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Abstract

Nowadays it becomes more and more challenging to tackle the quickly growing

amounts of data to extract useful information for making informed decisions. Even

with the recent advancements in deep learning, however, the question of how to

make use of such enormous data for a diverse set of tasks in an efficient and scalable

manner has yet to be resolved.

To undertake the two main aspects of representation learning from data, namely

efficiency and scalability, this thesis presents techniques to deal with diverse tasks

including sentiment analysis, handwriting recognition and document intelligence

where data appear in different forms: multimodal data that includes text, audio, and

videos, noisy scanned handwriting images, or long documents with differing layouts.

Due to the availability and potential issues of their data and the distinct objectives of

the associated tasks, there is no one-size-fits-all solution but a specific approach to

each problem. In addition, in dealing with large-scale data, this thesis also presents

some approximation techniques and analysis to estimate the essential components,

learn effective representation and speed up the learning process, including matrix

trace approximation with a parallel non-adaptive method, spectrum approximation

in Gaussian Processes training, and task-based mixture-of-experts models for large-

scale multitask neural machine translation models. Throughout those works, this

thesis introduces novel approaches for tackling issues that are presented in the data

and the tasks, learning efficient representation, and approximating models for prac-

tical scalability in the real world.
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Chapter 1

Introduction

Given a task in machine learning, e.g. regression or classi�cation, typically the main approach is
to learn a function~y = f (x) from input datax. In the context of supervised learning, there are
equivalent labelsy to build a loss for optimization of them against the representation just learned
~y. There has been no conclusive de�nition of representation that the models learn from data.
The typical understanding is that representation is the result obtained by a learning model upon
input data. As a result, representation can be~y or can also be any intermediate learned product
between~y andx.

In an alternative setting which is more and more common nowadays where a huge amount
of data are presented, the labelsy are not�or in many cases, too prohibitively expensive to be�
provided, the models have to apply approaches that are di�erent from the fully-supervised setting
above for the representation. In many cases, such representations are rich enough for generating
fake data that look realistic (Goodfellow et al., 2014; Song et al., 2023; Song and Ermon, 2019).

In practice, data can appear in many forms such as numbers, text, images, audio, videos,
or any combination of them. Whether there is supervision in the setting, the main problem of
machine learning methods is to obtain the e�cient representation�from such data�that serves to
solve the task. Despite the optimistic prospect and many advancements in machine learning and
arti�cial intelligence in general, however, there has been a lack of a systematic methodology on
how to properly learn the e�cient representation for task-oriented objectives, how to interpret
such representation, and importantly, how to scale up the solutions to enterprise-scale levels.
This dissertation helps answer part of those questions in the context of di�erent applications
such as multimodal sentiment analysis, handwriting recognition, document understanding and
multitask machine translation.
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1.1 Thesis Statement

Whether there is supervision or not in a given learning problem, at the heart of the approach is
the representation learning. How to undertake this task properly is an open question, however.
This thesis aims to address two main aspects of representation learning via multiple problems and
data, which are e�ciency and scalability. Each focus of the two aspects plays an essential role
in machine learning solutions in the real world that require not only satisfactory representation
to solve the task suitably but also a versatile model that can save resources and be implemented
in a large-scale deployment. Those two aspects are not opposing each other, but in fact, can
complement each other to make up a consistent and practical solution.

1.2 Thesis Contributions

At a high level, the contributions that this thesis has made include the following topics.

ˆ Novel models in learning multimodal data in sentiment analysis problem by applying the
classical translation techniques to cross-domain data.

ˆ Implementing a robust real-world handwriting recognition system in the face of limited
and exceedingly noisy data

ˆ Theory of sample complexity e�ciency in approximate models in popular machine learning
problems of Gaussian Processes and Implicit Trace Estimation.

ˆ Implementing a scalable transformer-based pre-train model with multimodal approximate
self-attention that can deal e�caciously with long input with diverse layouts.

ˆ Introducing new task-based techniques that e�ectively link the application level and the
infrastructure level of Mixture-of-Experts in the transformer-based architectures, given the
discordant nature in data of multitask learning problems.

ˆ Throughout many works, it is shown that e�ciency and scalability can be integral parts of
a practical performant solution.

1.3 Thesis Layout

As stated, there are two main parts to this thesis which are the e�ciency and scalability of repre-
sentation learning. As a result, the layout is following those topics sequentially. Note that it does
not necessarily means each chapter only covers only e�ciency or only scalability. But rather
there are several models that concurrently contribute to both topics.

ˆ In Section 2.1, we present our work on representation learning in the context of multi-
modal sentiment analysis (Pham et al., 2019), in which input data has three types: text,

2



audio, and videos. Unlike other approaches, we cast our problem as a cross-domain trans-
lation problem where one modality is trained to translate into another modality, e.g. text
to audio or audio to video. With three modalities, we simply apply a hierarchical approach:
two phases of translation are undertaken, in which two modalities are involved in the �rst
phase and the third modality is added in the next phase. The embedded representation of
the translation model is the output that we used for sentiment analysis. Our modality trans-
lation model, namely MCTN, outperformed various state-of-the-art methods on di�erent
benchmark datasets. In addition, MCTN has a big advantage in that only one modality is
required for inference or prediction, unlike any other methods. This part is mainly based
on our AAAI publication (Pham et al., 2019).

ˆ Section 2.2 deals with image data but requires textual output. The particular task is hand-
writing recognition, in the context where input data is limited. In addition, the task is even
more challenging since the data has lots of random noise. We break down this problem
into two sequential small problems that are object detection and text recognition. In object
detection, unlike common approaches for color images with multiple objects, we cast our
problem as a text spotting problem, in which the model is trained to detect text from the
background and noises. Furthermore, the input is converted to grayscale images to simplify
the task. For text recognition, we explore two methods that are word-based and character-
based recognition. Both of them are based on convolutional neural networks and each of
them has pros and cons in our data. We also compare our whole pipeline's performance to
the contemporary state-of-the-art methods. Along with experimental results, we discuss in
detail the rationale of choices that were made for the pipeline and its components, as well
as the reasons and hypothesis for the results. This work is based on our ICFHR 2020 (Pham
et al., 2020).

ˆ Section 2.3 introduces a novel pre-train model where multimodal positional encoding is
employed along with the important approximate self-attention with multimodal context
information. We explore the pros and cons of the traditional textual-based attention with
the novel distance-based one and also examine the possibilities of combining the best of
both types in a single attention head module. The pre-trained model is nevertheless simple,
which is based on the popular Mask Language Model (Devlin et al., 2019) and thus easy to
train and deploy. Our experiments show that our new models outperform the state-of-the-
art models in both criteria: performance by having higher scores in document and token
classi�cations, and computation by having a much larger input limit of 4096 tokens instead
of 512 on the identical hardware and infrastructure platform. This work is under submission
to a natural language processing conference.

ˆ Section 3.1 and Section 3.2 deal with di�erent methods of approximating the model for big
data input, which is typically the case in practice, where deep neural networks are em-
ployed. On one hand, Section 3.1 introduces a sparse approximation based on spectrum
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in the context of Gaussian Processes, which are known to su�er from the heavy computa-
tion. On the other hand, Section 3.2 analyses the practicality of the non-adaptive Hutch++
method, which has the best tradeo� in terms of performance and running time based on var-
ious benchmarks including synthetic and real datasets. Those approximation methods o�er
another angle into big data approaches besides other traditional methods which deal with
algorithms, neural network architectures, operating systems, or hardware. Those works
are based on our recent NeurIPS publications (Hoang et al., 2020; Jiang et al., 2021) and are
di�erent from other chapters in that they emphasize more on theoretical contributions of
sample complexity, which is the main concern in practical models.

ˆ Section 3.3 proposes new approaches to representation learning in a large-scale deployment
where Mixture-of-Experts (MoE) models are being used to boost the transformer-based
models. The main contribution is to integrate the task-based information from the top level
of the technology stack with the lower-level MoE layers. To enable that, it also designs a set
of task adapters to follow up with task-based MoE routed data into proper adapters, which
are learned to group similar task data and separate dissimilar data, in order to alleviate the
interference problems that are prevalent in multitask learning. This work is in preparation
for submission.

At the high level, those aforementioned sections sequentially address the two main topics of
this thesis, namely e�ciency (Chapter 2) and scalability (Chapter 3) of representation learning.
Such allocation is, however, rather descriptive than disconnected. As those sections are unfolded
in their main contents, it is achievable to take advantage of scalability techniques to help with
task-oriented representation learning to have a more practical and scalable approach without
sacri�cing the capabilities. Consequently, those two topics help convey the argument that this
thesis conveys that in practice, one should plan the two topics collectively to have the best of
both in a single solution.
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Chapter 2

E�ciency of Task-Oriented
Representation Learning

Without knowledge about the task including its data, it is almost impossible to design a e�cient
model to solve the task. Likewise, since there are too many diverse tasks, as well as data types
ranging from various �elds, there is no one-size-�ts-all approach. On the contrary, with such
expert knowledge acquired, the representation learning from data can be e�ciently learned and
used to optimize towards the �nal target using machine learning optimization techniques.

The following sections will enumerate the representation learning techniques for di�erent
tasks ranging from sentiment analysis, handwriting recognition to rich document understanding.
Data for those tasks are also available divergently including multimodal data with text, audio, and
video, noisy scanned handwritten images, and multimodal long documents with diverse formats.
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2.1 Learning Multimodal Representation for Sentiment Anal-
ysis

The �rst task addresses an important problem of sentiment analysis, which is an essential part
of interactive platforms such as forums or social networks. The problem here is complex since it
contains not only text but also videos and audio. The intra- and inter-interactions among those
three modalities require an architecture that is capable of modeling such complexities in both
e�cient and swift manners. The model in the following sections possesses those two capabilities.

2.1.1 Problem and Movitation

Figure 2.1: The representation learning of multimodal data is complicated due to not only intra-
modal but also cross-modal interactions between di�erent modalities.

Given a complicated set of multimodal data, the question is how to e�ectively learn the rep-
resentation from it. This question is not totally clear yet, because it is not based on the context of
usage. In more detail, how do we evaluate that representation after learning? As a result, when
we want to learn a representation of any data, it has to be put in concrete evaluation metrics,
such as in the form of a downstream task, such as multimodal sentiment analysis, an open re-
search problem in machine learning, and natural language processing which involves identifying
a speaker's opinion based on given data (Pang et al., 2002).

This problem is one of the cornerstones of unsupervised learning where we learn the repre-
sentation directly from the data. Techniques used for representation learning vary depending on
the speci�c downstream tasks, but they do all share the same characteristics that this is a very
challenging problem. For example, text-only sentiment analysis through words, phrases, and
their compositionality can be found to be insu�cient for inferring sentiment content from spo-
ken opinions (Morency et al., 2011), especially in the presence of rich nonverbal behaviors which
can accompany language (Sha�er, 2018). In another example for the newly emerged task of doc-
ument understanding (or in some contexts known as document intelligence), text-only models
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show the disadvantages compared to the ones using text with more modalities, e.g. text+layout
or text+layout+images (e.g. in (Xu et al., 2020a,b)). Finally, as an illustration, Figure 2.1 shows
the inherent complication of dealing with learning with multimodal data where the complex in-
teractions amongst them are usually not straightforward.

To address this problem, we propose a method of how to e�ectively learn the representation
of data given di�erent data sources and objectives. As a speci�c case, in the challenging task of
multimodal sentiment analysis, where we have to make use of all modalities including text, audio,
and videos, and in turn e�ectively produce the fused representation of such sources after being
aligned, it will be shown that the simple model of Sequence-to-Sequence (Sutskever et al., 2014),
which is the combination of 2 recurrent neural networks (RNNs) with di�erent lengths originally
used for machine translation because it can model the sequential relationship of languages and
able to learn the alignment between two di�erent sets of representations. We will be referring to
this model as Seq2Seq.

Figure 2.2: Learning robust joint representations via multimodal cyclic translations. Top: cyclic
translations from a source modality (language) to a target modality (visual). Bottom: the repre-
sentation learned between language and vision is further translated into the acoustic modality,
forming the �nal joint representation. In both cases, the joint representation is then used for
sentiment prediction.

We draw inspiration from the recent success of Seq2Seq models for unsupervised representa-
tion learning (Tu et al., 2016;?). We propose the Multimodal Cyclic Translation Network model
(MCTN) to learn robust joint multimodal representations by translating between modalities. Fig-
ure 2.2 illustrates these translations between two or three modalities. Our method is based on the
key insight that translation from a source modalityS to a target modalityT results in an interme-
diate representation that captures joint information between modalitiesS andT. MCTN extends
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