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Natural Language Inference

“Inferential ability is not only a central manifestation of semantic competence, but is in
fact centrally constitutive of it" (Cooper et al., 1996)

“Natural languages are powerful vehicles for reasoning, and nearly all questions about
meaningfulness in language can be reduced to questions of entailment and
contradiction in context.” (Bowman et al., 2015)



Natural Language Inference

» An inference is the conclusion or assertion of a hypothesis on the basis of some
premise, which is taken to be true
» In natural language, inference is not strictly logical

» common sense reasoning
> routinized patterns of reasoning (topoi; Breitholtz (2020))



The Natural Language Inference task (NLI)

Traditionally, the NLI task is framed as a classification task:
> inputs: a premise (sentence), and a hypotheses (sentence)
» output: entailment, contradiction, or neutral

To correctly classify an example, a model must pick the label that corresponds to the
logical(ish) relationship between the premise and hypothesis.

» RTE is an earlier similar task (e.g., Cooper et al. (1996); Dagan et al. (2006)).
NLI is characterized by scaled-up dataset creation techniques.

» MNLI (Williams et al., 2018b) is an influential multi-genre NLI dataset

» NLI is also included in many NLU benchmarks, including GLUE (Wang et al.,
2018) and SuperGLUE (Wang et al., 2019)



NLI Challenges

» NLI models often fail to generalize across domains (Talman & Chatzikyriakidis,
2019)

» Models are very sensitive to data perturbations (Talman et al., 2021)
» Hypothesis-only baselines are hard to beat (Poliak et al., 2018)

» The adopted notion of entailment is not consistent across NLI datasets
(Chatzikyriakidis et al., 2017; Bernardy & Chatzikyriakidis, 2019; Poliak, 2020)



Dialogue

Dialogue is in many ways the most “basic” form of language.
» Spoken dialogue is the most common form of language use
» Humans primarily learn language through interaction

» Dialogue is arguably prior to other kinds of language use



Inference in Dialogue

Inference plays an important role in dialogue
» Much of what is communicated in dialogue is communicated implicitly
» Conventional implicature, conversational implicature, ...

> Inferences are specific to a point in a dialogue and the participant



Example 1: Moment of evaluation

D: so what was the conclusion with the wine thing should you pour it? is it

HYPOTHESIS: they are talking about wine Entailment
A: | mean it does alter the taste

C:  I'd much prefer sitting in a sauna nice and dry and hot



Example 2 (contrived): Point of view

B: Are the slides ready for tomorrow's talk?

A: John said he would have it done by tomorrow morning, | tend to believe him
B: [Laughs] | don't.

HYPOTHESIS: John will have the slides ready tomorrow morning Neutral



Example 3: Non-logical entailment

KATIE: xxx let's draw some more cars .
FATHER: draw what ?
HYPOTHESIS: katie is getting bored. Contradiction



The Dialogue Natural Language Inference Task (DNLI)

The structure is similar to NLI, with some modifications:
> The premise is instead a dialogue fragment—a continuous sequence of utterances
from a dialogue
» The hypothesis is a statement that one of the dialogue participants would take
to be true, false or neither (on the basis of the dialogue fragment)
We consider the relationship between premise and hypothesis from the perspective of a

particular speaker because what is taken to be common ground may differ between
dialogue participants (even without them noticing).



The Dialogue Natural Language Inference Task (DNLI)

> Entailment: A statement that the last speaker would take to be true at this
point in the dialogue.

> Neutral: A statement for which there is no evidence that the last speaker would
take to be true or false at this point in the dialogue.

> Contradiction: A statement that the last speaker would take to not be true at
this point in the dialogue.



Existing NLI datasets involving dialogue

MNLI (Williams et al., 2018a)

» large, multi-genre NLI dataset

» includes some dialogue examples from the BNC

> no disfluencies, split utterances, repairs, interactivity, incrementally, or turn-taking
Dialogue NLI (Welleck et al., 2019)

» collected from naturally occurring speech

» no multi-turn sequential data, only premise-hypothesis pairs



Dialogue features in our DNLI dataset

» a piece of dialogue can contain more than two participants (up to four)

» a speaker may produce many utterances in one turn, or core information may be
spread out over several turns
» turns and utterances themselves might contain dialogue phenomena

» disfluencies and hesitations
P repairs

» split utterances

> .



Data sources: Childes and BNC2014

For the premices (the dialogue part) of our dataset, we draw from Childes
(MacWhinney, 2000) and the BNC2014 (Love et al., 2017).

» Both data sources are spoken transcribed dialogue.

> Two sources allows us to test how well models generalize to dialogues from
different domains.

Source  # dialogues # turns  # annotations
train  test/dev

BNC 038 987436 11748 2180
Childes 17 7845 207 80




BNC2014 (Love et al., 2017)

» follow up from the 1994 version of the BNC

» comprised of conversations between L1 speakers of British English
P naturally occuring speech transcribed with

» repairs

> disfluencies

» complex turn taking

» 2-4 participants per dialogue



CHILDES (MacWhinney, 2000)

» collection of corpora of conversations between children and caregivers (we use the
Warren-Leubecker (1984) portion)

transcribed spontanious conversation
English speaking two- and five-year olds from surburban Atlanta

2 participants (typcially) child and adult caregiver

vvyyy

other annotation resources are available

» morphology and syntax (Buttery & Korhonen, 2005; Sagae et al., 2010; Villavicencio
et al., 2012)
> utterance-level semantic annotations (Bergey et al., 2021)



Hypothesis collection

» Annotator poll included both Amazon Mechanical Turk workers and students in
the Masters of Language Technology

» We found that, for this task, high-quality annotations are difficult to obtain from
crowd workers

» Dialogues were presented incrementally so that annotators had the same
information as the participants at a given point in the dialogue

» Annotators were asked to

P take the perspective of the last speaker
» produce an utterance the speaker would take to be true, false, or unknown, given the
dialogue so far



Welcome to our experiment on dialogues!

Instructions:
You will be presented a short dialogue (roughly 20-50 statements) and asked to:
« type a statement regarding the dialogue (further details are given above the input box).

The whole dialogue will presented incrementally, when you've submitted your answer for the current section the next section of the dialogue will show up with the next prompt. The
different sections of dialogue will be separated by ------ (so you easily can see which the new utterances are).

There are about 5-7 points in the dialogue where you are asked to write statementsand should take about 5-10 minutes to complete.

At the end of the dialogue you will be given a code to paste into Amazon Mechanical Turn, we will pay you for your submission within 5 days.

Example:
Note: Examples are presented in ascending order, the most recent utterance appears above the previous ones

The name of the speaker appears first with a comma after it, what follows is what the person says.

Galadriel: It makes me happy that you feel that way
Aragorn: | am happy
Please write a statement that the last speaker would take to be true at this point in the dialogue
One of three possible instructions will be given:
1. A statement that the last speaker would take to be true at this point in the dialogue
2. A statement that the last speaker would take to *not* be true at this point in the dialogue
3. A statement for which there is no evidence that the last speaker would take to be true or false at this point in the dialogue

For the first two, you will write a statement that the last speaker would take to be true or false, if/when the third instruction appears you shold write a statement which the last speaker
would not be able to assign "True" or "False" to. The statement should still be related to the dialogue.

The statement your write should be about the dialogue, not a part of it (that is, you're not writing another utterance)
Never write the same statement twice or more

At each prompt a helper text will appear below the input box



I would have thought that er some of these tin pot developers are not gonna be in a position financially
they won't
or
well they won't know how to go about it
or technically to know how to do it
will they? and when they realised that all these experts cost money that they
that's right
would get in to
mm
you know to do it
well the thing the thing that was I was trying to get across last night was there are a small number of
hings that you ought to do one is
mm
less turbines less solar panels
mm
blah blah blah
ANNOTATION] they are talking about turbines Entailment
yeah yeah
er the second thing that you do is put as much cost on them as you can
mm
and this is why we advertised for a heritage expert for save
and the noise I mean that must have
because they are
that must have put them back you know
well
ANNOTATION] they are talking about school Contradiction
forty fifty thousand pounds those two to get them
oh well
mm
the
cos he's got a
if we've got a heritage expert up there
and he's gotta take that all onboard
yeah
yeah
so you can double so the fifty thousand pounds you can
ANNOTATION] they are talking about weather Contradiction
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A I hate that

B and don't write a list and don't plan meals erm

A just got too much food

B so they're buying way too much food and the husband he buy he likes to just try things new

A yeah

B so he's always just picking he doesn't really know what they are he picks up like jars of stuff
A yeah

B

and said oh we'll try that some time so their biggest thing is they had to plan their meals and then obviously only buy
the stuff that you need for those meals
[ANNOTATION] both speakers are childhood friends Neutral

A yeah

B and then they have a day off for whatever the husband's name was for him to do whatever he likes
A yeah

B so he can still go

A okay

B basically just buying brands cos they think it's better

A yeah

B erm and the wife she's got four kids so she's

A yeah

B and she and even that she'll buy

A okay

B and stuff like that

[ANNOTATION] the wife never buys brand food Contradiction

A yeah cos she can't be bothered to cook

B yeah

A right okay

B things like that

A really?

B like

A it's

B it turned out be like something like eight grand a year six grand a year
A on food oh my god

B on food

A yeah

[ANNOTATION] that family spends a lot of money in food Entailment



Model architecture

» We follow the standard Neural Network approach to NLI

» The premise (dialogue) and hypothesis (statement) are modeled independently
P Their interaction is then modeled by concatenating:

» The dialogue representation D and the hypothesis representation H
» The absolute value of subtracting the hypothesis from the dialogue representation
» The element-wise multiplication of the dialogue and hypothesis representation
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Hypothesis encoders

» We encode the hypothesis with either a LSTM network, or BERT

» then pool the token representations using self attention.

» H = softmax(Wh)h

» We've also explored other approaches, but this one proved to be best
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Flat dialogue encoder

» We explore two dialogue encoding methods: flat concatenation and hierarchical
» In the flat model, we simply concatenate the utterances in a dialogue together

» then create a dialogue representation D by applying attention over the hidden
states



Flat dialogue encoder




Hierarchical dialogue encoder

> We explore two dialogue encoding methods: flat concatenation and hierarchical

» In the hierarchical model, we first model the tokens h to get an utterance
representation u by using attention

» then we run the utterances up ... ug through a bidirectional LSTM

» Finally, to get a dialogue representation we apply a attention over the hidden
states of the utterances



Hierarchical dialogue encoder




LLM Prompting

We test two LLMs on the task:
» Llama 2 7b (Touvron et al.)
» Zephyr 7b (Tunstall et al.)

We prompt the models with a short description of the task and three examples from the
training set The model's generation was constrained to one of the three target labels.



Experiments

» Random Split (80/10/10)
» Out-of-Domain Split (Train and fine-tune on BNC, test on CHILDES)

Ir 0.0001
bert Ir 0.000001
scheduler | CosineAnnealling
epochs 10
batch size 16

Table: Hyperparameters



Experiments

> In total, we explore 4 different models:

1 Flat Concatenation with LSTM encoders

2 Hierarchical with LSTM encoders

3 Flat Concatenation with a LSTM dialogue encoder and BERT
4 Hierarchical with a LSTM dialogue encoder and BERT

> We compare these models against two baselines: the majority class and hypothesis
only



Baselines

Hypothesis
Encoder

Table: Baseline performance on the standard splits, and for
training on BNC and testing on CHILDES.

Model Random Split OOD

Majority Class 33.8 30.1
LSTM Hyp. only 51.3 (£0.4) 42.4 (+0.2)
BERT Hyp. only 58.9 (+£0.9)  44.4 (£0.4)

3-way
classification




Experiments

» One thing that stood out in initial experiments was the influence of dialogue
history,

» i.e. does it matter, and by how much?

P to investigate this we conduct our experiments with 3, 5, 7, 9, 11, 13, and 15
utterances as dialogue history



Standard split
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Figure: Mean accuracy and standard deviation over three runs on the standard split. We
consider both a LSTM and a BERT-based approach. Additionally, we show the performance of
the Llama 2 7b, which was prompted with three examples from the training set.



Standard split - Conclusions

» Like the baseline: out performs the

» A preference for , and none is
favored with BERT

> does not have a big impact on the performance

> barely beats the majority class baseline while Zephyr improves with
longer context

> reaches performance slightly below the hierarchical BERT-based model

» The best performance is (51.9 and

58.9), demonstrating the dificulty of the task.



Out of Domain - Trained model
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Figure: Mean accuracy and standard deviation over three runs on the out-of-domain test data.
We consider both encoding the hypothesis using a LSTM and using BERT. In both
configurations we use a LSTM to encode the dialogue utterances.



Conclusions

> Model on random baselines (the task is far
from solved)

» No clear preference for models

» Prompted LLMs can be competitive with trained models, but the pre-training
received matters a lot (In contrast to , received DPO

optimization on the UltraFeedback dataset)

> does not have a big impact on the performance (except for
perhaps for Zephyr)

> A slight preference for flat concatenation architecture



Future work

» Can we develop for annotation?

> Additional efforts could provide more insight:

» Do subsequent annotators of the generated hypothesis? (Put

another way, how hard is the task for humans?)
> do humans require to complete the task?

» Improved dialogue modelling:

» How well do models pre-trained on text handle
are represented in the transrcipts (disfluencies, hesitations, back-channels, etc.)
to dialogue? E.g., by

that

» Can we design
encoding ?

» Does it make sense to
dialogue state modeling?

? What about speaker-specific



https://github.com/GU-CLASP/DNLI
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