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Multimodal Machine Chain*

Johanes Effendi The

Abstract

Researchers have been working in speech technology for many decades. State-
of-the-art automatic speech recognition (ASR) and text-to-speech synthesis (T'TS)
systems are currently based on end-to-end deep learning frameworks. Tradition-
ally, they are usually trained by applying supervised learning techniques that rely
on the availability of parallel speech data and its corresponding transcriptions.
To improve the performance in the presence of unexpected acoustic variability,
we usually collect more data to train more detailed models. Unfortunately, such
a method can only be used to train the model for about 10-20 of the world’s most
common languages. For many others, the parallel data of speech and its tran-
scriptions are usually unavailable, which makes such models hard to implement.

On the other hand, human learning does not rely on parallel data. We can
learn from any experience, even if the examples are not provided at the same
time. These experiences are perceived in the form of senses, such as auditory
and visual, which shares complementary behaviour to ensure flexible learning
from any modality (i.e. speech, text, image) in the form of a feedback loop.
Inspired by this mechanism, we propose a multimodal machine chain (MMC) as
a general framework that accommodates learning in any kind of modality and data
availability (i.e. paired, unpaired, single-modality). In this framework, a cross-
modal model is able to learn from non-parallel data through feedback it receives
after mapping the input into other modalities. Consequently, more modalities,
in this case, means more feedback can be made, which therefore enable model
learning with fewer data. This makes our proposed learning strategy beneficial

for under-resource language, where such technologies matter the most.

*Doctoral Dissertation, Graduate School of Science and Technology, Nara Institute of Science
and Technology, June 30, 2021.
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This thesis contribution is four-fold. First, we defined a general framework
that enables cross-modal model training in any modality and any data availabil-
ity. Second, we showed that our MMC framework can be used to enable semi-
supervised cross-modal collaboration that allows learning from a single-modality
data, which modality is unrelated. Third, we pushed the level of supervision
boundary into weakly-supervised learning, to enable a speech-to-text mapping
using a visually-connected non-parallel data. Finally, we showcase our proposed
MMC framework capability to learn a self-supervised discrete speech represen-
tation to enable image-to-speech generation without text. All these four contri-
butions in the form of MMC framework and its applications shows its capability
to enable speech processing model learning for low-resource language or even

unknown untranscribed language.

Keywords:

semi-supervised learning, weakly-supervised learning, self-supervised learning,

speech recognition, multimodal information processing, low-resource language
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Chapter 1
Introduction

Speech is commonly known as the most natural means of communication. Speech
communication consists of listening and speaking activities to perceive and convey
information. We perceive information by processing the speech signal with the
help of the ear as the organ that processes auditory senses and passes it to the
brain. On the other hand, we convey information by uttering the speech that
we are thinking with our vocal tract. Both of these activities are coordinated by
the brain that maintains the structure of the perceived and conveyed information
in the form of language. Although we mostly communicate by speech, visual
modality also has an important role to support communication. We see an object
with our eyes, and then our brain recognizes it. Then, we can describe it in the
language we know in the form of speech or textual information. In conclusion,
such triangle modalities of visual, auditory, and textual are the principal

medium of human communication.

1.1. Human Speech Communication

1.1.1 Human Speech Chain Perspective: Speech Produc-
tion and Perception
Denes et al. described the relationship between human listening and speaking

activities in the form of human speech chain [1]. Although listening and speaking

activities are done by a different organ, both these activities are closely related.



Spoken messages are propagated from the speaker’s mind to the listener’s mind
(Figure 1.1). During the speech production process, the hearing process is not
only needed by the interlocutor but also by the speaker. Through simultaneous
speaking and listening, the speaker can monitor her speech quality with self-
supervision from her brain. The relationship between these two activities is so
close that children who lose their hearing often have difficulty in producing a

clear speech because they are unable to monitor their speech [8].

SPEAKER LISTENER

Machine Speech Chain

Auditory
feedback

- ;\__._j_

Sound waves

Speech

[ —

I Vocal
. muscles

! Speech
. Svnthesizer

e S DU - Recognition

Figure 1.1: Human speech chain [1]

1.1.2 Multimodality and Flexibility in Human Speech Com-

munication
Visual modality as part of human communication

Although most communication is mainly conveyed through speech and text modal-
ity, visual modality is also often used alongside them. Figure 1.2 illustrates what
is happening when someone hears a speech of “a dog is running” while looking

at a running dog which represents the speech message. The visual modality seen
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Figure 1.2: Multimodal perception in human speech communication

by the eyes supply information about colour, texture, and other visual aspects
of the viewed object, which helps us perceive what we see [9] by enriching the
speech we listened to. There is evidence that the heard speech and the viewed
scene are perceived altogether in the form of cross-modal processing as an audio-
visual speech [10]. In addition, visual modality can also complement the missing
information when it is difficult to infer from auditory channels [11]. Given these
points, we can conclude that visual information is also a crucial part of speech

communication.

Learning flexibility

Figure 1.3: Ilustration on human learning flexibility. (a) learning from vi-
sual+text, and (b) learning from speech+text.

Figure 1.3 illustrates human learning flexibility. Assumes that on the left



side (a), a child reads a picture book with an image of a deer. Then, later in a
700, a guide explains verbally that the present animal is a deer. That child can
easily recall what he has learned from the picture book. Now the information of
how to pronounce “deer” (auditory) and how to write “deer” (textual) are both
linked by the visual modality (i.e. how a deer looks like). From this example,
we can conclude that in order to learn something from experience, a human does
not need both information provided at the same time. Even when one modality
is not present, we can still learn and improve any of our communication skills.
This flexibility is possible because of the multimodality in human communication,

where each modality shares complementary behaviour.

1.2. Technology for Speech Communication

For years, machine learning has been trying to mimic human speech communi-
cation by automating the task that human does. One of the most commonly
investigated is the cross-modal task, which is an attempt to automate the map-
ping of one modality to another. Consequently, a machine learning model that
attempts to map one modality to another is called a cross-modal model. In speech
processing, there are two main cross-modal tasks to mimic human communication
ability, which are speech recognition (to simulate listening) and speech synthesis

(to simulate speaking).

1.2.1 Speech Recognition

z =4\ —> ASR ——> g=(text)

Figure 1.4: ASR Model

Automatic speech recognition (ASR) is a speech technology that attempts to
transcribe a speech into a text transcription (Figure 1.4). This process automates
human perception of listening, where human recognizes speech that she is listening
to, and text transcription represents the content of the speech in the form of

phoneme or grapheme (i.e. character, word).
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There are several major approaches since the earlier times, which follows the
increase of computation power [12]. At the late 1960s, feature-extraction algo-
rithms that enables fast Fourier transform (FFT) [13] and dynamic time warping
(DTW) [14] were developed. Then, these features are proven to be useful since
the development of hidden Markov models (HMM) for speech processing [15, 16].
After that, the use of Gaussian mixture models (GMMSs) to model the acous-
tic information of speech, while HMM is used for the phonetic sequence were
widely adopted by the speech community in the 1990s. This has been proven to
widen the application of the ASR task to recognize a larger vocabulary size, with
speaker-independent condition [17].

From the neural network side, there was also the first usage of convolutional
networks for speech in the form of a time-delay neural network (TDNN) [18]. The
use of a hybrid HMM/MLP architecture has also been used [19, 20], although
these attempts were limited by computational resources until several decades
later with the rise of GPU for a deep neural network. This contributed to the
rise of end-to-end deep neural network for ASR which replaces GMM for acoustic
modelling with recurrent neural network (RNN) [21], convolutional layers [22],
or self-attention encoder [23]. Recently, deep learning-based state-of-the-art ASR

frameworks have even been shown to reach human parity in performance [24, 25].

1.2.2 Speech Synthesis

7= AN« TTS [« y=(text)

Figure 1.5: TTS Model

A text-to-speech (TTS) is a speech technology that aims to synthesize speech
given text input (Figure 1.5). Jurafsky and Martin (2009) describes three early
paradigms for T'TS: articulatory synthesis, concatenative synthesis, and formant
synthesis. Articulatory synthesis models the physics of the vocal tract as an open
tube, in order to synthesize speech [26, 27, 28]. Concatenative synthesis combines
several speech units in the form of diphones, to synthesize a speech utterance

considering the FO0, stress, duration, and formant distance between neighbour-



ing units [29, 30]. The last paradigm is formant synthesis, which attempts to
synthesize a spectrogram similar to the reference speech [31, 32].

The recent rising interest in the deep learning approach fosters the devel-
opment of several sequence-to-sequence models which falls under the formant
synthesizer paradigm. A model such as Tacotron [2] aims to synthesize a mel-
spectrogram given phoneme sequence as an input, with an attention mechanism
to bridge the encoder and decoder. FastSpeech [33, 34] and Parallel Tacotron
[35, 36] proposed a non-autoregressive approach, by replacing attention mecha-

nism with a duration prediction mechanism.

1.2.3 Current Limitations and Our Proposal

Problems:

Widely-used supervised learning requires large amount of parallel data.

The last two sections have described the speech researchers attempt to simulate
human speech communication skills of listening and speaking into a machine.
Based on the metrics that are used by them to evaluate their models, the current
state-of-the-art ASR systems have been known to successfully reach parity with
humans [24, 25]. Although it is reassuring, such models can only be used to
perfectly recognizing the speech of the top 10-20 of the world’s most common
languages. It is difficult to be applied for many other languages because the
required speech and the corresponding transcriptions are usually unavailable.
The problem lies in the learning paradigm used to train such state-of-the-art
models. They are usually trained by applying supervised learning techniques
that rely on the availability of speech data and corresponding transcriptions.
To improve the performance in the presence of unexpected acoustic variability,
they usually collect more data to train a more detailed model. Therefore, a
novel learning mechanism to reduce the need for parallel data to train a speech
processing model is needed, especially for an under-resourced language.
Moreover, there has been some attempt to incorporate more modalities in
a system, inspired by human communication multimodality. For example, there
has been some work in audio-visual ASR [37, 38], multimodal machine translation

(39, 40], and visual TTS [41, 42] to incorporate visual modalities in a natural lan-



guage model. Several advantages have been reported such as reduced ambiguity,
improved performance, and a more natural result.

However, such research direction will introduce a new kind of limitation, which
is related to the curse of dimensionality [43]. Similar to the previous problem, such
models are trained in a supervised manner, which heavily relies on the parallel
dataset. Therefore, the more modality we add to the system, the more difficult

it is to get the parallel data of all those included modalities.

Existing approaches:

Solutions for specific modalities and specific data condition.

The most common way to solve the limited data problem is by using semi-
supervised learning. Label propagation is the first attempt at learning from
partially unlabeled data [44, 45]. First, a model is trained with the labelled
portion of the data. Then, the trained model generates a pseudo label for the
unlabeled portion of the data, so that it can be used to continue the training.

Similarly, a dual learning mechanism is inspired by this method that enables
learning from source-to-target by feedback links, which provide the possibility of
training models with unpaired datasets. He et al. [46] proposed dual learning in
neural machine translation (NMT). In their work, a source-to-target NMT model
(primal) receives feedback from the target-to-source NMT model (dual). This
collaboration between two agents of primal and dual enables learning from mono-
lingual and unpaired data. In addition, there are also some similar approaches in
image processing such as DiscoGAN [47], CycleGAN [48], and DualGAN [49]. Al-
though this method looks promising, both the primal and dual agents are within
the same modality, which diverges the task from the reality of human multimodal
communication.

For a cross-modal task, inspired by the closed-loop speech chain in human
communication (Section 1.1.1), a machine speech chain framework is proposed
to enable ASR and TTS model training from unpaired dataset [50, 51, 52, 53].
Machine speech chain integrates human speech perception and production be-
haviours that utilize the primal model (ASR) that transcribes a text, given the
speech versus the dual model (TTS) that synthesizes the speech given the text
(Figure 1.6).
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Figure 1.6: Machine speech chain (right) inspired by human speech chain (left)
as an attempt to enable semi-supervised learning from unpaired data.

The approach provides freedom from needing a large amount of speech-text
paired data and possibilities to improve ASR performance in semi-supervised
learning by allowing ASR and TTS to teach each other, given only text or only
speech data. The speech-only data is transcribed by a pretrained ASR model,
which text hypothesis then can be used by pretrained TTS model to generate
a speech hypothesis. Therefore, the TTS model can be updated by the speech
reconstruction model. In reverse, a speech hypothesis can be synthesized from
text-only input, which then transcribed by the ASR model. Using the recon-
struction loss of the original text and the text hypothesis, we can update the
ASR model.

Nevertheless, in the cases described before, all of the learning strategies are
designed specifically to handle a modality in their particular task. For exam-
ple, although the machine speech chain reduces the need for parallel data, the
unpaired dataset being used is still related to the input and output of the cross-
modal model itself. Furthermore, in the “Watch, Listen, Attend, and Spell”
audio-visual ASR framework, they arranged flexible learning due to an imbal-
anced number of speech and lip video data. However, such a method can only be
used in their specific multi-source architecture.

Although these approaches are indeed reducing the need for parallel data to
some extent, the idea cannot be used in general for other modalities and other
model architecture due to different characteristics. We propose that there should
be a general framework that defines learning strategies that can be applied for

any modalities and any kind of model architecture. Consequently, that general



framework should be capable to enable learning for such data conditions with any

level of supervision.

Our Proposal:
General framework to enable learning with any data condition by cross-

modal collaboration.

We propose that the solution to these problems are actually can be learned from
how humans learn to communicate in their early days which does not always need
parallel data. Young children can communicate effectively with their parents in
their native language even before they learn to read or write [54]. This means that
if later those children can transcribe a speech, that does not mean they need a
special learning time where both the speech utterance and the text transcription
are given at the same time, as described in Section 1.1.2. From the example in
Figure 1.3 we can also see that the learning process is not always happening when
all of the materials are presented together, but also through a confirmation or
feedback in an interaction.

Therefore, a system that attempts to simulate human communication must
be able to learn from any modalities, even when they are not parallel (at the
same time). In addition, the system should also be able to learn not only from
a supervised approach but also from some confirmation or feedback. Looking at
the dual learning or the machine speech chain mechanism, the feedback comes
from the closed-loop mechanism. While doing a set of cross-modal operations in
a loop, the speech chain can generate a reconstruction loss, which can be counted
as a feedback mechanism that helps the cross-modal model in the loop to learn.

This thesis focuses on generalizing this idea into any modality, so that the
more modality we have, the more feedback we can generate through cross-modal
mapping in between them. Therefore, each of the cross-modal models in the
framework can collaborate in the form of a closed-loop chain. Consequently, we
also need to ensure that the feedback can be yielded and be used for any kind
of cross-modal model architecture. This idea addresses the low-resource data
limitation by also replacing the multimodality limitation as an opportunity. In
this thesis, we propose a multimodal machine chain that is inspired by this idea

using three kinds of modalities: speech, text, and images; while also generating



feedback in the form of reconstruction loss, given various data availability (i.e.

paired, unpaired, single modality).

1.3. Thesis Scope

1.3.1 Thesis Contribution

Data Composition
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technology :
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B &
Figure 1.7: This thesis contribution overview, x-axis: data conditions, y-axis:
supervision levels.

In this thesis, we propose a generalization of the chain mechanism, to enable
cross-modal model learning from any kind of data availability. Figure 1.7 shows
the realm of the problem in enabling speech processing model training in any
data condition (x-axis), with the supervision levels as the implication (y-axis).

First, we formally define the general framework for multimodal machine chain
(MMC). We designed the MMC framework to enable model training from any
modality and any data availability. As a consequence, the MMC framework
consists of learning strategies in various levels of supervision.

Second, we show the MMC framework generalization effectiveness with an
experiment to improve a cross-modal model by leveraging data from unrelated

modality. This approach enables semi-supervised learning from the combination
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of paired data, unpaired data, and unrelated single modality data. We named
this approach as MMC-SemiSup.

Third, to show the robustness of the MMC framework in terms of data avail-
ability, we attempt to realize speech-to-text mapping using a visually-connected
non-parallel data. Therefore, we showcase that the MMC framework can also
enable learning even when the data is fully unpaired. We label this approach as
MM C-WeakSup.

Finally, we tackle one more cross-modal learning problem in terms of represen-
tation. Our proposed MMC framework not only enables training from different
modalities but also able to create a better representation when the optimal one
is not available. We call this as MIMC-SelfSup for this self-supervised approach
to create a discrete speech representation. We investigate it in the Image2Speech
task, where we attempt to learn a speech representation that enables end-to-end
image-to-speech generation without using any text.

In this thesis, we limit our modality scope to textual, visual, and auditory. We
use speech data to represent auditory modality, image data for visual modality,

and the transcription or caption of these data as a textual modality.

1.3.2 Thesis Outline

The structure of the remaining chapters of this thesis is as follows. Chapter 2 is
an introduction to the language technologies in various modalities. We describe
what kind of neural network-based cross-modal model that we use to showcase
our proposed MMC framework in the subsequent chapters. Chapter 3 describes
several levels of supervision in machine learning and the formal definition of the
MMC framework to tackle each of those levels of supervision.

Then, Chapter 4 describes our attempt to use our MMC framework for cross-
modal collaboration through listening, speaking, and visualizing. We describe
our attempt to enable semi-supervised learning of speech processing model with
either paired, unpaired, and unrelated modality data.

Chapter 5 covers our attempt to use the MMC framework to enable speech-
to-text mapping, even when the data is just weakly-connected. This shows the
robustness of our framework to realize weakly-supervised learning, even when the

data condition is more extreme than before.
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Chapter 6 tackles the representation problem in realizing a text-free image-to-
speech generation, which is beneficial for untranscribed unknown language. We
use our MMC framework here to learn an optimal representation for speech, to
enable end-to-end learning directly from image modality to speech modality.

Finally, we conclude our thesis in Chapter 7. In addition, we also discuss

further possible future research in the topic related to this thesis.
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Chapter 2

Language Technologies in Various
Modalities

This chapter describes the current state-of-the-art cross-modal model commonly

uses in the modalities covered in this thesis.

2.1. Neural Speech-Text Processing Models

2.1.1 Automatic Speech Recognition (ASR)

Commonly known sequence-to-sequence ASR model resembling the Listen, At-
tend, and Spell (LAS) framework, uses location-aware attention [21]. As illus-
trated in Figure 2.1, this model encodes a speech feature (i.e. Mel-frequency cep-
strum (MFCC), mel-spectrogram) x = [z, ..., z,] with bidirectional long-short

term memory (LSTM) layers into a speech embedded representation eASE =

[ BOASR GAS R

g o0y Cg

| which is a high-level feature representation used for decoder.
The encoder architecture is usually pyramidal in its depth to reduce the length
of the input.

Then, the decoder receives input character y; for timestep ¢, which is converted
into decoder hidden state d45E. Then, to condition the generation process against

the encoder state, an attention mechanism is generating a context vector ¢; by

ASR

298 given the current decoder

creating a weighted sum of the encoder states e
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Speech encoder: Pyramidal Bi-LSTM

Figure 2.1: ASR model with pyramidal Bi-LSTM

hidden state d2°F as follows:

a; = Align(ef™", d*")

exp(Score(eA9E dAIR))

_ s , 2.2
25321 exp(Score(eASE JASR)) (22)

while variations [55] for score function includes:

(e25%, 5"

, dot product
Score(e]%F, d*f) = § ASRTYY, JASE, bilinear (2.3)

VI tanh(W,[e2A5E dASE]) MLP

Then, the hypothesis probability can be produced by an output layer p, =
out([cs, dA5E]). The loss can be calculated as a softmax cross-entropy loss between

the hypothesis probability p;,; and the one-hot vector of the next character ;..
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The loss function for ASR model can be formulated as:

t C
1
LASR = _Z Z Z ﬂ(yiJrl = C) * logpyi+1[c]' (2'4)
i=1 c=1
:giJrl gi+2
—>» d; > di+l —> ...
Yi Yi+1

Figure 2.2: Teacher forcing in autoregressive model. Regardless of the predicted
token 7,1, the original y;., is being used as the input for the next timestep.

1 gi—|—2
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Figure 2.3: Prediction step without teacher forcing in autoregressive model. The
predicted token g;.; is being used as the input for the next timestep (red line).

Teacher-forcing is used during training, which means that for the next timestep
i+ 1, y;+1 is being used as the input for the decoder (Figure 2.2). During in-
ference, the one-hot label of a class with the highest probability in timestep ¢ is
being used as the input for the next timestep (Figure 2.3).

2.1.2 Text-to-speech Synthesis (TTS)

A sequence-to-sequence TTS receives a text utterance y = [yo, .., ys| and learn to
generate a speech feature x = [xy, .., 24| by optimizing its parameters. The most

common model is the Tacotron TTS [2]. Input sequence consisting of characters
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Figure 2.4: TTS model resembling the Tacotron[2] architecture. In a multispeaker
setting, the decoder is conditioned by k, which is the speaker embedding input.

or phonemes are commonly used for TTS input. First, the inputs are projected
into vectors by embedding layer. Then, it is projected to the CBHG block (1D
Convolution Bank + Highway + bidirectional GRU) with eight filter banks (filter
size from 1 to 8) which produces encoder state e?7% = [el 79 ITS . IT5].

CBHG (See Figure 2.5) is a module that is commonly used in a text-to-speech
model such as Tacotron. It starts with a 1D convolution bank with the stacking
of several filters. The width of the filters is within the range of 1 to K, so that
there are various ranges when encoding the inputs. After stacking the filter result
together and max pooling, it is inputted into a 1D convolution to preserve the time
dimension. Then, the residual connection is added with the latter representation
to make a residual connection. Then, the hidden representation is inputted into
a highway layer so that the output can be encoded further by the bidirectional
LSTM or GRU to get a high-level representation of the sequence.
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Figure 2.5: Illustration of a CBHG layer. A stacking of several 1D convolution
enable narrow and wide context range.

In addition, for a multispeaker model, a speaker embedding is also used to
condition the generated speech. The speaker embedding k is inputted to the
speaker embedding layer as-is or a speaker id can be inputted. In a condition
where no speaker information is available to generate the speech, the speaker
embedding k can be randomly sampled from a known distribution.

The decoder part is separated into two steps. The first step is to generate
mel-spectrogram frames [2¢, 27 ... 27| and an end-of-speech prediction b, €
[0, 1]. If the current frame 7 is the end of speech, then the value of by is 0, else 1.
The generation is conditioned to the encoder states using attention mechanism,

similar to ASR (Section 2.1.1). Finally, a CBHG mel-to-linear is used to project
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the generated mel-spectrogram into a 1025 dimensional linear spectrogram.
For training the first step, an 122 loss is used to compare the generated mel-

spectrogram with the target mel-spectrogram such as:

t
1 ~me
Lt = 7 3 [l = |3, (2.5)
1=0

This loss function is also used in the next step for projecting mel-spectrogram to

the linear spectrogram, so that:
1 t
Lin = 7 3 2l — 2073 26)
i=0

In addition to that, a binary prediction loss is used for the end-of-speech predic-
tion as

Lios = by log(b,) + (1 — by) log(1 — by). (2.7)

Finally, all the losses are summed to train the T'TS model, so that:
Lrrs = Liypel + Liin + Lros (2.8)

During the inference, the phase spectrogram can iteratively be estimated using
Griffin-Lim [56] algorithm from the linear spectrogram, and then reconstructed
with the inverse short-time Fourier transform (STFT) to produce the speech
signal. Inversion to waveform can also be done with other parametric vocoders
such as WaveNet [57] or Universal Vocoder [58].

2.1.3 Quantization of Speech Features (VQ)

An autoencoder [59] ensures that the system reconstructs output that is most
similar to the input data it is given. The architecture of an autoencoder usually
consists of an encoder that encodes the input into a compressed representation
and a decoder that reconstructs the representation. To ensure the statistical
properties of the representation’s latent space, a variational autoencoder (VAE)

[60] was proposed along with training regularization.

18



Reconstructed
Speech

¥

Dec py( | 2, s)

A T
Speaker
Embedding <
Codebook
Vo V1 ...0L
€0 €1...6K
(_
Enc gy (2 | )
Input
Speech

Figure 2.6: VQ-VAE model with speaker embedding
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A vector-quantized variational autoencoder (VQ-VAE) [57] is a variant of
variational autoencoder (VAE) architecture that generates a discrete latent rep-
resentation instead of a continuous representation in VAE. In the quantization
process, VQ-VAE conditions the latent representation to become the element of
the closest code. In this way, we can view the VQ-VAE codebook as a collection
of clusters (codes), where continuous representation derives from the mean vec-
tor of each cluster (code vectors). The purely discrete representation can also be
obtained by simply using the label of the cluster that an encoded representation
belongs to.

As shown in Figure 2.6, a VQ-VAE model encodes input z, which is a speech
feature such as Mel-frequency cepstral coefficients (MFCC) or Mel-spectrogram.
The stack of encoder layers produces an intermediate continuous representation
2z € RPe. Then, it is compared with all possible code vectors in the codebook
to find the code with the closest distance between z and one of the possible
code vectors in codebook [cy, co, ..., ck]. A speaker id s, represented by speaker
embedding V = [vy, vy, ..., vr] € RE*P is used as an additional condition for the
decoder so that the speech reconstruction process (x|z,s) is conditioned on the
codebook vector representation ¢ and speaker information s.

Here, the training objective is defined as follows:

Ly = —logps(alz, s) + se(z) = CI3 + 7l —se(C)3,  (29)

where function sg(-) stops the gradient, defined as:

Jsg(r)
ox

xr = sg(x); = 0. (2.10)

There are three terms for a loss Lyg. The first term is a reconstruction loss
as a negative log-likelihood. This loss ensures that both encoder and decoder can
produce a good speech feature reconstruction Z, as close as the speech feature
input z, given latent representation z and speaker information k. The second
term ||sg(2) — C|3 is used to update the codebook C' so that it is closer to the
encoded representation z. In this term, the codebook is updated while the encoder
remains the same. Finally, the third term ||z — sg(C)||% updates the encoder so

that it produces a representation close to the codebook C. In this term, the
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codebook remains the same while the encoder is updated. The resulting loss by
this term is scaled by a v coefficient.

The codebook creation process in this study’s VQ-VAE model is frame-based.
Through several strided convolutions in the encoder part, one code can represent
several speech feature frames. For example, if the encoder has three convolution
blocks with [2, 2, 3] stride each, then each code in the codebook represents 2 x 2 x
3 = 12 frames. A wider stride means more information is compressed into each
code, which makes the representation more robust but harder to reconstruct.

Figure 2.7 shows the detailed schema of our VQ-VAE structure. The encoder-
decoder part of our VQ-VAE is similar to that of Tjandra et al.’s Transformer
VQ-VAE [3] for unsupervised unit discovery. First, the speech feature input is
passed through a residual connection of several convolutional blocks (ConvBlock).
Then, the output is passed through multiple layers of multi-head attention (Trans-
formerEncoderLayer). The discrete representation (Z) can be inverted back to a
speech feature through a series of interpolation and convolution operations (In-

verseConvBlock) and multi-head attention layers.

2.2. Neural Image-Text Processing Models

2.2.1 Image Captioning (IC)

An attention-based image captioning model encodes image z into high-level fea-
tures [el, ..., el¢] (Figure 2.9). These features are then used as the context
for an attentional text decoder to generate hypothesis captions. To get these
two-dimensional high-level features, a partial image classification model is usu-
ally used by taking the two-dimensional hidden representation after a series of
convolution layer (See Figure 2.8).

Then, these features are attended by a multilayer perceptron attention module
which produces alignment probability a; = Align(el®, d!“) given encoded repre-
sentation e!“ and decoder hidden state d/¢ (Similar to equation 2.1). Then the
alignment probability is used to weight the encoded representation producing con-
text vector ¢;. By the hypothesis probability of each timestep p; = out([cy, dI€]),

the decoder then decodes a sequence of caption hypotheses using teacher-forcing
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Figure 2.8: ResNet-50 architecture [4] for ImageNet classification task. Dotted
box means hidden representation and straight-line box represents neural network
layer.

against the original text sequence. ResNet [4] is commonly used as image en-

coder, and LSTM decoder is commonly used as text decoder, resembling similar
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architecture with Xu et al. (2015) who proposed the “Show, Attend, and Tell”
model [61]. The loss function for IC model for every token at time ¢ = i can be

formulated as:
t C

1
LIC = _g Z Z IL(yiJrl = C) * 10gpyi+1[c]7 (211)

i=1 =1
which is the cross-entropy loss between the label of the next timestep ;11 and
the probability of the predicted token p41.

On the other hand, similar to the LSTM-based image captioning model,
ResNet [4] can also be used as an image encoder in this type of image captioning
model. However, the differences lie in the decoder part. Transformer-based text
decoder to generate text captions can be used with the encoded image represen-
tation as to the generation condition.

The text decoder is trained using teacher forcing on the sequence of text cap-
tion. Commonly known architecture using multi-head attention for the decoder
part is the Vaswani et al.’s Transformer model [62], as illustrated in Figure 2.10.
It is composed of multiple layers, with three sub-layers for each layer. The first

sub-layer is the masked multi-head attention of the target-to-target attention.
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Figure 2.10: Transformer-based image captioning model.

Then, the second layer is the source-to-target multi-head attention. These multi-
head attentions resemble a vector query and a set of key-value vector pairs to
the output. Finally, the third sub-layer is the position-wise fully connected feed-
forward network. After the repetition of these layers, the network is closed with
a linear layer having the same size as the vocabulary so that the probability of

the next token can be decided.
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Figure 2.11: IR model.

2.2.2 Image Retrieval (IR)

An image retrieval model encodes image z and text caption y into embedding
vectors v* and oY (Figure 2.11). The image encoder is usually constructed by
a series of pre-trained convolutional neural networks, followed by pooling and
linear transformation at the end to produce image embedding v*. The vector
representation can be taken after the pooling operation in ResNet-50 [4] (See
Figure 2.8). The recurrent neural network is used to encode the text sequence
into an embedding vY. To combine both the image and text embeddings into a
unique multimodal embedding space, a ranking loss is used with distance d that
defines the distancing between positive (vY,v?) and negative samples (v, v?).
Pairwise rank loss as one of the common loss for image retrieval L;r is defined

as follows:

Lir = ZZmaw{O,M + d(vY,v%) — d(vY, 0%) }+

lov] 02|

Z Z maz{0, M + d(v*,v¥) — d(v*,9¥)}

[v*] |2Y]

(2.12)
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2.2.3 Image Generation (IG)

3 )
> DAMSM < |
Image
| encoder
Bi-LSTM
image _,[BES] 5
caption encoder GO Gn >
r~N(0,1) —>
Y Y Y
Do D, Dn

Figure 2.12: AttnGAN model with DAMSM loss.

Generative adversarial network (GAN) model architecture is commonly used
to generate an image, given a text caption. GAN is a combination of two net-

works:

e A generator G produces data given a noise sampled from a standard nor-
mal distribution. In this image generation task, the generator receives the

text caption as an additional condition to generate the image.

e A discriminator D evaluates the generated data by its adversary task. In
this task, the discriminator is trying to evaluates if the generated image is

conditioned on the text caption or not.

In AttnGAN [63], as illustrated in Figure 2.12, a bidirectional LSTM text encoder
encodes the given image caption. Then its sentence vector is used as a condition
to generate the image in the first stage using the GGy generator model given the
sentence vector and vector r that is sampled from a standard normal distribution.
Then the generated image is evaluated using discriminator Dy. This process
is repeated so that [Gy,...,G,] generates images and [Dy,...,D,] iteratively
evaluates them until step n when the target image size has been reached.

The generation and discrimination process is repeated several times in a

multistage manner alongside a deep attentional multimodal similarity model
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(DAMSM). DAMSM is used to encapsulate that objective in the form of a loss
function. Each feature map of the image is assumed to represent the region of
the image, where they are treated as equivalent entities with word embeddings
from the text caption. Then, the attention mechanism is applied on both the
image vector and text vector, in addition to the image feature map with word
embeddings. Therefore, the text encoder and image encoder can generate similar
embedding, not only in the sentence level but also in the word level.

First, we compute the posterior probability of sentence D; being matching
with image (); as follows:
exp(R(Qi, D;))

P(Di|Q;) = Zjl\il exp(R(Q:, D;))’

(2.13)

where in a batch of training, image (); matches with sentence D;, but the loss is
also considering the contrastive condition where the other M — 1 sentences are a

mismatch. Then, the loss function in the word level can be defined as follows:

M
LY = " logP(D;|Q;). (2.14)
=1

together with the symmetrical definition:

M
Ly = ZZOQP(QHD1>~ (2.15)
i=1

After that, we also define the loss function for the sentence level by redefining
Equation 2.13 by replacing R with conside similarity to get L] and Lj. Therefore,
the final DAMSM loss is defined as:

Lpamsym = LY + Ly + L] + L (2.16)
The generator loss is defined as:

L=Lc+ Lpausyu,Le =Y i=0m—1Lg, (2.17)
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with m as the number of stages, and L, is defined as:

1 . 1 N
L = =5Bsimpo, [log(Di(2:))] = 5Bainpg, [log (Di(3i, €))], (2.18)

where the first part is the unconditional loss to determine if the image is real
or fake. The second part is the conditional loss to determine if the image is
conditioned to the sentence vector € or not.

On the other hand, the loss function for the discriminator is as follows:

Lp, = = 3Baipiura, [109(Di(x:))] = 5Es.pe, [log(1 — Di(#:))]

- o (2.19)
_%Eﬂ?iNPdami [log(Di(l‘i: 6))} - %E@'Npci [lOg(l - Di(‘ri’ 6))]

Which is also the combination of unconditional and conditional loss. Each dis-
criminator D; is trained to classify the input into the class of real or fake by
minimizing the loss Lp,. Here, x; is taken from the image distribution from the
data, where z; is taking from the generator hypothesis. This multistage gener-
ating and discriminating strategy can successfully synthesize image in detailed

clarity that is accurate to the given caption.
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Chapter 3

Multimodal Machine Chain
(MMC) Framework

This chapter will elaborate on the general definition for the multimodal machine
chain framework to address the limited data problem by leveraging feedback from
cross-modal mapping (Section 1.2.3). This framework involves various training
strategies in different levels of supervision, depending on data availability. There-
fore, the multimodal chain framework can maximize the potential of various data

conditions.

3.1. Overview of Machine Learning Model Train-

ing and Levels of Supervision

A machine learning model has a set of parameters to model the distribution of the
data being learned. “Learning” here is achieved by a set of parametric functions
that fits the data into the model parameters. A learning process can be regarded
as successful if the model can accurately model generalize the training data so
that it can predict the label accurately. We define supervision as to how much the
training is being guided by the label found inside the data. A model trained with
a fully supervised training method requires all the training data to be labelled,
while the absence of a label in the data requires the training to be unsupervised.

In this section, we will discuss the difference between levels of supervision in
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training a machine learning model.

3.1.1 Supervised Learning

.Fully Paired Data
:{("BO’ yO)’ (ml’ y1)7 (m27 y2)’ (373, y3)7 '
5(334, Ya), (5, 9s5), (z6, Y6 ), (z7,y7)} E

Figure 3.1: Illustration of a model My _,y trained with fully-paired data in a
supervised manner

In supervised learning, all training data are properly labelled. These labels
guide the training process so that the model can change its parameter to try
to match the information provided by the feedback [64]. Several tasks that use
supervised learning are classification and regression.

Given the definition, supervised model training has less complexity because
the labels or number of classes is already known. However, this learning paradigm
needs a substantial amount of labelled data, which needs to be collected, some-

times manually. Figure 3.1 illustrates a model training with fully paired data.

3.1.2 Semi-supervised Learning

Semi-supervised learning enables model training from a small amount of labelled
data and a large amount of unlabeled data. While the labelled data is being
used for training using supervised learning, the unlabeled data is then used to
continue the model training. The unlabeled data are usually labelled using the
initially trained model, in which this process is called pseudo-labelling. Figure 3.2
illustrates a model training with paired data and unpaired (unlabeled) data.
This learning method enables us to improve a model even when no more

paired data are available. Therefore, it is useful for some situations where getting
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Figure 3.2: Illustration of a model Mx_,y trained with paired data and unpaired
data in a semi-supervised manner

a paired data is difficult or costly. However, this method still needs some amount
of paired data. In addition, the training steps needs to be differentiated for both

labelled and unlabeled data, which increases complexity.

3.1.3 Weakly-supervised Learning

Figure 3.3: Illustration of a model Mx_,y trained with weakly-linked unpaired
data in a weakly-supervised manner

This learning strategy significantly reduces the need for paired data, by al-
lowing training with weak supervision. Although in some cases the definition of
weakly-supervised learning overlaps with semi-supervised learning, this level of
supervision enables learning beyond just using a small amount of paired data.

In addition to that, some weak signals or coarse-grained label information can
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also be used for learning. Figure 3.3 shows an example of model Mx_,y that is
trained with weakly-linked unpaired data. According to Zhou (2017) [65], there

are three kinds of weak supervisions covered within this kind of learning:

e Incomplete supervision: In this kind of supervision, a small amount of
labelled data given is not enough for training the model satisfiably. To
further continue the model training, there are two major techniques that
can be used: active learning and semi-supervised learning. Semi-supervised
learning attempts to use unlabeled data to further improve the model per-
formance altogether with labelled data. This definition has been mentioned
in the previous subsection, however, the point here is that semi-supervised
learning assumes there is no human intervention contrary to active learning.
Active learning assumes there are human experts that can give ground-truth

labels as an oracle.

e Inexact supervision: This weak supervision defines a situation where
the supervision given is not as desired, such as only coarse-grained label

information is given.

e Inaccurate supervision: This situation is where the supervision given is
not always ground-truth. One of the examples of inaccurate supervision is
crowdsourcing, where later ground-truth labels are tried to be inferred from

the crowd.

Although these three typical weak supervision types are mentioned separately,

in practice they may occur simultaneously.

3.1.4 Self-supervised Learning

Self-supervised learning is defined as a process of model learning where the super-
vision is automatically generated or inferred from the data characteristics itself.
This learning style is commonly found in representation learning. For example,
in natural language processing, a language model can be trained to predict a
missing word from a sentence. In speech processing, a speech representation can

be learned by using an autoencoder or denoising autoencoder to reconstruct the
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z,—>» Mx_.y —>79

Figure 3.4: Illustration of a model Mx_,y trained with single modality data in a
self-supervised manner

speech input. Both examples show that in most cases in self-supervised learning,
although the label is found in the data itself, the end product is not the label but
the intermediary representation. In the language model example, the end product
is how the model assigns a probability to the missing words candidate. On the
other hand, the intermediary representation of a speech autoencoder can be used
as a better representation for the reconstructed speech. Figure 3.4 illustrates a

model that is trained with single-modality data to learn a representation output

Y.

3.2. General Model Framework

3.2.1 Introduction to Multimodal Machine Chain

In a crosssmodal X — Y mapping task, let the source modality defined as X,
target modality as Y, and unrelated modality as Z. Suppose there are three
kinds of data based on its availability:

e P, is paired {X,Y, Z} trimodal data,

e U,, . is unpaired data, where there is no mapping between each row of x

and each row of y or z,

e and S, is single modality data, whose modality Z has no relation with the
task modality (i.e. X and Y).
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In this section, we describe how to train this cross-modal model Mx_,y based on
the data availability. We listed several training strategy, corresponding to each
level of supervision related to Section 3.1. Given the data availability, it is also
possible to apply several strategies as several steps interchangeably in any order.
For example, the training can start from the one with the least supervision to the

one with the most supervision, and also its reverses.

Yi —> My .x —>z;—>» Mx.y —>79;

v

[T — » Reconstruction Loss: Ly (Yiy ;)

Figure 3.5: Illustration of chain path Cyxy = {Y — X, X — Y} with |D| = 2,
where Mx_,y is backpropagated by the reconstruction loss Ly, .,

zi —» Mz_y —>@Z—> My .x —>»7z;—>» Mx.y —>»

>) <_id>)

T » Reconstruction Loss: Ly, ., (Q“ yl)

Figure 3.6: Illustration of chain path Cy yy into Czyxy ={Z =YY - X, X —
Y} with |D| = 3 for enabling the semi-supervised chain training from single
modality data z; € S..

3.2.2 MMC with Fully Paired Data (Supervised Learning)

Given enough data pairs of {(z{",v), (z7,y7),..., (z},y2)} € Py, cross-modal
model My _.y can be trained in a supervised manner by minimizing the loss

between predicted g = My_,y(zF) and ground truth y € P,, so that:

ng—w = LMX—>Y (yl‘P7giP§‘9Mx—>Y>7 (3'1)

9MX—>Y = Optim(eMX_n/7 VGA{X%YE)' (32)
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3.2.3 MMC with Partial Paired Data and Large Amount

of Unpaired Data (Semi-supervised Learning)

Since in some cases, there are insufficient data pair in P, so that {(z{’, y¥), (z7,yT),
(2D yP)} € Pu,n < m, cross-modal model My_,y cannot be optimally
trained to get satisfiable quality. Given unpaired data {z{,z¥,....2U} € U,
and {y¥,4Y,...,yY} € U,, cross-modal model My .y training can continue to
use the chain mechanism by leveraging its inverse model My, x.
In this condition, a chain path Cy xy (See Figure 3.5) can be made to continue

training model Mx_,y:
Cyxy ={Y - X, X > Y}, (3.3)
by generating hypothesis 2¥ from inverse model My _x :
& = My x(y)), (3.4)
so that the hypothesis of §¥ can be generated:
g; = Mx .y (2]), (3.5)
which enables the calculation of reconstruction loss €y, . :
Uty = Loty (975953 00y ). (3.6)
In an end-to-end condition, Mx_,y can be backpropagated:
Onix oy = OPUM(Orry oy My oxs Vour, yary_ O (3.7)

while in a non end-to-end condition, Eq. 3.2 is sufficient.

Given the mechanism, the improvement of My _,y is dependent on the quality
of ¥ which functions as a bridge between ¥ — X and X — Y. Therefore,
reciprocally training inverse model Mx_,y with inverse chain operation Cxy x is

also encouraged.
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3.2.4 MMC with Partial Paired Data, Few Amount of Un-
paired Data, and Unrelated Single Modality Data

(Semi-supervised Learning)

When all paired P,, data and unpaired U,, data have been used, model My_,y
can still be improved by generalizing the chain mechanism explained in Sec-
tion 3.2.3. This generalization enables the use of unrelated modality Z to improve
model Mx _,y which was previously only trained within {X, Y} modalities.
First, let us assume now that we have three kind of modalities D = XY, Z,
and paired data {(z{, y¢, 28), (e yf, 20), ..o (@F  yl 2P)} € Pry.yn < m, which
are inadequate to satisfiably train Mx_ .y as in Section 3.2.2. Similar to Sec-
tion 3.2.3, single-modality data {x§,x5,...,25} € S, {y5,v7,...,v5} € S,
and {z5,27,...,25} € S, are available. In this condition, a chain path Czyxy

that leverages Sz single-modality data can be constructed as follows:

CZYXY:{Z%Y,Y—)X7X—>Y}, (38)

by generating hypothesis 4 with model M,_,y :

Qf = MZ*)Y(’ZZS)7 (39)
52';9 == MY%X(QE)? (310)
97 = Mx_y (&), (3.11)

which enables the calculation of reconstruction loss £y, . :
KMXHY = LMX%Y (@f? gf? GMXHY» (312)

In an end-to-end condition, Mx_,y can be backpropagated:

9MX—>Y - Optim(eMXq%MY—m,Mz—wvVGMXH%MYHX,MZHYEL (313)

while in a non end-to-end condition, Eq. 3.2 is sufficient. Figure 3.6 illustrates
this chain path.
As we can see from the process flow, Eq. 3.10-3.13 are similar with Eq. 3.4-
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3.7 because the chain path Cyxy are inside the path of Czyxy. Therefore, an
extension from the chain with |D| = 2 to |D| = 3 can be developed, which further

shows the generalization of the chain framework.

3.2.5 MMC with Fully Unpaired Data (Weakly-supervised
Learning)

In a case where there are no paired data P,, available, a cross-modal model Mx_,y

can still be trained with unpaired data U,, if there is some weak supervision

available to connect X to Y. The weak supervision here are implemented as

a pivot that provides bridging information Bx_,y. Mx_y training will be as

follows:
97,98 = Mx_y (2¥, Bxoy), (3.14)

where model Mx _,y generates both the ¥ hypothesis and ¢ lg alignment hypoth-

esis. Both hypotheses can be used to calculate the supervised loss:

gﬁi—»}/ = LMX—>Y (yz‘lj7gz']3;6]\/[x_,y>7 (315)

in addition to the alignment loss:

al alg ~al
Obey = Larey U, 9775 0rx Ly )- (3.16)

Then, by summing both of the loss £y, = €375+ ﬁ?\lf;_)y, model My _,y

can be backpropagated as follows:

GMX%Y - Optlm(eMXHy7 VGIWX_A/K)' (317)

3.2.6 MMC with Only Single Modality Data (Self-supervised

Learning)
On the other hand, there might exist a data where a usable representation is
not available. In the previous example, the modality X does not have a proper

representation to allow mapping to be done effectively. In this case, a new rep-

resentation of X can be learned using a self-supervised learning strategy with
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z; —» My  xp 3P —>» Myp x —>7;

...y Reconstruction Loss: LMXD%X (a:z s :Bl)

-3 Representation Loss: LM)HXD T, T; )

Figure 3.7: Illustration of chain path Cxxpy = {X — XP XP — X} with
|D| =2 to learn new representation 2”7 € X using reconstruction loss Ly, p_
and representation loss Ly,

using a single modality data {x§,z?,...,25} € S,. Let {20,2P,...,2P} € D,
be defined as the new representation of X. A chain path Cxypx (See Figure 3.7)

can be made:

Cxxpx = {X = XP, XP = X}, (3.18)

by generating hypothesis 2P from model Mx_,xp :

2] = Mx_xn(z}), (3.19)
so that the hypothesis of §¥ can be generated:

B = Mxo_x (&), (3.20)

which enables the calculation of reconstruction loss €/, . :

S 8.
EMX%X = LMX*)XDMXD*)X (xz ) &g ’QMX*,XD,MXD*)X)7 (3'21)
in addition to the representation loss:
S AD.
gMX*}XD — MMy _xp (xl L ’QMXaXD) (3'22)

This training strategy only needs single-modality data such as S, which can

be classified as self-supervised training.
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Chapter 4

MMC Framework for
Cross-modal Collaboration
through Listening, Speaking, and

Visualizing

This chapter describes the use of the MMC framework for a semi-supervised
cross-modal collaboration (MMC-SemiSup) in between several cross-modal mod-
els. First, each of the cross-modal models is independently trained using super-
vised learning as described in Section 3.2.2 using a small amount of paired data.
Second, we take the advantage of the available unpaired data to train the chain
with the framework learning strategy as mentioned in Section 3.2.3. Finally, we
show our general framework capability to enable semi-supervised training using

single-modality data from unrelated modality (Section 3.2.4).

4.1. Introduction

The machine speech chain [50] was successfully enabling ASR and TTS model
training from an unpaired dataset. However, unlike human communication which
is multimodal, it is still unclear how to incorporate other modalities such as visual

modalities in the chain. In addition, the modalities of the unpaired data being
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used are the same modalities of the input and output (i.e. speech and text).
Therefore, the chain mechanism itself is still limited to the task, as described in
Section 1.2.3.

In this chapter, we developed the generalization of this speech chain mecha-
nism into a semi-supervised chain that can generate feedback from any modalities.
Every time an input is converted to another modality and converted back again, it
generates feedback in the form of reconstruction loss. This feedback mechanism is
inspired by human communication that does not need parallel data, as described
in Section 1.2.3. Therefore, a cross-modal model training can be continued with
single-modality data from a modality that is even unrelated to the cross-modal
task itself (i.e. image data to train ASR model). We use the definition of mul-
timodal machine chain framework in Chapter 3, with ASR, TTS, IC, IR and IG
model described in Chapter 2.
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4.2. Previous Work

Many studies have integrated audio and visual information to improve speech
recognition performance, including deep learning approaches. The first end-
to-end approach for audiovisual speech recognition was proposed by Petridis et
al. [37]. A popular extension of the LAS framework [21] (Section 2.1.1), called
“Watch, Listen, Attend, and Spell (WLAS),” was proposed by Chung et al. [66].
This framework introduced a dual-attention mechanism to enable the processing
of speech and/or images together depending on the data availability. Afouras et
al. [38] also proposed a deep audio-visual speech recognition system to recognize
phrases and sentences from a talking face. However, most of these approaches are
used in conditions where the video or face data are highly parallel to the speech
or audio data, a context that creates a monotonic alignment between the visual
and speech modalities.

Sun et al. [67] proposed a “Look, Listen, and Decode” model that uses photos
to improve the ASR process in the Flickr8k dataset. This task is more challenging
than lip-reading tasks because the audiovisual model needs to decide which part
of the image is useful for the transcription task. However, by adding more modal-
ities, such as images, collecting a dataset for this supervised task is complicated
because a parallel triplet is needed: speech, text, and image.

Although adding more modality creates a more robust and flexible system,
all these approaches need parallel data for supervised training. Herein lurks the
difficulty; if a model is translating from one modality to another, it needs a
paired tuplet of data so that it can be trained in a supervised manner. If we
add another modality to the process, then we need a triplet of data, and so on.
This phenomenon, which also briefly mentioned in Section 1.2.3 as the curse of
dimensionality, contributes to the difficulty of building a multimodal system.

To alleviate this limited parallel data problem by enabling training from sin-
gleton data, some methods have been proposed under the name of dual learning
or cycle consistency, as mentioned in Section 1.2.3. The speech chain framework
[50, 51, 52, 53] might be the first framework constructed on different modality
domains (speech versus text). Then, Karita et al. (2019), proposed a semi-
supervised ASR and TTS, that are using autoencoders to enable joint repre-

sentation [68]. In the image-to-text domain, Turbo Learning combined image
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captioning and generation in a joint training framework [69]. In this chapter, we
propose the use of the MMC framework to accommodate the triangle modality

and the loop feedback mechanism.

4.3. Semi-supervised Multimodal Chain Frame-
work Cross-modal Collaboration (MMC-SemiSup)

4.3.1 Previous Work: Machine Speech Chain

This section describes the machine speech chain [50, 51, 52, 53] as a chain im-
plementation with two modalities (|D| = 2). In this framework, ASR and TTS
models are trained in a closed-loop mechanism that allows semi-supervised train-
ing using both paired and unpaired speech and text data. We use the definition

in Section 3.2 to describe the basic machine speech chain:
e X source modality is speech, Y target modality is text,
e Mx_,y model is ASR, My _, x inverse model is TTS,

e both ASR and TTS models are trained with a small amount of P,, paired
speech-text data,

e Cyxy is an unsupervised step to improve the ASR model using U, unpaired
text data,

e Cxyx is an unsupervised step to improve the T'TS model using U, unpaired

speech data.

4.3.2 Proposed: Dual-loop MMC-SemiSup

The generalization of a semi-supervised chain mechanism when |D| = 3 is realized
with three kinds of modalities, X, Y, Z for speech, texts, and images. To connect
each of these modalities in this MMC-SemiSup, we define five kinds of models
and our proposed chain path to improve them in a semi-supervised manner with

single-modality data:
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Figure 4.2: Dual-loop multimodal chain for cross-modal collaboration with image
retrieval (IR) or image generation (IG) (MMC-SemiSupl-IR/IG)

e Mx_,y is an automatic speech recognition (ASR) model that transcribes
speech (X) into text (Y).

e My ,x is a text-to-speech synthesis (TTS) model that synthesizes speech
(X) from text (Y),

e My .y is an image captioning (IC) that generates text captions (Y) from

input images (72),

e and My, can be implemented as an image retrieval (IR) model that re-
trieves image (Z) given a text caption (Y) query or an image generation

(IG) model that generates an image (Z) given a text caption (Y') input.

This chain implementation generalizes the chain mechanism when |D| = 3
by combining two chain implementations when |D| = 2. As illustrated in Fig-
ure 4.2(a), two loops are concatenated with text modality. The left-side loop
is Tjandra et al.’s speech chain [2]-[5], which is connected with our proposed
visual chain (IC and IR/IG) by text modality. This multimodal chain for cross-
modal collaboration is called MMC-SemiSupl1-IR, when the visual chain is
using an IR model, and MMC-SemiSup1-1G, when the visual chain is using
an IG model.

The training steps for MMC-SemiSupl-IR and MMC-SemiSupl-IG are as

follows:
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e Step 1: supervised training with paired data
Each model is trained with a small amount of paired image-speech-text P,,.

data in a supervised manner. (Section 3.2.2)

e Step 2: semi-supervised training using unpaired data

The training can be continued in a semi-supervised manner using unpaired

=N — Lrrs(z, 2) Y=(text)—L 4sp(y, §)
E—TTS ASR
J=(text) Z=A\
ASR E—TTS
€B=‘V\f y=(text)

(a) (b)

Figure 4.3: Unrolled process for speech chain, when the input is (a) speech or (b)
text.

image-speech-text data U,, ., as described in Section 3.2.3. In the speech
chain (Figure 4.3), Cy xy is the unsupervised step to train the Mx_,y ASR
model using the reconstruction loss from the U, data, and Cxyy is the
unsupervised step to train the My _, x TTS model using the reconstruction
loss from the Uy data. In the visual chain (Figure 4.4), Czyz and Cy 2y are
the unsupervised steps to improve the My _,z IR/IG model and My_,y 1C

models.

e Step 3: semi-supervised training using single modality data
Using the learning mechanism described in Section 3.2.4, given speech only
data S,, two chain paths can be made: Cxyx and Cxyzy. The first chain
path (Cxyx) can be used to train the TTS model using reconstruction loss
Ly, - In chain path Cxyzy, the § transcription hypothesis is generated
by the Mx_ .,y ASR model. Then this caption hypothesis is used by the
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Figure 4.4: Unrolled process for visual chain, when the input is (a) text or (b)
image.

My _, 7 IR/IG model to produce image hypothesis 2, which can be used to
generate a caption hypothesis gj by Myz_,y IC model. Ly, ., reconstruction
loss can be calculated by comparing y and gﬁ, which then can be used to

backpropagate the My .y IC model.

On the other hand, given image only data S,, we can make two kinds of
chain paths: Czyz and Czyxy (Figure 4.5). Path Czyz trains the IR/IG
model through the image’s reconstruction loss. We emphasize path Czy xy
that trains the Mx_,yy ASR model, which generates transcription hypothesis
g§ that is transcribed from the Z speech hypothesis generated by the My ., x
TTS model. Then reconstruction loss Ly, ,, can be calculated by compar-
ing the transcription hypothesis ﬁ with caption hypothesis § generated from
the Mz_,y IC model from image input z. The main interest is determining
whether the ASR model can be improved even with the image-only dataset,
which has unrelated modality (text-speech) with ASR.
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Figure 4.5: Unrolled process for cross-modal collaboration between speech and
visual chain (MMC-SemiSupl), when the input is (a) image or (b) speech.
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Ty

Figure 4.6: Single-loop MMC-SemiSup for cross-modal collaboration (MMC-

SemiSup?2)

4.3.3 Single-loop MMC-SemiSup

Next, we propose a single-loop multimodal chain for cross-modal collaboration

(MMC-SemiSup2) to show the implementation of our proposed chain framework
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in a multi-source multimodal model environment. In this kind of MMC-SemiSup,
ASR and IC model is combined to promote sharing between these two models.
Therefore, the loop mechanism resembles a chain implementation when |D| = 2
(Section 3.2.3), although it can still process data with three kinds of modalities
(1D| = 3):

o M;x, 71y is implemented as the ImgSp2Txt model that transcribes speech

or caption images when given speech (X), images (Z), or both (XZ7),
o My x is a TTS model that synthesizes speech (X) from text (Y),

e and My _, 7 is an IG model that generates an image (Z) given a text caption
(Y) input.

As illustrated in Figure 4.6, there is only one loop as the result of introducing
ImgSp2Txt. This ImgSp2Txt model can be trained with image-speech, image

only, or speech only input.

e Step 1: cross-modal model supervised training
When paired image-speech-text data P,,. are available, ImgSp2Txt can be

trained in supervised manner.

e Steps 2 & 3: semi-supervised training using unpaired and single

modality data

The MMC-SemiSup2 has a different semi-supervised step because it oper-
ates in a single-loop mechanism. To adapt it into the chain path notation,
let us assume G = {X, Z, XZ}. Then the IG or TTS model is My ¢, de-
pending on the desired output. Therefore, two chain paths can be defined:

Coye and Cyqy, resembling chain paths when |D| = 2.

The first path Cgyg is used when MMC-SemiSup?2 is given either unpaired
image-speech-text dataset U,, ., speech-only dataset S,, or image-only
dataset S, (Figure 4.7). The ImgSp2Txt model generates text hypothe-
sis ¢ so that either IG or TTS can generate an image or speech depending

on the input. If the input is an image, the IG can be backpropagated by
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Figure 4.7: Unrolled process for single-loop MMC-SemiSup, when the input is
(a) speech/image or (b) text.

the reconstruction loss from the image hypothesis generated by 1G. When
the input is speech-only, the ImgSp2Txt model generates text hypothesis
7, which is used by T'TS to generate speech . By comparing the generated
and original speech in the TTS reconstruction loss, we can backpropagate
the TTS model. Then for the second chain path Cygy, both TTS and
IG produce speech and image from the text input. These speech and im-
ages then can be used to backpropagate the Mg_.y ImgSp2Txt model using
the reconstruction loss Ly, ,, by comparing the original text y and text

hypothesis 7.

4.3.4 MMC-SemiSup Components

e ASR
We use the ASR model described in Section 2.1.1. The input is 80 di-
mensional mel-spectrogram, while the output is text transcription with
character level granularity. The attention mechanism is using multilayer

perceptron (MLP) attention.

e TTS
The TTS model is described in Section 2.1.2. Instead of the phoneme, we
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use the character as input to math the output feature of ASR, similar to
Tjandra et al. [50]. The output of the sequence-to-sequence model is an 80

dimensional mel-spectrogram and a stop token.

1C
IC model for this chapter is build resembling the LSTM-based Show, At-
tend, and Tell model, as described in Section 2.2.1.

IR
We train a shared embedding between image and text for image retrieval,

as described in Section 2.2.2.

IG
We use AttnGAN model described in Section 2.2.3 for image generation

model.

Two-fold image-speech to text

MMC-SemiSup?2 is designed to show the effectiveness of the cross-modal
collaboration mechanism in a multi-source multimodal model environment.
We combine ASR and IC model to create a model that receives image and
speech information and generates the text transcription/caption, as the

example of a multi-source multimodal model which we call ImgSp2Txt.

An image contains the information being spoken in its speech captions. We
designed a single model that does both tasks to exploit this relation in the
ASR and IC tasks. In addition, the model should be able to separately
process speech and images if one of them is not available. When the input
is only speech, this model will produce the transcription of the speech. An
image caption is generated when only an image is provided. Finally, the
model produces a speech transcription with the help of the input image

when both image and speech are provided.

We designed output layer probability sharing between ASR and IC in a
sequence-to-sequence ImgSp2Txt with a dual-decoder model (Figure 4.8).
In this model, the image is encoded by a residual network that produces
high-level feature representation e€* = [ef,..,eZ] of the image. Bidirec-

tional LSTM encodes the speech features into embedded representation
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Figure 4.8: Dual text decoder with audio and visual decoding combination

e* = [e,..,er]. Then the dual text decoder attends both e* and e*. In
training, softmax cross entropy loss Lingspere: is calculated by previously
averaging both the p! and p7 output layer probability for the image and
speech input. If only one is available, the output layer probability of the

respective modality is used.

4.4. Experiment Settings

4.4.1 Dataset

1. Flickr 30k
Flickr30k [70] is an image-captioning dataset which images from Flickr con-
sist of everyday activities, scenes, and events. There are about 150k crowd-
sourced captions with 30k images in this dataset, which makes every image
has 5 captions. Since this dataset only has text as a caption, we generated
speech captions based on them using the Google T'TS. The Google TTS is

just used to generate the dataset, and not for training.

2. Flickr 8k
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Similar to Flickr30k, Flickr8k [71] contains 8k images from Flickr. Each
image has five captions annotated using the crowd-sourcing method. In
addition, to enable the use of this corpus in the speech processing field, it
was extended with natural speech recording using the Amazon Mechanical

Turk crowdsourcing platform. This dataset has 183 unique speakers.

4.4.2 Dataset Composition

Table 4.1: Modality type with three conditions: (1) available paired data denoted
as O, (2) available but unpaired data denoted as A, and unavailable data denoted
as X.

Modality | sp txt img Description
type T Y z
Pyy, O O O Multimodal paired
Usy,- A A A Multimodal unpaired
Sz A X x | Single modality data (Speech only)
S, X X A Single modality data (Image only)

The default dataset split is used for Flickr30k (29k train, 1k dev, and 1k
test) and Flickr8k (6k train, 1k dev, and 1k test). A scenario is designed to
showcase the multimodal machine chain ability to improve model quality in a
semi-supervised manner using a single modality dataset. For Flickr8k, all the
five captions from an image are used, while in Flickr30k, the same settings as the
previously published work [72] are used to balance the image production side.

Table 4.1 lists each possible data modality type that we used in this study.
Each modality type corresponds to a different training step depending on the
scenario to be examined. The first type is all-paired modality type P,,., which
contains triplets of speech, text, and image. This type of data typically has the
lowest number of data compared with other types in the dataset, because in this
study we want to minimize the need for paired data as much as possible. Modality
type U, . means that all three modalities (speech, image and text) are available,
but they are unpaired. Finally, modality type S, and S, are single-modality data
that contain only speech and image modality respectively.

We partition the data into several subsets based on the modality type. De-

pending on the task, the number of data in each subset is different, as shown in
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Table 4.2. Before partitioning the data, we randomly shuffie the order of the keys
in the dataset initially. For measuring the topline performance such as in Sec-
tion 4.5.1, we assume that all data are paired. In this way, we can compare each
of our model performance in supervised mode with other previously published
studies.

To prove our hypothesis that improving ASR with image data is possible with
a cross-modal collaboration, we composed the following data partition on Flickr8k
and Flickr30k. Paired data P,,. has the smallest amount of data, followed by
unpaired data U,, . and S;, S, which comprises the largest portion. First, we
trained the ASR, TTS, IC, IR, and IG models with this data partition, following
steps from Section 3.2.2, Section 3.2.3, and Section 3.2.4. With these trained
models, we can compare which image production method is better for the MMC-
SemiSup: IR or IG. As listed in Table 4.2, the Flickr30k dataset contains 2000
P,,. data, 7000 U, . data, and 10000 S, S, data.

We used Flickr8k with 800 P,,. data, 1500 U, , . data, and 1850 S, S, data
to show that our proposed MMC-SemiSup can also work in a multi-speaker nat-
ural speech dataset. We tested MMC-SemiSup2 with the same data partition
to compare it with a label propagation method (Section 4.4.5). We also tested
what happens when all the remaining data (other than the paired P,,, data) are
unpaired or single modality.

We designed the data partition to verify the effect of the amount of single
modality data on the final performance. Using a model supervisedly trained with
800 P,,. data, we continued the training in a semi-supervised manner based on
Step 3 (Section 3.2.4). The remaining data (other than the paired data) were
regarded as a single modality, which we divided into 2600 S, speech-only data
and 2600 S, image-only data. We ran the experiment with a variable amount of
single modality data to identify the correlation between the data amount and the
final speech processing model performance.

Finally, to see the initial data amount effect of the final speech processing
model’s improvement, we variably changed the amount of paired FP,,, data. After
that, we continued the training using a fixed amount of 1850 S, and 1850 S,
single modality data. The interesting point here is how much the initial model

performance improved.
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The image-only dataset cannot be used in all scenarios without our proposed
cross-modal collaboration training strategy, which implies that no further im-
provement to the existing speech chain can be done. Therefore, our main interest
here is to determine whether ASR improvement remains possible even when only

image data are available.
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Table 4.2: Data partitioning for each subset (in #Image (hours)). n ={0,1,2,3,4,5}, m = {0,1,2,3,4,5,6,7}
Task Note Section Paired Unpaired Single-modality Total
#Pwyz #Ua:,y,z #Sa: #Sz (hOllI'S)
(hours) (hours) (hours) (hours)
Dataset: Flickr30k
. . . - . 29000 29000
Topline For comparison with existing published systems 4.5.1 (51.96) 0 0 0 (51.96)
IR vs IC For comparison between MMC-SemiSupl-IR and 4592 2000 7000 10000 10000 29000
v MMC-SemiSup1-I1G 2 (3.54) (12.55) (19.97) (17.89) | (51.96)
Dataset: Flickr8k
. . . . . 6000 6000
Topline For comparison with existing published systems 45.1 (34.31) 0 0 0 (34.31)
(L?&el\l/lzfg&l%il . For comparison between label propagation and o /o 800 1500 1850 1850 6000
MMC-SemiSup2) our proposed MMC-SemiSup (4.57) (8.57)  (10.70) (10.56) (10.56)
For comparison with label propagation using 1400 900 1850 1850 6000
Label Prop. 11 more paired data 4.5.3 (8.00) (3.43)  (10.70) (10.56) | (34.31)
. . For checking performances when all remaining 800 5200 6000
No single modality data other than paired are unpaired 4.5.4 (4.57) (29.74) 0 0 (34.31)
. . For investigation of effect of increasing single- 800 520n 520n 800-6000
Var. single modality =" 4 it data amount 455 (4.57) O (5.95m) (5.95n) |(4.57-34.31)
V. red For investigating the effect of increasing initial 156 2004+300m 0 1850 1850 3900-6000
ar. paue paired data amount 2P (1.1441.86m) (10.70) (10.56) |(13.14-34.31)




4.4.3 Model Detalils

We implemented all the models described in Section 4.3.4.

Speech Processing Models

We used an 80-dimensional mel-spectrogram for the speech features in the ASR,
TTS, and ImgSp2Txt models. We used character-level granularity for ASR, TTS,
and ImgSp2Txt tasks. The ASR model is a standard Listen, Attend, and Spell
model with multi-layer perceptron (linear) location-aware attention [21]. The
encoder part consists of bidirectional LSTM with the depth of 3 and the size of
256 for one direction. The forward and backward LSTM is concatenated to get
the final encoder hidden representation. We use pyramidal mechanism in between
layers, to reduce the length of the encoded speech feature. With the depth of
three, one encoder hidden representation represents 22 number of frames. The
decoder is an LSTM decoder with 512 size and depth 1. Both encoder and
decoder has a dropout probability of 0.25. We use label smoothing with a value
of 0.05 for the output layer. We trained the ASR model using Adam [73] with
le-3 learning rate. The ImgSp2Txt model uses the same parameter as ASR, with
a combination with IC in the output layer. Both ASR and IC has the same
probability (50:50).

Moreover, we used the T'T'S model described in Section 2.1.2, which is similar
to the Tacotron [2]. We use our own Tacotron implementation and trained it
from the initial state (i.e. not pretrained). We added a speaker embedding with
a dimension of 64 as the condition for the decoder and the start-stop prediction.
The encoder is a CBHG encoder with the prenet size of 256 and dropout proba-
bility of 0.5. Then, we use historical attention [74], similar with the one used in
[51]. To handle unseen speakers when processing a non-paired data, we performed
one-shot speaker adaptation from the pool of paired speech data. The decoder
uses LSTM layer with depth one and hidden size of 512. The stop prediction
module use a hidden size of 256 and the output layer of one. Finally, to generate
a waveform, we use the inverter part of the Tacotron with the projection size of
256 to generate a linear-spectrogram from the generated mel-spectrogram. After
that, we use Griffin-Lim algorithm to finish the waveform generation process, as
described in Section 2.1.2. We trained the TTS model using Adam [73] with
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2.5e-4 learning rate.

Image Processing Models

We implemented the IC model described in Section 2.2.1, which resembles the
Show, Attend, and Tell model [61]. We used a pretrained Resnet-50 [4] on Im-
ageNet task [75] as the image encoder, by removing the last two layers to get a
high-level feature with the size of 512. Then, using multilayer perceptron atten-
tion with the hidden size of 512, we decoded the caption using LSTM decoder
with the depth of one, hidden size of 512, and dropout probability of 0.5. We
trained the IC model with Adam [73] optimizer, with the learning rate of le-4.

The TR model uses a shared embedding between image and text, with a di-
mension of 300. The text embedding is generated using an LSTM encoder, with a
depth of one and hidden size of 512. Then, we use an image encoder with similar
specification of IC, to get the image embedding. We removed the last layer of
ResNet [4], to get a single image vector with the size of 2048. Both image and
text vector are then projected in to a 300 dimension using a linear layer. We
train IR model with stochastic gradient descent with a 0.1 learning rate.

The IG model resembles AttnGAN [63], as described in Section 2.2.3. We use
the same parameters as in their paper. We reduces the number of step into two
steps from three steps, which consequently reduces the image size into 128x128
so that it can reduces memory consumption. The DAMSM mechanism is only
trained on the paired dataset, with a class size of 50. We trained the 1G model
using Adam optimizer with the learning rate of 2e-4 for both the generator and

the discriminator.

Chain Mechanism

Although technically training each element in the chain path is possible with an
end-to-end style [52], we discovered that the gradient for the early components
of the chain became too small for a long chain path. Therefore, in this study, we
just backpropagated the last model of the chain path. When the training failed
to reduce the development loss after a warmup of five, we halved the learning
rate. The training stops when the development loss does not decreased anymore,

with the average of 50 epochs.
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4.4.4 Evaluation Metrics

We evaluated each model with the test set of the dataset with which it was
trained. We measured the ASR performance with the character error rate or
the word error rate (CER/WER) and a bilingual evaluation understudy (BLEU)
[76] for the IC to compare the n-gram between the hypothesis and the reference
captions. We used 1-gram and 4-grams for BLEU, denoted as B1 and B4. In
addition, to measure the TTS performance, we used L2-norm? metrics (denoted
as L.2) to measure the error between the reference and generated mel-spectrogram
sequences. Finally, IG was measured by inception score (IS) [77] to determine

how realistic the IG output was.

4.4.5 Label Propagation

Label propagation [44] is a common semi-supervised training strategy that gen-
erates pseudo labels from partially unlabeled data. In its deep neural network
implementation, this kind of approach is also known as pseudo labels [45]. We
adapted this algorithm to follow our use cases. First, a model is trained with the
labeled portion of the data. Then the trained model generates a pseudo label
for the unlabeled data. To use this as a baseline in our task, we modified the
algorithm to use it for the cross-modal tasks.

Assume that an ASR model is trained using the speech and text parts of the
P, data subset. Then the text part of the U,, . subset is generated using the
trained model. These text hypotheses are used to retrain the model. This process
is repeated for the data in the U, type subset. The same process can be used
for the IC model with the S, type subset. However, for IG and TTS, the last
step using the S, and S, type subsets cannot be used because the data modality
is on the target side. To solve this problem, we generate source-side data using
the corresponding model. For example, to use the speech only S, type subset for

TTS, we generate a text hypothesis using the ASR model on that same step.
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4.5. Experiment Result and Analysis

4.5.1 Topline Scenario

In this section, we simulated a condition where much paired data are available
(Table 4.2: Topline). Our experiment measured our model performance and com-
pared it to previously published studies. In addition, we also listed the method
for each model reported. When no previously published result was available for
the Flickr8k or Flickr30k datasets, we trained our model with the same dataset
that was used in the reported result. Therefore, since each model result reported
in each section (i.e., ASR, TTS) was trained with the same dataset, they are com-
parable. The purpose of this comparison is to confirm whether the model used
in our framework performs as well as the on reported on the previously publised
studies.

We listed all the scores of our topline model in Table 4.3. In the WSJ corpus
[78], our ASR model performed as well as Kim et al.’s result using JointCTC+ Attention
[74]. In addition, we also found that our ASR model can perform as good as Bah-
danau et al.’s ASR model, which has a similar architecture of encoder-decoder
with attention. Then, ASR and TTS work as well as the previously published
results of Tjandra et al. [80, 52]. Our IC model performed as good as Xu et al.
[61] in BLEU4. We also observed similar performance in our IR model in the
Flickr30k dataset, the IG model in the CUB dataset, and the ImgSp2Txt model
in Flickr8k. For image processing related model, we use image augmentation

strategies which increases the model performance.

4.5.2 Proposed: From IR to IG

First, we need to decide whether the IR or the IG model is better for the MMC-
SemiSup. The benefit of using IR is that the retrieved image is of good quality
because no synthesis is needed. However, because the image is retrieved, it is
difficult to return unseen images, especially when the dataset is not parallel. On
the other hand, generating images using the IG model produced better unseen
images because they are synthesized. Even so, the image quality is not ideal,

especially for the open-domain dataset in this study.
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Table 4.3: Comparison of our model performances with existing published results:
1 means lower is better; T means higher is better.

Data Model Method ‘ Result
ASR - CER (%) J

WSJ [78] Kim et al. [74] Content-based Att 11.08
Kim et al. [74] JointCTC + Att 7.36
Bahdanau et al. [79]  EncDec + Att 6.4
Tjandra et al. [80, 52] EncDec + Att 6.43
Ours (Sec. 2.1.1) EncDec + Att 6.60

TTS - L2 |,

WSJ Tjandra et al. [80] Tacotron 0.64

Ours (Sec. 2.1.2) Tacotron 0.68
IC - B1/B4 |

Flickr8k  Xu et al. [61] SAT 66.90 / 19.90

Ours (Sec. 2.2.1) SAT + augment 65.93 / 22.56
IR - R@10 1

Flickr30k Vilalta et al. [81] emb-based IR 59.8

Ours (Sec. 2.2.2) emb-based IR + augment 62.42
IG - Inception T

CUB Xu et al. [63] AttnGAN 4.36

Ours (Sec. 2.2.3) AttnGAN + augment 5.67
ImgSp2Txt - CER / WER (%) |

Flickr8k  Sun et al. [67] Image-LM -/ 13.81

Ours (Sec. 4.3.4) Img+Sp Ensemble 5.16 / 7.13

Table 4.4: Comparison of performance of proposed MMC-SemiSupl-IR with

MMC-SemiSupl-1G on Flickr30k

Training Data Type #Image gEsfi BlI/(]_iAT %;Iz‘f R({@]FI{OT :I[Sﬁ
MMC- Py, Multimodal 2000 | 21.46 45.97/10.55 0.72 14.30 -
SemiSupl-IR +U, , . Multimodal 7000| 4.02 48.00/10.08 0.49 16.08 -
+Sz.. Sp/Img only 10000| 3.51 47.60/9.82 0.44 1550 -

MMC- P,,. Multimodal 2000 | 21.46 45.97/10.55 0.72 - 4.06

SemiSupl-I1G +U, , . Multimodal 7000| 4.02 46.55/10.92 0.49 - 5.59

+S... Sp/Img only 10000 | 2.77 47.33/11.38 0.43 - 7.21

Topline P,,. Multimodal 29000 | 0.68 51.34/13.64 0.40 40.22 7.57

For this, we used MMC-SemiSupl and replaced the image production model
using IR or IG. We labelled each of them as MMC-SemiSupl-IR and MMC-
SemiSup1-IG. We partitioned the data for Steps 1, 2, and 3 following the steps in
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Section 4.3. For the size of each subset, refer to Table 4.2:“IR vs IG” . We trained
all initial model in a supervised manner with paired F,,. type data subset and
semi-supervisedly trained the model inside the speech and visual chains using
Usy.» type subset. As shown in Table 4.4, although both the ASR and TTS
models are unaffected because there is no influence from the image production
model yet, the IC performance between IR and IG in the visual chain can already
be compared. The MMC-SemiSupl-IR improvement in Step 2 is more focused
on B1 than B4, compared with MMC-SemiSup1-IG, which consistently improves
both. For the image production models, both IR and IG show improvement in
their own evaluation metrics.

Next, we connected the speech and visual chains using text modality in Step
3. All the speech processing models in MMC-SemiSup1-IG outperformed MMC-
SemiSupl-IR, showing that a visual chain using IG can generate a better text
hypothesis to be fed into a speech chain than with IR. This result can be quantita-
tively compared in the IC score, where MMC-SemiSupl-IR shows a performance
decrease, although in MMC-SemiSupl-IG both the B1 and B4 scores increased.
We also observed a decrease in the IR model performance. In this step, the IR
model receives text hypotheses generated by the ASR model from the S, speech-
only data subset. Unfortunately, when the IR model needs to retrieve images
for these text hypotheses, it can only get images from the U, and S, type data
subsets. These data don’t have exact matches for such transcribed S, type data
(S, and S, are not parallel), which lead us to infer that the MMC-SemiSup1-IR is
struggling to retrieve unseen images. Although it is possible to use Hybrid IR4+1G
(i.e., IR for Step 2 and IG for Step 3), we decided that this step is inefficient be-
cause we need to train both the IR and IG models. Due to these considerations,

we decided to use the IG model for our next experiments.

4.5.3 Baseline: Label Propagation

In this section, we did label propagation to learn how much improvement we can
get with identical data composition. We call this experiment Label Propagation
I, whose results are shown in Table 4.5. By using the same amount of initial
data, the ASR, IC, and ImgSp2txt models cannot be improved, although some
improvement was reported in the T'TS and IG task.
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To investigate whether more data can raise the improvement, we added more
paired data to the initial step by taking 600 images from the unpaired multi-
modal data in Step 2 and called this experiment Label Propagation II. By using
this new composition, the ASR performance can be maintained, and we found
improvement in the other models. Compared with our proposed MMC-SemiSup,
even with less paired data, such as in Label Propagation I, all of the models can
still be improved. This result shows that our proposed MMC-SemiSup is more
effective than the label propagation method.
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Table 4.5: Comparison of proposed MMC-SemiSupl and MMC-SemiSup2 performances with label propagation

method in Flickr&k dataset

MMC-SemiSupl-IG

MMC-SemiSup2

Training Data Type #Image | ASR IC TTS IG | ImgSp2Txt TTS IG

CER| B4t L22] ISt | CER/ B4t 1L22] ISt

Label Propagation I Py, Multimodal 800 | 36.35 12.75 0.77 5.90 | 26.67 32.23 0.77  5.90

(Semi-Supervised) +U, .y, Multimodal 1500 | 39.57 12,53 0.77 7.04 | 2745 3359 077 7.04
+S, Sp only 1850 | 46.04 - 0.63 - 28.87 35.75  0.63 -

+S, Img only 1850 - 11.41 - 7.20 | 30.31 35.38 - 7.20

Label Propagation II P,,. Multimodal 800+« | 15.52 15.10 0.64 7.25 | 13.54 57.63 0.64 7.25

Plus a =600 +U,,y,. Multimodal 1500-a | 15.36 15.63 0.62 7.82 | 13.22 58.66 0.62  7.82
(Semi-Supervised) +S, Sp only 1850 | 15.28 - 0.55 - 14.36  59.36  0.55 -

+ S, Img only 1850 - 15.86 - 8.86 | 15.24  58.69 - 8.86

Proposed P,,. Multimodal 800 | 36.35 12.75 0.77 590 | 26.67 3223 0.77 5.90

Cross-modal Collaboration  +U, , . Multimodal 1500 | 15.10 13.22 0.59 8.29 | 1488 55.15 0.65 10.12

(Semi-Supervised) +S. Img only 1850 | 12.70 14.11 0.60 9.58 | 13.74 58.65 0.64 10.00

img — sp +S5; Sp only 1850 | 12.39 13.88 0.56 9.03 | 12.84 59.61 0.62 10.40

Proposed P,,. Multimodal 800 | 36.35 12.75 0.77 590 | 26.67 3223 0.77 5.90

Cross-modal Collaboration +U,,y,» Multimodal 1500 | 15.10 13.22 0.59 8.29 | 14.88 55.15 0.65 10.12

(Semi-Supervised) +S, Sp only 1850 | 12.37 13.28 0.56 9.12 | 13.81 58.03 0.62 10.65

sp — img +S, Img only 1850 | 12.06 13.29 0.56 9.11 | 12.32 59.66 0.61  9.95

Proposed P,,. Multimodal 800 | 36.35 12.75 0.77 590 | 26.67 3223 0.77 5.90

Separated (Semi-supervised) +U,, . Multimodal 5200 | 1048 14.23 0.53 6.29 | 13.88 58.60 0.63 9.45

Topline (Supervised) P,,. Multimodal 6000 | 5.76 1991 050 9.66 | 516 79.88 0.50 9.66




4.5.4 Proposed: Comparing MMC-SemiSupl-I1G and MMC-
SemiSup2

After choosing between IR and IG and comparing with the label propagation base-
line, in this section we evaluate the performance of a dual-loop (MMC-SemiSup1-
IG) vs. a single-loop (MMC-SemiSup2) multimodal chain for cross-modal collab-
oration. For the data partitioning in this experiment, we refer to the subset
partitioning based in Table 4.2: MMC-SemiSupl vs MMC-SemiSup2. Initially,
we separately trained all the models using F,,. data in a supervised manner. As
shown in Table 4.5, both MMC-SemiSup1-1G and MMC-SemiSup2 have identical
T'TS and IG scores because they are using the same initial model. ImgSp2Txt has
a better CER score than ASR for this initial step because ImgSp2Txt combines
image and speech information using a multi-source model.

We continued the training of these initial models using the U, , . data sub-
set, and both MMC-SemiSup1-1G and MMC-SemiSup2 showed improvement for
all models. We separated the use of data based on the modality of Step 3 to
understand how specific modality contributes to the improvement of each chain
component. First, we started training with image-only data S, and continued
with speech-only data S, (img — sp). For comparison, we also trained with
speech-only data S, first and continued with image-only data S, (sp — img). As
shown in Table 4.5, in terms of ASR performance, the sp — #mg combination is
more effective. By training with image-only data, we observed improvement not
only in the image-processing related task but also in the speech processing model.
This shows that the cross-modal augmentation inside the chain is effective, either
in a dual-loop MMC-SemiSup1 or in a single-loop MMC-SemiSup2.

Next, we measured the actual effectiveness of the cross-modal augmentation
inside the chain by separately training each speech and visual chain. We as-
sume that except for the 800 paired data P, all the other 5200 data (U, .)
are unpaired. Therefore, each chain gets a hypothesis from its related modali-
ties, unlike our proposed MMC-SemiSup. For MM C-SemiSup1-IG, this approach
yield 10.48% CER which is 1.58 points better than the best approach of 12.06%
when some data have only a single modality (See Table 4.5: Separated(Semi-
supervised)). In a single-loop MMC-SemiSup2, however, our proposed method
remains superior. With our proposed cross-modal collaboration, we can improve
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the ASR performance with unrelated modality data (image) to a decent level
through cross-modal augmentation, even when the speech and image datasets
are disjointed.

We also listed the result when we assumed that all the data are paired. This
result shows the distance between our proposed semi-supervised approach and
the supervised approach. Finally, we compared our best semi-supervised ASR
performance (12.06% CER/17.84% WER), which is comparable to Sun et al.’s
supervised ASR, which has a 13.81% WER on the same Flickr8k dataset [67].
Although our proposed approach is semi-supervised, we can still achieve a com-

parable error rate to a fully-supervised ASR system.

4.5.5 Single modality data amount effect to the final speech

processing model performance

Our proposed multimodal chain for cross-modal collaboration emphasizes its abil-
ity to produce additional improvement in speech processing models even when
no more speech or text data are available. Therefore, we investigated whether
speech processing models improve consistently as the amount of single modality
data increases. For this additional experiment, we refer to the data partitioning
shown in Table 4.2: Var. Single Modality.

Figure 4.9 compares the ASR improvement using MMC-SemiSups with the
initial model performance in terms of CER. The horizontal axis shows the number
of single modality data types (S,.) added in 520-image increments. These in-
crements generated five trained models, whose performances relatively decrease,
given more data to the MMC-SemiSup. The best CER score (23.07%) was reached
using all of the single modality data of 2600 images.

In addition, Figure 4.10 compares the TTS improvement using multimodal
chains with the label propagation method and the initial model performance in
terms of L2% loss. Compared with ASR, the TTS performance is consistently
better, given more single modality data. The best T'TS performance was reached
with the most single modality data of 2600 images, which yields 0.20 L2? loss
improvement compared with the initial baseline. These results suggest that the

improvement from the cross-modal collaboration is positively related to how many
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Figure 4.9: Single modality data amount effect to final ASR performance com-
pared with initial model baseline in Flickr8k natural speech dataset. Vertical
axis: character error rate (CER). Horizontal axis: number of single modality
data added.

more data are used in the semi-supervised step by leveraging the cross-modal

augmentation.

4.5.6 Initial data amount effect to final speech processing

model performance

In this section, we experimentally changed the amount of initial data used to
supervisedly train the initial model with the data partitioning shown in Table 4.2:
Var. Paired. We used data subset P,,. variably to test the training with various
initial data amounts. We continued the training with single modality data S, ..
To measure the effectiveness of the cross-modal collaboration to improve the
performance in semi-supervised steps, we measured the score differences between

the initial model and the model after the semi-supervised step.
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Figure 4.10: Single modality data amount effect to final T'T'S performance com-
pared with initial model baseline in Flickr8k natural speech dataset. Vertical
axis: L2% Loss. Horizontal axis: number of single modality data added.

Table 4.6: ASR performance improvement given various initial data amount in
Flickr8k natural speech dataset.

Py +Szz P,,. CER +S, . CER ACER 1
2004+-m300 images sp/img only | initial model ~MMC-SemiSup ~ MMC-SemiSup
6000 (all training subsets) 0 5.76 n/a n/a
2300 (m="7) 1850 9.97 10.05 -0.08
2000 (m=6) 1850 11.54 11.54 0.00
1700 (m=5) 1850 13.42 13.02 0.40
1400 (m=4) 1850 15.52 14.62 0.90
1100 (m=3) 1850 19.13 18.00 1.13
800 (m=2) 1850 36.35 25.35 11.00
500 (m=1) 1850 77.65 48.41 29.24
200 (m=0) 1850 77.45 72.93 4.52

The ASR performance improvement can be seen in Table 6. Using all the
training sets as initial data (6000 images), we got a 5.76% CER for the ASR

performance. We reduced the amount of initial data and reserved the remaining

data for the semi-supervised step. In this scenario, a larger amount of initial data
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Table 4.7: TTS performance improvement given various initial data amount in
Flickr8k natural speech dataset.

Pry- 5. Pyy. L22 +S,.. L2 AL2Z T
200+m300 images sp/img only | initial model ~MMC-SemiSup ~ MMC-SemiSup
6000 (all training subsets) 0 0.50 n/a n/a
2300 (m=7) 1850 0.57 0.55 0.02
2000 (m=6) 1850 0.70 0.57 0.12
1700 (m=5) 1850 0.61 0.55 0.05
1400 (m=4) 1850 0.64 0.56 0.08
1100 (m=3) 1850 0.66 0.59 0.07
800 (m=2) 1850 0.77 0.61 0.16
500 (m=1) 1850 0.78 0.71 0.06
200 (m=0) 1850 0.86 0.87 -0.01

denotes a better performance in the initial model. We used the same number of
speech and image-only data for all the possible initial data. When the number
of initial data was reduced to 1700 images, our proposed cross-modal collabora-
tion started to show its effectiveness in improving the ASR model performance,
manifested by positive ACER scores. The highest performance increases were
achieved with the initial data pair of 500 images.

However, that is not the case with the TTS model performance improvement
(Table 7). The ALZ2? score remained positive when the initial data sizes exceed
500, suggesting that our proposed cross-modal collaboration improved the T'TS
performance even when the initial T'TS model was already relatively good. The
experiment with an initial data amount of 200 images showed no improvement
in terms of AL22. Since the performance of the initial ASR and TTS models is
too low, they cannot effectively assist each other inside the chain. With these
results, we can conclude that the minimum paired data needed for convergence
in Flickr8k is about 4000 utterances (about 4.57 hours). This is because such an
amount of data will enable ASR training with the accuracy of about 40% CER
in the Flickr8k multispeaker natural speech dataset (Table 4.6). In addition, we
can also refer to Tjandra et al.’s machine speech chain [54], in Table 1, where
they reported that some improvement is still possible even with 2 hours of single-
speaker data (LJSpeech). This is because it enables a baseline with a 31.7%
initial ASR model performance using only 10% of the total data (about 1200

utterances). Therefore, we may conclude that the baseline model performance
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shall achieve about a 40% error rate or less.

We also investigated the feasibility of using the existing pretrained model with
the ASR and TTS model previously trained in the WSJ-S1284 dataset [25]. We
continued the training of this pretrained model in a semi-supervised manner with
the S, . dataset in the same manner with the experiment in this section. We then
tested it with the Flickr8k test set and found an 0.5% CER improvement from the
90.72% CER scores for the initial model. We conclude that although improvement
exists, the domain similarity between the initial and single-modality datasets
must be considered. The WSJ dataset consists of news domain utterances, and
Flickr8k is an image caption dataset that contains declarative caption sentences
that describe what is happening in the images. Therefore, these two datasets
have very few contents overlaps.

From these experiments, we conclude that the accuracy of the initial model,
which was trained in the first step, affects the final semi-supervised chain per-
formance. We also found that our proposed cross-modal collaboration is more
effective in a low-data condition when the initial model can still provide a mean-
ingful hypothesis to assist each other in the semi-supervised chain training pro-
cess. Finally, focusing on ASR performance, we found that the initial paired data
amount of 500 images gave the most improvement, and the one with 800 images
gave a relatively better final CER.

4.6. Summary

In this chapter, we developed a cross-modal model collaboration in the form of
a closely-knitted chain that enables the use of unrelated modality data through
weak supervision. We proved our argument in Section 1.2.3 that with our pro-
posed framework, adding modality will enable more feedback for training, instead
of increasing training difficulties due to limited parallel data problem. We inves-
tigated the use of an adversarial image generation model to enable the generation
of unseen images during the chain process. To enable multispeaker speech pro-
cessing, we also implemented one-shot speaker adaptation. Then, we trained and
tested our MMC-SemiSup in a multispeaker natural speech dataset. Our chain

mechanism can be implemented on an audiovisual model through a single-loop
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MMC-SemiSup, without any significant performance decrease.

Our proposed approach outperforms the label propagation method. Speech
processing components can be improved even when using the image-only dataset,
which is enabled by our proposed cross-modal collaboration mechanism. We also
ran an experiment that determined the effectiveness of our proposed approach
in accordance with the amount of data in the initial and semi-supervised steps.
We found that our proposed cross-modal collaboration is more effective in a low-
resource scenario, when the initial paired data are insufficient to satisfiably train

the cross-modal model
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Chapter 5

MMC Framework for
Speech-to-text Mapping using
Visually-connected Non-parallel
data

visually-connected non-parallel dataset

_______________________________________________________

v
x = |l vavag }- ¢ - coue v = Text
S

untranscribed discrete emantically equivalent
speech  ____J1____ text
unknown representation ' Code2T t1I
speech P v Lodezlext,
_alignment |

Common parallel dataset:

|:| = {(z0, Yo% (2, 92), unsupervised
(z s (T4, Y4 aligner

Visually-connected non-parallel dataset:

B = {(20,32), (21, 3)}

Figure 5.1: Multimodal machine chain framework for weakly-supervised speech-
to-text mapping (MMC-WeakSup)

The previous chapter has described our attempt in generalizing the machine
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speech chain into any kind of modalities and any kind of data availability, in the
form of MMC-SemiSup. However, such a chain mechanism still needs paired data
to initialize the cross-modal model. In this chapter, we attempt to use the MMC
framework for speech-to-text mapping using visually-connected non-parallel data
using part of the general framework mentioned in Section 3.2.5. We call this
“mapping” since the system attempts to learn the semantic association between
speech and text instead of recognizing the speech with the exact word-by-word
transcription. Unlike MMC-SemiSup, this MMC application does not need paired
data. Referring to the levels of supervision described in Section 3.1, our proposed
approach in this chapter can be categorized as a weakly-supervised learning with
inexact supervision. We call this application of MMC as MMC-WeakSup,
where our proposed model learns to map speech-to-text by exploiting the partial
overlap between the two, based on the fact that both of the speech and text are
both visually-connected.

MMC-WeakSup is implemented as a novel cyclic partially-aligned Transformer
with two-fold mechanisms (See Figure 5.1). First, we train a Transformer-based
vector-quantized variational autoencoder (VQ-VAE) to produce a discrete speech
representation in a self-supervised manner. Then, we use a Transformer-based
sequence-to-sequence model inside a chain mechanism to map from unknown
untranscribed speech utterances into a semantically equivalent text. Because this
is not strictly recognizing speech, we focus on evaluating the semantic equivalence
of the generated text hypothesis. Our evaluation shows that our proposed method
is also effective for a multispeaker natural speech dataset and can also be applied

for a cross-lingual application.
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5.1. Introduction

In human communication, it often does not matter whether we can figure out
word-by-word what the speaker is saying as long as we understand the semantic
message the speaker wants to convey. Therefore, we argue that it may be possible
to address the construction of spoken language processing without having speech
utterances and the exact corresponding transcriptions, which are generally un-
available. In fact, there are many available collections of texts and pictures from
online books, and there are many available speeches recorded with images/videos
in social media (i.e., YouTube). If we could link to those images, we might be
able to create visually connected non-parallel speech-text data.

This study addresses weakly-supervised speech-to-text mapping problem given
only a collection of visually connected non-parallel speech-text data. This may
be considered one of the new ways of building speech-to-text transformation sys-
tems within a language but without using ASR. The system learns the semantic
association between speech and text instead of recognizing the content of speech
utterances with an exact word-by-word transcription. It can also be considered as
a paraphrasing or translation task from unknown untranscribed speech utterances
into semantically equivalent texts. Since this system does not strictly recognize
speech, we focus on evaluating the semantic equivalence of the generated text

hypothesis.

5.2. Related Work

As mentioned in Section 1.2.3, research on constructing technologies with less
or without parallel data has been gained attention. To date, various approaches
have been proposed for developing voice conversion systems with non-parallel data
(82, 83, 84, 85]. One approach applies unsupervised neural machine translation
to develop a text-to-text translation system without using any paired data [86,
87, 88, 89]. However, those works focus on mapping within a single modality
framework (i.e., speech-to-speech or text-to-text). On the other hand, mapping
between different modalities is more challenging due to the differences in the data

characteristics.
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In a speech-to-text mapping task, speech features are continuous vector se-
quences while the corresponding text is formed in discrete sequences. Unfortu-
nately, scant research has considered multi-modality mapping tasks with non-
parallel data. Within the limited research on speech-to-text mapping tasks with
non-parallel data, Sarl et al. (2020) recently proposed a spoken language un-
derstanding system trained on non-parallel speech and text data [90]. However,
the model is more focused on dialog-act recognition rather than generating a
descriptive sentence.

In this chapter, we focus on generating a descriptive sentence of the message
being spoken. Specifically, the system attempts to learn how to generate seman-
tically related text messages from speech utterances. We introduce the possibil-
ity of conducting weakly-supervised learning based on non-parallel data using a
partially-aligned Transformer. We also introduce discrete speech representations
using a vector-quantized variational autoencoder (VQ-VAE) to reduce the com-
plexity of speech-text mapping, which also solves the low-resource problem and
opens up possibilities for our proposed method to be used in an untranscribed

unknown language.

5.3. Proposed Weakly-supervised Speech-to-text
Mapping

Our proposed framework transforms a speech X into a sentence Y, by leveraging
the non-parallel speech and text data (Figure 5.1). We use part of the MMC
general framework as described in Section 3.2.5. First, to simplify the speech
variability and its length discrepancies in text, we train a Transformer-based
VQ-VAE to learn a discrete speech representation in a self-supervised manner.
Then, we perform unsupervised alignments between the resulting discrete speech
representation and the discrete target text sequences. Since the speech source
and target text are generally based on the same images, we assume that some
parts of speech and text content are semantically associated or aligned, which
are then used by a partially-aligned Transformer model for speech-text mapping.
Finally, we use the cycle mechanism as an augmentation to further improve the

partially-aligned Transformer model.
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5.3.1 Model Components

e Transformer-based Vector-quantized Variational Autoencoder
We use the VQ-VAE model with speaker embedding described in Sec-
tion 2.1.3 to learn speech discrete representation in a self-supervised man-

ner.

e Partially-aligned Code2Text Transformer Model
A partially-aligned Code2Text model uses the alignment of discrete speech
representation C' = {cg,c1,...,c,} with the discrete target text sequences
Y = {vo,y1,.-.,Ym}- Inspired by the partially-aligned training strategy
[91] for sequence-to-sequence neural machine translation (NMT), we mod-
ified a vanilla Transformer-based NMT model [62] into a partially-aligned
Code2Text Transformer model by leveraging the alignment information be-
tween the input and output (see Figure 5.2). Let us assume that P. and
P, form the list of aligned words from the C' and Y sequences. First, we
penalized the source-to-target attention score in the decoder, so if y; ¢ P,,
the attention context vector for that word is zero (C; = 0). Then, we also
add an additional attention loss to emphasize the alignment between the
partially-aligned part in a supervised manner. We create a hard-attention

matrix H, where:

1 if¢;eP.andy;, € P,
H, = Y= (5.1)
0 otherwise

so that the original attention matrix A can be supervised with attention

Lot = 30 11Aus, Hiy (5.2)

i=0 j=0

loss Ly as follows:

Finally, we weighted the softmax cross-entropy loss L., with L, as follows:

L = Lce + OéLatt- (53)

e Cycle Mechanism

We implemented a Code2Text and Text2Code chain to further improve the
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Figure 5.2: A Transformer-based Code2Text for partially-aligned input-output

performance of our proposed method (Figure 5.3). We used the chain train-
ing mechanism for unpaired data described in Section 3.2.3, but without
using any paired data. Given a text-only dataset D,, a text y is translated
using the Text2Code model, generating a ¢ code hypothesis. This code
hypothesis is then translated back into y by the Code2Text model. Then,
we can backpropagate the Code2Text model using the reconstruction loss

between y and 7.
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Figure 5.3: Unsupervised augmentation with chain mechanism

5.4. Experiment Settings
5.4.1 Visually-connected non-parallel speech-text data

Common parallel dataset:

0 = {(z0, ), (21, 31), (22, 2),

(z3,93) (T4,94)}

Visually-connected non-parallel dataset:

= {(=0,%2), (x1,33)}

Figure 5.4: Visually connected non-parallel speech (z) - text (y) data

We used Flickr8k [71], which contains 8k images of everyday activities and
events. For the synthetic speech caption, we generated single-speaker speech
using GoogleTTS from the text caption. Then, for the natural speech caption,
we used Flickr Audio [92], which was recorded using the crowdsourcing method
with 183 unique speakers. We use the development and test sets which consist of
1k images each.

We formulated the training set differently from the original Flickr8k dataset
by splitting the data as a visually grounded paraphrase (VGP) [93] to ensure a
“semantic equivalence”. In this task, we need to show how our proposed method
can learn from non-parallel speech-text data but with semantically similar mean-
ing. While each image in this dataset has five speech and text captions, we
choose two captions as speech only data and another two captions as text-only
data (Figure 5.4). Therefore, both the speech and text have the same image,

which guarantees semantic equivalence between the pseudopair. This partition
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yields 12k speech utterances, and 12k of text caption, with both sets are disjointed
((xivyj)vi # j)

To show that our proposed approach can also be applied for a cross-lingual
application, we also ran a cross-lingual experiment using English speech from
SpeechCOCO multispeaker dataset [6] to the Japanese text from the STAIR
Caption dataset [7], where this non-parallel speech-text mentions the same image
from the MSCOCO dataset [94]. We take the matching amount of data and
process it similarly to how the Flickr8k dataset is handled. We assume that the
English data is the speech from an unknown and untranscribed language, where

a visually connected non-parallel Japanese text exists.

5.4.2 Model Parameters

We extracted the Mel-spectrogram (80 dimensions, 25-ms window size, 10-ms
time steps) using the Librosa package [95]. This speech feature is used as the
input and output of the VQ-VAE model that has a 256 codebook size and 32
code dimensions. For adapting with the natural speech dataset, we froze the
codebook part of the VQ-VAE model so that each code still represented the same
speech segment. We trained the VQ-VAE model with the bucket size of 20000
frames, with 150 epochs in average. We choose the model in the epoch with the
lowest development loss to generate the discrete speech representation.

We used a Transformer-based text encoder and decoder with a depth of 6 and
a size of 512 hidden units. For the output layer, we used label smoothing with a
factor of 0.005 and beam decoding with a size of 3. The vocabulary consists of
words in the text-only training data that appear at a frequency of more than one
time. We used Fast Align [96] as the unsupervised aligner. The Code2Text and
Text2Code model consist of 6 transformer layer each for encoder and decoder,
using multihead attention with the size of 512 and a feed forward layer with the
size of 2048. We used dropout mechanism with the probability of 0.2 for embed-
ding layer, and 0.3 for the transformer layer. Both the Code2Text and Text2Code
model are trained with the batchsize of 50. Inside the chain mechanism, we only
updated the last element of the chain due to memory limitation. We trained all
models with the Adam optimizer [73] using a learning rate of le-4. We halved

the learning rate when the development loss does not decrease after a warmup of
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five.

5.4.3 Evaluation Method

We evaluate our proposed model performance by running an inference step using
the dev and test set of the dataset the model is trained with. We use common
metrics in the image captioning task: bilingual evaluation understudy (BLEU)
with 4-gram [76] and CIDEr [97]. A BLEU score measures the n-gram similar-
ity between the hypothesis and references, while CIDEr measures consensus by
evaluating beyond the n-gram exact similarity. We used both metrics in a multi-
reference condition. In addition, to evaluate the semantic aspect, we developed a
cosine-similarity based metric (Sim%) for multi-reference evaluation by calculat-
ing the highest cosine similarity between the hypothesis sentence embedding and
the reference sentence embeddings. We generated the sentence embedding using
the Sentence Transformers toolkit [98] with the pretrained models of RoOBERTa
[99] for English and Universal Sentence Encoder [100] for Japanese.

We calculated the corpus vocabulary statistics such as the number of unique
words and the vocabulary utilization ratio to measure how rich the hypotheses
are. We reported the Pearson’s correlation coefficient (r) score between the word
frequencies of the hypothesis and the training set to show how good a model

could learn to mimic the training set’s word distribution.

5.5. Experiment Result and Analysis

5.5.1 Result on Single-speaker Synthesized Speech Non-
parallel Dataset

In Table 5.1, we provide the baseline score of a random selection to show that
our trained model produces a coherent hypothesis. We also reported the score
of the ASR model trained directly on the non-parallel speech-text data. Then,
we trained the VQ-VAE model using the speech data, and generated the code se-
quence as a discrete speech representation. The code sequence can then be used to
train a Code2Text model against the partially-aligned text caption. Our proposed
Code2Text model delivers a better score than the ASR baseline, which shows that
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Table 5.1: Experiment result in the Flickr8k synthesized speech non-parallel
dataset

Model Dev Test
Sim% BLEU CIDEr|Sim% BLEU CIDEr
(Baseline)
Random selection 16.73  2.28 3.42 |16.25 2.22 3.58
ASR [21] 16.86 5.64  7.63 |16.94 4.69 7.08
(Proposed)
Code2Text 35.58 15.30 31.48 | 35.79 15.04 31.66
+Partial Code2Text |40.58 16.95 36.11 | 40.94 16.80 36.86
+Cycle Augmentation| 40.03 16.74 36.44 |40.47 17.25 37.52

our discretization method using VQ-VAE provides more efficient learning due to
reduced variability compared with mel-spectrogram.

Then, because the input and output are discrete, we can approximate the
alignment between the generated code sequence and the partially-aligned text
using an unsupervised aligner. We next use the alignment information to influence
the source-to-target multi-head attention by producing an additional L.;. We
found that by multiplying Ly with a = 0.9, we could obtain about 5.15% cosine
similarity and 5.2 CIDEr points improvement on the test set, compared with a no-
alignment model (Code2Text). We also trained the partially-aligned Text2Code
with the same steps. After that, we use it in a cycle mechanism to achieve cross-
modal augmentation which yielded a 0.66 CIDEr improvement. We also trained
an ASR model with parallel data for a topline comparison, which yield 89.81%
cosine similarity, 81.43 BLEU, and 206.59 CIDEr scores on the test set.

5.5.2 Adaptation Result on Multispeaker Natural Speech
Non-parallel Dataset

Furthermore, we adapted our trained model to also support a multispeaker natu-
ral speech dataset using the Flickr8k multispeaker natural speech dataset, which
we also use for testing. As shown in Table 5.2, our adaptation improves CIDEr by
20 points compared to the baseline ASR and 17 points compared to simply using
the best model in Table 5.1 (no adaptation). We also trained a topline model
with the parallel dataset, which yields 82.75% cosine similarity, 70.24 BLEU, and
176.42 CIDEr scores. Next, we took the best score of the test set from Table 5.2
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Table 5.2: Adapting best Speech2Text model trained on Table 6.2 to the Flickr8k
multispeaker natural speech non-parallel dataset

Model Dev Test
Sim% BLEU CIDEr|Sim% BLEU CIDEr
(Baseline)
ASR [21] 1630 323 930 [15.18 3.09 9.07
(Proposed)
Cyclic Partial Code2Text
no adaptation 21.37 784 11.64 |21.31 7.83 11.69
with adaptation 35.70 14.64 29.80 |35.35 14.57 29.01

Table 5.3: Our proposed Speech2Text vocabulary utilization statistics for the
Flickr8k multispeaker natural speech dataset (Table 2) in comparison to the base-
line.

Metric Baseline Proposed
Number of unique words 20 300
Vocab utilization ratio 0.69% 10.42%
Pearson correlation (r) 0.343 0.958

and compared the corpus statistics in Table 5.3. We found that the baseline sys-
tem did not converge, as shown by the very low number of unique words with only
0.69% of the vocabulary being used. In comparison, our proposed model yielded
10.42% vocabulary utilization ratio. Moreover, our proposed method shows bet-
ter modelling of the vocabulary with a Pearson correlation (r) of 0.958, which
is close to the topline of 0.999. This shows that our proposed partially-aligned
Code2Text can model the training set word distribution as successfully as the
topline, even without using any parallel data. In addition, even with limited
vocabulary, our proposed method can still effectively convey the semantics of a

partially-aligned speech.
Table 5.4: Example results from the test set

Model Sentence

Baseline | two dogs are running through the grass .

Proposed | a woman and a little girl are smiling .

Reference | a laughing woman holding a little girl .

Baseline | a man and woman pose for a picture .

Proposed | a man in a red shirt is rock climbing .

Reference | a man poses as he jumps from rock to rock in a forest .

Table 5.4 shows a comparison of results between our proposed model, baseline

ASR, and the input speech transcription (reference). The first example shows the
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baseline ASR model hypothesis which is totally unrelated to the reference. Our
proposed method generated a hypothesis that semantically, closely resembles the
reference, even while replacing the word “laughing” with “smiling”. Then, in the
second example, our proposed method successfully described the rock-climbing
activity mentioned in the speech (reference). Although it is not an exact one-
to-one transcription, the speech content itself can be successfully described in
each of our proposed method’s generated hypotheses. We are confident that this
result will be very useful under the condition where no parallel speech-text data

are available, in addition to handling an untranscribed unknown speech language.

5.5.3 Result on Cross-Lingual Scenario

Table 5.5: Experiment result under cross-lingual EN-JA condition of transforming
multispeaker English speech [6] to non-parallel Japanese text [7]

Model Dev Test
Sim% BLEU CIDEr|Sim% BLEU CIDEr
ASR [21] 24.85 2.39 1.63 |25.13 2.50 1.54
(Proposed)
Code2Text 30.15 13.17 1296 | 30.28 13.49 13.22
+Partial Code2Text |30.08 13.33 13.94 | 30.06 13.41 13.57
+Cycle Augmentation| 30.51 13.36 14.21 | 30.33 13.40 13.75

Finally, we demonstrate how our proposed method can be used under a cross-
lingual condition. As shown in Table 5.5, we found that the partial Code2Text
and the cycle augmentation showed a little improvement in terms of CIDEr score.
We hypothesize that this is due to the difficulty of aligning between different
language structures (i.e., SVO for English, but SOV for Japanese). Nevertheless,
while the baseline ASR did not show convergence, our proposed model could
still achieve BLEU score of about 13 points even with a small amount of non-
parallel data. This shows the effectiveness of our proposed discretization using
the transformer-based VQ-VAE.

5.6. Summary

In this study, we use our proposed MMC framework for a weakly-supervised map-

ping task to transform unknown untranscribed speech utterances into a semanti-
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cally equivalent text, even without a parallel speech-text dataset. Our proposed
system uses a pipeline of VQ-VAE to generate a discrete speech representation,
and a partially-aligned Code2Text Transformer model to learn the mapping be-
tween the code and the text. We also employed a cyclic augmentation strategy
to further improve the performance of the Code2Text model. Our experiments
with a multispeaker natural speech dataset showed improvement in every aspect
that we examined. Our analysis of the text hypothesis shows that our proposed
method can produce a more semantically relevant text. For future work, we
will explore methods to increase the vocabulary utilization ratio, including an

adversarial training method.
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Chapter 6

MMC Framework for End-to-end
Image-to-speech (Generation for
Untranscribed Unknown

Language

image ) text-to-
captioning (teXt) speech} V'

image speech

Our proposed approach
(no text required)

Figure 6.1: Image2Speech: direct image-to-speech captioning without using text
as a bridge.

This chapter describes our approach to create synthesize a speech caption
from an image, using part of the MMC framework defined in Section 3.2.6. As
commonly known, speech has a continuous representation with a high variability
due to the difference in pronunciation due to various factors such as speaker,
context, and others. To reduce this variability so that a direct image-to-speech
is possible, we introduce a discretization step using part of our MMC framework
that supports self-supervised learning, which we call as MMC-SelfSup. This
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chapter describes our attempt to use the MMC-SelfSup as a part to develop an
end-to-end Image2Speech system that does not need any textual information in

its training.

6.1. Introduction

Popular natural language technologies such as automatic speech recognition (ASR),
machine translation (MT), and image captioning (IC) are mostly built on the
assumption that every language has an orthographic representation. However,
some languages do not have reliable orthographic features such as those that
can provide a textual transcription [101], which renders these technologies im-
practical. To overcome this issue, an approach named “Zero Resource Speech
Technology” aimed to construct a speech system without any textual representa-
tion [54, 102, 103]. This kind of setting is inspired by the fact that young children
can communicate effectively in their native language even before they learn to
read or write [54].

Several applications of this zero resource setting have been explored in building
a speech representation for tasks that mimic human language development such as
acoustic unit discovery [104, 105, 106, 107, 3], subword modelling [108, 109, 110],
and spoken term discovery [111, 112, 113]. These tasks focused on discovering
a speech representation with minimal supervision, which generalizes across lan-
guages, especially for an unseen language. On the speech production side, the
Zero Resource Speech Challenge 2019 aimed to build a TTS without T (text-
to-speech without text) to bolster the zero resource settings in terms of speech
generation [102, 3]. Moreover, there was also an attempt to achieve speech-to-

speech translation between untranscribed unknown languages [114].
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L8

Table 6.1: Our contribution in comparison with Hsu et al. (2020) [19]

Factor Hsu et al. (2020) Ours
Speech representation model | Visual grounding-based Speech reconstruction-based with VQ-VAE
> Training data Required a large amount of paired image-speech data Possible with speech-only data
> Duration information Information lost due to run-length-encoding (RLE) Information intact because of frame-based encoding

. Required to train separate T'TS with additional speech Possible without additional TTS and additional data.
Speech generation model .

data Generate speech from the speech representation model.

Optimization Separately End-to-end finetuning




Given these attempts to develop language technologies for these languages,
there is one crucial aspect of natural human communication that has not yet
been explored. Orally describing what we are seeing is a simple task that we are
able to do from our early days. This activity includes an observation of what
objects are seen and what are the relationships among those objects. Then, we
speak to describe the observed object in the form of a descriptive sentence. Cur-
rently, the construction of such a system is done by cascading image captioning
and TTS models, which come from two separate fields: image and speech pro-
cessing. Unfortunately, this implementation still relies on the textual modality
as a bridge, which makes it impossible for use in untranscribed unknown lan-
guages. In this study, we combine these two fields by proposing an end-to-end
direct Image2Speech generation method without text (see Figure 6.1), which we
call MMC-SelfSup.

Consequently, the simplest way to accomplish this Image2Speech task is to
have a large amount of parallel image and speech data to train a generation
model. However, such parallel data are not common as data pairs and thus are
often unavailable. This has not yet been addressed in the previously published
Image2Speech works [115, 116, 5].

From these observations, we find that there are two main problems: (1) some
languages do not have a written form and (2) a large amount of parallel image-
speech data are often unavailable. To resolve these problems at once, in this
study, we use a simpler approach to learning a discrete speech representation
from speech-only data, instead of using the grounding-based approach [5] that al-
ways needs paired image-speech data. We use a self-supervised transformer-based
vector-quantized variational autoencoder (VQ-VAE), which has been proven to
deliver a promising discretization score for untranscribed unknown languages in
the recent Zero Resource Speech Challenge [107, 3]. As a result, we greatly reduce
the amount of needed parallel image-speech data, as shown by our experimen-
tal results that surpass those of the most recent frameworks, even while using a

smaller amount of parallel data.
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6.2. Related Work

6.2.1 Image2Speech with Text

Image2Speech is a relatively new task that bridges image and speech process-
ing. Previously, both modalities have been processed separately using textual
modalities as a bridge between them. This same approach was done by Ma et
al. (2019) by learning multimodal representations [117]. With their proposed
multimodal information bottleneck framework, they were able to train a model
with disjointed image-text and text-speech datasets. Then, during the genera-
tion process, they did what they called a “skip-modal generation” so that the
shared modality (text) is skipped during the generation process. Although this
work successfully captions an image into speech, its training process still uses text
as a bridge, which is different from what humans do during their early learning
process.

Hasegawa-Johnson et al. (2017) proposed a more direct approach for Im-
age2Speech tasks by converting an image feature into speech unit sequences such
as L1-Phones and L2-Phones. The speech unit sequences are then used by TTS
as inputs to generate speech utterances. In addition, they also experimented with
pseudo-phones, which are generated by an unsupervised statistical-based acoustic
unit discovery system [104]. However, their approaches using L1- and L2-Phones
still need textual information to generate the phones from the speech. Then, their
pseudo-phones approach performed poorly with 1.4 BLEU on a synthetic speech

dataset and it was not tested on a natural speech dataset.

6.2.2 Image2Speech without Text

In the previous section, those previous studies used text as a symbolic repre-
sentation of the objects found in the image. Similarly, to implement a text-free
approach, Hsu et al. (2020) proposed a visual-grounding approach [5] that gen-
erates a set of discrete units associated with speech segments and visual objects.
Then, they trained a T'TS model using a separate speech-generation dataset with
the input of those speech units. However, although this approach can successfully

replace text as an intermediate representation, the training process for discrete
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speech units still needs a full amount of parallel image-speech data, which are
not commonly found data pairs in real-life conditions. In addition, they also
applied run-length encoding (RLE) so that each speech unit’s discrete represen-
tation could be easily assigned to an image object. Unfortunately, RLE is a lossy
approach that removes the duration information from the speech units, and thus
a separate TTS model is needed to recover the duration information during the
unit-to-speech generation process.

In our proposed approach, we train the discrete speech unit representation
with a speech-only dataset in a self-supervised manner, as opposed to the ap-
proach of Hsu et al. [5] that needs paired image-speech data (See Table 6.1). This
consequently reduces the amount of parallel image-speech data needed in our pro-
posed framework. In addition, our reconstruction-based autoencoder model can
be re-used during the inversion of a speech unit into speech. In this way, we are
also able to remove the use of the previously required lossy RLE (e.g. [5]), which
is impractical because it removes duration information from the speech. There-
fore, we do not need to train a separate T'TS model as did other approaches
(e.g. [115, 116, 5]) because the speech-generation process from the discrete unit
is simply an inversion process in the autoencoder part of our proposed frame-
work. Moreover, our proposed approach also does not need any additional speech
synthesis dataset for training a TTS model, as needed by another work [5]. As a
result, we propose an architecture for the Image2Speech task without any text,
where the data requirement for training also corresponds to real-life conditions

(i.e. lots of speech-only data, few parallel image-speech data).

6.3. Proposed Self-supervised Discrete Speech Rep-
resentation for End-to-end Image2Speech Gen-

eration

6.3.1 Model Components

e Vector-quantized Variational Autoencoder (VQ-VAE)
We use the VQ-VAE model with speaker embedding described in Sec-
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Figure 6.2: Overview of our proposed Image2Speech for direct image-to-speech
captioning without text.

tion 2.1.3 to learn speech discrete representation in a self-supervised man-
ner. We call this MMC-WeakSup, based on the MMC framework definition

in Section 3.2.6. We can list the variables for this task as follows:
— VQ-VAE represents a chain path Cxxpx, where
— modality X is speech, and
— learned representation X7 is the codebook of the VQ-VAE.
e Transformer-based Image2Code Generation
We use a transformer-based image captioning model mentioned in Sec-

tion 2.2.1. We train the text decoder part using teacher forcing on the

sequence of codebooks C'. This determines the size of the output-embedding
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and softmax layer on the end, which is constrained to the number of code-
books predefined during the VQ-VAE training instead of the actual vocab-

ulary number.

e Mel-spectrogram inverter

We use the inverter part of the T'TS model described in Section 2.1.2 to
invert the generated mel-spectrogram sequence into a speech waveform in
two steps. The first step is the inversion of this Mel-spectrogram into a
linear-spectrogram sequence. For this task, we used the inverter part of the
Tacotron TTS [2], which consists of a 1-D Convolution Bank + Highway +
bidirectional GRU (CBHG) block, followed by a fully connected layer. We
used L2 loss to compare the predicted linear-spectrogram with the original
linear-spectrogram extracted from the speech. The second step is to use the
Griffin-Lim algorithm [56] to iteratively estimate the phase spectrogram so
that the waveform can be reconstructed with the inverse short-time Fourier
transform (STFT).

6.3.2 Multispeaker Natural Speech Adaptation

In this study, we want our proposed model to also be able to generate multi-
speaker speech. However, using a multi-speaker natural speech dataset poses a
challenge to the VQ-VAE discretization due to its vast pronunciation variation.
In this study, we first trained the VQ-VAE model using the Flickr8k synthe-
sized dataset and measured its performance in the Image2Speech pipeline. Then,
we adapted the VQ-VAE model with the multi-speaker natural speech Flickr8k
dataset in the form of fine-tuning. During the fine-tuning, we froze the codebook
so that each codebook still represented the same speech unit as before. In this
way, our VQ-VAE model can reconstruct natural speech with a multi-speaker

condition while maintaining a meaningful codebook representation.

6.3.3 End-to-end Model Integration

The codebook hypotheses generated by the VQ-VAE model might contain some
errors. Since the Image2Code model is trained using teacher forcing against this

codebook hypothesis, the error from the codebook selection is also propagated to
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the final speech-generation process. To solve this problem, we entirely skip this
codebook step by combining the Image2Code model and the VQ-VAE model in
an end-to-end fashion. We integrate the output layer of the Image2Code model
with the decoder part of the VQ-VAE model.

We define the end-to-end loss L.o. as a weighted sum of the Image2Code

cross-entropy loss Log with the VQ-VAE reconstruction 1oss Lyccon as follows:

LeQe = aLCE + BLrecon- (61)

To connect the output layer of the Image2Code model with the VQ-VAE
decoder, we multiply the posterior probability vector p; for each codebook with

each codebook vector itself. In this way, the codebook selection ambiguity can
be reflected in the VQ-VAE decoder.

L
=1

6.4. Experiment Settings

6.4.1 Dataset

We used Flickr8k [71], which contains 8k images of everyday activities, scenes, and
events, with five captions each. For the synthetic speech caption, we generated
single-speaker speech using GoogleTTS from the text caption. Then, for the
natural speech caption, we used Flickr Audio [92], which was recorded using
the crowdsourcing method. There are 183 unique speakers in this dataset. The

training, development, and test sets consist of 6k, 1k, and 1k images, respectively.

6.4.2 Experiment Settings

We extracted the speech feature of Mel-spectrogram (80 dimensions, 25-ms win-
dow size, 10-ms time steps) using the Librosa package [95]. For the inverter,

we also generated a linear magnitude spectrogram with 1025 dimensions for the
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Mel-spectrogram inverter. For images, we used a 224x224 image size with aug-
mentation (dynamic resize, random crop, random flip). All of our models are
trained with the Adam optimizer [73] with le-4 learning rate for VQ-VAE and
2.5e-4 for image-captioning and inverter.

We build our VQ-VAE with a transformer layer having a depth of three for
each encoder and decoder part. We use multi-head attention with the size of
256 and feed forward layer with the size of 1024. In addition, we also used
an embedding layer to represent a speaker id auxiliary input into the speaker
embedding with the size of 8. The speaker embedding will be concatenated to each
element of the decoder input sequence as the additional reconstruction condition.
When the training failed to reduce the development loss after a warmup of five,
we halved the learning rate. The training stops when the development loss does
not decrease anymore, with the average of 150 epochs. The training was done
with a bucket size of 20000 frames.

Our Image2Code uses a pretrained ResNet-50 [4] as an image encoder, which
high-level feature of 14x14x512 dimension is then attended by a transformer-
based text decoder with a depth of 6 and a size of 512 hidden units. For the
output layer, we used label smoothing with a factor of 0.005 and greedy-based
decoding unless specified. We use the same halving mechanism for the learning
rate as the VQ-VAE model. We use 32 captions per batch during training, which
are shuffled beforehand.

Finally, to listen to the generated speech caption, we inverted the Image2Code
code output into Mel-spectrogram. Then it is converted into a linear-spectrogram
by the inverter model with a projection size of 256, which then finally transformed
into a waveform by the inversion process described in Section 6.3.1. Since the
latter part of the inversion process (Mel-to-speech) is just to show the possibil-
ity of inverting our generated Mel-spectrogram into a speech waveform, we also

encourage the use of other waveform synthesizer models.

6.4.3 Baseline and Topline Model

As a simple baseline, we combined two popular neural network models: ResNet-
50 [4] and Tacotron [2]. We used ResNet, similarly to our Image2Code model, as

an image encoder that produces two-dimensional image features. Then, we take
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the decoder part of Tacotron so that it attends to these two-dimensional image
features. The Tacotron decoder is then trained using teacher forcing against
the Mel-spectrogram speech feature from the image’s caption. In addition, we
compare the proposed approach’s result with that of Hsu et al. [5], which used a
visual grounding-based model.

We also trained another baseline that leverages international phonetic alpha-
bet (IPA) as an intermediary to enable transfer learning from another language.
IPA is an international phonetic notation that represents speech sounds in writ-
ten form. To train this baseline system, we assume that there exists a dataset in
another language that has textual information. We generated the German speech
from the German image captions in Multi30k dataset [118] using GoogleTTS. The

transfer learning flow from German to English is as follows:

e First, we generated IPA transcriptions of German based on the textual

caption and pronunciation dictionary using Epitran! transliteration tool.

e Second, we trained automatic speech recognition (ASR) using the pair of

German speech and its IPA transcription (Speech2IPA).

e Next, we transcribed the English speech in the Flickr8k dataset using this
Speech2IPA model, so an English image captioning model (Image2IPA) can

be trained using the generated IPA transcription.

e Then, the parallel of speech and IPA transcription in English is used to
train a TTS model (IPA2Speech).

During inference, given the image, the English caption (in terms of IPA) will be
generated by the Image2IPA model. Then the IPA2Speech model will produce
the speech based on the ITPA caption in English. This baseline evaluation can be
used to measure the significance of our proposed discrete speech representation
compared with borrowing such features from another language.

For the topline, we follow the commonly used pipeline to make a speech cap-
tion out of an image by generating the text caption beforehand. First, we trained

the Image2Code model to generate phoneme captions. Then, we also train a

Thttps://github.com/dmort27 /epitran
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Tacotron [2] model to generate speech from phoneme sequences as a topline com-
parison. During inference, the Image2Code produces phoneme caption hypothe-
ses, which are then used by the Tacotron to generate speech captions. All of the
models for the topline and baseline were trained with the same Flickr8k dataset
as our proposed model.

Then, we also consider the use of the previously published work of Hout et
al. [116] that uses L1-Phones as a topline, since the training process still needs
textual information. However, the earlier work of Hasegawa-Johnson et al. [115]
cannot be compared because they used a different evaluation method as previously
mentioned [116]. Their proposed system was also similar in principle to that of

Hout et al., so we assume that their result is also representative.

6.4.4 Evaluation

We used phoneme-level and word-level granularity to evaluate the output of our
system, following the approaches of Hout et al. (2020) [116] and Hsu et al.
(2020) [5], respectively. We used the common metrics for image captioning task:
bilingual evaluation understudy with 4-grams (BLEU4) [76] and CIDEr [97]. Both
metrics are used in phoneme level for our proposed model parameter tuning and
for comparison with Hout et al.’s result. BLEU4 is used as the main metrics
because it was reported with the strongest correlation with human evaluators for
this Image2Speech task [116]. Then, for comparison with Hsu et al.’s result, we
also used METEOR [119] and ROUGE-L [120]. As commonly done in the image-
captioning field, we evaluated our model hypothesis with multiple references (each
image has five captions).

To generate the phoneme transcription, we trained a sequence-to-sequence
automatic speech recognition (ASR) model based on the “Listen, Attend, and
Spell” (LAS) framework [21] with the reconstructed Mel-spectrogram of the VQ-
VAE as input and phoneme or word (textual) caption as the transcription output.
Using the textual transcription of the generated Mel-spectrogram transcribed by
this model, we compared it with the ground truth text caption from the dataset.

This evaluation approach is similar to that of a previous work [5].
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6.5. Experiment Result and Analysis

There are several parameters such as the number of clusters, cluster size, and
stride in the proposed model that need to be evaluated. In this section, we report
the results of our parameter tuning and how each parameter affects the final

performance.

6.5.1 Result on Single-speaker Synthesized Speech Dataset

First, we compared the number of clusters (codebook size) for the VQ-VAE part of
our proposed model. There is a trade-off between the quality of the VQ-VAE re-
constructed speech and the number of vocabulary items used by the Image2Code
module. As shown in Table 6.2a, we found that the ideal number of clusters is
256, which yields a 36.29 BLEU4 score. Therefore, we chose this setting for the
next experiment to choose the cluster size. We found that the increase in cluster
number is not always positively correlated with the end performance because af-
ter convergence the VQ-VAE model did not use all of the possible codebooks to
represent the given speech-caption utterance.

Then, if we regard each code as a speech unit, the cluster size parameter
represents the dimensions needed to represent each of those units. A bigger cluster
size gives a richer representation, which we expected to give a better codebook
sequence representation and better reconstructed speech quality. However, the
results in Table 6.2b show that a cluster size of 32 is good enough to represent
the speech unit generated by the VQ-VAE model. A further increase in the
cluster size did not further improve performance and made the system prone to
overfitting. We suspect that this is due to the size of the dataset used, which is
not large enough.

Another factor that needs to be evaluated is how wide the stride size must
be. Stride size represents how many frames are represented by each codebook.
A smaller stride size produces a better fine-grained codebook representation but
makes the codebook sequence longer. Such a longer codebook sequence poses
more difficulties for the Image2Code module training. On the contrary, a bigger
stride size provides a more robust codebook representation because it spans a

wider receptive field. We found that the stride size of 8 produces 0.88 more
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Table 6.2: Experiments on Flickr8k single-speaker synthesized speech dataset.
(phoneme-level evaluation)

(a) Comparing number of cluster

#code size stride | BLEU41 CIDEr 1
64 32 4 33.98 40.28
128 32 4 35.35 45.53
256 32 4 36.29 45.88
512 32 4 35.46 46.95

1024 32 4 35.16 43.84
2048 32 4 34.17 44.71

(b) Comparing cluster size

#code size stride | BLEU41 CIDEr 1
256 16 4 35.96 45.38
256 32 4 36.29 45.88
256 64 4 35.23 46.63
256 128 4 34.17 40.99
256 256 4 35.26 43.99
256 512 4 34.17 42.90

(c¢) Comparing various strides

#code size stride | BLEU41 CIDEr 1
256 32 2 32.88 38.56
256 32 4 36.29 45.88
256 32 8 37.17 49.23
256 32 12 36.29 42.33

(d) End-to-end integration between Image2Code and VQ-VAE decoder. Pre-trained
model taken from best model in Table 6.2d. a: Image2Code loss weight, 3: reconstruc-
tion loss weight

« 5 |BLEU4 1t CIDEr t Notes

0 1.0 1.64 0.02 reconstruction loss only
any 0 37.17 49.23 before end-to-end integration
1.0 0.25 37.12 48.31

1.0 0.50 36.91 46.62 weighted reconstruction loss
1.0 0.75| 37.78 49.07

1.0 1.0 37.43 47.54 equal for both

BLEU4 points than the stride size of 4 (see Table 6.2¢).
Then, we used the best settings for the end-to-end fine-tuning between Im-
age2Code and the VQ-VAE decoder. We connect the output layer of Image2Code
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to the embedding input layer of VQ-VAE as described in Section 6.3.3. Table 6.2d
shows the effect of end-to-end fine-tuning applied on the best model of Table 6.2c,
with various combinations of & and [ parameters. We regard the result when =0
as the same as that with no integration because the Image2Speech system relies
only on cross-entropy loss from the Image2Code model. The results show that by
using 0.75 multipliers for the § parameter, we can get 0.61 BLEU4 improvements.
A comparison of the end-to-end integration results with no integration is shown
in Figure 6.3. In addition, we found that simply relying on reconstruction loss

(a=0,8=1) reduces performance greatly.

6.5.2 System Adaptation to Multi-speaker Natural Speech

Table 6.3: Adaptation results on Flickr8k multi-speaker natural speech
dataset (phoneme-level evaluation)

#code size stride | BLEU41 CIDEr{ ABLEU4t
256 32 2 32.76 38.48 -0.12
256 32 4 36.40 45.87 +0.11
256 32 8 37.26 49.29 +0.09
256 32 12 37.73 44.09 +1.44

The model was adapted so it could be trained with a multi-speaker natural
speech in the form of fine-tuning, as described in Section 6.3.2. By incorporat-
ing the speaker information as an additional condition in the VQ-VAE decoder,
we can adapt the entire pipeline to also generate multi-speaker natural speech.
Table 6.3 shows the result of the fine-tuning adaptation. The best performance
was reached by using a stride size of 12, different from the one in the synthesized
speech. We also calculated the ABLEU4 score in comparison with the synthe-
sized speech results in Table 6.2c. Interestingly, we found that a stride size of
12 is better at handling multi-speaker natural speech, as compared with the op-
timal stride size in the synthesized speech model. This validates our hypothesis
that a larger stride size provides a more robust representation against diverse
pronunciation variation, which is typical with multi-speaker natural speech data.

We added the example results of this model in Figure 6.4. The generated
speech output hypothesis of our proposed Image2Speech model is transcribed by
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an ASR model for evaluation. Example results (1) and (2) are good results, where
the object in the images is correctly captioned alongside its action. Example result
(3) is logically correct but sounds unnatural because “a group of people” is not a
commonly used phrase to describe two people. Example result (4) is also missing
a verb to connect “black dog” and “ball.” Finally, results (5) and (6) mentioned
a wrong object or a wrong action in the caption. We suspect that language
modelling is one of the factors that contribute to these errors. Compared with a
textual image-captioning model, the Image2Code decoding capabilities are now

trained with the discrete speech unit instead of using textual language.

6.5.3 Comparison with Other Systems
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Table 6.4: Image2Speech results on Flickr8k dataset in comparison with other systems (phoneme-level evaluation)

Use

Synthesized speech

Natural speech

No. Model Output Notes
text? BLEU4 + CIDEr 1 | BLEU4 1 CIDEr ¢
Cascade image — text v text
(1)  Hout et al., (2020) [116] - - 36.1 42.4 Topline for (6)
(2)  Ours (Image2Text, beam 5) 46.21 64.51 46.21 64.51 Topline for (6)
Cascade image — text — speech v speech
(3)  Ours (Image2Text—TTS) 43.39 61.09 43.35 60.25 Topline for (6)
Transfer learning IPA de—en X speech
(4)  Ours (Image2IPA—IPA2Speech) 23.57 21.17 - - Baseline for (6)
Direct image — speech X speech
(5)  Concat ResNet + Tacotron decoder Did not converge Baseline for (6)
(6a) Ours' (Image2Speech, greedy) 37.78 49.07 37.73 44.09 Proposed system
(6b) Ours® (Image2Speech, beam 5) 40.09 51.40 41.12 48.22 Proposed system

Table 6.5: Image2Speech results on Flickr8k multi-speaker natural speech dataset (word-level comparison). Pro-
posed approach needs less paired image-speech data compared with previously published results which always need

100% image-speech pairs for training.

Model {sp} {img,sp} | BLEU41 METEOR 1t CIDErt ROUGE-Lf
Hsu et al. (2020) [5] (SAT) 2 - 100% 11.6 14.1 23.2 39.0
Hsu et al. (2020) [5] (SAT-FT)2 - 100% 12.5 14.5 24.5 39.1
100%  100% 14.78 17.40 32.89 45.75
100% 75% 14.58 16.82 31.07 45.34
Ours (Image2Speech, beam 5) 100% 50% 13.93 15.91 28.48 44.21
100% 25% 9.88 13.43 16.50 41.04

!Best system from Table 6.2d (synthesized speech) and Table 6.3 (natural speech).
2The entire framework was trained with additional datasets: Places dataset [121] for discrete unit learning, and LJSpeech [122] for

TTS.



Last, we also compared our best system performance with a previously pub-
lished system. In addition, we trained a model to be compared as the baseline
and topline. First, we trained our image-captioning model with phoneme output,
which we call the Image2Text model. This model is similar in principle with
Hout et al.’s (2020) previously published results. Our Image2Text model with
transformer-based architecture produced better BLEU4 and CIDEr performance
compared with Hout et al.’s work (see Table 6.4). Then, we generated the speech
utterance of this textual result with a T'TS trained using the same dataset. Using
the same evaluation method described in Section 6.4.4, this model yields the per-
formance of 43.39 and 43.35 BLEU4 scores for synthesized and natural speech,
respectively. We use these scores for the topline of our proposed system because
it still uses text as a bridge between the image and speech modality.

Our proposed end-to-end system with an Image2Code beam size of 5 achieved
the performance of a 40.09 BLEU4 score for synthesized speech, which is about
3 points away from the topline of image—text—speech pipeline. This means
that our proposed discretization agent for a codebook works effectively to replace
the text modality. Moreover, the distance to topline is closer with our proposed
system on a natural speech dataset, which is about 2 BLEU4 points. Here, our
proposed Image2Speech model which does not use any text information during
training, outperforms Hout et al.’s previously proposed phoneme-based model by
about 5 BLEU4 points in the Flickr8k multi-speaker natural speech dataset.

Then, we also trained a simple end-to-end model with ResNet [4] as an image
encoder and the decoder Tacotron [2] to generate speech. We found that the
model did not converge and produced unintelligible sounds. We observed that
during the teacher forcing of the Tacotron decoder, the Mel-spectrogram input is
too long and the speech representation produced is insufficient for use as a query
to the attention mechanism to get context from the encoded image representation.
This shows that VQ-VAE in our proposed model is crucial for speech feature
discretization, where the representation can then be easily associated with the

encoded image representation.
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Figure 6.3: Proposed Image2Speech end-to-end integration results compared with

cascaded pre-trained model (straight line) on Flickr8k single speaker synthesized
dataset (phoneme-level evaluation)
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V0T

(1) Good result (2) Good result (3) Correct but unnatural

-

Image
ASR transcription from a brown and white dog running on a surfer rides a wave . a group of people standing on the
the speech hypothesis grass . beach .
(4) Incorrect sentence (5) Wrong object (6) Wrong action
Image
ASR transcription from a black dog is ball . a red biplane is playing soccer . a snowboarder jumps over a snowy
the speech hypothesis mountain .

Figure 6.4: Various example results from proposed Image2Speech model trained on multi-speaker natural speech

dataset. Caption transcription generated using ASR from the speech caption hypothesis. Images courtesy of
Unsplash®.

Thttps://unsplash.com/; For presentation purposes, we use the example images from the free sources, but they still reflect of what
were happening in the Flickr8k test set.
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Figure 6.5: Proposed Image2Speech approach compared with Hsu et al. (2020)
[5] (red lines) on Flickr8k multi-speaker natural speech dataset (word-level evalu-
ation). Proposed approach (blue bar) can achieve comparable performance even
with less than 50% paired image-speech data.

Next, we trained a baseline that is based on transfer learning from German
to English in terms of IPA transcription (see Section 6.4.3 for details). As can
be seen from Table 6.4, our proposed method performed much better with more
than 14 BLEU4 points compared to this baseline. In this baseline, the features
of the source language might not be useful for the target language, and some
errors might be propagated. This result reveals that our proposed Image2Speech
self-supervised discrete speech representation is more effective than such features
learned from the cross-lingual approach through transfer-learning. Our proposed
approach also can perform in much better quality, even with less data than this
baseline, because there is no need for additional data in other languages.

Finally, we also compared our results with Hsu et al. (2020) [5], which also
used discrete speech unit representation (see Table 6.5). However, their discrete
speech unit is generated from a speech-visual grounding model that needs paral-
lel image-speech data, whereas our approach just needs speech-only data in this

step. The proposed approach outperforms their previously published results in all
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metrics, regardless of whether fine-tuning of the ResNet model was done as they
reported (SAT or SAT-FT). In addition, one of the advantages of the proposed
approach is that we do not always need to have the same proportions between
image and speech data, in addition to their being paired. Therefore, it is pos-
sible to train our model with 100% speech-only data ({sp}) but use less paired
image-speech data ({img,sp}), similar to real-life conditions. In both Table 6.5
and Figure 6.5, we demonstrate how our Image2Speech model can outperform
the previously published results, even with 50% less paired image-speech data.
Moreover, this work’s results were achieved without the need for training a sepa-
rate TTS model, since our proposed approach just needs to use the decoder part
of the VQ-VAE to invert the codebook units into speech features.

6.6. Summary

We described our proposed approach in achieving the Image2Speech task with-
out text using the multimodal machine chain framework, inspired by the zero
resource speech technology that attempts to provide speech technologies for un-
transcribed unknown language. Our proposed system uses a pipeline of VQ-VAE,
Image2Code, and a Mel2linear inverter. To completely avoid text as a bridge,
we used the VQ-VAE codebook to train our image-captioning model, where code
sequences can then be inverted into speech features for generating speech. We
explored various parameters in the proposed approach and did fine-tuning to
achieve end-to-end optimization within the Image2speech pipeline. Our experi-
ment results with a multi-speaker natural speech dataset outperformed previously
published work that uses a grounding-based approach, even while using only half
of the paired image-speech. This shows the effectiveness of our discrete speech
representation in replacing text as the intermediary in the Image2Speech task.
Our approach is also more efficient in terms of data size and model size because
it accomplishes training with less paired image-speech data than needed by the
previously published approach. In addition, the decoder part of our VQ-VAE can
also be used during the codebook-to-speech inversion, removing the need to train

a separate T'T'S model.
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Chapter 7

Conclusions and Future

Directions

In this last chapter, we conclude our thesis and discuss future directions for our

proposed framework.

7.1. Problem Reiteration

Human perceives the world with various senses which make their communication
multimodal. This perceived information then can be conveyed to other humans
in the form of speaking. Denes et al. described how listening and speaking are
closely related to each other through a mechanism called the speech chain [1]. In
addition, visual modality is also processed together during human communication
[10], supplying visual recollection of the viewed objects [9].

Researchers in the speech processing field has been developing machine learn-
ing models that mimic this human communication behaviour, in the form of a
cross-modal model. However, despite this close relationship in natural human
communication, the current research tends to be independently progressing. In
addition, it is difficult to introduce a new modality to the system because the
more modality we add, the more difficult it is to create the parallel data (i.e.
from pair to triplet, quadruplet, and so on). This problem occurs mainly because
their approach is mostly focused on supervised learning, which relies heavily on

paired data.
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7.2. Conclusions

In this section, we review our work from the perspective of theoretical, applica-

tion, and experimental.

7.2.1 Theoretical Issues

We take advantage of the closeness between various modalities used by humans in
communication, to develop a multimodal chain framework that leverages various
learning strategies. We generalize the idea of the chain mechanism in the form
of a multimodal machine chain (MMC) framework, which aims to enable cross-
modal model learning from any kind of data availability. This is possible because
we designed a feedback link in the form of reconstruction loss, for any cross-modal

operation that has been done inside the chain path.

7.2.2 Application Issues

We showed some proof-of-concept of our proposed MMC framework in various
data available for several use cases. First, we showcase our MMC framework ca-
pability to enable semi-supervised learning of cross-modal models in various data
availability. Second, our MMC framework successfully enables weakly-supervised
learning from completely unpaired data in the form of speech-to-text mapping,
which previously is not feasible for model training. Then, we successfully de-
velop end-to-end image-to-speech generation by using our framework to learn an
optimal speech representation for the task, which uses less paired image-speech
data.

7.2.3 Experimental Issues

Each of the applications of our proposed framework enabled a more efficient
learning strategy, compared with several existing baselines in each of the tasks. In
Chapter 4, we reported a semi-supervised ASR improvement from 36.35% CER
to 12.06% CER using unpaired and single-modality data from other unrelated

modalities. Then, in Chapter 5, our speech-to-text mapping successfully reaches

108



14.57 BLEU, while the ASR baseline cannot even converge. Finally, our end-
to-end image-to-speech generation can successfully reach 41.12 phoneme BLEU,
which is close to the textual topline of 43.35 phoneme BLEU.

7.3. Summary of Contributions

The original contributions of this thesis are listed as follows:

e A general framework called MMC to enable cross-modal learning
by using various levels of supervision (in Chapter 3)

Major advantages of the proposed framework:

— It can be applied to any kind of modalities
— It can be applied to any kind of cross-modal model
— It is more effective in particular in low-resource condition

— It can also be used for untranscribed unknown language, because it

can learn an optimal representation when there is none available.

e Dual-loop multimodal machine chain that combines speech chain
and visual chain (in Chapter 4)
We showed that it is possible to continue the training of an ASR model,
beyond the machine speech chain framework [53]. Our dual-loop mechanism
enables ASR model improvement with a single-modality image data, which
modality is not even related to ASR (not speech or text). Our experiment
result shows that speech processing model performance is improved, while
maintaining the performance of other models, in addition to outperforming

the label propagation baseline.

e Multimodal machine chain mechanism that handles multispeaker
speech processing (in Chapter 4)
We enable multispeaker speech processing by implementing one-shot speaker
adaptation in the multimodal machine chain mechanism. The experiment

result shows its effectiveness in a multispeaker natural speech dataset.
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e Single-loop multimodal machine chain to show MMC framework
usage for multimodal multisource model (in Chapter 4)
Using an ImgSp2Txt multimodal multisource model, we showed that it is
also possible to use our proposed MMC framework for this kind of model.
Our experiment showed that an audiovisual model can be augmented us-
ing the single-loop multimodal chain, without any significant performance

decrease compared with the dual-loop one.

e Applications using MMC to enable speech-to-text mapping using
unpaired data (in Chapter 5)
We investigated a weakly-supervised mapping task to transform unknown
untranscribed speech utterances into semantically equivalent texts. The ex-
periment result shows that our proposed partially-aligned Code2Text model
and chain augmentation strategy inspired by the MMC framework can suc-

cessfully perform the mapping even for a cross-lingual application

e Applications using MMC for end-to-end image-to-speech genera-
tion (in Chapter 6)
Inspired by the zero resource speech technology that attempts to provide
speech technologies for untranscribed unknown language, we use our pro-
posed MMC to attempt image-to-speech generation without text. The
key contribution of this approach is the use of transformer-based VQ-
VAE to learn the discrete speech representation in a self-supervised man-
ner. Our proposed method outperformed the previously phoneme-based
and grounding-based approach, even while using only half of the paired

image-speech data.

7.4. Future Directions

Despite all the contributions listed in Section 7.3, we acknowledge that there are

still several things that our proposed framework cannot do, such as:

e Chapter 4: MMCSemiSup
Currently, the performance of MMCSemiSup has some percentage gap in

terms of CER/WER compared with the supervised topline. To relieve this,
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improving the model inside the chain into a more data efficient model can be
done. In addition, it is also possible to investigate other possible operation
order, considering the levels of supervision. For example, the current imple-
mentation of Chapter 4 starts from supervised learning to self-supervised
learning. The order can be reversed so that it starts from the least super-

vision, such as from self-supervised learning to supervised learning.

Chapter 5: MMCWeakSup

The current implementation of our weakly-supervised Speech2Text map-
ping still has BLEU score under 20. Although it successfully describe the
semantic content of the speech to some extend, the quality of the sentence
can be improved, especially in terms of vocabulary modelling, such as de-
scribed in Table 5.3. Currently, the training relies not only on the chain
mechanism and the discrete representation, but also on how we provide the
alignment information to connect both partially-aligned speech and text
description. Currently, we still rely on an unsupervised aligner to generate
the alignment. A better partial alignment modelling strategies can benefit

the model performance.

Chapter 6: MMCSelfSup

The Image2Speech task still produce wrong sentences or unnatural sen-
tences. We analyzed that the error are mostly comes from the difficulties of
the model to handle words that are not represented in the image (i.e. not
noun), which is also commonly found not only in Image2Speech but also in
Image2Text task. We suggest that the use of an adversarial-based image
captioning model may relieve this situation. In addition, another order or
target of the operation can be investigated too. The model can benefit from
the discretization of not only speech, but also image. The discretization of
image has been discussed by van den Oord (2018) [57].

A modular implementation for easy operation combination

Currently, we implement the chaining mechanism using the PyTorch neural
network library [123]. When implementing the chain operation, we need to
define the forward operation manually for each of the chain paths (refer to

Section 3.2). For example, the implementation of Cxyy and Cy yy requires
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two different functions. This implementation is of course not ideal for rapid
prototyping, especially when we want to reorder the operations based on
the levels of supervision (i.e. unsupervised first, then semi-supervised).
We suggest developing a modular implementation that considers a modular

design that reflects the abstraction of the chain operation.

In general, the remaining gap of performance found in each of our proposed
framework implementation is caused by the model component that produces low
performance due to various reasons (i.e. not data efficient, bad tuning, etc),
and due to operation variations (different order, different target) of the general
framework that has not yet been investigated. On the other hand, there are

several things that are not yet covered in this thesis, such as:

e Still need to restart from zero when training inverse model
Currently, after finishing the training of Mx_,y model, we need to re-train
the inverse model of My _, x from zero. An example of this is when the
ASR model has been fully trained, we still need to train the TTS model
from zero, although the acoustic information has been modelled by ASR.
It will be ideal if there is an information-sharing mechanism in between the
related components of the chain. This will enable us to reduce the number
of parameters and training time, and also possibly reducing the number of
data needed.

e A proof-of-concept with other kinds of modality
Currently, our proposed MMC framework has shown its capability to handle
image, speech, and text modalities. There are still other modalities that
have not yet been covered such as videos, sound/audio, and sensor data.
It will be good to have a proof-of-concept to showcase that our proposed

MMC framework can also be used for such modalities.

e A more comprehensive multilingual multimodal approach
Although we described an attempt for a multilingual approach in Section
5.5.3, our proposed MMC framework has not yet been used for a multilin-
gual approach. We hypothesize that the implementation of a multilingual
approach will regard another language as another modality, while image

modality can be used as a bridge or conduit.
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e Visual chain implementation lack an auxiliary information mod-
elling
The current visual chain implementation has not yet considered auxiliary
information passing from the IC to IR/IG. Auxiliary information is the ad-
ditional factor that is not directly related to the task itself but is important
to maintain the consistency of the loop. The example of auxiliary infor-
mation in the speech chain is the speaker information that is passed from
ASR to the TTS so that the reconstructed speech’s speakers are still con-
sistent. In the visual chain, the use of auxiliary information can be useful
to maintain the consistency of the generated image. For example, when
the IC generates a caption “a cat on the table”, additional information is
needed by IG to reconstruct the image, such as what is the colour of the
cat, in what position does the cat stays, and in what direction does the cat
looking.

113



4N}

Self-supervised/
Unsupervised

Unsupervised ASR without paired data
(Future Work)

MMTC for End-to-end

Learning Image-to-speech Generation for
Untranscribed Unknown Language
(Chapter 6: MMC-SelfSup)
MMC for Speech-to-text
mapping using non-parallel
data with other pivot
Weakly- (Future Work)
supervised
Learning MMC for Speech-to-text
mapping using Visually-
connected Non-parallel data
(Chapter 5: MMC-WeakSup)
MMC for Cross-modal Collaboration using data from different domain
. (Future Work)
supersv?:;; MMC for Cross-modal Collaboration through Listening, Speaking, and Visualizing
. (Chapter 4: MMC-SemiSup)
Learning
Speech Chain
(Tjandra et al., 2017)
Supervised Most common
Learning| | approach in speech
technology
-~
Paired Data Unpaired Data Single-modality Data Out-of-domain Data g
L. v

In-domain Data

Figure 7.1: Future directions



We discuss the future directions to cover these current limitations of our pro-
posed MMC framework. We redraw the Figure 1.7 in Chapter 1, in the Figure 7.1
with an addition of yellow box. The blue box represents the current scope of our
proposed MMC framework, while the yellow box represents possible improve-
ments in terms of data availability and level of supervision. Based on the figure,

we describe the future directions as follows:

e Cross-modal collaboration using data from different domain
Our MMC framework now can successfully take advantage of a non-ideal
data condition such as unpaired or detached (single-modality). However, all
those are based on an assumption that all the data are in-domain. Enabling
some domain adaptation methods to use this data will allow the MMC

framework to be used for more purposes.

e Unsupervised ASR without paired data
Related to the previous future direction, a speech-to-text mapping model
that can learn from purely unpaired data can be further developed into an
unsupervised ASR. We define unsupervised ASR here as an ASR model that
can be trained without paired data. We suppose that the representation
learning from our proposed MMC framework can be also conditioned to

some bootstrap information that links speech and text modality.

e Towards another type of media
Currently, we are using a multispeaker speech to represent speech modality,
and an image to represent visual modality. There is still various kind of

media that are not yet covered in this thesis, such as:
— noisy speech
— multilingual speech or code-switching speech
— sequence of image or video
e Towards better cross-modal model
Going beyond what is shown in the figure, we also consider it important

to upgrade the MMC framework implementation with a better cross-modal

model. Given data constraint in this thesis, it will be beneficial to have a
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cross-modal model that is more data-efficient. For example, Section 5 and
6 have already shown examples on how self-supervised discretization can

reduce dimensionality, which enables convergence with fewer data.

e Enabling information sharing

Shared [ ] dec
Representation 2 =|:|
speech — image
enc
enc dec
| A\II/ |
y = (text)

Figure 7.2: Centralized approach with shared multimodal representation.

Currently, each chain component is stand-alone, and there is no information
sharing in between them. Therefore, each model needs to be trained from
zero. In addition, there is no guarantee that every new information learned
in one model can be eventually be propagated in to other models. One
practical example is that while both ASR and IC receives different input,
but both of them are actually modelling the same language in the decoder
part. The combination of those two models, even in the simplest form such
as ensembling, has been proven to yield good results in MMCSemiSup2
using ImgSp2Txt model. Therefore, allowing information sharing by im-

plementing a centralized approach will be beneficial for the framework.

e Multilingual multimodal machine chain
For the framework in general, we can regard a different language as a dif-
ferent modality. In addition, image modality can be used as a good bridge
in between different languages. Furthermore, there has been some previous

works on using the chain mechanism for multilingual purpose. Novitasari et
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al. (2020) reported the use of machine speech chain for Indonesian ethnic
languages [124]. The ASR and TTS are initially trained using standard
Indonesian using supervised training, then the training is continued using
the ethnic languages. Therefore, the model can be adapted for those ethnic

languages without the use of paired data.

On the other hand, Nakayama et al. (2019) also reported a multilingual
machine speech chain for zero-shot code-switching ASR and TTS [125].
Code-switching is defined as when one speaker uses two or more languages
interchangeably within a conversation, which then can be classified as a mul-
tilingual phenomenon. In their work, the code-switching data is only used
for the semi-supervised step, while the supervised step is using monolingual
data. Therefore, it decreases the burden of getting parallel code-switching

data, which is expensive.

Explore various operation order

The operation order for the current study is fixed. For example, in MM-
CSemiSup, the order of operation is first using supervised learning with a
small amount of paired data and then continued with semi-supervised learn-
ing using unpaired data and unrelated modality data. It will be interesting
to also incorporate the self-supervised learning into that training pipeline,

given its effectiveness in Chapters 5 and 6 for other tasks.
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Appendix A

Further Analysis in
MMCSemiSup

In this appendix, we provide further analysis on the cross-modal collaboration in
MMCSemiSup. First, we do an error analysis to compare the label propagation
and the speech chain result in Table 4.5. Then, we discuss the variations of the
model such as the size and pretraining factor in the cross-modal collaboration
using MMCSemiSup. The result comparison for these are also related to Table
4.4 (for Flickr30k result) and 4.5 (for Flickr8k result).

A.1. Error Analysis on Label Propagation vs M M-
CSemiSup

The result in Table 4.5 shows that given the same amount of parallel and unpaired
data, our MMCSemiSup can improve the baseline while the label propagation
method did not. In this section, we do an error analysis to see what kind of error
can be fixed and how specifically our proposed method can improve over the label
propagation. We focus on the second step, where the initial model training was

continued by using the unpaired data U, ..
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Table A.1: Detailed Comparison between Label Propagation and MMCSemiSup
in the 2nd Step of Table 4.5

Factor/Metric | Baseline Label Propagation MMCSemiSup
CER 36.35% 39.57% 15.10%
ACER - -3.22% 21.25
WER changes 44.04% 47.36% 21.82%
AWER - —3.32% 22.22
#Utt Improved - 1294 3789
#Utt Worsen - 1841 343
overall - —547 3446
BLEU1 62.06 62.39 81.61
BLEU4 38.99 38.53 63.80
METEOR 30.27 30.09 45.24

A.1.1 Quantitative Analysis

We calculated the character and word level error rate (CER/WER), and measured
how much improvement does each method contributes in Table A.1. In both CER
and WER, the label propagation method failed to continue the training using the
unpaired data in a semi-supervised manner. We also compared the number of
utterances improved in both methods. We found that in total, there is more
utterance get worsen rather than improved in the label propagation, as compared
with the MMCSemiSup. In addition, we also calculate the BLEU and METEOR
score. Both metrics are improved in the result using MMCSemiSup, which shows

that the result is not only improved syntactically but also semantically.

A.1.2 Qualitative Analysis

We also observe the generated transcription, to get some perspective on what kind
of errors does our proposed MMCSemiSup relieved, in comparison to the label

propagation method. We listed some of the errors, together with the examples.

e Fixing from a wrong acoustically similar word to the correct word.
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Baseline: a blond woman in a blue shirt peering out from a white fence .
LabelProp: a blonde woman in a blue shirt poses with a white fence .
MMCSemiSup: a blond woman in a blue shirt appears to wipe for a ride .

Reference: a blond woman in a blue shirt appears to wait for a ride .

Baseline: a boy rides on a trampoline .
LabelProp: a boy rides on a trampoline .
MMCSemiSup: a boy rides on a tire swing .
Reference: a boy rides on a tire swing .
In the first result example, the initial baseline result has tried to find a
similar word of “appears” into “peering”. Both words are acoustically sim-
ilar, although it is incorrect. Then, the label propagation method relies on
improving the language modelling of the model, which then updates the
incorrect word “peering” into “poses”, which is still incorrect. Finally, the
MMCSemiSup corrects the word into “appears”. On the other hand, in the
second example, the MMCSemiSup fixes the word “trampoline” into “tire
swing”, which shows that now the model is more conditioned on the given
speech. In both examples, the model trained by MMCSemiSup relies more
on the improvement of acoustic modelling, which is enabled by the help of
the TTS model in the chain.

Reduces word dropping, predicts length better.
Baseline: a boy is sitting .
LabelProp: a boy sitting in a pool .
MMCSemiSup: a boy sitting in water .

Reference: a boy sitting in water .

Baseline: the man is playing tennis guitar .
LabelProp: the man is playing tennis in the background .
MMCSemiSup: the man is playing tennis against a building .
Reference: the man is playing tennis against the building .
In these two examples, the baseline suffers from a shorter hypothesis com-
pared to the reference due to word droppings. This indicates that the model
is not good enough in predicting the length of the transcription, given the

speech utterance input. In the first example, label propagation successfully
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predicts the correct length but filling it with the incorrect word, while the
one using MMCSemiSup can predict the correct word accurately. Similar
to the first example, the second example shows how both models predict
the same length, but MMCSemiSup gives a better hypothesis than label

propagation.

Better language modelling: fixes semantics
Baseline: a man and woman sitting on a dog .

LabelProp: a man and woman sitting on a dog .
MMCSemiSup: a man and woman sitting on a dock .
Reference: a man and a woman sitting on a dock .
The word “dog” and “dock” are acoustically similar, but the phrase “sitting
on a dog” perhaps is not as common as “sitting on a dock”. In this example,
our proposed MMCSemiSup fixes the wrong word selection, thanks to better

language modelling.

Better language modelling: fixes unknown words.
Baseline: a young girl sfands with her leaves .

LabelProp: a young girl floats with her little girl in the leaves .
MMCSemiSup: a young girl * s face looking through leaves .

Reference: a young girl * s face looking through leaves .

Baseline: basketball player on the ribber .
LabelProp: brown and black dog is running through a ring .
MMCSemiSup: rafting boat on a river .

Reference: rafting boat on river .
In both examples, unknown words such as “sfands” and “ribber” are gen-
erated. This is because the ASR model is using a character-level granular-
ity, so in addition to word-by-word modelling, the model also needs to do
character-by-character modelling to generate a correct word. MMCSemiSup

corrects both errors into the correct words.

We found the ASR model trained using MMCSemiSup provides a qualitatively

better hypothesis. Several improvements in terms of better acoustic modelling,

language modelling, and length prediction can be found in our proposed MMC-

Semisup model, as compared with the label propagation.
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A.1.3 Continuous Improvement in the Chain Mechanism

o | T b
c HRREOOHOOE N
s ]
A I

Figure A.1: Model update interval illustration in semi-supervised step. Assume
that the model quality improvement is symbolized as a transition from the red to
green color. (A) the same model from the first epoch is being used to augment.
(B) model is updated in every specified interval. (C) model is updated in a shorter
interval. (D) model is updated continuously.

» Epochs

As defined in Section 4.4.5, label propagation generates a pseudo-label from
unlabelled data, using the model previously trained using a small set of labelled
data. Therefore, with this traditional definition, the pseudo-label itself is gener-
ated only at the beginning, using the model before the label propagation starts.
The pseudo-label will never be updated, even when the model is getting better
due to additional epochs from the label propagation. In Figure A.1, this method
is (A), where a model with bad performance (red) produces a bad quality pseudo-
label, which are continuously being used throughout the semi-supervised training
step.

Then, assume that we set an interval to update the model, whether it is
every epoch or every certain number of iterations. The pseudo-label are then
generated with an intermediary model, which is assumed to be better than the
initial model. As we can see in Figure A.1 B and C, the interval is getting smaller,
and the color gradates step by step, representing the quality of the pseudo-label.
The training process, as represented by the loss function, are progressing towards

convergence, where each steps is better than the previous one. Therefore, the
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Figure A.2: Quality of the ASR model (in terms of WER) throughout epoch.

more often the pseudo-label is updated, the more effective it is for semi-supervised
training. Inspired by this observation, our proposed MMCSemiSup takes this
to the next step, by enabling a continuous improvement throughout the semi-
supervised training. The pseudo-label is generated when it is needed so that it is
generated by the latest version of the model. This ensures that the pseudo-label
quality is advancing alongside the model quality.

We show the quality of our ASR and TTS models during the semi-supervised
step in every 5 epochs, by running inference using test set (Figure A.2 and A.3).
ASR quality here is represented as WER, while TTS quality here is represented
as L2 Loss. Using label propagation, the quality of the pseudo-label is always the
same from epoch 0. Then, looking at the ASR quality using chain, the increase at
the early epochs shows that the pseudo-label itself is not good enough to leverage
the training convergence. However, looking at the TTS quality, it is clear that the
TTS itself is consistently improving throughout epochs. When the TTS quality
is good enough in around epoch 15, the ASR quality can also be directly affected
thanks to the continuous improvement. We regard this as a rationale on how our

proposed method is more effective than label propagation.
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Figure A.3: Quality of the TTS model (in terms of L2 loss) throughout epoch.

Table A.2: Comparison with the current ASR model (refer to Section 4.4.3) with
its smaller version.

Parameter Current Model Smaller Model
Bi-LSTM Encoder Size 256 (x2) 128 (x2)
Encoder Depth 3 3

LSTM Decoder Size 512 256
Decoder Depth 1 1
Dropout 0.25 0.25

A.2. Model Size Effect on MMCSemiSup

Table A.2 compares the ASR model used in Chapter 4 (Current Model), with
a smaller version of the model which uses about half of the parameter (Smaller
Model). The purpose of this additional experiment is to see if the baseline re-
ported in Tables 4.4 and 4.5 are under-trained. We use a model with half of the
LSTM size from 512 to 256.

As shown in Table A.3, the smaller model has lower CER in the baseline
setting, it is because that model has fewer parameters. However, the performance
is almost similar with the bigger model after cross-modal collaboration, with final
CER about 2.98% compared with 2.77% with the bigger model. On the other
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Table A.3: Comparison of the current and smaller ASR model in the Flickr30k
and Flickr8k dataset.

Current Smaller
Training Data Type Hour(s)|ASR IC TTS IG |ASR IC TTS IG
CERJ B4t L22] ISt |CER| B4t L22| ISt
Flickr30k P,,» Multimodal 3.54|21.46 10.55 0.72 4.06| 7.93 10.55 0.72 4.06

SingleSpk +U,,y,» Multimodal 12.55| 4.02 10.92 0.49 5.59| 4.04 10.92 0.46 5.59
(Semi-Supervised) 4S5 . Sp/Img only 19.97| 2.77 11.38 0.43 7.21| 2.98 10.58 0.43 6.55

Topline P,,. Multimodal 51.96| 0.68 13.64 0.40 7.57| 0.82 13.64 0.40 7.57

Flickr8k P,,. Multimodal 4.57|36.35 12.75 0.77 5.90|29.90 12.75 0.77 5.90
MultiSpk +Uy,y,. Multimodal 8.57|15.10 13.22 0.59 8.29|20.36 13.22 0.60 8.29
(Semi-Supervised) +5;. . Sp/Img only 10.70] 12.37 13.28 0.56 9.12|17.06 13.83 0.57 9.16

Topline P,,. Multimodal 34.31| 5.76 19.91 0.50 9.66| 6.39 19.91 0.50 9.66

hand, the difference is more apparent in the multi-speaker natural speech setting,
using the Flickr8k dataset. Initially, the smaller model has a lower CER of
29.90%, as compared to the original model with 36.35% CER. However, after the
cross-modal collaboration using a semi-supervised chain mechanism, the bigger
model is able to get a better score than the smaller ones. This shows that the
bigger model is indeed needed, given the multi-speaker settings which is more
difficult.

From a higher perspective, this experiment showcases the confusion in decid-
ing the model size. If the model size is smaller, it will have a better score at the
beginning, but less improvement in the next step. On the other hand, a bigger
model size gives more room for improvement in the latter step. Therefore, we
suggest the use of a bigger model when doing cross-modal collaboration using
MMCSemiSup.

A.3. Image Encoder Pretraining Effect on MM-
CSemiSup

This section compares the effect of using a pretrained or not pretrained ResNet. A
pretrained ResNet allows the image to be encoded into a richer high-level feature.
On the other hand, we also provide an additional experiment to show that our
proposed MMCSemiSup can still be effective even with a not pretrained ResNet.

In the initial supervised step of using F,,. paired dataset, the BLEU score
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Table A.4: Comparison of the pretrained and not pretrained ResNet in IC model

in the Flickr30k and Flickr&8k dataset

Pretrained Not Pretrained
Training Data Type Hour(s)|ASR IC TTS IG |ASR IC TTS IG
CER| B4t L22| IST|CER] B4t L22| ISt
Flickr30k P,,. Multimodal 3.54121.46 10.55 0.72 4.06|21.46 8.38 0.72 4.06
SingleSpk +U,,y,» Multimodal 12.55| 4.02 10.92 0.49 5.59| 4.02 8.60 0.49 7.93
(Semi-Supervised) 4S5 . Sp/Img only 19.97] 2.77 11.38 0.43 7.21| 2.65 10.92 0.43 7.51
Topline P,,. Multimodal 51.96| 0.68 13.64 0.40 7.57| 0.68 14.91 0.40 7.57
Flickr8k P,,. Multimodal 4.57]136.35 12.75 0.77 5.90|36.35 8.40 0.77 5.90
MultiSpk +Uy,y,. Multimodal 8.57]15.10 13.22 0.59 8.29|15.10 9.68 0.59 4.68
(Semi-Supervised) +5;. . Sp/Img only 10.70| 12.37 13.28 0.56 9.12|13.00 12.47 0.57 8.43
Topline P,,. Multimodal 34.31| 5.76 19.91 0.50 9.66| 5.76 13.54 0.50 9.66

of IC using a not pretrained ResNet is about 2 points less than the one using
a pretrained ResNet. This is because the not pretrained ResNet, given more
layers untrained from the beginning, needs more data to train. Then, continuing
the training using U, , . unpaired data improves the IC model into 9.68 BLEU.
Finally, with the cross-modal collaboration using the speech only and the image
only dataset, we can get the IC performance with 12.47 BLEU. Even without a
pretrained ResNet, the visual chain component can still see some improvement.

Then, looking at the ASR performance, we can see that the CER score can
still be improved from 15.10% to 13.00% in the cross-modal collaboration step,
even without a pretrained ResNet. This CER is also close to the CER. of the one
with pretrained ResNet. From this result, we can conclude that our proposed
framework can still work even without pretraining, although it is also good to

have when it is available.
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Appendix B

Discussion on the Tradeoff

between Data Size and Quality

B.1. In Cross-modal Collaboration (using MM-
CSemiSup)

The tradeoff between data size and quality has been discussed in Sections 4.5.5
and 4.5.6.

B.2. In Weakly Supervised Speech2Text Map-
ping (using MM CWeakSup)

In principle, there are two kinds of data being used to train the framework in
Chapter 5:

e Speech only dataset (S,) to train the VQ-VAE model

e Visually-connected non-parallel speech-text dataset (U, ) to train partially
aligned Code2Text and Text2Code

To analyze the tradeoff between data size and quality, we trained another
model with the data specifications as described in Table B.1. The 100:100 scenario
means that it is using 100% of the speech only dataset S, and 100% of the U,
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Table B.1: Data availabilities to measure the tradeoff between data size and
quality. The scenario 100:100 is similar with the settings described in Section
5.4.1. Percentage reported in data partition size is measured against scenario
100:100.

Scenario Sy Uz,y
50:50 6k (50%) 6k (50%)
100:50 | 12k (100%) 6k (50%)
100:100 | 12k (100%) 12k (100%)

dataset for training. It is the result reported in Table 5.1 and 5.2, which is using
the data specifications described in Section 5.4.1. Then, the 100:50 scenario is
decreasing the number of unpaired data U, , into half of the 100:100, so that it
is using 100% of the S, data, while reducing the use of U,, data into 50% of
the original amount. Finally, 50:50 reduces both single-modality data .S, and
unpaired data U, , into half of the 100:100.

Table B.2: Adapting best Speech2Text model trained on Table 6.2 to the Flickr8k
multispeaker natural speech non-parallel dataset

50:50 100:50 100:100

Model Sim% BLEU CIDEr|Sim% BLEU CIDEr|Sim% BLEU CIDEr

(Synthesized Speech - SingleSpk)

Code2Text 35.29 12.57 26.28 | 34.61 12.64 26.37 | 35.79 15.04 31.66
+Partial Code2Text | 37.21 14.94 30.70 | 31.28 14.86 37.09 | 40.94 16.80 36.86
+Cycle Augmentation| 36.86 15.67 31.75 | 36.85 14.19 30.02 |40.47 17.25 37.52

(Natural Speech - MultiSpk)

no adaptation 19.25 6.31 9.45 |21.58 6.98 11.16 |21.31 7.83 11.69
with adaptation 22.85 886 15.62 | 31.76 12.54 24.62 |35.35 14.57 29.01

Table B.2 shows the result for each scenario. Comparing 50:50 and 100:50
scenarios, we can find out the effect of adding more single modality data. We
found that on the single-speaker data result, the cosine similarity between 50:50
and 100:50 does not change much. We also find that the 50:50 BLEU score
with cycle augmentation is higher than 100:50. However, comparing the further
adaptation to natural speech, we found that the 50:50 performance is fall behind
the 100:50. Therefore, we can conclude that adding more single-modality data is
useful when the speech data has a high variability, such as multiple speaker and

noisy environment.
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Table B.3: Tradeoff between data size and quality. The scenario 100:50 and
100:100 are similar with the settings described in Table 6.5. Percentage reported
in data partition size is measured against scenario 100:100.

Scenario S, Pxz BLEU CIDEr
50:50 | 14.5k (50%) 14.5k (50%) | 12.34  26.26
100:50 29k (100%) 14.5k (50%) | 13.93  28.48

100:100 | 29k (100%) 29k (100%) | 14.78  32.89

Then, we compare the 100:50 and 100:100 experiments to investigate the effect
of adding more unpaired data. This allows more training to the partially-aligned
Code2Text model. We observe about 2 points of BLEU improvement when adding
more unpaired data. We also see some improvement in the multispeaker settings.
This shows that adding more unpaired data will generally improve the perfor-

mance, because it allows more iteration on the Code2Text model.

B.3. In Image2Speech (using MMCSelfSup)

In principle, there are two kinds of data being used to train the framework in
Chapter 6:

e Speech only dataset (S;) to train the VQ-VAE model

e Parallel speech-image dataset (P,,) to train the Image2Code model

Table B.3 shows the tradeoff between adding more single-modality S, data
and paired image-speech P,, data. Similar to the previous section, the 100:100
scenario means that it is using 100% of the speech-only dataset S, and 100% of
the parallel speech-image dataset P,,. By comparing 50:50 and 100:50 scenarios,
we can find the effect of adding more single-modality data, which contributes
to a VQ-VAE that trained with more data. We found that this increases the
BLEU score by 1.59 and CIDEr by 2.22 points. Then, we compare the 100:50
and 100:100 scenarios, which shows the effect of adding more paired data, so
that the Image2Code model can be trained with more data. We found that this
increases the BLEU score further by 0.85 and CIDEr by 4.41 points.

The first comparison has more BLEU improvement, but the second compar-

ison has more CIDEr improvement. We can conclude that both of them are
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equally improved. Consequently, we can regard that both single-modality data
and paired image-speech data are both equally important to improve the Im-
age2Speech model using the MMCSelfSup framework.
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Appendix C

Discussion on Number of
Codes/Clusters in MMCSelfSup

This appendix complements Table 6.2a which compares the number of clusters
in MMCSelfSup. We found that the increase in cluster number is not always
positively correlated with the end performance because, after convergence, the
VQ-VAE model did not use all of the possible codebooks to represent the given

speech-caption utterance.

C.1. Number of Codes Effect to the VQ-VAE

Losses

In this section, we compare the different number of cluster effects to the overall
VQ-VAE loss described in Section 3.2.6 and to the reconstruction loss in partic-
ular.

Figure C.1 compares the VQ-VAE loss from different number of clusters. We
found that the VQ-VAE with 256 clusters has the lowest loss. Then, we can
regard that a cluster number less than 256 is not enough, and higher than 256 is
too many. Looking at the figure, we can conclude that when the model has not
had enough clusters, the loss will be much higher than when the model has too
many clusters.

Then, we can see the reconstruction loss in particular, by looking at Fig-
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Figure C.1: Comparing the MMCSelfSup VQ-VAE loss of different number of
clusters (refer to Table 6.2a). X-axis: loss, Y-axis: epoch.

ure C.2. Compared with the VQ-VAE loss, the effect of the number of codes is
more apparent here. The VQ-VAE with 256 clusters has the lowest reconstruction
loss, with quite a large margin compared with the other settings. We also can
take a similar conclusion, that by assuming 256 is the ideal number of clusters,

too many clusters will give lower loss than too few clusters.

C.2. Number of Codes Effect to Codebook Uti-

lization Rate

Figure C.3 compares the utilization rate of VQ-VAE with various number of
clusters. After decoding the speech using a trained VQ-VAE model, we get the
discrete representation of each utterance. Then, we calculate the unique number

of codes that are being used to define the dataset. In this way, we can find out
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Figure C.2: Comparing the MMCSelfSup reconstruction loss of different number
of clusters (refer to Table 6.2a). X-axis: reconstruction loss, Y-axis: epoch.

how many codes are actually being used, given the available number of codes. We
call this “codebook utilization rate”, which can be used to decide if the number
of the codebook is too few or too many for the given dataset.

We found that the number of codes 64 and 128 utilizes 100% of the available
code. There are two interpretations of these results. It is either that (a) there
is not enough code available, or (b) there is just enough code available. Given
that the utilization rate is under 100% in 256 codes setting, we can assume that
code number 64 is the case (a), and code number 128 might have a possibility to
be the case (b). Considering the losses also in the previous section, we decided
to use code number 256 for the next step of the experiment. Nevertheless, the
unused code is also not a problem for the Image2Code model. This is because
in this case, the Image2Code model vocabulary was build only on the utilized

vocabulary (i.e. the one with frequency > 0).
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Figure C.3: Codebook utilization rate of different number of clusters (refer to
Table 6.2a). X-axis: number of clusters, Y-axis: utilization rate.

C.3. Additional Analysis on Code Sequence Pat-

tern

brown dog is running ZRATthe sand.
brown dog playing in'the sand|.

brown dog plays at the beach .
dog is standing EnNthersand .

dog running fast in the sandl.

12 19 5 25 14 61 25 60 13 @ 36 14 14 13 55 EANIONIONI8N44128
12 34 5 25 14 61 73227 16 11 9 29 20 511019744 44'¢

12 19 5 25 14 20 7 32 56 29 6 20 20 30 32 45 27 44 44 32

12 50 8 47 49 15 61 51 9 9 9 29 20 BINIONISNA4NA4NE

12 50 43 25 34 5 16 4 55 25 13 58 61 9 29 40 51 14 4374474478

[V VR VI TR o)

Figure C.4: The example where the generated codebook sequence can also con-
sistently represent the overlap in the original speech. (top: speech transcription,
bottom: code sequence/discrete representation)

Figure C.4 shows the codebook from speech captions from the same image.
As we can see, the same overlap can be found between the speech transcription
and the codebook sequence. This consistency of the generated codebook sequence

shows how successful our proposed MMCSelfSup was to learn a discrete repre-
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sentation. In addition, we found an interesting phenomenon, where the same
speech segment can have a slightly different code sequence. For example, the
same phrase “a brown dog” has a slightly different code sequences of “12 19 5 25
14 617, “12 .34 5 25 14 617, and “12 19 5 25 14 20” due to the uncertainty in the
codebook selection process. This slight difference is the reason we add an end-to-
end finetuning, which allows the ambiguity to be handled later in the VQ-VAE

decoder. This resulted in a slight improvement as reported in Table 6.2d.
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