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Megan Barnes
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Linguistics

This paper investigates whether biasing natural language models toward tree-compositional
structure and systematic token representation can improve performance on tasks that require
the use of function words. The method used treats tree-structure as latent and thus requires
no gold parse labels. Results show that across four function-word-focused NLI probing tasks,
tree-compositional models perform as well as LSTMs, but lag behind BERT to varying
degrees between tasks. Context-dependent behavior of tree-compositional models highlights

a potential weakness of the architecture in the absence of grounding information.
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Chapter 1

INTRODUCTION AND RELATED WORK

Human language productions are thought of as largely compositional. This means that
larger units of meaning, like phrases and sentences, are functions of the meanings of their
components (words, sub-phrases) and the way in which they are combined (grammatic struc-
ture) [11]. In support of this idea, concrete examples like the following are often cited: an
English speaker knows the meaning of Jack runs even if they have never heard the sentence
before as long as they know the meaning of Jack, run, and how to express the subject of
an intransitive verb [4]. Language is not an entirely compositional task, as there are myriad
examples of composed meanings that are not entirely predictable from the meanings of their
components (e.g. idioms, where phrase or sentence meaning cannot be derived from con-
stituent meanings [4]). However, the principle of compositionality is core to the expressive
capacity of language in the context of human cognition. The ability to maintain a consistent
understanding of what a word means and how a grammar can combine the meaning with
that of other words allows us to space-efficiently maximize the number of expressions we can

create; we do not have to store the meaning of run in the context of every runner.

The property of maintaining consistent meanings for words across contexts is known
as systematicity. Systems that can successfully interpret arbitrary combinations of known
words or constituents are said to be making systematic generalizations. These stand in
contrast to systems that are based upon contextually-conditioned meaning representations,
in which sub-units can contribute variably to composed meanings dependent on their context.
Clear examples of contextual meaning representations in systems are models like ELMo [19],
BERT [3], and their conceptual offspring. These models have dominated natural language

processing in recent years for nearly every shared task, sometimes achieving results that



exceed human accuracy. One of the major innovations that these types of models introduced
is the capacity to dynamically create contextually-conditioned meaning representations that
are capable of representing words’ different senses and evolving usage. Even more traditional
LSTMs allow information to flow between tokens, producing contextualized representations.

Despite the clear benefit that contextually-conditioned representations provide for many
words, it is conceivable that there may be certain classes of words for which variability may be
inappropriate. In English one possible example of this is the function word class. Although
exhaustive lists of function words are not entirely agreed upon, function words are generally
thought of as determiners, quantifiers, prepositions, negation markers, and other types of
words that serve grammatical purposes rather than contributing conceptual meaning [5].
They stand in contrast to content words (e.g. nouns and verbs), which portray the concepts
at issue. Function words are closed-class, meaning that once a language is formed speakers
do not create new ones. This is not true of content words, which speech communities are
constantly creating to talk about new concepts as they arise.

It is clear why a flexible representation of a verb like run may be useful — a system
may find a use for representing it differently in the context of other words like late or hot.
A question that contextualizing systems need to address, however, is how useful variable
representations are for words like all and no. Many function words have logical meanings that
are easily formalized and that we expect to be largely context-invariant. The systematicity of
function word meaning seems to be at odds with highly contextualizing model architectures.

This suspicion is borne out in the first benchmark work focused explicitly on function word
comprehension tasks, proposed by Kim et al. [7]. In baseline tests of contextualizing models
like LSTMs (pretrained on a variety of tasks) and BERT, the models performed much more
poorly on function-word-focused test sets than on standard held-out sets. Contextualizing
models circumvent traditional notions of compositionality by allowing token representations
to be conditioned on other tokens and by allowing composition of representations outside
immediate adjacency. This work seeks to test whether model architectures with greater

inductive bias toward systematicity and compositionality achieve better results on function



word comprehension tasks. Specifically, it uses new function-word probing tasks from [7]
to investigate whether a sentence encoder which enforces strict tree-compositional latent
structure, from Bogin et al. [1], rather than allowing free global contextualization, can
better represent and use function words. The rest of Section 1 will describe the bodies of
work on systematic generalization, function words, and compositional neural models, as well
as how this work relates to them. Section 2 will focus on the novel model architecture being
tested and the tasks used to evaluate its use of function words. Section 3 will describe the
results of that evaluation and Section 4 will include discussion of the results and limitations

of the approach.

1.1 Related Work

1.1.1 Systematic Generalization

The motivation for this investigation comes from a rich field of work exploring the limitations
of neural models’ ability to generalize systematically. From a theoretical perspective, studies
like McCoy et al. [16] have shown that RNNs trained on string-manipulation tasks that
require systematic generalization can create representations that implicitly encode composi-
tional structure. They do this by showing that encodings produced by an RNN can be closely
approximated by Tensor Product Representations [20]. TPRs are explicitly compositional,
as they are essentially functions dependent only on consistent representations of words and
their order. However, they also find that for models trained on naturally-occurring language
data in many tasks, approximation using TPRs is achieved using a Bag of Words composition
scheme, which completely disregards the structure of an utterance. Soulos et al.[21] confirm
this finding, using a more sophisticated neural learned-structure module. Both studies sug-
gest that, despite a capacity to generalize systematically, for reasons possibly related to the
nature of shared language tasks, RNNs do not.

Lake and Baroni [12] also find mixed results for the systematic generalization ability of

seq2seq RNNs. They propose the dataset, SCAN, which consists of pairs of natural language



instructions like turn left twice and their translation into sequences of actions (LTURN
LTURN, in this case). They find that RNNs can generalize to held out sets that only
require that they mix and match components — for example, if the training set contains
“oump opposite right after turn opposite right” and “jump right twice after walk around
right thrice”, they can properly interpret the new command “jump opposite right after walk
around right thrice”. They cannot, however, systematically generalize at the word level.
When presented with training sets in which a basic action is presented without modification
(jump) and other basic actions are presented composed with other actions or modifiers (e.g.
run, run twice, walk, walk opposite left and run twice [12]), RNNs are completely incapable

of composing the unmodified action with other commands or modifiers.

The findings in [12] point to an inductive bias in RNNs that does not match that of human
learners. Speakers tend to have an intuition that the word level is the basic level at which
systematicity of meaning and composition applies. In other words, we have an inductive
bias toward succeeding at the task at which the models in [12] fail. Humans’ assumption
that composed meaning is built from systematic meanings of atomic symbols (in English,
words) additionally suggests an explanation for the difference in the amount of data required
for humans and neural models to learn. Without basic assumptions about systematicity at
the word level, neural models require far more data than a human learner to understand
the meaning of larger, potentially multi-word atomic units of which the vocabulary space
is intractibly large. Hupkes et al. [6] uncover similar patterns in their examination of
systematicity in neural networks. They test LSTM seq2seq, convolutional seq2seq, and
Transformer models on behavioral tests designed to test systematicity in a similar method to
[12]. They find a similar lagging accuracy in the models’ interpretation of novel combinations
of words. They also find that when longer combinations of the same words a model has seen
in training are used for testing, accuracy sharply declines. This leads them to the conclusion
that no model architectures they tested are forming general-purpose understandings of words
outside of their context. All detailed findings pointing to a general lack of systematicity in

widely-used neural models motivate the design of this work’s neural architecture, which is



intended to be biased toward systematic generalization.

1.1.2  Function Words

As previously mentioned, neural models forming context-sensitive representations could be
an issue in function word usage tasks. Some work examining the capacity for systematic
generalization in neural models has focused expressly on function words. Goodwin et al.
[5] frame behavioral testing for systematicity in terms of handling quantifiers. Their novel
dataset is formed using an artificial language in which quantifiers are combined with open-
class words. They form sentence pairs from sentences like All brown dogs that bark don’t
run and label the pairs for their natural logic entailment value (in the style of NLI). They
analyze LSTMs’, GRUs’, and convolutional neural networks’ performance on behavioral
tests. In one, they perturb the open-class content words in a model’s correctly interpreted
sentence pairs to see if the model maintains systematic representations of quantifiers (if
so, it should be able to succeed after perturbation). In another, they test sentence pairs
where content words are identical and the meaning of the quantifiers alone can be used to
figure out the entailment value (e.g. All dogs run and Some dogs don’t run). In both cases,
all models’ accuracies fall short of hold-out test accuracy, demonstrating that all models
leverage representations of quantifiers that are highly sensitive to their context, often leading
to erroneous generalizations.

Kim et al. [7] propose a suite of behavioral tests aimed at characterizing the accuracy of
neural models on function word comprehension. This suite has a wide breadth, consisting of
small tasks focusing on prepositions, negation, spatial words, quantifiers, comparatives, and
more. They perform initial benchmark tests of LSTMs pretrained on a variety of language
objectives, as well as BERT, and compare their performance on all function word challenge
tasks. They find that in nearly all cases, LSTMs’ accuracy on function-word-focused tests
lags significantly behind their accuracy on held-out sets. BERT performs similarly on many
tasks in the suite. [7] sets out a useful shared task suite for testing a model’s ability to use

and represent function words and paints the task as clearly unsolved by even state of the art



neural modeling techniques. The tasks will be described in more detail in Section 2.1.

1.1.3  Compositional Neural Models

In order to address the issue of function word representation and use in neural models,
this work proposes that model architectures be biased toward compositionality and away
from global contextualization. This type of bias was often explicit in pre-neural models
for language tasks, which built in hierarchical structure as they formed representations of
language inputs ([24], [14]). This fell out of fashion somewhat with the advance of neural
models and preference toward models that are thought to have less inductive bias. Some
research has focused on encouraging systematic and compositional inductive bias in neural
models, however; most notably, with Tree LSTMs [22]. Tree LSTMs successfully extended
LSTM unit chaining to tree-structured (rather than linear) inputs in order to compose final
representations of sentences that could be used in downstream tasks. One downside of this
type of model is that it relies on ground-truth tree structures for all of its inputs, which are
often unavailable for many training sets and at inference. Moreover, it is unclear whether
constituent or dependency structures (often designed for the theoretical study of syntax
and semantics) are useful composition schemes for a model to achieve good results on a

downstream task.

Bogin et al. [1] propose a model that encourages compositional structure using softer
assumptions than the Tree LSTM. Addressing the task of visually-grounded question an-
swering, they propose a model that uses attention to marginalize over all possible binary-
branching tree structures for the input (ideally learning to heavily weight useful ones). This
allows them to impose tree structure onto an input without positing a ground truth struc-
ture. Their goal is to eliminate global contextualization (and improve systematicity) in the
model by only allowing composition of vector representations that are immediately adjacent
within the latent structure. This model is the basis of the modeling solution proposed in

this work and will be described in more detail in section 2.3.



1.2 Contribution

This work differs from related work on systematicity of neural models and their comprehen-
sion of function words in a number of ways. Unlike all of the studies described in section
1.1.1, this work does not seek to answer the question of whether neural models generalize
systematically, but rather takes as an assumption (based on the prior research described)
that modern neural architectures fail to do so in a satisfactory manner. Focus will instead be
on applying one method of encouraging systematic and compositional bias in neural models
and evaluating the value of that method. It differs from related work on function word com-
prehension in that it does not seek to propose new behavioral tests for models, but rather
evaluates a modeling technique on existing tests. This work is closely related to other work
on compositional neural models, especially [1], as it applies similar modeling techniques.
The focus of that application will be on function word comprehension, however, instead of

grounded question answering.



Chapter 2

METHODS
2.1 Function Word Probing Tasks

All data used to evaluate models’ function word comprehension comes from [7]. In order to
form the tasks in the suite, English sentences were extracted from existing corpora based on
the presence of target function word types. The tasks are labeled following one of two for-
mats: grammatical acceptibility judgements or natural language inference (NLI [15]) format.
Acceptability judgment tasks are binary classification tasks in which a single sentence is la-
beled according to whether it is interpretable using English grammar. NLI tasks are ternary
classification tasks in which the entailment relationship between two sentences forms the
label for the pair (entailment, contradiction, or neutral). In general, all tasks were designed
so that the label of each test instance depends on function words within the sentences. This
work tests only NLI-format tasks in the suite, as entailment is theoretically more closely
related to meaning than grammatical acceptability, which is more related to form?.

The four tasks used for probing function word understanding in this work are negation,
prepositions, quantification and spatial expressions tasks. The negation task tests under-
standing of not as well as lexical negation using antonyms. The prepositions task substitutes
certain prepositions for others and tests whether the model understands how the entailment
relationship changes. The quantification task tests understanding of entailment relationships
between quantifiers like all and some in the presence of negation. The spatial expressions
task probes the understanding of words like left and right also in the presence of negation.

Examples of data from each task are given in Table 2.1 below. All task datasets are relatively

'Notable counterexamples to this generalization exist such as Negative Polarity Items, whose grammatical
distribution is seemingly licensed by downward entailing semantic environments|2].



Table 2.1: Example data from NLI-style probing tasks

Set Premise Hypothesis Relation

Negation This is a common problem. This is not an uncommon issue we are facing Entailment
This is not a common problem. This is not an uncommon issue we are facing Contradiction

Prep. With a single jerk the man’s head tore free. The man’s head tore free from a single jerk. Entailment

With a single jerk the man’s head tore free. The man’s head tore free without a single jerk. Contradiction

Quant. There’s some. There is none at all. Contradiction
There’s some. There is not none at all. Entailment

Spatial ~ Turn left up a small alleyway. Do not turn right up the alleyway. Entailment
Turn left up a small alleyway. Turn right up the alleyway. Contradiction

small, ranging from 157 examples (spatial) to 591 examples (negation), with quantification
and prepositions at 323 and 358 examples, respectively. They are based upon sentences con-
taining function words drawn from MNLI [23] and targeted modifications to those sentences
likely to produce different labels. Thus, all labels are similarly represented in the datasets.

Each task example is labeled by three human annotators.

2.2 Training Procedure and Evaluation

In its initial proposal of the function word probing suite, [7] sought to test the impact of
different pretraining tasks on function word test performance with a fixed model architec-
ture. This paper instead fixes the pretraining task and tests the impact of different model
architectures. MNLI was chosen as the pretraining objective for this study, as it is one of the
strongest-performing pretraining objectives from [7] and closely related to the NLI probing
tasks. The model architectures tested are trained on MNLI data and then evaluated directly
on probing sets without any probe-specific training or fine-tuning.

The training procedure was kept largely the same as that of [7]. A learning rate of le-4
was used. Evaluation on the validation set every 1,000 iterations was done and training was

stopped if there was no best result after 20 evaluations. The learning rate was multiplied
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by 0.5 whenever validation performance failed to improve for more than 4 validation checks.
The Adam [8] optimizer was used. The best checkpoints from training across five random

seeds were then chosen for evaluation and results were averaged.

2.3 Model Architecture

In order to bias sentence representations toward compositionality, a latent tree (LT) sentence
encoder based on the grounded latent tree (GLT') encoder from [1] is used. The LT encoder
computes a representation for a sentence while simultaneously performing a bottom-up parse
using a softened version of the CKY algorithm. Because the data has no ground-truth
structural annotations, the model learns to induce latent tree structure for the sentence
using only NLI labels, and therefore learns latent structure useful for the task, rather than
structure that approximates syntactic parses. The GLT model is identical to the LT model
used, except that it produces an additional vector at each composition step in the tree
(taking the composed word representations at that level as input). This denotation vector
represents the set of objects in an image that the span refers to (where the image constitutes
the grounding in a grounded question answering task). Denotation vectors are composed
using a more restricted set of primarily logical operations. More detailed description of this
grounding mechanism can be found in Chapter 4.

By creating a tree structure for a sentence, the LT encoder enforces compositionality for
each span in the sentence. That is, it is able to define the representation of any span (word
or multi-word phrase) in the sentence using only the representations of the two sub-spans
which constitute the span. If a span over words w; to w; is split into subspans at point £,
we define its representation as h;; and its subspan representations as h;; and hy;. Given a

composition function fy(-):
(1) hf; = fu(hir, hy;) 1]

Rather than choosing particular split points (as in parsing algorithms like CKY), the

model learns a weighted sum over all possible split points. If this weighting is thought of
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as the probability of a given split point, this sum is the expected representation over split

points:
(2) hij = kaH(kﬁaj) : hfj = EpH(k\~)[h%] [1]

The composition function, f,(+), is meant to create a combined meaning representation for
a span from only a span’s two subspan representations. To do this, an attention mechanism
is applied to the two subspans (Eq. 3-4) and then a feed-forward layer with a residual
connection is applied (Eq. 5). A diagram of the latent tree sentence encoder can be found

in Figure 2.1.

(3) afj = softmax ([aph;, aghy;])
(4) flf] = Oz(l)WLhik + Oé(Q)Wthj
(5) fu(hi, hyy) = FF,, (%) + hY, 1]

Beyond the compositional encoder from [1], this work adds an additional embedding
module to represent each word in order to enable both systematicity of function words while
leveraging contextual representations of all words. The first embedding module, based on
the benchmark model from [7], passes each token through a pre-trained CNN over characters
from ELMo [19], then passes the output of that layer through a bidirectional LSTM, which
creates representations contextualized based on the other words of the sentence. On top
of the BiLSTM is a layer that computes dot-product attention between all pairs of tokens
between the sentences; this layer contextualizes each token based on the tokens in its pair
sentence. The contextualizing token embedding module can be seen in the gray shaded box
in Figure 2.2. Its output is labeled as [;; in the figure. In contrast, the systematic function
word representation that is added in this work is a global word embedding (e;; in Figure 2.2).
All non-function words in the systematic embedding module are treated as unknown and set

to zero. Function words are defined in a list from [18]. The two embeddings, [;; and e;;, are
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Figure 2.1: Diagram of the LT sentence encoder, based on a similar figure from [1]. Each gray
box is a possible composition for the full span. All compositions, produced by composition
function f, are attended to to produce the final representation for the span, h;;.

This is a common problem

hij
P

hk hk

ij ij

i fi
h / N h“/ N

hiij

ik hij
This is acommon This isa common
problem problem

Figure 2.2: Diagram of token-level encoder. The contextualizing module, in gray, creates a
representation of each word using an LSTM that takes the full sentence as input. The blue
embedding is global and learned during training. Here ¢ and j refer to split points around
the word not, rather than around a composed phrase.

not

hij
(000] (000]
Pairwise
Attention

T

< LSTM
T cell

Char-
CNN

/T\,
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Figure 2.3: Comparison illustration of baseline model and latent tree model. Arrows between
the LSTM Sentence Embedder and the LT Sentence Embedder show that one is swapped
for the other between models. Function word embeddings refer to learned function word
embeddings, which are added in addition to the contextual embeddings in the gray box.

Baseline Model Latent Tree Model

Classifier

!

sty - a7
Sentence Sentence
Embedder \_/ Embedder
A
Pairwise
Attention
< LSTM Function
el cell Ly * Word
Embedding
Word T
Embedding
Module Char-
CNN

combined by a learned linear weighting, which was empirically chosen based on comparison

to other methods of combination, including alternation, addition, and attention.

2.4 Models for Comparison

The baseline model for comparison comes from [7] and varies primarily with respect to its
sentence encoder and token encoder (as described in Section 2.3). A diagram of their full
structure and differing components can be observed in Figure 2.3. Crucially, the baseline sen-
tence encoder allows each word to be contextualized by every other word in the sentence, as
well as every other word in the pair sentence at both word and sentence levels. The LT model
we propose as the sentence encoder restricts contextualization to directly adjacent words or
spans. At the token level, it introduces an additional strictly systematic embedding mode

for function words that the model can learn to balance with contextualized representations.
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Both models use the same classification layer which feeds a heuristic matching feature vector
[17] of both sentence representations into a multilayer perceptron. Training hyperparameters
are kept the same between both baseline and LT models and are described in Section 2.2.
The performance of both models is also compared to BERT base uncased [3], fine-tuning on
MNLI for 3 epochs with learning rate 2e-5. For comparison, the BERT model also benefits
from pretraining, which the other models we evaluate do not. The baseline model contains

around 81 million parameters, the LT model 60 million, and BERT 110 million.
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Chapter 3

RESULTS

Table 3.1 shows the performance of the LT model on the four function word datasets. It
provides a comparison to a naive ‘Majority Class’ baseline, where only labels of the majority
class in the dataset are assigned. Additionally, results of an LSTM model and BERT are
reported. The result of removing the fixed function word embeddings is also shown in order
to isolate their effect from that of the compositional sentence encoder. Comparing these
different models we find that in all cases the full LT model achieves a similar accuracy to
the baseline LSTM model from [7] (all accuracies are within quoted standard deviations of
models with different random seeds from [7]). Both perform significantly better than the
majority class baseline and are outperformed by BERT in all tasks. Removing fixed function
word embeddings and using only the compositional sentence encoder degrades accuracy on
most tasks by 1-2%. Table 3.2 shows the models’ accuracy on the MNLI validation set, in
which the LT model outperforms the model from [7] by 2%. Both of these results suggest
that the LT model, with much stronger inductive bias toward compositionality and system-
aticity, is a comparable encoder to LSTM-based models for tasks that prioritize function
word understanding. It still does not meet the accuracy achieved by BERT even in tasks

like the preposition dataset, however, where BERT only slightly exceeded 50% accuracy.

An artifact of the latent tree model that LSTM-based models do not provide is explicit
description of the latent structure that the model uses for composition; it allows us to
visualize which span split points the model assigns the highest weighting to. At a high level,
we can compare these implicit parses to those generated by off-the-shelf parsers to see if
they match theoretical notions of syntax. Comparing latent structures from the LT model

to those generated by the Berkeley Parser [9] shows very little similarity. When comparing
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Table 3.1: Accuracy on NLI-Style Probing Tasks. “LT” refers to this work’s full proposed
model architecture, where “LT (-FWE)” refers to a version of the proposed model architec-
ture that only uses the LT sentence encoder and does not use global function word embed-
dings.

Majority Class Kim et al. (Baseline) LT LT (-FWE) BERT Human

Negation 0.40 0.59 0.59 0.59 0.65 0.80
Prep. 0.37 0.50 0.49 048 0.52 0.77
Quant. 0.48 0.65 0.66 0.64 0.78 0.87
Spatial 0.46 0.62 0.61 0.60 0.76 0.86

Table 3.2: Accuracy on MNLI Validation Set

Kim et al. LT

0.74 0.76

the percentage of non-leaf subtrees of all parses that were the same between single models
with different random seeds and the Berkeley Parser, percentages ranged from 3.5-6% within
the one test set. Further, increased matching subtree percentage does not correlate with
increased accuracy on the test set between these models, meaning that models that better
capture accepted syntactic structure have no distinct advantage in accomplishing the NLI

task.

Since the structures produced by the LT model bear little resemblance to treebank-style
syntactic structures, another result to examine is the form the structures take. Some ex-
amples are shown in Figures 3.3 and 3.4. The two pairs shown are similar pairs, where
the premises are the exact same sentence and the hypotheses differ in that one sentence is
negated. The structures produced are not necessarily interpretable from a syntactic or se-

mantic standpoint and do not follow any obvious patterns. One phenomenon that emerges,
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Figure 3.1: Sample Sentence Structures: Premises

Premise 1:

already secured

SOS The company has more

8 million

in venture-capital f . EOS
nancing

Premise 2:

has already secured

SOS The COMPany than

EOS

million in ) )
venture-capital financing
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Figure 3.2: Sample Sentence Structures: Hypotheses

Hypothesis 1:

secured

SOS They

& million

in financing - EOS
Hypothesis 2:

did
SOS They

not secure

less than

million in EOS

financing
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however, is that the structures of the same sentence are sensitive to changes in their pair
sentence. We can see this in the diagrams of each of the premises in Figure 3.1 — despite
consisting of the same tokens, the sentences are composed differently by the model due to
their differing pair sentences (recall that each token representation in the contextualizing
word embedding module is able to influenced by pair sentence tokens). Similarly, the hy-
pothesis sentences shown in Figure 3.2 do not exhibit similar structure, despite differing
only by negation. Similar variation is seen between models trained with different random
seeds. In general, the LT models trained in this study did not converge on any consistent

composition strategies for the same sentence between models or pair contexts.
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Chapter 4

DISCUSSION

The accuracies of the LT model on function word tasks, listed in Table 3.1, support the
idea that the model architecture proposed in this work is at least as effective at representing
and using function words as standard LSTM architectures. Both facets of the model that
differ from the baseline LSTM are worth evaluating for their contribution to accuracy on the
tasks. The learned function word embedding was introduced in order to give the model access
to non-contextual (and therefore systematic) representations of function words, in addition
to contextualized representations of all words. The tree-structured sentence encoder was
introduced in order to limit contextualization of the word representations to immediately
adjacent words and phrases during composition. The results in Table 3.1 show that the
latent tree sentence encoder was not effective on its own and required global function word
embeddings in order to reach the accuracy of the LSTM baseline. The idea that adding
the LT sentence encoder to a baseline model could degrade performance rather than add
any incremental value on its own calls into question the utility of the compositional encoder

architecture for this type of task.

Another problem with the LT model in the context of function word tasks is that its
actual behavior is directly at odds with the linguistic principles it is aimed at encouraging.
Although it is successful at enforcing the kind of local compositionality that we expect
from language, it is not successful at inducing compositional rules governing its behavior
that are consistent or context-independent. The idea that the model may produce different
composition weightings for the same tokens in the context of different NLI pair sentences
(as illustrated in the example in Figure 3.1) is directly at odds with the aim of this work.

By enforcing compositionality in the sentence encoder architecture, we have still achieved a
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model behavior that is context-dependent and, therefore, not systematic. This may explain

why accuracy improvements on function-word-focused tasks from the LT model are marginal.

The inconsistency of composition that the LT model exhibits can potentially be attributed
to the type of task it is trained to do. The latent tree model in this work is adapted
from the Grounded Latent Tree model in [1]. Bogin et al. [1] successfully apply the GLT
model to a grounded question answering task in which the model has access to information
about objects in an image that it is using natural language to answer questions about.
Unlike the LT model, at each step in composition the GLT model is required to produce a
denotation, or a vector representing the set of objects in the image that the span refers to.
Although there is no supervision at the span level for these denotations, there is an added
inductive bias in the GLT model from this grounding strategy that the LT model does not
have: composed word representations at the span level (h;;) are used as input to produce
denotations. The denotations are composed through a more constrained logical system that
consists of weighted combinations of intersection, union, ‘pick one’, and ‘introduce a new
object’ over the sets of objects that the denotations represent. Unlike the setup in this work,
where composition is only constrained by the structural assumptions of the LT encoder and
the loss optimization of the task, the GLT model is constrained by an additional goal. The
GLT model’s compositional strategy must allow the model to create denotation vectors that
can produce answers to questions using simple logical operations. Under these conditions,
consistency of composition may become more crucial, as poor compositions can cause loss of
information (e.g. removing objects) that may not be recoverable in later layers. The majority
of shared NLP tasks, including challenging and carefully designed datasets like MNLI and
the function word probing suite used in this study, still do not incorporate grounding outside
of text, however, and thus the use of models like GLT to address them is not possible.

Finally, the accuracy of the LT model should be compared to BERT. This work con-
ceptualizes the different sentence encoders at issue as existing on a spectrum, where the LT
model gives the most restricted access to global contextual information, the LSTM gives

more, and BERT allows token information to flow relatively freely anywhere in a sentence
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and is, therefore, the least systematic. While it is true that BERT’s accuracy lags signifi-
cantly behind human accuracy in all the tasks examined, it still far exceeds the accuracy of
all other models under comparison. The assumption based on its architecture that BERT is
the most freely-contextualizing model, however, may be flawed. In examinations of the ac-
tual attention patterns that BERT learns when fine-tuned on various shared tasks, Kovaleva
et al. [10] find that many attention heads learn highly consistent patterns of attention in
which each token attends chiefly to the tokens immediately surrounding it. This bears out
in analysis of attention that BERT exhibits on the function word probing suite, in which
around 13% of attention heads exhibit this ‘diagonal’ behavior. The percentage of attention
heads does vary significantly based on the fine-tuning task, however. It seems that at present
transformer models consistently learn bias toward compositionality and systematicity from
the data, to varying degrees and dictated by the task they are fine-tuned on. The caveat,
as mentioned previously, is that they remain data-hungry and computationally intensive to

train.
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Chapter 5
CONCLUSION

This paper explores the affects of encouraging bias toward systematicity in models on
tasks that require use of function words. This is achieved by imposing induced tree-compositional
structure on sentence encoders and introducing context-independent token representations of
function words. Across four function-word-focused NLI probing tasks, the model proposed
achieves parity with LSTM-based architectures, but continues to lag behind BERT. This
result suggests that bias toward systematicity in model architecture may hold less promise

for improved function word comprehension than enrichment of task type and data.
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