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Abstract

Reinforcement learning from human feed-
back (RLHF) is a recent technique to im-
prove the quality of the text generated by a
language model, making it closer to what
humans would generate. A core ingredient
in RLHF’s success in aligning and improv-
ing large language models (LLMs) is its
reward model, trained using human feed-
back on model outputs. In machine trans-
lation (MT), where metrics trained from
human annotations can readily be used as
reward models, recent methods using min-
imum Bayes risk decoding and reranking
have succeeded in improving the final qual-
ity of translation. In this study, we compre-
hensively explore and compare techniques
for integrating quality metrics as reward
models into the MT pipeline. This includes
using the reward model for data filtering,
during the training phase through RL, and
at inference time by employing reranking
techniques, and we assess the effects of
combining these in a unified approach. Our
experimental results, conducted across mul-
tiple translation tasks, underscore the cru-
cial role of effective data filtering, based on
estimated quality, in harnessing the full po-
tential of RL in enhancing MT quality. Fur-
thermore, our findings demonstrate the ef-
fectiveness of combining RL training with
reranking techniques, showcasing substan-
tial improvements in translation quality.

1 Introduction

Neural machine translation (NMT) models (Bah-
danau et al., 2015; Vaswani et al., 2017) are typi-
cally trained with maximum likelihood estimation
© 2024 The authors. This article is licensed under a Creative

Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

(MLE), maximizing the log-probability of the next
word in a translation given the previous words and
the source sentence. While this approach has been
effective at training high-quality MT systems, the
difference between the training and inference ob-
jective can lead to exposure bias (Bengio et al.,
2015; Ranzato et al., 2016; Wiseman and Rush,
2016), which hinders the model’s ability to recover
from early mistakes. Furthermore, the suitabil-
ity of model likelihood as a proxy for generation
quality has been questioned in machine transla-
tion (Koehn and Knowles, 2017; Ott et al., 2018)
and beyond (Perez et al., 2022). These challenges
sparked interest in alternative training and decoding
paradigms for MT, such as reinforcement learning
(RL; Kreutzer et al. (2018)) or minimum Bayes risk
decoding (MBR; Eikema and Aziz (2022)).

More recently, the widespread success of rein-
forcement learning from human feedback (Stien-
non et al., 2022) has highlighted the importance
of a good reward model that approximates well
to human preferences for the task at hand. While,
in general, this requires training a reward model
from scratch for the specific problem, in the case of
machine translation (MT), the evaluation commu-
nity has achieved significant progress in developing
automatic quality estimation and evaluation met-
rics learned from human quality annotations (e.g.
COMET-QE (Rei et al., 2020), COMET (Rei et
al., 2022a), BLEURT (Sellam et al., 2020), which
can be repurposed as reward models. As a conse-
quence, recent research integrating these metrics
into the training (Gulcehre et al., 2023) or decod-
ing (Fernandes et al., 2022) procedures has had
considerable success in improving the quality of
translations. However, none of the previous work
has systematically compared the effect of integrat-
ing metrics at different stages of the MT pipeline
or has attempted to combine these techniques in a
unified approach.

In this work, we perform a comprehensive study
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on the integration of MT quality metrics into the
MT pipeline as reward models. As illustrated in
Figure 1, we assess their use at different stages:
as a means for data filtering, during the training
process through RL, and at inference time by way
of reranking techniques. Furthermore, we explore
the results of combining these methods.

We attempt to answer the following research
questions:

* Can data filtering based on estimated quality
help minimize RL training instability?

» Which metrics are more suitable as reward
models in RL training? Are reference-free met-
rics competitive with reference-based ones?

* How does the quality of translations achieved
through RL training compare with those pro-
duced through reranking approaches? Can
these two approaches be effectively combined
to further enhance translation quality?

Our main contributions arise from the research
questions mentioned above:

* Inspired by Bane and Zaretskaya (2021) where
they use cross-lingual encoders to score trans-
lation representations in an aligned multilin-
gual vector space, we propose an alternative
data filtering method that uses COMET-QE
(Rei et al., 2020), a more robust model, to
curate a high-quality dataset that empirically
helps to minimize RL training instability.

* We show that neural metrics such as COMET(-
QE) (Rei et al., 2022a; Rei et al., 2020) are
more suitable than BLEU (Papineni et al.,
2002) for RL training. Contrary to what hap-
pens with MBR decoding, RL training results
in improved scores across all types of metrics,
not only neural ones. In particular, using a
reward model based on QE works surprisingly
well, possibly paving the way for unsupervised
training of NMT systems.

* Experiments in EN—DE and EN—FR show
that both RL training and reranking techniques
enhance translation quality, with RL training
often outperforming reranking methods. Fur-
thermore, combining RL and MBR decod-
ing results in more consistent improvements
across various evaluation metrics.

* We quantify and discuss the trade-offs in run-
ning time at both training and inference, clar-
ifying the efficiency and suitability of each
approach.

2 Background

2.1 Neural Machine Translation

An NMT model has learnable parameters, 6, to esti-
mate the probability distribution, pg(y|x) over a set
of hypotheses )/, conditioned on a source sentence
x. MLE is the training principle of estimating 6,

given parallel data, formalized as
L

1
L(eaylzL) = 7Z ZIOgPG(yt|y07 "7yt71)' (1)
t=1

NMT systems typically employ maximum a pos-
teriori (MAP) decoding to generate translations,

UMmAP = arg maxlog pg(y|x), (2)
yey

where algorithms such as greedy decoding or beam
search (Reddy, 1977) approximate the most prob-
able translation given the source. An alternative
approach is to sample translations according to
po(y|z), using techniques such as top-k or nucleus
sampling (Fan et al., 2018; Holtzman et al., 2020).

In §3.3 of this paper, we also consider two
distinct reranking approaches (Fernandes et al.,
2022), namely NN -best reranking and MBR decod-
ing. While N-best reranking selects the candi-
date translation that maximizes a given (reference-
free) metric, MBR decoding ranks candidates using
reference-based metrics, maximizing the expected
utility (or minimizing the risk).

2.2 MT Evaluation

Human evaluations are the most reliable way to
assess the performance of MT systems, but they
are time-consuming and costly. For that reason, the
standard way to evaluate MT is through automatic
evaluation metrics, which can be reference-based
or quality estimation (QE) metrics.
Reference-based metrics compare the generated
translation to human-written reference texts. Lex-
ical reference-based metrics, such as the widely
used BLEU (Papineni et al., 2002), rely on word
overlap and n-gram matching, making them inef-
fective for translations that have the same meaning
but are substantially different from the reference.
On the other hand, neural metrics, such as COMET
(Rei et al., 2022a), are a recent alternative that re-
lies on neural networks trained on human-annotated
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Figure 1: Preference models can have multifaceted roles within the MT pipeline. They can serve as
effective data filters, refining datasets by incorporating user preferences. They can also assume a pivotal
role in classic RL training by providing rewards to optimize the MT model performance. Finally, they
can act as rerankers during the decoding phase, selecting the final translation by maximizing their scores

derived from user preferences.

data and that leverages contextual embeddings to
address semantic similarity.

QE assesses translation quality without human
references, being particularly useful in dynamic,
data-intensive environments, where references are
costly and time-consuming to obtain. This paper
focuses on sentence-level QE as a reward model,
providing a single quality assessment for each trans-
lation. COMET-QE (Rei et al., 2020) is a state-
of-the-art reference-free quality estimation metric
derived from COMET used to evaluate MT perfor-
mance.

Neural reference-based and QE metrics are valu-
able preference models because they offer a more
accurate and contextually-aware measure of transla-
tion quality, aligning better with human preferences
and judgments (Freitag et al., 2022b).

2.3 Reinforcement Learning Training in NMT

In MT, approaches based on reinforcement learning
(RL; Sutton and Barto (2018)) cast the problem as a
Markov decision process (MDP; Puterman (1990)),
where a source sentence x = (1, ..., ) is trans-
lated into a target sentence y = (y1, ..., Y ). Under
this perspective, the NMT system can be viewed
as the agent with a conditional probability distri-
bution based on its parameters, pg(y:|z, y<¢). The
states of the MDP are defined by the target sentence
that has already been decoded, s; = (Y1, ..., Yt<m),
and the action corresponds to the selection of the
next word, y;41. Based on the states and actions,
all transitions are deterministic and the reward func-
tion, R, is provided by the MT evaluation model
which returns a quality score for the generated trans-
lation y. The main purpose of using RL in NMT is
to provide learning signals that go beyond a single
reference translation, by providing reward signals
for arbitrary translations. MLE provides less ro-
bust learning signals that are more susceptible to
the shortcomings of noisy references. However, it

is essential to note that if the reward model used
relies on reference-based metrics, some vulnerabil-
ity to noisy references may still persist. Accord-
ingly, the goal of RL training is to maximize the
expected reward, Ly (0) = E,, 42 [R(7)]. Com-
monly used RL training procedures include REIN-
FORCE (Williams, 1992), minimum risk training
(Och, 2003; Shen et al., 2016), and proximal policy
optimization (PPO; Schulman et al. (2017)).

3 Aligning MT with Reward Models

3.1 Data Filtering

The success of fine-tuning NMT models with MLE
is highly dependent on the quantity and quality of
the training dataset (Wang et al., 2018; Koehn and
Knowles, 2017; Khayrallah and Koehn, 2018). This
is because accurate references are crucial for com-
puting meaningful learning signals that correctly
guide the NMT model towards improved transla-
tions (Kong et al., 2018). Despite its recent suc-
cesses, RL-based training can be unstable, so using
only high-quality data could help mitigate this in-
stability. This can be addressed via data filtering,
by seeking a good balance between the aggressive-
ness of filtering and the resulting dataset size: if
the original dataset is already small, too much filter-
ing can be detrimental to the performance of NMT
systems (Zoph et al., 2016; Jiao et al., 2020). Fur-
thermore, when looking at the RL scenario, having
a sufficiently large training dataset can help guaran-
tee that the NMT model explores a wide range of
scenarios for policy improvement.

We apply our data filtering method on the con-
siderably large and noisy WMT datasets (Bojar et
al., 2015; Bojar et al., 2016) since they have been
reported to have less relevant and uncorrelated sen-
tences that can lead to sub-optimal results when
used during training (Koehn et al., 2020; Malli
and Tambouratzis, 2022). We do not perform data
filtering to the IWSLT2017 (Cettolo et al., 2012;
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Cettolo et al., 2017) dataset due to concerns about
its limited amount of available data. Further dataset
filtering could potentially result in a too-small train-
ing dataset, which is not be desirable for training
MT systems.

As illustrated in Figure 1, to perform the training
dataset filtering, we use a filter that reranks the sen-
tence pairs according to quality scores that indicate
the correlation and relevance of each sentence and
its given reference. This approach allows us to filter
out low-quality sentence pairs, thereby improving
the overall quality of the data. In our approach, we
use a robust preference model called COMET-QE
(Rei et al., 2020) as the data filter, which combines
the use of encoders and a regression model trained
on human-annotated data to estimate the quality
score of each sentence pair. This reference-less
model is expected to be more accurate in quality
score estimation and have a superior alignment with
human judgments than just resorting to the cur-
rently used cross-lingual encoders which only take
into account vector-space mapping similarity (Bane
and Zaretskaya, 2021). Furthermore, COMET-QE
seems particularly suitable as our preference model
during data filtering, as it is a multilingual reference-
free neural-based metric trained on human anno-
tations of translation quality, and therefore can be
used to filter by thresholding on predicted quality
or on the number of sentences in the training set.
After scoring all sentence pairs, we select the thresh-
old based on the number of high-quality sentence
pairs to use as the filtered dataset for RL training.
For that, we apply different thresholds and sizes to
the reranked sentences. We, then, MLE fine-tune
our baseline on these subsets and select the subset
that gives the overall best-performing model on the
dev. set. These best-performing models serve as
baselines for our RL-based training and reranking
methods during decoding.

In conclusion, it is worth noting that our data
filtering method is, as shown in Figure 1, one of
three methods we cover for employing a preference
model in the MT pipeline. This filtering method
can significantly increase the performance of MT
systems by introducing feedback in an earlier stage
of the pipeline.

3.2 Training Phase

The use of RL-based training has the potential to
bridge the gap between MLE training objectives,
MT evaluation metrics and human-like translations.

However, it faces challenges of instability and inef-
ficiency, especially in gradient variance and reward
computation. As illustrated in Figure 1, the RL
training process is composed of an NMT model
that generates translations that are evaluated by the
reward model through rewards that represent the
quality of the translation. This reward is used by
the policy gradient algorithm to update the NMT
model’s policy. To address the problem of gra-
dient variance, we employ PPO (Schulman et al.,
2017) as our policy gradient algorithm since it is a
stable and efficient algorithm that updates the pol-
icy parameters in a controlled way with a predeter-
mined proximity bound, avoiding sudden changes
that might destabilize the learning.

Reward computation is the most crucial part of
this entire process as it guides the NMT model dur-
ing training. Previous work on RL-based NMT
systems predominantly used BLEU as the reward
function. However, BLEU has several limitations,
as discussed in §2.2. To address these shortcomings,
we leverage robust preference models during RL
training, such as the reference-based COMET (Rei
et al., 2022a) and the reference-free COMET-QE
(Rei et al., 2020), as highlighted in Figure 1. Since
learning these models is a complex task, we incor-
porate these pre-trained preference models, which
have already been shown to correlate well with hu-
man judgments (Freitag et al., 2022b; Rei et al.,
2022a; Rei et al., 2020), to ensure that RL systems
can better capture the nuanced preferences of the
user by receiving human-like feedback as rewards.
These models assign numerical quality scores to
each translation hypothesis based on their desir-
ability, making them similar to utility functions.
Our study aims to demonstrate that training with
RL can generate higher-quality NMT models using
neural metrics and investigate the competitiveness
of COMET-QE as a reward model.

Another crucial decision was related to the ex-
ploitation vs. exploration problem of RL in the
context of MT (Wu et al., 2018). The beam search
algorithm generates more accurate translations by
exploiting the probability distribution/policy of the
NMT model, while sampling aims to explore more
diverse candidates. During generation, we observed
that sampling techniques generally led to candi-
dates of lower quality when compared to beam
search, according to the preference models used.
Therefore, all RL-based models used beam search
during their training and inference.
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3.3 Decoding Phase

Reranking methods (Ng et al., 2019; Bhattacharyya
et al., 2021; Fernandes et al., 2022; Eikema and
Aziz, 2022) are an alternative to MAP-based de-
coding that relies on reranking techniques and pre-
supposes access to N candidate translations for
each source sentence, generated by the NMT sys-
tem through methods like beam search or sampling.
The generated candidates are reranked according
to their quality given an already determined met-
ric/reward model.

We employ two reranking methods to select a
final translation: /V-best reranking (Ng et al., 2019;
Bhattacharyya et al., 2021) and minimum Bayes
risk decoding (MBR; Eikema and Aziz (2022)).

N-best reranking (3) employs a reference-free
metric, Mqg, to reorder a set of N candidate trans-
lations, denoted as ), and selects the candidate
with the highest estimated quality score as the final
translation, ¥gg,

Yrr = arg max Mg (y) 3)

yey

Considering the previous equation, and assuming
Chqp as the computational cost of evaluating a
candidate translation with QE metric, Mqg, we
obtain the final computational cost of finding the
best translation from N candidate translations as
O(N x C ]V[QE)'

MBR decoding, in contrast, relies on a reference-
based metric and chooses the candidate that has the
highest quality when compared to other possible
translations (in expectation). We define u(y*, y) as
the utility function, quantifying the similarity be-
tween a hypothesis y € ) and a reference y* € ).
In our context, the utility function is represented by
either BLEU or COMET. Therefore, MBR decod-
ing can be mathematically expressed as

4)

Umpr = arg max EYNpg(y|;B) [U(K y)] )
yey ~~

~ xS uy)y)

where in Eq. 4 the expectation is approximated
as a Monte Carlo sum using model samples
yD .y ~ py(y|x). These samples may be
obtained through biased sampling (e.g., nucleus-p
or top-k) or beam search. Knowing that the utility
function is a reference-based metric Mrgp with
computational cost, Cpsp» and that to find the
best translation we need to do pairwise comparisons
between hypotheses, we obtain the final computa-
tional cost as O(N? X Cppypp)- These reranking

methods become particularly effective when N is
not excessively large, making the process computa-
tionally more manageable.

Preference models capture the preferences of hu-
man evaluators and can be used during the decod-
ing stage to influence MT systems, as shown in
Figure 1. By doing this, the MT system will priori-
tize translations that are more aligned with human
judgments, therefore reducing the chances of gen-
erating severely incorrect translations. We believe
that incorporating preference models during the
decoding stage can lead to even better translation
quality, even if the underlying model has already
been RL-trained using the same or a different pref-
erence model. The benefits we expect to see include
improved fluency, adequacy, and consistency com-
pared to the respective baselines since our prefer-
ence models have been trained on annotations that
aim to optimize these linguistic aspects.

4 Experiments

4.1 Setup

During the training phase, we investigate the advan-
tages of RL training (with and without data filter-
ing §3.1) for enhancing the performance of NMT
systems. We employ a TS model', pre-trained on
the C4 dataset (Raffel et al., 2019). First, we fine-
tune the models using MLE training with Adam
(Kingma and Ba, 2017) as the optimization algo-
rithm, learning rate decay starting from 5 x 1076
and early stopping. For RL training?, we use PPO
with learning rate set as 2 X 1075, v set as 0.99,
trajectory limit set as 10, 000, beam search size set
as 5 and mini-batch updates were conducted using
stochastic gradient descent with a batch size of 32,
gathered over 4 PPO epochs. In the inference phase,
our emphasis shifts towards reranking techniques
and their impact on the performance of NMT sys-
tems. As for the candidate generation method used,
early experiments, omitted for relevancy, show that
the best configuration is to generate 100 candidates
per source sentence and then use sampling with

= 0.6 and £ = 300 to select the best transla-
tion. Consequently, the evaluation encompasses
all the baseline and RL-trained models, both with
and without N-best reranking and MBR decoding.
These evaluations are conducted across the follow-

'We leverage the T5-Large model available in Huggingface’s
Transformers framework (Wolf et al., 2020).

20ur RL implementation relies on the Transformer Reinforce-
ment Learning X framework (Castricato et al., 2023, tr1X).
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ing datasets:

e The small IWSLT2017 datasets (Cettolo et
al., 2012; Cettolo et al., 2017) for English
to German (EN — DE) and English to French
(EN — FR), featuring 215k and 242k training
examples, respectively.

* The large WMT16 dataset (Bojar et al., 2016)
for English to German (EN — DE) with 4.5M
training examples.

* The large WMT15 dataset (Bojar et al., 2015)
for English to French (EN — FR) with over
40M training samples.

We assess the performance of each NMT system
using well-established evaluation metrics, which
include BLEU, chrF (Popovié, 2015), METEOR
(Banerjee and Lavie, 2005), COMET, COMET-QE,
and BLEURT. Additionally, for certain experiments
executed on a single NVIDIA RTX A6000 GPU,
we provide wall clock time measurements to offer
insights into computational efficiency.

4.2 Finding the Optimal Quality Subset Size

In this section, we discuss our approach to quality-
aware data filtering as a stabilizing strategy (§3.1),
for the WMT datasets. Figure 2a summarizes our
findings for the WMT16 EN—DE dataset (Bojar
et al., 2016) on the influence of a high-quality sub-
set on translation performance as we vary the sub-
set size, based on various evaluation metrics and
COMET-QE sentence filtering. Across all metrics,
a consistent trend emerges: after reaching training
sizes of 500 000, there is a notable decline in perfor-
mance. Particularly, this decline is less prominent
for lexical metrics, possibly due to their inherent
limitations (Freitag et al., 2022b). A similar analy-
sis for WMT15 EN—FR that can be found in Fig-
ure 2b results in an optimal training size of 300 000
examples.

While the data filtering process has led to remark-
able improvements in performance, it is important
to note that the effectiveness of this process is de-
pendent on the selected reranking metric. Using
metrics that are not closely aligned with human
judgments can result in poorly correlated and mis-
aligned sentences, which can make the training pro-
cess more unstable. Therefore, it is recommended
to use robust QE models, such as COMET-QE.
The more recent COMETKIWI (Rei et al., 2022b)
model may offer even greater performance improve-
ments.

4.3 Impact of Quality-aware Data Filtering

After obtaining the best configuration for our data
filtering process, we experiment with the use of the
curated high-quality training subset from COMET-
QE and assess its impact on the MLE and RL train-
ing performance. We compare our filtering method
with no filtering by using the original full training
dataset, random filtering and cross-lingual embed-
ding similarity filtering using MUSE (Lample et al.,
2017) and XLM-R (Conneau et al., 2019).

Table 1 provides a comprehensive overview of
the experimental results using BLEU, COMET and
COMET-QE as reward models. Both MT tasks
demonstrate the same tendency when trained using
MLE. COMET-QE and MUSE high-quality subsets
have enough reduced noise to provide more stable
training, as evidenced by the overall increase in per-
formance across all metrics compared to the base-
line training on the full original dataset. Moreover,
a randomly selected subset fine-tuned with MLE
performs worse or at most not significantly better
than the baseline trained on the original dataset, as
expected. Furthermore, in accordance with our ex-
pectations (Bane and Zaretskaya, 2021), XLM-R
filtering does not improve training and is actually
the worst-performing model.

Regarding RL-based training on both MT
tasks, we observe that most RL-trained models
outperform their MLE-trained baseline counter-
parts across various metrics. Notably, the best-
performing models are the ones that were MLE
fine-tuned and then RL-trained on the COMET-
QE high-quality subset using both COMET and
COMET-QE as reward models. On top of that, we
can see that in some cases RL training solely does
not yield significant improvements, but when com-
bined with high-quality training subsets, it results
in substantial enhancements and a competitive edge
over the normal, random and XLLM-R baselines. Ad-
ditionally, we see impressive BLEU scores with RL
training with COMET(-QE) as reward model. This
finding underscores that optimizing for COMET(-
QE) yields superior BLEU scores compared to di-
rect optimization for BLEU. This phenomenon is
likely attributed to COMET(-QE) providing more
effective reward signals during training, thus high-
lighting the limitations of BLEU.

The excellent performance gains with COMET-
QE as a data filter and also as a reward model em-
phasize the potential of RL-based NMT models
trained with a QE reward model (which does not re-
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Figure 2: These models were fine-tuned by progressively increasing the size of the high-quality subset,
obtained with COMET-QE sentence reranking and denoted in increments of 100,000.

quire a corpus with references) to outperform other
RL-trained models, offering promising opportuni-
ties for unsupervised NMT training with monolin-
gual data, especially for low-resource languages,
by eliminating the need for reference translations
in evaluation and reward signal generation.

In conclusion, we highlight the importance of
thoughtful data selection for achieving better trans-
lation quality, showing that COMET-QE can consis-
tently outperform the remaining filtering methods.
Furthermore, the top-performing models were RL-
trained with neural metrics, showing once again
that human-aligned preference models can con-
stantly outperform simpler metrics, such as BLEU.

4.4 Impact of preference-based MT alignment

Table 2 presents the performance scores of the best
baseline model, across various MT tasks, focusing
on the comparison between RL training, reranking

methods during inference and the potential syner-
gies between RL training and reranking techniques
in improving the translation quality of MT systems.

Our analysis reveals consistent improvements
across all evaluation metrics and reward models,
with RL training consistently achieving top scores,
especially when using COMET-QE as the reward
model. 3 MBR decoding with COMET and N-best
reranking with COMET-QE outperformed RL train-
ing in COMET and COMET-QE metrics but had
difficulty improving other evaluation metrics, while
RL training exhibited better generalization with
slightly less consistent improvements in COMET
and COMET-QE scores. This phenomenon of in-
creased COMET and COMET-QE scores comes
at the cost of worse performance according to the

3We also provide additional fine-grained quality analysis in
Appendix A to better illustrate and address specific research
questions.
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Training Data

Lexical Metrics

Neural Metrics

SL Data RL Data BLEU ChrF METEOR COMET COMET-QE BLEURT
MLE
Original - 35.04 61.30 61.91 84.40 39.50 74.70
Random - 34.43 61.00 61.36 83.90 39.10 74.30
XLM-R - 33.24 60.35 60.20 84.80 41.80 72.60
MUSE - 35.10 61.90 62.20 85.10 40.40 74.30
COMET-QE - 35.45 62.00 62.75 85.50 42.00 75.90
RL w/ BLEU
Original Original 34.70 60.90 61.45 85.60 42.20 74.60
Random Random 34.49 61.10 61.49 85.60 42.20 74.40
XLM-R XLM-R 33.21 60.41 60.10 85.10 42.70 73.10
MUSE MUSE 35.34 62.10 62.73 85.60 40.80 74.50
Original COMET-QE 35.37 61.70 62.04 85.40 41.00 74.20
COMET-QE COMET-QE 35.55 62.10 62.77 86.80 45.00 76.10
RL w/ COMET
Original Original 35.05 61.30 61.82 85.60 41.80 74.40
Random Random 34.96 61.40 61.80 85.60 41.80 74.20
XLM-R XLM-R 33.60 60.74 60.40 85.00 42.00 72.90
MUSE MUSE 35.18 61.90 62.56 85.50 41.90 74.60
Original COMET-QE 35.58 61.80 62.20 85.70 41.70 74.50
COMET-QE COMET-QE 35.90 62.20 63.06 86.70 44.10 75.70
RL w/ COMET-QE
Original Original 3421 60.50 61.10 85.60 42.40 74.80
Random Random 34.88 61.30 61.69 85.50 41.80 74.10
XLM-R XLM-R 33.57 60.73 60.40 85.10 42.20 73.20
MUSE MUSE 35.03 61.90 62.57 85.70 41.30 74.70
Original COMET-QE 35.48 61.70 62.10 85.70 41.70 74.50
COMET-QE COMET-QE 35.96 62.30 63.07 86.70 44.70 75.90
Training Data Lexical Metrics Neural Metrics
SL Data RL Data BLEU ChrF METEOR COMET COMET-QE BLEURT
MLE
Original - 31.49 57.18 55.80 78.60 5.30 66.20
Random - 31.27 57.07 60.01 80.00 12.80 65.20
XLM-R - 25.04 48.78 48.60 77.40 12.10 57.10
MUSE - 35.49 59.10 60.55 80.10 13.10 67.50
COMET-QE - 35.62 59.90 61.11 80.50 13.50 68.10
RL w/ BLEU
Original Original 35.47 59.90 61.03 80.20 16.90 67.10
Random Random 32.75 58.10 60.20 80.03 14.10 66.35
XLM-R XLM-R 25.78 49.69 49.30 77.70 13.30 57.80
MUSE MUSE 35.55 60.10 60.56 81.90 17.10 67.50
Original COMET-QE 35.67 60.10 61.01 81.20 17.10 67.30
COMET-QE COMET-QE 36.26 60.40 61.51 82.10 17.50 67.70
RL w/ COMET
Original Original 35.50 59.90 61.00 80.40 16.80 67.00
Random Random 34.15 59.50 60.93 80.50 15.50 67.10
XLM-R XLM-R 25.08 48.84 48.60 77.50 12.40 57.20
MUSE MUSE 36.00 60.10 61.20 80.80 17.00 67.30
Original COMET-QE 35.98 60.00 61.09 81.80 17.10 67.20
COMET-QE COMET-QE 36.62 60.60 61.79 82.20 17.40 67.60
RL w/ COMET-QE
Original Original 35.50 60.00 61.10 82.20 17.50 68.00
Random Random 32.10 58.30 60.50 81.00 14.40 66.70
XLM-R XLM-R 24.67 48.38 48.10 77.60 12.60 56.80
MUSE MUSE 35.62 60.45 59.30 82.22 17.45 67.80
Original COMET-QE 35.90 60.10 61.22 82.27 17.53 68.02
COMET-QE COMET-QE 36.25 60.50 61.58 82.40 17.70 68.10

Table 1: Automatic evaluation metrics for the MLE and RL-trained models on the WMT16 EN—DE (top)
and WMT15 EN-FR (bottom) original datasets, quality subsets obtained from COMET-QE, XLM-R and
MUSE and a randomly selected subset. The training data used for MLE and RL can be found in the SL
and RL Data, respectively. We experimented with BLEU, COMET and COMET-QE as reward models for
the RL training. The best overall values are bolded and the best for each specific group are underlined.

other MT evaluation metrics, showing a potential
of overfitting effect for these reranking techniques
that occur across all datasets. These findings un-
derscore the potential of neural metrics as reward
signals in training and inference, as discussed in
Deutsch et al. (2022) and Freitag et al. (2022b).
While combining RL training and MBR decod-
ing occasionally led to top performance, it did not
consistently outperform other strategies, making it

a method that distributes gains across all evalua-
tion metrics without exceptional generalization as
RL training but provides better overall scores than
reranking methods alone.

RL training and MBR decoding in MT exhibit
distinct computational efficiency profiles, as shown
in Table 3. RL training is computationally de-
manding but typically entails a one-time, resource-
intensive training process (though less resource-
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WMT16 EN—DE

WMT15 EN—FR

MODEL
BLEU METEOR ChrF COMET COMET-QE BLEURT BLEU METEOR ChrfF COMET COMET-QE BLEURT
High-Quality Subset Baseline (HQSB) 35.45 62.00 62.75 85.50 42.00 75.90 35.62 59.90 61.11 80.50 13.50 68.10
””””””””””””””””””””””” BLEU
'HQSB+RL 73555 6210 6277 8680 4500 7610 3626 6040 6151 8210 1750 6770
HQSB + MBR 3553 6230 62.80 86.70 44.20 7590 3573 6040 6142 81.60 15.60 67.20
HQSB + RL + MBR 3522 6190 62.62 86.20 43.10 7550 36.72 60.80 61.89 82.00 16.30 67.20
””””””””””””””””””””””” coMET
HQSB +RL 3590 6220 63.06 86.70 44.10 75770 36.62  60.60 61.79 82.20 17.40 67.60
HQSB + MBR 3358  60.70 61.48 88.00 47.90 76.50  34.89  59.60 60.94 85.00 27.00 69.80
HQSB+ RL + MBR 3492 6180 62.84 88.10 47.60 7690 3597 6020 6145 84.40 24.50 69.20
”””””””””””””””””””””” COMET-QE e
'HQSB+RL 3596 6230 6307 8670 4470 7590 3625 6050 6158 8240 1770 6810
HQSB + N-RR 31.46 58.70 60.41 87.10 53.80 75.90 29.99 54.80 56.87 82.80 39.10 66.20
HQSB + RL + N-RR 32.73 59.80 61.32 87.30 53.20 76.30 32.61 57.40 58.96 83.40 36.10 67.60
HQSB + N-RR + MBR w/ COMET 33.73 60.90 61.79 88.10 49.60 76.70 34.34 59.40 60.69 84.80 29.40 69.50
HQSB + RL + MBR w/ COMET 34.61 61.60 62.72 88.20 50.10 7720 3547 5990 6126 84.90 28.80 70.00
IWSLT2017 EN—DE IWSLT2017 EN—FR
MODEL
BLEU METEOR ChrF COMET COMET-QE BLEURT BLEU METEOR ChrfF COMET COMET-QE BLEURT
Normal Baseline (NB) 32.75 62.40 60.04 84.80 38.30 74.80 41.47 68.40 66.20 84.40 21.70 73.30
””””””””””””””””””””””” BLEU
'NB+RL 3448 6290 60.51 8520 3970 7440 4458 6860 6676 8520 2470 7270
NB + MBR 33.87 6220 60.05 85.00 38.90 7450 44.08 68.70 66.52 85.20 24.40 73.20
NB + RL + MBR 3446 6250 6022 85.00 39.00 7410 4425 6830 6650 85.00 24.20 72.40
””””””””””””””””””””””” coMET
NB + RL 3417 6220 59.88 85.10 39.30 7440 4448  68.70 66.74 85.20 24.60 72.80
NB + MBR 3333 6210 59.97 86.70 43.80 75.60 39.04 6530 6332 86.80 37.40 75.00
NB + RL + MBR MBR 3375 6190 59.72  86.10 41.80 7490 4424 6850 66.62 86.30 28.30 73.60
”””””””””””””””””””””” COMET-QE
'NB+RL 3453 6290 6049 8530 4000 7470 4456 68.70 66.87 8530 2490 7290
NB + N-RR 3231 60.70  59.06 86.40 50.00 75.60 4248 6720 6538 86.60 38.30 74.00
NB + RL + N-RR 32.98 61.50 59.48 86.40 48.70 75.40 43.29 67.50 65.90 86.50 36.00 73.70
NB + N-RR + MBR w/ COMET 3353 6190 59.95 86.70 46.00 75.80 3941 6540 6342 87.00 40.00 75.30
NB + RL + MBR w/ COMET 3418 6250 6027 86.60 43.50 7540  44.07 6820 66.55 86.70 32.50 74.00

Table 2: Automatic evaluation metrics for the best baseline in each dataset and its variations with RL
training, reranking (/N-RR) and MBR decoding. BLEU, COMET, and COMET-QE serve as reward
models in the context of RL training and are subjected to comparison with respect to both reranking
strategies employed as the optimization metric (reranker). Best-performing values are bolded and best for

each specific group are underlined.

intensive than MLE training), involving iterative
fine-tuning of NMT models, making it suitable for
capturing nuanced quality improvements from the
reward models. In contrast, MBR decoding, fo-
cused on optimizing translation during inference, re-
quires recomputation for each input sentence, allow-
ing for computational efficiency when performed
infrequently. However, it may not fully utilize the
capabilities of the NMT model and can be compu-
tationally demanding in high-throughput scenarios.
The choice between RL training and MBR decod-
ing depends on specific MT system requirements,
considering computational resources, translation
quality objectives, and the need for real-time adapt-
ability.

In summary, the results demonstrate that integrat-
ing RL training consistently improves translation
quality in both EN—DE and EN—FR tasks across
various metrics. It consistently outperforms the
MLE baseline and is superior in lexical metrics
scores compared to reranking strategies, which per-
form well according to COMET and COMET-QE.

Additionally, most top-performing models incor-
porate RL training, highlighting its effectiveness
in complementing reranking strategies to further
improve translation quality.

5 Related Work

RL-based NMT. Extensive research has been
conducted on RL algorithms to improve MT. Stud-
ies by Wu et al. (2018) and Kiegeland and Kreutzer
(2021) have explored the impact of RL training on
large-scale translation tasks and demonstrated the
effectiveness of policy gradient algorithms in miti-
gating exposure bias and optimizing beam search in
NMT. However, both studies were limited to the use
of BLEU as a reward model. Our research differs
in that we explore the benefits of employing more
robust preference models to improve translation
quality. Additionally, other researchers have made
progress in advancing reward-aware training meth-
ods. For instance, Donato et al. (2022) introduced
a distributed policy gradient algorithm using mean
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WMT16 EN—DE WMTI15 EN—FR  IWSLT2017 EN—DE IWSLT2017 EN—FR
Method Training Inference Training Inference Training Inference  Training Inference
MLE 480 5 373 3 1020 13 905 16
RL 288 5 242 3 354 13 403 16
MBR 0 212 0 55 0 500 0 660
N-RR 0 183 0 50 0 455 0 625

Table 3: Wall-clock time values, in minutes, that represent the efficiency of MLE, RL, MBR decoding
and N-best reranking. The training was performed on the WMT16 EN—DE and WMT15 EN—FR
high-quality subsets and on IWSLT2017 EN—DE and EN—FR entire datasets with 500 000, 300 000,
215000 and 242 000 sentence pairs, respectively. The inference was conducted on WMT16 EN—DE,
WMT15 EN—FR, IWSLT2017 EN—DE and IWSLT2017 EN—FR official test set partitions with 2999,
1500, 8079 and 8597 sentence pairs, respectively. This assessment was done with COMET as the reward
model for RL and as a reranker for the reranking methods.

absolute deviation (MAD) for improved training,
excelling with BLEU rewards and generalizing well
to other metrics. Moreover, Ouyang et al. (2022)
pioneered reinforcement learning from human feed-
back (RLHF) for a human-based reward model,
while Gulcehre et al. (2023) proposed Reinforced
Self-Training (ReST) for more efficient translation
quality improvement using offline RL algorithms.

Reranking methods for NMT. Shen et al. (2004)
initially introduced the concept of discrimina-
tive reranking for Statistical Machine Translation,
which was later adopted by Lee et al. (2021) to train
a NMT model through a reranking strategy based
on BLEU. Extending this concept, MBR decoding
(Kumar and Byrne, 2004) has regained popular-
ity for candidate generation during decoding, with
Miiller and Sennrich (2021) finding it more robust
than MAP decoding, mitigating issues like halluci-
nations. Furthermore, Freitag et al. (2022a) showed
that coupling MBR with BLEURT, a neural metric,
enhances human evaluation results when compared
to lexical metrics. Fernandes et al. (2022) con-
ducted a comprehensive study comparing various
reranking strategies, including reranking and MBR
decoding, with both reference-based and quality
estimation metrics, concluding that these strategies
lead to better translations despite the increased com-
putational cost. In our work, we build on these
foundations and show that reranking methods can
be coupled with RL training to provide better trans-
lation quality to MT systems.

Data filtering for NMT. In their study, Taghipour
et al. (2011) explored the use of outlier detection
techniques to refine parallel corpora for MT. Mean-
while, Cui et al. (2013) proposed an unsupervised
method to clean bilingual data using a random walk

algorithm that computes the importance quality
score of each sentence pair and selects the higher
scores. Xu and Koehn (2017) presented the Zippo-
rah system, which is designed to efficiently clean
noisy web-crawled parallel corpora. Carpuat et al.
(2017) focused on identifying semantic differences
between sentence pairs using a cross-lingual textual
entailment system. Wang et al. (2018) proposed an
online denoising approach for NMT training by us-
ing trusted data to help models measure noise in
sentence pairs. Artetxe and Schwenk (2019) intro-
duced LASER based on a BiLSTM encoder that
can handle 93 different languages. Our work builds
on these previous studies as we implement a data fil-
tering method based on COMET-QE, a preference
model trained on human preferences. Our approach
is similar to that of Bane and Zaretskaya (2021) but
is significantly more robust as preference models
are much more closely aligned to human judgments
compared to cross-lingual encoders.

6 Conclusion

Our thorough analysis of feedback integration meth-
ods underscores the importance of meticulous data
curation for enhancing MT reliability and efficiency.
Our findings demonstrate the consistent improve-
ment in translation quality when employing neu-
ral metrics, such as COMET(-QE), during training
and/or inference. RL training with data filtering
stands out as significantly superior to both MLE
and reranking methods. Additionally, coupling RL
training with reranking techniques can further en-
hance translation quality. While computational ef-
ficiency remains a concern due to the added over-
head of RL and reranking methods on top of MLE-
trained models, their adoption should be tailored to
specific task and environmental requirements.
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A Additional Results

To gain deeper insights into the effectiveness of
both training and inference techniques, we also
conducted a small fine-grained study evaluating
the translation quality of models. Specifically,
we compared translations produced by the High-
Quality Subset Baseline using three different meth-
ods: MBR with COMET, RL training with COMET-
QE as a reward model and a hybrid approach com-
bining both. This complementary evaluation pri-
marily relies on BLEURT, a neural metric highly
correlated with human judgments and independent
from the used reward models.

The overall BLEURT scores for these systems
can be obtained from Table 2, with HQSB, HQSB +
MBR w/ COMET, HQSB + RL w/ COMET-QE and
HQSB + RL w/ COMET-QE + MBR w/ COMET
having 75.90, 76.50, 75.94 and 77.20, respectively.
Figure 4 illustrates a discernible trend: across vary-
ing lengths of source sentences, the model trained
with RL and employing MBR during inference con-
sistently yields translations of higher quality. Addi-
tionally, there is a noticeable decline in translation
quality when MBR alone is employed for excep-
tionally long sentences, a phenomenon seemingly
linked to specific hallucinations evident in Figure
3. Furthermore, Table 4 showcases the most criti-
cal examples of hallucinations obtained during this
analysis.

20 A

18

Number of Hallucinations
o
o

HOSB

HQSB + MBR HQSB + RL HQSB + RL + MBR

Figure 3: Number of hallucinations on the WMT16
EN—DE test set with 3000 sentences.

Examining Figures 5 and 6, depicting sen-
tence counts across various ranges of BLEU and
BLEURT scores, respectively, reveals the trend that
the HQSB + RL + MBR system consistently outper-
forms the remaining systems across both metrics.
Once again, the prevalence of low BLEU scores

Source: Posted by TODAY on Monday, September 14, 2015

Reference: Geschrieben von TODAY am Montag, 14.
September 2015

MBR Hallucination: Posted by TODAY am Montag, 14.
September 2015, 14:45 Uhr Posted by TODAY am Montag,
September 14, 2015, 14:40 Uhr Posted by TODAY am
Montag, September 14, 2015, 14:00 Uhr Posted by TODAY
am Montag, September 14, 2015, 14:30 Uhr Posted by
TODAY am Montag, September 14, 2015, 14:30 Uhr Posted
by TODAY am Montag, September 14, 2015, 14:30 Uhr
Posted by TO

RL + MBR Translation: Verdffentlicht von TODAY am
Montag, 14. September 2015

Source: Seehofer: "Borders will not be cordoned off”
Reference: Seehofer: "Grenzen werden nicht abgeriegelt”

MBR Hallucination: Seehofer: "Grenzen werden nicht
abgeschottet” Seehofer: "Grenzen werden nicht abgeschot-
tet" Seehofer: "Grenzen werden nicht abgeschottet” See-
hofer: "Grenzen werden nicht abgeschottet” Seehofer:
"Grenzen werden nicht abgeschottet" Seehofer: "Grenzen
werden nicht abgeschottet" Seehofer: "Grenzen werden
nicht abgeschottet" Seehofer

RL + MBR Translation: Seehofer: "Grenzen werden
nicht abgeriegelt"

Source: Croatia: "We are letting the refugees through"
Reference: Kroatien: "Wir lassen die Fliichtlinge durch”

MBR Hallucination:  Kroatien:  "Wir lassen die
Fliichtlinge durch" "Wir lassen die Fliichtlinge durch"
Kroatien: "Wir lassen die Fliichtlinge durch" Kroat-
ien: "Wir lassen die Fliichtlinge durch" Kroatien: "Wir
lassen die Fliichtlinge durch" Kroatien: "Wir lassen die
Fliichtlinge durch"

RL + MBR Translation: Kroatien:
Fliichtlinge durch"”

"Wir lassen die

Table 4: Instances of oscillatory hallucinations gen-
erated by the HQSB + MBR model.

underscores the issue of hallucinations associated
with MBR. Furthermore, HQSB and HQSB + RL
systems are quite competitive but a slight edge must
be given to RL in enhancing the performance of the
models

The bucketed word accuracy analysis aims to
evaluate how effectively each system is at generat-
ing different types of words. Figure 7 shows that
all four systems demonstrate robustness across all
word frequencies but perform significantly better
with higher-frequency words. Notably, among these
systems, the one integrating reinforcement learning
(RL) emerges as the top performer, emphasizing its
effectiveness in word generation tasks.
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Figure 4: Comparison of BLEU (top) and BLEURT (bottom) scores for WMT16 EN—DE translations
across diverse source sentence lengths, highlighting the influence of sentence length on translation quality.
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Figure 5: Histograms of sentence BLEU scores for the specific systems on WMT16 EN—DE.
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Figure 6: Histograms of sentence BLEURT scores for the specific systems on WMT16 EN—DE.
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Figure 7: Word F-Measure Bucketed by Frequency for the specific systems on WMT16 EN—DE.
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