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Abstract

In recent years, the field of Natural Language Processing has seen significant revolution by the
introduction of Transformers, a stack of multiple layers of attention and non-linearity, capable
of performing almost any task and the backbone for large foundation models. In contrast to
traditional NLP pipelines, this architecture is able to learn the features required to perform a
specific task without any assumptions about the structure of language. The only remaining
hard-coded aspect is the way the text input is fed to these models. This preprocessing step, known
as the tokenization step, divides the input into chunks which could be as fine-grained as bytes or
as coarse-grained as words. The most popular approach is to use subwords, such as Byte Pair
Encodings or word pieces which lie between characters and words. However, it has been shown
that hard-coding the input representations, has its own drawbacks. In particular, it would lead to
sub-optimal performance in downstream tasks. In addition, to perform different tasks we need
different levels of representations. In this thesis, we define and address the novel task of inducing
units from text in an unsupervised manner. This work is a step towards completely end-to-end
models which can decide which level of representation is the most suitable for them to perform a
specific task.

Our contributions are two-fold: First, we design models which are able to induce units without
supervision at different levels. And second, since the task is novel, we need novel evaluations to
show its effectiveness. Therefore, for every model we develop, we design and/or gather the set of
tasks which evaluate and interpret the performance of our models.

In the first chapter, we design a model to induce morpheme-like units from a sequence of
characters. We adapt a method from object discovery in vision, called Slot Attention for our
purpose. We propose to evaluate this model by introducing bi-directional probing evaluation.
In the second chapter, we design a model which induces word-like units from a sequence of
characters by integrating non-parametric variational information bottleneck in the last layers of a
transformer encoder. In the next chapter, we move to the multi-modal domain and starting from
subwords, we design a model which induces phrases from image captions by aligning them to
the objects in the image. Lastly, we explore a task-driven approach towards inducing entities.

Keywords: entity induction, object discovery, interpretability, grounding, representation learning,
natural language understanding, NLP, deep learning, machine learning, artificial intelligence.

il






Résumé

Au cours des dernieres années, le domaine du traitement automatique des langues naturel (TALN)
a connu une importante révolution avec I’introduction des transformeurs, composés de multiples
couches d’attention et de non-linéarité, capables de réaliser presque n’importé quelle tache et
constituant la base des grands modeles de fondation. Contrairement aux pipelines traditionnelles
de TALN, cette architecture est capable d’apprendre les caractéristiques nécessaires pour réaliser
une tache spécifique sans aucune hypothese sur la structure de la langue. Le seul aspect encore
codé en dur est la maniere dont le texte est introduit dans ces modeles. Cette étape de prétraitement,
connue sous le nom d’étape de tokenisation, divise le text en morceaux qui peuvent &tre aussi
petit que des octets ou aussi grand que des mots. L’ approche la plus populaire consiste a utiliser
des sous-mots, tels que les encodages "Byte-Pair-Encodings” ou les "word-pieces" qui se situent
entre les caracteres et les mots. Cependant, il a été démontré que la codification en dur des
représentations le text présente ses propres inconvénients. Notamment, cela pourrait conduire a
des performances sous-optimales dans les tiches en aval. De plus, pour réaliser différentes tiches,
nous avons besoin de différents niveaux de représentations. Dans cette theése, nous définissons et
traitons la nouvelle tiche de I’induction d’unités a partir du texte de maniére non supervisée. Ce
travail est un pas vers des modeles "bout 4 bout" qui peuvent décider quel niveau de représentation
leur est le plus approprié pour réaliser une tache spécifique.

Nos contributions sont doubles : Premieérement, nous concevons des modeles capables d’induire
des unités sans supervision a différents niveaux. Et deuxiemement, puisque la tache est nouvelle,
nous avons besoin de nouvelles évaluations pour démontrer son efficacité. Par conséquent, pour
chaque modele que nous développons, nous concevons et/ou rassemblons I’ensemble des tiches
qui évaluent et interpretent la performance de nos modeles.

Dans le premier chapitre, nous concevons un modele pour induire des unités semblables a des
morphémes a partir d’une séquence de caracteres. Nous adaptons une méthode inspiré de la
découverte d’objets en vision, appelée "Slot Attention" pour notre objectif. Nous proposons d’éva-
luer ce modele en introduisant une évaluation de sondage bi-directionnelle. Dans le deuxieme
chapitre, nous concevons un modele qui induit des unités semblables a des mots a partir d’une
séquence de caracteres en intégrant un bottleneck d’information variationnel non paramétrique
dans les dernieres couches d’un encodeur transformeur. Dans le chapitre suivant, nous passons
au domaine multimodal et, en partant de sous-mots, nous concevons un modele qui induit des
phrases a partir de 1égendes d’images en les alignant sur les objets de I’image. Enfin, nous
explorons une approche axée sur les tAches pour induire des entités.



Résumé

Mots-clés : induction d’entités, découverte d’objets, interprétabilité, ancrage, apprentissage
de représentations, traitement automatique des langues naturel, TALN, apprentissage profond,
apprentissage automatique, intelligence artificielle.
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|§ Introduction

Meaning is not a unique property of language, but a general characteristic of
human activity ... We cannot say that each morpheme or word has a single
or central meaning, or even that it has a continuous or coherent range of
meanings ... there are two separate uses and meanings of language — the
concrete ... and the abstract.

— Zellig S. Harris (Distributional Structure 1954)

1.1 Motivation

Prior to the deep learning era, feature engineering was a crucial step in designing models. This
required humans to define and develop features of the input modality which were important, in
their regard, in performing a specific task. With the rise of deep models trained on huge amounts
of data, the need for engineering features has almost been eliminated. State-of-the-art models are
able to learn generic, as well as task-specific, features without any prior assumptions.

However, one of the aspects which is still reliant on the designer’s decision is how the input is fed
to the model. In Natural Language Processing (NLP), this is the preprocessing step known as the
tokenization step. The input sequence, which is an array of bytes or characters, passes through
this step in order to output a more compressed version of it. While this is the dominant approach
in most tasks, there is work suggesting to operate directly on bytes or characters. Feeding bytes
or characters to the model has the advantage of allowing the model to learn the correlations
between characters without any assumptions about the structure of the language. Though, this
advantage brings its own drawbacks. First, the model should have more capacity in order to learn
properties such as word boundaries which are trivial to humans (in most languages). Second, due
to the limitations in compute, the model is able to operate on a shorter text context than a model
working with words. As an example, if we have the sentence: "John walked." it consists of 11
characters while including only 2 words. As a result of this limitation in the length of the context,
the model is prone to missing longer dependencies between words and therefore, not learning the
high-level semantics of a given text.
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Tokenizing text sequences to words as units which carry individual meaning was popular in early
NLP models. The major problem with this kind of tokenization is that since the vocabulary size
of a model is limited, there will be words which are not in the vocabulary, known as OOV (Out
Of Vocabulary). This problem is even more pronounced in agglutinative languages where new
words can be generated by combining different morphemes. It will also limit the applicability
of such models in real-life use cases such as machine translation. On the other hand, there are
languages which do not have explicit word boundaries such as Chinese and Japanese where the
words are inferred in the context.

Given words on one side and bytes or characters on the other side, tokenizing text into subwords
was proposed as an intermediate solution. Subwords are groupings of contiguous characters or
bytes, resulting in units which do not necessarily carry meaning, but can be combined to form a
word. Word-pieces (Schuster and Nakajima, 2012) and their more recent variant sentence pieces
(Kudo and Richardson, 2018a) are one line of obtaining such units. Byte Pair Encodings (BPEs)
(Sennrich et al., 2015) use a frequency-based approach to this problem. These units resolve the
OOV problem while reducing the character sequence length. While employing subwords is the
standard approach in recent NLP models, including Large Language Models, there are some
drawbacks to this method. They lead to sub-optimal representations of the input which needs the
vocabulary size to be tuned (Gowda and May, 2020; Cao and Rimell, 2021), though it is often
neglected. The model does not have information about the constituting characters of such units
and it has to learn about them as part of its training (Kaushal and Mahowald, 2022). In addition,
they are not robust to noise such as missing spaces or a character deletion or insertion (Belinkov
and Bisk, 2017; Provilkov et al., 2020). The fact that tokenization into subwords is done as a
preprocessing step, prior to training the model, constraints the model’s performance. First in the
sense that these units might not be the appropriate ones for a specific task and second, limiting
their generalization to other domains (Cao and Rimell, 2021). Therefore, eliminating this step
and integrating this step into the architectural design of the model itself will be beneficial.

In this thesis, we try to address the problem of inducing entities. That is, to let the model discover
units which carry meaningful information and could lead to better representation of language for
some tasks. Our contributions are two-fold. First, we propose different models which are able
to induce units. Second, since this task is novel, we propose and/or gather different evaluation
strategies which show the effectiveness of our models.

1.2 Contributions

Our contributions are towards answering the following research questions.



1.2 Contributions

1.2.1 What is entity induction?

The topic of inducing entities as a standalone problem was not studied in the field when we
started working on this thesis. To the best of our knowledge, we are the first to introduce this task
and try to tackle it with different methodologies. We define the task as follows:

Given an input text sequence, which is represented at a specific granularity such as characters,
subwords, or words, the goal is to represent this sequence in a more coarse-grained way such that
the number of the resulting entities is less than the original input and every entity represents a
more abstract concept. This should be performed in an unsupervised fashion, and that is why we
use the term induction or discovery for it. For example, if we represent a sentence as a sequence
of characters and a model is able to learn a representation of it which is at the level of subwords
or words (more compact as well as more abstract), we refer to this model as an entity induction
model.

1.2.2 Can we develop models that are capable of inducing entities?

We developed different models which are capable of inducing entities at different levels in this
thesis.

In Chapter 2, we induce entities from a sequence of characters, where the entities are at the level
of subwords. We learn our entities through creating a bottleneck in an auto-encoder. We first
encode the sequence into a set of slots, where every slot is responsible for representing one entity.
We adapt a module called Slot Attention (Locatello et al., 2020) from the vision domain for
our purpose. This module is specifically designed to discover objects in an image via iterative
top-down attention. We propose to initialize the slot vectors in a way which is more suitable
for text inputs. Since the input sequence length varies among different examples, the number
of entities should be dynamically adapted. Therefore, we utilize an L, regularization layer for
pruning the unused entities. The stack of slots followed by the regularization layer creates our
entity induction module. We show that our model is able to discover units which are at the same
level as morphemes or subwords.

In Chapter 3, we induce entities similar to words, from a sequence of characters. Here, we take a
different approach and utilize non-parametric variational information bottleneck (NVIB) layer
(Henderson and Fehr, 2023) to encourage entity induction. We integrate this layer into the last
Transformer encoder layers of an auto-encoder to induce sparse and smooth representations. We
train our model with a noisy reconstruction objective and show that our model is able to induce
units similar to words in its last encoder layer.

In Chapter 4, we try to address our task in a multi-modal setup. That is, given images and their
captions, we aim to discover entities which are at the level of objects in the image, from the
caption subwords. We learn to group the input tokens as part of the encoder architecture and then,
align them to the objects in the image with a contrastive loss. As a result, we have a set of entities
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Figure 1.1: An example of the visualization of the attention maps in a model. For details refer to
Chapter 3.

that are semantically grounded to the objects in the image and are at the level of phrases.

We explore a more direct task-driven approach towards discovering units from a character
sequence in Chapter 5. We define the problem as predicting segmentation decisions with the
goal of maximizing the generic downstream task of language modeling. In particular, we
design two models: a segmentation model and a language model. The segmentation model
predicts the subword boundaries and then, given the resulting subwords, we train the language
model simultaneously. We utilize Reinforcement Learning to train our segmentation model.
Our experiments using a supervised signal and also a fixed scorer for reinforcement learning
demonstrate that the segmentation model can learn appropriate segment boundaries. However,
we find that the signal from language modeling was not sufficient to learn good segmentations.

1.2.3 How can we evaluate the quality of the induced entities?

As stated above, we consider the task of inducing entities as a standalone problem. Since the
task is novel and done without any supervised signal, we need to develop and gather different
evaluation strategies to show the effectiveness of our proposed methods. In the following, we
describe the strategies we find effective.

Visualization of the Attention maps

In order to evaluate the induced entities qualitatively, and since the Attention mechanism is the
core operator in our models, visualization of the attention maps provides a good intuition about
what the entities are corresponding to in a given model. In Figure 1.1, we visualize the resulting
attention map after applying the last NVIB layer (see Chapter 3 for the details). We can observe
that the vertical bands are approximately corresponding to words in the sequence. Therefore, this
visualization can help us better understand and interpret what our model has learned. We utilize
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this method in Chapters 2 to 4.

Greedy sequence segmentation

After inspecting the visualization of the Attention maps, we figured out that for some of our
models, the vertical bands have clear boundaries. Hence, by taking the argmax over the attention
weights, we greedily find segmentation boundaries of the input sequence. In Chapters 3 and 4,
we obtain the resulting segmentation of the input sequence and then compute the overlap between
the discovered segmentation and the annotations (for what we believe the units should be). For
the example in Figure 1.1, we can compute the overlap between the discovered segments and
words as targets.

Probing the induced entities

In the case of Chapter 2, the vertical bands’ boundaries are not clear and fade towards the
boundaries, therefore, we cannot evaluate them directly with greedy segmentation. Instead,
we indirectly measure their correspondence to the units that we expect them to represent, with
probing. We propose to do probing not only on predicting the target units from the entities
but also to do it in the reverse direction. We call this approach bi-directional probing. The
conventional way of probing measures to what extent the information we seek is available in the
entities. However, since our goal is to show that the induced entities and the target units are at
the same level of abstraction, we need to show that our induced units abstract away from extra
information. Therefore, we do the probing from the target units to the induced entities to convey
this.

1.2.4 Do these units lead to better representations of language?

In the previous section, we explained different strategies for intrinsically evaluating the quality of
the induced units. In this section, we try to address the benefits of inducing units.

First, since our units are mainly obtained through creating a bottleneck and compression, we
expect them to be more robust to noise than the initial input representation (see Chapter 3). That
is, if we inject synthetic noise into the input such as deletion or insertion of tokens, how its
performance get affected with and without entity induction.

Second, as the task definition describes, the induced entities are representing the sequence at a
higher level of abstraction. Therefore, we expect them to be more linguistically informed than
the original representation. We evaluate this by performing linguistic probing on the SentEval
benchmark (Conneau and Kiela, 2018) (see Chapter 3).

Third, in order to take a more direct approach towards answering this question, we can probe the
performance of our induced units in a downstream task. In Chapters 2 and 3, we evaluate our
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induced units in a challenging ArXiv topic classification task (Hofmann et al., 2022) and show
that they are more effective than utilizing the original character representation. In Chapter 4, we
show that our induced entities have a better fine-grained knowledge about vision and language.

1.3 Outline

The thesis is structured into 5 additional chapters. In Chapter 2, we present our model for
discovering morpheme-like units from character sequences with the use of an object discovery
module. Then in Chapter 3, we discover word-like units from characters by integrating non-
parametric variational information bottleneck into the last layers of a Transformer encoder. In
Chapter 4, we take a multi-modal approach and group subwords into phrase-like segments which
carry groundable information in the image. We explore a task-driven approach to discovering
morpheme-segments from a sequence of characters in Chapter 5. Finally, in Chapter 6, we
discuss our main findings through the thesis, and propose future directions for our work. We opt
to discuss related work in each chapter, making them more specific to each contribution.

1.4 Publications

The following papers form the main content of this thesis.

1. M. Behjati, J. Henderson, Inducing Meaningful Units from Character Sequences with
Dynamic Capacity Slot Attention., Transactions on Machine Learning Research, 2023

2. M. Behjati * F.Fehr ", J. Henderson, Learning to Abstract with Nonparametric Variational
Information Bottleneck., In Findings of EMNLP, 2023

3. M. Behjati, J. Henderson, Discovering Meaningful Units with Visually Grounded Semantics
Jfrom Image Captions, under review, 2024



p4 Discovering Meaningful Units with
Dynamic Capacity Slot Attention

Characters do not convey meaning, but sequences of characters do. We propose an unsupervised
distributional method to learn the abstract meaningful units in a sequence of characters. Rather
than segmenting the sequence, our Dynamic Capacity Slot Attention model discovers continuous
representations of the objects in the sequence, extending an architecture for object discovery
in images. We train our model on different languages and evaluate the quality of the obtained
representations with forward and reverse probing classifiers. These experiments show that our
model succeeds in discovering units which are similar to those proposed previously in form,
content and level of abstraction, and which show promise for capturing meaningful information
at a higher level of abstraction.

This chapter is based on the following publication,

* M. Behjati, J. Henderson, Inducing Meaningful Units from Character Sequences with
Dynamic Capacity Slot Attention.!, Transactions on Machine Learning Research, 2023

1 https://openreview.net/forum?id=m8U9rSs6gU
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Chapter 2. Discovering Meaningful Units with Dynamic Capacity Slot Attention

2.1 Introduction

When we look at a complex high-dimensional scene, we perceive its constituent objects, and their
properties such as shape and material. Similarly, what we perceive when we read a piece of text
builds on the word-like units it is composed of, namely morphemes, the smallest meaning-bearing
units in a language. This chapter investigates deep learning models which discover abstract
representations of such meaningful units from the distribution of character sequences in natural
text.

In recent years, there has been an emerging interest in unsupervised object discovery in vision
(Eslami et al., 2016; Greff et al., 2019; Engelcke et al., 2020; Elsayed et al., 2022; Seitzer et al.,
2023). The goal is to segment the scene into its objects without supervision and obtain an object-
centric representation of the scene. These representations should lead to better generalization to
unknown scenes, and additionally should facilitate abstract reasoning over the image. Most of
this work achieves its goal via modeling the scene as a composition of objects and learning the
latent object representations through an auto-encoding objective. Locatello et al. (2020) proposed
a relatively simple and generic algorithm for discovering objects called Slot Attention, which
iteratively finds a set of feature vectors (i.e., slots) which can bind to any object in the image
through a form of attention.

Inspired by this line of work in vision, our task is to learn a set of abstract continuous repre-
sentations of the objects in text. We adapt the Slot Attention module (Locatello et al., 2020)
for this purpose, extending it for discovering the meaningful units in natural language character
sequences. This makes our proposed task closely related to unsupervised morphology learning
(Creutz, 2003; Narasimhan et al., 2015; Eskander et al., 2020). However, there are fundamental
differences between our task and morphology learning. First, we learn to represent a text with a
set of vectors, which are not explicitly tied to the text segments. Second, our model learns its
representations by considering the entire input sentence, rather than individual space-delimited
words. These properties of our induced representations make our method appropriate for inducing
meaningful units as part of deep learning models.

In particular, we integrate our unit discovery method on top of the encoder in a Transformer
auto-encoder (Vaswani et al., 2017a), as depicted in Figure 2.1, and train it with an unsupervised
sentence reconstruction objective. This setting differs from previous work on Slot Attention,
which has been tested on synthetic image data with a limited number of objects (Locatello et al.,
2020). We propose several extensions to Slot Attention for the domain of real text data. We
increase the capacity of the model to learn to distinguish a large number of textual units, and
add the ability to learn how many units are needed to encode sequences with varying length and
complexity. Thus, we refer to our method as Dynamic Capacity Slot Attention. Additionally, as
a hand-coded alternative, we propose stride-based models and compare them empirically to our
slot attention based models.

To evaluate the induced representations, we both qualitatively inspect the model itself and
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s he played basketball

Transformer Decoder

she play ed basket ball

Lo Drop

she play ed basket ball

Slot Attention

Transformer Encoder
s he played basketball

Figure 2.1: Dynamic Capacity Slot Attention. First, the Transformer encoder encodes the
sequence and then, Slot Attention computes the slot vectors (highlighted text). Next, the LoDrop
layer dynamically prunes out the unnecessary slots and the decoder finally reconstructs the
original sequence.

quantitatively compare it to previously proposed representations. Visualisation of its attention
patterns shows that the model has learned representations similar to the contiguous segmentations
of traditional tokenization approaches. Trained probing classifiers show that the induced units
capture similar abstractions to the units previously proposed in morphological annotations
(MorphoLex (Sdanchez-Gutiérrez et al., 2018; Mailhot et al., 2020)) and tokenization methods
(Morfessor (Virpioja, 2013), BPE (Sennrich et al., 2016)). To compare two representations,
we propose to do this probing evaluation in both directions, to compare both informativeness
and abstractness of the units. In addition, we show the potential benefits of our model in a
downstream classification task. These evaluations show promising results in the ability of our
models to discover units which capture meaningful information at a higher level of abstraction
than characters.

To summarize, our contributions are as follows:

(i) We propose a novel model for learning meaningful units from a sequence of characters
(Section 2.2).

(i) We propose simple stride-based models which serve as strong baselines for evaluating such
unsupervised models (Section 2.2.3).

(iii)) We analyze the induced units by visualizing the attention maps of the decoder over the
slots and observe the desired sparse and contiguous patterns (Section 2.4.4).

(iv) We propose a bi-directional probing method to evaluate such models by comparing the
induced units to given units in terms of both their informativeness and their abstractness
(Section 2.2.4).
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(v) We show that our induced units capture meaningful information at an appropriate level
of abstraction by probing their equivalence to previously proposed meaningful units
(Section 2.4.5).

(vi) We evaluate the induced units in a downstream task to show its potential benefits over
character-level and segmentation-based representations (Section 2.4.6).

2.2 Approach

The unsupervised induction of abstract meaningful units from sequences of characters is a novel
task which requires both novel methods and novel evaluations. It should allow the induction of
meaningful units as part of deep learning models. In this section we define the task, propose two
types of models, and propose a probing-based evaluation.

2.2.1 Problem Formulation

Given a sequence of N characters X = x1x»...Xy, we want to compute a set of vectors M =
{my,..., mg} which best represents X at a higher level of abstraction. We expect that each vector
(i.e. slot) in the set M should represent a meaning-bearing unit in the text X, so that the induced
representation M captures the desired level of abstraction. As an example, consider the sequence
"she played basketball”, where we expect each of our vectors to represent one of the morphemes
of the sequence, namely {she, play, -ed, basket, -ball}. Although the meaning-bearing units are
often assumed to come from a fixed vocabulary, we do not assume this and compute the vectors
dynamically from the full text.

2.2.2 Dynamic Capacity Slot Attention

We learn our representations through encoding the input sequence into slots and then reconstruct-
ing the original sequence from them. In particular, we use an auto-encoder structure where slots
act as the bottleneck between the encoder and the decoder. Figure 2.1 shows an overview of our
proposed model, Dynamic Capacity Slot Attention. First, we encode the input character sequence
by a Transformer encoder (Vaswani et al., 2017a), which gives us one vector per character. Then,
we apply our higher-capacity version of a Slot Attention module (Locatello et al., 2020) over the
encoded sequence, to learn the slots. Intuitively, Slot Attention will learn a soft clustering over
the input where each cluster (or respectively slot) corresponds to a candidate meaningful unit in
the sequence. To select which candidates are needed to represent the input, we integrate an Ly
regularizing layer, i.e., LoDrop layer (Zhang et al., 2021), on top of the slots. Since the maximum
number of slots is fixed during the course of training, this layer ensures that the model only uses
as many slots as necessary for the particular input. This stops the model from converging to
trivial solutions for short inputs, such as passing every character through a separate slot. Finally,
the Transformer decoder reconstructs the input sequence autoregressively using attention over
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Algorithm 1 Slot Attention module (Locatello et al., 2020). g, k, v map the slots and inputs to a
common dimension D and T denotes the number of iterations.

Require: inputs € RN*Pinput_slots ~ A (u, diag(o)) € RK*Pstoss

inputs = LayerNorm(inputs)

fori=1toT do
slots_prev = slots
slots = LayerNorm(slots)
attn = Softmax(\%5 k(inputs).qg(slots)”, axis = ’slots’)
updates = WeightedMean(weights = attn + § , values = v(inputs))
slots = GRU(states = slots_prev, input = updates )
slots += MLP(LayerNorm(slots))

end for

return slots

the set of slots.

Encoder

We use the Transformer encoder architecture for encoding our sequence (Vaswani et al., 2017a)
and It consists of stacked layers of self-attention and non-linearity for building a new representa-
tion of the input sequence. We obtain the representation X' = x x5 ... x}, from our input sequence
X.

Slot Attention for Text

After encoding the character sequence, we use our extended version of Slot Attention for
discovering meaningful units of the input character sequence. Slot Attention is a recent method
for unsupervised object representation learning in vision (Locatello et al., 2020). It learns a set of
feature vectors (slots) by using an iterative attention based algorithm. Algorithm 1 shows the
pseudo code of this method. Abstractly, in every iteration, it takes the following steps. First,
it computes an attention map between the slots and the inputs, with slots acting as queries and
inputs as keys. Then, it normalizes the attention map over the slots, which makes the slots
compete for representing each token of the input. Afterwards, it computes the slots’ updates
as the (normalized) weighted mean over the attention weights and the input values. Finally, it
updates the slots through a Gated Recurrent Unit (GRU) (Cho et al., 2014) followed by a residual
MLP. This process iterates a fixed number of times.

In Locatello et al. (2020), the slots are initialized randomly by sampling from a Normal distribu-
tion with shared learnable parameters y and o, i.e.,

slot; ~ A (Ushared> T shared)- (2.1

11
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In other words, the initial value of slots are independent samples of a single Normal distribution
with learnable parameters. We found in our experiments that this initialization method does not
lead to good results in the text domain (see Section 2.4.2 for a comparison). In contrast with
the experimental setting of Locatello et al. (2020), which used artificially generated data with a
small number and range of objects, real language requires learning about a very large vocabulary
of morphemes, and each example can have a large number of morphemes. This suggests that a
model for language needs a more informative initialization with more trainable parameters, in
order to have the capacity to learn about this large vocabulary and distinguish all the objects in a
long sentence.

To investigate this issue, we propose another initialization for adapting Slot Attention to text. We
consider a separate learnable u per slot and we fix the o to a predefined value for all the slots.
Namely, the slots are initialized as

slot; ~ A (Ui, Oconstant) - (2.2)

By assigning a separate u for each slot, the initialization has many more trainable parameters.
This allows the model to learn about different kinds of units, such as ones that occur at different
positions, or ones that have different types of forms, but we do not make any assumptions about
what those differences might be. In addition, the intuition behind fixing the o is to prevent it
from collapsing to zero. In particular, since the number of possible n-grams in text is finite
but the slots can have any continuous value in the space of RPs:s, the slots tend to learn an
arbitrary mapping from n-grams in the input to the slots while turning o to zero. In this case,
there is no need for the slots to learn the underlying meaning-bearing units. By fixing the o to a
nonzero value, the initialization effectively introduces noise into slot vectors and thereby limits
the amount of information which can be passed through each slot, from the information theoretic
point of view. This bottleneck forces the slots to compress information in a meaningful way. As
an alternative to having trained parameters for each slot, we could still distinguish all the slots
at initialization simply using position embeddings. This would hand-code the assumption that
meaningful units are distributed across the string and are local in the string. Thus, we try an
alternative initialization of the following form.

slot; ~ A (Usharea + PE(D), O sharea), (2.3)

where PE(i) is the positional encoding of the ith slot, using the same positional encoding function
as inputs and distributing the slots evenly across the input sequence. With this formulation, we
explicitly inject positional information into the slots. Moreover, we let the model to learn a shared
o, instead of fixing it, to increase the capacity of our model, since  is also shared among all the
slots.

Finally, We then obtain the set of slots M = {m; ... mg} = SlotAttention(X").

12
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Neural Sparsification Layer: LoDrop

The number of units needed to represent a sequence varies among different sequences in the data.
In contrast to the object discovery work where the data is generated synthetically and thereby, the
number of objects in the scene is known beforehand, we do not make any assumptions about the
number of units required. Therefore, we consider an upper-bound over the number of required
units and prune the extra ones per input sequence. We accomplish this goal by using a neural
sparsification layer called LoDrop (Zhang et al., 2021). It allows our model to dynamically decide
on the number of required units for every input sequence.

This layer consists of stochastic binary-like gates g = g; ... gk that for every input m; works as
LoDrop(m;) = gim;. 24)

When g; is zero the gate is closed and when it is one the whole input is passed. Each gate is
a continuous random variable in the [0, 1] interval, sampled from a hard-concrete distribution
(Louizos et al., 2018). This distribution assigns most of its probability mass over its endpoints
(i.e., 0 and 1) in favour of the sparsification goal. Specifically,

gi ~ HardConcrete(a;, B, €), (2.5

where 8 and 0 are the hyperparameters of the distribution. Moreover, a; is obtained as A
sample g; from this distributaion is obtained from stretching and rectifying a sample from the
BinaryConcrete distribution (Maddison et al., 2017; Jang et al., 2017):

s; ~ BinaryConcrete(a;, 8), (2.6)
S;i=5;(1+2€) —¢,

gi =min(1,max(0, $;)),

The BinaryConcrete variable s; in (0, 1) is stretched to (—€, 1+¢€) and then a hard sigmoid function
is applied to rectify it into the interval of [0, 1].

a; is predicted as a function of the encoder output m;, i.e.,
1 _ T
oga; =m;w-, 2.7

where w is a learnable vector. This allows the model to dynamically decide which inputs to pass
and which ones to prune.

The £y penalty, which yields the expected number of open gates, is computed as:

k
Lo(M) =) 1-p(gi =0la;,B,e), (2.8)

i=1

where the probability of g; being exactly 0 is provided in closed form in Louizos et al. (2018). We
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follow the same approach as Louizos et al. (2018) at evaluation time and consider the expectation
of each gate as its value,

g; = min(1,max (0,0 (log a;)(1 + 2¢€) —¢)). 2.9

We refer to the pruned slots after applying the LoDrop layer as M' = m] ... m.

Decoder

Lastly, we regenerate the input sequence from the set of slots by using a simple, shallow decoder.
To this end, we use a one-layer Transformer decoder (Vaswani et al., 2017a) with a single
attention head over the slots. A simple decoder forces the slots to learn representations with
a straightforward relationship to the input, which we expect to be more meaningful. In other
words, we do not use a powerful decoder because it would be able to decode even low-quality
representations of the input, which are less meaningful (Bowman et al., 2015).

Training Objective

We train our model end-to-end by using Gumble trick for sampling HardConcrete variables
(Maddison et al., 2017; Jang et al., 2017). The training objective is

Lree X, M)+ A Ly(M) = —log (Eg[p(XIM)]) + A Lo(M) (2.10)
Egl~log p(XIM")] + A Zy(M)

Z(X),

IA

which consists of the reconstruction loss from the decoder (Lye); equivalent to the Cross Entropy
of the predictions and the input; and the Ly penalty for the open gates. Hyperparameter A, the
sparsification level, controls the trade-off between the two losses. In practice, we find that in
order to impose enough sparsity in the slots, we should slightly increase A during the course of
training using scheduling techniques.

Training Objective with Targeted Sparsity

Controlling the level of sparsity by setting A can be difficult, so we provide an alternative version
of the loss with an explicit target sparsity rate r (Mai and Henderson, 2022). We replace the Ly
term in Equation 2.10 with max(Lg,1/rx N), to have

ZL(X) = Eg[~log p(XIM")] + A max(Zy(M), /rx N) (2.11)

14
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where 1/r indicates the proportion of slots that we want to keep open and N is the maximum input
length. In this setup, the model will stop closing more gates when L reaches the target 1/r x N 2.

2.2.3 Stride-based Models

We propose a simple hand-crafted alternative model to our induced units which can gain accept-
able results in terms of performance. We design this model by replacing our Dynamic Capacity
Slot Attention module with a linear-size bottleneck. In particular, we take 1 out of every k
encoder outputs and down project them (RPin»ut — RPstors) to obtain the representations. In other
words, we only pass certain encoder outputs based on their position and drop the rest.

— . ! / /
M = DownProject(x; X;, 1 Xpj 1 -+ Xy 1)

where n = [%J. We can get different alternative models by varying the stride k. The training
objective is the reconstruction loss Zec (X, M) = —log p(X|M). The idea of using stride-based
models has also been used in Clark et al. (2022); Tay et al. (2022) in a different context and setup.

2.2.4 Bi-directional Probing Evaluation

Since the task is unsupervised and we do not evaluate using artificially generated data, there is
no obvious gold standard for what units a method should learn. To quantitatively evaluate how
well a model performs, we freeze the trained model and train probing classifiers to measure to
what extent the discovered units capture the same information as previously proposed meaningful
units. We use multiple previously proposed representations which have been shown to be good
levels of abstraction for a range of NLP applications. If the induced representation separates the
required information into units with a similar level of abstraction, then we can expect that they
will also be effective in NLP applications.

We propose to measure whether two representations provide the same level of abstraction by
measuring whether there is a one-to-one mapping between their respective units such that two
aligned units contain the same information, meaning that each unit can be predicted from the
other. Predicting the previously proposed unit from our induced unit is a probing task, as used in
previous work (Belinkov and Glass, 2019), which we specify as forward probing. We refer to the
prediction of our induced unit from the previously proposed unit as a reverse probing task, which
we believe is a novel form of evaluation’. We compare various models on their trade-off between
forward and reverse probing.

2Note that this term would be effective when 1/r x N < K , where K is the maximum number of slots.
3See Figure A.4 in the Appendix for an illustration of forward and reverse probing
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Forward probing

This is the common way of probing where we want to measure if our induced units include
the information about the target representation. We train a classifier with shared parameters
on each of our slots individually and obtain a set of predictions {f(m}), f(m),..., f(m})}, one
per slot. As we are dealing with a set, we need to find a one-to-one matching between the
classifier’s predictions and the target tokens. Therefore, we follow Locatello et al. (2020) to
use the Hungarian matching algorithm (Kuhn, 1955) for finding the match which minimizes the
classification loss. The same alignment method is applied both at training and at testing time.

We consider the complete set of slots after applying the LyDrop layer as the inputs to our classifier.
Slots whose LoDrop gate is closed are simply input as zero vectors. This gives us a fixed number
of vectors. The two sides of matching should have the same size to obtain a one-to-one match,
therefore, we add an extra target label (i.e., empty) for representing the pruned slots. Due to the
fact that many slots are pruned out, considering a measure like accuracy could be misleading,
since a classifier which outputs empty label will achieve very high accuracy. Therefore, we build
a confusion matrix as follows. We consider all non-empty labels as positive and the empty ones
as negative, and we report precision (P), recall (R) and F1 measure, to better reflect what the slots
have learned.

Reverse probing

To evaluate whether the induced units capture the same level of abstraction, we also need to
evaluate whether the induced units abstract away from the same information as the previously
proposed units. We propose to measure this by training reverse probing classifiers, which predict
each induced unit from its aligned target unit. Because the induced unit is a continuous vector,
we predict the parameters of a d-dimensional Gaussian distribution with diagonal covariance,
and measure the density function of the induced vector in this distribution. The probe is trained to
minimise this negative-log-density function, and this loss on the test set is used as our evaluation

measure.4

2.3 Related Work

Unsupervised Object Discovery.

There is a recent line of research in the image domain for discovering objects in a scene without
explicit supervision, and building an object-centric representation of them. Most of this work
1s built around the idea of compositionality of the scenes. MONet (Burgess et al., 2019) and
GENESIS (Engelcke et al., 2020) similarly use a recurrent attention network for learning the
location masks of the objects. Greff et al. (2016, 2017, 2019); Van Steenkiste et al. (2018);

4Note that as we are modelling a continuous distribution, the density function can have values higher than 1 and
therefore, the negative-logarithm of it could be negative.
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Emami et al. (2021) model the scene as a spatial Gaussian mixture model. Furthermore, AIR
network (Eslami et al., 2016) and its variants (Crawford and Pineau, 2019; Lin et al., 2020)
model objects from a geometric perspective by defining three specific latent variables. Lately,
Locatello et al. (2020) propose an attention-based algorithm (namely Slot Attention) to learn
object representations (slots) which have been followed by Singh et al. (2022); Sajjadi et al.
(2022); Seitzer et al. (2023); Singh et al. (2023a) and Kipf et al. (2022); Elsayed et al. (2022)
further expanded it to the video domain. In contrast to this line of work in vision, our approach
is specifically designed for text. We use additional components (e.g., LoDrop layer) in our
architecture to resolve the requirements of modeling textual data. Furthermore, our model is
trained and evaluated on real text datasets, in contrast to these previous models which have only
been shown to be effective on synthetic scenes.

Unsupervised morphology learning.

This subject has been of interest for many years in the NLP field (Elman, 1990; Creutz and
Lagus, 2002; Baroni et al., 2002). Morphemes have strong linguistic motivations, and are
practically important in many downstream tasks because they are the smallest meaning-bearing
units in a language (Can and Manandhar, 2014). Many approaches have been proposed for
discovering the underlying morphemes or morpheme segmentations. Morfessor variants are based
on probabilistic machine learning methods (MDL, ML, MAP) for morphological segmentation
(Creutz, 2003; Creutz and Lagus, 2002, 2005, 2007; Virpioja, 2013). Some researchers take a
Bayesian approach for modeling word formation (Poon et al., 2009; Narasimhan et al., 2015;
Bergmanis and Goldwater, 2017; Luo et al., 2017). Adaptor Grammars are another approach
for modeling morphological inflections (Sirts and Goldwater, 2013; Eskander et al., 2016, 2019,
2020). In addition, Xu et al. (2018a, 2020) built their models upon the notion of paradigms, set
of morphological categories that can be applied to a set of words. Moreover, Soricut and Och
(2015a); Ustiin and Can (2016) extract morphemes by considering the semantic relations between
words in the continuous embedding space. Cao and Rei (2016) propose to learn word embeddings
by applying a bi-directional RNN with attention over the character sequence. Furthermore,
Ataman et al. (2020a) model word formation as latent variables which mimic morphological
inflections in the task of machine translation.

Our work differs from the previous work in classical morphology learning in two ways. First,
instead of explicitly discovering morphemes, we learn a set of continuous vector representations
of the input, which would then need to be processed to extract the morphemes. The model itself
has no explicit relation between these unit representations and segments of the input. Second, our
model learns representations of an entire input sentence, rather than individual space-delimited
words. This makes fewer assumptions about morphemes, and considers the context of the words
in a sentence. Our work is similar to Ataman et al. (2020a) in modeling morphology implicitly in
the latent space. However, we employ a self-supervised objective for our purpose which is more
general compared to their supervised loss, as we do not need labeled data.
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Unsupervised character segmentation.

Learning to segment a character sequence in unsupervised fashion is another relevant area to
our work. Chung et al. (2017a) propose Hierarchical Multi-scale RNNs for modeling different
levels of abstractions in the input sequence. In the language modeling task, they observe that the
first layer is roughly segmenting the sequence into words, namely at space boundaries. Sun and
Deng (2018) propose Segmental Language Models for Chinese word segmentation. Moreover,
in (Kawakami et al., 2019), the authors design a model to learn the latent word segments in a
whitespace-removed character sequence with a language modeling objective. As we mentioned
earlier, we learn continuous vector representations of text which is different from explicitly
detecting discrete character segments.

Learning intermediate representations from characters.

Recently, a line of work has been proposed to model language at the level of characters and
then aggregate the characters into subword-like units and have the core Transformer layers on
top of them. CANINE (Clark et al., 2022) learns these units by applying local attention and
strided convolutions and proves the usefulness of their model in multilingual tasks. Charformer
(Tay et al., 2022) learns a representation for each character by computing a weighted sum
over character k-grams that this character is involved in and then performs mean pooling to
downsample the representation size. The goal of our works differs from theirs as we are
focusing on learning meaning-bearing units at the level of morphemes and we are not focusing
on improving downstream tasks’ performance directly.

Unsupervised speech unit discovery.

Unsupervised unit discovery has also been studied in the speech domain, where the speech data
includes both acoustic and language information. Wav2vec 2.0 (Baevski et al., 2020) encodes
the raw input using a convolutional neural network. Then, it learns units in the representation
by discretizing the output of the feature encoder using product quantization (Jegou et al., 2010).
HuBERT (Hsu et al., 2021) follows the same architecture as Wav2vec 2.0 but they discover
acoustic units leveraging K-means algorithm. Authors in (Tjandra et al., 2020) extract subword
units given speech audio by a variational autoencoder with a finite set of discrete latent variables
(aka limited codebook) called vector quantized variational autoencoder (VQ-VAE) (Van Den Oord
et al., 2017).

Subword discovery algorithms.

This set of algorithms have become a standard component of NLP models in recent years.
Byte-Pair-Encoding (BPE) (Sennrich et al., 2016) iteratively merges the two consecutive tokens
with the highest frequency. Word-piece (Schuster and Nakajima, 2012), sentence-piece (Kudo
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and Richardson, 2018a) and unigram LM (Kudo, 2018) are other similar subword tokenization
algorithms. In contrast to these methods, which mostly use local statistical information of the data,
our model is trained over complete sentences to learn an abstract sophisticated representation.

2.4 Experiments

We train our models as auto-encoders and evaluate the resulting induced units. In addition to
considering the ability of the induced representations to reconstruct the input (their supervised
objective), we evaluate our unsupervised model both by visualizing attention maps to show
what characters the slots correspond to (Section 2.4.4), and by bi-directional probing of the slot
vectors (Section 2.4.5). In addition, we show the potential usefulness of our induced slots in a
downstream task (Section 2.4.6).

2.4.1 Experimental Setup

Languages and training data. We apply our model to languages from different morphological
typologies. We select English (EN), German (DE), French (FR), Spanish (ES) and Czech (CS)
from the fusional family and Finnish (FI) from the agglutinative typology. For English we use the
raw Wikitext2 dataset (Merity et al., 2016). For the rest, we use Multilingual Wikipedia Corpus
(MWC) (Kawakami et al., 2017).

Probing data. We consider three target representations which either have linguistic or practical
evidence of being effective in NLP applications. For the languages for which an in-depth
linguistic morphological analysis is available, we compare to these morphemes (i.e., EN and FR)
(Zabokrtsky et al., 2022; Sanchez-Gutiérrez et al., 2018; Mailhot et al., 2020). Alternatively, as
linguistically inspired units, we have the Morfessor (Virpioja, 2013) outputs, and BPEs (Sennrich
et al., 2016) as frequency-based subwords.

Hyperparameters. As for the models, we use a standard Transformer architecture (Vaswani
et al., 2017a) with model dimension 256. The encoder consists of 2 layers with 4 self-attention
heads and the decoder consists of 1 layer with 1 self-attention head and 1 attention head over
the slots. We use the same sinusoidal positional encoding function as in (Vaswani et al., 2017a).
We feed in the sentences with less than 128 characters to our model and consider the maximum
number of slots as 64 (half of the maximum input length). In addition, we take the dimension of
slots as 128. We initialized the slots according to equation (2.2) in all the experiments except for
Section 2.4.2, since it was the most effective form of initialization. We scheduled the A parameter
in the training loss to start with a low value and exponentially increase it every 10 epochs until
it reaches a certain limit. We obtain this limit manually in a way that the final number of open
gates roughly equals the average number of BPE tokens in a sequence’. Finally, we used Adam

SNote that this number is mainly used to tune the A parameter. The final number of open gates is ultimately
determined by the targeted sparsity rate which is treated as a hyperparamater in most of our experiments. Therefore,
the vocabulary size of this tokenizer does not play a crucial role in the conclusions we make. However, as our
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optimizer (Kingma and Welling, 2013) for training our models with a learning rate 10™* and
trained our models for 200 epochs. More details of the settings are available in the Appendix A.2.

For the forward probing classifier, we train a 2 layer MLP as our probing classifier f, which
predicts the target token given the slot vector. For the reverse probing classifier, we first pass the
target tokens into an Embedding layer and then apply a 2 layer MLP on top of each embedding
individually to predict the parameters of a Gaussian distribution over slot vectors.

2.4.2 Slot Initialization Analysis

BPE Morfessor
Initialization Model P R F1 P R F1

eq. (2.2) untrained 0.71 0.09 0.17 0.71 0.11 0.19
(ours) slot-attn 096 0.73 0.82 095 0.74 0.83

eq. (2.3) untrained 0.79 0.11 0.20 0.78 0.14 0.23
slot-attn ~ 0.98 0.63 0.76 0.98 0.64 0.77

eq. (2.1) untrained 0.80 0.10 0.18 0.78 0.12 0.20
slot-attn ~ 0.97 0.51 0.66 0.96 0.51 0.66

Table 2.1: Forward probing results of different slot initializations for the Spanish language.

We compare our proposed initialization with the original definition of Slot Attention, where slots
are randomly initialized from a single shared distribution. Table 2.1 shows the probing results of
our model under different slot initializations. Having a separate p for each slot (Equation (2.2))
increases the capacity of the model and thus yields better results in comparison to sharing y
between the slots. The model especially achieves higher recall in this case, which implies better
recovery of the BPE and Morfessor tokens as it can accurately model a greater number of units.
However, we achieve similar results with fewer parameters when initializing slots with positional
information (Eq 2.3). This positional information leads to large improvements compared to the
model trained without it (Eq 2.1). But there is still a substantial performance gain from using our
full model, with different p per slot, compared to just using positional information.

2.4.3 Reconstruction Quality

The models are trained to reconstruct the input character sequence, so the reconstruction error
(reported in Table 2.2) indicates how effectively the model can compress information about the
text in the available units’ vectors. We compare the slot attention based model with targeted
sparsity objective (Equation (2.11)), with the stride-based models (stride=6) to ensure that both
models have the same average number of units. In all languages, slot attention based models are

experimental results indicate, the target number of units leads to slightly different behaviors.
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slot attention(r=6) stride=6

language train test train test

DE 0.0022 0.0039 0.0174 0.0213
EN 0.0014 0.0033  0.0120 0.0154
CS 0.0021 0.0035  0.0089 0.0137
FI 0.0028 0.0045  0.0097 0.0135
FR 0.0043 0.0075 0.0182 0.0229
ES 0.0014 0.0036  0.010 0.0149

Table 2.2: Reconstruction error on training and test set among different languages.

(a) epoch 5 (b) epoch 50 (c) epoch 125

Figure 2.2: Attention of the decoder over slots (x-axis) for generating every target character (y-
axis) after different training epochs, for target sequence “the red colour associated with lobsters
only appears after cooking.”.

better able to reconstruct the sequence. This indicates that the slot attention vectors are better
than the stride-based vectors at capturing information about the structure and meaning of the
input, thereby providing better signals to the decoder to reconstruct the sequence.

2.4.4 Visualization

In order to show some qualitative results of our model, we visualize the attention maps for
generating every output, shown in Figure 2.2. In particular, we show the attention of the decoder
over slots when generating every output character . Interestingly, although we do not impose
any sparsity in the decoder’s attention weights, the attention maps are quite sparse. Namely, at
each generation step only a few slots are attended, and each slot is attended while generating only
a few characters. In addition, although we do not impose any bias towards discovering segments
of the input 7, the characters which are generated while attending to a given slot are contiguous in

SWe observe the same pattern in the attention of slots over the input and have illustrated some examples in
Appendix A.1.1

TThis will give the model the flexibility to learn units for languages with non-concatenative morphology like
Arabic.
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Figure 2.3: Average attention maps across all the test set samples. x-axis corresponds to slots and
y-axis is the decoder’s output position. The later positions (bottom) occur in fewer examples, but
almost all slots show a clear preference for specific positions.

the string (the vertical bands in Figure 2.2). We believe that the emergence of contiguous spans is
a result of the bottleneck we create with our Dynamic Capacity Slot Attention. This means that
the model is trying to put correlated information about the input in the same vector, so that it can
represent the string more efficiently. The strongest correlations in the character string are local in
the input, so each slot tends to represent characters which are next to each other in the input.

In early steps of training, when the sparsity ratio (1) is small, each slot tends to represent a bigram
of characters (2.2a) and later on, trigrams (2.2b). These observations confirm the necessity of
the LoDrop layer for converging to better units. In particular, as the ratio increases, the number
of active slots reduces and they become more specialized in representing contiguous meaning-
bearing units of input. For instance, the word cooking in 2.2c is represented by two slots cook
and ing. That these segments roughly correspond to the morphemes which we want the model
to discover, is verified quantitatively in the probing experiments in Section 2.4.5. We provide
attention map visualizations for other languages and stride-based models in Appendix A.1.1.

Learned Positional Information

We observed similar attention patterns for the slots across different input samples and thereby,
we conjecture that there must be a correlation between what the slots have learned and the
corresponding positions in the input sequence. To evaluate this, we average the attention maps
between all the samples from the test set and visualize them in Figure 2.3. The averaged attention
map verifies our hypothesis that the slots are highly correlated with the position of characters in
the sequence. We think that this average is related to what the p; is learning, but that after the
Slot Attention iterations the slots carry more information than just positions.
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BPE Morfessor Morphemes
lang Model P R Fl Rev P R Fl Rev P R Fl Rev
EN untrained 0.74 0.10 0.17 -47.12 0.71 0.11 0.19 -36.53 0.69 0.11 0.19 -50.29
stride= 6 0.95 0.66 0.76 -105.1 0.94 0.66 0.76 -107.9 0.91 0.64 0.74 -116
slot-attn(r =6) 0.96 0.68 0.78 -150.1 0.93 0.63 0.74  -140 0.91 0.70 0.78 -123.7
FI  untrained 0.74 0.09 0.17 -72.03 0.90 0.06 0.11 -39.23 - - - -
stride=5 0.94 0.63 0.74 -123.7 0.89 0.43 0.57 -112.6 - - - -
slot-attn(r =5) 0.94 0.58 0.71 -104.7 0.89 0.50 0.63 -80.62 - - - -
FR untrained 0.75 0.08 0.14 -51.59 0.72 0.11 0.19 -28.05 0.74 0.11 0.19 —68
stride=5 0.94 0.69 0.79 —129 0.93 0.65 0.76 —120.3 0.91 0.68 0.77 -204.3
slot-attn(r =5) 0.96 0.70 0.80 -164.2 0.94 0.68 0.78 -160.8 0.91 0.72 0.80 -190.2
ES untrained 0.71 0.09 0.17 -37.85 0.71 0.11 0.19 -44.63 - - - -
stride=5 0.94 0.67 0.77 -103.5 0.93 0.65 0.75 -131.6 - - - -
slot-attn(r =5) 0.94 0.69 0.78 -94.83 0.93 0.66 0.76 —-125.7 - - - -
DE untrained 0.91 0.08 0.16 —-46.91 0.76 0.08 0.15 -64.87 - - - -
stride=5 0.95 0.66 0.77 -170.1 0.91 0.58 0.69 -156.1 - - - -
slot-attn(r =5) 0.97 0.68 0.79 -190.8 0.93 0.66 0.76 -157.9 - - - -
CS untrained 0.94 0.08 0.16 —22.98 0.86 0.05 0.10 —34.69 - - - -
stride=5 0.94 0.63 0.74 —-104.5 0.90 0.52 0.65 -87.16 - - - -

slot-attn(r =5) 0.96 0.62 0.74 -164.5 0.95 0.47 0.62 -148.1 - - - -

Table 2.3: Forward and reverse probing results on different languages, with a target number of
units. Note that human-annotated morphemes are only available for En and FR.

2.4.5 Probing Results

Given a target set of units and a trained model for finding units, we align the two sets of units, and
use forward probing to see whether each induced unit contains as much information as its aligned
target unit and use reverse probing to see whether each induced unit contains more information
than its aligned target unit. Optimizing both measures requires having the same information as
each target unit in its associated induced vector, and hence having the same level of abstraction.

The primary mechanism we have to control the amount of information in an induced representation
is to control the number of units. More units means that there are more opportunities for the
alignment to find a unit which correctly predicts each target unit, but makes it harder to predict
all the units from the available target units. We take two approaches to controlling the number
of induced units. First, we fix the number of units to a target number, which allows an efficient
comparison of models. Second, we vary the number of units, which allows us to evaluate how
well different models can match the informativeness trade-off of the target representation.

Targeted informativeness.

As aless computationally expensive initial evaluation, we use hyperparameters to set the number
of induced units to approximately the same as the number of target BPE tokens. For the stride-
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based models, we simply set the stride according to the average target number of tokens (i.e.,
stride= 6 or = 5). For the slot attention models, we set the r in Equation (2.11) to be equal to the
stride value.

We use probing to compare slot attention and stride-based models to an uninformative baseline
representation (untrained), thereby controlling for the power of the probing classifier to learn
arbitrary mappings (Conneau et al., 2018; Oord et al., 2018a). This baseline is the set of slot
vectors output by a randomly-initialized slot attention model without any training.

Table 2.3 shows the results of the forward and reverse probing tasks on different languages. As
the results show, the trained slots achieve much higher performance in all the tasks in comparison
to the random baselines. Our model achieves very high precision in predicting the non-empty
labels. Its performance is weaker on the recall side, but here the improvement over the untrained
model is even more pronounced. This seems to be due to the imbalance between empty and
non-empty labels in the training set, where the empty labels comprise around 66% of the data for
the probing classifier. For this reason, below we will use F1 as our overall performance measure
for forward probing.

For most languages and targets, our slot attention model performs better than the comparable
stride-based model. In the cases where the stride-based model has a higher F1, its worse
score for reverse probing suggest that this may just be the result of an informativeness trade-
off. For the majority of cases where the slot attention model has a higher F1, its reverse
probing score is also better. The performance gain of our slot attention models over the stride-
based models is particularly noticeable for the two languages where we have real morpheme
annotations, which implies that our slot attention based method is more effective in discovering
linguistically meaningful units. The agglutinative language (Finnish) is generally harder than the
fusional languages, but slot attention does relatively well at capturing the linguistically-motivated
Morfessor targets compared to the stride-based model.

We further show some examples from the predictions of the forward probing classifiers . Table 2.4
shows two examples of the probing classifiers’ predictions given the learned slots. As explained
above, the model is quite precise in predicting non-empty labels.

Informativeness trade-off.

The advantage of our two-directional probing evaluation is that we can directly compare
the informativeness trade-off of different models by plotting their probing results in two-
dimensional graphs. To vary this trade-off, we train stride-based models with different strides,
stride={2,3,4,5,6}, and slot attention based models with different r, where r = stride, for the
same strides. This leads to the two models having the same range of values for their number of
valid units.

Figure 2.4 plots this informativeness trade-off for the same languages and target representations
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input target probing classifier prediction

una razén de su auge fue su aparente BPE una razén de su auge fue su aparente
éxito en tratar enfermos por epidemias éxito en tratar enfermos por epi#as#
infecciosas . inf#ocosason

Morfessor unarazén de su auge fue su aparente éx-
ito en tratar enfermcio por epidemias#s
IS

auBlerdem wurde er zum besten spieler BPE auflerdem wurde er zum sten spieler
des turniers gewdhlt . des #ur#ierers gewihl# .
Morfessor auBlerdem wurde er zutur besten spieler
des turniers gewihlt #

Table 2.4: Input and output pairs from Spanish and German datasets. The predictions are sorted
based on their matching target. The empty label is shown as ’#° and wrong predictions are shown
in red.

as in Table 2.3. Better results are nearer to the lower right corner of the plot. Overall, the slot
attention based models provide better representations than the stride-based models. About half
the plots show a clear trend in favour of slot attention based models, and none of the plots show a
clear trend in favour of the stride-based models. But many of the plots show a substantial amount
of variability.

These results justify our design choices for the slot attention based models to achieve the goal of
discovering meaningful units which have the same level of abstraction as the previously proposed
units. In addition, although our stride-based models fall behind the slot attention based models in
many cases, they can be utilized as strong baselines for evaluating such unsupervised models and
to find acceptable abstract units which can omit the need for tokenizing text as a preprocessing
step. We provide the complete tables of results in Appendix A.1.2.

2.4.6 Downstream Task Evaluation

The focus of this work is developing the analogue of visual object discovery methods in the text
domain, and developing an intrinsic evaluation framework for this line of work. We showed
above that the information captured by our induced units are similar to the information in previ-
ously proposed representations, and thus there is every reason to believe that the demonstrable
effectiveness of these predefined representations will also apply to our induced representations.
To confirm the effectiveness of our induced meaningful units in downstream tasks, we report
here results using our induced representations in a downstream task which we believe to be
representative of their potential.

As our downstream task, we used the challenge set released by Hofmann et al. (2022), which they
argue serves as a benchmark for pretrained language models’ tokenizers. The task is to classify
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Figure 2.4: 2D graphs showing the informativeness trade-off for slot attention models (blue
points) and the stride-based models (red points). The x-axis shows the F1 measure for the forward
probe and the y-axis shows the negative log-density function loss for the reverse probe, so better
models are lower and further to the right.

each ArXiv title into its corresponding sub-area (within a category of 20) in the three subjects of
CS, Maths, Physics. The dataset requires a challenging generalization from a small number of
short training examples with highly complex language (Hofmann et al., 2022). For this reason,
we believe it is a good benchmark for evaluating our unit induction models.

In order to evaluate the quality of the induced units, we first freeze the representations we get
from our trained models and then train classifiers for this downstream task. Since our models
output a set of vectors as the high-level representation of the character sequence, we design an
attention-based classifier to perform the task. In particular, after applying a shared 2 layer MLP
(with ReLU non-linearity) on top of each of the representation’s vectors, we apply attention
over the resulting keys and values using a learnable query vector. Then, we linearly project the
resulting vector to compute the score for each sub-area, and apply softmax with cross-entropy
loss. Following Hofmann et al. (2022), we use F1 as our evaluation metric and average across
the subjects. We compare our Slot Attention model with Stride-based model with stride 6 and a
character-based model (stride=1) in addition to a BPE-based model, as shown in Table 2.5.8In

8Note that our numbers are not comparable to the ones reported in Hofmann et al. (2022) because we use a
completely different setup (in terms of both pre-training data and architecture).
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Dev
Cs Maths Physics Avg
= slot-attn = stride-based
stride=1 0.3053 0.3315 0.3867 0.3411 45
stride=6 0.3919 0.3976 0.468 0.4191

0.40
BPE-based 0.3196 0.3383 0.3693 0.3424

slot-attn(r=6)  0.3911 0.4229  0.4742 0.4294% %3

Test 0.30
. 0.25
Cs Maths Physics Avg 2 4 6 8 10
stride=1 0.2934 0.3181 0.3839 0.3318 stridelr
stride=6 0.3833 0.3863 0.4529 0.4075(®) Results with varying stride/r on the test set.

BPE-based 0.3095 0.345 0.3578 0.3374
slot-attn(r=6)  0.397  0.424  0.4682 0.4297

Table 2.5: Arxiv-L classification results without fine-tuning the models.

order to be fair in comparison, we train the BPE-based baseline model under the same setup as a
character-based model (stride=1) by only modifying the inputs and targets to be BPE tokens of
the sentence. These results indicate that the representations induced by our proposed models work
much better than a character-based and BPE-based model on this challenging task, confirming
that they could be a useful replacement for tokenization methods in downstream tasks. The
slot attention representations also perform better than the stride-based representations. The
BPE-based model does not work as well as other models and we believe this is due to the fact
that BPE struggles to find good tokenization of the rare technical words found in ArXiv topics
and usually splits them into meaningless tokens.

Since there is no target representation in this evaluation, we also consider varying the target
percentage of vectors in the induced representations, shown in Figure 2.5a. Interestingly, the
best performance is achieved with induced units which are around the same granularity as those
used in the BPE target representation (stride=6). For the stride-based models, results are very
dependent on finding the right hand-coded level of granularity, whereas our slot attention model
is more robust to the choice of the target level of granularity. Perhaps this is due to the ability
of its LoDrop layer to adjust the number of units depending on the content of each individual
example.

2.5 Conclusions

In this chapter, we propose Dynamic Capacity Slot Attention for discovering meaningful units in
text in an unsupervised fashion. We use an auto-encoder architecture for encoding a character
sequence into a set of continuous slot vectors and decoding them to reconstruct the original
sequence. We enforced the set of slots to act as a bottleneck in transferring information between
the encoder and the decoder by adding a constant noise to their vectors and integrating an Lo
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regularizing layer on top of the slots which only retains the necessary vectors. In addition, we
propose a set of stride-based models which could serve as an alternative to our main model.
We evaluate our model by probing the equivalence between the pruned slots and predefined
tokens. In particular, we propose to do reverse probing as well as the normal way of probing. Our
experiments show that our representations effectively capture meaningful information at a higher
level of abstraction. Moreover, we show the usefulness of our induced units in a challenging
classification task.

This work is a first step towards replacing hand-coded abstract units in text with representations
induced within a deep learning architecture, demonstrating that it is feasible to improve over
hand-coded units, even in the text domain. More generally, it addresses the issue of entity
induction, which is a fundamental property of cognitive representations but is currently poorly
understood. We believe that the proposed models and evaluation method will lead to greater
progress on this fundamental problem.

Future work. One of the advantages of our unsupervised approach to inducing abstract units is
that the method is not specific to characters, or indeed to any observable level of representation.
Thus it can be trained in an end-to-end fashion with different training objectives, it can be used
to induce any level of abstraction, and it can be stacked to induce multiple levels of abstraction.
This could potentially avoid the need to hand-code different levels of abstraction, such as vectors
associated with tokenization and sentence markers. Replacing hand-coded model design choices
with choices which are induced within a deep learning architecture is a central objective of this
work.

Limitations. We learn a set of abstract continuous vector representations of the input and we do
not explicitly discover morphemes or morpheme segments. Although the visualized attention
maps show interesting patterns of input segmentation (see Figure 2.2), the vertical bands are
fading near the end-points. More specifically, it is not straight-forward to determine boundaries
between the bands as the transition is done smoothly due the continuous nature of the attention
function. For this reason, we could not obtain good segmentations by employing simple heuristics
on the attention maps.
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R] Discovering Meaningful Units with
Nonparametric Variational Informa-
tion Bottleneck

Learned representations at the level of characters, sub-words, words and sentences, have each
contributed to advances in understanding different NLP tasks and linguistic phenomena. However,
learning textual embeddings is costly as they are tokenization specific and require different models
to be trained for each level of abstraction. We introduce a novel language representation model
which can learn to compress to different levels of abstraction at different layers of the same model.
We apply Nonparametric Variational Information Bottleneck (NVIB) to stacked Transformer
self-attention layers in the encoder, which encourages an information-theoretic compression of
the representations through the model. We find that the layers within the model correspond to
increasing levels of abstraction and that their representations are more linguistically informed.
Finally, we show that NVIB compression results in a model which is more robust to adversarial
perturbations.

This chapter is based on the following publication,

« M. Behjati *, F. Fehr *, J. Henderson, Learning to Abstract with Nonparametric Variational
Information Bottleneck. I Tn Findings of EMNLP, 2023

Both Melika Behjati and Fabio Fehr contributed equally to this work. The candidate (Melika)
was responsible for the general development of the idea and the design and implementation of
the evaluation experiments. Fabio was responsible for the design and implementation of the
model and contributed expertise in NVIB. In this chapter, we focus mainly on the candidate’s
contributions. Other details are reported in the appendices.

1 https://aclanthology.org/2023.findings-emnlp.106/
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Chapter 3. Discovering Meaningful Units with Nonparametric Variational Information
Bottleneck

Embedded

Inputs av

Figure 3.1: Transformer encoder layer (/) including the NVIB layer and Denoising self-attention
module.

3.1 Introduction

Learning representations of language using self-supervision has become a cornerstone of NLP
(Pennington et al., 2014; Peters et al., 2018; Devlin et al., 2019, inter alia). However, these
representations are specific to their tokenisation (e.g. Byte-Pair (Sennrich et al., 2016), WordPiece
(Schuster and Nakajima, 2012), SentencePiece (Kudo and Richardson, 2018b), characters (Al-
Rfou et al., 2019), and even bytes (Xue et al., 2022)), which restricts the level of abstraction from
the input text which their representations are able to convey. Work like CANINE (Clark et al.,
2022) and Charformer (Tay et al., 2022) avoid problems with tokenisation by modeling individual
characters or bytes, and thereafter use a stride-based downsampling to reduce the representation
length. The stride pattern is fixed and thus can’t be considered as learning to abstract. Behjati
and Henderson (2023) recently introduced the task of learning a higher level of abstraction in a
set-of-vector space by proposing Dynamic Capacity Slot Attention. In this work, we propose a
novel character-level model of representation learning which learns different levels of abstraction
in different layers of the same model.

We adapt the Nonparametric Variational Information Bottleneck regulariser (NVIB) (Henderson
and Fehr, 2023) for application to self-attention in the stacked layers of a Transformer encoder.”
The resulting model has greater abstraction than a standard Transformer due to selectively
dropping some vectors in higher attention layers. Interestingly, we observe that the learned
abstract units are intuitive, often corresponding to words. By employing different analysis

2The code is publically available at:
https://github.com/idiap/nvib
https://github.com/idiap/nvib_selfattention
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3.2 The Model

methods, we demonstrate that our model is better at encoding semantically and linguistically
meaningful information than a standard Transformer baseline. Moreover, it exhibits an enhanced
level of robustness, further consolidating its advantage.

3.2 The Model

Our model consists of standard Transformer encoder-decoder layers (Vaswani et al., 2017b),
where the encoder block has been augmented with an NVIB regulariser on the self-attention
layers, as seen in Figure 3.1.

3.2.1 NVIB for Self-Attention

Nonparametric Variational Information Bottleneck is an information-theoretic regulariser for
attention-based latent representations (Henderson and Fehr, 2023). It has been shown to induce
smooth and sparse latent representations in the cross-attention layer of a Transformer encoder-
decoder, where Henderson and Fehr (2023) used it to define a Variational Auto-Encoder (VAE)
(Kingma and Welling, 2014). It generalises attention over a set of vectors to denoising attention
over a mixture of impulse distributions, and uses Bayesian nonparametrics to handle the fact that
the number of vectors grows with the length of the text. NVIB uses Dirichlet Processes (DPs) to
define distributions over these mixture distributions, and controls the information in the latent
representation by sampling a mixture distribution from the attention layer’s DP, thereby adding
noise which removes information.

We extend the previous work by adapting NVIB for use in the stacked self-attention layers of a
Transformer encoder. By extending NVIB’s information-theoretic regularisation to the series of
latent representations inside the Transformer encoder, we see increasingly abstract interpretable
representations in the higher layers.

NVIB layer

As with a standard attention layer, an NVIB layer maps a set of n vectors to an attention function.
It first maps the n vectors Z € R™*P to the parameters of a DP, which are a total pseudo-count
for its Dirichlet distribution and a mixture of Gaussians for its base distribution. Each of
the n vectors is individually projected to a pseudo-count @ € R" and a Gaussian component
(L eR™P, g e R™P) of the base distribution. The model can drop entire vectors by setting their
pseudo-counts to zero, thereby making the representation sparse. In addition, there is an n+1%"
component of the base distribution for the prior, with parameters a”=1, p?=0 and ¢”=1. The
individual pseudo-counts are both summed to get the DP’s total pseudo-count and normalised
to weigh the components of the DP’s base distribution. The NVIB layer then uses denoising
attention to access either a set of weighted vectors sampled from the DP (at training time), or the
base distribution of the DP (at testing time).
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Henderson and Fehr (2023) use ReLU, linear and exponential activation functions to compute a,
p and o, respectively. To adapt NVIB for stacked layers of self-attention, our model replaces
the activation for the pseudo-count parameters with an exponential activation, and includes a
multiplicative skip connection from the previous layer /-1, as shown in Figure 3.1:

al? =exp(wZT+b+log(a”_D)), 3.1

where w € R'P and b € R form the linear projection. The exponential activation allows the
model to be more stable in training.> The skip connection in between layers /-1 and I helps
coordinate the importance of vectors across layers. Keeping the pseudo-count parameters in
log-space prevents overflow and improves precision when the parameters get larger. This results
in a multiplicative skip connection which emphasizes the communication between layers.

To compute self-attention, the DP parameters projected from all the individual vectors together
define a single DP, and we take a single sample from this DP which all the individual vectors
access via denoising attention. The queries for this denoising self-attention are computed from
the original n vectors Z € R™*P_ before the NVIB layer. See Appendix B.4 for the exact attention
functions.

Training objective

The NVIB loss regularises the attention-based representations so that the size of the representation
at each layer is appropriate for the complexity of the representation being encoded at that layer. It
has three terms, a reconstruction loss Lg, and two KL divergence terms: Lp for the pseudo-counts
of the Dirichlet distributions, and L for the parameters of the Gaussian components. The Ly
term is the supervised learning objective, which tries to make the latent representation informative
enough to predict the original text. The Lg term tries to make the individual Gaussian components
less informative, as in vector-space VAEs (Kingma and Welling, 2014). The Lp term tries to push
down the total pseudo-count, which pushes some of the individual pseudo-counts to zero, thereby
effectively dropping their vectors and reducing the number of vectors in the latent representation.
See Appendix B.3 for loss equations.

To apply NVIB to stacked self-attention layers, we want to allow the lower layers to compute
with more vectors while encouraging the upper layers to compress to fewer vectors, thereby
encouraging abstraction at the higher layers. We therefore weight the loss terms differently at

each layer:
L=Lg + BPApLp + AgLg) (3.2)
l
0 _
B = ;V ; for le{l1,..., N} (3.3)
=0

3Since the exponential function is never exactly zero, we threshold small values to introduce sparsity. See
Appendix B.1.
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where BY controls the degree of NVIB regularisation for layer [, linearly increasing it for higher
layers. If a vector is dropped in the last self-attention layer (i.e. zero pseudo-count), then we
also drop that vector in the cross-attention layer to the decoder, but otherwise there is no NVIB
regularisation of the cross-attention.

During preliminary experiments, instead of the above formula for ¥ we considered a uniform
weight, as well as a doubling weight, per layer. These regularisation weights were either too
weak or too strong, respectively. The values we considered for the hyperparameter Ap are
given in Appendix B.2. When we increase this regularisation, the characters are grouped into
fewer and fewer vectors until all characters are compressed into a single vector, much like a
sentence embedding. If we over-regularise, the representations collapse to the uninformative
prior representation.

3.3 Related Work

Modeling language at the level of characters has the advantage of providing an end-to-end
framework for the models to operate, without the need for tokenization as a preprocessing step
(Xue et al., 2022; Ataman et al., 2020b; Choe et al., 2019; Al-Rfou et al., 2019; Kawakami et al.,
2017). This is at the cost of longer sequence lengths and the need for greater model depth to
reach the understanding level of subword-based models. While CANINE (Clark et al., 2022) and
Charformer (Tay et al., 2022) are some attempts to bypass these shortcomings, they do so by fixed
architectural design choices. Our work differs in that it allows the model to learn how to abstract
and compress the input without a hard-coded abstraction structure. Our inspiration comes from
Behjati and Henderson (2023) who introduced the task of learning a higher level of abstraction
and proposed a method based on Slot Attention (Locatello et al., 2020) for this purpose. Our
work is also related to HM-RNNs (Chung et al., 2017b) as it tends to learn a hierarchy of units
within its layers, though it does not make discrete decisions on unit boundaries. Our approach to
learning meaningful disentangled abstractions by encouraging the models to learn compressed
representations through a bottleneck is shared with VAEs (Kingma and Welling, 2014) and other
work in that line (Alemi et al., 2017; Higgins et al., 2017).

3.4 Experiments

Our proposed model’s abstractness is analyzed qualitatively through attention visualisations
(Section 3.4.2) and quantitatively through a challenging sub-topic classification task (Section
3.4.3). Each layer is probed to analyse the linguistic information captured (Section 3.4.3) and
finally we examine the models’ robustness to adversarial, synthetic noise (Section 3.4.4). We
provide additional details of these experiments in the Appendices B.5 and B.6.
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P R F1
Transformer 95.51 56.51 64.52
NVIB 85.23 79.02 78.86

Table 3.1: Word segmentation performance [%].

3.4.1 Experimental Setup
Data

We train all models on the Wikitext-2 (Merity et al., 2017) encyclopedia dataset at the character
level, with a noisy character deletion reconstruction objective (Lewis et al., 2020).

Models

We compare the self-attention representations from a standard Transformer encoder layer and
our Transformer encoder layer with NVIB regularisation. We consider models consisting of six
stacked Transformer encoder layers to be in line with the base model from Vaswani et al. (2017b).
For the Transformer decoder we use only 2 layers so that the decoder is not able to compensate
for poor embeddings from the encoder. For simplicity of implementation and interpretation, we
use only a single attention head. For the NVIB models, we only apply NVIB to the final three
layers. To ensure comparability between our model and the baseline, we train the baseline to
have the same denoising capability and thus the same validation cross-entropy when evaluated on
noised examples. For further details see Appendices B.1 and B.2.

3.4.2 Attention Map Visualisations and Analysis

To qualitatively evaluate the model’s ability to learn interpretable abstractions, we visualise the
self-attention maps. Figure 3.2 compares the self-attention patterns of the the last 3 layers of: a
Transformer with 6 layers of standard attention (left); and a Transformer with 3 layers of standard
attention followed by 3 layer of denoising attention with NVIB (right).

Despite being trained solely on noisy reconstruction at the character level, the NVIB layers
compress the self-attention representations through the layers into distinct groups. At lower
levels, the model uses nearly all vectors (i.e. ~99%) and learns position-local information, shown
as a diagonal pattern. At higher levels the model drops some vectors (the blank columns) and
groups characters (the vertical bars) in ways which strongly resemble subword units or even
words. The last level retains only an average of ~35% of vectors. This is because the stronger
NVIB regularisation at higher layers encourages the grouping of correlated characters, to reduce
redundant information, and the strongest correlations are within words. We provide further
examples in Appendix B.7.
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Query

Query
Query

Query

Figure 3.2: Self-attention patterns of the last 3 layers of 6-layer Transformer encoders from
bottom to top. Left: Standard self-attention. Right: With NVIB regularisation. Sentence:
"Whatever you are, be a good one." Dark purple is 0 and light yellow is 1 for attention.

Quantification of Word Resemblance

We quantify the resemblance of the final-layer self-attention maps to words by extracting contigu-
ous segments from the maps and computing the F1 measure between our segments and the words

in the sequence.

First, we take the ar gmax over the Key dimension of an Attention map and extract the contiguous
segments from the resulting vector. Then, we compute the intersection between the set of obtained
segments and the set of words in the sequence. In particular, for each segment and word, we
compute the number of intersecting characters (i.e., the length of the longest common substring)
as a measure of their overlap. This would lead to a rectangular matrix of scores. Then, we
perform the Hungarian matching algorithm (Kuhn, 1955) to find the best 1-1 match between the
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two sets. Afterward, for each matched word and segment, we compute Precision (P), Recall (R)

as follows,
P longest common substring length (3.4)
segment length
d
an R= longest common substring length‘ (3.5)

word length

We report the average macro F1, P, R over the validation set of our training data. Table 3.1 com-
pares the performance of our model to the Transformer baseline. This impressive unsupervised
performance (F1 of 78.86%) concurs with the attention visualisations and quantitatively verifies
that our model has learned to abstract to the level of words. For the baseline Transformer, as
it usually predicts units of length one or two which are within a single word the P is high as
opposed to its R value.

3.4.3 Probing Analysis

This section uses different probing tasks to quantitatively evaluate the abstraction capabilities of
our model and analyse the linguistic information captured by the layers. To evaluate the level of
abstraction of our representations, we train probing classifiers to identify the sub-topic from short,
technical input sentences (Hofmann et al., 2022). To analyse the linguistic features captured
by the models layers, we train probing classifiers at each layer of the model and evaluate our
representations on the suite of linguistic evaluations SentEval (Conneau and Kiela, 2018).

Probing Classifiers

We used two types of probing classifiers to perform our tasks. First, we employ an attention-based
probing classifier to operate on top of the set of representations for predicting the specified prop-
erty. This would be similar to having a learnable [CLS] token which is used as the representation
of the sequence in BERT-like models. This is also in line with the findings of Pimentel et al.
(2022) that the way we do the probing should resemble how the model itself would use the
information within its architecture. In particular, we first map the representations into a new
space with a 2 layer MLP. Then, we compute the attention with a learnable query vector. Finally,
we linearly project the resulting vector into the number of classes for each task. We refer to this
probe as Attention-based probe. Second, we tried a less complicated and more common type of
probing in which we first aggregate the set of representation vectors by mean and then apply a 2
layer MLP with ReLLU non-linearity to perform the task. We refer to this probe as Aggregating
probe.
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Task Transformer NVIB
Computer science 42.33 44.47
Mathematics 44.02 47.13
Physics 48.83 52.32
Average 45.06 47.97

Table 3.2: F1 score [%] on Arxiv-L classification task.
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Figure 3.3: Relative performance of NVIB over Transformer for a subset of SentEval tasks.

ArXiv Topic Classification

The ArXiv topic classification task (Hofmann et al., 2022) is a challenging task consisting of
short input sentences with long technical words. For each subject, the classifier should classify
the topic into 20 possible sub-areas. Following Behjati and Henderson (2023), we train an
attention-based probe on the final layer of the models and report the F1 measure for performance
on the ArXiv-L dataset. Without finetuning the models, this classification task serves as probing
high-level abstract linguistic properties (Hewitt et al., 2021). As shown in Table 3.2, the NVIB
layer results in the model learning more information about the meaning and semantics in the
abstract representations than characters and therefore provides better units for performing the
task.

Linguistic Probing

The SentEval task set is specifically designed to examine the linguistic information available in
a sentence representation at different levels, ranging from surface-level to semantic-level tasks
(Conneau et al., 2018; Conneau and Kiela, 2018). We probe for linguistic information of our
model and the baseline Transformer, across all layers. In general, the performance improves in
deeper layers and increases further with the inclusion of NVIB in the layers. We highlight the
results of four tasks in Figure 3.3, which to perform well in these tasks the representations must
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Layer CoordInv ObjNum TreeDepth TopConst BShift Tense SubjNum

Chance ‘ 0.5 0.5 0.125 0.05 0.5 0.5 0.5
1 0.5023 0.6498 0.2200 0.2880 0.5006 0.7306 0.6500
2 0.5144 0.7255 0.2350 0.3724 0.4994 0.7891 0.7131
3 0.5190 0.7547 0.2594 0.4261 0.5055 0.8263 0.7297

Transformer | 4 0.5196 0.7687 0.2692 0.4368 0.5108 0.8114 0.7545
5 0.5196 0.7737 0.2736 0.4369 0.5304 0.8320 0.7435
6 0.5227 0.7756 0.2736 0.4212 0.5465 0.8384 0.7683
1 0.5037 0.7646 0.2349 0.3323 0.5007 0.8344 0.7285
2 0.5069 0.7859 0.2511 0.4243 0.5108 0.8379 0.7777
3 0.5110 0.7963 0.2589 0.4453 0.5466 0.8606 0.7844

NVIB 4 0.5111 0.7879 0.2655 0.5290 0.5361 0.8481 0.7943
5 0.5299 0.7660 0.2651 0.5283 0.5571 0.8371 0.7793
6 0.5523 0.8207 0.2923 0.5766 0.6075 0.8531 0.8038

Table 3.3: Performance on Senteval tasks.

capture latent syntactic structures (BShift), cluster them by constituent types (TopConst), or
have an understanding of semantics (Tense) or broad discourse and pragmatic factors (CoordInv)
(Conneau et al., 2018). The inclusion of our NVIB layers increases the relative performance over
the Transformer baseline, showing it to be more linguistically informed.

We report the complete set of results in Table 3.3 on a subset of 7 of the 10 SentEval tasks as
sentence length (SentLen), word content (WC) and semantic odd man out (SOMO) tasks are
too challenging for our models when encoding from a character level.

3.4.4 Robustness Analysis

We analyze the robustness of our models to synthetic noise injected into the input sequences
(Belinkov and Bisk, 2017; Durrani et al., 2019). Namely, we evaluate the reconstruction quality
when the inputs are perturbed by swapping, deleting, inserting, and substituting characters (Morris
et al., 2020). We expect our model to be more robust due to its compressed representations. Figure
3.4 shows the performance of our model in comparison to a Transformer when the probability
of injecting noise into the input increases. The results indicate that our model is more robust to
adversarial noise than a standard Transformer, with an increased advantage as the level of noise
increases. Building a model that is more robust to noise by design is a valuable contribution
towards building reliable models.

3.5 Discussions

The methods that we propose in this chapter and chapter 2 are similar in that they both induce
entities through compression, though they are different in two aspects. First, in this chapter,
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Figure 3.4: Robustness plots showing relative performance change over increasing input pertur-
bations.

we induce entities at the level of words, while we induce entities at the level of morphemes in
chapter 2. As a result, the previous literature and the experiments are different. Second, the
entity induction models are trained differently in regard to the number of Transformer layers
and the training objectives. Therefore, a direct comparison between the results is not possible
(specifically for the ArXiv topic classification task which is shared between the two chapters).
However, we believe that by tuning the hyperparameters of either of the models, we can induce
entities at other levels.

3.6 Conclusions

In this chapter, we propose a novel method for inducing abstract representations of text. We adapt
the Nonparametric Variational Information Bottleneck (Henderson and Fehr, 2023) regulariser
for application to self-attention in the stacked layers of a Transformer encoder. Our model learns
how many vectors are needed at each layer, thereby inducing different levels of abstraction in
different layers of the same model. We find that these abstract units are intuitive, more robust,
and better at encoding semantically and linguistically meaningful information.

Limitations

While the models and training data are reasonable in size, the experiments do not include the
very large scale training often found in work on representation learning in text. We anticipate
that the advantages of NVIB on self-attention layers will only increase as the models and data are
scaled up, since this should allow even more abstract representations to be learned. In addition,
the experiments are only done on English, but we would expect more improvements with more
morphologically rich languages. In future work, we plan to explore fine-tuning NVIB for sparsity
and downstream performance, and consider different tokenizations beyond characters only.
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Discovering Meaningful Units with
Visually Grounded Semantics

Fine-grained knowledge is crucial for vision-language models to obtain a better understanding
of the real world. While there has been work trying to acquire this kind of knowledge in the
space of vision and language, it has mostly focused on aligning the image patches with the
tokens on the language side. However, image patches do not have any meaning to the human
eye, and individual tokens do not necessarily carry groundable information in the image. It is
groups of tokens which describe different aspects of the scene. In this work, we propose a model
which groups the caption tokens as part of its architecture in order to capture a fine-grained
representation of the language. We expect our representations to be at the level of objects present
in the image, and therefore align our representations with the output of an image encoder trained
to discover objects. We show that by learning to group the tokens, the vision-language model
has a better fine-grained understanding of vision and language. In addition, the token groups
that our model discovers are highly similar to groundable phrases in text, both qualitatively and
quantitatively.

This chapter is based on the following article:

* M. Behjati, J. Henderson, Discovering Meaningful Units with Visually Grounded Semantics
from Image Captions, under review, 2024
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4.1 Introduction

Vision-language models have been shown to be less effective at capturing fine-grained informa-
tion about the images described by the captions (Bugliarello et al., 2023; Kamath et al., 2023;
Yuksekgonul et al., 2022). This information is crucial for the models to obtain a better understand-
ing of the real world. While there has been work trying to acquire this kind of knowledge in the
space of vision and language, it has mostly focused on aligning the image patches with the tokens
on the language side (Yao et al., 2022; Wang et al., 2022; Zeng et al., 2022a; Mukhoti et al.,
2023). However, image patches do not have any meaning to the human eye, and individual tokens
often do not carry information groundable in the image. Minimally, it is groups of image patches
which represent objects and the group of tokens in the text that refer to those objects. For this
reason, there has been an active line of research in vision investigating the unsupervised discovery
of objects by learning to assign image patches to their representative object slots (Locatello
et al., 2020; Sajjadi et al., 2022; Wu et al., 2024). Recently, Xu et al. (2022) integrated an object
discovery module into their vision-language model to learn the object entities. They showed
that representing the image at the level of its constituent objects improves the performance of
their model in downstream tasks. In this paper, we investigate the unsupervised discovery of
groundable phrases on the language side to get better correspondence with objects on the vision
side. We hypothesise that finding these meaningful units in language representations will improve
the fine-grained understanding of image-caption semantic relationships. As far as we are aware,
we are the first to investigate this possibility.

We base our model on the recent model of visual object discovery using image caption pairs
proposed by Xu et al. (2022). We freeze the image side of the model, and introduce analogous
deep learning mechanisms to discover objects! on the language side. We investigate two types
of losses, one which promotes the correspondence between representations of the language side
and representations on the vision side, and one which promotes the ability to reconstruct the text
from the language representations. We find that training with both these losses leads to better
fine-grained understanding of the image-text relationship, and discovers units which are highly
similar to groundable phrases in text, both qualitatively and quantitatively. Further analysis finds
that optimising the image-text correspondence alone does not lead to the discovery of meaningful
units on the language side, and while this model does learn a good fine-grained understanding of
the image-text relationship, it does not represent the semantics of objects as well as the model
which does represent groundable phrases. We also find that optimising the reconstruction loss
alone does lead to the discovery of meaningful units on the language side, but they have a slightly
worse similarity to groundable phrases than the model which includes grounding information,
and do not capture image-text relationships.

Our contributions are as follows,

* We develop a novel model to discover meaningful units from the image captions in the

I'We use the terms objects, entities, groups and units interchangeably.
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Figure 4.1: Overview of the model. We freeze the image encoder and only train the text encoder,
decoder and the linear projection heads. The image passes through Transformer layers followed by
the grouping blocks. The output of the image encoder is a set of groups which are approximately
representing the objects. The caption also passes through the same set of blocks and the output of
the text encoder is a set of groups representing units in language. The two modalities interact via
a contrastive loss. There is also a reconstruction loss where the decoder decodes the text groups
into the original input.

vision language setup (Section 4.2.1).

* We improve the fine-grained vision and language understanding of our model compared to
a single-vector representation of text, under two different benchmarks (Section 4.4.2).

* We show that the segments that our model discovers are meaningful both qualitatively, and
in terms of accordance with groundable phrases (Appendix A.1.1).

4.2 Method

To facilitate learning the fine-grained semantics of image-text relationships, we propose a model
for learning text representations whose granularity matches the granularity of objects in the
image, meaning that it is neither as course-grained as having a single vector for embedding the
entire text> nor as fine-grained as having a different vector for every token. Given a dataset of
image-caption pairs, D = {(I;, T;)};=1,.,n, We want to learn a representation of each caption in the
form of groups of tokens which are aligned with the semantic space of objects in its image. To do
so, we freeze the image encoder which has been trained to output the objects in the image and
only train the text encoder and the projection heads. In particular, if the input representation of

2This is the common way of representing text in dual-stream vision-language models like CLIP (Radford et al.,
2021).
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language is at the level of subwords, we aim to find a higher level representation of them which
would approximately represent groundable phrases. More specifically, let T; = [#;1,..., tim],
where #;; is a subword of T; and M is the total number of subwords in T;. We would like to
group the subword tokens £; ;s into non-overlapping groups T; = { gl.Tl, e gl.TK} where K < M. This
would lead to a more compact abstract representation of T;.

4.2.1 Model

We illustrate an overview of our model in Figure 4.1 and describe each of its components in the
following sections.

Text Encoder: Text Group Transformer

We design our text encoder to learn semantic units of language. The key idea is to have shared
learnable group vectors which can bind to different tokens of input (Xu et al., 2022). At each
stage the groups carry the information from the previous layer to the next layer. To initiate the
binding, the groups are appended to the input tokens they need to bind, and they all interact
via several Transformer encoder layers to allow the groups and tokens to exchange information.
Then, by performing a top-down attention mechanism shown as the Grouping block, the groups
bind to different parts of the input.

More specifically, we first embed the input tokens and add learned positional encodings to them.
Then, we append the learnable group vectors, [gl.Tk] k=1..K » to these embedded inputs, [#;;]=1..m.,
and pass the resulting vectors through some Transformer encoder layers, allowing them to interact
with each other. We denote the encoded tokens and groups as 7;; and g;x. Then the grouping
happens in a grouping block. In this block, the groups act as the queries and the encoded inputs
as keys and values through a top-down attention mechanism. As with standard attention, the raw
attention scores are computed as

QMK (1))
Vd

where d is the dimension of the model and Q and K are linear query and key projections. In

A = (4.1)

order to have discrete assignments of inputs to the groups, GroupViT actually performs a hard
assignment over A™Y by utilizing Gumble softmax (Jang et al., 2017; Maddison et al., 2017).
Namely,

A" = Gumble Softmax(A™"). 4.2)

In top-down attention, instead of normalizing over the keys in the softmax function, the A’
weights are first normalized over the queries, which are the groups. This will make the groups
compete for representing different inputs (Locatello et al., 2020) and has been shown to be the
most important component in discovering objects (Wu et al., 2023). After the normalization, the
hard assignment happens and the gradient is backpropagated with the straight through trick (Van
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Den Oord et al., 2017), that is:

A = one-hot(argmax (A)) —sg(A) + A (4.3)

groups
where sg is the stop gradient operator. Finally, the group vectors get updated as

Arj
2 j Akj

Bik =&t WL V(1) (4.4)
i

where V and W are the linear projections for values and outputs respectively.

After the grouping block, the updated group vectors serve as inputs to subsequent Transformer
encoder layers. Finally, these refined groups represent the fine-grained semantics of the text in
our model.

Image Encoder

We use the image encoder of Xu et al. (2022), which follows the same architecture as the text
encoder, but with two stacked levels of transformer encoder layers and grouping blocks. As its
input, the images are first divided into patches and then linearly projected. The encoder then
extracts the set of image groups denoted as {g{k}. Due to the computational cost, we freeze the
image encoder and assume that the image groups are representing objects in the image.

4.2.2 Training Objectives

Our model is trained with two different losses, i.e., a contrastive loss and a reconstruction loss,
which we will explain in the following. The two losses are combined with a hyperparameter A
which controls the ratio between the two terms.

Ltotal = Lcontrastive + ALrecontruction (4-5)

Contrastive Loss

The image and text modalities interact via a contrastive loss. First, the final groups for each
modality are mapped into a common space with a Linear projector (®7), i.e., zl.Tj =T (giT].). Then,
we average pool over them to obtain the global features for each modality (2l.T ). We compute the
InfoNCE loss (Oord et al., 2018b) for every modality separately. Given a batch size of B and a
similarity function (sim), the infoNCE loss for the image to text is

s sT 5l
emm(zi ,zi)/r

1 B
Lir=——) log

: ) 4.6)
B = B sim(z],2))/t
i=1 Zj:l e J
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and respectively for the text to image is

sim(z] 2D/t

1 &8 e
lri=-3 i:ZilOng:l S 2D/ @.7)
The final contrastive loss is calculated by averaging the two losses,
Leontrastive = %(LI—T + Lr.p). (4.3)

As for the similarity function sim(a,b), we consider the cosine similarity between the vectors.

Reconstruction Loss

In order to encourage the model to group the tokens into meaningful units, we incorporate a
reconstruction loss from a text decoder. This loss encourages the model to assign tokens to
different groups in order to spread information about the text across multiple vectors, and thus
make better use of the available vectors.

We employ a simple shallow Transformer decoder to reconstruct the original input conditioned
on the text groups. The shallow decoder has to rely on the information in the groups for decoding.
Thus, it enforces the encoder to better encode the information into the groups (Bowman et al.,
2015).

The output of this layer is
Tl- = TransformerDecoder(TiI{gl-T1 ...giTK}). 4.9)

The probabilities from these predictions are then used to define the reconstruction loss:

B

Lreconstruction = Z CE(Ti; Til {g,Tp cee g,TK)}) (4.10)
i=1

where CE is the cross entropy between the output probabilities of the decoder and the original
input given the discovered groups.

4.3 Related Work

Our work is related to different tasks in vision and language, which we will explain in this section.

Object discovery.

Here the task is to discover the objects in an image or video without any supervision. Slot-based
object discovery (Locatello et al., 2020) has become popular due to the simplicity of the method
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(Singh et al., 2022; Sajjadi et al., 2022; Singh et al., 2023b; Seitzer et al., 2023; Singh et al.,
2023a; Wu et al., 2023, 2024). We have a novel adaptation of this method in discovering units
similar to phrases in language with visually grounded semantics.

Weakly supervised visual grounding.

Visual grounding refers to the tasks where a phrase or expression is grounded in the image. In the
weakly supervised setup, the only information used is the pairing of the image with its caption. In
weakly supervised phrase grounding, the phrases are predetermined and no discovery happens on
the language side (Datta et al., 2019; Gupta et al., 2020; Wang et al., 2020; Chen et al., 2022). In
referring expression comprehension and referring image segmentation, the model must identify a
specific part of the image described in a single expression. Kim et al. (2023) addressed the task
of referring image segmentation by employing a slot-based object discovery module and merging
relevant slots by cross attending over them with the textual query to build the final segmentation.

Vision language models with vision and language alignments.

While many large-scale vision language models have been developed, it has been shown that they
fall short in understanding fine-grained details in the image. This is especially more pronounced
in the dual-stream Vision Language Models (VLMs), where the modalities interact only via a
single-vector representation. Therefore, there has been efforts to align language and vision at
the level of patches and tokens (Yao et al., 2022; Wang et al., 2022; Mukhoti et al., 2023). Zeng
et al. (2022b) use additional supervision from the phrase grounding annotations to help the model
learn the alignments. (Bica et al., 2024) aligns tokens and patch embeddings at different levels of
granularity simultaneously. (Li et al., 2022) learns the semantic alignment from the perspective
of game-theoretic interactions.

Object detection.

The objective of this task is to detect the object boundaries in an image. Our work is related to
query-based object detection, such as the approach in (Carion et al., 2020; Kamath et al., 2021),
where, at decoding time, learnable object queries attend to the input features and encode an
object. Liu et al. (2023) extend this approach by proposing a dual query model, demonstrating
that simultaneously learning phrases and their corresponding objects improves the module’s
groundable understanding. The main difference between our model and this line of work lies in
the weakly supervised nature of our approach.

Zero-shot open-vocabulary semantic segmentation.

Semantic segmentation is a well-established task in computer vision. Recently, with the rise
of VLMs, these models have demonstrated promising zero-shot capabilities in the semantic
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segmentation task as well. (Xu et al., 2022) propose a hierarchical grouping architecture that
learns to group image regions without pixel-level annotations, relying solely on paired image and
text data. Patel et al. (2023) expanded on image-text alignment, suggesting to not only align an
image to the corresponding text but also to the text from visually similar samples. Additionally,
Mukhoti et al. (2023) propose aligning patch tokens from a vision encoder with the <cls> token
from a text encoder to enhance the model’s performance.

Unit discovery in language.

Lately, discovering language units as part of the model architecture has been explored. These
models operate on top of characters, where the units are usually at the level of subwords or words.
The purpose is to optimize model efficency (Dai et al., 2020; Nawrot et al., 2022, 2023; Sun et al.,
2023) or to skip the tokenization step of preprocessing and develop an end-to-end model (Clark
et al., 2022; Tay et al., 2022; Cao, 2023; Behjati and Henderson, 2023; Behjati et al., 2023). Our
research aligns with these developments by also focusing on language unit discovery. However,
it differs in that these units are semantically grounded to vision.

4.4 Experiments

In this section, empirically evaluate our proposed model. We will first evaluate the quality
of the discovered segments quantitatively by their accordance with the groundable phrases in
Section 4.4.4, and probe the fine-grained vision-language understanding of our proposed text
encoder under two benchmarks in Section 4.4.2. Then, we show the effectiveness of our model in
finding meaningful units by visualizing the attention maps in Appendix A.1.1. We also analyse the
contributions of different aspects of our model with a series of ablation studies in Section 4.4.5.

4.4.1 Experimental Setup

Datasets:

We trained our models on the training split of GCC3M dataset which consists of around 3
million image-caption pairs collected from the web (Sharma et al., 2018). The average caption
length in this dataset is 10.5 tokens. We will explain the datasets we used for evaluation in their
corresponding sections.

Parameters:

We first resize the images to 224x224 and then divide them into patches of size 16x16. The
image encoder has 12 Transformer encoder layers with the hidden dimension of 384 and two
grouping blocks at the 6th and 9th layers. The number of groups in the first block is 64 and 8 in
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the second block. We load the weights from the GroupViT released checkpoint® (Xu et al., 2022)
and keep it frozen during training.

For the text encoder, we have 6 Transformer encoder layers followed by a grouping block* and
then another 3 Transformer encoder layers. Each self-attention layer has 4 heads. We experiment
with K =1,2,4,8,16 as the number of groups. We report the performance and results of the model
trained with 4 groups as it has the best performance, and study the effect of having different
numbers of groups in our ablations. The text decoder has only 1 Transformer decoder layer
consisting of one self-attention and one cross attention layer, each with 1 attention head. We tie
the weights between the token embeddings in the encoder and the decoder. Both the encoder and
the decoder have a model dimension of 128. The linear projection heads map each modality’s
feature vector to 256 dimension. We fix the 7 to 0.07 in our contrastive losses and A equals to
1. We use Byte Pair Encodings (Sennrich et al., 2016) as our tokenizer with a vocabulary size
of around 50k tokens and the maximum number of tokens is set to M = 77 following previous
work (Radford et al., 2021; Xu et al., 2022). We train our models with a batch-size of 4096 for
25 epochs and use the GradeCache library (Luyu Gao, 2021) to obtain this batch size on a single
RTX3090 GPU. We trained our models with AdamW optimizer (Loshchilov and Hutter, 2019)
with a learning rate of 0.0016 with linear warmup for 2 epochs and cosine annealing decay.

Baselines:

We compared our model against a text encoder with 9 Transformer layers, where the final text
representation is taken from the <eos> token. This is the architecture used in GroupViT and
other dual-stream vision-language models (Radford et al., 2021) and has approximately the same
number of parameters as our proposed model. We train this model under the same training setup
as our own model.

In addition, we report the results of the trained GroupViT model with its own text encoder and 2
layer projection heads. Note that this model has many more parameters and has been trained on
10x more data.

4.4.2 Fine-grained Vision-Language Understanding Probes

We evaluate the fine-grained vision and language understanding of our model by employing
different benchmarks which are specifically designed for this purpose. We will explain each of
these benchmarks and the zero-shot performance of our models in the following sections. In
each case, the zero-shot classifier ranks the image-text pairs by their similarity scores sim(ZjT, 2{ )
which is the cosine between the pooled embeddings on the image and text sides. We refer to the

3We take the checkpoint trained on GCC3M (Sharma et al., 2018), GCC12M (Changpinyo et al., 2021) and
YFCC14M (Thomee et al., 2016) datasets.

40ur prilimenary experiments with two blocks did not lead to reasonable results.

51t takes around GPU 48 hours for every model to train.
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Model subj verb object overall
random 50 50 50 50
groupvit 81.6 77.3 91.7 81.0

transformer 80.5 69.5 89.0 75.3
ours (4 groups) 80.3 70.1 90.4 76.0

Table 4.1: The zero-shot pairwise ranking accuracy of different models under SVO probes.

score obtained from this zero-shot classifier as pair-wise ranking accuracy.

SVO Probes

Hendricks and Nematzadeh (2021) designed a benchmark where they pair every sentence with
two images, one positive and one negative. The negative images are selected in a controlled
fashion where only either subject, verb or the object of the image is different from the original
one. The test split of this dataset contains around 30k examples.

Table 4.1 shows the results of the zero-shot performance of different models under this benchmark.
We observe that our model has a better overall performance compared to the Transformer baseline,
which verifies our hypothesis that representing the language in a fine-grained and meaningful
manner helps the fine-grained vision and language understanding of the model. The Transformer’s
single-vector representation succeeds in capturing information about subjects, but our multi-
vector representation does a much better job of representing objects, and to a lesser extent verbs.
Both of these models are well above the random baseline. The results for GroupViT’s Transformer
model are not comparable because it is trained on much more data, but we see that the resulting
increase is much higher on verbs than on the the groundable phrases (subjects and objects) that
our model is designed to represent as separate vectors.

FOIL-COCO

Shekhar et al. (2017) propose FOIL-COCO dataset where for every image there is a correct
caption and a "foil" one. The foil caption is different from the original caption by altering one of
the nouns in the original caption into a foil one. We evaluate the zero-shot performance of our
model with pairwise ranking accuracy in Table 4.2 on the test split of this benchmark which has
around 99k examples. We observe that our model demonstrates a remarkably good performance,
outperforming the transformer model. This indicates that the noun understanding of our model
has improved by learning fine-grained representations. Additionally, despite being trained on
substantially less data than the GroupViT text encoder, our model performs nearly as well.
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Model accuracy
random 50
groupvit 82.5
transformer 80.91

ours (4 groups) 81.68

Table 4.2: The zero-shot performance of different models under the FOIL-COCO benchmark.
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Figure 4.2: Soft attention of the groups over the input tokens. It shows that contiguous segments
have emerged which capture phrase-like units.

4.4.3 Attention Visualization

In order to understand what each group is representing, we visualize the soft attention weights of
the groups over the input subwords in Figure 4.2. Interestingly, we can observe that contiguous
segments have emerged, without imposing any contiguity constraints in the groupings. We believe
that this is due to the fact that usually in language the contiguous tokens capture highly correlated
information and that’s why our model is grouping them together as part of its compression.
Moreover, we can see that the emerging segments are meaningful in that they capture phrase-like
units. We quantitatively evaluate the phrase discovery performance of our model in the following
section (Section 4.4.4). In our examination of a sample of attention maps, we observe that a given
group tends to bind to similar positions in the text, but that the boundaries between groups vary.
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Model tloU P R Fl1
random 42.15 61.51 60.03 54.54
k-means 5277 61.82 64.87 59.55
spectral-clustering 38.88 49.81 52.82 45.52
mean shift 50.38 99.64 51.73 65.13

ours (4 groups) 7642 87.25 85.83 83.72

Table 4.3: Phrase segmentation performance of different models under different evaluation
metrics.

4.4.4 Zero-shot Segmentation Evaluation

In order to evaluate the emerging segments in the attention maps quantitatively, we propose a
metric similar to Intersection-over-Union (IoU) in the visual object detection literature which we
call "tloU". We first compute the soft attention weights of the groups over the input tokens. Then,
by taking the argmax over the inputs, we have an assignment matrix of every input to a group.
Given a gold segmentation, we can compute the IoU for each discovered group of tokens and each
gold segment. For the computation of IoU, the intersection is equal to the number of overlapping
tokens. For the union, we do not count the tokens which were not annotated in the dataset, as the
annotators did not have the constraint to include all the tokens in their annotation. This gives us
a matrix where by applying the Hungarian matching algorithm (Kuhn, 1955) maximizing this
metric, we can obtain a 1-1 mapping between the discovered groupings and the gold segments.
By having the mappings, we can compute precision, recall and F1 as well as IoU for each paired
group and gold segment. In reporting the results, we first average every metric for the text input
and then report the average over all examples.

For the gold segmentation, we use the annotations in Flickr30k Entities (Plummer et al., 2015)
where groundable phrases are human-annotated. We report the results on the validation set of
this dataset which has around 5000 examples. The number of annotated phrases in this dataset is
on average 3.5.

In Table 4.3, we report the results of our evaluation. We compare our model against multiple
baselines, including an untrained, randomly initialized model. We also report the performance of
applying different clustering methods over the encoded features of our transformer baseline. In
particular, we apply k-means, spectral clustering (Shi and Malik, 2000) and mean shift (Comaniciu
and Meer, 2002) with 4 clusters. We observe that our model surpasses all the baselines by a large
margin in all the metrics. Specifically, the high tloU indicates that our model is indeed very good
at discovering groundable phrases in the captions.
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Figure 4.3: Soft attention of the groups over the input tokens for a model trained without the
reconstruction loss. It shows a uniform attention map and lack of segmentation.

4.4.5 Ablation Study

In this section, we study the effect of different design choices on the performance of our models
both in terms of groundable phrase discovery and fine-grained vision and language understanding.

SVO
model tloU subject verb object overall FOIL Noun Undr.
ours 7642 803 70.1 904 76.0  81.68 84.12

w/o contrastive loss 76.18 51.4 497  50.8 50.2 42.59 48.26
w/o reconstruction loss  40.80 78.2 72.6 89.1 76.9 78.66 81.98

Table 4.4: The performance of our model compared to the ablated ones on multiple datasets.

Noun understanding refers to the average of performance on noun phrases (i.e. subjects, objects
and FOIL-COCO).

Training Losses

In Table 4.4 we see the different effects of the two types of loss on our multi-vector model.
Without the contrastive loss, the model has no training on the image-text relationship, so it is not
surprising that the image-text semantic evaluations are very low. More surprisingly, although
it still segments in a meaningful way, without contrastive loss, the segmentation corresponds
slightly less well to groundable phrases. This suggests that semantic grounding in images actually
helps the model discover meaningful units of text.

Interestingly, without the reconstruction loss, the model fails to segment in a meaningful way. We
can see this both in the tIoU score and in the uniform attention pattern shown in Figure 4.3. This
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lack of segmentation in turn affects the fine-grained understanding of the image-text relationship.
The holistic representations indicated by Figure 4.3 are relatively good at representing verbs,
because verb understanding combines information across multiple objects. But if we only
consider the noun phrases (i.e. subjects, objects categories from SVO probes and FOIL-COCO),
averaged in the last column, then segmenting the representation according to semantic objects, as
indicated in Figure 4.2, results in much better understanding of the image-text relationship.

#of groups tloU SVO  Foil

1 43.55 74.99 80.23
2 53.12 75.30 80.01
4 7642 76.0 81.68
8 63.93 748 80.56
16 52.54 724 7943

Table 4.5: The performance of our model trained with different number of groups.

Number of Groups

In Table 4.5, we report the performance of our model trained with different numbers of groups.
We can see that the model trained with 4 groups achieves the best results in all our evaluations.
This implies that having too many or too few groups hurts the performance of our model.

4.5 Conclusions

In this work, we developed a novel model for discovering meaningful units that are semantically
aligned to the objects in the image. We freezed an image encoder which outputs groups that
approximately represent objects and employ an analogous architecture on the text side to discover
units that are at the level of phrases. While many dual-stream VLMs represent text as a single
vector, we hypothesise that learning to represent language at a finer granularity will improve their
fine-grained vision and language understanding.

We verified our hypothesis by employing two specifically designed probing benchmarks, namely,
SVO probes and FOIL COCO. In addition, we showed that the segments that appear in the
attention maps of groups attending to tokens are meaningful both qualitatively and quantitatively,
in terms of overlapping with groundable phrases. Moreover, we ablated the effect of our losses on
learning these units and concluded that both are necessary for having meaningful and semantically
aligned units.
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Limitations

We have performed our experiments on the datasets and benchmarks in English. However, we do
not make any language dependent assumptions in developing our model. Therefore, we believe
that our method is generalizable across other languages as long as enough data for training is
available.

We were not able to perform our experiments at scale due to the computational limitations. We
expect that training the image and text encoder simultaneously from scratch would lead to better
alignment between the two modalities, which should in turn improve our results.
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o] Exploring a Task-driven Approach to
Discovering Meaningful Units

In this chapter, we explore a task-driven approach to inducing meaningful units without supervi-
sion. We consider language modeling as a generic task that we want to optimize our units for.
Here we take a more direct way of modeling the unit discovery task with a model which decides
to either segment or not, at certain positions in a sequence of characters. We train our model by
utilizing reinforcement learning.

Before trying our main idea, we perform a preliminary experiment in which we train a language
model at different input representation levels. The results verify our assumption that representing
language at the level of subwords leads to better performance and is more time-efficient. We then
perform our main experiments. While our experiments with supervised signals show that the
model is capable of outputting meaningful segmentation boundaries, we find that training both
the segmentation model and the language model does not work.

The work that we present in this chapter was our first attempt towards entity induction in this
thesis, where we wanted to directly find segments which are useful for a language model. As we
did not find the proposed approach effective, we took an alternative approach to model entities
with continuous vectors while compressing the original input sequence in an end-to-end manner.
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5.1 Introduction

In linguistics, morphemes are considered to be the smallest meaningful units of a language. The
combination of morphemes creates words e.g. the word friendly consists of the morphemes friend
and /y. Discovering morphemes becomes an important issue in morphologically rich languages
such as Turkish and Finnish, where a huge amount of rare words may appear by combining
different morphemes. These languages suffer from high *Out Of Vocabulary’ (OOV) rate while
being modeled at word-level; however, this problem exists in other languages as well with lower
frequency. Therefore, by considering morphemes as the smallest units, we can mitigate this
problem and take advantage of most of the data we have. Moreover, modeling languages at
character-level cannot capture long-term dependencies, and some word-level information such as
word boundaries is also disregarded.

In this chapter, we aim to discover morphemes from a sequence of characters in an unsupervised
manner since labeled data is not always available, especially for low-resourced languages. We
assume that by representing a language at the morpheme-level, we can improve performance
on most relevant downstream tasks. Therefore, since our task is unsupervised, we consider
improvement in a language model (generic downstream task) as our objective. In general, our
approach consists of a main model that extracts the morphemes of a sequence and a language
model that scores the quality of the generated morphemes. The scores of the language model are
transferred to the main model by utilizing Reinforcement Learning approaches.

We performed several experiments. First, we simplified our problem to word-level and sentence-
level prediction of morpheme boundaries, using an off-the-shelf tool’s outputs as gold standards.
After achieving reasonable results with supervised learning; indicating the capability of our model
in learning the boundaries; we moved to our main problem setting. We tried different reward
functions and RL techniques in our experiments.

5.2 Method

In this section, we describe our proposed method for discovering morphemes from a sequence of
characters. Consider a character sequence X = xpX) ... X5 as input and the morpheme sequence
M = mym; ... my as the output. For instance, the output of the sequence 'John walked” would be
"John’, walk’,’-ed’ which ’-’ denotes the middle of a word.

We hypothesize that discovering morphemes, as the smallest meaningful units of language, can
improve the performance of most relevant possible downstream tasks such as language modeling,
machine translation, parsing, etc. As we are interested in performing the task in an unsupervised
manner, we could consider improvement in a downstream task as our objective. A reasonable
choice could be language modeling objective, which is considered a general task in NLP (Devlin
et al., 2018).
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Figure 5.1: A sketch of our proposed method in a setting where the morpheme induction model
outputs either O(no segment) or 1(segment with no change).

In particular, our proposed method consists of two models:

1. Morpheme induction model: Our main model to perform the task of inducing morphemes
from a sequence of characters.

2. Language model: Our downstream task model which could be improved by better perfor-
mance of our main model.

Therefore, we aim to train the morpheme induction model to maximize the score of the language
model. In order to achieve this goal, the language model should also be trained according to the
outputs of the morpheme induction model. Figure 5.1 shows a sketch of our proposed method.

Let X = xpx1 ... x5 be the input character sequence of the model and S = s s ... s, the segmentation-
rule probabilities for every adjacent pair. The segmentation rules R consists of the following rules
(similar to Narasimhan et al. (2015)):

* Do not segment

* Segment

no change

repeat e.g. created = create+ed

delete e.g. planning = plan+ing

modify e.g. studied = study+ed

We also assume that the word boundaries are known. Thus, the model outputs p(S|X), and since
the act of segmenting each position is independent of the previous positions, the probability could
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be decomposed to p(S|X) = H?zlp(siIX). Lastly, the morpheme sequence M = mgm; ... my
could be obtained by applying a sample of S to the input X. Sampling is required to deterministi-
cally define the morpheme boundaries so that we can pass on the morphemes to the language
model.

As described previously, we use a language model to score (L(S, X)) the quality of the generated
morphemes. In which we consider the input as M = mgm, ... my and the output as the log-
likelihood of the sequence normalized by the length of the character input (Equation 5.1).

L(S, X) = %log pM=momy...mg) = |X| Z log p(m;lmg...m;_1) 5.1
In order to synchronize the morpheme induction model and the language model, we pretrain the
language model on the outputs of the morpheme induction model initialized randomly. Then,
both the language model and the morpheme induction model are updated simultaneously. In this
setting, since both S and L(S, X) are smooth, we can assume that small changes in S can cause
small reasonable changes in L.

Since the process of inducing morphemes contains sampling from the segmentation-rule proba-
bilities, it is not possible to pass the gradient of the language model directly to the morpheme
induction model. Therefore, we use Reinforcement Learning to find the best parameters for our
main model. In this setting, we consider the state to be the input character sequence and the
action to be segmenting the sequence (which is done independently at the same time). Therefore,
the policy mg = p(S|X) where 0 defines the parameters of the morpheme induction model. The
reward for this state and action would be language modeling’s score. We use the policy gradient
method REINFORCE (Sutton et al., 2000) to update the parameters of our main model. In our
task, If we consider U (0) = Es x~p(s,x,0)[L(S, X)] as the utility of policy 7y, then the Vo Uy could
be calculated as in Equation 5.2 where m denotes number of samples.

3

VoU(0) = Z L(S;, Xi) Vglog p(S;|X;,0) (5.2)

i

n
() Velog p(Sijl1X;,0)) L(Si, X;)
j=1

[\/Js

SIH SIH

1l
—

i

In order to reduce the variance of the VyU(0) we used a baseline b for the score function and
thus:

1 m
VoU®) = — Y (L(Si, Xi) — b) Vglog p(Si|X;,0) (5.3)
i=1

The baseline is a simple Multi Layer Perceptron (MLP) which inputs X and outputs the value of
it.
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Finally, 8 gets updated by gradient ascent algorithm with the learning rate a.

0 =0+ avVyU (0" (5.4)

5.2.1 Reward

In general, when training a sequential model using RL, one score is calculated as the reward for
the whole output sequence (y) (Ranzato et al., 2016; Chen and Jin, 2020; Bahdanau et al., 2017)
as in Equation 5.5. We refer to this strategy of reward as sequence-level reward.

%([51,52,...,371]): k (55)

where k € R. One shortcoming of this strategy is that it is often hard for the model to understand
how the output decisions contribute to the final reward. For instance, consider y; as a neutral
action and y; is a critical one with respect to the final reward, while both of them are treated
similarly.

A way for mitigating this problem, especially when the sequence is too long, is to use a Monte-
Carlo-Tree-Search algorithm for assigning a reward for each of the actions individually (Yu et al.,
2017). We refer to this strategy as per-action reward.

5.3 Related Work

In this section, we discuss the previous work on morphology induction with an emphasis on
unsupervised methods. In addition, we review some common subword discovery algorithms used
in recent works on Natural Language Processing (NLP).

Some early works in inducing morphemes are based on a probabilistic view of the problem. In
Creutz and Lagus (2002); Creutz (2003), the authors introduced a method to segment words into
morpheme-like units. They also released their models as a tool called Morfessor (Creutz and
Lagus, 2005), which is considered a baseline for most recent work. The core idea is to maximize
the posterior probability of the discovered morpheme-like segments given the corpus during an
iterative search algorithm. Another view of the problem was proposed in Narasimhan et al. (2015)
and followed by Bergmanis and Goldwater (2017). They considered a log-linear model, based
on semantic and syntactic features, which predicts the parent of a given word and generates a
morphological chain of child-parent transitions. They also considered possible changes to the
words during these transitions, such as repetition, deletion, and modification of the last character
of the parent word. This allows them to move closer to discovering the exact morphemes of a
word in comparison to Morfessor (Creutz and Lagus, 2005), which seeks the best segmentation.

Another approach to the problem is to extract morphemes as the common affixes or suffixes
between pairs of words. In Soricut and Och (2015b), they considered morphemes as vector
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transformations between pairs of words in the embedding space (e.g. walk to walked is the same
as call to called). In Xu et al. (2018b), the authors proposed an algorithm to identify statistically
reliable paradigms, set of morphological categories that can be applied to the set of words from
the morphological segmentation result of a probabilistic model.

A different way of solving the problem was proposed in Cao and Rei (2016). They learned word
embeddings by attending the hidden states of a bi-directional RNN on character-level input. Then,
according to the attention weights, they were able to split the word into morpheme-segments and
identify the segments which have more impact on the meaning of the word.

In order to broaden our studies in the field, we also reviewed some of the recent work on
supervised morphology learning where labeled data is available. In Kann et al. (2016), they
performed canonical segmentation using a character-level neural encoder-decoder structure (e.g.
questionably — question+able+1ly). They also included a neural reranker which rescores the
canonical segments using morpheme-level and lexical information. In Cotterell and Schiitze
(2018), the authors proposed a probabilistic model of word formation which includes both
segmenting the word into morphemes and also, the synthesis of the meaning of that word from
the meanings of those segments.

Apart from the methods proposed for discovering morphemes as the smallest meaningful units
of a language, some algorithms were introduced in the literature (Sennrich et al., 2015; Wu
et al., 2016) for segmenting words into appropriate subword units. These subwords are not
intended to carry on meaning as morphemes do. A common subword discovery algorithm called
Byte-Pair-Encoding (BPE) was proposed in Sennrich et al. (2015). The algorithm starts with a
set of characters and merges frequent pairs until reaching a specified limit. Another widely used
algorithm is Word-Piece (Wu et al., 2016). It was designed to deal with infinite vocabulary in
Japanese and Korean voice search systems. It is similar to BPE with the difference that pairs are
chosen based on increasing the likelihood of a language model.

5.4 Preliminary Experiment

In this section, we describe the experiments we perform to verify our idea. Our proposed
method is based on the assumption that morpheme-level representation of text can lead to better
downstream task performance. Therefore, we design an experiment to validate this assumption.

Consider language modeling as our downstream task. We compare the effect of different levels
of representation on the output of this model. In order for the loss to be comparable in all cases,
we consider the negative of log-likelihood of the input sequence as the loss function (the negative
of Equation 5.1).
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5.4.1 Experimental Setup
Dataset

We used Penn Tree Bank dataset prepared by (Mikolov et al., 2010), which is both available
in word-level and char-level. The text is lowercased and preprocessed to have a vocabulary
size of 10000, and out of vocabulary words are replaced with ’<UNK >’ token for both levels.
The word-level dataset contains 888k words for training, 70k for validation, and 79k for testing.
The char-level dataset contains 5.01M characters for training, 393k for validation, and 442k for
testing.

Language Model

We used a simple one-directional RNN with Long Short Term Memories (LSTMs) to do the
language modeling. It is a one-layer RNN with an embedding size of 300 with 300 hidden-layers.

Representation Levels

We perform our experiment on four levels of representation, as shown in Table 5.1. We use
the Polyglot! wrapper for Morfessor to get the morpheme segmentations. For BPEs we used
YouTokenToMe? implementation of the algorithm.

Level Vocabulary size
Character 53

BPE 5000
Morpheme 4970
Word 10000

Table 5.1: The investigated levels of representation and their vocabulary size.

5.4.2 Results

Figure 5.2 shows the testing scores for different levels of representation as training proceeds.
As it shows, BPE and morpheme level representation work better than the character level one.
Although word-level representation converges faster, BPE and morpheme level curves achieve
lower scores after their convergence to the minimum point. We can conclude that subword (BPE
and morpheme)-level representations result in better performance of the language model. And,
importantly, subwords converge faster to a lower minimum than characters. Therefore, this
validates our hypothesis that by extracting morphemes from a sequence, the downstream tasks’
performance can be improved. Therefore, we implement our proposed method for inducing

! https://polyglot.readthedocs.io/en/latest/Morphological Analysis.html
2https :/Ipypi.org/project/youtokentome/
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morphemes in the following section.

bpe-test
char-test

morpheme-test
o word-test

8.00e+3

0.000 5.000k 10.00k 16.00k 20.00k 265.00k 30.00k 35.00k

Figure 5.2: Negative of log-likelihood scores on testing data at different levels of representations.

5.5 Main Experiments

In this section, we first describe the setup of our experiments and then, explain the experimental
results. To reduce the complexity of our problem, we only consider two segmentation-rules; 0 for
no segment and 1 for segment. As a result, the morpheme induction model is simply segmenting
the input sequence into morpheme-like segments. Therefore, we use the term segmenter for our
morpheme induction model in this section. In the experiments, we first simplify our problem to
word-level and sentence-level segment prediction, while using the outputs of off-the-shelf tool
called Morfessor (Virpioja, 2013). In other words, we replace the language model with Morfessor
in our proposed method (5.1) and use it as the evaluator to generate a score for the segmenter.
Thus, we are able to train the segmenter in a supervised manner and make sure that our model
is capable of learning the task. Finally, we experiment with our proposed method by training a
Language Model as the evaluator.

5.5.1 Experimental Setup
Dataset

For these experiments, we utilize the raw version of WikiText2 (Merity et al., 2016). It contains
more than 2 million tokens extracted from Wikipedia articles. Following Kawakami et al. (2017),
we replaced the characters with a frequency of less than 25 with a special character. Moreover,
we lower-cased all the dataset to reduce the complexity of our problem.

Segmenter (Morpheme Induction Model)

For the segmenter, we initially used a simple Transformer with 2 heads and 2 layers. In some
experiments we changed the architecture to 4 heads and 4 layers. In addition, we find the Bi-
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LSTM architecture proposed at (Cao and Rei, 2016) to be useful. Figure 5.3 shows how the two
layers are concatenated to produce the hidden representations. In each time-step the word is split
into two non-overlapping parts where they build a specific representation of the word.

Figure 5.3: The architecture proposed in Cao and Rei (2016)

Language Model

For the language model, we used a 1 layer LSTM with 256 hidden units and an embedding size
of 256.

Baseline Function Estimator

For the baseline of the REINFORCE algorithm which estimates the value of each state, we used
a simple Feed Forward neural network with 2 layers and hidden units of size 100.

5.5.2 Word-level Segment Prediction with Morfessor as Evaluator

In these experiments we input a word into the morpheme induction model and train it using the
outputs of Morfessor by defining different reward functions. We can obtain the correct decision
at each position from the outputs of Morfessor.

Sequence-level Reward
We consider the reward function at sequence-level as
R(s1,S2,...,Sp) = @ x wrong splits + (1 — a) x wrong non-splits (5.6)

In this equation, we consider wrong splits as the number of wrong decisions where the model
should output a split (1) but outputs non-split (0). Similarly, for wrong non-splits we mean the
number of wrong decisions by the model where it should output O but outputs 1. The parameter
a controls the ratio of these two terms. Since most of the positions are non-splits, this ratio is set
to 0.75 to encourage the model to split at some positions. We utilize REINFORCE algorithm
with a baseline, where the baseline score is obtained from a value function estimator.
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Figure 5.4: Performance (number of wrong decisions) of different reward strategies at word-level
using the Morfessor as evaluator.

Per-action Reward
We consider the reward function as

R(S1,82,...,8p) =[r1,712,..., 73] (5.7)

r; = +1if s; is correct, else —1

and we utilize simple REINFORCE algorithm to train our models. Since the rewards are already
balanced around zero there is no need to have a baseline.

Results

Figure 5.4 shows the performance of different reward functions while using the Transformer
Architecture. We observe that the per-action rewards help the model to nearly achieve the
performance of a supervised model, while the sequence-level does not.

5.5.3 Sentence-level Segment Prediction with Morfessor as Evaluator

Similar to the word-level experiments, we try the same reward functions in at sentence-level
(Equations (5.6) and (5.7)), where the whole sentence is fed to the model.

Results

Figure 5.5 shows the results of training a Transformer and Bi-LSTM with the given rewards.
RNN converges faster in comparison to the Transformer, although at the end both of them have
similar performance. Interestingly, sequence-level reward works as well as the per-action reward
in the number of wrong decisions it makes and also better in the number of wrong splits. This is
probably due to the ratio @ we have for sequence-level reward for different types of mistakes the
model makes.
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Figure 5.5: Performance of different reward strategies at sentence-level using the Morfessor as
evaluator. The figure on the left shows number of wrong decisions the model made, and the figure
on the right shown number of wrong splits.

5.5.4 Sentence-level Segment Prediction with a Language Model as Evaluator
(Main Idea)

In these experiments, we feed in sentences of length less than 128 to our segmenter model. We
let the language model reach the same state as the segmenter by training it for 1 epoch on the
outputs of randomly initialized segmenter. This helps the language model to provide meaningful
scores for the segmenter outputs and helps the two models progress in the same direction. As
transformers are shown to be unstable when training with an RL objective (Parisotto et al., 2019),
we decided to use RNN in these experiments. Moreover, the results of our previous experiment
show that RNN converges faster, hence, it is a better choice for implementing our idea.

Sequence-level Rewards
We try different reward functions at sequence level as follows:
* Language model score with entropy regularization: we penalize the model with the output

of the language model. We refer to this score as LM(S, X), and we also add an entropy
regularization term with ratio y to stop the model from converging very fast.

L(S,X) = —log P(S,X) + yA(P(S|X)) =LM(S, X) + y A (P(S| X)) (5.8)

* Language model score with the inspiration that we have to penalize P(X) not P(S, X),

P(X)=P(S,X)/P(S|X)
log P(X) =log P(S, X) —log P(S|X)
L(S,X) = -logP(X) =LM(S, X) +log P(S|X) (5.9

In this loss, we are encouraging the model to have high entropy while having a high
language modeling score.

* Language model score and space boundary prediction penalty with entropy regularization:

67



Chapter 5. Exploring a Task-driven Approach to Discovering Meaningful Units
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Figure 5.6: Performance of different sequence-level rewards
In this reward we also add correct prediction of spaces (splitting at that position) to the

reward function with a ratio of S.

L(S, X) = LM(S, X) + B x wrong-prediction-at-spaces + y# (P(S| X)) (5.10)

Results

Figure 5.6 shows the results of training our model with different reward functions. Using the
language modeling loss (Equation 5.8) collapses to word-level segmentation, since no split
decisions are made by the model. Moreover, using P(X) as reward diverges. Finally, language
model loss and space boundary prediction collapses to either character-level segmentation for
high s or word-level for low Ss.

Per-action Rewards

In addition to sentence-level rewards, we also consider per-action rewards as follows:

» difference in the language model score when we flip the action and fix others,

r; = LM([Sg,...,Si,..., Snl, X) —LM([so, ..., Si,...,Sxn], X) (5.11)

* difference in the language model score when we resample the action. So if the action flips
we consider the difference in the language model score as in Equation 5.11 and if it does
not, the reward would be 0.

Results

Figure 5.7 shows the performance of different per-action rewards. As it is shown, none of them
work in the desired way. The action flipping strategy collapses to character-level and the action
resampling one does not converge.
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Figure 5.7: Performance of different per-action rewards

5.6 Conclusions and Discussions

In this chapter, we explored a task-driven approach towards inducing entities. Namely, to discover
the units which would improve the downstream task’s performance. For the downstream task, we
consider the generic task of Language Modeling. For the unit discovery module, we predict the
segmentation boundaries at every character position.

We first validated our idea that representing input at the level of subwords leads to better
performance in the language model compared to characters and words. Then, we evaluated
the capability of our unit discovery module when the evaluator is an off-the-shelf model, i.e.,
Morfessor. The results conveyed that the model is capable of learning the boundaries that
Morfessor outputs both with a supervised signal and with an indirect Reinforcement Learning
signal. Lastly, since our goal was to learn the boundaries in an unsupervised fashion, we trained
the language model simultaneously with our unit discovery module. We tried different reward
strategies to train the unit discovery module with RL, but none of them worked as expected. The
models either diverged, or converged to trivial solutions such as outputting characters or words.
This approach is a rather convoluted approach towards solving the task since the segmentation
decisions are discrete and thus, RL is necessary for training the model. We think that using
RL is complicated and does not work with such a small signal from the LM. We leave further
investigations of this method to future work.
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In this chapter, we first conclude the findings of this thesis in Section 6.1. Afterward, we discuss
the future directions that we envision for our work in Section 6.2.

6.1 Conclusions

In this thesis, we introduced and addressed the entity induction problem. That is, to find a more
coarse-grained representation of the input without supervision where every entity represents a
more abstract concept. We summarize our contributions in every chapter in the following.

In Chapter 2, we discovered entities at the level of morphemes from a sequence of characters.
We learned these entities by adapting a method called Slot Attention (Locatello et al., 2020) for
our task. Intuitively, each slot vector binds to a specific part of the input via an iterative top-down
attention mechanism. We proposed to initialize the slots with a separate parameter while adding
a fixed amount of noise to them. In order to dynamically decide the number of required entities
per input sentence, we utilized an Ly regularization method called LyDrop (Zhang et al., 2021).
We proposed to do bi-directional probing to evaluate if the induced entities are at the same level
of abstraction as expected. In addition, we demonstrated the potential benefits of our model over
a character-based and segmentation-based model in a downstream topic classification task.

In Chapter 3, we induced entities at the level of words from a sequence of characters. We
integrated NVIB (Henderson and Fehr, 2023) layers into the last Transformer encoder layers and
trained the model with a noisy reconstruction objective. We showed that a model with NVIB has
better robustness over synthetic noise. And that it is more linguistically informed in terms of both
a highly-semantic topic classification task and a sentence representation benchmark.

In Chapter 4, we induced entities at the level of phrases from a sequence of tokens in a multi-
modal setup, i.e., images and their captions. The goal was to learn entities which are at the
level of objects in the image. We applied a grouping algorithm that learns to group input tokens
with top-down attention. Our results verified that inducing phrase-like entities leads to a better
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understanding of vision and language in comparison to representing text with only one vector.

In Chapter 5, we explored discovering entities at the level of morphemes from a character
sequence with a different approach than the previous chapters. Namely, we modeled the problem
as deciding where the morpheme-segment boundaries should be. Then, given the output of
the segmenter, we aimed to improve a language model simultaneously. We trained our model
with RL. Eventually, we did not find this approach effective in inducing meaningful units. We
hypothesize that small changes in the language model are not enough for the RL algorithm to
work successfully.

In summary, our findings suggest that it is possible to induce entities through compression. In
Chapters 2 to 4, we achieve compression by reducing the number of vectors (and reducing
the dimension in some cases) which represent the input. In addition, in order to encourage
segmentation, a reconstruction objective is helpful. We also propose and gather different ways of
evaluating the resulting units. Namely, for intrinsic evaluation: visualizing the attention maps,
greedy segmentation or bi-directional probing are beneficial. And for extrinsic evaluation, we
can evaluate the robustness and how linguistically informed they are, as well as their potential
benefits in downstream tasks.

All of our proposed methods are scalable to longer sequences by tuning the number of entities
either directly as in Text GroupViT or indirectly by tuning the ratio of sparsity losses. While
our methods introduce new parameters to the model, they do not increase the computational
complexity of the resulting model. However, they might slightly increase the training time.

6.2 Future Work

In this section, we discuss future directions for our work.

6.2.1 Unsupervised Entity Discovery

We believe that the research on entity discovery in text is still in its early stages, presenting many
avenues for further exploration. The first is to explore and develop more sophisticated models
to perform the task. This includes exploring other object discovery modules from vision or
developing specific NLP unit discovery models. The second is to investigate the effect of having
a hierarchy of entity discovery modules on top of each other. It would be interesting to see how
the resulting model behaves and if the modules are able to learn different levels of abstraction
within the same module. The third is to address low-resourced languages and design or adapt
entity discovery modules for those languages. Lastly, we can develop models where the entities
are directly optimized for downstream tasks in order to have tokenization-free models.
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6.2.2 Evaluation of Entity Discovery Modules in Text

We think that evaluating entity discovery modules in text is still a challenge. A direction could be
to explore more downstream tasks and investigate if entity discovery is advantageous for them or
not. It is also possible to develop task-specific datasets or benchmarks for this task. Moreover,
we presume that integrating an entity discovery module could be a potential defense mechanism
against adversarial attacks. In particular, since these units are obtained by creating a bottleneck,
they can discard noises injected into the input from the adversary.

6.2.3 Discovering Aligned Objects in Different Modalities

Our work in Chapter 4 was a step towards learning aligned objects in two modalities, i.e., image
and text. However, due to the limitations in computing resources, we were not able to perform
end-to-end training for both modalities. We believe that learning objects for both modalities at
the same time will help the model gain a better understanding of the world and in particular,
the visual concepts. In addition, exploring other modalities such as audio and vision where the
objects are expressed through speech is an interesting direction.
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.Y Appendix for Chapter 2

A.1 Supplementary Results
A.1.1 Visualization of the Attention Maps

Attention of Slots over the Input

In Figures A.1 and A.2, we illustrate the attention of slots over the input as well as the attention of
decoder over the slots for the same input. The two attention maps show similar patterns, but on the
decoder side the attention weights are higher and therefore the patters are more visible. We believe
that at each generation step, the decoder only attends to the slots which contain the information
about that specific character and thus, the attention patterns are stronger at decoding time. For
these reason, we used the attention of the decoder over the slots in section 2.4.4. Interestingly, in
Figure A.2b, there are some slots which are only attending to the space boundaries (the horizontal
bands).

Decoder Attention for the Stride-Based models

Figure A.3 visualizes the attention of decoder over the vectors of different stride-based models.
As expected, the vertical bands are often of the same length and too much overlapping for larger
strides. As a result, the bands do not correspond to meaningful units in the input in contrast to the
slot attention based model (see Figure 2.2c).

A.1.2 Bidirectional Probing Results’ Tables

Tables A.1 to A.11 show the detailed results of the performance of forward and reverse probing
tasks visualized in Figure 2.4 (Reverse reconstruction vs F1). n_input denotes the input length
which is 128 in our experiments.
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Figure A.1: Illustration of the Attention of Slots over the input vs the Attention of decoder over
the slots for Finnish language.

stride stride=2 stride=3 stride=4 stride=6
F1 0.8647 0.7965 0.8065 0.7678
Loss(1e+5) 1.318 1.7084 2.2163 3.4569
P 0.9376 0.9125 0.9236 0.9514
R 0.8106 0.7335 0.732 0.6667
Acc 09114 0.8923 0.8811 0.8596

Reverse reconstruction  15.14 -30.44 -49.04 -105.1

Table A.1: Stride-based models for English with BPE targets

limit (r) r=2 r=3 r=4 r=5 r=6 r=8

F1 0.8067 0.8636 0.8457 0.809  0.7878 0.7677
Loss(1e+5) 1.5364 1.2951 1.5757 2.0522 2.3737 2.8781
P 0.8634 0.924 09394 0.9555 0.9635 0.9763
R 0.7687 0.8213 0.7819 0.7196 0.6863 0.6517
Acc 0.8845 0.9139 0.9058 0.8934 0.8865 0.8798

Reverse reconstruction -10.56 -58.98 -84.32 -129 -150.1 -204.4

Table A.2: Slot Attention based models for English with BPE targets

A.2 Settings

A.2.1 Data

As for the datasets, we lowercased the text and retained the characters which occur more than 25
times in the corpus, following Kawakami et al. (2017). We replace the low-frequent characters
with an unknown placeholder. Table A.13 shows the licenses of each dataset that we used in our
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Figure A.2: Illustration of the Attention of Slots over the input vs the Attention of decoder over
the slots for French language.

stride stride=2 stride=3 stride=4 stride=5 stride=6
F1 0.8108 0.8086 0.7835 0.792 0.7461
Loss(le+5) 2.6374 2.5115 2.6292 2.7607 3.5556
P 0.8971 0.883 0.8812 0.9083 0.9155
R 0.7479 0.7567 0.7179 0.7179 0.6498
Acc 0.8973 0.8964 0.8833 0.8897 0.8688
Reverse reconstruction 21.26 -51.9 -60.54 -151 -116

Table A.3: Stride-based models for English with Morpheme targets

limit (r) r=2 r=3 r=4 r=5 r=6 8

F1 0.7821 0.8394 0.8136 0.8022 0.7814 0.7705
Loss(le+5) 2.0958 1.7118 2.1506 1.9883 2.3083 2.4825
P 0.8353 0.8844 0.8952 0.9083 0.9157 0.9331
R 0.7482 0.8101 0.7577 0.7383 0.7039 0.6789
Acc 0.884 09116 09017 0.9025 0.896 0.8949

Reverse reconstruction  5.975 -43.17 -84.65 -90.6 -123.77  -122.7

Table A.4: Slot attention based models for English with Morpheme targets

experiments. We used the same train/validation/test splits as provided in the mentioned datasets.

A.2.2 Main Model Settings

Table A.14 shows the remaining list of hyperparameters in training the main model. We scheduled
the A parameter in the training loss to start with a low value of 2 x 107> and exponentially increase
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(a) stride=2 (b) stride=4 (c) stride=6

Figure A.3: Attention of decoder over the stride-based model vectors (x-axis) while generating
every character (y-axis). The target sentence is “the red colour associated with lobsters only
appears after cooking.”.

stride stride=2  stride=3 stride=4 stride=6
F1 0.8435 0.8126 0.8087 0.7622
Loss(le+5) 2.7637 4.3381 2.6835 3.7541
P 0.9175 0.9012 0.9162 0.9458
R 0.7905 0.7529 0.7388 0.6606
Acc 0.9026 0.8872 0.8842 0.8595

Reverse reconstruction  15.28 -24.36 -48.84 -107.9

Table A.5: Stride-based models for English with Morfessor targets

limit (r) r=2 r=3 r=4 r=5 r=6

Fl1 0.7662 0.8318 0.7892 0.7735 0.7451
Loss(le+5) 2.7095 19951 2.7874 2.728  3.1524
P 0.8533 0.9089 09128 0.9323 0.9367
R 0.7091 0.7787 0.7087 0.6793 0.6383
Acc 0.8636 0.8975 0.8777 0.8763 0.8668

Reverse reconstruction -8.193  -57.02 -89.83 -122.8 -140

Table A.6: Slot attention-based models for English with Morfessor targets

stride stride=2 stride=3 stride=4 stride=5 stride=6
F1 0.6239 0.8365 0.8219 0.7911 0.754
Loss(le+5) 5.3584 2.1264 2.669 3.6093 4.5231
P 0.8814 0.921 0.9356 0.9485 0.9584
R 0.4916 0.7756 0.7454 0.6939 0.6399
Acc 0.7767 0.885 0.8769 0.8603 0.8392
Reverse reconstruction  -10.51 -58.4 -93.31 -129 -160.7

Table A.7: Stride-based models for French with BPE targets
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limit () r=2 r=3 r=4 r=5 =6

F1 0.7941 0.8422 0.8238 0.8082 0.7829
Loss(le+5) 2.0313 1.8495 23189 3.0405 3.7684
P 0.8694 0.9247 0934 0964 0.9786
R 0.7403 0.7826 0.7488 0.7087 0.665
Acc 0.8594 0.8876 0.8789 0.8725 0.8593

Reverse reconstruction  -26.5 -68.98 -1054 -164.2 -204.7

Table A.8: Slot attention-based models for French with BPE targets

stride stride=2 stride=3 stride=4 stride=5 stride=6
F1 0.6409 0.7872 0.7922 0.7772 0.7184
Loss(le+5) 5.5099 3.1225 3.0613 3.6183 4.8101
P 0.9014 0.8906 0.8936 0914 0.9281
R 0.5051 0.714 0.722 0.6885 0.5989
Acc 0.8107 0.872 0.8746 0.8682 0.8438
Reverse reconstruction -5.61 -85.57 -207.7 -204.3 -168.5

Table A.9: Stride-based models for French with Morpheme targets

limit (r) r=2 r=3 r=4 r=5 r=6

F1 0.7277 0.7845 0.7976 0.8048 0.7896
Loss(le+5) 3.5534 29845 2.835 2.565  3.0282
P 0.8403 0.876  0.8889 0.9195 94.05
R 65.26  0.7195 0.7329 0.7269 0.6921
Acc 0.8406 0.8679 0.8762 0.8829 0.8777

Reverse reconstruction  -8.35 -69.87 -1484 -190.2 -181.9

Table A.10: Slot attention-based models for French with Morpheme targets

stride stride=2  stride=3 stride=4 stride=5 stride=6
F1 0.6794 0.7919 0.7902 0.7632 0.704
Loss(le+5) 5.5356 3.6372 3.7099 4.5012 5.8283
P 0.9041 0.9086 0.9189 0.9368 0.9454
R 0.5533 0.7117 0.7045 0.6578 0.5738
Acc 0.8078 0.8615 0.8619 0.8481 0.821

Reverse reconstruction -10.33 -56.74 -90.33 -120.3 -150.1

Table A.11: Stride-based models for French with Morfessor targets

it every 10 epochs until it reaches a certain limit. In particular, we schedule the A to exponentially
increase with ratio 2 for English until reaching 6.4e —4 and 1.5 for the rest of languages. More
specifically, we stop the exponential increase after reaching 3e — 4 for German and Spanish and
5e — 4 for French, Finnish and Czech. We tried the stopping thresholds ranging from 3 x 107 to
6x 1074, These scheduling values lead to having roughly as many slots as the average number BPE
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limit (r) r=2 r=3 r=4 r=5 =6

F1 0.7383 0.7979 0.7877 0.7833 0.7621
Loss(le+5) 42044 3.1744 3.4661 3.4707 4.229
P 0.867 0.9016 09117 0.9466 0.963
R 0.6474 0.7256 0.7044 0.681 0.6425
Acc 0.8302 0.8646 0.8602 0.8619 0.8521

Reverse reconstruction -22.51 -66.06 -107.5 -160.8 -205

Table A.12: Slot attention-based models for French with Morfessor targets

dataset license

WikiText2 (Merity et al., 2016) Creative Commons Attribution-

ShareAlike 3.0 Unported License
(link to dataset)

Multilingual Wikipedia Corpus (MWC) (Kawakami et al., 2017)  https://aclanthology.org/
P17-1137/

MorphoLex (Sanchez-Gutiérrez et al., 2018; Mailhot et al., 2020) Creative Commons Attribution-
NonCommercial-ShareAlike
4.0 License (CC BY-NC-SA
4.0) (https://lindat.mff.cuni.cz/
repository/xmlui/handle/11234/
1-4629#)

Table A.13: Data licenses

units per sentence. We also tried our model with statistic A in the {107%,[1,3,5,6,7,8] x 107}
which did not lead to stable results at training time. We tried 16, 32, and 64 slots in our
experiments. We chose the number of slots to be half of the maximum sequence length (128) as
this is a reasonable upperbound which also matches the maximum number of BPE or Morfessor
units. We tried the transformer encoder with 4 and 6 layers but qualitatively did not find any
improvements. We run the Slot Attention algorithm for T=1 iterations. We choose T'=1 iterations
for simplicity and efficiency, and because preliminary experiments showed no improvements
with more iterations. We leave the investigation of how to get improvements from more iterations
to future work.

A.2.3 Forward Probe Settings

We train a probing classifier for mapping a slot’s vector to the target representation’s vocabulary,
namely, f(m;): RPstors — RS, where § is the number of tokens of the target representation. We
apply the classifier with shared parameters over each of our slots and obtain a set of predictions,
ie., {f(m)), f(m)),..., f(m})}. As we are dealing with a set, during training we need to find
a one-to-one matching between the classifier’s predictions and the target tokens. Therefore,
we use the Hungarian matching algorithm (Kuhn, 1955) for finding the best match in terms of
minimizing the classification loss. Consider the best matching as i; — j, which matches the i;th
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A.2 Settings

module parameter value
batch size 16
learning rate le—4
transformer model dimension 256
transformer feedforward layer dimension 4 x 256
transformer dropout rate 0.1
LoDrop B 0.66
LyDrop € 0.1
Slot Attention  Slot dimension (Dy;4s) 128
Slot Attention MLP hidden dimension 2 x Dgjots
Slot Attention GRU hidden dimension Dyots
Slot Attention & le—8
Slot Attention T 1

Table A.14: Hyperparameters of the main model.

slot with the jth output (i.e., y;). We then compute the loss as £ = ZK_ I(f(m’),y;), where [ is
j=1 i7"
the cross-entropy between the predictions and targets.

Our probing classifier consists of two fully connected layers with ReLU activation function in
between the two layers. The hidden dimension of the classifier is the same as the slots’ dimension,
which is 128.

We use the same datasets as our main model for training and testing the probes. We train BPE
with a vocabulary size of 5000 for all languages. For Morfessor, we use the pretrained model
and consider the set of its outputs on the training data as our target representation. As for the
morpheme targets, we take the morphemes for the words which were available in the linguistically
annotated data (i.e., MorphoLex (Sanchez-Gutiérrez et al., 2018; Mailhot et al., 2020)) and for
the rest of the words we take Morfessor outputs as an approximation of morphemes.

For training the probing classifiers we take a batch size of 4, since the Hungarian matching
algorithm requires a huge amount of memory. We train our classifiers for 200 epochs with Adam
optimizer with learning rate of 1 x 1073,

A.2.4 Reverse Probe Settings

We illustrate how forward and reverse probing are related to each other in Figure A.4. We first
assign a one-hot vector to the tokens in the target set of units (i.e., RS, where § is the target set
size). Then, we learn an embedding layer to map every one-hot vector into a continuous vector
with dimension 128. Afterward, we pass the embedded token into two fully connected layers
with ReL.U activations in between with the hidden dimension 128. We then predict the mean and
the standard deviation of a Gaussian distribution. The dimension of the Gaussian distribution d
is Dgjors = 128. We use the same matching between the target units and slots as in the forward
probing. Namely, we do not run the matching algorithm for this experiment. As for the training
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Figure A.4: An illustration of forward and reverse probing.

objective, we minimize the negative log-likelihood of the slot vector given this distribution, i.e.,

. . . Y o . 1
—log(p(m;|tpredicteds O predicted)) Which is equivalent to minimizing }° 5———(m; — upredicted)z -
predicted

log(0 predicted). We train this model with Adam optimizer and the learning rate 1 x 1074 for 200
epochs. We report the best evaluation loss on test set.

A.2.5 Arxiv Classifier Settings

The hidden dimension of the MLP and also the query, key and value matrices are set to the same
dimension as the slots, namely, 128. We train the classifier with a batch size of 32 for 200 epochs
with Adam optimizer with a learning rate of 1e —4. For the Arxiv-L dataset each subarea has
1000 samples which would be 20000 samples in total.

A.3 Infrastructure

We use PyTorch version 1.2.0 framework and Python version 3.6.9 for implementing our code.
Table A.15 shows the rest of the libraries we use. We run our code on a single GPU with model
GTX1080ti and the operating system Debian10 (Buster) 64-bit. We use the same compute for
all of our experiments including training the models and probes. The training time for the main
model is five hours and for the probings is around 2 days. For reporting each of the results we
run our algorithm once, since it would be too computationally expensive.
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A.3 Infrastructure

package version  use

NLTK 35 sentence and word tokenization
youtokentome  1.0.5 BPE implementaion

polyglot 16.7.4  morfessor implementation
matplotlib 332 attention maps visualization

scipy 1.2.2 hungarian algorithm implementation
numpy 1.19.1

Table A.15: List of packages and their versions.
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B.1 Training Details

General Training

All models are trained, without pretraining, using the same encoder and decoder configuration for
comparability. Our encoder size is defined by the base Transformer (Vaswani et al., 2017b) such
that we have a six layer Transformer encoder. However, we use a two layer decoder to ensure
the task is not learned in the decoder alone. We use a single attention head. The size for the
word embedding vectors and model projections are 512 and feed forward dimensions 512, which
leads to models of approximately 12-17 million trainable parameters. An English character level
tokeniser is used for tokenisation with a vocabulary of approximately 100 characters. During
training we use: a learning rate of 1e~3 with a cosine cool-down over all steps, RAdam optimiser
(Liu et al., 2020) with mixed precision (FP16), a batch size of 512, gradient norm clipping 0.1
and trained for 55 epochs (= 8K steps). The number of steps were selected considering model
convergence and minimising computation time. We use a dropout rate of 0.1. The input is noised
at each batch with a probability of character deletion of 0.1. Each model takes approximately
2.5hrs on a single NVIDIA GeForce RTX 3090.

NVIB Training

Training the models with the NVIB layers requires regularising the representations. The introduc-
tion of the exponential activation function (as opposed to ReLLU) for the psuedo-count parameter
a requires a threshold at test time to be exactly zero. We use a threshold for this at 0.1. During
training and testing we enforce a bottleneck between the encoder and decoder by masking the
final encoder representations by the aforementioned threshold.

The NVIB hyperparameters A, Ap and a® are selected through hyperparameter tuning. However,
during training we only sample once from each component thus the approximation parameter is
set to ¥ = 1. We use a Kullback-Leibler annealing divergence strategy where the introduction
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of the KL divergence loss is linearly introduced between 30% —60% of the training steps. This
allows the model to learn initial representations, slowly introduce the regularisation and finally
learn through the compressed latent representation.

B.2 Hyperparameter Tuning

The models are trained on the Wikitext-2 training dataset using the loss from Equation 3.2.
They are tuned on the validation dataset with the aim to be able to reconstruct the character
sequence from a noisy input. Following from (Henderson and Fehr, 2023) we set the weights
of the Gaussian and Dirichlet KL divergences to be independent of the sentence length n and
dimensionality of vectors d:
1 11
Ap==Ap ; Ag=—=—A,
R “Tdn’"C
where A, and A, are fixed hyperparameters. All combinations of the following hyperparameters
were considered in a grid search for the respective models:

Ir={le *1e7 3}

L]

Ap={le™®, le7, 1e73, 1e7%

A ={1e7? 1e7, 1}

a® ={0,0.05, ..., 0.45, 0.5}

where A, and A/, are the weights on the Gaussian and Dirichlet KL divergences. The a® repre-
sents the conditional prior parameter. The final models’ hyperparameters are reported in Table
B.1 where the validation cross-entropy (CE) is matched for NVIB and baseline Transformers.

Transformer NVIB

NVIB layers - 3
Ag - le™?
Ap - 1
a® - 0.25
Training Steps 2.5K 8K
Val. CE 0.19 0.19

Table B.1: Hyperparameters for final models evaluated.

The encoders 6 layers are inspired by the base model of Vaswani et al. (2017b). For the
Transformer decoder we use only 2 layers such that the decoder is not able to overpower the
embeddings from the encoder it sees through cross attention.
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B.3 KL Divergence Loss

NVIB Configuration

For the NVIB layers during experimentation we considered: All layer including NVIB; the last 3
layers including NVIB; and only the final layer including NVIB. When all layers were included
it was challenging to get both compression and performance as the regularisation was too strong.
Only regularising the last layer managed to reduce the number of vectors but often converged to
a single sentence vector with lower, non-comparable validation cross-entropy. Finally, we settled
on only regularising the last 3 layers as it gave the model enough flexibility in the lower layers
and progressive compression in the higher layers.

B.3 KL Divergence Loss

Henderson and Fehr (2023) define the Kullback-Leibler divergence for NVIB with two terms: the
Lp for the Dirichlet distribution weights defined by e; and the L for the distribution of vectors
Z generated by the Gaussian components. We set the approximation parameter ko = 1. This gives
us the following loss terms for the KL divergence, where I' is the gamma function and v is the
digamma function:

Lp =logT(ag) - logl'(a}) + (af - af ) (~y(a) +w(a)) + (logT (@} ) ~logT(af))

where, ag is the sum of all & parameters generated by the NVIB layer. The conditional prior

(xé’ = a(’; +na® is controlled by (xé’ =1 and extra pseudo-counts defined by the length 7 and a

hyperparameter a®. The KL divergence between two Gaussians (with diagonal covariance with
values o and weighted by the & parameters) is:

q q P2 q 42 q 42
LGeril @ &gy (o) (o)
3 al i\ (0h? (oh)? (oh)?

B.4 Denoising attention function

Henderson and Fehr (2023) generalise the set of vectors input to an attention function to a
probability distribution over vectors, and generalise attention to a function of these probability
distributions called denoising attention.

Training function

During training, the set of sampled vectors Z € R"*” and their sampled log-probability weights
log(;r) € RY™" are both output by the NVIB layer, thereby specifying the sampled mixture
distribution F. A set of query vectors u’ € R™*” is projected into key space by the grouped
matrices W, WK e RP*4 to u= (' WQ(WX)T). The keys’ dimensionality d is used for scaling.
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Denoising attention can then be computed as:

softmax(%ﬁuZT+log(7r) —ﬁgIIZIIZ)Z (B.1)

For self-attention, we define the original query vectors u’ to be the set of vectors input to the
NVIB layer, before projecting to DP parameters and sampling.

Testing function

During test time, we do not sample F, but instead use the mean of the posterior distribution. The
test-time denoising attention can then be computed as:

T a p2\’ ror) [ (0)? vd
) +10g(a—0)—(%”; ) ~1, (log(a") )x o+~ op

softmax (u ( _—
(@")?

(07)?

where 1, is a row vector of p ones and (@2 =d+ (@D?).

B.5 SentEval Tasks

B.5.1 Model

We employ the Aggregating probe for performing this task. We froze our models and trained the
probes for 10 epochs with a batch-size of 128. The hidden dimension for the probe is set to 256.
We trained the model with Adam optimizer with a learning rate of 1e —4. We report the test set
accuracy for the best-performing model in terms of validation accuracy.

B.6 Arxiv Classification Task

Our goal here is to compare the representations and not have ultimate performance in the task,
thus we do not fine-tune the models. Hence, we only evaluated our models on the large division of
the task, i.e., ArXiv-L which consist of 1000 samples for each sub-area leading to 20000 samples
in total. We employ the Attention-based probe to perform this task as it is quite a challenging task
which requires the information in the vectors to be better managed by the Attention mechanism
and also more similar to the way the model itself would perform the task. The hidden dimension
of the MLP is set to 256 and the query, key, and value matrices are set to the same dimension as
the model dimension, namely, 512. We train the classifier with a batch size of 256 for 50 epochs
with Adam optimizer with a learning rate of 1e — 3. Following Hofmann et al. (2022) we report
the test F1 for the best-performing model in terms of validation F1.
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B.7 Visualisations

B.7 Visualisations

In Figures B.1 to B.4 we include additional visualisations of the self-attention weights.
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Figure B.1: Self-attention patterns of the last 3 layers of 6-layer Transformer encoders. Left:
Standard self-attention. Right: With NVIB regularisation. Sentence: "I think therefore I am."

Dark purple is 0 and light yellow is 1 for the attention values.
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Figure B.2: Self-attention patterns of the last 3 layers of 6-layer Transformer encoders. Left:
Standard self-attention. Right: With NVIB regularisation. Sentence: "Wow, it’s abstracting."
Dark purple is 0 and light yellow is 1 for the attention values.
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Figure B.3: Self-attention patterns of the last 3 layers of 6-layer Transformer encoders. Left:

Standard self-attention. Right: With NVIB regularisation. Sentence: "Thats one small step for a
man, a giant leap for mankind." Dark purple is 0 and light yellow is 1 for the attention values.
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Key Key

Figure B.4: Self-attention patterns of the last 3 layers of 6-layer Transformer encoders. Left:
Standard self-attention. Right: With NVIB regularisation. Sentence: "I took the one less
travelled by, and that made all the difference." Dark purple is O and light yellow is 1 for the
attention values.
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C.1 Artifacts statements

The datasets used do not have personally identifying information or offensive content. We provide
the list of datasets used and the corresponding licenses in Table C.2, which are all consistent with
our academic use.

C.2 Descriptive Statistics

Our results are from single runs for all the models trained.

C.3 Packages

We provide a list of packages used in our code in Table C.1.

C.4 Al Assistants

We utilized Al assistants for minor text editing and code completion tasks during the development
of the model.
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Package version
Python 3.7
PyTorch 1.8
webdataset 0.1.103
mmsegmentation 0.18.0
timm 0.4.12
nltk 3.8.1
ftfy 6.1.1
regex 2023.6.3

Table C.1: The packages used in our code development

Dataset License

GCC3M Google license (link)

SVO-Probes  Creative Commons Attribution 4.0 International Public License (CC BY 4.0)
FOIL-COCO Creative Commons Attribution 4.0 License

Flikr Creative Commons Attribution 0: Public Domain

Table C.2: Datasets and their licenses.
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