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Abstract

Although Neural Machine Translation (NMT) improves state-of-the-art Machine

Translation significantly, it still underperforms on some conditions than Statistical Ma-

chine Translation (SMT). One of the conditions is out-of-domain translations. Previ-

ous works mainly focus on improving the out-of-domain translation of NMT systems

by leveraging out-of-domain monolingual data. However, we believe that improv-

ing model generalisation ability to unseen domains, namely domain robustness is also

important since monolingual corpus would be unavailable or the domain that NMT

systems would encounter in actual use would be unpredictable. Therefore, this study

mainly aims to explore the approach to improving domain robustness of NMT systems.

A previous study showed that ‘hallucination translation’ (translations that are fluent

but unrelated to source) is common in out-of-domain translation. According to theo-

retical analysis, we claim that exposure bias derived by token-level training objective

would be one of the reasons that result in hallucinations. Therefore, we propose to use

Minimum Risk Training (MRT), a sentence-level training objective, to alleviate expo-

sure bias and reduce the hallucinations, and thereby, improve domain robustness. The

experiments on the domain-specific dataset from OPUS repository demonstrated the

effectiveness of MRT and our best model also exceeds SMT and achieves the state-of-

the-art. Our hypotheses about the correlation between exposure bias and hallucination

and the relation between hallucinations and domain robustness are also supported in a

series of analysis experiments.

Moreover, inspired by the results of the analysis experiments, we speculate and

by experiments provide the evidence for the correlation between exposure bias and

the phenomenon that increasing beam size does not improve translation quality. MRT

fine-tuning would mitigate this phenomenon and extended the optimal beam size of

NMT systems.
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Chapter 1

Introduction

Machine Translation (MT) which aims to use of the algorithm to automatically trans-

late the text from one language to another language is an important application in

Natural Language Processing. Recently, Neural Machine Translation (NMT), which

is a neural network-based MT [33], has significantly improved state-of-art in machine

translation. However, NMT does not perform well under all of the conditions. One

such condition is out-of-domain translation 1. However, Statistical Machine Transla-

tion (SMT), which is the dominant MT algorithm before NMT, exhibits a better perfor-

mance on out-of-domain translation than NMT. Therefore, Koehn and Knowles [15]

pointed out that the out-of-domain translation is one of the key challenges in NMT.

Most of the existing works aim to improve the out-of-domain translation of NMT

systems by leveraging out-of-domain monolingual data and in-domain parallel data,

namely domain adaptation [7] and have achieved good results [8, 29, 13]. However,

the out-of-domain monolingual data may not exist for some language pairs, and the

domains that will be encountered in actual use would be unpredictable. Therefore,

to improve user satisfaction and model reliability, the ability of NMT systems that

showing good generalisation to unseen domains, namely domain robustness [19] needs

to be improved. Our study aims to explore the approach to this issue.

According to the previous study [19], ‘hallucination translations’ (hallucinations),

which mean that the translations that are fluent but unrelated to the source sentence,

are more pronounced in the out-of-domain translation than the in-domain translation of

NMT systems. Therefore, alleviating the hallucinations would indirectly improve the

domain robustness. By thinking of the reasons that result in hallucinations, we spec-

1Out-of-domain translation refers to that the model is trained with the training sentences from one
domain, but is used to translate the sentences from another domain.

1



Chapter 1. Introduction 2

ulate that exposure bias [26] would be one of the reasons that lead to hallucinations.

Exposure bias refers to a mismatch between training and testing stage of vanilla NMT

systems (of which the training objective is a token-level training objective, Maximum

Likelihood Estimation (MLE)). More specifically, in the training stage, the model is

trained to predict the target token based on ground-truth partial translations, whereas

in the testing stage the model translates according to the partial translations predicted

by itself. The mismatch would result in error accumulated quickly. Accordingly, with

the incorrect partial translations feeding into the model, the probability assigned by the

model of the hallucination would be gradually higher than the correct translation, and

finally, a hallucination translation would be generated by the model. Therefore, we

deduce that if exposure bias could be alleviated, the hallucinations would be reduced

and thereby the domain robustness would be improved. In our study, we propose to use

one of the sentence-level training objectives, Minimum Risk Training (MRT) 2 as the

method to mitigate exposure bias by fine-tuning3 the baseline model that is pre-trained

on token-level MLE training objective. We adopt Transformer [38] as the architecture

of the model. By comparing the fine-tuning model with baseline, we would derive the

conclusion that whether MRT could improve the domain robustness of NMT systems.

We experiment on German-English translation task of a general dataset (IWLST

2014 [5]) to tune the hyperparameters and a domain-specific dataset (from OPUS

repository [35]) to test model’s domain robustness. There are five domains of par-

allel data in this domain-specific dataset. We use one of them as the in-domain data to

train the model and the data from the rest four domains as the test data. The results of

experiments confirm that MRT is effective in improving domain robustness of NMT

systems, especially when the baseline is trained by MLE with label smoothing [34].

Our best model exceeds SMT and achieves the state-of-the-art.

The results of quantitative and qualitative analyses support our theoretical propo-

sition about the correlation between exposure bias and hallucinations, and the corre-

lation between hallucinations and domain robustness. Comparing the out-of-domain

with in-domain translation, we further speculate the explanation of the phenomenon

that hallucinations occur more in out-of-domain than in-domain translations. We be-

lieve that exposure bias still exists in in-domain translation, but the problem caused

2a kind of sentence-level training objective that inherently avoids exposure bias derived during token-
level training objective in typical NMT systems. MRT has been demonstrated effective in NMT sys-
tems [32], thus choosing as the method of our study.

3a training paradigm in which the model would share the parameters of the pre-trained model (base-
line here) and continue the training with new training objective, or dataset etc.
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by exposure bias is more likely to be hidden in in-domain than out-of-domain trans-

lation. Moreover, based on the theoretical deduction and empirical study, we find that

exposure bias would also relate to the phenomenon that increasing beam size does not

consistently improve the translation quality of NMT systems (‘beam size contradic-

tion’). MRT fine-tuning would alleviate this phenomenon and increase optimal beam

size of NMT systems.

The main contributions of this study are:

• We implement MRT training objective4 based on Nematus toolkit [28]5 and con-

firm that it yields improvement on a standard dataset over a strong Transformer

baseline.

• We demonstrate the effectiveness of MRT in improving domain robustness of the

NMT system through experiments, and our best model achieves state-of-the-art

on the German-to-English translation task.

• Through quantitative and qualitative analyses, we find the evidence for the hy-

potheses that exposure bias would breed hallucinations and resulting hallucina-

tions would deteriorate the domain robustness of NMT systems. Meanwhile, we

provide an original method to test exposure bias of NMT systems.

• Combined experiments results and theoretical analysis, we speculate that expo-

sure bias would also cause the problem of ‘beam size contradiction’ and the

results of the subsequent experiments support our hypothesis.

The rest of this dissertation is structured as follows. Chapter 2 will firstly introduce

the background knowledge about token-level training objective, label smoothing, the

derivation of exposure bias. Our speculation that exposure bias would result in hal-

lucinations will also be elaborated. Then, previous studies about exposure bias and

domain in NMT will be discussed. Chapter 3 will describe the principle of Minimum

Risk Training. Chapter 4 will provide the comparing of domain robustness between

baseline and MRT fine-tuning model by experiments. The corresponding datasets, ex-

periment settings will also be described. Chapter 5 will analyse the reason behind the

results of the experiments in Chapter 4 to verify our hypothesis. Finally, the summary

of the study and possible future work will be concluded in Chapter 6.

4implementation released at: https://github.com/zippotju/nematus-MRT
5https://github.com/EdinburghNLP/nematus



Chapter 2

Background

This chapter firstly introduces the principles of the standard end-to-end NMT model

trained with token-level training objective Maximum Likelihood Estimation (MLE)

and its updated training objective, MLE with label smoothing (MLELS). Both train-

ing objectives would be used as the baseline of the domain robustness experiments.

Next, we explain the derivation of exposure bias in the end-to-end NMT model trained

with token-level training objective and our speculation of how exposure bias would

relate to the hallucination translation problem. The studies about the solutions to the

exposure bias and its resulting practical problem are also discussed briefly. Finally,

we discuss the relevant domain studies in NMT. We point out the difference and the

relation between our study and previous studies during the discussion.

2.1 Neural Machine Translation

2.1.1 Training

Denote the source sentence x1,x2,x3, ...,xTx as X and the target sentence y1,y2,y3, ...,yTy

as Y . The standard end-to-end NMT models the translation probability as follow:

P(Y |X ;θ) =
Ty

∏
t=1

P(yt |X ,y<t ;θ) (2.1)

in which y<t is the partial translation y1,y2, ...,yt−1 and θ represents the parameters of

the NMT model.

The probability of P(yt |X ,y<t ;θ) can be modelled by a recurrent neural network

(RNN) [33], a convolutional neural network [10] or a Transformer [38]. Please refer

to [33, 1, 10, 38] for more details. Because Transformer-based architecture achieves

4



Chapter 2. Background 5

best performance in NMT so far, we choose to use Transformer as the architecture of

the model.

Assume we have a training dataset D = {(X (n),Y (n))}N
n=1. The standard training

objective is to maximise the log likelihood (MLE) of the training dataset:

θ̂ = argmax
θ

{L(θ)} (2.2)

where log likelihood L(θ) is:

L(θ) =
N

∑
n=1

logP(X (n)|Y (n)) =
N

∑
n=1

T (n)
y

∑
t=1

logP(y(n)t |X (n),y(n)<t ;θ) (2.3)

Alternatively, we can set the training objective to minimise the negative log likelihood

(NLL), then the NLL is the loss function in MLE training objective. Formally written

as (NLL for a translation pair):

L(θ) =− logP(X |Y ) =
Ty

∑
t=1
− logP(yt |X ,y<t ;θ) (2.4)

In practice, we calculate − logP(yt |X ,y<t ;θ), the NLL at each time step, using multi-

class cross entropy loss:

loss at each time step =−
|V |

∑
c=1

qt,u(c) logP(u(c)|X ,y<t ;θ) (2.5)

where |V | denotes the number of vocabulary in the target language. qt,u(c) and

P(u(c)|X ,y<t ;θ) separately represent the label probability distribution and the model

output probability distribution of the c-th token in the vocabulary at time step t. u(c)

is the symbol of the c-th token in the target vocabulary. If we set label probability

distribution as follow:

qt,u(c) =

{
1, u(c) = yt

0, otherwise
(2.6)

Then, the resulting cross entropy loss is equivalent to the NLL:

−
|V |

∑
c=1

qt,u(c) logP(u(c)|X ,y<t ;θ) =−1× logP(yt |X ,y<t ;θ) =− logP(yt |X ,y<t ;θ)

(2.7)

2.1.2 Inference

After training, the resulting probability model would be used to generate the transla-

tion according to an input sentence X in the source language. Formally, in theory the
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output Ŷ = argmax
Y

P(Y |X). Therefore, we need to generate every possible sentence

Y in the target language and compute the probability P(Y |X) for each sentence and

pick the best one. However, the exact search is intractable due to huge search space

(|vocab|N translations for output length N). Therefore, alternatively, people adopt an

approximative search algorithm, beam search, to approximately find the best transla-

tion Ŷ
beam search
≈ argmax

Y
P(Y |X), which balances the quality and speed and is the cur-

rent default search strategy in NMT. Beam search always keeps top-k-best candidate

translation at every time step and expands the translations that have not been stopped

by ‘< EOS >’ end of sentence token until all of the candidates in the top-k-best list

are stopped by ‘< EOS >’. The k is a parameter of beam search named beam width.

The larger the k is set, the larger space the algorithm will search, and the algorithm

would find the sentence with the higher score, but correspondingly increase the time

complexity. The specific implementation of the beam search algorithm, please refer to

this Tutorial [20].

2.1.3 Label Smoothing

Equation 2.4 is the basic loss function of MLE training objective. This objective forces

the model to distinguish between ground-truth token and the rest of tokens by assigning

extreme one or zero predictions. This ‘hard’ objective would make the model too con-

fident in its prediction and hurt the generalisation performance. Therefore, Szegedy et

al. [34] introduced label smoothing, which acts as a regulariser to make the model less

confident in its prediction. In practice, label smoothing is implemented by modifying

label probability distribution qt,u(c) in Equation 2.6 to:

qt,u(c) =

{
1− ε, u(c) = yt

ε

|V | , otherwise
(2.8)

where ε is a smoothing parameter which uniformly assigns partial probability of ground-

truth token to the rest of tokens. Label smoothing is equivalent to adding KL diver-

gence between a uniform distribution f = 1
|V | and the model prediction probability

distribution P(yt |X ,y<t ;θ) to the NLL [25] in equation 2.4. Therefore, the loss func-

tion of MLE with label smoothing is:

LMLELS(θ) =−
Ty

∑
t=1

(logP(yt |X ,y<t ;θ)−DKL ( f ||P(yt |X ,y<t ;θ))) (2.9)

Here, we use LMLELS to represent the loss function of MLE with label smoothing to

distinguish with basic MLE loss function. Label smoothing has been demonstrated
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useful in NMT with Transformer-based architecture [38]. Therefore, we conduct both

experiments using MLELS and basic MLE as the baseline separately to investigate

whether Label smoothing is also effective in out-of-domain translation.

2.2 Exposure bias

Exposure bias refers to a mismatch between the training and testing stages [26]. More

concretely, in equation 2.1 the NMT model is trained to predict the next token yt given

the ground-truth previous tokens y<t as the input. However, at the test time, the result-

ing model is used to generate the entire sequence by predicting one token at a time and

by feeding the generated tokens back as the input at the next time step. The problem

exists consistently no matter in basic MLE or MLELS training objective. This discrep-

ancy between the training and testing would yield errors that accumulate quickly along

the generated sequence, which is named error propagation [41].

We speculate that the resulting error propagation from exposure bias would be one

of the reasons that lead to hallucination translation. Let us take an example to describe

our hypothesis. Assume that there is a translation pair with the source sentence X =

A,B,C,D and the target sentence Y = a,b,c,d. There is also a hallucination translation

Y ′ = e, f ,g,h that is unrelated to the source sentence X but fluent and exists in the

training set. Figure 2.1 shows the progress of how the model would probably generate

hallucination translations. The number in the bracket represents the corresponding

probability of each term. At initial, the model would assign a higher probability to a

Reference translation Hallucination translation

P(abcd|ABCD) = P(a|ABCD) · (0.32) P(efgh|ABCD) = P(e|ABCD) · (0.21)

P(b|ABCD, a) · (0.45) P(f|ABCD, e) · (0.49)

P(c|ABCD, ab) · (0.52) P(g|ABCD, ef) · (0.73)

P(d|ABCD, abc) (0.65) P(h|ABCD, efg) (0.92)

= 0.0487 = 0.0691

Figure 2.1: Illustrative example of how the NMT model with exposure bias would lead

to the hallucination translation

than e based on the source sentence ABCD, since e is unrelated to the source sentence.

However, when the predicted a and e is fed into the model separately to predict the

next token, the error will arise. We speculate the reasons would be based on two facts:
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• During training stage the partial translation of the model y<t is always correct,

which would result in the fact that the model would probably trust the partial

translation regardless of source sentence or pay greater attention to the partial

translation than the source sentence.

• Because hallucination e f gh exists in the training set, the model was optimised

to assign the highest probability on each token given the previous tokens during

the training stage.

Therefore, the model would be misled by the incorrect partial translation and have

a possibility at some situation to assign a higher probability of P( f |ABCD,e) than

P(b|ABCD,a) although e f is unrelated to the source ABCD. Then, with the increase

of the time step, the model would assign more and more certainty to the hallucination

translation and thereby the probability of the hallucination would finally exceed the

reference, thus being generated by the model.

Some related works try to solve exposure bias by training the model to generate the

next token according to its own predictions. For example, Bengio et al. [2] introduced

Scheduled Sampling in neural sequence generation tasks, in which the true previous

target token is replaced with a changing probability by a sampled word-level oracle

during training. Zhang et al. [42] recently further developed the method by adding

sentence-level oracle and noise perturbations on the predicted distribution and further

improved the performance. Another direction of attempts is training the model at the

sequence level, including using RL-inspired training strategy MIXER [26], structured

prediction objective function [32, 9], or with beam search optimisation [39]. Edunov et

al. [9] empirically compared several kinds of structured prediction objective functions

and beam search optimisation. They found that one of structured prediction objective

functions, the expected risk, outperforms other objective functions and beam search

optimisation. Therefore, we choose the expected risk or named MRT as the method to

conduct the domain robustness experiments. The principle of MRT and how would it

solve exposure bias, please refer to Section 3.1.

In fact, there is no consensus of what practical problem would mainly result from

exposure bias. Some practitioners ascribe the accuracy drop (the left half part of

the translation is more accurate than its right half part in most cases) to exposure

bias [17, 43]. Because the model with exposure bias would predict the next token

according to the previous translation, incorrect previous translations would degrade

subsequent translations and result in the accuracy drop. However, this study [41] found
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that although exposure bias would be one of the reasons that lead to the accuracy drop,

language branching [3] plays a more important role in causing the accuracy drop. To

our knowledge, there exists no study to investigate the relation between exposure bias

and hallucination translation problem. We aim to conduct the analysis experiments to

investigate it.

2.3 Domain studies in NMT

At present most of the studies in NMT which are relevant to the domain study are con-

centrated on the domain adaptation. These studies explore the ways to leverage a small

amount of parallel data or a large amount of monolingual data in the desired domain

to improve the translation of the desired domain and have already been shown very

effective for NMT [18, 29, 13]. Different from domain adaptation, domain robust-

ness refers to a property that the NMT system shows good generalisation to unseen

domains [19]. Therefore, in the study of domain robustness, we assume that nei-

ther parallel nor monolingual data in the desired domain is available. Among a few

researches about domain robustness, this research [19] empirically compared serval

strategies to strength the domain robustness of the NMT model, including architec-

tural changes (coverage models [37] and reconstruction [36]) which would potentially

eliminate the hallucination translation problem, a regularisation technique (subword

regularization [16]) with which improvement of domain robustness has been reported,

and the defensive distillation which has been demonstrated effective in improving ro-

bustness to adversarial examples in image recognition tasks [23]. Their results show

that the reconstruction is the most effective approach in improving the domain ro-

bustness and an average of 1.8 BLEU improvement on out-of-domain test sets, but

still lower than the standard, phrase-based SMT model trained with Moses [14] (11.8

BLEU). Our study follows their methodology [19] that indirectly improve the domain

robustness by alleviating hallucination translation. We propose to use MRT to reduce

the hallucination translation and indirectly improve the domain robustness.



Chapter 3

Minimum Risk Training

Minimum Risk Training (MRT) is one of the classical structured prediction training

objectives that trains the model at the sequence level. In this chapter, we present the

MRT strategy that will be used for the domain robustness experiments. In the first

section, we will present the principle of MRT and discuss how MRT avoids exposure

bias. In the second section, various strategies to generate candidate sentences that are

required for MRT would be discussed. The final section sums up the loss functions of

serval kinds of training objectives that will be used in the later experiments.

3.1 Principle of MRT

Minimum Risk Training was first proposed by Och [21] to train log-linear models for

structured prediction and applied in neural sequence to sequence models by Shen et

al. [32]. The basic idea of MRT is to find a set of the model parameter, θ, so that it

will minimise the expected loss on the training data. The loss is named risk in MRT.

Unlike MLE, the loss of MRT (risk) is evaluated on the sequence level. Therefore,

MRT would be able to optimise the model toward the evaluation metrics instead of

focusing on every single token like in MLE. Optimising toward evaluation metrics is

also one of the advantages of MRT in theory, but we mainly focus on its ability to the

alleviation of exposure bias.

Formally, given an end-to-end NMT model with the translation probability P(Y |X ;θ)

as in Equation 2.1 and a training dataset D = {(X (n),Y (n))}N
n=1, the expected risk, R(θ)

can be defined as:

R(θ) =
N

∑
n=1

∑
Y∈S(X (n))

P(Y |X (n);θ)

∑Y ′∈S(X (n))P(Y ′|X (n);θ)
∆(Y,Y (n)) (3.1)

10



Chapter 3. Minimum Risk Training 11

Where S(X (n)) represents a set of all of the possible candidate translations of source

sentence X (n). ∆(Y,Y (n)) denotes the sentence-level loss between the hypothesis Y and

reference Y (n). In our work, we use 1−BLEU(Y,Y (n))1 as the loss in MRT. However,

since the sample space of S(X (n)) is exponentially huge, the expected risk is usually

intractable to calculate. We have to sample certain number of candidate translations as

a subspace U(X (n)) to approximate the full search space. We discuss approaches for

generating this subset in Section 3.2.

After generating the subspace U(X (n)), the new approximate risk function R̃(θ) is:

R̃(θ) =
N

∑
n=1

∑
Y∈U(X (n))

P(Y |X (n);θ)
α

∑Y ′∈U(X (n))P(Y ′|X (n);θ)
α ∆(Y,Y (n)) (3.2)

Here besides changing the candidate translation set, a hyperparameter α is also added.

This hyperparameter is used to control the sharpness [21] of distribution of the sampled

subspace U(X (n)) and have been reported having a critical effect on MRT training [32].

After sampling the subspace and calculating the expected risk, the expected risk would

be used as the loss function in back-propagation to find the optimal parameters as in

MLE.

MRT, same as other classical structured prediction training objectives, can avoid

exposure bias. Revising the definition of exposure in Section 2.2, the training and test-

ing mismatch in MLE leads to exposure. From another perspective, during training, the

model is only exposed to the training data distribution rather than its own prediction.

However, this discrepancy is avoided naturally in MRT. According to the principle of

MRT, the model is trained to give the penalty to bad sampled translations and the re-

ward to good sampled translations in order to minimise the risk. Therefore, the training

stage involves the inference process or say, the predictions of the model, and the model

is trained to discriminate its translation candidates. Accordingly, there is no mismatch

between training and testing in MRT, and thereby, exposure bias is avoided.

However, because MRT training is computationally expensive compared with MLE,

people usually use MRT to fine-tune the model pre-trained on MLE [32, 9, 6]. Our

study follows the same strategy. Hence, the model after fine-tuning with MRT would

only gradually alleviate exposure bias instead of complete eliminate it.

1BLEU [24] is an automatic evaluation metrics to evaluate the sentence-level loss between model’s
translation and reference, which is the most commonly used metrics in NMT
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3.2 Candidate generation strategies

The MRT training objective is defined over the entire space of possible output trans-

lations, which is usually intractable to compute. Therefore, a subset of K candidate

sequences U(X) =Y1,Y2, ...,YK that is generated by the model is used to approximately

calculate the expected risk.

3.2.1 Sampling strategies

There are two commonly used sampling strategies in MRT to generate the candidate

translations, randomly sampling and beam-search sampling [32, 9]. Beam-search sam-

pling follows the same algorithm of beam search during inference. Based on a source

sentence X , the final top-K-best translations generated with the beam search algorithm

are used as the K sampled candidates in subset U(X). Please refer to Section 2.1.2 for

the introduction of the beam search algorithm.

Algorithm 1 [32]: Randomly sampling strategy

Input: the n-th source sentence in training data X (n), the set of model parameters θ, the

limit on the length of a candidate translation l, the limit on the size of sampled space

K.

Output: sampled space U(X (n))

1: for i = 1 to K do
2: Y ← /0 // an empty candidate translation

3: for t = 1 to l do
4: y∼ P(yt |X (n),y<t ;θ) // sample the t-th target token

5: Y ← Y ∪{y}
6: if y =< EOS > then
7: break //terminate if reach the end of sentence

8: end if
9: end for

10: U(X (n))←U(X (n))∪{Y}
11: end for

Compared with beam-search sampling, which would generate high probability can-

didates, randomly sampling would introduce more diverse candidates. Algorithm 1

shows how to build the subset U(X (n)) with randomly sampling. The algorithm ran-

domly samples a token y at each time step t according to the current output probability
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distribution over |V | tokens in the target vocabulary. Then the sampled token will be

fed into the model to compute the output distribution of the next time step. The algo-

rithm will keep sampling until reaching the end of the sentence (line 3-9). Then the

algorithm will repeat the process to sample K candidates. Note here to make use of

the parallel architectures of GPUs, in actual implementation we would feed a batch of

K same source sentences into the model so that the model would generate K candi-

dates in parallel, which would be done very efficiently. Moreover, the sampled subset

may exist duplicate candidates, which will be removed to build the final subset. We

consider both sampling strategies in the following experiments.

Recent work [9] shows that adding reference translation Y (n) into the subset of

U(X (n)) would destabilise training. Thus we do not add reference translation while

generating the sample space.

3.2.2 Online and offline candidate generation

In the online setting, the candidates will be regenerated whenever we encounter a new

input sentence X . Whereas offline setting would only sample once before fine-tuning

with MRT based on the pre-trained model. These two methods have been compared on

German-English NMT by Edunov et al. [9] and the results showed that online setting

outperforms offline counterpart. Therefore, our study only focuses on using online

setting to generate candidates. However, because the offline setting is much faster

than the online setting, infrequent regenerating would be a good strategy (balancing

between the quality and speed) to try in the future work.

3.3 Loss functions in the study

For the convenient of comparison, we conclude loss functions of all of the training ob-

jectives that will be used in our study in Figure 3.1. We uniformly define the loss func-

tion on a training sample {X ,Y} for simplicity. There is no much different from these

functions defined in previous sections, except expected risk R̃(θ) is replaced to Lrisk(θ)

to unify the format. LMLE(θ) in Equation 3.3 represents the loss function of Maximum

Likelihood estimation training objective, negative log-likelihood. LMLELS(θ) in Equa-

tion 3.4 denotes the loss function of Maximum Likelihood estimation training objective

with Label Smoothing. Lrisk(θ) in Equation 3.5 is the loss function in Minimum Risk

Training objective, in which Ŷ represents the candidate translation of the source sen-
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LMLE (θ ) = − logP yt | X , y<t ;θ( )                                                                 (3.3)
t=1

Ty

∑

LMLELS (θ ) = − logP yt | X , y<i;θ( )− DKL f‖P yt | X , y<t ;θ( )( )( )
t=1

Ty

∑                 (3.4)

Lrisk (θ ) =
P Ŷ | X ;θ( )α
P

Ŷ ′∈U X( )
∑ Ŷ ′ | X ;θ( )αŶ∈U X( )

∑ Δ Ŷ ,Y( )                                                    (3.5)

Figure 3.1: Sum up of all of the loss functions in our study.

tence X . The NMT model aims to minimise these loss functions to find the optimal set

of parameters θ of itself with some numerical solutions, such as gradient descent [27]

or Adam [12].



Chapter 4

Experiments

This chapter describes the process and results of the main experiments conducted in

our study. The first section mainly introduces the preparation work, relevant settings

and plan of the experiments, including datasets that will be used in the experiments,

the data preprocessing of the datasets, evaluation metrics and the plans of hyperpa-

rameters setting and experiments. The second section reports experiment results and

conclusions and analysis deduced from the results.

4.1 Experiments setup

4.1.1 Datasets

4.1.1.1 Domain-specific dataset

For convenient to compare with the previous study [19], we use the same dataset as

them, namely domain-specific dataset. This dataset is a German-English corpus which

contains five subsets, and each subset has a specific domain. The five domains are

medical, IT, koran, law and subtitles. The dataset is publicity available from OPUS

repository [35]1. Development and testing set are selected 2000 consecutive sentence

pairs from each subset2.

Because these domains are quite distant, it would be relatively reliable to be used

to test the model’s domain robustness. In all of the domain robustness experiments, the

medical domain serves as the training domain, while the remaining four domains are

used for testing. Note based on the definition of domain robustness, both the training

1http://opus.nlpl.eu/
2download dataset: https://files.ifi.uzh.ch/cl/archiv/2019/clcontra/opus robustness data.tar.xz

15
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and development set are assumed unavailable for the remaining four domains. There-

fore, the hyperparameters search can only be executed with the development set of the

medical domain.

4.1.1.2 General dataset

• Motivation: From the later experiments, we found that the model fine-tuned with

MRT does not show improvement compared with the baseline model on the de-

velopment set of the medical domain. We decide to conduct experiments to

search MRT-relevant hyperparameters 3 on a general dataset. Then use the opti-

mised hyperparameters searched on the general dataset to conduct fine-tuning in

the domain robustness experiments.

• Description: We choose to use IWSLT’14 [5] German-to-English dataset in the

general-domain experiments. IWLST’14 dataset consists of 180 thousand bilin-

gual sentence pairs which derive from manual transcripts of English TED talks

into German and is commonly used in the NMT studies [9, 26, 31]. We use

the same train/dev/test split as this study [9]. The development set is randomly

sampled around 4.5% from the training set, and the testing set is derived by

concatenating tst2010, tst2011, tst2012, dev2010, dev2012 in IWLST’14.

4.1.2 Settings

4.1.2.1 Settings on general dataset

In general dataset, following the data preprocessing in this study [9], we filter the

training set by removing (1) the length of the source and target sentences that are less

than 1 and longer than 175; (2) the pairs where source length > 1.5 × target length

or target length > 1.5 × source length. All data is truecased and tokenised with Mose

toolkit [14]. Then, the data is segmented into subword symbols using shared Byte-Pair

Encoding(BPE) [30] with 30000 merge operations.

For comparison to previous work [9], we report the lowercased, tokenised results

evaluated with case-insensitive BLEU, computed with the multi-bleu.perl script in Ne-

matus repository on the general dataset.

3described detailed in Section 4.1.3
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4.1.2.2 Settings on domain-specific dataset

In the domain-specific dataset, we follow the preprocessing in this study [19]. The

only two differences from the preprocessing of the general dataset are that (1) training

sentences that are longer than 80 instead of 175 are removed ; (2) the BPE merge

operations are 32000 rather than 30000.

For comparison to previous work [19], we report the detruecased, detokenised re-

sults evaluated with case-sensitive BLEU [24] ,computed with the multi-bleu-detok.perl

script in Nematus repository on domain robustness experiments. Unless specified, we

consistently use the beam size of 12 to do the translation in the following experiments.

4.1.3 Systems

We use Nematus toolkit as the baselines, in which training objectives of MLE and

MLE with label smoothing (MLELS) concluded in Section 3.3 based on Transformer

architecture have been implemented in the toolkit. We modify Nematus toolkit to

include the training objective of MRT based on Transformer architecture.

Because of experiments in the general dataset is only for hyperparameters search,

we only use training objective of MLELS as the baseline to pretrain the model, and

then the resulting pretrained model with the best development set performance is fine-

tuned with MRT. The hyperparameters of the baseline model are almost same as this

work [9]. After getting the baseline, we conduct four MRT-relevant hyperparameters

search during fine-tuning.

Firstly, two sampling strategies, beam search sampling and randomly sampling, to

generate candidate translations are both experimented. Secondly, during fine-tuning

the model, we use the fixed learning rate rather than Transformer scheduled learning

rate [38] as in pretraining. Therefore, the learning rate is another hyparameter to tune.

Thirdly, the batch size which controls the number of training samples of an iteration

interacts with learning rate, thus also being tuned. Lastly, we search over the sharpness

parameter α in Equation 3.2. The number of sampled candidate translation is also an

adjustable hyperparameter. However, because both previous studies [32, 9] reported

that with the increase of the candidate set size, the performance consistently increases,

we do not tune the candidate set size and fix it to 4 for all of the experiments. The best

hyperparameters with beam search sampling strategy and randomly sampling strategy

are separately searched and will be separately used in the domain robustness experi-

ments. The detailed information on the baseline’s and MRT-relevant hyperparameters
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are list in Appendix A.

After finding the optimised MRT-relevant hyperparameters, we start the domain

robustness experiments. We use both MLE and MLELS as the baseline. The hyperpa-

rameters of the baselines (except ‘label smoothing’ hyperparameters, the rest of hyper-

parameters are same over these two baselines) follows the settings in this study [19],

except that the warmup of the Transformer learning schedule is adjusted to 6000 rather

than 0 after our limit hyperparameter search. After getting baselines, we keep the rest

of the hyperparameters of baselines constant and use the MRT-relevant hyperparame-

ters found in the general-dataset experiments to fine-tune these two baselines.

4.2 Results

4.2.1 Results on general dataset

The results on general dataset are shown in Table 4.1. Edunov et al. [9] compared

MLELS and MRT training objective on the same dataset with the standard convolu-

tional seq2seq architecture [10]. Compared with their baseline (MLELS), our Trans-

former baseline improves almost 2.5 BLEU, which would derive from the stronger

modelling ability of Transformer architecture than standard convolutional architec-

ture. Recently, Wu et al. [40] introduced a dynamic convolution based on standard

convolutional seq2seq architecture and achieved BLEU score of 35.2 on the same

dataset, exceeding our Transformer baseline by 0.48, which provides the evidence for

that convolutional-based architecture is still competitive on this task.

Systems BLEU

ConvS2S (MLELS) [9] 32.23

ConvS2S (MRT) [9] 32.84(+0.61)

DynamicConv (MLELS) [40] 35.2

our Baseline (MLELS) 34.72

our MRT (beam search sampling) 34.97(+0.25)

our MRT (randomly sampling) 35.18(+0.46)

Table 4.1: Evaluation results of various systems on IWLST’14 German-English tok-

enized and lowercased test set.

After fine-tuning with MRT, the model exceeds the baseline by 0.25 with beam
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search sampling strategy and 0.46 with randomly sampling, which is close to the dy-

namic convolution model. The results show that MRT fine-tuning is still effective

based on strong Transformer architecture. Moreover, by comparing the improvement

of fine-tuning in previous study [9] (0.61) with the improvement in our study (0.46),

we think the increase of the fine-tuning in our study is in an acceptable range since

our baseline is higher than theirs, which might limit the improvement of our MRT

fine-tuning. Therefore, we believe that our implementation of MRT and our searched

MRT-relevant hyperparameters are both qualified to be used in the domain robustness

experiments.

As for the two sampling strategies, although randomly sampling performs better

than beam search sampling strategy, we still want to investigate the effects of the sam-

pling strategies on MRT training under out-of-domain dataset. Therefore, we store two

groups of hyperparameters, one for beam search sampling, one for randomly sampling,

to fine-tune baseline model in the domain robustness experiments.

4.2.2 Results on domain-specific dataset

We conduct the experiments with MLELS as the baseline firstly. We find that the beam

search sampling strategies still performs worse than randomly sampling strategy in do-

main robustness experiment. As shown in Figure 4.1, we evaluate the BLEU score of

four out-of-domain test sets (it, koran, law, subtitles) per 20 MRT iterations and report

the average BLEU over these four test sets. From the figure, we can see that after a

period of improvement, the out-of-domain translation quality of the beam search sam-

pling strategy (blue line) starts to decrease and gradually becomes worse than baseline

(green line). In contrast, the randomly sampling strategy (orange line) exhibits a rela-

tively better improvement. Its performance keeps rising until 1200 iterations, and the

line tends to flatten but still exists gently increase. Therefore, we abandon the beam

search sampling strategy and only adopt the randomly sampling method in the follow-

ing experiments and evaluations.

Table 4.2 shows the evaluation results of our models compared with previous works

on the domain-specific dataset. Because we cannot use medical development set to do

early stopping of MRT fine-tuning, we uniformly evaluate the model after 2000 up-

dates. The first two systems in the table are the baseline (bidirectional deep Recurrent

Neural Network trained with MLELS) and the best method to improve the domain

robustness, reconstruction, proposed by Müller et al [19]. The third system is the
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Figure 4.1: Comparison between beam search sampling and randomly sampling strate-

gies of MRT based on MLELS baseline in the domain-specific dataset. The average

BLEU score of four out-of-domain test sets are computed and reported in the graph

with the increase of the iterations (evaluate per 20 iterations).

phrased-based statistical machine translation system. Our models contain two base-

lines of MLE and MLELS and their corresponding MRT fine-tuning models.

Firstly, let us compare the baseline of MLE and MLELS. The results show that

MLE with label smoothing shows better performance than MLE in both out-of-domain

and in-domain translations (9.93, 57.59 of MLE and 10.81, 59.52 of MLELS on out-

of-domain and in-domain translations respectively). We deduce that the enhancement

of generalisation ability derived from label smoothing would not only improve the

model’s translation of in-domain data but also benefit model’s domain robustness and

thereby improve model’s performance on out-of-domain translations. Moreover, as the

baseline model for the subsequent MRT fine-tune, MLELS seems to provide a good

starting point than MLE which would give the model a greater improvement of out-

of-domain translations after fine-tuning (0.36 increase initialised with MLE and 1.02

increase initialised with MLELS).

Secondly, compared with previous works, our baseline (MLELS) outperforms their

baseline of RNN on out-of-domain translations by 2.13, which would result from the

benefit of Transformer architecture. After fine-tuning, our model further improves by

1.02. The growth is lower than their growth of 1.76, but our best model outperforms

SMT by 0.03. Although the in-domain translation degrades slightly after fine-tuning

(from 59.52 to 58.68), due to the strong baseline, it is still higher than their proposed
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model and SMT. Through further observation, we find that although our method out-

performs SMT in total, for those domains that original have lousy performance (e.g.

koran and subtitles) our method does not bring significant improvement and underper-

forms SMT. On the contrary, for domains that are relatively close to the training domain

(e.g. law and it), our method brings more significant improvement and achieves the

best performance in all systems.

in-domain out-of-domain

Systems medical it koran law subtitles average

Nematus RNN (baseline) [19] 57.15 13.47 1.11 18.20 1.93 8.68

Reconstruction [19] 58.42 17.50 1.04 20.37 2.85 10.44(+1.76)

Moses PBSMT [19] 58.4 21.4 1.4 19.8 4.7 11.8

our Baseline (MLE) 57.59 17.84 0.80 18.63 2.44 9.93

our MRT init with MLE 58.13 18.42 0.86 19.29 2.58 10.29(+0.36)

our Baseline (MLELS) 59.52 19.13 1.03 20.06 3.00 10.81

our MRT init with MLELS 58.68 21.75 1.34 20.72 3.49 11.83(+1.02)

(+2.62) (+0.31) (+0.66) (+0.49)

Table 4.2: Evaluation results on domain-specific dataset German-English detokenized

and detruecased test set. The numbers in the bracket denote the amount of increase

compared with their corresponding baselines.

From the above results, we may conclude that MRT fine-tune is effective to im-

prove the model’s domain robustness (especially in some domains that are close to

the training domain). Label smoothing not only benefits the out-of-domain translation

but also provides a good initialisation model to be fine-tuned with MRT to improve

the model’s domain robustness furthermore. Therefore, using MLELS to pretrain and

MRT to fine-tune the model would be a relatively better strategy to improve domain

robustness. Although MRT fine-tuning will degrade the in-domain translation, it is

useful in some situations. For examples, a large amount of available training data

belongs to the domain (such as biography) that will not be involved in practical use.

Then, MRT fine-tuning would be a good choice to improve the model’s performance

on translations of other domains that would be met in practical use.
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4.2.3 Extra experiments on domain-specific dataset

The results above demonstrate the effectiveness of MRT on improving domain robust-

ness of NMT model. If the reason of the improvement partially or entirely derives from

our hypothesis (exposure bias), we speculate that MRT would mitigate exposure bias

and somehow make model fewer trusts on the partial translations or assign more atten-

tion on source sentence. Therefore, we think that if the MRT fine-tuning is conducted

on the dataset from another domain (such as koran) instead of medical, whether MRT

fine-tuning would exhibit more improvement. Because the style of koran data is farther

away from the medical data exposed in MLE, the partial translations are rarely simi-

lar with translations usually exposed during MLE. Therefore, the model would learn

to assign more attention to source sentence rather than partial translation and thereby

would have a stronger ability to revise exposure bias and improve domain robustness.

Therefore, we execute the experiments, in which two baselines are used to imple-

ment reasonable comparison. One baseline is that the model is trained with MLELS

(in this experiments we only use MLELS training objective to execute pretraining) on

the training set that concatenates the training set from medical and koran domains. The

second baseline is pretrained with MLELS on medical training set and fine-tuned also

with MLELS on koran training set. The only difference between the MRT model and

the second baseline is that the MRT model is fine-tuned with MRT instead of MLELS.

To maximise the performance, we re-preprocess the dataset in which the training set is

the concatenation of the training set from medical and koran domain.

We again evaluate the test set of it, law, subtitles per 20 iterations and compute their

average BLEU value in Figure 4.2. The figure helps us determine the general tendency

of the performance rather than early stopping. From the graph, we can see that the

out-of-domain performance increase gradually and exceed the first baseline after 200

iterations with MRT. The second baseline decreases directly after fine-tuning on koran

data. This indicates that the improvement of domain robustness through MRT fine-

tuning depends on characters of sentence-level training objective itself, rather than the

training paradigm. Although MRT does not tend to flatten like in Figure 4.1, we still

only train it for 2000 iterations (for comparison with experiments in Section 4.2.2) and

report the results due to the time limit.

The specific results are shown in Table 4.3. ‘pre-Baseline2’ represents the Base-

line2 after pretraining on medical set. Compared with Baseline1, the MRT improves

the average BLEU by 1, while the average BLEU is improved by 1.02 with MRT fine-
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Figure 4.2: The extra experiments in which Baseline1 is trained with MLELS on medical

and koran. Baseline2 is pretrained on medical and fine-tuned on koran data both with

MLELS. MRT is pretrained with MLELS on medical data and fine-tuned with MRT on

koran data. The average BLEU score of three out-of-domain test sets(it, law, subtitles)

are computed and reported in the graph with the increase of the iterations (evaluate per

20 iterations).

in-domain out-of-domain

Systems medical it koran law subtitles three average

Baseline1 (medical+koran) 59.19 20.46 4.07 20.00 3.96 14.81

pre-Baseline2 (medical) 58.94 20.76 1.02 20.18 2.82 14.59

MRT init with pre-Baseline2 59.12 22.25 1.68 21.38 3.81 15.81

Table 4.3: Experiments results in which assuming training sets from two domains are

available. Baseline1 is trained with MLE on both datasets. The comparison model is

pretrained with MLE on medical (pre-Baseline2) and fine-tuned with MRT on koran.

tuning on medical dataset in Section 4.2.2. The results show that MRT fine-tuning

using training data from another domain does not show considerably better ability to

improve domain robustness. Although the performance would continue to increase if

we continue to fine-tune the model, at least this strategy does not provide an efficient

(fast and good) way to improve domain robustness.
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Analysis

Although the results of domain robustness experiments show the effectiveness of our

proposed method, it is still not clear whether the reason behind the improvement is

consistent with our hypothesis. Therefore, we aim to analyse this quantitative and

qualitatively in this chapter by conducting a series of auxiliary experiments.

Figure 5.1 is the logic chain of our hypothesis. Therefore, the first section inves-

tigates the hypothesis 1 (‘hyp1’) that the improvement of domain robustness results

from the alleviation of hallucination, and the second aims to explore the hypothesis 2

(‘hyp2’) that the alleviation of exposure bias leads to the alleviation of hallucination.

We think the fact that MRT fine-tuning would alleviate exposure bias is the inherent

character of MRT and therefore we treat it as an objective fact rather than our hypothe-

sis. Furthermore, according to the analysis results of the second section, we speculate

that exposure bias would relate to ‘beam size contradiction’ problem. Therefore, we

conduct experiments to verify our speculation in Section 5.3.

MRT
alleviate alleviate improve

Exposure bias Hallucination Domain robustness
hyp1 hyp2

Figure 5.1: Logic chain of our study in which we deduce that MRT fine-tuning would

improve the domain robustness according to two hypotheses.

5.1 Hallucination analysis

To verify our hypothesis, we manually evaluate the proportion of hallucination trans-

lations of baseline and fine-tuning models on the out-of-domain test sets. We evalu-

24
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ate both MLE and MLELS baseline and their corresponding 2000-updates MRT fine-

tuning models (four systems the same as reported in Table 4.2). The proportions of

hallucinations on in-domain test sets of two baseline models are also evaluated to con-

firm the phenomenon found in the previous study [19].

We approximately evaluate the proportion by evaluating 100 sampled sentences

from the corresponding test sets. Firstly, we randomly sample 100 sentences from the

four out-of-domain test sets and 100 sentences from medical in-domain test set sep-

arately. To avoid bias, we mix the translations of 100 out-of-domain sentences from

four systems and 100 in-domain sentences from two baselines into one file so that

we do not know each translation belongs to which systems and from which domains.

Then we annotate these 600 sentences as hallucination translation or not. Note here we

strictly obey the definition of hallucination in our hypothesis to implement the annota-

tion, which is the translation that (1) the content is totally different from reference; (2)

but fluent and grammatical correct. We take a hallucination translation of our model

as an example. The reference is: ‘It’s really good. Really good.’, but model’s transla-

tion is: ‘Immune system disorders.’. Finally, we restore the annotated translations to

the corresponding models and domains according to the information of the belonging

of the translations stored in another file and compute the proportion of hallucinations

for each system on out-of-domain and in-domain sentences. The results are shown in

Table 5.1

Systems Out-of-domain PROP (BLEU) In-domain PROP (BLEU)

Baseline (MLE) 33% (9.93) 2% (57.59)

MRT init with MLE 29% (10.29) -

Baseline (MLELS) 30% (10.81) 1% (59.52)

MRT init with MLELS 24% (11.83) -

Table 5.1: Manually evaluated proportion of hallucinations and automatic evaluated

BLUE score on the four out-of-domain test sets and in-domain test set of four systems.

By Comparing the hallucinations proportion of out-of-domain to in-domain trans-

lations of the same system, we find that the phenomenon (found in previous study [19])

that hallucinations occur more frequently in out-of-domain translations than in in-

domain translations is consistent with our results. Considering that the proportions

of hallucinations are quite low in baselines, we believe that the phenomenon (more

hallucinations in out-of-domain than in-domain translations) would be consistent af-
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ter fine-tuning. Hence we do not evaluate the in-domain hallucination proportion of

fine-tuned models. Next, let us focus on out-of-domain translations. By comparing

the baselines with the fine-tuning models, we observe that the proportion of halluci-

nation reduces with the MRT fine-tuning. Consistent with the improvement of BLEU

score on out-of-domain translations, the MRT fine-tuning based on MLELS baseline

also leads to more reduction of hallucinations than the fine-tuning based on MLE (de-

creasing by 20% based on MLELS and 12.1% based on MLE). Therefore, the results

would indicate that the improvement of domain robustness partially derives from the

reduction of hallucinations. Moreover, we observe that although the BLEU score of

MLELS baseline is higher than MRT initialised with MLE baseline, its proportion of

hallucinations is not lower. We deduce that the label smoothing would probably not

improve the out-of-domain translations by reducing hallucinations, but through other

perspectives which would be interested in investigating in the future.

[Reference] She found all of us.

[baseline] If their symptoms are the same as yours.

[MRT] It has not been all found.

[Reference] By no means! for it would be the Fire of Hell!

[baseline] General CLASSIFICATION FOR SUPPLY.

[MRT] 16! Is a flammole.

Table 5.2: Case study of some typical change after MRT fine-tuning on out-of-domain

translations.

We excerpt some typical change of hallucination translations after fine-tuning in

Table 5.2. We can see that although the model still fails to translate the correct content

after fine-tuning, its translations are closer to the content of reference than baseline,

such as predicate ‘found’ is correctly expressed in the first group and object ‘fire’ is

expressed with a close word ‘flammole’ in the second group.

5.2 Uncertainty analysis

Above experiments support the hypothesis that the increase of BLEU score in out-of-

domain translations is correlated with the alleviation of the hallucination. Next, we

aim to explore whether the alleviation of hallucinations is related to the alleviation of
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exposure bias.

As we discussed in Section 2.2, the model with exposure bias would potentially as-

sign too much trust on partial history and hence be misled by the partial history. This

results in the fact that translations that often exposed during training would finally be

predicted by the model since the probability assigned to these translations would in-

crease faster and faster due to the effect of error propagation. The ‘often exposed’

translations are equivalent to in-domain sentences in our domain robustness experi-

ments. Hence if the model translates these sentences during out-of-domain translation,

these translations are exactly the hallucination translations. Therefore, if MRT fine-

tuning as we speculated alleviates hallucination, we should observe that with the fine-

tuning going on, the probability assigned to hallucination translations would reduce at

each time step. Accordingly, the possibility to generate hallucination decreases and

thus, the out-of-domain translations improved.

Inspired by this study [22], in the experiments, we use four German-English par-

allel datasets. The first two datasets are from the domain-specific dataset which are:

(1) medical test sets; (2) the collection of four out-of-domain test sets. Let us name

them MEDICAL TRUE and OUT-OF-DOMAIN TRUE separately. Above two datasets

are then reassembled to produce the rest two datasets by: (1) keeping the source

sentences of two datasets constant; (2) replacing each target sentence to a randomly

sampled target sentence from medical test set (the sampled ‘fake’ target sentence is

constrained to have the same length as the sentence that is replaced). Let us name

them MEDICAL FAKE and OUT-OF-DOMAIN FAKE separately. Given a sentence pair

X = x1,x2, ...,xTx and Y = y1,y2, ...,yTy , we record the probabilities that the model as-

signs to the output token at each time step given the source sentence X , which are

P(y1, |X ;θ),P(y2, |X ,y<2;θ), ...,P(yTy, |X ,y<Tyθ) in Equation 2.1. Then we compute

the average per-token probability of each time step over all of the sentences of each

four datasets described above and draw the results in the line chart.

We use resulting baselines and its corresponding MRT fine-tuning models in Sec-

tion 4.2.2 to execute the following experiments. We first conduct the experiments on

a group of fine-tuning models that are based on the MLELS baseline. In Figure 5.2,

the results of these models performing on two datasets, OUT-OF-DOMAIN FAKE and

OUT-OF-DOMAIN TRUE, are drawn in two subplots. These two subplots share the

same y-axis and legends. Each line represents the per-token probability with the in-

crease of time steps of the corresponding model. The numbers in the legends denote

the number of iterations of MRT fine-tuning. The numbers in the bracket represent the
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difference of the out-of-domain translation BLEU compared with the previous model

(fewer iterations) in the line chart.
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Figure 5.2: Per-token probability with the increase of time step on out-of-domain true

and fake target sentences given the correct source sentences. The models include

MLELS baseline and its MRT fine-tuning models. The numbers in the legend denote the

updates number of fine-tuning and the numbers in the bracket denote the corresponding

average BLEU increase on out-of-domain test sets compared with the previous model

in the graph.

Because label smoothing would suppress the certainty of the model (principle,

please refer to Section 2.1.3), the baseline keeps assigning low probability even for the

ground-truth sentence (left subplot blue line). After MRT fine-tuning, without limit

of label smoothing the model starts to increase its certainty with the increase of time

steps on both OUT-OF-DOMAIN FAKE and OUT-OF-DOMAIN TRUE datasets until 500

updates. However, after 500 updates, the model shows the difference between ‘fake’

and ‘true’ target sentences. For ‘fake’ target sentences, the model starts to reduce the

assigned probability (see lines from green, red, purple to brown lines in the right sub-

plot), whereas for ‘true’ target sentences, the model continues to increase the assigned
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certainty and tends to flatten after 2000 updates.

If we analyse after 500 updates, we find that the phenomenon would be consistent

with our hypothesis. For ‘fake’ target sentences (right subplot), all of the models as-

sign a very low probability to the first token. However, after feeding serval tokens, the

model is misled by the partial translation as we speculated in the hypothesis and starts

to increase the certainty assigned to the next tokens. The more fine-tuning the model

conducts, the more alleviation of exposure bias and hence the model would not be

misled easily as before and thereby reduce the probability assigned to the next tokens

of the ‘fake’ sentences. Moreover, after drawing the per-token-probability lines of the

same model performing on two datasets (lines of same colour in Figure 5.2) in the

same graph, we find that the gap between the lines of ‘true’ and ‘fake’ target sentences

becomes larger and larger with the MRT fine-tuning going on (‘true’ exceeds ‘fake’

gradually). Concrete plots are in Appendix B (Figure B.1). Therefore, the increase

of clearance between ‘true’ and ‘fake’ per-token-probability lines would potentially

decrease the possibility for the model to generate a hallucination translation and ac-

cordingly improve the domain robustness. Therefore, the experiment results support

our hypothesis between exposure bias and hallucination and we can at least deduce

that the 0.53 increase of BLEU score from 500 updates to 3000 updates is correlated

with the alleviation of exposure bias.

As for the reason of the rise from the baseline to the 500 fine-tuning models, we

would not give a precise answer because this period of change is a little complicated.

We speculate that it would partially derive from the effect of exposure bias since we

observe that the interval between ‘true’ and ‘fake’ sentences has slightly increased from

baseline to 500 updates. It might also result from the increase of the initial probability

assigned to the ‘true’ target sentences, as shown in the left subplot of Figure 5.2 (from

blue, orange to green lines). On the condition that the probability assigned to the first

token to the ‘fake’ sentences does not change (shown in right subplot of Figure 5.2),

the increase of probability assigned to the first token in ‘true’ sentence would decrease

the possibility that the hallucinations become candidate translations in beam search.

Therefore, the translated hallucinations reduce and out-of-domain translation quality

increases.

Figure 5.3 shows the results of the same group of models on the MEDICAL FAKE

and MEDICAL TRUE datasets. By comparing with per-token-probability lines on two

out-of-domain datasets, we would deduce the explanations of two phenomenons.

Firstly, hallucination occurs more frequently in out-of-domain translations than in
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Figure 5.3: Per-token probability with the increase of time step on medical true and

fake target sentences given the correct source sentences. The models include MLELS

baseline and its MRT fine-tuning models.

in-domain translations. From the graph we can see that for all of the models the initial

probability assigned to the ‘true’ sentences are much larger than the ‘fake’ counterpart

(around 0.7 to true and 0.05 to fake) compared with out-of-domain datasets (around

0.25 to true and 0.05 to fake in Figure 5.2). Furthermore, after plotting per-token-

probability line of the same model in the same graph, we find that for all of the mod-

els from baseline to 3000 updates, the possibilities of the ‘true’ sentences are always

higher than ‘fake’ counterpart at every time step (graphs in Appendix B, Figure B.2).

Therefore, the possibility to generate hallucinations would be greatly reduced com-

pared with the out-of-domain condition (in which not only the probability assigned to

the first token between ‘fake’ and ‘true’ target sentences is closer but also for mod-

els before 500 updates the per-token-probability lines on ‘fake’ dataset would exceed

‘true’ dataset). Hence, hallucinations appear much fewer in in-domain than out-of-

domain translations (confirmed by the results of the manual evaluation in Table 5.1).

However, fewer hallucinations would not mean exposure bias eliminated (probability
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assigned by the model to hallucinations still increases in Figure 5.2 (error propaga-

tion)), but the problem caused by exposure bias would be hidden by limited beam size

of the beam search algorithm. The reason would be that the initial probabilities of the

hallucinations are much lower than the correct translations. Therefore hallucinations

would have a minuscule probability to be selected in the beam search with limited

beam width as the candidates at the first few tokens. Accordingly, error propagation

would be avoided, and hallucinations would reduce considerably.

The reasons described above can also explain the other phenomenon, which is why

the in-domain translation does not improve after fine-tuning. From the figure, we can

see that the MRT fine-tuning does the same function as in out-of-domain translation

from the perspective of uncertainty. The probability lines from updates 500 to 3000 are

suppressed as in out-of-domain figure (Figure 5.2). However, due to the high probabil-

ity assigned to the reference translations, a large number of hallucinations is hidden by

limited beam size or eliminated by the model. Therefore, the benefit derived from the

alleviation of exposure bias would not be shown significantly. Accordingly, the overall

statistical result (BLEU) would not increase but decrease because of some unknown

reasons.

Next, we experiment on the MLE baseline and its corresponding MRT fine-tuning

models. Figure 5.4 shows the results on two out-of-domain datasets. We enlarge the

final region of each line because the difference between each line is too narrow. We ob-

serve that MRT fine-tuning based on MLE baseline would not suppress the probability

assigned to ‘fake’ translation and improve domain robustness continuously as MLELS-

based fine-tuning. It starts to degrade out-of-domain translation (reflected from BLEU

score) and re-increase ‘fake’-probability after 1000 updates. After drawing lines of

the same model in the same graph, we observe that the gap between ‘true’ and ‘fake’

lines does not change too much with the MRT fine-tuning (plots also in Appendix B,

Figure B.3).

Compared with fine-tuning based on MLELS, the fine-tuning based on MLE ex-

hibits a smaller change of probability assigned to ‘fake’ translation and less improve-

ment on out-of-domain translation than MLELS counterpart. We analyse the reason

would be that the relatively high uncertainty provided by MLELS baseline (like shown

in Figure 5.2 bleu line) would make the sampled candidate translations (subspace

U(X (n)) in Equation 3.2) have higher diversity than candidate translations sampled

with MLE baseline. As analysed by Choshen et al. [6], the limitation of the diver-

sity of the sample space would degrade the effect of RL-like training (MRT belongs
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Figure 5.4: Per-token probability with the increase of time step on out-of-domain true

and fake target sentences given the correct source sentences. The models include

MLE baseline and its MRT fine-tuning models.

to it). Therefore, MLELS baseline would be more beneficial to the subsequent MRT

fine-tuning, and thereby the resulting model would assign more uncertainty to ‘fake’

translations and hence breed more improvement of domain robustness.

Above experiments provide the evidence for the correlation between exposure bias

and hallucinations on out-of-domain translations. Moreover, we theoretically deduce

the explanation of the phenomenon that hallucinations occur more in out-of-domain

than in in-domain translations based on the analysis results. We speculate that the

problem caused by exposure bias still exists in in-domain translation, but is more likely

to be hidden during in-domain translation than out-of-domain translation.

5.3 Beam size analysis

As described in Section 2.1.2, beam search is an efficient search algorithm to approx-

imately search translation Ŷ with the maximum probability given the source sentence X
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by exploring a subset of the space of possible translations (Ŷ
beam search
≈ argmax

Y
P(Y |X)).

Therefore, increasing the beam size (beam width) allows us to explore a larger set of

space of possible translations and hence find the translation with a higher model score.

However, Koehn and Knowles [15] pointed out that increasing beam size does not con-

sistently improve translation quality. With the increase of the beam size, the translation

quality generally increases first and then decreases with the increase of the beam size

after reaching the optimal beam size.

The reasons that lead to this problem would be various. According to the exper-

iments results from uncertainty analysis in Section 5.2, we speculate that one of the

reasons that result in this phenomenon on out-of-domain translations would be expo-

sure bias. Our hypothesis is as follow. Firstly, in the case of small beam size, because

the probability of ”fake” (hallucination) translation is very low in the first few time

steps, these ”fake” translations would be eliminated from the candidate translations of

beam search. Under this situation, the positive effect 1 derived from the increase of

search space of beam search would be dominant, and thereby, the translation quality

would increase with the increase of beam size. Then if we continuously increase the

size of beam search, the possibility, that the ‘fake’ translations would be kept in the

candidate translations until the cumulative probability exceed the ‘true’ translations,

would increase. Therefore, the larger the beam size is, the more ‘fake’ translations

would be generated. When this negative effect exceeds the positive effect derived from

the increase of beam size, the overall translation quality will decrease, presented as

the decrease of BLEU score. Therefore, with the MRT fine-tuning and the alleviation

of exposure bias, the probability assigned to the ‘fake’ translations will decrease, then

under the same beam size, the possibility of generating ‘fake’ translation by the model

would reduce and thereby the problem would be mitigated. The model’s optimal beam

size would be potentially improved.

To verify our speculation, we experiment on both MLE and MLELS baseline and

their MRT fine-tuning after 1000 and 3000 updates respectively (because the fine-

tuning models at these updates perform better than 2000 updates as shown in uncer-

tainty analysis experiments in Section 5.2). The models are evaluated with the beam

size of 1, 4, 12, 20, 30, 50 separately on the out-of-domain test set. The average BLEU

is reported in Figure 5.5

We observe that for all of the models, the performance would increase when the

1positive effect refers to that with the increase of beam size, beam search algorithm finds the better
translation with a higher model score.
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Figure 5.5: Translation quality with varying beam size (including 1, 4, 12, 20, 30, 50)

on out-of-domain test sets. The models involve baseline models trained with MLE and

MLELS and their corresponding MRT-fine tuning after 1000 and 3000 updates sepa-

rately.

beam size is less than 4. However, after the beam size of 4, different models show

various tendencies. By comparing MLELS and its fine-tuning, we find that the model

after fine-tuning (red line) increases its optimal beam size from 20 of the baseline

(green line) to 50, which is consistent with our hypothesis. Similarly, the optimal beam

size is also extended after fine-tuning based on the MLE baseline (blue and orange

lines). Moreover, compared MLE and MLELS, we find that the model trained with

label smoothing also show a positive effect on increasing optimal beam size. From the

results above, we may conclude that exposure bias would be one of the reasons that

lead to this ‘beam size contradiction’ on out-of-domain translations. After MRT fine-

tuning, with the alleviation of exposure bias, the model’s optimal beam size would be

extended and thus further improving the translation quality of the model.



Chapter 6

Conclusions

6.1 Summary

The objective of the project is to investigate the effect of the training objective of Mini-

mum Risk Training on the domain robustness of Neural Machine Translation systems.

More specifically, whether the MRT training objective would improve the performance

on out-of-domain translations of NMT systems. Our claim is that the inherent problem

of Maximum Likelihood Estimation training objective, exposure bias, would result in

the hallucination translation on out-of-domain translations and thereby deteriorate the

translation quality of the NMT system on out-of-domain translation. We believe that

after fine-tuning with MRT training objective, exposure bias of the NMT model would

be alleviated and thereby improve the domain robustness of the NMT systems.

To verify our hypothesis, we compare the performance of out-of-domain transla-

tions of the NMT model that is trained with MLE training objective with the model is

fine-tuned with the MRT training objective. To compare the effect of label smoothing

on domain robustness, we also include the model that is trained using MLE with label

smoothing training objective as the baseline. The results of the experiment indicate that

the MRT is effective to improve the domain robustness of the NMT systems. The MRT

fine-tuning based on the MLELS baseline shows greater improvement than MLE base-

line on out-of-domain translations and also achieves the state-of-the-art. Moreover,

the results also show that the label smoothing technique benefits not only in-domain

translations but also out-of-domain translations.

Our quantitative and qualitative analyses confirm that the reason behind the im-

provement of domain robustness after MRT fine-tuning is consistent with our hypothe-

sis. Firstly, by manual evaluation of translations generated by baselines and fine-tuning

35
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models on out-of-domain test sets, we find that with the MRT fine-tuning, the propor-

tion of the hallucinations decreases and accordingly BLEU score on out-of-domain

translation increases. Therefore, the first analysis demonstrated the correlation be-

tween hallucinations and domain robustness. Secondly, by comparing per-token prob-

ability assigned to the reference translations and hallucination translations, we find

that with MRT fine-tuning, the probability assigned to the second half tokens of hal-

lucinations would be decreased. The experiment phenomenon is consistent with our

theoretical deduction about why exposure bias would lead to hallucinations. Hence

the second analysis supports the hypothesis of the correlation between exposure bias

and hallucinations. Therefore, by the combination of the above two analyses, we may

conclude that the partial reason that leads to the improvement of the domain robustness

after MRT fine-tuning is consistent with our hypothesis.

Moreover, according to the experiments results of the uncertainty analysis, we

firstly theoretically speculate the reason why hallucinations occur more frequently in

out-of-domain translations than the in-domain counterpart. We hypothesise that be-

cause the probability assigned by the model to in-domain reference translation is much

higher than out-of-domain reference translation, most of the hallucination of in-domain

translations would be hidden by limited beam size or eliminated by the model. There-

fore, hallucinations appear fewer in in-domain translation. Secondly, we theoretically

deduce that the phenomenon that the increase of beam size would degrade the trans-

lation quality would partially result from exposure bias. Then the subsequent experi-

ments confirm for our speculation. We find that after the alleviation of exposure bias

by MRT fine-tuning, the ‘beam size contradiction’ phenomenon would be mitigated,

and the optimal beam size would be extended.

Despite these positive results, there still exist some problems needed to be solved.

Firstly, as the results shown in Table 4.2, unlike SMT, the MRT fine-tuning is more ef-

fective in improving the translation quality of those relatively good domains in baseline

model but less improvement of those domains that perform relatively bad in the base-

line model. Next, the uncertainty analyses of NMT model still need more explorations

and more in-depth, systematical analyses.

6.2 Future work

As shown in uncertainty analysis, the per-token probability assigned to hallucinations

is still too high even after MRT fine-tuning. The phenomenon of the experiments



Chapter 6. Conclusions 37

would indicate that NMT systems are still poor at distinguishing between correct and

incorrect partial translations so that the model could not give the incorrect translations

punishment. We think the reason would mainly derive from the current token-level

training paradigm. Although sentence-level training paradigm like MRT would avoid

this problem, its low training speed and unstable character make us have to fine-tune

the model that is pre-trained on the token-level training objective. However, our ex-

periments showed that MRT fine-tuning could only alleviate exposure bias rather than

resolve it completely. Although this problem would not affect translation quality too

much in in-domain translation, under out-of-domain translation, the problem would

be easier exposed and breed greater impact on translation quality as we analysed in

Section 5.2. Therefore, we need to explore some other methods to mitigate exposure

bias further.

Furthermore, we deduce that another inherent problem of typical NMT systems,

label bias [4], would also lead to hallucinations and deteriorate domain robustness of

the model. The label bias means that the NMT model can only normalise the output

at the token-level (at each time step) rather than at the sentence-level. Therefore, the

current local normalised model would limit the NMT system to revise its previous

decisions according to future inputs. Therefore, the model is more susceptible to error

propagation and thus more likely to produce hallucinations. Goyal et al. [11] proposed

a way to avoid label bias by implementing global normalisation in NMT architecture.

Therefore, it would be a valuable direction in the future to investigate the effect of label

bias on domain robustness of NMT systems based on their proposed method.
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Appendix A

Hyperparameters

10 for MLE and MRT training objectives; 0.1 of MLELS training objective.
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General dataset Domain-specific dataset

General hyperparameters

embedding layer size 512

hidden state size 512

tie encoder decoder embeddings yes

tie decoder embeddings yes

loss function per-token-cross-entropy(MRT)

label smoothing1 - -

optimizer adam

learning schedule transformer(constant)

warmup steps 4000 6000

gradient clipping threshold 1 0

maximum sequence length 100

token batch size 4096

beam size(during validation) 5 4

beam size(during testing) 12

length normalization alpha 0.6 1

encoder depth 6

decoder depth 6

feed forward num hidden 1024 2048

number of attention heads 4 8

embedding dropout 0.3 0.1

residual dropout 0.3 0.1

relu dropout 0.3 0.1

attention weights dropout 0.3 0.1

beam search sampling randomly sampling

MRT-revelant hyperparameters

learning rate 0.00003 0.00001

batch size 8192 (tokens) 10 (sentences)

sharpness alpha 0.005 0.005

Table A.1: Configurations of NMT systems used to pre-train and fine-tune over two

datasets. Note in general hyperparameters, the items in brackets denote the options

that will be used in MRT fine-tuning.



Appendix B

Plots of uncertainty analysis

Figure B.1: Per-token probability with the increase of time step on out-of-domain true

and fake target sentences given the correct source sentences. The models involve

MLELS baseline and its MRT fine-tuning models.

45



Appendix B. Plots of uncertainty analysis 46

Figure B.2: Per-token probability with the increase of time step on medial true and

fake target sentences given the correct source sentences. The models involve MLELS

baseline and its MRT fine-tuning models.
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Figure B.3: Per-token probability with the increase of time step on out-of-domain true

and fake target sentences given the correct source sentences. The models involve MLE

baseline and its MRT fine-tuning models.
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