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Abstract

Neural Machine Translation (NMT) has been
through great revolutions in recent years. Ac-
companied with improvements in translation
quality are works that attempted to understand
the working mechanism of various aspects of
the NMT framework. In our paper, we survey
those efforts on unveiling the black box of the
standard NMT framework. To begin with, we
briefly introduce the three critical components
of the holistic NNT framework; nextly, we de-
liver a clear component-centric categorization
and clean summary of these specific works
guided by frequently-asked questions (FAQs)
that aim at making up lack of understanding;
finally, we discuss several limitations, future
directions and inspirations. We believe this pa-
per could facilitate the community to weave
a holistic and clear picture of our current un-
derstandings of the standard NMT framework
and shed light on its future improvements
and developments. Please check this website
https://nmtology.github.io/ for a
visual guidance of the FAQs.

1 Introduction

Machine Translation is an extremely challenging
task. Statistical Machine Translation (SMT), which
models translation in a pipelined manner, was his-
torically one of the popular approaches (Koehn
et al., 2003; Chiang, 2005). In the SMT pipeline,
each module plays a clear role and is parameterized
by a relatively simple model, leading to easy inter-
pretability. Recently, Neural Machine Translation
(NMT) framework establishes new state-of-the-art
performances (Barrault et al., 2019, 2020). The
strengths of NMT come from its strong modeling
power with complex deep encoder-decoder archi-
tecture and holistic end-to-end training, which lead
to poor interpretability. Consequently, the poor in-
terpretability prevents us from elegantly debugging
the model, trusting its outputs, and particularly fur-
ther improving performance (Ding et al., 2017).

This paper conducts a thorough survey on under-
standing components of the NMT framework, cov-
ering a hundred papers published in recent years.
Our survey is component-centric, that is, we orga-
nize related papers in terms of every NMT compo-
nent and highlight important questions frequently-
asked w.r.t. that component. We want our readers
to treat this paper as instructional FAQs about un-
derstanding the black-box of the NMT framework,
so they can quickly zoom into certain question and
find the corresponding papers to complement their
lack of understanding. §2 briefly introduces every
components of the NMT framework, while §3, §4,
§5, §6 summarize works in terms of model archi-
tecture, training, inference and behavior. In §7, we
discuss limitations and future directions.

Related surveys Lertvittayakumjorn and Toni
(2021); Danilevsky et al. (2020); Luo et al. (2021)
are more general surveys on principles for explain-
able NLP, as they mainly discuss general desiderata
and possible explanation paradigms or frameworks.
Sajjad et al. (2021) survey specific neuron-level
interpretation methods for NLP models, while Be-
linkov and Glass (2019) and Sun et al. (2021) focus
on surveying a broad range of general techniques
and methods for interpreting NLP models on vari-
ous tasks. The closest work in organization to us
might be Rogers et al. (2020). They deliver a thor-
ough survey on research questions, directions, and
solutions around large pretrained models. In our pa-
per, we organize research works guided by research
questions that are more related to the interpretation
and understanding side, so that researchers can
gain in-depth insights in various components and
learning phenomena of the NMT framework.

2 The NMT Framework

The NMT framework is proposed as a sequence-to-
sequence transduction task (Sutskever et al., 2014).
To make the framework clean to readers, we divide
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it roughly into three independent and indispensable
modules: i) model architecture; ii) model training,
and iii) inference mechanism.

Model architecture The NMT model is usually
implemented with the encoder-decoder with atten-
tion architecture. Recurrent neural networks are
used to parameterize the model (Bahdanau et al.,
2014; Wu et al., 2016). Then convolutional and
self-attention neural networks are proposed respec-
tively (Gehring et al., 2017; Vaswani et al., 2017).

Model training Typical training uses maximum
likelihood estimation (MLE) to minimize the neg-
ative log-likelihood: L£(0) = —log Py(y|z) =
— > 4 1log Py(yt|z,y<¢). Reinforcement Learning
(RL) is also leveraged for optimizing the evaluation
metric based loss: £(0) = —Egp, (o)™ (7, y")s
where m(-,y*) denotes certain evaluation met-
ric, e.g., BLEU. Like RL, minimum risk train-
ing (MRT) is also used to optimize metric (Shen
et al., 2016). Besides, many tricks such as learning
rate schedule, normalization techniques, and label
smoothing are also used. For Non-Autoregresstive
neural machine Translation (NAT), knowledge dis-
tillation (KD) is used for performance boosting.

Model inference Beam search is used to find an
approximate solution of the § = arg, max Py(y|r)
problem. Due to several issues of the vanilla beam
search, tricks like the length penalty are proposed.

3 Understanding Model Architecture

3.1 Understanding encoder/decoder

Q. Does encoder’s representation entail linguis-
tic knowledge? Most of the works on this topic
use certain linguistic tasks to assess the power of
the learned hidden representations. Early on, Shi
et al. (2016) begin to answer whether string-based
NMT models learn about source syntax. They test
hidden states’ ability to predict syntactic labels,
e.g., voice, tense, smallest phrase constituent. Be-
linkov et al. (2017) deliver thorough analyses us-
ing the method of probing on what encoder learns
about morphology knowledge of source languages.
Main conclusions like the depth of the layer, the
input representation (word, character), and the lan-
guage types are important factors influencing the
learned knowledge of morphology can be drawn
from their analyses. Belinkov et al. (2020a) ar-
range together the analyses on the power of learned
representation across various granularities of lin-
guistic knowledge based on probing mainly for the

encoder. They further add syntactic and semantic
tasks . Bisazza and Tump (2018) also study mor-
phology knowledge captured by embedding layer.

Q. Can encoder learn word sense disambigua-
tion? Several works attempt to understand word
sense disambiguation (WSD) ability of NMT mod-
els. Rios Gonzales et al. (2017) construct a con-
trastive dataset where references are accompanied
with a rewritten one that has an incorrect transla-
tion of a source ambiguous word. They find that
the model ranks 70% of such contrastive pairs cor-
rectly, indicating the model’s strong WSD ability.
Marvin and Koehn (2018) further investigate the
hidden activations’ WSD ability through visualiza-
tion of hidden vector clusters. Tang et al. (2019a)
take the encoder as a whole for WSD ability analy-
ses under different model architectures via probing.

Q. Does decoder’s representation entail linguis-
tic knowledge? Belinkov et al. (2017) study the
linguistic properties of decoder’s representation
compared to encoder’s. They probe and find that
decoder’s representation falls back a lot in accuracy
of predicting POS tags. In contrast, in their later
work (Belinkov et al., 2020a), they find that de-
coder’s representation is similar to or better than en-
coder’s for morphological tag prediction. Instead,
Li et al. (2019a) study the possibly learned coarse-
to-fine characteristics of decoder’s layer-wise repre-
sentation with probes on hierarchical probing tasks.

Q. Can a single neuron entail linguistic knowl-
edge? Instead of taking vector representation as
a whole, Bau et al. (2019) leverage an unsuper-
vised method to identify important neurons and use
GMM to find neurons that controls linguistic fea-
tures in prediction. Dalvi et al. (2019) also propose
supervised methods to extract salient neurons and
analyze their linguistic properties through probing.

Q. Can linguistic knowledge be preserved after
pruning? Movva and Zhao (2020) study the rep-
resentation of modules of the Transformer model
while being pruned. They observe that pruning de-
grades semantic knowledge before affecting BLEU,
and representation in higher layers changes most.

Q. Which component of NMT is more critical,
encoder or decoder? Tangetal. (2019b) attempt
to reveal the representational power of the encoder
by removing it, so as a result, the encoder is just
word and position embeddings. They find that the
non-contextualized encoder representation largely



degrades performance; however, the attention mod-
ule complements this as a strong feature extractor.
Kasai et al. (2020) study encoder/decoder with var-
ied depths. They find that a sufficiently deep en-
coder with a single-layer decoder can achieve com-
parable performance with balanced layer depth.

3.2 Understanding attention
3.2.1 Cross-attention

Q. Does attention learn alignments? When at-
tention was first introduced into NMT models (Bah-
danau et al., 2014), it was believed as a word align-
ment module inside NMT. Liu et al. (2016); Mi
et al. (2016); Li et al. (2018); Baan et al. (2019)
try to improve NMT’s translation quality by im-
proving the alignment performance of its attention
module. However, the attention module in NMT
was far from qualified as a good word aligner com-
pared with statistical word aligners (Koehn and
Knowles, 2017; Li et al., 2019b). Although the
AER of attention is dissatisfactory, Li et al. (2019b)
did successfully induce decent alignments from
NMT models by the method Prediction Difference
(PD). Notably, Li et al. (2019b) empirically showed
that, towards predictions instead of references, the
performance of alignments induced by PD could
surpass well-performed traditional statistical align-
ers. This result rekindled the confidence in induc-
ing accurate alignments from the attention mod-
ule. By improving training (Garg et al., 2019) and
modeling (Alkhouli et al., 2018; Chen et al., 2020;
Kobayashi et al., 2020) methods, the alignment
performance of NMT’s attention are constantly im-
proved. In the situation where translation quality
is not as important as alignment performance, at-
tention can also be extremely helpful in building a
well-performed word aligner (Zenkel et al., 2020).

Q. Do attention weights reflect NMT’s reason-
ing? Since Bahdanau et al. (2014) introduced
attention to NMT, attention weights were often
claimed to explain the inner-working mechanism
of neural models (Li et al., 2016). Jain and Wallace
(2019) are the first to question attention’s ability
to provide transparency for model predictions by
showing a weak correlation between intuitive fea-
ture importance measures and attention weights in
text classification, question answering, and natural
language inference tasks. However, Wiegreffe and
Pinter (2019) argue that Jain and Wallace (2019)
does not disprove the usefulness of attention for
explainability by showing the attention weights can-

not be easily hacked adversarially. Based on this
observation, Moradi et al. (2020) provide a mea-
sure of the faithfulness of NMT and an adversarial
regularization that can lead to more trustworthy at-
tention heatmaps without reducing the translation
quality. Current analyses are mainly focused on
simpler single-head RNN based models. In the fu-
ture, checking whether the current understanding
holds on multi-head attention of Transformer could
be an interesting direction.

3.2.2 Self-attention

Q. Is self-attention network better than RNN?
The common suspicion is that self-attention can
connect distant words via shorter network paths
than RNNs to improve the ability to model long-
range dependencies. However, this theoretical ar-
gument is not tested empirically. Tang et al. (2018)
evaluate RNNs, CNNs, and multi-head attention
networks (SAN) on two tasks: subject-verb agree-
ment and word sense disambiguation to measure
the ability to extract semantic features from the
source text. Their experimental results show that
the SAN performs distinctly better than RNNs and
CNNs on word sense disambiguation. However,
all of them are similar in modeling subject-verb
agreement over long distances. Besides, SAN is
ascribed to be weak at learning positional informa-
tion of words for sequence modeling compared to
the models with recurrence structure. Yang et al.
(2019) show that although SAN trained on word re-
ordering detection has difficulty learning positional
information, SAN trained on machine translation
learns better positional information than RNN.

Q. Is multi-head better than single-head? In
Transformer, multi-head attention strengthens the
expressive power of a model by extending a single
head to multiple parallel heads. From a Bayesian
perspective, An et al. (2020) understands why one
needs multi-head attention by showing it is equiva-
lent to using more samples to approximate an un-
derlying posterior distribution. Snell et al. (2021)
explain why attention obtained by MLE often cor-
relates well with saliency and how attention can
increase performance by improving its training
dynamics rather than expressiveness. Raganato
et al. (2020) deliver a finding that for the encoder’s
multi-head attention, fixing other heads’ weight
and only learning one head can achieve similar
performance in high-resource translation tasks and
even improve performance up to 3.5 BLEU points



in low-resource scenarios. Behnke and Heafield
(2020) propose simple heuristics for pruning atten-
tion heads at the early stage of training. It confirms
that most attention heads are not confident in their
decisions. Michel et al. (2019); Voita et al. (2019b);
Liu et al. (2021) empirically show that multi-heads
are redundant at test time but are greatly helpful
in training. This opens up many opportunities for
downsizing these humongous models for inference.

4 Understanding Training

4.1 Training data

Q. How does data noise affect NMT? Noise in
bitext corpus impacts NMT a lot. Khayrallah and
Koehn (2018) investigate the impact of various
types of noise of the training data on the perfor-
mance of the NMT model and an SMT model. By
adding many controlled types of noise to the origi-
nal high-quality data, they find that the NMT model
is very susceptible to noise and can degrade up to
9 BLEU points, whereas the SMT model can even
obtain 1 BLUE improvement. They build five types
of noise and analyze how these noises can impact
translation quality. They find copy noise, where the
target is just the copy of the source, is most harm-
ful. Ott et al. (2018) reemphasize the harmfulness
of copy noise in training data. They also find that
beam search puts too much probability mass over
the whole search space due to data uncertainty, not
concentrating on accurate and relevant translations.

Q. How does the src/tgt divergence affect NMT?
Briakou and Carpuat (2021) study fine-grained se-
mantic divergences in bitext. They propose three
typical divergences, lexical substitution, phrase re-
placement, and subtree deletion. They study their
effects on NMT and find subtree deletion degrade
performance the most. In a semi-supervised setting,
due to extra monolingual data, the textual domains
of src/tgt might exhibit topic divergence. Shen et al.
(2021) propose a metric to measure such mismatch
phenomenon and study its effects, particularly with
varying data scales and find it can severely degrade
performance in a low-resource setting.

Q. Why does DA training help? Data Augmen-
tation (DA) methods are effective in training NMT
with few theory-oriented understanding. Li et al.
(2019a) borrow empirical evidence that input sen-
sitivity and prediction margin can measure gener-
alization ability from the learning theory commu-
nity and apply them to test intrinsic changes of the

model before and after DA. DA methods generally
lead to better insensitivity and a larger margin.

Q. What factors of BT data matter? Amongst
all DA methods, Back-Translation (BT) is the most
extensively adopted one in challenges and deploy-
ments to obtain state-of-the-art translation qual-
ity. Edunov et al. (2018a) conducts a large-scale
analysis of practical BT training. They argue that
randomness is an essential factor for improving per-
formance, so they use sampling rather than beam
search to obtain pseudo bitext. However, Caswell
et al. (2019) argues that randomness might not be
the reason for better practice in synthetic data gen-
eration in BT. They claim that the NMT model
can automatically distinguish synthetic or real data
and learn different attention patterns over them. So
they propose tagged BT to improve standard BT.
Following this work, Marie et al. (2020) further
proves that tagged BT can prevent the NMT model
from over-fitting to those machine-generated data.
Besides, Graca et al. (2019) proposes a math in-
terpretation of back-translation, which links BT to
variational inference and motivates multi-turn BT.

4.2 Training loss

Q. What are the issues of NLL? Negative log-
likelihood (NLL) loss is the default loss function
to train NMT models with MLE. NLL is a token-
level loss that is locally normalized and defined
on ground-truth prefix. Such characteristics make
NLL suffer from the following issues as discussed
in Ranzato et al. (2015); Wiseman and Rush (2016):
1) exposure bias: the model is never exposed to its
own errors during training, and so the inferred his-
tories at test-time do not resemble the gold training
histories; ii) train-test mismatch: training uses a
token-level loss, while at test-time, we target im-
proving sequence-level evaluation metrics, such as
BLEU; iii) label bias: the model score is locally
normalized at the token level, whereas the search
algorithm cares about the sequence level score.
Edunov et al. (2018b) investigate other token-level
loss choices such as margin-based losses and find
they do not lead to significant improvement over
NLL. Afterward, a large set of works have tried
to propose methods based on RL to overcome the
above three issues, though they seem to leave NLL
unshakeable (Bengio et al., 2015; Shen et al., 2016;
Wu et al., 2018; Zhang et al., 2019).

Q. Can RL-oriented loss be better than NLL?
RL is used for solving pitfalls of NLL loss. How-



ever, large-scale experiments in Wu et al. (2016)
do not find promising performance improvements.
Later on, Wu et al. (2018) study effective training
tricks that can stably improve RL over NLL, but
analyses on why RL cannot reach our expectation is
still lacking. More recently, Choshen et al. (2020)
deliver a novel understanding of the limitations
of RL-based training. They find a peaking effect
statistics to clarify the poor exploration problem of
RL training due to the model distribution, which
renders reward for being less critical. Following
their work, Kiegeland and Kreutzer (2021) provide
several counter-evidences in terms of claims that
regard model distribution to be more critical than
reward in Choshen et al. (2020). They revisit tricks
like variance reduction, explore-exploitation trade-
off and find that peakiness cannot solely explain
improvements, and successful exploration can also
improve the likelihood of low-ranked tokens.

Q. How does KD help with NAT? Knowledge
Distillation at sequence-level (KD) (Kim and Rush,
2016) is another loss used to train a student NMT
model from the output distribution or prediction of
a teacher model. In Non-Autoregressive machine
Translation (NAT), KD is a crucial training tech-
nique to bring the NAT model’s performance close
to autoregressive ones (Gu et al., 2017). Zhou et al.
(2020b) investigate the critical role of KD in non-
autoregressive NMT training. They find that KD
reduces the complexity of the training bitext cor-
pora to alleviate the learning/optimization burden
of the NAT model due to its less powerful modeling
power. They also propose improved KD loss func-
tions for improved training. Xu et al. (2021) further
analyze the impacts of KD training over the intrin-
sic characteristics of the NAT model. By defining
two measures, namely word ordering agree and
lexical diversity, they empirically demonstrate that
KD is actually reducing training data complexity
in terms of word ordering and lexical choices.

4.3 Training tricks

Since Transformer has already become the de-facto
architecture for NMT best practice, several works
attempt to dig deeper into those tricks for making
Transformer training really work.

Q. How does LN help? As for the trick of Layer
Normalization (LN), Wang et al. (2019b) calculate
the instability of gradient mathematically when
putting LN layer after residual block (post-LN) and
empirically prove the effectiveness of pre-LN for

scaling up Transformer with deeper layers. Then,
Xiong et al. (2020) take advantage of the mean field
theory to prove that post-LN connection at initial-
ization leads to a large gradient. They find that the
warming-up stage is avoiding such a problem.

Q. How residual blocks cause training instabil-
ity? Besides the position of LN, Liu et al. (2020)
provide comprehensive analyses of what compli-
cates Transformer training theoretically and empir-
ically. Their analyses find that the residual blocks
can also lead to the unbalanced gradient issue.

Q. How does label smoothing help? As for the
typical trick label smoothing, Miiller et al. (2019)
find that label smoothing can help calibrate training
instances. Gao et al. (2020) investigate its theo-
retical and empirical role. Theoretically, they find
what objective label smoothing is optimized for and
derive an analytical solution for visualization for
picking a better probability mass hyper-parameter
for smoothing (e.g., from usual 0.1 to 0.3).

5 Understanding Inference

5.1 Prediction explanation

Q. How to attribute NMT model’s prediction?
One effective way to interpret the NMT model’s
behavior is to understand why the model predicts
specific tokens step-wise regarding input tokens.
At the beginning of NMT, attention is leveraged to
visualize output-input correlation (Bahdanau et al.,
2014). Then, Alvarez-Melis and Jaakkola (2017)
propose a perturbation-based method to collect
correlation pairs from relating every target token
to every source token so that the explanation is
model-agnostic. They exemplify with a case study
that model debugging could be conducted based
on such attention-like visualizations. Ding et al.
(2017) leverage the so-called layer-wise relevance
propagation (LRP) to capture the correlation of any
two nodes in the computation graph of the model.
They further use this method to visualize the re-
lationship between prediction and input. Several
translation errors are analyzed using LRP visual-
ization to show the power of this method. Treviso
and Martins (2020) proposes sparse/selective at-
tention as a better way than gradient and erasure
methods that relate prediction to input features (se-
quence) in terms of a success rate of a communi-
cation game (in Sec. G of the paper). Abnar and
Zuidema (2020) propose a new method for visual-
izing the flow of the information from each input



token to the output. Their proposed methods corre-
late well with attention and gradient-based method.
More broadly speaking, various kinds of so-called
attribution methods in Sec. B.1 can all be adapted
to explain step-wise prediction of NMT. Vafa et al.
(2021) propose a combinatorial optimization for-
mulation for finding a subset of input that correlates
most with a given output token. Their experiments
show that the proposed method is most faithful
among other explanation methods.

Q. How to properly evaluate prediction attribu-
tion of NMT model? As mentioned in the previ-
ous question, various prediction attribution meth-
ods can be used to explain model prediction. How-
ever, in practice which method to choose? There
seems to be no fixed answer currently since there
are already several issues found with attributions.
Regardless of these issues, several works have pro-
posed methods to evaluate attributions from differ-
ent perspectives. Li et al. (2020) propose to use the
word-to-word correlation rules extracted by vari-
ous attribution methods to train models close to the
original NMT model and uses the closeness as a
way to evaluate the attribution results. Treviso and
Martins (2020)’s communication game can also
be used as an evaluation method. Beyond NMT,
several works propose methods and benchmarks
for evaluating attribution (Hao, 2020; Arras et al.,
2019; Ismail et al., 2020; Ding and Koehn, 2021).

5.2 Decoding explanation

Q. Do larger beams lead to better results? Af-
ter widely adoption of NMT, Koehn and Knowles
(2017) describe a common phenomenon of beam
search decoding across various language pairs, that
is, by increasing beam size, the BLEU score will
rise up a little and then jump down quite a lot,
compared to SMT. This represents the so-called
length bias problem which has been investigated to
show its correlation with i) decoding scoring func-
tion (Huang et al., 2018; Yang et al., 2018) and ii)
beam size. Murray and Chiang (2018) further find
that label bias is one factor of such a problem and
propose a simple heuristic to alleviate it. Cohen
and Beck (2019) deliver a more detailed analysis
on beam search using the concept of search discrep-
ancies, which is computed through the difference
between the maximum log probability and log prob-
ability of the ground-truth token at every time-step
under force decoding. They find that a larger beam
size may cause larger and more discrepancies at

the beginning of decoding, degrading performance.

Q. Is beam search good enough? Stahlberg and
Byrne (2019) analyze the impacts of model/search
errors on performance, based on exact inference
for vanilla beam search. They find the model error
is more responsible. Meister et al. (2020) cleverly
frame beam search as exact solution to a different
decoding objective to gain insights into why high
probability under a model alone may not guaran-
tee adequacy. Eikema and Aziz (2020) attempt to
clarify the problem of maximum a posterior (MAP)
based beam search. They find that translation distri-
butions of the model do reproduce various statistics
of the training data, but beam search strays from
such statistics. They also propose to use Minimum
Bayes Risk (MBR) decoding instead. Miiller and
Sennrich (2021) study the properties of MBR de-
coding. They find that MBR decoding still exhibits
length and token frequency bias due to the bias of
evaluation metrics, but MBR also increases robust-
ness against copy noise and domain shift.

6 Understanding Model Behavior

Model behavior understanding is generally an ef-
fort to characterize and analyze certain property of
the model’s predictions in terms of certain aspect or
factor in concern. Currently, we can divide those re-
search works into three main categories according
to their adopted analysis methodologies: a). static
analysis: that tries to directly analyze properties
of the model’s predictions, e.g., fluency, grammat-
icality, word choice, the degree of literalness or
creativity, etc.; b). controlled analysis: that tries
to characterize the model’s reaction to inputs con-
structed with certain properties in concern, e.g.,
compositionality, specific linguistic phenomenon,
etc.; ¢). dynamic analysis: that attempts to do in-
terventions and manipulation to the inputs or the
model, which might help reveal weaknesses of the
model when making predictions about these inputs,
e.g., adversarial examples, syntactic/semantic vari-
ants, hallucinations, noise in training data, etc.

6.1 Static analysis

Q. Is NMT model’s prediction linguistically nat-
ural? Toral and Sanchez-Cartagena (2017) con-
duct a comparative study between the predictions
of NMT and SMT models in terms of fluency, re-
ordering, sentence length among 9 language direc-
tions. It highlights the power of NMT models on



generating more fluent, accurately reordered predic-
tions. Later on, Martindale et al. (2019) also study
the fluency-adequacy dilemma of neural models.
Wei et al. (2018) investigate the grammaticality of
NMT outputs. They leverage the so-called English
Resource Grammar as a reference for comparison.
They find that over 93% of the model translations
are parseable, suggesting that the model learns to
generate conforming to grammar; however, rare
syntactic rules are seldom learned.

Q. Can NMT model generate long-tailed trans-
lation? Long-tailed translations can be predic-
tions that contains low-frequent tokens, complex
phrases, and advanced sentence structures. Rau-
nak et al. (2020) characterize the hardness of NMT
to predict long-tailed words and tokens through
token-level and sentence-level metrics. Agrawal
and Carpuat (2019) study text complexity of predic-
tions and focus on controlling the outputs towards
less complexity. Vanmassenhove et al. (2021) give
a detailed and sufficient analysis on the richness of
word choices and synonyms etc.. They also design
several metrics to evaluate linguistic complexity.
Long-tailed translations can also be indirect trans-
lations of phrases that are seldom in the common
bitext corpus. Zhai et al. (2020) investigate whether
NMT models are capable of producing non-literal
translations. They propose methods to detect those
non-literal translation phenomena in bitext.

Q. Can model’s prediction be well calibrated?
Calibration is a sound property of a learned model
to predict the probability of the true correctness
likelihood (Guo et al., 2017). Kumar and Sarawagi
(2019) analyze the sources of surprising miscali-
bration in NMT. They find that the severe miscal-
ibration of the EOS token and the suppression of
attention uncertainty are two main reasons. Wang
et al. (2020) further study the fine-grained calibra-
tion of the model predictions. They characterize
miscalibrated tokens with linguistic features, such
as questions about how part-of-speech, frequency,
word position, word granularity affect calibration.

6.2 Controlled analysis

Q. Can NMT model handle inputs with differ-
ent types of linguistic phenomenon? Inputs to
an NMT model can be linguistically sophisticated.
Burchardt et al. (2017) manually construct a test
suite with different kinds of linguistic phenomenon
of the source input sentences, for instances, multi-
word expressions, verb tense/aspect/mood, named

entity, and terminology in German<English trans-
lation tasks. They compare the performance of the
Google NMT system at that time with SMT and
rule-based models on this test suite. They find that
neural models handle multiword expressions much
better than rule-based and SMT models, while
rule-based ones can handle verb tense/aspect/mood
structure the best, and SMT handles named enti-
ties the best. Similarly, Isabelle et al. (2017) con-
struct a challenge set with yes/no questions for an-
alyzing both phrase and neural translation models’
capability to handle three categories of linguistic
phenomenon in English=-French task. They find
NMT models are much better at tackling subject-
verb agreement and perform well on handling both
lexico-syntactic and syntactic divergences. They
also identify some weaknesses of neural models;
please refer to Table 3 in that paper for details.

Q. Can NMT model handle inputs composition-
ally? Raunak et al. (2019) measure two distinct
traits of compositionality - productivity and sys-
tematicity - of the NMT model by comparing per-
formance before and after sentence concatenation.
Their experiments quantitatively attribute the poor
performance to the weakness of the encoder’s rep-
resentational power. Li et al. (2021) build a bench-
mark for training and testing the model’s compo-
sitional capability to tackle compounds, which are
constructed through pre-defined atoms and syntac-
tic rules. Dankers et al. (2021) evaluate the model’s
compositionality through the lens of the model’s
local/global processing of the input. Voita et al.
(2019a) focus on a problem of NMT model trained
on sentence-level, that is, while the model can ac-
curately translate sentences A and B, but can not
when A and B are concatenated in a broader con-
text, which can be also regarded as a problem of
compositionality in discourse translation. All the
above works find that Transformer or more or other
NMT models have poor compositionality.

6.3 Dynamic analysis

Q. Is NMT model robust to inputs? Adversar-
ial examples are an essential direction for testing
the NMT model’s robustness where the adversar-
ial inputs are created through input manipulation.
Belinkov and Bisk (2018) is the first to investi-
gate how realistic, natural adversarial input (e.g.
character-level keyboard typing errors) can break
the char-based translation model. Zhao et al. (2017)
and Cheng et al. (2020) investigate model-based



methods for generating adversarial examples; while
Ebrahimi et al. (2018) focus on attacking the char-
based NMT models. Besides adversarials, He et al.
(2019) use different input word replacement strate-
gies to identify important source words that guaran-
tee the translation quality of the source input. They
argue that the so-called importance words are cru-
cial to guarantee fertility and should not be ignored.
Fadaee and Monz (2020) study the so-called volatil-
ity of NMT models where the input is semantically
and syntactically transformed while the prediction
can have unexpected disastraous changes. They
find RNN and Transformer display volatile behav-
ior in 26% and 19% of sentence variations.

Q. When or why does NMT model hallucinate?
Hallucination is a recently identified phenomenon
in Lee et al. (2018). It is the problem of an NMT
model that outputs irrelevant sentence predictions
or textual spans with respect to certain constructed
input. They analyze the attention patterns that dis-
tinguish hallucinated and normal predictions. Rau-
nak et al. (2021) connect this phenomenon to long-
tailed memorization effect of the model. Wang and
Sennrich (2020) regard exposure bias as one factor
of hallucination and find domain-shift amplifies its
harmfulness. Zhou et al. (2020a) tackle the identifi-
cation problem of hallucination of neural sequence
model in general. They construct datasets for token-
wise annotation of hallucination and explore some
basic methods for detecting hallucinated tokens.

7 Limitations, Future and Conclusion

In this part, we summarize several current limita-
tions of those aforementioned understandings, in-
terpretations and findings, and propose a few future
directions on the understanding course of NMT.

* Vacuousness of representation probing: prob-
ing measures the feature generalization ability
of the NMT learned representations on certain
concerned linguistic task, however, does do-
ing well on that task really help the model with
the translation task? Such direct correlation
between probing task and translation is very
vague as well. Elazar et al. (2021) attempt
to resolve this issue through explicit remov-
ing certain linguistic knowledge in the learned
representation of BERT to see its utility on
the downstream classification tasks. So, how
about using such analysis in more complex
translation tasks (Ravichander et al., 2021).

 Usability of prediction attribution: § 5’s first
question discusses many methods for attribut-
ing predicted tokens to previous input tokens.
Besides the evaluation issue of these methods,
how to use such attributions to debug model,
moreover, to improve user trust beyond sole
alignment or to improve interactive transla-
tion (Santy et al., 2019) is not well explored.

* Insufficient understanding on learning dynam-
ics: by exploring learning dynamics, theorists
have found critical learning phases that deter-
mine final generalization (Achille et al., 2017;
Hu et al., 2020; Jastrzebski et al., 2021). How-
ever, investigations of learning dynamics are
largely neglected in NMT, except for Saphra
and Lopez (2019); Zhu et al. (2020); Voita
et al. (2021). We think gaining more insights
in the learning dynamics of NMT model might
help with better curriculum, data selection, in-
stance reweighting, noise-based learning, etc..

* Lack of data-centric understanding: many of
the current understandings leverage a model-
centric analysis, i.e., only considering archi-
tectural inductive bias without knowing char-
acteristics of the training data, however, the
ultimate model behavior is largely determined
by the training instances as well (Yona et al.,
2021). In NLP, there have been works that
using dataset attribution techniques like in-
fluence function (Koh and Liang, 2017) to
find artifacts in the training set for text clas-
sification (Han et al., 2020). Thus how to
adopt similar methods to the complex ma-
chine translation task should be studied. We
think this direction may help researchers cu-
rate more compact and continuously-updated
datasets for sample-efficient training and con-
tinual learning (Cao et al., 2021) of NMT.

As a conclusion, the understanding of the evolv-
ing NMT framework should be always on its way
and, to find limitations of the current best prac-
tice, emerging topics with multilingual, continual
and discourse NMT (Dabre et al., 2020; Garcia
et al., 2021; Yin et al., 2021) require better under-
standing, theory-oriented and empirical analyses as
well, so the FAQs here (https://nmtology.
github. io/) might and should be revisited and
updated in new scenarios. The authors believe that
knowing the historic understandings could help the
community pave the way towards the future.


https://nmtology.github.io/
https://nmtology.github.io/
https://nmtology.github.io/
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A Mindmap of FAQs

Fig. 1 demonstrates a screenshot of the mindmap on

our website (https://nmtology.github.

io/). Visitors can zoom in or zoom out the tree by
the clicking inner nodes. And by clicking a specific
question, you will be guided to a separate webpage
that hosts the related papers under that question.

B Methodology

This section gives a focused introduction to several
commonly used methodologies for understanding
the NMT framework, which are commonly used in
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our surveyed papers. Please refer to Belinkov et al.
(2020b); Belinkov and Glass (2019) for a general
introduction to interpretation methodologies.

B.1 Attribution

Attribution is one of the local explanation method-
ologies for understanding and visualizing the deci-
sion of predictive models, i.e., classifiers (Carvalho
et al., 2019). It relates every model prediction to
a subset of input features that might be the cause
of that prediction. A large number of attribution
methods are proposed recently in vision and learn-
ing community (Simonyan et al., 2013; Bach et al.,
2015; Montavon et al., 2017; Selvaraju et al., 2017;
Sundararajan et al., 2017). In NMT, the predic-
tion ¢ could be seen as a sequence of classification
steps. Given input x, predicted sequence ¢, and the
NMT model M, an attribution method is defined
as an algorithmic process A(zx, 7, M), it outputs
relevant scores over every token of x and y; for
each ¢;. Based on relevant scores, we can at least
qualitatively know what §j; is probably aligned to.

Model-specific Methods Model-specific attribu-
tions can have access to the inner computation of
the NMT model. Gradient-based attribution uses
the activation of ¢; for backward computation. It
then uses the gradients on each embedding vector
of every token in x and ¢§; to compute its rele-
vant score regarding ¢; (Ding et al., 2019). Layer-
wise Relevance Propagation (LRP) uses activation
vectors and model weights to compute neuron rele-
vance, and then back-propagates the relevance back
to the input tokens (Ding et al., 2017).

Model-agnostic Methods Model-agnostic attri-
butions regard the NMT model as a black-box.
These methods usually calculate the relevant scores
through manipulating model inputs (Alvarez-Melis
and Jaakkola, 2017; Li et al., 2019b). For example,
prediction difference (Li et al., 2019b) chooses a
particular feature (token x4 ), and observe the prob-
ability difference of §j; before and after removing
that feature, the larger the probability is, the more
relevant between g; and the removed one.

B.2 Probing

Probing is a method for investigating how much
a component of the NMT model captures certain
kind of knowledge. The main technique for probing
is to train a classifier g which maps an intermedi-
ate representation f(x) of the input x to certain
property of interest z (Alain and Bengio, 2016;
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Figure 1: A screenshot of the mindmap of FAQs on our website https://nmtology.github.io/.

Conneau et al., 2018). This network component
f(+) can be word embedding, sentence embedding,
hidden state, attention weight, etc. The property z
can be various linguistic features, such as part-of-
speech tags, morphological information, or more
complicated syntactic or semantic features. Then,
the accuracy of g(f(x)) can reveal the quality of
representations f(x) with respect to the property
z, so that different model components can be com-
pared to each other. To show this accuracy is non-
trivial, it can be compared to feeding random in-
puts into the classifier g(-). Meanwhile, comparing
with state-of-the-art on that task can inform us how
much is missing from the representation.

B.3 Others

In addition to attribution and probing which are
most commonly used, several other methodolo-
gies are used in specific analysis scenarios (Be-
linkov and Glass, 2019). i) Visualization is always
used accompanied with attribution to show the re-
lationship between predicted and input tokens; it is
also used to visualize clustering effects of learned
representations through dimension reduction tech-
niques (Alvarez-Melis and Jaakkola, 2017; Ding
et al., 2017). ii) Challenge set is always used to
investigate certain desirable characteristic of the
model through data test suite construction (Isabelle
et al., 2017). i) Model extraction is to extract use
knowledge distillation to learn a transparent or in-
terpretable surrogate NMT model (e.g. rules, syn-
tactic trees) from the original one (Bastani et al.,
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2017; Sushil et al., 2018). Besides, several works
also build toolkits for visualization and model de-
bugging (Strobelt et al., 2018; Wang et al., 2019a;
Gralinski et al., 2019; Gauthier et al., 2020).
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