: The Original Dataset of Winograd Schemas

WSC_273 is the dataset introduced back in 2012 with the WSC. It consists of schemas
manually constructed by experts in the field (Levesque et al., 2012). In this regard, all of the
developed schemas strictly follow the WSC rules (see 2.1). Although it consisted of 100
schemas back in time, at the time of writing, it consists of 150 schemas. Given that schemas
were added throughout various periods, several authors usually referred to them as WSC_,

where _ represents the number of halves they used in their research.

2.2.2 DPR: The Definite-Pronoun-Resolution Dataset

This dataset was introduced by Rahman and Ng (2012). The dataset consists of schemas
manually developed by thirty undergraduate university students under the “broad-sense”
flag. Although some constraints on the Winograd schemas have been relaxed, it remains a
challenging dataset (see Chapter 5). The DPR dataset consists of 943 schemas, where each
half consists of a sentence, a definite pronoun, two possible pronoun targets, and the correct

pronoun target. An example of such schema is the following:

1. First half: Sentence: The geology department petitioned the school board for money
because they needed funding; Definite-pronoun: they; Pronoun-targets: The geology

department, the school board; Correct-answer: The geology department.

2. Second half: Sentence: The geology department petitioned the school board for
money because they could grant funding; Definite-pronoun: they Pronoun-targets: The

geology department, the school board; Correct-answer: the school board.

2.2.3 PDP: The Pronoun-Disambiguation-Problem Dataset

The PDP dataset was developed to be used as a preliminary test before the actual round of
the first WSC, which took place in 2016 (Morgenstern et al., 2016), though no team did
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well enough to enter the WSC round. PDPs were manually collected, vetted, and sometimes
modified from classic and popular literature, where the whole process ended with a new
dataset consisting of 122 PDPs (Kocijan et al., 2020). Specifically, 62 examples of PDPs
were used before the WSC as a testing set, and 60 PDPs were included in the challenge,
which was administered as a side event at [JCAI 2016 (Davis et al., 2017) [all of the examples
were previously evaluated by 21 human participants (Davis et al., 2016)]. Given that the
PDPs were planned to be used as a preliminary test, they do not meet the WSC criteria,
meaning that in each PDP, there is no an associated special word, two possible answers,
or even a companion half. An example of such a PDP is the following: Phrase: Sergeant
Holmes asked the girls to describe the intruder. Nancy not only provided the policeman with
an excellent description of the heavyset thirty-year-old prowler, but drew a rough sketch of
his face. Snippet: rough sketch of his face. Possible-answers: (a) Sergeant Holmes (b) the
intruder. Correct-Answer: (b) the intruder.

2.2.4 LANG: Schemas in Other Languages

These are schemas translated from English or newly developed in other languages.

French, Portuguese and Chinese Schemas

Schemas of the original collection of Winograd schemas (WSC_) were translated into French,
Portuguese, and Mandarin Chinese. However, there were reports that some changes needed
to be made to the content to avoid unintended cues, such as grammatical gender (Kocijan
et al., 2020).

Amsili and Seminck (2017) translated 144 Winograd schemas that were available at the
time of writing their paper (WSC288). However, the process they undertook was able to
adapt/translate only 107 Winograd schemas —e.g., for a number of schemas they could not
find a direct translation into French.

Melo et al. (2019), via the help of three native Portuguese speakers, manually translated
285 original Winograd halves (WSC285) into Brazilian Portuguese”. As with Amsili and
Seminck (2017), the translation process was developed following the rules of the challenge
(Levesque et al., 2012), though eight sentences were rejected because they could not find a
suitable translation to Portuguese.

Bernard and Han (2020) introduced Mandarinograd, a collection of 154 Winograd

schemas translated into simplified Mandarin Chinese, adapted from the original dataset

Zhttps://github.com/gabimelo/portuguese_wsc
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(WSC_). When a direct translation was not possible, the authors tried to produce a themati-

cally related example.

2.2.5 WNLI: The Winograd-Natural-Language-Inference Dataset

This is a textual entailment version of the WSC, which is part of the GLUE benchmark?
(Wang et al., 2018). The authors converted each examined schema half into a sentence pair
classification by replacing the ambiguous pronoun, in each half, with each possible referent.
According to Wang et al. (2018), each half was manually constructed to thwart simple
statistical methods to determine if the half’s original sentence entails the sentence with the
pronoun substituted. The dataset consists of 70 validation examples, 145 test examples, and
a total of 634 training examples, which do not come in pairs as many of them do not contain
a special word (Kocijan et al., 2020). An example that shows how the original half (see 2.1)
was modified is the following: Sentence: The city councilmen refused the demonstrators a
permit because they advocated violence. Hypothesis: The demonstrators advocated violence.
True/False: True.

2.2.6 WNLI+: The Winograd-Natural-Language-Inference-Plus Dataset

WNLI+ refers to the SuperGlue benchmark (Wang et al., 2019a), named after GLUE with
a new set of more challenging Natural Language Understanding (NLU) tasks. Regarding
the WSC, although WNLI+ uses the same examples as the WNLI, it is used as a pronoun
resolution problem. Specifically, each example consists of a sentence with a marked pronoun
and noun. Their positions in the sentence are specified, where the task is to determine
if the pronoun refers to the specified noun. Like with WNLI, below is an example that
shows how the original half (see 2.1) was modified: Sentence: The city councilmen refused
the demonstrators a permit because they advocated violence., target: span2_index: 9,

spanl_index: 4, spanl_text: The demonstrators, span2_text: they, idx: 16, label: true.

2.2.7 WGEN: The WinoGender Dataset

The WinoGender dataset, inspired by the WSC, was introduced by Rudinger et al. (2018) to
reveal cases where coreference resolution systems mistakenly chose their answer based on
gender bias. At the time of writing, WinoGender consists of 120 manually written templates.
Compared to the WSC, in each example, all of the possible pronouns can be included to

create valid sentences (Kocijan et al., 2020). In this regard, the gender of the pronoun does

3https://gluebenchmark.com/
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not affect the expected answer. In each sentence, one of the two candidates refers to an
occupation presumably believed to have a highly imbalanced ratio between the two genders.
Below, a Winogender example for a nurse and a patient: The nurse notified the patient that:
1) her shift would be ending in an hour. 2) his shift would be ending in an hour. 3) their shift

would be ending in an hour.

2.2.8 WBIAS: The WinoBias Dataset

Like WinoGender, the WinoBias dataset (Zhao et al., 2018) was developed as a benchmark to
identify gender bias in coreference resolution problems. These are Winograd-schema-style
examples that contain entities corresponding to people referred to by their occupation (e.g.,
doctor, carpenter). For their experiments, Zhao et al. (2018) developed 3,160 sentences,
which were split equally into development and testing sets. As in the WGEN dataset, in each
example, the gender of the pronoun is irrelevant for the coreference resolution. To build their
schemas, they used two different templates. The first, more challenging template follows
the structure [entity1] [interacts with] [entity2] [conjunction] [pronoun] [circumstances]
and the second, [entity1] [interacts with] [entity2] and then [interacts with] [pronoun] for
[circumstances]. Note that, as with the WinoGender dataset, the WSC criteria are not met,
meaning there are no special words. An example of the first template is the following: halfl:
[The developer] argued with the designer because [she] did not like the design. half2: The

developer argued with [the designer] because [his] idea cannot be implemented.

2.2.9 WGRAN: The WinoGrande Dataset

The WinoGrande_all dataset is a large-scale dataset of 44 thousand Winograd-like examples
collected via crowdsourcing (Sakaguchi et al., 2020). Though the WSC inspired the devel-
opment of the dataset, the WinoGrande dataset was adjusted to improve the scale and the
hardness of the dataset —for instance, it is formatted as a fill-in-the-blank problem. Like
WinoGender and WinoBias, it was developed to discover if recent advances in the field have
been based on spurious biases found in the other datasets. Sakaguchi et al. (2020) also filtered
the WinoGrande_all to build an unbiased dataset of examples, called WinoGrande_debiased,
which consists of 12,282 examples. To that end, they used an ensemble of linear classifiers,
trained on random subsets of the data, and discarded the examples that were resolved by
more than 75% of the classifiers. Here is an example taken from the WinGrande dataset:
Examplel> sentence: lan volunteered to eat Dennis’s menudo after already having a bowl

because _ despised eating intestine., optionl: lan, option2: Dennis, answer: 2. Example2>
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sentence: lan volunteered to eat Dennis’s menudo after already having a bowl because _

enjoyed eating intestine., optionl: lan, option2: Dennis, answer: 1.

2.2.10 KnowRef: The KnowRef Dataset

Emami et al. (2019), introduced KNOWREEF, a new benchmark for coreference resolution,
which consists of 8,724 pronoun disambiguation problems extracted from sources like
Wikipedia and Reddit. Through various techniques, which incorporated human annotation,
they developed Winograd-like examples, though they came without questions. Like in the
original Winograd schemas, they removed gender and number cues to make their dataset
harder to resolve away from biases that might make the resolving easier. Each example
contains a target pronoun that must be correctly resolved to one of two possible antecedents.
For instance, [Paul] helped [Lionel] hide when [he] was pursued by the authorities.

2.2.11 MaskedWiki: The MaskedWiki Dataset

This is an extensive collection of sentences developed by Kocijan et al. (2019b) from the
English Wikipedia. The dataset, which was developed to fine-tune their Language Model
(LM) to tackle the WSC, does not seem to fulfill all the requirements of the WSC. The dataset
consists of 2.4 Million examples constructed by masking repeated occurrences of nouns. In
this regard, it contains sentences with (at least) two occurrences of the same noun where the
second occurrence is masked. For instance, Sentence: He was ordained in 1843 and was
awarded a Bachelor of Divinity in 1850 followed by a Doctor of [MASK] in 1872. Targets:
Divinity, Doctor. MASK: Divinity.

2.2.12 WIKICREM: The Wikipedia-CoREferences-Masked Dataset

This is a dataset of 2.4 million examples, generated by Kocijan et al. (2019a) in the same way
as MASKEDWIKI, albeit it masks only personal names. In this regard, the dataset contains
sentences that contain at least two occurrences of the same personal name, where the second
occurrence is masked. For instance, Sentence: Gina arrives and she is furious with Denise
for not protecting Jody from Kingsley, as [MASK] was meant to be the parent. Targets: Gina,
Denise, MASK: Denise.

2.2.13 GAP: The Gendered-Ambiguous-Pronouns Dataset

Webster et al. (2018) introduced the GAP dataset for the GAP challenge. According to the

authors existing systems do not capture ambiguous pronouns in sentences meaning that they
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are mainly based on gender bias to tackle coreference resolution problems. Although they
cannot be considered Winograd schemas, Winograd schemas are related to their work as they
contain ambiguous pronouns. Experiments showed that gender bias in existing corpora favors
masculine entities. To address issues related to gender bias, they developed GAP, which
consists of about 8,908 ambiguous pronoun-name pairs derived from Wikipedia. The dataset
contains a development and testing set of 4,000 examples and 908 examples for parameter
tuning. An example of such a sentence is the following: Sentence: In May, [Fujisawa]
Jjoined [Mari Motohashi]’s rink as the team’s skip, moving back from Karuizawa to Kitami
where she had spent her junior days. Ambiguous pronoun: she. Potential coreferent-names:

Fujisawa, Mari Motohashi. Correct: Fujisawa.

2.3 Related Work

As stated in the literature (Kocijan et al., 2020), since the WSC was introduced, various types
of systems have been used to tackle it, such as feature-based, neural-based, and language
model approaches (see Table 2.2). For the purpose of this thesis, feature-based approaches
that incorporate some form of commonsense knowledge will be considered knowledge-based
approaches. In contrast, feature-based approaches that incorporate machine learning will
be considered machine learning techniques as the neural-based and the language model
approaches.

Given that the WSC is a task that requires high-level language-like descriptions and
logical reasoning, knowledge-based approaches are mainly based on the acquisition of
some form of commonsense reasoning. On the other hand, neural approaches are primarily
trained on unstructured or pre-trained data. Specifically, language model approaches are
neural approaches that use large pre-trained language models, sometimes fine-tuned on other

datasets to maximize their performance.

2.3.1 Knowledge-based Approaches

Sharma et al. (2015) system is based on Answer Set Programming (ASP) (Baral, 2003;
Gelfond and Lifschitz, 1988), where they use a general-purpose parser (K-parser) to parse
and answer Winograd schemas. K-parser is used to retrieve background knowledge directly
from Google search queries (e.g., “.*not.*lift.*because.*weak.*”), forcing the search engine
to return specific sentences that are semantically and structurally similar to the given WSC

half. According to their results, the ASP-based technique rejects a large amount of WSC
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WSC DPR PDP | WNLI | WGEN | WGRAN | KnowRef

Knowledge-based Approaches

Sharma et al. (2015) 70%
Sharma (2019) 84%
Sharma (2019) - KParser 42%
Hong and Bennett (2020) - (Ensembled) 80%
Hong and Bennett (2020) - (Knowledge-Based) 37.5%

Feature-based Approaches

Fahndrich et al. (2018) T4%
Budukh (2013) 73%
Peng et al. (2015) 76%
Emami et al. (2018) 57%

Machine Learning Approaches

Rahman and Ng (2012) 73.05%
Liu et al. (2017) 70%
Zhang and Song (2018) 60%
Wang et al. (2019b) 62.4% 78.3%
Opitz and Frank (2018) 56% 63%
Trinh and Le (2018) 63.7% 70%
Radford et al. (2019) 70.7%
Prakash et al. (2019) 71.06%
Prakash et al. (2019) 70.17%
Klein and Nabi (2019) 60.3% 68.3%
Kocijan et al. (2019b) 72.5% 74.7%
Raffel et al. (2019) 94.5%
Kocijan et al. (2019a) 71.8% | 84.8% | 86.7% | 74.7% | 82.1%
Ye et al. (2019) 75.5% 83.6%
He et al. (2019) 75.1% 90% 89%
Ruan et al. (2019) 71.1%
Liu et al. (2019) 91.3%
Sakaguchi et al. (2020) 90.1% | 93.1% | 87.5% | 85.6% 79.1% 85%
Lin et al. (2020) 77%
Brown et al. (2020) - (zero-shot) 88.3% 70.2%
Brown et al. (2020) - (one-shot) 89.7% 73.2%
Brown et al. (2020) - (few-shot) 88.6% 77.7%

Table 2.2 Results of several approaches on the various datasets of the Winograd challenge.
Please note that some of the methods used are applied to subsets of the datasets.
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sentences. Specifically, it can only test two types of WSC halves, causal and direct causal
(38% of the WSC282 dataset), where it correctly resolves 70% of them.

In an additional work Sharma (2019), via additional knowledge, built on top of graph-
subgraph isomorphism encoded using ASP, they were able to tackle 240 out of 285 examples
(WSC285), albeit the input and background knowledge had to be manually provided by
a human —both hand-written graph representation and background-knowledge of each
example was provided. On the other hand, the automatic extraction of knowledge using the
K-Parser was able to solve only 120 examples (Kocijan et al., 2020).

According to Bailey et al. (2015), the WSC cannot be solved without human-like rea-
soning. They examined two types of relations for the purpose of establishing discourse
coherence sufficient to tackle Winograd schemas. To accomplish this task, they introduced a
theoretical framework of rules that could justify the solutions to a small subset of schemas.

Schiiller (2014) relates the WSC to relevance theory that implies humans easily prefer one
of the two answers in each examined half. Schuller’s system combines the examined sentence
dependency graph (via Stanford Parser) with a manually created background knowledge
graph, where it extracts the answer based on relevance theory and via ASP. Experiments
ran on four schemas from the original WSC200 dataset, where it was shown that certain
parameter combinations could lead to correct disambiguation of schemas.

Hong and Bennett (2020) tackled domain-specific Winograd schemas by applying various
techniques. One of them was a high-level knowledge-based reasoning method based on
Sharma (2019) research, and an ensemble that combines knowledge-based reasoning with
machine learning techniques to mitigate each method’s weaknesses. With the term domain-
specific, the authors refer to schemas that consist of sentences that relate to the usual sense
of thanking. In total, the thanking domain consisted of 171 extracted sentences from the
WinoGrande dataset based on relationships of “owing” and “being owed”. Experiments
performed on the extracted dataset showed that, on average, their ensembled method achieved
80% accuracy (32/40), and the knowledge-based reasoning method 37.5% accuracy (15/40).

2.3.2 Feature-based Approaches

Fihndrich et al. (2018), using sources like WordNet, Wikipedia, or domain ontologies, built
semantic graphs to tackle schemas from the PDP dataset. The graphs are merged, where the
resulting graph contains the facts about the words used in each examined half with additional
semantic (PropBank) and syntactic information (Stanford CoreNLP). Next, according to a
manually designed set of rules and through marker placing, which, according to the authors,

models how semantic memory is used for reasoning in humans, they resolve the definite
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pronoun to the pronoun-target with the greatest number of markers after a number of steps.
Experiments show that this method achieves 74% accuracy on the PDP dataset.

Budukh (2013) developed a system consisting of four answering modules to tackle the
WSC260. However, experiments showed that only 34% of the dataset could be tested. The
system rejected a large number of halves as it failed to resolve the pronouns that refer to
people. Finally, the resulting system, which uses world knowledge with an aggregation
mechanism (ConceptNet, Web Queries, Narrative chains, sentiment analysis), achieves an
average score of 73%.

Peng et al. (2015) achieved 76% accuracy on DPR using integer linear programming.
They acquire statistics in an unsupervised way from multiple knowledge resources (Gigaword
corpus, Wikipedia Wikifier, Web Queries, and polarity information) through the training of a
coreference model by learning a pairwise mention scoring function. They separate the halves
into three types and try to solve the first two. Their system accepts the sentence, the target
pronoun, and the two pronoun targets as input, and it does not exploit the fact that each half
comes in pairs in training or testing. Although their system achieves a high prediction score
(76%), it fails to answer 27% of halves that belong to the third type.

Emami et al. (2018), developed a Web knowledge-hunting system, which was able to
tackle the WSC275 with 57% accuracy. Their developed model, which is based on on-the-fly
knowledge-hunting than reasoning, operates in four stages. When given a half, it develops a
set of queries to capture the predicates and sends them to a search engine to retrieve relevant
snippets, which are then parsed and filtered to figure out the correct pronoun target.

2.3.3 Machine Learning Approaches

Rahman and Ng (2012) introduced the first system that tackled the WSC, along with the
DPR dataset. Their system uses machine learning to combine features derived from various
knowledge sources (Web Queries, FrameNet, Opinion-Finder, narrative chains, semantic
compatibility). Their system tries to find the best pronoun target in each half through a
Ranking-based approach, based on Joachims’ SVM-light package (Joachims, 2002). Al-
though this technique achieves 73.05% accuracy, it fails when halves are equally alike
(Sharma et al., 2015).

Neural Approaches

Liu et al. (2017) introduced a neural network approach trained in cause-effect relationships,
such as pairs of words from text corpora. The model was trained to learn the association
relationships between any two discrete events to predict whether the second part of the half
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is the consequence of the first one (Kocijan et al., 2020). The neural network approach
achieved 70% accuracy on a manually selected subset of 70 Winograd schemas, taken from
the WSC273 dataset.

Zhang and Song (2018) use a distributed representation approach, where via unsupervised
training, they tackle a subset of a manually selected set of 92 schemas (WSC273), with an
average score of 60%. The model tries to transfer the meaning of an examined verb, in each
half, to the definite pronoun (e.g., “fear/advocate” in Table 2.1), through the employment of
word embeddings. Using the spaCy dependency parser, they parse the training data found
from Wikipedia to develop dependency-based word embeddings, following the Word2Vec
embeddings (Mikolov et al., 2013).

Wang et al. (2019b) proposed two unsupervised models, based on Deep Structured
Similarity Model (DSSM) framework, to tackle the PDP dataset with 78.3% accuracy and
the WSC273 dataset with 62.4% accuracy. Their approach uses WSC and PDP, as a pairwise
ranking problem. In this regard, the aim is to generate a score that shows the correct pronoun
target for each half. For instance, in the first example, in Table 2.1, “councilmen, they” gets
a higher score than the incorrect one (“demonstrators”, “they”). According to the authors,
with their bi-directional LSTM model, they aim to capture the semantic meaning of the
definite pronoun and the pronoun target based on the sentences where they occur. This is
encoded into contextual representations by deep neural networks where they compute their
coreference scores (Wang et al., 2019b). For training purposes, to create positive and negative
samples, they leverage linguistic patterns from raw text based on the assumption that the
definite pronoun refers to one of the preceding nouns.

Opitz and Frank (2018), via the training of bi-directional LSTM models (Siamese model),
approach the WSC as a sequence ranking task. According to the authors, their work was
the first to focus on both the DPR and the WSC dataset by presenting an end-to-end WSC
system that does not rely on linguistic annotation. The Bi-LSTM-based models are trained to
rank the sentence with the correct pronoun target higher than the sentence with the incorrect
pronoun target. According to the authors, placing the problem as a sequence preference
ranking task has two major advantages: 1) it contextualizes each of these candidates to
the definite pronoun’s local context; ii) the two alternative sentences can define a model
that determines which one can be considered more plausible. Cross-dataset experiments
performed, that is, training on the DPR and testing on the WSC, showed that it is not trivial
to generalize when presented with a different, smaller WSC data set —they achieved an
accuracy of 63% on DPR and 56% on the WSC273 dataset.
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Language Model Approaches

Trinh and Le (2018), utilizing an ensemble of LSTM language models, pre-trained on a large
corpus of unlabeled data (LM-1-Billion, CommonCrawl6, SQuAD, and Gutenberg Books),
tackled the WSC273 with an accuracy of 63.7% and the PDP dataset with an accuracy of
70%. They developed two sentences from each examined schema via replacing the definite
pronoun with each candidate. Their ensemble model had to choose the one that results in a
more probable English sentence (the one with the highest probability). In this regard, the
ensemble of language models, which encodes human knowledge found in various corpora,
can assign a higher probability to the sentence based on what they previously learned from
their training data (Trinh and Le, 2018).

Radford et al. (2019) demonstrated that with their language model (GPT-2), a 1.5B
parameter Transformer that follows the details of the OpenAl GPT model (Radford et al.,
2018), they were able to tackle the WSC273 with 70.7% accuracy. To that end, they
scraped web pages that have been curated/filtered by humans (e.g., on Reddit). The resulting
dataset, called WebText, contained the text subset of these 45 million links, which led to the
development of a dataset of 8 million documents for a total of 40 GB of text. Their approach
demonstrates that language models can perform downstream tasks in a zero-shot setting, in
different domains and datasets, without the need for direct supervision.

Prakash et al. (2019) enhance previously used language models by augmenting them
with knowledge hunting to tackle the WSC273 and the WS283 datasets. Knowledge hunting
(Sharma et al., 2015) refers to using sentences with a simple structure that contains evidence
for coreference resolution of existing Winograd schemas. Given that, sometimes the needed
knowledge to resolve the definite pronoun in some schemas is embedded in the pre-trained
language models, by predicting phrases that occur most of the time than other ones, like in
Trinh and Le (2018), they combine the knowledge hunting and neural language models to
tackle the WSC. To combine the intermediate results of the two methods and predict the
best pronoun target’s confidence score, they use a Probabilistic Soft Logic (PSL) module
(Kimmig et al., 2012). The knowledge extraction module extracts texts that are similar to
the examined schema. For instance, from the example in Table (2.1), they extract the verb
phrases which are connected with the discourse connective “* refuse * because * fear *”.
Next, like in Sharma et al. (2015), they search the web to extract text snippets from search
engines. To find the most similar sentences, they use Parikh et al. (2016) natural language
inference model. In this regard, the sentences contain similar verb phrases and discourse
connectives. Next, they compute each entity’s semantic roles in the examined schema and
similar sentences to align the definite pronoun with the best candidate. Finally, via the PSL
framework, they combine the two modules, the knowledge hunting and the language model,
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to generate the confidence scores for each of the pronoun targets. In their experiments,
they compare two pre-trained language models, the Trinh and Le (2018), and the BERT
(Bidirectional Encoder Representations from Transformers) LM (Devlin et al., 2019). The
best results were obtained by combining the knowledge hunting with the BERT LM, where
they achieved 71.06% accuracy on WSC273 and 70.17% accuracy on the WSC285 dataset.

Klein and Nabi (2019) used a simple re-implementation of BERT (Devlin et al., 2019)
to tackle the WSC. According to the authors, although BERT language models can learn
context-aware word-embeddings, tackling the challenge and other commonsense reasoning
tasks is not trivial. They show that BERT attention maps can be used to resolve coreference
resolution problems. During training, BERT learns two prediction tasks: 1) to predict masked
tokens, given the context, and ii) given a sentence to predict the next one or show if two
sentences are consecutive. Their proposed approach takes as input the BERT attention-tensor
to output a score, one for each pronoun target, which indicates the strength of association.
According to their results, their system tackles the PDP with 68.3% accuracy and the WSC273
dataset with 60.3% accuracy.

Kocijan et al. (2019b) tackled the WSC by fine-tuning large pre-trained language models,
such as BERT. Experiments showed that by fine-tuning on MaskedWiki and DPR, their
model achieved 72.5% accuracy on WSC273 and 74.7% accuracy on the WNLI dataset. In
their work, they focus on using the BERT language model on masked token prediction. They
use this method on sentences with a similar structure to the Winograd schemas to figure out
which pronoun target is the best replacement for the masked definite pronoun. Specifically,
in each examined sentence, they mask the definite pronoun, where the language model has to
predict the best pronoun target in place of the masked pronoun.

Raffel et al. (2019) introduced a framework (Text-to-Text Transfer Transformer) to
convert text-based language problems into text-to-text problems to apply the same model to
different tasks. In this regard, they were able to tackle the WNLI dataset with an average
score of 94.5% (T5-11B with 11 billion parameters), which was achieved due to more
extensive pre-training. Via Common Crawl, which was used to scrape text from the web,
they introduced a new dataset called “Colossal Clean Crawled Corpus” (750 GB), which
only retained the lines that ended in a terminal punctuation mark. For fine-tuning purposes,
they treat all the GLUE and SuperGLUE benchmarks as single tasks by concatenating all
the constituent data sets. Regarding the WNLI dataset, to convert the WSC examples into
text-to-text examples, in each schema, they mask the definite pronoun and ask the model to
predict the correct pronoun target.

Kocijan et al. (2019a) developed WICIKREM to address the lack of large training sets,

which could be used with language models. Experiments they performed show that fine-
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tuning the BERT language model with WIKICREM consistently improves the model. Further
experiments show that models trained on WICIKREM show increased performance on gender
diagnostic datasets, like WGEN. BERT WIKICREM_ALL, which is additionally trained
on WIKICREM and obtained by fine-tuning BERT on all the available data from the target
datasets at once, achieves 84.8% accuracy on DPR, 74.7% on WNLI, and 86.7% on PDP.
BERT WIKICREM_DPR, which is trained on WIKICREM and fine-tuned on DPR (10% of
the DPR train set are used as the validation set), achieves 82.1% on WGEN and 71.8% on
WSC273.

Ye et al. (2019) proposed a pre-training approach for the BERT language model to
incorporate knowledge from sources, like ConceptNet (Speer and Havasi, 2012). They
automatically create a multi-choice dataset (KG) with their proposed “align, mask, and
select” (AMS) method to construct sentences with labeled concepts. Next, they replace
BERT’s original pre-trained tasks used: 1) to predict masked tokens, and ii) to predict the next
one with the KG task when given a sentence. To build the dataset (16,324,846 QA samples),
they: 1) filter triples from ConceptNet, which are based on relations such as “RelatedTo”
and “IsA” (resulted in 606,564 triples); 2) align each ConceptNet triple (conceptl, relation,
concept2) with the English Wikipedia to extract the sentences containing the two triple
concepts; 3) mask one of the concepts in one sentence with a special token (to be treated
as the question); 4) set the selected concept as the correct answer to the question; 5) use
randomly chosen words from ConceptNet as distractors. Pre-training models using their
proposed approach followed by fine-tuning in the same way as in Kocijan et al. (2019b)
achieved 75.5% accuracy on WSC273 and 83.6% accuracy on the WNLI dataset.

He et al. (2019) proposed a hybrid neural network approach (HNN), which combines
Kocijan et al. (2019b) masked language model with Wang et al. (2019b) deep semantic
similarity model, both sharing a BERT-based contextual encoder. According to He et al.
(2019), the models on which the hybrid approach is based use different methods when
predicting outputs, and thus they can capture different views of the data. In this regard,
the hybrid approach measures both the semantic wholeness of sentences, after replacing
the definite pronoun with the pronoun targets, and the semantic relatedness of the definite
pronoun and the two pronoun targets. Experiments show that the hybrid model achieves
75.1% accuracy on WSC285, 89% accuracy on WNLI, and 90% accuracy on the PDP dataset.

Ruan et al. (2019) use pre-trained language models with fine-tuning to tackle the WSC.
According to the authors, this is critical for achieving the necessary performance, possibly
showing that with larger fine-tuned datasets, one can achieve better performances. In this
regard, they show that higher performance can be achieved by jointly modeling sentence

structures. In their experiments, they approached the WSC as a “Next Sentence Prediction”
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problem. After replacing the definite pronoun with each of the pronoun targets, they split
the resulting sentence into two parts. Using BERT, they rate these two sentences using
pre-trained next-sentence-prediction —to see if the second part follows the first part. By
fine-tuning the pre-trained BERT on the DPR dataset (1882 sentences), their best model,
BERT-large (348 million parameters), tackled the WSC273 dataset with 71.1% accuracy.

Liu et al. (2019) introduced RoBERTa, an optimized BERT pre-training approach, to
measure the impact of various hyper-parameters and training data sizes. They measure
RoBERTz2’s performance on various tasks such as GLUE, RACE and SQuAD. RoBERTa is
trained on more extensive data (160GB of uncompressed text), that is, longer sentences in a
more extended period, and does not include the BERT’s next-sentence-prediction feature.
According to the authors, the results show that the pre-training of the masked language model
under the options above is competitive with all other published methods. Regarding the
WNLI dataset, ROBERTa, which is fine-tuned using the margin ranking loss from Kocijan
et al. (2019b), achieves an average score of 91.3%.

Sakaguchi et al. (2020) performed experiments to test if recent results of neural language-
model approaches (e.g., BERT) were based on spurious biases that exist in various training
datasets. In this regard, they have developed the WinoGrande dataset. Recall that along with
this dataset, they have developed WinoGrande_debiased, a dataset consisting of debiased
schemas. Based on the fine-tuned ROBERTa language model (Liu et al., 2019), they gained
contextualized embeddings for each instance, and used them to discard the top instances that
were correctly resolved by more than 75% of classifiers trained on the embeddings. Results
show that when training on the WinoGrande dataset, ROBERTa, achieves 79.1% accuracy on
WinoGrande, 85% on KNOWREEF, 85.6% on WNLI, 87.5% on PDP, 90.1% on WSC273, and
93.1% accuracy on the DPR dataset. Although this shows the WinoGrande dataset’s strength
when used as a resource for transfer learning, according to the authors, it also raises the
concern that they are likely to overestimate the true capabilities of their systems. According
to Lin et al. (2020), despite careful controls, the WinoGrande dataset might contain incidental
biases that these sophisticated models can exploit.

Lin et al. (2020) tackled the WinoGrande dataset with an average score of 77%, via a
TS5 sequence-to-sequence model (Raffel et al., 2019). Given that encoder-decoder models
can tackle text generation tasks, for fine-tuning purposes, during the training phase, and for
each WinoGrande example, two further examples are produced. Each example contains the
hypothesis and the premise, referring to either the first or the second candidate. The correct
statement is labeled with the entailment label while the other with the contradiction label.
Finally, at inference (test) time, each example is decomposed and fed to TS5 to predict if the

target token refers to an “entailment” or a “contradiction” statement.
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Brown et al. (2020) used the GPT-3 model, a language model with over 175 billion
parameters, to tackle various NLP challenges under three kinds of training, namely, zero-shot,
one-shot, and few-shot learning. Under zero-shot, GPT-3 was given only the challenge
description with zero task examples, and it tackled the WSC273 with an average score
of 88.3% and the WinoGrande dataset with 70.2%. Under one-shot, along with the task
description, the model was given only one example of the challenge, and it tackled the
WSC273 with an average score of 89.7% and the WinoGrande dataset with 73.2%. With the
few-shot learning, where the model sees a few examples of each challenge, it achieved 88.6%
on the WSC273 and 77.7% on the WinoGrande dataset.






3

Tackling the WSC with Logical
Inferences

3.1 Introduction

One of the most important challenges in Al is understanding how to create systems that
acquire and manipulate commonsense knowledge (Valiant, 2006). The goal is to build
machines that autonomously acquire relevant background knowledge and use it afterward to
solve different kinds of problems (Michael, 2009). With the creation of cognitive systems,
humanity aims to replace or substitute basic human abilities so that humans can relate and
interact with them.

This chapter describes how we developed a new method that tackles the Winograd
Schema Challenge (WSC) based on commonsense reasoning. According to Levesque (2014),
the WSC should serve as the means to understand human behavior towards developing
machines with commonsense reasoning. As he said, probably anything that correctly answers
a series of these questions is thinking in the full-bodied sense we usually reserve for people.
Put simply, each WSC instance should tell us something about human behavior that needs to
be explained (Levesque, 2014). In this regard, here, we examine the task of resolving cases
of definite pronouns, for which traditional linguistic constraints on coreference as well as
commonly-used resolution heuristics are not proper, or the procedure they follow is very
similar to a statistical approach, without invoking commonsense reasoning similar to what
humans do.

At the time of writing, more than 95% of the developed approaches try to solve the
WSC based on pattern-of-word or neural network solutions (see Chapter 2). Subsets of the
original dataset (WSC_) can be tackled with an average score of 66%, where the lowest
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score is 42%, and the highest 90%. This high performance is partly because most developed
approaches are trained for specific datasets and objectives. Although this leads to models that
are effective at finding task-specific correlations, at the same time, these kinds of systems
lack explainable and straightforward commonsense reasoning, meaning they are opaque and
brittle (Marcus, 2018; Marcus and Davis, 2019; Mitchell, 2019). Additionally, heuristics
or methods non-crucial to the WSC purpose, namely the choice of word embeddings or the
use of language models, can easily affect the results (Kocijan et al., 2020). For instance,
language models that predict probabilities of the next or the previous word in a sentence may
have their limits (Brown et al., 2020), meaning that more text does not always yield better
results. In this line of research, recent experiments have shown that state-of-the-art language
models struggle when trying to solve challenges that directly relate to abductive reasoning,
meaning they lack reasoning abilities that are trivial for humans (Bhagavatula et al., 2019).

The motive behind the WSC is the simulation of human-like reasoning in machines to
test machine’s ability to answer commonsense questions regarding sentence comprehension.
In this sense, a machine presents that type of behavior when it reaches a conclusion from a
situation similar to how humans do it, which is not trivial whatsoever. According to Mitchell
(2019), there is this paradox in Al initially reported by Marvin Minsky, based on which “easy
things are hard to develop”. Building intelligent machines with commonsense reasoning is a
task that has been bothering the AI community for a long time (Mitchell, 2019). Words like
“intelligent” are characterized as suitcase words, which means something broader and more
challenging to acquire, similar to thinking and cognition (Minsky, 2007).

We believe that the real meaning in reading comprehension is in reading between the lines
(Michael, 2009), that is, intelligently building machines that understand implied messages,
connect concepts and relations (Harwell, 2018), and, similar to what the WSC is all about, to
be able to resolve ambiguities in sentences. For learning to be meaningful to solve problems
like the WSC, machines need to deal with missing information and employ new learning
techniques to act as expert assistants that collaborate with humans.

Past experimental work, based on unaxiomatized knowledge acquisition from text, was
promising for extracting knowledge from text automatically (Michael and Valiant, 2008). It
aimed to make it possible for systems to acquire knowledge on a large scale by learning and
then use it robustly for reasoning. It is widely believed that logical inferences are necessary
in order to build natural language representations, as well as to reason about information
encoded in representations. In this regard, here, we present a technique that focuses on
commonsense knowledge, which can be retrieved and learned via a supervised learning
approach, called auto-didactic (Michael, 2010). It includes, among others, the acquisition

and the extraction of general inference rules that could help us solve different RTE problems,
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like the WSC. In this sense, progress on the WSC could be made possible by allowing
machines to learn and reason as humans do.

This work differs from previous work mainly in three aspects: i) It tackles the WSC
through commonsense reasoning. ii) It uses only one source for knowledge acquisition (the
English Wikipedia). iii) To tackle Winograd schemas, it utilizes logical inferences drawn
from the Websense engine (Isaak, 2011; Michael, 2013). Below, we start by presenting
the Websense engine’s structure, followed by the proposed methodology on the WSC. The
sections below explain each of these tasks, along with the tools and techniques we have
developed.

3.2 The Websense Engine

According to Valiant (2006), progress in the Al field could be achieved, by having machines
acquire commonsense knowledge, through learning, from natural text. This could be achieved
by emphasizing on the acquisition of knowledge in terms of computer-readable rules, the
efficiency of the acquisition task, and the robustness of the acquired knowledge. The
autonomous understanding of a text, called Machine Reading (MR), could be used as a new
full-fledged approach of Al to extract knowledge from text (Etzioni et al., 2006). MR aims
to combine multiple textual entailment steps (Dagan et al., 2005), based on a given text, to
form a coherent set of premises (inferences). Further experiments, in a subsequent work
(Michael and Valiant, 2008) to that of Valiant (2006), provided evidence of the feasibility of
that approach on a massive scale.

According to Michael (2009); Mitchell (2005), the Web offers a plentiful source of human
knowledge encoded in text, from which machines can obtain its factual content to use as a
structured knowledge base. The Websense engine has been developed in the sense that even
an individual piece of knowledge might not be stated explicitly on a single Web page but be
implicitly encoded across the Web through several sectors like expert knowledge, cultural
biases, misconceptions, fictional statements, and deliberate lies (Isaak, 2011; Michael, 2013).

Websense is a novel engine that brings together the goal of endowing machines with
commonsense knowledge and the goal of understanding text from the Web through machine
reading (MR). Specifically, Websense can respond to user queries provided in natural lan-
guage text, with inferences that are implied by the given queries according to the collective
human knowledge found across the Web (see Table 3.1). Put simply, the Websense engine can
output logical inferences, comparable to what humans do, so that they can relate and interact
with it as if it were a piece of advice coming from a knowledgeable assistant. According to
Michael (2013), progress on the WSC could possibly be made by allowing these types of
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systems to draw inferences similar to those drawn by humans. For instance, if Websense is
trained for the term “spyware”, given the text “The virus infected something”, the engine will
respond with the logical inference that “The virus infected a computer” —had we trained it
for “covid-19”, it would probably change its response to “The virus infected a human being”.
On another note, if we train it for articles, given the text “members sharing something”, the

engine will respond with logical inferences resembling “members sharing articles and files”.

Query: Virus infected something.

Scene-Constructor transformation: virus(ty;) A something(ts) A infected(ty, ta)

Logical Inferences: computer (tq)

Response: The Virus infected a computer.

Table 3.1 User interaction with the Websense engine, which was trained under the “spyware”
keyword.

Given that recent advances in the field mostly rely on engineering feats —statistical
approaches (e.g., n-grams, neural networks) that lack a reasonable process for acquiring
robust knowledge to use for reasoning—, Websense is based on an enhanced version of
good old-fashioned symbolic AI (GOFAI). Specifically, instead of externally providing the
necessary knowledge in the form of written rules, Websense’s logic-based knowledge is
autonomously extracted by reading the Web. In this sense, the engine provides both the
means and the opportunity to exploit this vast knowledge source for the benefit and progress
of the Al field (Michael, 2013).

According to Marcus and Davis (2019), we humans know all kinds of things, and every
sentence we encounter requires us to make inferences about how those things interrelate with
what we read. The goal was to use the Websense engine’s logical inference mechanism to
test it on the WSC. The Websense engine acts as humans do while reading, writing, thinking,
or answering questions, which is very helpful. It resembles an expert assistant able to provide

us with useful inference rules that might help us in the pronoun resolution task.

3.2.1 The Websense Engine’s Architecture

In its current version, the Websense engine works in two distinct modes, called the learning
mode and the interactive mode. The engine is written using advanced techniques to accelerate
the process. In the learning mode, without human supervision, it can learn anything from the
Web for a single subject (e.g., spyware). In the interactive mode, it can accept any user query
for input and return the commonsense conclusions produced through another component,
called the Reasoner (see logical inferences in Table 3.1). In short, for each examined subject,

Websense builds a relational knowledge base, with each rule providing a websense definition
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Figure 3.1 Websense’s architecture. In the first mode, it crawls the WWW to learn and build
its knowledge base (relational rules). In the second mode, it accepts any user query in natural
language text (NLT) and generates inferences implied by the given query.

of the predicate at the head of the rule, accompanied by variables (facts) that appear in a line
of the body of each rule. At the same time, the engine offers guarantees on the soundness of
its inferences (Michael, 2013).

Web Crawling

The Crawler component performs the crawling procedure, which locates the best results
in HTML format based on the A* algorithm (see the top-left part of Figure 3.1). In its
current version, the Crawler is externally provided with specific keywords (one at a time) and
downloads only pages containing those keywords. Based on the A* algorithm, the HTML
pages are reordered in descending order, meaning that pages with highly relevant content are
visited first. The goal here is to locate and download valuable content by allowing the engine
to determine the number of links of each visited page internally.

The Crawler browses all the web pages linked from the visited web pages and adds them
with the number of keyword occurrences in a queue. Next, after the queue is reordered
in descending order, the Crawler continues by visiting the first web page of the queue —
after browsing a specific URL, the page is removed from the queue. The whole procedure

continues until a specified number of web pages is reached. To avoid visiting web pages
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with the same content, a cyclic redundancy check (crc-32) technique is used. In the end,
the crawling procedure allows Websense to build its knowledge around a specific subject,

enabling it, at the same time, to draw relevant inferences —e.g., for the subject “spyware’
the engine might conclude that “hackers act like thieves”.

Cleaning and Parsing

After the specified number of web pages is reached, the Crawler downloads the requested
HTML files in a specified location. Next, a component called the Cleaner performs the
HTML-cleaning procedure. The Cleaner parses each downloaded file and removes all HTML
tags. Afterward, clean pages are split into sentences for speed improvement through a
component called the Splitter. To that end, anything except English sentences is removed. In
its current version, the splitting procedure does not consider that sentences might belong to
the same paragraph.

Afterward, each sentence is parsed through the Stanford Parser (De Marneffe et al.,
2006) to convert its meaning into certain existentially quantified conjunctions over predicates
(Michael, 2013). Stanford parser can show the typed dependencies included between the
words in each sentence (see table 3.3). Specifically, Stanford typed dependencies are designed
to provide a simple description of the grammatical relationships in a sentence that can easily
be understood and effectively used by people without linguistic expertise to extract textual
relations (De Marneffe and Manning, 2008). For instance, for the sentence, The virus infected
the pc, Stanford Parser returns the following typed-dependencies det (virus-2, The-1), nsubj
(infected-3, virus-2), det (pc-5, the-4), dobj (infected-3, pc-5), which map the words with
their grammatical relations onto a directed graph representation —the words are nodes, and
the grammatical relations are edge labels (De Marneffe and Manning, 2008). Specifically,
the returned typed dependencies of our example sentence have the following meaning:

* det (virus-2, The-1): This dependency shows the relation between the head of a noun
phrase and its determiner.

* nsubj (infected-3, virus-2): This is the nominal subject dependency, showing a noun
phrase that is the syntactic subject of a clause. Most of the time, the governor of a

nominal subject (nsubj) relation is a verb.

* dobj (infected-3, pc-5): This refers to the direct object (noun phrase) of a verb phrase,

which is the predicate of that clause.
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Scene Building

Following, each sentence’s typed dependencies are being parsed through another component,
called the Scene-Constructor, which produces first-order semantic scenes (see table 3.1). In
short, from each parsed output, Websense proceeds to extract facts about certain entities that
each examined sentence contains.

These kinds of scenes relate to first-order logic (Michael and Valiant, 2008), which, ac-
cording to Wooldridge (2020), is the lingua franca of mathematics and reasoning. According
to Michael and Valiant (2008), these kinds of scenes are useful in acquiring knowledge
from text. For instance, the nsubj (x-3, y-1) and dobj (x-3, z-3) typed dependencies can be
combined to create semantic scenes related to the nominal-subject and direct-object of the
examined sentence. Take for example the following typed-dependencies, nsubj (infect-3,
virus-1) and dobj (infect-3, system-3), based on which the Scene-Constructor outputs the
following scenes: virus(t;) A something(ts) A infected(ty, tg). In its current
version, the Scene-Constructor can build thirteen such relations.

Learning Mode

Next, the Scene-Constructor’s scenes are given as input to another component, called the
Learner (Michael and Valiant, 2008), to produce the required knowledge around the subjects
we are interested in. Wholes of such scenes correspond to the inputs available to Websense’s
learning mode, where they end up being the formulas in the bodies of the rules found in the
Learner’s knowledge base (see the bottom-left part of Figure 3.1).

We start by marking the Learner’s lexicon with the subjects we are interested in. Then, the
Learner proceeds with the parsing of the Scene-Constructor’s scenes to build its knowledge.
The produced knowledge file contains prolog-like rules and facts (“Head : Body”), where “a
head is true if its body is true”. The body of each head —subject identified in the lexicon—
contains facts or rules in Disjunctive Normal Form (DNF). On a second front, DNF formulas
lead to the development of knowledge bases whose rules are semantically closer to the type of
knowledge examined in many works in the area of knowledge representation and reasoning
(Michael, 2013). Additionally, anything —rule or fact— that has a weight>=1 is considered
significant. The basic idea is that each formula in the body is associated with a number, where
the larger the number, the more preferred the formula is. Additionally, the employed learning
algorithm provides a priori guarantees on the appropriateness of the responses (Michael,
2009). Put simply, the degree of a belief is justified empirically on how often it is found
to be true (Valiant, 2006). For instance, the knowledge file might contain the next rule,
telling us that a computer can be infected by a virus: computer(v):- dv : infect(x, v)
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A virus(x) weight(1.59).

Reasoning Mode

In the final step, the Reasoner component accepts user queries in natural language to generate
logical inferences implied by the given queries, which are important facts identified by the
given knowledge file (see the bottom-right part of the Interactive mode in Figure 3.1).

Specifically, the Reasoner component draws inferences by applying a relational knowl-
edge base on a set of input semantic scenes (predicates). In this regard, each rule in Web-
sense’s knowledge base is applied only once on the set of input semantic scenes determined
by the user query. The rule heads that are found to be true comprise the engine’s inferences
for that input (Michael, 2013). For instance, if Websense is given the query “The virus
infected something”, via Reasoner, it will conclude and respond in natural language that the
virus infected a computer (see logical inferences and response in Table 3.1). Therefore, the
given scene, virus(t;) A something(ts) A infected(ty, ta), would have triggered
the rule to infer computer (t4).

According to Marcus and Davis (2019), when this kind of formal logic works well,
meaning that it represents knowledge with sufficient clarity along with the ability to reason,
it might be a substantial shortcut toward endowing machines with commonsense reasoning

abilities.

Sentence-Generating Mode

Finally, to produce human-friendly inferences, Websense makes use of the Natural Language
Text (NLT) component (see the bottom-left part of the interactive mode in Figure 3.1).
This is a component that develops simple English sentences by combining the Reasoner’s
inferred scenes with the scenes from the user query. For instance, for the user query
scenes virus(ty) A something(ts) A infected(ti, ta) and the Reasoner’s logical
inference computer(ts), the NLT component returns the sentence, “The virus infected

computer” (see Table 3.1).

3.3 Wikisense

In its current version, Websense can accept simple English sentences to generate implied
inferences according to the collective human knowledge found across the WWW. In short,

the engine mimics humans when reading newspapers or talking to each other, however in
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a simple form. For instance, when we read the sentence ‘“The cat caught a mouse”, we
might draw inferences about a clever, fast, and hungry cat. This work aims to use the
Websense engine’s components to attempt to answer Winograd instances as humans do. For
that purpose, we modified and used an upgraded version of the Websense Engine (called
Wikisense) that acquires richer knowledge faster by applying principled learning techniques
(see Figure 3.2).

3.3.1 Learning-Framework for the WSC

Let us take the first half from Table 3.2, which will be referred to as the catch-clever example.
Wikisense’s purpose is to take the input sentence, the question, and the two possible pronoun
targets, to return the correct pronoun target. For instance, if we give Wikisense the catch-
clever sentence and ask, “Who is clever?”, we want it to respond with the correct pronoun
target, which is the cat.

Sentence The cat caught the mouse because it was clever.
) uestion: Who is clever?
First half Q
Pronoun Targets the cat, the mouse
Correct Answer: the cat
Sentence The cat caught the mouse because it was careless.
uestion: Who is careless?
Second half Q
Pronoun Targets the cat, the mouse
Correct Answer the mouse

Table 3.2 A Winograd schema: The catch example.

That being said, initial experiments that involved testing the engine on Winograd halves
could not help us resolve definite pronouns. For instance, for the catch-clever example (see
first half in Table 3.2), there were not enough relations between the sentence words that could
help us resolve the definite pronoun. No matter the amount of effort we applied, when we let
the engine find anything for the words catch, mouse, cat, clever (one at a time), the engine
could not generate sufficient results to reach conclusions —e.g., The mouse is being caught
by something else, The cat is catching something else. In the end, it was shown that the
Learner’s knowledge was too generic to help us conclude the correct pronoun target (the cat).

To strengthen Wikisense’s knowledge and reasoning abilities, we focused on human
commonsense reasoning ability, although this was not an easy task as “easy things for humans
are hard for machines” (Mitchell, 2019). When someone has to resolve pronouns, they mainly
focus on sentence verbs, nouns, and adjectives, and subsequently, through these relations, try
to find the correct answer (Adger, 2019; Michael and Valiant, 2008). According to Marcus
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Figure 3.2 Wikisense’s architecture. For any given Winograd half and based on various
settings, the engine searches the English Wikipedia to learn and build its knowledge base
(relational rules) in order to tackle it.
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and Davis (2019), when we read or hear something, our brain parses and deconstructs the
sentence into its constituent nouns and verbs and what they mean. Furthermore, hierarchical
structure, and not linear order, is necessary to understand how pronouns refer to things, as
languages mostly use the structure as one aspect of what limits the links between pronouns
and names (Adger, 2019).

Below, we continue to describe the design and modifications of the individual components

of Wikisense and discuss certain choices made.

User-Controllable Interface

The engine interface in Figure 3.2 illustrates a simple example given by a user, the parsing
and filtering of that example, the engines’ inferences drawn from it, the engine’s response,
and the storing of the results. Having in mind the original WSC dataset (WSC_), Wikisense,
entirely programmed from scratch in the Python! programming language, was designed to
allow access to a broad range of schemas that strictly follow the challenge guides and rules
—compared to Wikisense, the Websense engine was programmed in vb.net. In this case,
in its current version, Wikisense accepts Winograd schemas, where each half consists of a
sentence, a question, two pronoun targets, and the correct answer. In the first step, the user
must define an XML or a text file with the Winograd schemas at hand (this is depicted in
the bottom-left part of Figure 3.2). Then, the user starts the process, where for each half,
Wikisense either generates the correct/wrong answer or an error flag —in case it is unable to

identify the parts of a schema.

Part Identifier

One side problem of the WSC is identifying the schema parts correctly. Recall that most
scholars use well-structured schema-like examples instead of having their systems struggle
to relate the question, the sentence, and the two pronoun targets (see Chapter 2).

Our current design uses the Part Identifier component to identify each half’s parts by
combining predicates (scenes) of the sentence and question with the two pronoun targets
(this is depicted in the top-left part of Figure 3.2). To that end, this component uses tools
such as the Stanford Parser, proper-noun, and historical-noun lists to classify each half as
a noun or a proper-noun problem. Additionally, it utilizes various tools (e.g., lemmatizers,
semantic analyzers) to identify pronoun targets that might appear with different names or are
not explicitly mentioned in the sentence. For instance, in the schema (Lenat, 2008) Sentence:

Joe saw his brother skiing on TV last night but the fool didn’t recognize him/have his coat

Thttps://www.python.org
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on. Question: Who is the fool? Pronoun targets: Joe, Joe’s brother, we use those tools to
identify the relations where the pronoun target participates in (Joe’s brother). Finally, if the
Part Identifier cannot identify the parts of a Winograd instance, it notifies us accordingly via
a notification message and continues to the next one.

Wikipedia Indexing

Initially, we changed the engine’s Crawler (this is depicted in the top-left part of Figure
3.2). Because of Crawler’s idleness, we created an offline version to work with the English
Wikipedia (called Indexer), which is of higher quality both in language and information. The
Web-knowledge acquisition through the A* based Crawler, along with a cyclic redundancy
check technique, was time-consuming. For instance, for a nine-word sentence, the search
process could last from 30 minutes to 24 hours, depending on the size of each HTML page.
Moreover, given that Wikipedia is developed on the WWW, is open source and free for
anyone to write, Wikipedia is indirectly related to the Websense Engine development (an
individual piece of knowledge might not be stated explicitly in a single Web page, but be
implicitly encoded across the Web).

In this regard, we downloaded the English Wikipedia, which resulted in a clean-text of
18GB’s from Common-Crawl?. To drive the whole learning procedure to a specific learning
domain, excluding generalities and likelihood of confusion and to reduce time complexity,
we removed the Cleaner and Splitter components from the whole process. We only used them
once to build a static version of the Wikisense dataset (this is depicted in the top-right part
of Figure 3.2). For that purpose, the 18GB’s of Wikipedia resulted in a database of nearly
88 million English sentences, consisting of the lexicon part and the sentence part —The
lexicon part contains everything except the stop-words of the sentence part. Specifically, the
lexicon part contains files of lemmatized indexed words that lead to sentences consisting of
those words. In this regard, the Indexer component always returns sentences that contain the
words we are interested in. For example, if our current Indexer’s keyword is mouse *cat/catch,
it means that all sentences that include the words mouse, cat, and catch will be further
transmitted to the next step.

In our current design, the Indexer is externally guided via user-controllable settings.
Specifically, we updated the Indexer to search via a combination of subjects (e.g., noun, verb,
adjective) instead of a single one. Furthermore, the Indexer was enhanced with synonym and
antonym capabilities —nouns, verbs, and adjectives— to be able to search and learn more
widely. Using synonyms and antonyms as a direct keyword plugin could also help retrieve

more Wikipedia sentences. For instance, in the case of synonyms, instead of searching only

2http://commoncrawl.org/the-data/get-started/
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for the word cat, we could also search for the words moggy, feline, mouser, kitty. Work in the
past used different hybrid approaches to combine shallow analysis with synonyms to attempt
to solve different RTE problems (Bos and Markert, 2005). Additionally, we equipped Indexer
with extra verb capabilities related to each verb’s root. For example, instead of searching for
mouse *cat/catch, Indexer can acquire Wikipedia pages based on a variety of keywords, such
as mouse *cat/catch, caught, catching, catches. Also, pluralization capabilities were added

for nouns, verbs, and adjectives that enhanced the keyword list with more items/words.

Narrative-Chain Replacer

Work in the literature found it challenging to answer schemas with proper names (Budukh,
2013). In this regard, if at least one of the two possible answers is a proper name, the
Chambers and Jurafsky (2008) narrative-chains are used to replace them. These are ordered
sets of events (verbs) centered around a common protagonist. Therefore, for any given proper
name, the Narrative-Chain Replacer component browses a list consisting of thousands of
proper names downloaded from the WWW (see top-middle part of Figure 3.2). This does
not apply to pronoun targets that refer to historical names, as there is sufficient information
available in Wikisense’s dataset.

Scene Building

Recall that the Scene-Constructor component accepts as input the typed-dependencies that are
produced from the Stanford Parser (see Table 3.3) and generates first-order semantic scenes.
For example, if we provide as input the catch-clever sentence dependencies, through a pre-
running semantic option (e.g., S_DobjNsubj) it generates the scene cat (ty) A mouse(ts)

A catch(ty, tg), which tells us that a cat catches a mouse.

Stanford Parser: nsubj(caught-3, cat-2) dobj(caught-3, mouse-5)
SpaCy: verb: catch catch_subject: cat, catch_object: mouse
Table 3.3 Stanford and spaCy parser output for the catch-clever sentence.

This relation has been created because of a direct connection between the entities con-
nected through the dobj and nsubj dependencies, based on which we can create subject-verb-
object relations. However, more semantic rules like the above had to be built in order to use
the Scene-Constructor on the pronoun resolution problem. Given that virtually every sentence
we utter is novel (Adger, 2019), the more semantic rules we have, the more cause-and-effect
structure of the world we will be able to capture. To that end, new relations have been

created by studying the Stanford-Parser’s typed-dependencies manual (De Marneffe and
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Manning, 2008). Finally, the Scene-Constructor component concluded with multiple useful
but time-consuming relations.

Stanford parser is a well-tested parser widely used, but the speed is not one of its
advantages. This is why the parsing procedure was updated to be used in combination with a
faster one. Given that Wikisense was needed to parse thousands of sentences and not to be
restricted by the parser’s speed, the engine uses the Stanford parser in combination with a
new parser on the NLP field, called spaCy (see table 3.3). SpaCy features a high-performance
tokenizer, part-of-speech tagger, named entity recognizer, and syntactic dependency parser,
which offers one of the fastest syntactic parsings in the world>. In this regard, we updated
the Scene-Constructor to work also with spaCy. Through SpaCy, Scene-Constructor finds

9% ¢ 99 ¢ 9% ¢ 29 ¢

the sentence subjects (e.g., “nsubj”, “nsubjpass”, “csubj”, “csubjpass”, “agent”, etc.) and
objects (e.g., “dobj”, “dative”, “attr”, etc.) to create semantic scenes.

Because of spaCy’s speed and Sanford-Parser’s legacy and acceptance, both parsers are in
use. First, Stanford Parser parses each WSC sentence to locate the pronoun-target positions
in the sentence and correlate the question with the WSC sentence. If Stanford Parser cannot
provide useful outputs, then we also use spaCy. Afterward, as it is a faster parser, we use

only spaCy to parse Wikipedia’s sentences located by the Indexer.

3.3.2 A Simplified Running Example

A big issue concerned Wikisense’s controlling procedure until the final step of the pronoun
resolution. In this regard, the whole process was enhanced to guide the whole procedure to
the pronoun resolution. For better understanding, below, we describe Wikisense’s controlling
procedure through a simplified example concerning the catch-clever half (see Figure 3.2).

At first, the engine loads the examined half, and through the Part Identifier identifies the
sentence, the question, the two pronoun targets (answers), and the correct pronoun answer.
Next, it parses both the sentence and the question, and in correlation with the two possible
answers that have to be located in the sentence, creates the Indexer’s search keywords. If
at least one of the two possible answers is a proper name, the Narrative-Chain Replacer is
called to replace them.

Regarding the keywords, the engine keeps only verbs, nouns, and adjectives from the
WSC sentence and the question. Specifically, it splits the keyword procedure into two
parts, based on the sentence and the question, and produces the necessary keywords for the
Wikipedia search that correlate the two pronoun targets between them and the question (e.g.,
see table 3.4).

3https://spaCy.io
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The keyword-generation process starts with the keyword that directly relates the two pro-
noun targets based on the parsing results (see 1Q in Table 3.4) —e.g., the nominal subject and
direct object relation, built by the Scene-constructor component (e.g., mouse*cat/catch).
In the event that the parsing procedure cannot generate results, an alternative heuristic
procedure, which creates the keyword using the positions of the two pronoun targets, is
called. If the first keyword (1Q) cannot be created, the current WSC half is abandoned.
Similarly, if the two pronoun targets cannot be located in the sentence, the examined half is
also abandoned. For instance, the two pronoun targets might be stated in a sentence slightly
differently from the given answers, though we maximally eliminate these kinds of problems
using the Part Identifier component —for instance®, in the phrase, I saw Jim yelling at some
guy in a military uniform with a huge red beard. I don’t know who he was, but he looked
very unhappy, the two answers given are Jim, and the guy in uniform.

If the examined half is not abandoned, then the first keyword (1Q) can be directly used
to output semantic scenes to the knowledge needed to solve the pronoun resolution (e.g.,
cat(ty) A mouse(ts) A catch(ty, ts)). All semantic-like parsers extract only some
of the semantic relations encoded in a given text, though the rest requires further work. The
other keywords are created in the following order (see table 3.4): (1.) Between verbs that are
included in the first keyword (1Q) and the verbs, adjectives, nouns from the question (e.g.,

2Q). (2.) Between the two pronoun targets and the verbs, adjectives, nouns from the question

(e.g., 3Q).

(1Q) cat*mouse/catch, (2Q) catch/clever, (3Qa) cat/clever, (3Qb)mouse/clever
Table 3.4 Indexer’s keyword queries for the catch sentence.

After creating the keywords, Wikisense summons the Indexer component with the new
keyword (e.g., 2Q, catch/clever) and waits until it generates the requested amount of
sentences. The default is one thousand Wikipedia sentences for each examined half, though it
can be easily modified via the Wikisense settings. Indexer seeks to retrieve the specified num-
ber of sentences through various settings, starting with sentences that contain the requested
words.

In case the requested amount cannot be retrieved, it continues to search via other settings
such as enhancing the keyword items with their synonym and antonym values or verb-roots.
Finally, if the requested amount cannot be retrieved, the procedure advances to the next step
with the current retrieved number. If the system cannot retrieve sentences, the current half is

abandoned, and the procedure continues with the next half.

“see example 95 from https://cs.nyu.edu/~davise/papers/WinogradSchemas/WSCollection.
xml
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Rule 1:

cat(x)

Jv : catch(x, v) weight(1.03031)

Jv : catch(x, v) Amouse(v) weight(1.000000)

Rule 2:

mouse (x)

Jv : catch(v, x) weight(1.110000)

Rule 3:

clever (x)

Jv : catch(x, v) weight(1.044202)
Table 3.5 The Learner’s knowledge for our simplified example. The first rule means that a
cat catches a mouse. The second rule that a mouse is being caught by somebody else, and
the third rule that the clever catches somebody.

When the requested amount of sentences is found, Wikisense locates sentences obtained
to replace those words with the original keywords. This is done to have homogeneity among
sentences to further help the commonsense reasoning process of Learner and Reasoner. Then
the whole procedure continues with the other components that follow:

* Every sentence is parsed via spaCy, wherein correlation with the Scene-Constructor,
the semantic scenes are developed to be given as input to Learner —semantic scenes of
the type subject, verb, object that are created through the sentence/question’s subjects
and objects.

* If essential scenes are included, then a knowledge file is produced, which will be used

by Reasoner to resolve the definite pronoun to the correct pronoun target.

 If a knowledge file is not produced, the whole procedure runs again with another
searching keyword.

In our catch-clever example (see Table 3.5), after adding the keyword’s cat*mouse/catch
semantic-scenes and processing the keyword catch/clever, a useful knowledge file is pro-
duced. If we carefully observe this knowledge file, we can conclude the following: Between
the cat and the mouse, the clever cat is catching the mouse. We consider this characteristic
of our engine as advantageous because the ability of a system to show its work is one of the
most important benefits of symbolic Al (Wooldridge, 2020).

The produced knowledge file (e.g., see Table 3.5) contains rules, where all variables in
the head of each rule are assumed to be universally quantified over that rule. In our example,
the Learner’s knowledge consists of three rules. The first rule has two scenes in its body. The

first scene informs us that if an entity_x catches an entity_v then the entity_x has the property
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cat. In the same regard, the second scene tells us that if an entity_x catches an entity_v that
has the property mouse, then the first entity (entity_x) has the property cat. The second rule,
consisting of a single scene, shows that if an entity_v catches an entity_x, then the entity_x
has the property mouse —according to the generated weights, this scene is more important
than the first scene of the first rule. Finally, the last rule depicts that if an entity_x catches an
entity_v, then the entity_x has the property clever.

The final step is the definite pronoun resolution, where Wikisense summons the Reasoner
component to extract the correct pronoun target from the produced knowledge file. Recall
that the Reasoner draws inferences by applying a relational knowledge base on a set of input
predicates. In this regard, it was modified to automatically take a query from Wikisense with
a preformed scene, via which it indirectly asks if Reasoner can conclude anything else from
this query. Specifically, it asks if Reasoner knows more about the first keyword’s semantic
scene (1Q).

For instance, in our catch-clever example, we are getting an inference that the cat is
also clever, meaning that the correct pronoun target is the cat. Given the query cat(vy) A
mouse (vy) A catch(vy, vy) Reasoner concludes that: clever (vy).

Generally speaking, Wikisense overviews the learning procedure’s generated amount
of knowledge. If the problem is solved, it returns the correct pronoun target. Other-
wise, it keeps into the knowledge-base only the first sentence’s part semantic scenes (e.g.,
mousex*cat/catch) and proceeds to the next Indexer call. If a keyword is not available, the
engine returns a message that the pronoun cannot be resolved. Below, we explain Wikisense’s

knowledge acquisition process in detail, which was discovered after several experiments.

3.3.3 Knowledge Acquisition Algorithm

Wiksense’s knowledge acquisition algorithm is depicted as a black box in the top-center
part of Figure 3.2. Recall that, in every step, Wikisense acquires sentences via Indexer from
the English Wikipedia, builds the necessary scenes, and feeds the Learner. At the end of
each step, it asks Reasoner to return the correct pronoun target through the question. If no
conclusions can be provided, it proceeds to the next step.

To discover the best knowledge acquisition algorithm (e.g., the best keyword sequence
and keyword settings), we examined the DPR dataset from Rahman and Ng (2012). We
labeled the examined WSC halves supporting and not training because we used them only
to guide the Wikisense’s learning procedure. Given that the DPR dataset does not include
questions but only definite pronouns, through another built component (called Questionnaire),
we automatically added the necessary questions (to match the original WSC_ dataset). Recall
that each WSC half consists of a sentence, a question, a definite pronoun, and the two
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pronoun targets. In this regard, for each examined half, the Questionnaire component parses
the sentence to locate the position of the definite pronoun. Next, it removes all the sentence
words from the start to the position of the definite pronoun. Finally, it replaces the definite
pronoun with English question words, accordingly (e.g., it to What, they to Who). For
instance, for our catch-clever example sentence, “The cat caught the mouse because it was
clever”, the Questionnaire component would generate the “What was clever?” question.
Next, we updated the Reasoner component to return the value-confidence for each half’s
processed keyword. This is an integer value that shows the Reasoner confidence for the
generated results. For instance, we need to know how many rules in the knowledge file
can specify that the subject of the word catch 1s also clever (see table 3.5). This is done to
build a principle mechanism to combine multiple inferences in a single Wikisense inference.
The magnitude of the values of each body rule in the knowledge file does not matter in this
case: all that is important is for the magnitude to be above a certain threshold (e.g., >= 1.0).
Ultimately, these kinds of rules capture discrete chunks of knowledge, based on which we
know when we can safely conclude from premises (Wooldridge, 2020). In this regard, we
were calling Wikisense, forcing it to return a feature vector that we were going to examine in
a later step. The vector consists of fourteen values that show verb relations, verb-synonym
relations, verb-antonym relations, and noun relations. Below, we explain how Wikisense

built the feature vector for a total of 1697 supporting WSC instances.

1. Through the two parsers, Wikisense determines if negation is addressed to any of the
two possible pronoun targets (labeled as negF). As stated in the literature, negation is
important because it changes the direction of the rules (Peng et al., 2015; Rahman and
Ng, 2012).

2. It determines whether the two nouns appear in the sentence in reverse order, contrary

to how they appear in each half’s answers (labeled as revF).

3. Itruns the first keyword that connects the sentence with the question (e.g., catch/clever)
and stores the value-confidence without synonyms or antonyms enabled (labeled as
Vx-Vy). Vx is the confidence for the first pronoun target, and Vy is the confidence
for the second pronoun target (e.g., Vx shows that the subject of the verb catch is also
clever).

4. Wikisense runs the same keyword as previously (e.g., catch/clever) and stores the
value-confidence directly through synonyms (labeled as Sx-Sy). For instance, if catch-
Synl, catchSyn2 are the synonyms of the word “catch” and cleverSynl, cleverSyn2 are

the synonyms of the word “clever”, Indexer runs for all the correlations between the
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two word synonyms (e.g., catch/cleverSyn1i, catch/cleverSyn2, etc.). For each
correlation, the engine determines the value-confidence of the first noun (Sx) and the
second noun (Sy) and adds them to a score-counter (Sxcounter for nounl, Sycounter
for noun2). In the end, it exports the counters to the feature vector (e.g., Sy shows that

the object of the verb is also clever).

5. The same process is repeated for the antonyms of the same keyword, and the resulting
value-confidence is stored (labeled as Ax-Ay).

6. The procedure continues with the noun keywords (e.g., cat/clever, mouse/clever),
where the value-confidence without synonyms and antonyms enabled is stored (labeled
as Nx-Ny). On the one hand, Nx shows that the first noun (e.g., cat) is clever, and on

the other hand, Ny shows that the second noun (e.g., mouse) is clever.

7. Through a heuristic approach, Wikisense determines the times that the first noun (e.g.,
cat) appears right before (labeled as NBx) or right after (labeled as NBy) the question
word part (e.g., clever). In this regard, it applies semantic scenes in the knowledge file
without the usage of spaCy (in case spaCy might not generate useful results). Also, it
determines the times that the first keyword’s verb word (e.g., catch) appears before
(labeled as VBx) or after (labeled as VBy) the question’s word (e.g., clever).

To summarize, for each half, we are store the following values: NegF-RevF-Vx-Vy-Sx-
Sy-Ax-Ay-Nx-Ny-NBx-Nby-VBx-VBy. For instance, the catch-clever half’s (feature-vector) is
False-False-0-0-1-0-0-0-0-0-1-0-9-2. The feature vector procedure ran for almost a week,
where initial results showed that the order of steps that had to be followed consisted of the
same sequence as above (see Algorithm 1).

In each examined half, Wikisense tries to resolve the definite pronoun through each
distinct step (called full-iteration-cycle). If it has enough knowledge, each step provides the
correct pronoun target and proceeds to the next half. In case no other step is available, it
generates a message saying that the current pronoun cannot be resolved and proceeds to the
next half.

Our initial experiment results showed that more emphasis is placed on verb-like keyword
relations (e.g., catch/clever) than on noun-keyword relations. For instance, if we reverse
these steps, then Wiksense’s performance decreases, showing our parsers’ usefulness (e.g.,
the Vx-Vy step is more important than the last two steps). The conf=30% shows that if
Wikisense’s inference decision for e,g., the Vx is stronger than Vy by at least 30%, then the
pronoun target is the subject of the verb, and if the opposite exists, then the pronoun target is

the object of the verb. We determined this percentage by testing with the supporting data,
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and we observed that it is similar to our decisions. For instance, if we are indecisive about
two options and cannot quickly determine which one is the pronoun target, we might return

the option with more weight according to our experience.

Algorithm 1 Wikisense’s Knowledge Acquisition Algorithm.

1: function RESOLVEPRONOUN (sent, negF; revF, question, answers)
2 conf=30%, pairs=[(Vx, Vy), (Sx, Sy), (Ax, Ay), (Nx, Ny), (NBx, NBy), (VBx, VBy)]
3 for pair in pairs do
4 correctindex=CALCVALUES (pair, negF, revF, conf, sent, question)

5 if correctindex!=-1 then return answers [correctindex]

6: end for
7

8

9

return -1
: end function
: function CALCVALUES (pair, negF, revE, conf, sent, question)
10: x, y= RUNANDESTIMATE (pair, sent, question)
11: if negF==True then x,y=y, x
12: if revF==True then x,y=y, x
13: if x >y and (x-y)/x >= conf then

14: return O

15: else if y > x and (y-x)/y >= conf then
16: return 1

17: else

18: return -1

19: end if

20: end function

3.4 Experimental Evaluation

In this section, we present results obtained by applying the methodology described in this
chapter (see Algorithm 1). The Winograd halves we use in our experiments are derived from
the WSC286 dataset, which is intended to be used by participants to tackle the WSC. The
dataset consists of 286 halves (143 schemas), and we do not exploit the fact that every two
halves belong to the same schema.

Wikisense processed 286 halves, and for each half, it had to return the correct pronoun
target, always replying with a noun name or with the strings don’t know or unaccomplished.
Don’t know means that Wikisense could not determine the correct pronoun target, while
unaccomplished that it could not proceed to knowledge acquisition because the first keyword
could not be created (see 1Q in table 3.4).
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Correct C_A Wrong W_A Unresolved U_A
Stanford CoreNLP 107 140.5 112 145.5 67 0
Wikisense 170 183.5 89 102.5 27 0
Table 3.6 Results of Stanford CoreNLP and Wikisense (where _A shows the Adjusted scores).

3.4.1 Baselines and Results

Stanford CoreNLP: According to Stanford-NLP-Group’, Stanford CoreNLP (Manning
et al., 2014) is considered the one-stop-shop for NLP, like for the coreference resolution of
pronouns. We parse each examined half via Stanford CoreNLP and use the provided results
as our baseline. As shown in Table 3.6, Stanford CoreNLP correctly resolves 107 pronouns,
incorrectly resolves 112, and does not decide on the remaining 67.

Wikisense: According to our results (see Table 3.6), Wikisense correctly resolves 170
pronouns and incorrectly resolves 89. For the remaining 27, it answers with don’t know
for 12 halves and with unaccomplished for 15 halves (see Table 3.6). Hence, the whole
procedure ran for 259 WSC halves, and our system achieved a 65.6% prediction score.

Since Wikisense was built for the WSC, it accepts as input the examined half with the
two possible pronoun targets, meaning that it restricts its answer only between two possible
pronoun targets. Since this is not the case with Stanford CoreNLP, to assure a fair comparison
between the two systems, we must ensure that Stanford CoreNLP also resolves the definite
pronoun to one of the two pronoun targets. We can see this through the “Adjusted Score”
(_A) columns of Table 3.6.

Comparison of the Adjusted scores (_A) shows that our system outperforms the Stan-
ford CoreNLP by 43 points, showing Wikisense’s usefulness on the coreference resolution
problem. In this regard, possible integration of the two systems can improve the Stanford
CoreNLP’s usage on the coreference resolution. For instance, in the following schema, which
Wikisense resolved correctly, Stanford CoreNLP wrongly resolved the definite pronoun (it)
to table in both halves: (1.) The table won't fit through the doorway because it is too wide.
What is too wide? answers: The table, The doorway (2.) The table won't fit through the

doorway because it is too narrow. What is too narrow? answers: The table, The doorway.

3.4.2 Support-Vector-Machine Approach

To test Wikisense’s usefulness on the WSC and compare it to a machine learning approach,
we attempted to resolve the examined schemas (WSC286) through a support-vector-machine

(SVM) model. The SVM model was built based on the feature vector values collected earlier

Shttps://stanfordnlp.github.io/CoreNLP/
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Figure 3.3 Support Vector Machine results. We randomly selected the 70-30 ratio from the
WSC286 dataset and ran the procedure 100 rounds.

(e.g., see 3.3). As in Rahman and Ng (2012), we used a ratio of 70-30, where 70% of halves
were used for training and 30% for testing. We randomly selected the 70-30 ratio from the
WSC dataset and ran the procedure 100 times. The median score of prediction was 47%
(minimum 32% and maximum 59%), showing that our initial Wikisense strategy can return

better results.

3.4.3 Error Analysis

The whole point of the WSC is to design schemas challenging for resolving ambiguous
pronoun references. Of course, not all halves are of the same difficulty level, which is why
Wikisense incorrectly resolved some of them. We can see this from various other works that
test their systems on corpus subsets (Budukh, 2013; Sharma et al., 2015).

Wikisense failed to answer 27 halves (9%). According to our analysis, the engine could
not create the first sentence’s part keyword (1Q) in 15 halves. It also failed to locate an
important word from the question to create the necessary Indexer’s searching-keywords in
four halves. Moreover, Indexer did not manage to find many, or rich in context Wikipedia
sentences for 8 WSC halves.

Some WSC halves were incorrectly answered because of the similar background knowl-
edge found by the Indexer. For instance, for the schema 30.) The firemen arrived after the

police because they were coming from so far away 31.) The firemen arrived before the police
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because they were coming from so far away, through the question Who came from far away?
Wikisense returned the same pronoun target (the firemen). We can see that the differences
between the two sentences are negligible.

Furthermore, we have seen Wikisense making the same decision for some schemas (pair
of halves) and returning the same pronoun target. By removing these schemas, the score rises
to 70% (131 correct, 56 wrong), meaning that we can easily build on Wikisense to enhance

its decision mechanism for better pronoun resolution.

3.5 Chapter Summary

This chapter has demonstrated the usability of a technique applied to the WSC by acquiring
commonsense knowledge from the English Wikipedia. Designing and implementing systems
that emphasize commonsense knowledge might benefit different NLP tasks as a concrete step
forward in endowing machines with the ability to reason. In this regard, our study provides
an insight into how learning and reasoning through knowledge acquisition can fruitfully
interact for pronoun resolution. There is still much room for improvement, but our approach
works well with respect to the WSC.

These days, statistical approaches, like deep learning, although they perform really well,
have some apparent shortcomings in the sense that they are opaque and, on occasions,
brittle. Their obtaining results are not transparent, and at the same time, they do not seem to
generalize well when their testing data are too different from their training ones (Marcus and
Davis, 2019; Mitchell, 2019).

On the other hand, Wikisense first considers the WSC half at hand and then retrieves the
relevant training material on which it is trained. Although there are probably better solutions,
we consider this characteristic advantageous because Wikisense can be trained on the fly
depending on various keyword settings. At the same time, Wikisense “shows its work”,
meaning its solutions are transparent, in the sense that, to understand why it took a specific
decision, we can look at its beliefs and reasoning. In this regard, Wikisense illustrates how
day-to-day commonsense reasoning can be operationalized through a connected collection
of inferential knowledge.
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4

Using the Winograd Schema Challenge
as a CAPTCHA

4.1 Introduction

We approached the WSC when it was first introduced when the research community was
faced with the challenge itself and the many difficulties it was introduced with (Levesque
et al., 2012; Morgenstern et al., 2016; Morgenstern and Ortiz, 2015). In the first and only
WSC, which took place as a side event of the 25th International Joint Conference on Artificial
Intelligence (IJCAI-16), no more than six systems participated (from four groups), achieving
no more than 48% on the PDP dataset (Davis et al., 2017). According to Davis et al. (2017),
no team performed well enough to qualify for the second round of the actual WSC test
because of the challenge difficulties. Furthermore, at the time of writing, experiments showed
that humans could easily tackle the WSC with an average score of 92% (Bender, 2015).

In the previous chapter, we argued that designing and implementing transparent systems
that emphasize commonsense knowledge might benefit different NLP tasks as a concrete
step forward in endowing machines with the ability to understand any given text. Narrow
solutions that focus on behavior in a purely statistical sense are not a solution to the problem,
as they do not understand what they are dealing with —something that appears intelligent
does not mean that it is (Marcus and Davis, 2019). According to Marcus and Davis (2019),
to bring the Al field forward, we need a new generation of researchers who appreciate both
classical Al and machine learning. Furthermore, as this is a considerably new challenge in
the field, scant attention has been given to finding ways to promote it in various academic
disciplines in order to bring more research to work on the problem of actually trying to
solve it. To advance the field of Al, researchers must be drawn not only from the computer
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science field but also from a wide range of other disciplines, from psychology to linguistics
to neuroscience (Marcus and Davis, 2019).

This chapter presents how we utilized the WSC to develop a new type of CAPTCHA
(Completely Automated Public Turing test to tell Computers and Humans Apart) as a
challenge promotion mechanism that might bring more research from a wide range of various
disciplines. Beyond the typical use for security reasons, CAPTCHAs (Von Ahn et al., 2003)
have established themselves as a standard technology to distinguish humans from bots and
promote Al research in different domains. Consequently, it was natural to consider what
other challenge tasks for Al could serve a role in CAPTCHAs, like the WSC, which is a
challenging task for bots and is, therefore, a candidate to serve as a form of CAPTCHA.
Given the current state of affairs, the WSC is pragmatically more secure in discriminating
humans from machines when compared to existing CAPTCHA approaches, such as Image
recognition tasks which can be tackled with high accuracy scores. Additionally, recent
research in the field investigated how far they could push the difficulty level of Winograd
schemas, proposing at the same time various mechanisms to build challenging ones (Cozman
and Munhoz, 2020). Moreover, given that there is an infinite number of English sentences
that can be formed (Adger, 2019), there is an infinite number of Winograd schemas that can
be developed too. In this sense, we can always find ways to build novel forms of challenging
schemas.

We want to point out that, like with other kinds of CAPTCHAs, the purpose of the
WSC-CAPTCHA development is, through its usage, to encourage researchers to work on
the problem of actually trying to solve it, and perhaps, in the process, help towards the
building of machines able to reason with commonsense knowledge. Hence, in this chapter,
we investigate whether this a priori appropriateness of the WSC as a form of CAPTCHA can
be justified in terms of its acceptability by the human users in relation to existing CAPTCHA
tasks. An empirical study we undertook, which involved a total of 329 students, aged between
11 and 15, showed that the WSC is generally faster and easier to solve than, and equally
entertaining with, the most typical existing CAPTCHA tasks.

4.2 CAPTCHAs

CAPTCHASs are programs that generate and grade challenge-response tests, mainly for
security reasons, that most humans can reliably pass, but current computer programs cannot
pass (Von Ahn et al., 2003). According to Belk et al. (2013), such tests have been used
to prevent automated bots from performing illicit and fraudulent actions, including the
degradation of the quality of a provided service. The robustness of a CAPTCHA is its
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strength in resisting adversarial attacks, which has attracted considerable attention in the
research community (Fidas et al., 2011). On the flip side of things, CAPTCHAs have served
as challenges for the Al community to develop automated tools that can reliably pass such
tests (Von Ahn et al., 2003).

Perhaps, due to their primary characteristic of being solvable by humans, but beyond the
capabilities of current computer programs, CAPTCHAs must also be usable, robust, and
friendly to humans. On the other hand, with the progress made by the Al community to
develop automated tools that pass CAPTCHAs, some forms of CAPTCHAS can no longer be
considered as having those characteristics. For instance, as OCR systems improve, so does
their ability to pass text-based CAPTCHAG, resulting in further distorting their presented
text, making it less friendly to humans and decreasing the test’s usability. The same applies
to other types of CAPTCHA s that relate to image recognition. For instance, since 2012, the
advances of ConvNets (Deep Convolutional Networks) on the ImageNet computer-vision
competition (Krizhevsky et al., 2012) have gradually diminished the security of image-based
CAPTCHA:.

At the end of the day, various types of CAPTCHASs end up being more difficult to be
passed by humans than by machines (Belk et al., 2013), obviating their need for existence.
For example, Google’s reCAPTCHA-V1 has been solvable with an accuracy of 99.8% since
2014, prompting Google to abandon this type of CAPTCHA in March of 2018. Similarly,
UnCAPTCHA, an Al-based automated system, can break Google’s audio-based reCAPTCHA
challenges with an accuracy of 85% (Seals, 2017). Other visual-based CAPTCHA schemes
were broken with a near 100% success rate by different novel attacks (Yan and El Ahmad,
2007). Similarly, a study designed a novel low-cost attack that leverages deep learning
technologies for the semantic annotation of images, automatically solved 70.78% of Google’s
image reCAPTCHA-V2 challenges (Sivakorn et al., 2016).

The current state of affairs might point to the need for a new type of CAPTCHA, for
which Al techniques have not yet been developed to defeat it. In turn, the introduction of a
WSC-based CAPTCHA will serve the dual role of presenting the AI community with a new
challenge task.

To lay a foundation for WSC-based CAPTCHAs, below, we compare how human
performance, usability, and time needed for solving a WSC-based CAPTCHA relate to
how humans perform on other types of CAPTCHAs. We start by presenting our methodology,
followed by our analysis and discussion of our findings. The sections below explain each of
these tasks, along with the tools and techniques we have developed.
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4.3 Methodology

To investigate whether this a priori appropriateness of the WSC as a form of CAPTCHA, a
request was sent to a secondary education school in Cyprus to recruit participants. To that
end, the necessary permissions were obtained from the school’s principal and the Cyprus

Pedagogical Institute!, which is responsible for research in public schools in Cyprus.

4.3.1 Recruitment Process

The recruitment process sought to recruit a representative sample of participants that were not
familiar with the WSC, based on the fact that this is the first such study undertaken in Cypriot
schools. According to Cyprus’ department of Secondary General Education?, participants
were familiar with the use of computers, having taken two hours of computer lessons per
week as part of their education, and having been active in using the Internet, social networks,
and blogs. Moreover, according to the school’s computer-science teachers, the participants
had been exposed to CAPTCHA challenges at least once in the past. The survey was run
in the school’s computer science labs (each holding up to 16 students), during a 40-minute
period, and under supervision by a school teacher.

Although alternative recruitment processes could have also been adopted, the approach

that we have followed was chosen for the following reasons:

* Availability: at the time of writing, one of the authors was a teacher at a secondary
school, where after acquiring the necessary permissions, we were able to involve

school students in the empirical study.

» Sample-size: Being a teacher eliminated the laboratory studies” well-known limitation,
directly related to a small and not necessarily representative sample pool (Gadiraju et al.,
2017). Having access to hundreds of participants helps to generalize the experimental
findings to larger populations.

* Monitoring: Compared to a crowdsourcing solution, in the in-class study that we
undertook, we were able to monitor participants closely and measure their response

times more accurately.

* Complementarity: Studies with adults have already been reported in the literature,
and the present study sought to complement those studies by examining a distinct

population and developing a new corpus that might be useful to the research community.

http://www.pi.ac.cy/pi/index.php
http://www.moec.gov.cy/dme/en/index.html
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Grade A | Grade B | Grade C
males 62 52 54
females 33 56 55
10-11 5 - -
12-13 89 101 8
14-15 1 7 101

Table 4.1 Demographic of participants.

* Developmental: Adults could be argued to have reached a plateau in their WSC
(and close to 100% accuracy, raising issues with the statistical analysis), so that age
differences would not play an important role in the reported accuracy. For teenagers,
we expected that age differences would yield different results worth analyzing.

4.3.2 Participants

The study took part between November 2017 and December 2017, where a total of 329
students volunteered and participated. Participants were teenagers, residents of Cyprus who
speak Greek fluently. All of them were students at a single 3-grade gymnasium school,
between 11 and 15 years old (see Table 4.1). Participants reported that they were not aware
of having any kind of vision problem that hampered their effort to identify colors, shapes,
or patterns. Out of 329 students who attempted the task, 17 did not finish the task, while
nine students did not volunteer to participate in the survey. Participants were offered a candy
costing €0.30 as compensation for their time. Also, they were promised that at the end of
the study, the group of students with the best overall results would enter a lottery for a gift of
high value, though no value was specified. Although the study was anonymous, each group

of participants was identified with a unique group number for the lottery.

4.3.3 Survey Design

The study was designed to record user performance, perceptions, and reaction times on the
various types of CAPTCHAs. Participants were asked to complete an online survey designed
on Lime-Survey, consisting of questions recording their demographic information and five
parts that included different types of CAPTCHAs. At the end of the survey, for each type
of CAPTCHA, via a five-point numeric Likert scale, participants had to select the level of
difficulty from “1: very easy” up to “5: very difficult”. Additionally, they were asked to
select the type of CAPTCHA that they considered the most entertaining, using a pull-down
selection widget.
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Regarding the various types of CAPTCHAs that we could have used (Hasan, 2016), we
have chosen a representative sample of text, image, and math-based CAPTCHAs. According
to the school’s computer-science teachers, in the specific period of time, students were
most familiar with distorted-text, 3D-text CAPTCHAs, and Google’s image-reCAPTCHA
(v2) challenge. The math-based CAPTCHA was included as it requires users to use their
cognitive abilities (Hernandez-Castro and Ribagorda, 2010), which relates to the need for
cognitive processing that is also present when solving the WSC. Along with the WSC-based
CAPTCHAs, we ended up with five different types of CAPTCHAs, where each, given the

40-minute survey period, consisted of twenty instances of the specified type.

Text-based CAPTCHASs

This is the simplest type of CAPTCHA that has been invented and implemented in various
services. Basically, via modified/distorted letters and/or digits, Text-based CAPTCHAs try
to prevent bots from resolving them to gain access to Web services. Although nowadays bots
can easily tackle them, they are still commonly used (Hasan, 2016).

For our study, two text-based CAPTCHA mechanisms were developed using available
open-source software. We started with the cool-php-captcha, which is a distorted-text
CAPTCHA that generates friendly CAPTCHAs> based on cool colors. We downloaded the
PHP files locally to our computer and generated twenty text-based CAPTCHA instances
(see Figure 4.1), along with their corresponding correct answers. Finally, we uploaded the
instances on LimeSurvey’s distorted-text section.

Participants were expected to type in their answer, which was then compared against the
correct answer. Each distorted-text word contained an average of 7 characters, generated us-
ing the following parameters: random_word_generation=True, Yperiod=12, Yamplitude=14,
Xperiod=11, Xamplitude=5, maxRotation=8, image_scale=2, blur=false.

We used text-based CAPTCHAs with Latin characters as most Greek-speaking students
are known to use Greeklish daily (Themistocleous, 2009), which are Greek-written words
using Latin/English characters. Even Google provides Greeklish support in Gboard, which
helps people transform Greeklish into Greek. To verify the familiarity of our participants
with Latin characters, we ran a simple pre-study test two weeks before our survey. All school
students were asked to select “Latin” or “Greek”™ to the question Which character set do you
find easier to use on a QWERTY keyboard? Latin, or Greek?. According to our results, 94%
of the students selected “Latin” as their preferred input language in their day-to-day life.

3https://github.com/josecl/cool-php-captcha


https://github.com/josecl/cool-php-captcha

4.3 Methodology 61

firading

Figure 4.1 A distorted-text CAPTCHA example.

=
Figure 4.2 A 3

)

-text CAPTCHA example.

Our second text-based CAPTCHA was a PHP 3D-text CAPTCHA®, which randomly
generates 4-digit 3D CAPTCHAs (see Figure 4.2). Like with the distorted-text CAPTCHA,
we requested and saved locally twenty instances of the 3D-text CAPTCHA and uploaded
them on the LimeSurvey’s 3D-text section. Each 3D-text word contained four integers,
generated using the following parameters: startX=random(0,35), startY=random(0,80), an-

gle_of_camera_moved_up=35.

“https://github.com/qmegas/captcha-3D
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Image-based CAPTCHASs

Image—based CAPTCHA s require selecting images from a set of such that have a certain
characteristic (Hasan, 2016). For instance, to prevent bots from resolving them, these kinds
of CAPTCHA S require selecting images that belong to a specific category, as the selection of

> was used

images that show street signs. In this regard, an image CAPTCHA mechanism
to implement the Google reCAPTCHA-V?2 service (see Figure 4.3). Even though Google
advertises this reCAPTCHA-V2 service as invisible to humans and visible only to bots
(Verger, 2017), students often have to solve this type of CAPTCHA to access their email
accounts.

As with text-based CAPTCHAs, we requested and saved locally twenty instances from
the CAPTCHA service along with their corresponding correct answers and uploaded them
on LimeSurvey’s Image-based section. In order to apply real-life situations via JavaScript,
we programmed each image to work via click-and-select. In this regard, participants were
expected to select the right images by clicking on them, and their choices were then compared
against the correct answer.

After we made sure the twenty randomly generated Image-based CAPTCHAs would not

share any images, we ended up with the following instances:
* Three CAPTCHA image sets (2 x 4) based on storefronts.

* Seven CAPTCHA image sets (3 x 3) based on cars, mountains or hills, bridges, and

apartment buildings.

* Ten CAPTCHA image sets (4 x 4) based on vehicles and street signs.

Math-based CAPTCHASs

Math-based CAPTCHAs ask users to solve a mathematical equation in order to differentiate
them between bots. The difficulty level of the mathematical equation varies across implemen-
tations (Hernandez-Castro and Ribagorda, 2010). In this regard, this type of CAPTCHAs
can be either considered too easy or too complicated to solve.

Among the several available implementations, and considering the age and educational
level of our participants, we opted for choosing an implementation that produced relatively
easy tests® that use simple arithmetic operations (see Figure 4.4). As with other types of
CAPTCHAs, we downloaded the necessary PHP files, generated and saved locally twenty

Shttps://demo.codeforgeek.com/google-captcha/
®https://www.hscripts.com/scripts/php/math-captcha.php
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Select all images with

mountains or hills

Figure 4.3 An image-based CAPTCHA example.

math CAPTCHA instances, along with their corresponding correct answers, and uploaded
them on the LimeSurvey’s math-based CAPTCHA section.

A WSC-based CAPTCHA

This is the first-ever designed WSC-based CAPTCHA, so we had to develop our CAPTCHA
service from scratch. A client (e.g., Web developer) who wants to utilize our WSC-based
CAPTCHA service has to register via an email account to receive an access key (see
registration-process in Figure 4.5). Next, a call to the CAPTCHA API with the correct
access key returns a randomly chosen half (sentence, question or a definite pronoun, and the
two possible answers). Finally, a client submits a selected answer and receives a response on
whether it is correct or not (see protection-mechanism in Figure 4.6).

Through an optional argument defined in the API call, a client can request Winograd
halves in different languages. Furthermore, they can request halves that follow either the
PDR dataset (Rahman and Ng, 2012) or the original dataset (WSC_) pattern (Levesque
et al., 2012), that is, halves with definite pronouns or questions. The served WSC-based
CAPTCHA instances are currently based on WSC halves developed by the authors, research
collaborators, or taken from various published corpora (Amsili and Seminck, 2017; Levesque
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Figure 4.4 A math-based CAPTCHA example.

et al., 2012; Rahman and Ng, 2012). Additionally, we have designed our tools and platform to
help with the gathering and evaluation of multilingual CAPTCHAs’. At the time of writing,
our service consists of 3000 schemas, and our registered users can add Greek, French, and
English schemas. The schemas are manually checked by us for consistency with the WSC
rules and then added to the service’s database.

As an example of interaction with the service, when requesting an English WSC-
based CAPTCHA, the service might be called with http://cognition-srv1.ouc.ac.cy/wsc/
loadWscByldnew.php?key=trial&lang=en, and return the following: ID: 1537 Sentence:
George scored against Thomas in the shootout, so he won the game. Pronoun: he Answers:
George, Thomas. To check a proposed answer for that instance, the service might be called
with http://cognition-srv1.ouc.ac.cy/wsc/receive_Id_AnswerToRespondGet.php?sentenceid=
1537&answer=George., and return the following: Result: correct.

To cater for the study’s Greek-speaking participants, the WSC halves used in the study
were developed by a Greek Literature teacher (Ph.D.) and added to the service’s database
(see Figure 4.7). Beyond ensuring that the instances followed the rules of the WSC in terms
of having co-referents of the same gender and number, the teacher was asked to develop
Greek Winograd schemas that are comparably challenging as those found in the literature.
According to the Greek Literature teacher, the developed schemas were judged to be of
medium difficulty, considering that each sentence included two verbs.

For the purpose of this study, we requested and saved locally twenty instances from
the WSC-based CAPTCHA service, along with their corresponding correct answers, and
uploaded them on the LimeSurvey’s WSC section. At the time of the experiment, participants
were expected to select the correct answer by clicking on a radio button.

"http://cognition.ouc.ac.cy/ws_builder
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Notification:
Please enter your email address and a password to register for the WSC_CAPTCHA API

Sing Up:

Click here if you
forgot your API KEY

Figure 4.5 Registration form for the WSC-based CAPTCHA service.

4.3.4 Materials

For the purpose of this experiment, we used LimeSurvey®, an online survey tool installed on
Cognition Lab’s server®. Participants took the experiment in School’s computer science labs
equipped with seventeen identical 17 desktop computers that run on i5 Intel CPUs. Each
lab consists of three rows of desktop computers that are based on single-seat basic tables.

Participants took the experiment on the Google Chrome browser window.

4.3.5 Procedure

Participants were instructed to answer each question quickly but without sacrificing accuracy.
Also, they were told that surfing the WWW was not allowed, nor talking to each other
or asking questions to the teachers. Although all participants faced the same CAPTCHA
instances, the five types of CAPTCHAs were presented to the participants in different order
to counterbalance any ordering effects.

The participants participated in the survey by visiting the school’s web page and following
the provided links. Each student was able to see one CAPTCHA on each page, with directions
written in Greek, and their progress was displayed at the top of the page. Once an instance

was completed, it was not possible to revisit and edit the answer.

Shttps://www.limesurvey.org
https://cognition.ouc.ac.cy/surveys/index.php
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Registration Process

Web-Developer-001 registration (email)

access-key (e.g., 000Ni1)

Protection Process

request access

Humans & Bots
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Figure 4.6 The WSC-based CAPTCHA protection mechanism.
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Figure 4.7 A Greek Winograd half, used in the study. English-translation: Sentence: The
nurses treated the patients because they were wounded. Question: Who were wounded?
Answers: The nurses, The patients.

4.3.6 Hypotheses

For the purpose of this study, we formulated four null hypotheses:

1. Participants cannot achieve higher accuracy on the WSC-based CAPTCHA than on
other types of CAPTCHAs.

2. There is no significant difference regarding the time needed to solve different types of
CAPTCHA:s.

3. Participants do not consider the five types of CAPTCHAs as challenging to pass.

4. There is no general preference of participants towards a certain type of CAPTCHA.

4.4 Results and Discussion

The survey was administered to 329 participants, of whom 312 (94%) were able to fully
complete it. According to our results, participants scored the highest mean accuracy of
82% (0 = 0.12) on the WSC-based CAPTCHAs (see Figure 4.8) and the lowest mean
accuracy of 48% on the image-based CAPTCHASs (6 = 0.36). On the text-based CAPTCHAs,
participants scored a mean accuracy of 69% (¢ = 0.26) on the 3D-text CAPTCHAs, and
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71% (0 = 0.24) on the distorted-text CAPTCHASs. On math-based CAPTCHASs, where some
cognitive processing similar to the WSC was needed, they scored a mean accuracy of 74%
(o0 =0.15), 6% below the score on the WSC-based CAPTCHAs.

Regarding the survey results, the difference in scores was shown to be statistically
significant. Using an ANOVA analysis, the first null hypothesis was rejected with F=5.52 >
Ferit=2.46 (p=0.00048), meaning that participants achieved higher accuracy on the WSC-
based CAPTCHA than on other types of CAPTCHAs. Thus, for WSC-based CAPTCHAs,
even teenagers can achieve a significantly high degree of accuracy, whereas machines are
still not able to reliably solve the task.

On the contrary, participants scored a mean accuracy of 71% on distorted-text CAPTCHAs,
while machines tackle them almost to an accuracy of 100% (Yan and El Ahmad, 2007),
meaning that the general strength of machines in solving this type of CAPTCHAs is an
area of increasing concern (Hernandez-Castro and Ribagorda, 2010). Regarding the 3D-text
CAPTCHAs, which do not offer more security than the traditional 2D-text CAPTCHAs
(Nguyen et al., 2014), participants scored a mean accuracy of 69%, which is very close to the
71% of the distorted-text CAPTCHAs. Some weaknesses of text-based CAPTCHAS can be
seen from recent achievements in the field. For instance, Google engineers have defeated
distorted-text CAPTCHA thanks to a Street View algorithm by 99.8% (Technoblog.org, 2017;
Tung, 2017). Furthermore, unCAPTCHA can break the audio version of this challenge by
85% (Seals, 2017).

On image-based CAPTCHASs, while there are systems that can solve them to an accuracy
of 70.78% (Sivakorn et al., 2016), our participants did not manage to achieve a score
higher than 48%. Finally, while participants scored a mean accuracy of 74% on math-based
CAPTCHA:s, there are numerous articles that show how they can be handled as textual
challenges that can be easily parsed and solved, using, for instance, the DeCaptcher!? service.
According to Anvesh Sinha (2016), this type of CAPTCHA can be easily tackled using a

low-cost attack.

4.4.1 Timing

To the best of our knowledge, this is one of the first reports of timing comparisons between
different types of CAPTCHA. In this regard, our timing results could be used by other
researchers as part of their future works. A cursory glance at Figure 4.9, which depicts the

response time distribution on the different types of CAPTCHAs, shows that participants

Ohttps://de-captcher.com
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Figure 4.8 Distribution of scores (with standard errors) on solving different types of
CAPTCHA:s.

scored the lowest timing mean on the WSC-based CAPTCHA (13.41 seconds) and the largest
on the distorted-text CAPTCHASs (15.58 seconds).

Although there was a slight difference in median values across timings between the
WSC-based CAPTCHA and the distorted-text CAPTCHA (only 2.17 seconds), we consider
the timing differences to be a finding warranting further examination, as it suggests that
the second null hypothesis might also be rejected. According to our results, not only a
WSC-based CAPTCHA can be solved faster than a distorted-text CAPTCHA, but also more
accurately.

One could argue that participants’ ability to tackle faster the WSC-based CAPTCHA is
a direct consequence of the binary nature of the responses in the WSC-based CAPTCHAs,
compared to the distorted-text CAPTCHAs where the answer needs to be typed in. On the
other hand, we argue that the WSC-based CAPTCHAs require significant time to read the
sentence and additional time to reason about the answer, which relates to each individual’s
commonsense and reasoning abilities. Moreover, regarding the WSC, where recent studies
with adults have reported an accuracy score of at least 92%, it might show the challenge
difficulties for our teenager participants. Furthermore, we know that current bots require
multiple minutes to solve a WSC sentence; e.g., Wikisense needs, on average, three min-
utes for each WSC half. Oppositely, bots break existing CAPTCHAs very quickly; e.g.,
unCAPTCHA breaks 450 reCAPTCHA audio challenges in under 6 seconds (Bock et al.,
2017; Seals, 2017).
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Figure 4.9 Distribution of response times on solving different types of CAPTCHAs.

4.4.2 Grade and Age Factor

Ninety-five of our participants were students of the first high-school grade (aged 11-12), 108
were students of the second high-school grade (aged around 13), and 109 were students of
the third high-school grade (aged 14-15).

Results provide preliminary evidence of a positive correlation between grade and accuracy
across all types of CAPTCHAs. Specifically, the higher the grade, the better the results,
meaning that students of more advanced grades and greater age achieved higher scores
—the only exception was the second and third grades that achieved the same score on the
WSC-based CAPTCHA (see Figure 4.10).

The most significant difference in scores was between the first and second grades, where
participants of the second grade scored 2% more on WSC-based CAPTCHASs, 3% more
on 3D-text CAPTCHASs, 4% more on image-based CAPTCHAs, 7% more on math-based
CAPTCHAs, and 8% more on distorted-text CAPTCHAs. Moreover, regarding the timing
differences, it was shown that the average timings of students of more advanced grades were
smaller across all CAPTCHA types (see Figure 4.11).

According to Bender (2015), differences in value judgments rely on the knowledge that
people accumulate through their experiences in the real world. In this regard, based on our

results, it can be inferred that humans can answer commonsense questions like those in the
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WSC from the early high school ages. On the other, this does not seem to happen with the
other types of CAPTCHAs, where competence in the tasks seems to increase with age, even
within the high school age span.
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Figure 4.10 Distribution of scores on solving different types of CAPTCHAs, based on
participants’ classes.

4.4.3 Gender Factor

We have also undertaken an analysis of our results based on participants’ gender. The main
goal was to determine if the gender factor plays a significant role in participants’ ability to
tackle the various types of CAPTCHAs. Recall that every participant who completed the
experiment also submitted their gender (see Table 4.1).

According to our results, significant correlations were obtained between gender and
accuracy across all types of CAPTCHAs (see Figure 4.12). Specifically, on the text-based
CAPTCHAs, the mean female score was 71% on the 3D-text CAPTCHASs and 75% on the
distorted-text CAPTCHAs, which are 4% and 8% more than the male scores, respectively.
Similarly, on math-based CAPTCHAs, the mean female score was 77%, 6% more than the
mean male score, and on image-based CAPTCHAs, the mean female score was 51%, which
is 5% more than the mean male score. Finally, on the WSC-based CAPTCHAs, the mean

female score was 85%, which is 6% more than the mean male score. With respect to the
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Figure 4.11 Distribution of response times on solving different types of CAPTCHAs based
on participants’ classes.

WSC, our findings reveal a higher rate of achievement from females. The difference of 6%,
considering the challenge difficulties, might show significant differences in value judgments

or unfamiliar concepts in the day-to-day life of the two genders.

4.4.4 Participant’s Subjective-Judgments

Recall that for each type of CAPTCHA, a five-point numeric Likert scale was used to rank
the level of difficulty from “1: very easy” up to “5: very difficult”. Figure 4.13 is a graphic
summary of the participants’ subjective evaluation of the difficulty of different types of
CAPTCHASs. On the five-point numeric Likert scale, 54% of the participants rated WSC-
based CAPTCHAS as very easy, 27% as easy, and only 3% rated it as very difficult. Overall,
it seems that the majority of the participants (81%) consider the WSC-based CAPTCHA as
an easy type of CAPTCHA. As depicted in Figure 4.13, the math-based CAPTCHA was
judged as being difficult by 19% of the participants, followed by the 3D-text CAPTCHA
with 13%, the distorted-text CAPTCHA with 13%, and the image-based CAPTCHA with
8%, equal to the 8% of the WSC-based CAPTCHA.

Taken altogether, the data presented here provide evidence that the participants consider
the WSC-based CAPTCHA as an easy CAPTCHA and the other types of CAPTCHA as
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Figure 4.12 Distribution of scores on solving different types of CAPTCHAs, based on
participants’ gender.

harder. Based on the results, we can reject the third null hypothesis, meaning that participants
consider current CAPTCHAs as hard ones that seem to hamper usability and productivity.

At the end of the survey, participants were asked to select the most entertaining CAPTCHA
type (see Figure 4.14). In this regard, 22% of the participants selected the distorted-text
CAPTCHA as the most entertaining type, 20% the 3D-text CAPTCHA, 19% the WSC-based
CAPTCHA, along with the image-based CAPTCHA, and only 12% selected the math-based
CAPTCHA as the most entertaining type. Eight percent of the participants did not select any
of the CAPTCHA types as being entertaining.

It might seem counter-intuitive that both the 3D-text CAPTCHA and the distorted-text
CAPTCHA were ranked as difficult by 13% of the participants, but at the same time, they
were selected as the most entertaining types of CAPTCHAs. A possible reason for this
discrepancy might be that they were entertaining because they were puzzling. After all,
it is gratifying when people work out games and puzzles. Another reason is that some
participants might have been drawn to select the distorted-text and 3D-text CAPTCHAs as
most entertaining because of the use of color. Maybe modified WSC-based CAPTCHAs that
utilize color to highlight the pronoun and its two possible co-referents might be viewed as
more entertaining. Furthermore, even though the WSC-based CAPTCHA was not first in
the entertainment ranking, we believe that the difference from the first in ranking might be
inconsequential, especially given that unfamiliarity with the WSC-based CAPTCHA might
have negatively impacted the participants’ judgment. Overall, in terms of the WSC-based
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Figure 4.13 Distribution of participant preferences via a Likert scale that scores the difficulty
of different types of CAPTCHAs.

CAPTCHA, its combined low score for difficulty and high score for entertainment suggests
that it might find wide acceptability among users.

The general picture emerging from the analysis is that participants’ opinions in terms
of CAPTCHA difficulty and entertainment scores show that different CAPTCHA types are
evaluated differently. Users might have preferences among different types of CAPTCHAs,
which rejects the fourth null hypothesis.

4.4.5 Participant Observation-Analysis

Teachers who were responsible for monitoring the study have forwarded some remarks from
the students. In the process of reviewing these remarks, we noticed several concerns or
upshots worth mentioning.

Although questions were not allowed during the test, an interesting side finding was that
students, mainly from the two first grades, asked questions about the meaning of words in
WSC halves. For instance, some students were not familiar with the word shallow (as in
“shallow water”), or the word magpie as being a specific type of bird. On another occasion,
in a specific WSC half, which had the lowest accuracy score, with 40% of the students

answering incorrectly, students were unable to determine whether the word unstable was
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meant to characterize a girl or a chair, with both entities being feminine in Greek. It seems
that students scored better on halves that were more directly related to their own experiences,
with the WSC half mentioning, for example, a student and an exam being answered correctly
by 98% of the participants.

Teachers also noticed that text-based CAPTCHAs, which were judged as difficult by
13% of the participants, forced students to rotate the screens to determine the displayed text.
Furthermore, students complained about ambiguities in the image-based CAPTCHAs, not
knowing, for instance, if choosing an image that showed the wheel of a car was acceptable
as an image of a car, and whether choosing an image that showed the pole of a street sign
was acceptable as an image of a street sign. It might be a stretch to tackle this type of
CAPTCHA task, which, indeed, seems to be a big problem in Google’s new CAPTCHA
service (Technoblog.org, 2017). Regarding the math-based CAPTCHA, teachers commented
on some students who were asking to use a calculator to calculate the results of the simple
arithmetic operations.

According to our results, the two groups of students that asked the most questions were
the groups that achieved the lowest mean accuracy score. Perhaps unsurprisingly, the same

two groups of students come from the same class, which is considered by school teachers to
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be the class with the lowest-performing students of the school, and the one with the most

students that take extra support lessons in school.

4.5 WSC-based CAPTCHA benefits and security

Beyond the conclusions resulting from our study on the appropriateness of the WSC as
a novel form of CAPTCHA, it is instructive to consider two other aspects of WSC-based
CAPTCHA:s.

4.5.1 Accessibility Benefits

According to Elson et al. (2007); Moreno et al. (2014), certain types of CAPTCHAs provoke
and raise accessibility barriers, especially to users with disabilities. For instance, vision-
impaired users have difficulties with CAPTCHA s that include images or text. Acknowledging
that not all users can recognize, solve, and access a CAPTCHA and that certain types of
CAPTCHA s are inherently not adjustable to address these concerns has led researchers to
find other ways to control spam by bots (Elson et al., 2007). In this regard, future CAPTCHA
implementations should incorporate several methods to interact with users following the
Web-Content Accessibility-Guidelines (WCAG 2.1)!1.

In this work, we put forward that the WSC-based CAPTCHA can offer a way out of this
situation, as it can easily be adapted to adopt the Web Content-Accessibility-Guidelines (Yan
and El Ahmad, 2008) to be perceivable, operable, understandable, and robust, and provide a
solution that is accessible to people with disabilities. Although based on text, the WSC-based
CAPTCHA is not predicated on the difficulty of people being able to read the text, as is
the case in the text-based CAPTCHAs. For instance, day-to-day text-based or voice-based
digital assistants (e.g., chatbots, Siri, ALEXA) can provide state-of-the-art text-to-speech
assistance to people with disabilities. Thus, one can easily envision extensions where the
WSC sentence, question, and the user’s answer are communicated verbally. Not only can this
extension cater to vision-impaired users, but it can also cater to users who might be unable to
use a keyboard either because of mobility issues or because of lack of an input device. On
the other hand, people unable to speak can easily choose between the two possible answers
with a simple mouse click, hand gesture, or a keypress.

Moreover, based on our earlier observation that the use of color in a CAPTCHA might

have a positive impact on its usability or accessibility (Yan and El Ahmad, 2008), one can

Thttps://www.w3.0org/TR/WCAG21/
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consider designing WSC-based CAPTCHA s that can use images to represent the possible
answers or use colors to highlight the important parts of the WSC half.

4.5.2 Security Strengthening

Although the WSC-based CAPTCHA usage was justified in terms of its acceptability by the
human users, one could argue against using the WSC-based CAPTCHA because its error
rate for discriminating humans from machines is not sufficiently low. For instance, even if
humans could achieve an accuracy of 100%, machines can, at the very least, achieve 50%
accuracy by chance.

This reasoning is based on the fact that WSC relies on closed-ended questions and that
these questions have only two possible answers, which thwarts its security. The reasoning
goes that other CAPTCHAS are more appropriate since they either use open-ended questions
(e.g., text-based CAPTCHAs) or close-ended questions with several possible answers (e.g.,
image-based CAPTCHAs) and ensure a lower discrimination error rate.

Although the point about other existing types of CAPTCHASs being in principle better at
discriminating humans from machines than the WSC-based CAPTCHAs is well-taken, the
argument above remains mostly a philosophical one. It seems that the discriminatory power
of existing types of CAPTCHAss is, nowadays, worse than the WSC-based CAPTCHA s for
the simple reason that machines can solve those CAPTCHAs with an accuracy much higher
than 50%, often comparable to that of humans.

Nevertheless, to shield the WSC-based CAPTCHA Achilles’ heel, one could consider
certain extensions to increase its security level at the expense, potentially, of its ease of use.
To aid in the design of a more secure WSC-based CAPTCHA, one could apply the following

enhancements:

1. Turn the half’s question into an open-ended one by asking the user (human or bot)
to identify and type in the answer among possibly multiple co-referents in the half’s
sentence.

2. Combine distorted-text CAPTCHA techniques to obscure the possible co-referents
in the half’s sentence. Ask the user/bot to identify and type the pronoun target in a

specified text-box.

3. Require the successful resolution of multiple WSC halves, in a row, within a single
WSC-based CAPTCHA.

4. Combine mouse movement techniques, as used in Google’s reCAPTCHA service, to

see if a human or bot moves the mouse to select the correct answer.
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5. Combine image-based CAPTCHA techniques by presenting the potential answers of
a WSC-based CAPTCHA instance as images. Like in the image-based CAPTCHA,
humans or bots should select the right images by clicking on them.

6. The WSC-based CAPTCHA service could ban and block IP addresses that might

repeatedly try random answers to pass the challenge.

7. Turn the WSC half into an image-based puzzle, where the user/bot has to connect the
correct pronoun target to the correct position. The two pronoun targets would be the

only ones to match the position of the definite pronoun.

4.6 Chapter Summary

In this chapter, we have argued that the Winograd Schema Challenge (WSC) can form the
basis of a new type of CAPTCHA. We have presented this WSC-based CAPTCHA’s nature,
highlighting the shortcomings of typical existing approaches, providing at the same time
motivation for a detailed WSC-based CAPTCHA design. Although CAPTCHAS’ designing
is a tedious task, we expect this work to be a good starting point for future WSC-based
CAPTCHA s designers.

Beyond offering a type of CAPTCHA that, given the current state of affairs, seems
to be more secure in distinguishing humans from machines when compared to existing
approaches, this study has shown that this is achieved without essential compromises in
usability. The a priori appropriateness of the WSC as a form of CAPTCHA was justified
in terms of its acceptability by the human users in relation to existing CAPTCHA tasks.
In this regard, it was shown that the WSC is generally faster and easier to solve than, and
equally entertaining with, the most typical existing CAPTCHA tasks. To address some of
the weaknesses of closed-ended questions, these types of CAPTCHAs might have, various
security improvements that enhance the CAPTCHA service’s protection mechanisms were
introduced.

We expect that the adoption and use of WSC-based CAPTCHASs will encourage more Al
researchers to work on the problem of actually trying to solve the WSC, and perhaps, in the
process, help towards the endowment of machines with commonsense knowledge, able to

reason as humans do.
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5

Metrics of Hardness to Differentiate
Between Winograd Instances

5.1 Introduction

As we have seen in previous chapters, well-constructed Winograd schemas are easy for
humans and hard for machines because they require the use of commonsense knowledge
to answer them. Specifically, in every Winograd instance, we need to have the background
knowledge that is not revealed in the words of the sentence to clarify what is going on
(Levesque, 2014). Furthermore, it seems that not all Winograd instances are equally easy
or hard for humans (Bender, 2015), and the task of predicting their hardness index is an
interesting question. To the best of our knowledge, what we know about the perceived human
hardness index on the WSC is based on Bender’s work (Bender, 2015). Bender, through
an experiment, identified that human adults tackle the WSC with a mean accuracy of 92%.
According to Bender (2015), future challenges should be validated and organized according
to how humans can tackle them. In this regard, certain people are unfamiliar with certain
concepts in WSC halves, and their performance correlates with this familiarity.

The solution to this was to develop two systems that are predictive of the perceived
human hardness when tackling Winograd instances, meaning that they could be used to group
instances according to their perceived hardness indexes. Systems able to differentiate between
Winograd instances could also be used to ensure that WSC-based CAPTCHA services would
display more challenging instances to solve in the case of possible fraudulent actions. To the
best of our knowledge, this is the first work to report the results of this approach’s feasibility.

The first system is based on Wikisense, which was introduced in Chapter 3. Recall that
Wikisense has demonstrated the plausibility of using commonsense knowledge automatically



82 Metrics of Hardness to Differentiate Between Winograd Instances

acquired from raw text in English Wikipedia. In this regard, we will start by presenting
the results of a large-scale experiment that shows how the performance of that particular
automated approach varies with the availability of training material. We compare the
Wikisense-based approach results with two studies, one from the literature investigating how
adult native speakers tackle the WSC and one that we design and undertake to investigate
how non-native teenager speakers tackle the WSC. According to our results, the automated
approach’s performance correlates positively with the performance of humans, suggesting
that the performance of the particular automated approach could be used as a metric of
hardness for WSC instances.

The second system has been developed in the strong sense that although machine learning
techniques (e.g., deep learning) function without actually understanding the text they are
processing, they are extremely good on correlation tasks (Marcus and Davis, 2019; Mitchell,
2019). It seems that systems can discover patterns of words or systematic bias in words
to tackle various challenges without showing commonsense and reasoning abilities. Our
empirical study shows that our new system, which is based on random forest classifier
and deep learning (LSTM-based), is considerably faster and more accurate than any other
previously used method. At the same time, along with our developed system, we extend
Bender’s work (Bender, 2015) by presenting the results of a large-scale experiment that
shows how human performance varies across Winograd instances.

We want to point out that our developed systems do not purport to replicate the cognitive
mechanisms used by humans when solving the WSC but only to offer a phenomenological
account of this perceived hardness. We are not claiming, however, that this metric can be
used to anticipate how hard it is for machines to resolve certain WSC instances, nor, by
extension, that it can be used to select material for WSC competitions in order to test the
progress of machines on the WSC.

Below we start by presenting our developed systems, followed by our analysis and
discussion of our findings. The sections below explain each of these tasks, along with the

tools and techniques we have developed.

5.2 The Wikisense-based Approach

5.2.1 Introduction

One potentially promising approach to handling the WSC builds natural language represen-
tations and supports the necessary reasoning with the available information by acquiring

knowledge in general inference rules (see Chapter 3). Here, we present the results of a
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large-scale experiment to see how this kind of approach can be used as a data-driven metric
of hardness for WSC instances (halves). To that end, we reuse the Wikisense-based approach
and compare its results with two studies: i) one from the literature (Bender, 2015) that inves-
tigates how adult native speakers tackle the WSC and ii) one that we design and undertake to
investigate how non-native teenagers tackle the WSC. To the best of our knowledge, no study
has focused on how the amount of training material for a learning-based approach to the
WSC can be used as a data-driven metric of hardness for WSC instances, and any evidence
for this has been mainly anecdotal.

In a study involving more than 400 adults, Bender (2015) showed that certain people are
unfamiliar with certain concepts in WSC instances, and their performance ends up being
correlated with this familiarity. In this sense, the use of our proposed metric, trained on
appropriately selected training data, can be used to provide an a priori level of objective
hardness of WSC instances so that the challenge can be personalized to the strengths and
weaknesses of particular groups of human participants. Showing a positive correlation of the
system’s performance with the performance of humans would suffice to offer evidence that
the system can be used to automatically differentiate between WSC instances based on their
perceived hardness for humans.

The system considered in this work (called the Wikisense-based approach) effectively
improves its behavior as it gets more training data. Since the WSC is claimed to require
commonsense knowledge to be solved by humans, this might suggest that WSC instances
that are harder for humans are the ones that require more training, and hence more effort to
identify the right knowledge; or, put differently, harder instances are the ones that require
the use of commonsense knowledge that is less common to found in written text, because it
is usually implied. Our experiment supports this hypothesis by showing that the system’s
performance is correlated with human performance. In particular, adults asked to solve the
WSC are shown to perform better than teenagers. Since age is generally correlated with more
experiences, and thus the acquisition of knowledge that might be less common, this is in line

with the above hypothesis.

5.2.2 How the Availability of Training Material Affects Performance
in the WSC

The Wikisense-based approach focuses on Wikisense (see Chapter 3), which, unlike certain
other WSC systems (see Chapter 2), has a particular online flavor. Wikisense first considers
the WSC half at hand and then retrieves relevant material from the English Wikipedia to

build its knowledge, or simply put, training material on which it is trained. It is, therefore,
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straightforward to adapt the amount of training material that will be made available to the
system and consider the effects of data availability on its performance.

Recall that, Wikisense creates multiple keyword-queries based on any given WSC half.
For every query, in turn, Wikisense retrieves a number of sentences from the English
Wikipedia that match the query, as specified by the system’s parameter. Using those sentences
as training material, Wikisense determines if it can conclude that one of the two answers of
the WSC half can be inferred. If not, it attempts to use the subsequent query and repeats the
process.

Wikisense utilizes dependency parsers to turn raw text into semantic relations. These
relations act, in turn, as the features of learning examples from which inference rules are
induced, following the approach of Michael and Valiant (2008). In case sufficiently confident
rules are identified, those rules are used to draw inferences about the WSC half.

Below, we describe the knowledge enchantments that we performed to discover how
training material affects the performance in the WSC and discuss certain choices made.

To evaluate how the size of the training corpus affects Wikisense’s performance, we se-
lected the first 100 WSC halves from the original WSC_286 dataset!, and used the Wikisense
system with 12 training set sizes (1-10',2-10!,5-10', 1-10%,2-10%,5-10%,1-103,2-10°,
5-10%,1-10%,2-10% 5- 104). For each set size, we ran Wikisense 100 times (rounds) for
statistically significant results. Each set determines the training sentences number, and at each
time, we use randomly selected sentences; one training sentence can be of any length and
can also be used multiple times. For every round, in every set, we store if that specific round
successfully or incorrectly resolved each WSC half or if it left it unanswered (unresolved;
see Figure 5.1). Below, we present the results that were obtained after several months of
testing. For testing purposes and to reduce the time complexity factor, we ran Wikisense
with only the first option (Vx-Vy), meaning that we did not use Wikisense’s full potential as it
would have taken us years of experiments to train it with twelve different training sets (see
Chapter 3).

Hypotheses

For the purpose of this study, we formulated the following null hypothesis:

1. The size of the training set does not affect Wikisense’s performance regarding the
tackle of the WSC.

Thttp://www.cs.nyu.edu/faculty/davise/papers/OldSchemas.xml
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Wrong
wrong correct correct 2 1 0
correct  unanswered unanswered 1 0 2
unanswered unanswered unanswered 0 0 3
unanswered unanswered unanswered 0 0 3

Wrong

Figure 5.1 A snapshot of Wikisense’s results trained with the smallest training-set (S =
1-10h).

Materials

For the experiments, we have used a variety of hardware and software, and the whole running
procedure took several months. Among other software, we have used the Wikisense system, a
Python library for plots (matplotlib)?, Stanford and spaCy parser, and a spreadsheet software
to design and administer the experiments. In the end, we have run our experiments on five

different systems:
» Apple MacBook Pro with Intel Core i7 2,4 GHz, 16 GB 1333 MHz DDR3, SSD.
* Apple Mac Pro 3.46GHz 12 Core Xeon Processor 5.1, 32GB RAM DDR3, SSD, HDD.
* Apple iMac with Intel 15 2.5 GHz, 20 GB DDR3, SSD.
* Asus Lamborghini with Intel Core i7 2.20 GHz, 16 GB 1333 MHz DDR3, SSD, HDD.
e Lenovo Thinkstation with two Quadro Xeon Processors 2.27 GHz, 20 GB 1333 MHz

DDR3, SSD, HDD.
Results

Figure 5.2 compares the correct, wrong, and unanswered pronoun resolution; the horizontal
axis shows the training set sizes, while the vertical axis depicts the unanswered, the correct,
and the wrong resolution means. A cursory glance at Figure 5.2 reveals that as the size of the
training set increases, the number of unanswered WSC halves decreases, while the numbers
of both the correctly answered and incorrectly answered WSC halves increase, with the latter
seemingly increasing at a lower rate. The null hypothesis that the size of the training set

Zhttps://matplotlib.org
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does not affect the performance of the Wikisense system in terms of the correct answers it
produces can, therefore, be rejected using an ANOVA analysis that gives F = 20.860 > Fcrit
= 3.2849, showing that the means of the three populations (correct, wrong, unanswered) are
not equal. As shown in Figure 5.2, the number of unanswered WSC halves monotonically
reduces as the training set size increases. The only exception to this monotonicity is when
S = 1-10% where we observe an increase of 0.36%, benefiting the number of correctly
answered WSC halves. This is the point in the graph where the distance between the correctly
answered and the incorrectly answered WSC halves is the largest (8%). Comparing the
performance of the system when S = 1- 10, the default value used by Wikisense for the
tackle of the WSC, to the system’s performance when S = 5- 10%, we can see a measurable
increase of 5%, which suggests that the performance of Wikisense can be further improved
with the simple adjustment of the training set.

Figure 5.3 shows the system’s performance for each of the 100 rounds that were run for
the two extreme values of S, demonstrating a consistent (not simply on average, but on each
individual round) ability of the system to answer correctly more often than incorrectly when
S is larger. As we can see, there is a significant difference of 22% between the largest set and
the smallest set, on benefit of the correct pronoun resolution; we can clearly see the correct
pronoun resolution line, depicted on higher values, in the largest set. As shown in Figure
5.3, the lines of the smallest set are mixed, contrary to the lines of the largest set, showing a
bigger gap between the two lines in the largest set; with higher values for the correct pronoun
resolution. Thus, not only do larger training sets lead to fewer unanswered WSC halves,
but among those that are answered, the percentage of the correctly answered ones tends to
become larger than the percentage of the incorrectly answered ones.

Overall, larger training sets seem to lead the Wikisense system to answer more WSC
halves, and among those answered, to answer correctly more often. Given the knowledge-
based workings of the Wikisense system, this could be taken as an indication that richer and
more useful knowledge is acquired from larger training sets. Our results indicate only that
more information helps improve performance, not that it suffices to achieve human-level
performance. On the other hand, we will offer evidence in the sequel that even without
achieving human-level performance, one can still use the Wikisense system to determine
how hard a WSC half might be for humans.

Half-level Analysis

To better understand how the availability of training material affects the performance and why

larger training set sizes offer better pronoun resolution, we proceed to a half-level analysis.
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Wikisense failed to answer 92 WSC halves with the smallest Wikipedia set (WSC halves
that remained unanswered > 50%) and 46 with the biggest. It might seem counter-intuitive
that the unresolved number is almost 50%. However, with the biggest set, we are able to
resolve 14 more halves than with the default one (1 - 10%), which is a huge step regarding the
challenge difficulties (Ackerman, 2016; Morgenstern et al., 2016).

Means of each WSC half, by each set, are presented in Figure 5.4, which shows the
correct, wrong, and unanswered pronoun resolution. The horizontal axis shows the training
set sizes, while the vertical axis highlights each tested WSC half. Each correct WSC half
resolution is depicted with green color, for each set, while each half wrong resolution is
depicted with red color; the blue color shows the unanswered resolution. Our sentence
level analysis is consistent with previous results showing that the unanswered color (blue)
gradually reduces, in each bigger set, while the correct color (green) increases.

Figures 5.5, 5.6, and 5.7 show the unanswered, the correct, and the wrong pronoun
resolution through RGB colors; the WSC halves are reordered by the performance in the
largest training set. For instance, a cursory glance at Figure 5.5 shows that the bigger training
sets have the darkest color, meaning that the unanswered WSC halves number reduces as the
set size grows. Also, there is a significant difference in the green color density across the
horizontal axis of Figure 5.6; it shows that the correct pronoun resolution for bigger sets is
better than in the smaller sets. Also, we can see how the wrong pronoun resolution changes,
on the WSC half level, in Figure 5.7.

Regarding the WSC halves that remained unanswered in all rounds of all training sets,
Wikisense could not create a keyword in some of them, while on others, it could not find
enough or useful training sentences to resolve pronouns. For instance, for a keyword like
“punish bully”, instead of returning valuable training data, it returned sentences about a
“Wooly Bully” song that did not relate to our initial keyword. Taken altogether, it seems
that a large number of unanswered sentences relate to various factors like the quantity and
the quality of our training data and to Wikisense’s shortcoming in acquiring proper training

sentences for each given generated keyword.

5.2.3 Human Performance on the WSC

Showing a positive correlation of the performance of the system with the performance of
humans would suffice to offer evidence that the system can be used to automatically differ-
entiate between WSC halves based on their perceived hardness for humans. In this regard,
here, we present evidence from two studies in support of the claim that the performance of
the Wikisense system varies across WSC halves in a manner analogous to the performance
of humans. The first study comes from the literature and concerns adult native speakers,
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Figure 5.4 The coloring of each horizontal bar indicates the percentage of rounds in which
each WSC half on the Y axis was correctly answered (green color), incorrectly answered
(red color), or remained unanswered (blue color), for each value of S on the X axis.

while the second study was designed as part of this work and concerns teenager non-native

speakers.

Adult Native Speaker Performance

According to Bender (2015), certain people are unfamiliar with certain concepts in WSC
halves, and their performance ends up being correlated with this familiarity. In terms of the
performance of humans on the WSC, Bender (2015), through an experiment he undertook,
identified that human adults tackle the WSC with a mean accuracy of 92% —91% if we
consider only the first 100 WSC halves (see Figure 5.8). To the best of our knowledge, this is
the only set available to provide us with the necessary training and testing data. Regarding
the required time needed to tackle a WSC half, it was found that adults need, on average,
15 seconds to answer a given schema. Bender used schemas developed by experts from the
WSC_ dataset, which, at the time of writing, consisted of 143 schemas (WSC286). The
experiment ran on Amazon’s Mechanical Turk, where 407 adult speakers, who speak English
fluently, participated. Results, which showed that adult speakers are, on average, able to
correctly resolve 92% of the Winograd schemas, set the bar very high compared to what
systems can achieve (Kocijan et al., 2020). On the other hand, in the experiments, it was

shown that there are halves that are harder to resolve than others; for instance, there are
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Figure 5.5 Color intensity shows how often (among 100 rounds) each WSC half on the Y
axis has been answered (correctly or incorrectly), for each value of S on the X axis. The
WSC halves on the Y axis have been reordered based on the percentage with which they have
been answered when S = 5- 10%.
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Figure 5.6 Color intensity shows how often (among 100 rounds) each WSC half on the Y
axis has been correctly answered, for each value of S on the X axis. The WSC halves on the

Y axis have been reordered based on the percentage with which they have been answered
when § =5-10%.
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Figure 5.7 Color intensity shows how often (among 100 rounds) each WSC half on the Y
axis has been wrongfully answered, for each value of S on the X axis. The WSC halves on

the Y axis have been reordered based on the percentage with which they have been answered
when S = 5-10%.
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Figure 5.8 Bender adult accuracy scores on the 100 WSC halves used in our experiments.

halves on which humans scored a mean of 45%. A detailed analysis of human performance
on each WSC instance is available online?.

Teenager Non-Native Speaker Performance

Given that Bender’s results refer to adult speakers of English, we undertook an analogous
study to determine how teenager speakers tackle the WSC. To the best of our knowledge, no
study has focused on how teenagers can tackle the WSC, and any evidence for this has been
mainly anecdotal. The study, which was carried out in a lab setting, took part in December
2017, where 126 English-speaking students volunteered and participated. Participants were
teenagers, residents of Cyprus who speak English fluently. All of them were students at a
single 3-grade gymnasium school, and they were between 11 and 15 years old (see Table 5.1).

In terms of their knowledge of the English language, 37 reported that it was “good”, 66
that it was “very good”, and 23 that they speak English fluently (out of which nine mentioned
that English is their mother tongue). All participants had experience with the WSC, as they
had previously participated in another study that involved the WSC (although that study was
in Greek).

https://github.com/benderdave/wsc-exp.git
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Grade A | Grade B | Grade C
males 16 31 9
females 13 40 17
10-11 - - -
12-13 29 68 1
14-15 - 3 25

Table 5.1 Demographic of participants.

We split the 100 WSC sentences that were used in the evaluation of the Wikisense
system into four equal sets, ensuring that no set included both halves from the same schema.
Participants were asked to answer the questions of the WSC halves in one of the sets. The
participation was anonymous, and it lasted about ten minutes during school break-time
between lessons. The study was undertaken in the school’s computer-science labs under
supervision by a teacher. Each WSC half was displayed on a screen, followed by the question.
Two choices were displayed side-by-side, with a comment box below each question. Access
to translation services was not allowed, and each participant was instructed to write any
remarks (on whether a question was confusing or non-intuitive) in a specified comment box.
Participants were offered a €0.50 chocolate bar as compensation for their time.

Based on the study results (see Figure 5.9), teenagers scored a mean accuracy of 60.77%
(0 = 0.16). The nine teenagers with English as their mother tongue scored a mean accuracy
of 54.83%, indicating that the teenager group’s lower performance compared to the adult
group might not be a result of the teenagers being non-native speakers but a result of their
age. Additionally, beyond the performance difference, teenagers and adults were found to
have a positive correlation coefficient (Pearson) of 0.43. Although this does not indicate
moderately correlated groups, given both the challenge difficulties and the difference in age
between them, we considered it important in the sense that some halves that were easier or

harder to answer by one group were also considered the same by the other group.

5.2.4 Experiments: Measuring the Hardness of WSC Halves

Here, using the data from the two studies above, we examine whether the performance of
the Wikisense system can be predictive of the hardness of the WSC halves for humans. As a
baseline, we compare the predictive ability of the system against that of other coreference

resolution systems.
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Figure 5.9 Teenager accuracy scores on the 100 WSC halves used in our experiments.

A Boolean Hardness Metric

We start with the simple approach of characterizing a WSC half as either “easy” or “hard”,
depending on whether it can be resolved correctly or incorrectly by an automated way, based
on the Wikisense system.

For our Wikisense-based approach, we proceed as follows: For a given WSC half and
a given value of a training-set S, we run the Wikisense system for 100 rounds and record
the most frequent result returned by the system. Thus, we can determine if, most of the
time, the system responded with the first answer, with the second answer, or abstained from
responding. We repeat the process for all twelve possible values of S, as described in the
preceding paragraphs. If the majority of these twelve repetitions yield the same answer, then
we take that to be the approach’s answer. We, then, check to see if the answer is correct
or not, characterizing, respectively, the WSC half as “easy” or “hard”; some WSC halves
remain uncharacterized.

To compare this boolean-hardness metric against what can be derived from other systems,
we consider three coreference resolution systems from the literature. For each system, a
WSC half is characterized as “easy” or “hard” (or remains uncharacterized) depending on

whether the system can correctly or incorrectly resolve the WSC half (or does not produce
an answer).
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Based on WSC halves’ characterizations by each of the four considered approaches, we

group the WSC halves into an “easy” and a “hard” group and compare humans’ performance

on these two groups to see whether their performance varies. The results are summarized in

Table 5.2, which shows that the boolean hardness metric derived from the Wikisense-based

approach can discriminate better between what humans find “easy” and “hard” in the WSC.

In particular:

1. Wikisense-Based Approach: It can be inferred from Table 5.2 that, the WSC halves

characterized as “easy” and “hard” can be resolved by adults with a mean accuracy
0of 93% (o = 0.08) and 87% (o = 0.12), respectively, compared to their overall mean
accuracy of 91%. Analogously, the WSC halves characterized as “easy” and “hard” can
be resolved by teenagers with a mean accuracy of 66% (o =0.16) and 57% (o =0.17),
respectively, compared to their overall mean accuracy of 60.77%.

. Stanford CoreNLP (Manning et al., 2014)*: The WSC halves characterized as “easy”
and “hard” can be resolved by adults with a mean accuracy of 90% (o = 0.12) and 93%
(o = 0.08), respectively, showing a negative correlation with the human performance
(see Table 5.2). The same phenomenon appears with teenagers, where the WSC halves

characterized as “easy” and “hard” can be resolved with a mean accuracy of 60%
(0 =0.14) and 62% (o = 0.17), respectively.

. Illinois Co-reference Resolver (Bengtson and Roth, 2008; Peng et al., 2015)°: The
WSC halves characterized as “easy” and “hard” can be resolved by adults with a mean
accuracy of 93% (o = 0.07) and 91% (o = 0.10), respectively, showing a smaller
discriminatory power than our proposed approach (see Table 5.2). This is even more
evident with teenagers, where the WSC halves characterized as “easy” and “hard” can
be resolved with a mean accuracy of 62% (o =0.16) and 61% (o = 0.14), respectively.

. Knowledge Parser (K-Parser) (Sharma et al., 2015)°: This system was built for the
WSC, yet its performance seems to be non-predictive of human performance (see
Table 5.2). The WSC halves characterized as “easy” and “hard” can be resolved by
adults with a mean accuracy of 89% (o = 0.13) and 93% (o = 0.08), respectively.
Analogously, the WSC halves characterized as “easy” and “hard” can be resolved by
teenagers with a mean accuracy of 57% (o = 0.14) to 62% (o = 0.16), respectively,

showing an important gap in the wrong direction.

“http://nlp.stanford.edu:8080/corenlp/process
Shttps://cogcomp.org/page/demo_view/Coref
Swww.kparser.org
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adults teenagers
“easy” | “hard” | “easy” | “hard”
Stanford CoreNLP | 0.90 0.93 0.60 0.62
Illinois Coref. 0.93 0.91 0.62 0.61
K-Parser 0.89 0.93 0.57 0.62
Wikisense-based 0.93 0.87 0.66 0.57
Table 5.2 Predictive behavior of human performance from simple boolean hardness metrics
derived from automated systems.

The results ultimately show that the performance of the Wikisense-based approach varies
across WSC halves in a manner that resembles the variability of the human performance

more closely than what other systems can achieve.

A Real-Valued Hardness Metric

As afforded by the Wikisense system’s access to training material and aiming to derive a more
fine-grained hardness metric, we then consider a particular way of deriving a real-valued
hardness index for each WSC half, called the Wikisense-based approach (see Figure 5.10).

As within the boolean hardness metric, given a WSC half and a value of S, we run
Wikisense for 100 rounds and record the most frequent result returned by the system (see
the top-left part of Figure 5.10). Thus, we can determine if, most of the time, the system
responded with the first answer, with the second answer, or abstained from responding. For
each case where the response is one of the two answers, we check and mark the answer as
correct or incorrect. We repeat the process for all twelve possible values of S and end up with
a set of twelve labels (see the bottom and top-middle part of Figure 5.10). Intuitively, if all of
these labels are “unanswered”, we do not have enough information to give a hardness index
to the examined half. This particular approach ends up giving a hardness index to 57 out of
the 100 WSC halves under consideration, and our subsequent discussion refers to only these
57 instances.

Now, consider the case where at least one label is “correct”, and therefore, the system
has identified, at least once, knowledge that is relevant to, and appropriate for, the particular
WSC half. The more “correct” labels one has, the easier it would seem that this WSC half is.
Considering that out of the cases with an “unanswered” label, one could randomly guess the
correct answer half of the time, we can adjust the number of “correct” labels to include half
of the “unanswered” labels. Normalizing this value by dividing by twelve, we end up with
a number in the interval [0, 1] that is higher for easier WSC halves. Taking one minus this

value gives us the hardness index of the WSC half. The whole procedure is handled by the
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Controller component of the Wikisense-based approach (see the bottom-right part of Figure
5.10).

If none of the labels is “correct”, and since we compute a hardness index only if there
is at least one label that is not “‘unanswered”, it must be the case that there exists at least
one “incorrect” label. Therefore, the system has identified, at least once, a knowledge that
is relevant to, but inappropriate for, the particular WSC half. One could argue that the
more “incorrect” labels one has, the harder this WSC half should be. However, given the
simple approach that the Wikisense system follows in retrieving relevant training data, one
could also make another argument. Since there are no “correct” labels, the more “incorrect”
labels one has should simply be taken as an indication of the availability of more relevant
knowledge, ignoring the fact that it led to the wrong answer. The availability of knowledge
suggests, then, an easier WSC half. Considering that out of the cases with an “unanswered”
label, one could randomly guess the incorrect answer half of the time, we can adjust the
number of “incorrect” labels also to include half of the “unanswered” labels. Normalizing
this value by dividing by twelve, we end up with a number in the interval [0, 1] that is higher
for easier WSC halves. Taking one minus this value gives us the hardness index of the WSC
half.

In terms of the human performance data, we treat the human hardness index of a WSC
half to be the percentage of people from a certain group that resolved the half incorrectly.
Our computed hardness index and the human hardness index for the adult and the teenager
groups in our discussed studies have correlation coefficients of 0.38 and 0.37, respectively.
Both results offer evidence that our proposed computed hardness index might indicate how
humans perceive the hardness of the WSC, and that this indication might not be significantly
affected across different human groups.

Figure 5.11 shows in more detail how the computed hardness index and the human
hardness index vary across WSC halves, suggesting that certain WSC halves that are more
easy or hard for humans are accordingly labeled as such by the computed hardness index.
The figure also shows that despite the teenager group performing almost consistently worse
than the adult group, their performance across WSC halves seems to vary analogously.
Furthermore, on this specific subset of schemas, the two groups had a positive correlation of
0.49, 6% higher than their initial correlation of 0.43, suggesting that human participants can
more closely answer schemas on which relevant knowledge was found on Wikipedia.

The Wikisense-based system, a python-written package that takes as input a WSC half
and outputs its hardness index, is available online’ to download. The system can adjust the

conditions under which it chooses to produce a hardness index or abstain from producing

"http://cognition.ouc.ac.cy/ws_hardness
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one. For instance, if the parameters are appropriately adjusted to compute a hardness index
for only 10% of the tested WSC halves, the correlation coefficient against the teenager group

becomes 0.70.

5.2.5 Qualitative Analysis

Based on the teenage participants’ remarks in our study, we present a qualitative analysis

that relates those remarks to the performance of the Wikisense-based approach.

Unanswered WSC halves

Twenty-seven WSC halves remained unanswered in all rounds across all training sets. For
instance, the half I couldn’t put the pot on the shelf because it was too tall. Question: What
was too tall? was accompanied by a remark that it was very confusing; the mean adult
accuracy was 45%, and the mean teenager accuracy was 37%. Another example is the
half Frank was upset with Tom because the toaster he had bought from him didn’t work.
Question: Who had bought the toaster?, which was accompanied by a remark that it was
very difficult; the mean adult accuracy was 75%, and the mean teenager accuracy was 50%.
Likewise, on the half Pete envies Martin although he is very successful. Question: Who is
very successful? the mean adult accuracy was 84%, and the mean teenager accuracy was
35%. Additionally, the half The lawyer asked the witness a question, but he was reluctant
to repeat it. Question: Who was reluctant to repeat the question? was accompanied by a
remark on not understanding the meaning of “reluctant”; the mean adult accuracy was 63%,
and the mean teenager accuracy was 32%.

Unformulated Queries

Wikisense was not able to formulate a query to retrieve training data in four of the previously
mentioned twenty-seven halves. In some other cases, despite formulating a query (e.g.,
lie/cautious), the system could not retrieve enough training data to create the necessary
knowledge. For instance, the half The cat was lying by the mouse hole waiting for the
mouse, but it was too cautious. What was too cautious? was accompanied by a remark on
not understanding its meaning; the mean adult accuracy was 90%, and the mean teenager
accuracy was 42%. Another example is the half In the middle of the outdoor concert, the
rain started falling, but it continued until 10. Question: What continued until 10?, which
was accompanied by the “an interesting half” remark; the mean adult accuracy was 60%, and
the mean teenager accuracy was 53%.
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Figure 5.10 The Wikisense-based approach. A system able to differentiate between Winograd
halves according to their perceived hardness for humans.
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Figure 5.11 Variability of our developed Wikisense-based hardness index across the 57 WSC
halves on which it was computed, in relation to the variability of the human hardness index
for adults and teenagers. The results are sorted by the accuracy of adults, where smaller
hardness indexes show easier halves to resolve.

Correctly-Resolved WSC halves

Three WSC halves were correctly resolved across all training sets: i) The city councilmen
refused the demonstrators a permit because they feared violence. Question: Who feared
violence?, i1) Bob paid for Charlie’s college education, but now Charlie acts as though it
never happened. He is very ungrateful. Question: Who is ungrateful?, iii) Anne gave birth to
a daughter last month. She is a very charming baby. Question: Who is a charming baby?

Wikisense resolved the first half through the query refuse/fear. It might be considered
as an easy half because the subject of the verb “refuse” is the one who fears that something
is going to happen. In this regard, the query directly leads to the correct pronoun target.
However, fifty percent of the teenagers did not manage to resolve the pronoun correctly,
compared to only 8% of adults.

Two teenagers commented that they found it very difficult, with one specifying that they
did not know the meaning of the word “councilmen”. No remarks were received on the
second and third halves. In the second half, the mean teenager accuracy was 90%, and the
mean adult accuracy was 96%. Finally, in the third half, the mean teenager accuracy was
87% and the mean adult accuracy was 100%.

There were halves that the system could resolve correctly only when the size of the

training set was sufficiently large. For example, the half Jim yelled at Kevin because he was
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so upset. Question: Who was upset? was correctly resolved only with the two largest training
set sizes. Three teenagers commented that the half was difficult; the mean teenager accuracy
was 53%, and the mean adult accuracy was 100%. As another example, the half Paul tried to
call George on the phone, but he wasn’t successful. Question: Who was not successful? was
correctly resolved from the fourth training set size onwards; the mean teenager accuracy was
43%, and the mean adult accuracy was 98%. Finally, the half There is a gap in the wall. You
can see the garden behind it. Question: You can see the garden behind what? only 40% of
the teenagers managed to resolve it, compared to 85% of the adults.

Incorrectly-Resolved WSC halves

We observed that some queries led the system to wrong conclusions. For instance, the half
Anne gave birth to a daughter last month. She is a very charming woman. Question: Who
is a charming woman? was wrongfully resolved across all training set sizes. The query
give/charming ended-up producing more training data supporting the inference daughter, as
there seem to be more training sentences for charming children than for charming adults. On
the other hand, humans do not typically refer to a female newborn as a woman; the mean
teenager accuracy was 84%, and the mean adult accuracy was 92%.

The half Alice tried frantically to stop her daughter from chatting at the party, leaving us
to wonder why she was behaving so strangely. Question: Who was behaving strangely? was
accompanied by the remark that it was odd; the mean teenager accuracy was 40%, and the
mean adult accuracy was 71%.

There were also WSC halves that, although they were correctly resolved with smaller
training sets, were incorrectly resolved with larger training sets. For instance, the half Tom
threw his schoolbag down to Ray after he reached the bottom of the stairs. Question: Who
reached the bottom of the stairs? was correctly resolved only until the ninth training set.

Teenagers correctly resolved the sentence 35% of the time, while adults 90% of the time.

Confusing WSC halves

For certain WSC halves, there was no obvious relation between the system’s performance
and the training set size. For instance, in the WSC half Frank felt vindicated when his
longtime rival Bill revealed that he was the winner of the competition. Question: Who was
the winner of the competition? the performance of the system across the twelve training set
sizes started with not producing an answer and flipped back and forth between producing

the right and the wrong answers as the training set sizes increased. It seems that such halves
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might be confusing even for humans; the mean teenager accuracy was 35%, and the mean
adult accuracy was 73%. A teenager characterized it as a complicated example.

As an additional example, the mean accuracy on the half The sack of potatoes had been
placed below the bag of flour, so it had to be moved first. Question: What had to be moved
first? was 35% for teenagers and 69% for adults, whereas the mean accuracy on the sentence
My meeting started at 4:00 and I needed to catch the train at 4:30, so there wasn’t much
time. Luckily, it was delayed so it worked out. Question: What was delayed? was 30% for
teenagers and 74% for adults, with two teenagers remarking that it was very confusing.

Extreme Cases

Certain WSC halves are characterized as extreme cases related to the system’s performance
and the training set size. While in the beginning, with small training set sizes, they were
either correctly or wrongfully resolved, with the largest training size the complete quite
the opposite happened. An extreme case is the following half “Sentence: Anna did a lot
worse than her good friend Lucy on the test because she had studied so hard. Question: Who
studied hard? Answers: Anna, Lucy”, which was correctly answered early on with small
training set sizes but incorrectly answered with the largest training set size. Another example
is the half “Sentence: Tom threw his schoolbag down to Ray after he reached the bottom of
the stairs. Question: Who reached the bottom of the stairs? Answers: Tom, Ray”, which
was correctly answered early on with small training set sizes but incorrectly answered with
the last three training set sizes. Regarding the human factor, the mean teenager accuracy
was 74% on the first and 35% on the second half, while the mean adult accuracy was 80%
on the first and 90% on the second, respectively. As mentioned before, it seems that the
acquired training sentences can easily flip back and forth between producing the right and
the wrong answers. However, one could argue that since the largest training set is bigger than
all the other training sets together by 11120 sentences, this should not be a surprise. Like we
discussed before, it seems that Wikisense results are directly dependable on factors like the
quantity and the quality of our training data and in our engine’s shortcoming in acquiring
proper training sentences for specific keywords.

We also analyzed the relationship between the keyword parts, based on their part of
speech, in halves that remained unanswered and in halves that were correctly resolved in all
training sets (> 50%). The results yielded some interesting findings. The halves that were
correctly answered had a verb in the left part of the keyword in 95% of the cases. The right
part of the keyword was a noun or an adjective in 66% of the cases and 34% a verb. On the
other hand, the unanswered halves had a verb in the left part of the keyword 67% of the time

and 33% a preposition. The right part of the keyword was in 63% a noun or an adjective and
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37% a verb. Another interesting side finding was that if we eliminate the unanswered halves
in those that remained unanswered by 100%, in all sets, the right part of the keyword is in
41%, a verb. These findings would suggest that, if the left keyword part —which indirectly
connects the two possible pronoun targets— is a verb, and the right keyword part, —which
connects the question with the sentence— is an adjective or a noun, then we have better

possibilities in acquiring better knowledge from our training data.

Schema Issues

In analyzing the behavior of Wikisense on pairs of halves (schemas), we have observed that it
was never the case that both halves of the same schema were correctly resolved. We speculate
that this happens because the simple form of queries that we have used in the context of
this work effectively missed the minor differences between pairs of halves, giving rise to
the same query for both sentences. This directly points to an opportunity to further improve
the system’s performance by creating more nuanced queries. If this improvement ends up
yielding a worse metric of hardness, this might be an indication that humans might also, to
some extent, ignore parts of a WSC half that might be critical in its correct resolution.
Another observation worth reporting is that the mean accuracy of teenagers, when tested
on the first half of a schema versus their mean accuracy when tested on the second half of the
same schema, has a gap of 20% (o = 0.15), suggesting that there might be schemas that do
not include halves of the same hardness. However, given that the two halves were randomly
displayed, the teenagers might be biased toward assuming the correct referent based on their

position, whether positioned first or second in the sentence.

Associative Sentences

Trichelair et al. (2018) have identified that 378 of the sentences in the WSC_273 library can
be solved using simple statistics over patterns. Specifically, this subset of the original WSC
sentences is labeled as associative sentences, meaning sentences in which one candidate
antecedent associates strongly with the clause containing the pronoun, while the other
candidate antecedent exhibits no such association strength. Based on our analysis, eight
associative sentences were found in our testing set, where, in two of them, the Wikisense-
based approach was unable to resolve the definite pronoun in all training sets (unanswered).
For those specific halves, the human adult score for the first one was 96%, and the teenager

score was 77% —It was a summer afternoon, and the dog was sitting in the middle of the

8https://github.com/ptrichel/How-Reasonable-are-Common-Sense-Reasoning-Tasks/
blob/master/WSC_associative_label.json
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lawn. After a while, it got up and moved to a spot under the tree, because it was cooler.
Question: What was cooler? However, for the second half, the human adult score was 45%,
and the teenager score was 37%, indicating not an easy half to answer —I couldn’t put the pot
on the shelf because it was too tall. Question: What was too tall? For the rest six halves, the
Wikisense-based approach was able to tackle them with an average of 60% (o = 0.11) while
at the same time adults can tackle them with an average of 93% (o = 0.07) and the teenagers
with an average of 68% (¢ = 0.15). The results align with how the Wikisense-based approach
acquires its knowledge, meaning that our system, maybe the teenagers too, does not seem to
exploit the factor that some Winograd instances can be solved using simple statistics over

patterns.

Sentence Structure

It seems that the structure and semantics of WSC schemas that are based on simple sentences
are not that easily detectable. On the other hand, one could argue that complex sentences
have a syntactic structure that might be easier for humans to answer. In an attempt to analyze
the linguistic characteristics of those WSC instances, we observed the following: Regarding
the teenager group, we have identified that their lowest accuracy was on simple sentences
though this was a subset of only two halves that were part of the same schema —*“Sentence:
I spread the cloth on the table in order to protect/display it. Question: To protect/display
what? Answers: The table, the cloth”. Specifically, we detected an average teenager accuracy
of 54%. Next, we observed that their average score on compound-based halves was 60%, on
complex-based halves 61%, and finally on compound/complex-based halves 65%.

Regarding the adult group, we observed that their average score on compound/complex-
based halves was 90%, on compound-based halves 91%, on complex-based halves 92%, and
finally on simple-based halves 96%. Results show that adults did not find the simple-based
halves as challenging as teenagers but found the compound/complex-based halves harder
than other types of halves.

Regarding the Wikisense-based approach, we observed that it could not tackle the simple-
based halves as they remained unanswered in all training set sizes. We have found that its
average score on compound-based halves was 75%, on complex-based halves 77%, and
finally on compound/complex-based halves 87%.

Taken altogether, on a hardness scale from one to four, where the lower, the more
challenging to resolve (simple, compound, compound/complex, complex), it seems that
teenagers and adults “ranked” the compound-based halves and the complex-based halves at

the same positions —second and third, respectively. However, the results should be taken
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with a grain of salt as our testing halves were not equivalently developed based on the given

sentence types.

5.3 The WinoReg Approach

5.3.1 Introduction

In our previous section, we have seen the Wikisense-based hardness-metric, which could
be used in future challenges or in the WSC CAPTCHA service to differentiate between
Winograd halves, albeit with limitations regarding the number of schemas it could be applied
on and the time needed for the whole process, which was found to be time-consuming.
According to our results, the resulting model was able to offer the hardness index on only
57% of our tested halves, which is in direct relation with the keyword implementation of
Wikisense that is based on the semantic analysis of the given halves. Additionally, because
of its dependency on training during query-answering, it was found that the Wikisense-based
approach needs, on average, eight hours to output the hardness index of a given half, which is
disproportional to the potential use of the Wikisense-based approach to differentiate between
Winograd halves according to their perceived hardness for humans.

To find a faster and more accurate way to output the hardness index of any Winograd
half, in this section, we consider a new-novel system, called WinoReg (from Winograd
Regression), which is based on machine learning (ML). Although machine learning is not
like human learning (Wooldridge, 2020), it is excellent at making predictions about data,
which in our case seems probable. Through experience and prediction, WinoReg learns how
to compute the hardness of a given half based on two different approaches, 1) the Random-
Forest approach, which directly relates to feature engineering, and ii) the LSTM-based
approach that does not relate to feature engineering but requires access to the hardness index
of more Winograd halves.

Within both approaches, WinoReg proceeds by first training the regression model and
then using the learned model for faster computation during its deployment. Regarding the
feature engineering of the Random-Forest approach, these features come from several works
in the literature that have developed WSC-related systems, which we have re-implemented
as needed (Budukh, 2013; Peng et al., 2015; Rahman and Ng, 2012; Sharma et al., 2015).
Regarding the LSTM-based model and its need for more training data, we extended Bender’s
work (Bender, 2015) with a study that we designed and undertook, which involved 306
crowdsourced workers and 943 halves.
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5.3.2 WinoReg’s High-level Architecture

Figure 5.12 depicts WinoReg’s high-level architecture. WinoReg works in two operational
modes: the random-forest and the LSTM-based mode. In both modes, it outputs the hardness
of any WSC half through regression analysis. Specifically, it examines the relationship
between the halves and the perceived human hardness indexes (Bender, 2015).

After the training, WinoReg uses the learned model for faster computation during its
deployment. Within the Random-Forest approach, WinoReg analyzes each half to output a
required number of features. Next, all features are given as an input to the learned model to
output the hardness of a given half. On the other hand, within the LSTM-based approach,
WinoReg does not require estimating the values of features, meaning that any given half
can be given directly to the model to acquire its hardness index. In both cases, WinoReg
can load a half from a schema database to output its hardness index, which, like within the
Wikisense-based approach, is a value in the range of 0-1. Compared to the Wikisense-based
approach, no half is discarded.

Next, we will show how WinoReg works based on the approaches above. Specifically,
in the first part, we will discuss how the engine estimates the values of features to build the

random forest model, and, in the second part, we will show how deep learning comes into

play.

5.3.3 WinoReg_RF: A Random-Forest Approach

Within this approach, WinoReg is based on training a regression model with the use of
Decision Trees —called WinoReg_RF. We use, in particular, the random forest algorithm,
which was introduced in 2001 (Breiman, 2001). The random forest algorithm, which involves
constructing an ensemble of Decision Trees, each trained on random subsets of the data,
showed significant improvements in the accuracy of different problems (Breiman, 2001). A
recent research line showed that it is one of the best algorithms that maintain high imputation
performance on linear regression across a range of performance metrics (Suresh et al., 2019).
Like any other machine learning algorithm, the random forest algorithm focuses on forming
rules with reasonable accuracy, which could be used to predict future data (Probst et al.,
2019). In this regard, we aim to train a model using the random forest algorithm to estimate
the perceived human hardness index of Winograd halves (see Figure 5.13).

According to Francois (2017), within machine learning, we need to transform our data to
find the appropriate representations to make it more manageable to the task at hand. Given
that we want to estimate the hardness index of any half, which indirectly relates to selecting

the correct answer, our WinoReg_RF approach expects features related to the half parts,
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Figure 5.12 WinoReg’s Architecture. The black-box shows that the system can output the

perceived human hardness index based on two distinct modes, the Random-Forest and the
LSTM-based mode.

namely, the sentence, the question, and the two pronoun targets (candidates). Compared to
the Wikisense-based approach, WinoReg does not make use of the correct answer of each
half. To train WinoReg_REF, we engineer fifty features from twelve components (see Figure
5.13). Most features are based on non-open-source systems previously built to tackle the
WSC (Budukh, 2013; Peng et al., 2015; Rahman and Ng, 2012).

WinoReg_RF utilizes the spaCy’ dependency parser to turn raw text into semantic
relations. These relations act, in turn, as the basic feed for the feature development process.
We use spaCly, like in the previous chapters, to output various relations between the sentence,
the question, and the two pronoun targets to use them in our feature engineering.

According to Sharma et al. (2015), the semantic relations are considered reasonable if
they can express the structure of the text and can differentiate, at the same time, between the
events and their participants. In this regard, via spaCy, we can output relations that show how
the pronoun targets relate to the definite pronoun and the events in which they participate.

*https://spacy.io

spaCy’s statistical model: en_core_web_sm
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For instance, consider the catch example we saw in Chapter 3: Sentence: The cat caught
the mouse because it was clever. Question: Who is clever? Answers: The cat, The mouse.
Via spaCy, we can output three semantic relations, which tell us that “a cat caught a mouse”,
and “something/someone is clever’:

[cat-noun, caught-verb, mouse-noun]
[it-pronoun, was-aux-verb, clever-adj]
[was-aux_verb, caught-verb]
A more thorough analysis of the feature development process is given in the following

paragraphs, where we describe each component in detail.

Sentence-Type

Humans use abstract syntax to organize and build sentences in new and creative ways, but
for an Al system to understand the meaning of simple sentences is a complicated process
(Adger, 2019). In this regard, each half sentence’s structure plays a vital role in its quality
and difficulty, where sentences with complex structures seem harder to resolve. To that
end, we use a tool that we designed to output each examined half’s sentence-type (called
Sentence-Structure Identifier).

Given an English sentence, the Sentence-Structure Identifier outputs its pattern/type,
which can be either a simple, a compound, a complex, or a compound-complex sentence
(this is depicted in Figure 5.14). Simple sentences have only one independent clause (SV;
where S=Subject and V=Verb), while compound sentences can have two or more independent
clauses (e.g., “SV and SV”). On the other hand, complex sentences can have one independent
clause plus one or more dependent clauses (e.g., “SV because SV”’), and compound-complex
sentences can have two or more independent clauses plus one or more dependent clauses
(e.g., “SV and SV because SV”). The connector in each complex sentence shows how the
dependent clause relates to the independent clause. Based on the typical connectors found
in Winograd schemas, we consider the following groupings of connectors for our analysis:
i) Cause/Effect: because, since, so that; ii) Comparison/Contrast: although, even though,
though; iii) Place/Manner: where, how, however; iv) Possibility/Conditions: if, whether,
unless; v) Relation: that, which, who; vi) Time: after, as, before.

Within this component, we engineer two features, namely ST and SP, containing the

string values of the sentence-type and pattern.
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Figure 5.14 The Sentence-Structure Identifier component: Given a Winograd half, it outputs

the sentence’s pattern/type which can be either a simple, a compound, a complex, or a
compound-complex sentence.
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Sentence-Negation

Negation plays an important role in capturing the semantics of text, as it is used to reverse
the polarity of parts of a statement (Blanco and Moldovan, 2011; Rahman and Ng, 2012).
Moreover, humans master negation in their early stages of life (Adger, 2019). To encompass
these kinds of rules, we analyze each half to estimate if the two pronoun targets and the
definite pronoun are governed by negation. This is done via the sentence and question triples
of each examined half (see the catch example). For the sentence-negation component, we
create two binary features (STN for the two pronoun targets, QTN for the definite pronoun)

that contain the value of 1 if negation exists and the value of 0 if it does not.

Narrative-Chains

According to Budukh (2013); Rahman and Ng (2012), narrative chains provide us with the
story containing an event-based description of the participation of a common central actor
called the protagonist. Basically, narrative chains are a sequence of events, in a story, with the
role of the protagonist or the actor denoted as -s: subject or -o: object. To build our features,
we start with spaCy to output the subject and the object and continue with Chambers and
Jurafsky’s (size 12) narrative chains (Chambers and Jurafsky, 2008), which are ordered sets
of 12 events (verbs) centered around a common protagonist.

Specifically, for any given half, we determine the events the two pronoun targets and
the definite pronoun participate in along with their protagonist role (subject or object). For
instance, in the following half: Sentence: The city councilmen refused the demonstrators a
permit because they advocated violence. Question: Who advocated violence? Answers: The
city councilmen, The demonstrators, via Wikisense mechanisms, we output two triples: 1)
refused (x-subject, y-object), i1) advocate (they-subject, violence-object), in which we want
to determine the protagonist of the refuse-? event, that participates in the advocate event as a
subject (the definite pronoun —they— indicates the subject position).

Next, from Chambers and Jurafsky’s narrative chains, and for each such pair, we ex-
tract all the chains that contain both elements (refuse and advocate). In our example, the
Chambers and Jurafsky’s narrative chain contains refuse-o and advocate-s, meaning that the
protagonist in this chain is the object of a refuse event and the subject of an advocate event
(the demonstrators). If WinoReg_RF cannot find narrative chains containing both elements,
it runs the same procedure again, but with a similarity mechanism enabled. In previous
works, the algorithm gives out no decision if there is no narrative chain matching between
each event participated by each pronoun target with each event participated by the definite
pronoun [(refuse, advocate-s)].
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In the end, for the narrative chains component, we create a feature (NCH) that equals 1 if
the answer is the first pronoun target, 2 if it is the second pronoun target, and -1 if we cannot

output triples or find any narrative chains.

Number-of-Words

As with the sentence-type component, it seems that each half’s sentence length directly
relates to the resolution of the definite pronoun, where WSC halves with longer sentences
tend to be harder to resolve. According to Marcus and Davis (2019), when we humans read a
sentence in less than a second, we immediately parse and reconstruct it into its constituent
noun and verbs to understand its meaning. In this regard, longer sentences increase the
possibility to contain more nouns and verbs than shorter ones. Of course, in the end, we
can sense a structure in every sentence, which helps us to understand its meaning (Adger,
2019). Following our findings, we engineer a feature that directly relates to the length of

each sentence in terms of words (called SL).

Semantic-Relations

This component directly relates to the semantic relations of a given half’s sentence. According
to Rahman and Ng (2012), by using queries to search Web engines, we might encounter
precision and recall problems related to the way these Web engines utilize their resources
to return results —e.g., sentences might be returned based on the position of the words of
the given query. Specifically, when a pronoun target and a verb appear next to each other,
it does not mean that a subject-verb relation exists between them (a problem of precision).
On the other hand, these queries fail to obtain subject-verb relations where a pronoun target
and verb are not close to each other (a problem of recall). To eliminate these kinds of
problems, we search Wikisense’s Wikipedia-corpus (see Chapter 3) to see how many times
each pronoun target appears as a subject or object. If the definite pronoun appears as a subject
in a triple relation, we search to find which pronoun target appears as a subject most of the
time; Otherwise, if the pronoun appears as an object, we search to find which pronoun target
appears most of the time as an object. From the semantic-relation component, we create
a single feature SEM, which equals 1 if the definite pronoun has the same role as the first
pronoun target, 2 if it has the same role as the second pronoun target, and -1 if we cannot

determine their roles.
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Word-Relations

Word-relations component relates to candidate-independent, and candidate-dependent rela-
tions, where, according to previous works (Rahman and Ng, 2012), they seem to play an
important role in the tackle of the WSC. The only catch is that they can only be applied
in sentences that contain a connective (Cn) word (e.g., because). In this regard, for the
candidate-independent features, we create two features (WN, WP), where WN refers to the
number of words in each sentence (except the two candidates and the Cn), and WP refers
to the number of word pairs. Those are pairs of words appearing before Cn, with each
word appearing after Cn, excluding adjective-noun pairs, noun-adjective pairs, and the two
candidates. For instance, for the sentence “The city councilmen refused the demonstrators
a permit because they feared violence”, the WP feature equals 24 and contains pairs like
“city-feared”, “city-violence”, and “councilmen-feared”.

For the candidate-dependent features, we engineer three features, namely HN, VF, and AF.
Specifically, HN contains the number of the two candidates’ headwords that were returned
by the dependency parser; if we cannot determine the two candidates in the half’s sentence,
then the HN feature is set to 0. Subsequently, the VF feature contains the number of the

verbs, and JF the number of the adjectives that modify the two candidates.

Search-Engine Queries

Work from the literature has shown that search-engine queries can provide us with world
knowledge, which is useful for the tackle of the challenge (Peng et al., 2015; Rahman and
Ng, 2012; Sharma et al., 2015).

Consider the catch example we saw earlier (Chapter 3, 3.2): Sentence: The cat caught
the mouse because it was clever. Question: Who is clever? Answers: The cat, The mouse.
In this example, we can acquire world knowledge to learn that someone clever can easily
catch other things, which leads us to resolve the definite pronoun to the cat. In this regard, as
other works have shown, we follow a similar approach to build features that are based on
search queries. For every half, we build six queries, namely QR1: A1VQ, QR2: A2VQ, QR3:
ATVQW, QR4: A2VQW, QRS: JA1, QR6: JA2; Al and A2 are the two pronoun targets, VQ
the question verb that governs the definite pronoun, W the sequence of words following VQ
in the question, and J the question adjective that follows a verb-to-be. For instance, for the
catch example, we generate and search the Google search engine with the following queries:
(QR1) “cat was”; (QR2) “mouse was”’; (QR3) “cat was clever”; (QR4) “mouse was clever”;
(QRS) “clever cat”; and (QR6) “clever mouse”. Next, as in Rahman and Ng (2012), using
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the number of hits that the search engine returned, we built eight binary features, namely,
GL1il, GL1i2, GL2i1, GL2i2, GL3il, GL3i2, GL4il, GL4i2.

The first two features are computed from QR1 and QR2 (GL1i1, GL1i2), the next two
from QR3 and QR4 (GL2il, GL2i2), and the third from QRS5 and QR6 (GL3i1, GL3i2).
Finally, the last two features are computed based on the results returned from all queries
(GLA4il1, GL412). For instance, if the absolute value of IQR1, QR2I, is bigger than the threshold
of 20% (th) in favor of the first pronoun target, then GL1il equals 1 and GL1i2 equals 0.
Otherwise, if the opposite exists, then GL1il is set to 0 and GL1i2 to 1. To estimate the other
features, we follow a similar approach; more details about the procedure can be found in the
paper where it was initially introduced (Rahman and Ng, 2012).

Recent experiments with the GPT3 language-model (Brown et al., 2020) have shown
potential contamination in their training set while tackling the WSC or other similar tasks.
Put simply, this relates with text found in the WWW, which contains WSC schemas or similar
discussions that might help relevant models or specific search engines find cues they were
not supposed to find. Although this is a challenging task that needs to be examined further
when designing benchmarks and when training models (Brown et al., 2020), both the way
the search queries are constructed and the defined threshold of 20% help avoid problems that
relate to potential contamination.

To avoid problems with proper-names (persons) where we cannot retrieve search query
hints, we use FrameNet (Baker et al., 1998). As stated in other works (Budukh, 2013;
Rahman and Ng, 2012), it is unlikely that search engines will return meaningful counts for
persons. In this regard, in halves where the pronoun targets are proper names, we search
FrameNet to find and substitute them with their roles. Specifically, for every triple relation,
we search FrameNet for NP.EXT and NP.OBJ relations, where, NP.EXT shows the subjects
and NP.OBJ the objects of the corresponding event (for instance, in the catch, if instead of a
cat and mouse we had persons, then we would search FrameNet for the event catch). In case
of a successful search from FrameNet, we replace the persons with their FrameNet roles.
Consequently, we form six queries to search the Google search engine, and, using the number
of hits that the search engine returned, we generate eight features: GLF1i1, GLF1i2, GLF2il,
GLF2i2, GLF3il, GLF3i2, GLF4il, GLF4i2.

ConceptNet-Relations

ConceptNet is a freely available semantic commonsense toolkit (Liu and Singh, 2004). Put
simply, ConceptNet is an approach to collecting commonsense knowledge from crowdsourc-
ing and has been around the field since 1999. Its knowledge-base is a semantic network,

where nodes are the concepts and edges the relations among them. It is like a parser that
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describes and expresses general human knowledge from sentences that were automatically
acquired from the Open-mind Common-Sense project (Liu and Singh, 2004; Singh et al.,
2002; Speer et al., 2017).

ConceptNet contains concepts about common basic knowledge about various facts,
connected with other facts, using different kinds of relations (e.g., relatedTo, AtLocation, IsA,
PartOf) (Budukh, 2013). WinoReg_RF makes use of ConceptNet to find possible relations
between the two pronoun targets and the word —verb, adjective— that governs the definite
pronoun; this is done by a ConceptNet function that returns a value in the range of 0-1, where
the higher the value, the higher the relatedness is. In this regard, we engineer a feature (called
CN) that equals 1 if the first pronoun target’s relatedness value is greater than the second
pronoun target’s value. If the opposite exists, then the value of CN equals 2, and if we cannot
find any difference, it equals -1. Additionally, like before, we consider FrameNet (Baker
et al., 1998) for issues with proper names and create the CNF feature, where its values are

being computed in the same way as the CN values.

Discourse-Connective Relations

According to Rahman and Ng (2012), causal relations, which are signaled by discourse con-
nectives, show the world knowledge between events. Consider the following half: Sentence:
The lion eat the zebra because it was hungry. Question: Who is hungry? Answers: The lion,
The zebra. In the half’s sentence, “The lion eat the zebra because it was hungry”, there is a
causal relation, which is given by the discourse connective “because”, between the events
“eat” and “hungry”; this causal relation helps us resolve the definite pronoun “it” to the lion.

Put simply, for each half, we search Wikisense’s Wikipedia corpus for a triple of the
form (V, Cn, X) and count its frequencies of occurrence. Cn is a discourse connective, V
is a verb in the clause that governs the two pronoun targets, and X is a stemmed verb or
an adjective that governs the definite pronoun. Each triple has to be validated through the
following procedure: i) we search the Wikipedia corpus to find its frequencies of occurrence;
i1) if the number of occurrences is at least 100, then we proceed to the next step (Rahman
and Ng, 2012); iii) if X is a verb, then we resolve the definite pronoun to the pronoun target
that shares the same role; otherwise, if the sentence does not involve comparison and X is an
adjective, we resolve the definite pronoun to the pronoun target that serves as the subject of V.
Finally, to encode this heuristic decision, we create a binary feature (CNT). CNT equals 1 if
the definite pronoun is resolved to the first pronoun target and 2 if it is resolved to the second

pronoun target. Otherwise, in case we cannot resolve the definite pronoun, CNT equals -1.
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Event-Polarity via Heuristic Rules

As stated by Budukh (2013); Peng et al. (2015); Rahman and Ng (2012) there are halves
where we can resolve the definite pronoun by comparing the two pronoun targets according
to their polarity values. This process refers to word polarity, which has been widely studied
in the NLP field (Hassan and Radev, 2010) and can be summarized in three steps: i) find
the polarity of the definite pronoun; ii) determine the polarity of the two pronoun targets; iii)
select the pronoun target that has the same polarity as the definite pronoun. The polarity of
the definite pronoun equals the polarity value of the verb for which the pronoun serves as the
subject, or, in case the verb does not exist, the polarity of the adjective that modifies it. To
find the polarity values, we use the Wilson et al. (2005b) subjectivity-lexicon, a lexicon that
assigns various events their polarity as negative, positive, or neutral.

Let us use the following half to explain the word-polarity procedure: Sentence: The city
councilmen refused the demonstrators a permit because they advocated violence. Question:
Who advocated violence? Answers: The city councilmen, The demonstrators. According to
the half’s semantic relations, we know the following:

city-councilmen is the subject of the event refuse
demonstrators is the object of the event refuse
they is the subject of the event advocate.

From the Wilson et al. (2005b) subjectivity-lexicon, we acquire the polarity of the refuse
event, which is negative. In this regard, the polarity of the deep subject (city councilmen)
becomes negative, and the polarity of the object becomes positive (demonstrators). Addition-
ally, we know that the polarity of the event advocate in the subjectivity-lexicon is positive,
meaning the polarity of the definite pronoun they, which participates in the subject of the
event advocate, becomes positive. Consequently, we can conclude that the polarity of both
the definite pronoun and the demonstrators is the same, which leads us to resolve the definite
pronoun —they— to demonstrators.

Based on the event-polarity procedure, we engineer six binary features, namely, RP1il,
RP1i2, RP2il, RP2i2, RP3il, RP3i2, which are initially set to zero. The first two features,
RPI1il and RP1i2, refer to the correct pronoun target, where, in our example, are set to
RP1i11=0 and RP1i2=1 (since the correct pronoun target —demonstrators— is the second
one). The two other features (RP2i1 and RP2i2) are the concatenation of the polarity values,
determined for both the definite pronoun and the two pronoun targets; in our example,
RP2il=negative-positive, and RP2i2=positive-positive.

To estimate RP3il and RP3i2, we simply take the previous features of RP2il and
RP1i2 and append, if exists, the polarity reversing connective, such as although, which is a
connective that flips the polarity (Rahman and Ng, 2012). Specifically, if a polarity reversing
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connective exists, we simply take RP2i1 and RP212 and append the connective. For instance,
RP3il1 = RP2il + connective, RP3i2 = RP2i2 + connective. Furthermore, we enhanced the
polarity features by creating an additional feature (RPTL) that shows the best pronoun target.
To that end, we take the first two binary features (RP1il, RP1i2) and generate a new one
(RPTL). If RP111 > RP1i2, then the value of RPTL equals 1, and, otherwise, if the opposite
exists, the value of RPTL equals 2. If we cannot determine RP1il and RP1i2, then RPTL is
setto -1.

Event-Polarity via OpinionFinder

OpinionFinder is a machine-based sentiment-analyzer (Wilson et al., 2005a) that we use to
resolve the definite pronouns in our examined halves. OpinionFinder automatically assigns
various events their polarity as negative, positive, or neutral. Put simply, instead of using the
heuristic rules, via OpinionFinder, we automatically acquire the polarity values of both the
two pronoun targets and the definite pronoun (Peng et al., 2015; Rahman and Ng, 2012). To
that end, we compute the OpinionFinder polarity features in the same way we did within the
heuristic-rules component and create seven features (OP1il, OP1i2, OP2il, OP2i2, OP3il,
OP3i2, OPTL).

Event-Polarity via TextBlob

Given that our previous polarity features are based on similar approaches, namely, the Wilson
et al. (2005b) subjectivity-lexicon, and the Wilson et al. (2005a) OpinionFinder, here, we use
another, simpler polarity mechanism —called TextBlob-Polarity'?. TextBlob (Loria, 2018)
is an NLP library that can process textual data and output, among others, the events’ polarity
values. Specifically, with TextBlob’s sentiment analysis, we return the verb’s polarity that
governs the two pronoun targets and the verb’s polarity that governs the definite pronoun.
Finally, we create two features (TBSPOL, TBQPOL) that can be either neutral, positive, or

negative.

5.3.4 WinoReg_DL: A Deep-Learning Approach

Within this approach, we train WinoReg using deep learning (see Figure 5.15), which is
another increasingly popular method inspired by the biological brain (Bengio et al., 2017;
Francois, 2017; LeCun et al., 2015). As stated in the literature, deep learning can be seen as

an extension of shallow neural network models, which have been around for many decades

10https://textblob.readthedocs.io/en/dev/
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(Schmidhuber, 2015), albeit the term deep learning with the current resurgence started in
2006 (Bengio et al., 2017; Socher et al., 2012).

According to the literature (Frangois, 2017; Schmidhuber, 2015), deep-learning has won
numerous pattern and image recognition contests and achieved promising results on different
NLP tasks. In this regard, techniques incorporating deep learning have been steadily gaining
popularity (Bengio et al., 2017). However, it seems that this is not something that alone can
lead the way to progress towards Artificial General Intelligence (AGI) (Marcus and Davis,
2019; Mitchell, 2019). It appears that deep learning is an excellent tool that is really good at
specific tasks (e.g., statistics or patterns or words), missing at the same time what linguists
call compositionality. Although patterns of words matter, this is just a tiny part of what our
minds bring to this task (Adger, 2019). For instance, specific animals (e.g., rats, monkeys)
are better at learning certain patterns in syllables than humans (Adger, 2019).

With deep learning algorithms, machines could learn good representations of data to help
NLP tasks enormously. We can say that humans develop representations to enable learning
and reasoning to achieve multiple tasks at hand, like tackling the WSC, which indirectly
relates to the schema hardness. Given that deep learning systems are very effective at
learning correlations, we train WinoReg within a Deep-Learning approach that can estimate
the perceived human hardness indexes of Winograd halves (see Figure 5.15).

Specifically, WinoReg’s deep-learning architecture is based on LSTM networks (see
Figure 5.15), an updated version of RNNs that are capable of learning long-term dependencies
(Hochreiter and Schmidhuber, 1997). LSTM networks may also be interpreted as something
similar to computer memory (Sundermeyer et al., 2012). As stated in the literature, LSTM
neural networks perform well in the field of language modeling (LM) (Sundermeyer et al.,
2012), which can be used to solve various NLP tasks (Kocijan et al., 2019b). A language
model is an essential model that captures how meaningful sentences can be constructed
from individual words, which, in our case, seems to relate to the hardness of schemas. In
the absence of features, with LSTM networks, WinoReg_DL can learn the joint probability
function of sequences of words in a given sentence (Bengio et al., 2003), and at the same
time, take into account all of the predecessor words (Sundermeyer et al., 2015, 2012) to
output the perceived human hardness index of any given WSC half.

Within this approach, WinoReg_DL splits each examined half to select the sentence,
as this is the only input-value needed for our LSTM-based approach. Next, it parses the
examined sentence via spaCy dependency parser to remove the stop-words since they often
occur in abundance. Then, for every word in the sentence, it returns its lemmatization as a
way to determine possible relations between common words. The final step is to feed the

parsed sentence into the model to retrieve its hardness index.
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Figure 5.15 WinoReg’s Architecture based on Deep-Learning (LSTM): Given a Winograd
half WinoReg_DL outputs the perceived human hardness index.
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Data Enhancement via Crowdsourcing

Although it is debatable (Gary Marcus, 2019), it is widely accepted that deep learning killed
feature engineering, which is time-consuming (Socher et al., 2012). According to LeCun et al.
(2015), most of the time, conventional machine learning techniques require considerable
domain expertise for feature engineering. On the other hand, with deep learning, the amount
of skill required for feature engineering reduces as the amount of training data increases
(Bengio et al., 2017).

According to the literature, most approaches today that incorporate deep learning succeed
because we can provide them with the necessary resources, as it is widely accepted that to
generalize better, you have to do training on more data (Bengio et al., 2017). Additionally, if
we can provide deep learning with a sufficient amount of data (LeCun et al., 2015), it will
also reduce the generalization error / over-fitting (Bengio et al., 2017).

In our case, the availability of training data is limited since we only have access to
143 schemas (286 halves). To increase Bender’s training data, we run an experiment on
the MicroWorkers (MW) platform”, which offers a reliable solution for various fields
and research purposes (Peer et al., 2015) —Amazon Turk, which was used in Bender’s
experiments (Bender, 2015), was not available in our region.

As we have seen in Chapter 2, although multiple datasets exist, the only one close to the
original WSC__ dataset is the DPR dataset (Rahman and Ng, 2012). The main difference
between the two datasets is the absence of questions in the DPR dataset. To match Bender’s
experiment (Bender, 2015), we manually developed and added the necessary questions into
all schemas. For the sake of simplicity, in our questionnaire, we use only the first half of each
schema. Below, we will explain how we designed and ran our experiment along with our

results.

Materials: For the questionnaire design, we used LimeSurvey software from our lab
server!2. All materials used in the experiment, including the halves used, are available

online!3.

Design: We built the questionnaire and posted the link on the MicroWorkers platform (see
Figure 5.16). A large body of work has shown MicroWorkers (MW) to be a reliable and
cost-effective source for various fields and research purposes (Hirth et al., 2011; Peer et al.,

2015). Platforms like MW offer a framework that enables employers to submit individually

https://www.microworkers.com
2http://limesurvey.org
Bhttp://www.nicosisaak.info


https://www.microworkers.com
http://limesurvey.org
http://www.nicosisaak.info

122 Metrics of Hardness to Differentiate Between Winograd Instances

designed tasks to the crowd. MW has almost 1.5 million subscribed workers and offers more
than 40 million tasks. The platform offers many features which can influence the completion
time and the results. Moreover, it provides campaign creators with predefined groups of
workers from different regions that are organized according to their skills (e.g., best-rated
countries, writers, workers with certain language qualification tasks).

A total of 943 halves were included, where each half was displayed on a single screen.
Each half’s sentence was displayed at the top, followed by the question and the two possible
answers displayed alongside (see Figure 5.17). Additionally, there was a comment section
for participants to offer any comments they might have. All of the participants were informed
that they could not change a submitted answer once the survey started. Compared to Bender’s
work (Bender, 2015), our workers were not given immediate feedback (correct or incorrect)
after each trial, nor, by extension, access to their updated score.

Our questionnaire consisted of ten sections that ran independently. Each section included
100 unique halves except for the tenth, which included the last 43 halves of the dataset. Each
participant was allocated only one position, meaning that they could participate in only one
section.

Before taking the survey, each participant had to read a consent form to agree to participate.
Next, they had to select their age, English language literacy level and pass a training phase
to get familiarized with the task; immediate feedback (correct/incorrect) was given to the
participants in the training phase. Further instructions were given as a warning not to sacrifice
accuracy for speed.

To avoid problems related to cheating, we also included several test questions randomly
displayed among the other schemas. As dealing with cheating in crowdsourcing platforms is a
major challenge, test questions were used to verify if a given worker indeed holds a particular
skill (Christoforaki and Ipeirotis, 2014; Hirth et al., 2011). Via an adaptive interjection of test
questions at any time in any given place, we aimed to select the answers of really motivated
participants. In this regard, in the end, we selected only the answers of participants who
scored at least 70% on the test questions. Note that all participants were a priori informed
about the test question mechanism.

The testing phase consisted of ten WSC halves that were explicitly designed to select
the best participants’ answers in the end. According to Bender (2015), many schemas suffer
from ambiguity, meaning that it is difficult even for humans to answer them,; this is related
to the fact that the design of schemas is tricky and troublesome (Morgenstern et al., 2016).
In this regard, the testing questions were designed to show the correct pronoun-antecedent

without ambiguities. For instance, Sentence: Jane sings better than Susan because she is
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a professional. Question: Who is a professional? Answers: Jane, Susan. Correct Answer:

Jane.

Participants: The questionnaire started in April 2020 and ran for two months (from
21/4/20 23:30 to 01/06/20 23:00). According to our results, 306 adults aged 18 to 65+ (see
Figure 5.18) from English-speaking countries attempted and finished the task. In terms of
their knowledge of the English language, 8% reported that it was “very good”, 19% that it
was “good”, and 2% that it was not good. Out of 429 participants who initially attempted
the task, 115 did not finish —the participants selected at least one answer but left before
they completed the task. Furthermore, eight participants did not pass the testing phase. The
total cost of our campaign was $322. In the end, every half was answered by at least 30

participants.

Results: Based on the results, participants scored a mean accuracy of 91% (o = 0.14),
taking an average of 17.9 (o = 1.09) seconds to answer every WSC half. It can be inferred
from Figure 5.19 that our experimental results are in line with Bender’s results (Bender,
2015), meaning that the human adults can tackle the WSC with a mean of 91-92%. The
evidence we found supports Bender’s results, meaning that this could serve as a baseline for
human adult performance on the WSC.

Furthermore, our results show that the two datasets do not differ significantly. Specifically,
in Bender’s work, it was noted that the majority of the DPR dataset (Rahman and Ng, 2012)
seems to be easy Winograd schemas. On the other hand, our results do not seem to confirm
their observation. It seems that the hardness indexes of the two datasets are similar, meaning
that human adults make the same effort to solve them, albeit the majority of the recent
work in the literature believed that the DPR dataset is easier than the original WSC__ dataset
(Kocijan et al., 2020). Our results are in line with a recent work showing that humans almost
need the same effort to tackle schemas from the two challenges (96.5% for the original WSC
dataset and 95.2% for the DPR dataset) (Sakaguchi et al., 2020).

On the other hand, this does not seem to be the case for the machines, as it seems that
they can tackle the DPR dataset with bigger success with a mean of 85% compared to the
WSC267 dataset, where they scored a mean of 71% (Sakaguchi et al., 2020). Maybe this is
because the DPR challenge instead of questions includes only the definite pronouns, making
the resolution to the machines easier to resolve. On the other hand, the WSC_ dataset is more
closely to a question answering challenge that might require considerable effort for machines
to tackle.
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Task Preview | Microworkers - work & earn or offer a micro job 16/05/2021, 4:01 PM

Instructions

In this survey you are going to select the correct answer to a question.

All of the questions are written in English. Please, do not take this survey If you do not understand the
English language.

For instance:

sentence: The tiger caught the sheep because it was clever.
question: Who is clever?

answers: the tiger, the sheep

Correct Answer: the tiger

Message to MicroWorkers: This is not a difficult task, on the other hand, we consider this a very
easy task. In every question you just have to click on the correct answer. But, for safety reasons, our

Please, we do not want you to answer RANDOMLY, because, at the end, this will not get you paid.
Other researches like this will follow with big bonuses. People who will answer honestly will be called
in the next researches.

Finally, if you want, in every question, you will find a comment section where you can write us
comments.

Select the link below to start the process. Make sure that you will use your correct MICROWORKER
ID to enter it in our survey. Also, at the end of the survey, you will receive a code to paste into the
box below to receive the credit. This is a required step to validate your credentials to get paid.

Make sure to leave this window open as you develop the schema. When you are finished, you will

return to this page to paste the code into the box.

Bonus: $0.50 Bonus will be given to every worker who will honestly answer all the questions of
the survey.

Platform Link:
Click here to start/ (http://cognition-srvl.ouc.ac.cy/~nicos.isaak/surveyouc/)

Code:

Provide the Code here:

https://taskv2.microworkers.com/preview?type=task&campaignld=bfcc54fc1fa3_HG&taskld=bfcc54fc1fa3_HG_5ea041c8ac21d8_18843609 Page 10of 1

Figure 5.16 The ad we placed on the MicroWorkers platform to attract workers to answer
WSC halves of the DPR dataset.
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*sentence: Males always outnumber females at Comic Con since they generally take less interest in things that are considered nerdy.

question: Who generally take less interest in things that are considered nerdy?

0 Choose one of the following answers

Males Please enter your comment here:

females

4

Figure 5.17 Screenshot of the experiment window.

m18-25 w26-35 w36-45 =46-55 m56-65 m 65+

Figure 5.18 Distribution of reported ages.
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Figure 5.19 Questionnaire results: Distribution of scores grouped by the number of partici-
pants.

Fine-tuned Dataset: To get more data for our deep learning approach, we took the 943
schema halves of the DPR dataset (Rahman and Ng, 2012), used in our experiment, and added
them to Bender’s dataset along with their hardness indexes. To avoid having unbalanced
data between the two datasets —943 schema halves of the DPR dataset over 286 schema
halves of the original WSC dataset—, through oversampling, we increased the number of
observations of the original dataset. These were copies of the existing halves, excluding the
100 halves used for testing purposes. The whole process resulted in 1872 halves, which were

used for training and testing purposes.

5.3.5 Measuring the Hardness of WSC Halves (Experimental Evalua-
tion)

In this section, we present our results by applying the methodology described in the previous
paragraphs. We undertook several experiments to investigate if both WinoReg_RF and
WinoReg_DL could be used to automatically differentiate between Winograd halves based
on their perceived hardness for humans. We start by presenting WinoReg results based on
the Random-Forest approach and continue with the LSTM-based approach.
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Materials

Both experiments ran on a laptop computer (MacBook Pro 2018) with a 2.2 GHz 6-Core
Intel Core 17 CPU, 16GB RAM, Radeon Pro 555X GPU with 4GB of GDDRS.

WinoReg_ RF: The Random-Forest Approach

Here, by using the data from Bender’s study (Bender, 2015), we examine whether the
performance of WinoReg_RF can be predictive of the hardness of the WSC instances for
humans. The results are reported on the testing set (100 halves of the original WSC286
dataset), expressed in terms of accuracy and correlation coefficient. For comparison purposes,
the testing set is identical to the one used within the Wikisense-based approach. According
to Bender’s results, the human adult bar on the testing set is 91%.

| System | Correlation Coefficient | Accuracy |
Fixed Baseline -1 90.87
Linear-Regression Baseline 0.16 90.65
Wikisense-based 0.22 77
WinoReg_RF 0.33 91.64

Table 5.3 Results of the Fixed Baseline, the Linear-Regression Baseline, the Wikisense-based
approach, and WinoReg_RF, which was trained based on the Random-Forest approach
—accuracy is calculated based on the mean absolute percentage error (accuracy = 100 -
np.mean(mape)).

The fixed Baseline: For comparison purposes, we trained our Random Forest algorithm
with only one feature, the human adult bar of 91%. Next, like within the Wikisense-based
approach, we tested it on the first 100 WSC halves. Not surprisingly, although our results
show an accuracy of 90.87%, this is done with a negative correlation coefficient of -1,
meaning that two variables, WinoReg and adult’s results, move in opposite directions (see
Table 5.3).

The Linear-Regression Baseline: We also undertook a simple linear regression on the
features extracted on the first 100 WSC halves. According to our results, the linear regression

model achieved an accuracy of 90.65%, with a correlation coefficient of 16% (see Table 5.3).

Wikisense-based Approach: Recall that the Wikisense-based approach can return results
only for 57% of the examined halves with a correlation coefficient of 38%. Given that the

human adult bar on our testing set is 91%, for the unresolved halves, we can assume that the
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Wikisense-based approach achieves an accuracy of 77% on all of the remaining halves, with

a correlation coefficient of 22% (see Figure 5.20).

WinoReg RF: The general picture emerging from the analysis is that WinoReg_RF can
achieve an accuracy of 91.64%, significantly outperforming the Wikisense-based approach
by 14.64% in accuracy and 11% in correlation coefficient (see Figure 5.21). For a better
comparison between WinoReg_RF and the Wikisense-based approach, we compared the
two methods only on the 57 halves the Wikisense-based approach could resolve. In this
regard, the correlation coefficient of WinoReg_RF and humans rises to 47%, which is nine
percentage points bigger than what the Wikisense-based approach was able to achieve (38%).

Taken altogether, the data presented here provide evidence that the performance of
WinoReg, which is based on the random forest algorithm, varies across WSC halves in a
manner that resembles the variability of the human performance more closely than what
previous systems could achieve. This can be seen in both Figure 5.20 and Figure 5.21 that
depict how the computed hardness index and the human hardness index vary across WSC
halves. The results suggest that certain WSC halves that are easier or harder for humans are

accordingly labeled as such by WinoReg_RF.

Speed Analysis: Given that the hardness index plays an essential role in organizing future
Winograd challenges and the quality of the developed schemas, it is crucial to access the
hardness index without delays. In this regard, we performed a speed analysis to show how
fast WinoReg_RF can provide us with the hardness index of Winograd halves. Compared to
the Wikisense-based approach, which requires on average eight hours for every WSC half, it
was found that WinoReg_RF can return the hardness index of a WSC half, on average, in 1.6
minutes. This is the time needed to estimate the required features fed to the Random-Forest
model. The results ultimately show that WinoReg_RF can deliver the hardness index of

schemas 300 times faster than the Wikisense-based approach.

Feature Analysis: Here, we present the results obtained from analyzing the features used
to train our Random Forest model. Consequently, as shown in Figure 5.22, where each
element on the Y-axis presents the performance of WinoReg trained on all types of features
except for the one shown, the correlation coefficient drops whichever feature is removed.
In this regard, the results provide evidence of the importance of all feature types. The
results show that the Number-of-Words, the Discourse-Connective-Relations, the Sentence-
Type, the TextBlob-Polarity, and the Word-Relations are the essential features. Our results

are in line with previous studies, where it was shown that features like sentence length,
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Figure 5.20 Variability of WinoReg_RF and Wikisense-based hardness-index across the 57
WSC halves on which the Wikisense-based approach originally was computed in relation to
the variability of the human hardness-index. The results are sorted by the accuracy of adults,
where smaller hardness indexes show easier halves to resolve.

sentence pattern, and word relations play an essential role in both the quality of the schemas
and the tackle of the challenge (Rahman and Ng, 2012). Regarding the TextBlob-Polarity,
our results show that it is better in capturing the polarity context than the other polarity
features, which was unexpected as it is not commonly used in the literature. Regarding the
OpinionFinder, previous works have stated that this might happen because it was trained on
a completely different training set (Rahman and Ng, 2012). Contrary to our expectations,
and unlike what other studies have mentioned (Rahman and Ng, 2012), Search-Engine-based
features are not among the most valuable features. We believe that this might have happened
because of changes in the Google search algorithm, which might have led to different results.
Additionally, contrary to other works (Budukh, 2013), it seems that ConceptNet-Relations
is not among the most useful features. Maybe its similarity factor cannot easily capture the
semantics of each sentence. Lastly, it seems that the Negation-Feature is among the features
that offer the least, which might be attributed to the fact that our dependency parser could
determine if negation exists in only 41% of the tested WSC halves.
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Figure 5.21 Variability of the WinoReg_RF hardness-index and the perceived human
hardness-index across our testing set (100 WSC halves). WinoReg is trained based on
the Random-Forest approach. The results are sorted by the accuracy of adults, where smaller
hardness indexes show easier halves to resolve.
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Figure 5.22 Results of WinoReg_RF’s feature-decrement experiments. We can see the
model’s performance trained on all types of features except for the one shown in that row.
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WinoReg DL: The LSTM-based Approach

Here, we present our results by applying the LSTM-based approach described in the previous
sections. Within our experiments, we examine whether this a priori appropriateness of the
LSTM-based approach can be predictive of the hardness of the WSC halves for humans.
The results are expressed in terms of accuracy and correlation coefficient. For comparison
purposes, the testing set is identical to the one used in both the Random Forest (WinoReg_RF)
and the Wikisense-based approach.

The optimal values for hyper-parameters used, which are vital to enhancing a neural
network model (Le et al., 2017), were determined through trial-and-error. To build and train
our model, we used the Keras functional API (Frangois, 2017). We compiled our model with
the “Adamax” optimizer and the “mean_absolute_error” loss function to compute the mean
of the absolute difference between labels and predictions. In this regard, the regression loss
function represents the measure of success for the task at hand to predict the hardness-index
of any WSC half.

We started with the sequential model API, where model layers were created and added to
it. Initially, we added an embedding layer to associate vectors with words. In this regard,
we considered all the words in our dataset (input dim= 3648), with a maximum of each
half’s sentence of fifty words (output dim=50). Next, we added our LSTM layer, consisting
of eighty-seven units (neurons), and, to prevent overfitting, we used a dropout layer (0.2)
to ignore randomly selected neurons during the training process. Additionally, we used a
recurrent dropout of 0.2 to mask the connections between the recurrent units. Finally, we
added a single unit layer to reduce our LSTM network’s shape to match our desired output
—hardness score prediction.

We have also examined transfer-learning to train our model with better generalization
properties, as several transfer-learning methods significantly improved a wide range of NLP
tasks in the literature (Ruder et al., 2019). To improve the accuracy of our model, we have
tested two well-known datasets, Glove (glove.6B.50d to glove.6B.300d) (Pennington et al.,
2014) and fastText (cc.en.300.vec) (Joulin et al., 2016). We tested them by loading their
pre-training vectors into our embedding layer for obtaining vector representations for words
so that similar words would be based together, albeit without any success in our results. Given
that pre-trained embeddings have been used successfully in various NLP tasks, the reason for
this discrepancy might be the artificial structure of the Winograd instances. Specifically, due
to the WSC paucity of data, the embeddings learned in other tasks cannot be used to output

the hardness of artificially created sentences.
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Figure 5.23 Variability of the WinoReg hardness-index and the perceived human hardness-
index across our testing set (100 halves). WinoReg is trained based on the LSTM-based
approach. The results are sorted by the accuracy of adults, where smaller hardness indexes
show easier halves to resolve.

Finally, for our training and testing purposes, we split the dataset into a training and a
validation set (validation_split=0.3; train on 1310 samples, validate on 562 samples) and

tested the resulting model on the testing dataset (100 halves).

’ System \ Correlation Coefficient \ Accuracy ‘
Wikisense-based 0.22 77
WinoReg_RF 0.33 91.64
WinoReg_DL (LSTM-based) 0.39 93.27

Table 5.4 Results of the Wikisense-based hardness, and WinoReg based on both the Random-
Forest and the LSTM-based Approach.

Results: Our tests show a positive correlation between WinoReg_ DL results and the
perceived human hardness-indexes across the WSC halves (see Table 5.4). Specifically,
within the LSTM-based approach, WinoReg_DL achieved an accuracy of 93.27% with a
correlation coefficient of 39%.

Compared to the Wikisense-based approach, WinoReg_DL can achieve a higher cor-
relation coefficient of 17%. Additionally, if we compare the two systems on the 57% of
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Figure 5.24 Variability of WinoReg approaches, in relation to the perceived human hardness-
index across our testing set (100 schema halves). The results are sorted by the accuracy of
adults, where smaller hardness indexes show easier halves to resolve.

the schemas the Wikisense-based approach was able to solve, the correlation-coefficient
difference rises to 10%, in favor of WinoReg_DL (38% vs. 48%).

As shown in Table 5.4, the LSTM-based approach has an advantage over the Random-
Forest approach. Our results highlighted that WinoReg results correlate better to adult
results within the LSTM-based than the Random-Forest approach. Particularly, the former
outperforms the latter by 2% in accuracy and 6% in correlation coefficient. Additionally, the
LSTM-based approach does not require feature engineering, which offers it a compelling
advantage over the Random-Forest approach.

We also performed a speed analysis to identify how fast the Deep-Learning approach
can provide us with results. Our analysis revealed that within the LSTM-based approach,
WinoReg could return results, on average, in 1.6 msec for any given half, which means 60
thousand times faster the Random Forest and 18 million times faster the Wikisense-based
approach. This means that WinoReg_DL can return results in real-time with no further
delays.

Taken all together, the general picture emerging from the analysis is that the performance
of WinoReg_DL varies across Winograd halves in a way that resembles the variability
of the human performance more closely than what other approaches could achieve (see
Figure 5.23). In this regard, certain WSC instances that are easier or harder for humans are
respectively identified as such by WinoReg_DL. Overall, both WinoReg approaches have
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a compelling advantage over the Wikisense-based approach. Specifically, both WinoReg
approaches correlate positively with a correlation coefficient of 22%, suggesting that halves
that are easier or harder for the Random-Forest approach might also be labeled as such more
closely by the LSTM-based approach (see Figure 5.24).

5.4 Chapter Summary

In this chapter, we investigated the possibility of building systems that can output the
perceived human hardness index of Winograd instances.

We have shown how a particular existing system developed for the WSC can form
the basis for deriving a data-driven metric of hardness for WSC instances. In this regard,
experiments we undertook showed that the Wikisense-based approach could output the
hardness indexes of Winograd instances, albeit with limitations regarding the number of
instances it could be applied on. Evidence that the system’s computed hardness index is
correlated with the perceived human hardness was offered through two studies, one from the
literature and one designed as part of this work.

In the following paragraphs, we investigated the possibility of building a system that can
output the perceived human hardness index of any Winograd instance in the shortest time
possible. Our results have shown that this is possible via the training of a system based on
two approaches: the Random-Forest and the LSTM-based approach. Results have shown
that our results correlate positively with human results. In particular, results have shown
that with the Random-Forest approach, we can achieve 91.64% of accuracy with a 33%
correlation coefficient, whereas with the LSTM-based approach, 93.27% of accuracy with
a 39% correlation coefficient. Even though the results of the two approaches seem close,
the substantial benefit of the LSTM-based approach lies in the response time of the model,
which is 60 thousand times faster than the Random-Forest approach.

Researchers or challenge organizers can use our systems to group Winograd instances
regarding their perceived human hardness indexes. Moreover, our systems can be used by
WSC-based CAPTCHA services to ensure that more challenging Winograd instances would
be generated to prevent fraudulent actions.

Related-Publications



5.4 Chapter Summary 135

1. Isaak, N. and Michael, L. (2017). How the Availability of Training Material Affects
Performance in the Winograd Schema Challenge. In Proceedings of the (IICAI 2017)

3rd Workshop on Cognitive Knowledge Acquisition and Applications (Cognitum
2017).

2. Isaak, N., Michael, L.: A Data-Driven Metric of Hardness for WSC Sentences. In:Lee,
D., Steen, A., Walsh, T. (eds.) GCAI-2018. 4th Global Conference on Artificial
Intelligence. EPiC Series in Computing, vol. 55, pp. 107-120. EasyChair (2018).
https://doi.org/10.29007/398z, https://easychair.org/publications/paper/nRrp

3. Isaak, N. and Michael, L. (2020). WinoReg: A New Faster and More Accurate Metric
of Hardness for Winograd Schemas. In Danoy, G., Pang, J., and Sutcliffe, G., editors,
GCALI 2020. 6th Global Conference on Artificial Intelligence (GCAI 2020), volume
72 of EPiC Series in Computing, pages 46—58. EasyChair.

4. Isaak, N. and Michael, L. (2021). Experience and Prediction: A Metric of Hardness
for a Novel Litmus Test. Journal of Logic and Computation. exab005.







6

Designing new Winograd Instances from
Scratch

6.1 Introduction

It is well-known that the WSC is a carefully crafted pronoun resolution task, meaning the
development of schemas is a laborious job (Ortiz, C, Nuance Communications, personal
communication, February 2018). According to Morgenstern et al. (2016), the development of
schemas requires creativity and inspiration, and it is too troublesome to be done on a yearly
or biennial basis to support, for instance, competitions on the WSC or the testing of systems
that might have been trained on existing collections of Winograd schemas. To the best of our
knowledge, the availability of Winograd schemas is not sufficient. Two well-known datasets
exist that match the challenge restrictions, the original WSC_ (Levesque et al., 2012) and
the DPR dataset (Rahman and Ng, 2012), which is a relaxed version of the original WSC_
dataset.

In Chapter 5, we showed that significant correlations were obtained between the Wikisense
training set sizes and human performance. We showed that we could resolve more schemas
with larger training sets but not enough to tackle the WSC. If we want to realize flexible
commonsense reasoning, obtaining the data can also be very challenging. It seems that
the availability of more schemas might contribute to the faster solution of the problem.
Moreover, we expect that the adoption and use of WSC-based CAPTCHA s (see Chapter 4)
will also present Al researchers with the novel challenge of automating the construction of
new Winograd instances.

In either case above, an extensive collection of available Winograd schemas/halves
would seem to be a prerequisite, or at least a facilitator, for further work and progress,
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meaning that such uses of the task necessitate the availability of an extensive and presumably
continuously-replenished, collection of available Winograd instances.

Towards addressing these limitations, we propose two approaches for the development of
Winograd instances from scratch: i) via the WinoFlexi, which is a flexible online crowdsourc-
ing system, and ii) through Winventor, which is a machine-driven approach that blends the
advantages of deep learning and Natural Language Processing (NLP). Our empirical evalua-
tion of WinoFlexi’s performance suggests that it allows crowdworkers to develop Winograd
schemas of good quality similar to that of most typical existing collections. On the other
hand, given that this is a challenging task even for humans, Winventor develops a limited
number of Winograd instances (schemas/halves). We want to point out that Winventor, as
this is the first work in the field, does not purport to replace humans but to considerably help
them in the schema development task.

Below we start by presenting WinoFlexi and Winventor, followed by our analysis and
discussion of our findings. The sections below explain each of these tasks, along with the

tools and techniques we have developed.

6.2 The WinoFlexi Approach

6.2.1 Introduction

In this section, we present WinoFlexi, a flexible online collaboration system that allows mem-
bers of crowdsourcing platforms to collaborate explicitly for the development of Winograd
schemas. Currently, more skilled labor activities are carried out online via crowdsourcing
platforms. These platforms can eliminate geographic constraints and help workers pursue
work that they find valuable (Christoforaki and Ipeirotis, 2014). While crowdsourcing strate-
gies can be found throughout the centuries, no study has looked specifically at how we can
build tools that could help develop Winograd schemas, and any evidence for these kinds of
tools has been mainly anecdotal.

With WinoFlexi, we hope to bring together researchers and people from across disciplines
concerned with the acquisition and use of language data in the context of data science and
knowledge-based applications, like the WSC. WinoFlexi uses a combination of tools that
enhance the schema-development process: i) it is more cheat-proof than existing crowd-
sourcing platforms, and ii) it uses test questions that are closer to the schema-development
process that benefit non-dubious workers and ban dubious ones. Our empirical study with
workers from an existing crowdsourcing platform showed that WinoFlexi could be used for
the development of Winograd schemas that are comparable to the original dataset (WSC286),
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developed by experts. In this regard, WinoFlexi is a system able to promote the original goals
of the WSC through the development of high-quality schemas.

Below, we present a related but quite different method used to collect Winograd-like
instances from the literature. The rest section focuses on the design of appropriate crowd-
sourcing mechanisms for our particular task and the evaluation of the developed Winograd

schemas.

6.2.2 The WinoGrande Collection

Compared to our work, the closest point of comparison is the WinoGrande dataset consisting
of 44k Winograd-like examples (Sakaguchi et al., 2020). Although the WinoGrande dataset
was inspired by the original WSC design, it was adjusted to improve both the scale and
the hardness of the dataset. In this regard, the resulting schemas do not have the same
structure as the original WSC287 dataset. For instance, a WinoGrande schema is formatted
as a fill-in-the-blank problem, resolving the task more straightforward without including
questions and definite pronouns. In each schema, the blanks correspond to mentioning one
of the pronoun names in the context —e.g., 1.) Sentence: The food of Dennis is made spicy,
but Donald’s is spicier because _ is from South America., optionl: Dennis, option2: Donald.
2.) Sentence: The food of Dennis is made spicy, but Donald’s is blander because _ is from
South America., optionl: Dennis, option2: Donald.

Furthermore, in developing the WinoGrande dataset, the authors used and enhanced the
creativity of crowd workers by priming them by a randomly chosen topic as a suggestive
context of two domains, social and physical commonsense. Compared to the WinoGrande
dataset, as we will see in the following sections, WinoFlexi’s dataset consists of schemas
comprising sentences, questions, and pronoun targets. Furthermore, WinoFlexi is a fully
developed system that employs several mechanisms to train, assist, and enhance workers’

creativity of any crowdsourcing platform in developing Winograd schemas from scratch.

6.2.3 WinoFlexi’s Architecture

We continue to present our platform and its constituent modules (see Figure 6.1) and discuss
how the crowd collaborates to built schemas under WinoFlexi’s evaluation mechanisms.
Recognizing that the schema development process is tedious and troublesome, WinoFlexi is

built to act as an assistant with effective incentive mechanisms for the crowd.
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Figure 6.1 WinoFlexi’s architecture for the development of Winograd schemas. The various
parts of the architecture are marked in red rectangles and are discussed in section 6.2.3.

Registration Process

The first step for each worker is to apply as a Contributor to our platform, where they register
their credentials! (see part-1 in Figure 6.1). Workers need not be domain experts but need
to have a strong command of English to ensure that schemas have no spelling, syntactic, or

grammatical errors and comply with the schema development process.

Training Phase

To maximize the quality of the developed schemas, every Contributor has to complete a
training task (see Figure 6.2 and part-2 in Figure 6.1). During the training phase, workers
are familiarized with the development process by being asked to correctly resolve randomly
selected schemas from the original dataset (WSC300) (Levesque et al., 2012). The length of
the training phase can be increased either by the system administrator or automatically by

'http://cognition.ouc.ac.cy/mcSchemaBuilder
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WinoFlexi to ensure that the produced schemas’ quality meets expectations. In particular, if
the auto-training flag is enabled, then the length of the training phase for every new registered
Contributor is determined by how much the number of invalid schemas produced so far
exceeds the number of valid ones.

Training Session!
To complete your registration process, you have to resolve correctly 3 schemas.
0of3

First Schema Halve
Sid explained his theory to Mark but he couldn't understand

Who did not understand whom?

Sid did not understand Mark Mark did not understand Sid

Second Schema Halve

Sid explained his theory to Mark but he couldn' convince
Who did not convince whom?

Sid did not convince Mark Mark did not convince Sid

Please select the correct answers:

Figure 6.2 The Contributor’s Training Phase.

Contributors

Contributors are workers who develop schemas from scratch (see part-6 in Figure 6.1) using
the dashboard shown in Figure 6.3. When a Contributor adds a schema (a pair of halves),
WinoFlexi does some basic checks: i) It checks if each half comprises a sentence, a question,
and two pronoun targets. ii) It checks if the correct pronoun target of each half has been
selected. iii) It checks if the sentence, the question, and the two pronoun targets of each
half are related. iv) It checks if the two halves are related. Relatedness is checked using
the heuristic approach shown in Figure 6.4 applied to each of the pairs sentence-question,

sentence—ﬁrst_pronoun_target, sentence—second_pronoun_target.

Evaluators

Workers who validate schemas are called Evaluators (see part-7 in Figure 6.1). Contributors
are allowed to take on this dual role if they meet two requirements: first, the percentage of their
valid and approved (by other Evaluators) schemas among those that they have contributed that
far exceeds a certain threshold —which we have set to be 90%, corresponding to the bar for
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Menu  Help ~
Schema Development Section

Current Score: 230

First Schema Half

(]
Bonus Flag

Second Schema Half

Please select the correct answers:

Figure 6.3 The Contributor’s dashboard.

near-adult human abilities on the WSC (Bender, 2015); second, their score (which we discuss
later) is above a certain another threshold. Contributors who are also Evaluators choose the
role they interact with WinoFlexi at login time. At the beginning of the development process,
the only Evaluator is the system administrator. The evaluation process requires answering
several yes/no questions using the dashboard shown in Figure 6.5. Affirmative responses to
all but the first question are necessary to characterize a schema as valid. Additionally, the
Evaluators have access to a similarity tool to detect if the Contributors follow a pattern to
develop similarly-looking schemas. The tool acts like a leakage-detector (Christoforaki and
Ipeirotis, 2014) that queries the WinoFlexi-dataset and original WSC dataset to determine if a
newly-contributed schema is “leaked”, in that it is significantly similar to an existing schema.
Specifically, this tool calculates the similarity between the Contributor’s schema currently
under evaluation and each schema of the datasets above. If a similarity value is found to be
above a specific threshold (default is 0.60), the Contributor’s schema is marked as leaked.
Given that the usage of this tool is not a prerequisite step, the Evaluators are allowed to
change the similarity threshold to any value in the range of 1 to 100. Each approved schema
increases the Contributor’s score and each “leaked” schema decreases it, affecting whether

the Contributor will meet the requirements to become an Evaluator.

Quality-Assurance Measures

Here, we will present additional mechanisms that are used to ensure the quality of the
developed schemas. We start with Test-Questions that many crowdsourcing platforms use as
an assessment method, offering their certification mechanisms to verify that a given worker
indeed holds a particular skill (Christoforaki and Ipeirotis, 2014; Hirth et al., 2011). Previous
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partl=The cat caugh the mouse because it was clever.
part2=Who was clever?

@ Are the following parts related?

FUNCTION heuristic_relations (partl, part2)

partl= The cat caught the mouse because it was clever.

part2= Who was the clever?

# 1) remove the punctuation marks

partl= The cat caught the mouse because it was clever

part2= Who was the clever

#2) remove the stop-words

partl= cat caught mouse clever.

part2= clever

#3) word lemmatization

yes, they have common words (clever)

partl= cat, catch, mouse, clever
part2= clever
common words= clever

#4) output common_words

< return common_words )

Figure 6.4 Heuristic relations to eliminated problems with schema cohesion.
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Schema Validation
0of3
Username: administrator id:
42
DB: CBPmicro
First Schema Half

Erica called Jennifer on the phone because she was not responding to email.
4

Who was not responding to email?
Jennifer Erica
Second Schema Half

Erica called Jennifer on the phone because she was not able to email.
2

Who was not able to email?

Jennifer Erica

Questions for Validation:
Are the two answers too obvious?
yes

Are the answers noun phrases?

no

>

re both answers singular or plural?

no

o

0 both answers have the same Gender?

no

s the correct answer of the first schema-half different than the correct answer of the second schema-half?

no

s the difference between the two halves a special-word, or a smallphrase?

no

H

ould you rate it as a unique schema (of high quality)?

no

This is a very good example! Please, keep up the good work!
4

Figure 6.5 The Evaluator’s dashboard.
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works indicate that more interactive studies may motivate participants to read instructions
more carefully, leading to better compliance (Peer et al., 2015). Our approach is based on the
adaptive interjection of test questions and on rewarding the worker with a positive score for
successfully resolving them (see part-5 in Figure 6.1). WinoFlexi can be enabled to display
test questions as often as necessary to both Contributors and Evaluators; this can be manually
handled by the system administrator or automatically controlled by the system. By default, a
test question has a 10% probability of being displayed after every login. If the auto-testing
flag is enabled, this probability is adjusted in a manner analogous to how the length of the
training phase is adjusted. Test questions are selected from the WinoFlexi-dataset (validated
contributed schemas) and the original WSC dataset (WSC300), meaning that both collections
include schemas that strictly follow the WSC rules. Correct/wrong answers to test questions
increase/decrease a worker’s score.

We continue with the Ban-Score mechanism. Online certification of skills is still problem-
atic since dealing with cheating is a major challenge. To that end, the ban-score mechanism
automatically bans workers who have a sufficiently low score (see part-3 in Figure 6.1), with
the threshold identified empirically.

Furthermore, to prevent workers from entering a large number of potentially invalid
schemas, WinoFlexi uses the UnValidated mechanism. This mechanism limits the number
of schemas each worker can develop before they undergo the validation process (see part-4
in Figure 6.1).

Finally, WinoFlexi leverages the Schema-Hardness mechanism (see Chapter 5) to gen-
erate feedback to the Contributors (see part-8 in Figure 6.1). Towards this goal, we follow
a single-step approach for labeling schemas with a hardness score which indirectly shows
if a schema is considered hard to answer by a machine; Winograd schemas are accordingly
labeled as such by the computed hardness index. The hardness index is presented to the
Contributors and the Evaluators. If the majority of a Contributor’s schemas are easy, then our

system prompts them to develop schemas that are harder to answer.

Payments and Rewards

Payments and rewards refer to compensations used to motivate both Contributors and Evalu-
ators to ensure the quality of the developed schemas. We start with the Payment-Procedure.
Most of the micro-tasks on the crowdsourcing platforms are priced individually, and workers
are paid a base rate multiplied by the number of correctly completed tasks. Whatever their
motives are, workers want to earn money and seek out tasks to maximize their expected
earnings. To make sure that only the workers who developed schemas are going to get paid,

we enhanced WinoFlexi with a payment verification plug-in, controlled by the system’s
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Administrator (see part-9 in Figure 6.1). Upon each schema development (or validation),
Contributors and Evaluators are prompted with a notification message and a code, automati-
cally generated and inserted into our database. Each worker has to provide the same code on
their crowdsourcing platform to receive the actual payment.

Regarding rewards, we know that workers recruited through crowdsourcing platforms
must receive a small fixed payment for participating in the experiment and/or a bonus for
high-quality results (Hirth et al., 2011). Past work has shown that the quality of work
produced in a crowdsourcing working session can be influenced by the presence of financial
incentives, such as bonuses. WinoFlexi adopts this philosophy and rewards Contributors

based on “relative performance”, namely only the worker that performs best receives rewards.

6.2.4 Experimental Design and Results

In recent years, a growing number of researchers have been using well-known crowdsourcing
platforms (Peer et al., 2015). As we have seen in Chapter 5, a large body of work has
shown MicroWorkers (MW) to be a reliable and cost-effective source for various fields and
research purposes (Hirth et al., 2011; Peer et al., 2015). To attract the worker’s attention, we
used a simplified title (Develop Groups of Sentences, Questions & Answers that Meet Certain
Criteria) and promoted it on the MW platform (see Figure 6.6). To attract workers, we
advertised our campaign as a S-minute task for the development of each schema. With every
login, each worker was allowed to develop one schema. Workers were allowed to participate
as many times as they wanted, and they were getting paid per schema. Furthermore, workers
were given instructions explaining the task directing them to develop schemas without
sacrificing accuracy. It was made clear that the development of invalid schemas might ban
them from the system.

The halves of a Winograd schema cannot be solvable by either selectional restrictions or
word associations. Although these are not obvious concepts, we avoided giving our workers
such guidance to avoid putting a high cognitive load on the crowd and led them to enjoy
the whole process. Instead, we decided to guide the whole process through WinoFlexis’
mechanisms. One could argue that the obvious process for some people is not obvious
for others as this is directly related to their personal biases and culture. For instance, in
developing the WinoGrande dataset (Sakaguchi et al., 2020), even though the workers were
advised to avoid creating schemes with instance-level biases like word association, results
showed that the constructed dataset still had dataset-specific biases, meaning that it is not
something one could entirely avoid.

We promoted WinoFlexi only under the Hired-Section of English Speaking Countries
+ En, meaning that only members of that group were able to participate. Our selected
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workers have both English proficiency and admission tests passed. For our task, we offered
compensation of $1.00 for each developed schema or the validation of three schemas in a
row. We also advertised a bonus for quality developed schemas.

The experiments ran for one week and yielded more than 165 schemas (see Table 6.1),
from 50 workers aged 18 to 65. From the developed schemas, 135 (81%) were valid, and 30
invalid. The highest score of a worker was 250 points, and the lowest was -70 (see Figure
6.7); the Contributor with the lowest score was automatically banned by WinoFlexi. The
majority of the workers had a non-negative score. The top three workers had a score of at
least 170, which well-exceeded the second condition for qualifying as an Evaluator. The
total cost of our campaign was $258.00. The Contributors were paid $165.00 for the schema
development process, with an additional $63.00 given as bonuses. On the other hand, $30.00
was paid to Evaluators for the schema evaluation process.

Our experimental evaluation shows that WinoFlexi supports the development of valid
schemas, costing approximately $1.91 per schema. Considering the challenge difficulties, we
believe that this is a fair cost. The mean response time across all workers was 1.48 minutes
(after training), and the average time for the best worker was 1.66 minutes. Given that, with
every login, each worker was allowed to develop one schema, many workers seem to have
pre-developed their schemas so that it would not have taken them enough time on WinoFlexi.
That said, the workers reported timings should be taken with a grain of salt. Sixty percent of
the bonuses were offered to the top five workers. We believe that our adopted approach leads
to more bonus opportunities for workers who submit good quality schemas.

Evaluators were not observed to show a preference for the evaluation process over
the schema design process. Although the evaluation process seems more straightforward,
workers might have preferred the schema design process for the following reasons: i) they
were more familiar with the schema design process than the evaluation process; ii) through
the schema design process, they were eligible for rewards, such as cash bonuses; iii) they did
not want to leave other Contributors unpaid or lower their score.

The general picture emerging from the analysis above is that WinoFlexi is a platform
where workers can collaborate for the schema development process. However, considering
this approach, there is a key question that we have not addressed yet: How does the quality
of the developed schemas compare to that of schemas developed by experts? To answer this

question, we undertook a quantitative and qualitative analysis.

Quantitative Analysis

Here, we test the quality of WinoFlexi’s schemas and compare them with the quality of those

developed by experts. Initially, we test if existing coreference resolution systems can tackle
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Task Preview | Microworkers - work & earn or offer a micro job

Instructions

This is an online system where Workers can register (contribute) to add schemas. Each schema constists of two groups of
sentences, questions and answers (the two groups are called as halves). The difference between the two halves is a
special word (or small phrase), which when replaced, the correct answer also changes.

The following is an example of a schema where the answer of the first halve is the cat and the answer of the second halve
is the mouse. As you can see, the two sentences are almost identical. The only difference is the special word
clever/careless that helps to change the correct answer of each halve. Futhermore, both halves have the same pair of
answers. Also, the answers have the same gender and the same number (both are plural or singular).

First Halve: Second Halve:

Sentence: The cat caught the mouse because it was clever.  Sentence: The cat caught the mouse because it was careless.
Question: Who was clever? Question: Who was careless?

Answers: The cat, The mouse Answers: The cat, The mouse

+ Each Worker is required to add a single schema and can participate as many times as he wants. Also, for each

schema you will reveive a score (positive, if the schema you entered was valid, and negative if it was not valid).

Among others, the score may allow you to become an Evaluator of schemas (instead of having to enter a single

schema you will also have the right to evaluate schemas for the same price).

On our platform you will find more examples in the help section about the schema development

process. PLEASE MAKE SURE THAT YOU WILL NOT USE THESE EXAMPLES TO DEVELOP NEW SCHEMAS WITH

SMALL DIFFERENCES. These are only EXAMPLES that would help you to understand the development process.

» [f you develop non valid schemas just to get paid you will receive a negative score that will not allow you to continue.

* Also, workers who develop hard or unique schemas (e.g., schemas that are harder to solve) will receive a bonus.
Again, you can find a few examples in the help section.

Select the link below to start the development process. Make sure that you will use your correct MICROWORKER id and
username to log in to our platform. This is required to validate your credentials to get paid.

At the end of the development of each schema, you will receive a code to paste into the box below to receive the
credit.

Make sure to leave this window open as you develop the schema. When you are finished, you will return to this page to
paste the code into the box.

BONUS:
| will give Bonus for good schemas.

Platform Link:
Click here to start/ (http://cognitien-srvl.ouc.ac.cy/~nicos.isaak/mcSchemaBuilder/)

Code:

Provide the Code here:

https:/ftaskv2.microworkers.com/preview?type=task&campaignld...d34008c55¢c_HG&taskld=91d34008cb5c_HG_5cead72404c396_27372140 Page 10of 1

Figure 6.6 The ad we placed on the MicroWorkers platform to attract workers.
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Figure 6.7 Workers score for the schema development process.
Schema Sentences Questions Pronoun Targets
| Erica called Jennifer on the phone because she was not responding to email. ‘ Who was not responding to email? Jennifer
Erica called Jennifer on the phone because she was not able to email. \ Who was not able to email? Erica
) [ If Rachel listened to Mrs. Sheila, she would have given her full marks. | Who would give full marks? [ Mrs. Sheila |
\ Had not Rachel ignored Mrs. Sheila, she would have got full marks. | Who would have got full marks? | Rachel |
3 The martial artist defended himself from the drug dealer because he was violent. | Who was violent? | The drug dealer |
‘ The martial artist defended himself from the drug dealer because he was under attack. ‘ Who was under attack? ‘ The martial artist ‘
4 ‘ George will congratulate Steve if he deserves it. ‘ If who deserves it? ‘ Steve ‘
\ George will congratulate Steve if he sees him. \ If who sees him? \ George |
5 [ Chris helped Joe lift the bed because needed a favour. [ Who needed a favour? [ Chris |
\ Chris helped Joe lift the bed because he owed him a favour. | Who was owed the favour? | Joe |

Table 6.1 Snapshot of the Contributors’ developed schemas on WinoFlexi.
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Original Dataset WinoFLexi Dataset

Hardness Index
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Figure 6.8 Hardness index variability across 57 halves of the original-dataset and 57 halves
of the WinoFlexi-dataset. Each group is sorted based on the hardness index.

WinoFlexi’s schemas in the same regard as the original WSC dataset’s schemas. Then, we
compare the hardness and the structure of WinoFLexi’s schemas to that of the original WSC
dataset.

Our baselines are three coreference resolution systems that were used in previous
chapters, namely the Stanford CoreNLP system, Wikisense, and Knowledge Parser (K-
Parser) (Sharma et al., 2015). Showing a positive correlation between the three systems’
performance on the original and the WinoFlexi dataset would offer evidence that WinoFlexi
can be used to develop schemas of good quality. We randomly selected 50 schemas (100
halves) from each dataset (see Table 6.2). On the original-dataset, Stanford CoreNLP
correctly resolves 37% halves, incorrectly resolves 39% of them, and does not make any
decision on the remaining 23%. On the WinoFlexi-dataset, it correctly resolves 44% halves,
incorrectly resolves 44% of them, and does not make any decision on the remaining 12%.
Wikisense correctly resolves 59% halves of the original-dataset, incorrectly resolves 31%
of them, and does not make any decision on the remaining 9%. On the WinoFlexi-dataset,
it correctly resolves 56% halves and incorrectly resolves 44%. K-Parser correctly resolves
38% halves of the original-dataset, incorrectly resolves 36%, and does not make any decision
on the remaining 26%. On the other hand, on the WinoFlexi-library, it correctly resolves
37% halves, incorrectly resolves 37% of them, and does not make any decision on the
remaining 26%. Comparing the results shows that the three systems’ performance on the

WinoFlexi-dataset is analogous to their performance on the original-dataset. According
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Original-dataset WinoFlexi-dataset
Correct \ Wrong \ Unresolved | Correct \ Wrong \ Unresolved
Stanford CoreNLP | 0.37 0.39 0.23 0.44 0.44 0.12
Wikisense 0.59 0.31 0.09 0.56 0.44 0
K-Parser 0.38 0.36 0.26 0.37 0.37 0.26

Table 6.2 Results of Stanford CoreNLP, K-Parser, and Wikisense on the original dataset and
the WinoFlexi dataset.

to our results, the two datasets have correlation coefficients of 0.925 (Stanford CoreNLP),
0.987 (Wikisense), and 0.995 (K-Parser), respectively. The results provide evidence that our
developed schemas are of the same or similar quality as the original dataset schemas.
Regarding the Hardness-Metric experiment, we randomly selected 57 halves of the
WinoFlexi-dataset and compared their hardness index to that of 57 halves of the original-
dataset taken from our previous work in Chapter 5. Figure 6.8 shows in more detail how
the computed hardness index varies across halves, suggesting that, indeed, the two sets have
comparable average hardness indices and analogous variability in their hardness indices. The
general picture emerging from the analysis shows that although our workers were not initially
familiar with the schema development process, through WinoFlexi’s mechanisms, they were
trained to design schemas of good quality. Furthermore, the data presented here provide
evidence that the WinoFlexi schemas avoid Levesque et al. (2012) pitfalls, meaning that the
schemas’ questions are neither too obvious, nor are their answers not obvious enough.
Regarding the Schema-Structure, we compared the structure of all the crowd-generated
schemas (WinoFlexi dataset) to that of all the expert-generated schemas (original dataset) as
a way to determine if using crowdworkers sacrifices quality in exchange for scalability. For
this experiment, we used the Sentence-Structure Identifier (see Chapter 5) to identify each
developed half’s sentence type and pattern. The results showed that 9% of the crowd-schemas
are based on simple sentences, 8% on compound sentences, and 83% on complex sentences
(see Figure 6.9). On the other hand, 41% of the expert-schemas are based on simple sentences,
14% on compound sentences, and 45% on complex sentences. Most of the developed schemas
(both expert and crowd) are based on complex sentences. The expert-schemas that were
designed with complex sentences had 30% “Cause/Effect”, 8% “Comparison/Contrast”, 1%
“Place/Manner”, 4% “Possibility/Condition”, 18% “Relation”, and 39% “Time” relationships.
On the other hand, the crowd-schemas had 52% “Cause/Effect”, 1% “Comparison/Contrast”,
2% “Possibility/Condition”, 1% “Relation”, and 44% “Time” relationships. The results
provide evidence that with WinoFlexi’s help, the crowd was able to develop quality schemas

based on a variety of sentence patterns, similar to the expert-developed schemas. The results
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Figure 6.9 WinoFlexi’s Dataset Sentences-Types.

point to a positive income of having an extended typology of this kind to instruct WinoFlexi’s
contributors to develop schemas of diverse types, which would also enable the qualitative
analysis of the generated schemas. Additionally, the fact that crowd-schemas are not based
on simple sentences, like the expert-schemas are (41%), might show that the crowd did not
sacrifice quality in exchange for scalability. Another reason might be that complex sentences
have a syntactic structure that is easier to indicate and use as a “skeleton” for WSC schema
creation than simple sentences where a skeleton is not easily detectable. Still, considering
the challenge difficulties, it seems that WinoFlexi can motivate and inspire researchers for

the faster development of new schemas.

Qualitative Analysis

Based on the valid developed schemas and taking into account comments received from
Contributors, we present below a qualitative analysis of WinoFlexi’s outputs. We begin with
observations we obtained regarding the evaluation procedure and continue with comments
we received and relate to factors like inspiration, creativity, enjoyment, and curiosity of
WinoFlexi’s workers.

Certain WinoFLexi’s outputs suggest that the schema evaluation process might need to
be optimized, and more than one Evaluator might need to evaluate schemas. For instance,
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the following was mistakenly considered as a valid schema: 1.) Sentence: Karen loved
going to salons to get her nails done. They always looked so nicely decorated. Question:
What looked nicely decorated? Answers: The Salons, The Nails. 2.) Sentence: Karen loved
going to salons to get her nails done. They always looked so nicely manicured. Question:
What looked nicely manicured? Answers: The Salons, The Nails. This schema cannot be
considered valid because the second half is resolvable with selectional restrictions; salons
cannot be manicured.

One of the problems in the schema development process is the lack of inspiration and
creativity. It seems that the collective intelligence of the crowd can eliminate those factors.
For instance, the workers developed schemas which are based on a variety of subjects, like
cartoon heroes (e.g., spiderman, hulk), animals (hyenas, rabbits, dogs, zebras), hospitals (e.g.,
psychiatrists, medications), people in general (boolies, fights, burglars, homework, schools),
things (cards, drains, golf). The following schema is a great example of a scene between
Spiderman and Hulk: 1.) Sentence: Spiderman spun his web around the Hulk because he was
falling. Question: Who was falling? Answers: Hulk, Spiderman. 2.) Sentence: Spiderman
spun his web around the Hulk because he was annoyed. Question: Who was annoyed?
Answers: Hulk, Spiderman.

Finally, it seems that certain workers were motivated by an intrinsic incentive such as
enjoyment and curiosity for new knowledge and not only from potential rewards (Elmalech
et al., 2016). More broadly, the following comments motivated us to continue the building of
WinoFlexi:

* Contributor Comments (username: MemberOxx): ... “I am terribly sorry, on my most
recent schema I accidentally selected the wrong option. The schema is about putting
a shirt in the dryer. I hope it is something you can fix. Thank you for your time and
allowing a platform to develop these schemas, I very much enjoy trying to figure out

new ways to create a valid schema...”

* Contributor Comments (username: Member1xxxxx): ... “Hey I noticed your company
paid me for my clickworker submissions but I did them incorrectly accidentally and

have endeavoured to submit correct Schemas since that time - Just a heads up!...”

e Evaluator Comments (username: Member_7XXXXXXxX): ... “Your schema answers are

too obvious, the second part of the sentence adds nothing to the schema...”
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6.2.5 Expert Analysis

Acknowledging that the crowd evaluation process is primarily subjective based on the
information provided regarding WinoFlexi’s evaluation factors, we present a more detailed
analysis of the collected schemas after sending and receiving feedback from an expert in the
field (Davis, 2021).

The results showed that the number of valid schemas was significantly smaller than our
analysis. Specifically, although 83 schemas were found to be valid, overall, a handful of
them compares favorably in terms of quality to that of WinoGrande (Sakaguchi et al., 2020)
—for instance, “Sentence: Kevin paid/invoiced George for the job he did. Question: Who did
the job? Answers: George, Kevin” and “Sentence: Ronnie pushed past Bart because he was
in the way/a hurry. Question: Who was in the way/hurry? Answers: Bart, Ronnie”.

Regarding the structure of the valid schemas, 60 of them seem to follow a pretty fixed
form “something about X and Y because he/she/it is Q” where Q is generally an adjective,
occasionally a participle or prepositional phrase, though there is nothing wrong with that as
WSC273 contains versions of this.

According to the feedback received, in the following paragraphs, we provide a thorough
analysis of why a number of valid schemas should have been considered invalid in the first

place.

Ambiguous Schemas

Seventeen schemas consist of at least one ambiguous half, where the two possible pronoun
targets are more or less equally likely to be the referent of the definite pronoun. For example,
in the schema “Sentence: Callum tripped Joe because he was angry/clumsy. Question: Who
was angry? Answers: Callum, Joe” the half with the special word “clumsy” is ambiguous,
meaning that the definite pronoun can refer to both pronoun targets. For another, in the
schema “‘Sentence: Charlie called Ed because he was smart/less intellectually inclined.
Question: Who was smart/less intellectually inclined? Answers: Ed, Charlie”, in each half,

the definite pronoun can refer to both pronoun targets.

Schemas without Pronouns

Ten schemas consist of at least one half that has no pronoun. For instance, we can see the
lack of pronouns in the half “Sentence: Emily needed Peggy to help with the assignment so

everyone contributed. Question: Who needed to contribute? Answers: Peggy, Emily”.
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Schemas Resolved by Selectional Restrictions

Four additional schemas were identified to have at least one half that can be resolved by
selectional restrictions or considerations of frequency. For example, in the following schema,
“Sentence: I hung the painting in the living room in order to display/decorate it. Question: To
display what? Answers: painting, the living room” the pronoun target “paintings” cannot be
decorated. Another example is the schema “Sentence: The bull charged the dog because it

was angry/barking. Question: Who was angry? Answers: Bull, Dog”, because the “bulls

cannot bark.

Difficult to Understand Schemas

Five schemas were found to have at least one half that is hard to understand with either
resolution of the pronoun. For instance, in the schema “Sentence: Carol chose to play against
Laura because she was slow/fast. Question: Who was slow/fast? Answers: Laura, Carol” the
second half (with the special word “fast”) is hard to distinguish whether it refers to Laura or
Carol. Another example is the schema “Sentence: Erica explained to Sue that she did not
have any fun at the party/that she was one of her closest friends. Question: Who did not have
any fun/was one of her closest friends? Answers: Erica, Sue”, where the second half was
found difficult to understand.

Similarly, four additional schemas were classified as too confusing to determine the best
pronoun target of each half, meaning that the same actual answer could be given to both
halves. For instance, in the schema “Sentence: Erica assisted Jennifer with her homework
because she wanted/needed help. Question: Who wanted/needed help? Answers: Jennifer,

Erica” the two pronoun targets are equally expected to be the referent of the definite pronoun.

Repetitive Schemas

Three schemas seemed to be repetitions with trivial changes though this does not disqualify

their validness:

e “Sentence: The cat tried to catch the mouse, but it was too slow/fast. Question: Who

was slow/fast? Answers: The cat, The mouse”.

» “Sentence: The spider caught the fly because it was determined/lazy. Question: Who

was determined/lazy Answers: The spider, The fly”.

* “Sentence: The Spider caught the Fly because it was sneaky/distracted. Question:
Who was sneaky/distracted Answers: The spider, The fly”.
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Schemas written with Incorrect English

Two schemas were found to be written in incorrect English. For instance, the schema
“Sentence: Jeff borrowed his instruction booklet to John because he was helpful/confused.
Question: Who was helpful/confused? Answers: Jeff, John”, and the schema “Sentence:
The car crashed into the tree because it was in the way/reckless. Question: Who was in the

way/reckless? Answers: The tree, The car”.

Syntactically Resolvable Schemas

Two schemas were characterized as easy to disambiguate by using syntactic considerations.
For instance, in the schema “Sentence: Whilst running past a trash can John kicked it over,
the next day Andrew cleaned it up/ignored the mess. Question: Who kicked over/ignored the
trash can? Answers: John, Andrew” both halves can be syntactically resolved as the answers

are clearly stated in each sentence.

Gender Resolvable Schemas

Finally, a schema was found easy to disambiguate just by checking the gender agreement of
each pronoun target with the definite pronoun. For instance, the schema “The jockey liked
the horse because it ran fast/he made it run fast. Question: Who was fast? Answers: horse,
jockey” can be easily resolved because in the first half, the definite pronoun “it” can only

refer to the “horse” whereas in the second half, “he” can only refer to “jockey”.

Final Thoughts

Concerning the feedback received, most of the remarks can be addressed, as WinoFlexi’s
mechanisms can easily be modified to enhance the schema development process.

In our defense, ambiguous and difficult-to-understand schemas relate to the ambiguity
of language, which is not easy to address. People think in mental models using visual or
auditory images and use language to communicate ideas, meaning that words and thoughts
cannot be the same (Pinker, 2005). In principle, even sentences with slight differences
have different meanings that each worker might interpret differently, directly relating to the
difficulty of the challenge itself.

Regarding the problem of gender and syntactically resolvable schemas, this might be
addressed by increasing our workers’ training and testing period. Concerning the development
of schemas without definite pronouns, we can update WinoFlexi’s mechanism to include
additional tests to identify and notify workers if a definite pronoun was not included in the

designed schemas.
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Consequently, to address the problem with the development of schemas with incorrect
language, we can request workers who have better knowledge of the English language. In
this regard, a better qualification task from the Microworkers platform or by WinoFlexi’s
mechanisms might reduce the problem.

6.2.6 Discussion

After presenting our work and given that, we began our discussion by introducing the
WinoGrande dataset (Sakaguchi et al., 2020), below, we present the key differences between
the two datasets and methodologies used. Firstly, given that WinoFlexi is a complete system
that can be used independently or connected to crowdsourcing platforms, via WinoFlexi’s
mechanisms, the MW workers not only completed a training task that familiarized them with
the process but were continuously evaluated based on test questions displayed during the
schema development process. Compared to the WinoGrande dataset, where workers wrote
pairs of sentences using anchor words, the WinoFlexi schemas were created by workers
based on controlled mechanisms that led them to design quality schemas consisting of pairs
of sentences and questions. For instance, compare the following WinoGrande schema /.)
Sentence: lan volunteered to eat Dennis’s menudo after already having a bowl because _
despised eating intestine., optionl: lan, option2: Dennis 2.) Sentence: lan volunteered
to eat Dennis’s menudo after already having a bowl because _ enjoyed eating intestine.,
optionl: lan, option2: Dennis to WinoFlexi’s results Sentence: Erica called Jennifer on the
phone because she was not responding to email/not able to email., Question: Who was not
responding to email/not able to email? Answers: Jennifer, Erica. Secondly, in WinoGrande,
the authors enhanced the creativity of their workers by priming them by a randomly chosen
topic as a suggestive context. However, in WinoFlexi, the whole procedure was controlled by
various mechanisms, like the ban-score, rewards, and the schema hardness, which enhanced
workers’ inspiration, creativity, enjoyment, and curiosity. Thirdly, compared to WinoGrande,
where workers were advised to keep twin sentence length between 15 and 30 words while
maintaining at least 70% word overlap between a pair of twins, in WinoFlexi, this was
automatically controlled by the system similarity and lemmatization mechanisms. Fourthly,
in comparison with WinoFlexi, where workers were allowed to develop schemas of various
domains, in WinoGrande, workers were advised to design schemas of two domains: (i) social
commonsense, which involves two same-gender people with contrasting attributes, and (ii)
physical commonsense, which involves physical objects with contrasting properties. Finally,
compared to WinoFlexi, which characterizes workers with two distinct roles to ensure that

the developed schemas follow the WSC rules, with WinoGrande, the authors validated each
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collected schema through a specific set of three crowd workers —to ensure that humans

could easily infer pronoun referents in these sentences.

6.3 The Winventor Approach

6.3.1 Introduction

In this section, we present Winventor, a system able to promote the original goals of the WSC
through the development of Winograd instances (schemas/halves). Winventor is a machine-
driven approach that tries to automate the schema development process to considerably help
humans in the development task. It combines NLP and deep learning into a flexible system
able to produce new Winograd instances, which could be used to enhance the creativity and
motivation of human experts for the development of schemas. In this regard, Winventor can
facilitate the continuous development of Winograd schemas. To the best of our knowledge,
this is the first published work to report results on the feasibility of this approach.
Winventor’s architecture is based on three major approaches: NLP, deep learning, and
a blended approach. In each case, we undertake several experiments regarding the a priori
appropriateness of our system as a schema development mechanism. Our empirical evaluation
suggests that the blended approach, which combines deep learning and NLP, can provide us
with more schemas than the other two approaches. The design of appropriate systems for our
particular task and the evaluation of the developed Winograd instances is the focus of the rest

of this section.

6.3.2 Winventor’s High-level Architecture

We begin with a high-level overview of Winventor by presenting how the engine works (see
Figure 6.10). If Winventor cannot develop a Winograd schema, it only generates a Winograd
half that consists of a sentence, a definite pronoun, a question that indirectly points to the
definite pronoun, and the two pronoun targets. Schemas that do not obey all constraints are
known as “Winograd Schemas in the broad sense” (Levesque et al., 2012). In this regard, we
developed Winventor to work in two different modes: strict or relaxed. With the strict mode
enabled, Winventor develops schemas that strictly follow the WSC rules, whereas, with the
relaxed mode, it may also develop schemas where the pronoun targets do not have to share
the same gender.

At first, Winventor loads an English sentence to evaluate if it can develop a schema.
Winventor utilizes the sentence to output the definite pronoun and the two pronoun targets
with one of the three specified approaches: NLP, deep learning, and the blended approach (see
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BlackBox in Figure 6.10). If this is not possible, the current sentence is rejected. Otherwise:
1) it proceeds with the question development, using a tool from the literature; ii) it constructs
the first half by placing together the sentence, the question, and the two pronoun targets; iii)
it finds the special word in the first sentence, generates the question, and develops the second

half. More details on this procedure are given next.

Source of Sentences

To develop schemas automatically, it is necessary to have access to a source of sentences.
Winventor can use any source, local or online, which can provide a bulk amount of English
sentences. In its current version, Winventor is built on an extensible framework that allows
access to a broad collection of nearly 88 million sentences from the English Wikipedia (see
Wikipedia corpus in Chapter 3).

Question Generator

One of the most challenging parts of the WSC is to come up with appropriate questions.
The question generation task is a very challenging process that dates back to 1976 (Wolfe,
1976). According to Levesque et al. (2012), while doing so, we must avoid two major pitfalls.
The first pitfall concerns questions whose answers are, in a certain sense, too obvious. The
second and more troubling pitfall concerns questions whose answers are not obvious enough.

To tackle this, Winventor uses the Heilman and Smith (2009) question generatorz, a
system able to generate questions based on a given piece of text. This question generator is
freely available, easily customizable, and, at the same time, able to generate questions with a
ranking strategy. Specifically, Winventor uses the question generator with the “—keep-pro
and —just-wh” flags enabled. Keep-pro keeps questions with unresolved pronouns, and
Just-wh excludes boolean questions from the output. Next, it selects the pronoun targets
related to the pronoun given as the answer to the best question. By way of illustration, in
the following example, “The cat caught the mouse because it was clever”, Winventor, via
Heilman and Smith’s question generator returns the following questions: i) “What caught
the mouse because it was clever, the cat, 2.32”’; ii) “What did the cat catch because it was
clever?, null,2.23”; iii) “What was clever?, it, 0.97”. In the end, Winventor selects the third
question, as it is the only one that has as an answer the definite pronoun iz.

http://www.cs.cmu.edu/~ark/mheilman/questions/
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Figure 6.10 Winventor’s high-level architecture: A system that automates the schema devel-
opment process.
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Developing the Winograd Half

The next step for Winventor is the development of Winograd halves, meaning, pairs of
sentences, questions, and pronoun targets. For each sentence and depending on the approach
used, Winventor might construct several halves, the number of which relates to the question
generator results and the possible pronoun-target pairs. In this regard, for each valid pronoun-
target pair, Winventor develops several halves, reordered by their significance (see first-half

development in Figure 6.10).

Developing the Winograd Schema

Winventor develops schemas by considering that they are constructed so that there is a special
word in each sentence, which, when replaced by another word, the answer also changes
(Morgenstern et al., 2016). Hence, for every Winograd half, it considers the following: 1) it
parses the question to identify the special word, which is a verb/adjective that participates in
the questions’ triple relation (e.g., the word clever from the question “Who was clever”); ii)
it returns the antonym of the special word, found in the previous step (e.g., from “clever” to
“stupid”), and iii) it modifies the returned word, in the question and the sentence, to match
the tense of the second half (see second-half development in Figure 6.10). Regarding the
triples, these are semantic scenes of the type subject, verb, object that are created through
the sentence/question’s subjects and objects (see Chapter 3). For instance, the triples [cat,
caught, mouse] and [who, was, clever], which were used for the development of the schema
in Figure 6.10, were created from the parser’s nsubj and dobj relations (abbreviations of
“nominal-subject” and “direct-object”). Obviously, one could make the sentences sound
more natural-sounding by taking into account work in progress in the Natural Language
Generation (NLG) field (Gatt and Krahmer, 2018).

Below, we will show how Winventor analyzes Wikipedia sentences to select the definite
pronoun and the pronoun targets, based on three approaches. In the first part, we will discuss
how the engine handles its semantics to develop schemas with various NLP tools, and in the
second part, we will show how deep learning comes into play. In the third part, we will show
how the blending of the two approaches can be used to enhance the schema development

process.

6.3.3 The NLP Approach

Winventor uses various NLP tools to determine, in a way, the meaning of each sentence
(Chowdhury, 2003). This approach helps select the definite pronoun and the pronoun targets
based on the semantic analysis of a given piece of text. For instance, via various NLP tools,
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Figure 6.11 A schema development process by Winventor using various NLP tools. The NLP
section ends just before the question generator comes into play (see question-generator in
Figure 6.10).

Winventor will acquire sentences with good structure to select pronoun targets that agree in
gender, number and participate in relations with other words. In the sequel, we will introduce
the NLP components of Winventor by presenting how it generates Winograd instances from
scratch (see Figure 6.11).

Spelling Correction

It is well-known that sentences found from online sources, like Wikipedia, might suffer
from abbreviations, spelling errors, and misspellings of words. For instance, it was found
that the percentage of misspellings of words on Wikipedia, relative to content, consistently
increases year after year (Stacey, 2011). To avoid these kinds of problems, Winventor makes
use of two tools from the literature. The first is the Google language-detection’ library,
which helps Winventor acquire only English sentences. The second is a download version of

3https://pypi.org/project/langdetect/
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After-the-Deadline* language-checker, which automatically corrects spelling and grammar
errors. Tools like After-the-Deadline offer efficient and effective ways of enhancing grammar

accuracy and learning (Mudge, 2010).

Word Relations

With the term word-relations, we refer to semantic relations that can be concluded from a
given text. While this task, which is necessary for developing schemas, is trivial for humans,
it is quite challenging and difficult for machines. As we have seen in previous chapters,
the semantic relations of any given piece of text are considered good if they can output
essential relationships between the events and their participants (e.g., relations between
subjects and objects in a sentence), albeit there is still no clear path to this goal (Schubert,
2015). To build good relations, we must consider various facts, like grammatical role, number,
gender, and syntactic structure, that dependency parsers can give (Budukh, 2013). As in our
other developed tools, Winventor utilizes the spaCy dependency parser to develop semantic
relations from the Wikipedia sentences.

Through spaCy, Winventor parses each sentence to develop triples, related-words, and
pronoun relations. Related-words are based on verbs that have a direct relation between them.
For instance, the caught-was relation shows an indirect connection of the nsubj cat and the
dobj mouse to the adjective clever (see 2nd and 7th line of the spaCy output in Figure 6.11).
Pronoun-relations are relations where the pronoun targets (nouns or proper-nouns) are related
to other words, via pronouns (see relations in Figure 6.11). If at least one pronoun and two
nouns or two proper nouns exist (possible pronoun targets), we proceed to the next step.

Otherwise, we proceed to the next sentence.

Pronoun-Target Selection

A challenging task for Winventor is to obtain the possible pronoun targets from each examined
sentence. According to what the challenge dictates (Levesque et al., 2012), the possible
pronoun targets should be either a pair of nouns or proper-nouns that agree in gender and
number. Winventor’s approach to discerning a list of possible pronoun targets includes the
following: 1) it utilizes spaCy’s entity recognition system to search for proper nouns, ii) it
searches some pre-downloaded gender-lists to find nouns that have the same gender, and, iii)
via spaCy dependency parser, it selects only nouns and/or proper-nouns that agree in number

(compound nouns are selected accordingly). The final result is to develop as many schemas

“http://www.afterthedeadline.com.
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as it can from each examined sentence. For each developed schema, Winventor keeps track

of three variables/flags, showing the relations that govern the pronoun targets:

* numberAgreement: This variable equals 1 if the two nouns/proper-nouns agree in

number, otherwise 0.

» genderAgreement: Likewise, this equals 1 if the two pronoun targets have the same

gender.

» pronounGenderAgreement: This variable equals 1 if the two pronoun targets’ gender
agrees with the target pronoun, otherwise 0. To complete this task, we consider
the following: The third-person singular personal pronouns, he/him/his, refer to the
masculine gender, whereas she/her(s) refer to the feminine gender. On the other hand,
pronouns like they/them/their(s) refer to the neutral gender, and the pronouns it/its
refer to the neuter gender (in the case of companion animals, the pronouns he/she may

also be used).

Pronoun-Target Appropriateness

In order to identify the appropriateness of each pronoun target pair, Winventor does the
following: 1) as previously mentioned, it keeps track of the number, gender, and the pronoun-
gender agreement, ii) it stores the number of the triple relations that the pronoun targets
participate in, and iii) it utilizes the Mitkov (1998) aggregation score, which can create a
ranking list of nouns, according to some preferences. Mitkov’s work showed that when we
have limited background knowledge, like in our case, we can consider five salience indicators,
identified empirically, to select the best pronoun targets:

* Definiteness: Definiteness refers to definite nouns (specific and non-general nouns),
meaning that these kinds of nouns should get a higher preference compared to other
nouns. Definite noun phrases’ score equals 0, whereas indefinite ones are penalized by
-1. For instance, in the sentence “The man couldn’t lift his son because he was sick”,
the definite pronoun [he] has more chances to refer to the “man” than the “son” since

“the man” is a definite noun [man: 0O, son: -1].

* Indicating-verbs: Indicating verbs relate to nouns that are followed by verbs that are
members of a specific Verb set (e.g., discuss, consider, investigate). These nouns’
score equals 1, otherwise 0. According to Mitkov (1998), the verbs listed above are
good indicators because of the importance of the noun phrases that follow them. For

instance, in the sentence “A good map will show the building because it is famous.”
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the “building” gets a higher preference than the “map” because the building follows an

indicative-verb (show) [map: O, building: 1].

* Lexical-Reiteration: Lexical Reiteration refers to repeated synonymous noun phrases
where they get a higher preference. A noun’s score equals 2 if it is repeated twice or
more, 1 if it is repeated once, and O if not. For instance, in the sentence “Although there
are various kinds of maps, a good map will show the building because it is famous.”,
the “map” gets a higher preference than the “building” because the word “map” is

repeated once [map: 1, building: O].

* Non-prepositional: Non-prepositional nouns are given a higher preference than prepo-
sitional nouns. A non-prepositional noun’s score equals 0, whereas a prepositional
noun’s score equals -1. In this regard, noun phrases, which are parts of prepositional
phrases, are penalized because they are usually indirect than direct objects (Mitkov,
1998). Take, for example, the following sentence: ‘““You must insert the sd-card into
a camera making sure at the same time it is compatible”. Here, as the “camera” is a
prepositional noun, it is penalized with -1 [sd-card: 0, camera: -1], meaning that the

definite pronoun [it] more likely refers to the sd-card than the camera.

* Collocation: Collocation refers to nouns that have identical collocation patterns with
the definite pronoun. Specifically, these nouns get a higher preference than other
nouns—collocation nouns’ score equals 2, otherwise 0. For instance, in the sentence
“To start the engine, you have to press the button. In case you want to switch off the
engine, you have to press it again”, the “button” gets a higher preference than the
“engine” because the “button” has a similar collocation to the definite pronoun [it]
[engine: 0, button: 2].

* Immediate-Reference: Immediate-Reference refers to sentences that have a specific
structure, where noun phrases immediately placed before specific conjunctions (and,
or, before, after) followed by pronouns are more likely to be the referents of those
pronouns —an immediate-noun phrase has a score of 2, otherwise 0. For instance, in
the sentence “The cat caught the mouse and held it firmly till the end.” the “mouse”
is more likely to be the pronoun’s [it] referent [cat: 0, mouse: 2]. For another, this
indicator can be seen as a modification of the collocation indicator and can also be

found in imperative constructions (Mitkov, 1998).
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Completing the Schema

As shown in section 6.3.2, after the selection of the best pronoun target, Winventor parses
the sentence through the Heilman and Smith (2009) question generator and selects the one
that has as answer the definite pronoun. Finally, it develops the two halves, constructs the
schema, and adds it to the schema database. Based on this approach, each developed schema
is automatically classified into predefined categories and added to a schema-categorization
DB (see Figure 6.11). The categorization is done according to each sentence subject (e.g.,
Schwarzenegger - terminator - protection, birds - food) and the pronoun target pairs’ types
(e.g., gpe, gerund, loc, country, facility, norp, org, etc.). Additionally, Winventor keeps track
of the rejected sentences with the following flags (see rejected-sentences in Figure 6.11):

* Nouns and proper-nouns have not been found.
» Target Pronoun relations have not been found.
* Questions have not been formed.

* Not an English sentence.

o This was artificially created for previous WSC.

6.3.4 The Deep-Learning Approach

As we have seen in Chapter 5, deep learning refers to a class of different techniques that allow
computational models to learn representations of data (LeCun et al., 2015). In this regard, we
aim to train three deep learning models to help Winventor in the schema development process.
Specifically, we train: 1.) the sentence model for selecting sentences, 2.) the pronoun model
for selecting the definite pronoun in each examined sentence, and 3.) the pronoun-targets
model for selecting the best pronoun target pair in each examined sentence. For developing a
schema/half, our algorithm starts with the sentence model to select an appropriate sentence.
It then utilizes the pronoun model to select the best definite pronoun from the previously
selected sentence and continues with the pronoun-targets model to select the best possible
pair of answers. In the sequel, we will introduce the deep learning models with the datasets

used for training and testing purposes (see Figure 6.12).

Dataset Preparation

Deep learning algorithms cannot understand the meaning of the text but only map the

statistical structure of written language, which is supposedly sufficient to solve simple textual
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Figure 6.12 A schema development process by Winventor using deep learning. The deep
learning section ends just before the question generator comes into play (see question-
generator in Figure 6.10).
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‘ Part of Speech Tagging ‘
sentence The city councilmen refused the demonstrators a permit because they feared violence.
part of speech DET NOUN NOUN VERB DET NOUN DET NOUN ADP PRON VERB NOUN
synonym-positive example | DET ADJ NOUN NOUN VERB DET NOUN DET PROPN NOUN ADP PRON VERB NOUN
synonym-negative example DET NOUN VERB PART DET DET ADP PRON VERB

Table 6.3 A sentence transformation example for developing the training and testing dataset
of our sentence model.

tasks (Chollet, 2017). On the other hand, we know that in problems where data is limited,
deep learning often is not an ideal solution (Marcus, 2018). In this regard, we employed a
data synthesis/augmentation procedure to increase our training data size. To that end, we
used the original WSC dataset (Levesque et al., 2012), which at the time of writing consisted
of 150 schemas and ended up with 30,000 schemas.

The Sentence Model

This model utilizes a classifier that is responsible for selecting appropriate sentences for
the development of schemas (see DL Sentence Model in Figure 6.12). Given any English
sentence, our sentence model returns a value in the range of 0-1, where values > 0.5 indicate
high-grade (suitable) sentences for developing schemas. Valid or high-grade sentences are
eligible for further processing to develop schemas, whereas non-valid are not.

To train our classifier, we used training data with positive and negative examples. Positive
examples refer to sentences used in developing the WSC original dataset (Levesque et al.,
2012). In contrast, negative examples refer to sentences that cannot be used in the develop-
ment of schemas. To increase the number of positive-examples we proceeded as follows:
1.) we parsed each sentence and removed the punctuation characters, 2.) for every noun,
adjective, verb, and adverb, we developed a list with their synonyms, 3.) based on a random
combination of their synonyms, we developed a list of new sentences, and, 4.) via spaCy,
we replaced the words of each examined sentence with their part of speech (part-of-speech
tagging). Through the part-of-speech tagging, our model does not need to use knowledge
transfer between various domains, which is a characteristic feature for several deep learning
approaches (Liu et al., 2016). Regarding the negative examples, for every positive sentence,
we developed a negative one: i) by randomly removing some words, and ii) by randomly
reordering its tagging (see Table 6.3).

The Pronoun Model

A critical problem within the schema development process is selecting the definite pronoun,

which directly relates to selecting the pronoun targets. To that end, we developed the pronoun
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model, which is responsible for selecting the definite pronoun in sentences returned by the
sentence model (see DL Pronoun Model in Figure 6.12). Given any tagged-English sentence
with multiple pronouns, this model returns the best possible pronoun, which could be used as
our definite pronoun. Specifically, for each sentence with a (marked) pronoun, this model
returns a confidence score in the range of 0-1; the higher the score, the higher the confidence
for the specific pronoun.

To increase our training set, we have followed a similar procedure to the previous model.
Regarding the construction of the positive examples, we have used the valid sentences from
our sentence model but with the position of the definite pronoun marked. For instance, for the
half’s sentence, The city councilmen refused the demonstrators a permit because they feared
violence our algorithm would return “DET NOUN NOUN VERB DET NOUN DET NOUN
ADP <PRON> VERB NOUN”. We have followed a similar procedure for the construction
of the negative examples, where, for each positive sentence, we build a new negative one
with its tagging shuffled. For instance, in our previous example, this would result in “DET
NOUN DET NOUN <PRON> NOUN VERB ADP NOUN VERB DET NOUN".

The Pronoun-Targets Model

This model is responsible for selecting the best pronoun target pair (answers) in sentences,
previously selected by the pronoun model (see DL Pronoun-Targets Model in Figure 6.12).
Recall that the WSC is about resolving the definite pronoun to one of two possible pronoun
targets in each schema. Hence, in each examined sentence, this model aims to output the
best answer pair to construct the schema. Given any tagged English sentence with two parts
marked, this model returns a confidence score in the range of 0-1 that indirectly shows the
best pair for developing the schema.

For training purposes and specifically for building our positive examples, in all of the
synonym sentences, a pronoun target pair was marked. For instance, in the example used
in our previous models, our algorithm would return “DET <NOUN NOUN> VERB DET
<NOUN> DET NOUN ADP PRON VERB NOUN”, with the position of the two pronoun
targets marked. We have followed a similar procedure for the construction of the negative
examples, where, for each positive sentence, we build a new negative one with its tagging
shuffled.

Completing the Schema

We continue to discuss how Winventor develops schemas via the deep learning approach.

At the start, each Wikipedia sentence is validated by the sentence model, where for every
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valid sentence (> 0.5), it proceeds to the next step to search for the definite pronoun (see
Algorithm 2). Winventor replaces every sentence word by its part-of-speech, marks the
pronoun (<PRON>), and parses it through the pronoun model to retrieve its score; this
process is repeated for every pronoun in the sentence, and at the end, it selects the pronoun
with the biggest score. The next step is to find the best pronoun-target pair of the sentence
that indirectly relates to the definite pronoun. To that end, Winventor randomly creates all
the combinations of two, three, and four words. Then, for every combination, it marks the
combination’s words in the sentence (part-of-speech) and parses it through the pronoun-
targets model to retrieve its score. In the end, it selects the best pair, which is the pair with
the highest score. After selecting the sentence, the definite pronoun, and the pronoun target
pair, Winventor develops the two halves, following the same procedure stated in the previous
sections (see Section 6.3.3). The only difference within this approach is that each developed
schema cannot be automatically classified into predefined categories in order to be added to

the schema-categorization DB.

Algorithm 2 Schema development via deep learning
1: sentences = loadDatasetHalf1Sentences (RahmanNg)

2: for sentence in sentences do

3: validSentence = checkSentMODEL (sentence)
if validSentence <= 0.5 then continue
bestPronoun = findTheBestPronoun (sentence, pronounMODEL)
bestAnswerPair = findBestAnswerPair (sentence, answerMODEL)
question = buildQuestion (sent)
half1 = finalizeSchema (sent, bestPronoun, bestAnswerPair, question)

9: half2 = buildHalf2 (sent, bestPronoun, bestAnswerPair, question)
10: end for

SN A

6.3.5 The Blended Approach

This section describes how we blend the NLP and the deep learning approach with the
ultimate goal of developing a more efficient and effective solution. In particular, we modified
the pronoun-target selection process based on factors described in the previous sections (see
Algorithm 3). Specifically, we replaced the pronoun-targets model with the gender, number,
pronoun-gender, and triple factors to select the best answer pair (see Figure 6.13).

Thus, the blended approach proceeds as follows: 1.) via the sentence model, it parses
Wikipedia sentences to select an appropriate sentence for the development of a schema; 2.)
through the pronoun model, it returns the definite pronoun of the examined sentence; 3.) from

the sentence it selects only nouns or proper-nouns and builds all the possible combinations
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Sentence: The cat caught the mouse because it was clever.
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Figure 6.13 A schema development process by Winventor using deep learning and various
NLP tools (for a further explanation on the NLP tools, see Algorithm 3). The process ends
Just before the question generator comes into play (see question-generator in Figure 6.10).

(see relations in Algorithm 3); 4.) at the same time, it searches for possible compound-nouns
and replaces each noun accordingly; 5.) next, for every pair of answers, it estimates a score
value where it adds 1 if they are both members of the same number-class. It does the same,
in case the two candidates share the same gender, participate in triples (as subj and dobj),
and have a pronoun-gender agreement with the definite pronoun; 6.) it adds the score to a list
of scores (see answersScore in Algorithm 3); 7.) The last step returns the best answer pair,
which is the pair with the highest score.

Completing the Schema

The blended approach generates the questions and develops the two halves following the
same procedure stated in the previous sections (see Section 6.3.3). Furthermore, similarly
to the NLP approach and contrary to the deep learning approach, each developed schema is
automatically classified into predefined categories and added to the schema-categorization
DB (see Figure 6.13).
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Algorithm 3 Blended pronoun-target pair selection

1: function FINDBESTANSWERPAIR(sentence)

2 relations = returnPairs ([“NOUN”, “PROPN”], doubleRelations)
3 compounds = findCompoundNouns ()

4 pairs=match (compounds, relations )

5: for pair in pairs do
6:
7
8
9

num = checkNumberAgreement (pair)

gnd = checkGenderAgreement (pair)

pga = checkPronounGenderAgreement (pair)
trp = checkTriples(pair)

10: score = m1+m2+num+gnd+pga+trp

11: answersScore.append(score)

12: end for

13: return bestAnswerPair = pairs[answersScore.index(max(answersScore))]

14: end function

6.4 Experimental Evaluation

This section describes the results from several studies that we undertook to evaluate Winven-
tor’s performance in developing schemas based on the aforementioned approaches. Each of

the following subsections reports on one of the approaches.

6.4.1 The NLP Approach

Here, we present the results obtained by applying the NLP approach. We describe the results
from three studies that we undertook to evaluate the system’s performance on replicating
existing Winograd schemas from the DPR dataset (Rahman and Ng, 2012), on developing new
Winograd schemas from scratch, and on helping humans develop new Winograd schemas.

Schema Replication

In this experiment, we have tested Winventor on replicating schemas from the DPR dataset
(Rahman and Ng, 2012). Recall that this is a dataset of 943 schemas, where each half
consists of a sentence, a definite pronoun (instead of the question), and two possible pronoun
targets. The average sentence length of the database was 14 words. For this experiment, the
strict mode was disabled, as this is a dataset developed under the “broad” flag. By giving
Winventor the sentence of the first half of each schema, we wanted to evaluate if it could
produce similar results as in the dataset. For each sentence, Winventor was requested to
develop all possible schemas, storing at the same time all of the developed relations and

factors (e.g., Mitkov-score, gender, number, and pronoun-gender-agreement variables).
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Schemas: The results revealed that 416 sentences resulted in 990 halves, where 848 were
schemas. More than two hundred schemas (254 halves of which 214 are schemas) were
found to match the DPR dataset, meaning that they have the same definite pronoun and the
same pronoun targets. At the same time, our system rejected 527 sentences for the following
reasons: 1.) Nouns and proper-nouns have not been found (10 sentences); 2.) Target Pronoun
relations have not been found (502 sentences); 3.) Questions have not been formed (13
sentences); 4.) Not an English sentence (2 sentences were wrongly identified). The large
number of rejected sentences shows that further gains could be achieved via a more accurate
semantic analysis of each sentence. For instance, over fifty percent of the sentences were

rejected because of pure parsing—7arget Pronoun relations have not been found.

Pronoun Targets: Regarding the pronoun targets, 122 halves were identified as proper-
noun problems and 132 as noun problems. Among the proper-noun halves, it was found that
33% had more than two proper-nouns in each sentence. Similarly, 70% of the noun problems
were found to have more than two nouns in each sentence. The positive difference in favor
of the noun problems might suggest that resolving proper-nouns is more challenging than
resolving nouns (Budukh, 2013).

Definite Pronoun: We further analyzed our results regarding the cases where Winventor
correctly resolved the definite pronoun but not the correct pronoun targets. On average, we
have found that each sentence identified as a proper-noun problem contains four proper-
nouns, and each sentence identified as a noun problem contains five nouns. It seems that
the increased number of possible pronoun targets might have led Winventor to the wrong
conclusions. Further analysis has shown that the average sentence length for the examined
sentences was increased. Specifically, schemas characterized as proper-noun problems
contain, on average, thirteen words, and schemas characterized as noun problems contain
nineteen words. At the same time, in the halves where Winventor correctly identified both
the definite pronoun and the pronoun targets, the average length is twelve words for the

proper-noun problems and fourteen words for the noun problems.

Question Development: Although the DPR dataset did not include questions, Winventor
was able to produce schemas with valid questions (see Table 6.4). This result shows that the
parsing of sentences through the question generator and, at the same time, the selection of

the best appropriate question returned useful results.
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[ ] Sentence | Pronoun | Question ‘
1 Tony helped Jeff because he wanted to help. he Who wanted to help?
) The security team locked the scientists inside the building the Who had to keep confidential
because they had to keep confidential information inside. y information inside?
3 Sam helped Davey fortify their bunker because he Who thought the
he thought the Mexicans were invading? Mexicans were invading?
4 Tiger Woods dropped.Randy as hl.s caddy he Who was not satisfied with his work?
because he was not satisfied with his work?

Table 6.4 A snapshot of Winventor’s developed questions on the DPR dataset.

Non-matching Schemas: Our results showed that Winventor developed 990 halves from
416 sentences, meaning that multiple schemas/halves were developed for each sentence. On
the other hand, our analysis showed that only 254 halves (214 schemas) matched the DPR
dataset, meaning that 74% of the halves were among those rejected as non-matching halves.
Recall that there are sentences containing multiple nouns, proper nouns, and pronouns, which
means that there is a big chance to lead to the development of more than one schema/half. For
instance, in the DPR dataset, we have the following halves: 1) Sentence: Arnold Schwarzeneg-
ger cannot terminate John Conner, because he is protecting him. Definite-Pronoun: he,
Answers: Arnold Schwarzenegger, John Conner, and, ii) Sentence: Arnold Schwarzenegger
cannot terminate John Conner, because he is the leader of the resistance. Definite-Pronoun:
he, Answers: Arnold Schwarzenegger, John Conner. Although Winventor did not man-
age to build the requested schema, it returned the following results: 1) Sentence: Arnold
Schwarzenegger cannot terminate John Conner, because he is protecting him. Definite-
Pronoun: he, Question: Who is protecting him? Answers: Arnold Schwarzenegger, John
Conner, and 11) Sentence: Arnold Schwarzenegger cannot terminate John Conner, because he
is protecting him. Definite-Pronoun: him, Question: Who is he protecting? Answers: Arnold
Schwarzenegger, John Conner. As we can see, the question of the second half refers to a
different pronoun than the DPR’s half. Given that the DPR dataset was developed under the
“broad” flag, Winventor’s halves can be taken together to form a new schema-like example,
albeit different from the original schema —it is called a schema-like example because having
two pronoun resolution problems with the same sentence and different pronouns does not
form a Winograd schema.

Selecting the best Halves: Given that for any sentence, multiple schemas might be created,
many open questions remain regarding the fastest automated way to select the best ones (e.g.,
selecting the 254 halves from our database of 990 halves). To that end, we further analyzed
the relation between the developed halves and different factors (e.g., Mitkov-score, triple,
gender, and pronoun-gender agreement). The results showed a direct relation between our
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factors and the selection of the best half. For instance, if we select all the halves that agree
on gender, number, participate in triples, and have a pronoun-gender agreement, we have
an 89% success rate. Furthermore, our results showed the importance of the triple factor
(nsubj-dobj); it was shown that if we remove the triple factor, the success rate drops to 85%.
Additionally, our analysis showed that if we select the halves according to their Mitkov-score,
we have an 82% success rate, meaning that Mitkov’s theory seems to work well when we

have limited background knowledge.

Schema Development

Within this experiment, we investigated Winventor’s appropriateness in developing new Wino-
grad schemas from scratch. To that end, we analyzed schemas developed from Wikipedia
sentences, with a survey that we designed and undertook. The schemas were developed with
the strict flag enabled, meaning that they had to consist of a sentence, a question, and two
possible pronoun-targets that agreed in gender, number, and had a pronoun-gender agreement.
At the time of the experiment, Winventor had already searched 20000 sentences from the
Wikipedia dataset to develop 500 schemas.

Experiment Design: For our experiment, we selected the Microworkers (MW) platform?,
which, as seen in the previous chapters, can be considered as one of the best available
crowdsourced platforms. In this regard, we designed a questionnaire using LimeSurvey®
and posted the link on the MW platform (see Figure 6.14). We divided our questionnaire
into two sections. The first section consisted of twenty randomly selected Winograd halves,
whereas the second consisted of ten Winograd schemas. Examples that were included in
the first section were excluded from the second one. The questionnaire started with the first
section and continued with the second one, where each half/schema was displayed on a single
screen, followed by the question; in each example, three choices were displayed side-by-side:
i) Valid Schema - Easy to Solve, ii) Valid Schema - Hard to Solve, iii) Non-Valid Schema.
Furthermore, all participants were informed that they could not change a submitted answer
once the survey started. Additionally, before taking the survey, each participant had to do the
following: 1.) Read a consent form and agree to participate; 2.) Read an introduction guide
about the WSC and pass a one-question training phase to get familiarized with the task; 3.)
Select their age and their English language literacy level.

Swww.microworkers.com
®https://cognition.ouc.ac.cy/surveys/


www.microworkers.com
https://cognition.ouc.ac.cy/surveys/
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Task Preview | Microworkers - work & earn or offer a micro job

Instructions

We are conducting a study about schema qualification and we want to know your opinion.

Schemas are groups of sentences, questions and answers halves. You are going to qualify a few
schema halves, meaning that you have to answer if the schemas are valid (easy to answer or hard to
answer) or not valid. A schema halve is valid if its sentence, its question and its two answers make
sense. Also, the answers have have the same gender and the same number. Finally the question has
to refer to a pronoun in the sentence.

For instance (a valid schema halve):

e sentence: The cat caught the mouse because it was clever.
e question: Who is the clever?
e answers: cat, mouse

Note: The above schema halve is valid (make sense) because: 1) The question refers to the pronoun (it) of the sentence 2) The two

answers match with the question. 3) The two answers have the same gender and the same number.

* Select the link below to complete the survey
¢ At the end of the survey, you will receive a code to paste into the box below to receive credit
for taking our survey.

Make sure to leave this window open as you complete the survey. When you are finished, you will
return to this page to paste the code into the box

Survey Link:
http://cognition.ouc.ac.cy/surveys/index.php/516623?1lang=en/ (http://cognition.ouc
.ac.cy/surveys/index.php/5166237lang=en)

Code:

Provide the Survey Code here:

https://taskv2.microworkers.com/preview?type=template&templateld=T5cc2c09e4608a Page 10of 1

Figure 6.14 The ad we placed on the MicroWorkers platform to attract workers to validate
Winventor’s schemas/halves.
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Participants: Our experiment was performed during May 2019, where a total of one
hundred MW workers were recruited, aged between 18 and 65+ (none was discarded). Our
participants were residents of English-speaking countries (United States, United Kingdom,
Canada, New Zealand) and were screened through a qualification task from the Microworkers
platform. In terms of their knowledge of the English language, 81% reported that it was
“very good”, 18% that it was “good”. The total cost of our campaign was $250.

Results: In the first section, the participants characterized the halves as valid with a mean
of 69% (o = 0.15). In the second section, they characterized the schemas as valid with
a mean of 73% (o = 0.17). It seems that the positive difference in favor of the schemas
might have happened not because of the quality of the schemas, which are harder to develop,
but because of the following reasons: 1) the participants were able to see the two halves at
the same time, which seems to help them understand the meaning of the schema, and ii)
sentences that were found appropriate for the development of schemas might have a simpler
structure. Generally speaking, our results must be taken with a grain of salt as our study
participants were not experts in the field. Specifically, we are not claiming that this system
can develop schema/halves without the need for reviewing. For instance, in order to validate
the next half, we need to change a word in the question and enhance the first answer (question:
is to causes, answers: stick to the use of the back of the stick): Sentence: If the back side of
the stick is used, it is a penalty, and the other team will get the ball back. Question: What
is a penalty? Answers: the stick, the ball. Another example is the following schema which
was considered valid by 81% of the participants: 1.) Sentence: Federer consistently beat
Nadal since he was the better tennis player. Question: Who was the better tennis player?
Answers: Federer, Nadal. 2.) Sentence: Federer consistently beat Nadal since he was the
better tennis spectator. Question: Who was the better tennis spectator? Answers: Federer,
Nadal. Although it makes sense, after human reviewing, we could easily modify the second
half as follows: Sentence: Federer consistently beat Nadal since he was the worst tennis

player. Question: Who was the worst tennis player? Answers: Federer, Nadal.

Winventor as a Co-Worker

Within this experiment, we evaluated if Winventor can assist humans in the schema develop-
ment process. To delineate it from the previous experiment, we asked ten colleagues who
have prior experience developing schemas to design new halves from scratch in a specified
period of time. For the sake of simplicity, participants were asked to develop only Winograd
halves. To investigate whether this a priori appropriateness of Winventor as a co-worker can

be justified, we divided the experiment into two sections. The experiment started with the
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first section, where participants were asked to develop as many halves as possible without
Winventor’s help, in ten minutes; these were called non-guided halves. The participants con-
tinued with the second section, where the experiment was then replicated under conditions,
in which we gave them access to fifteen randomly selected halves that Winventor developed
—the results were called guided halves.

On average, we found that Winventor helped participants develop twenty halves, whereas,
without Winventor’s help, they only developed seven halves. Ostensibly, a sentence analysis
that we undertook, showed that Winventor helped them develop halves based on different
sentence patterns/types (see Table 6.5).

Using the Sentence-Structure Identifier we saw in previous chapters, we analyzed our
results based on each half’s sentence structure. The results yielded some interesting findings.
Twenty-nine percent of the guided halves are based on compound sentences, 44% on complex
sentences, 26% on compound-complex sentences, and 1% on simple sentences (see (a) of
guided halves in Table 6.6). On the other hand, 33% of the non-guided halves are based on
compound sentences, 63% on complex sentences, and 4% on compound-complex sentences
(see (a) of non-guided halves in Table 6.6).

Without any help from Winventor, the participants mostly developed halves that follow the
pattern “A DID X TO Y BECAUSE HE/SHE WAS Q”, which is extremely overused (91% of
the complex and 50% of the compound-complex sentences); these are the halves that follow
the “Cause/Effect” relationship. Specifically, the halves that were designed with complex
sentences had 91% “Cause/Effect”, and 9% “Time” relationship (see (b) of non-guided halves
in Table 6.6). The non-guided halves that were designed with compound-complex sentences
had 50% ““Cause/Effect” relationship and 50% “Time” relationship (see (c) of non-guided
halves in Table 6.6). On the contrary, the guided halves that were designed with complex
sentences had 9% “Cause/Effect”, 11% “Comparison/Contrast”, 2% ‘‘Place/Manner”, 2%
“Possibility/Condition”, 36% “Relation”, and 40% ‘““Time” relationship (see (b) of guided
halves in Table 6.6). The guided halves that were developed based on the compound-complex
pattern showed the following results: 3% “Cause/Effect”, 12% “Comparison/Contrast”, 10%
“Place/Manner”, 13% “Possibility/Condition”, 42% “Relation”, and 20% “Time” relationship
(see (c) of guided halves in Table 6.6). Regarding the compound sentences, 19% of the
guided halves are arranged as “SV, and SV”, 37% as “SV, but SV”, 14% as “SV, or SV”,
12% as “SV, so SV” and 18% as “SV; but, SV”. At the same time, 5% of the non-guided
halves are arranged as “SV, for SV”, 37% as “SV, and SV and 58% as “SV, but SV”. The
results provide convincing evidence that with Winventor’s help, the participants were able to
develop halves based on various sentence patterns/types; the complete opposite happened

without Winventor’s help (non-guided halves).
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Our observations show that Winventor motivates and inspires participants to develop
richer and more diverse schema/halves in the shortest time possible. The results are in line
with WinoFlexi’s results, where it was shown that schemas developed by crowdworkers have
a similar hardness to those developed by experts.

6.4.2 The Deep-Learning Approach

In this section, we present the results of the deep learning approach. We begin by presenting
the results regarding our models’ training and then continuing by applying the methodology
to develop schemas. For these experiments, we trained and evaluated our system on the
original WSC dataset (Levesque et al., 2012). We divided our samples into a training and a
testing set following the ratio of 70%-30% and evaluated our three models. Initials results
showed an accuracy of 89% on the sentence selection process, 94% on the pronoun selection
process, and 91% on the pronoun-target selection process.

Schema Replication

In this experiment, we have tested Winventor on replicating schemas from the DPR dataset
(Rahman and Ng, 2012). Winventor loads all sentences from the first half of each schema
and tests if it can produce the same or similar results as the second half of each schema. Here,
in contrast to the NLP approach, Winventor develops one schema/half for each examined

sentence (see Algorithm 2).

Sentence Model: The results revealed that the sentence model rejected only 170 sentences,
achieving 82% accuracy, which is very near our initial training and testing results. Compared
to our previous results (527 rejected sentences), it seems that the deep learning approach
works better, meaning that it can correctly validate which sentences are appropriate for the

development of schemas.

Definite Pronoun Model: In 96% of the cases (745 sentences), Winventor returned the
correct pronoun. The results are in line with our training and testing results, meaning that

our model can correctly identify the definite pronoun in sentences with multiple pronouns.

Pronoun Targets Model: Contrary to our expectations, Winventor returned the correct
answers in only 9% of the cases (74 sentences). On the other hand, this is in line with the
challenge difficulties and design purposes. Recall that the whole idea behind the WSC is to
develop systems that can resolve the definite pronoun to one of its two coreferences, in each
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Automatically developed halves
Your governors are unjustifiably killing people and they only write the crime of the killed person to inform you.
1 Who only write the crime of the killed person to inform you?
The governors, The people
This river may have been shaped by God, or glaciers, or the remnants of the inland sea, or gravity or a combination
of all, but the Army Corps of Engineers controls it now.

2 What does the Army Corps of Engineers control now?
The river, The island sea
Some do not eat grains, believing it is unnatural to do so, and some fruitarians feel that it is improper for humans to
3 eat seeds as they contain future plants, or nuts and seeds, or any foods besides juicy fruits.
What contain future plants?
The grains, The nuts
The Greeks hiding inside the Trojan Horse were relieved that the Trojans had stopped Cassandra from
4 destroying it, but they were surprised by how well she had known of their plan to defeat Troy.
‘Who were surprised by how well she had known of their plan to defeat Troy?
The Greeks, The Trojans
The reintroduction of a permanent diaconate has permitted the Church to allow married men to become
5 deacons but they may not go on to become priests.
Who may not go on to become priests?
The men, The deacons
Halves developed by humans with Winventor’s help
Because of a misunderstanding Hitler had with Stalin, he attacked his country, misjudging the level of preparation needed
| to withstand harsh weather conditions, and subsequently that misunderstanding had cost him the war.
Who the misunderstanding cost the war?
Hitler, Stalin
Even though Meredith was the one who had committed the fraud, Andrea wanted to fix everything,
2 so she confessed and went to jail.

Who went to jail?
Meredith, Andrea
Some fruitarians feel that it is improper for humans to eat seeds as they contain future plants.
3 What contains future plants?
Grains, Humans
This river may have been shaped by God, or glaciers, or the remnants of the inland sea,
4 but the Army Corps of Engineers controls it now.
What does the Army Corps of Engineers control now?
The river, The island sea
While Oliver was having a party, Doug was in the city, saving some people, and trying to prove he was in fact
5 the vigilante the police was looking for.
‘Who was the vigilante?
Oliver, Doug
Since everybody could always rely on Tommy, they expected him to have a plan, and so did John,
but unfortunately he got shot during this specific operation by their worst enemy.
Who got shot?
John, Tommy

Halves developed by humans without Winventor’s help
Jack gave John the book, although he didn’t need it.
1 Who didn’t need the book?
Jack, John
My cat hates my dog because it is jealous.
2 Who is jealous?
My cat, My dog
Alice tried to reach her mother’s head but she was too short.
3 Who was too short?
Alice, Her mother
Mary tried to calm her mother, but she was really stressed.
4 Who was stressed?
Mary, Her mother
Kids talk to their parents but sometimes they are too busy to listen.
5 Who are busy?
The kids, The parents
Jane gave Christina the necklace before she died.
6 Who died?
Jane, Christina

Table 6.5 A subset of the Winograd halves developed by humans with and without Win-
ventor’s help. The first five are a subset of the examples given to inspire humans in the
development of quality Winograd halves.
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Guided halves Non-Guided halves
a) Sentence Pattern

simple sentences 1% -
compound sentences 29% 33%
complex sentences 44% 63%
compound-complex 26% 4%
b) Complex Sentence Type
cause/effect 9% 91%
comparison/contrast 11% -
place/manner 2% -
possibility/condition 2% -
relation 36% -
time 40% 9%

¢) Compound-Complex Sentence Type

cause/effect 3% 50%
comparison/contrast 12% -
place/manner 10% -
possibility/condition 13% -
relation 42% -

time 20% 50%

Table 6.6 Sentence patterns of halves that were developed based on guided-halves —designed
with Winventor’s help— and non-guided halves. In the first example (a) we see the developed
number of simple, compound, complex, and compound-complex sentences, of the guided and
non-guided halves. In the second (b) and third (c) example we see the number of complex
and compound-complex sentences, regarding their sentence type.
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half. In this regard, it seems that it might be a stretch to find the correct pronoun target in

sentences with multiple candidates.

Schemas: Results showed that 745 sentences resulted in 162 schemas. This is in line
with our Pronoun-Targets model results because the question generator automatically rejects
questions that have as answers possible pronoun targets (e.g., the notification “A noun is in
the question” was returned in 1698 cases). Given that our previous results showed that 416
sentences resulted in 254 schemas, it seems that the NLP approach can provide us with more

schemas than the deep learning approach.

6.4.3 The Blended Approach

Below, we present the results by applying the methodology described in the blended approach
section (see Section 6.3.5). Specifically, we performed an analysis regarding Winventor’s
ability to replicate and develop schemas from scratch. Additionally, we performed a speed

analysis comparison between the two approaches.

Schema Replication

Within this experiment, we report results based on Winventor’s ability to replicate schemas
from the DPR dataset (Rahman and Ng, 2012). Like before, the results are expressed in
terms of accuracy.

Results showed that in 50% of the cases (389), Winventor selected the correct answer pair,
which is 40% more than the deep learning approach (see Table 6.7). Our analysis showed
that Winventor was able to develop 332 halves that match the DPR dataset; 70% of them
(234) were found to be schemas. In the case of halves, this means 27% more than the NLP
and 158% more than the deep learning approach. Furthermore, in the case of schemas, this
means 10% more than the NLP and 159% more than the deep learning approach.

We observed that if we remove any of the NLP factors, the performance is further reduced,
showing the importance of every single factor in the schema development process. The
results ultimately show that our blended approach replicates more schemas than both the
other methods. On the other hand, our findings show that the development per sentence ratio
of the NLP approach is better than the blended approach. According to our findings, 61%
of the NLP approach’s sentences were successfully used in the development of halves. In
contrast, in the blended approach, only 43% of the sentences resulted in halves. This suggests
that the NLP approach works better with the question generator mechanism. This may have

occurred because the question generator needs to successfully output the semantic relations
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of a given piece of text to develop the questions; It seems that sentences rejected by the NLP
approach have a too complex structure to be used with the question generator (Heilman and
Smith, 2009). The results might suggest that a better question generator could lead to the
development of more schemas/halves.

We also performed a speed analysis experiment. Since the availability of more schemas
directly relates to the ability to run a WSC-based CAPTCHA service (see Chapter 4),
Winventor needs to develop schemas at a sufficiently fast pace. Our results showed that the
blended approach could return results in 1.5 hours instead of 5 hours for the NLP approach,

meaning that Winventor can develop, on average, three schemas per minute.

Schema Development

Within this experiment, we report the results of Winventor’s blended approach to developing
schemas from scratch. In this regard, we fed Winventor with the same Wikipedia dataset,
like in Section 6.4.1, and compared the two approaches. Specifically, we randomly selected
2000 Wikipedia sentences that were previously used in the NLP approach.

In contrast to previous findings, within this subset of Wikipedia sentences, the NLP
approach returned 23 halves, of which 16 were schemas. On the other hand, the blended
approach returned 39 halves, of which 25 were schemas. At the same time, 1587 sentences
were rejected by our sentence model (79%), whereas 1978 sentences were rejected by
the NLP approach (99%). On average, the blended approach provided 52% more halves
and 44% more schemas than the NLP approach. In general, regarding the number of the
developed schemas, the performance was a little disappointing. The prime cause of this
discrepancy seems to be the structure of the sentences found on the Web. This realization is
in line with the previous section, where Winventor could replicate more schemas as humans
designed the sentences used. Furthermore, not surprisingly, there were some discrepancies
due to our sentence model limitations. Recall that in previous examples, all of the sentences
were validated as humans manually designed them. On the other hand, as some Wikipedia
sentences did not include pronouns, our deep learning sentence-model mistakenly identified
them as valid sentences. This might lead to the conclusion that our data augmentation process
was not sufficient, meaning that more valid sentences are required in order to do better
training.

One of the most surprising results from our analysis is the number of the developed
schemas compared to the time needed. According to our results, the blended approach parsed
2000 sentences in 1 hour, whereas the NLP approach required 12 hours; the results show
that the blended approach i1s 91.67% faster than the NLP approach. In general, although

performance was not perfect, we still believe that results highlighted the importance of
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‘ rejected sentences ‘ used sentences ‘ matching answers ‘ matching schemas ‘ matching halves ‘

NLP 527 416 254 212 254
DL 170 745 75 27 38
BL 170 745 389 234 332

Table 6.7 Results of the developed schemas/halves based on various approaches (NLP, deep
learning, and blended approach) that match the DPR dataset (943 schemas). Regarding
the initially-rejected sentences of the deep learning and blended approaches, there is an
additional number of 28 sentences where our pronoun-model did not manage to correctly
identify the definite pronoun.

blending machine learning and semantic analysis to achieve better results. Overall, the
results ultimately show that we could enhance the schema development process via the
interaction between the two approaches. This also shows the possibilities of combining the
two approaches in future challenges, which is already in full swing with recent research in
the Al field (Marcus, 2018).

6.5 Chapter Summary

In this chapter, we investigated the possibility of building systems that considerably help
humans in the schema development task.

We started with WinoFlexi, an online system built explicitly for the development of
Winograd schemas. Our approach is based on the crowd’s cooperation to develop Winograd
schemas from scratch, rewarding the best workers who successfully build them. Despite the
acknowledged difficulty of the task when assigned to individuals, our empirical evaluation
offers evidence that online crowdsourced platforms and systems like WinoFlexi might offer
a viable alternative in developing schemas of high quality. As a hard problem the WSC is,
we believe that WinoFlexi will help the research community develop schemas from scratch,
which would be a further step toward addressing the challenge.

We continued with Winventor, a machine-driven approach for developing Winograd
instances (schemas/halves). Given that schemas’ development is troublesome even for
humans, Winventor mainly comes into play as an assistant for the schema development
process. Our experiments offer evidence that Winventor can develop schemas within two
approaches: 1) the pure NLP approach, which provides a limited number of schemas, albeit
with multiple variations, and ii) the blended approach, which provides a bigger number of
schemas, albeit one for every single sentence. In either case, the variability generally stems
from which method is used. The evidence from this study suggests that humans could utilize

systems like Winventor in the schema development process. In this regard, we want to point
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out that Winventor’s results must be taken with a grain of salt as it cannot develop quality

Winograd instances without human reviewing.
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Conclusions and Future Work

Here, we review the implications of our results along with potential directions for future

research.

7.1 Thesis Summary

The work presented here is involved with the Winograd Schema Challenge (WSC), a novel
litmus test for machine intelligence that focuses on human behavior. As a new challenge in
the field, the WSC has been proposed as a conceptually and practically appealing alternative
to other Al challenges. Passing the challenge requires resolving pronouns in certain sentences
where the use of world knowledge and the ability to reason seem necessary. To that end, on
each half, each developed system should demonstrate how humans can tackle it in order to
get closer to the Al goal of endowing machines with commonsense reasoning abilities.
The contribution of this thesis is fourfold:

* First, concerning the WSC, and as Levesque (2014) suggested, we developed a system
that tackles the WSC by emphasizing knowledge representation and reasoning without
treating English text as a monolithic source of information. For this purpose, our

developed system uses logical inferences to answer Winograd schemas.

* Second, given that there is still a lot of room for improvement and that there are no
silver bullets regarding the endowment of machines with commonsense reasoning
abilities, we utilized the WSC to build a novel form of CAPTCHA. We expect that
WSC-based CAPTCHAs will promote the challenge to people of various academic
disciplines (Marcus and Davis, 2019), so that they could work on the problem of
actually solving it, and perhaps, in the process, help towards the building of machines

able to reason with commonsense knowledge.
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* Third, given that not all schemas can be tackled with the same ease and that future
challenges should be organized according to how humans answer them (Bender, 2015),
we have designed two systems that automatically differentiate between Winograd
instances according to their perceived human hardness.

* Fourth, given that the development of schemas is a challenging and complicated
process even for humans (Morgenstern et al., 2016), we have designed two systems

that mainly come into play as human assistants for the schema development process.

On a second front, our developed methods and tools, which refer to different periods of Al
history, might help bring together a new generation of Al researchers who appreciate both
classical Al and machine learning (Marcus and Davis, 2019), which might contribute to a

faster solution of the problem.

7.1.1 Tackling the WSC with Logical Inferences

In this work, we have argued that most scholars try to solve the WSC through pure statistical
approaches without invoking commonsense knowledge and reasoning like humans do (see
Chapter 2). Given that human language is more than statistics or word patterns (Adger,
2019), and that the WSC was proposed as the means to understand human behavior, we have
developed a system that focuses on classical Al to tackle the challenge with promising results.
Put simply, we have shown that our developed system, Wikisense, focuses on commonsense
knowledge, which can be retrieved and learned via a supervised learning approach, called
auto-didactic (Michael, 2010). In this regard, Wikisense shows how learning and reasoning
through knowledge acquisition can fruitfully interact for pronoun resolution.

Wikisense utilizes the Websense engine, which can output logical inferences so that
humans can relate and interact with it (Isaak, 2011; Michael, 2013). The engine can respond
to user queries provided in natural language text, with inferences implied by the given queries
according to the collective human knowledge. According to Levesque (2014), for every
schema, we need to think of people’s behavior as a natural phenomenon to be explained. In
this regard, we have shown that Wikisense utilizes the Websense engine’s logical inference
mechanism in order to tackle Winograd schemas. At the same time, the generated knowledge
file based on which the logical inferences are produced (see Table 3.1 in Chapter 3) can
explain Wikisense’s decisions, which is crucially important for developing Al systems
(Wooldridge, 2020).

For the Wikisense implementation and to strengthen its knowledge and reasoning abilities,
we focused on human knowledge and reasoning skills. We argued that when someone has to

figure out the meaning of a sentence to resolve pronouns or answer questions, they mainly
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focus on the sentence structure (Adger, 2019). In this regard, to train Wikisense to utilize
each sentence’s structure, we used two parsers in the field, spaCy, and the Stanford parser.
After Wikisense gains access to the English Wikipedia, via the two parsers and the Scene
Constructor component, it develops first-order semantic scenes —logical formulae, similar
to Prolog rules, which are like McCarthy’s vision for logic-based Al (Wooldridge, 2020).

It was shown that for any given Winograd half, a specified number of Wikipedia sentences
is acquired and transformed into semantic scenes. The sentence acquisition relates to specific
keywords produced through several methods, such as synonyms and antonyms that enhance
the whole process. Next, the semantic scenes are given as input to the Learner component to
building its knowledge. Afterward, Wikisense uses its inference mechanism to tackle the
examined halves.

All in all, our study provided an insight into how learning and reasoning through knowl-
edge acquisition can fruitfully interact towards pronoun resolution. Results showed that,

although there is still room for improvement, the Wikisense approach works well with respect
to the WSC.

7.1.2 Using the Winograd Schema Challenge as a CAPTCHA

Given the difficulties of the challenge and aiming to bring more Al research in the field,
in Chapter 4 we examined the task of utilizing the WSC as a novel form of CAPTCHA.
We have argued that state-of-the-art systems based on machine learning solve narrow WSC
subsets, side-stepping, from the main objective that every single half should tell us about
how humans behave. Given that we can always build more challenging Winograd schemas
(Cozman and Munhoz, 2020) with an infinite number of English sentences (Adger, 2019),
the WSC is an ongoing challenge that statistical solutions will not take up for years to come.

To lay a foundation for a WSC-based CAPTCHA, through a study we designed and
undertook, we compared how human performance, usability, and time needed for solving a
WSC-based CAPTCHA relates to how humans perform on other types of CAPTCHAs. To
design the study, we used a representative sample of various types of CAPTCHAs, including
ones based on text, images, and math, along with a WSC-based CAPTCHA service developed
from scratch.

Our findings indicate that WSC-based CAPTCHASs are not only justified in terms of
their acceptability by human users, but they are generally faster, easier to solve, and equally
entertaining as the most typical existing CAPTCHA tasks. In this regard, WSC-based
CAPTCHAs might encourage researchers of various disciplines to work on actually trying
to solve the WSC and perhaps, in the process, help build machines able to reason with
commonsense knowledge.
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7.1.3 Metrics of Hardness to Differentiate Between Winograd Instances

Given that not all Winograd schemas are equally easy or hard for humans, in Chapter 5,
we argued that predicting their hardness index is an interesting task. First, Bender (2015),
who established a human baseline for the WSC, argued that future Winograd challenges
should have humans evaluate the schemas upon designing, as not all schemas have the
same perceived hardness for humans. On a second front, having access to a tool that could
potentially parse schemas to output their perceived human hardness index could be used to
make sure that a WSC-based CAPTCHA service displays harder schemas to solve in the
case of possible fraudulent actions.

In this regard, two different approaches have been proposed to output the perceived

human hardness indexes of Winograd instances.

The Wikisense-based Approach

In the first approach, we have shown how the performance of an automated approach
correlates positively with human performance, suggesting that the performance of that
particular approach could be used as a metric of hardness for WSC instances.

In support of the claim that the automated approach varies across WSC instances in a
manner analogous to human performance, we presented evidence from two studies. The
first refers to Bender’s study, which involves adult native speakers, while the second study
was designed as part of this work and involves non-native teenage speakers. Regarding the
human performance data, we determined the human hardness index of a WSC instance as
the percentage of people from a certain group that resolved it incorrectly.

For the automated approach, we utilized Wikisense to design the Wikisense-based ap-
proach. Using the data from the two aforementioned studies, we examined whether the
performance of the Wikisense system could be predictive of the hardness of WSC instances
for humans. As a baseline, we compared the system’s predictive ability against other
coreference resolution systems, the Stanford CoreNLP (Manning et al., 2014) and the Illinois-
Coreference-Resolver (Bengtson and Roth, 2008; Peng et al., 2015). Results showed that the
performance of the Wikisense-based approach varies across WSC instances in a manner that
resembles the variability of the human performance more closely than what other systems

achieve.

The WinoReg Approach

Given that machine learning approaches are excellent at correlation tasks (Marcus and Davis,
2019; Mitchell, 2019; Wooldridge, 2020), in our second approach, we designed a system
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(WinoReg) that outputs the perceived hardness index of any Winograd half. This system was
designed to address the limitations of the Wikisense-based approach in order to deliver faster,
more accurate results. For this purpose, we developed WinoReg to work within two different
modes, namely the random forest (WinoReg_RF) and the deep learning (WinoReg_DL)
mode.

WinoReg_RF proceeds by first training a regression model based on the random forest
algorithm and then using the learned model for faster computation during its deployment.
Features provided as input to the system came from several works in the literature that we
re-implemented as needed. To train WinoReg_REF, we used features from various components
that relate to each examined WSC instance. In this regard, we used features that directly relate
to semantic relations or the sentence pattern of each examined half. Next, using the data from
Bender’s work, we examined whether the performance of the WinoReg_RF system could be
predictive of the WSC instance hardness for humans. Results showed that WinoReg_RF is
more useful for achieving faster and better accuracy on the hardness of Winograd instances.

Regarding the WinoReg_DL approach, we showed how we could train our system using
deep learning, an extremely valuable tool for correlation tasks. Given that deep learning
killed feature engineering, which is time-consuming (Socher et al., 2012), we have shown
that via deep learning we could achieve better and faster results than our previously used
methods.

7.1.4 Designing new Winograd Instances from Scratch

The development of schemas is a challenging task, requiring inspiration, creativity, and
motivation (Morgenstern et al., 2016). Moreover, tackling the challenge would likely require
access to a sufficiently rich set of Winograd schemas, which are currently limited in their
number and too cumbersome to create manually. In order to address these limitations, in
Chapter 6, we proposed two different approaches, a crowdsourced-based and a machine-
driven approach.

The WinoFlexi Approach

In the first approach, we presented WinoFlexi, a flexible online collaboration system that
allows members of crowdsourcing platforms to collaborate on the development of Winograd
schemas from scratch. WinoFlexi uses a combination of tools to enhance the schema-
development process. We showed that crowdsourced workers could contribute to the de-
velopment of schemas or evaluate their quality. In this regard, we showed that WinoFlexi
utilizes various quality mechanisms to ensure the quality of the developed schemas.
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To test the quality of the developed schemas, we used three well-known coreference
resolution systems. The comparison of the results showed that the three systems’ performance
in the WinoFlexi-library is analogous to their performance in the original WSC__ library.
Additionally, we compared the hardness indexes of the WinoFlexi dataset to that of the
original WSC_ dataset, where our results showed the two sets to have comparable average
hardness indexes. Taken altogether, we have shown that even though our workers were not
initially familiar with the schema development process, through WinoFlexi’s mechanisms,
they were trained to design schemas similar to that of experts. Furthermore, according to
comments received, certain workers found the development of schemas enjoyable, and were
motivated at the same time by intrinsic incentives like amusement and curiosity for new
knowledge.

The Winventor Approach

In the second approach, we developed Winventor, a machine-driven system that blends
the advantages of deep learning and NLP. We have shown that Winventor can develop
Winograd instances automatically (schemas or halves) and considerably help humans in the
development task.

We started with the NLP approach, which uses various NLP tools to build Winograd
instances from scratch. Given an English sentence, it searches for the definite pronoun and
the pronoun targets based on the semantic analysis of its text. Given that, for any sentence,
we can have various pairs of pronoun targets that meet certain criteria, it uses some predefined
filters in order to rank each pronoun-target appropriateness. Then, through the Heilman and
Smith (2009) question generator, it generates questions to build schemas/halves.

We continued with the deep learning approach, based on which three models were built.
To that end, we trained a sentence, a definite pronoun, and a pronoun-target model, all of
which are applied to each examined sentence to build Winograd schemas/halves. To increase
the training dataset, we employed a data synthesis/augmentation procedure. As before,
we used the Heilman and Smith (2009) question generator to generate questions to build
schemas/halves.

Finally, we introduced the Blended approach, which combines NLP and deep learning
more efficiently and effectively to develop schemas/halves. In other words, we replaced
the pronoun-target model of the deep learning approach with the pronoun target selection
process of the NLP approach.

To evaluate Winventor, we undertook experiments related to replicating and developing
new Winograd schemas/halves from scratch and helping humans in the schema development

process. The results showed that Winventor seems to motivate and inspire participants
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to develop richer and more diverse halves in the shortest time possible. Comparing the
three approaches results showed that the pronoun-targets model thwarts the deep learning
approach’s full potential, directly related to the challenge difficulties. Overall, the Blended
approach provided better results than the NLP approach.

All in all, results showed that Winventor could be used within two different approaches: 1)
the pure NLP approach, which provides a limited number of schemas/halves, albeit with mul-
tiple variations, 2) the blended approach, which provides a larger number of schemas/halves,
albeit one for every single sentence. Of course, given that the schema development process is
a troublesome and tedious task, we argued that Winventor does not purport to replicate the
thought process of humans in the development of schemas but to help them in this challenging

task considerably.

7.2 Future Work

The fact that many researchers from different parts of the world are interested in the WSC
shows how significant the challenge is. However, the means behind the WSC make it
challenging and troublesome, meaning that we are nowhere close to understanding and
implementing the unfolding human mechanisms when tackling Winograd instances. We
believe that work on different aspects of the WSC, like this thesis, will bring us closer towards
the building of machines able to reason with commonsense knowledge. Below, we present
future research directions regarding tackling, utilizing, and developing Winograd Instances

from scratch.

7.2.1 Tackling the WSC with Logical Inferences

Although with Wikisense, we provided an insight into how learning and reasoning through
knowledge acquisition could fruitfully interact for pronoun resolution, concerning the WSC,
there is still room for improvement. Researchers could build on this work to enhance its
capabilities. Future possible tasks for performance improvement may include implementing a
better keyword-generator, which might lead to the acquisition of richer knowledge to benefit
the system’s commonsense reasoning ability. Furthermore, maybe Wikipedia’s substitution
with another knowledge resource might help the acquisition of richer knowledge. In this
line of research, one could also combine multiple knowledge resources to build a knowledge
aggregation mechanism that could offer better results.

Moreover, future research recommendations involve studying possible enhancements

of Wikisense’s commonsense reasoning abilities. Recall that for any given Winograd half,
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Learner is rebuilding the acquired knowledge from the ground up. In this regard, learn-
ing through chaining might accelerate the Reasoners’ prediction performance because the
Learner’s knowledge will be more comprehensive than without chaining. Furthermore, for
any given half, Wikisense will use the previously acquired accumulated knowledge learned
until that specific moment, which might help break down a more complex task into a se-
quence of simpler interconnected steps. For instance, the necessary knowledge for tackling a
Winograd half might be found in the accumulated knowledge used to tackle previously seen
halves.

Furthermore, given that humans do not reason with first-order logic but other frameworks,
such as mental models or argumentation, it might be useful to apply those frameworks to
bring Wikisense closer to Explainable Al (XAI), and make it more transparent. XAl refers
to making something clear or justifying an action or a belief as a new way to transparency,
hopefully as a way to heighten accountability (Edwards and Veale, 2017). In regards to
XAl it is believed there are four kinds of systems: opaque, interpretable, comprehensible,
and truly-explainable systems (Doran et al., 2017). Opaque systems are the well-known
black-boxes that do not explain their decisions. Interpretable systems are those where users
can mathematically analyze the mechanism behind their decisions. Comprehensible systems
through symbols enable evidence of how a decision is made or a conclusion reached. Finally,
truly-explainable systems refer to the optimal goal, meaning systems that can explain their
decision-making process using a human-like form of reasoning (Doran et al., 2017).

Based on the categories above, Wikisense is somewhere between an interpretable and a
comprehensible system that needs to be moved nearer to the “right side of the spectrum”. To
do that, we might need to focus on argumentation, which is how humans justify or cancel a
decision they previously made. Argumentation aims to give reasons to conclusions, as it can
be seen as the process of providing possible explanations to given observations (Kakas and
Michael, 2020). Therefore, before designing new systems, it is better to make sure that we
know what human needs are. Of course, being able to explain is not a simple task, as humans
think “out of the box”, meaning that machines handle explicit knowledge better than implicit
knowledge (Rutjes et al., 2019).

According to Kakas et al. (2016), “argumentation logic”, a proposed framework that
is closer to natural human reasoning than classical logic, can be used to combine human
and automated reasoning of machines. Similarly, work from the literature has demonstrated
that it might be possible to address this need through a first-order argumentation framework,
which could be implemented as a decision support system to help humans analyze conflicting
first-order information (Besnard and Hunter, 2005). In this regard, Wikisense’s learner and

reasoner could be easily modified with an open-ended dialectic process of argumentation,
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attuned to human reasoning (Kakas et al., 2016). This framework could be used to give a
different meaning to symbolic knowledge having at the same time the flexibility of human
reasoning. Moreover, in the sense of XAl, this new framework could be used for the
construction of acceptable arguments in an attempt to support Wikisense’s conclusions on

given WSC instances.

7.2.2 Using the Winograd Schema Challenge as a CAPTCHA

Regarding the WSC-based CAPTCHA, although designing good CAPTCHAs is a tedious
task, we expect this work to be a good starting point for the future design of these kinds
of CAPTCHAs. Therefore, we would encourage researchers to register and utilize our
WSC-based CAPTCHA! service in their labs or personal web pages in order to prevent
bots from performing fraudulent actions. We believe that this will encourage researchers of
various disciplines to work on the WSC and perhaps, in the process, help build machines
able to reason with commonsense knowledge.

One could consider specific extensions to strengthen the security level of WSC-based
CAPTCHAs without sacrificing their ease of use. For example, to prevent automated bots
from performing illicit and fraudulent actions, one could require the correct resolving of
a specified number of halves in a row, with an additional banning and blocking of IP
addresses that might repeatedly try random answers to pass these kinds of CAPTCHA:s.
Furthermore, like within the Google reCAPTCHA, one could use various techniques (e.g.,
mouse movement) to display the WSC-based CAPTCHA only when they suspect possible
fraudulent actions. This will also increase the human acceptability rate, encouraging at the

same time more researchers to work on the problem.

7.2.3 Metrics of Hardness to Differentiate Between Winograd Instances

Systems like WinoReg and the Wikisense-based approach can be used by researchers or
challenge organizers to group schemas regarding their perceived human hardness indexes.
Moreover, they could be integrated into CAPTCHA services to ensure that the generated
schemas are not overly demanding for human users and in systems that pursue the develop-
ment of Winograd schemas from scratch to ensure that various schemas would be developed.
Finally, we suggest that future studies examine the impact of systems like WinoReg and the
Wikisense-based approach in other Al fields. For example, in machine translation, they could
be used to identify sentences that are harder to translate to acquire better feedback from

people. In this regard, our developed systems can help with the problem many translation

'http://cognition.ouc.ac.cy/ws_builder
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services face, regarding the focus of their attention to making end-users aware of the quality
(Specia et al., 2009).

7.2.4 Designing new Winograd Instances from Scratch

Regarding the development of new Winograd instances from scratch, among possible di-
rections for future research of interest would be the automation of parts of the schema
development and validation process without taking humans out of the loop. According to
the literature, human-machine cooperation (HCM) (Hoc, 2000) is necessary to introduce
new stakes, which was done a long time ago with human-computer interaction. On the
one hand, machines could provide autonomous agents for different tasks, and, on the other
hand, humans control the activity with the optimum goal to produce better outcomes (Gil
et al., 2019; Hoc, 2000). Furthermore, by amplifying human and machine intelligence,
we can address some of their weaknesses (Vandenhof, 2019). In this regard, Winventor’s
schemas could be offered to the WinoFlexi for further processing and validation, leading
to an interaction that would amplify human and machine intelligence by combining their
complementary strengths. This human-machine teaming up might yield a more diverse set of
schemas, expanding at the same time the creativity of crowdworkers. Moreover, inspired by
having humans and machines act as associates, rather than supervisors and tools, we could
bring the schema development process into a new era, where both humans and machines are

evolving from supervisors and assistants to associates (de Visser et al., 2018).

7.3 Discussion

Given that, in this thesis, we have implemented a system that is based on commonsense
reasoning, and at the same time, we have used machine learning to both develop and
differentiate between Winograd instances, here, let us do our best to explain how we could
potentially combine them into a new powerful system to take on the challenge.

On the one hand, we have commonsense reasoning that covers the traditional classical
Al and, on the other hand, we have machine learning (e.g., deep learning), the backbone
of modern Al (Wooldridge, 2020). As we have previously seen, classical Al and machine
learning have both positives and negatives. Each of these approaches has had success in
specific areas. However, both have limitations in achieving AI’s long-term goal of endowing
machines with commonsense reasoning abilities, like those found in humans (Mitchell,
2019).
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Take, for example, classical AI. The 1970s MYCIN expert system (Shortliffe and
Buchanan, 1975), one of the most celebrated expert systems of the period, intended to
be a doctor’s assistant in providing advice about blood diseases (Mitchell, 2019; Wooldridge,
2020). MYCIN was able to come up with a diagnosis by combining logic and probabilistic
reasoning, explaining at the same time its reasoning process, which is essential for appli-
cations of Al. To handle uncertainty, MYCIN used certainty factors (Wooldridge, 2020),
which is something similar to what Wikisense’s Learner uses. In the same regard, systems
like DENDRAL (Feigenbaum et al., 1970), a chemical-analysis expert system, or XCON/RI
(McDermott, 1980), a production-rule-based system for ordering computer components,
attracted at the same time much interest in the Al community. A problem those systems faced
relates to the fact that we cannot always use simple written rules to capture the knowledge of
complex environments or handle environments that change over time (Wooldridge, 2020).

Furthermore, rule-based systems do not seem to handle incomplete knowledge very well.
Rules written by humans heavily rely on subconscious knowledge, which programmed rules
cannot easily capture. This is something that other classical Al systems are also faced with.
For instance, systems like ConceptNet, where humans build knowledge bases consisting
of written rules about the world, do not seem to work in various cases. For example, rules
that are made up based on intuition, when applied to complex scenarios, can lead to absurd
outcomes. According to Mitchell (2019), if we are not consciously aware of knowing
something, how can we form a rule to teach it to a computer. In short, it is not an easy task
to get experts to formulate what they know in a hyper-precise way that computers require,
meaning that it is a mystery of how we could do this.

On the other hand, let us take deep learning. If we give it large amounts of training
data and substantial computational resources, the results are great. There are numerous
challenges that, although classical Al systems cannot handle (e.g., we do not know how to
specify certain rules), can be easily tackled by deep learning techniques —e.g., the ImageNet
competition (Deng et al., 2009). Of course, as we saw in previous Chapters, although these
kinds of systems can produce great results, they do not comprehend the meaning of what
we ask them (Mitchell, 2019). Their computational innards are so complex that no one
completely understands how they work (Adger, 2019). At the same time, they also miss
compositionality (Adger, 2019; Marcus and Davis, 2019), meaning they have no obvious
ways of performing logical inferences.

According to Marcus and Davis (2019), we cannot get to the moon by climbing taller
trees successively, as there are no silver bullets. In this regard, we must combine the two
methods into building hybrid systems that will use the best of the two worlds in ways we

have yet to discover —like the Blended approach in the previous Chapter, which provided the
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best results. For example, parts of the brain might seem to do something like deep learning,
but other areas seem to operate at a much higher level of abstraction (Marcus, 2018). For
another, we know that humans blend multiple information sources when reasoning about
future outcomes (Téglds et al., 2011). In this regard, building hybrid systems might get us
closer to the long-term goal of AGI, though this is not going to be an easy task.

To that end, we might need to find ways to interpret machine learning decisions in order
to supply them as rules into logic-based systems. As we have previously seen, tackling a
Winograd half, without explaining why, is not the solution to the problem. On the other
hand, drawing inferences in the form of written rules from any machine learning technique
would arguably help us trust the model’s prediction. The upshot of a complete commonsense
reasoner would be remarkable for the Al community, albeit this gain may only be recognized
once a significant part of the outcome has been developed (Davis and Marcus, 2015).

Finally, let us close this thesis by saying that the complete solution of the WSC will take
time. As one of the Al pioneers, Marvin Minsky, said, “easy things for humans are hard
for machines”. The fact that we as humans unconsciously sense the abstract structure of
sentences when we hear them gives us no easy solution to transfer that ability to machines.
Years ago, previous works demonstrated, that in order to achieve pronoun resolution one had
to be able to do everything else, and that once everything else is done, pronoun resolution
will come freely and automatically (Hobbs, 1978). We hope that our work will positively
contribute to this task. Through other future extensions and the cooperation with other
researchers, maybe one day the solution of the WSC will come freely and automatically.
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