RESOLUTION OF TURKISH SCALAR IMPLICATURES

BY LARGE LANGUAGE MODELS

MUSTAFA KURSAT HALAT

BOGAZICI UNIVERSITY

2024



RESOLUTION OF TURKISH SCALAR IMPLICATURES

BY LARGE LANGUAGE MODELS

Thesis submitted to the
Institute for Graduate Studies in Social Sciences

in partial fulfillment of the requirements for the degree of

Master of Arts
in

Linguistics

by

Mustafa Kiirsat Halat

Bogazici University

2024



Resolution of Turkish Scalar Implicatures by Large Language Models

This thesis of Mustafa Kiirsat Halat

has been approved by:

Assist. Prof. Umit Atlamaz

(Thesis Advisor)

Assist. Prof. Omer Demirok

Prof. Hiiseyin Cem Bozsahin

(External Member)

June 2024



DECLARATION OF ORIGINALITY

I, Mustafa Kiirsat Halat, certify that

e [ am the sole author of this thesis and that I have fully acknowledged and
documented in my thesis all sources of ideas and words, including digital
resources, which have been produced or published by another person or
institution;

o this thesis contains no material that has been submitted or accepted for a
degree or diploma in any other educational institution;

o this is a true copy of the thesis approved by my advisor and thesis committee

at Bogazi¢i University, including final revisions required by them.

Signature: ............ocooeeennnl.

Date: oo



ABSTRACT

Resolution of Turkish Scalar Implicatures by Large Language Models

As for a scalar pair consisting of a weaker term and a stronger term, scalar
implicatures are the pragmatic inferences drawn when the use of the weaker term
denotes the negation of the stronger term. This study investigates the pragmatic
capabilities of Large Language Models (LLM) in the resolution of scalar
implicatures. As part of the study, a Natural Language Inference (NLI) dataset in
Turkish, ImplicaTR, was developed, which is a four-class NLI dataset that enriches
the conventional entailment-neutral-contradiction classification with a new class,
implicature. With a total of 2,340 sets of sentences spanning five different linguistics
categories, ImplicaTR has a size of 20,340 rows. Two experiments were conducted
on ImplicaTR. In Experiment 1, various BERT models and generative models such
as Gemma, Llama-2, and Mistral were inspected on pragmatic reasoning, and we
found that LLMs can reason about scalar inferences with an accuracy over 98% on
test dataset. As a result, we obtained an NLI model that does more fine-grained
analysis. In Experiment 2, we carried out a linguistic inquiry within an ablation study
to reveal the factors influencing the entailment and implicature resolution of the
models. Our findings showed that the frequency of individual scalar items is
positively correlated with the model’s ability to resolve the pragmatic inferences.
From the linguistic perspective, our study demonstrated that scalar reasoning is not
solely a pragmatic process nor a lexical one; both mechanisms seem to play a role in

implicature inferencing.
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OZET

Tirkcgedeki Skaler Sezdirimlerin Biiyiik Dil Modelleri tarafindan C6ziimlenmesi

Skaler sezdirimler, bir zayif terim ve bir giiclii terimden olusan bir skaler ¢ifti i¢in
zayif terim kullaniminin gii¢lii terimin dogrulugunun reddini ifade ettigi edimsel
cikarimlardir. Bu ¢alismada biiyiik dil modellerinin (LLM) skaler sezdirim
¢Oziimlenmesindeki yetenekleri aragtirilmaktadir. Calismanin bir pargasi olarak
Dogal Dil Cikarimi’ndaki (NLI) geleneksel gerektirim-notr-geliski siniflarina
sezdirim sinifin1 ekleyerek dort sinifli bir siniflandirma sunan Tiirk¢e NLI veri seti
ImplicaTR gelistirilmistir. Bes farkl: dilbilimsel kategori i¢eren toplamda 2.340
ctimle kiimesinden olusan ImplicaTR 20.340 veri satirina sahip olup bu ¢aligmada bu
veri seti lizerinde iki deney yapilmistir. Deney 1°’de BERT modelleri ve Gemma,
Llama-2 ve Mistral gibi iiretici modellerin skaler sezdirim muhakemeleri incelenmis
ve test veri seti lizerindeki 98% dogruluk orani ile bu modellerin edimsel muhakeme
yapabildigi gosterilmistir. Bu deney sonucunda daha detayli analiz yapabilen bir NLI
modeli elde edilmistir. Deney 2’de modellerin gerektirim ve sezdirim yeteneklerine
etki eden faktorleri ortaya ¢ikarmaya yonelik olarak ablasyon deneyi igerisinde
dilbilimsel tahkikat yapilmistir. Deney sonuglarina gore tekil skaler terimlerin
derlemdeki sikliklarinin dil modelinin edimsel ¢ikarim ¢éziimlemesiyle pozitif
korelasyon gosterdigi goriilmiistiir. Dilbilimsel agidan bu ¢alisma, skaler
muhakemenin sadece edimsel veya sozliiksel bir siire¢ olmadigini ve iki

mekanizmanin da sezdirim ¢ikariminda rol oynadigini ortaya koymustur.
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CHAPTER 1

INTRODUCTION

What we mean consists of two components: what we say and what we refrain from
saying. We do not know for sure why we refrain, but we have formalized the second
component within pragmatics with the exceptional work of Paul Grice,
conversational maxims and implicatures. Conversational maxims are the maxims that
any conversation between humans obeys if it is a cooperative conversation. An
outcome of this line of work is the implicatures, those unuttered sentences that the
other party infers from what is said.

This thesis investigates a specific type of implicatures: scalar implicatures.
Scalar implicatures arise when the hearer believes that the speaker uttered a sentence
because any alternative sentence with a more intense meaning is not true. When
Andy tells his friend Jack that he saw some of the new Star Wars movie, Andy also
conveys that he did not see all of the movie so that they can watch it together. The
quantifiers some and all establish a pair here that we call a scale, which gives rise to
a scalar inference.

As interesting as the implicatures are for human conversation, they are
equally intriguing for machines. This thesis investigates the scalar implicatures in the
realm of Natural Language Inference (NLI). It has been shown that Large Language
Models (LLM) can perform pragmatic reasoning over many different linguistic
phenomena (Yu et al., 2023). An investigation of the implicature reasoning of LLMs
would reveal how they comprehend the implicature relationships. Conversely,

implicatures are often subject to discussion in linguistics due to their complex nature



that relates to both semantics and pragmatics. Such a study can shed light on the
nature of this debate from the computational perspective.

As the product of this study, we developed ImplicaTR, a Turkish NLI dataset
specifically constructed for scalar implicature inferences. For ImplicaTR, we first
developed base sets of sentences consisting of quadruplets of sentences:

e A sentence denoting the affirmation of the weaker term of a scalar pair,

e A sentence denoting the affirmation of the stronger term,

e A sentence denoting the negation of the weaker term,

¢ And a sentence denoting the negation of the stronger term.

We created the premise-hypothesis pairs by combining them with the help of
the Square of Opposition (Horn, 2006a). We included the conventional NLI classes
and a novel implicature class amounting to a four-way classification task: entailment,
neutral, contradiction, and implicature. ImplicaTR was systematically created to
include several linguistic categories for linguistic inquiry. ImplicaTR is vitally
significant in both NLI research and Turkish Natural Language Processing (NLP).
There are few scalar implicature datasets even including English, while the existing
Turkish NLI datasets are either small or of relatively poor quality, mainly due to the
fact that they are machine translations of large English datasets and do not undergo
subsequent checks. ImplicaTR fills the gap in both fields and offers opportunities for
further research.

The structure of the thesis is as follows: Chapter 2 reviews the literature for
every aspect of the study, including the Gricean framework, scalar implicatures, and
the NLI research. We first look into the very basis of implicatures: the Gricean

framework. Then, we elaborate on the scalar implicatures within the Gricean theories



and discuss the localist-globalist arguments. The literature of NLI research and how
scalar implicatures are treated in NLI is the last section of this chapter.

Chapter 3 is about ImplicaTR, the Turkish NLI dataset that features the
implicature class. The technical details in dataset creation are touched upon before
detailing the structure of the dataset. Scales and scalar pairs, which are the
fundamental building blocks of the dataset, are clarified regarding how we treat them
in data generation. We also discuss the base ImplicaTR, which has the four sentence
types along with implicature tests. Finally, we will amplify how the linguistic
categories are selected for the dataset and what their intricate structures are.

The following two chapters cover the experiments. In Chapter 4, ImplicaTR
is used to train various LLMs to show how models perform against implicature data.
Specifically, three BERT models are trained and evaluated first; subsequently, we
look at how several generative models perform with the same dataset. In Chapter 5,
we do an ablation study, where some linguistic categories are removed from the
training set and subsequently tested. We analyze how generalizable the scalar
implicature reasoning is by employing this method for each linguistic category.
Another model is trained with a training procedure where some scalar pairs are
lacking in order to see how the model generalizes its reasoning within the same
linguistic category. We will then look into the detailed analysis of predictions given
by each model and continue with a feature analysis, where we examine how the
linguistic structure affects the model performance. This chapter is finalized with four
small experiments that are conducted through limited manipulations within
ImplicaTR. Lastly, in the last chapter, we discuss the general results and reflect our

concluding remarks before shedding some light on further research.



CHAPTER 2

LITERATURE REVIEW

This chapter aims to introduce the implicatures within Grice’s work and inspect
various implicature types discussed in the literature. Then, the scalar implicatures are
founded on the grounds of these implicatures and are elaborated on. Finally, this
chapter concludes with the complementary part of this study, Natural Language

Inference (NLI), in terms of its methods and significance for the study.

2.1 Implicatures within the Gricean framework

The meaning of an utterance has been the topic of excessive debate within semantics
and pragmatics, contributing especially to the semantics-pragmatics interface.
Specifically, whether the utterance of a sentence is the literal meaning of the
proposition denoted by the sentence or there are other layers of meaning behind a
sole utterance has been a long-standing discussion in philosophy and linguistics. In
this field of work, Paul Grice has been thought by many to be the pioneer of the job
achieved. He put forward the Conversational Maxims that are obeyed in conversation
and proposed the concept of implicatures, which are the meaning not conveyed in
what is said but conveyed in what is implicated (Grice, 1975).

Within the Gricean framework, implicatures are mainly classified into two
types: conventional and conversational, which stem from different sources.
Conventional implicatures are not based on conversational maxims, and they occur
“conventionally” with the use of certain implicature-raising lexemes. Such an
implicature is context-independent, so the utterance of the same sentence in any

context will cause the same implicature. In sentence (1), the use of the word but



gives rise to an implicature: “There is a negative correlation between being poor and
being happy.” (Gazdar, 1983).

(1) Emily is poor but happy.

Conventional implicatures cannot be canceled if they are ever implicated by
an utterance. So, a sentence such as “She is poor but happy; however, I do not
consider that being poor is negatively correlated with being happy” would sound odd
in the same context. However, such an implicature is detachable (Horn, 2006a).
Being detachable signifies that the truth-conditional sentence can be formed in the
same context without arising the same implicature. Thus, the sentence “Emily is poor
and happy” carries the same truth-conditional value as (1) but does not raise the
implicature mentioned (Culpeper & Haugh, 2014).

On the other hand, conversational implicatures are context-dependent in that
the particular implicature may arise in a given context with the given utterance, while
it will not in different contexts with the same utterance. The example taken from
Horn (2006a) shows how such an implicature arises. Here, (2b) is a potential
implicature of the first sentence in that the speaker might actually mean (2b) by
stating how good her personality is.

(2)  a. She has a good personality.

b. She’s not that attractive.

Unlike conventional implicatures, conversational implicatures can be
canceled with further sentences and contexts. Therefore, as the sentence “She has a
good personality, and she is really beautiful” does not result in any incorrect or odd
meaning, (2b) can be regarded as a conversational implicature. Unlike conventional
implicatures, which are detachable, conversational implicatures are not detachable

from the utterance. This is to say that if a particular implicature arises from a



sentence, that implicature will always arise by means of the sentences with the literal
meaning and truth-conditional value in the same context. Consequently, it is seen that
the conventional implicatures are non-cancelable and detachable, whereas
conversational ones are cancelable but non-detachable.

Grice makes a further distinction between conversational implicatures:
particularized conversational implicatures and generalized conversational
implicatures. The example in (2a) is an exemplar of the particularized ones. This type
of implicature is quite dependent on the context in which the first sentence is uttered,
and the hearer must have this contextual information to infer the implicature. On the
other hand, generalized conversational implicatures do not depend on contextual
knowledge as much, and a similar implicature arises in many different contexts. Here
is an example of such a generalized conversational implicature taken by Horn
(2006a):

(3)  a. The cat is either in the hamper or under the bed.

b. I don’t know for a fact that the cat is under the bed.

Upon the utterance of the sentence (3a), the implicature in (3b) can be
inferred without any prior knowledge regarding the context. Unlike particularized
conversational implicatures, generalized ones can arise in any context with the same
utterance, which makes us conclude that the difference between the two is the prior
knowledge about context.

The following section introduces the scales and scalar implicatures and
discusses the position of scalar implicatures as a type of generalized conversational

implicatures.



2.2 Scalar implicatures

Scalar implicatures have been examined in the literature from a pragmatic point of
view starting from Grice’s framework of cooperative principle and implicatures, as
we have discussed so far (Grice, 1975). As the pragmatic view fails to account for
some cases where scalar implicatures do not seem to stem from the cooperative
principle, different approaches have been proposed to govern (thoroughly or at least
partially) how scalar implicatures arise (Chierchia, 2004; Levinson, 2000). As we
will go through in this chapter, any framework or school of thought is likely to fail
while explaining the whole phenomenon, which is an indication that the subject of
scalar implicatures (or implicatures in general) is sailing between different lands,

specifically between pragmatics and semantics.

2.2.1 Scalars and Horn scales

Before constructing a basic explanation for scalar implicatures, let us look at the
scales and scalars. A scale (or a Horn scale) is a set of ordered words where the
words are sorted according to their semantic intensity (Horn, 1972). Such an example
would be the scale of <warm, hot>, where the first element of the set is a weak term
compared to the second element. In other words, the second element /ot is a word
stronger than warm in the context where they are related to each other (e.g., the
temperature of a room or a cup of coffee). When other meanings of the individual
words are at hand, the scale relationship between the two might not hold, which is
the case most of the time. The sense of sot, when it is used in sentences like We have
some hot topics to discuss, is clearly out of a scalar relation with warm. Adjectival

scales, in particular, are argued to have three aspects that create the basis for the



scalar relationship: degrees, dimension, and an ordering relation (Kennedy &
McNally, 2005).

One of the primary examples of scales is the scale of quantifiers some and all.
Following from logic, all is a term that is stronger than some in the dimension they
both share. Thus, a scale of the pair can be constructed as <some, all>. A scale can
be increased in the number of elements it has given that the relationship among them
still holds. In our case, a possible scale with three elements can be <some, many,
all>. An essential caveat while building the scales is that the stronger element must
entail the element(s) in the scale weaker than itself when the scale is positively
constructed. The sentences below are an example for the scale of <some, many,
all>:

(4)  a. Some people watched the show yesterday.

b. Many people watched the show yesterday.
c. All of the people watched the show yesterday.

In a context where (4c¢) is true, it is undoubtedly the case that (4b) is true as
well, which is also the case for (4a). Similarly, the existential some must hold
whenever we utter Many people watched the show. One problem with this definition
is the case of antonyms on the same scale, an apparent weakness of the system
(Horn, 1972). Intuitively, such a scale can include none, forming the scale of <none,
some, all>. This holds without a problem from a logical point of view with the
reasoning that some 1s a term with a more intense sense than none and al/l is similarly
the most intense of the three (Hirschberg, 1985). However, the condition that the
stronger terms in the scale must entail the weaker ones causes problems. Let us
adjust the sentences in (4) with the new scale:

(5)  a. None of the people watched the show yesterday.



b. Some people watched the show yesterday.
c. All of the people watched the show yesterday.

What one should expect from the sentences in (5) is that (5¢) should entail
(5b) and (5a), and (5b) should entail (5a). None (or no) refers to the non-existence of
something, whereas some is the exact opposite of none and means the existence of
something. In a sense, then, some comes to the meaning “not none”, which is
constructed by negation. As Hirschberg (1985) states, if we are to maintain that there
must be an entailment relationship between the scalar elements, then we have to
eliminate negative poles in the same scales to prevent the contradiction.

While the none and some case can be eliminated from the scene with the
assertion that they are each other’s negated versions, the issue is a bit more intricate
for other scales, such as adjectival scales. <pretty, beautiful> can be considered a
scale where beautiful entails its weaker version pretty. The same intuition above
might result in the fact that <ugly, pretty, beautiful> is another valid scale where the
intensity of each word increases to the right. To clarify why this triple might possibly
create a scale, imagine that someone is scoring people, unfortunately, according to
the features that each person has. A score of two out of ten might qualify as ugly,
while five is pretty, and nine is beautiful. Now, the very first intuition that beautiful
and ugly cannot be on the same scale is gone because the two terms are assembled on
a single line of numerals or on a single dimension (Kennedy, 2007). When examined
from the semantics of two words, they are clear antonyms. Being prettier will result
in being beautiful, while being uglier will never lead to a transformation into being
beautiful. However, gathering them together on the same line (0-10) might give rise

to the perception that ugly is a concept that differs from beautiful only by intensity.



A potential solution for this discrepancy might be the use of middle terms
with both sides of the pole rather than creating one single scale. Thus, we can create
the scales of <pretty, ugly> and <pretty, beautiful>, in both of which the intensity
increases going from left to right. One question here might be whether pretty and
ugly are in such a scalar relationship. In a potential context where beautiful examples
of something are elected, saying that something is pretty comes to the meaning that it
is not beautiful and even maybe ugly. Therefore, we can hold the scalar relationship
between the two elements while also preserving the entailment condition that Horn

(1972) proposes.

2.2.2 Structure of scalar implicatures
In the previous section, we have established the concept of scalars, which are the
basis of the scalar implicatures. Scalar implicatures arise when a speaker utters the
weaker element of the scale, and the hearer infers that the stronger element is not
true. Formally, a definition in (6) can be proposed for scalar implicatures (Russell,
2006; Van Rooij & Schulz, 2004):
(6) Given the scale <a, >, if Speaker A utters that o is true, Hearer B infers
that B is false under Grice’s maxims and the Cooperative Principle.
Acknowledging first the scale definition that the stronger element entails the
weaker one, the definition given in (6) is formed on the basis of Grice’s principle of
cooperativeness (Grice, 1989). The Hearer B must assume that Speaker A is in
cooperative communication and obeys the maxims. If so, B also assumes that A will
utter that f3 is true in any case where f is true. Upon hearing that A has said that a is

true, B will deem that it is not the case that 3 is true. In another sense, the utterance
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of the weaker item leads to the implication that the negated version of the stronger
item is true, again when the scalar items are not negated.

This approach towards scalar implicatures relates to the Maxim of Quantity
by Grice (Sauerland, 2012):

(7) The first Maxim of Quantity:

Make your contribution as informative as is required. (Grice, 1989)

Given the scale of <some, all>, it can be stated that a// is a word that is more
informative than the word some, thus stronger. In obeyance to the Gricean maxims,
the more informative alternative must be uttered where applicable when it is true. In
cases where this is not observed, an automatic conclusion would be that the more
informative alternative is unavailable in the particular context. Thus, quantity
implicatures also seem appropriate for defining those implicatures formed out of
scales, along with the term scalar implicatures (Horn, 2006a).

Additionally, it might be the case that the speaker lacks the information to
utter a more robust alternative, which would be another depiction of how a scalar
implicature is formed. This exemplifies a case where a scalar implicature emerges
based on the second maxim of quality (in (8)). In this case, the speaker might choose
to refrain from asserting the alternative a// as they lack information with respect to
whether it is true or not.

(8) The second maxim of quality:

Do not say that for which you lack evidence. (Grice, 1989)

To illustrate the case in Turkish, let us examine the case of the scale <bazi,

biitiin> (<some, all>):

(9)  a. Bazi miizeler kapatildi.
Some museums have been closed.

b. Biitlin miizeler kapatildi.
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All of the museums have been closed.

c. Biitlin miizeler kapatilmadi.
Not all of the museums have been closed.

Just like in English, bazi means the existence of something, while biitiin is a
stronger term in the same dimension. When the bidirectional relationship between the
two sentences is examined, (9b) entails (9a). On the other hand, the use of (9a)
creates the implication that (9b) is not true. More specifically, the use of (9a)

implicates (9c¢).

2.2.3 Scalar implicatures within generalized conversational implicatures

The positioning of scalar implicatures within the hierarchy of implicatures proposed
by Grice (1989) and later developed by Levinson (2000), among many others, seems
relatively clear among many different theories. The functioning of scalar
implicatures within a sentence or a discourse resembles how generalized
conversational implicatures work in similar contexts, which is why scalar
implicatures are classified within generalized conversational implicatures in general
(Potts, 2015). This tendency has also led scholars to examine the concept of scalar
implicatures by means of the general pragmatic theories that hold for implicatures in
general. These theories heavily depend on the context where the utterance is made,
thus warranting a pragmatic view towards the issue (Sperber & Wilson, 1995).
However, later developments have shown that the issue of scalar implicatures might
not be solely pragmatic and a semantic-based theory or even a grammaticist theory
(Chierchia et al., 2012) might be required. Theoretical and experimental work has
shown that any approach to the issue is likely to fail in a particular case, so a hybrid
theory might satisfy as many disputes as possible (Katsos & Cummins, 2010;

Sauerland, 2012).
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Before advancing with generalized implicatures, let us note again how
particularized conversational implicatures are constructed. Below is an example
taken from Carston (2004):

(10) a. Ann: Does Bill have a girlfriend these days?

b. Bob: He flies to New York every weekend.
c. Implicature: Bill (probably) has a girlfriend in New York.

The response that Bob gives Ann does not answer the question when the
semantics is taken into account solely. As the response does not have a yes/no
response in the first place, Ann will need to make some other processes to find out
what Bob actually said (compared to what has been uttered). Similar to the case with
generalized conversational implicatures and scalar implicatures, this response is not
in an entailment relationship with another form of response that is semantically
complete. This is to say that the response at (10b) is not obligated to mean either yes
or no to the question Ann asked. In either case, after uttering (10b), Bob has the
opportunity to state that Bill has a girlfriend or Bill does not have a girlfriend. This
signifies that, even if an inference whose semantic meaning is different from the
uttered version has been derived, the speaker has the chance to cancel it, which
actually makes this inference an implicature. As we do not depend on any lexical or
syntactic clue while deriving it, it can be named particularized conversational
implicature (Grice, 1989).

When the context arguably plays little to no role and it is some lexemes (or
some other syntactic structures) that automatically derive the implicatures, they are
called generalized conversational implicatures (Horn, 2006b). The example below

demonstrates a generalized conversational implicature (Carston, 2004):
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(11) a. Tim turned the key and the engine started.

b. GCI: Tim turned the key thereby causing the engine to start.

The semantic resolution of (11a) will generate a context where two different
actions happen: Tim turning the key and the engine starting. Any hearer will
probably consider that the reason why the engine started is because Tim turned the
key. This causal relationship is what the word provokes in the sentence, and it cannot
be proposed that the relationship is peculiar to the context of this sentence. When two
propositions are combined with the conjunction, the hearer is inclined to infer that
the second event is the result of the first, while this might not always be the case. As
(10c) can be eliminated from the meaning of (10a), a sentence such as Tim turned the
key, and the engine started; however, it was because of a short-circuit that will
cancel out the implicature in (11b).

With this example’s idea that we can cancel the implicature meaning, we can
consolidate the place of scalar implicatures within conversational implicatures.
Scalar implicatures are also subject to conversational implicatures of cancelability,
suspension, or re-enforceability (Potts, 2015). These properties have been used to test
if a particular inference is the implicature of a sentence or not (Capone, 2006;
Sauerland, 2012). These tests are critical in assigning the inference type of a sentence
as they have been shown to be quite reliable by the authors. The sentences below
exemplify a simple case of a test:

(12) a. Premise: Some of the students are here.

b. Implicature: Not all of the students are here.
c. Cancelation: Some of the students are here, even all of them.
d. Suspension: Some of the students are here, maybe all of them.

e. Reinforcement: Some of the students are here, but not all of them.

14



The scalar term some in the premise gives rise to the implicature stated in
(12b). As it is a conversational one, this implicature can be canceled by stating that
the stronger term is actually true as shown in (12c¢). In (12d), the speaker utters their
suspension regarding the truthfulness of the implicature raised. These two tests are
similar to each other in that they denote a suspension on the part of the speaker,
while one test is stronger than the other. Similarly, the fact that implicatures are not a
part of the semantic meaning can also be seen in the reinforcement test in (12¢).
Here, the implicature that all is not true, hence not all, is further reinforced with the
conjunction but without creating any problem in the sentence.

These tests can be considered evidence regarding the position of scalar
implicatures within the implicatures or Gricean framework. However, these
perspectives over scalar implicatures do not go without counterarguments that
question the place of scalar implicatures. This debate can be called the localists vs.

globalists dispute, which has its roots in how they are derived.

2.2.4 How scalar implicatures are derived: Localists vs. Globalists

The basic examples so far demonstrated how we derive scalar implicatures from
sentences as in the example (13) below, whose implicature would be John did not
watch all of the movies:

(13)  John watched some of the movies.

This implicature is Gricean in the sense that it is generated post-
propositionally, meaning that the pragmatic system assessed the whole proposition
before generating the implicature. A sentence such as (14), however, creates a
problem for this view:

(14) Emily believes that John watched some of the movies.
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Following the Gricean way (Geurts, 2009), we encounter an incorrect
implicature: The speaker believes it is not the case that Emily believes that John
watched some of the movies instead of Emily believes that John watched not all of
the movies. This discrepancy regarding the scalar implicatures created some lines of
work that deviated from the Gricean pragmatics. As Geurts (2009) states, some
diverged to some extent from the original Gricean proposal to account for such cases
(Chierchia, 2004; Landman, 2000; Levinson, 2000) while some others revised the
pragmatic view on the issue (Russell, 2006; Sauerland, 2012; Van Rooij & Schulz,
2004). As a result, we encounter several theories over the nature of implicature
derivation stemming from how scalar implicatures are derived in different contexts.

The approach towards the derivation of scalar implicature that has been
discussed here so far is generally in line with the globalist view (Lee, 2008).
Sauerland (2012) calls the basic globalist view as the pragmatic theory, though this
title might be used to refer to some other ideas in other contexts. According to the
globalist view or pragmatic theory, in implicature derivation, commonsense
reasoning plays the key role: depending on the Gricean maxims, the hearer
continuously analyzes the alternatives of an uttered sentence and makes conclusions
about why any specific alternative has not been said. The conclusions the hearer
makes are the scalar implicatures of that particular sentence. Globalists, as well as
those from other perspectives, recognize the existence of scales that are formed by
lexical items. When the weaker term is uttered, the pragmatic processing concludes
that the stronger term is either false, unknown, or something in a similar fashion,
which would be described by Gricean maxims.

This view is globalist in the sense that it needs entire speech acts to run the

reasoning process. This aspect has commenced debates over the applicability of
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assuming totally pragmatic causes in implicature derivation, as its inability to
generalize to other cases is shown in (14).

Several authors proposed a different line in implicature derivation, which is
known as the localist view (Chierchia, 2004; Levinson, 2000). This view argues that
pragmatic processing always happens when a scalar item is confronted, and the result
is always the same, that the stronger version of the scalar item is not true. Then, they
question the validity of additional and tiresome processing for scalars, instead of
which they propose that the result of this processing is saved and used afterward
every time the particular scalar item is encountered (Sauerland, 2012). Therefore,
scalar words are stored in the lexicon with their scalar meaning, and they are
activated every time when the scalar word is encountered. This is the reason why the
localist view can overcome the problems demonstrated in (14). Sauerland (2012)
proposes a hybrid they named pragmatic + lexical theory that accounts for the
shortcomings of both theories.

Among other theories, a relatively radical one is the grammatical theory,
which is even more divergent than the pragmatic principles (Chierchia et al., 2012;
Fox, 2007). According to this view, there are Exh (Exhaustivity) and O (Only)
operators that are responsible for implicature derivation. While it can predict both
local and global implicatures, Sauerland (2012) asserts that this view needs empirical
evidence since the previous theories rely on commonsense reasoning, unlike the
grammatical one. Moreover, a globalist and a harsh opponent of the grammatical
view Geurts (2009) finds this “unfortunate” perspective wrong and “pointless”,
stating that there is no need for any inclusion of syntax while pragmatics can account

for any case.
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Though not on the same line of discussion, a related proposal is defaultism,
which basically discusses that the upper-bounded meanings (some but not all) of
non-maximal scalar items (some) are the default ones (Breheny, 2019). According to
this view, generalized scalar implicatures (thus scalar implicatures) are generated
automatically without any effort because they are stored in the lexicon. What is
effortful is the cancelation of the derived implicatures. On the other hand,
particularized conversational implicatures, which are called ad hoc implicatures, are
derived with extra pragmatic processing. This view is seen generally hand in hand
with localism, thought they do not necessarily entail each other (Katsos & Cummins,
2012).

These theoretical developments have also been subject to different
experiments. As complex as the literature is, the experiments to test the diverse set of
theories are complicated, too. Some studies showed that the resolution of scalar
implicatures is not totally pragmatic (Papafragou & Musolino, 2003; Papafragou &
Schwarz, 2005). In a series of experiments done with children on numeral scalars,
numerals did not show ‘at least’ meaning in general, and children generally evaluated
it with the upper-bound ‘exact’ meaning. While there is a difference between
numerals and other scalar items, the role of semantics is shown in implicature
derivation. In another study, Shetreet et al. (2014) conducted an fMRI study on scalar
implicatures and found that the IFG (BA 47) area of the brain is involved in
implicature derivation. In previous studies, this area is linked to semantic processing
rather than pragmatic processing, which seems consistent with the grammatical
theory the most, as well as other theories to some extent.

While these studies do not rule out the inclusion of pragmatic processes in

scalar implicature derivation, some other studies argue a larger effect of pragmatic
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reasoning for implicatures. In a sentence verification task, participants judge
sentences as true or false depending on the implicature inferences they have (De
Neys & Schaeken, 2007). It was seen that implicature derivation is not automatic and
it is effortful, and participants were shown to use pragmatic reasoning more than
logical reasoning, which led them to correct answers. Huang and Snedeker (2009)
conducted an eye movement experiment and found that participants showed both
semantic and pragmatic reasoning, the latter causing more delay. Lastly, in
psycholinguistic research, Katsos (2005) conducted both offline and online judgment
and comprehension experiments. Their finding was that pragmatic reasoning is
highly used by the human parser in scalar implicature derivation. Consequently,
studies do not clearly favor any side in the debate, and further experiments are

needed.

2.3 Natural language inference (NLI)

Natural language inference can be defined as a classification problem where the task
is to infer the relationship between two propositions/sentences (Gubelmann et al.,
2023). These two sentences are mostly referred to as premise and hypothesis in the
literature, which are exemplified below:

(15) a. Premise: I saw the man entering the green house.

b. Hypothesis: The man entered a house.

The classes into which the inference between the premise and hypothesis is to
be classified are either entailment (if P is true, then H must be true as well in any
circumstance), contradiction (if P is true, H cannot be true under any circumstance),
and neutral (neither entailment nor contradiction). Because of this classification

structure, NLI is also viewed as Recognizing Textual Entailment (RTE) (Dagan et al.,
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2013; Poliak, 2020). Recognizing these inferences is an inevitable aspect of human
linguistic communication, which makes the field an indispensable part of other NLP
tasks and problems such as information retrieval, question answering,
summarization, or translation. In this regard, NLI becomes a multidisciplinary field
contributed to by logic and philosophy as well as NLP and linguistics (Korman et al.,
2018).

Yu et al. (2023) view NLI as part of a more general task called natural
language reasoning, for which they offer several definitions. Reasoning is something
more than a mere understanding of the text; it includes generating a new assertion
based on the given assertions. In addition, according to them, NLI has three main
entailment relationships in which the task is validating a paraphrase of the premise,
semantic understanding of compound sentences, or reasoning over the implicit
meaning within the premise. Thus, the task of inferencing the entailment relationship
involves comprehending the implicit meaning dimensions, such as pragmatics.

With the spread of Transformers (Vaswani et al., 2017) in the NLP realm, NLI
research has been mostly carried out with LLMs such as bidirectional models like
BERT (Devlin et al., 2019) or generative models like GPT (Radford et al., 2018). The
main reasons for this include the representation of language by these models in a
high-dimensional space, their ability to understand the implicit knowledge within the
text, and their ability to adapt many different tasks easily with few-shot or zero-shot
methods (Kojima et al., 2023; Yin et al., 2019; Yu et al., 2023). What Transformers
changed in NLP and in artificial intelligence research in general was the use of selt-
attention mechanism so effectively that the models then accomplished to retain much
larger spans of knowledge in their ‘attention’, which made them comprehend and

produce larger contexts.
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As a Transformer-based architecture, BERT was developed by implementing
a masked language modeling task. In this task, the sentences are given to the model
with a random word in it being masked. Then, the model predicts the masked word
by taking the left and right contexts of the masked word. Considering that words are
represented in high-dimensional spaces with word embeddings, BERT has been
extensively used in NLP research for its deeper understanding of the text at hand
(Cho et al., 2021).

A typical method in NLP workflows after Transformers has been to use the
pre-trained models in fine-tuning the task for downstream tasks. Called the pretrain-
finetune paradigm (Hupkes et al., 2023), this method offers the advantage of
employing the general language understanding of a model, obtained in the
pretraining phase through massive unsupervised learning on language, by
subsequently adjusting the weights according to the task at hand. Therefore, this
process includes cross-task generalization. This paradigm also offers a greater ability
to inquire about the linguistic capabilities of the model. It has been shown that the
weights learned during pretraining help BERT or other models to generalize better,

especially for linguistic data (Hao et al., 2019).

2.3.1 NLI datasets

Upon the proposal of the textual entailment paradigm (Glickman & Dagan, 2005),
where the truth of hypothesis 4 is inferred from the text ¢, various benchmarks were
proposed to assess this novel NLP task. Several datasets were gathered for
benchmarking with PASCAL, a challenge for textual entailment datasets (Dagan et

al., 2006). These datasets have two classes: entailment and not entailment. Those
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datasets that had been originally created with three classes were revised into two
classes by combining neutral and contradiction into a single not entailment class.

Later on, the SNLI dataset (Stanford Natural Language Inference) (Bowman
et al., 2015) was created for NLI research and can be considered the first large-scale
NLI dataset with its 570k data size. Generated via image captions, this dataset
involves three classes entailment, contradiction, and neutral. Crowdworkers are
given a premise sentence, for which they are requested to write a true description
sentence, a possibly true description sentence, and a definitely false description
sentence, which constitute the hypothesis part. However, SNLI has a narrow set of
styles and genres and may not be generalized to many different contexts.

A more advanced dataset is the MNLI (Multi Genre Natural Language
Inference) dataset (Williams et al., 2018), which consists of 433k of data in the same
vein as SNLI but covers more versatile genres and styles. Both MNLI and SNLI
were deductively created since the hypotheses are generated on the basis of
‘necessarily true or appropriate’ valid inferences when the premise is true
(Gubelmann et al., 2023). One of the problems with these datasets, in addition to
having narrow genres, is the fact that the labels can be predicted with certain
structures within hypotheses, such as negation for contradiction, superlatives for
neutral, or generic nouns for entailment (Gururangan et al., 2018). It was shown that
more than half of MNLI and around two third of SNLI can be correctly predicted
with these constructions inside hypotheses.

To escalate NLI benchmarking to different languages, XNLI (Cross-Lingual
Natural Language Inference Corpus) (Conneau et al., 2018) was created based on
MNLI. The resulting dataset covers 15 languages, including Turkish. A second NLI

dataset is NLI-TR (Budur et al., 2020), which would be the largest NLI dataset in
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Turkish. It both involves SNLI and MNLI, which were translated into Turkish by
Amazon Translate.

Pragmatics and implicatures are not represented in NLI research as much the
entailment relationships; nonetheless, it is still possible to find several datasets
featuring the implicature relationships. One such dataset is the Implicature dataset
created by George and Mamidi (2020). In this dataset, the implicatures are given
within a dialogue, unlike the previous datasets mentioned, where the label is the yes
or no answer given to the first question. All of the implicatures in this dataset are
examples of particularized conversational implicatures that are dependent on the
context they are in. In a similar fashion, BIG-Bench (Srivastava et al., 2022) is a
collection of datasets that includes fields ranging from child development to
linguistics. As a part of this effort, a dataset of implicatures is generated, where the
two-way dialogue involves a question about the particularized conversational
implicature.

Another dataset involving conversational implicatures is the GRICE dataset
for implicatures and conversational reasoning (Zheng et al., 2021). Authors use
automated grammar to create open dialogues that also involve questions regarding
each dialogue. As well as featuring contexts for the questions, this dataset is
significant in that it includes generalized and scalar implicatures as well as the
particularized ones. Jeretic et al. (2020) proposed the IMPPRESsive dataset that
included both presuppositions and implicatures. Implicatures in this dataset are all
scalar implicatures. In addition, they categorized the linguistic categories of the

scalar items to further investigate the differences between categories.
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2.3.2 Linguistic investigation with NLI

A number of NLP tasks have been used to investigate various linguistic phenomena,
and NLI is one of the most used tasks among these with its adaptability to many
different problems. Many subjects from syntax or semantics have been examined
under the NLI roof or with other tasks (see Poliak (2020) for a list of various
phenomena researched). Naik et al. (2018) carried out an extensive study on how the
labels in NLI are predicted by models and what factors affect the predictions. They
found that lexical similarity between premise and hypothesis is positively correlated
with the model predicting entailment for the sentence pair. In addition, in one of the
tests, one word from the premise is changed with its antonym and this new sentence
is used as a hypothesis; and the model predicts the inference between the two. It is
seen that the models overpredict the entailment label for these cases, which is
explained by the fact that the sentences are quite similar to each other with only one
word changing. The authors propose stress-tests to validate NLI datasets as they do
with MultiNLI (Williams et al., 2018).

In another study, where monotonicity and negative polarity items (NPI)
licensing is investigated, it is found that LLMs are successful in licensing the NPI
items in different environments (Jumelet et al., 2021). Moreover, they are shown to
process NPI items and monotonicity in similar manners in terms of the
representational cues they use while there is also a difference between the resolution
of environments with words from different parts of speech like adjectives or
determiners. This study is important in that it shows that the models have
generalization capabilities across different linguistic phenomena. In a similar study
by Kalouli et al. (2022), authors examine how models treat function words and

content words. Authors find that function words might not be captured well in terms
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of their semantics. Models are argued to get distracted when the words in the
sentence are semantically similar to each other, which in turn results in the fact that
function words are not grasped to a higher extent by the model.

Rather than simply feeding the input data and making the model infer on it,
other forms of inferencing have been suggested in the literature. In one of those
studies, where the inferencing is supervised with human explanations, the authors
found that the NLI models perform better with explanations (Stacey et al., 2022).
With this method, prediction for a specific class is accompanied with an explanation
over why the class can be or cannot be correct. They find that the words that receive
the most attention in explanations are nouns.

Although NLP and NLI research have been relatively extensive on the subject
of textual entailment, we see that pragmatics and implicature within NLI literature
are scarce. As discussed earlier, implicatures, specifically scalar implicatures, are
more granular comprehensions of the implicational relations among sentences, and
their study would yield better representations for the models. In one study, authors
question the LLMs in their capability to infer conversational implicatures (Kim et al.,
2023). The experiment is structured around chain-of-thought prompting, where the
inferencing is done step-by-step. This method explicitly demonstrates the inferential
reasoning to the model and the model is expected to use the same answering style
while labeling. They found that the chain-of-thought method increased the pragmatic
capabilities of the model, and the model performed quite well on the conversational
implicature dataset, even outperforming humans on the same task. Authors also
claimed that models can create the lacking background information in the premise-

hypothesis pairs by means of this method.
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Lastly, in another study, where scalar implicatures and presuppositions are
studied, authors found that models can perform pragmatic reasoning (Jeretic et al.,
2020). In this study, they investigated both presuppositions and scalar implicatures
by developing diagnostic datasets. One important point is that they categorized the
dataset into different parts of speech, namely verbs, connectives, numerals,
adjectives, modals, and determiners. This way, they were able to reveal whether
different categories are treated differently in pragmatic terms. They found that the
BERT model trained on MultiNLI was successful in reasoning over scalar
implicatures formed by some and all. However, they could not find significant
evidence to find out whether this is also the case for other categories or not. This can
be accounted for because other scalar items do not create contrast between
themselves with little to no change in the intensity in the meaning. As the authors
state, models treat most of the scales other than some-all as synonymous in their
study. Therefore, datasets that feature well-defined entailment and implicature
relationships along with highly acceptable scales are required for implicature

research within NLI.
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CHAPTER 3

DATASET: ImplicaTR

This chapter provides the details of ImplicaTR, a granular NLI dataset in Turkish that
is specifically designed for scalar implicatures. This dataset is an NLI dataset that
consists of the conventional entailment, neutral, and contradiction classes, on top of
which the current study adds another class of inference: implicature. Each row in the
dataset includes a premise sentence and a hypothesis sentence. The inference
between these two sentences is labeled as one of the four categories mentioned.

ImplicaTR has been developed to fulfill different needs from the related
fields. Primarily, it can be seen that NLI literature lacks the theoretical work that has
been developing in the field of semantics and pragmatics. Implicatures, one of the
prominent subjects in the semantics-pragmatics interface, presents a distinct line of
work for the NLI research with its more granular comprehension of the pragmatic
inferences. NLI research conventionally includes three main inferences: entailment,
contradiction, and neutral. However, as is shown in the following sections, scalar
lexemes give rise to implicatures, which derive from the same foundations as the
inferences mentioned. By adding another dimension to the regular inference types,
we aim for a more granular and precise understanding of pragmatic inferences.

Our second aim in developing ImplicaTR pertains to the limited scope of NLI
research in Turkish, which is characterized by a scarcity of studies and datasets.
Turkish is different from English in many ways such as its rich morphology or its
syntax, which mandates a special treatment of the linguistic phenomena instead of
mere replications from English. In one such study, the fundamental datasets SNLI

(Bowman et al., 2015) and MNLI (Williams et al., 2018) are translated into Turkish
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through Amazon Translate (Budur et al., 2020). Though a remarkable step in Turkish
NLI studies, the resulting dataset might not reach the expected quality, which would
decrease model performance. We consider that a dataset particularly curated for the
linguistic characteristics of Turkish is significant in this sense.

In the next sections, we look at the structure of the dataset and the scales.
After explaining how the scales are constructed, we further look into the linguistic

categories employed in the dataset.

3.1 Making of ImplicaTR
ImplicaTR is a dataset created through a process that does not include any traditional
data collection methods such as collecting from participants or annotators. Rather, it
has been created by specific methodologies employed by those who have linguistic
proficiency. In consequence, the dataset has a methodical and systematized structure
within itself and it can be used for linguistic research as well as NLP studies.
Principally, each of the premise-hypothesis pairs is built on a particular scale,
which is to say that the premise and hypothesis for the same item include the same
scale. While either the stronger or the weaker scalar term is used in the premise, the
other term is used for the hypothesis sentence. Also, the resulting set of sentences is
created by manipulating the polarity of the sentence. This process can be considered
semi-synthetic. All data items are created based on four sentences, which we call A,
B, C, and D (to be elaborated on in the next section). Among these, only sentence A
is manually generated. The sentences B, C, and D are the transformations of sentence
A by means of the scalar term and negation. In this sense, after creating sentence A
manually, we used GitHub Copilot, an autocomplete tool for code and natural text, to

generate the rest of the sentences. GitHub Copilot uses GPT-4 (OpenAl et al., 2024)
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as its LLM in the background. This process allowed us to very quickly create the
sentence sets as well as offer more time to examine the resulting data to prevent any
issues in the dataset.

The data generation process was conducted with two expert linguists. At each
step of dataset creation, experts reviewed the resulting data, and a revision stage took
place after every review. The aspects that were heavily paid attention to during these
reviews were the acceptability of individual sentences and the inferences between
proposed premise-hypothesis pairs. Due to the semi-synthetic generation method, it
was possible that some pairs might lead to unexpected inferences out of our control,
which is why we controlled every stage in data production. After the data creation
process was completed, we checked a sample from the dataset to ensure the
reliability of the resulting dataset. The resulting dataset has 20,340 data rows. With a
95% confidence level and a 2% margin of error, the sample consists of 2,148
randomly selected data items. After annotating the sample, we found that our dataset

has a reliability score of 97.81% with the confidence level and margin of error said.

3.2 The structure of ImplicaTR

The dataset is built on 5 different scalar categories: adjectives, verbs, quantifiers,
modals, and numerals. The scalar category is the linguistic category that determines
the type of the scalar item so that we can differentiate between the effects of the
different categories on the resolution of implicature understanding (Baker et al.,
2009). We generally followed the work of Jeretic et al. (2020) to create the basis for
categories (see section 3.4). Unlike the categorization in their work, we have not
included the connectives in our studies. This is mainly because the connectives such

as veya (or) or ve (and) are ambiguous in that the logical operator or carries the
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inclusive and exclusive meaning (Hurford, 1974). The sentences below demonstrate
the case of inclusive (16) and exclusive-or (16) meanings.

(16) a. There is milk or honey at home, maybe both.

b. There is milk or honey at home, but not both.

In the first sentence, both objects might exist with the inclusive meaning of
or, whereas the second sentence rules out the cases where both of these objects exist
at the same time. The use of exclusive meaning contradicts our aim in this study,
which is basically presenting both the lower and upper bounds in the sentence and
investigating if the use of a weaker/stronger scalar item leads to an inference of
implicature. As Chierchia et al. (2001) asserts, implicature introduction should lead
to a stronger statement without the implicature itself. In (16b), this cannot be true as
the intrinsic meaning cancels the implicature itself. We have decided to exclude

connectives from ImplicaTR to eliminate this mediating variable.

3.3 The structure of scales
Within each of the categories defined above, we created several scales that include
scalar pairs in that particular category. A scale (or a Horn Scale) (Horn, 1972) is a set
of two or more lexemes that are in a relationship of strength or intensity. In other
terms, a scale consists of a weak and strong term. A well-known example of this is
<some, all>, where some is the weaker term while all is a term stronger than some in
the same dimension of meaning. The Turkish equivalent to this scale would be <bazi,
biitiin>.

In the data production stage, we first created two sentences with scalar terms
of this kind, where both of the sentences are syntactically quite similar to each other

and only differ in the scalar term they involve:
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(17) a. Bazi oyuncular sakat.
Some players are injured.

b. Biitlin oyuncular sakat.
All of the players are injured.
Then, we created the negated versions of the same sentences to be able to

continue with the formation of the dataset:

(18) a. Higbir oyuncu sakat degil. = (17a”)
No player is injured.

b. Biitiin oyuncular sakat degil. = (17b)
Not all players are injured.

Distinction
in
Affirmations -«— quality — Negations
Universals A Contraries E

| T _ \ / A: Every Fis G.
Dlstlpctlon E:No Fis G.

in Contradictories

quantity I:Some Fis G.

O: Not every Fis G.

Particulars | Subcontraries —— 0O

Figure 1. Square of opposition
Source: Horn (2006a)

The square of opposition, as shown in Figure 1, above plays a key role in the
creation of the set of sentences. It is based on the logical relationships between
different quantificational lexemes. A and O ends (as well as E and I ends) are in a
contradictory relationship: it is not possible for these two pairs to be true at the same
time or false at the same time. On the other hand, the contraries in this schema are
the A and E ends of the square, where they cannot be true at the same time. There is a

relationship of subcontrariety between I and O ends. It is possible that these two
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cases are true at the same time, but they cannot be false simultaneously. Lastly, there
is a relationship of subalternity between the nodes that are quantitatively distinct
from each other: A and I, E and O. Subalternation relation refers to the cases where
the superaltern being true also entails the truth of its subaltern whereas it is not the
case in the opposite direction. While the superalterns A and E entail their respective
subalterns, it is not a bilateral relationship. Thus, I and O do not entail A and E,
respectively.

Used for research on entailment relationships as well as implicatures
(Newstead & Griggs, 1983), the square of opposition offers a simple schema for
implicature reasoning: the assertion of any of the subcontraries implies the other
subcontrary. Considering that contradictory ends are just the negated version of each
other, uttering one subcontrary leads to the inference in Gricean terms that the
stronger (or more universal) version is not applicable in the context, which means
that the negation of it is true. As Horn (2006b) argues, this square of opposition
demonstrates interesting patterns cross-linguistically. While the A, I, and E ends of
the square can be freely found to be lexicalized in many languages, the O node is
almost never lexicalized, except for some cases like negated modality (De Haan,
2006). In English, for instance, all, some, and no exist while there is no direct lexeme
*nall which would mean not all. Apart from quantifiers, this pattern is also true for
other categories such as *nalways, *noth, or *nand.

Based on the square of opposition and the relationships within it, we first
created a scalar pair such as <some, all>. Then, we generated four sentences out of
one scale: a sentence with the weaker item in the scale, another sentence, with the
stronger item in the scale, another sentence with the weaker item in the scale under

negation, and another sentence with the stronger item in the scale under negation.
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Each of these four sentences falls on one corner of the square. We named the
sentences A, B, C, and D for simplicity, which differs from the figure shown above.
The resulting schema is as follows. As seen, the sentences are created in line with
those in the square, and they preserve the same relationships as above. From now on,
the sentences will be referred to with their letters in the current study: with A, B, C,

and D.

Table 1. Base Sentences and the Square of Opposition

Sentence  Equivalent Example Scale  Turkish Sentence English Sentence
inS.0.
A I some Baz1 oyuncular sakat. Some players are injured.
B A all Biitiin oyuncular sakat. All players are injured.
C E none Higbir oyuncu sakat degil. ~ No player is injured.
D o] not all Biitiin oyuncular sakat degil. Not all players are injured.

Afterward, we created the premise-hypothesis pairs and their respective
labels. As the relationships between the sentences show, B and C are more universal
or stronger than A and D. Whenever B or C is true, then A or D must be true as well,
respectively, hence an entailment relationship. On the other hand, B and C are
contraries, meaning that when one is true, the other must be false, which creates a
contradictory relationship between them. The truthfulness of weaker terms in the
square (A and D) do not entail or contradict their stronger counterparts (B and C),
thus creating a neutral relationship with them. With these relationships at hand, we
are able to create the conventional NLI inference classes.

Finally, implicatures, the main focus of our study, are created by the
relationship between the subalterns: A and D. As previously explained, the use of
either one of them does not entail or contradict the other; rather, it ‘implies’ the

truthfulness of the other. Thus, we named the relationships between A and D, and D
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and A implicatures. Table 2 below demonstrates the relationships among each
combination of sentences with examples. This list is applicable for adjectives, verbs,
quantifiers, and modals, whereas numerals will require a different set of

interpretations and labeling, which will be covered later.

Table 2. Inferences between Premise and Hypothesis (For Adjectives, Verbs,
Quantifiers, and Modals)

Premise  Hypothesis Premise Example Hypothesis Example Inference

Type Type Type/Label
A D Baz1 oyuncular sakat. gutuin oyuncular sakat implicature
D A Biitiin oyuncular sakat degil. B?;l 'oyuncular sakat. implicature
C D Higbir oyuncu sakat degil. Biitiin oyuncular sakat entailment

gil.

B A Biitiin oyuncular sakat. ]%zgzll oyuncular sakat. entailment
D C Biitiin oyuncular sakat degil. ~ Higbir oyuncu sakat degil. neutral
A B Baz1 oyuncular sakat. Biitiin oyuncular sakat. neutral
B C Biitiin oyuncular sakat. Higbir oyuncu sakat degil. contradiction
C B Higbir oyuncu sakat degil. Biitiin oyuncular sakat. contradiction

For some scalars, the second contradiction pair (C-B) is also an example of
metalinguistic negation (Horn, 1985) such as It is not warm, it is hot! This sentence
includes the use of negation metalinguistically which means that it is not the
propositional content that is negated. Therefore, although the pair together forms a
quite acceptable sentence, the relationship between them is semantically
contradiction.

To confirm the methodology, the first implicature is formed by the utterance
of the weaker term in the affirmative. We would expect that the hearer infers the
negation of the stronger term. Similarly, when the negation of the stronger term is
present in the context, the hearer is expected to infer that the affirmative weaker term

is true. Thus, this method results in the expected data items.

34



Apart from the sentence combinations and resulting labels, we also featured
tests for implicature meanings: cancelation, suspension, and reinforcement (Capone,
2006; Potts, 2015). These tests are to be taken as properties of conversational
implicatures in general. Therefore, they are used, in the literature as tools to test if an
inference is implicature or not. The cancellation test is based on the defeasibility of
conversational implicatures. After the implication is inferred from the semantics of
the sentence, one can try to cancel the implication meaning. If the implicature
meaning can be eliminated from the sentence without any problem, then we can say
that the inferred meaning is actually an implicature. We can exemplify the A-D and
D-A implicature sentences below:

(19) a. Some players are injured; indeed, all players are injured.

b. Not all players are injured; indeed, no player is injured.

While the utterance of the first part creates the inference that not all players
are injured, we are able to cancel that implicature by uttering that the stronger item in
the same scale is actually true. Therefore, in the cancelation test, the first part is
sentence A while the second part is sentence B for A-D implicature. On the other
hand, for the D-A implicature, we utter the D sentence in the first part and C sentence
in the second part.

The other test, suspension, works on the same principles as the cancelation
test, differing only in the commitment of the speaker to the truthfulness of the
stronger sentence. Here, the implicature meaning is not canceled directly but it is
suspended as the speaker is not sure about whether the more intense form holds or
not. The examples below demonstrate how the suspension tests are applied for
conversational implicatures. The sentences to create the test are the same as the

cancelation test; only the adverb changes.
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(20) a. Some players are injured; maybe all of them are injured.

b. Not all players are injured; maybe none of them are injured.

Finally, the reinforcement test is grounded on the fact that the repetition of the
conversational implicature does not create redundancy or any other problem because
they are not part of the truth-conditional meaning. For this test, the first part is the A
and second part is D for A-D implicatures, and it is D in the first part and A in the
second part for D-A implicatures.

(21) a. Some players are injured but not all of them.

b. Not all players are injured but some of them are.

ImplicaTR, in its base version, includes all three tests for each of the sets for
every category. These tests were primarily used verify the implicature meaning
arising from the sets but they will not be used in following experiments in this study.
These test items might offer a great deal of data of quality for future studies. Along

with the tests, a complete set is given in Table 3 below along with the tests.

Table 3. Implicature Tests for a Set of Sentences

Column Turkish English

scale bazi-biitiin some-all

A Bazi oyuncular sakat. Some players are injured.

B Biitiin oyuncular sakat. All players are injured.

C Higbir oyuncu sakat degil. No player is injured.

D Biitiin oyuncular sakat degil. Not all players are injured.

A-D Cancelation Test Bazi oyuncular sakat, hatta biitin ~ Some players are injured; indeed, all
oyuncular sakat. players are injured.

A-D Suspension Test Bazi1 oyuncular sakat, belki de biitiin Some players are injured; maybe all
oyuncular sakat. of them are injured.

A-D Reinforcement Test Bazi oyuncular sakat ama biitiin Some players are injured but not all
oyuncular sakat degil. of them.

D-A Cancelation Test Biitiin oyuncular sakat degil, hatta  Not all players are injured; indeed,
bazis1 bile sakat degil. no player is injured.

D-A Suspension Test Biitiin oyuncular sakat degil, belki  Not all players are injured; maybe
de bazis1 bile sakat degil. none of them are injured.

D-A Reinforcement Test Biitiin oyuncular sakat degil ama  Not all players are injured but some
bazi oyuncular sakat. of them are.
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3.4 Linguistic categories

The top segmentation within ImplicaTR is the linguistic categories it encompasses:
adjectives, verbs, quantifiers, modals, and numerals. In the literature, scalar
expressions specifically from these categories have been proposed to lead to an
implication inference, among others (Baker et al., 2009; Jeretic et al., 2020, among
others). In addition, these categorical differences may lead to differences in
inferencing scalar implicatures (Breheny, 2019; Katsos & Cummins, 2010). This is
why we have implemented a distinction in the dataset in terms of the parts of speech
of particular scales. In this section, we look further into how these categories are
treated in ImplicaTR.

The key difference between the linguistic categories are the frequencies they
have in a given corpus. The open-class categories, adjectives and verbs, would be
expected to have a large number of individual terms in the corpora while their
frequencies are relatively low. For quantifiers and modals, it should be the case that
the number of lexical items from these categories are small while they have a higher
frequency in the corpora. Numerals, similarly of a closed-class, theoretically have an
unlimited number of lexical items while it should be noted that a smaller class of
them must be in use practically. Studies on word frequency in corpora reveal that this
is the case for numerals, where the most frequent ones are those smaller than a
hundred or under a thousand (Leech et al., 2002). On the other hand, as expected,
Davies and Gardner (2010) show that verbs and adjectives have higher number of
words (992 and 893, respectively) in the top words list while numbers and
determiners have a smaller size (36 and 34, respectively). This is accompanied by the

fact the use of individual lexical items from these closed-class categories comes in
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the first places. This shows that type frequency is low for closed class categories
while token frequency is higher.

Before moving forward with particular categories, a preliminary look into
what would be the properties of scales in each one of them would be preferable.
Among the categories we have, adjectives and verbs are open-class categories,
meaning that they have relatively large numbers of lexical items compared to closed-
class categories. This high number of lexical alternatives might first offer many
candidates; however, we were in a prudent mindset to make sure that the proposed
words are really in a scalar relationship for the most part. For instance, the intensity
scales used in De Melo and Bansal (2013) are too lenient in the sense that most of the
scalar items there need to be used in very particularized contexts and meanings to
reveal the scalar meaning. For instance, the scale <available, accessible, visible>
gives the impression that the intensity increases with every step in the scale;
however, visible should be used in a very precise way to establish an entailment
relationship with available. The internet settings are visible in the menu might entail
that the settings are available (let us rule out the very possible cases such as if a
setting is visible, then it can be grayed out, hence non-available). In terms of
implicatures, it is even more challenging because of the fact availability does not
really implicate invisibility. Therefore, these lexemes do not bear the scalar
relationship within the proposed scales apart from some peculiar cases. Contrarily,
the scales in ImplicaTR were devised to display the scalar relationships in as many
different contexts as possible.

It should also be noted that each scale is composed of two items <weaker

term, stronger term>, which would normally conclude that each linguistic category
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should have 2*n,cqie lexical items, which is not always the case. This is because some
categories use one lexical item in two different scales, as will be shown.

Another important point is the case of partitives. They share the same set of
scales with numerals, although they are classified as a distinct linguistic category in
the current study. They differ from regular numeral constructions in that they do not
create the implicature inferences in similar conditions as numerals. Additionally,
regarding numerals, there is also the case of C implicatures, whose premise sentences
are the C sentences, hence the name C implicatures. These were created in limited
numbers with the aim to test different types of implicatures for the numeral case. We
will elaborate on the case of partitives and C implicatures under the numeral section
below.

Considering these caveats for each of the categories, the statistics regarding
the scales are given in Table 4 below. The number of scales for open-class adjectives
is the highest, while the other open-class verbs are similar in the number of scales.
However, as seen in the number of distinct terms column, these two scales have the
highest number of distinctive terms. Numerals and partitives have the same number
of distinct terms as verbs, but it should be noted that numerals are theoretically
unlimited in number of potential terms. Quantifiers and modals are the other closed-
class categories, and they have the least number of distinctive terms.

In the number of sets per scale column, values denote the number of unique
sets for each scale. For instance, <vasat, iyi>, an adjectival scale, has 30 different
sets of sentences, each of which has the A, B, C, and D sentences. On the other hand,
the quantifier set <bazi, biitiin> has 50 scales, each of which has 50 sets of

sentences, again with the sentences A, B, C, and D.
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As the total set column shows, our aim was to have the same number of sets
for each category, which we attained by producing 450 sets of sentences for each
category. As a test category within numerals, partitives differ from the pattern, which
is not a problem as it will not be used in the training part of the experiments. For
reference, a set consists of the scale name, the A, B, C, and D sentences, and the A-D
and D-A implicature tests as shown in Table 3.

On the other hand, the total row column shows the number of rows per
category in total. As we mentioned earlier, a set yields 8 rows of data for adjectives,
verbs, quantifiers, and modals (see Table 2). Each row is the combination of A, B, C,
and D sentences within the set, along with the label of the premise-hypothesis pair.
For numerals and partitives, we have 11 rows per set rather than 8, which is caused
by the extra C implicatures we have, the extra three implicatures whose premises are
the sentence C. Total row number of numerals data is consequently higher than the

other scales.

Table 4. Scale, Set, Row Statistics per Linguistic Categories

N of scales N of distinct terms N of sets per scale Total Set Total Row

Adjectives 15 28 30 450 3600
Verbs 9 18 50 450 3600
Quantifiers 9 7 50 450 3600
Modals 2 4 225 450 3600
Numerals 9 18 50 450 4950
Partitives 9 18 10 90 990

Total 2340 20340

3.4.1 Adjectives
Adjectival scalars seem to be one of the categories that are extensively researched in
the literature. They are studied not only in the scope of implicatures or scalar

implicatures but also (maybe even more) in the scope of scalar and degree
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relationships between different adjectival terms (Kennedy, 1999; Kennedy &
McNally, 2005; Rotstein & Winter, 2004). It is argued that gradable adjectives denote
measure functions that map individuals on the degrees of scales. For instance, the
function below is the denotation of the adjective tall (taken from Breheny (2019)):

(22) [[tallewy]] = Ax.pnecur(x)

Accordingly, adjectives do not differ in the function they map; rather, what is
different is whether the scales created by the adjective have a maximal element or a
minimal element, or both. The adjective full, for instance, forms the maximal point of
the scale <empty, full>, while empty is the minimal point. Such scales as this one,
which possess both minimal and maximal elements, are called closed scales. On the
other hand, adjectives such as tall or short are neither maximal nor minimal
elements. One test for this would be whether the adjective can be modified by
slightly or perfectly (Breheny, 2019). While perfectly full is an acceptable
modification, #perfectly tall is not an acceptable construction. The scales composed
of non-minimal and non-maximal elements such as <short, tall> are called open
scales. Combining minimal and maximal elements, we obtain lower-closed scales
such as <bent, straight> and upper-closed scales such as <safe, dangerous> (Kennedy
& McNally, 2005). In ImplicaTR, we include all four types of scales to prevent any
bias against the adjective types, if any.

For adjectives, we have gathered 15 sets of Turkish adjectival scalars, each of
which consists of a weaker and a stronger term. Our aim for the adjectival dataset is
that the pairs are closely related to each other, and they somewhat easily lead to
implicature inference. As Kennedy and McNally (2005) put forward, scales have
three important aspects: degree, dimension, and ordering relation. While degree is the

intensity of the adjective compared to the other adjective, dimension can be
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considered the meaning line the adjectives are positioned on. The ordering relation
determines the ordering between adjectives that are on the same dimension. In
studies such as De Melo and Bansal (2013), a significant part of adjectival pairs does
not reflect the implicature relationship we want to extract. This is mainly because the
dimension that they must share in order to reveal the implicature meaning is so
particularized that the contexts that will authenticate the dimension are quite limited.
Similar to the given example above, the terms in the scale <good, real, authentic>
must be used in a very particular way to make the hearer infer that if x is good, it is
not authentic. With an aim to involve as many contexts as possible, we have come up
with a relatively limited number of scalar pairs in ImplicaTR, which will display the
scalar meaning in most contexts.

Another point is that the scalar terms are sometimes taken from the opposite
ends of a dimension so that the scale is composed of antonyms. However, this creates
another problem: if both of the antonyms are at the opposite ends of the dimension,
then it is not always the case that the negation of one implicates the truthfulness of
the other. This can be seen in the case <ugly, beautiful>. When the utterance is She is
not beautiful, it is not commonly understood that She is ugly is true. Rather, there is a
mediocre value, such as fine or nice, which is implicated when the stronger term
beautiful is negated. This is why we include mediocre terms in the scales to correctly
construct the implicature inference.

Table 5 below provides a comprehensive list of the adjectival scales that

ImplicaTR has. To see example implicature sentence pairs, please see Appendix A.
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Table 5. Adjective Scales in ImplicaTR

benzer-ayni
similar-same
vasat-kotii
mediocre-poor

uygun fiyatli-ucuz
affordable-cheap
samimiyetsiz-diigmanca
insincere-hostile
vasat-iyi

average-good

yeterli-tam
sufficient-complete
yakin-bitisik
close-adjacent
talihsiz-vahim
unfortunate-disastrous
iyi-milkemmel
good-excellent
muhtemel-kesin
likely-certain

zararli-6limciil
harmful-lethal
makul-harikulade
reasonable-marvelous
yaniltici-yalan
misleading-false
ilgili-takintili
interested-obsessed
idare eder-harika
acceptable-great

3.4.2 Verbs

Similar to adjectives, verbs are types of words that can denote degrees in certain
dimensions. A scale of verbs can be created with different degrees in the same
dimension. Unlike adjectives, verbs are not generally studied in the scope of scalars,
so the literature is relatively limited, though verbs have been shown to appear in
many different meaning dimensions (Jackendoff, 1996). In ImplicaTR, the verbal
scales are chosen among the ones that exhibit the scalar relationships in as many
contexts as possible, as we did for adjective scales.

Inceptive verbs, which are among the verb types employed in the dataset, are
the verbs that denote the inception and the development of the action. In this sense,
they can be naturally considered be establishing the scalar meaning between
themselves (Pedersen, 2014). For instance, in the scale <start, finish>, which
possesses a ‘weaker-stronger’ relationship in a sense, the utterance of the weaker
term implicates in many contexts that the proposition of the second term is not yet
true. With these points in mind, we included nine verbal scales in ImplicaTR, each
with 50 sets of sentences. Table 6 below lists the scales, while Appendix A includes

the scales and example implicature premise-hypothesis pairs.
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Table 6. Verb Scales in ImplicaTR

yonelmek-varmak denemek-basarmak ogrenmek-ustalagmak
approach-arrive attempt-succeed learn-master
algilamak-kavramak  baglamak-bitirmek katilmak-benimsemek
perceive-grasp start-finish agree-adopt

seslenmek-bagirmak  giilmek-kahkaha atmak serinlemek-iistimek
call out-yell laugh-laugh out loud cool-shiver

3.4.3 Quantifiers

Quantifiers are probably the foremost examples of scalars and scalar implicatures,
with <some, all> being the introductory scale into the realm of scalars. This is mainly
because quantifiers denote quantified expressions within which there is the inherent
presence of degrees of meaning. This is to say that quantifiers such as some, most, or
all are immediate displayers of the existence of intensity or scope of some
measurement. As required by the Horn scales, the stronger term must entail the
weaker term in the scale, which is how the quantificational scales were created. For
this, we used the maximal value all, which entails anything lower as well as logical
determiner some and non-logical determiner most (Tomioka, 2021).

Turkish is a language that expresses the existential and universal quantifiers
with many different words and structures like English. However, these languages
differ in how and where they employ the mass or countable quantifiers (Ozyildiz,
2017). This is why we included many different quantifiers in Turkish which give the
existential meaning of some, the universal meaning of a//, and the non-logical most.

The minimal terms included in ImplicaTR are birka¢ ‘a few’, biraz ‘a little’,
bazi ‘some’ while the maximal terms are biitiin ‘whole’, hepsi ‘every’, and tiim ‘all’.
There is also ¢ok, which means ‘most, many, much’. With the combinations of these
quantifiers, we produced 9 different quantificational scales each of which possess 50

sentences. The table below is the list of the scales used while one can refer to
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Appendix A to see scales with example implicature sentences. In these tables,
English glosses are given the most appropriate version of the quantifier, while the
translations of premise-hypothesis pairs use different scalar terms. As mentioned

above, this is because quantifiers in both languages have different use cases.

Table 7. Quantifier Scales in ImplicaTR

birkag-biitin ~ birkag-tiim  birkag-hepsi

a few-whole a few-all a few-every
bazi-biitiin bazi-tiim bazi-hepsi
some-whole some-all some-every

biraz-¢ok birkag-gok bazi-¢ok
a little-much a few-most some-most

3.4.4 Modals
Modality has been an area of research that is investigated by different fields such as
linguistics, logic, and philosophy. In semantic research, a general distinction between
different modalities is the distinction between deontic modality and epistemic
modality (Kaufmann et al., 2006). The former refers to the cases of obligation,
permission, or necessity where the subject is understood to be under a force to
differing extents. On the other hand, epistemic modality includes cases where the
certainty of the knowledge that the subject has is at stake (De Haan, 2006). In
ImplicaTR, we opted for epistemic modality rather than deontic ones for two
reasons: the convenient nature of epistemic modals for scalar relationships and the
structure of Turkish modalities.

First, a further classification for epistemic modalities is the case of gradable
epistemic modals (Lassiter, 2010). Influenced by the work by Kennedy and McNally
(2005) on gradable adjectives, this type of modals embodies the modals such as

possible, likely, probable or certain, which obviously denote the different levels of
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certainties, hence creating order within themselves. With tests on these modal
lexemes, Lassiter shows that possible shows the characteristics of a minimum-
standard adjective while certain is surely a maximal element, which is significant in
that these modal types will not lead to any ambiguous use cases.

Second, Turkish is a language that expresses modality with several structures
such as lexemes, adjectives, adverbs, or inflectional suffixes (Kerimoglu, 2010).
These modality constructions sometimes have overlapping uses, which creates
ambiguity. For instance, in Turkish, as well as in many other Turkic languages, we
encounter the use of the ability marker -4bi/ in for epistemic modality (Johanson,
2009). In (23a) below, this marker is used in the epistemic meaning, which means
that it is possible that Elif will sing a song tomorrow. In (23b), however, the same
marker is in deontic meaning, which refers to the fact that Elif has the ability to sing
a song.

(23) a. Elif yarin bir sarki soyle-yebil-ir.
Elif tomorrow a song sing-PSB-AOR.

‘Elif might sing a/one song tomorrow.’

b. Elif yarin bir sarki soyle-yebil-ir.
Elif tomorrow a song sing-ABILITY-AOR.

‘Elif can sing a/one song tomorrow.’

If such a marker were placed in a scale as a minimal element along with a
maximal element like kesin ‘certain’, there would be cases where the deontic
meaning interferes with the entailment and implicature relationship between the scale
items, thus hindering scalar inference. Consequently, on top of our desire to abstain
from such ambiguities, the fact that epistemic modalities are good examples of
gradable meanings led us to opt for epistemic modality instead of deontic in the

modal scales in ImplicaTR.
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A caveat for the modal scales is that we also employed a structured selection
of certain tenses and aspects in the dataset. This is to say that some scales are
constructed with certain tenses and aspects while we used another tense and aspect
for other scales. With this manipulation, it might be possible to see if tense and
aspect have any influence on the scalar inference. Table 8 below shows the specific

tense and aspects with example sentences.

Table 8. Tenses and Aspects in Modal Scales

Turkish Sentence English Equivalent Tense/Aspect

Muhtemelen yapacak. S/he will probably do it. Future

Muhtemelen yapacakmus. (I heard that) s/he will probably do it.  Presumptive Future
Muhtemelen yapacaktir. S/he will probably do it. Emphatic Future
Muhtemelen yapar. S/he will probably do it. Aorist

Muhtemelen yaparmas. (I heard that) s/he will probably do it. ~ Presumptive Aorist
Muhtemelen yapti. S/he probably did it. Past

Muhtemelen yapmis. (I heard that) s/he probably did it. Presumptive Past
Muhtemelen yapmugtir. S/he probably did it. Emphatic Presumptive Past
Muhtemelen yapiyor. S/he is probably doing it. Continuative

These different constructions might arguably create differences in the modal
nuances, as they differ in specific aspects that they denote (Sebiiktekin, 1971).
Among these, emphatic can be considered an extra layer of possibility since the
emphatic -DIr is a marking for different degrees of epistemic certainty (Arslan,
2020).

Lastly, we have used both adverbial and adjectival modals for different
sentences in the very same set to prevent the negation from denoting the other
extreme end of meaning. To illustrate, Kesinlikle evden ¢ikarim (I will surely leave
the house) denotes the stronger case, while Kesinlikle ¢cikmam (1 will surely not
leave) denotes another stronger case which is not a part of our scale at hand. To
prevent this, we use Evden ¢ikacagim kesin degil (It is not certain that I will leave the

house), where the modality is expressed by an adjective.
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As a result, ImplicaTR has two different scales for modals, each of which has
225 sets of sentences. Within each scale, the modal sentences are created with
different tenses and aspects to further investigate the effect of tense and aspect on the
inference of scalar implicatures, as shown above. The list below gives the modal

scales while Appendix A has example implicature meanings.

Table 9. Modal Scales in ImplicaTR

muhtemelen-kesin herhalde-yiizde yiiz
probably-certain possibly-one hundred percent (certain)

3.4.5 Numerals and partitives

The final linguistic category in ImplicaTR is numerals and partitives. Partitive
constructions containing numerals differ from ordinary numerals in how they give
rise to implicature inferences, and they will be examined at the end of this section.

Numerals are fundamentally different from other categories in that they
inherently possess the scalar meaning. This is because they automatically give the
‘ordered relation” meaning as they are all actually placed on the number line.
Therefore, the number line becomes the dimension for numeral scales. In the
literature, however, numerals are subject to debates about whether they possess an
‘exactly’ meaning or an ‘at least’ meaning in their semantics or whether they are
ambiguous.

Those who advocate that numerals have the ‘at least’ meaning in their
semantics (Levinson, 2000) propose that the ‘exactly’ meaning is computed in
pragmatics. Thus, they support that numerals have a lower-bounded meaning, whose
implicatures are the ‘exactly’ meaning (for upper-bounded meaning and ambiguity

arguments, see Panizza et al. (2009)). Combining Gricean reasoning with lower-
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bounded numeral arguments, we can infer that (24a) below means that the number of
her cars is not more than three. However, as implicatures can be reinforced, we can
reinforce this implicature as in (24b).

(24)  a. She has three cars.

b. She has three cars, but not four/and she wants to buy a fourth one.

Related to this, there are upward entailing and downward entailing contexts.
In upward entailing contexts, the superset inferences are entailed from the subsets.
The examples in (24) are upward entailing contexts, where a sentence with superset,
such as She has three vehicles is entailed by (24a) or (24b). This entailment pattern
can be inverted with downward entailing contexts such as conditional antecedents
(Panizza et al., 2009). The sentence below exemplifies one such context:

(25) If she has three cars, she won’t be able to pay her rent.

Here, the speaker infers that the conditional statement should be true
whenever the number of cars she has is af /east three rather than a somewhat strange
inference that it will not be the case if she has four cars, five cars, etc. As Panizza and
colleagues put forward, the ‘exactly’ inference is generally preferred in upward
entailing contexts while the ‘at least’ inference is preferred in downward entailing
ones. In this study, with a Neo-Gricean perspective, we take numerals as referring to
the ‘at least “‘meaning in their semantics and as giving rise to the ‘exactly’ implicature
by means of pragmatics. Therefore, in ImplicaTR, numerals are always in upward
entailing contexts where ‘exactly’ will be an implicature, and there is no downward
entailing context in data items.

Apart from the semantic-pragmatic meanings of numerals, the scalar nature of
numerals is argued in the literature as well. Papafragou and Musolino (2003) argue

that numerals can give rise to ‘at most’ implicature, unlike other scalars. For instance,
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a sentence like This car can go 500 miles without refueling generates the implicature
that the car can run ‘at most’ 500 miles. On the other hand, the Gricean view that
numerals are mostly in ‘at least’ meaning is challenged by the fact that numerals are
actually used with an ‘exact’ meaning. These are also significant in displaying the
distinct nature of numerals compared to others.

In ImplicaTR, the first peculiarity of numerals is the construction of the
second implicature. What is significant regarding numerals compared to other scalars
is that, for a scale <three, five>, the negation of the stronger value does not directly
implicate the affirmative of the weaker value. Instead, it refers to the inference that
any value below it can be true. This directed us towards implementing a small
change in implicature sentences for numeral scales. In other linguistic categories, A-
D implicature is the affirmative weaker term and negated stronger term (Some
friends danced +> Not all friends danced). And the second type of implicature, D-A
implicature is just swapping the subalterns (Not all friends danced — Some friends
danced). In numerals, however, the premise of the second type of implicature is
changed to a proposition that denotes ‘more than what the weaker value denotes does
not exist (is not applicable, etc.)’. Sentences below demonstrate example numeral
implicatures in the dataset:

(26) a. A-D: Ug kisi dans etti +> Bes kisi dans etmedi.
Three people danced +> Five people did not dance.

b. Doumera-A: Ug kisiden fazlasi dans etmedi +> U kisi dans etti.
No more than three people danced +> Three people danced.

This way, we ensured that the second implicature correctly established the
implicature meaning.
The second point regarding numerals is three more implicature premise-

hypothesis pairs for each set. We called these three extra implicatures C implicatures
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because of the fact that the premise sentence of these implicatures is the C sentences
in each set. To recall, C sentences are created by the negation of the weaker term in a
scale like I have not started my homework. Such sentences denote that even the
lesser/weaker value in a scale is not true. Sentences below exemplify each C
implicatures for the scale <three, five>:

(27) a. Premise (Sentence C): She does not have 3 cars.

b. C implicature 1: She has less than 3 cars.
c. C implicature 2: She has at most 2 cars.
d. C implicature 3: She has at least 1 car.

C implicature 1 is quite similar to how the ordinary D-A implicatures are
constructed. The C implicature 2 exhibits the aspects of what Papafragou and
Musolino (2003) find strange in conventional scalar implicature perspective by
(Neo)-Griceans. This implicature has the ‘at most’ implicature. On the other hand,
the C implicature 3 is an example of the existential implicature within the scope of
generalized conversational implicatures but not within scalars. We consider that these
extra implicatures might reveal important outcomes regarding the nature of numeral
scalars.

For numerals, 9 different sets were created, each of which is scale of pairs of
two integers smaller than 100. We included numbers that are close to each other as
well as number pairs which are not commonly found together. Table 10 below gives

the comprehensive list of the scales.
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Table 10. Numeral and Partitive Scales in ImplicaTR

iki-lig tic-bes on-on iki

two-three three-five ten-twelve

on bes-yirmi on yedi-yirmi dokuz yirmi dort-otuz altt
fifteen-twenty seventeen-twenty-nine  twenty-four-thirty-six
yirmi bes-kirk otuz-altmis elli-yetmis
twenty-five-forty thirty-sixty fifty-seventy

Another important case for numerals is the case of partitives. Partitives are
constructions that express the partial or incomplete quantity of something, for which
an example would be three cars vs. three of the cars. The entailment and implicature
relationships that we have discussed for the numerals so far curiously do not hold for
the structures where the numerals are inside partitive structures. One explanation for
this is the fact that the partitives are specific NPs (Eng, 1991). Specificity refers to
whether the noun has a specific referent or not in the real world although the referent
does not have to exist. For an implicature inference, the scalar items must be in
existential sentences where the negation of the stronger term all or three should
implicate the existential weaker terms some and two. However, when the scalar items
are in specific NPs such as some of the books or two of the books, where the quantity
and quality of the books are already known or not important in the context, the scalar
dimension can be said to collapse in the sense that there is no all or some of the
books, but there is the specific books. Eng (1991) states that partitive constructions
generate complex determiners, and complex determiners such as the ones in the
sentences below are not acceptable in existential sentences:

(28) a. *There are some of the cars.

b. *There are two of the cars.
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As partitivity leads to specificity and specificity removes ordinary entailment
and implicature relationships, partitives are included as a separate category within
numerals with the same scalar items.

As a result of the discussion regarding numerals and partitives, these
categories have different labels in ImplicaTR. In Appendix A, the labels for both

categories are listed with example sentences.
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CHAPTER 4

EXPERIMENT I: TRAINING LLMS ON IMPLICATR

To investigate the pragmatic abilities of LLMs, we conducted a series of experiments
using the ImplicaTR dataset that we have developed. Many linguistic studies
demonstrated that there is pragmatic reasoning in the derivation of scalar
implicatures (De Neys & Schaeken, 2007; Huang & Snedeker, 2009; Katsos, 2005).
In NLI research, language models have been shown to reason over pragmatic
processes happening implicitly in the background in the human parser (Kim et al.,
2023; Stacey et al., 2022). Based on these findings, the aim of Experiment 1 is to
investigate if LLMs have pragmatic abilities and resolve scalar implicatures. For the
models to train, we chose three BERT models: the base BERT (Devlin et al., 2019),
BERT-NLI (Laurer et al., 2023), and BERTurk (Schweter, 2020), which will be
elaborated on in the upcoming sections. Upon training the BERT models, we further
experimented with three decoder-only LLMs: Llama-2 by Meta (Touvron et al.,
2023), Gemma by Google (Gemma Team et al., 2024), and Mistral (Jiang et al.,
2023).

Before discussing the training details and results, let us look into how the data

1s split for our purposes.

4.1 Splitting the dataset

As the dataset is semi-automatically created by producing the sets and extracting the
sentences out of each set, it is necessary to make sure the data is properly split so that
the label distribution is balanced and any set (with is quadruplet of sentences) is

included in one and only one split. This is to say that, for instance, a single
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quadruplet from the 50 <birkag, tiim> quadruplets in total within quantifiers gives
way to eight inferences (two for each entailment, neutral, contradiction, and
implicature case). We aimed to involve all these eight inferences from one quadruplet
in either train, test, or validation to prevent the model from seeing the same sentence
in train or test. Thus, we used stratified sampling by first splitting the quadruplet sets
into different splits and then populating each split with the eight sentences from the
set. As a result, train, test, and validation splits were created with those numbers

expressed in Table 11 below.

Table 11. Train, Validation, and Test Datasets for Models in Experiment 1

N of Scalar Sets N of Rows %
Train 1440 12309 64%
Validation 360 3153 16%
Test 450 3888 20%
Total 2250 19350 100%

4.2 BERT models

BERT is an encoder-decoder model developed by the Google Team (Devlin et al.,
2019) based on the transformers architecture (Vaswani et al., 2017). With their
bidirectional architecture, BERT-family models take into account the left and the
right context of a masked element within a sentence, which increases their ability to
grasp the meaning of a sentence further. This is why they are highly employed in
academic settings by NLP researchers to work on the linguistic understanding of
NLP models with their contextualized representations (Cho et al., 2021). Though
they are not preferred for next-word prediction tasks, they offer remarkable next-
sentence prediction abilities, which is why they are utilized in sentence-level NLP

tasks like NLI. They are also shown to demonstrate notable crosslinguistic
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knowledge with the help of cross-lingual word embeddings, which makes them good
candidates for multilingual studies (Ruder et al., 2019; Wu & Dredze, 2019).

BERT has given rise to a large number of similar models where the
architecture is slightly or reasonably changed, or the model is predominantly
finetuned for a specific task. One model of this kind is BERT-NLI (Laurer et al.,
2023), where the base DeBERTaV3 (He et al., 2023) model is finetuned on XNLI
(Conneau et al., 2018) and MNLI (Williams et al., 2018) datasets. This model is a
multi-lingual zero-shot classifier where the authors transformed any classification
task into an NLI task (Yin et al., 2019). For instance, to classify whether a piece of
news is in the category of “sports” or “politics”, they create premise-hypothesis pairs
where the premise is the document and the hypothesis is some sentence like “This is
a sports-related text”, which go into a usual NLI pipeline which is a three-way
classification task between entailment, neutral, and contradiction. Based on the
classes chosen by the model and the scores, the model finally chooses a label for the
document, hence completing the task. Finally, BERTurk (Schweter, 2020) is a model
that was trained on different Turkish datasets such as Wikipedia dumps. This is a
family of models from different BERT architectures with high accuracy scores for
Turkish tasks. Among the different versions, we trained the uncased version with a

32k vocabulary size.

4.2.1 Preliminary tests

Before training the models, we first conducted a test on how these models perform
on our test dataset. It is important to note that BERT-NLI has a classifier head with 3
classes, entailment, neutral, and contradiction, while the two others have not been

finetuned on a downstream task. This is why the classifier heads of all three models
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are reset when we add another class, implicature. Now that they have a classifier
head with 4 classes, all the weights in this head are newly initialized. Accordingly,
we expect random-like accuracies from the models. Table 12 below shows the

accuracy scores of the models, which are in line with our expectations.

Table 12. Accuracy Scores of BERT Models on Test Dataset before Finetuning

BERT-Base BERT-NLI BERTurk
Accuracy 0.23148148  0.23636831  0,30632716

4.2.2 Training details
After we obtained the train, validation, and test datasets and made a preliminary test
on the models, we continued with the training. For training, we have devised several
hyperparameter-finetuning stages to increase the accuracy on the validation dataset
and decrease the training and validation loss. To deal with any overfitting issues,
dropout regularization techniques were applied to the models during training (Lim,
2021). The dropout probabilities of hidden layers were set to 0.3 while the dropout of
attention probabilities was set to 0.25 for BERT-Base and BERT-NLI, whereas 0.05
lower ones for both values were applied for the BERTurk model. Instead of smaller
numbers, these relatively larger values were selected because the task whose dataset
was systematically curated might be somewhat easy for such complex models. As it
is seen, no overfitting or underfitting issues arose during training.

Adam optimizer (Kingma & Ba, 2017) from PyTorch library (Ansel et al.,
2024) was used along with a learning rate of 0.00001 as a starting point. We also
used a learning rate scheduler to prevent stagnation in the loss value. Again, from the
PyTorch library, we implemented the type of scheduler where the learning rate is

reduced when a parameter is on a plateau and stops improving. The factor for
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learning rate reduction is 0.5, which is applied when there is no change in the loss

value larger than 0.2. Other hyperparameters used in the training procedure for all of

the phases were batch sizes for both train and validation as 64. Every model was

trained for 10 epochs. The comprehensive list of hyperparameters used during the

training of BERT models is given in Table 13 below.

Table 13. Training Hyperparameters for BERT Models

Hyperparameter

Value

hidden dropout value
attention dropout prob
number of epochs

gradient accumulation steps
warmup ratio

batch size

weight decay

learning rate

Ir reduction factor

Ir reduction threshold

0.3

0.25

10

2

0.01

64

0.05
0.00001
0.5

0.2

While training the models, we did not detect any overfitting or underfitting.

Train and validation loss are given in the figures below.

Train Loss for BERT Models

Figure 2. BERT models’ train loss
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Validation Loss for BERT Models

Figure 3. BERT models’ validation loss

The accuracy scores increase for each model which shows that the models

learn the patterns between the classes, which is visualized in Figure 4 below.

Accuracy Scores of BERT Models

Figure 4. BERT models’ accuracy scores

For reference, loss and other metrics are given in the Table 14 below. The
fine-tuned BERT-NLI seems to be the best model among the three, with an accuracy
score of 0.98 on the validation dataset. On the other hand, BERT-Base and BERTurk
demonstrate a good performance though being relatively worse than BERT-NLI. It is

also interesting that the base model and the BERTurk model do not show a great
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difference; BERTurk has a higher validation accuracy just by 0.01. Additionally, the
fact that precision, recall, and F1 scores are close to each other indicates the success

of the learning process.

Table 14. Training Results of BERT Models

BERT-Base BERT-NLI BERTurk
Training Loss 0.379500 0.078900 0.397300
Validation Loss  0.355760 0.085844 0.335098

Accuracy 0.818903 0.979385 0.827149
F1 Score 0.815816 0.979294 0.825047
Precision 0.821169 0.979569 0.830822
Recall 0.818903 0.979385 0.827149

4.2.3 Test results
After training the models, they were tested on the test dataset to see how successful
they were and detect if there was any discrepancy between the scores. The test results

are given in Figure 5 below.

Model Performance Metrics on Test Set
BERT-Base BERT-NLI BERTurk

Test Loss 05519 0.1259 04157

Accuracy

F1 Score

Model

Precision =04
-03
Recall -0.2

Metrics

Figure 5. Model performance metrics on test set
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Accordingly, the best model is BERT-NLI, with an accuracy score of 0.97. It
is followed by the BERTurk model with 0.78 and by the base BERT with a score of
0.69. One thing to notice here is the difference between the validation accuracy and
test accuracy of the BERT-Base and the BERTurk models, both of which declined in
performance by 0.11 and 0.04, respectively. This indicates an overfitting between the
validation and test. In their study, Hao et al. (2019) state that the BERT model is
over-parametrized (345M parameters) for the datasets, which will likely lead to
overfitting. However, the pre-training process before fine-tuning with the target
dataset decreases the likelihood of overfitting or at least minimizes it, which is what
we see in our case.

Other than that, BERTurk, which was trained on extra corpus such as OSCAR
(Ortiz Suarez et al., 2019) or OPUS (Tiedemann, 2012) corpora, was able to retain a
higher accuracy, which shows that this model does a better reasoning than the base
model and it learns the patterns within the data to a better extent.

BERT-NLI model was trained on several NLI datasets, which makes it
specialized in recognizing the NLI patterns within the data. The fact that we add a
new label into the pipeline does not seem to deteriorate its performance, at least on
our own data. Indeed, our dataset is a synthetically produced dataset where the labels
generated are based on an inner structure. Thukral et al. (2021) show in their study,
where they create a synthetic dataset to challenge the temporal reasoning of NLI
models, that BERT or similar LLMs are prosperous in detecting label creation
procedures and are likely to show near-perfect results in these cases, which is what

we observe in our tests with BERT-NLI.
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4.2.4 Benchmark on XNLI and MNLI

After training the models, we continued evaluating how successful our training was.
For this aim, we wanted to do benchmarking on XNLI and MNLI with the finetuned
BERT-NLI model. The reason we chose this model is that the authors tested the
original BERT-NLI model on the test datasets of these benchmarks and shared the
scores (Laurer et al., 2023).

The original model was a three-way classifier with entailment, neutral, and
contradiction labels. With finetuning, we increased the class size to four by adding
the implicature class, thereby adjusting the model weights and reinitializing the
classifier head. In addition, ImplicaTR has ~20k rows of data, which is small
compared to the model size. This is why we expected a decrease in model accuracy
on XNLI and MNLI; nonetheless, it would be a more granular inferencing among the
four classes.

We employed four different metric evaluation methods. The reason for this is
that XNLI and MNLI are three-class datasets while our model is a four-class
classifier, and it might not be representative as much as possible to evaluate it on
three classes. Therefore, firstly, we accepted the implicature predictions as
implicatures and computed the metrics as is. As a second method, we converted the
implicature predictions of the finetuned BERT-NLI model into entailment and
computed the metric scores. In the third step, implicature predictions were converted
into neutral, and in the last step, similarly, the implicature predictions were converted
into contradiction labels before computing the metrics. This way, we will see which
class is predicted as implicatures the most. The results of the XNLI benchmark are
given in Table 15 below with all four methods and also with the original BERT-NLI

Score.
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As seen, our model performed worse than the original BERT-NLI model in all
cases, with 61% accuracy being the least accuracy among all, which is for the
implicature case where the model predictions are not converted to any other label.
For the cases where the implicature predictions are converted into neutral and
Table 15. Accuracies of Finetuned BERT-NLI with Different Labeling on XNLI, and
Original BERT-NLI Score
Implicature: when the predicted implicature labels are evaluated as they are, Entailment:

after converting them into entailment, Neutral: after converting them into entailment,
Contradiction: after converting them into contradiction

XNLI dataset implicature  entailment neutral contradiction  BERT-NLI
ar 0.60479 0.623952 0.670459  0.676048 0.794
bg 0.649102 0.664671 0.71477 0.711377 0.822
de 0.632535 0.648703 0.702395 0.7 0.824
el 0.632335 0.647106 0.696208  0.697804 0.809
en 0.672655 0.68483 0.746307  0.740519 0.871
es 0.652894 0.669661 0.724351  0.720958 0.832
fr 0.640719 0.656287 0.71018 0.708583 0.823
hi 0.586028 0.60978 0.6499 0.657884 0.769
ru 0.626148 0.640519 0.696806  0.693214 0.803
sw 0.574451 0.596407 0.636926  0.644511 0.746
th 0.591816 0.613573 0.660679  0.658483 0.786
tr 0.579641 0.602994 0.654092  0.658283 0.792
ur 0.553693 0.576846 0.612974  0.626547 0.744
Vi 0.615569 0.632335 0.678044  0.686427 0.793
zh 0.618164 0.633932 0.682236  0.684631 0.803

Average 0.61536933 0.63343973 0.6824218 0.68435127  0.80073333

contradiction, we see that the accuracy score goes up to 68% while the entailment
case is 63%. Consequently, taking the contradiction case into account, our model
demonstrated a performance drop of 12%, which we think is not bad considering that
our model’s analysis is more granular than the original three-way classifier model.
The interesting case is why neutral and contradiction cases have higher accuracies
than the entailment case. Considering that these models are positively biased towards
the contradiction and neutral class because of the existence of negations words like
‘not’ and superlative words such as those denoting the maximal values (Gururangan

et al., 2018).
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On the other hand, for the MNLI benchmark, we have both matched and
mismatched test sets. The table below again shows our model’s performance on these

sets, along with the original BERT-NLI model’s scores.

Table 16. Accuracies of Finetuned BERT-NLI with Different Labeling on MNLI,
and Original BERT-NLI Score

Implicature: when the predicted implicature labels are evaluated as they are, Entailment:
after converting them into entailment, Neutral: after converting them into entailment,
Contradiction: after converting them into contradiction

MNLI Dataset implicature  entailment neutral contradiction BERT-NLI

Matched 0.654712 0.665206 0.72216 0.71839 0.857
Mismatched 0.663344 0.670566 0.724776 0.731082 0.856

The results are in line with the XNLI results above: implicature cases yielded
the least successful performance, while contradiction and neutral cases improved the
performance. The contradiction case is similarly 12% less accurate. We again see the
effects of hypothesis creation procedures of these large datasets, where the
crowdworkers used similar heuristics to create these hypotheses that favor neutral
and contradiction cases. It is plausible to confer again that the more granular analysis
of the model performed the performance in all cases but it is still at good values with

73%.

4.3 Generative models

In our experiment, the dataset was also employed to train some generative models,
which are decoder-only models trained with an autoregressive modeling objective.
This way, we can see how they perform with such an NLI task while also having the
opportunity to make a basic comparison between the models. In this sense, we will

experiment with Llama-2, Gemma, and Mistral.
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Unlike BERTs, which use encoder-decoder architecture, these models rely
only on the decoder component. They are trained on seq2seq tasks, where they take
the input sequence and generate an output sequence (Fu et al., 2023). Thus, these
models learn and generate output by performing next-word prediction. While their
performance is argued to be worse (Fu et al., 2023) in understanding the meaning of
language compared to encoder-decoder models, they have been used in many
different NLP tasks such as translation, generation, summarization, or even
classification (Raffel et al., 2023). In the next sections, data processing, preliminary

tests, and training of the models will be presented.

4.3.1 Data processing
The models we experiment on in this section are text generation models, which make
next-word prediction. The models use the tokens in the input sequence to predict the
next word that comes after the sequence and continue this behavior until a desired
piece of text is produced. Thus, the data we have, which is a text classification
dataset, needs to be properly transformed into inputs that these models accept:
prompts. We created prompts that guide the model about what it should do, NLI
classification. Within each prompt, we also included the premise-hypothesis pair
along with the ground label. A prompt as in (29) below was created:

(29)

Below is an instruction that describes a classification task. Give a label in your response

that appropriately completes the request.

You will give only the label.

### Instruction:

The labels are:

**Labels:** entailment, neutral, contradiction, implicature

The two sentences that you will classify are:

**Sentences:** A: Yeni kullanmaya basladigi ilaglar zararh degil. B: Yeni kullanmaya

basladigi ilaglar dliimciil.

**Question: ** What is the correct label that describes the relationship of B to A?

### Response:
contradiction
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The parts in italic text are the parts that change with each prompt created. In
our prompt testing process, we see that short but precise prompts tend to give better
results, so the final prompt, as given in (29), is the best one among the ones we
tested. What we spotted is that longer and detailed prompts (such as giving the labels
twice, explaining the subject of implicatures) distracted the models and they gave
random responses like “You have 20 minutes to complete the questions... .

The test dataset prompts are the same as (29); only the label is not given to
the model this time, hence the prompt below.

(30)  (The prompt above in (29))

### Response:

As we did not use any validation set in the training phases of these models,
the data was split into two sets: test set and train set, which is a combination of the
train and validation sets in the previous section. The respective number of sets and
rows is given in Table 17 below. With these train and test prompts, we first test the

models without any finetuning and see how they perform, before training the model.

Table 17. Train, Validation, and Test Datasets for Generative Models

N of Scales N of Rows %

Train 1800 15462 80%
Test 450 3888 20%
Total 2250 19350 100%

4.3.2 Preliminary tests

With the prompts generated, the first phase was testing the models without any
finetuning or extra prompting. The three models were run to complete the test
prompts. One apparent problem is the occasional inability to get the desired output

from the model. Their responses varied from giving unrelated responses to
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paraphrasing the input prompt. In those cases, we rerun the prediction for the
problematic prompt to get a response eventually. One tendency we observe is their
tendency to explain why they classify the sentences as they do, although it is a wrong
classification and explanation. We extracted the labels from of their completions and
calculated the metrics against the ground labels. As expected, accuracy scores
indicate the randomness of the responses, while F1 scores are worse than accuracy.

The scores obtained are given below.

Table 18. Accuracy Scores of Generative Models Before Training

Llama-2 Gemma Mistral
Accuracy 0.240802 0.267558 0.304347
F1Score 0.160455 0.189167 0.202525
Precision  0.220722 0.253031 0.183037
Recall 0.240802 0.267558 0.304347

4.3.3 Training details

To train the generative models, we used the HuggingFace platform, as it hosts many
open-source models as an ML hub. All 3 models are 7B parameter versions of their
family. Besides, we did not use the base models; all 3 models were the finetuned
versions by instruct datasets, hence the chat version for Llama-2 and instruct versions
for Gemma and Mistral. While Gemma was trained on 6T tokens and Llama-2 on 2T
tokens, the token size is unknown for Mistral as they have not disclosed the info. The

table below summarizes the model descriptions.

Table 19. Model Descriptions of Generative Models Used in Experiment

Parameters  Version  Training Token Size

Llama-2 7B Chat 2T
Gemma 7B Instruct 6T
Mistral 7B Instruct NA
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For training, transformers (Wolf et al., 2020) and trl (von Werra et al., 2020)
packages from HuggingFace were used. Since these models have a huge number of
parameters, we employed the quantization technique and LoRA configuration to train
the model with lower resources (Hu et al., 2021). A supervised-finetuning pipeline
was applied to the models by using the training dataset. The hyperparameters used in
training are 2e-4 for the learning rate and 4 for the accumulation steps for gradients.
Table 20 below lists the hyperparameters used for training. As a result of the
training, we obtained low train loss, which shows potentially successful learning.

The details of the losses are given below.

Table 20. Train Loss for Generative Models

Llama-2 Gemma Mistral

Train Loss 0.122000 0.122600 0.087600

4.3.4 Test results

After the training part was completed, we tested all 3 models on the test dataset that
we created. Regarding the completions of the models to the prompt given, Gemma
and Mistral learned the pattern so accurately that their response was only the label
they predicted. For Llama-2, it performed almost the same as the other two regarding
how it should form its response, but it very rarely produced no label in its response,
for which we ran the inference another time. Without any further issue, it produced
the prediction in its completion, and we were able to collect all the responses. It is
also remarkable that Llama-2 almost always continued its prediction with the
reasoning it used while classifying the relationship between sentence A and sentence
B. For reference, some responses given by Llama-2 to the test pairs are included in

Appendix B. The metric results of 3 models are given in Figure 6 below.

68



According to the scores above, Gemma and Mistral excelled in the task with
an accuracy score of 0.98, which is just 0.01 above the BERT-NLI model developed
in the previous section, although it has been also been shown that decoder-only
models might not be as good as encoder-decoder ones (Deng et al., 2023). On the

other hand, Llama-2 shows a relatively poor performance with an accuracy score of

Model Performance Metrics on Test Set
Liama-2 Gemma Mistral

Accuracy - 0.95
0.90
F1 Score -
S 0.85
=
=
Precision - 0.80
0.75
Recall - 0.9879
-0.70

Metrics

Figure 6. Finetuned model performance metrics on test set

0.69. The primary reason for this might be the models themselves: Gemma was
trained on a three times larger corpus with 6T tokens than Llama-2, which is also the
case for the Mistral model although we do not know its training details. A larger
training corpus might have resulted in better reasoning abilities. Second, the training
procedure might affect the performance, though it is unlikely because the models are
generally trained similarly, and we did not include any extreme hyperparameter.
Finally, the reason for the worse performance could be the prompting. This is a

possible scenario because each model necessitates the prompts similarly to how it
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was trained. While our prompt is a generic one, it is actually not in the exact way that
Mistral authors want it to be (with [INST] tokens). Therefore, how much prompting
affects the model performance in such a task should be investigated with several

alternatives.

4.4 Discussion

In Experiment 1, we have put our dataset in use by training several models and
evaluating their performance. BERT-like encoder-decoder LLMs are bidirectional
models that take into account the left context and right contexts of a masked word in
given sentences. This translates to their deeper understanding of the linguistic
structures in data. In this regard, in the first section, the BERT models performed
quite well, given that they were only given a premise and hypothesis. As implicature
reasoning in humans increase with more context, we might have expected a worse
score by the models which are given no context; however, they, especially BERT-
NLI, acquired the patterns within the data. BERT-NLI had been trained on several
NLI datasets, from which we can infer that the previous training on textual
inferences was transferred to the slightly more complex task of identifying
implicatures besides entailment. However, it is noteworthy to further investigate the
influence of NLI training on more complex entailment reasoning.

In the SNLI and MNLI benchmark, we saw that our finetuned BERT-NLI
performed worse than the original BERT-NLI with around 12% decrease in
accuracy. Converting the predicted implicature labels into contradiction resulted in a
better performance than the other cases. We inferred, as discussed in the literature,
that the way we constructed the neutral and contradiction sentence hypotheses, which
have maximal scalars and negation, confirmed the fact that these datasets are biased

towards certain constructions and items in hypotheses sentences.
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On the other hand, generative models seem to perform equally with the
models developed in the first section. The models used are state-of-the-art models
that proved their reasoning skills in different settings. Thus, the results they obtained
here may be considered expected. The training showed that prompting is crucial in
getting accurate completions out of the models. Moreover, converting a text
classification task into a seq2seq task, as we did, does not seem to cause poor
performance. The task can be converted in some other ways to scrutinize the model’s
abilities. For instance, in a study by Kumar and Talukdar (2020), the authors develop
a pipeline that they call “NILE” where a premise-hypothesis pair is fed into a model
that returns explanations for each of the candidate labels. Another model analyzes the
explanations and chooses the correct label accordingly, which increases the model’s
performance. Consequently, the model’s ability to classify labels into categories
accurately in the specific test environment we created does not necessarily generalize
to the model’s absolute understanding of implicature relationships. For those cases,

further studies should be employed with differing settings.
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CHAPTER 5

EXPERIMENT 2: LINGUISTIC INQUIRY

Upon examining LLMs’ abilities in identifying scalar implicatures and pragmatic
reasoning in the previous experiment, in this chapter, we aim to investigate the effect
of the various linguistic categories on implicature reasoning. For this aim, at the first
stage, we developed 5 different models: each model is trained by leaving out exactly
one linguistic category that ImplicaTR covers (adjectives, verbs, quantifiers, modals,
and numerals) in its training data. Then, each of these 5 models was tested on the
linguistic category they were not trained on. The first stage aims to see whether
models can generalize the implicature reasoning they obtained to a novel linguistic
category. In the second stage, one more model, Model-6, was developed. This model
was trained on all of the linguistic categories that ImplicaTR has with one difference:
we eliminated some of the scalar pairs from each of the linguistic categories (except
modals, more on this later) and trained the Model-6 on the remaining ones. Then, this
model was tested on the scalar pairs it did not see during the training procedure. The
aim of this second stage is to further investigate if models can generalize the scalar
reasoning that they gather from one specific linguistic category to the other lexemes
in the same category. Each of these models will be called with their respective
numbers throughout the study (e.g., Model-1).

In this chapter, we will first see how the dataset was split to train, validation,
and test sets for all the models by elaborating on the first stage, which consists of the
first 5 models, and then on the second stage, which covers the Model-6. The training
procedures and loss-accuracy values will be given for each of the models. Then, we

will investigate the test results per each of the models. What follows will be a further
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examination by class and by linguistic category. After that, we will conduct a feature
analysis to see how the linguistic structure affects the model performance. Lastly, we
will do four small experiments for different linguistic categories of ImplicaTR before

concluding the chapter with a general discussion section.

5.1 Splitting dataset

5.1.1 Models 1-5

Unlike Experiment 1, where the train, validation, and test datasets are created by
means of stratified sampling, we will eliminate one of the linguistic categories
entirely from the training and validation dataset. It will be ensured that the model
will not see any of the samples from each category. Table 21 below shows the

categories used for training and testing per each model.

Table 21. Linguistic Categories Used for Training and Testing for Each Model

Train Test
Adjectives Numerals
Verbs

Model-1  quantifiers
Modals

Adjectives  Modals
Verbs

Model-2  Quantifiers
Numerals

Adjectives Quantifiers

Verbs
Model-3 Modals

Numerals

Adjectives Verbs
Quantifiers
Model-4 Modals

Numerals

Verbs Adjectives
Quantifiers

Modals

Numerals

Model-5
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As discussed previously, ImplicaTR features numerals and partitives;
partitives use the same scales as numerals do. However, partitives do not show
regular entailment and implicature relationships similar to other linguistic categories,
which is why they are considered to hinder the model in learning the numeral
constructions. Therefore, partitives are not included along with the numeral data in
order to correctly evaluate the model’s predictive power for the numeral dataset. The
same case is also applicable to the C implicatures where the sentence C from each set
of sentences leads to two extra scalar implicatures and one existential implicature.

Similar to how the dataset was split in the previous experiment, the train and
validation sets were sampled with stratified sampling. Again, we first randomized
and divided the sets (a set consists of 8 sentences) from each category into train and
validation sets. Afterwards, the train and validation splits were populated with the 8
sentence pairs for each set they had. As a result of this process, a test set that includes
the entirety of a single linguistic category has been created along with training and
validation sets by means of stratified sampling. Thanks to the sampling method, the
resulting datasets are ensured to have a balanced distribution across the four target
variables we have. The following is the respective number of data rows for each

dataset.

Table 22. Train, Validation, and Test Datasets for Models 1-5

N ofrows %

Train 11520 64%
Validation 2880 16%
Test 3600 20%
Total 18000 100%
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5.1.2 Model-6

As a successive study to the first 5 models where the whole linguistic category is
tested, in this model, only some scalar pairs from each category were eliminated
from the training procedure. The resulting model was then tested on the scaler pairs
that were removed during the training procedure. Table 24 gives the list of scalar
pairs that are removed from each linguistic category.

This removal was done for the adjective, verb, quantifier, and numeral
categories and not for the modals. The reason for this is the fact that modals have
only two scales, each of which consists of 225 sets, and eliminating one scale would
mean eradicating half of the dataset. As it will be inconsistent with other categories,
we have decided to retain the whole category of modals in the training dataset.

For each of the other four categories, the first 150 sets out of 450 sets were
eliminated from the training dataset. This led to the fact that a total of 5 scales from
adjectival scales were entirely excluded in the training procedure, whereas this
number is 3 for verbs, quantifiers, and numerals.

The resulting sets for training and validation were again stratified across the
sets within each linguistic category. By populating the stratified sample, we have
created the final dataset. Similar to the previous models, the balanced distribution of
entailment, neutral, contradiction, and implicature labels are ensured by the sampling

method. Below is the resulting dataset’s size.

Table 23. Train, Validation, and Test Datasets for Model-6

N of sets N of rows %
Train 1320 10560 59%
Validation 330 2640 14%
Test 600 4800 27%
Total 2250 18000 100%
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The scales from each category left out in the training procedure and tested

subsequently are as follows.

Table 24. Scales Tested in Model-6

Linguistic Category Scales

benzer-aym
yeterli-tam

Adjectives zararli-oliimeiil
vasat-kotii
yakin-bitigik
yonelmek-varmak

Verbs denemek-basarmak

Ogrenmek-ustalagmak
birkag-biitiin

Quantifiers birkag-tiim
birkag-hepsi
iki-li¢

Numerals bes-yedi
on-on iki

5.2 Training and testing the models

The datasets obtained are used to train 6 different models, which will be employed to
test the respective datasets. The base model for each of the six models is the BERT-
NLI model used in the first experiment (Laurer et al., 2023). As mentioned
previously, BERT-NLI is a zero-shot classifier model that was a DeBERTaV3 model
(He et al., 2023). Among alternatives such as the base BERT or BERTurk, BERT-
NLI is employed throughout this experiment as it has been trained on the main NLI
inferences previously. The model has already seen the entailment, neutral, and
contradiction relationships which are correlated to the implicature-raising
environments. BERTurk could have also been used for this section; however, as these
models are multilingual and they are shown to transfer the learning process in one

language to another, we have opted for BERT-NLI for this experiment.
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The hyperparameters throughout this chapter are the same as those used in
Experiment 1. First, we will see how the models 1-5 performed in training and

testing, and subsequently, we will look into the details of the Model-6.

5.2.1 Training and testing the models 1-5

Train loss and validation loss for the first five models were seen to be decreasing
steadily for every model and there was no sign of overfitting or underfitting except
for the numerals (Model-1). The figures below show the respective train loss and
validation loss of the first 5 models. The categories given in the parentheses next to
the model’s name refer to the linguistic category that is tested in that particular

model:

Train Loss for the Models 1-5

Figure 7. Train loss for the models 1-5
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Validation Loss for the Models 1-5

Figure 8. Validation loss for the models 1-5

As seen in the loss charts, the loss values decrease constantly until they hit a
plateau and stop improving. There is a very slight sign of overfitting for the
numerals, where the train loss is 0.066 and the validation loss is 0.107. Compared to
other results and considering the test results, this is not suggestive of a significant
overfitting case that hinders the model performance. To illustrate better, Table 25
below shows the respective train and loss values of each model along with the

accuracy on the validation dataset.

Table 25. Train and Validation Loss Values of Models 1-5

Train Loss Validation Loss  Validation Accuracy

Model-1  0.066500  0.107452 0.979167
Model-2  0.095800  0.064293 0.987504
Model-3  0.078700  0.026510 0.994553
Model-4  0.056700  0.040738 0.991669
Model-5 0.074700  0.050688 0.991029
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The accuracy scores on the validation set also increase until reaching
maximal values and stopping improving. Figure 9 below demonstrates how the

accuracy scores improve by training steps.

Accuracy Scores of the Models 1-5

Figure 9. Accuracy scores of the Models 1-5 (validation sets)

The figure above indicates that the modal and quantifier tests converge
relatively slower than the other sets. While adjectives, verbs, and numerals conjointly
exhibit similar decrease patterns in loss and increase patterns in accuracy, Model-2
and Model-3 values are an indication that the absence of these two categories
challenges the model to learn the patterns, which might show that quantifiers and
modals are alike in certain respects while they are different from the other linguistic
categories in terms of scalar reasoning. On the other hand, it might also be argued
that the BERT-NLI model carries a bias in favor of quantifiers and modals, which
would result in the fact that their presence accelerates the convergence. However,
solely depending on the training loss values would yield quite unsupported claims,

which is why further inquiry is needed.
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Testing the Models 1-5
After each model was developed, the tests were done on the dataset that had been left

out during the training procedure. The results are given in Table 26 below.

Table 26. Test Results of Models 1-5

Category Tested TestLoss Accuracy F1 Precision  Recall
Model-1  Numerals 1.5592 0.6036 0.5506 0.6723 0.6036
Model-2  Modals 0.1416 0.9622 0.9621 0.9644 0.9622
Model-3  Quantifiers 0.2860 0.9336 0.9340 0.9396 0.9336
Model-4  Verbs 0.7137 0.7969 0.7948 0.8153 0.7969
Model-5  Adjectives 1.3374 0.7152 0.7150 0.7169 0.7152

Across different linguistic categories, test results demonstrate differing
performances for each model. First, the most successful categories are the modals
and quantifiers. In Model-2, where the category of modals is left out in training and
tested subsequently, the performance of the model reaches 0.96 for the accuracy
score, which can be evaluated to be quite an excellent result. The model
accomplished to correctly predict the entailment, neutral, contradiction, and
implicature labels for modal sentences without seeing them formerly. Quantifiers
were similarly predicted with a higher accuracy though having been vanished from
the training set.

In the training process, these two categories were the categories with a
somewhat divergent path of convergence compared to other models. This is to say
that the presence of these categories accelerated the learning process, which might be
accepted as a sign that the BERT-NLI model is prone to learn the implicature and
entailment relationships for the scalars in these categories. The test results support
this idea: quantificational and modular scalars are easier to understand for the model.

On the other hand, adjectives, verbs, and numerals have lower accuracy

values compared to quantifiers and modals. In Model-4, where verbs are tested, the
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accuracy score is 0.79, indicating that the model was more than moderately
successful in predicting the verb inferences without seeing them. Following the
verbs, adjectives seem to have moderate accuracy. These two categories, adjectives
and verbs, are similar to each other in that they are content words. As they are
content words, the lexicon of adjectives or verbs is quite larger than those of
quantifiers and modals. Therefore, each lexical item from these content-word
categories has lower frequencies than those from function-word categories. As a
result, individual content words are seen more infrequently in pre-training, and
LLMs have less information regarding scalar content words and their possible scalar
spouses. This can explain why we see that scalar reasoning from other categories is
generalized to adjectives and verbs, nevertheless, with lower accuracy.

Unlike adjectives and verbs, numerals are the least successful category, with
an accuracy score of 0.60. In the same vein, cardinals have an unlimited number of
lexical elements in theory, though, in practice, this number is still extremely large.
Thus, the number of scalar relationships that a particular numeral can establish is
quite large, the majority of which are unknown to the model or not reinforced in pre-
training. This again results in the fact that numeral scalars can copy the scalar
reasoning from other categories, though with worse performance.

These results require an in-depth look that will reveal the causes of
difference, if they are statistically significant. In addition, we will need to scrutinize
the predictions of the model in comparison to the ground labels in order to grasp the
logic and reasoning of the model during inferencing. Before a detailed investigation

of these cases, let us look into the training and test results of Model-6.
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5.2.2 Training and testing the Model-6

For Model-6, we used the same training setup and the same hyperparameters except
for the batch size, which is 32 for this model. The train and validation datasets are
different in structure compared to the first 5 models: this model is exposed to every
category during the training. What it is supposed to accomplish is correctly
predicting other scale pairs from the same categories it has seen during the training.

Train loss, validation loss, and accuracy scores of the model is as follows.

Train Loss, Val Loss, and Val Accuracy for Model-6

Figure 10. Train loss, val loss, and val accuracy for Model-6

Similar to what we have seen in the previous models, the loss values degrade
steadily through training steps. As the loss values decrease, the accuracy score of the
model increases and reaches a plateau. Regarding the loss values, similar to Model-1,
where numerals were tested, we see an insignificant sign of overfitting where the
validation loss is very slightly higher than the training loss, although this tiny
difference will not create a serious performance problem for the model. For

reference, the final loss and accuracy values are given in Table 27 below.

82



Table 27. Train Loss, Val Loss, and Val Accuracy for Model-6

Train Loss Validation Loss  Validation Accuracy

Model-6 ~ 0.091500  0.107118 0.978030

After the model was trained, it was tested on the test data we had created that
lacked some of the sets and scales altogether. As mentioned, modals are not included
in this test as their scale number is very limited, and the results will not be consistent
with the results of other categories. As a result, we have obtained a test result for the
whole dataset as well as specific test results for each of the four linguistic categories,

as given below.

Table 28. Test Results of Model-6

Test Loss Accuracy F1 Precision  Recall
Adjectives  0.0903 0.9733 0.9734 0.9743 0.9733
Verbs 1.5226 0.6625 0.6625 0.6626 0.6625

Quantifiers  0.0926 0.9866 0.9866 0.9866 0.9866
Numerals 0.4532 0.8541 0.8538 0.8613 0.8541
Average 0.5397 0.8691 0.8691 0.8697 0.8691

First, the overall accuracy is relatively higher compared to the 4 of the first 5
models (as modals are not included here). While the numeral and adjective adjectival
categories show an increased performance, quantifier predictions are again very
successful with a high score. Verbs, on the other hand, showed a decrease in
performance, which is contradictory to the other categories. We can basically infer
that the scalar reasoning exists within the linguistic categories for adjectives and
numerals so that training on similar structures gained the model the scalar
implicature reasoning that it used for unseen scalar pairs.

The score of adjectives is significant here as it reaches to 0.97, much higher

than Model-5 results (0.71) where the model was tested on the adjective dataset.
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Numerals are also noticeable in that they show an increase from 0.60 to 0.85 when
they are also included in the training dataset.

The peculiar case of verbs indicates a decline in the accuracy score compared
to what we have seen in Model-4, where the test result was 0.79, which does not
seem in line with other patterns. One possible explanation might be the verb types
tested. As seen in table above, the tested verbs are the inceptive verbs. The difference
between the type of verbs in training and test sets might have resulted in a lower
performance. On the other hand, verbs are morphologically altered from sentence to
sentence, and among the linguistic categories ImplicaTR possesses, verbs are the
only category in the sense that they must undergo a change in their morphology. As
well as tense and aspect changes, various morphological rules of Turkish also affects
the root form, e.g., from basla-mak (to start) to basi-ryor (he/she is starting). This
decreases the frequency of a particular verb token within the corpus, which might be

the reason for the low performance.

5.3 Results
After examining the preliminary test results for each of the models, we further
analyzed the predictions given by each model to reveal the factors that affected their
predictions. We aim to see how these factors affected models’ correctness for each
linguistic category. We collected all predictions given by each model for their
respective test datasets.

As the first step, we conducted a chi-square test in order to attest that the
accuracy scores for linguistic categories are statistically different from each other. As
our target variable is the prediction of the model as one of the four categorical

variables instead of a continuous one, we have used chi-square instead of ANOVA
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for accurate results. The table below shows the Pearson Chi-Square value of the tests

along with Cramer’s V value.

Table 29. Chi-Square and Cramer’s V Results

Pearson Chi-Square p-value Cramer's V

1256.2951 <0.0001 0.1525

The differences between the linguistic categories in their predictions are
statistically significant with a chi-square value of <.0001. This value, accompanied
by such a high chi-square statistic, shows that the difference is quite large between
the categories while the size of our test results might intervene and increase the
number even further (McHugh, 2013; Schumacker & Tomek, 2013). Cramer’s V is a
value to demonstrate the strength among the differences between the categories.
Cramer’s V above refers to a relatively small effect size in general; however, with the
sample size being quite large, the resulting value might not be as important as
expected. With the values obtained, we can reject the null hypothesis that there are
no significant differences between categories and accept that statistically significant
differences exist.

We have also conducted a Tukey’s HSD to inspect the pairwise group
comparisons between the linguistic categories (see Appendix D). The results show
that categories are different from each other with a very low p-value (<.001) except
for the quantifier-modal comparison, where the difference is still significant at the
level of 0.011.

After verifying the results between the categories, the table below shows the
mean accuracies for each category again with other statistical information. As Table
30 shows, Standard of Error (SE) is very low for each of the categories, indicating

that the mean accuracies are a trustworthy statistic for the differences.
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Table 30. Accuracies and Statistics for Models 1-5

N Accuracies SD SE 95% Conf. Interval
Linguistic
Category
Adjectives 3600 0.7153 0.4513 0.0075 0.7005 0.7300
Verbs 3600 0.7969 0.4023 0.0067 0.7838 0.8101
Quantifiers 3600 0.9336 0.2490 0.0041 0.9255 0.9417
Modals 3600 0.9622 0.1907 0.0032 0.9560 0.9685
Numerals 3600 0.6036 0.4892 0.0082 0.5876 0.6196

A very basic interpretation of why we have such differences without doing
further analysis requires awareness of how these categories are treated in NLP
models. Quantifiers and modals are the categories with the most limited number of
members among the linguistic categories in the study. Quantifiers, POS-tagged as
DET in NLP literature, are among the most frequent tokens found in corpora (Roland
et al., 2007). It is reasonable that the information they possess have already been
captured by the LMs. The total statistics of pretraining corpora in terms of word
frequencies is unknown, but we would expect a similar pattern there. With regards to
the implicature inference that our dataset introduced, it is possible that the model
needed to capture the linguistic and logical aspects of implication from other
linguistic categories while the conventional entailment-neutral-contradiction
reasoning was already existent. Considering this accuracy score, it is no surprise that
quantifiers preserve their high score in Model-6 as well, where the training data
already has quantifiers.

Modals are the other closed class we feature in the study along with
quantifiers and numerals. As we have discussed in the previous experiment, we have
two scales within the modal category, both of which denote epistemic modality.
While both epistemic and deontic modalities are prevalent in corpora, studies such as
Romer (2004) or Millar (2009) show that the epistemic use of modality lexemes is

extensive. This is also the case for the words that have possibility, ability, and
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permission meanings; they are mostly used in their possibility denotation. We can
again make a naive interpretation that the high frequency of epistemic modality
might be a reason why we see such high accuracy in modals compared to other
categories.

Two of the remaining three categories, adjectives and verbs, are open classes,
which signifies that their total vocabulary size is excessively larger than the others. A
natural consequence of this is that the individual frequencies of scale members are
comparatively low in the training corpora of BERT or other LLMs. The model might
have a relatively lower insight into the syntactic and semantic features of adjectives
and verbs. The absence of these categories in the dataset further imposes a challenge
on the model in that it would not be able to grasp more information about them. As a
result, it is possible that the predictive power of the model regarding these structures
results in being weak.

The fifth category, numerals, establishes the bottom line of accuracy scores
among all categories. A first look at the case of numerals may reveal their distinct
nature compared to other classes. A member from other classes, like adjectives, is in
a scalar relation with only a limited portion of adjectives, and it is quite possible that
models learn this relationship in training as they encounter those structures. On the
other hand, because of their nature, a numeral word is in a scalar relation with all
other numbers (theoretically infinite, practically a huge number) larger and smaller
than itself. If we assume that this type of inference is based on learning relationships
between words, this might explain why the model does worse when it is tested on
scalar items that it has not encountered. These naive interpretations, however, will

require further investigation.
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5.3.1 Results by label classes

After probing into the performance of our model per linguistic category, we also
investigated the accuracies of the model to see how the model performed across
different label classes, namely entailment, neutral, contradiction, and implicature.

The table below shows the results for label classes.

Table 31. Accuracy Results by Label Classes for Models 1-5

N Accuracy SD SE 95% Conf. Interval
category
entailment 4500 0.7229 0.4476 0.0067 0.7098 0.7360
neutral 4500 0.8496 0.3575 0.0053 0.8391 0.8600
contradiction 4500 0.8673 0.3393 0.0051 0.8574 0.8772
implicature 4500 0.7696 0.4212 0.0063 0.7572 0.7819

The results show that the model behaves differently across different labels,
performing better in contradiction and neutral cases, whereas the accuracy score is
0.72 and 0.76 for entailment and implicature classes, respectively. The models we
developed in these models seem to have grasped the relationship of contradiction
quite well for linguistic structures that it was not trained on explicitly. This can be
considered expected as these models were already efficient in NLI label predictions
(N. Jiang & De Marneffe, 2019), specifically in contradiction due to the existence of
“not” (Gururangan et al., 2018). The neutral cases are similarly easy to grasp for the
model, which also seems in line with the literature. However, the case of entailment
is surprising as it is the least successful category, with an accuracy score of 0.72.

Additionally, models seem to have reasoning regarding the implicatures in the
categories they have not seen previously as the accuracy score is more than moderate
with a 0.76. The heatmap below shows how the predictions are scattered across the
classes. Table 32 presents a finer analysis regarding how the models performed

between the two types of sentences of each label.
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Figure 11. Confusion matrix of predicted and true labels across models 1-5

Table 32. Accuracy Results by Sentence Types for Models 1-5

Sentence Type N Mean
Implicature 1 2250  75%
Implicature 2 2250 78%
Entailment 1 2250 2%
Entailment 2 2250 71%
Neutral 1 2250  92%
Neutral 2 2250 7%
Contradiction1 2250 89%
Contradiction2 2250 84%

When the models predict the entailing premises-hypothesis pairs, they mostly
confuse them with the neutral class with 22%. To remember, the sentence pairs with
an entailment label and those with the neutral label are the exact opposite of each
other, meaning that the premise in one is the hypothesis of the other and vice versa.
In this sense, the comparison between entailment and neutral sentences is also
important for the textual similarity tasks, where the two classes would fall into only
one class (Agirre et al., 2012). It seems plausible to assume that the model appeals to
the symmetric equivalence between the two sentences when it fails to predict the
inference as entailment. As a result, the neutral label is falsely given to the sentence

pair. Then, the inquiry should be on why the model fails to predict accurately the
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entailment labels. For reference, Table 33 shows the precision of the models by
classes. The precision for the entailment class is the highest with an important
difference to the other classes, meaning that the model is reliable in the cases where
it predicts the pair as entailment, though it is not able to grasp all the information
regarding the entailment sentences. Thus, the number of predictions is higher for the

other classes and lower for entailment.

Table 33. Precision by Label Class for Models 1-5

Prediction N Precision
entailment 3689 88%
neutral 5001 76%
contradiction 4959 78%
implicature 4351 79%

In the Table 32 above, the different sentence types for each class do not differ
from each other except for the neutral case where the first sentence is more
accurately predicted than the second one. When we investigate the confusion matrix
for the second sentence of the neutral class (see Appendix C), we can see that the
predictions are made as entailment when the model fails to interpret the sentence as
neutral. This pattern is what we saw in cases where the model fails to predict
entailments correctly, so we can further verify that the model uses sentence similarity

for prediction as well.

5.3.2 Results by linguistic category

In addition to an analysis by the class labels, we further looked into how specific
categories behaved across all class labels to have an insight where the linguistic
categories create differences. The rest of the five confusion matrices are given in the

Appendix C for reference (as values are rounded in heatmaps, they might not add up
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to 1 or be only slightly over 1). We include the heatmaps of verbs and numerals here
in Figure 12 and Figure 13 for discussion.

Adjectives show a consistent pattern across classes, where each class is
predicted with an accuracy of around 0.7. This is an indication that the features of the
adjectives behave more or less the same, and classes do not create an extra challenge
for the model. It is still worth noticing that implicatures are relatively challenging as
the accuracy is lower. This pattern of adjectives is not seen in verb prediction, where

entailment and contradiction are predicted with high accuracy. For the neutral class,

§
E 0.041 0.016
53 > 08
]
=
5. 0.042 0.6
v ¥
02
n
-
g8
&3 -0.4
8- 0013 0.0056
Q
o
g 0.2
F-.
3 0.0056 0.0078
-
(2
entdiiment nautral contradiction Impéicature

Prodicted Label

Figure 12. Confusion matrix of predicted and true labels for verbs

€
¥ 08
E. on 0.0022 01
- |
g 0.7
2 06
s - 0014 012
3 0.5
ﬂ [
g,‘ 2 - 0.4
o
. 0 0.0022
E -0.3
<
a
2 0.2
2 T
S 0.0011 0.0067 oM .01
4 LA
E
' " 0.0
entallment neutral contradhiction implicature

Predicted Label

Figure 13. Confusion matrix of predicted and true labels for numerals
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we see that when neutrals are predicted incorrectly, they are mostly taken as
entailments, which again refers to the tasks of textual similarity. However, we do not
see that implicatures are predicted correctly as much as other classes. Moreover,
those cases are predicted as contradictions with a percentage of 37%. This exhibits a
different pattern, similar to Experiment 1 results.

Regarding quantifiers and modals, which are the categories with the highest
accuracies, we see that they demonstrate their high accuracy trend again across all
classes. For implicature reasoning, modals show almost a perfect score near 1
(rounded to 1 in the heatmap). This might be an indication that the high frequency of
these closed-class words positively influences the predictive power of the model.

What differs from the previous results is the category of numerals, where the
neutral and contradiction accuracies are high while entailment and implicatures are
quite low. Implicatures are almost divided between contradiction and implicature
predictions with 41% and 58% of predictions, respectively. What is more curious is
that the entailment cases are classified as neutral with a ratio of 78%. This again
demonstrates that models refer to the similarity between the sentences and
incorrectly assign the neutral label. For the incorrect implicature cases, we see that
the incorrect classifications are for the first implicature sentence where the premise is
the smaller cardinal and the hypothesis is the negation of the larger cardinal (e.g., /
read five books and I did not read six books). This is an indication that such specific
scalar numeral pairs (e.g., five-six, seventeen-twenty-nine) do not create scales
automatically as other categories do. Figure 14 shows that implicature relationships
between the larger and smaller values can be taught to the model. The implicature

performance increases in Model-6, which saw some other numeral scales in training.
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Figure 14. Confusion matrix of predicted and true labels by Model-6 in numerals

After we obtained and analyzed the category and class results, we further
conducted a feature importance analysis. This analysis is significant in that it will
highlight the linguistic features in data that contribute to the model’s reasoning
capabilities. In the next section, the features that are extracted are described first and
then the related analyses are carried out with two models, logistic regression and

random forest.

5.4 Feature importance analysis

In order to unveil the potential linguistic triggers in our dataset that lead to the
correct or incorrect classification of the premise-hypothesis pairs, we conducted a
feature importance analysis. Research has shown that LLMs already learn the
linguistic features within the data in the pre-training phase, while linguistic
information contributes to a higher performance level in downstream tasks (Radford
et al., 2018). In this sense, extracting linguistic features from the sentences in the
dataset would be convenient and immensely needed to see which structures

contributed to the model reasoning. In literature, the variety of linguistic features
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extracted from the corpus is quite extensive, ranging from position of specific POS-
tagged tokens and the behavior of the root word to the depth and length of the
dependency trees computed for each sentence (Miaschi et al., 2020). Besides, other
highly relevant features are the statistics regarding the sentence or token length or
average values of each sentence.

We have extracted some features from premises, hypothesis, and their
combinations to carry out the importance analysis. In this regard, we used several
tools, including spaCy, NLTK, HuggingFace transformers, sklearn, and fasttext. With
these features, we tried out some statistical methods to see which ones serve our
purposes better and finalize our results with the best ones. In addition, the scope of
feature extraction for linguistic data might extend to unrestrained levels. In those
cases, it is a good practice to choose among the most appropriate features for the
purpose of the task, one of which includes manually combining the features to see
which combinations result in better scores (Kriz et al., 2015). By testing different
features, we came up with a final list of features that theoretically deliver the best
results. In the next section, we first go through the features obtained from the data

and then, the results from some statistical methods will be given.

5.4.1 Feature extraction

The feature extraction process was first started with the basic features that are
commonly used across NLP studies, with token counts per sentence and average
token length for each sentence. We obtained these two results for both the premise
and hypothesis, which, as would be expected, gave quite similar results because of
the data generation method employed. Apart from this, we collected the number of

nouns per sentence pair this time instead of both premise and hypothesis since the

94



study does not manipulate nouns, and it is expected that both have the same number
of nouns. The motivation for noun extraction stems from the study of Talman et al.
(2021), where they conduct a series of experiments in which they corrupt the dataset
in different fashions to see which features contribute less/more to the overall
accuracy. Nouns are one of the categories that affect the accuracy of the NLI models
in entailing and contradicting cases.

Another categorical variable that we extracted is whether the sentence root is
a verbal or a nominal predicate. As many sentences are constructed with var, yok or
an adjective as a predicate, this might be a relevant feature for our dataset. spaCy
does not have native support for Turkish for now; therefore, for this task, we use the
large spaCy model that Altinok (2023) developed, which works with an assuredly
high performance.

In our dataset, the sentences A, B, C, or D from each set are created with the
affirmative versions of weak and strong scale items along with the negations of those
two sentences. This is why polarity can be considered an important feature of the
dataset that might determine the quality of data. To this end, we also extracted
features from the premises and hypothesis regarding their polarity in order to see its
effect as well as to check the dataset once more. We created 3 different variables out
of polarity: the polarity of the premise, the polarity of the hypothesis, and the
combination of both (e.g. Positive-Negative). We again used the spaCy model
developed by Altinok (2023). As this task requires a morphological analyzer, we used
the transformer version instead of the large model this time.

Considering that named entities could interfere with the model’s reasoning
over sentence pairs, we also included NER tags in our features for inquiry into their

potential influence on the results. We tried to include all of the named entities

95



existing in the dataset regardless of their counts. For this task, we again used the
large spaCy model mentioned above. Similar to the polarity classification, we carried
out sentiment analysis for each premise and hypothesis as well as their combinations.
The classes used for sentiment analysis are positive, negative, and neutral. After
examining negation with the morphological analyzer, this feature-extracting process
is to verify further if sentences are semantically negative or positive. We used the
same BERT-NLI model as a zero-shot classifier model that can easily adapt to this
task.

One important statistic extracted is the similarity score between the premise
and hypothesis. The model’s prediction might be expected to be correlated with how
much the input sentences resemble each other. Again, with the large spaCy model
above, we compared the word embeddings of both sentences and gave them a score
of similarity.

On the other hand, the similarity of the words within a sentence might be of
high value for the model, which is why we also collected the similarity scores for
each sentence as well. For this, the pairwise similarity of each word in a sentence is
collected from a word embedding. Then, the pairwise similarity scores were summed
and divided by the number of pairs in each sentence. The resulting score would be a
word similarity score for that particular sentence. We used the fastText model for this
task, which uses the sub-word information to construct word embeddings
(Bojanowski et al., 2017). We also looked into the TF-IDF scores of the individual
scale items we have in each sentence and obtained the scores for both premise and
hypothesis sentences. TF-IDF is a method that considers the token frequency for a
particular word as well as taking into account its presence across all documents. On

this account, it gives a reliable score for the importance of the word and has been
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shown to be used for feature extraction purposes in the literature (Wendland et al.,
2021).

Finally, we collected the relative positions of the scalar items in the premise
and hypothesis. This info would reveal if the position of the scalar item within the
sentence is a key factor for the model. In addition, we took note of the words on the
right and on the left of the scalar item in a given sentence. Being closer to the
predicate or root, or the number of tokens between the scalar word and the root might
affect the model’s reasoning capabilities. While the number of tokens on the right
and left are given as integers, position value is given as a number between 0 and 1,
where being closer to 0 means being at the beginning and to 1 means being relatively
at the end of the sentence. As a result of this stage, we extracted features to analyze
further with statistical methods. Table 34 (on the next page) shows the features we

have mentioned.

5.4.2 Logistic regression model

In the preliminary work on the logistic regression model, we found that some of the
features extracted are insignificant in their effect size. Besides, they are not as
frequent as the other features. Thus, we decided to remove them from the regression
analysis. The features that were removed are those for the NER and sentiment
analysis; however, a separate and limited regression analysis is included only for
NER in Appendix D to show the effect of particular words. It can be seen that the
existence of PERCENT in a sentence is highly correlated with being predicted
corrected, as expected by the modal scale herhalde-yiizde yiiz. On the other hand, the
existence of CARDINAL negatively influences the predictive power of the model, as

it is supposed by the category of numerals.
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Table 34. Features Extracted for Analysis

Group Description Names of Variables
Counts and The counts of nouns and premise_noun_counts
Lengths tokens, and average length ~ hypothesis_noun_counts
of each token per premise-  premise_token_counts
hypothesis hypothesis_token_counts
avg_premise_token_length
avg_hypothesis_token_length
Verb Whether the predicate is premise_is_root_verb
nominal or verbal hypothesis_is_root_verb
Polarity and The polarity of the sentence  premise_polarity
Negation as obtained from the hypothesis_polarity
morphological markers on isPol_PosPos
the root for premise and isPol_PosNeg
hypothesis. Also, the isPol_NegPos
possible combinations isPol_NegNeg
between premise-
hypothesis
NER The NER tags obtained CARDINAL, GPE, PERCENT, ORG,
from both premise and NORP, LOC, MONEY, QUANTITY,
hypothesis DATE, TIME, PERSON,
LANGUAGE, EVENT,
WORK_OF_ART, FAC, TITLE,
ORDINAL
Sentiment The sentiment as predicted ~ sentiment_premise_negative

by zero-shot as one of
positive, negative, or
neutral

sentiment_premise_neutral
sentiment_premise_positive
sentiment_hypothesis_negative
sentiment_hypothesis_neutral
sentiment_hypothesis_positive

Word Similarity

The average word
similarity for each premise
and hypothesis obtained
from fastText and the
difference between the two

premise_word_similarity
hypothesis_word_similarity
word_similarity_diff

Sentence The similarity score premise_hypothesis_similarity
Similarity premise-hypothesis pair

calculated by the

embeddings
TF-IDF TF-IDF score of the scalar ~ premise_scale_tfidf

item in each sentence for
premises and hypotheses

hypothesis_scale_tfidf

Scalar Position

The respective position of
the scalar item within a
sentence along with the
number of tokens to left
and to the right for both
premise and hypothesis

premise_scale_position
premise_words_on_right
premise_words_on_left
hypothesis_scale_position
hypothesis_words_on_right
hypothesis_words_on_left
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Utilizing the remaining features, we developed the logistic regression model

whose classification results are in Table 35 below.

Table 35. Classification Results of Logistic Regression Model

precision recall fl-score support

class

0 0.59 0.05 0.10 716
1 0.81 099 0.89 2884
accuracy 0.80 3600
macro avg 0.70 052 049 3600
weightedavg 0.77 080 0.73 3600

The table shows that the model works fine, with an accuracy score of 0.80.
However, the precision and recall scores for the class 0 are relatively low. As this is
not a model that classifies into one of the four labels but into 0 or 1, we consider that
the score is good enough for our purposes. Figure 15 below shows the coefficients of
the features fed into the model. Since many features returned a small coefficient, they

are omitted in the figure below, and the full table is given in Appendix D.

Feature Coefficients (Selected Features)

0

Coefficent Value

Festure

Figure 15. Coefficients of features by the logistic regression model
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According to the coefficients, the value that positively affects the correctness
of the model prediction the most is the position of the scale. Keep in mind that a
higher value for scale position means being closer to the end of the sentence.
Therefore, the model predictions show improvement when the scale in the premise
sentence is closer to the end. The feature that characterizes the number of words to
the right of the scalar item in the premise sentence also seems highly correlated with
the correctness of the prediction. When the two are taken together, we can presume
that as the scale is near the predicate of the sentence but there are some other words
in between, which, for instance, might mean that the verb phrase is populated, the
model more correctly analyzes the inference between the two. It is also worth noting
that the scale position of the hypothesis does not affect the correctness as much as the
position in the premise sentence does.

On the other hand, the TF-IDF score is negatively correlated with correctness.
It is important to remember that the TF-IDF score is a score that is crucially
correlated with the corpus, which is, in our case, our dataset. Though it might prevent
a generalization to other domains, it is still an indication that as the word is more
peculiar to the sentence among the documents, it might intervene in the model’s
performance. Critically, the correctness is negatively correlated the most with the
similarity between the premise and hypothesis sentences. When they resemble each
other in that their embeddings are similar to each other’s, this adversely contributes

to the likelihood that the model makes a correct prediction.

5.4.3 Random forest model
Upon obtaining results from the logistic regression model, we carried out a random

forest classifier to further verify the effects of the features on the model predictions’
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correctness. For this, the features whose effect size is low were eliminated, and a new
set of features was created. This new set of features does not include any categorical
variable, and all of the values are continuous. The list of variables is given in
Appendix D. The classification results of the random forest model are given in the
table below. Accordingly, the model has an accuracy level of 0.80, which shows that
it mostly learned the relationships between the features. Also, the figure of

coefficients for the model is given below.

Table 36. Classification Results of Random Forest Model

precision recall fl-score support

class
0 0.12 0.44 019 194
1 0.96 081 0.88 3406
accuracy 0.79 3600
macro avg 0.54 063 053 3600
weightedavg 0.92 079 084 3600
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Figure 16. Random forest coefficients
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We see that the results of the random forest model are in line with the
regression analysis we did. In this model, where the coefficients are calculated by the
decrease they cause in the mean accuracy (MDI), the features with the highest
decrease are TF-IDF scores of the scalar items within the sentence. This is valid for
both premise and hypothesis sentences, as the values of both are the highest. The
similarities of the embeddings of the premise-hypothesis pair can be seen to have a
negative effect on the correctness of the model prediction. Additionally, the average
similarity scores of the words within a sentence are again one of the factors that

decrease the score.

5.5 Further linguistic inquiries

ImplicaTR includes manipulations to some extent for some of the linguistic
categories, as discussed previously. By manipulation, we refer to the systematic data
generation that has been done through using certain linguistic phenomena. These
manipulations are not at large scale; however, they still shed light on the various
characteristics of some phenomena in scalar implicature derivation. This section
looks into the details of these manipulations.

The linguistic categories that are systematically manipulated are modals,
quantifiers, and numerals. We first look into modals, for which we created the
sentences by exploiting the tenses and aspects for each set of sentences. The list of
tenses and aspects employed are given in Table 8 in Chapter 3. Second, for
quantifiers, the scalar pairs are constructed with combinations of different quantifiers
in Turkish. We will see if certain scalar items are learned better or not. Then, we will
see two cases for numerals: partitives and C implicatures. Partitives are the numeral

structures that substantially change the regular entailment and implicature pattern we
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see throughout this study. They will be investigated to see whether they obey the
implicature reasoning of numerals or not. Lastly, we will scrutinize the case of C
implicatures, which are created by pairing the sentence C from each set of ImplicaTR

as the premise and three extra hypothesis sentences created specifically.

5.5.1 The case of tenses and aspects

Modal sentences were created by employing certain tenses and aspects for each verb
predicate. In total, 9 different aspects exist in 450 different sets of modals. The
motivation for this small experiment is the fact that verb aspect has been shown to
affect the predictions and performance of BERT models (Cho et al., 2021). As the
scalar pairs in modals are epistemic modalities, the aspects must give way to the
possibility meaning without any extra problem. This is why a limited number of
aspects were chosen and tested.

Results show that almost all of the aspects of entailment and implicature
reasoning are easily learned by the model. As we have seen previously, modals
always had a high accuracy in the models that we developed, which is why there is
not much difference between different aspects. One different case is the presumptive
future aspect (Muhtemelen yapacakmig. — (I heard that) s/he will probably do it.).
While the accuracy is still high, it has obviously poorer accuracy than other aspects.
This does not demonstrate any conclusion on itself; still, we think that the
presumptive meaning might have an influence on this, although other presumptive
aspects have higher accuracy. A further study would be on verb aspects in different

linguistic categories.
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Table 37. Accuracy Scores by Verb Aspect in Modals

Aspect N Accuracy
Continuative 400 99.75%
Emphatic Presumptive 400 99.25%
Future 400 98.75%
Presumptive Past 400 97.75%
Presumptive Aorist 400 97.50%
Emphatic Future 400 96.50%
Past 400 96.50%
Aorist 400 95.50%

Presumptive Future 400 84.50%

5.5.2 The case of quantifiers

In NLI research, the syntactic and pragmatic variation among quantifier words is
considered a challenge for the models, especially for multilingual models (Cui et al.,
2022). Thus, we conducted this small experiment to see how the variation between
scalar quantifiers in ImplicaTR might create a challenge for the models developed.

The results for each scale are given in Table 38 below.

Table 38. Accuracy Scores by Quantificational Scales

Scale N Accuracy
birkac-hepsi 400  99.00%
biraz-gok 400 98.50%
bazi-hepsi 400 96.50%
birkag-tiim 400 94.50%
birkag-¢ok 400 94.50%

bazi-tiim 400 93.25%
birkag-biitin 400  91.50%
bazi-¢ok 400 86.75%

bazi-biitiin 400 85.75%

As the results of each model up to this point demonstrated, quantifiers always
had high accuracies, which is shown by the table. It is hard to say that there are large
differences between the accuracies of the scalar pairs although pairs containing baz:
‘some’ have a relatively lower accuracy than others. The quantifier baz: is an
equivalent of some that can be used with plurals and, in limited contexts, with

singulars (Ozyildiz, 2017). We have not spotted any use difference between haz: and
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other non-maximal quantifiers we have; therefore, the difference with other scales
might be caused by data items, although we have not encountered any unusual case

in ImplicaTR.

5.5.3 The case of partitives

Partitives are constructions that denote the incompleteness or partialness of any
quantity. For instance, while an ordinary numeral construction is Bes kitap okudum (1
read five books), we can construct partitive numerals by denoting some part of a
greater whole such as Kitaplarin besini okudum (I read five of the books). We saw
that partitive constructions remove the regular entailment-implicature relationships
that we observe in numerals and in other linguistic categories, which is possibly
caused by the specificity of the NP (Eng, 1991) (refer to ImplicaTR discussion in
Chapter 3). Besides the numeral dataset, we generated a small partitive dataset to
investigate whether the models we developed can spot the differences between
numeral and partitive constructions and appropriately predict the irregular
entailment-implicature pattern. For this task, we use Model-1, whose test dataset is
the numerals, which has an accuracy score of 60%.

Table 39 below shows the performance of Model-1 on the partitive dataset
per each label class along with the total accuracy score below as 38%. We see that
the inference types that partitives created are not predicted correctly by the model,
which was trained on linguistic categories other than numerals. The model
overpredicted implicatures, which is why the accuracy is high at 87%, although

precision is low.
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Table 39. Accuracy Scores of Partitives by Label (Predicted by Model-1)

Label N Accuracy
implicature 90 87.78%
neutral 810 34.94%
entailment 90 22.22%

Weighted Average 990 38.59%

For further examination, Table 40 below gives the accuracy score by each
sentence along with the ground labels for the partitive dataset and with the regular
labels, which is the ground label of that particular sentence for regular numerals

(please refer to Chapter 3 for examples for each sentence).

Table 40. Accuracy Scores of Partitives by Sentence (Predicted by Model-1)

Sentence Number ~ Ground Label Regular Label N  Accuracy

1 neutral implicature 90 1.11%
2 neutral implicature 90 1.11%
3 neutral entailment 90 22.22%
4 entailment entailment 90 35.56%
5 neutral neutral 90 87.78%
6 neutral neutral 90 77.78%
7 neutral contradiction 90 22.22%
8 neutral contradiction 90 95.56%
9 neutral implicature 90 78.89%
10 neutral implicature 90 1.11%
11 implicature implicature 90 1.11%

As seen, sentences 5 and 6 are predicted correctly, as expected. However, the
model does not cover sentence 11, which is an existential implicature. What 1s
interesting is the case of sentences 8 and 9, where the model identifies that the
partitive construction removes the regular inference pattern so that it correctly
predicts sentences as neutral. This might signify that models resolve the specificity of

the partitive NPs, though this will require more data to verify.
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5.5.4 The case of C implicatures

The last small experiment is on the C implicatures, which are created by setting the
sentence C from each set as the premise and with three different hypotheses
specifically created. We saw that numerals give way to extra implicatures when the
weaker term (smaller number of the scale) is negated, hence the sentence C. For
instance, when the sentence Not 30 people watched the movie (which belongs to the
scale of <thirty, sixty>) is uttered, three extra implicatures arise: the implicature that
less than 30 people watched it, the implicature that at most 29 people watched it, and
the implicature that at least 1 person watched it. We tested if these extra implicature
inferences were learned as well during the training as well. We saw that the accuracy
score of Model-1 on the C implicatures is %47, which seems to be good at first sight.
We further looked into each of the 3 extra C implicature’s respective accuracies,

which is given in Table 41 below.

Table 41. Accuracy Scores of C Implicatures per Sentence

Sentence Number N Accuracy
C Implicature 1 450 19.78%
C Implicature 2 450 24.89%
C Implicature 3 450 97.33%

We see that the model accuracy for sentence 2 is equal to random selection
accuracy, while it can even be considered biased against sentence 1. These show that
the model did not generalize the implicature reasoning it gained from other
categories to the numerals here. The case of sentence 3 is interesting because we
named the type of implicature in sentence 3 as existential implicature rather than a
scalar one. This is because the hypothesis has the logical meaning of some (at least

one person did it) while the premise is not a maximal value like a/l; rather, the
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premise denotes the negation of any cardinal number. This can be considered
evidence that the model can understand and use the denotation of some without in

different contexts.

5.6 Discussion

In Experiment 2, we further analyzed the LLMs’ reasoning capabilities over scalar
inferences and pragmatics. For this, we employed an experiment design, which we
can call an ablation study, where we eliminate some part of the total dataset to see its
effects on the model. We left out one of the linguistic categories wholly at each step
and tested the model on the dataset that was left out. What this study showed is that
the models can generalize the scalar reasoning that they learn to other linguistic
categories. While the least accurate category in this sense is numerals, they are still
predicted correctly with 60%. Quantifiers and modals showed a greater performance,
whereas adjectives and verbs were mediocre in this regard. These results are partially
in line with Baker et al. (2009), where adjectives and quantifiers were found to give
rise to the implicature meaning, while numerals did not show implicature reasoning.
As they argue, quantifiers have maximal denotations (like a//) while others do not,
which seems to affect the implicature reasoning. Additionally, adjectives and verbs
do not denote exact values, and they are vague; numerals are argued to have an
‘exactly’ meaning, which can deteriorate the implicature reasoning. We also
conferred that the low frequency of each word from adjectives and verbs was the
reason why the models are not familiar with these words as much as they are with
function words such as quantifiers. In Model-6, we tested if scalar inference can be
generalized to other scalar pairs from the same linguistic category that the model

previously learned in training. Results showed that when the model is exposed to the

108



scalar implicature data, it learns this inference and can generalize to other scalar pairs
that were not explicitly shown.

In our analysis where we looked at the confusion matrices of given
predictions by each model, we saw that contradiction and neutral classes are
predicted highly correctly. This is in line with Gururangan et al. (2018) and Liu et al.
(2022) in that the existence of words like ‘not’ in hypothesis creates a bias in NLI
models towards contradiction. In addition, the superlative forms in hypotheses are
also argued to direct the model towards predicting neutral. In our dataset, the
hypotheses of neutral and contradiction sentences are B and C. Sentence B denotes
the positive form of the stronger term, which is the maximal value such as all, while
sentence C is the negative form of the weaker term such as none, which denotes the
non-existence of the weaker term, hence a maximal value on the other end of the
scale. Therefore, our results seem to confirm this bias of NLI models.

We further conducted feature analysis to reveal what linguistic features
influenced the performance of the models developed. For this, we developed two
models: logistic regression and random forest models. First, the logistic regression
model showed us that the similarity score between the premise and hypothesis
decreases the performance of the model. This score was computed by comparing the
word embeddings of premise and hypothesis sentences. This was shown by the
random forest model as well. Random forest also showed a greater effect on the
inaccuracy of model predictions by within-sentence word similarity. If the words are
semantically similar to each other, this hindered the model’s entailment and
implicature reasoning. These results are in line with what Kalouli et al. (2022) found.
If the similarity score between premise and hypothesis is high, then models are

generally distracted and show worse performance.
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On the other hand, we also collected TF-IDF scores of each scalar item within
premises and hypotheses. Both logistic regression and random forest showed that
higher TF-IDF scores of scalar items are a factor that decreases the accuracy of the
model. A somewhat similar score was obtained by Baker et al. (2009). They found
that if the non-maximal scalar items (e.g., some) is a salient word, then the
implicature reasoning deteriorates. We think that our results can be considered
similar to this in that if the TF-IDF score of the scalar item increases, then the
reasoning capabilities of the model decrease.

Another result that the feature analysis showed is that the position of the
scalar item might be important in scalar inferencing. We found that when the scalar
item is close to the predicate word, the model has difficulty in resolving the
relationship there. Given that Turkish is an SOV language where predicate is
regularly at the end and ImplicaTR does not have any irregular sentence, being close
to predicate or being in the verb phrase increases the model’s inferencing
capabilities.

In the last step, we also conducted four small experiments by using the
manipulations in ImplicaTR data sentences. In the first one, we saw that the aspect of
the verb does not have an influence on scalar implicature inferencing. While all verb
aspects have very high accuracies, we saw that presumptive future has only 0.1 less
accuracy score than others. In the second one, we investigated if certain quantifier
words in Turkish have an effect on the model capability. We again see that there are
no significant differences between quantificational scalar items. Only the word baz:
performed slightly worse than the others. In the third of these small experiments, we
investigated if the implicature reasoning is generalized to partitive constructions,

which substantially differ from regular numerals in entailment relationships. We saw
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that there is more than a random chance that models can identify that the partitive
constructions are not in similar entailment patterns, though the final accuracy results
are low. And lastly, we inquired about the C implicatures that ImplicaTR has. We
again see that the model cannot generalize to these implicatures while it can diagnose
the existential implicature that the last sentence has. These results were preliminary

insights on the topic and will require further data and experiments for clarification.
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CHAPTER 6

CONCLUSION

In this study, we investigated scalar implicatures, which are a type of generalized
conversational implicatures within the Gricean framework of implicatures. Our
research was on NLI; we investigated how LLMs perform on scalar implicatures
with an aim to reveal the pragmatic capabilities of LLMs.

For experiments, an NLI dataset in Turkish, ImplicaTR, was generated. This
dataset contains the conventional entailment-neutral-contradiction classes and adds
one more class, implicatures, on top of it. The dataset was generated semi-
synthetically by creating the set of sentences first. This set has a structure in it:
sentence A is the sentence with the weaker term of the scale, sentence B is the
sentence with the stronger term of the scale, sentence C is the negation of sentence A,
and sentence D is the negation of sentence B. Thus, sentence A signifies that at least
the minimal value is true (some and possibly all), sentence B that the maximal value
is true (all), sentence C that even the minimal value is not true (not some ~ none),
and sentence D that the maximal value is not true but the minimal value might be
true (not all). We created the ImplicaTR by combining these sentence pairs.

Our study is significant in many ways. First, ImplicaTR fills the gap for an
NLI dataset that involves scalar implicatures, which is very rare in the literature. It
also has linguistic categories created specifically, which allows for finer linguistic
inquiry. Second, NLI datasets in Turkish are rare and mostly of poor quality due to
translation work. Being a dataset originally created in Turkish, ImplicaTR serves as a
great tool in Turkish NLI research. Third, the number of studies working on LLMs’

scalar implicature capabilities is quite small, and the existing ones use linguistically
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poor data. In our research, we developed several models that can do a more granular
classification of entailment relationships even though their accuracy is relatively
lower. Fourth, we have not encountered any study that does in-depth linguistic
inquiry with feature analysis. The current study is also significant in the sense that it
compiles NLP and linguistics insights on the issue.

In the literature, the derivation of scalar implicatures has given way to the
emergence of new lines of work within the Gricean framework. There are authors
supporting the idea that the derivation is fully pragmatic, whereas it has also been
argued that it is lexical, and each lexeme also encodes this scalar relationship. While
there are also hybrid perspectives of these two lines, it is also possible to encounter
fully grammatical theories where the derivation is argued to be fully syntactic.
According to our results, a hybrid view between pragmatic and lexical theories seems
plausible. As the second experiment shows, the scalar reasoning learned from one
linguistic category can be transferred to a new one. Furthermore, any reasoning
learned for one specific linguistic category can be transferred to other scalar pairs in
the same category. These are signs that there is a pragmatic reasoning going in the
background which affects the general pragmatic capabilities of the model across all
categories. Most the of scalar items are not exact in their meanings (like adjectives or
verbs). We see that supervised learning can teach the model the meaning of the
lexeme to a higher extent so that the model infers the scalar implicatures out of that
lexeme. This also indicates the lexical aspect of the scalar implicature derivation.

The foremost result of our study is probably the fact that the LLMs can learn
scalar implicatures. We saw that, after they are trained on general entailment
inferences (i.e., BERT-NLI), they are easily adapting to the scalar type of

implicatures.
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Without a doubt, our study was not free of limitations. The dataset developed
is not a small one, though it can be considered not a large one when it comes to
adding a new class to the classification task. For this task, a dataset with many more
rows of data would yield more concrete results. On the other hand, the genre and
style of the sentences are not versatile, which might hinder the generalization
capabilities of the models developed on the dataset. We consider that five linguistic
categories are an acceptable variability, but including more categories, such as
adverbs, might result in a more comprehensive dataset. In terms of our experiments,
we think that the models used in Experiment 1 can be diversified to see the
performance and reasoning capabilities of other transformers-based models and
architectures. This also applies to the generative models, of which a new one is
released almost daily. The linguistic analysis might be limited in the sense that it
might explore more linguistic phenomena occurring within each sentence.

Consequently, we believe that this study enlightens the path of scalar
implicature reasoning of LLMs both for linguistics and NLI, Turkish and in general.
Further studies should explore the above-mentioned limitations to verify the results
found here, especially focusing on more versatile datasets. One study can involve
contexts for the premise-hypothesis pairs. Thus, the pragmatic abilities of the model
can be analyzed better. Besides, the case of embedded speech acts for implicature
reasoning is not covered in our dataset and might be of great importance for
subsequent investigation. In addition, in Experiment 2, we discussed four small
experiments. Further studies can concentrate on these preliminary examinations and

augment their scope.
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APPENDIX A

SCALES BY LINGUISTIC CATEGORY

Adjectival Scalar Pairs

Scale Example Premise Example Hypothesis

benzer-aym Arabalarimiz birbiriyle benzer. Arabalarimiz birbiriyle aym degil.

similar-same Our cars aresimilar to each other. Our cars are not the same.

benzer-ayni Avrabalarimiz birbiriyle ayni degil. Avrabalanimiz birbiriyle benzer.

similar-same Our cars are not the same. Our cars aresimilar to each other.

yeterli-tam Ulkedeki agag miktar yeterli. Ulkedeki agag miktar: tam degil.
sufficient-complete The amount of trees in the country is sufficient. The amount of trees in the country is not complete
yeterli-tam Ulkedeki agag miktar tam degil. Ulkedeki agag miktan yeterli.

sufficient-complete

zararli-6lumciil
harmful-lethal
zararli-olumciil
harmful-lethal

vasat-kotii
medi ocr e-poor
vasat-kotii
medi ocr e-poor

yakin-bitisik
close-adjacent
yakin-bitisik
close-adjacent

makul-harikulade
reasonabl e-marvel ous
makul-harikulade
reasonabl e-marvel ous

uygun fiyath-ucuz
affordabl e-cheap
uygun fiyath-ucuz
affordable-cheap

talihsiz-vahim
unfortunate-disastrous
talihsiz-vahim
unfortunate-disastrous

yaniltici-yalan
misleading-false
yaniltici-yalan
misleading-false
samimiyetsiz-diismanca
insincere-hostile
samimiyetsiz-diismanca
insincere-hostile

iyi-miikemmel
good-exce lent
iyi-miikemmel
good-excd lent

ilgili-takintil
interested-obsessed
ilgili-takintil
inter ested-obsessed

vasat-iyi
average-good
vasat-iyi
average-good

muhtemel-kesin
likely-certain
muhtemel-kesin
likely-certain

idare eder-harika
acceptable-great
idare eder-harika
acceptable-great

The amount of trees in the country is not complete.

Bu alandaki hava sizin igin zararl.
Theair in this area is harmful to you.

Bu alandaki hava sizin igin slimciil degil.
Theair in this area is not |lethal to you.

Sahne gosterisi vasatti.

The stage performance was mediocre
Sahne gosterisi koti degildi.

The stage performance was not poor.

Eski ve yeni park birbirine yakin.

The old and new parks are close to each other.

Eski ve yeni park birbirine bitisik degil.

The old and new parks are not adjacent to each other.

Yapilan anlasma bizim igin makul.

The agreement made is reasonable for us.
Yapilan anlasma bizim igin harikulade degil.
The agreement made is not marve ous for us.

Yeni elbiseler uygun fiyatl.
The new clothes are affordable
Yeni elbiseler ucuz degil.

The new clothes are not cheap.

Bu ateskes anlagmasi talihsiz.

This ceasfire agreament is unfortunate.
Bu ateskes anlasmasi vahim degil.

This ceasefire agresment is not disastrous.

Otelimizin afisleri yaniltici.

The posters of our hotd are misleading.
Otelimizin afisleri yalan degil.

The posters of our hotd are not false.

Hastane personeli samimiyetsiz.

The hospital staff is insincere.

Hastane personeli diismanca degil.

The hospital staff is not hostile.

Tarih bilgin iyi.

Your knowledge of history is good.

Tarih bilgin miikkemmel degil.

Your knowledge of history is not excelent.

Hizli arabalara ilgili.
Heisinterested in fast cars.
Hizli arabalara takintili degil.
Heis not obsessed with fast cars.

Yemeklerin kalitesi vasat.

The quality of thefood is average.
‘Yemeklerin kalitesi iyi degil.

The quality of the food is not good.

Yeni bir araba almamiz muhtemel.

It islikdy for usto buy a new car.

Yeni bir araba almamiz kesin degil.

It is not certain for us to buy a new car.

Dis ticaret verileri idare eder.

The foreign trade data is acceptable
Dis ticaret verileri harika degil.

The foreign trade data is not great.
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The amount of trees in the country is sufficient.

Bu alandaki hava sizin igin limciil degil.
Theair inthisareais not lethal to you.
Bu alandaki hava sizin igin zararl.
Theair in this area is harntul to you.

Sahne gosterisi kotii degildi.

The stage performance was not poor.
Sahne gosterisi vasatti.

The stage performance was mediocre.

Eski ve yeni park birbirine bitisik degil.

The old and new parks are not adjacent to each other.
Eski ve yeni park birbirine yakin.

The old and new parks are dose to each other.

Yapilan anlasma bizim igin harikulade degil.
The agreement made is not marvelous for us.
Yapilan anlasma bizim i¢in makul.

The agreement made is reasonable for us.

Yeni elbiseler ucuz degil.

The new dothes are not cheap.
Yeni elbiseler uygun fiyatl.
The new clothes are affordable.

Bu ateskes anlagmas: vahim degil.

This ceasefire agreement is not disastrous.
Bu ateskes anlasmasi talihsiz.

This ceasefire agreament is unfortunate.

Otelimizin afisleri yalan degil.

The posters of our hotd are not false.
Otelimizin afisleri yaniltici.

The posters of our hotd are misleading.

Hastane personeli diismanca degil.
The hospital staff is not hostile.
Hastane personeli samimiyetsiz.
The hospital staff isinsincere.

Tarih bilgin miikemmel degil.

Your knowledge of history is not excdlent.
Tarih bilgin iyi.

Your knowledge of history is good.

Hizl arabalara takintil: degil.

Heis not obsessed with fast cars.

Hizli arabalara ilgili.

Heis interested in fast cars.

Yemeklerin kalitesi iyi degil.

The quality of the food is not good.
‘Yemeklerin kalitesi vasat.

The quality of the food is average.

Yeni bir araba almamiz kesin degil.
It is not certain for us to buy a new car.
Yeni bir araba almamiz muhtemel.
It is likdy for us to buy a new car.

Dis ticaret verileri harika degil.
Theforeign trade data is not great.
Dis ticaret verileri idare eder.
Theforeign trade data is acceptable.



Verbal Scalar Pairs

Scale Example Premise Example Hypothesis
yonelmek-varmak Aslan yavagsca avina yoneldi. Aslan yavasca avina varmadi.
approach-arrive Thelion slowly headed towards its prey. Thelion did not arrive at its prey slowly.
yonelmek-varmak Aslan yavasca avina varmadi. Aslan yavasca avina yoneldi.
approach-arrive Thelion did not arrive at its prey slowly. The lion slowly headed towards its prey.
denemek-basarmak Hayvanlari korumayi denedik. Hayvanlari korumayi basaramadik.
attempt-succeed We attempted to protect the animals. We did not succeed in protecting the animals.
denemek-basarmak Hayvanlari korumayi bagaramadik. Hayvanlari korumayi denedik.
attempt-succeed We did not succeed in protecting the animals. We attempted to protect the animals.

ogrenmek-ustalasmak
learn-master
ogrenmek-ustalasmak
learn-master

algilamak-kavramak
perceive-grasp
algilamak-kavramak
perceive-grasp

baslamak-bitirmek
start-finish
baslamak-bitirmek
start-finish

katilmak-benimsemek
agree-adopt
katilmak-benimsemek
agree-adopt

seslenmek-bagirmak
call out-yell
seslenmek-bagirmak
call out-yell

giilmek-kahkaha atmak
laugh-laugh out loud
giilmek-kahkaha atmak
laugh-laugh out loud

serinlemek-iigiimek
cool -shiver
serinlemek-iisiimek
cool-shiver

Japon mutfagini 6grendim.

| learned Japanese cuisine.

Japon mutfaginda ustalagsmadim.
| did not master Japanese cuisine.

Bizden istenilenleri algiladik.

We perceived what was asked of us.
Bizden istenilenleri kavramadik.
We did not grasp what was asked of us.

Yeni bir dil 6grenmeye baslad.

He started learning a new language.

Yeni bir dil 6grenmeyi bitirmedi.

He did not finish learning a new language.

Toplantida dile getirilen fikirlere katildim.

| agree with the ideas expressed in the meeting.
Toplantida dile getirilen fikirleri benimsemedim.
| did not adopt the ideas expressed in the meeting.

Kardeslerine seslenmis.

He called out to his brothers.
Kardeslerine bagirmamis.
Hedid not yel at his brothers.

Mibalagamiza giikindii.

(They) laughed at our exaggeration.
Miibalagamiza kahkaha atilmadi.

(They) laughed out loud at our exaggeration.

Ormana gikinca serinlediler.

They cooled down when they went into the forest.
Ormana gikinca tisiimediler.

They did not shiver when they went into the forest.
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Japon mutfaginda ustalasmadim.
| did not master Japanese cuisine.
Japon mutfagin 6grendim.

| learned Japanese cuisine.

Bizden istenilenleri kavramadik.
We did not grasp what was asked of us.
Bizden istenilenleri algiladik.

We perceived what was asked of us.

Yeni bir dil 6grenmeyi bitirmedi.

He did not finish learning a new language.
Yeni bir dil 6grenmeye basladi.

He started learning a new language.

Toplantida dile getirilen fikirleri benimsemedim.
| did not adopt the ideas expressed in the meeting.
Toplantida dile getirilen fikirlere katildim.

| agree with the ideas expressed in the meeting.

Kardeslerine bagirmamis.
Hedid not ydl at his brothers.
Kardeslerine seslenmis.

He called out to his brothers.

Mibalagamiza kahkaha atilmadi.

(They) laughed out loud at our exaggeration.
Mibalagamiza giilindii.

(They) laughed at our exaggeration.

Ormana gikinca tigtimediler.

They did not shiver when they went into the forest.
Ormana gikinca serinlediler.

They cooled down when they went into the forest.



Quantificational Scalar Pairs

Scale Example Premise Example Hypothesis
birkag-biitiin  Birkag tostu ben yedim. Biitiin tostlar1 ben yemedim.

a few-whole | ate a few of the sandwiches. | did not eat all of the sandwiches.
birkac-biitiin  Biitiin tostlar: ben yemedim. Birkag tostu ben yedim.

a few-whole | did not eat all of the sandwiches. | ate a few of the sandwiches.
birkag-tim Birkag ada turizme agild1. Tim adalar turizme agilmadi.

a few-all Several islands have opened to tourism. Not all islands have opened to tourism.
birkag-tam Tiim adalar turizme agilmadi. Birkag ada turizme agild.

a few-all Not all islands have opened to tourism. Several islands have opened to tourism.

birkag-hepsi

Zenginlerin birkag: fakirlesti.

Zenginlerin hepsi fakirlesmedi.

a few-every Some of therich became poor. Not all of the rich became poor.

birkag-hepsi  Zenginlerin hepsi fakirlesmedi. Zenginlerin birkag fakirlesti.

a few-every Not all of the rich became poor. Some of the rich became poor.

bazi-biitiin Cocuklarin bazisi uyand. Biitiin gocuklar uyanmad.

some-whole Some of the children woke up. Not all of the children woke up.

bazi-biitiin Biitiin cocuklar uyanmad. Cocuklarin bazist uyand.

some-whole Not all of the children woke up. Some of the children woke up.

bazi-tim Baz: trafik 1g1klar1 bozuk. Tiim trafik 1g1klar1 bozuk degil.

some-all Some traffic lights are broken. Not all traffic lights are broken.

bazi-tiim Tdm trafik rgikdar 1 bozuk degil. Baz trafik isikdars bozuk.

some-all Not all traffic lights are broken. Some traffic lights are broken.

bazi-hepsi Kopeklerin bazilart havladi. Kopeklerin hepsi havlamad.

some-every Some of the dogs barked. Not all of the dogs barked.

bazi-hepsi Kdépelerin hepsi haviamad. Képelerin bazilarr haviadi.

some-every Not all of the dogs barked. Some of the dogs barked.

biraz-¢ok Kitabin birazini bitirecegim. Kitabin ¢ogunu bitirmeyecegim.

a littlemuch 1 will finish some of the book. 1 will not finish most of the book.

biraz-gok Kitabin gogunu bitirmeyecegim. Kitabin birazint bitirecegim.

a littlemuch 1 will not finish most of the book. 1 will finish some of the book.

birkag-¢ok Kopeklerin birkagi hasta. Kopeklerin cogu hasta degil.

a few-most Some of the dogs are sick. Most of the dogs are not sick.

birkag-gok Képeerin gogu hasta degil. KdépeMerin birkag hasta.

a few-most Most of the dogs are not sick. Some of the dogs are sick

bazi-¢cok Bazi tablolarin rengi solmus. Cogu tablonun rengi solmamus.

some-most Some of the paintings have faded colors. Most of the paintings have not faded colors.

bazi-gok Cogu tablonun rengi solmamis. Baz: tablolarin rengi solmus.

some-most Most of the paintings have not faded colors. Some of the paintings have faded colors.
Modal Scalar Pairs

Scale Example Premise Example Hypothesis

muhtemelen-kesin Bu sarkiyr muhtemelen dinlerim. Bu sarkiyi dinleyecegim kesin degil.

probably-certain 1 will probably listen to this song. It's not certain that | will listen to this song.

muhtemelen-kesin Bu sarkuy: dinleyecegim kesin degil. Bu sarkiy1 muhtemelen dinlerim.

probably-certain It's not certain that | will listen to this song. 1 will probably listen to this song.

herhalde-yiizde yiiz Herhalde dortte uyanirlarms. Dartte uyanacaklar yiizde yiiz degilmis.

possibly-one hundred percent (certain) They probably wake up at four. It's not one hundred percent certain that they will wake up at four.

herhalde-yiizde yiiz Herhalde dortte uyanirlarmis. Dértte uyanacaklar1 yiizde yiiz degilmis.

possibly-one hundred percent (certain)

It's not one hundred percent certain that they will wake up at four.
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They probably wake up at four.



Numeral and Partitive Scalar Pair

Scale Example Premise Example Hypothesis

iki-ii¢ Sehirde iki hastane var. Sehirde ti¢ hastane yok.

two-three There are two hospitals in the city. There are not three hospitals in the city.
iki-ii¢ Sehirde ikiden fazla hastane yok. Sehirde iki hastane var.

two-three There are not more than two hospitals in the city. There aretwo hospitals in the city.

iig-bes Kdopriiden diin bes arag gegmis. Kopriiden diin yedi arag gegmemis.
threefive Five vehides passed over the bridge yesterday. Seven vehidles did not pass over the bridge yesterday.
i¢-bes Kaopriden diin besten fazla arag gegmemis. Kaopriden diin bes arag gegmis.
threefive It was not more than five vehides that passed over the bridge yesterday. Five vehicles passed over the bridge yesterday.
on-on iki Sinemada on tane film var. Sinemada on iki film yok.

ten-twelve Thereareten films in the cinema. There are not tweve films in the cinema.
on-on iki Sinemada ondan fazla film yok. Sinemada on tane film var.

ten-twelve There are not more than ten films in the cinema. Thereareten films in the cinema.

on bes-yirmi Mutfakta on bes tabak kirdim. Mutfakta yirmi tabak kirmadim.
fifteen-twenty 1 broke fifteen plates in the kitchen. 1 did not break twenty plates in the kitchen.
on beg-yirmi Mutfakta on besten fazla tabak kirmadim. Mutfakta on bes tabak kirdim.
fifteen-twenty It was not more than fifteen plates that | broke in the kitchen. | broke fifteen plates in the kitchen.

on yedi-yirmi dokuz
seventeen-twenty-nine
on yedi-yirmi dokuz
seventeen-twenty-nine

yirmi dort-otuz altt
twenty-four-thirty-six
yirmi dort-otuz alti
twenty-four-thirty-six

yirmi beg-kirk
twenty-five-forty
yirmi beg-kirk
twenty-five-forty

otuz-altmis
thirty-sixty
otuz-altmis
thirty-sixty

elli-yetmis
fifty-seventy
elli-yetmis
fifty-seventy

On yedi defa tesekkiir etti.

She thanked seventeen times.

On yedi defadan fazla tesekkiir etmedi.

It was not more than seventeen times that she thanked.

Yirmi dort bayrak var.

There are twenty-four flags.

Yirmi dort bayraktan fazlas: yok.
There are not more than twenty-four flags.

Yirmi bes iilkeyi ziyaret ettik.
We visited twenty-five countries.
Yirmi begten iilkeden fazlasini ziyaret etmedik.

It is not more than twenty-five countries that we did not visit.

Otuz kitabr okudum.

| read thirty books.

Otuz kitaptan fazlasin1 okumadim.

It is not more than thirty books that | did not read.

Dogruyu elli kisi séyledi.

Fifty people told the truth.

Dogruyu elli kisiden fazlasi séylemedi.

It was not more than fifty people who told the truth.
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Yirmi dokuz defa tesekkiir etmedi.
Shedid not thank twenty-nine times.
On yedi defa tegekkiir etti.

She thanked seventeen times.

Otuz alti bayrak yok.
Therearenot thirty-six flags.
Yirmi dort bayrak var.
There are twenty-four flags.

Kirk tilkeyi ziyaret etmedik.
We did not visit forty countries.
Yirmi beg tilkeyi ziyaret ettik.
We visited twenty-five countries.

Altmig kitab1 okumadim.

| did not read sixty books.

Otuz kitaptan fazlasin1 okumadim.
| read thirty books.

Dogruyu yetmis kisi soylemedi.
Seventy people did not tel thetruth.
Dogruyu elli kisi soyledi.

Fifty people told the truth.



Numeral Labels with Example Sentences

Premise Type Hypothesis Type Premise Example Hypothesis Example Inference Type/Label

A D Bu filmi otuz kisi izledi. Bu filmi altmis Kisi izlemedi. implicature
Thirty people watched this movie. Sixty people did not watch this movie. P

D2 A Bu filmi otuz kigiden fazlas: izlemedi. Bu filmi otuz kisi izledi. implicature
No more than thirty people watched this movie. Thirty people watched this movie.

C D Bu filmi otuz kisi izlemedi. Bu filmi altmus Kisi izlemedi. entailment
Thirty people did not watch this movie. Sixty people did not watch this movie.

B A Bu filmi altmus kisi izledi. Bu filmi otuz kisi izledi. entailment
Sixty people watched this movie. Thirty people watched this movie.

D C Bu filmi altmus Kisi izlemedi. Bu filmi otuz kisi izlemedi. neutral
Sixty people did not watch this movie. Thirty people did not watch this movie.

A B Bu filmi otuz kisi izledi. Bu filmi altmis Kisi izledi. neutral
Thirty people watched this movie. Sixty people watched this movie.

B C Bu filmi altmis kisi izledi. Bu filmi otuz kisi izlemedi. contradiction
Sixty people watched this movie. Thirty people did not watch this movie.

C B Bu filmi otuz kisi izlemedi. Bu filmi altmis Kisi izledi. contradiction
Thirty people did not watch this movie. Sixty people watched this movie.

C C_implicature_1 Bu filmi otuz kisi izlemedi. Bu filmi otuzdan az kisi izledi. implicature
Thirty people did not watch this movie. Less than thirty people watched this movie.

C C_implicature_2 Bu filmi otuz kisi izlemedi. Bu filmi en fazla yirmi dokuz kisi izledi. implicature
Thirty people did not watch this movie. At most twenty-nine people watched this movie.

C C_implicature_3 Bu filmi otuz kisi izlemedi. Bu filmi en az bir tane Kisi izledi. implicature
Thirty people did not watch this movie. At least one person watched this movie.

Partitive Labels with Example Sentences
Premise Type Hypothesis Type Premise Example Hypothesis Example Inference Type/Label

A D Agaglarin _be§|n| ben diktim. Agéglarln yedisini ben dikmedim. neutral
| planted five of the trees. | didn't plant seven of the trees.

D2 A Agaglarin besinden fazlasini ben dikmedim. Agaglarin besini ben diktim. neutral
| didn't plant more than five of the trees. | planted five of the trees.

C D Agaglarin besini ben dikmedim. Agaglanin yedisini ben dikmedim. neutral
| didn't plant five of the trees. | didn't plant seven of the trees.

B A Agaclarin yedisini ben diktim. Agaglarin begini ben diktim. entailment
| planted seven of the trees. | planted five of the trees.

D C Agaglarin yedisini ben dikmedim. Agaglarin besini ben dikmedim. neutral
| didn't plant seven of the trees. | didn't plant five of the trees.

A B Agaclarin begini ben diktim. Agaclarin yedisini ben diktim. neutral
| planted five of the trees. | planted seven of the trees.

B C Agaglarin yedisini ben diktim. Agaglarin besini ben dikmedim. neutral
| planted seven of the trees. | didn't plant five of the trees.

C B Agaclarin besini ben dikmedim. Agaclarin yedisini ben diktim. neutral
| didn't plant five of the trees. | planted seven of the trees.

C C_implicature_1 Agaglarin begini ben dikmedim. Agaclarin beginden azini ben diktim. neutral
| didn't plant five of the trees. | planted |ess than five of the trees.

C C_implicature_2 Agaglarin besini ben dikmedim. Agaglarin en fazla dérdini ben diktim. neutral
| didn't plant five of the trees. | planted at most four of the trees.

C C_implicature_3 Agaglarin besini ben dikmedim. Agaglarin en az birini ben diktim. implicature

| didn't plant five of the trees.

| planted at least one of the trees.
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APPENDIX B

SAMPLE LLAMA-2 COMPLETIONS

Son bes yilda ¢ikan kitaplariniz vasat.

Son bes yilda ¢ikan kitaplariniz kéti degil.

implicature

implicature

b does not entail a, and b implies that the quality of the recently released books is not good.

Kitabimin tiim bolimleri begenilmedi.

Kitabimin birkag bolimii begenildi.

implicature

contradiction

b is in contrast with a, indicating that some of the chapters of the book were read.

Urettigi tirinii nasil pazarlayacag: konusunu égrendi.

Urettigi tiriinii nasil pazarlayacagi konusunda ustalasts.

neutral

neutral

b is neutral in relation to a. b does not provide any new information that a does not already
convey.

Pusulanin gosterdigi konuma yoneldi.
Pusulanin gosterdigi konuma vardi.

neutral

entailment

both b and a describe the same relationship.

Yorgun sairin evine yonelinmedi.

Yorgun sairin evine varilmadi.

entailment

entailment

b describes a more specific situation than a, as it implies that the poet did not even start
walking towards the poet's house.

Ehliyetini alanlarin siirtigleri koti degil.

Ehliyetini alanlarin stirisleri vasat.

implicature

implicature

b implies that the runners' performance is good, which is different from a's statement that it
is not.

Kaynak ustasi bu iste on yildir galismiyor.

Kaynak ustas1 bu iste on iki yildir calismiyor.

entailment

neutral

b is neutral because it does not provide any additional information about the duration of
kaynak's work.
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APPENDIX C

CONFUSION MATRICES

Confusion Matrix of Adjectives
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True Label
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Confusion Matrix of Modals

0.0011 0

0.8

entailment

B
= - 0.0022
Y]
 —
Cc
e
kY L
3- 00011 0.0011 04
z
(=]
i
[ -
§ 0.2
S~ 00011 0.0011
=
£
' ' ' '00
entailment neutral contradiction Implicature

Predicted Label

Confusion Matrix of the Neutral-2 Sentence

5 08
£ i
-

|- 0.7
3 0.6
s

S 0.5
c

2 - 0.4
~

"g -

£ -0.3
c

S

] -0.2
S

8- 0025 0.033 0.17 | A
= ;
A=

entailment neutral contradiction implicature
Predicted Label

122



APPENDIX D
FEATURE ANALYSES

Tukey’s HSD Pairwise Group Comparisons (95.0% Confidence Interval)

Comparison  Statistic p-value Lower Cl Upper ClI

(1-2) -0.082  0.000 -0.106 -0.058
(1-3) -0.218 0.000  -0.242 -0.194
(1-4) -0.247  0.000 -0.271 -0.223
(1-5) 0.112 0.000  0.088 0.136
(2-1) 0.082 0.000  0.058 0.106
(2-3) -0.137  0.000 -0.161 -0.113
(2-4) -0.165 0.000  -0.189 -0.141
(2-5) 0.193 0.000  0.169 0.217
(3-1) 0.218 0.000 0.194 0.242
(3-2) 0.137 0.000  0.113 0.161
(3-4) -0.029 0.011  -0.053 -0.004
(3-5) 0.330 0.000  0.306 0.354
(4-1) 0.247 0.000  0.223 0.271
(4-2) 0.165 0.000 0.141 0.189
(4-3) 0.029 0.011  0.004 0.053
(4-5) 0.359 0.000 0.334 0.383
(5-1) -0.112  0.000 -0.136 -0.088
(5-2) -0.193  0.000  -0.217 -0.169
(5-3) -0.330 0.000 -0.354 -0.306
(5-4) -0.359  0.000  -0.383 -0.334
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Logistic Regression Coefficients and Frequencies for NER tags

Feature Coefficient Frequency
PERCENT 1.467630  0.043722
FAC 1.044898  0.002333
MONEY 0.933265  0.000444
EVENT 0.794782  0.001556
LANGUAGE 0.685991  0.004222
PERSON 0.602571  0.019944
ORG 0.599811  0.001111
NORP 0.565061  0.006222
DATE 0.433454  0.005222
WORK OF ART 0.300296  0.004833
GPE 0.119597  0.026556
LOC 0.099830  0.000444
TITLE -0.146653  0.001222
QUANTITY -0.556223  0.003667
TIME -0.826073  0.015000
ORDINAL -0.922748  0.001167
CARDINAL -1.153119  0.148278

Features Used in Random Forest Model

Feature Name
premise_scale_position
premise_words_on_right
premise_words_on_left
hypothesis_words_on_right
hypothesis_words_on_left
word_similarity_diff
hypothesis_token_counts
premise_word_similarity
hypothesis_word_similarity
premise_token_counts
hypothesis_scale_tfidf
premise_scale_tfidf
premise_hypothesis_similarity
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Logistic Regression Model with Coefficients

Feature Coefficient
premise_scale_position 1.246053
premise_words_on_right 1.014938
premise_words_on_left 0.757901

hypothesis_words_on_right 0.362788
hypothesis_words_on_left 0.339886
word_similarity_diff 0.270488
hypothesis_is_root_verb 0.223625
avg_premise_token_length 0.208467
hypothesis_scale_position 0.190735

premise_is_root_verb 0.161609
isPol_NegNeg 0.157276
isPol_PosNeg 0.147530
isPol_NegPos 0.086528
avg_hypothesis_token length  0.059677
premise_polarity -0.082447
hypothesis_noun_counts -0.112200
hypothesis_polarity -0.143448
premise_noun_counts -0.174325
isPol_PosPos -0.229977
hypothesis_token_counts -0.238279
premise_word_similarity -0.347963
hypothesis_word_similarity -0.451775
premise_token_counts -0.657990
hypothesis_scale_tfidf -1.450011
premise_scale_tfidf -2.401104

premise_hypothesis_similarity -4.236277
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