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As one of the oldest applications of natural language processing, machine translation (MT)

has a growing impact on human lives both as an end application and as a key component of

cross-lingual information processing such as cross-lingual information retrieval and dialogue

generation. Although neural machine translation (NMT) models achieve impressive performance

on some language pairs, they are trained on large amounts of human translations. In addition,

they are notorious for generating fluent outputs that do not faithfully reflect the meaning of the

source sentence, and they make it difficult for users to control the outputs. To address these

issues, this thesis contributes techniques to build more sample-efficient and controllable NMT

models by incorporating stronger inductive biases that help correct undesirable biases, integrate

prior knowledge, and introduce flexible ways to control the outputs in NMT.

In our first line of research, we show that current NMT models are susceptible to undesirable

biases that hinder sample-efficient training and lead to unfaithful translations. We further provide

evidence that we can mitigate these undesirable biases by integrating stronger inductive biases



through training algorithms. We start by introducing a new training objective to address the

exposure bias problem – a common problem in sequence generation models that typically causes

accumulated errors along the generated sequence at inference time, especially when the training

data is limited. Next, we turn to a well-known but less studied problem in MT – the hallucination

problem – translation outputs that are unrelated to the source text. To find spurious biases that

cause hallucination errors, we first identify model symptoms that are indicative of hallucinations

at inference time. And then, we show how these symptoms connect to the spurious biases at

training time, where the model learns to predict the ground-truth translation while ignoring a large

part of the source sentence. These findings provide a future path toward mitigating hallucinations

by addressing these spurious biases.

In our second line of research, we study how to integrate stronger inductive biases in NMT

for effective integration of the language priors estimated from unsupervised data. We introduce a

novel semi-supervised learning objective with a theoretical guarantee on its global optimum and

show that it can be effectively approximated and leads to improved performance in practice.

Finally, we study inductive biases in the form of NMT model architectures to allow end

users to control the model outputs more easily. Controlling the outputs of standard NMT models

is difficult with high computational cost at training or inference time. We develop an edit-

based NMT model with novel edit operations that can incorporate users’ lexical constraints with

low computational cost at both training and inference time. To allow users to provide lexical

constraints in more flexible morphological forms, we further introduce a modular framework for

inflecting and integrating lexical constraints in NMT.
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Chapter 1: Introduction

Machine translation (MT) is the task of translating text from one language to another using

computational methods. It is one of the oldest applications of natural language processing and

has a growing impact on human lives. Through online MT services such as Google Translate (Wu

et al., 2016), it allows users to communicate across language barriers and acquire knowledge

conveyed in different languages. MT is used not only as an end application, for instance to

translate an English web page into Chinese, but also as a component of other language technology

applications to find documents relevant to a query even when they are written in different

languages (Oard, 1998; Oard et al., 2019) and to summarize documents written in multiple

languages (Nguyen and Daumé III, 2019; Ouyang et al., 2019). As the current defacto standard

in MT, neural machine translation (NMT) models the translation process using a single neural

network trained on pairs of source and ground-truth translation sentences. NMT has achieved

outstanding performance and outperformed other types of MT models on many resource-rich

language pairs such as English-French and English-Chinese (Hassan et al., 2018; Wu et al., 2016).

However, to make MT accessible and useful for all, we need to build MT models with reasonable

translation quality not only for a small number of languages with rich resources, but for languages

with limited data and human resources as well. In addition, MT models should be able to generate

translations controlled by the source sentence and users’ preferences. Unfortunately, current NMT

1



models still struggle to meet these criterion. First, NMT models are typically data hungry – they

rely on large amounts of supervised training data to achieve reasonable performance. This is

unsatisfactory since most world languages are low-resource languages with very limited data and

human resources. Second, the end-to-end nature of NMT has made it difficult to control, and

NMT models are notorious for generating fluent but unfaithful translations. This type of error can

lead to significant harm. For example, the mistaken translation of a social media post that meant

“Good morning” into “Attack them” by an MT service has led to the wrongful arrest of the post’s

author (Berger, 2017).

A fundamental cause of these problems in NMT is that NMT models have weak inductive

biases. Inductive biases are priori assumptions about which solutions are preferred (Mitchell,

1980). Before the advent of NMT, rule-based MT approaches incorporated inductive biases in

the form of human-crafted linguistic rules that guide the translation process (Forcada et al.,

2011; Mayor et al., 2011). Later on, statistical MT models were developed in which inductive

biases are integrated in the design of the feature functions and model components (e.g. phrasal

translation probabilities, alignment probabilities, target-side language models, etc.) used to

compute the conditional probability of a translation given a source sentence (Berger et al., 1994;

Brown et al., 1990; Koehn et al., 2003). In an attempt to train a single model in an end-to-end

fashion, however, NMT models the translation probabilities using a single neural network which

typically has weak inductive biases: they view translation as a probabilistic transformation from

a source sequence to a target sequence with little assumptions about the intermediate steps of

the translation process (Bahdanau et al., 2015; Sutskever et al., 2014). This facilitates effective

learning on huge amounts of supervised data, but also leads to overly expressive models that can

learn many different ways to map the source sentences into the target language, some of which
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are more desirable than the others. As a result, NMT models are extremely data hungry – they

need to be trained on large amounts of supervised data to learn a plausible mapping from the

source to the target language. It also makes it difficult for users to control how an NMT model

would translate a source sentence among all possible ways that it may learn from data.

Prior work has shown that combining the power of deep neural networks with prior

knowledge as inductive biases can mitigate spurious correlations in NMT models and improve

their translation quality. Such inductive biases can be semantic or syntactic knowledge extracted

from external resources. For instance, Campolungo et al. (2022) show that integrating word

sense annotations extracted from a multilingual knowledge base (Navigli and Ponzetto, 2012)

into NMT reduces the spurious biases in word sense disambiguation. Other works have also

incorporated syntactic information about the source and target languages as a type of inductive

bias in NMT, which helps the models handle the syntactic divergences between source and target

and leads to improved translation quality especially when supervised data is limited (Currey

and Heafield, 2019; Zhang et al., 2019; Zhou et al., 2019). However, for many low-resource

languages, collecting such linguistic resources can be very expensive or even infeasible. In this

dissertation, we focus instead on integrating inductive biases about the translation process itself

without requiring any manually annotated linguistic data.

1.1 Research Questions

In this dissertation, we ask the question: how can we incorporate stronger inductive biases

for more sample-efficient and controllable NMT? To make NMT more sample-efficient, we need

to properly guide the models in the large learning space and steer them away from the undesirable
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biases that may prohibit them from generalizing beyond the training samples (e.g. exposure bias

and spurious biases). To this end, we ask if we can introduce stronger inductive biases in the form

of supervised learning algorithms to mitigate these undesirable biases. Furthermore, as another

way to approach sample-efficient NMT, we research semi-supervised learning algorithms that

help models exploit unsupervised data, which is typically more abundant and less expensive to

collect than supervised data. Next, we explore ways to strengthen the inductive biases for more

controllable NMT. For this, we ask if stronger inductive biases can be introduced through more

flexible model architectures to incorporate users’ lexical preferences in the outputs more easily.

1.2 Roadmap

This dissertation is organized into eight chapters. We first discuss relevant background on

machine translation, interpretation methods of natural language processing models, and existing

methods to strengthen the inductive biases in text generation models in Chapter 2. Next,

we describe the details of our work in Chapter 3–7. Finally, we conclude in Chapter 8 by

summarizing our main contributions, discussing the limitations, and suggesting future directions

based on this work.

1.2.1 Stronger Inductive Biases for Mitigating Undesirable Biases

We first study how to integrate stronger inductive biases through supervised learning

algorithms to combat the undesirable biases in NMT models. We focus on the undesired biases

that hamper the models’ ability to generalize beyond the training samples and thus lead to low

sample efficiency and unfaithful translations. In Chapter 3 and 4, we identify the undesired
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biases that cause these issues and introduce methods to mitigate some of these undesirable biases

by strengthening the models’ inductive biases.

In Chapter 3, we study the exposure bias problem – a well-known undesirable bias that

hamper the models’ ability to generalize from training to inference (Bahdanau et al., 2015;

Sutskever et al., 2014). The problem is caused by a gap between training and inference: during

training the model is only exposed to the ground-truth prefixes, but has to rely on its predicted

prefixes at inference time. This typically causes accumulated errors along the generated sequence

at inference time, especially when the training corpus is small. We propose to mitigate exposure

bias by integrating stronger inductive biases through a novel learning algorithm that bridges the

gap between training and inference, while allowing the model to generate sentences with different

word orders than the ground-truth sequence. Experiments on three translation tasks show that our

learning algorithm alleviates the exposure bias problem and significantly improves translation

quality over existing methods. This work was previously published in Xu et al. (2019).

In Chapter 4, we change our focus to the spurious bias problems that lead to hallucinations

– an egregious type of error in NMT where the translation outputs are unrelated to the source

text. Hallucinations are potentially harmful but less studied in the field – it remains unclear in

what conditions they arise and how to mitigate them. We argue that a potential cause of the

hallucination problem is the spurious biases – prediction rules that work well for a subset of

the training samples but do not generalize to other samples. To trace hallucinations back to the

spurious biases, we first identify internal model symptoms of hallucinations at inference time.

Next, we show that these symptoms are reliable indicators of various types of hallucinations,

either those under source-side perturbations or the ones on natural inputs. Finally, we trace these

symptoms to the spurious biases at training time, where the model learns to predict the ground-

5



truth translation while ignoring a large part of the source sentence. These findings pave the road

for future studies to reduce hallucinations by introducing stronger inductive biases to combat

these spurious biases.

1.2.2 Stronger Inductive Biases for Integrating Language Priors

In low-resource scenarios where the amount of supervised data is limited, learning from

unsupervised monolingual data can reduce the models’ reliance on supervised data and thus

improve sample-efficiency. In Chapter 5, we investigate the inductive biases from semi-

supervised learning algorithms for effective integration of the language priors estimated from

monolingual data. Existing approaches to integrating prior language distributions into NMT

(e.g. Back-Translation (Sennrich et al., 2016b), Iterative Back-Translation (Zhang et al., 2018),

and Dual Learning (He et al., 2016)) are mostly based on heuristics. Little is known about

why they work or how they compare. To answer these questions, we introduce a theoretical

framework, namely Dual Reconstruction Objective (DRO), that unifies these approaches and

explains why they work. Specifically, we prove that DRO shares the same global optimum as the

ideal but intractable objective that maximizes the marginal likelihood of observed sequences from

monolingual data. Based on this framework, we provide theoretical and empirical comparisons

between existing approaches, which shed new lights on more effective integration of prior

language distributions in NMT. This work was previously published in Xu et al. (2020).
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1.2.3 Stronger Inductive Biases for Controllable NMT

In the final part of the research, we study inductive biases in the form of model architectures

toward controllable NMT. Current NMT models typically share the same inductive bias that a

translation sequence should be predicted token by token from left to right, which makes it difficult

for users to control the models’ outputs based on their knowledge and preferences. To address

this problem, we introduce new model architectures to better incorporate the users’ lexical or

phrasal preferences in models’ outputs in Chapter 6 and 7.

In Chapter 6, we introduce a more controllable model architecture to allow users to inject

knowledge and communicate their intentions to the model. Standard autoregressive NMT models

generate a sentence token-by-token from left to right, which makes it difficult for users to

control the generation process. By contrast, edit-based models that generate sequences through

explicit edit operations provide a more flexible paradigm for controllable generation. We develop

EDITOR, an edit-based transformer model with a novel reposition operation that can seamlessly

incorporate users’ lexical preferences with low computational cost at training and inference time.

Our evaluation on three machine translation benchmarks shows that EDITOR generates texts in

a more controllable way by incorporating users’ lexical preferences more effectively than the

state-of-the-art edit-based NMT model, and the generation process is more efficient compared to

autoregressive models. This work previously appeared in Xu and Carpuat (2021a).

In Chapter 7, we further extend this approach to incorporate users’ preferences or

constraints in more flexible morphological forms by introducing a modular framework for

inflecting and incorporating constraint terms in NMT. Previously, we were focusing on

incorporating constraint terms in the exact forms as given. However, in real-world application
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scenarios, it is difficult for users to infer the exact morphological forms of the constraints without

looking at the final translation. Thus, we propose a modular framework that takes constraint

terms in dictionary forms, inflects them based on the sentence-level context, and incorporates

them in the final translation. Based on this framework, we show the complementary capabilities

of neural and rule-based models, which are typically difficult to integrate together. We achieve

the best results by using a rule-based module to derive the inflection forms of constraints based

on known linguistic rules and powerful neural models to integrate the inflected constraints into

the final translations. This work was previously published in Xu and Carpuat (2021c).

1.3 Contributions

This dissertation makes the following contributions:

• We address the exposure bias in NMT by introducing a supervised learning algorithm that

trains NMT models to predict the next token based on their previous predictions, while

allowing for word order differences between the models’ outputs and the ground-truth

translations (Chapter 3).

• We discover the spurious biases that are related to the hallucination phenomenon in NMT

by first identifying the model symptoms that are reliable indicators of hallucinations under

various conditions and then connecting the symptoms to the spurious biases learned at

training time (Chapter 4).

• We contribute a better understanding of the inductive biases embedded in existing semi-

supervised learning algorithms by introducing a theoretical framework with a guarantee

on its global optimum to unify and compare existing algorithms. The theory justifies
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the use of a simple learning algorithm instead of the more complex one, which is

supported by a systematic empirical comparison of these learning algorithms in three data

settings (Chapter 5).

• We introduce EDITOR, a novel edit-based transformer model based on insertion and

reposition operations with strong inductive biases to support controllable MT with lexical

constraints. EDITOR exploits lexical constraints more effectively than the state-of-the-art

edit-based model and more efficiently than the traditional autoregressive model (Chapter 6).

• We further design a modular framework to allow users to control the NMT outputs

more flexibly by providing lemma-form constraints without inflections. This framework

is applicable to diverse types of NMT architectures and inflection modules, including

neural-based and rule-based ones, and facilitates fast adaptation to unseen constraint

terms (Chapter 7).

• We construct new test suites to evaluate models’ ability to inflect and incorporate lemma-

form constraints on English-German and English-Lithuanian translation tasks (Chapter 7).

• We release the implementations of the aforementioned models and algorithms, along with

the new datasets at https://github.com/weijia-xu.
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Chapter 2: Background

This work draws on many different areas in machine translation and natural language

processing in general. We first discuss the fundamental models and main challenges in machine

translation. We then discuss the literature related to integrating inductive biases in text generation

models via training algorithms and generation schemes. Finally, we discuss the literature relevant

to our work on interpretation of natural language processing models.

2.1 Machine Translation

Machine Translation (MT) is the task of translating text from one natural language into

another. Modern MT systems are typically data driven – they rely on models trained on bilingual

corpora consisting of texts in the source language paired with their translations in the target

language. More formally, an MT model computes the probability of a target translation yyy given a

source sentence xxx as P(yyy |xxx;θθθ), where θθθ represents the model parameters. The inference process

aims to find the most probable translation:

ŷyy = argmax
yyy

P(yyy |xxx;θθθ) (2.1)

In this section, we will discuss the fundamental models in MT, as well as the current challenges.
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2.1.1 Fundamental Models

The conditional probability P(yyy |xxx;θθθ) in MT can be modeled using various types of

models. In this section, we will introduce the two dominant models – Statistical Machine

Translation (SMT) (Berger et al., 1994; Brown et al., 1990; Koehn et al., 2007, 2003) (among

which Phrase-Based Machine Translation (PBMT) is the dominant approach) and Neural Machine

Translation (NMT) (Bahdanau et al., 2015; Hassan et al., 2018; Sutskever et al., 2014). We will

also introduce Language Models (LMs), which serve as an important component in PBMT and

some NMT models.

2.1.1.1 Phrase-Based Machine Translation

Phrase-Based Machine Translation models the probability P(yyy |xxx;θθθ) of a target

translation yyy given a source sentence xxx at the granularity of contiguous sequences of words,

namely phrases, using a standard log linear model as follows:

P(yyy |xxx;θθθ) =
exp∑i λihi(xxx , yyy)

∑yyy′′′ exp∑i λihi(xxx , yyy′′′)
(2.2)

where hi are feature functions and λi are feature weights. Each feature function is learned

independently on the training set, while the feature weights are optimized on the development

set. The core features include phrase translation probabilities aggregated from word-level

alignments (i.e. the mapping between source and target words automatically learned from

the bilingual training corpora), target language model (i.e. probability distribution over the

target sentences learned from monolingual corpora to improve the fluency of the output),
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relative distortion probability distribution (i.e. a learned function over the position difference

between aligned phrase pairs), word penalty that calibrates the output length, etc. Feature

weights are estimated by maximizing a translation quality metric (e.g. BLEU (Papineni et al.,

2002)) on the development set using optimization algorithms such as Minimum Error Rate

Training (MERT) (Och, 2003), Margin Infused Relaxed Algorithm (MIRA) (Crammer and

Singer, 2003) and batch MIRA (Cherry and Foster, 2012).

To generate a translation, ideally we search for the target sentence with the maximum

conditional probability given the PBMT model. In practice, it is intractable to consider all

collections of phrases. Beam search has proven to be a good approximation that balances

efficiency with translation quality (Koehn, 2004; Koehn et al., 2003).

2.1.1.2 Neural Machine Translation

Different from PBMT that rely on multiple modules learned independently on the training

set, Neural Machine Translation (NMT) models the conditional probability P(yyy |xxx;θθθ) using a

single neural network with parameters θθθ that are trained end-to-end. The current defacto standard

NMT models generate the target sequence token by token from left to right, i.e. they factorize the

probability of the target sequence as:

P(yyy |xxx) =
T

∏
t=1

p(yt |yyy<t ,xxx;θ) (2.3)

where the probability of the target token yt at step t is conditioned on the target prefix yyy<t

and the source sentence xxx. This probability is typically parameterized by an encoder-decoder

network (Cho et al., 2014b; Kalchbrenner and Blunsom, 2013; Sutskever et al., 2014), where
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an encoder first encodes the source sentence into a sequence of hidden representations CCC =

(ccc1,ccc2, ...,cccn):

CCC = Encoder(xxx) (2.4)

where n is the length of the source sequence.

Next, a decoder produces a hidden representation hhht at each step t given the target prefix yyy<t

and the source representations CCC:

hhht = Decoder(yyy<t ,CCC) (2.5)

At each time step t, the hidden representation hhht is fed to a linear projection layer ssst =WWWhhht +bbb to

obtain a vector of scores ssst over all possible words in the vocabulary V . Scores are then turned

into a conditional probability distribution:

p(· |yyy<t ,xxx;θ) = softmax(ssst) (2.6)

The encoder and decoder can be parameterized via different neural model architectures,

such as Recurrent Neural Networks (RNNs) (Cho et al., 2014b; Sutskever et al.,

2014), Convolutional Neural Networks (CNNs) (Gehring et al., 2017), and self-attentional

Transformer (Vaswani et al., 2017). RNNs are natural to model variable-length sequences but

are faced with challenges when modeling long-distance dependencies. In addition, the hidden

representations are computed recurrently, which limits its parallelization. Instead, CNNs use

convolutional layers to combine a sequence of representations in a limited window into a single

representation. More recently, Vaswani et al. (2017) proposed the Transformer architecture that
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models the dependencies between all tokens in the source or target sequence through multi-

head self-attention, where a single attention head produces a context matrix given a query

matrix QQQ ∈ Rn×d , a key matrix KKK ∈ Rn×d , and a value matrix VVV ∈ Rn×d (d is the dimension

of hidden representations):

CCCi = softmax

(
QQQWWW Q

i (KKKWWW K
i )
⊤

√
di

)
VVVWWWV

i (2.7)

where weight matrices WWW Q
i , WWW K

i , and WWWV
i belong to Rd×di , di = d/h is the dimension of each

attention head, and h is the number of attention heads. Finally, the final context matrix is

computed by concatenating the attention heads followed by a linear projection:

MultiHead(QQQ,KKK,VVV ) = [CCC1,CCC2, ...,CCCh]WWW O (2.8)

Given a sequence of hidden representations HHH = [hhhenc
1 , ...,hhhenc

n ] from the previous layer, the

encoder first computes self-attention via QQQ = KKK = VVV = HHH, followed by a point-wise feed-

forward network, a post-processing stack of dropout, layer normalization (Ba et al., 2016) and

residual connection. The decoder follows the same computation steps except for an additional

source attention layer, which uses the decoder representations HHH as query, and the source

representations CCC as key and value to compute the multi-head attention.

Supervised NMT models are typically trained via the traditional maximum likelihood

objective that maximizes the log-likelihood of the training data D ≡ {(xxx(n),yyy(n))}N
n=1 consisting
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of N pairs of source and target sentences:

JML(θ) =
N

∑
n=1

T

∑
t=1

log p(y(n)t |yyy
(n)
<t ,xxx

(n);θ) (2.9)

At test time, to find the sequence of target tokens with the maximum probability, NMT also

uses beam search as an approximation similarly to PBMT.

2.1.1.3 Language Model

To improve the fluency of the output text, PBMT include a language model on the

target language as a feature function. A language model estimates the probabilities of token

sequences P(x1...xm), which can be decomposed using the chain rule:

P(x1...xm) =
m

∏
k=1

P(xk |x1...k−1) (2.10)

The probabilities can be modeled in various ways. For example, PBMT typically uses N-gram

LMs, which assume that the probability of a token can be predicted based on the previous N−1

tokens:

P(xk |x1...k−1)≈ P(xk |xk−N+1...k−1) (2.11)

The probabilities are then estimated to maximize the likelihood of token sequences in a text

corpus:

P(xk |xk−N+1...k−1) =
C(xk−N+1...k)

C(xk−N+1...k−1)
(2.12)

More recently, neural models have achieved new state-of-the-art on language modeling.
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These models compute the probability of a token given all previous tokens using RNNs (Mikolov

et al., 2010b) or Transformer models (Radford et al., 2018). In Section 2.1.3, we will show that

neural LMs can be integrated in NMT models to improve the quality of translation outputs.

2.1.2 Automatic Evaluation for Machine Translation

Human evaluation of MT is expensive. Prior work has proposed automatic evaluation

metrics for MT given one or multiple references for each source sentence, among which the

most widely-used evaluation metric is BLEU (Papineni et al., 2002). BLEU is computed based on

the n-gram precision pn of translations compared against the references and brevity penalty BP:

BP =


1, if c > r

e1−r/c, otherwise
(2.13)

where c and r are the lengths of the translation output and reference, respectively. The resulting

BLEU score is then:

BLEU = BP · exp(∑
n

wn log pn) (2.14)

where n represents the orders of n-gram considered for pn and wn represents the weights assigned

for the n-gram precisions. In practice, the weights are typically uniform.

One drawback of BLEU is the lack of explicit consideration for reordering, which

is problematic when evaluating translations between two distant languages with completely

different word order. To overcome this problem, Isozaki et al. (2010) introduce the RIBES score,

which is computed based on the unigram precision and word order metrics which compare the

word ranks in the reference with those in the hypothesis.
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MT evaluation is an active area of research with many new metrics proposed (Rei et al.,

2020a; Sellam et al., 2020; Zhang* et al., 2020), yet BLEU remains the most widely used metric

despite its well-documented flaws (Kocmi et al., 2021).

2.1.3 Semi-Supervised Neural Machine Translation

Although NMT has achieved impressive translation quality on many high-resource language

pairs (Hassan et al., 2018; Xu and Carpuat, 2018), its translation quality suffers when the

amount of bilingual parallel data is limited (Koehn and Knowles, 2017). This is problematic

because most of the over 7000 world languages are low-resource languages with very limited

data resources. For example, on Tagalog-English, there are only 70K sentence pairs in WMT

training data (Wenzek et al., 2021), while high-resource language pairs such as Chinese-

English have over 20M sentence pairs in WMT. Although Sennrich and Zhang (2019) show

that NMT with carefully-tuned hyper-parameters can still outperform PBMT in low-resource

settings, an advantage of PBMT is that its translation quality can be boosted by incorporating

large amounts of monolingual data in its target language model, which is especially helpful

in low-resource settings. For NMT, however, incorporating monolingual data effectively in the

model is challenging, since it models the conditional probability P(yyy |xxx;θθθ) using a single neural

network, and there is no separate language models that can be direct trained on the monolingual

data. To address the problem, semi-supervised techniques have been proposed to better leverage

large monolingual corpora for NMT. One line of semi-supervised work trains a target LM using

monolingual data to improve the fluency of the generated translations. A target LM can be

integrated into NMT through LM fusion, which either uses the LM to score candidate tokens
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generated by the NMT during training (Stahlberg et al., 2018) or inference (Gulcehre et al., 2015;

Skorokhodov et al., 2018), or concatenates the hidden representations from the LM and NMT

decoders prior to the output projection layer(Gulcehre et al., 2015). Other approaches use LMs to

initialize the embeddings (Abdou et al., 2017), encoder and decoder (Ramachandran et al., 2017)

of an NMT model. More recently, initializing NMT parameters using pre-trained multilingual

LMs such as multilingual BERT (Devlin et al., 2019) and mBART (Liu et al., 2020a) has led to

promising performance, especially on translation directions with little parallel data (Liu et al.,

2020a; Zhu et al., 2020).

Another line of work trains NMT models using monolingual and parallel data jointly.

A widely used approach is Back-Translation (Sennrich et al., 2016b), which trains the

source-to-target translation model P(yyy |xxx;θθθ) by maximizing the conditional log-likelihood of

target language sentences yyy from the monolingual corpora given pseudo source sentences x̃xx

inferred by a pre-trained target-to-source translation model P(xxx |yyy;φφφ) given yyy. Iterative Back-

Translation optimizes the dual translation models P(yyy |xxx;θθθ) and P(xxx |yyy;φφφ) via back-translation

in turn (Cotterell and Kreutzer, 2018; Hoang et al., 2018; Niu et al., 2018; Zhang et al., 2018).

Dual Learning takes the view of cooperative game theory where dual models collaborate with

each other to learn to reconstruct the observed source and target monolingual sentences (He et al.,

2016). Concretely, Dual Learning optimizes P(yyy |xxx;θθθ) and P(xxx |yyy;φφφ) jointly by reconstructing

the original target sentence yyy using P(yyy |xxx;θθθ) given the source x̃xx inferred by P(xxx |yyy;φφφ), and vice

versa. The reconstruction loss is augmented with a language model loss and used to update both

reconstruction and inference models via policy gradient (Williams, 1992).

Despite their empirical success, there is a lack of theoretical understanding and comparison

of these approaches. Cotterell and Kreutzer (2018) interpret Back-Translation as a variational
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approximation where the pseudo source x̃xx can be viewed as a latent variable and the

target-to-source model P(xxx |yyy;φφφ) is an inference network that approximates the posterior

distribution P(yyy |xxx;θθθ). Furthermore, they explain Iterative Back-Translation as a way to better

approximate the true posterior distribution with the target-to-source model. However, it is unclear

how their heuristic objective relates to the ideal objective of maximizing the model’s marginal

likelihood of the target language monolingual data. More recently, He et al. (2020) connect back-

translation and the language model loss in Dual Learning to the variational lower-bound (ELBO)

of the marginal likelihood objective. We will introduce a more direct connection through the

Dual Reconstruction Objective in Chapter 5.

2.1.4 Lexically Constrained Machine Translation

The end-to-end modeling of NMT (Bahdanau et al., 2015; Vaswani et al., 2017) makes

it difficult for users to specify preferences that could be incorporated more easily in statistical

MT models (in phrase translation probabilities) (Koehn et al., 2003). For instance, a user may

have some preferred words or phrases to appear in the translation, which can be specified as

lexical constraints. In cases where the MT model is tested on inputs that contains many domain-

specific terminologies (e.g. medical terms) that are rarely seen in the training data, it is helpful

to incorporate terminology translations provided by human experts or dictionaries as lexical

constraints in MT (Hokamp and Liu, 2017). For example, when an MT model translates the

English sentence “The routine use of abdominal drainage to reduce postoperative complications

after appendectomy” into German, it may mistranslate the terminology “appendectomy”. But this

error can be avoided by providing the word “Appendektomie” (translation of “appendectomy”)
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as a constraint during translation.

Lexical constraints have been incorporated in prior work through two different ways. The

first one is constrained training where NMT models are trained on parallel samples with target

constraint phrases annotated on the source side by replacing the source phrase with its translation

constraint (Song et al., 2019) or inserting the translation constraint next to the source phrase (Dinu

et al., 2019). To construct the training data, they extract terminology translations from large

term bases and match it with the reference translation. Another approach to incorporating

lexical constraints is constrained decoding where beam search is modified to keep track of

the number of constraints generated in each beam and to ensure that hypotheses have met all

the constraints before they are considered to be completed (Hokamp and Liu, 2017; Post and

Vilar, 2018). These mechanisms can incorporate domain-specific knowledge in NMT and reduce

translation errors when tested on a new domain (Hokamp and Liu, 2017). However, they suffer

from several issues: constrained training requires building dedicated models for constrained

generation, while constrained decoding adds significant computational overhead (about 3x slower

than unconstrained decoding (Post and Vilar, 2018)) and treats all constraints as hard constraints

which may hurt fluency. In other tasks, various constraint types have been introduced by

designing complex architectures tailored to specific content or style constraints (Abu Sheikha and

Inkpen, 2011; Mei et al., 2016), or via segment-level “side-constraints” (Agrawal and Carpuat,

2019; Ficler and Goldberg, 2017; Sennrich et al., 2016a), which condition generation on users’

stylistic preferences, but do not offer fine-grained control over their realization in the output

sequence. In Chapter 6, we will introduce an edit-based model that allows for fine-grained control

over the outputs through lexical preferences or constraints without increasing the computational

cost at training or decoding time.
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2.1.5 Hallucinations in Machine Translation

The aforementioned techniques have greatly improved the translation quality of NMT

systems. However, NMT still suffers from well-known pathologies such as under-translation (i.e.

missing information from the source) and hallucinations, which are pathological translations that

are unfaithful to the source (Filippova, 2020; Xiao and Wang, 2021a; Zhou et al., 2021). This

include outputs that are completely unrelated to the source (i.e. detached hallucinations (Raunak

et al., 2021)) and those containing segments that are not supported by the source (which we call

partial hallucinations). Both types of hallucinations can have critical impact in the real world.

For example, given the Chinese source sentence “只有在采取更严格的控制措施时才能发现这

种情况” which means “This can only be detected if the controls undertaken are more rigorous”,

an MT model generates a detached hallucination “Blood alone moves the wheel of history, I say

to you and you will understand, it is a privilege to fight.” Partial hallucinations can also cause

severe problems. For instance, an MT system mistranslates the source “Hold the kidney medicine

until you have a chance to talk to your kidney doctor” into “保留肾药，直到您有机会与您

的肾病医生交谈” (Kurtzman, 2019), which means “Keep taking the kidney medicine until you

have a chance to talk to your kidney doctor” and may misguide the patient.

To better understand how hallucinations are generated, Raunak et al. (2021) study two

types of detached hallucinations: hallucinations triggered by adding an additional token into

a natural source sentence and natural hallucinations given unperturbed input sentences. They

explain hallucinations from the perspective of training data. For the first type of hallucination,

they connect it to data memorization – training samples memorized by an NMT model are most

likely to generate hallucinations when perturbed. For natural hallucinations, they connect them
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to unrelated source and target pairs in the training data. Lee et al. (2018b) focus on the first

type of hallucination (under input perturbations) and show that it is common in RNN-based NMT

models. In addition, they discover that the average entropy of the encoder-decoder attention

matrices associated with hallucinations under input perturbations is statistically different than

those associated with input sentences that could not be perturbed to hallucination. However, it

is unclear how their findings generalize to other NMT architectures (e.g. the Transformer models

use multi-head attention rather than the dot-product one used in RNN-based models) and other

types of hallucinations. In Chapter 4, we study internal model symptoms that are indicative of

various types of hallucinations that are generalizable to various model architectures.

Detecting hallucinations is a challenging task. Most existing approaches to detecting

hallucinations view the generation model as a black-box, by 1) training hallucination classifiers

given the inputs and outputs alone on synthetic data constructed by heuristics (Santhanam

et al., 2021; Zhou et al., 2021), or 2) using external semantic models such as question

answering systems or natural language inference models to measure the faithfulness of model

outputs (Durmus et al., 2020; Falke et al., 2019). These approaches ignore the signals from

the generation model itself and could be highly biased by the heuristics used for synthetic

data construction or the biases in the external semantic models trained for other purposes. In

Chapter 4, we investigate varying types of glass-box features to detect hallucinations.

Detecting hallucinations in MT can also be seen as a particular case of MT quality

estimation. A majority of the quality estimation work focuses on predicting the manually

annotated direct assessment score for the perceived quality of a translation, which does not

distinguish adequacy and fluency errors (Guzmán et al., 2019; Specia et al., 2020). More

recently, a new task that aims to predict critical adequacy errors in MT was introduced in WMT
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2021 (Specia et al., 2021). While hallucination is considered as a type of critical error, the

error categories defined in this task do not distinguish hallucinations from other error types. In

prior work, MT quality estimation is primarily addressed by: 1) black-box methods that estimate

the output quality based on the source and output alone (Kim et al., 2017; Ranasinghe et al.,

2020; Specia et al., 2009), and 2) glass-box methods based on features extracted from the NMT

model itself (e.g. model probabilities, uncertainty quantification, and the entropy of the attention

distribution) (Fomicheva et al., 2020; Rikters and Fishel, 2017; Yankovskaya et al., 2018). Black-

box methods typically use resource-heavy deep neural networks trained on large amounts of

in-domain labeled data. Our hallucination detection approach in Chapter 4 is more related to

the glass-box methods that rely on internal model signals for quality estimation but differs in

the type of signals used – our approach is based on the token contribution patterns extracted

using a saliency-based interpretation method, which provide sharper features to characterize

hallucinations than the ones used in existing quality estimation methods.

2.2 Integrating Inductive Biases in Text Generation Models

To address the aforementioned problems in NMT, we propose to integrate strong inductive

biases in NMT models. Prior work has proposed various approaches to integrating stronger

inductive biases in MT and more generally text generation models, which generate text freely

or conditioned on an input (which can be a source language text for MT, a long segment of text

for text summarization, or an image for image captioning). In this section, we introduce how

inductive biases can be integrated in text generation models in the forms of multi-task learning

objectives (Section 2.2.1), sequence-level training algorithms (Section 2.2.2), and more flexible
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generation schemes (Section 2.2.3).

2.2.1 Multi-Task Learning

A common way to integrate stronger inductive biases into a model is through multi-task

learning (Caruana, 1997), which is the set of techniques that trains a model on two or more tasks

with some shared parameters (Ruder, 2017). Collobert et al. (2011); Hashimoto et al. (2017)

showed that multi-task learning with tasks at various linguistic levels of morphology, syntax, and

semantics improves the performance on each task. In the context of MT, multi-task learning has

been used to inject linguistic knowledge using tasks such as part-of-speech tagging (Kiperwasser

and Ballesteros, 2018; Niehues and Cho, 2017), named entity recognition (Niehues and Cho,

2017; Zaremoodi and Haffari, 2018), syntactic parsing (Eriguchi et al., 2017; Kiperwasser and

Ballesteros, 2018; Luong et al., 2016), and semantic parsing (Zaremoodi and Haffari, 2018).

These approaches lead to improved translation quality especially when the parallel data is

limited (Zaremoodi and Haffari, 2018). However, they require annotated data on the auxiliary

tasks, which is expensive to collect for truly low-resource languages.

For low-resource MT, a more promising direction is to design multi-task objectives to

better leverage the parallel and monolingual data. We explore more effective use of parallel data

by training NMT jointly on the traditional maximum likelihood objective and a novel training

objective to improve translation quality (Chapter 3). To better leverage monolingual data, Luong

et al. (2016) propose an unsupervised autoencoding objective that trains an NMT model to predict

the next token in source and target monolingual texts. Semi-supervised MT methods such as

Back-translation (Sennrich et al., 2016b) and Dual Learning (He et al., 2016) can also be viewed
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as multi-task learning, as they train MT models jointly on the supervised and unsupervised

learning objectives. Despite the improvements they have brought in practice, there is little

understanding on what inductive biases are introduced by these objectives. In Chapter 5, we

will introduce a theoretical framework to analyze what these objectives are optimizing toward

and how they compare.

2.2.2 Sequence-Level Training for Text Generation Models

Another way to integrate stronger inductive biases in text generation models is through

sequence-level training instead of the maximum likelihood training, which is typically used to

train generation models by maximizing the likelihood of ground-truth sequences (Bahdanau et al.,

2015; Sutskever et al., 2014). While simple and effective, maximum likelihood training suffers

from the exposure bias problem (Ranzato et al., 2015): the model is only exposed to reference

target sequences during training, but has to rely on its own predictions for the previous tokens

in the target sequences at inference time. As a result, errors can accumulate along the generated

sequence at inference time.

To address the problem, one needs to expose the model to its own predictions at training

time through sequence-level training. To this end, Daumé et al. (2009) propose the Learning to

Search approach with an iterative training process. At each training iteration, it first uses the

current model to predict an output sequence up to the time step T . Then, at each time step t,

it computes the cost-to-go of each possible token choice given the current prefix by completing

the prefix using the oracle strategy. Finally, a new classifier is trained to minimize the cost-

to-go. Chang et al. (2015) propose a similar algorithm that uses a mixture of the oracle and
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model’s strategy to compute the cost-to-go. However, both algorithms assume access to an oracle

that predicts the optimal token given any prefix. While this may be easily computed in some

applications, it is intractable to compute in natural text generation due to the large vocabulary

and complicated cost functions.

For time series modeling, the Data as Demonstrator algorithm (Venkatraman et al., 2015)

derives the oracle policy directly from the reference sequences assuming that they are aligned

with the sampled sequences at each time step. Scheduled sampling algorithms (Bengio et al.,

2015; Goyal et al., 2017) use the same strategy for text generation, even though the time-indexed

alignment between reference and sampled sequences does not hold. Leblond et al. (2018) propose

an approximation to the oracle policy by completing a predicted prefix with all possible reference

suffixes and picking the reference suffix that yields the highest BLEU-1 score. However, they

found that this approach performs well only when the prefix is close to the reference.

Another line of work explores reinforcement learning (RL) algorithms (Bahdanau et al.,

2016; Sutton and Barto, 2018; Van Hasselt et al., 2016) to directly optimize a sentence-level

reward given model generated prefixes instead of searching for the optimal token. Due to the

discreteness of the token predictions and reward functions, we cannot directly back-propagate

the gradients of the reward function to the model parameters. Techniques such as policy

gradient (Williams, 1992) and actor-critic (Degris et al., 2012; Sutton and Barto, 2018) are thus

required to find an unbiased estimation of the gradient to optimize the model. Due to the high

variance of the gradient estimation, training with RL can be slow and unstable (Henderson et al.,

2018; Wu et al., 2018). In Chapter 3, we will introduce a differentiable sampling algorithm that

exposes machine translation models to their own predictions during training without requiring

searching for the optimal token or training with RL.
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2.2.3 Non-Monotonic and Non-Autoregressive Text Generation

The generation scheme is also a source of inductive bias in text generation models. For

example, autoregressive models that generate text from left to right assume an autoregressive

context dependency – each token prediction is conditioned only on the tokens on the left side (Cho

et al., 2014a; Chorowski et al., 2015; Vinyals and Le, 2015). This generation scheme lacks

the flexibility to meet the users’ needs for constrained generation, infilling, fast decoding, etc.

Non-monotonic and non-autoregressive models that break the left-to-right generation order have

been proposed. One line of research focusing on increasing the decoding speed propose fully

non-autoregressive models that generate all output tokens in a single step (Gu et al., 2018; Ma

et al., 2019; van den Oord et al., 2018). However, their output quality suffers due to the large

decoding space and strong independence assumptions between target tokens (Ma et al., 2019;

Wang et al., 2019). Other works propose to generate the output sequence through multiple

iterations with more flexibility in the generation order and the number of tokens to generate

at each iteration. As an example, Stern et al. (2019) introduce the Insertion Transformer that

generates text through iterative insertion – at each iteration, the model predicts the token to insert

and the insertion location relative to the current sequence. This generation scheme is flexible

enough to accommodate arbitrary generation order, including left-to-right, uniform (i.e. no

preference over any particular order), and balanced binary tree in which the centermost token

in a span is always inserted first. This framework also allows for fast decoding by inserting

multiple tokens at each iteration (i.e. parallel decoding). They show that Insertion Transformer

with parallel decoding achieves competitive MT quality to autoregressive baselines while using

substantially fewer iterations during decoding. Ghazvininejad et al. (2019) propose a Mask-
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Predict generation scheme where the model first predicts the length of the output sequence and

all output tokens, and then it iteratively edits the sequence by masking a subset of the tokens

and re-predict the masked tokens. Compared with the Insertion Transformer, this increases the

flexibility at inference time as it allows for corrections to the previously generated tokens. But

it has its limitation: its iterative refinement process is bounded by a fixed length predicted at

the first iteration. To break this limit, Gu et al. (2019) propose Levenshtein Transformer, which

iteratively edits the output sequence through insertion and deletion operations so that the length of

the output sequence can be changed dynamically through iterations. However, it is still limited in

flexibility due to the entangled lexical choice and reordering decisions, i.e. the relative positions

of previously generated tokens cannot be changed unless they are deleted. In Chapter 6, we will

introduce the EDITOR model with a novel reposition operation that can dynamically adjust the

positions of previously generated tokens.

2.3 Interpretation of Natural Language Processing Models

Despite the recent success of deep neural models on a wide range of natural language

processing tasks, these models still make egregious errors (Feng et al., 2018; Jia and Liang, 2017).

To better identify and understand such errors, it is important to understand why models make the

predictions they do. This is a challenging problem due to the large number of input features

consumed by a neural network, huge number of hidden units, and complicated structure (e.g.

attention). Existing interpretation methods can be categorized into three categories: 1) model

probing that inspect the model’s representations for certain properties by training a classifier to

perform linguistically-motivated probing tasks from the frozen representations (Belinkov et al.,

28



2017; Liu et al., 2019b; Tenney et al., 2019), 2) example-specific interpretation such as saliency

maps (Simonyan et al., 2013) and input perturbations (Feng et al., 2018; Li et al., 2016b) that aims

to understand which parts of an input lead to a prediction, and 3) generative explanation that trains

a model to generate natural language explanations for its predictions (Liu et al., 2019a). It remains

an open question how to properly evaluate and choose between interpretation methods for a

specific use case. As Ribeiro et al. (2016) point out, there is a tradeoff between interpretability

and fidelity in the design of interpretation methods. For example, generative explanation methods

generally have higher interpretability than gradient-based methods, but it may not faithfully

explain how the prediction is actually formed. In Chapter 4, we apply interpretation methods

to better understand how hallucinations are generated by NMT models and find model signals

to detect them. Thus we focus on interpretation methods with high fidelity, which include

the perturbation and saliency-based methods to measure the importance of each input unit to

a prediction (Bach et al., 2015; Ding et al., 2019; Li et al., 2016a; Simonyan et al., 2013). While

other saliency-based methods measure an abstract quantity reflecting the importance of each input

feature by the partial derivative of the prediction with regard to each input unit (Simonyan et al.,

2013), Layerwise Relevance Propagation (LRP) (Bach et al., 2015) measures the proportional

contribution of each input unit, which makes it well suited to contrast the model’s behavior on

different samples. Furthermore, LRP does not require neural activations to be differentiable and

smooth, and can be applied to a wide range of model architectures. It has been used to analyze

various NMT model architectures including RNN (Ding et al., 2017) and Transformer (Voita et al.,

2021). In Chapter 4, we apply this technique to analyze counterfactual hallucination samples

inspired by perturbation-based methods (Ebrahimi et al., 2018; Feng et al., 2018; Li et al., 2016b),

and show that the insights generalize to hallucinations generated on naturally occurring text.
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Chapter 3: Mitigating Exposure Bias by Strengthening Inductive Biases

3.1 Introduction

We start by showing that integrating inductive biases in the form of training objectives helps

mitigate undesirable biases in NMT models that hamper effective learning from limited training

data. In this work, we focus on addressing a well-known undesirable bias from the maximum

likelihood objective typically used in NMT training (Bahdanau et al., 2015; Sutskever et al., 2014).

While simple and effective, this objective suffers from the exposure bias problem (Ranzato et al.,

2015): the model is only exposed to the reference prefixes during training, but has to rely on

its predicted prefixes during inference. As a result, errors can accumulate along the generated

sequence at inference time.

This is a well-known issue in sequential decision making (Cohen and Carvalho, 2005;

Kääriäinen and Langford, 2006; Langford and Zadrozny, 2005, i.a.) and it has been addressed

in past work by incorporating the previous decoding choices into the training scheme, using

imitation learning (Bengio et al., 2015; Daumé et al., 2009; Leblond et al., 2018; Ross et al.,

2011) and reinforcement learning (Bahdanau et al., 2016; Ranzato et al., 2015) techniques. In

this chapter, we focus on a simple and computationally inexpensive family of approaches, known

as Data as Demonstrator (Venkatraman et al., 2015) and scheduled sampling (Bengio et al.,

2015; Goyal et al., 2017). The algorithms use a stochastic mixture of the reference words and
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model predictions with an annealing schedule controlling the mixture probability. Despite their

empirical success in various sequence prediction tasks, they are based on an assumption that

does not hold for machine translation: they assume that words in the reference translations and in

sampled sequences are aligned at each time step, which results in weak and sometimes misleading

training signals.

We introduce a differentiable sampling algorithm that exposes machine translation models

to their own predictions during training, and allows for differences in word order when comparing

model outputs with reference translations. We compute the probability that the reference can be

aligned with the sampled output using a soft alignment predicted based on the model states, so

that the model will not be punished too severely for producing hypotheses that deviate from the

reference, as long as the hypotheses can still be aligned with the reference.

Experiments on three IWSLT tasks (German-English, English-German and Vietnamese-

English) show that our approach significantly improves BLEU compared to both maximum

likelihood and scheduled sampling baselines. We also provide evidence that our approach

addresses exposure bias by decoding with varying beam sizes, and show that our approach is

simpler to train than scheduled sampling as it requires no annealing schedule.

3.2 Soft-Aligned Maximum Likelihood Objective

Our approach is designed to optimize the standard sequence-to-sequence model for

translating a source sentence xxx into a target sentence yyy (Bahdanau et al., 2015). This model
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computes the probability of yyy given xxx as:

P(yyy |xxx) =
T

∏
t=1

p(yt |yyy<t ,xxx;θ) (3.1)

where θ represents the model parameters. Given xxx, the model first produces a sequence of hidden

representations hhh1...T : hhht = f (yyy<t ,xxx), where T is the length of yyy, and f is usually an encoder-

decoder network. At each time step t, the hidden representation hhht is fed to a linear projection

layer ssst = WWWhhht + bbb to obtain a vector of scores ssst over all possible words in the vocabulary V .

Scores are then turned into a conditional probability distribution: p(· |yyy<t ,xxx;θ) = softmax(ssst).

The traditional maximum likelihood (ML) objective maximizes the log-likelihood of the

training data D ≡ {(xxx(n),yyy(n))}N
n=1 consisting of N pairs of source and target sentences:

JML(θ) =
N

∑
n=1

T

∑
t=1

log p(y(n)t |yyy
(n)
<t ,xxx

(n);θ) (3.2)

At test time, prefixes yyy<t are subsequences generated by the model and therefore contain

errors. By contrast, in ML training, prefixes yyy<t are subsequences of reference translations. As a

result, the model is never exposed to its own errors during training and errors accumulate at test

time. This mismatch is known as the exposure bias problem (Ranzato et al., 2015).

3.2.1 Limitations in Scheduled Sampling

Bengio et al. (2015) introduced the scheduled sampling algorithm to address exposure bias.

Scheduled sampling gradually replaces the reference words with sampled model predictions in

the prefix used at training time. An annealing schedule controls the probability of using reference
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words vs. model predictions. The training objective remains the same as the ML objective, except

for the nature of the prefix ŷyy<t , which contains a mixture of reference and predicted words:

JSS(θ) =
N

∑
n=1

T

∑
t=1

log p(y(n)t | ŷyy
(n)
<t ,xxx

(n);θ) (3.3)

Despite the empirical success of scheduled sampling, one limitation is that the discontinuity

of the argmax operation makes it impossible to penalize errors made in previous steps, which

can lead to slow and unstable training. We address this issue using a continuous relaxation to

the greedy search and sampling process, similarly to Goyal et al. (2017), which we describe in

Section 3.2.2.

Another limitation of scheduled sampling is that it incorrectly assumes that the reference

and predicted sequence are aligned by time indices which introduces additional noise to the

training signal.1 We address this problem with a novel differentiable sampling algorithm with

an alignment based objective called soft aligned maximum likelihood (SAML). It is used in

combination with maximum likelihood to define our training objective J = JML +JSAML,

where JML is computed based on reference translations, and JSAML is computed based on

sampled translations of the same input sentences. We define JSAML in Section 3.2.3.

3.2.2 Differentiable Sampling

To backpropagate errors made in the previous decoding steps, we use a continuous

relaxation of the discrete sampling operation similar to Goyal et al. (2017), except that we use the

Straight-Through (ST) Gumbel-Softmax estimator (Bengio et al., 2013; Jang et al., 2017) instead

1https://nlpers.blogspot.com/2016/03/a-dagger-by-any-other-name-scheduled.html
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of Gumbel-Softmax (Jang et al., 2017; Maddison et al., 2014) to better simulate the scenario at

inference time.2

The Gumbel-Softmax is derived from the Gumbel-Max trick (Maddison et al., 2014), an

algorithm for sampling one-hot vector z ∈ Rk from a categorical distribution (p1, ..., pk):

z = one-hot(argmax
i

(log pi +βgi)) (3.4)

where gi is the Gumbel noise drawn i.i.d from Gumbel(0,1)3, and β is a hyperparameter

controlling the scale of the noise. Here, the trick is used to approximate the discontinuous argmax

function with the differentiable softmax:

z̃ = softmax((log pi +βgi)/τ) (3.5)

where τ is the temperature parameter. As τ diminishes to zero, z̃ becomes the same as one-hot

sample z.

The Straight-Through Gumbel-Softmax maintains the differentiability of the Gumbel-

Softmax estimator while allowing for discrete sampling by taking different paths in the forward

and backward pass. It uses argmax to get the one-hot sample z in the forward pass, but uses its

continuous approximation z̃ in the backward pass. While ST estimators are biased, they have

been shown to work well in latent tree learning (Choi et al., 2018) and semi-supervised machine

translation (Niu et al., 2019).
2The Straight-Through estimator consistently outperforms the Gumbel-Softmax in preliminary experiments.
3gi =− log(− log(ui)) and ui ∼ Uniform(0,1).
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3.2.3 Soft Aligned Maximum Likelihood

The soft aligned maximum likelihood (SAML) is defined as the probability that the

reference can be aligned with the sampled output using a soft alignment predicted by the model:

PSAML(yyy |xxx) =
T

∏
t=1

T ′

∑
j=1

at j · p(yt | ỹyy< j,xxx;θ) (3.6)

where T is the length of the reference sequence, T ′ is the length of the sampled sequence, at j is

the predicted soft alignment between the reference word yt and sampled prefix ỹyy< j.

Training with the SAML objective consists in maximizing:

JSAML(θ) =
N

∑
n=1

logPSAML(yyy(n) |xxx(n)) (3.7)

The conditional probability of the next word p(yt | ỹyy< j,xxx;θ) is computed as follows:

p(· | ỹyy< j,xxx;θ) = softmax(WWWh̃hh j +bbb) (3.8)

where WWW and bbb are model parameters. h̃hh j is the hidden representation at step j conditioned on

the source sequence xxx and the preceding words ỹyy< j sampled from the model distribution using

differentiable sampling:

h̃hh j = f (ỹyy< j,xxx) (3.9)
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output

objective for 
3rd ref word

(a) Scheduled Sampling Objective

reference

alignment

output

We make dinner </s>

We will make dinner </s>

objective for 
3rd ref word

log [ a13 p(“dinner” | x) + … + a43 p(“dinner” | “We will make”, x)
+ a53 p(“dinner” | “We will make dinner”, x) ]

(b) SAML Objective
Figure 3.1: Difference between objectives used in scheduled sampling (left) and our approach (right),
when computing the contribution to the objective of the reference word “dinner”. The schedule sampling
hypothesis uses a mixture of the reference (black) and sampled (blue underlined) words, while the entire
hypothesis sequence is sampled in our approach.

We compute the soft alignment at j between yt and ỹyy< j based on the model’s hidden states:

at j =
exp(score(h̃hh j,eeeyt ))

∑
T ′
i=1 exp(score(h̃hhi,eeeyt ))

(3.10)

where eeeyt is the embedding of the reference word yt . The score function captures the similarity

between the hidden state h̃hh j and the embedding eeeyt . We use the dot product here as it does not

introduce additional parameters:

score(hhh,eee) = hhh⊤eee (3.11)

Figure 3.1 illustrates how the resulting objective differs from scheduled sampling: (1) it is

computed over sampled sequences as opposed to sequences that contain a mixture of sampled

36



and reference words, and (2) each reference word is soft-aligned to the sampled sequence.

3.3 Experiments

3.3.1 Experimental Settings

Data We evaluate our approach on IWSLT 2014 German-English (de-en) as prior work (Goyal

et al., 2017), as well as two additional tasks: IWSLT 2014 English-German (en-de) and IWSLT

2015 Vietnamese-English (vi-en). For de-en and en-de, we follow the preprocessing steps in

Ranzato et al. (2015). For vi-en, we use the data preprocessed by Luong and Manning (2015),

with test2012 for validation and test2013 for testing. Table 3.1 summarizes the data statistics.

Task sentences (K) vocab (K)

train dev test src tgt
de-en 153.3 7.0 6.8 113.5 53.3
vi-en 121.3 1.5 1.3 23.9 50.0

Table 3.1: We evaluate on two translation tasks.

Setup Our translation models are attentional RNNs (Bahdanau et al., 2015) built on

Sockeye (Hieber et al., 2017). We use bi-directional LSTM encoder and single-layer LSTM

decoder with 256 hidden units, embeddings of size 256, and multilayer perceptron attention with

a layer size of 256. We apply layer normalization (Ba et al., 2016) and label smoothing (0.1).

We add dropout to embeddings (0.1) and decoder hidden states (0.2). For ST Gumbel-Softmax,

we use temperature γ = 1 and noise scale β = 0.5. The decoding beam size is 5 unless stated

otherwise. We train the models using the Adam optimizer (Kingma and Ba, 2015) with a

batch size of 1024 words. We checkpoint models every 1000 updates. The initial learning

rate is 0.0002, and it is reduced by 30% after 4 checkpoints without validation perplexity
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improvement. Training stops after 12 checkpoints without improvement. For training efficiency,

we first pre-train a baseline model for each task using only JML and fine-tune it using different

approaches. In the fine-tuning phase, we inherit all settings except that we initialize the learning

rate to 0.00002 and set the minimum number of checkpoints before early stopping to 24. We

fine-tune each randomly seeded model independently.

Baselines We compare our model against three baselines: (1) a standard baseline trained with

the ML objective, and models fine-tuned with (2) scheduled sampling (SS) (Bengio et al., 2015)

and (3) differentiable scheduled sampling (DSS) (Goyal et al., 2017). In SS and DSS, the

probability of using reference words εs is annealed using inverse sigmoid decay (Bengio et al.,

2015): εs = k/(k+ exp(i/k)) at the i-th checkpoint with k = 10.

3.3.2 Results

Table 3.2 shows that the SAML improves over the ML baseline by +0.5 BLEU on de-en, +0.7

BLEU on en-de, and +1.0 BLEU on vi-en task. In addition, SAML consistently improves over both

the scheduled sampling and differentiable scheduled sampling on all tasks. All improvements are

significant except for SAML versus scheduled sampling on vi-en.4 Interestingly, differentiable

scheduled sampling performs no better than scheduled sampling in our experiments, unlike

in Goyal et al. (2017).

Unlike scheduled sampling, our approach does not require an annealing schedule, and it is

therefore simpler to train. We verify that the annealing schedule is needed in scheduled sampling

by training a contrastive model with the same objective as scheduled sampling, but without

4The statistical test is based on independent student’s t-test with Bonferroni Correction (p < 0.05) over 5 runs.
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Method Anneal de-en en-de vi-en

Baseline No 27.41±0.26 22.64±0.13 23.59±0.13

+SS Yes 27.47±0.28 22.56±0.17 23.97±0.39

+DSS Yes 27.30±0.24 22.47±0.20 23.68±0.35

+SS No 22.91±0.21 17.78±0.20 19.57±0.19

+SAML No 27.94±0.12 23.30±0.19 24.60±0.35

Table 3.2: BLEU scores of our approach (SAML) and three baselines including the maximum likelihood
(ML) baseline, scheduled sampling (SS), and differentiable scheduled sampling (DSS). The Anneal
column indicates whether the sampling rate is annealed. For each task, we report the mean and standard
deviation over 5 runs with different random seeds. SAML achieves the best BLEU scores and is simpler to
train than SS and DSS, as it requires no annealing schedule.

annealing schedule (Table 3.2). We set the sampling rate to 0.5. The contrastive model hurts

BLEU scores by at least 4.0 points compared to both the ML baseline and models fine-tuned with

scheduled sampling, confirming that scheduled sampling needs the annealing schedule to work

well.

We further examine the performance gain of different approaches over the baseline with

varying beam sizes (Figure 3.2). Our approach yields larger BLEU improvements when decoding

with greedy search and smaller beams, while there is no clear pattern for scheduled sampling

models. These results support the hypothesis that our approach mitigates exposure bias, as it

yields bigger improvements in settings where systems have fewer opportunities to recover from

early errors.

3.3.3 Limitations

The findings of this work should be interpreted with several limitations in mind. First, we

only evaluate our approach on three translation tasks, so it remains an open question how this

approach would perform on other language pairs with different linguistic properties. Second,

we primarily rely on BLEU as the evaluation metric for the empirical study, so it remains to be
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Figure 3.2: Improvements from our method (SAML), scheduled sampling (SS), and differentiable
scheduled sampling (DSS) over the maximum likelihood (ML) baseline when decoding with varying beam
sizes (average of 5 runs). The SAML model consistently yields the largest improvements with smaller
beams.
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explored how the improvements brought by our approach would be perceived by humans.

3.4 Summary

We introduced a differentiable sampling algorithm which addresses the exposure bias

problem by exposing an NMT model to its own predictions during training and comparing them to

reference sequences flexibly to back-propagate reliable error signals. By soft aligning reference

and sampled sequences, our approach consistently improves BLEU over maximum likelihood and

scheduled sampling baselines on three translation tasks, with larger improvements when using

greedy search and smaller beam sizes. Our approach is also simple to train, as it does not require

any sampling schedule.

This demonstrates that integrating inductive biases in the form of training objectives helps

mitigate exposure bias, a well-known undesirable bias in NMT models. In the next chapter, we

turn to study the spurious biases that lead to hallucinations – a well-known but less studied

problem in MT where the model produces a translation that is unrelated to the source input.
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Chapter 4: Identifying Spurious Biases That Lead to Hallucinations

4.1 Introduction

Apart from exposure bias, another type of undesirable bias that can hurt the models’

generalization ability is the spurious bias – prediction rules that work well for a subset of the

training samples but do not generalize to other samples. In this chapter, we study the spurious

biases that lead an egregious type of MT error, namely “detached hallucinations” (Raunak et al.,

2021), where the output is completely detached from the source. Such errors not only reveal

fundamental limitations in the generalization abilities of current models, but also risk misleading

users and undermining trust (Bender et al., 2021). Yet, we lack a systematic understanding of the

conditions where hallucinations arise, as hallucinations occur infrequently among translations of

naturally occurring text. As a workaround, prior work has largely focused on black-box detection

methods which train neural classifiers on synthetic data constructed by heuristics (Falke et al.,

2019; Zhou et al., 2021), and on studying hallucinations given artificially perturbed inputs (Lee

et al., 2018b).

In this chapter, we address the problem by first identifying the internal model symptoms

that characterize hallucinations given artificial inputs and then testing the discovered symptoms

on translations of natural texts. Specifically, we study hallucinations in Neural Machine

Translation (NMT) using two types of interpretability techniques. We use saliency analysis
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methods (Bach et al., 2015; Voita et al., 2021) to compare the relative contribution of various

tokens to the hallucinated vs. non-hallucinated outputs generated by diverse adversarial

perturbations in the inputs (Table 4.1) inspired by Lee et al. (2018b); Raunak et al. (2021).

Results surprisingly show that source contribution patterns are stronger hallucination indicators

than the relative contribution of the source and target, as had been previously hypothesized (Voita

et al., 2021). We discover two distinctive source contribution patterns, including 1) concentrated

contribution from a small subset of source tokens, and 2) the staticity of the source contribution

distribution along the generation steps (Section 4.3).

We further show that the symptoms identified generalize to hallucinations on natural

inputs by using them to design a lightweight hallucination classifier (Section 4.4) that we

evaluate on manually annotated hallucinations from English-Chinese and German-English NMT

(Table 4.1). Our study shows that our introspection-based detection model largely outperforms

model-free baselines and the classifier based on quality estimation scores. Furthermore, it is more

accurate and robust to domain shift than black-box detectors based on large pre-trained models

(Section 4.5).

Finally, we provide evidence that the hallucination symptoms are connected with the

spurious biases learned on certain training samples. Specifically, we study the training samples

that contain similar target text segments to the hallucinated outputs and find that these training

samples exhibit similar source contribution patterns as the hallucination samples at inference

time (Section 4.6).

Before presenting these two studies, we review current findings about the conditions

in which hallucinations arise and formulate three hypotheses capturing potential hallucination

symptoms.
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Counterfactual hallucination from perturbation
Source Republicans Abroad are not running a similar election, nor will they have

delegates at the convention. Recent elections have emphasized the value of
each vote.

Good NMT 国外的共和党没有举行类似的选举，也没有代表参加大会。最近的选
举强调了每次投票的价值。

Perturbed
Source

Repulicans Abroad ar not runing a simila election, nor will they have
delegates at the convention. Recent elections have emphasized the value
o each vote.

Hallucination大耳朵评论管理人员有权保留或删除其管辖评论中的任意内容。
Gloss: The big ear comments that administrators have the right to retain or
delete any content in the comments under their jurisdiction.

Natural hallucination
Source DAS GRUNDRECHT JEDES EINZELNEN AUF FREIE WAHL DES

BERUFS, DER AUSBILDUNGSSTÄTTE SOWIE DES AUSBILDUNGS
- UND BESCHÄFTIGUNGSORTS MUSS GEWAHRT BLEIBEN.
Gloss: The fundamental right of every individual to freely choose their
profession, their training institution and their employment place must remain
guaranteed.

Hallucination THE PRIVACY OF ANY OTHER CLAIM, EXTRAINING STANDARDS,
EXTRAINING OR EMPLOYMENT OR EMPLOYMENT WILL BE
LIABLE.

Table 4.1: Contrasting counterfactual English-Chinese hallucinations derived from source perturbations
(top) with a natural hallucination produced by a German-English NMT model (bottom).

4.2 Hallucinations: Definition and Hypotheses

The term “hallucinations” has varying definitions in MT and natural language generation.

We adopt the most widely used one, which refers to output text that is unfaithful to the input (Ji

et al., 2022; Maynez et al., 2020a; Xiao and Wang, 2021b; Zhou et al., 2021).1 Different from

the previous work that aims to detect partial hallucinations at the token level (Zhou et al., 2021),

we focus on detached hallucinations where a major part of the output is unfaithful to the input,

as these represent severe errors, as illustrated in Table 4.1.

Prior work on understanding the conditions that lead to hallucinations has focused on

training conditions and data noise (Ji et al., 2022). For MT, Raunak et al. (2021) show that

1Others include fluency criteria as part of the definition (Martindale et al., 2019; Wang and Sennrich, 2020).
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hallucinations under perturbed inputs are caused by training samples in the long tail that tend

to be memorized by Transformer models, while natural hallucinations given unperturbed inputs

can be linked to corpus-level noise. Wang and Sennrich (2020) establish a link between MT

hallucinations under domain shift and exposure bias by showing that Minimum Risk Training,

a training objective which addresses exposure bias, can reduce the frequency of hallucinations.

However, these insights do not yet provide practical strategies for handling MT hallucinations.

A complementary approach to diagnosing hallucinations is to identify their symptoms

via model introspection at inference time. However, there lacks a systematic study of

hallucinations from the model’s internal perspective. Previous works are either limited to an

interpretation method that is tied to an outdated model architecture (Lee et al., 2018b) or to

pseudo-hallucinations (Voita et al., 2021). In this work, we propose to shed light on the decoding

behavior of hallucinations on both artificially perturbed and natural inputs through model

introspection based on Layerwise Relevance Propagation (LRP) (Bach et al., 2015), which is

applicable to a wide range of neural model architectures. We focus on MT tasks with the widely

used Transformer model (Vaswani et al., 2017), and examine existing and new hypotheses for

how hallucinations are produced. These hypotheses share the intuition that anomalous patterns of

contributions from source tokens are indicative of hallucinations, but operationalize it differently.

The Low Source Contribution Hypothesis introduced by Voita et al. (2021) states that

hallucinations occur when NMT overly relies on the target context over the source. They test

the hypothesis by inspecting the relative source and target contributions to NMT predictions

on Transformer models using LRP. However, their study is limited to pseudo-hallucinations

produced by force decoding with random target prefixes. This work will test this hypothesis on

actual hallucinations generated by NMT models.
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The Local Source Contribution Hypothesis introduced by Lee et al. (2018b) states that

hallucinations occur when NMT model overly relies on a small subset of source tokens across

all generation steps. They test it by visualizing the dot-product attention in RNN models, but it

is unclear whether these findings generalize to other model architectures. In addition, they only

study hallucinations caused by random token insertion. This work will test this hypothesis on

hallucinations under various types of source perturbations as well as on natural inputs, and will

rely on LRP to quantify token contributions more precisely than with attention.

Inspired by the previous observations on attention matrices that an NMT model attends

repeatedly to the same source tokens throughout inference when it hallucinates (Berard et al.,

2019b; Lee et al., 2018b) or generates a low-quality translation (Rikters and Fishel, 2017),2

we formalize this observation as the Static Source Contribution Hypothesis – the distribution

of source contributions remains static along inference steps when an NMT model hallucinates.

Unlike the Low Source Contribution Hypothesis, this hypothesis exclusively relies on the source

and does not make any assumption about relative source versus target contributions. Unlike the

Local Source Contribution Hypothesis, this hypothesis is agnostic to the proportion of source

tokens contributing to a translation.

In this work, we evaluate in a controlled fashion how well each hypothesis explains

detached hallucinations, first on artificially perturbed samples that let us contrast hallucinated

vs. non-hallucinated outputs in controlled settings (Section 4.3) and second, on natural source

inputs that let us test the generalizability of these hypotheses when they are used to automatically

detect hallucinations in more realistic settings (Section 4.5).

2Although they specifically highlight the static attention to the EOS or full-stop tokens.
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4.3 Study of Hallucinations under Perturbations via Model Introspection

Hallucinations are typically rare and difficult to identify in natural datasets. To test the

aforementioned hypotheses at scale, we first exploit the fact that source perturbations exacerbate

NMT hallucinations (Lee et al., 2018b; Raunak et al., 2021). We construct a perturbation-

based counterfactual hallucination dataset on English→Chinese. by automatically identifying

hallucinated NMT translations given perturbed source inputs and contrast them with the NMT

translations of the original source (Section 4.3.1). This dataset lets us directly test the three

hypotheses by computing the relative token contributions to the model’s predictions using LRP

(Section 4.3.2), and conduct a controlled comparison of patterns on the original and hallucinated

samples (Section 4.3.4).

4.3.1 Perturbation-based Hallucination Data

To construct the dataset, we randomly select 50k seed sentence pairs to perturb from the

NMT training corpora, and then we apply the following perturbations on the source sentences:3

• We randomly misspell words by deleting characters with a probability of 0.1, as Karpukhin

et al. (2019) show that a few misspellings can lead to egregious errors in the output.

• We randomly title-case words with a probability of 0.1, as Berard et al. (2019a) find that

this often leads to severe output errors.

• We insert a random token at the beginning of the source sentence, as Lee et al. (2018b);

Raunak et al. (2021) find it a reliable trigger of hallucinations. The inserted token is chosen

3For better contrastive analysis, we select samples with source length of n = 30 and clip the output length by T =
15.
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from 100 most frequent, 100 least frequent, mid-frequency tokens (randomly sampled 100

tokens from the remaining tokens), and punctuations.

Inspired by Lee et al. (2018b), we then identify hallucinations using heuristics that compare

the translations from the original and perturbed sources. We select samples whose original NMT

translations y′ are of reasonable quality compared to the reference y (i.e. bleu(y,y′) > 0.3).4

The translation of a perturbed source sentence ỹ is identified as a hallucination if it is very

different from the translation of the original source (i.e. bleu(y′, ỹ) < 0.03) and is not a copy

of the perturbed source x̃ (i.e. bleu(x̃, ỹ)< 0.5).5

This results in 623, 270, and 1307 contrastive pairs of the original (non-hallucinated) and

hallucinated translations under misspelling, title-casing, and insertion perturbations, respectively.

We further divide the contrastive pairs into degenerated and non-degenerated

hallucinations. Degenerated hallucinations are “bland, incoherent, or get stuck in repetitive

loops” (Holtzman et al., 2019), i.e. hallucinated translations that contain 3 more repetitive n-

grams than the source are identified as degenerated hallucinations, while the non-degenerated

group contains relatively fluent but hallucinated translations.

4.3.2 Measuring Relative Token Contributions

We test the three source contribution hypotheses described in Section 4.2 on the resulting

dataset by contrasting the contributions of relevant tokens to the generation of a hallucinated

versus a non-hallucinated translation using LRP (Bach et al., 2015). LRP decomposes the

prediction of a neural model (originally designed for convolutional neural networks in computer

4Following Lee et al. (2018b), we set the weights for unigrams and bigrams to 0.6 and 0.4 and disregard other
n-grams when computing sentence-level BLEU.

5The BLEU thresholds are selected based on manual inspection of the translation outputs.
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vision) computed over an input instance into relevance scores for input dimensions. Specifically,

LRP decomposes a neural model into several layers of computation and measures the relative

influence score R(l)
i for input neuron i at layer l. Different from other interpretation methods that

measure the absolute influence of each input dimension (Alvarez-Melis and Jaakkola, 2017; He

et al., 2019; Ma et al., 2018), LRP adopts the principal that the relative influence R(l)
i from all

neurons at each layer should sum up to a constant:

∑
i

R(1)
i = ∑

i
R(2)

i = ...= ∑
i

R(L)
i =C (4.1)

To back-propagate the influence scores from the last layer to the first layer (i.e. the

input layer), we need to decompose the relevance score R(l+1)
j of a neuron j at layer l + 1 into

messages R(l,l+1)
i← j sent from the neuron j at layer l +1 to each input neuron i at layer l under the

following rules:

R(l,l+1)
i← j = vi jR

(l+1)
j , ∑

i
vi j = 1 (4.2)

There exist several versions of LRP, including LRP-ε , LRP-αβ , and LRP-γ , which compute vi j

differently (Bach et al., 2015; Binder et al., 2016; Montavon et al., 2019). Following Voita et al.

(2021), we use LRP-αβ (Bach et al., 2015; Binder et al., 2016), which defines vi j such that the

relevance scores are positive at each step. Specifically, in the simplest case of linear layers with

non-linear activation functions:

u(l+1)
j = g(z j), z j = ∑

i
zi j +b j, zi j = wi ju

(l)
i (4.3)

where u(l)i is the i-th neuron at layer l, wi j is the weight connecting the neurons u(l)i and u(l+1)
j , b j
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is a bias term, and g is a non-linear activation function. Next, the αβ rule considers the positive

and negative contributions separately:

z+i j = max(zi j,0), b+j = max(b j,0)

z−i j = min(zi j,0), b−j = min(b j,0)

and defines vi j by the following equation:

vi j = α ·
z+i j

∑i z+i j +b+j
+β ·

z−i j

∑i z−i j +b−j
(4.4)

Following Voita et al. (2021), we use α = 1, β = 0. This rule is directly applicable to linear,

convolutional, maxpooling, and feed-forward layers. To back-propagate relevance scores through

attention layers in the Transformer encoder-decoder model (Vaswani et al., 2017), we follow the

propagation rules in Voita et al. (2021), where the weighting vi j is obtained by performing a first

order Taylor expansion of each neuron u(l+1)
j .

In the context of NMT, LRP ensures that, at each generation step t, the sum of

contributions Rt(xi) and Rt(y j) from source tokens xi and target prefix tokens y j remains equal:

∀t,∑
i

Rt(xi)+∑
j<t

Rt(y j) = 1 (4.5)

We further define normalized source contribution R̄(xi) at source position i averaged over all

generation steps t as:

R̄(xi) =
1
T

T

∑
t

n ·Rt(xi)

∑
n
i Rt(xi)

(4.6)
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where n is the length of each source sequence and T is the length of the output sequence.

We then test the aforementioned hypotheses based on the distribution of relative token

contributions and compare it with the attention matrix.6

4.3.3 NMT Setup

We build strong Transformer models on two high-resource language pairs:

English→Chinese (En-Zh) and German→English (De-En), which tend to produce acceptable

translation outputs on average, and thus hallucinations might be more misleading and harmful.

Data For En-Zh, we use the 18M training samples from WMT18 (Bojar et al., 2018) and

newsdev2017 as the validation set. For De-En, we use all training corpora from WMT21 (Wenzek

et al., 2021) except for ParaCrawl, which yields 5M sentence pairs after cleaning as in Chen et al.

(2021).7 We use newstest2019 for validation. We tokenize English and German sentences using

the Moses scripts (Koehn et al., 2007) and Chinese sentences using the Jieba segmenter.8 For

En-Zh, we train separate BPE models for English and Chinese using 32k merging operations for

each language. For De-En, we train a joint BPE model using 32k merging operations.

Models All models are based on the base Transformer (Vaswani et al., 2017). We apply label

smoothing of 0.1. We train all models using the Adam optimizer (Kingma and Ba, 2015) with

initial learning rate of 4.0 and batch sizes of 4,000 tokens for maximum 800k steps. We decode

with beam search with a beam size of 4. The resulting NMT models achieve close or higher BLEU

6To compute the attention matrix, we average the attention weights over all attention heads in multi-head
attention.

7https://github.com/browsermt/students/tree/master/train-student/clean
8https://github.com/fxsjy/jieba
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Figure 4.1: Relative source contributions ∑i Rt(xi) at varying generation step t averaged over the original
or hallucinated samples under a mixture of the misspelling, title-casing, and insertion perturbations.

scores than comparable published results.9

4.3.4 Findings

We test the aforementioned hypotheses on the perturbation-based counterfactual

hallucination dataset constructed on English→Chinese.

First, we test the Low Source Contribution Hypothesis by computing the relative

source contributions ∑
n
i=1 Rt(xi) at each generation step t, where n is the length of each source

sequence.10 We plot the average contributions over a set of samples in Figure 4.1. It shows that

hallucinations under source perturbations have only slightly higher source contributions (∆≈ 0.1)

than the original samples. This departs from previous observations on pseudo-hallucinations

(Voita et al., 2021), where the relative source contributions were lower on pseudo-hallucinations

than on reference translations, perhaps because actual model outputs differ from pseudo-

9The En-Zh model achieves 33.5 BLEU on newstest2017, which is close to the 34.5 achieved by the most
comparable model in Xu and Carpuat (2018). The De-En model achieves 35.0 BLEU on newstest2019, which is
higher than the strong baseline (29.6 BLEU) from Germann (2020).

10Since LRP ensures that the sum of source and target contributions at each generation step is a constant, we only
visualize the relative source contributions.
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hallucinations created by inserting random target prefixes. We show that the hypothesis does

not hold on actual hallucinations generated by the model itself.

To explain this phenomenon, we further examine the source contribution from the end-

of-sequence (EOS) token, as previous works hypothesize that a translation is likely to be a

hallucination when the attention distribution is concentrated on the source EOS token, which

carries little information about the source (Berard et al., 2019b; Raunak et al., 2021). However,

this hypothesis is only verified by qualitative analysis on individual samples. Our quantitative

results on the perturbation-based hallucination dataset do not support this hypothesis and are

more in line with the finding in Guerreiro et al. (2022) that the proportion of attention paid to the

EOS token is not indicative of hallucinations. Specifically, our results show that the proportion

of source contribution from the EOS token is slightly higher on the original samples (11.2%)

than that on the hallucinated samples (10.8%). We will show in the next part that the source

contribution is more concentrated on the beginning than the end of the source sentence when the

model hallucinates.

Second, we test the Local Source Contribution Hypothesis by computing the High-

Contribution Ratio r(λ0), which is the ratio of source tokens with normalized contribution R̄(xi)

larger than a threshold λ0:

r(λ0) =
n

∑
i=1

I(R̄(xi)> λ0)/n (4.7)

The ratio will be lower on the hallucinated samples than on the original ones if the hypothesis

holds. We compute the standardized mean difference in High-Contribution Ratio between the

hallucinated and original samples (Table 4.2).11 The negative score differences in LRP-based

11We select the threshold λ0 that leads to the largest score differences for each type of measurement.
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Contrib Ratio Staticity
D N D N

Attention -1.03† +0.51† 3.39† 0.31†

LRP -1.05† -1.13† 3.66† 2.74†

Table 4.2: Standardized mean difference in High-Contribution Ratio (Contrib Ratio) and Source
Contribution Staticity (Staticity) (computed on attention and LRP-based contribution matrices) between
pairs of hallucinated and original samples. We show the score differences on degenerated (D) and
non-degenerated (N) hallucinations separately. † indicates that the difference is statistically significant
with p < 0.05.

scores confirm the hypothesis, which is consistent with the findings of Lee et al. (2018b) based on

attention weights. However, the pattern in attention-based scores is not consistent on degenerated

and non-degenerated samples.

Furthermore, we investigate whether there is any positional bias for the local source

contribution. We visualize the normalized source contribution R̄(xi) averaged over all samples

with a source length of 30 in Figure 4.2. The source contribution of the hallucinated samples

is disproportionately high at the beginning of a source sequence. By contrast, on the original

samples, the normalized contribution is higher at the end of the source sequence, which could be

a way for the model to decide when to finish generation. The positional bias exists not only on

hallucinations under insertions at the beginning of the source, but also on hallucinations under

misspelling and title-casing perturbations that are applied at random positions.

Third, we examine the Static Source Contribution Hypothesis hypothesis by first

visualizing the source contributions Rt(xi) at varying source and generation positions on

individual pairs of original and hallucinated samples. The heatmap of source contributions

for the example from Table 4.1 are shown in Figure 4.3. On the original outputs, the source

contribution distribution in each column changes dynamically when moving horizontally along

target generation steps. By contrast, when the model hallucinates, the source contribution
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(a) Misspelling
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(b) Title-Casing
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(c) Insertion
Figure 4.2: Normalized source contribution R̄(xi) (Eq. 4.6) at each source token position averaged over the
original or hallucinated samples under (a) misspelling, (b) title-casing, and (c) insertion perturbations.

distribution remains roughly static.

To quantify this pattern, we introduce Source Contribution Staticity, which measures

how the source contribution distribution shifts over generation steps. Specifically, given a
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Figure 4.3: Heatmap of relative contributions of source tokens (y-axis) at each generation step (x-axis)
computed on the example of the original translation and the counterfactual hallucination from the perturbed
source in Table 4.1. The source contribution distribution remains static across almost all generation steps
on the hallucinated sample, unlike in the original sample.
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Figure 4.4: Computing the Source Contribution Staticity of window size k = 2 given the source
contribution vectors RRRttt = [Rt(x0)...Rt(xn)] at generation step t.

window size k, we first divide the target sequence into several non-overlapping segments, each

containing k tokens. Then, we compute the average vector over the contribution vectors RRRttt =

[Rt(x0)...Rt(xn)] at step t within each segment. Finally, we measure the cosine similarity between

the average contribution vectors of adjacent segments and average over the cosine similarity

scores at all positions as the final score sk of window size k. Figure 4.4 illustrates this process for

a window size of 2.

Table 4.2 shows the standardized mean difference in Source Contribution Staticity between
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the hallucinated and original samples in the degenerated and non-degenerated groups, taking

the maximum staticity score among window sizes k ∈ [1,3] for each sample. The positive

differences in LRP-based scores supports the Static Source Contribution Hypothesis – the source

contribution distribution is more static on the hallucinated samples than that on the original

samples. Furthermore, LRP distinguishes hallucinations from non-hallucinations better than

attention, especially on non-degenerated samples where the translation outputs contain no

repetitive loops.

In summary, we find that, when generating a hallucination under source perturbations, the

NMT model tends to rely on a small proportion of the source tokens, especially the tokens at the

beginning of the source sentence. In addition, the distribution of the source contributions is more

static on hallucinated translations than that on non-hallucinated translations. We turn to applying

these insights on natural hallucinations next.

4.4 A Classifier to Detect Natural Hallucinations

Based on the above findings, we introduce a hallucination detector using features extracted

from the distribution of source contributions, which is trained solely on perturbation-based

samples that can be constructed automatically at scale.

Classifier We build a small multi-layer perceptron (MLP) with a single hidden layer and the

following input features:

• Normalized Source Contribution of the first K1 source tokens and the last K1 source

tokens: R̄(xi)|i = 1, ...,K1,n−K1, ...,n− 1 (where n is the length of the source sequence

and K1 is a hyper-parameter), as we showed in the Local Source Contribution Hypothesis
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that the contributions of the beginning and end tokens distribute differently between

hallucinated and non-hallucinated samples.

• Source Contribution Staticity sk given the source contributions Rt(xi) and a window

size k as defined in Section 4.3.4. We include the similarity scores of window sizes k =

{1,2, ...,K2} as input features, where K2 is a hyper-parameter.

This yields small classifiers with input dimension of 9 to 13. For each language pair, We train 20

classifiers with different random seeds and select the model with the highest validation F1 score.

Data Generation We construct the training and validation data using the same approach to

constructing the perturbation-based hallucination dataset (Section 4.3.1), but with longer seed

pairs – we randomly select seed sentence pairs with source length between 20 and 60 from the

training corpora. We split the synthetic data randomly into the training (around 1k samples) and

validation (around 200 samples) sets with roughly equal number of positive and negative samples.

4.5 Detecting Natural Hallucinations

To test how this hallucination classifier built upon insights from perturbation-based

hallucinations generalizes to more realistic settings, we evaluate it on a human-annotated test

bed for hallucinations generated on natural source inputs, and compare it against a wide range of

relevant models.

4.5.1 Natural Hallucination Evaluation Set

To the best of our knowledge, the only publicly available dataset of annotated MT

hallucinations is the Chinese-English test set by Zhou et al. (2021), which labels partial
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En-Zh De-En

Detached hallucination 69 124
Non hallucination, including:
Faithful translation 40 62
Incomplete translation 78 10
Locally unfaithful 26 13
Incomprehensible but aligned 3 21

Total 216 230
Table 4.3: Human annotation label distribution on the En-Zh and De-En natural hallucination test set (with
random tie breaking on fine-grained labels; there are no ties on binary labels post-aggregation).

hallucinations at the token level. We build a test bed for detached hallucination detection for

different language pairs and translation directions (En-Zh and De-En), and release the data

together with the underlying NMT models (described in Section 4.3.3).

Since hallucinations are rare, we collect samples from large pools of out-of-domain data

for our models to obtain enough positive examples of hallucinations for a meaningful test set. We

use TED talk transcripts from the IWSLT15 training set (Cettolo et al., 2015) for En-Zh, and the

JRC-Acquis corpus (Steinberger et al., 2006) of legislation from the European Union for De-En.

We sample lower BLEU examples to increase the chances to find hallucinations, resulting in 216

and 230 samples for En-Zh and De-En respectively.12

Three bilingual annotators assess the faithfulness of the NMT output given each input.

While we ultimately need a binary annotation of outputs as hallucinated or not, annotators were

asked to choose one of five labels as it was found to improve annotation consistency in a pilot

study:

• Detached hallucination: a translation with large segments that are unrelated to the source.

• Faithful translation: a translation that is faithful to the source.

• Incomplete translation: a translation that is partially correct but misses part(s) of the source.

12We select En-Zh samples with length > 30 and BLEU < 0.1; and De-En inputs with length > 20 and BLEU < 0.3.
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• Locally unfaithful: a translation that contains a few unfaithful phrases but is otherwise

faithful.

• Incomprehensible but aligned: a translation that is incomprehensible even though most

phrases can be aligned to the source.

We then aggregate all labels except for the “detached hallucination” into the “non-hallucination”

category. The inter-annotator agreement on aggregated labels is substantial for En-Zh, with

a Fleiss’s Kappa (Fleiss, 1971) score of FK = 0.70, and almost perfect for De-En, with

FK = 0.83. This yields 32% of detached hallucinations in En-Zh and 54% on De-En. The non-

hallucinated NMT outputs span all the fine-grained categories above, as can be seen in Table 4.3.

Hallucinations are over-represented compared to what one might expect in the wild, but this is

necessary to provide enough positive examples of hallucinations for evaluation.

4.5.2 Experimental Conditions

4.5.2.1 Introspection-based Classifiers

We implement the LRP-based classifier as described in Section 4.4. To lower the

computational cost when computing the source contributions, we clip the source length at 40 and

only consider the influence back-propagated through the most recent 10 target tokens, as prior

work shows that nearby context is much more influential than long-range context (Khandelwal

et al., 2018). We tune the hyper-parameters K1 and K2 within the space K1 ∈ {1,3,5,7,9}, K2 ∈

{4,8,12,16} based on the average F1 accuracy on the validation set over three runs.

We compare it with an attention-based classifier, which uses the same features, but

computes token contributions using attention weights averaged over all attention heads.

60



4.5.2.2 Model-free Baselines

We use three simple baselines to characterize the task. The random classifier that predicts

hallucination with a probability of 0.5. The degeneration detector marks as hallucinations

degenerated outputs that contain K more repetitive n-grams than the source, where K is a hyper-

parameter tuned on the perturbation-based hallucination data. The NMT probability scores are

used as a coarse model signal to detect hallucinations based on the heuristic that the model is

less confident when producing a hallucination. The output is classified as a hallucination if the

probability score is lower than a threshold tuned on the perturbation-based hallucination data.

4.5.2.3 Quality Estimation Classifier

We also compare the introspection-based classifiers with a baseline classifier based on

the state-of-the-art quality estimation model – COMET-QE (Rei et al., 2020b). Given a source

sentence and its NMT translation, we compute the COMET-QE score and classify the translation

as a hallucination if the score is below a threshold tuned on the perturbation-based validation set.

4.5.2.4 Large Pre-trained Classifiers

We further compare the introspection-based classifiers with classifiers that rely on large

pre-trained multilingual models, to compare the discriminative power of the source contribution

patterns from the NMT model itself to extrinsic semantically-driven discrimination criteria.

We use the cosine distance between the LASER representations (Artetxe and Schwenk,

2019; Heffernan et al., 2022) of the source and the NMT translation. It classifies a translation as

a hallucination if the distance score is higher than a threshold tuned on the perturbation-based
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validation set.

Inspired by (Zhou et al., 2021), we build an XLM-R classifier by fine-tuning the XLM-R

model (Conneau et al., 2020) on synthetic hallucination samples. We randomly select 50K seed

pairs of source and reference sentences with source lengths between 20 and 60 from the parallel

corpus and use the following perturbations to construct examples of detached hallucinations:

• Map a source sentence to a random target from the parallel corpus to simulate natural,

detached hallucinations.

• Repeat a random dependency subtree in the reference many times to simulate degenerated

hallucinations.

• Drop a random clause from the source sentence to simulate natural, detached

hallucinations.

We then collect diverse non-hallucinated samples:

• Original seed pairs provide faithful translations.

• Create incomplete translations by randomly dropping a dependency subtree from

references.

• Randomly substitute a phrase in the reference keeping the same part-of-speech to simulate

translations with locally unfaithful phrases.

The final training and validation sets contain around 300k and 700 samples, respectively. We

fine-tune the pre-trained model with a batch size of 32. We use the Adam optimizer (Kingma and

Ba, 2015) with decoupled weight decay (Loshchilov and Hutter, 2019) and an initial learning rate

of 2×10−5. We fine-tune all models for 5 epochs and select the checkpoint with the highest F1

score on the validation set.
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Params
De-En En-Zh

P R F1 AUC P R F1 AUC

Model-free Baselines
Random 0 51.4 49.5 50.4 46.7 34.0 52.4 41.2 51.4
Degeneration 1 59.3 56.5 57.9 – 83.1 69.0 75.4 –
NMT Score 1 66.7 9.7 16.9 47.7 32.6 98.6 49.0 74.2

Quality Estimation Classifier
COMET-QE 363M 77.7 75.8 76.7 81.3 33.7 100.0 50.4 94.5

Large Pre-trained Classifiers
LASER 45M 98.5 54.0 69.8 97.1 88.5 77.1 82.4 97.7
XLM-R 125M 96.6 21.8 35.3 49.1 95.2 93.3 94.2 97.2

Introspection-based Classifiers
Attention-based < 300 53.9 67.2 59.7 57.7 59.0 91.4 71.5 90.0
LRP-based < 300 86.1 94.3 90.0 96.1 98.5 93.9 96.2 99.8

Ensemble Classifier
LRP + LASER 45M 98.5 52.0 68.1 – 99.4 74.6 85.3 –

Table 4.4: Precision (P), Recall (R), F1 and Area Under the Receiver Operating Characteristic
Curve (AUC) scores of each classifier on English-Chinese (En-Zh) and German-English (De-En) NMT

outputs (means of three runs). We boldface the highest scores based on independent student’s t-test with
Bonferroni Correction (p < 0.05). The Params column indicates the total number of parameters used for
each method (in addition to the NMT parameters).

4.5.3 Findings

As shown in Table 4.4, we compare different classifiers against the baselines by the

Precision, Recall and F1 scores. Since false positives and false negatives might have a different

impact in practice (e.g., does the detector flag examples for review by humans, or entirely

automatically? what is MT used for?), we also report the Area Under the Receiver Operating

Characteristic Curve (AUC), which characterizes the discriminative power of each method at

varying threshold settings.

Main Results The LRP-based and the LASER classifiers are the best hallucination detectors,

reaching AUC scores in the high 90s for both language pairs, which is considered outstanding
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discrimination ability (Hosmer Jr et al., 2013).

The LRP-based classifier is the best hallucination detector overall, with slightly lower AUC

than LASER on De-En, but more balanced Precision and Recall leading to F1 scores of 90.0 on

De-En and 96.2 on En-Zh, improving over LASER by 20 and 14 points respectively. This shows

that the source contribution patterns identified on hallucinations under perturbations (Section 4.3)

generalize as symptoms of natural hallucinations, although the surface-form patterns in the

perturbed source and the natural source that leads to hallucinations are very different.13 It also

confirms that LRP provides a better signal to characterize token contributions than attention,

improving F1 by 25-30 points and AUC by 10-38 points. These high scores represent large

improvements of 26-49 points on AUC and 21-73 points on F1 over the model-free baselines.

Model-free Baselines The model-free baselines shed light on the nature of the hallucinations

found in the dataset. The degeneration baseline is the best among them, with 57.9 F1 on

De-En and 75.4 F1 on En-Zh, suggesting that the Chinese hallucinations are more frequently

degenerated than the English hallucinations from German. However, ignoring the remaining

hallucinations is problematic, since they might be more fluent and thus more likely to mislead

readers. The NMT score is a poor predictor which scores often worse than the random baseline,

in line with the previous finding that NMT scores do not capture faithfulness well during

inference (Wang et al., 2020). Manual inspection shows that the NMT score can be low when

the output is faithful to the source but contains infrequent tokens. On the other hand, the NMT

score of a hallucinated output can be high when it contains mostly frequent tokens.

13Based on our inspection, the natural inputs that lead to hallucinations do not necessarily contain the specific
types of perturbations that trigger hallucinations in the synthetic case.
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Quality Estimation Classifier The COMET-QE classifier achieves higher AUC and F1 scores

than the model-free classifiers, except for En-Zh, where the degeneration baseline obtains higher

F1 than the COMET-QE classifier. However, compared with the LASER classifier which also relies

on a large pre-trained encoder, COMET-QE lags behind on AUC scores and obtains much lower F1

on En-Zh with only slightly higher F1 on De-En. It also underperforms the LRP-based classifier

on both AUC and F1. This is consistent with previous findings that quality estimation models

trained on data with insufficient negative samples (e.g. COMET-QE) are inadequate for detecting

critical MT errors such as hallucinations (Guerreiro et al., 2022; Sudoh et al., 2021; Takahashi

et al., 2021).

Pre-trained Classifiers These classifiers achieve high precision, approaching that of the LRP-

based model on En-Zh and surpassing it on De-En, but they lag behind in Recall, particularly on

De-En, where their Recall is close or worse to that of the random baseline. This suggests that they

suffer from domain shift, which is bigger in De-En (News→Law) than En-Zh (News→TED).

By contrast the introspection-based classifiers are more robust. LASER achieves higher AUC

than the XLM-R classifier, approaching that of the LRP-based one on En-Zh and surpassing it

on De-En. This suggests that, although the LASER threshold tuned on the perturbation-based

hallucination data generalizes poorly to natural hallucinations, LASER is still a good scoring

model for identifying hallucinations. Furthermore, the Recall of the LASER classifier does not

degrade as dramatically from En-Zh to De-En as that of the XLM-R classifier, which needs to

be fine-tuned on large amounts of synthetic training data and generalizes more poorly across

domains.
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De-En En-Zh
F1 AUC F1 AUC

All features 90.0 96.1 96.2 99.8
- Src Contrib 76.4 96.1 91.4 99.2
- Staticity 76.5 80.1 72.9 87.5

Table 4.5: Ablating the Normalized Source Contribution (Src Contrib) and Source Contribution
Staticity (Staticity) features used in the LRP-based classifier. We boldface the highest scores based on
independent student’s t-test with Bonferroni Correction (p < 0.05).

Source: C) DASS DIE WAREN IN DEM ZUSTAND IN DIE GEMEINSCHAFT
VERSANDT WORDEN SIND, IN DEM SIE ZUR AUSSTELLUNG GESANDT
WURDEN;
Correct Translation: C) THAT THE GOODS WERE SHIPPED TO THE
COMMUNITY IN THE CONDITION IN WHICH THEY ARE SENT FOR
EXHIBITION;
Output: C) THAT THE WOULD BE CONSIDERED IN THE COMMUNITY, IN
which YOU WILL BE EXCLUSIVE;

Table 4.6: Example of a detached hallucination produced by the De-En NMT being classified as non-
hallucination by the LRP-based classifier.

LRP + LASER The LRP-based and LASER classifiers emerge as the top-2 classifiers, but they

make different errors – the confusion matrix comparing their predictions shows that the two

classifiers agree on 70% and 91% of samples on De-En and En-Zh, respectively. Thus an

ensemble that detects hallucinations when the LRP and LASER classifiers both do so, yields a

very high precision classifier (at the expense of recall).

LRP Ablations The LRP-based classifier benefits the most from Source Contribution Staticity

features (Table 4.5). Removing them hurts AUC by 12-16 points and F1 by 14-23, confirming

that the Static Source Contribution Hypothesis holds on natural hallucinations. Ablating the

Normalized Source Contribution features also causes a significant drop in both F1 and AUC on

En-Zh, and hurts F1 significantly but not AUC on De-En.
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Error Analysis Incomprehensible but aligned translations suffer from the highest false positive

rate for the LRP classifier, followed by incomplete translations. Additionally, the classifier can

fail to detect hallucinations caused by the mistranslation of a large span of the source with rare

or previously unseen tokens, rather than by pathological behavior at inference time as shown by

the example in Table 4.6.

Toward Practical Detectors Detecting hallucinations in the wild is challenging since they are

often extremely rare and the fraction of hallucinations may vary greatly depending on specific

test cases. We provide a first step in this direction by stress testing the top classifiers in an

in-domain scenario where hallucinations are expected to be rare. Specifically, we randomly

select 10k English sentences from the “News Crawl: articles from 2021” from WMT21 (Wenzek

et al., 2021) and use the En-Zh NMT model to translate them into Chinese. We measure the

Precision@20 for hallucination detection by manually examining the top-20 highest scoring

hallucination predictions for each method. The LASER and LRP-based classifiers evaluated

above (without fine-tuning in this setting) achieve 35% and 40% Precision@20 (compared

to 0% for the random baseline). More interestingly, after tuning threshold on the predicted

probabilities (which is originally set to 0.5) so that each classifier predicts hallucination 1% of the

time, the LRP + LASER ensemble detects 13 hallucinations, with a much higher precision of 85%.

LRP + LASER thus have the potential to provide useful signals for detecting hallucinations even

when they are needles in a haystack.
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4.6 Connecting Hallucination Symptoms to Spurious Biases

Having discovered the symptoms that are indicative of hallucinations at inference time, we

further investigate how these symptoms connect with the spurious biases learned at training time.

To this end, we first extract the training samples that contain similar target segments to one of

the hallucination outputs in the natural hallucination evaluation set. We then examine the source

contribution patterns on the extracted training samples and compare them with the patterns on

the hallucination samples at inference time.

4.6.1 Extracting Hallucination-Related Training Samples

We consider a training sample as hallucination-related if it contains similar target segments

to a hallucinated output. Specifically, for each hallucination output in the De-En natural

hallucination evaluation set, we extract the top-10 most similar training samples based on the

BLEU score between the hallucination output and the reference translation of each sample.14

Next, we rank the extracted samples based on the BLEU similarity and select the top-200 samples

as hallucination-related for degenerated and non-degenerated hallucinations (divided based on

the same criterion in Section 4.3.1) separately. Finally, to construct the contrastive group, we

randomly select 200 samples from the training corpora.

14We conduct the experiment on the De-En evaluation set because it contains a more balanced number of
degenerated versus non-degenerated hallucinations.
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Contrib Ratio Staticity
D N D N

LRP -0.96† -0.90† 1.38† 1.16†

Table 4.7: Standardized mean difference in High-Contribution Ratio (Contrib Ratio) and Source
Contribution Staticity (Staticity) computed on LRP-based contribution matrices between hallucination-
related and contrastive samples. We show the score differences on samples related to degenerated (D) and
non-degenerated (N) hallucinations separately. † indicates that the difference is statistically significant
with p < 0.05.

4.6.2 Analyzing Relative Token Contributions on Training Samples

We hypothesize that the source contribution patterns discovered on hallucination samples

are connected with the spurious biases learned at training time. To test this hypothesis, we

measure the High-Contribution Ratio and Source Contribution Staticity on the training samples

related to degenerated or non-degenerated hallucinations and compare the scores with those

on the contrastive samples. As shown in Table 4.7, the hallucination-related samples have

significantly lower High-Contribution Ratio and higher Source Contribution Staticity than the

contrastive samples, which indicates the spurious bias that the prediction of the ground-truth

tokens on hallucination-related samples are based statically on a small subset of the source

tokens. The trend is similar to Table 4.2 where we compare the High-Contribution Ratio and

Source Contribution Staticity on hallucination versus non-hallucination samples. Thus, it verifies

our hypothesis that the hallucination symptoms are related to the spurious biases learned during

training. This connects with the previous finding that hallucinations under source perturbations

are more likely to occur on the long-tail samples memorized by the NMT model (Raunak et al.,

2021). However, prior work did not show whether the model tends to memorize the source or

target side of the samples or how this finding generalize to natural hallucinations. This work

is complementary to the previous work by showing that hallucinations, either on perturbed or
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natural source inputs, can be explained by the target memorization issue on certain training

samples where the model tends to memorize the target sequence while ignoring a large part

of the source sentence.

4.7 Limitations

The findings of this work should be interpreted with several limitations in mind. First, we

focus on understanding and detecting detached hallucinations in MT. As a result, our findings do

not elucidate the internal model symptoms that lead to partial hallucinations (Zhou et al., 2021),

although the methodology in this work could be used to shed light on this question. Second,

our experiments are based on the NMT models trained using the parallel data from WMT without

exploiting monolingual data or comparable corpora retrieved from collections of monolingual

texts (e.g. WikiMatrix (Schwenk et al., 2021)). Therefore, it remains an open question how

the discovered hallucination symptoms generalize to NMT models trained on more diverse data

types. Finally, we primarily test the hallucination classifiers in the settings where the number

of hallucinations and non-hallucinations are roughly balanced, while in practice, hallucinations

are expected to be rare. To test how the classifiers perform in this setting, we conduct a small-

scale experiment on an in-domain dataset and show promising results using our LRP +LASER

ensemble classifier. However, further experiments are needed to systematically evaluate how

these classifiers can be used for hallucination detection in the wild.
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4.8 Summary

We contributed a thorough empirical study of the notorious but poorly understood

hallucination phenomenon in NMT, which shows that internal model symptoms exhibited

during inference are strong indicators of hallucinations. Using counterfactual hallucinations

triggered by perturbations, we showed that distinctive source contribution patterns alone indicate

hallucinations better than the relative contribution of the source and target. We further show that

our findings can be used for detecting natural hallucinations much more accurately than model-

free baselines and quality estimation models. Our detector also outperforms black-box classifiers

based on pre-trained models. We also release human-annotated test beds of natural English-

Chinese and German-English hallucinations to enable further research. Finally, we connected

the internal symptoms of hallucinations to specific spurious biases learned at training time. This

work provides a path toward mitigating hallucinations by designing better supervised learning

algorithms to combat these spurious biases. In the next chapter, we turn to study semi-supervised

learning algorithms with stronger inductive biases to improve the sample-efficiency of NMT

models.
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Chapter 5: Stronger Inductive Biases for Integrating Language Priors

5.1 Introduction

Besides supervised learning algorithms that mitigate undesirable biases, we can also

build more sample-efficient NMT models through semi-supervised learning algorithms to better

exploit the unsupervised monolingual data. In low-resource settings where the amount of

supervised (parallel) data is limited, effective learning of the prior language distributions from the

more abundant monolingual data can substantially reduce the amount of supervised data needed

for NMT training. In this chapter, we study the inductive biases in existing semi-supervised

learning algorithms by introducing a theoretical framework with a provable guarantee on its

global optimum to unify and compare existing algorithms.

Existing semi-supervised learning algorithms (including Back-Translation (Sennrich et al.,

2016b), Iterative Back-Translation (Cotterell and Kreutzer, 2018; Zhang et al., 2018), and Dual

Learning (He et al., 2016)) primarily rely on unrelated heuristic optimization objectives, and

it is not clear what their respective strengths and weaknesses are, nor how they relate to the

ideal but intractable objective of maximizing the marginal likelihood of the monolingual data

(i.e., pθ (yyy) = ∑xxx pθ (yyy |xxx)q(xxx) given target sentences yyy, an NMT model pθ (yyy |xxx), and the prior

distribution q(xxx) on source xxx).

Instead of proposing new empirical methods, this work introduces a theoretical framework,
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Figure 5.1: Our dual reconstruction objective sums 1) a target-source-target objective J1 on target
sentences yyy using the NMT model qφ (xxx |yyy) for inference and pθ (yyy |xxx) for reconstruction, and 2) a
source-target-source objective J2 on source sentences xxx using pθ (yyy |xxx) for inference and qφ (xxx |yyy) for
reconstruction. Models connected by dotted arrows share parameters.

namely the dual reconstruction objective, that unifies and explains these established techniques,

sheds new light on why they work and how they compare (Figure 5.1). In Section 5.2, we show

that, under some assumptions, this objective remarkably shares the same global optimum as the

intractable marginal likelihood objective where the model’s marginal distribution pθ (yyy) coincides

with the target sentence distribution p(yyy). We also show that Iterative Back-Translation (IBT) and

Dual Learning can be viewed as different ways to approximate its optimization.

Theory suggests that IBT approximates the dual reconstruction objective more closely than

the more complex Dual Learning approach, and in particular that Dual Learning’s additional

language model loss is redundant. We investigate whether these differences matter in practice

by conducting the first controlled empirical comparison of Back-Translation, IBT, and Dual

Learning in high-resource (WMT de-en), low-resource (WMT tr-en), and cross-domain settings

(News→TED, de-en). Results support our theory that the additional language model loss and

policy gradient estimation in Dual Learning is redundant and show that IBT outperforms the

more complex Dual Learning algorithm in terms of translation quality. Furthermore, we also

compare different optimization strategies used in IBT to better balance translation quality against

the computational cost.
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5.2 Theoretical View with Dual Reconstruction Objective

5.2.1 Variational Auto-Encoders for Semi-Supervised MT

Following Cotterell and Kreutzer (2018), we define a generative latent variable model of

bitext

pθ (xxx,yyy) = pθ (yyy |xxx)q(xxx)

where the source xxx is randomly sampled from the prior distribution q(xxx) estimated by the

empirical data distribution qdata(xxx) based on the abundant source monolingual data MX =

{xxx(m)}M
m=1:

qdata(xxx) =


1
|MX | , if xxx ∈MX

0, otherwise

and the target translation yyy is sampled from the translation model pθ (yyy |xxx) conditioned on xxx.

Given the target sentence distribution p(yyy) estimated by the empirical data

distribution pdata(yyy) of target monolingual data MY = {yyy(m)}M′
m=1, we can view xxx as a latent

variable and maximize the marginal log-likelihood

Ju(θ) = Eyyy∼p(yyy) [log pθ (yyy)]

where pθ (yyy) is the model’s marginal likelihood pθ (yyy) = ∑xxx pθ (xxx,yyy). The global optimum of the

objective is achieved when the model’s marginal distribution pθ (yyy) perfectly matches the target

sentence distribution p(yyy).1

1We will define constraints to guarantee avoiding the uninteresting solution where pθ (yyy |xxx) = p(yyy) in
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However, directly optimizing the marginal likelihood pθ (yyy) is intractable due to the infinite

space of xxx. We can instead apply variational auto-encoding (VAE) models by introducing an

inference network pψ(xxx |yyy) and maximize the variational lower-bound (ELBO) of log pθ (yyy):

log pθ (yyy)≥Exxx∼pψ (xxx |yyy) [log pθ (yyy |xxx)]

−DKL
[

pψ(xxx |yyy)
∣∣∣∣q(xxx)] (5.1)

where DKL
[

pψ

∣∣∣∣q] is the Kullback-Leibler (KL) divergence. However, estimating the prior

distribution q(xxx) by the discrete data distribution qdata(xxx) makes it difficult to directly compute

the KL term. One can estimate q(xxx) using a language model (LM) trained to maximize the

likelihood of the source monolingual data (Baziotis et al., 2019; Miao and Blunsom, 2016), at

the cost of introducing additional model bias into the translation model. The non-differentiable

KL term requires gradient estimators such as policy gradient (Williams, 1992) or Gumbel-

softmax (Jang et al., 2017), which may introduce further training noise (He et al., 2020).

To address these issues, we introduce the dual reconstruction objective, which includes two

reconstruction terms that resemble the first term in the ELBO objective (Eq. (5.1)) while excluding

the KL term that is challenging to optimize and show that this objective has desirable properties

and can be better approximated in practice.

Definition 5.1. Given prior distributions q(xxx) and p(yyy) over the sentences xxx in the source

language space Σx and yyy in the target language space Σy, we define the dual reconstruction

objective Jdual(θ ,φ) for dual translation models pθ (yyy |xxx) and qφ (xxx |yyy) as the sum of the target-

Section 5.2.2.
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source-target objective J1 and source-target-source objective J2:

Jdual(θ ,φ) = J1(θ ,φ)+J2(θ ,φ)

J1(θ ,φ) = Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [log pθ (yyy |xxx)]

]
J2(θ ,φ) = Exxx∼q(xxx)

[
Eyyy∼pθ (yyy |xxx)

[
logqφ (xxx |yyy)

]]
(5.2)

For J1, the target-to-source model qφ (xxx |yyy) serves as the inference model to produce

pseudo source sequences x̃xx given target sequences yyy and pθ (yyy |xxx) serves as the reconstruction

model to reconstruct yyy given x̃xx, and vice versa for J2. We first define the mutual information

constraint in Section 5.2.2 and show in Section 5.2.3 that Jdual(θ ,φ) shares the same global

optimum as the marginal likelihood objective which is intractable to optimize directly.2 In

Section 5.2.4, we compare and contrast how IBT and Dual Learning approximate Jdual(θ ,φ).

5.2.2 Mutual Information Constraint

The global optimum of the marginal likelihood objective is achieved when the model’s

marginal distribution pθ (yyy) = p(yyy). Given a translation model with enough capacity without

any constraint on how the model output is dependent on the source context, this could lead to

a degenerate solution pθ (yyy |xxx) = p(yyy) where the model ignores the source input and memorizes

the monolingual training data. We constrain the translation model to avoid this situation, using

the mutual information of a conditional distribution pθ (yyy |xxx) which measures how much yyy is

dependent on xxx in pθ (Hoffman and Johnson, 2016). Here, this mutual information measures the

degree to which model translations depend on the source.

2We focus on key components of the proof and leave detailed derivations for supplemental material.
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Definition 5.2. Given a prior distribution q(xxx) over xxx∈ Σx, we define the mutual information Ipθ

of xxx and yyy in the conditional distribution pθ (yyy |xxx):

Ipθ
= Exxx∼q(xxx) [DKL [ pθ (yyy |xxx)|| pθ (yyy)]] (5.3)

where pθ (yyy) is the marginal distribution:

pθ (yyy) = ∑
xxx

pθ (yyy |xxx)q(xxx) (5.4)

To avoid the degenerate solution, we constrain the model’s mutual information by:

0≤ Imin ≤ Ipθ
≤ Imax ≤ max

p∈PXY
Ip(xxx;yyy)

where Imin and Imax are pre-defined constant values between zero and the maximum mutual

information between xxx and yyy given any joint distribution p(xxx,yyy) ∈ PXY whose marginals

satisfy ∑xxx p(xxx,yyy) = p(yyy) and ∑yyy p(xxx,yyy) = q(xxx). Hledík et al. (2019) prove that the maximum

mutual information maxp∈PXY Ip(xxx;yyy) = min(H [q(xxx)] ,H [p(yyy)]), where H [q(xxx)] and H [p(yyy)] are

the entropy of prior distributions q(xxx) and p(yyy). Thus, the maximum mutual information should

be large enough to properly bound the model’s mutual information if q(xxx) and p(yyy) are defined

on large monolingual corpora MX and MY .

Intuitively, the constraint requires that the model’s mutual information cannot be so small

that the model ignores the source context nor so large such that is not robust to the noise in the
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source input. We will show in Section 5.3.4 that in practice, this constraint is met when jointly

optimizing the supervised and unsupervised objectives without explicitly applying constrained

optimization.

5.2.3 Understanding the Global Optimum of the Dual Reconstruction Objective

We first characterize the upper bound of the dual reconstruction objective.

Proposition 1. Given prior distributions q(xxx) and p(yyy) over xxx ∈ Σx and yyy ∈ Σy, if parameterized

probability models pθ and qφ have enough capacity under the constraint that:

0≤ Imin ≤ Ipθ
, Iqφ
≤ Imax ≤ max

p∈PXY
Ip(xxx;yyy)

where Imin and Imax are pre-defined constant values between zero and the maximum mutual

information between xxx and yyy given any joint distribution p(xxx,yyy) ∈ PXY whose marginals

satisfy ∑xxx p(xxx,yyy) = p(yyy) and ∑yyy p(xxx,yyy) = q(xxx). Then, the dual reconstruction objective is upper-

bounded by Jdual(θ ,φ)≤ 2Imax−H [q(xxx)]−H [p(yyy)], and the upper bound is achieved iff

Iqφ
= Imax

Ipθ
= Imax

pθ (yyy |xxx) =
qφ (xxx |yyy)
qφ (xxx)

p(yyy)

qφ (xxx |yyy) =
pθ (yyy |xxx)
pθ (yyy)

q(xxx)

(5.5)
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Proof. First we prove that J1(θ ,φ)≤ Imax−H [p(yyy)], and the upper bound is achieved iff

Iqφ
= Imax

pθ (yyy |xxx) =
qφ (xxx |yyy)
qφ (xxx)

p(yyy)

where H [p(yyy)] is the entropy of the prior distribution p(yyy).

To show this, we denote the posterior distribution Q(yyy |xxx) = qφ (xxx |yyy)
qφ (xxx)

p(yyy), and rewrite J1:

J1 =Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [log pθ (yyy |xxx)]

]
=Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [logQ(yyy |xxx)]

]
+Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy)

[
log

pθ (yyy |xxx)
Q(yyy |xxx)

]]
=Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [logQ(yyy |xxx)]

]
+Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy)

[
log

pθ (yyy |xxx)qφ (xxx)
qφ (xxx |yyy)p(yyy)

]]
=Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [logQ(yyy |xxx)]

]
−DKL

[
qφ (xxx |yyy)p(yyy)

∣∣∣∣ pθ (yyy |xxx)qφ (xxx)
]

=Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy)

[
log

qφ (xxx |yyy)
qφ (xxx)

]]
+Eyyy∼p(yyy)

[
Exxx∼qφ (xxx |yyy) [log p(yyy)]

]
−DKL

[
qφ (xxx |yyy)p(yyy)

∣∣∣∣ pθ (yyy |xxx)qφ (xxx)
]

=Iqφ
−H [p(yyy)]

−DKL
[

qφ (xxx |yyy)p(yyy)
∣∣∣∣ pθ (yyy |xxx)qφ (xxx)

]
Since the KL divergence between two distributions is always non-negative and is zero iff they are
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equal, we have

J1(θ ,φ)≤ Iqφ
−H [p(yyy)]≤ Imax−H [p(yyy)]

and J1(θ ,φ) = Imax−H [p(yyy)] iff

Iqφ
= Imax

DKL
[

qφ (xxx |yyy)p(yyy)
∣∣∣∣ pθ (yyy |xxx)qφ (xxx)

]
= 0

The second equality holds iff

pθ (yyy |xxx) =
qφ (xxx |yyy)
qφ (xxx)

p(yyy)

Similarly, we can prove that J2(θ ,φ)≤ Imax−H [q(xxx)], and the upper bound is achieved

iff

Ipθ
= Imax

qφ (xxx |yyy) =
pθ (yyy |xxx)
pθ (yyy)

q(xxx)

thus Jdual(θ ,φ) ≤ 2Imax −H [q(xxx)]−H [p(yyy)] and the upper bound is achieved iff θ and φ

satisfy Eq. (5.5), concluding the proof.

Proposition 1 shows that Jdual(θ ,φ) has an upper bound that could be reached when the

mutual information of pθ (yyy |xxx) and qφ (xxx |yyy) are maximized, and pθ (yyy |xxx) and qφ (xxx |yyy) are equal

to the posterior distribution for each other. Next we show that the upper bound is indeed the

global maximum of the objective Jdual(θ ,φ), as there exists a solution for the above conditions.
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Proposition 2. Given distributions q(xxx) and p(yyy) over xxx ∈ Σx and yyy ∈ Σy, if parameterized

probability models pθ and qφ have enough capacity under the constraint that:

0≤ Imin ≤ Ipθ
, Iqφ
≤ Imax ≤ max

p∈PXY
Ip(xxx;yyy) (5.6)

where Imin and Imax are pre-defined constant values between zero and the maximum mutual

information between xxx and yyy given any joint distribution p(xxx,yyy) ∈ PXY whose marginals

satisfy ∑xxx p(xxx,yyy) = p(yyy) and ∑yyy p(xxx,yyy) = q(xxx). Then there exist θ ∗ and φ∗ such that:

Iqφ∗ = Ipθ∗ = Imax

pθ∗(yyy |xxx) =
qφ∗(xxx |yyy)
qφ∗(xxx)

p(yyy)

qφ∗(xxx |yyy) =
pθ∗(yyy |xxx)
pθ∗(yyy)

q(xxx)

(5.7)

Proof. Since Imax satisfies

0 = min
p∈PXY

Ip(xxx;yyy)≤ Imax ≤ max
p∈PXY

Ip(xxx;yyy)

there exists a joint distribution p∗(xxx,yyy) ∈ PXY such that

Ip∗(xxx;yyy) = Imax

As models pθ and qφ have enough capacity under the constraint in Eq. (5.6), there exist θ ∗
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and φ∗ such that ∀x ∈ Σx,∀y ∈ Σy

pθ∗(yyy |xxx) =
p∗(xxx,yyy)

q(xxx)

qφ∗(xxx |yyy) =
p∗(xxx,yyy)

p(yyy)

thus

pθ∗(yyy) = ∑
xxx

pθ∗(yyy |xxx)q(xxx) = ∑
xxx

p∗(xxx,yyy) = p(yyy)

qφ∗(xxx) = ∑
yyy

qφ∗(xxx |yyy)p(yyy) = ∑
yyy

p∗(xxx,yyy) = q(xxx)

and thus

Ipθ∗ = Exxx∼q(xxx)

[
Eyyy∼pθ∗(yyy |xxx)

[
log

pθ∗(yyy |xxx)
pθ∗(yyy)

]]
= Exxx,yyy∼p∗(xxx,yyy)

[
log

p∗(xxx,yyy)
q(xxx)p(yyy)

]
= Ip∗(xxx;yyy)

= Imax

Iqφ∗ = Eyyy∼p(yyy)

[
Exxx∼qφ∗(xxx |yyy)

[
log

qφ∗(xxx |yyy)
qφ∗(xxx)

]]
= Exxx,yyy∼p∗(xxx,yyy)

[
log

p∗(xxx,yyy)
q(xxx)p(yyy)

]
= Ip∗(xxx;yyy)

= Imax
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and

qφ∗(xxx |yyy)
qφ∗(xxx)

p(yyy) =
p∗(xxx,yyy)

p(yyy)
p(yyy)
q(xxx)

= pθ∗(yyy |xxx)

pθ∗(yyy |xxx)
pθ∗(yyy)

q(xxx) =
p∗(xxx,yyy)

q(xxx)
q(xxx)
p(yyy)

= qφ∗(xxx |yyy)

concluding the proof.

Finally, we connect the global optimum of the dual reconstruction objective to that of the

marginal likelihood objective by first proving Lemma 1 and then Theorem 1.

Lemma 1. Let p(x) and p′(x) be two discrete probability functions over random variable

x ∈ Σx, and q(y) and q′(y) be two discrete probability functions over random variable y ∈ Σy.

If ∀x ∈ Σx,∀y ∈ Σy, p′(x)q′(y) = p(x)q(y), then ∀x ∈ Σx,∀y ∈ Σy, p′(x) = p(x) and q′(y) = q(y).

Proof. Let x0 ∈ Σx such that p(x0) ̸= 0 and p′(x0) ̸= 0, and y0 ∈ Σy such that q(y0) ̸= 0

and q′(y0) ̸= 0.

Since

p′(x0)q′(y0) = p(x0)q(y0) (5.8)

and for any x ∈ Σx

p′(x)q′(y0) = p(x)q(y0) (5.9)

we have

p′(x)
p′(x0)

=
p(x)
p(x0)

(5.10)

.
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Given ∑x∈Σx p′(x) = 1, ∑x∈Σx p(x) = 1, and since

∑
x∈Σx

p′(x) =
p′(x0)

p(x0)
∑

x∈Σx

p(x) (5.11)

we have p′(x0) = p(x0).

Thus for any x ∈ Σx, p′(x) = p′(x0)
p(x0)

p(x) = p(x). For any y ∈ Σy, q′(y) = p(x)
p′(x)q(y) = q(y),

concluding the proof.

Theorem 1. Given prior distributions q(xxx) and p(yyy) over xxx ∈ Σx and yyy ∈ Σy, if parameterized

probability models pθ and qφ have enough capacity under the constraint that:

0≤ Imin ≤ Ipθ
, Iqφ
≤ Imax ≤ max

p∈PXY
Ip(xxx;yyy)

where Imin and Imax are pre-defined constant values between zero and the maximum mutual

information between xxx and yyy given any joint distribution p(xxx,yyy) ∈ PXY whose marginals

satisfy ∑xxx p(xxx,yyy) = p(yyy) and ∑yyy p(xxx,yyy) = q(xxx). Let θ ∗,φ∗ be the global optimum of the dual

reconstruction objective maxθ ,φ Jdual(θ ,φ), then qφ∗(xxx) = q(xxx), pθ∗(yyy) = p(yyy), and Iqφ∗ =

Ipθ∗ = Imax.

Proof. Suppose models pθ and qφ have enough capacity under the constraint that:

0≤ Imin ≤ Ipθ
, Iqφ
≤ Imax ≤ max

p∈PXY
Ip(xxx;yyy)

then based on Proposition 1, Jdual(θ ,φ) ≤ 2Imax−H [q(xxx)]−H [p(yyy)], and the upper bound

is achieved iff the optimal criteria Eq. (5.5) hold. And based on Proposition 2, there exists a
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solution pθ∗ an qφ∗ for the criteria Eq. (5.5). Thus

max
θ ,φ

Jdual(θ ,φ) = 2Imax−H [q(xxx)]−H [p(yyy)]

Based on the first equation in Eq. (5.5), we have:

Iqφ∗ = Ipθ∗ = Imax (5.12)

And multiply the last two equations, we have:

p(yyy)q(xxx) = qφ∗(xxx)pθ∗(yyy) (5.13)

Given Lemma 1, we have qφ∗(xxx) = q(xxx) and pθ∗(yyy) = p(yyy), concluding the proof.

Thus, while the marginal likelihood objective provides no guarantee for the model’s mutual

information, the global optimum of dual reconstruction objective guarantees that the mutual

information of translation models pθ (yyy |xxx) and qφ (xxx |yyy) will be maximized to Imax.

5.2.4 Practical Approximations

Despite its desirable optimum, the dual reconstruction objective cannot be directly

optimized since decoding is not differentiable. We compare how it is approximated by IBT vs.

Dual Learning.

Gradient Approximation To estimate the dual reconstruction objective, one could use sampling

or beam search from the model distribution. However, since neither approach is differentiable,
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the gradients ∇θJ2 and ∇φJ1 cannot be computed directly. IBT blocks the gradients ∇θJ2

and ∇φJ1 assuming that they are negligible, while Dual Learning approximates them by policy

gradient (Williams, 1992), which can lead to slow and unstable training (Henderson et al.,

2018; Wu et al., 2018). Proposition 1 shows that the objective is maximized when the mutual

information is maximized to Imax. Thus, maximizing the mutual information by other means

can help side-step this issue. For example, combining the supervised and unsupervised training

objectives (Cotterell and Kreutzer, 2018; Sennrich et al., 2016b) to train models jointly on the

parallel and monolingual data can help. For unsupervised MT, the denoising auto-encoding

objective introduced in Lample et al. (2018) can be viewed as a way to maximize the mutual

information.

LM Loss Dual Learning combines the dual reconstruction objective with an LM loss to

encourage the generated translations to be close to the target language domain. Theorem 1

suggests that the LM loss is redundant: optimizing the dual reconstruction objective implicitly

pushes the output distributions of the source-to-target and target-to-source models toward the

target and source language distributions respectively, which has the same effect intended by the

LM loss.

Optimization Strategy While Dual Learning uses batch-level updates, where back-translations

are generated on-the-fly and the translation models pθ and qφ are updated alternately in data

batches, IBT adopts different strategies based on the data settings. Batch-level IBT is used in

unsupervised MT to quickly boost the model performance from a cold start (Artetxe et al.,

2018; Lample et al., 2018), while epoch-level IBT is used in semi-supervised MT, where a fixed
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Task Lang. Parallel Data Mono. Data Validation Test
high-resource de-en News 4.5M News 5.0M newstest15 newstest16-18
low-resource tr-en News 0.2M News 0.8M newstest16 newstest17-18
cross-domain de-en News 4.5M TED 0.5M iwslt-test14 iwslt-test15-17

Table 5.1: The empirical comparison spans three data conditions (and both translation directions). We
report provenance and the number of sentences in parallel and monolingual training data, as well as
validation and test sets for each setting. Monolingual data are randomly selected from “News Crawl:
articles from 2015” for German↔English and “News Crawl: articles from 2017” for Turkish↔English,
and TED talks data for TED.

model pθ is used to back-translate the entire monolingual corpus to train qφ until convergence

and vice-versa for pθ (Zhang et al., 2018).

Summary This theoretical analysis suggests that the dual reconstruction objective is a good

alternative to the intractable marginal likelihood objective, and that IBT approximates it more

closely than the more complex Dual Learning objective. However, we do not know whether the

Dual Reconstruction optimum is reached in practice. We therefore conduct an extensive empirical

study to determine whether the differences in approximations made by IBT and Dual Learning

matter.

5.3 Empirical Study

We evaluate on six translation tasks including German↔English (de-en),3

Turkish↔English (tr-en) from WMT18 (Bojar et al., 2018),4 and a cross-domain task which tests

de↔en models trained on WMT data on the TED test sets from IWSLT17 (Cettolo et al., 2017).5

For preprocessing, we normalize punctuations and apply tokenization, true-casing, and

joint source-target Byte Pair Encoding (Sennrich et al., 2016c) with 32,000 operations. We set

3We exclude Rapid and ParaCrawl corpora as they are noisy and thus require data filtering (Morishita et al.,
2018).

4http://www.statmt.org/wmt18/translation-task.html
5https://wit3.fbk.eu/mt.php?release=2017-01-ted-test
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the maximum sentence length to 50.

5.3.1 Model and Training Configuration

We adopt the base Transformer model (Vaswani et al., 2017) with dmodel = 512, dhidden =

2048, nheads = 8, nlayers = 6, and pdrop = 0.1. We tie the source and target embeddings with

the output layer weights (Nguyen and Chiang, 2018; Press and Wolf, 2017). We pre-train

models with the supervised objective until convergence, and fine-tune on the mixed parallel and

monolingual data as in prior work (Cotterell and Kreutzer, 2018; Sennrich et al., 2016b). We use

the Adam optimizer (Kingma and Ba, 2015) with a batch size of 32 sentences and checkpoint the

model every 2500 updates. Training hyperparameters and stopping criteria are constant across

all comparable experimental conditions. Initial learning rates for pre-training and fine-tuning

are respectively set to 10−4 and 2× 10−5. We decay the learning rate by 30% and reload the

best model after 3 checkpoints without improvement. We apply early stopping after repeating

this process for 5 times. We adopt the same learning rate decay and stopping criteria during

fine-tuning. For batch-level IBT and Dual Learning, we check whether both models improve

validation perplexity. For epoch-level IBT, we run for 3 iterations. The LMs in Dual Learning are

RNNs (Mikolov et al., 2010a) with 512 hidden units, embeddings of size 512, and dropout of 0.2

to hidden states. We tie the input embeddings with the output layer weights. We clip the gradients

at a threshold of 5. We train them similarly to NMT models, except for setting the batch size to 64

sentences and the initial learning rate to 0.001. We decay the learning rate by 50% and reload

the best model after 5 checkpoints without validation perplexity improvement and apply early

stopping after repeating the process for 5 times. We report the validation perplexity of the NMT
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and LM models in Table 5.2, and the model sizes in Table 5.3. All experiments are performed on

a single NVIDIA GeForce GTX 1080 Ti GPU.

At decoding time, we use beam search with a beam size of 5.

Task NMT.xx-en NMT.en-xx LM.xx LM.en
low-resource 22.12 30.92 121.13 78.96
high-resource 6.72 6.25 78.32 74.00
cross-domain 8.17 7.35 102.43 92.70

Table 5.2: Validation perplexity of the NMT and LM models. We denote English as en and the other
language as xx.

Task NMT.xx-en NMT.en-xx LM.xx LM.en
low-resource 92811565 92811565 27311123 19247448
high-resource 98346302 98346302 32165523 24095698
cross-domain 98346302 98346302 24806023 18768773

Table 5.3: Number of model parameters. We denote English as en and the other language as xx.

5.3.2 Baselines and Evaluation

Our experiments are based on strong supervised baselines.6 We compare semi-supervised

models that are fine-tuned with Back-Translation, epoch-level and batch-level IBT, and Dual

Learning with varying interpolation weights αLM = {0,0.1,0.5} for the LM loss.7 Following He

et al. (2016), we use beam search with a beam size of 2 for inference in Dual Learning and IBT.

We evaluate translation quality using sacreBLEU8 and total training time in hours. We

also show learning curves for the approximated dual reconstruction loss (negative of the dual

reconstruction objective in Eq. (5.2), averaged over the training batches from both directions).

6de-en: 2–4 BLEU higher than the baseline of Morishita et al. (2018); tr-en: on par or higher than the baseline
of García-Martínez et al. (2017).

7By contrast, prior work only reports results for αLM = 0.005 (He et al., 2016). Our preliminary result show
that αLM = 0.005 obtains similar results to αLM = 0.

8Version: BLEU +case.mixed+numrefs.1+smooth.exp+tok.13a+version.1.2.11
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Low-Resource αLM hours
tr-en BLEU en-tr BLEU

2017 2018 Avg 2017 2018 Avg

baseline – 8.0 15.14 15.95 15.55 11.17 10.18 10.68

epoch-level IBT-1 – 86.1 16.36 16.44 16.40 15.08 12.98 14.03
epoch-level IBT-2 – 162.2 19.12 19.63 19.38 14.94 12.53 13.74
epoch-level IBT-3 – 237.5 18.76 19.01 18.89 15.04 12.93 13.99
batch-level IBT – 160.6 17.18 18.08 17.63 13.90 11.84 12.87
Dual Learning 0.0 313.2 17.07 18.00 17.54 14.17 11.91 13.04
Dual Learning 0.1 257.8 17.09 17.62 17.36 13.88 11.49 12.69
Dual Learning 0.5 421.2 17.33 18.36 17.85 14.54 12.30 13.42

High-Resource αLM hours
de-en BLEU en-de BLEU

2016 2017 2018 Avg 2016 2017 2018 Avg

baseline – 26.7 31.95 27.74 34.59 31.43 29.18 23.46 34.53 29.06

epoch-level IBT-1 – 439.0 32.59 28.46 35.22 32.09 30.13 23.87 35.35 29.78
epoch-level IBT-2 – 850.9 33.64 29.13 36.37 33.05 29.99 24.42 35.60 30.00
epoch-level IBT-3 – 1261.6 33.43 29.07 36.17 32.89 29.93 24.24 35.46 29.88
batch-level IBT – 94.0 32.95 28.65 35.24 32.28 29.70 23.78 34.89 29.46
Dual Learning 0.0 128.2 32.79 28.47 35.10 32.12 29.37 23.50 34.67 29.18
Dual Learning 0.1 93.3 32.63 28.47 34.88 31.99 29.38 23.79 34.71 29.29
Dual Learning 0.5 152.1 32.89 28.69 35.32 32.30 29.58 23.65 34.88 29.37

Cross-Domain αLM hours
de-en BLEU en-de BLEU

2015 2016 2017 Avg 2015 2016 2017 Avg

baseline – 26.2 27.11 27.37 23.65 26.04 26.35 23.10 21.69 23.71

epoch-level IBT-1 – 71.1 28.88 28.73 25.37 27.66 26.69 24.02 22.59 24.43
epoch-level IBT-2 – 115.0 28.70 28.72 25.37 27.60 27.57 24.50 22.78 24.95
epoch-level IBT-3 – 159.8 29.13 29.00 25.33 27.82 27.31 24.37 22.92 24.87
batch-level IBT – 45.0 28.03 27.78 24.53 26.78 26.84 23.64 22.35 24.28
Dual Learning 0.0 65.8 28.04 27.73 24.36 26.71 26.70 23.85 22.21 24.25
Dual Learning 0.1 59.3 27.77 27.84 24.51 26.71 26.99 23.86 22.59 24.48
Dual Learning 0.5 92.7 27.84 28.00 24.18 26.67 27.23 24.08 22.72 24.68

Table 5.4: BLEU scores and total training time (hours) on the low-resource, high-resource, and cross-
domain tasks. epoch-level IBT-1, IBT-2, and IBR-3 denotes models fine-tuned with IBT for 1–3 iterations,
and αLM denotes the weight for the LM loss. We boldface the highest average scores. Overall, epoch-level
IBT outperforms all other methods at the cost of much longer training time.
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5.3.3 Findings

Overview All semi-supervised training techniques improve translation quality over the

supervised-only baseline (Table 5.4). The first iteration of IBT (i.e. Back-Translation) on

monolingual data improves over the baseline by 0.7–3.4 BLEU. IBT is more effective in the

direction where the model in the opposite direction is most improved by Back-Translation For

example, in the high and low resource tasks where Back-Translation improves over the baseline

more when translating out of English, the best performing IBT model improves BLEU greatly over

Back-Translation when translating into English (+1.0–3.0 BLEU), but not in the other direction.

In the cross-domain scenario where Back-Translation improves more on de-en, IBT outperforms

Back-Translation more on en-de than the other direction.

Impact of Policy Gradient Updating the inference model via policy gradient fails to lower the

dual reconstruction loss and has little impact on BLEU. We compare Dual Learning (with αLM =

0) to batch-level IBT, so that the only difference between the two approaches is whether the

inference model is updated. Batch-level IBT achieves similar or higher BLEU than Dual Learning

for all tasks, except for the low-resource en-tr task where the BLEU difference is small (< 0.2).

In addition, batch-level IBT trains 30–50% faster than Dual Learning. Figure 5.2 shows that the

policy gradient update has little impact on the dual reconstruction loss on all tasks.

Impact of LM The best Dual Learning BLEU is obtained with αLM = 0.5 on all tasks except

for de-en in the cross-domain setting (Table 5.4). However, it brings only small BLEU

improvements (0.2–0.4) over Dual Learning without LM loss (αLM > 0), but causes the dual

reconstruction loss to decrease slower (Figure 5.2), and slows down training by 20–40%. In all
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cases, IBT outperforms Dual Learning.

Epoch vs. Batch IBT The best epoch-level IBT model outperforms batch-level IBT by 0.5–

1.8 BLEU overall, at the cost of much slower training: 13 times longer in the high-resource

setting, 1.5 times longer in the low-resource setting, and 3.5 times longer in the cross-domain

setting. Running IBT for two iterations is a good choice to balance training efficiency and

translation quality, as the third iteration does not help BLEU.
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Figure 5.2: Learning curves for the approximated dual reconstruction loss averaged over the training
batches from both directions on the low-resource, high-resource, and cross-domain tasks.
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5.3.4 Mutual Information Analysis

We test the hypothesis that the mutual information constraint is met when training models

on the combined supervised and unsupervised objectives in the low-resource setting (the most

adversarial condition with the fewest supervised training samples).

The mutual information Ipθ
from Definition 5.2 can be computed by Hoffman and Johnson

(2016):

Ipθ
=Exxx∼q(xxx) [DKL [ pθ (yyy |xxx)|| p(yyy)]]

−DKL [ pθ (yyy)|| p(yyy)]
(5.14)

where prior distributions q(xxx) and p(yyy) are estimated by the empirical data distribution given

the monolingual corpora MX and MY . Although computing Ipθ
directly is intractable, it can be

approximated with a Monte Carlo estimate. Following Dieng et al. (2019), we approximate

the two KL terms by Monte Carlo, where samples from pθ (yyy) can be obtained by ancestral

sampling (we use beam search with beam size of five to sample from pθ (yyy |xxx)). The marginal

probability pθ (yyy)=Exxx∼q(xxx) [pθ (yyy |xxx)] can also be estimated by Monte Carlo. Due to data sparsity,

the conditional likelihood pθ (yyy |xxx) will be near zero for most source sentences randomly sampled

from q(xxx). To better estimate it, we smooth the data distribution of the original dataset D by

generating a randomly perturbed dataset D̃ .9

Table 5.5 shows the normalized mutual information Ĩ − log |D | where Ĩ denotes the

estimated mutual information. It shows that, when training with the combination of supervised

9We generate 20 perturbed sentences per source via random word dropping with probability of 0.1 and
permutation with maximum distance of 3.
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tr-en en-tr

baseline -2.47 -2.28
epoch-level IBT-1 -2.57 -2.23
epoch-level IBT-2 -2.18 -2.30
epoch-level IBT-3 -2.32 -2.42
batch-level IBT -1.51 -1.82
dual learning w/ αLM = 0 -1.50 -1.80
dual learning w/ αLM = 0.5 -1.44 -1.77

Table 5.5: Results on estimated mutual information Ĩ in the low-resource setting. We report the normalized
scores Ĩ− log |D | (on the scale of 10−4) averaged over the two test sets. The range of normalized scores
should be [− log |D |, log |D̃ ||D | ] = [−8.0,3.0].

and unsupervised objectives, the normalized mutual information is within a small range

between (−2.6 × 10−4,−1.4 × 10−4) and is lower than the maximum normalized mutual

information log |D̃ | − log |D | ≈ 3.0 by a large margin. Thus, the mutual information can be

bounded by appropriate values of Imin and Imax to satisfy the constraint. In addition, these

results confirm that updating the inference model using policy gradient in Dual Learning does

not effectively increase model’s mutual information.

5.3.5 Limitations

The findings of this work should be interpreted with several limitations in mind. First, our

empirical study is limited to two language pairs in three data settings. Further experiments are

needed to examine how the findings generalize to other language pairs (especially the extremely

low-resource languages) and data settings. In addition, we use BLEU as the quality metric for

the empirical study, while it remains unexplored how the models compare based on human

judgements.
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5.4 Summary

We contributed a theoretical framework, namely Dual Reconstruction Objective, that

unifies and theoretically grounds the comparison of existing semi-supervised learning approaches

for NMT including Back-Translation, Iterative Back-Translation (IBT) and Dual Learning.

On the theory side, we defined a dual reconstruction objective which unifies semi-

supervised NMT techniques that exploit source and target monolingual text. We proved

that optimizing this objective leads to the same global optimum as the intractable marginal

likelihood objective, where the model’s marginal distribution coincides with the prior language

distribution while also maximizing the model’s mutual information between source and target.

IBT approximates this objective more closely than Dual Learning, despite the more complex

objective and update strategies used in the latter.

We presented a systematic empirical comparison of Back-Translation, IBT, and Dual

Learning on six tasks spanning high-resource, low-resource, and cross-domain settings. Results

support the theory that the LM loss and policy gradient estimation are unnecessary in Dual

Learning, and show that IBT achieves better translation quality than Dual Learning. Analysis

confirms that in practice, the mutual information constraint required to reach an interesting

dual reconstruction optimum is satisfied through the joint optimization of the supervised and

unsupervised objectives.

This work sheds new lights on the inductive biases in semi-supervised learning algorithms

for effective integration of prior language distributions in NMT. In the next chapter, we change

our focus to another form of inductive bias, i.e. more controllable model architectures that allow

users to inject human knowledge into NMT models more easily.
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Chapter 6: Stronger Inductive Biases for Controllable Machine Translation

6.1 Introduction

Having demonstrated the effectiveness of integrating stronger inductive biases through

training algorithms, we then ask if we can strengthen the inductive biases in NMT through

more controllable model architectures and modular frameworks to allow users to inject

knowledge and communicate their intention to the model. Neural machine translation (MT)

architectures (Bahdanau et al., 2015; Vaswani et al., 2017) typically share the same inductive bias

that a translation sequence should be predicted token by token from left to right, which makes

it difficult for users to specify preferences that could be incorporated more easily in statistical

MT models (Koehn et al., 2007) and have been shown to be useful for interactive machine

translation (Barrachina et al., 2009; Foster et al., 2002) and domain adaptation (Hokamp and Liu,

2017). Lexical constraints or preferences have previously been incorporated by re-training NMT

models with constraints as inputs (Dinu et al., 2019; Song et al., 2019) or with constrained beam

search that drastically slows down decoding (Hokamp and Liu, 2017; Post and Vilar, 2018).

In this work, we introduce a translation model that can seamlessly incorporate users’

lexical choice preferences without increasing the time and computational cost at decoding

time, while being trained on regular MT samples. We apply this model to MT tasks with soft

lexical constraints. As illustrated in Figure 6.1, when decoding with soft lexical constraints,
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unconstrained MT output
constraints: plague ankle
The 29-year-old has been plagued with a troublesome ankle for two years.

Jucătorul de 29 de ani sa luptat doi ani cu problemele la gleznă.

The 29-year-old has struggled for two years with problems in the bullying.

hard-constrained MT output
The 29-year-old has been plague for two years with problems in the ankle.
soft-constrained MT output
The 29-year-old has struggled for two years with problems in the ankle.

source

reference

Figure 6.1: Romanian to English MT example. Unconstrained MT incorrectly translates “gleznă” to
“bullying”. Given constraint words “plague” and “ankle”, soft-constrained MT correctly uses “ankle”
and avoids disfluencies introduced by using “plague” as a hard constraint in its exact form.

user preferences for lexical choice in the output language are provided as an additional input

sequence of target words in any order. The goal is to let users encode terminology, domain or

stylistic preferences in target word usage, without strictly enforcing hard constraints that might

hamper NMT’s ability to generate fluent outputs.

Our model is an Edit-Based TransfOrmer with Repositioning (EDITOR), which builds

on recent progress on non-autoregressive sequence generation (Ghazvininejad et al., 2019; Lee

et al., 2018a).1 Specifically, the Levenshtein Transformer (Gu et al., 2019) showed that iteratively

refining output sequences via insertions and deletions yields a fast and flexible generation process

for MT and automatic post-editing tasks. EDITOR replaces the deletion operation with a novel

reposition operation to disentangle lexical choice from reordering decisions. As a result, EDITOR

exploits lexical constraints more effectively and efficiently than the Levenshtein Transformer,

as a single reposition operation can subsume a sequence of deletions and insertions. To train

EDITOR via imitation learning, the reposition operation is defined to preserve the ability to use

1https://github.com/Izecson/fairseq-editor
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the Levenshtein edit distance (Levenshtein, 1966) as an efficient oracle. We also introduce a dual-

path roll-in policy which lets the reposition and deletion models learn to refine their respective

outputs more effectively.

Experiments on Romanian-English, English-German, and English-Japanese MT show

that EDITOR achieves comparable or better translation quality with faster decoding speed

than the Levenshtein Transformer (Gu et al., 2019) on the standard MT tasks and exploit soft

lexical constraints better: it achieves significantly better translation quality and matches more

constraints with faster decoding speed than the Levenshtein Transformer. It also drastically

speeds up decoding compared to lexically constrained decoding algorithms (Post and Vilar,

2018). Furthermore, results highlight the benefits of soft constraints over hard ones – EDITOR

with soft constraints achieves translation quality on par or better than both EDITOR and

Levenshtein Transformer with hard constraints (Susanto et al., 2020).

6.2 EDITOR

6.2.1 Model

We cast both constrained and unconstrained language generation as an iterative sequence

refinement problem modeled by a Markov Decision Process (Y ,A ,E ,R,yyy0), where a state yyy in

the state space Y corresponds to a sequence of tokens yyy = (y1,y2, ...,yL) from the vocabulary V

up to length L, and yyy0 ∈ Y is the initial sequence For standard sequence generation tasks, yyy0

is the empty sequence (⟨s⟩,⟨/s⟩). For lexically constrained generation tasks, yyy0 consists of the

words to be used as constraints (⟨s⟩,c1, ...,cm,⟨/s⟩).

At the k-th decoding iteration, the model takes as input yyyk−1, the output from the previous
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𝒚: <s> I know how how you feel </s>

𝒓: 1 6 3 4 0 2 7 8

<s> you know how _ I feel </s>𝒚! = 𝓔(𝒚, 𝒓): 

1 2 3 4 5 6 7 8

Figure 6.2: Applying the reposition operation rrr to input yyy: ri > 0 is the 1-based index of token y′i in the
input sequence; yi is deleted if ri = 0.

iteration, chooses an action aaak ∈A to refine the sequence into yyyk = E (yyyk−1,aaak), and receives a

reward rk =R(yyyk). The policy π maps the input sequence yyyk−1 to a probability distribution P(A )

over the action space A . Our model is based on the Transformer encoder-decoder (Vaswani et al.,

2017) and we extract the decoder representations (hhh1, ...,hhhn) to make the policy predictions. Each

refinement action is based on two basic operations: reposition and insertion.

Reposition For each position i in the input sequence yyy1...n, the reposition policy πrps(r | i,yyy)

predicts an index r ∈ [0,n]: if r > 0, we place the r-th input token yr at the i-

th output position, otherwise we delete the token at that position (Figure 6.2). We

constrain πrps(1 |1,yyy) = πrps(n |n,yyy) = 1 to maintain sequence boundaries. Note that

reposition differs from typical reordering since 1) it makes it possible to delete tokens, and 2)

it places tokens at each position independently, which enables parallelization at decoding time.

In principle, the same input token can thus be placed at multiple output positions. However,

this happens rarely in practice as the policy predictor is trained to follow oracle demonstrations

which cannot contain such repetitions by design.2

The reposition classifier gives a categorical distribution over the index of the input token to

2Empirically, fewer than 1% of tokens are repositioned to more than one output position.
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be placed at each output position:

πrps(r | i,yyy) = softmax(hhhi · [bbb,eee1, ...,eeen]) (6.1)

where eee j is the embedding of the j-th token in the input sequence, and bbb ∈ Rdmodel is used

to predict whether to delete the token. The dot product in the softmax function captures the

similarity between the hidden state hhhi and each input embedding eee j or the deletion vector bbb.

Insertion Following Gu et al. (2019), the insertion operation consists of two phases: (1)

placeholder insertion: given an input sequence yyy1...n, the placeholder predictor πplh(p | i,yyy)

predicts the number of placeholders p ∈ [0,Kmax] to be inserted between two neighboring

tokens (yi,yi+1);3 (2) token prediction: given the output of the placeholder predictor, the token

predictor πtok(t | i,yyy) replaces each placeholder with an actual token.

The Placeholder Insertion Classifier gives a categorical distribution over the number of

placeholders to be inserted between every two consecutive positions:

πplh(p | i,yyy) = softmax([hhhi ; hhhi+1] ·WWW plh) (6.2)

where WWW plh ∈ R(2dmodel)×(Kmax+1).

The Token Prediction Classifier predicts the identity of each token to fill in each

placeholder:

πtok(t | i,yyy) = softmax(hhhi ·WWW tok) (6.3)

3In our implementation, we set Kmax = 255.

100



where WWW tok ∈ Rdmodel×|V |.

Action Given an input sequence yyy1...n, an action consists of repositioning tokens, inserting and

replacing placeholders. Formally, we define an action as a sequence of reposition (rrr), placeholder

insertion (ppp), and token prediction (ttt) operations: aaa= (rrr, ppp, ttt). rrr, ppp, and ttt are applied in this order

to adjust non-empty initial sequences via reposition before inserting new tokens. Each of rrr, ppp,

and ttt consists of a set of basic operations that can be applied in parallel:

rrr = {r1, ...,rn}

ppp = {p1, ..., pm−1}

ttt = {t1, ..., tl}

where m = ∑
n
i I(ri > 0) and l = ∑

m−1
i pi. We define the policy as

π(aaa|yyy) =∏
ri∈rrr

πrps(ri | i,yyy) · ∏
pi∈ppp

πplh(pi | i,yyy′′′)·

∏
ti∈ttt

πtok(ti | i,yyy′′′′′′)

with intermediate outputs yyy′′′ = E (yyy,rrr) and yyy′′′′′′ = E (yyy′′′, ppp).

6.2.2 Dual-Path Imitation Learning

We train EDITOR using imitation learning (Daumé III et al., 2009; Ross and Bagnell, 2014;

Ross et al., 2011) to efficiently explore the space of valid action sequences that can reach a

reference translation. The key idea is to construct a roll-in policy π in to generate sequences to be

refined and a roll-out policy πout to estimate cost-to-go for all possible actions given each input
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sequence. The model is trained to choose actions that minimizes the cost-to-go estimates. We use

a search-based oracle policy π∗ as the roll-out policy and train the model to imitate the optimal

actions chosen by the oracle.

Formally, dddπ in
rps

and ddd
π in

ins
denote the distributions of sequences induced by running the roll-

in policies π in
rps and π in

ins respectively. We update the model policy π = πrps ·πplh ·πtok to minimize

the expected cost C (π ; yyy,π∗) by comparing the model policy against the cost-to-go estimates

under the oracle policy π∗ given input sequences yyy:

Eyyyrps∼ddd
πin

rps

[
C (πrps ; yyyrps,π

∗)
]
+

Eyyyins∼ddd
πin

ins

[
C (πplh,πtok ; yyyins,π

∗)
] (6.4)

The cost function compares the model vs. oracle actions. As prior work suggests that cost

functions close to the cross-entropy loss are better suited to deep neural models than the squared

error (Cheng et al., 2018; Leblond et al., 2018), we define the cost function as the KL divergence

between the action distributions given by the model policy and by the oracle (Welleck et al.,

2019):

C (π ; yyy,π∗)

=DKL [ π
∗(aaa |yyy,yyy∗)||π(aaa |yyy)]

=Eaaa∼π∗(aaa |yyy,yyy∗) [− logπ(aaa |yyy)]+ const.

(6.5)

where the oracle has additional access to the reference sequence yyy∗. By minimizing the cost

function, the model learns to imitate the oracle policy without access to the reference sequence.

Next, we describe how the reposition operation is incorporated in the roll-in
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𝑦! ∼ 𝑛𝑜𝑖𝑠𝑒(𝑦∗)

𝜋#$%

𝜋#$%𝜋$&'∗ 𝜋()*

𝑦+,%

𝑦#$% 𝜋#$%∗

𝜋$&'

𝜋()* 𝜋()*∗

𝛽

1 − 𝛽

𝛼
1 − 𝛼

Dual-Path Roll-In

𝜋$&'∗

𝜋∗

Oracle Roll-Out

Figure 6.3: Our dual-path imitation learning process uses both the reposition and insertion policies during
roll-in so that they can be trained to refine each other’s outputs: Given an initial sequence yyy0, created by
noising the reference yyy∗, the roll-in policy stochastically generates intermediate sequences yyyins and yyyrps via
reposition and insertion respectively. The policy predictors are trained to minimize the costs of reaching
yyy∗ from yyyins and yyyrps estimated by the oracle policy π∗.

𝑦∗:   <s> I know how you feel </s>

𝑦":   <s> how feel you </s>

<s> I know how feel you </s><s> how you feel </s>

𝑦#$% 𝑦&'%

noise

𝜋&'% 𝜋'()∗ + 𝜋*+,

𝛼

1 − 𝛽

𝛽

1 − 𝛼

Figure 6.4: The roll-in sequence for the insertion predictor is a stochastic mixture of the noised reference yyy0

and the output by applying the model’s reposition policy πrps to yyy0. The roll-in sequence for the
reposition predictor is a stochastic mixture of the noised reference yyy0 and the output by applying the
oracle placeholder insertion policy π∗plh and the model’s token prediction policy πtok to yyy0.

policy (Section 6.2.2.1) and the oracle roll-out policy (Section 6.2.2.2).

6.2.2.1 Dual-Path Roll-in Policy

As shown in Figure 6.3, the roll-in policies π in
ins and π in

rps for the reposition and insertion

policy predictors are stochastic mixtures of the noised reference sequences and the output

sequences sampled from their corresponding dual policy predictors. Figure 6.4 shows an example
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for creating the roll-in sequences: we first create the initial sequence yyy0 by applying random

word dropping (Gu et al., 2019) and random word shuffle (Lample et al., 2018) with probability

of 0.5 and maximum shuffle distance of 3 to the reference sequence yyy∗, and produce the roll-in

sequences for each policy predictor as follows:

1. Reposition: the roll-in policy π in
rps is a stochastic mixture of the initial sequence yyy0 and the

output sequence by applying one iteration of the oracle placeholder insertion policy ppp∗ ∼

π∗ and the model’s token prediction policy t̃tt ∼ πtok to yyy0:

dddπ in
rps

=


yyy0, if u < β

E (E (yyy0, ppp∗), t̃tt), otherwise

(6.6)

where the mixture factor β ∈ [0,1] and random variable u∼ Uniform(0,1).

2. Insertion: the roll-in policy π in
ins is a stochastic mixture of the initial sequence yyy0 and the

output sequence by applying one iteration of the model’s reposition policy r̃rr ∼ πrps to yyy0:

ddd
π in

ins
=


yyy0, if u < α

E (yyy0, r̃rr), otherwise

(6.7)

where the mixture factor α ∈ [0,1] and random variable u∼ Uniform(0,1).

While Gu et al. (2019) define roll-in using only the model’s insertion policy, we call

our approach dual-path because roll-in creates two distinct intermediate sequences using the

model’s reposition or insertion policy. This makes it possible for the reposition and insertion

policy predictors to learn to refine one another’s outputs during roll-out, mimicking the iterative
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refinement process used at inference time.4

6.2.2.2 Oracle Roll-Out Policy

Policy Given an input sequence yyy and a reference sequence yyy∗, the oracle algorithm finds the

optimal action to transform yyy into yyy∗ with the minimum number of basic edit operations:

Oracle(yyy,yyy∗) = argmin
aaa

NumOps(yyy,yyy∗ |aaa) (6.8)

The associated oracle policy is defined as:

π
∗(aaa |yyy,yyy∗) =


1, if aaa = Oracle(yyy,yyy∗)

0, otherwise

(6.9)

Algorithm The reposition and insertion operations used in EDITOR are designed so that the

Levenshtein edit distance algorithm (Levenshtein, 1966) can be used as the oracle. The reposition

operation (Section 6.2.1) can be split into two distinct types of operations: (1) deletion and (2)

replacing a word with any other word appearing in the input sequence, which is a constrained

version of the Levenshtein substitution operation. As a result, we can use dynamic programming

to find the optimal action sequence in O(|yyy||yyy∗|) time. By contrast, the Levenshtein Transformer

restricts the oracle and model to insertion and deletion operations only. While in principle

substitutions can be performed indirectly by deletion and re-insertion, our results show the

benefits of using the reposition variant of the substitution operation.

4Different from the inference process, we generate the roll-in sequences by applying the model’s reposition or
insertion policy for only one iteration.
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6.2.3 Inference

During inference, we start from the initial sequence yyy0. For standard sequence generation

tasks, yyy0 is an empty sequence, whereas for lexically constrained generation yyy0 is a sequence

of lexical constraints. Inference then proceeds in the exact same way for constrained and

unconstrained tasks. The initial sequence is refined iteratively by applying a sequence of

actions (aaa1,aaa2, ...) = (rrr1, ppp1, ttt1 ; rrr2, ppp2, ttt2 ; ...). We greedily select the best action at each iteration

given the model policy in Eqs. (6.1) to (6.3). We stop refining if 1) the output sequences from

two consecutive iterations are the same (Gu et al., 2019), or 2) the maximum number of decoding

steps is reached (Ghazvininejad et al., 2019; Lee et al., 2018a).5

Incorporating Soft Constraints Although EDITOR is trained without lexical constraints, it can

be used seamlessly for MT with constraints without any change to the decoding process except

using the constraint sequence as the initial sequence.

Incorporating Hard Constraints We adopt the decoding technique introduced by Susanto et al.

(2020) to enforce hard constraints at decoding time by prohibiting deletion operations on

constraint tokens or insertions within a multi-token constraints.

6.3 Experiments

We evaluate the EDITOR model on standard (Section 6.3.2) and lexically constrained

machine translation (Sections 6.3.3–6.3.4).
5Following Stern et al. (2019), we also experiment with adding penalty for inserting “empty” placeholders during

inference by subtracting a penalty score γ = [0,3] from the logits of zero in Eq. (6.2) to avoid overly short outputs.
However, preliminary experiments show that zero penalty score achieves the best performance.
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Train Valid Test Provenance
Ro-En 599k 1911 1999 WMT16
En-De 3,961k 3000 3003 WMT14
En-Ja 2,000k 1790 1812 WAT2017

Table 6.1: MT Tasks: data statistics (# sentence pairs) and provenance per language pair.

6.3.1 Experimental Settings

Dataset Following Gu et al. (2019), we experiment on three language pairs spanning

different language families and data conditions (Table 6.1): Romanian-English (Ro-En) from

WMT16 (Bojar et al., 2016), English-German (En-De) from WMT14 (Bojar et al., 2014), and

English-Japanese (En-Ja) from WAT2017 Small-NMT Task (Nakazawa et al., 2017). We also

evaluate EDITOR on the two En-De test sets with terminology constraints released by Dinu

et al. (2019). The test sets are subsets of the WMT17 En-De test set (Bojar et al., 2017) with

terminology constraints extracted from Wiktionary and IATE.6 For each test set, they only select

the sentence pairs in which the exact target terms are used in the reference. The resulting

Wiktionary and IATE test sets contain 727 and 414 sentences respectively. We follow the same

preprocessing steps in Gu et al. (2019): we apply normalization, tokenization, true-casing, and

BPE (Sennrich et al., 2016c) with 37k and 40k operations for En-De and Ro-En. For En-Ja, we

use the provided subword vocabularies (16,384 BPE per language from SentencePiece (Kudo and

Richardson, 2018)).

Experimental Conditions We train and evaluate the following models in controlled conditions

to thoroughly evaluate EDITOR:

• Auto-Regressive Transformers (AR) built using Sockeye (Hieber et al., 2017) and

fairseq (Ott et al., 2019). We report AR baselines with both toolkits to enable fair

6Available at https://www.wiktionary.org/ and https://iate.europa.eu.
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comparisons when using our fairseq-based implementation of EDITOR and Sockeye-based

implementation of lexically constrained decoding algorithms (Post and Vilar, 2018).

• Non Auto-Regressive Transformers (NAR) In addition to EDITOR, we train a Levenshtein

Transformer (LevT) with approximately the same number of parameters. Both are

implemented using fairseq.

Model & Training Configurations All models adopt the base Transformer architecture (Vaswani

et al., 2017) with dmodel = 512, dhidden = 2048, nheads = 8, nlayers = 6, and pdropout = 0.3. For En-

De and Ro-En, the source and target embeddings are tied with the output layer weights (Nguyen

and Chiang, 2018; Press and Wolf, 2017). We add dropout to embeddings (0.1) and label

smoothing (0.1). AR models are trained with the Adam optimizer (Kingma and Ba, 2015) with

a batch size of 4096 tokens. We checkpoint models every 1000 updates. The initial learning

rate is 0.0002, and it is reduced by 30% after 4 checkpoints without validation perplexity

improvement. Training stops after 20 checkpoints without improvement. All NAR models are

trained using Adam (Kingma and Ba, 2015) with initial learning rate of 0.0005 and a batch size

of 64,800 tokens for maximum 300,000 steps.7 We select the best checkpoint based on validation

BLEU (Papineni et al., 2002). All models are trained on 8 NVIDIA V100 Tensor Core GPUs.

Knowledge Distillation We apply sequence-level knowledge distillation from autoregressive

teacher models as widely used in non-autoregressive generation (Gu et al., 2018, 2019; Lee

et al., 2018a). Specifically, when training the non-autoregressive models, we replace the

reference sequences yyy∗ in the training data with translation outputs from the AR teacher

7Our preliminary experiments and prior work show that NAR models require larger training batches than AR
models.
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model (Sockeye, with beam = 4).8 We also report the results when applying knowledge

distillation to autoregressive models.

Evaluation We evaluate translation quality via case-sensitive tokenized BLEU (as in Gu et al.

(2019))9 and RIBES (Isozaki et al., 2010), which is more sensitive to word order differences.

Before computing the scores, we tokenize the German and English outputs using Moses and

Japanese outputs using KyTea.10 For lexically constrained decoding, we report the constraint

preservation rate (CPR) in the translation outputs.

We quantify decoding speed using latency per sentence. It is computed as the average time

(in ms) required to translate the test set using batch size of one (excluding the model loading

time) divided by the number of sentences in the test set.

6.3.2 MT Tasks

Since our experiments involve two different toolkits, we first compare the same

Transformer AR models built with Sockeye and with fairseq: the AR models achieve comparable

decoding speed and translation quality regardless of toolkit – the Sockeye model obtains higher

BLEU than the fairseq model on Ro-En and En-De but lower on En-Ja (Table 6.2). Further

comparisons will therefore center on the Sockeye AR model to better compare EDITOR with the

lexically constrained decoding algorithm (Post and Vilar, 2018).

Table 6.2 also shows that knowledge distillation has a small and inconsistent impact on AR

models (Sockeye): it yields higher BLEU on Ro-En, close BLEU on En-De, and lower BLEU on

8This teacher model was selected for a fairer comparison on MT with lexical constraints.
9https://github.com/pytorch/fairseq/blob/master/fairseq/clib/libbleu/

libbleu.cpp
10http://www.phontron.com/kytea/
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Distill Beam Params BLEU ↑ RIBES ↑ Latency (ms) ↓

Ro-En

AR (fairseq) 4 64.5M 32.0 83.8 357.14
AR (sockeye) 4 64.5M 32.3 83.6 369.82
AR (sockeye) 10 64.5M 32.5 83.8 394.52
AR (sockeye) ✓ 10 64.5M 32.9 84.2 371.75
NAR: LevT ✓ – 90.9M 31.6 84.0 98.81
NAR: EDITOR ✓ – 90.9M 31.9 84.0 93.20

En-De

AR (fairseq) 4 64.9M 27.1 80.4 363.64
AR (sockeye) 4 64.9M 27.3 80.2 308.64
AR (sockeye) 10 64.9M 27.4 80.3 332.73
AR (sockeye) ✓ 10 64.9M 27.6 80.5 363.52
NAR: LevT ✓ – 91.1M 26.9 81.0 113.12
NAR: EDITOR ✓ – 91.1M 26.9 80.9 105.37

En-Ja

AR (fairseq) 4 62.4M 44.9 85.7 292.40
AR (sockeye) 4 62.4M 43.4 85.1 286.83
AR (sockeye) 10 62.4M 43.5 85.3 311.38
AR (sockeye) ✓ 10 62.4M 42.7 85.1 295.32
NAR: LevT ✓ – 106.1M 42.4 84.5 143.88
NAR: EDITOR ✓ – 106.1M 42.3 85.1 96.62

Table 6.2: Machine Translation Results. For each metric, we underline the top scores among all models
and boldface the top scores among NAR models. EDITOR decodes 6–7% faster than LevT on Ro-En and
En-De, and 33% faster on En-Ja, while achieving comparable or higher BLEU and RIBES.

En-Ja.11 Thus, we use the AR models trained without distillation in further experiments.

Next, we compare the NAR models against the AR (Sockeye) baseline. As expected, both

EDITOR and LevT achieve close translation quality to their AR teachers with 2–4 times speedup.

BLEU differences are small (∆ < 1.1) as in prior work (Gu et al., 2019). The RIBES trends

are more surprising: both NAR models significantly outperform the AR models (Sockeye) on

RIBES, except for En-Ja, where EDITOR and the AR models significantly outperforms LevT.12

This illustrates the strength of EDITOR in word reordering.

Finally, results confirm the benefits of EDITOR’s reposition operation over LevT: decoding

with EDITOR is 6–7% faster than LevT on Ro-En and En-De, and 33% faster on En-Ja – a more
11Kasai et al. (2021) found that AR models can benefit from knowledge distillation but with a Transformer large

model as a teacher, while we use the Transformer base model.
12All mentions of significance on standard MT tasks are based on the paired bootstrap test with p < 0.05 (Clark

et al., 2011).
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Distill Beam BLEU ↑ RIBES ↑ CPR ↑ Latency (ms) ↓

Ro-En

AR + DBA (sockeye) 4 31.0 79.5 99.7 436.26
AR + DBA (sockeye) 10 34.6 84.5 99.5 696.68
NAR: LevT ✓ – 31.6 83.4 80.3 121.80
+ hard constraints ✓ – 27.7 78.4 99.9 140.79
NAR: EDITOR ✓ – 33.1 85.0 86.8 108.98
+ hard constraints ✓ – 28.8 81.2 95.0 136.78

En-De

AR + DBA (sockeye) 4 26.1 74.7 99.7 434.41
AR + DBA (sockeye) 10 30.5 81.9 99.5 896.60
NAR: LevT ✓ – 27.1 80.0 75.6 127.00
+ hard constraints ✓ – 24.9 74.1 100.0 134.10
NAR: EDITOR ✓ – 28.2 81.6 88.4 121.65
+ hard constraints ✓ – 25.8 77.2 96.8 134.10

En-Ja

AR + DBA (sockeye) 4 44.3 81.6 100.0 418.71
AR + DBA (sockeye) 10 48.0 85.9 100.0 736.92
NAR: LevT ✓ – 42.8 84.0 74.3 161.17
+ hard constraints ✓ – 39.7 77.4 99.9 159.27
NAR: EDITOR ✓ – 45.3 85.7 91.3 109.50
+ hard constraints ✓ – 43.7 82.6 96.4 132.71

Table 6.3: Machine Translation with lexical constraints (averages over 5 runs). For each metric, we
underline the top scores among all models and boldface the top scores among NAR models. EDITOR

exploits constraints better than LevT. It also achieves comparable RIBES to the best AR model with 6–7
times decoding speedup.

distant language pair which requires more reordering but no inflection changes on reordered

words – with no statistically significant difference in BLEU nor RIBES, except for En-Ja, where

EDITOR significantly outperforms LevT on RIBES. Overall, EDITOR is shown to be a good

alternative to LevT on standard machine translation tasks and can also be used to replace the

AR models in settings where decoding speed matters more than small differences in translation

quality.

6.3.3 MT with Lexical Constraints

We now turn to the main evaluation of EDITOR on machine translation with lexical

constraints.

Experimental Conditions We conduct a controlled comparison of the following approaches:
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• NAR models: EDITOR and LevT view the lexical constraints as soft constraints, provided

via the initial target sequence. We also explore the decoding technique introduced in

Susanto et al. (2020) to support hard constraints.

• AR models: they use the provided target words as hard constraints enforced at decoding

time by an efficient form of constrained beam search: dynamic beam allocation

(DBA) (Post and Vilar, 2018).13

Crucially, all models, including EDITOR, are the exact same models evaluated on the standard MT

tasks above, and do not need to be trained specifically to incorporate constraints.

We define lexical constraints as Post and Vilar (2018): for each source sentence, we

randomly select one to four words from the reference as lexical constraints. We then randomly

shuffle the constraints and apply BPE to the constraint sequence. Different from the terminology

test sets in Dinu et al. (2019) which contain only several hundred sentences with mostly nominal

constraints, our constructed test sets are larger and include lexical constraints of all types.

Main Results Table 6.3 shows that EDITOR exploits the soft constraints to strike a better balance

between translation quality and decoding speed than other models. Compared to LevT, EDITOR

preserves 7–17% more constraints and achieves significantly higher translation quality (+1.1–2.5

on BLEU and +1.6–1.8 on RIBES) and faster decoding speed.14 Compared to the AR model

with beam = 4, EDITOR yields significantly higher BLEU (+1.0–2.2) and RIBES (+4.1–6.9)

with 3–4 times decoding speedup. After increasing the beam to 10, EDITOR obtains lower BLEU

13Although the beam pruning option in Post and Vilar (2018) is not used here (since it is not supported in Sockeye
anymore), other Sockeye updates improve efficiency. Constrained decoding with DBA is 1.8–2.7 times slower than
unconstrained decoding here, while DBA is 3 times slower when beam = 10 in Post and Vilar (2018).

14All mentions of significance on the lexically constrained MT tasks are based on the independent student’s t-test
with Bonferroni Correction (p < 0.05) over 5 runs.
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Figure 6.5: EDITOR improves BLEU over LevT for 2–10 constraints (counted pre-BPE) and beats the best
AR model on 2/3 tasks with 10 constraints.
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Figure 6.6: Target word F1 score binned by word test set frequency: EDITOR improves over LevT the most
for words of low or medium frequency. AR achieves higher F1 than EDITOR for words of low or medium
frequency at the cost of much longer decoding time.
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but comparable RIBES with 6–7 times decoding speedup.15 Note that AR models treat provided

words as hard constraints and therefore achieve over 99% CPR by design, while NAR models

treat them as soft constraints.

Results confirm that enforcing hard constraints increases CPR but degrades translation

quality compared to the same model using soft constraints: for LevT, it degrades BLEU by 2.2–

3.9 and RIBES by 5.0–6.6. For EDITOR, it degrades BLEU by 1.6–4.3 and RIBES by 3.1–

4.4 (Table 6.3). By contrast, EDITOR with soft constraints strikes a better balance between

translation quality and constraint preservation.

The strengths of EDITOR hold when varying the number of constraints (Figure 6.5). For

all tasks and models, adding constraints helps BLEU up to a certain point, ranging from 4 to

10 words. When excluding the slower AR model (beam = 10), EDITOR consistently reaches

the highest BLEU score with 2–10 constraints: EDITOR outperforms LevT and the AR model

with beam = 4. Consistent with Post and Vilar (2018), as the number of constraints increases,

the AR model needs larger beams to reach good performance. When the number of constraints

increases to 10, EDITOR yields higher BLEU than the AR model on En-Ja and Ro-En, even after

incurring the cost of increasing the AR beam to 10.

Are EDITOR improvements limited to preserving constraints better? We verify that this

is not the case by computing the target word F1 binned by frequency (Neubig et al., 2019).

Figure 6.6 shows that EDITOR improves over LevT across all test frequency classes and closes

the gap between NAR and AR models: the largest improvements are obtained for low and medium

frequency words – on En-De and En-Ja, the largest improvements are on words with frequency

15Post and Vilar (2018) show that the optimal beam size for DBA is 20. Our experiment on En-De shows that
increasing the beam size from 10 to 20 improves BLEU by 0.7 at the cost of doubling the decoding time.
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between 5 and 1000, while on Ro-En, EDITOR improves more on words with frequency between 5

and 100. EDITOR also improves F1 on rare words (frequency in [0,5)), but not as much as for

more frequent words.

We now conduct further analysis to better understand the factors that contribute to

EDITOR’s advantages over LevT.

Impact of Reposition We compare the average number of basic edit operations (Section 6.2.1)

of different types used by EDITOR and LevT on each test sentence (averaged over the 5 runs):

reposition (excluding deletion for controlled comparison with LevT), deletion, and insertion

performed by LevT and EDITOR at decoding time. Table 6.4 shows that LevT deletes tokens 2–3

times more often than EDITOR, which explains its lower CPR than EDITOR. LevT also inserts

tokens 1.2–1.6 times more often than EDITOR and performs 1.4 times more edit operations on En-

De and En-Ja. On Ro-En, LevT performs -4% fewer edit operations in total than EDITOR but is

overall slower than EDITOR, since multiple operations can be done in parallel at each action step.

Overall, EDITOR takes 3–40% fewer decoding iterations than LevT. These results suggest that

reposition successfully reduces redundancy in edit operations and makes decoding more efficient

by replacing sequences of insertions and deletions with a single repositioning step.

Furthermore, Figure 6.7 illustrates how reposition increases flexibility in exploiting lexical

constraints, even when they are provided in the wrong order. While LevT generates an incorrect

output by using constraints in the provided order, EDITOR’s reposition operation helps generate a

more fluent and adequate translation.
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Repos. Del. Ins. Total Iter.
Ro-En
LevT 0.00 4.61 33.05 37.67 2.01
EDITOR 8.13 2.50 28.68 39.31 1.81
En-De
LevT 0.00 7.13 45.45 52.58 2.14
EDITOR 5.85 4.01 28.75 38.61 2.07
En-Ja
LevT 0.00 5.24 32.83 38.07 2.93
EDITOR 4.73 1.69 21.64 28.06 1.76

Table 6.4: Average number of repositions (excluding deletions), deletions, insertions, and decoding
iterations to translate each sentence with soft lexical constraints (averaged over 5 runs). Thanks to
reposition operations, EDITOR uses 40–70% fewer deletions, 10–40% fewer insertions, and 3–40% fewer
decoding iterations overall.

Source: Cred că Stephen Thompson are încredere în noi .
Reference: I think Stephen Thompson has faith in us .
Constraints: faith Stephen think
LevT:

faith Stephen think

I think faith that Stephen Thom@@ p@@ son can think .

EDITOR:
[Terminate]

think Stephen faith

I think Stephen Thom@@ p@@ son has faith in us .
[Terminate]

Action 𝑎!:

𝑦" = ℰ 𝑦#, 𝑑! :

𝑦! = ℰ 𝑦′′, 𝑡! :

Action 𝑎!:

no further actions:

[plh] [plh] faith [plh] Stephen [plh] [plh] [plh] [plh] think [plh]𝑦"" = ℰ 𝑦′, 𝑝! :

faith Stephen think𝑦#:

faith Stephen think𝑦#:
𝑦" = ℰ 𝑦#, 𝑟! :
𝑦"" = ℰ 𝑦′, 𝑝! : [plh] think Stephen [plh] [plh] [plh] [plh] faith [plh] [plh] [plh]
𝑦! = ℰ 𝑦′′, 𝑡! :

no further actions:

Figure 6.7: Ro-En translation with soft lexical constraints: while LevT uses the constraints in the provided
order, EDITOR’s reposition operation helps generate a more fluent and adequate translation.

Impact of Dual-Path Roll-In Ablation experiments (Table 6.5) show that EDITOR benefits

greatly from dual-path roll-in. Replacing dual-path roll-in with the simpler roll-in policy used

in Gu et al. (2019), the model’s translation quality drops significantly (by 0.9–1.3 on BLEU

and 0.6–1.9 on RIBES) with fewer constraints preserved and slower decoding. It still achieves

better translation quality than LevT thanks to the reposition operation: specifically, it yields

significantly higher BLEU and RIBES on Ro-En, comparable BLEU and significantly higher RIBES
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BLEU ↑ RIBES ↑ CPR↑ Lat.↓
Ro-En
EDITOR 33.1 85.0 86.8 108.98
-dual-path 32.2 84.4 74.8 119.61
LevT 31.6 83.4 80.3 121.80
En-De
EDITOR 28.2 81.6 88.4 121.65
-dual-path 27.2 80.4 78.7 130.85
LevT 27.1 80.0 75.6 127.00
En-Ja
EDITOR 45.3 85.7 91.3 109.50
-dual-path 44.0 83.9 80.0 154.10
LevT 42.8 84.0 74.3 161.17

Table 6.5: Ablating the dual-path roll-in policy hurts EDITOR on soft-constrained MT, but still outperforms
LevT, confirming that reposition and dual-path imitation learning both benefit EDITOR.

on En-De, and comparable RIBES and significantly higher BLEU on En-Ja than LevT.

6.3.4 MT with Terminology Constraints

We evaluate EDITOR on the terminology test sets released by Dinu et al. (2019) to test its

ability to incorporate terminology constraints and to further compare it with prior work (Dinu

et al., 2019; Post and Vilar, 2018; Susanto et al., 2020).

Compared to Post and Vilar (2018) and Dinu et al. (2019), EDITOR with soft constraints

achieves higher absolute BLEU, and higher BLEU improvements over its counterpart without

constraints (Table 6.6). Consistent with previous findings by Susanto et al. (2020), incorporating

soft constraints in LevT improves BLEU by +0.3 on Wiktionary and by +0.4 on IATE. Enforcing

hard constraints as in Susanto et al. (2020) increases the term usage by +8–10% and improves

BLEU by +0.3–0.6 over LevT using soft constraints.16 For EDITOR, adding soft constraints

improves BLEU by +0.5 on Wiktionary and +0.9 on IATE, with very high term usages (96.8% and

16We use our implementations of Susanto et al. (2020)’s technique for a more controlled comparison. The LevT
baseline in Susanto et al. (2020) achieves higher BLEU than ours on the small Wiktionary and IATE test sets, while
it underperforms our LevT on the full WMT14 test set (26.5 vs. 26.9).
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Wiktionary IATE
Term%↑ BLEU ↑ Term%↑ BLEU ↑

Prior Results
Base Trans. 76.9 26.0 76.3 25.8
Post18 99.5 25.8 82.0 25.3
Dinu19 93.4 26.3 94.5 26.0
Base LevT 81.1 30.2 80.3 29.0
Susanto20 100.0 31.2 100.0 30.1
Our Results
LevT 84.3 28.2 83.9 27.9
+ soft constraints 90.5 28.5 92.5 28.3
+ hard constraints 100.0 28.8 100.0 28.9
EDITOR 83.5 28.8 83.0 27.9
+ soft constraints 96.8 29.3 97.1 28.8
+ hard constraints 99.8 29.3 100.0 28.9

Table 6.6: Term usage percentage (Term%) and BLEU scores of En-De models on terminology test
sets (Dinu et al., 2019) provided with correct terminology entries (exact matches on both source and target
sides). EDITOR with soft constraints achieves higher BLEU than LevT with soft constraints, and on par or
higher BLEU than LevT with hard constraints.

97.1% respectively). EDITOR thus correctly uses the provided terms almost all the time when they

are provided as soft constraints, so there is little benefit to enforcing hard constraints instead: they

help close the small gap to reach 100% term usage and do not improve BLEU. Overall, EDITOR

achieves on par or higher BLEU than LevT with hard constraints.

Results also suggest that EDITOR can handle phrasal constraints even though it relies on

token-level edit operations, since it achieves above 99% term usage on the terminology test sets

where 26–27% of the constraints are multi-token.

6.3.5 Limitations

The findings of this work should be interpreted with several limitations in mind. First, we

evaluate EDITOR on three translation tasks ranging from medium to high-resource settings, while

it remains an open question how EDITOR would perform in other settings, especially in the truly

low-resource settings. Second, we compare the decoding speed of AR and NAR models based
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on latency (i.e. decoding with a batch size of 1 on a single GPU), while Helcl et al. (2022);

Kasai et al. (2021) point out that AR models can achieve competitive or even faster decoding

speed than NAR models when using larger batch sizes on standard MT tasks. Thus, further

experiments are needed to systematically compare the decoding speed of these models under

various batching and hardware setups on lexically constrained MT. Finally, in the experiments

of lexically constrained MT, the constraints are automatically extracted and matched with the

reference, while in real applications, the constraints are typically provided by users or extracted

from dictionaries. Therefore, it needs to be further investigated how EDITOR performs in more

realistic settings and how humans perceive the outputs and affordances of EDITOR.

6.4 Summary

We introduced EDITOR, a non-autoregressive transformer model that iteratively edits

hypotheses using a novel reposition operation. Reposition combined with a new dual-path

imitation learning strategy helps EDITOR generate output sequences that can be flexibly

controlled by user’s lexical choice preferences. Extensive experiments show that EDITOR exploits

soft lexical constraints more effectively than the Levenshtein Transformer (Gu et al., 2019) while

speeding up decoding dramatically compared to constrained beam search (Post and Vilar, 2018).

Results also confirm the benefits of using soft constraints over hard ones in terms of translation

quality. EDITOR also achieves comparable or better translation quality with faster decoding speed

than the Levenshtein Transformer on three standard MT tasks.

This work also leaves open questions. For example, can we incorporate users’ preferences

or constraints in more flexible forms? For example, it would be easier for users to provide
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constraints in dictionary forms without having to predict their inflection forms based on the

sentence-level context. We aim to answer this question in the next chapter by introducing a

modular framework for inflecting and incorporating the lemma-form constraints in NMT.
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Chapter 7: Stronger Inductive Biases for Flexible Constraint Integration

7.1 Introduction

In the previous chapter, we mainly focus on incorporating constraint terms in the output

exactly as given. This is problematic when translating into morphologically rich languages

where constraints need be adequately inflected in the output, while it is more natural and flexible

to provide constraints as lemmas as in a dictionary. Thus in this chapter, we aim to design a

framework that can automatically inflect and incorporate lemma-form constraints in NMT outputs.

To the best of our knowledge, only one paper has directly addressed this problem for

neural MT: (Bergmanis and Pinnis, 2021) design an NMT model trained to copy-and-inflect the

constraint words using target lemma annotations (TLA) — TLA are synthetic training samples

where the source sentence is tagged with automatically generated lemma constraints. While this

approach improves translation quality, the end-to-end training set-up prevents fast adaptation to

lemmas and inflected forms that are rare or unseen at training time. Its impact is also limited to a

specific neural architecture, and it is unclear whether its benefits port to more generic sequence-

to-sequence models.

In this chapter, we introduce a modular framework for inflecting and integrating constraint

terms in NMT. It relies on a cross-lingual inflection module that predicts the inflected form

of each lemma constraint based on the source context only. The inflected lemmas can then

122



be incorporated into NMT using any of the aforementioned constrained NMT techniques.

Compared with TLA, this framework is more flexible, as it can be applied to diverse types of

NMT architectures and inflection modules, and facilitates fast adaptation to new terms without

retraining the base NMT model from scratch. This flexibility is enabled by the cross-lingual

nature of the inflection module, which predicts the inflected form of each target lemma based on

the source context only. This differs from traditional inflection models that predict the inflected

forms based on pre-specified morphological tags or monolingual target context.

Based on this framework, we make the following contributions:

• We construct and release test suites to evaluate models’ ability to inflect constraint terms

for domain adaptation (English-German Health) and low-resource MT (English-Lithuanian

News).

• We show that integrating linguistic knowledge through a simple rule-based inflection

module improves over its neural counterpart in intrinsic and end-to-end MT evaluations.

• Our framework improves autoregressive and non-autoregressive translation, and

outperforms the existing TLA approach for inflecting lemma constraints. We open-source

the code to facilitate replication and extensions.

7.2 Inflecting Target Lemmas Given the Source Context

We introduce a modular framework for inflecting terminology constraints for NMT, where

we first build an inflection module that predicts the inflected form of each target lemma term

based on the source sentence and then incorporate the inflected constraints in NMT using any of

the aforementioned techniques. By framing the problem this way, we assume that the inflected
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forms can be inferred based only on the source context and integrated in a fluent translation

by NMT models. In cases where there are multiple possible inflected forms corresponding to

different ways of translating the source, the inflection module can predict one of the possible

forms, and the NMT model can generate a translation conditioned on the predicted forms of the

constraints. Compared with Bergmanis and Pinnis (2021), our framework is more flexible – it

can be combined with any NMT model that enables translation with constraints and can leverage

diverse types of morphological inflection modules in which linguistic knowledge can be easily

incorporated.

Formally, given a source sequence xxx and k target lemma words z̄zz = (z̄1, z̄2, ..., z̄k) that need

to be inflected, the inflection module Θ predicts the inflected form of each target lemma zzz =

(z1,z2, ...,zk) independently:

p(zzz |xxx, z̄zz;Θ) =
k

∏
i=1

p(zi |xxx, z̄i;Θ) (7.1)

7.2.1 Rule-Based Inflection Module

One can predict the inflected form of a target word given its lemma and the source context

in two steps: first predict the morphological tag of the target word based on the source context,

and then predict the inflected form based on the lemma and morphological tag. The second step

can be modeled using traditional inflection models (Cotterell et al., 2017), while the first step

can be performed using rule-based inference based on linguistic knowledge. McCarthy et al.

(2020) present a universal morphological (UniMorph) paradigm with universal morphological

tags for hundreds of world languages. In UniMorph, the morphological tag of a verb includes
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information about the tense (past, present, or future), mood (indicative, conditional, imperative,

or subjunctive), the number (singular or plural) and person (first, second, or third person) of

the subject. The tag of a noun or adjective includes information about gender (masculine

or feminine), number, and grammatical case. Some of these can be inferred from the target

lemma (e.g. the gender of a noun) or the source term (e.g. the number of a noun), while

some others need to be inferred based on the grammatical function of the source term in the

sentence (e.g. grammatical case) or the sentence-level semantics (e.g. mood). Many of the

inference rules are shared across a wide range of languages, except for the tense and mood of

verbs, as well as the gender and some grammatical cases of nouns and adjectives.

In our rule-based inflection module, we extract the morphological features, part-of-speech

tags, and dependency parsing tree of the source sentence using pre-trained Stanza models1 and

infer the aforementioned classes based on grammar rules and validation examples. The tense

and mood of a verb are inferred from the morphological form of the corresponding source term,2

while the number and person of its subject are inferred based on the morphological form of its

subject. For nouns and adjectives, the number can be inferred from the morphological form of

the source term or modified noun, while the gender can be determined based on the target lemma.

To infer the grammatical case of a noun or adjective, one needs to infer about the

grammatical role of the source term in the sentence. For example, in Lithuanian, there are

seven main cases, including nominative, genitive, dative, accusative, instrumental, locative,

and vocative cases. Figure 7.1 shows examples of how the case of a Lithuanian noun can be

inferred from the dependency parsing tree of the source sentence. Some of the cases can be

1https://github.com/stanfordnlp/stanza
2We ignore tense and mood types that cannot be inferred from the source term.
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Source: It was a violin
Reference: Tai buvo smuikas
Constraints: violin -> smuikas

violin

It

nsubj

was a

cop
det

(a) Nominative Case

Source: They bought the violin
Reference: Jie nusipirko smuiką
Constraints: violin -> smuikas

bought

They violin

the

nsubj obj

det

(b) Accusative Case

Source: He plays violin
Reference: Jis groja smuiku
Constraints: violin -> smuikas

plays

He violin

nsubj obj

(c) Instrumental Case
Figure 7.1: Examples showing how the grammatical case of a target lemma is inferred from the dependency
parsing tree of the source sentence. In each example, the reference usage of the target constraint is
underlined, and its corresponding source term is boldfaced and highlighted in the yellow, outlined box
in each dependency tree. Figure (a) shows an example where the constraint term “smuikas” is used in
nominative case in the reference, since it is the root in the dependency tree. In Figure (b), the same
constraint term is used in accusative case in the reference, since it is the object of the root verb “bought”.
However, not all objects should be used in accusative case. As shown in Figure (c), “smuikas” is used in
instrumental case, since it serves as the instrument with which the subject performs the action.

easily distinguished from the others, while some are more difficult to infer. In this example, the

nominative case is comparatively easy to infer – the noun should be in the nominative case when

the corresponding source term is the root or subject of the sentence. However, to distinguish

between dative, accusative, instrumental, and locative cases, one needs to infer based on the

grammatical and semantic role of the source term. In our rule-based module, we only take into

account the most common scenarios.3

Finally, given a lemma and its morphological tag, one can look up its inflected form in a

morphological dictionary. We use DEMorphy (Altinok, 2018) for German and Wiktionary4 for

Lithuanian. Since most Lithuanian nouns follow a set of declension rules,5 we inflect Lithuanian

nouns based on the rules for lemmas unseen in the dictionary.

3Our code only includes a few simple inference rules written by non-expert based on the grammar knowledge
from Wikipedia pages.

4https://www.wiktionary.org/
5https://en.wikipedia.org/wiki/Lithuanian_declension
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7.2.2 Neural Inflection Module

As prior work shows that BERT-style architectures (Devlin et al., 2019) can encode

morphological information in their hidden representations and disambiguate morphologically

ambiguous forms via contextualized encoding (Edmiston, 2020), we build the neural-based

inflection module as a substitution model and base it on the encoder-decoder Transformer

architecture, which embeds the source sentence through the encoder and the target lemmas

through the decoder. Next, the decoder predicts the inflected form of each target word in

parallel. The inflection module resembles the architecture of the conditional masked language

model (CMLM) (Ghazvininejad et al., 2019) but differs in decoder input and output: CMLM takes

the target sentence with some tokens masked out as input and is trained to predict only the masked

tokens conditioned on unmasked ones, while our inflection module takes target tokens in their

lemma forms as input and predicts their inflected forms.

CMLM only allows for one-to-one substitution of subwords. However, in the case of

inflection, the number of subwords that constitute a lemma and its inflected form may differ. To

facilitate varying-length substitution, we construct the decoder input by inserting K placeholders

at the end of each target lemma. Next, the model predicts the token t ∈ V ∪ {[PLH]} to be

inserted at each input position. If t = [PLH], we delete the token at this position, otherwise we

replace the token at this position with t.6

6So for instance, given the input “freeze [PLH] [PLH]”, the model could predict the output “fro@@ zen [PLH]”.
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7.3 Evaluation Test Suites

To evaluate the models’ ability to incorporate diverse types of lemma constraints in

different context, we choose the two morphologically complex languages – German and

Lithuanian – as the target languages, both of which are fusional languages with strong suffixing.

We create two test suites – the English→German health test suite7 to evaluate models in the

domain adaptation scenario and English→Lithuanian news test suite to test models in the low-

resource setting. Different from the automotive test suite of Bergmanis and Pinnis (2021), which

contains short sentences (15 tokens per source sentence on average) annotated with limited types

of constraints (mostly nouns and proper nouns), our test suites contains longer sentences (20 and

25 tokens per source sentence on average) and diverse types of constraints including adjectives,

nouns, proper nouns, and verbs. Different from the upcoming WMT21 terminology task8 where

the terminology translation table includes different forms for a given source term, our test suites

only provides terminology translations in lemma forms.

Health Test Suite We construct the health test suite to test the models’ ability to integrate

terminology translations for fast domain adaptation. The test set contains English health

information text annotated with domain-specific terminology translations and the human-

translated sentences in German. We extract English→German test examples from the

Himl Test Set,9 which consists of English health information texts manually translated into

German. We extract keyphrases from each source sentence using Yet Another Keyword

7To the best of our knowledge, there is no public health (or any non-news) domain MT test set for
English→Lithuanian.

8http://statmt.org/wmt21/terminology-task.html
9http://www.himl.eu/test-sets
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Source Constraints Reference

En-De Health

The routine use of
abdominal drainage to reduce
postoperative complications after
appendectomy for complicated
appendicitis is controversial.

abdominal
abdominell
appendectomy
Appendektomie
appendicitis
Appendizitis

Die routinemäßige Verwendung
von abdomineller Drainage zur
Verminderung postoperativer
Komplikationen nach einer
Appendektomie bei komplizierter
Appendizitis ist umstritten.

En-Lt News

A fire in 1939 left the building
badly damaged, but as Father
Johnson’s parishioners made plans
to rebuild , they commissioned the
carillon.

Johnson
Johnsonas
carillon
karilionas

1939 m. kilęs gaisras smarkiai
apgadino pastatą, tačiau Tėvo
Johnsono parapijiečiai planavo jį
atstatyti, todėl užsakė karilioną.

The expert who played the
carillon in July called it something
else: “A cultural treasure” and
“an irreplaceable historical
instrument”.

carillon
karilionas

Liepos mėnesį karilionu grojęs
ekspertas pavadino jį kitaip:
“kultūros lobiu” ir “nepakeičiamu
istoriniu instrumentu”.

Table 7.1: Examples from the English→German (En-De) health and English→Lithuanian (En-Lt) news
test suites. For En-Lt, we select two examples from the same document. The annotated source
terms are boldfaced and the target constraint terms are underlined. Some terms can be copied to the
target (e.g. “Lymphödem” and “klinisch” in En-De), while some others need to be inflected in the target
sentence (italicized).

#Sent #Const #Const.Inf

Health 3000 4589 802
News 823 374 132

Table 7.2: Number of sentences (#Sent), constraints (#Const), and constraints that need to be
inflected (#Const.Inf ) in the health and news test suites.

Extractor (YAKE) (Campos et al., 2020)10 and filter out phrases with high or medium frequency

in the training corpora since they are mostly common and domain-generic phrases.11 We extract

terminology translations from WikiTitles12 and an online English-German dictionary,13 and

annotate the keyphrases whose dictionary translations match the reference translation. As shown

in Table 7.1, each source sentence in the test set is annotated with health-related terminology

translations in the lemma forms, some of which can be directly copied to the final translation

10YAKE extracts n-grams as keyphrases based on word casing, frequency, position, and their sentence context.
11We filter out keyphrases with frequency > 100 in the WMT news training data.
12http://data.statmt.org/wikititles/v1/ and http://data.statmt.org/wikititles/

v2/
13https://www.dict.cc/
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while some need to be inflected based on the context.

News Test Suite The news test suite simulates the scenario where a user looks up keyphrases

of a document in a bilingual dictionary and pick the top translation for each keyphrase as a

constraint to help low-resource MT. We choose English→Lithuanian as an example of low-

resource translation. The test suite is constructed from English→Lithuanian test examples

from WMT 2019 news test sets. We first extract keyphrases from each source document using

YAKE. Then, we find the top translation of each keyphrase (for many terms there’s only one

translation available) in an online dictionary.14 We filter out the keyphrases whose translations

do not match the reference. Table 7.1 shows two examples from the same document in the test

suite. All occurrences of a keyphrase in one document are annotated with its target translation to

encourage consistent translation of keyphrases within a document.15 Table 7.2 shows the number

of sentences and constraints in each test suite.

7.4 Experiments

7.4.1 Experimental Settings

Training Data For English→German (En-De), we use the training corpora from WMT14 (Bojar

et al., 2014) and newstest2013 for validation. For English→Lithuanian, we use the training data

from WMT19 (Barrault et al., 2019) and newsdev2019 as the validation set. For preprocessing,

we apply normalization, tokenization, true-casing, and BPE (Sennrich et al., 2016c) with 37,000

14https://lithuanian.english-dictionary.help
15Interestingly, in Lithuanian, the masculine foreign names are usually translated by appending a suffix to the

name to reflect their inflection forms. In this example, the foreign name “Johnson” is translated into “Johnsonas” in
the nominative form in the dictionary, while in the reference it becomes “Johnsono” in the genitive form.
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and 24,500 merging operations for En-De and En-Lt. Table 7.3 shows the provenance and

statistics of the preprocessed data.

Train Valid Provenance
En-De 3,961k 3,000 WMT14
En-Lt 1,612k 1,964 WMT19

Table 7.3: Number of sentence pairs and provenance of the training and validation data.

Baselines We compare our model with the following baselines:

• Auto-Regressive (AR) baseline without integrating terminology constraints.

• AR with Constrained Decoding (CD) to incorporate hard constraints (Post, 2018).

• AR with Target Lemma Annotation (TLA) that integrates lemma constraints as an

additional input stream on the source side (Bergmanis and Pinnis, 2021).

• Non-AutoRegressive (NAR) baseline based on the EDITOR model (Xu and Carpuat,

2021b).

• NAR with constraints (NAR+C) that integrates constraints as the initial sequence in

EDITOR without explicit inflection.

MT Models All models are based on the base Transformer (Vaswani et al., 2017) with dmodel =

512, dhidden = 2048, nheads = 8, nlayers = 6, and pdropout = 0.3. We tie the source and target

embeddings with the output layer weights (Nguyen and Chiang, 2018; Press and Wolf, 2017). We

add dropout to embeddings (0.1) and label smoothing (0.1). All models are trained with the Adam

optimizer (Kingma and Ba, 2015) with initial learning rate of 0.0005 and effective batch sizes

of 32k tokens for AR models and 64k tokens for NAR models for maximum 300,000 steps.16 We

16As shown in prior work, the batch sizes for training non-autoregressive models are typically larger than the AR
model (Zhou et al., 2020).

131



select the best checkpoint based on validation perplexity. Following Xu and Carpuat (2021b), we

train NAR models using sequence-level knowledge distillation: we replace the reference sentences

in the training data with translation outputs from the AR models. For decoding, we use beam

search with a beam size of 4 for AR and AR with TLA, while for AR with CD we use a beam size

of 20 as suggested in prior work (Post and Vilar, 2018). To enhance constraint usage in NAR

models, we adopt the techniques by Susanto et al. (2020): we prohibit deletions on constraint

tokens or insertions within the constraint segments.

Neural Inflection Model Its synthetic training data is derived from the MT parallel data. We first

lemmatise and part-of-speech tag the target sentences using Stanza. We then randomly select

adjectives, verbs, nouns, and proper nouns from each target sentence and train the inflection

module to predict their inflected forms based on their lemma forms and the source sentence.

Following Bergmanis and Pinnis (2021), we draw the proportion of words selected in each target

sentence randomly from the uniform distribution between (0,0.4]. For training, we initialize its

encoder parameters using the NAR baseline encoder and train it using Adam optimizer with a

batch size of 32k tokens for maximum 200k steps.

All models are trained on 2 GeForce GTX 1080 Ti GPUs. Table 7.4 shows the number of

parameters in each model.

Evaluation We evaluate translation quality using sacreBLEU (Post, 2018). To evaluate how

well the translation preferences are incorporated in the translation outputs, we measure lemma

usage rate by first lemmatising the translation output and then computing the percentage of

lemma terms that appear in the lemmatised output. To evaluate whether the terms are inflected
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Model Size (M)

En-De
AR 65
AR w/ CD 65
AR w/ TLA 65
NAR 91
rule-based inflection 0
neural-based inflection 86

En-Lt
AR 57
AR w/ CD 57
AR w/ TLA 58
NAR 84
rule-based inflection 0
neural-based inflection 72

Table 7.4: Model sizes (M) for the AR, NAR, and inflection models.

correctly, we measure term usage accuracy by matching each lemma constraint with its inflected

form in the reference and computing the percentage of reference inflected terms that appear in

the translation output.

7.4.2 Results and Discussion

Intrinsic Inflection Accuracy To evaluate the quality of the inflection modules, we first compare

the inflection accuracy of neural-based and rule-based inflection modules against the term usage

accuracy of the TLA model. The rule-based inflection module achieves higher inflection accuracy

than the neural-based module on both test suites: the neural-based module obtains 81.2%

accuracy on En-De health set and 15.4% accuracy on En-Lt news set, while the rule-based module

achieves 87.6% accuracy on En-De and 77.4% accuracy on En-Lt. The rule-based module

achieves close accuracy to TLA on En-De (89.2% term usage accuracy) and higher accuracy

on En-Lt (67.9% term usage accuracy).

To investigate why the neural-based inflection underperforms the rule-based one, we
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Figure 7.2: Learning curves of the training and validation perplexity for the En-De and En-Lt neural-based
inflection modules.

examine how the training and validation perplexity changes over the number of training

epochs (Figure 7.2). On both languages, the validation perplexity stops decreasing after a few

training epochs (10 epochs for En-De and 20 epochs for En-Lt) while the training perplexity

decreases very slowly. The final training perplexity remains at around 5.1 on En-De and 5.7

on En-Lt, which is high considering the number of possible inflection forms given a German

or Lithuanian lemma. This indicates that the neural-based module does not learn generalizable

inflection rules from the data effectively.
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BLEU
Lemma Usage Term Usage

All No Inf Inf All No Inf Inf

En-De Health
AR baseline 31.9 61.2 61.1 61.6 56.7 59.6 43.0
AR w/ CD 33.4 98.6 99.1 96.3 82.6 99.1 4.5
AR w/ TLA 33.8 96.6 97.0 95.0 89.2 94.6 63.6
NAR baseline 31.0 56.1 56.4 54.7 52.8 55.2 41.3
NAR+C 31.1 99.0 99.1 98.5 82.0 99.1 1.4

AR w/ CD + neural 33.3 95.6 95.9 91.1 81.0 91.1 33.3
AR w/ TLA + neural 33.6 94.5 95.1 91.9 85.5 90.2 63.5
NAR+C + neural 30.9 95.6 95.8 94.9 81.1 91.1 33.8

AR w/ CD + rule 33.7 96.8 96.8 97.0 87.3 95.0 51.0
AR w/ TLA + rule 33.9 95.2 95.5 94.1 87.9 92.1 68.0
NAR+C + rule 31.7 97.1 97.0 97.5 87.1 95.0 49.5

En-Lt News
AR baseline 14.1 64.7 76.9 42.4 55.3 74.0 21.2
AR w/ CD 13.8 89.8 99.6 72.0 65.2 98.8 3.8
AR w/ TLA 14.4 81.5 90.1 65.9 67.9 88.0 31.1
NAR baseline 14.3 59.4 69.0 41.7 52.7 67.8 25.0
NAR+C 14.3 89.8 99.2 72.7 64.7 98.3 3.0

AR w/ CD + neural 13.5 82.4 85.1 77.3 57.2 75.2 24.2
AR w/ TLA + neural 14.2 81.6 86.8 72.0 63.1 78.5 34.8
NAR+C + neural 14.0 83.7 88.0 75.8 58.0 77.7 22.0

AR w/ CD + rule 13.9 93.0 97.5 84.8 75.9 94.2 42.4
AR w/ TLA + rule 14.3 85.3 90.5 75.8 70.3 87.2 39.4
NAR+C + rule 14.3 93.3 97.1 86.4 75.7 94.2 41.7

Table 7.5: BLEU, lemma, and term usage rates on the En-De health and En-Lt news test suites. For lemma
and term usage, we report scores on all constraints (All), constraints that require no inflection (No Inf ),
and constraints that require inflection (Inf ).

End-to-End MT Evaluation Table 7.5 shows the impact of rule-based and neural-based inflection

modules on top of a range of AR and NAR baselines. NAR baselines without constraints achieves

competitive BLEU to the AR baseline on En-Lt and slightly lower BLEU on En-De, as in Xu and

Carpuat (2021b). Given lemma constraints, AR with CD without inflection obtains lower term

usage accuracy and lower BLEU than AR with TLA, as in Bergmanis and Pinnis (2021). Similar

to AR with CD, NAR+C without inflection obtains lower term usage and close or lower BLEU than

AR with TLA.

Adding rule-based inflection helps all models leverage lemma constraints more accurately.

135



On En-De, it significantly improves term usage accuracy of AR with CD by +4.7% and NAR+C

models by +5.1%.17 On En-Lt, it significantly improves both the lemma usage rate and term

usage accuracy of AR with CD (+3.2% on lemma usage and +10.7% on term usage) and

NAR+C (+3.5% on lemma usage and +11.0% on term usage). Remarkably, it also improves

the term accuracy of En-Lt AR with TLA, which is already trained to inflect the target lemma

constraints. When evaluating only on constraints that require inflection, the rule-based modules

improves by 4.4–8.3% on TLA, 38.6–46.5% on CD, and 38.7–48.1% on NAR+C. As expected

based on inflection accuracy results, rule-based modules outperform neural-based ones across

the board. These improvements in term usage preserve or slightly improve BLEU.18, as can be

expected since the constraints only constitute a small portion of the tokens in the translation

outputs. Overall, these results indicate that our proposed framework is model-agnostic and

supports our hypothesis that the lemma constraints can be effectively inflected based on the

source context alone.

We now compare our framework against TLA. Rule-based inflection combined with NAR+C

achieves close lemma and term usage rates (∆ ≤ 2%) to TLA on En-De, +11.8% higher lemma

usage, and +7.8% higher term usage accuracy on En-Lt (the improvements are significant). On

En-Lt, the largest improvements are on constraints that require inflection: +20.5% on lemma

usage and +10.6% on term usage. Incorporating the constraints preserves translation quality,

with no significant difference in BLEU. Overall, these results show the benefits of integrating

linguistic knowledge via rule-based inflection over purely data-driven approaches. Our approach

is also more adaptive, as NAR+C with rule-based inflection does not require re-training the whole

17All mentions of significance are based on the paired bootstrap test (Clark et al., 2011) with p < 0.05.
18The improvements on BLEU is statistically significant for NAR+C on En-De, but not for other models.

136



0 [1, 5) [5, 30) [30, 100)

Term Frequency
0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

Te
rm

 U
sa

ge
 A

cc
ur

ac
y

TLA
CD+Rule
EDITOR+C+Rule

(a) En-De

0 [1, 5) [5, 30) [30, 100)

Term Frequency
0.4

0.5

0.6

0.7

0.8

0.9

Te
rm

 U
sa

ge
 A

cc
ur

ac
y

(b) En-Lt
Figure 7.3: Term usage accuracy of TLA, CD + rule, and NAR+C + rule binned by training set frequency.

NMT model to incorporate new lemma terms. Instead, new terms can be incorporated by updating

the morphological dictionary used in the inflection module.

Cost Trade-offs Implementing the rule-based inflection module for the first target language

(Lithuanian) took around 6 hours (including the time for learning the grammar knowledge from

Wikipedia) by a computer scientist without prior knowledge of the target language nor formal

linguistics training. The second language (German) implementation took only 3 hours, since

some rules are shared across languages. By contrast, the neural-based module was implemented

in about 3 hours but took around 38 hours to train a single model for one language pair on 2

GeForce GTX 1080 Ti GPUs. While these numbers do not provide a controlled comparison,

they highlight that the rule-based module is relatively simple to build, as it can be done for both

languages in 7-15% of the time required to train the neural model.

Term Frequency We analyze where rule-based inflection helps the most by computing the term

usage accuracy on terms in different frequency bucket. As shown in Figure 7.3, the trends

are different on En-De and En-Lt. On En-De, CD + rule slightly improves TLA on terms

with frequency between [5,100) instead of the rare terms. One reason is that the German
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source
Jim Furyk’s side need eight points from Sunday’s 12 singles matches
to retain the trophy.

reference
Jimo Furyko komandai reikia gauti aštuonis taškus sekmadienio 12
vienetų mačuose, kad išsaugotų trofėjų.

constraints trophy: trofėjus
reference inflection trophy: trofėjų (singular, accusative)

TLA
Jim Furyk ’s pusėje reikia aštuonių taškų iš sekmadienio 12 pažintys
rungtynes išlaikyti trofėjus.

TLA + rule
Jim Furyk ’s pusėje reikia aštuonių taškų iš sekmadienio 12 pažintys
rungtynes išlaikyti trofėjų.

source In December 2017, he was accused of assaulting his father, Todd Palin.

reference
2017 m. gruodžio mėnesį jis buvo apkaltintas smurtu prieš savo tėvą
Toddą Paliną.

constraints Palin: Palinas
reference inflection Palin: Paliną (singular, accusative)

NAR+C
2017 m. gruodžio mėn. jis buvo apkaltintas užpuolimu jo tėvas Toddas
Palinas.

NAR+C + rule
2017 m. gruodžio mėn. jis buvo apkaltintas užpuolęs tėvą Toddą
Paliną.

Table 7.6: Translation examples comparing TLA + rule against TLA, and NAR+C + rule against NAR+C on
En-Lt. We boldface the source terms with translation constraints and underline the target constraint terms
used in the reference and translation outputs.

morphological dictionary that we use to determine the gender of a word and its inflection forms

only covers around 70% of the constraint terms in the health test suite. In addition, NAR+C +

rule underperforms CD + rule on some constraint terms with frequency between [30,100). This

might be a side effect of knowledge distillation, which yields frequent errors for words that are

rare in the training data (Ding et al., 2021). In En-Lt test set, 68% of the constraint terms are used

in the inflection forms that are unseen in the training data. As shown in the figure, both CD +

rule and NAR+C + rule bring substantial improvements over TLA on terms that are unseen in the

training data. This is because most Lithuanian nouns and adjectives are inflected based on a fixed

set of rules, thus even when the target lemma is unseen in the training data or morphological

dictionary, it can still be inflected correctly. As a result, the rule-based inflection module can

effectively incorporate linguistic knowledge in translation models and thus generalizes better to
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rare and unseen terms.

Qualitative Analysis We examine a few randomly selected translation examples from TLA,

NAR+C, and their counterparts with rule-based inflection. As shown in Table 7.6, TLA tends to

copy constraint terms that are infrequent in the training data, and adding the rule-based inflection

module helps TLA inflect the term correctly instead. In NAR+C models, the inflection module

also improves the translation of the context around constraint terms, while the vanilla NAR+C

model is prone to compounding errors caused by the uninflected constraints.

7.4.3 Limitations

The findings of this work should be interpreted with several limitations in mind. First,

we limit our experiments to two language pairs, so it remains to be explored how the proposed

framework works on languages with different degrees of inflections. Second, we evaluate models

in the setting where the terminology constraints are automatically extracted and matched with

the reference, and rely on automatic metrics to evaluate translation quality and the accuracy

of constraint incorporation. Thus, further experiments are needed to assess how the proposed

framework performs in more realistic settings where the terminology constraints are provided by

end users.

7.5 Summary

We introduced a modular framework for incorporating lexical constraints in more flexible

forms in NMT. The framework is based on a novel cross-lingual inflection module that inflects

the target lemma constraints given source context and an NMT model that integrates the inflected
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constraints in the output. We showed that our framework can be flexibly applied to different types

of inflection modules, including rule-based and neural-based ones, and different NMT models,

including autoregressive and non-autoregressive ones, with minimal training costs. Results on

the English-German and English-Lithuanian test suites showed that the linguistically motivated

rule-based inflection module helps NMT models incorporate constraint terms more accurately

than both neural-based inflection and the existing end-to-end approach to incorporating lemma

constraints.
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Chapter 8: Conclusion and Future Work

8.1 Conclusion

This dissertation introduced training algorithms and model architectures that embed

stronger inductive biases in neural sequence generation models for more sample-efficient and

controllable neural machine translation (NMT). Furthermore, we investigated the inductive and

spurious biases in existing models and learning algorithms for NMT, which paved the road for

future studies to further improve the translation quality by strengthening the inductive biases and

reducing the spurious biases.

First, we showed that by introducing stronger inductive biases through supervised learning

algorithms, we can mitigate exposure bias – a well-known undesirable bias that hinders NMT

models from generalizing from training to the inference scenario. We proposed a differentiable

sampling algorithm to address the problem by exposing NMT models to its own predictions during

training and providing reliable error signals by flexibly comparing the model’s predictions with

reference translations. As a result, it yields better translation quality than the standard maximum

likelihood training algorithm and existing algorithms proposed to address exposure bias.

We then investigated another type of undesirable bias – the spurious biases that lead to a

severe type of translation error, namely hallucinations, where the model produces a translation

that is unrelated to the source. We started by identifying the internal model symptoms that flag
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hallucinations triggered by source-side perturbations at inference time. Based on the discovered

symptoms, we built a simple classifier which detects hallucinations on natural text inputs more

accurately than strong classifiers based on quality estimation models or multilingual pre-trained

language models. Finally, we connected the discovered symptoms at inference time to the

spurious biases learned during training. Together, these findings suggest that we may design

better training algorithms to minimize hallucinations by targeting these spurious biases.

Apart from supervised learning algorithms that mitigate undesirable biases, we also

researched the inductive biases in existing semi-supervised learning algorithms – algorithms

that improve the data efficiency of NMT models by integrating the language priors learned

from unsupervised data into NMT without changing the model architectures. We introduced a

theoretical framework that unifies existing semi-supervised learning algorithms and provided a

theoretical guarantee on its global optimum. This theory explains why these algorithms work and

justifies the use of iterative back-translation instead of the more complex dual learning algorithm,

which is supported by the empirical study on six tasks spanning high-resource, low-resource, and

cross-domain settings.

In the final part of the dissertation, we changed our focus from integrating stronger

inductive biases via training algorithms to the inductive biases in model architectures toward more

controllable NMT. Current NMT models are typically built upon the inductive bias that an output

sequence should be predicted token by token from left to right, which makes it difficult for users

to control the outputs based on their preferences and domain-specific knowledge. We addressed

this problem by first introducing EDITOR, a non-autoregressive transformer model that generates

a sequence through iterative insertion and reposition operations to better incorporate lexical

constraints in NMT outputs. We also presented the novel dual-path imitation learning algorithm to
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train the model. Experiments on three translation tasks showed that EDITOR incorporates lexical

constraints more effectively than the state-of-the-art edit-based NMT model, and more efficiently

than the traditional autoregressive model. To allow users to specify lexical constraints in their

lemma forms without inflections, we further extended this work with a modular framework

that consists of a novel cross-lingual inflection module and an NMT model. Based on this

framework, different types of inflection modules and NMT models can be flexibly combined

together with minimal computational overhead. Evaluation results on two test suites showed

that this framework combined with a linguistically motivated rule-based inflection module

incorporates lemma-form constraints more accurately than the existing end-to-end approach.

8.2 Future Work

We wrap up the dissertation by discussing its limitations and directions for future research.

8.2.1 Mitigating Hallucinations in Machine Translation and Other Tasks

In Chapter 4, we revealed the spurious biases that are related to the hallucination

phenomenon in MT – for some training samples, the model learns to predict the ground-

truth sequence by memorizing it while ignoring a large part of the source sentence. This

suggests approaches to mitigating hallucinations in MT by targeting these spurious biases. For

example, we could monitor the source contributions to the model’s prediction on ground-truth

tokens using interpretation techniques (such as saliency maps (Bach et al., 2015; Simonyan

et al., 2013) and input perturbations (Feng et al., 2018; Li et al., 2016b)) at training time and

down-weight the gradient updates on samples where the model exhibits the aforementioned
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spurious biases. We could also design adversarial learning algorithms (Belinkov et al., 2019;

Ramakrishnan et al., 2018) to combat the spurious biases. Furthermore, we would like to examine

whether the hallucination symptoms discovered on MT generalize to other language generation

tasks, including abstractive summarization (Falke et al., 2019; Maynez et al., 2020b), dialogue

generation (Dušek et al., 2018), and data-to-text generation (Wiseman et al., 2017). This could

open the door to universal approaches to detecting and mitigating hallucinations on a wide range

of language generation tasks.

8.2.2 Inductive Biases in Large Pre-trained Language Models

We studied the inductive biases introduced through the semi-supervised learning algorithms

that train NMT models jointly on supervised and unsupervised data in Chapter 5. Recent advances

in large pre-trained language models (Brown et al., 2020; Devlin et al., 2019; Liu et al., 2020b;

Zhang et al., 2022) have revealed another way to leverage the unsupervised data – by pre-

training large language models on unsupervised text corpora using self-supervised learning

objectives and adapting it to downstream tasks through supervised fine-tuning or prompting.

This training paradigm has brought improved performance on a wide range of language tasks

including machine translation, question answering, reading comprehension, and natural language

inference (Brown et al., 2020; Devlin et al., 2019; Roberts et al., 2020). Additionally, such

pre-trained models have been shown to generalize better to the challenging datasets designed

to counter specific spurious biases (Tu et al., 2020) and achieve strong performance in few-shot

settings (Brown et al., 2020). However, generating texts that are truthful and faithful to the source

remains a challenge for large pre-trained language models, and scaling up models alone does not
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always solve the problem – sometimes it worsens it (Lin et al., 2022). To address this issue, we

need to first understand what inductive biases are introduced through pre-training. We would

like to investigate what is learned during the pre-training phase, and what is being transferred

from pre-training to the target tasks. Especially in the context of machine translation, future

work is needed to explain why models pre-trained on English monolingual corpora can achieve

reasonable performance on machine translation given a few translation examples.

8.2.3 Edit-based Generation for a Broader Range of Tasks

While the main focus of this dissertation is on machine translation, the EDITOR model

introduced in Chapter 6 is a generic model that can be adapted to a wide range of language

generation tasks that may benefit from controlled generation through explicit editing. For

example, EDITOR has shown outstanding performance on text simplification (Agrawal et al.,

2021) and abstractive summarization (Agrawal and Carpuat, 2022). We would like to further

apply EDITOR to other text editing tasks such as post-editing and style transfer.

Additionally, many text generation problems require generating long, coherent text (e.g.

document-level machine translation, story generation, multi-document summarization). Prior

work showed that autoregressive models still suffer from syntactic and semantic errors when

generating long passages of text (Tan et al., 2021). On the other hand, EDITOR has the potential

to generate more coherent, error-free text, as it allows for flexible revising and editing on the

generated text. Thus, it would be an interesting future direction to adapt EDITOR to these tasks.

One remaining challenge would be how to train the model in a sample-efficient way since many

of the long text generation problems suffer from the data scarcity issue.
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Jindřich Helcl, Barry Haddow, and Alexandra Birch. 2022. Non-autoregressive machine
translation: It’s not as fast as it seems. In Proceedings of the 2022 Conference of the
North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, pages 1780–1790, Seattle, United States. Association for Computational
Linguistics.

Peter Henderson, Riashat Islam, Philip Bachman, Joelle Pineau, Doina Precup, and David Meger.
2018. Deep reinforcement learning that matters. In Proceedings of the Thirty-Second AAAI
Conference on Artificial Intelligence. AAAI Press.

Felix Hieber, Tobias Domhan, Michael Denkowski, David Vilar, Artem Sokolov, Ann Clifton,
and Matt Post. 2017. Sockeye: A toolkit for neural machine translation. CoRR,
abs/1712.05690.
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