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Abstract

Simultaneous neural Machine Translation (SiMT) aims to maintain translation quality while
minimizing the delay between reading the input and incrementally producing the output.
The eventual goal of SiMT is to match the performance of highly skilled human interpreters
who can simultaneously listen to a speaker in a source language and produce a translation
in the target language with minimal delay. In this thesis, we explore attempts at building
reliable simultaneous translation systems that can produce fluent translations with minimal
latency.

We present two distinct methods for finding an optimal policy that tells us if current input
is enough for generating accurate translations, or we need to wait for more information. Our
first method employs a prediction mechanism to inform the model about incoming input
stream. We show as the length of sentences grows, predicting future time steps become es-
sential due to more complex re-orderings that can happen more often in long sentence pairs.
Our second method introduces a new algorithmic approach for finding optimal policy as a
reference in a supervised learning model. The resulting system translates more accurately
with less delay. Our third project focuses on improving the performance of an end-to-end
speech translation system, which many simultaneous speech systems rely on. We propose
a new loss function that allows us to use available huge datasets for Machine Translation
task in order to improve the performance of speech translation system.

Keywords: Simultaneous Machine Translation; Machine Translation; Speech Translation;
Real-time, Simultaneous
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Chapter 1

Introduction

1.1 Motivations

Simultaneous machine translation removes a central assumption made by machine transla-
tion systems: The translation in the target language is produced only after the input source
language utterance or sentence is fully received. This type of translation is particularly
suited for speech to speech translation (also called conference interpretation) where waiting
for the end of the sentence creates a long delay and creates an unnatural interaction between
the speaker and the hearer. Most contemporary speech-to-speech translation systems (such
as Skype Translator) use pauses in the speaker output to produce the output translation.
However, a fully trainable simultaneous translation system can be more adaptive, have less
latency and produce more fluent translations. The application of such systems is as diverse
as translating classroom lectures [36], travel assistance [94], and subtitling movies and digi-
tal media [64]. There are many challenges in building a simultaneous translation model: the
divergent syntax of different languages, knowing when to wait and when to translate (Also
known as Policy) is tricky, and sometimes the translation system might need to predict
what the speaker might say or paraphrase what the speaker has said already.

This thesis focuses on simultaneous translation systems where the generated output
token cannot be revised and usually referred to as streaming translation [8]. These models
are in contrast with re-translation methods, which take advantage of repairing previously
translated words [71, 70, 7, 8]. While in both streaming and re-translation settings designing
agile and high accuracy policies is challenging, the cost of making a mistake in streaming
translation is much higher. This is because waiting conservatively will lead to high latency,
and early translation can negatively affect the final translation quality.

Using acoustic speech signals as input to the simultaneous translation system can make
the problem more complicated. The available datasets for the speech translation task are
often noisy, and the shortage of training data pairs is interrupting the performance of
current models on most language directions [13, 14]. We will discuss how simultaneous
speech translation systems can be trained more efficiently by using available resources for
other tasks.

1



1.2 Summary of Contributions

The primary contributions of this thesis can be summarized in the following directions:

• Adding prediction mechanism to Simultaneous Machine Translation: De-
ciding when to stop reading and start translating based on already seen words can
become more accurate by informing the model about upcoming words in the source
stream. We propose a technique to incorporate a prediction mechanism in a trainable
Agent, which can lower the delay and improve translation quality compared to our
strong baselines.

• Designing effective supervision for policy generation: A method for generating
optimal segments in the source and target sentences by comparing the output of
translation component in the simultaneous system with the translations generated by
the offline translation model. Our method finds the shortest segments that do not
disturb final translated words by fixing the translation model. We also show that our
supervised agent can be trained using previously proposed translation components and
generate better policies with lower latency and higher translation quality compared
to what has been reported before.

• Improving the performance of end-to-end Speech translation systems: A
new setting for pretraining speech translation systems by making use of available
datasets for the Machine Translation task. We propose a new adversarial loss that
can align the latent representations of the ASR and MT encoders, enabling us to
effectively use the pretrained parameters of the MT decoder for training our speech
translation system.

1.3 Thesis Outline

The rest of the chapters in this dissertation are organized as follows:

Chapter 2 studies the relevant background for simultaneous tasks. We start by looking at
the structure of offline machine translation (section 2.1) and speech translation (section 2.2)
tasks, which serve as the backbone of most structures in the simultaneous setting. Then we
discuss the general structure for transforming an offline model into a structure that can be
used in real-time environments in section 2.3. The evaluation metrics for both translation
quality and delay are briefly described in section 2.4.

Chapter 3 covers a comprehensive overview of previous attempts to address the simultane-
ous translation task. The chapter begins with a brief discussion of traditional methods and
significant challenges for this task (section 3.1). The chapter continues with recent advances
in sections 3.2 and 3.3.

Chapter 4 Introduces a new prediction mechanism for the simultaneous translation task.

2



We propose a new prediction action for an agent trained with reinforcement learning tech-
nique which can inform the model about the incoming input stream.

Chapter 5 presents a new supervised technique in order to have a more stable training
with higher accuracy. We demonstrate how the new technique can be applied to various
translation components and achieve better translation quality and lower latency with more
optimal policies.

Chapter 6 Describes a method to improve the efficiency of the training process in simul-
taneous speech translation models where the available resources for fully training are not
available. Our experimental results (section 6.3) demonstrate by using huge datasets for
MT, we can achieve noticeably improvements in the performance over the baseline.

Chapter 7 concludes this thesis by summarizing major contributions described in previous
chapters. Then describe some future research direction in section 7.1.

3



Chapter 2

Background

Traditionally, most machine translation research has focused on the problem of translating
entire sentences at once. In the last decade, the development of robust neural network
architectures and the availability of large-scale datasets allowed building effective machine
translation systems for text and speech that can interpret with high accuracy. The promising
performance of offline translation models was crucial for creating simultaneous translation
frameworks. Even recently proposed models for SiMT heavily rely on the performance of the
underlying offline translation model. This chapter will study an accurate yet straightforward
NMT framework (section 2.1) with attention mechanism, followed by a brief review of speech
translation frameworks (section 2.2). Then we will discuss the requirements for turning an
offline setting into a simultaneous model (section 2.3). We finish this chapter by explaining
various metrics for evaluating a simultaneous model (section 2.4).

2.1 Neural Machine Translation

Neural Networks can be seen as an essential component in the most recent approaches in
machine translation. This chapter will describe how we can use them to build translation
systems that can extract semantic information from the source language and follow the
syntactic structure of the target language to produce translated words.
Most of the state-of-the-art approaches toward solving Machine Translation use the Encoder-
Decoder architecture with attention; However, since adding attention mechanism makes the
structure more complex, we will start describing simple Encoder-Decoder translation sys-
tems in the next section. Later, in 2.1, we will demonstrate how attention mechanism affects
the translation process.

Encoder-Decoder structure

The very basic neural structure that can generate reasonable translations is what is called
the Encoder-Decoder model [28, 93, 26]. The concept of this model is to use stacked layers
of LSTM or GRU cells to encode the whole source sentence into a real-valued vector. Then
we can feed this vector to our second neural network to decode it and produce translated
words one at a time. See Figure 2.1 for illustration.
More mathematically, our network at time step i will receive a numerical representation of
word xi from the source sentence X = {x1, . . . , xI}. Then it will combine them with the

4



Figure 2.1: Structure of an Encoder-Decoder model.

output of encoder at previous time step and passes them to a non-linear function. In other
words: hi = F(xi, hi−1), where F is a non-linear function (e.g. Tanh, Sigmoid, ...). Once
the encoder receives the <eos> word, it will compute the final encoder’s context vector hI .
In the decoder component, we will use the predicted word from previous time step yj−1,
previous decoder output sj−1 , and hI , as input for the decoder’s neural network. We will
compute sj , similar to the encoder’s context vector, with sj = G(yj−1, sj−1, hI), where G is
a non-linear function. Then we will pass sj through a softmax layer in order to compute
the probability P (yj |X, y<j). We will choose yj that maximizes the probability. i.e. yj =
arg maxyj P (yj |X, y<j).
This is the basic, yet powerful structure of the encoder-decoder model, and while there are
lots of neural models for machine translation, these can be seen as extensions to this model.
In [93] it is shown that with some refinements (E.g. using BiLSTM instead of LSTM as
encoder), the encoder-decoder structure can beat most of the approaches with many years
of research in their background. We will talk about these techniques in the next two sections.

5



Bidirectional RNNs

Bidirectional RNNs (BRNN) [87] extend the unidirectional RNN by introducing a second
hidden layer with connections that flow in the opposite temporal view. The first hidden layer
passes the activations forward, which connects the previous time steps to the current time
step; While the second layer has connections in the opposite direction so that the current
time step can observe the information from the future. The nodes in both hidden layers are
connected to the nodes to previous and next layers. The computations in a BRNN layer
can be described by three equations:

−→
h i = F(xi,

−→
h i−1)

←−
h i = F(xi,

←−
h i+1)

yi = G(−→h i,
←−
h i)

Where −→h i and
←−
h i are forward and backward hidden states at time step i. One limitation of

BRNN is that it cannot be applied to online or real-time applications, since it’s not possible
to receive information from future. But in batch procedures having access to the whole
sequence is a reasonable assumption, and BRNNs can improve results.

Attention Mechanism

We are only one step away to look at a powerful translation model, which is the encoder-
decoder model with attention mechanism. The encoder-decoder networks force the encoder
to keep all the information required for decoding into a fixed-dimensional context vector.
On the other side of this structure, the decoder only has access to this context vector, and
it is supposed to produce the whole translation using this fixed representation of the input.
With keeping these restrictions in mind, although the architecture works well, as the length
of sentences grows, the decoder’s performance decreases a lot. In order to fix these con-
straints, Bahdanau et al. [11] propose the attention mechanism. The main idea is that in-
stead of using the last state of the encoder’s context vector, the decoder can use a weighted
combination of the encoder’s output at different time steps. As a result, Not only would
the decoder be powerful, but it would also be much easier for the encoder to encode input
sentences at each time step.
More concretely, the first component of this structure encodes the embeddings of input
words X = {x1, . . . , xI} into context vectors H = {h1, . . . , hI}. It can be done by utilizing a
bidirectional RNN:

hi = FBiRNN(hi−1, xi)

6



Figure 2.2: Structure of an Encoder-Decoder model with Attention mechanism.

On decoder side we will have:

αji = FATTN(sj−1, hi) (2.1)

cj =
I∑

n=1
αjnhn (2.2)

sj = FDEC(sj−1, yj−1, cj) (2.3)

P (y|y<j ,H) ∝ exp[FOUT(sj)] (2.4)

7
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Figure 2.3: Schematic of overview of cascaded structure and end-to-end model for speech translation.

yj = arg max
y

P (y|y<j ,H) (2.5)

In equation 2.1, sj−1 is the decoder’s context vector at previous time step and FATTN is the
attention function which can be any function that measures how well the input at position i
is related to output at time step j. The most commonly used function is the original formula
presented by Bahdanau et al [11] which employs a multi-layer feedforward neural network.
We then pass these scores to a softmax function in order to make their summation equal to
one. The output of attention layer in equation 2.2 is using αji as probability for computing
a weighted average over the encoder’s context vector.

2.2 Speech Translation

Speech Translation (ST), the task of transforming acoustic signals in the source language
into the translated text words in the target language, is a complex combination of Automatic
Speech Recognition (ASR) and Machine Translation (MT) tasks. Most of the challenges
from ASR and MT, like word reordering, information loss and data efficiency, should also
be addressed in ST models. Conventional models for ST [92, 69, 97, 23] are based on the
cascaded pipeline of ASR and MT systems, where the ASR component transcribes incoming
signals, and the MT component interprets the transcriptions. In recent years, attempts to
remove the transcription step and create an end-to-end model have shown promising results
[1, 2, 4].

Cascaded Models

As depicted in figure 2.3, the cascaded ST models build ASR and MT components separately
and combine them by sending the output of ASR to the input of MT models. Waibel et
al. [66] extend this structure by adding Text-to-Speech (TTS) system in order to generate
translated speech.

Considering the fact that cascaded ST models are using a pipeline of distinct models
trained on two different corpora, these models are dealing with several challenges:
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• The most critical challenge in these models is the problem of error propagation.
The error generated by the ASR systems gets propagated through the rest of models
and affects the accuracy of the translated sentence.

• Since the ASR and MT models are trained separately, the output of ASR may not
be compatible with the MT component. The generated transcriptions in most ASR
models do not contain punctuation marks, which can decrease the accuracy of the
MT model. Removing the punctuation from input during training of MT also drops
its performance noticeably. Aside from punctuation, the output of the ASR model
does not remove disfluencies from speech or lacks the ability to tokenize or normalize
generated sentences, which are crucial for generating high-quality translations.

• The transcription process drops lots of critical information contained in speech signals.
Many acoustic cues, such as stress, pause, or even tone of the speaker, can be helpful
for easier recognition of sentence structure and improving the translation quality.

Improving the robustness of the underlying ASR and MT components can directly
impact the overall performance of the ST system. So adding distorted sentences with ASR
mistakes to the MT training data [77, 95] can introduce the translation component to some
of the probable errors it can face during inference. Another idea is to modify the training
process of the ASR to make its output more compatible with the translation component
[32, 44].

End-to-End models

Successful application of end-to-end architecture yielded breakthroughs in many research
areas and motivated researchers to investigate the effect of end-to-end architecture on the
ST task. By removing the transcription step, the number of model parameters decreases,
and most of the problems in cascaded models will be addressed.

One of the first end-to-end ST systems proposed by Bérard et al. [17], where an attention-
based encoder-decoder model (similar to the structure described in section 2.1) was modified
to work with speech signals. They replaced the standard attention mechanism with the
convolutional attention proposed by Chorowski et al. [27], which applies convolution filter
F to attention weights at previous time steps. Given the encoder representations H =
(h1, . . . , hI) and decoder state sj , the modified formulation of attention mechanism can be
formulated as follows:

eji = υ> tanh(Whi + V sj + +U fj,i + b) (2.6)

αji = softmax(eji ) (2.7)

cj =
I∑

n=1
αjnhn (2.8)
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Where W , V , and U are weight matrices, and fj,i is generated by convolving the filter
F with every position i of the previous alignment αj−1:

fj = F ∗ αj−1

For the choice of input features, Chorowski et al. use 40-dimensional MFCCs + frame energy
and pass them through a hierarchical encoder with three layers, which results in a sequence
of 1/4th the size of the original input.

The alteration of this architecture has been thoroughly explored in recent years [15, 98,
37]. While these models can benefit from simple structure and have access to acoustic cues
to understand the structure of sentences better, the cascaded models still outperform the
end-to-end model by a large margin. One major obstacle that is shared between all end-
to-end ST structures is the lack of enough training data. The key to success of end-to-end
models for ASR and MT is training on huge datasets available for their task. Except for
a few language pairs, acquiring a moderate amount of speech-to-text data pair is not easy
and result in under-trained models.

2.3 Moving from Offline Models to Simultaneous Structures

We start this section by explaining how we can transform an offline setting to a simultaneous
setting in text-to-text models. Then we will briefly discuss how speech-to-text models can
be converted.

In order to translate a sentence simultaneously, we are required to have a mechanism
to decide if the current amount of input words are enough for accurately translating the
next word or we need to wait longer. This decision, which we will refer to as Policy, plays a
crucial role in streaming translation1 where we do not modify previously translated words.
As depicted in figure 2.4, the main structure of a simultaneous model can be divided into
two primary components:

• interpreter also referred to as Interpreter or Translation component, which receives
the stream of input words in the source language and takes care of translation based
on the schedule that the agent provides

• agent or programmer receives information about the current time step from the
interpreter and decides if we should receive more input from the source stream (READ)
or send the current translation to the output (WRITE). While the agent is a separate
component from the interpreter in most frameworks, it might not be easy to draw a
clear line to split the model into agent and interpreter components.

1The focus of this thesis is on streaming translation, and except for brief comparisons we will not discuss
any the techniques introduced for re-translation or their counterparts.
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Interpreter Agent

Stream of input words

Generated output tokens

ST

Figure 2.4: Structure of a Simultaneous Neural Machine Translation. The environment informs
the agent about current time step and the agent decides what should the environment do for
the next time step.

One important thing to note is that the notion of "time step" for the agent is different
from the "time step" we usually refer to in offline settings. The formulation for the encoder-
decoder structure uses separate indices to keep track of incremental progress in encoders and
decoders. In simultaneous environment, if the interpreter uses an encoder-decoder structure,
the agent’s time step should be a combination of both encoder and decoder time steps to
work with both components. In other words, if the interpreter’s encoder receives the input
words X = {x1, . . . , xI} from the source language and incrementally generates translated
words Y = {y1, . . . , yJ} in the target language, the number of agent’s decisions T can be
written as T = I + J .

State-of-the-art strategies for modelling the agent will be discussed in sections 3.2 and
3.3. The interpreter in most simultaneous frameworks is modelled similarly to the offline
MT models. The main modification in the interpreter is that the translations in decoder
are generated based on prefixes of encoder representations.

For simplicity, we will describe the modification required for an attention-based encoder-
decoder environment that uses an LSTM network. More complicated structures for the
interpreter can be adjusted similarly and will be discussed in chapter 3.

Suppose the Encoder receives the embedded representation of input sentences X =
{x1, . . . , xI} and converts them into context vectors H = {h1, . . . , hK} such that:

hi = FENC(xi, hi−1)
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Since we do not have access to the whole sentence after i READs (i < I), we will use Hi

which contains those context vectors that have been read so far (i.e. Hi = {h1, . . . , hi}).
The Decoder is trained to generate target word, given the context vectors Hi, previous
predicted word yj−1 and previous decoder state sj−1 after i READs and j WRITEs. for
t = i+ j we will have:

ct = AATT(sj−1,Hi)

zt = FDEC(sj−1, yj−1, ct)

P (ŷt|y<j ,Hi) = G(yj−1, sj , ct)

Where A, F and G are nonlinear functions. The word with highest probability will be
selected as output at each time step:

ŷt = arg max
ŷ

P (ŷ|y<j ,Hi)

One frequent point of confusion in the new translation model is that, in contrast to the
standard NMT model, we can have an output at each time t; However, the agent decides
whether to ignore the current candidate (ŷt) and wait for better predictions [READ] or
accept the candidate (yj ← ŷt, sj ← zt) and select it as the next translated word [WRITE].

Transforming speech translation models

Building Simultaneous Speech Translation (SiST) is a more challenging task compared to
SiMT as the length of the source speech signals are much longer than the translated text,
and lots of optimization techniques such as BPE or tokenization can not be applied to the
input audio signals. Conventional approaches for SiST modify the cascaded architecture
(section 2.2) to generate translations simultaneously [36, 72].

Similar to the cascaded model in the offline setting, an ASR model with streaming
architecture [48, 85, 39, 82] allows transcriptions to be generated as soon as the first input
is encoded. Each generated transcription will be forwarded to a SiMT model to produce
translated target words. Fügen et al. [36] and Bangalore et al. [12] make use of pauses
in the middle of speech signals to segment the incoming input. While pauses are a good
indicator of a phrase boundary, this method heavily depends on the speech attributes of each
speaker. Rangarajan et al. [91] predict the potential positions for commas or periods in the
generated transcription and use them as sentence boundaries. Oda et al. [72] introduce an
algorithm based on greedy search and dynamic programming to find the best segmentation
for the transcriptions before being sent to the machine translation component. In all these
cascaded models, the ASR and MT components segment their inputs completely separate
from each other. Consequently, their policies cannot be optimized jointly, which results in
low accuracies. Recently several end-to-end architectures were proposed for SiMT, and we
study them in chapter 3.
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2.4 Evaluation Metrics

In the standard NMT framework, translation quality is the primary metric for evaluating
various translation systems. However, simultaneous translation requires balancing the trade-
off between translation quality and time delay to ensure that users receive translated content
in an expeditious manner [67]. Therefore, in this section we will describe various evaluation
metrics for both quality and delay in MT systems.

2.4.1 Quality

Although human evaluations for the quality of machine translation (MT) weigh many as-
pects of translation, including adequacy, fidelity, and fluency [46], they are expensive and
time-consuming. As a result, automatic evaluation techniques such as the BLEU score [75]
have been widely used in MT systems. Here, we will discuss the most commonly used eval-
uation metrics for quality:

• Standard BLEU
In recent years BLEU became the de facto standard machine translation (MT) evalu-
ation metric [20]. It is based on the degree of n-gram overlapping between the strings
of words produced by the machine and the human translation references at the corpus
level. BLEU is usually computed for n-grams of size 1 to 4 with the coefficient of
brevity penalty (BP).

BLEU = BP×
( N∏
n=1

mn

ln

) 1
N

BP =

1 if c > r

e1− r
c if c ≤ r

Where mn is the number of matched n-grams between translation and its reference,
and ln is the total number of n-grams in the translation. c is the total length of
candidate translation corpus, and r refers to the sum of effective reference sentence
length in the corpus.

• Smooth BLEU
One of the main criticisms of BLEU is that since it computes a geometric mean of
n-gram precisions, if a higher-order n-gram precision (e.g. n = 4) of a sentence is 0,
then the BLEU score of the entire sentence is 0, no matter how many 1-grams or
2-grams are matched. Among several smoothing techniques proposed to address this
problem, the smoothing technique suggested by Lin et al. [57] is the most widely used.
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It adds 1 to the matched n-gram count and the total n-gram count for n ranging from
2 to N .

m′n = mn + 1 for n in 2 . . . N

l′n = ln + 1 for n in 2 . . . N

2.4.2 Delay

Another critical feature in real-time machine translation systems is delay which means how
much time is wasted for reading when translating each word. there is no unique formulation
for delay, and various methods use their own definition to report rapidity of their systems.
The more common and accurate choices in practice for delay function is Average Proportion
and Consecutive Wait which we will describe:

• Average Proportion (AP)
Cho et al. [24] defined AP as an average number of source words needed when trans-
lating each word. In other words, AP can be computed as:

AP = 1
I × J

∑
j

ψ(j)

Where I, J are the lengths of source and decoded sequences respectively, and ψ(j)
denote the number of source words been waited when decoding each word.

One major drawback of AP is that the length of the source and target sentences affects
the final delay. In other words, the shorter the sentences, the higher the AP would be.

• Consecutive Wait (CW)
CW as is defined by Gu et al. [41] is how many words were waited for (READ)
consecutively between translating two words. It is defined at each time step is equal
to the length of the current segment. CW can be computed at each time step as:

CWt =

CWt−1 + 1 at = READ

0 at = WRITE

The drawback of CW is that CW is local latency measurement which is insensitive to
the actual lagging behind [59].

• Average Lagging (AL)
To address the problem of CW and AP, Ma et al. [59] proposed a new metric called
Average Lagging. The delay in AL is computed based on the number of words the
system lag behind an ideal translator, and can be defined as:

AL = 1
τ

τ∑
n=1

g(n)− (n− 1)
r
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where r = J/I is the ratio of the target to source length, g(n) is the delay at time n,
and τ is the cut-off time step when the model received the whole source words:

τ = arg min
n

[g(n) = I]

The τ which contains the arg min operation makes AL not differentiable and cannot
be optimized

• differentiable Average Lagging (DAL)
Cherry et al. [21] proposes the differentiable version of AL which is defined as:

DAL = 1
J

J∑
n=1

g′(n)− (n− 1)
r

Similar to AL, r is defined as the ratio of the target to source length, and g′ is defined
as:

g′(n) = max

 g(n)

g′(n− 1) + 1
r

By eliminating the arg min element, DAL can be used as a loss component for training
neural networks.

2.4.3 Additional Criteria

In speech translation task, the length of the input stream is much longer than the length
of the target sentence. Consequently the AL become extremely low and trivial. To address
this problem, two modification to the AL have been proposed:

• The modified version of AL proposed by Ren et al. [83] replaces the length of source
sentence with the number of source segments. The new AL is formulated as:

AL = 1
τ(|x|seg)

τ(|x|seg)∑
n=1

g(n)− (n− 1)
r

Where |x|seg is the number of speech segments, g(n) is the number of source segments
received before writing the n-th target token, and τ(|x|seg) is the smallest n where all
the input sequence has received:

τ(|x|seg) = arg min
n

(g(n) = |x|seg)

and r = |y|/|x|seg. While this modification adjust the range of AL for speech translation
task, it relies on the segmentation strategy and pre-processings.
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• Ma et al. [60] proposed a similar conversion for the AL, but does not depend on the
segmentation method. The modified AL is defined as:

AL = 1
τ(|x|)

τ(|x|)∑
n=1

g(n)− |x|
|y|
.Ts.(n− 1)

Where |y| is the length of reference translation, |x| is the length of source input stream,
Ts is length of speech frames in milliseconds, g(n) is the speech duration elapsed at
time step n, and τ(|x|) is the index of target token when the whole input is received.

2.5 Summary

In this chapter, we have discussed an RNN-based structure for machine translation and
how various mechanisms like bi-directionality or attention can improve performance. Then
we studied both cascaded and end-to-end structures for speech translation and explored
the main differences between an offline and a simultaneous model. We have also explained
the most commonly used terms in SiMT and closed this chapter by discussing evaluation
metrics for translation quality and the overall delay of a simultaneous translation model. In
the next chapter, we will go through the most notable strategies to find the optimal policy.
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Chapter 3

Simultaneous Machine Translation

The field of Simultaneous Machine Translation (SiMT) is growing very quickly. In this
chapter, we try to summarize the most relevant works published in this area. Based on the
type of information each agent uses, we have grouped different methods of finding sentence
boundaries into two categories: Static policies where the agent applies a specific rule to
all sentences, and Adaptive policies where the agent seeks to find the best segments using
incoming sentences.

We start this chapter by reviewing traditional systems and challenges we are dealing with
in this field. In section 3.2, we discuss proposed models with static policies and how their
translation components are being trained to build a powerful model for translating partial
sentences. Finally, in section 3.3, we move on to adaptive policies, where we categorize
different approaches based on the learning mechanism they employ to train the agent.

3.1 Traditional Systems

Before starting the new wave of modern neural architectures, a number of statistical meth-
ods have been proposed to address the problem of simultaneous translation, mostly in the
context of speech translation [12, 36]. In this section, we will briefly discuss four major
threads and challenges from statistical approaches. Some of these challenges remained un-
solved in modern architectures.

Segmentation

In real-time translation, interpreter must split a constant stream of words into translatable
segments, in a way that maximizes the translation quality and minimizes segment length.
The statistical approaches for splitting sentences can be divided into two main groups:
sentence segmentation and incremental decoding. In incremental decoding, incoming words
are fed into the decoder one-by-one, and the decoder updates its internal state. The decoder
is responsible to decide when to begin the translation process and when to output the
translation. In sentence segmentation, the focus is on splitting sentences and as soon as a
segment is recognized, it is given to a decoder to generate and output the translation for
that segment.
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Prediction

In real-time translation we do not have access to future time steps. Consequently when
translating from subject-object-verb (SOV) languages like German to subject-verb-object
(SVO) languages like English, since the main verb may appear later in an SOV language, for
the translation to be truly incremental, the verb, copula, or other sentence-final components
must be predicted and translated before they are actualized in the source sentence.

Konieczny et al. [53] predict verbs with a recurrent neural network, but Matsubara et
al. [63] was the first to use verb predictions as part of a simultaneous interpretation system.
They use pattern matching-based predictions of English verbs. In contrast, Grissom II et al.
[40] use a statistical approach, using n-gram models to predict German verbs and particles.

Rewording

Prediction task is inherently hard, and most of the time it’s inaccurate. As another solution
for SOV-SVO language pair translation, one can apply syntactic transformations to make
the word order of one language closer to the other. In other words, rewording is changing the
standard way of wording output to prevent long delays. He et al. [43] proposed to rewrite the
reference translation in a way that uses the original lexicon, obeys standard grammar rules
of the target language, preserves the original semantics. They then train the MT system
with the rewritten references so that it learns how to produce low-latency translations from
the data.

Evaluation

Another important question for simultaneous translation systems is that how we should
evaluate our translator. It’s not trivial what is the best method for rewarding the system
according to its accuracy and rapidity. Mieno et al. [67] devised an evaluation measure for
simultaneous speech translation that simultaneously considers delay and accuracy and found
out that considering both speed and translation accuracy in the evaluation of simultaneous
speech translation systems results in more effective evaluation.

3.2 Models with Static Policies

The static policies segment source and target sentences via predefined sentence boundaries,
without taking into account sentence structure or word re-orderings required for translation.
Despite their basic structures, Static policies achieve good results in balancing the trade-off
between translation quality and delay, and formed a strong baseline against many adaptive
policies with highly more complex structures. This section will review two static policies:
The Static Read and Write proposed by Dalvi et al. [29], and wait-k proposed by Ma et al.
[59].
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3.2.1 Static Read and Write

Dalvi et al. [29] addresses the problem of segmentation by using a fixed policy and modifying
the decoder in NMT. The static Read and Write strategy starts with S number of READs,
followed by consecutive READs and WRITEs until the end of the source sentence. The
parameter S can be chosen by the user and should be large enough to ensure some future
context to be used by the decoder.

Incremental Training

Training the MT model on full-sentences and decoding by partial hypotheses creates dis-
crepancy between training and inference which can damage the performance of the trained
model. Two methods proposed to modify the training process and match it with the Static
Read and Write decoding scenario:

• Chunk Training In chunk training a fully trained NMT model is fine-tuned via fixed-
length segments. In order to so, the source sentences will be divided into segments
with N words. Then the corresponding translated words can be selected from target
sentence using statistical word alignment techniques1

• Add-M Training To better mimic the decoding process during inference, add-M
training starts with N initial READs at the beginning and WRITEing the target
words that are aligned to those words. For the next time steps we will READ chunks
of M words from source and WRITE their aligned words to the target until the source
sentence finishes.

3.2.2 Wait-k

Very similar to the Static Read and Write, Ma et al. [59] proposed Wait-k policy which
READs k words at the beginning and starts to consecutively WRITE and READ until the
</s> is generated on the target side. During training the translation model receives the
words from the source language and generates words to the target side in exactly the same
order as wait-k suggests. The special cases of the wait-k model are:

• wait-∞ or offline translation, which waits for the whole source sentence to be received
before generating any translation.

• wait-0 is the policy that generates consecutive sequences of WRITE-READs. This
model is translate the first word without receiving it and is considered as an ideal
policy. This policy is the basis of formulation for Average Lagging, which is explained
in section 2.4.2.

1The original paper uses fast-align [34].
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Algorithm 1 Simultaneous Greedy Decoding (SGD)
Require: Input buffer X, Output buffer Y.
1: Init j ← 0, i← 1
2: while True do
3: t← j + i
4: ct = AATT(sj−1,Hi)
5: ŷt, zt ← FDEC(sj−1, yj−1, ct)
6: if Λ(t) = READ and i < I then
7: hi+1 ← FENC(hi, xi+1)
8: Hi+1 ← Hi ∪ {hi+1}, i← i+ 1
9: if |Ŷ | = 0 then

10: s0 ← FINIT(Hi)
11: else if Λ(t) = WRITE or i ≥ I then
12: sj ← zt, yj ← ŷt
13: Y⇐ yj , j ← j + 1
14: if ŷt = 〈eos〉 then
15: break

Eval-wait-k

Decoding a full-sentence MT model using Wait-k policy is called Eval-wait-k [59]. The
discrepancy between training and inference time makes this model perform worse than the
Wait-k model. But as the k grows both models gradually perform as good as full sentence
MT.

3.3 Models with Adaptive Policies

Adaptive policies attempt to find optimal sentence boundaries by attending to the structure
of source and target sentences, and generating action sequences that are tailored for each
sentence pair. We have categorized previously proposed adaptive policies into 5 different
groups based on different techniques they employ to address the problem of segmentation.
In each part, we will describe how we can frame the the simultaneous translation problem
using the technique introduced in that section. We will discuss various expansions to explore
that technique more in depth afterwards.

3.3.1 Rule-based Models

The rule-based models are similar to static policies in the sense that their agents are not
being trained, and the action sequence is generated based on some predefined rules. How-
ever, unlike static models, rule-based techniques pay attention to the word order in the
source and translated sentences and make final decisions based on the output of translation
component at each time step. The non-trainable agent proposed by Cho et al. [24], controls
the translation environment by heuristic modification of decoding process. The algorithm
is depicted in Algorithm 1.
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The translation process is as follows: At each time step t, if the full source sentence is
already received then the most likely word ŷt will be printed to the output; Otherwise, more
source words will be passed through the network. The Agent compares the log probability
of the most likely word at current time step with previous time step based on a predefined
criterion Λ. If the agent decides to WRITE, then the environment commits the most likely
target symbols ŷt given the current context set H to the output; And if not, the environment
will wait for more source words. Two waiting criteria Λ has been studied in [25]:

• Wait-If-Worse The first scenario for the agent is to wait for more source words if
the log probability of the most likely prediction decreases with more inputs. In other
words, the criteria at time t can be defined as:

Λ(t) =

READ if logP (ŷt|y<j ,Hi) < logP (ŷt|y<j ,Hi+1)

WRITE otherwise

where i and j are the number of READs and WRITEs respectively at time t, and
ŷt = arg maxŷ P (ŷ|y<j ,Hi)

• Wait-If-Diff The other scenario is to print the predicted word ŷt to the output,
only if it won’t change by reading more words from source sentence. Mathematically
speaking, Λ(t) can be described as:

Λ(t) =

READ if ŷt 6= ŷt+1

WRITE otherwise

where ŷt+1 = arg maxŷ P (ŷ|y<j ,Hi+1). This is different from previous criteria since
decreasing log probability of a predicted word doesn’t necessarily indicate that most
likely word will be changed.

By changing the policy, one can get various modes of translation. The standard NMT
system (or wait-∞) can be achieved by setting policy to wait until the end of sentence
which we call it Wait-Until-End. Also the fastest translator is the one which translates
after receiving each word and we call it Wait-One-Step.

3.3.2 Reinforcement Learning Techniques

The first trainable agent, introduced by Satija et al. [86] interacts with the environment
(which in our case it is NMT system) using Reinforcement Learning algorithms. At each
time step t, the agent receives an observation ot from the environment and chooses an action
at ∈ {READ,WRITE} which leads to a reward rt and transition into next observation ot+1.
The Q-learning techniques have been applied in order to estimate the value of executing an
action from a given state, which are referred as Q-values. Then a deep neural network is
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employed to approximate the Q function, parameterized by weights denoted by θ [68]. At
time t, for a given observation ot, the Q-values for all the available actions are predicted
using this network and are denoted by Q(at, ot|θ). The Q-values can be learned by making
updates to the network to minimize the differentiable loss function:

L(a, o|θi) ≈ (r + γmax
a′

Q(o′, a′|θi)−Q(o, a|θi))2

Where the updates are Qi+1 = θi + α∇θL(θi). The other settings of their RL system is as
follows:

• Observations The observation of the agent represents its current view of the envi-
ronment. It is represented as concatenation of the current Encoder’s context vector hi,
The current Decoder’s context vector zt, and the last word predicted by environment
yj . Hence observation at time step t can be written as ot = [ hi; zt; yj ].

• Reward At each time t, the reward is computed as rt = rQt × rDt where rQt is the
partial BLEU score for reference Y∗ which can be written as:

rQt =


1
βBLEU(Yt,Y∗) t < T

BLEU(Y,Y∗) t = T

Where Y is the output, Yt is the cumulative output at time t and β is the maximum
sentence length permissible. rDt is delay component of reward formula which can be
calculated as:

rDt = 1− l − 1
λ

Where λ is a fixed constant and l represents the length of consecutive READ steps at
time t.

We will now describe the translation process after pre-training of the NMT environment has
been completed. Given a sentence, the Agent receives observation from the NMT system ot

and generate the Q-values for the available actions using its own neural network. The agent
then selects the action with the largest return and executes that. It gets a corresponding
reward from the environment and also the next word from the source sequence, which sends
it to the observation ot. It keeps on executing in such manner until it receives terminal
observation (the end of source sentence, represented by 〈eos〉 token) and after that the
agent performs WRITE actions until the environment predict the 〈eos〉 token for the target
sentence.

Trainable Agent with Policy Gradient

The most recent alternative for agent is presented by Gu et al. [41]. Their model is similar
to Satija’s agent in a sense that they are using the same set of actions and the agent
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is trained with reinforcement learning techniques. However, as illustrated in Algorithm 2,
many aspects of the agent has been changed:

Algorithm 2 Trainable agent with policy gradient
Require: Policy πθ, Input buffer X, Output buffer Y.
1: Init j ← 0, i← 1
2: while TRUE do
3: t← j + i

4: ŷt, zt, ot ← F(sj−1, yj−1, ct)
5: at ∼ πθ(at; a<t, o<t)
6: if at = READ and xi 6= 〈eos〉 then
7: hi+1 ← FENC(hi, xi+1)
8: Hi+1 ← Hi ∪ {hi+1}, i← i+ 1
9: if |Ŷ| = 0 then

10: s0 ← FINIT(H i)
11: else if at = WRITE then
12: sj ← zt, yj ← ŷt

13: Y⇐ yj , j ← j + 1
14: if ŷt = 〈eos〉 then
15: break

1. Observation The current state in Cho’s agent represented by concatenation of the
current attention context vector ct , the current decoder state st and the embedding
vector of the candidate word ŷt as the continuous observation, o(t) = [ ct; st; E(ŷt)].

2. Reward Although the model computes reward at the end of the sentence, it is cal-
culated as cumulative sum of each time step. Hence, various evaluation metrics has
been modified to be calculated at each time step.

• BLEU Score
They decompose smoothed version of BLEU as described in section 2.4.1 and
use the difference of partial BLEU scores as the reward, that is:

rQt =

BLEU(Yt,Y∗)− BLEU(Yt−1,Y∗) t < T

BLEU(Y,Y∗) t = T

Where Y is the output, Yt is the cumulative output at t and Y∗ is the reference.

• Average Proportion
Following the definition in section 2.4.2, Average proportion at each time step is
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calculated as:

APt =

0 t < T

AP t = T

In other words, APt is calculated at the end of sentence and for all other time
steps it would be zero.

• Consecutive Wait
CW has been used as it is described and formulated in 2.4.2.

The reward for delay rDt is computed as combination of AP and CW, which has been
devised as:

rDt = α.[sign(CWt − γ) + 1] + β.bAPt − δc (3.1)

Where α, β, γ, and δ are preset constants. Finally the total reward at each time step
is achieved by setting rt = rQt + rDt .

Instead of estimating state-value function, the new agent makes use of a softmax policy,
which means parameters of policy πθ is estimated by an RNN with a softmax function at
final layer:

s′t = Fθ(s′t−1, ot)

πθ(at|a<t, o≤t) ∝ Gθ(s′t)

Where s′t is the internal state of the agent. the RNN is then trained using policy gradient
algorithm [99], which maximizes the following expected rewards:

J = Eπθ

[
T∑
t=1

rt

]

Whose gradient is:

∇θJ = Eπθ

[
∇θ log πθ

T∑
t=1

rt

]

Since we are computing this gradient at the end of sentence, it can be calculated as:

∇θJ = Eπθ

[
T∑
t=1
∇θ log πθ(at|.)Rt

]

Rt =
T∑
k=t

[
rQk + rDk

]

24



In practice, this gradient is estimated by sampling multiple action trajectories from the
current policy πθ, collecting the corresponding rewards.

3.3.3 Supervised Learning Techniques

Models that use supervised learning techniques fix the translation component and aims to
train the agent in a supervised way. Teaching the agent to find optimal sentence boundaries
requires an algorithmic method to generate oracle action sequences for each source and
target language pair. Designing a mechanism for obtaining optimal segments to generate
accurate translations as fast as possible is under-explored [9] and remained an unresolved
challenge. In this section we will explain the supervised model introduced by Zheng et al.
[101] which use pairs of (input, reference) sentences to train the oracle agent.

For an input sentence X = {x1, . . . , xI} and its target translations Y∗ = {y∗1, . . . , y∗R},
Zheng et al. [101] follows the algorithm 3 to generate their oracle action sequences.

Algorithm 3 Oracle action sequences for supervised models
1: Init i← 1, j ← 0, a0 ← READ
2: while j < R do
3: t = i+ j
4: if i = I or Rank(y∗r |x≤i) ≤ β then
5: at = WRITE
6: j ← j + 1
7: else
8: at = READ
9: i← i+ 1

10: return actions

Where β is a user defined positive integer and x≤i is the prefix of first i-th words in source
sentence. Rank(y∗j |x≤i) counts the rank of j-th target word in predictions of translation
component given the first i source words.

Aside from the parameter β, in order to have more control over balancing the trade-off
between translation accuracy and delay, the model filter the action sequences if their AL
(described in section 2.4.2) is higher than a fixed constant α. Additionally, the probability
ρ is introduced to serve as threshold for choosing the best action; i.e. the READ action will
be chosen if its probability is greater than ρ.

A transformer-based [96] NMT model trained on full-sentences serves as translation
component. For the choice of Agent, Zheng et al. [101] use a 512 unit GRU layer, a 64
unit fully-connected layer followed by another fully-connected layer with 2 dimensions. The
input to the Agent consists of the encoder and decoder representation with cross attention
scores from the translation component.
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3.3.4 Attention-based Methods

The attention-based models are adaptive policies that rely solely on attention weights to
decide the right time to commit an output. The main obstacle in using the conventional
attention mechanism in online settings is that it relies on the whole source words to compute
the context vector. The monotonic attention process first introduced by Raffel et al. [80]
to model a linear-time complexity hard attention mechanism for tasks that input-output
attention weights are approximately monotonic. In this section, we will describe the original
monotonic attention model and then we describe how this model has been modified by
Arivazhagan et al. [6] to attend to previous time steps, and the formulation proposed by
ma et al. [61] to use monotonic attention with the transformer model.

Given the input sequence X = {x1, . . . , xI} we want to transform it into translated
words Y = {y1, . . . , yJ} using an end-to-end model. The original work uses an RNN-based
model which updates the parameters as follows:

hi = FRNN−ENC(xi, hi−1) (3.2)

sj = FRNN−DEC(yj−1, sj−1, cj) (3.3)

yj = Fsoftmax(sj , cj) (3.4)

The Softmax step generates a distribution over output tokens. The context vector cj in
standard soft attention model is computed as:

eji = FMLP(hi, sj−1) (3.5)

αji = Fsoftmax = exp(eji )∑I
k=1 exp(ejk)

(3.6)

cj =
I∑

n=1
αjnhi (3.7)

To compute the context vector cj in equation 3.7 we need to receive the encoder rep-
resentations from all input time steps and it cannot be directly applied to simultaneous
settings.

The idea in monotonic attention is to assign the context vector cj to a particular encoder
state hqj where qj is the input token at output time step j. Beginning with encoder state
at i = qj−1, the algorithm produces a Bernoulli selection probability Pi,j and decides either
to WRITE and set qj = i, or READ one more source token and move to i+ 1. This process
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can be formulated as:

eji = FMonotonic(sj−1, hi) (3.8)

Pi,j = FSigmoid(eji ) (3.9)

zi,j ∼ Bernoulli(Pi,j) (3.10)

If zi,j = 1, the next action will be WRITE and we set qj = i and cj = hqj ; Otherwise,
one more token will be read from input sequence and we set qj = i. During training, the
hard assignment of cj impede the back-propagation process. Raffel et al. [80] proposed an
alternative alignment α to replace the softmax attention. αji which computes the probability
of attending to state hi at output time step j, can be formulated recurrently as:

αji = Pi,j

(
(1− Pi−1,j)

αji−1
pi−1,j

+ αj−1
i

)
(3.11)

The formula in 3.11 can be transformed to be computed in parallel and more efficiently
[80]:

α:
j = P:,jcumprod(1− P:,j)cumsum

(
αj−1

:
cumprod(1− P:,j)

)
(3.12)

Where cumprod(x) = [1, x1, x1x2, . . . ,
∏I−1
n=1 xn] and cumsum(x) = [x1, x1+x2, . . . ,

∑I
n=1 xn].

While monotonic attention is successful at decoding in linear time, its attention mechanism
is only attending to one word which can hugely affect the translation accuracy. To address
this problem, Chiu and Raffel [22] Proposed Monotonic Chunkwise Attention (MoChA)
where the model was allowed to apply soft attention to a fixed-length chunk of encoder
states.

Monotonic Infinite Lookback Attention (MILk)

In addition to MoChA, Arivazhagan et al. [6] introduced MILk where the model can use
soft attention on all the encoder states in previous time steps h1, . . . , hqj . During inference,
when monotonic attention chooses to stop at qj , MILk computes soft attentions:

ejk = FMLP(hk, sj−1), k ∈ 1, 2, . . . , qj (3.13)

Then the context cj can be computed as:

cj =
qj∑
i=1

exp(eji )∑qj
l=1 exp(ejl )

hi (3.14)
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The equation 3.14 allows the attention context vector cj to attend to all previous time
steps 1 . . . qj . During training, instead of finding optimal value for qj , MILk compute the
expected value of cj in the following way:

βji =
I∑
k=i

(
αjk exp(eji )∑k
l=1 exp(eji )

)
(3.15)

cj =
I∑
i=1

βji hi (3.16)

Since the model can attend to all previous time steps, a trivial optimal policy is to
wait until the end of the sentence, where the attention mechanism has access to all encoder
representations to generate highly accurate outputs. To avoid this scenario, Arivazhagan et
al. [6] proposed to extend the negative log likelihood with a differentiable cost for loss. The
new loss function is defined as:

L(θ) = −
∑

(X,Y)
logP (Y|X; θ) + λC(G)

Where λ is a user-defined constant, C is a differentiable metric for delay (e.g. Differen-
tiable Average Lagging (DAL) which described in section 2.4.2), and G = {g1, . . . gJ} where
each gj = ∑I

n=1 nα
j
n.

Monotonic Multihead Attention (MMA)

To utilize the power of transformers in attention-based models, Ma et al. [61] modified the
multihead architecture in transformers to augment it with monotonic attention mechanism.
Having multiple heads for attention layer allows transformers to generate different distribu-
tions with each head. Given queries Q, keys K and values V , the Multihead attention can
be computed as:

Attention(Q,K, V ) = Softmax
(
QKT

√
dk

)
V (3.17)

headh = Attention(QWQ
h ,KW

K
h , V W

V
h ) (3.18)

MultiHead(Q,K, V ) = concat(head1, . . . , headH)WO (3.19)

Where H is number of attention heads, and dk is the dimension of attention head.
MMA applies monotonic attention to each attention head, by modifying the formulation of
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monotonic mechanism for the h-th head in the l-th layer as:

el,hi,j =
(
mjW

K
l,h(si−1W

Q
l,h)T

√
dk

)
i,j

(3.20)

pl,hi,j = Sigmoid(ei,j) (3.21)

zl,hi,j = Bernoulli(pi,j) (3.22)

This way each attention head make independent decisions from each other. For develop-
ing selection process, Ma et al. [61] explored two types of alignments: MMA-H(ard) which
follows the standard monotonic attention mechanism and use hard-alignment formulation
(formula 3.11) to compute expected alignments for each head, and MMA-IL(infinite look-
back) which uses MILk selection criteria to be able to attend all previously visited encoder
states. Similar to formula 3.13, the soft attentions in MMA-IL is computed as:

ul,hi,j = φmlp

(
mjŴ

K
l,h(si−1Ŵ

Q
l,h)T

√
dk

)
i,j

(3.23)

Then the equations 3.15 and 3.16 will be used to calculate the expected value of ci.
During test time, both MMA-H and MMA-IL for each decoder layer l, attention head h at
decoder time step i use the sampling process of standard monotonic attention to set the
encoder step at tl,hi . Then the context ci can be computed as follows:

cli = Concat(cl,1i , c
l,2
i , . . . , c

l,H
i ) (3.24)

where cl,hi = fcontext(h, tl,hi ) =


m
tl,hi

MMA−H
tl,hi∑
j=1

exp(ul,hi,j )∑tl,hi
j=1 exp(ul,hi,j )

mj MMA− IL
(3.25)

The decoding strategy for both models are depicted in Algorithm 4.

3.3.5 Imitation Learning Methods

Similar to attention-based models, methods that employ Imitation Learning (IL) focus on
training the translation component concurrently with a supervised agent. The agent in IL
requires an oracle action sequence to use as reference in its supervised training, and since
the translation component is not fixed, the oracle action sequences proposed for supervised
methods cannot be applied to this framework. Zheng et al. [102] and Arthur et al. [9]
proposed two different methods for solving the simultaneous translation task via imitation
learning. We will start this part by explaining the general structure in [9], then we will
briefly discuss the model proposed in [102].
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Algorithm 4 Monotonic decoding for both MMA-IL and MMA-H models.

1: Input: x = source tokens, h= encoder states, i=1, j=1, tl,h0 = 1, y0 = BOS
2: while yi−1 6= <eos> do
3: tmax = 1
4: h = empty sequence
5: for l← 1 to L do
6: for h← 1 to H do
7: for j ← tl,hi−1 to |x| do
8: pl,hi,j = FSigmoid (FMonotonic(si−1,mj))
9: if pl,hi,j > 0.5 then

10: tl,hi = j

11: cl,hi = Fcontext(h, tl,hi )
12: Break;
13: else if j > tmax then
14: Read token xj
15: Calculate state hj and append to h
16: tmax = j
17: cli = Concat(cl,1i , c

l,2
i , . . . , c

l,H
i )

18: sli = DecoderLayerl(sl1:i−1, s
l−1
1:i−1, c

l
i)

19: yi = Output(sLi )
20: i = i+ 1

The agent2 in the model introduced by Arthur et al. [9] selects the next action based
on previously generated actions a<t, the prefix of words in the source sentence x<i, and the
target translations generated so far y<j . The translation component3 on the other hand,
responds to the commands from the agent by either reading one more from input stream
or generating a new translated token in the target language. Algorithm 5 describes how the
agent and translation component interact with each other.

Exposure bias can become a serious problem in IL algorithms with behavioral cloning,
that is the agent and interpreter are only perceiving the restricted trajectories of correct
predictions. In order to address this problem, Arthur et al. [9] use scheduled sampling, where
they disturb each sample with an specific probability β. During training, after applying
scheduled sampling, the interpreter generates output and based on that the agent decides
the appropriate action for the next time steps, before updating the parameters of both the
agent and interpreter.

2The paper used the word "Programmer" to refer to the agent

3The original paper calls it "Interpreter"
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Algorithm 5 How agent and interpreter communicate with each other in IL.
1: i, j ← 0
2: while a stopping condition is not met do
3: t← i+ j
4: st+1 ← FAgent(st, [at, gj , hi])
5: PAgent ← FSoftmax(st+1)
6: at+1 ∼ PAgent
7: if at+1 = READ then
8: i← i+ 1
9: hi ← FENC(hi−1, xi)

10: else
11: j ← j + 1
12: gj ← FInterpreter(gj−1, yj−1, h≤i)
13: PInterpreter ← FSoftmax(gj)
14: yj ← PInterpreter

Generating oracle action sequences

In order to compute the optimal sequence of READs and WRITEs, Arthur et al. [9] use fast-
align [34] to generate symmetrized alignments between source and target tokens. This helps
the model to find shortest phrases δj that contain enough information for the interpreter to
genrate the target word yj . The algorithm detect optimal phrases is described in Algorithm
6.

Where αji means xi is aligned to yj . To ensure the information in each phrase is enough
for translation, In cases of many to one alignment of source words to target words, Algorithm
6 chooses the last aligned word.

Training the agent with restricted imitation learning

Instead of training a separate agent component, Zheng et al. [102] proposed to add a delay
token <ε> to target vocabulary. Whenever the translation component is not sure about the
prediction and needs to receive more input words, emits <ε> token which is equivalent to a
READ action. Otherwise the WRITE action is selected and the predicted token will be sent
to output. Based on which action the model choose, for a sequence (x<i, y<j) where x<i is
a prefix of input sentence X and y<j is the partially generated target sentence, a transition
function δ will be applied to input input and output streams:

δ((x<i, y<j), a) =

(x<i ◦ xi, y<j) if a = <ε>

(x<i, y<j ◦ a) Otherwise
(3.26)

Where x<i ◦ xi means the word xi will be concatenated to the prefix sequence x<i.
For defining the oracle policy, instead of choosing an specific optimal trajectory, the

model restricts the available action options in a way that our model would be able to
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Algorithm 6 Generating oracle action sequences for the agent in an imitation learning
method.
Require: a: Symmetrized alignment of x and y.
1: δREAD := −1
2: for j ∈ range(0, |y|) do
3: δj ← max[{i ∈ aji}]
4: for (δj − δREAD) times do
5: emit READ
6: δREAD ← max(δj , δREAD)
7: emit WRITE

generate accurate translations in a reasonably quick way. Given the pair of full-sentences
(X,Y) and a pair of prefixes (x<i, y<j) where x<i is a prefix of X and y<j is a prefix of Y
and (x<i, y<j) 6= (X,Y), the following formulation can bound the available options for the
next time step between two user-defined constants γ and η:

π∗x,y,γ,η(x<i, y<j) =


{<ε>} if x<i 6= X and d′ ≤ γ

{yj} if y<j 6= Y and d′ ≥ η

{<ε>, yj} Otherwise

(3.27)

Where d′ = i− λj and λ = I/J . The ratio for the λ cannot be obtained for the test set
and the model uses the ratio for the training data as an approximate for the test set.

3.4 Policy for End-to-end Speech Translation Models

In section 2.3 we briefly discussed various attempts to build simultaneous translation system
based on the cascaded architecture. In this section we will review 3 recently proposed ideas
by Ren et al. [83] and Ma et al. [60] and [62].

SimulSpeech

Ren et al. use the standard encoder-decoder Transformer model [96] as the basic structure
of their model. The following changes has been applied to allow the model to receive speech
signals instead of text words, and generate translations in real-time:

• Multiple convolutional layers added as proposed in speech pre-net [89] to extract
speech features.

• The speech frames are very granular compared to their text counterparts. Each speech
frame is around 10ms and a word on average needs 27 frames to get recognized. Hence,
checking every single frame in the input for the agent to decide the next action is
not optimal. To solve this problem, a separate speech segmenter component receives
extracted audio features and detect word boundaries incrementally using an ASR
model with Connectionist Temporal Classification (CTC) [38] loss. The features of all
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the audio frames contained in the word are being combined to be used by the agent
to detect the best next action.

• The encoder is modified similar to Ma et al. [59] to generate representations uni-
directionally. The self attention mechanism masks future time frame to assure that
each input can only see its previous inputs.

• The agent use the wait-k (section 3.2) policy to find the optimal action for the next
time step. Following Ma et al. [59], the decoder is masked to ensure the final outputs
are generated based on the wait-k policy.

In addition to these alterations, the authors applied two techniques to improve the model
while training:

1. Attention-level knowledge distillation that transfer the knowledge from an auxil-
iary ASR and NMT models that share the encoder and decoder with the SimulSpeech
model. distilling knowledge is happening through multiplication of matrices from ASR,
NMT and SimulSpeech.

2. Data-level knowledge distillation uses full-sentence NMT to help the model con-
verge faster. If the source speech X is transcribed into source text W, the full-sentence
NMT generates translation Y, and the SimulSpeech is being trained to generate Y if
it receives X.

SimulMT to SimulST

Similar to SimulSpeech, Ma et al. [60] attempts to apply proposed policies for SiMT to
end-to-end speech translation systems. The basic structure of SimulST is the offline speech
translation model proposed by Di Gangi et al. [37] which uses CNN layers to extract speech
features and a S-Transformer to translate audio signals. The model make use of the static
policy of wait-k, and adaptive policy of Monotonic Multihead Attention (MMA) mechanism
(described in section 3.3) to decide the best action for the next time step.

While the wait-k policy struggles to work with high variance between the input and
output lengths in SiST, the MMA mechanism can fairly address the problem by efficiently
checking every frame. However, the performance of the model decreases as the level of
granularity of the input increases. For solving this problem, Ma et al. uses two different
speech segmenters to split incoming stream into smaller groups:

• Fixed Speech Segmenter: Every fixed number of speech frames the model asks the
agent to decide about the next action. Assuming ∆τ is the pre-determined length of
the fixed time frame, which consists of multiple of Ts, and re = int(I/J) where I is
the length of the input signal and J is the length of the output, then the probability
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Ptr of choosing a time frame at encoder time step i can be defined as:

Ptr(i) =

1 if mod(i.re.Ts,∆τ) = 0

0 Otherwise

If the probability Ptr > 0.5, then the model asks the agent whether to READ or
WRITE for the next time step, otherwise the model keeps reading.

• Flexible Speech Segmenter: The speech signals are segmented at the word or
phoneme level. The Gentle aligner4 generate alignments A between the source speech
and their corresponding words. If the encoder state hi aligns to the token A(hi), then
the probability Ptr is formulated as:

Ptr(i) =

0 ifA(hi) = A(hi−1)

1 Otherwise

If Ptr > 0.5, the model forward the current input to the simultaneous speech transla-
tion component, otherwise the model waits for more input.

Augmented Memory Transformer

Ma et al. [62] proposed a new structure for the encoder in an end-to-end speech translation
system based on Augmented memory mechanism proposed by Wu et al. [100], which can
effectively apply self-attention mechanism on smaller chunks of high dimensional audio
signals in the input.

The model can be divided into two components: (1) The Augmented Memory Encoder
and (2) The Simultaneous Decoder. The former make adjustments to the transformer-based
encoder [96] to attend to chunks of input instead of the full input stream, and the latter
modify decoder to work with wait-k policy. The self-attention mechanism in the transformers
maps the input features into Query (Q), Key(K), and Value(V):

Q = WqH

K = WkH

V = WvH

Where H = {h1, . . . } is the encoder’s input at a certain layer. Subsequently, the self-
attention at each position j is computed as:

4https://lowerquality.com/gentle/
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αjj′ =
exp(β.QT

j Kj′)∑
k exp(β.QT

j Kk)
(3.28)

Zj =
∑
j′

αjj′Vj′ (3.29)

Where β = 1√
D

is a scaling factor. The self-attention at each position is attending to the
entire input stream, which is not efficient in real-time calculations. The augmented memory
encoder [100] applies self-attention to smaller chunks of S = {s1, . . . }, where each segment
sn overlaps with adjacent segments to the left and right. The overlap between sn and sn−1

is marked with ln with size L. The overlap between sn and sn+1 is marked with rn with
size R. The non-overlapping section is marked with cn with size C. The Query, Key, Value
will be computed for each segment:

qn = Wq(ln, cn, rn, σn)

kn = Wk(Mn−N :n−1, ln, cn, rn)

vn = Wv(Mn−N :n−1, ln, cn, rn)

Assuming xk is the k-th feature vector in the input sequence X, σn can be computed as
σn = ∑

xk∈sn xk. The memory banks in Mn−N :n = [mn−N , . . . ,mn−1] are being computed
as mn = ∑

j′ α−1,j′(vn)j′ . The self-attention for each speech chunk can be calculated as:

αjj′ = expβ.(qTn )j(kn)j′∑
k exp(β.(qTn )j(kn)k)

(zn)j =
∑
j′

αj,j′(vn)j′

Where j is bounded between N +L and N +L+C. N is predetermined constant which
decides how many frames overlap between two adjacent segment.

The decoder uses wait-k policy on fixed segments of speech signals which is selected by
an speech segmenter proposed by Ma et al. [60] and discussed earlier in this section. Assume
the W = [w1, . . .] are referred to sequence of chunks, and Ws(k) and We(k) are referring
to the start and end encoder state index of w1. The decoding algorithm is illustrated in
algorithm 7.

While the algorithm with any translation policy introduced in sections 3.2 and 3.3, Ma
et al. make use of the static policy wait-k.
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Algorithm 7 The decoding algorithm for Augmented Memory Transformer.
Require: Chunk-based simultaneous policy P
Require: Streaming input X. Memory banks M. Prediction Y
Require: Maximum memory size N . Decision chunk size W
Require: Central context size C. Encoder pooling ratio R
Require: i = 1, n = 1, k = 1
Require: We(1) = 1, y0 =BOS
1: while a stopping condition is not met do
2: if We(k) +W > n.C.R then
3: zn,mn = Encoder(sn,MnN :n−1)
4: Z = [Z, zn],M = [M,mn]
5: n = n+ 1
6: wk = Summarize(ZWs(k):We(k))
7: pi,k = P ([Y1:i−1],wk)
8: if pi,k > 0.5 then
9: yi = Decoder([Y1:i−1],Z)

10: i = i+ 1
11: else
12: Ws(k + 1) = We(k) + 1
13: k = k + 1

3.5 Summary

In this chapter, we studied traditional challenges for simultaneous translation task that
we still need to deal with in our current models. We grouped proposed policies into two
categories of static and adaptive policies and we gave an overview of different architectures
introduced for each group. We then briefly reviewed recent approaches to build end-to-end
speech translation system. In the chapter 4 we will show how adding prediction mechanism
to RL-based methods can improve the performance of the model.
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Chapter 4

Prediction Improves Simultaneous Machine Trans-
lation

One of the next significant challenges in machine translation research is to make translation
ubiquitous using real-time translation. Simultaneous machine translation aims to address
this issue by interleaving reading the input with writing the output translation. RL-based
architectures (sections 3.3) for Simultaneous Machine Translation (SiMT) systems [86, 24,
41] use an Agent to control an incremental encoder-decoder (or sequence to sequence)
NMT model. Each READ adds more information to the encoder RNN, and each WRITE
produces more output using the decoder RNN. In this work, we propose adding a new
action to the Agent: a PREDICT action that predicts what words might appear in the
input stream.

Prediction was previously proposed in simultaneous statistical machine translation [40]
but has not been studied in the context of Neural Machine Translation (NMT). In SiMT
systems, prediction of future words augments the encoder-decoder model with possible
future contexts to produce output translations earlier (minimize delay) and/or produce
better output translations (improve translation quality).

Prediction for the translation task in simultaneous environments can happen either in
the source or target sentences. The decoder in NMT models is capable of working similar
to language models and determine the most probable words in the upcoming time steps.
Training the MT with partial sentences instead of full sentences can also improve the implicit
target-side prediction [59]. Estimating the most probable next word in the source language
is harder to achieve, as the components of an encoder-decoder model are not designed to
make assumptions about future time steps of the source sentence. Our PREDICT action
in this chapter attempts to help the translator to make better assumptions about following
words in the source stream.

4.1 Simultaneous Translation Framework

An agent-based framework whose actions decide whether to translate or wait for more input
is a natural way to extend neural MT to simultaneous neural MT and has been explored
in [86, 41] (also in section 2.3) which contains two main components: The Environment
which receives the input words X = {x1, . . . , xI} from the source language and incrementally
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generates translated words Y = {y1, . . . , yJ} in the target language; And the Agent which
decides an action for each time step, at. The Agent generates an action sequence A =
{a1, . . . , aT } to control the Environment.

Previous models only include two actions: READ and WRITE. We extend the model by
adding the third action called PREDICT. Action READ is simply sending a new word to the
Environment and generating a candidate word in the target language. In action WRITE,
the Agent takes current candidate word and sends it to the output. For PREDICT, the
Agent predicts the next word in the input and treats it like a READ action. The following
section explains how the Environment deals with different actions.

4.1.1 Environment

The Environment is an attention-based Encoder-Decoder MT system [11] which is adopted
to simultaneous translation task. The Encoder receives the embedded representation of
the input words (including predicted ones) and converts them into context vectors Hρ

i =
{h1, . . . , hi+ρ} using a gated RNN (LSTM) where i is the number of input words so far and
ρ is the number of predicted words since the last READ. Whenever the Agent decides to
READ, ρ will be set to 0, and hi = FENC(hi−1, xi), where xi is the next input words (i ≤ I).
But if the action is PREDICT, ρ > 0, the Agent predicts a new word x′ρ and the context
vector hi+ρ = FENC(hi+ρ−1, x

′
ρ) will be added to Hρ

i = {h1, . . . , hi+ρ}.
At each time step t, the decoder uses the current context vectors (Hρ

i ) to generate the
next candidate output (ŷt):

ct = AATT(sj−1,Hρ
i )

zt = FDEC(sj−1, yj−1, ct)

P (ŷt|y<j , Hρ
i ) = G(yj−1, sj , ct)

ŷt = arg max
ŷ

p(ŷ|y<j ,Hρ
i )

where yj−1 is the previous output word, and AATT is an attention model [11], F and G are
nonlinear functions (tanh), and ct is the current context vector.

If the action at is either READ or PREDICT the current candidate ŷt will be ignored
(wait for better predictions). But in the case of WRITE, the candidate ŷt is produced as
the next output word yj and then the decoder state will be updated (yj ← ŷt, sj ← zt).

Note that as soon as the Agent decides to READ, all the hidden vectors generated by
PREDICT actions will be discarded (H0

i = {h1, . . . , hi}).
Figure 4.1 shows an example of how a sentence can be translated using our modified

translation framework. The pseudo-code is depicted in Algorithm 8.
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Algorithm 8 Agent with prediction mechanism
Require: Policy πθ, Input buffer X, Output buffer Y.
1: Init j ← 0, i← 1, ρ← 0
2: while j < J do
3: t← t+ 1
4: ŷt, zt, ot ← FDEC(sj , yj , Hρ

i )
5: at ∼ πθ(at; a<t, o<t)
6: if at = READ and xi 6= 〈eos〉 then
7: i← i+ 1, ρ← 0
8: hi ← FENC(hi−1, xi)
9: Hρ

i ← Hρ
i−1 ∪ {hi}

10: if |Ŷ| = 0 then
11: s0 ← FINIT(Hρ

i )
12: else if at = WRITE then
13: j ← j + 1
14: sj ← zt, yj ← ŷt
15: Y⇐ yj
16: if yj = 〈eos〉 then
17: break
18: else if at = PREDICT then
19: pw ← xi
20: if ρ > 0 then
21: pw ← x′ρ
22: ρ← ρ+ 1, x′ρ ← FPRED(pw)
23: hi+ρ ← FENC(hi+ρ−1, x

′
ρ)

24: Hρ
i ← Hρ−1

i ∪ {hi+ρ}

4.1.2 Agent

The Agent is a separate component which examines the Environment at each time step
and decides on the actions that lead to better translation quality and lower delay. The
Agent in the greedy decoding framework [41] was trained using reinforcement learning with
the policy gradient algorithm [99], which observes the current state of the Environment
at time step t as ot where ot = [ct; zt; yj ]. A RNN with one hidden layer passed through
a softmax function generates the probability distribution over the actions at at each step.
Therefore, policy πθ will be computed as:

s′t = Fθ(s′t−1, ot)

πθ(at|a < t, o ≤ t) ∝ Gθ(s′t)

Where s′t is the hidden state of the Agent’s RNN.

4.2 Training the Agent with Prediction

In order to speed-up the training process, we have restricted Agent’s options by removing
redundant operations. As illustrated in Figure 4.2, after a series of WRITE, the Agent
cannot choose to PREDICT, and after a sequence of PREDICTs, READ is not an option.
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Figure 4.1: A schematic of our model. The Environment starts with reading the ’Start of Sentence’
symbol as x1 and generating y1 from the decoder. Based on the output of the network at each time
step, the Agent decides whether to READ, WRITE or PREDICT for the following time steps.

Reward Function: The total reward at any time step is calculated as the cumulative sum
of rewards for actions at each preceding step. All the evaluation metrics have been modified
to be computed for every time step.
Quality: We use a modified smoothed version of BLEU score multiplied by Brevity Penalty [57]
for evaluating the impact of each action on translation quality. At each point in time, the
reward for translation quality is:

rQt =

∆BLEU(t) t < T

BLEU(Y,Y∗) t = T

The ∆BLEU(t) is the difference between BLEU score of the translated sentence at the pre-
vious time step and the current time step; ∆BLEU(t) = BLEU(Yt,Y∗)−BLEU(Yt−1,Y∗);
where Yt is the prefix of the translated sentence at time t.
Delay: The Delay reward is used to motivate the Agent to minimize delay. We use Average
Proportion (AP) [24] for this purpose, which is the average number of source words needed
when translating each word. Given the source words X and translated words Y, APt can be
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R P W

Figure 4.2: Action transition graph. R, P, and W stands for READ, PREDICT and WRITE actions
respectively.

computed as:

AP = 1
I × J

∑
j

ψ(j)

APt =

0 t < T

AP t = T

Where ψ(j) denotes the number of source words the WRITE action uses at time step j

(for any other actions, ψ(j) would be zero). The delay reward is smoothed using a Target
Delay which is a scalar constant denoted by δ [41]:

rDt = bAPt − δc

Prediction Rewards for Quality and Delay alone do not motivate the Agent to choose
prediction and in preliminary experiments, after a number of steps, the number of prediction
actions became zero. We address this problem by defining Prediction Quality (PQ) which
rewards the Agent for changes in BLEU score after each prediction action. By initializing
rp0 = 0, the prediction reward can be written as:

rpt =


∆BLEU(t) at = WRITE, at−1 = PREDICT

rpt−1 at = WRITE, at−1 6= PREDICT

0 otherwise

Final Reward The final reward function is calculated as the combination of quality,
delay, and prediction rewards:

rt = α rQt + β rDt + λ rpt (4.1)

The trade-off between better translation quality and minimal delay is achieved by modifying
the parameters α, β, and λ.

41



0 5 10 15 20 25
0

10

20

30

40

50

60
α = 1, β = 0.5, λ = 0.5 Quality: 17.54

Delay: 0.74

Iteration (x1000)

Pe
rc
en
ta
ge

READ
WRITE

PREDICT

Figure 4.3: Action distribution for English to German translation in the first 25000 iterations. Each
point in the graph is the average action percentage over the previous 5000 iterations.

Reinforcement Learning is used to train the Agent using a policy gradient algorithm
[41, 99] which searches for the maximum in J = Eπθ

[∑T
t=1 rt

]
using the gradient: ∇θJ =

Eπθ [∇θ log πθ(a|s)Rt] where Rt = ∑T
k=t rk. The gradient for a sentence is the cumulative

sum of gradients at each time step. We pre-train the Environment on full sentences using
log-loss logP (Y|X).
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Figure 4.4: Comparing translation quality between prediction model and greedy decoding method
for various sentence lengths.

4.3 Experiments

We train and evaluate our model on English-German (EN-DE) in both directions. We use
WMT 2015 for training and Newstest 2013 for validation and testing. All sentences have
been tokenized and the words are segmented using byte pair encoding (BPE) [88].
Model Configuration For a fair comparison, we follow the settings that worked the best
for the greedy decoding model in [41] and set the target delay d∗ for the Agent to 0.7.
The Environment consists of two unidirectional layers with 1028 GRU units for encoder
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and decoder. We train the network using AdaDelta optimizer, a batch of size 32 and a fixed
learning rate of 0.0001 without decay. We use softmax policy via recurrent networks with
512 GRU units and a softmax function for the Agent and train it using Adam optimizer
[51]. The batch size for the Agent is 10, and the learning rate is 2e-6. The word predictor
is a two layer RNN Language model which consists of two layers of 1024 units, followed by
a softmax layer. The batch size is 64 with a learning rate of 2e-5. The predictor has been
trained on the WMT’16 dataset and tested on Newstest’16 corpora for both languages.
The perplexity of our language model is reported in Table 4.1. We set α = 1, β = 0.5 and
λ = 0.5. We tried different settings for these hyperparameters during training and picked
values that gave us the best Quality and Delay on the training data.
Results and Analysis Figure 4.4 shows that as the sentence length increases, prediction
helps translation quality due to complex reordering and multi-clausal sentences; However,
for shorter samples where the structure of the sentences are simpler, the prediction action
cannot improve translation quality. Table 4.2 compares our model with the Greedy Decod-
ing (GD) model in terms of translation quality and latency. It shows that the prediction
mechanism outperforms the GD model in terms of BLEU and average proportion (AP).

The delay evaluation measure (AP) counts about the same number of READs and
WRITEs. It does not account for less delay as longer sentences are produced. A better
measure than AP might be needed to emphasize delay differences. Therefore we also report
the average segment length (µ), which is computed as the average number of consecutive
READs in each sentence. In both EN→DE and DE→EN experiments, our model constantly
decreases the segment length by around 1 word which results in less latency.

In order to evaluate the effectiveness of our proposed reward function for PREDICT
action, we have explored various values for its hyper-parameters (α, β, and λ). Our empirical
results show that the best trade-off between quality and delay is achieved when around 20
percent of the actions are PREDICT for both EN→DE and DE→EN translation tasks
(Figure 4.3). When there is no reward for PREDICT action (λ = 0), the Agent prefers
other actions, and the number of PREDICT actions turns into zero immediately after
training the Agent. If the reward for prediction is valued too highly, the Environment
depends more on predicted words and the translation quality decreases.

Figure 4.5 depicts more detailed results on experiments with λ. Setting λ to zero makes
the model to ignore the PREDICT action after the first few epochs. This results in gener-
ating a policy similar to the original model with no prediction mechanism. By setting λ to
1, motivate the agent the predict action forty percent of times. The generated policy relies
heavily on the information from future time steps which negatively affect the translation
quality.
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Figure 4.5: Action distribution in the first 25000 iterations for varying λ values. The numbers in
each bar are the average action percentage over the previous 5000 iterations. All these graphs are
for English to German translation; However, very similar behaviour was also observed for German
to English translation.
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Perplexity
Test Train

English 17.5917 8.1350
German 19.8532 11.1808

Table 4.1: Performance of our predictor for both English and German languages.

EN→DE DE→EN
BLEU AP µ BLEU AP µ

GD 16.75 0.79 5.6 21.43 0.77 6
PM 17.54 0.74 4.7 21.83 0.70 5.2

Table 4.2: Comparison of translation quality (BLEU), Average Proportion (AP), and average segment
length (µ) for Greedy Decoding (GD) model with Prediction Mechanism (PM) model.

4.4 Shortcomings and Drawbacks

Though the extended Environment-Agent model is fast and improves the results, there
are lots of rooms that need to be improved. The main shortcomings of the model can be
summarized as follows:

• The Agent doesn’t consider acoustic cues One of the most important applica-
tions of Simultaneous NMT is to be used in speech to speech interpretation systems.
Lots of critical information like pauses, tone of voices, stress, etc conveyed in the audio
signals of that message[84], and all of them will missed during transcribing the signals.
Consequently, the Agent does not take into account any acoustic cues.

• Quality is not high The translation quality of simultaneous systems are still low,
there is large gap in quality of translation between simultaneous and standard trans-
lation systems.

• The model is Complicated The simultaneous NMT architecture without prediction
action is still complicated and lots of hyper-parameters need to be tuned. Adding
prediction action makes the model more complicated and increases the training time
for the Agent significantly.

• The attention mechanism is not trained for simultaneous architecture Since
we are pretraining the Environment before the Agent starts to train, the attention
mechanism is tuned to work in an offline (i.e. non-simultaneous) setting. This means
the attention weights are trained and work based on the assumption that they have
access to the whole sentence, even during training the Agent and the test time.

4.5 Summary

We introduce a new prediction action in a trainable Agent for simultaneous neural machine
translation. With prediction, the Agent can be informed about future time steps in the input
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stream. Compared to a very strong baseline our results show that prediction can lower delay
and improve the translation quality, especially for longer sentences and translating from an
SOV (subject-object-verb) language (DE) to an SVO language (EN).
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Chapter 5

Translation-based Supervision for Policy Genera-
tion in SiMT

5.1 Supervised Approach

In simultaneous machine translation, we aim to receive the input sequence X = {x1, . . . , xI}
incrementally and to transform it to the translated tokens Y = {y1, . . . , yJ} as accurately
and as fast as possible (by producing the output while reading the input). Our supervised
framework contains two main components: The Interpreter which takes subsets of the
input sequence Xi = {x1, . . . , xi} and generates partial translations Yi = {yi1, . . . , yimi}

1;
And the agent which decides whether to send the next input subset Xi+1 to the Inter-
preter or not, based on the currently generated output tokens (and possibly other useful
information) which represents the state of the Interpreter.

5.1.1 Reference Action Sequences

The central idea behind our method is our novel definition of an optimal segment in si-
multaneous translation. We define an optimal segment as a segment of the input sequence
which leads the Interpreter to produce the exact same target words in both simultaneous
(partial) translation and full-sentence translation. The initial optimal segment is a prefix of
the input and each subsequent optimal segment is a further slice of the input. A reference
action sequence (or an oracle action sequence) is a sequence that splits the input sentence
into optimal segments.

To achieve this goal we build a Partial Translations Table (PTT), each row of which
corresponds to the translation of a prefix of the source sentence and each column represents
a translated word. More explicitly, the first row contains the translation of the first input
token followed by the end-of-sentence token </s> and each next row will incrementally
consider one more input token than the immediate row before. By definition, the last row
will be equivalent to the full-sentence translation. Figure 5.1(a) shows an example of a
generated Partial Translations Table.

1The last partial translation equals to the full-sentence translation. i.e. YI = Y
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(a) Example of a created Partial Translations Table

I want to study computer science </s>

I want to study computer </s>

I want to study </s>

I want to </s>

I want </s>

I </s> Ich

Ich

Ich

Ich

Ich

Ich

</s>

möchte

will

möchte

möchte

möchte

</s>

</s>

lernen

Computer

Informatik

</s>

studieren

studieren

</s>

</s>

(b) The created optimal segments in the input stream based on the Partial Translations Table
above. The reference action sequence of READs (R) and WRITEs (W) can be created based on
the occupied cells in each column.

R I want to study computer science
W Ich möchte Informatik studieren

Figure 5.1: Example of partial translations table. Our oracle action trajectory is indicated by the
red dash line and the green cells are the words that our policy choose to WRITE. The subset of
input words at each row is extended with </s> token to improve the quality of partial translations.

We construct the reference action sequence of optimal segments using the PTT. Starting
from the leftmost word in the first row, we compare the content of each column with the
word in its own column at the last row. If they are the same we add WRITE action to the
oracle sequence and move to the right cell. Otherwise, we will add READ and move down
to the lower cell.

Figure 5.1(b) demonstrates the optimal segments created using PTT for the example
input sentence “I want to study computer science”. Using this stream, the first element
of the action sequence will be R since the READ row is occupied in the first column. The
next element will be W since the WRITE row is occupied in the second column. If we
continue to look at each column and generate a READ or WRITE action we will end up
with the reference action sequence of “R W R W R R R R W W”.

We now formally define the reference action sequence generation algorithm. Let i be the
number of READs and j be the number of WRITEs at a given time step t = i+ j. At time
step t+ 1, if the token yj in the full-sentence translation Y, equals to the j’th token in the
partial translation Yi, it means that the current subset of the input words Xi is sufficient to
generate the j’th word in the output and our agent should choose to WRITE. Otherwise,
we will add a READ to our action sequence. Algorithm 9 defines the extraction process.
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Our proposed algorithm for generating the reference action sequence is completely ag-
nostic about the underlying partial translation generation component. We can choose offline
(non-simultaneous) or simultaneous translation models to create the Partial Translations
Table.

Algorithm 9 Generating action sequences
1: Init i← 1, j ← 1, actions← READ
2: Y = Translate(XI)
3: while j < J do
4: Yi = Translate(Xi)
5: if j < len(Y i) and yij = yj then
6: actions ← actions +WRITE
7: j ← j + 1
8: else
9: actions ← actions +READ

10: if i < I then
11: i← i+ 1
12: return actions

5.1.2 Supervised Training

For any input sentence X and its corresponding partial translations Y1, . . . ,YJ , we can
generate an oracle action sequence A = {a1, . . . , aT }, where T = I+J . This action sequence
will be used as the ground-truth for training our action generation policy in a supervised
framework. At time step t, the policy observes the current state of the Interpreter ot by
receiving xi and yj alongside a history of actions ηh from previous time steps, where ηh =
{at−1, . . . , at−h}. We train a recurrent neural network (RNN) to maximize the probability
of the current action at given all the previous observations and actions:

maxP (at|a < t, o ≤ t; θ)

where θ is the set of parameters for our RNN.
At each time step, we pass the source token, the target token, and all the actions in ηh

through separate embedding layers. The action embedding layer is shared among actions.
The source and target embeddings will be concatenated and go through a linear layer.
A separate linear layer receives concatenated action embeddings to extract features. the
concatenation of the outputs of the two linear transformation layers go through 4 LSTM
layers to predict the next action. Figure 5.2 depicts the structure of our Agent. While the
agent is modeled as an LSTM, the underlying translation system we use is a Transformer
NMT model.
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Figure 5.2: Architecture of our Agent. Passing the last 3 generated tokens alongside the source and
target tokens helps the model prevent long consecutive sequences of READs or WRITEs.

5.1.3 Improving Robustness

Minimizing the discrepancy between training and inference, also known as exposure bias
[81], is an essential step in successfully training a supervised agent. Our Agent has to learn
how to generalize when facing unseen partial translations and make sure the errors do not
compound with each mistake in its trajectory.

The Interpreter Since we do not change the translation component, if we consider the
previously generated tokens instead of the ground truth translations, we can guarantee that
training and inference are using the same procedure in creating the Partial Translations
Table. Although this would make the training process slower, it provides more accurate
results.

The Agent To prevent landing in unfamiliar areas of the prediction space with certain
Agent mistakes we augment our training data of action sequences with additional examples
that are introduce distortions in the action sequence [9]. For each input sentence X we
generate its oracle action sequence A and the set of observations O = {o1, . . . , oT } with
ot = (xi, yj , ηh) to be used for training the Agent. Then we randomly choose a time step t
and check the training example (ot, at) to see if it has the following conditions:

• at /∈ {a1, aT }.

• xi 6= </s>.

• yj 6= </s>.
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If all of the conditions are true, then we swap the action at from READ to WRITE or
vice versa, and we generate a new oracle action sequence for the rest of the sentence. Figure
5.3 shows how we can recover from a wrong WRITE and READ actions. The observation
ot is updated according to the newly generated oracle.

Beam search vs. Greedy decoding Following previous work, to boost the simul-
taneous nature of the model, we use greedy decoding while performing the simultaneous
decoding in the Interpreter.

The simultaneous decoder (aka the Interpreter) can use beam search to get more
accurate results at expense of the translation speed. However, this modification does not
substantially change the comparison with baseline methods, so we leave this for future work.

Since the Partial Translation Table can be generated in an offline manner (and can
be considered a pre-processing step), we use beam search decoding when creating these
partial translations without any negative effect on inference for simultaneous translation at
decoding time.

5.2 Experimental Setup

5.2.1 Dataset

We use IWSLT14 [19] and WMT152 German to English and IWSLT15 [58] Vietnamese to
English translation tasks to examine the effectiveness of our approach.

Following [35],we tokenize and lower-case the German to English data and BPE [88]
sub-word tokenize both sides.

For IWSLT14 data, we choose 10K separate BPE merge operations resulting in approx-
imately 8.8K German and 6.6K English sub-word types. We train our models on 160K
sentences and keep 7K of the train data as the validation set. We test our models on a
concatenation of dev2010 and tst2010 to tst2013 (a total of 6750 sentence pairs).

For WMT15, we choose BPE merge operations such that we achieve a joint BPE vo-
cabulary of size 32K types. We will randomly choose 20 percent of the sentence pairs for
training the Agent3. We will also use the same subset for distorting the samples and together
we will end up having 1.5M training examples. We use newstest2013 with 3000 sentence
pairs as the validation set and test on newstest2015 with 2169 sentences.

For IWSLT15 Vietnamese to English, we use the tokenized corpus prepared by [58] which
contains 17K English and 7.7K Vietnamese types. The data contains 133K training sentence
pairs. We use tst2012 (1553 sentence pairs) for validation and tst2013 (1268 sentence pairs)
to test our models.

2http://www.statmt.org/wmt15/

3Making use of more data did not affect our results.
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Figure 5.3: The first table shows an example of our oracle action sequence. In the middle table, we
switch the second WRITE action to a READ action. We will continue reading until we observe the
same word, then we can come back to the original path. In this scenario, the final translation does
not change. In the last table, we distort the 5th READ into a WRITE action. Here, the generated
translation is slightly changed as we are writing the wrong word.
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DE→EN VI→EN
BLEU AL BLEU AL

wait-∞ + eval-wait-5 27.92 4.48 19.93 3.5
wait-∞ + oracle policy 34.25 4.14 28.29 4.6
multi-path + eval-wait-5 30.50 4.67 20.18 2.33
multi-path + eval-wait-5 + oracle policy 33.04 3.75 25.25 4.35
wait-∞ + [101] 31.18 4.50 20.71 3.31

Table 5.1: Comparison between different oracles on IWSLT14 DE → EN and IWSLT15 VI → EN
datasets.

5.2.2 Evaluation

We evaluate the translation quality of the translated sentences using tokenized word-level
BLEU score [75]4. We use Average Lagging (AL) [59] to measure the decoding latency for
our models. AL measures the average number of words we are lagging behind the ideal
policy with no delay.

Our goal in this chapter is to minimize the decoding latency (get the lowest average
lagging possible) while trying to balance the loss in the translation quality as measured by
BLEU score. Among the two measures, BLEU normally gets lower in production settings,
as the data is not as clean and well prepared as the benchmark data. On the other hand,
improving average lagging is a more reliable method to improve the user experience (in
simultaneous translation).

5.2.3 Model Configuration

We use fairly standard Transformer-based NMT system as implemented in Fairseq [73] for all
of our experiments5. We augment the implementation to perform simultaneous translation
and we incorporate our Agent trained to produce read and write actions with the base
NMT system and decoder. Our Interpreter can be additionally configured to replicate
the model proposed in [35].

Table 5.2 summarizes all the hyper-paraameters we used during training process. Our
agent consists of 4 unidirectional LSTM layers [45] with 512 units in each layer. We use a
history of the last 3 previous action tokens (i.e. h = 3). Each embedding and linear layer
generates a vector of dimension 512.

We train our Agent using Adam [51] optimizer. The initial learning rate is set to 0.0008
and we use a fixed learning rate scheduler with a shrink factor of 0.95.

4https://github.com/moses-smt/mosesdecoder/blob/master/scripts/generic/multi-bleu.perl

5The implementation will be available on Github.
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Hyperparameter Value
embed dim 512
num layers 4
residuals True
Learning rate 8e-4
LR scheduler fixed
LR shrink 0.95
force aneal 4
dropout 0.4
clip norm 5
optimizer Adam
update freq 4
loss label smoothed cross entropy
label smoothing 0.1

Table 5.2: The hyperparameters of the agent’s training process.

After training for 50 epochs, our agent that is trained to produce optimal segments
obtains an average accuracy of 92.3% on the training data and 83% on the dev set when
averaged over 4 experiments on the IWSLT datasets.

5.3 Results and Analysis

We compare the performance of our system against two baselines:

• Wait-∞ also known as Wait-Until-End, where the full sentences are read during train-
ing before generating any translations . This is an extreme case of Wait-k strategy [59]
in which the model reads the first k words of the input and then performs consecutive
WRITE/READ actions afterwards.

• Multi-path model proposed by [35]. The multi-path model jointly trains the transla-
tion component on decoding strategies with various latencies, which makes this model
effective on a wide range of delay values.

For both of these settings, we will use the eval-wait-k [59] policy, where each written
word is exactly k words behind the source side. We compare the performance of our model
against the state-of-the-art (SotA) in section 5.3.2.

5.3.1 Performance of Oracle Policy

Table 5.1 compares the performance of our policy for DE → EN and VI → EN language
pairs on IWSLT dataset. wait-∞ + eval-wait-5 corresponds to the model in which we
decode an offline translation component using wait-5 policy. In wait-∞ + oracle policy, we
use an offline Interpreter to generate partial translations in PTT, and then we use our
algorithmic oracle to generate policies. The policy in multi-path + eval-wait-5 is generated
by decoding multi-path model with wait-5 policy. multi-path + eval-wait-5 + oracle policy
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represents the multi-path + eval-wait-5 + our trained policy.
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is the model that we first use the multi-path model with wait-5 decoding path to generate
partial translation and then we use our algorithm to generate oracle policy. Our choice of
eval-wait-5 for decoding the multi-path model is based on the fact that the multi-path model
generates more accurate translations via eval-wait-5 compared to offline decoding [35]. The
numbers in the last row of Table 5.1 are generated by using an offline Interpreter and
the oracle in [101].

Our oracle policy vs. static policies

On both offline and multi-path settings, our oracle policy outperforms eval-wait-5 policy
both in terms of translation quality and latency on DE → EN language direction. Our
policy on VI → EN experiment is slightly more delayed, but the translation quality is
considerably more accurate. The performance of the eval-wait-5 policy improves when we
replace the offline Interpreter with the multi-path model. However, the multi-path model
does not outperform eval-wait-5 combined with our oracle policy.

The delay of our oracle policy decreases when we change the underlying translation
component to a multi-path translation model so using a base translation model trained to
handle shorter segments can be combined with an agent trained on our reference actions to
improve the average lagging.

Our oracle policy vs dynamic policies

[101, 102, 9] propose algorithmic methods for generating oracle action sequences. The oracle
in [102] introduces a new delay token in the target vocabulary which makes their Inter-
preter incompatible to our agent.

[9] use alignment-based segments to jointly train their policy and translation compo-
nents. Only using alignments extracted from fast-align [34] on an offline translation com-
ponent gives us very low BLEU scores.

The oracle in [101] is the closest model to our work. Unlike our policy, they compare
each word in partial translations to the target words to find the optimal action sequence.
The numbers in Table 5.1 correspond to the closest results we could get by searching for
the optimal hyperparameters. Our oracle policy outperforms their oracle policy in both
language pairs.

5.3.2 Trained Agent Performance

Figure 5.4 shows the results of our trained policy in comparison with the policy trained with
multi-path method on DE ↔ EN and VI ↔ EN language pairs. We will apply our policy
on two different settings: (1) When we use a translation model trained on full sentences to
fill up the partial translations table (offline + our policy) and (2) generating translations in
PTT via multi-path model decoded with eval-wait-5 trajectory (multi-path + our policy).
In both settings, we are using a beam of size 5 for generating each partial translation.
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With distortion Without distortion
BLEU AL BLEU AL

EN→DE 20.54 -2.9 20.99 0.4
DE→EN 26.72 0.28 29.45 4.3
EN→VI 20.54 -0.1 26.6 6.5
VI→EN 21.43 1.82 21.38 2.4

Table 5.3: The effect of training our Agent with and without distorted samples.

One explanation for the negative values of the AL in Figure 5.4 is the implicit prediction
in the translation component, as we discussed in chapter 4. Training the Interpreter via
partial sentences enable the model to generate translations sooner with fewer information
in the source language. This way, the hidden states of the encoder can capture some future
information from the source sentence, and the decoder can learn the the most probable
word for the next time step based on the structure of the target sentence. So the distinction
between source-side and target-side prediction is not clear and requires further analysis.

First, we investigate how the capabilities of the Interpreter can affect the quality of
the generated policy. By comparing the offline Interpreter (marked with star) and multi-
path Interpreter (marked with diamond) we can see that the offline model can achieve a
higher translation quality with a more delayed policy. This is in align with our experimental
results with their oracles (Section 5.3.1) where using multi-path Interpreter gave us less
delayed policy by sacrificing translation quality.

By comparing the multi-path model (marked with square) with our trained policy we
can see that in both DE → EN and VI → EN language pairs our policy outperforms
the multi-path model in both settings. This is because our policy gives the Interpreter
the freedom to translate quickly at the beginning and have consecutive reads later in the
sentence, which consequently results in higher translation quality and lower latency.

On multi-path settings, for DE→ EN language pair, our trained policy has a much lower
latency while at the same time it is considerably more accurate in terms of translation scores
compared to the eval-wait-1 policy. Similarly, for VI → EN experiment, the translation
quality of our policy is close to eval-wait-7 with a delay less than eval-wait-5 policy. This
implies that we can boost the performance of the previously proposed methods by combining
their translation system with an agent trained using our proposed oracle policy.

Translating from English

In EN → DE and EN → VI our agent generates translation with much lower delays with
slightly lower translation scores. While the performance of our model is quite consistent
across all four language directions, our trained agent performs relatively poorer when trans-
lating from English. Figure 5.5 gives a better picture on the performance of our model
across various language directions. Although our model generates translations that are very
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close to full-sentence translations, the BLEU score comparison of our generated translations
with full-sentence translations indicate that the translation quality of ∼ 78 for translating
to English drops to translation quality of ∼ 67 for translating from English.

This happens because translation in this direction can be monotonic without losing
much in terms of translation scores. In this scenario, our model has a higher chance of
making mistakes as the length of the sentence gets longer; while the multi-path model while
follows the static policy of eval-wait-k obtains slightly higher translation scores.

Another reason that contributes is that our model tends to predict </s> token in the
target language sooner than expected and generates shorter sentences. This situation can
be moderated by making the model to wait longer to see if any information in the source
remained untranslated. We also assume that by making the model more robust in generating
</s> can help us improve the results when translating from English.

5.3.3 Effect of adding distorted samples

Table 5.3 compares the performance of our agent when we train it with or without distorted
samples. While adding distorted samples lowers the BLEU score in most language directions,
the latency of our system drops significantly. This help our model to perform above the
Multi-path curve in the trade-off between translation quality and delay. One potential reason
is that after adding distorted samples, the model learns to finish translation process early.
This approach is highly effective in longer sentences where translated words at the end of
the sentences are not very accurate. But in shorter sentences this strategy may decrease
translation quality.

5.3.4 Performance on WMT15 Dataset

In order to compare the performance of our trained agent with other state-of-the-art meth-
ods, we will conduct experiments on the WMT15 DE→EN dataset. Our oracle policy is
able to generate action sequences with AL of around 6, while our translation quality is as
good as the offline model. On datasets with longer sentences like WMT, achieving oracle-
level accuracy is a harder task. However, compared to a static policy like eval-wait-k, our
Agent generates action sequences that perform similar to eval-wait-3. Although the policies
in MoChA [22], MILK [6] and their recent version of MMA-H and MMA-IL [61] gener-
ate more accurate translations, the delay of their systems is considerably higher than our
approach.

The BLEU scores of the previously proposed supervised learning approach in [101] is
much worse than our model when we consider AL values that are similar to ours. We obtain
+2 points higher BLEU score for translation quality with almost the same delay as their
model.
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Figure 5.5: Comparing translation quality of different translations on EN ↔ DE and EN ↔ VI lan-
guage pairs. The numbers are BLEU scores of connected boxes. reference is referring to the reference
translations. Full-sentence denotes the full-sentence translations generated by the interpreter, and
Generated is the output of our trained agent.

R aber wo sind wir nützlich ?
W but where are we useful ?

Table 5.4: An example translation from our model where word-by-word translation generates good
translations and waiting for 5 words is redundant.
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(a) Generated actions and translations via our supervised agent
R wir mussten uns wegen der [an] [wäl] te [us] w. sorgen machen .
W we had to worry about [law] yers and so on .

(b) Generated actions and translations via Multi-path agent
R wir mussten uns wegen der [an] [wäl] te [us] w. sorgen machen .
W we had to look forward because of the [law] yers ...

Table 5.5: The performance comparison of generated actions from our model (a) and multi-path
model (b) on the generated and reference translations. Each column shows a single READ (R) or
WRITE (W). Subword tokens ending in @@ are shown inside brackets.

5.3.5 Qualitative Analysis

Waiting for long consecutive words in the source is not always a good strategy in translating
from SOV to SVO languages. Table 5.4 shows an example where our policy can generate
each word as soon as it receives them. Such examples explain why our model performs
better than wait-k models which are forced to wait for k words even when there is sufficient
information to start the translation.

Table 5.5 compares the output of our model for an example German sentence to that of
the multi-path model decoded with eval-wait-5 policy. As we mentioned earlier, our model
does not wait too long to translate the tokens for which it has enough information. Please
compare the translation time of “wir” and “mussten” in Table 5.5.(a) and Table 5.5.(b).
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It is apparent that eval-wait-5 must wait for 5 tokens to translate the tokens that it has
already had enough information about them for a while.

In addition, our model does not translate tokens based on immature information. For
example, in table 5.5, our model waits until it receives “sorgen machen” which is essential
for translating “to worry” as opposed to the eval-wait-5 design which forces the model to
produce the generic verb “to look forward” which causes the model to lose information
about the verb. While forcing this step lowers the latency, the translated sentence becomes
highly inaccurate.

5.4 Summary

We present a novel idea for generating optimal segments in simultaneous translation by
comparing the output of a simultaneous system for translation with an offline translation
model. This provides us with oracle action sequences that we can use to train an Agent used
to produce read and write actions for simultaneous translation. Our experimental results
show that by using an offline translation component, our agent can generate better policies
in terms of translation quality and delay compared to our baselines. We also show that our
agent can be trained by previously proposed translation components and generate better
policies compared to what they have reported before.
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Chapter 6

Effectively pretraining a speech translation decoder
with Machine Translation data

Automatic Speech Translation (AST) aims to directly translate audio signals in the source
language into the text words in the target language. For many years, the pipeline of tran-
scribing speech with ASR and then translating with the MT component was a standard
method to address the speech translation problem. Having access to lots of data in many
language pairs, the cascaded model for speech translation can benefit from well-trained ASR
and MT components and generate high-quality translations.

In recent years, it has shown that we can remove the transcription step and build an end-
to-end model that is strong enough to compete with the cascaded model [79]. Such models
not only have lower inference latency, but they also do not suffer from the problem of errors
that propagate from one component to the next. However, the scarcity of available resources
is the main challenge in this task, and a variety of methods are proposed to address this
problem. One of the most effective approaches to increase the performance of AST systems
is to pretrain the encoder using an ASR model [13]. While pretraining the encoder by an
ASR model even in different languages shows promising results [14], using a pretrained MT
decoder is not beneficial [16, 13] or slightly improve the result [90] and even in some cases
may worsen the results [10].

One explanation for this phenomenon is that the decoder works well only if its input
comes from an encoder that it was trained with [54]. To solve the problem of invariant
encoder representations, we make use of an adversarial regularizer in our loss function to
bring the output of the ASR encoder closer to the input of MT decoder. We show that this
modification can improve the BLEU score by +2.0 BLEU points.

6.1 Models

Similar to conventional MT models, the speech translation task generates translated words
in the target language, representing as Y = (y1, . . . , yJ), given the sequence of source speech
features X = (x1, . . . , xI). The translation model then minimizes the Cross-Entropy loss
LCE = ∆(Y,Y∗), where Y∗ is the reference translation, and ∆ is the sum of character-level
Cross-Entropy loss.
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Figure 6.1: The illustration of our AST model with S-transformer [37]. We process the speech sig-
nals in two dimensions and combine them with positional encoding before forwarding them to the
standard transformer encoder.

We use character-level encoding and decoding using Transformer [96] as the basic ar-
chitecture of all our models. Our machine translation component follows the architecture
of standard transformer model proposed Vaswani et al. [96].

6.1.1 End-to-End Speech Translation

An illustration of our architecture for the AST and ASR components is depicted in figure
6.1. We use similar architecture to [31] with an S-Transformer proposed by Di Gangi et al.
[37]. The main difference between transformer and S-Transformer is the way it encodes the
input features. S-Transformer encodes the audio features by passing them into two stacked
layers of Convolutional Neural Nets (CNN) to extract local 2D-invariant features of the
input. Then, it uses a 2D self-attention layer to compute the attention matrix using the
second CNN’s output.

Aside from the feature extraction, S-Transformer motivate the encoder’s self attention to
attend to short-range dependencies. Given the input sequence X, the standard transformer
model [96] maps the input into three vectors Query (Q), Key (K), and Value (V), and
computes attention context vectors for each head Z as a weighted average of the values V:

Q = XWQ, K = XWK, V = XWV,
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Z = softmax(QKT /
√
dmodel).V

Where dmodel is a constant scaling factor. The S-Transformer alter this formula to pe-
nalize long-distance relationships:

Z = softmax(QKT /
√
dmodel − π(D)).V

Where D is a matrix containing distances between each two positions di,j = |i − j|,
and π is a function that penalizes the long distance. Di gangi et al. [37] introduce a new
logarithmic function as a distance penalty:

πlog(d) =

0 if d = 0

ln(d) otherwise

This function highlights the information around each position and as slowly fade the infor-
mation in distant positions.

6.1.2 Aligning Encoder Representations

The conventional method for training an AST model is to pretrain ASR and NMT models
separately and then transferring parameters of the encoder from ASR and the decoder from
MT to the AST model, before starting to train via speech translation data.

Since we are training the encoder representations of the ASR model and the decoder
parameters of the NMT system to work with their own encoder and decoder, pretraining
the parameters of the AST model with a speech encoder from ASR and a text decoder from
NMT is not ideal. Therefore, we propose to use adversarial training to bring NMT encoder
and ASR encoder representations closer together.

An overview of our model is depicted in Figure 6.2. Instead of separately pretraining
the ASR and NMT, we propose to update their parameters simultaneously. In order to add
explicit incentives to learn multi-modal representations in the encoder, we will train our
NMT and ASR models on both Cross-Entropy loss and a new regularization loss. The final
training objective for each task can be formulated as:

Loss = LCE + α LDISC

where LCE is the Cross-Entropy loss, LDISC is the newly added regularization term, and α
is the constant parameter to control the effect of our regularizer. Since LDISC is a smaller
number compared to LCE , we set α to 5 in all our experiments to make the regularizer loss
more perceptible during backward propagation. We are also sharing the parameters of the
transformer layers in the encoder between AST and MT models. In the following section,
we describe the regularizer.
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Figure 6.2: The proposed pretraining method using an adversarial loss.

6.1.3 Adversarial Regularizer

Given the embeddings of inputs xi in each modalities (speech features for ASR or character
embeddings for NMT), the encoder computes the encoder representations Zxi . By passing
Zxi to the discriminator, we can train its network by minimizing the loss function LossD =
−Exi [logPD(M|Zxi)], whereM is the modality of xi, withM ∈ {ASR,NMT}, and PD is
the probability of choosing the right modality given the output of encoder.

The encoder of NMT or ASR will be trained in order to deceive the discriminator by
minimizing the loss:

LDISC = −Exi [logPD(−M|Zxi)]

where −M = ASR ifM = NMT and vice versa. The final expanded Loss function for each
modalities can be formulated as:

Loss = −Exi [logPM(yi|y<i, X)] + α (−Exi [logPD(M|Zxi)])

Where yi is the ground truth label for the input xi, and PM is the probability of choosing
the right label by modalityM. By incorporating this regularizer, we ensure that the encoder
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representations from different modalities (speech and text) become indistinguishable during
training.

Our discriminator consists of a three-layer feed-forward network with 1024 hidden units,
followed by a Leaky-ReLU activation function [54].

6.2 Experiments

6.2.1 Dataset

To evaluate our AST systems, we conducted our experiments on two datasets. For the
English-German language pair, we use the MuST-C corpus [30], which consists of 408 hours
of speech data aligned with 234K translated sentences. For the English-French language pair,
we use the full training set of Translation Augmented Librispeech (Libri-Trans) corpus [52]
with 230 hours of speech aligned with 131K french sentences.

We use LibriSpeech corpus [74] with 960h of English speeches in order to train our ASR
system. Since the test and dev sets of Libri-Trans corpus is part of the ASR LibriSpeech
dataset, we remove all utterances from ASR LibriSpeech that share the same (chapter-
id, reader-id) pairs with the test and dev sets in the Libri-Trans corpus. For En-De MT
training, we use the combination of TED and Opensubtitle2018 corpora 1 2 which contains
more than 18M sentences pairs after filtering noisy pairs. The MT training of the English-
French language pair uses the En-Fr portion of the WMT14 competition [18].

6.2.2 Preprocessing and Evaluation

For each speech utterance, we extract 40 Mel-filterbank energy features with a step size of 10
ms and a window size of 25ms. For features extracted from MuSt-C and ASR LibriSpeech,
we apply mean and variance normalization for each speaker.

We keep all the texts in our experiments true-case and tokenize them using Moses
tokenizer3. We remove the punctuation from all English texts (both from the target side of
ASR and the source side of MT).

For translation tasks (AST and MT), we report BLEU score [75] on tokenized sentences4.
We evaluate our ASR systems using Word Error Rate (WER)5.

6.2.3 Model Settings

For both En-De and En-Fr tasks, we followed the architecture in [31]. We use six Transformer
layers of size 512 in the encoder and decoder with eight attention heads. The size of feed-

1http://www.opensubtitles.org/

2http://opus.nlpl.eu/OpenSubtitles-v2018.php

3http://www.statmt.org/moses/

4https://www.nltk.org/_modules/nltk/translate/bleu_score.html

5https://github.com/belambert/asr-evaluation
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En-De En-Fr
#param #hours #param #hours

cascaded
NMT 45M 27 45M 13

cascaded
ASR 31M 22.5 31M 18.2

AST 31M 34 31M 18

Table 6.1: The number of parameters and run-time of our models on MuSt-C dataset (En-De) and
Libri-Trans dataset (En-Fr).

forward mechanism is 1024. The embedding layer in the encoder for the AST task contains
two layers of 2D CNNs [55] followed by a ReLU activation function. Each CNN layer has 16
output channels, with a stride of (2, 2). We run all our models on two GeForce GTX 1080
GPUs with 12GB RAM each. The total number of parameters and run-time of our models
in Table 6.1.

6.2.4 Training Settings

In all our models, we use the Adam optimizer [51] with an initial learning rate of 0.00005.
During the first 6000 warm-up updates, we increase it linearly to 0.003, then decrease it with
inverse square root decay [96]. The number of warm-up updates in our MT systems is 8000.
The hyper-pararmeters of the ASR, NMT and Discriminator components are summarized
in table 6.2.

6.3 Results

In this section, we analyze the effect of our regularizer on two different settings: (A) When
we only have access to AST data (section 6.3.1) and (B) When we can benefit from External
data (section 6.3.2). For each setting, we run experiments on four different models:

1. The cascaded model

2. AST model with pretrained ASR encoder

3. AST model with pretrained ASR encoder and MT decoder

4. Our proposed model with adversarial loss.

6.3.1 Using Only AST Data

Table 6.3 shows the performance of AST models for En-De and En-Fr language pairs. When
the cascaded model is restricted to use small AST datasets merely, the model will not be
strong enough to beat an AST model with a pretrained encoder and decoder. We should
also note that unlike [14, 10], where transferring decoder parameters were not effective, in
all our AST models, we could only beat the cascaded model by pretraining the decoder.
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Hyperparameter Model Value
dropout 0.1
warmup update A,D 6000
warmup update N 8000
warmup init lr 5e-5
criterion cross entropy
LR D 1e-4
LR A,N 3e-3
LR scheduler inverse sqrt
optimizer Adam
clip norm 20
num layers D 3
hidden dim D 128
encoder embed dim A,N 512
encoder convolutions A [(64, 3, 3)] * 2
encoder layers A,N 6
encoder ffn embed dim A,N 1024
encoder attention heads A,N 8
decoder embed dim A,N 512
decoder layers A,N 6
decoder out embed dim A,N 512
decoder output dim A,N 512
decoder ffn embed dim A,N 1024
decoder attention heads A,N 8

Table 6.2: The hyper-parameters of the ASR (A), NMT (N), and Discriminator (D). If the name of
the model (A, M, or D) is not specified in front of the parameter, then it will be used in all three
models.

The last row in the table gives the AST model results, which uses adversarial regularizer
during the pretrain step. As we can see, training the NMT and the ASR models simultane-
ously can help pretrained components be compatible with each other and improve the final
performance by 1.2 and 1.7 BLEU scores for En-De and En-Fr language pairs respectively.

6.3.2 Using Both AST and External Data

Limiting the training data for the speech translation models to AST datasets is not a realistic
assumption for many language pairs, and in practice, the cascaded model can greatly benefit
from the large amounts of NMT and ASR corpora.

Table 6.4 summarizes the effects of adding external training data to our experiments.
Adding external data can boost the performance of the cascaded model and by comparing
Table 6.3 and 6.4, we can see that the additional NMT and ASR data can improve the
translation quality of the cascaded model by +2 BLEU scores, while it can barely affect the
AST model with pretrained encoder and the decoder. Consequently, the gap between the
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Task En-De En-Fr
cascaded 18.76 15
AST + ASR pre 18.71 14.7
AST + ASR pre + MT pre 19.05 15.3
AST + regularizer 20.24 17.01

Table 6.3: Results of AST models trained only with AST data. The performance is measured with
BLEU score on MuST-C test set.

Task En-De En-Fr
cascaded 21.06 19.21
AST + ASR pre 19.01 16.13
AST + ASR pre + MT pre 19.12 16.27
AST + regularizer 20.81 17.7

Table 6.4: BLEU scores of AST models, trained with both AST and external ASR and MT data.

AST model and the cascaded system increases by around +3 BLEU scores for En-Fr and
+2 BLEU scores for the En-De language pair.

As we can see in the last row of Table 6.4, adding our proposed pretraining step can help
the model perform better during training, and compared to the conventional pretraining
step, we can see an increase of more than 1 BLEU point in each language pair. Although the
cascaded model by having access to all the pretrained parameters (the encoder and decoder
of both NMT and ASR) still has better translation quality, we can bring the performance
of an end-to-end model closer to it by adding the new regularizer. It is also important to
note that since we are not changing the final structure of the AST model, most of the other
techniques for further improving the translation quality, such as data augmentation, which
was examined in previous studies [65, 76] can also be applied. But we won’t study them in
this chapter.

6.4 Related Work

The cascaded pipeline of transcribing speech signals and then translating them using an MT
component [69, 23] was for many years the standard design of speech translation systems
[47]. The idea of having an end-to-end structure for this task showed promising results in
the works of [1, 33, 17, 4, 2, 15]. After the success of [98] in creating a powerful model
for ST systems, more recent studies focused on exploring their power, and one of the main
approaches to boost the performance of such models is to make use of available data from
other tasks, such as ASR and NMT. [98, 3, 90] show that multitask learning can be effec-
tive and [49, 79, 76, 65] investigate various data augmentation techniques. The impact of
pretraining the encoder with ASR model is also studied in [16, 13, 14]. In experiments of
[10, 14] the performance gain of pretraining the decoder with an MT model was marginal.

69



[50] addresses the ASR encoder and MT decoder gap problem by proposing a “Transcoder”
and use smooth-L1 loss to bring ASR hidden representation close to MT encoder hidden
representation.

The idea of modifying loss function in AST models was also discussed in [90]. Their
formulation of the additional loss is different from ours, and they use their additional loss
function in a different NMT architecture from ours.

The idea of adding adversarial regularizer was discussed in other tasks such as unsuper-
vised MT [54] or zero-shot translation [78]. The closest research to our work is [5], which
uses a similar adversarial network to bring encoder representations closer together. However,
they apply their model to the zero-shot machine translation task, with a different architec-
ture. They also apply their regularizer to the representations of the different languages with
the same modalities.

6.5 Summary

In this chapter, we studied the impact of pretraining the decoder of an end-to-end speech
translation system using a machine translation model and proposed a method to make the
pretraining step more effective. We showed that we can align the latent representations
of speech and text modalities by using adversarial loss and make the ASR encoder more
compatible with the MT decoder. Our experimental results demonstrate that we can im-
prove the performance by around 1.5 BLEU points on two language pairs compared to
conventional pretraining methods.
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Chapter 7

Conclusion

In this thesis, we have presented three contributions to the simultaneous translation task.
Although the projects are distinct, their final goal, which is to create a simultaneous trans-
lation model as quickly as possible, links them to each other. We will summarize this thesis
in the following three aspects:

• In our first project, we have investigated the effects of adding prediction mechanism
to the simultaneous translation task. We added a new Prediction action to the set
of READ and WRITE actions in a Reinforcement Learning framework. We have also
introduced a new reward function for the training process to motivate the agent to
choose the prediction action. Our experiments with our new agent show an improve-
ment of around 1 BLEU point in the translation quality with lower delay. The effect
of the prediction action is noticeable when the length of the sentences gets longer due
to complex reordering and multi-clausal sentences.

• We have also proposed a novel supervised learning approach for training an agent that
can detect the minimum number of reads required for generating each target token by
comparing simultaneous translations against full-sentence translations during training
to generate oracle action sequences. These oracle sequences can then be used to train
a supervised model for action generation at inference time. Our approach provides an
alternative to current heuristic methods in simultaneous translation by introducing a
new training objective, which is easier to train than previous attempts at training the
agent using reinforcement learning techniques for this task. Our experiments showed
the translation quality of our oracle policy is around 7 BLEU points higher than our
baseline when we use an offline translation component on two different language pairs.
We demonstrated that using our oracle as a training objective for the agent can result
in policies that are adaptive to the source and target sentence structures with no-
ticeably higher BLEU scores and lower delay. In experiments with our trained agent,
we generated oracles for translation component that was trained to work with wait-k
policy, which then we use those oracles for training a new agent. These experiments
showed our agent could generate more accurate translations with less latency. This
implies that previously proposed methods for improving the performance of transla-
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tion components in simultaneous translation settings are more accurate and agile than
what was reported before if we use a more suitable policy.

• Our final project investigates a method for improving the performance of end-to-end
speech translation models via available datasets for machine translation task. The
main contribution of this project is introducing a new adversarial regularizer that
allows us to pretrain ASR and MT models simultaneously and bring their encoder
representations closer together. This leads to having ASR encoder representations that
are more compatible with MT decoder. Our experimental results indicate that when we
restricted to only use available data for the speech translation task, using adversarial
regularizer during pretraining can improve the translation quality by around 1.5 BLEU
scores on two language pairs. While adding external data from MT and ASR tasks can
boost the performance of our solid cascaded baseline by +2 BLEU scores, using the
adversarial loss in pretraining step can improve the translation accuracy of our system
by +1 BLEU points and decrease the gap between the cascaded model and the end-to-
end model. This new adversarial loss will only be applied during pretraining step, and
the final structure of an end-to-end speech translation system remains unchanged.
This indicates that all the techniques previously introduced to segment the speech
signals for the simultaneous task can also be applied to this new speech translation
system.

7.1 Future Direction

In this section, we explain four ideas that have the potential to improve the performance of
simultaneous translation systems:

• Applying prediction to other structures: Having a simple and stable training
process is essential if we want to extend the model with the prediction mechanism
effectively. Recently there has been much progress in designing accurate agents with
less complicated structures compared to reinforcement learning [101, 35, 6]. Each of
these models can be extended to anticipate future time steps. Especially extending the
supervised learning method which we studied recently (chapter 5) should be straight-
forward and can help the model to make more precise decisions on longer sentences.

• Extending supervised learning method: We have thoroughly explored the be-
haviour of our agent using two different translation components. It would be inter-
esting to see whether filling up the partial translations table using recently proposed
interpreters, like those described in [9, 6] or [61] can lead to generating more optimal
policies or not. Similar to the idea in [59], we can retrain the translation component
to become more accurate in translating phrases generated by our supervised agent. In
order to build such an interpreter, we are thinking of extracting phrase pairs that our
agent aligns and use them to fine-tune a translation model trained on full sentences.

72



Analysing the distinction between source-side and target-side prediction can also help
us have better understanding of our current models. Knowing that a prediction comes
from the source sentence or the target sentence can help us emphasize each of them
to further improve the results.

• Finding an alternative to the loss value for reporting the results: While the
cross-entropy loss is an effective metric for guiding the model toward oracle policy in
a supervised setting, it is not a good criterion for choosing the optimal policy that
can balance the trade-off between translation quality and delay. In other words, a
model with a low loss can generate accurate translations by sacrificing delay. Finding
a metric that can measure both translation quality and delay can be helpful in finding
the optimal policy during training. Although the Hamming [42] and Levenshtein [56]
distances between generated and reference action sequences are more effective com-
pared to loss, a more accurate metric is required to measure how well our model can
balance the translation quality and delay.

• Designing a new evaluation metric: The available datasets for the simultaneous
translation task is coming from the offline task and the translations are not suited for
the real-time environment. Making use of an experienced human interpreter can help
us evaluate our systems more accurately. Recording the timing of such interpreter can
help us measure our metrics for the delay, or even lead us to have a unified metric for
translation quality and delay.

• Applying speech segmentation: The improvement we achieved to train speech
translation model more accurately makes our trained end-to-end model a safe choice
to be used in simultaneous settings. However, it is not clear how the generated policies
would change if we replace the standard speech translation system with our speech
translation model.
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