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Abstract

Moderate-sized large language models (LLMs)
— those with 7B or 13B parameters — exhibit
promising machine translation (MT) performance.
However, they do not match the performance
of state-of-the-art conventional encoder-decoder
translation models or larger-scale LLMs such
as GPT-4 (OpenAl, 2023). In this study, we
bridge this performance gap. We first assess
the shortcomings of supervised fine-tuning for
LLMs in the MT task, emphasizing the quality
issues present in the reference data, despite being
human-generated. Then, in contrast to supervised
fine-tuning which mimics reference translations,
we introduce Contrastive Preference Optimiza-
tion (CPO), a novel approach that trains mod-
els to avoid generating adequate but not perfect
translations. Applying CPO to ALMA (Xu et al.,
2023) models with only 22K parallel sentences
and tuning only 0.1% parameters yields signifi-
cant improvements. The resulting model, called
ALMA-R, can match or exceed the performance
of the WMT competition winners and GPT-4 on
WMT’21, WMT’22 and WMT’23 test datasets.

1. Introduction

Machine translation (MT) predominantly utilizes trans-
former encoder-decoder architectures (Vaswani et al., 2017),
which is evident in prominent models such as NLLB-200
(NLLB TEAM et al., 2022), M2M100 (Fan et al., 2021),
BiBERT (Xu et al., 2021), and MT5 (Xue et al., 2021). How-
ever, the emergence of decoder-only large language models
(LLMs) such as the GPT series (Brown et al., 2020; OpenAl,
2023), Mistral (Jiang et al., 2023), LLaMA series (Touvron
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et al., 2023a;b), Falcon (Almazrouei et al., 2023), inter alia,
which have shown remarkable efficacy in various NLP tasks,
which attracts the interest of developing machine translation
with these decoder-only LLMs. Recent studies (Zhu et al.,
2023a; Jiao et al., 2023b; Hendy et al., 2023; Kocmi et al.,
2023; Freitag et al., 2023) indicate that larger LLMs such
as GPT-3.5 (175B) and GPT-4 exhibit strong translation
abilities. However, the performance of smaller-sized LLMs
(7B or 13B) still falls short when compared to conventional
translation models (Zhu et al., 2023a).

Therefore, there are studies intend to enhance the translation
performance for these smaller LLMs (Yang et al., 2023;
Zeng et al., 2023; Chen et al., 2023; Zhu et al., 2023b; Li
et al., 2023; Jiao et al., 2023a; Zhang et al., 2023), but
their improvements are relatively modest, primarily due to
the predominant pre-training of LLMs on English-centric
datasets, resulting in limited linguistic diversity (Xu et al.,
2023). Addressing this limitation, Xu et al. (2023) initially
fine-tune LLaMA-2 (Touvron et al., 2023b) with extensive
non-English monolingual data to enhance their multilingual
abilities, and then perform supervised fine-tune (SFT) with
high-quality parallel data to instruct the model to generate
translations. Their model, named ALMA, outperforms all
prior moderated-size LLMs, and even larger models such
as GPT-3.5, in the translation task. Nonetheless, the perfor-
mance still lags behind leading translation models such as
GPT-4 and WMT competition winners. Our study bridges
this gap by further fine-tuning ALMA models with our
novel training method Contrastive Preference Optimiza-
tion (CPO) and minimal costs, i.e., only 12M learnable
parameters (equivalent to 0.1% of the original model size)
and a 22K dataset for 10 directions. The fine-tuned model
is referred to as ALMA-R. A detailed performance compar-
ison is illustrated in Figure 1.

CPO aims to mitigate two fundamental shortcomings of SFT.
First, SFT’s methodology of minimizing the discrepancy
between predicted outputs and gold-standard references in-
herently caps model performance at the quality level of the
training data. This limitation is significant, as even human-
written data, traditionally considered high-quality, is not
immune to quality issues (more details in Section 2). For in-
stance, one may notice that some strong translation models
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Figure 1. A performance comparison featuring our proposed
model ALMA-13B-R against other recently released 13B LLM-
based models, as well as top-performing translation systems
like GPT-4 and WMT winners. This evaluation covers the
WMT’22 test data across 8 directions, involving translations
to and from English for German, Czech, Chinese, and Rus-
sian. Scores are averaged by three different reference-free
models: wmt23-cometkiwi-da—-xx1l, XCOMET-XXL, and
wmt 22-cometkiwi-da, and are also averaged across all direc-
tions. The gold reference is also evaluated due to the reference-free
approach. Our model, ALMA-13B-R, developed by further train-
ing ALMA-13B-LoRA using our proposed CPO method, either
matches or surpasses the most advanced translation models. We
show the detailed numerical data for all systems presented in the
figure in Appendix A.

are capable of producing translations superior to the gold
reference, as illustrated in Figure 1. Secondly, SFT lacks a
mechanism to prevent the model from rejecting mistakes in
translations. While strong translation models can produce
high-quality translations, they occasionally exhibit minor
errors, such as omitting parts of the translation. Preventing
the production of these near-perfect but ultimately flawed
translations is essential. To overcome these issues, we intro-
duce Contrastive Preference Optimization (CPO) to train the
ALMA model using specially curated preference data. After
CPO training, the ALMA-R model shows marked improve-
ments, achieving performance levels that match or even
surpass those of GPT-4 and WMT competition winners.

Our main contributions are summarized as follows:

Are reference Gold or Gilded? We conducted an in-depth
analysis of the training data (FLORES-200 data) utilized by
the ALMA model. We meticulously compared the quality
of the reference translations with those generated by strong
translation models. Our findings reveal that, in numerous
instances, the quality of human-written parallel data is even
inferior to that of system-generated translations. This obser-
vation underscores a critical insight: training models exclu-
sively towards replicating reference translations may not be

the most effective approach, and reliance on reference-based
evaluation could be flawed.

Pushing the Performance Boundary of SFT We intro-
duce Contrastive Preference Optimization, which offers ad-
vantages in terms of memory efficiency, speed, and, cru-
cially, enhanced effectiveness in improving translation qual-
ity. CPO breaks the performance bottleneck inherent in
SFT’s reference-mimicking learning process and pushes the
performance boundary of models that have reached satura-
tion through SFT training.!

Preference Data We build and release a high-quality pref-
erence dataset for the machine translation area.

2. Gold or Gilded? Scrutinizing Gold
Reference Quality

The significance of target references is paramount in ma-
chine translation tasks. The paradigm of training models on
the machine translation task heavily relies on the quality of
the references since the model is commonly optimized using
a loss that is defined to minimize the difference between the
predicted outputs and gold reference. Consider a dataset
D, comprising pairs of source sentences z and their corre-
sponding target sentences (gold references) y, represented
asD = {2, y® }j\;l where N is the total number of par-
allel sentences. The negative log-likelihood loss for these
parallel sentences, in relation to a model 7y parameterized
by 6, is defined as follows:

L = —E(p )~ log ma(ylz)]. ey

Hence, the ability of models to effectively translate is con-
tingent upon the availability of high-quality translation pairs
(Xu et al., 2023; Maillard et al., 2023). Furthermore, preva-
lent evaluation tools such as BLEU (Papineni et al., 2002)
and COMET-22 (Rei et al., 2022) predominantly rely on
reference-based metrics. However, the precision of these
evaluations is sensitive to and compromised by substandard
references (Kocmi et al., 2023; Freitag et al., 2023). Recent
research (Xu et al., 2023; Kocmi et al., 2023; Freitag et al.,
2023) has shifted attention towards assessing the quality of
parallel datasets, indicating that target references may not
consistently represent the highest quality. In Figure 2, we
take a translation example from the FLORES-200 dataset,
and compare the gold reference translation with outputs
from the best ALMA model and GPT-4. This comparison
reveals that the gold reference is a flawed translation, as it
omits part of information, whereas the system-generated
outputs demonstrate superior quality. This prompts an in-
quiry: Are references (even though human-written) truly
equivalent to gold standards? To thoroughly assess the

'We release our code and models at: https://github.
com/felixxu/ALMA.


https://github.com/fe1ixxu/ALMA
https://github.com/fe1ixxu/ALMA

Contrastive Preference Optimization: Pushing the Boundaries of LLM Performance in Machine Translation

quality of both the gold standard references and the outputs
from contemporary high-performance translation models,
we propose evaluating these outputs utilizing reference-free
evaluation frameworks.

Source: 3X 2 5 R | (Martelly) P94 5 25 71 /0 A # i bl B 624 2 1 2 (CEP),
Reference: It is Martelly's fifth CEP in four years.

ALMA-13B-LoRA: This is Martelly's fifth time
(CEP) in four years.

GPT-4: This is the fifth time Martelly has been
(CEP) in four years.

Figure 2. An example demonstrating that a human-written gold
reference may not always be flawless, and could be surpassed by
translations from advanced translation models. In this case, the
reference retains the abbreviation “CEP” but fails to provide its full
name. The highlighted phrases in the model-generated translations
indicate the portions omitted by the gold reference.

Models We scrutinize the translation outputs from ALMA-
13B-LoRA?2, as well as zero-shot translations from the
most recent GPT-4 (gpt-4-1106-preview). To as-
sess the quality of these outputs, we employ two of the
latest and largest reference-free models, each with a 10B
parameter size and demonstrating very high correlation
with human judgements (Freitag et al., 2023). These
models are Unbabel/wmt23-cometkiwi-da-xxl
(henceforth referred to as KIWI-XXL) (Rei et al., 2023)
and Unbabel /XCOMET-XXL (subsequently referred to as
XCOMET) (Guerreiro et al., 2023).

Data we consider the high-quality and human-written
FLORES-200 dataset (NLLB TEAM et al., 2022), com-
prising both development and test data, amounting to a total
of 2009 samples for each language direction, to compare the
gold references with the outputs generated by the models.
We employed ALMA-13B-LoRA and GPT-4 to perform
translations across five English-centric language pairs, cov-
ering both translations from and to English. These pairs
include German (de), Czech (cs), Icelandic (i s), Chinese
(zh), and Russian (ru), with Icelandic (is) categorized
as a low-resource language and the others as high-resource
languages.

Prompt The prompt employed for generating translations
with ALMA models is consistent with the one used in Xu
et al. (2023). For GPT-4 translation generation, we fol-
low the guidelines suggested by Hendy et al. (2023). The
specifics of these prompts are detailed in Appendix B.

2ALMA-13B-LoRA is the best 13B translation model in the
ALMA families. It initially undergoes full-weight fine-tuning on
monolingual data, followed by fine-tuning on high-quality human-
written parallel data using low-rank adaptation (LoRA) (Hu et al.,
2022).

Table 1. A performance comparison between gold references and
outputs from advanced translation models, as assessed by two
10B-size reference-free evaluation models with the highest corre-
lation to human preferences. The results indicate that the average
performance of these strong translation models can even exceed
that of the gold references, achieving a high success rate in beating
the reference.

KIWI-XXL Win Ratio (%) XCOMET Win Ratio (%)
Translating to English (xx—en)

Reference 85.31 - 88.82 -

ALMA-13B-LoRA 88.33 73.24 92.68 60.17

GPT-4 89.21 79.43 94.66 54.25
Translating from English (en—xx)

Reference 87.85 - 94.42 -

ALMA-13B-LoRA 85.62 42.15 93.07 35.46

GPT-4 87.30 49.13 94.21 38.09

Model Outputs Can Be Better References In Table 1, we
present the evaluation scores of KIWI-XXL and XCOMET
for the gold references, ALMA-13B-LoRA outputs, and
GPT-4 outputs. Additionally, we report Win Ratio, reflect-
ing the proportion of instances where model outputs surpass
the gold standard references. These metrics are calculated
as an average across five languages. Remarkably, even com-
paring with the high-quality Flores-200 dataset, the average
performance of translation models in xx—en translations
significantly exceeds that of the references, showing approx-
imately 3-4 point increases in KIWI-XXL and 4-6 point
gains in XCOMET. Notably, a significant proportion of out-
puts are rated higher than the references by KIWI-XXL (e.g.,
73.24% for ALMA), with a slightly reduced yet still sub-
stantial percentage when assessed using XCOMET (60.17 %
for ALMA). In the en—xx direction, while the overall per-
formance between the translations from reference and two
systems is comparable, approximately 40% are still deemed
superior to the reference translations.

Motivation: Help The Model Learn Rejection The
aforementioned findings illustrate that translations produced
by advanced models can sometimes surpass the quality of
gold standard references. This raises the question of how
to effectively utilize such data. A straightforward approach
would involve fine-tuning the model using the source and
the superior translations as references. While this could en-
hance the model’s translation abilities, it does not equip the
model with the discernment to identify and avoid generating
suboptimal translations, exemplified by the “good but not
perfect” translations depicted in Figure 2. Consequently,
this situation motivates us to develop a new training objec-
tive, which aims to instruct the model in prioritizing the
generation of higher-quality translations and rejecting lesser
ones, in a style of contrastive learning with hard negative
examples (Oord et al., 2018; Chen et al., 2020; He et al.,
2020; Robinson et al., 2021; Tan et al., 2023). This objective
moves beyond the traditional focus on merely minimizing
cross-entropy loss towards the reference.
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3. Contrastive Preference Optimization

To learn an objective that fosters superior translations and
rejects inferior ones, access to labeled preference data is
essential, yet such data is scarce in machine translation.
In this section, we first describe the construction of our
preference data and then introduces a preference learning
technique, contrastive preference optimization (CPO).

3.1. Triplet Preference Data

We here detail our methodology for constructing preference
data D. This dataset is developed using the FLORES-200
data (both development and test sets) and encompasses the
same language pairs as discussed in Section 2. For each
language pair, the dataset comprises 2009 parallel sentences.

For a given source sentence x, whether translated from or
to English, we utilize both GPT-4 and ALMA-13B-LoRA
to generate respective translations, denoted as ypr.4 and
Yaima- Together with the original target reference yy.r, this
forms a triplet y = (Yret, Ygpt-s, Yaima ), Tepresenting three
different translation outputs for the input z. The reference-
free evaluation models KIWI-XXL and XCOMET are then
employed to score these translations, with the average scores
represented as § = (Sref, Sgpt-4; Saima)-> The highest-scoring
translation is labeled as the preferred translation y,,, and
the lowest-scoring as the dis-preferred translation y;, i.e.,
Yw = Yargmax;(s)s Yl = Yargmin,(s)> where 7 represents the
index in the triplet. Translations with intermediate scores
are not considered. An illustrative example of this selection
process is depicted in Figure 3. It is important to note that
even the dis-preferred translations may be of high-quality.
The designation ’dis-preferred’ indicates that there is still
room for improvement, perhaps through the addition of
minor details. This approach of using high-quality but not
flawless translations as dis-preferred data aids in training the
model to refine details and achieve perfection in generated
translations.

3.2. Deriving the CPO Objective

We discuss the derivation of CPO objective, beginning
with an analysis of Direct Preference Optimization (DPO)
(Rafailov et al., 2023). DPO represents a more direct opti-
mization objective utilized in reinforcement learning from
human feedback (RLHF) (Ziegler et al., 2019; Ouyang
et al., 2022). Given a set of source sentences x, along-
side preferred translation targets y,, and less preferred ones
41, We can access a static dataset of comparisons, denoted
asD = {:c(i), yg), yl(i) }N . The loss function for DPO is

=1

constructed as a maximum likelihood objective for a param-

3The impact of using different evaluation models, such as only
using XCOMET or KIWI-XXL, is explored in Section 5.1.

Now this has become the central square, bustling Ref-Free
day and night Eval
i
86.05

WEEMATR B, TRARERBK L B2

REFEE#T. (Dis-Preferred)
MEXBRER ), ARG EAZAEER . 88.32

*

90.32 ¥

MEXBRAT FRI 5, BREHBEN. (Preferred)

Figure 3. A triplet of translations, either model-generated or de-
rived from a reference, accompanied by their respective scores as
assessed by reference-free models. For a given source sentence,
the translation with the highest score is designated as the preferred
translation, while the one with the lowest score is considered dis-
preferred, and the translation with a middle score is disregarded.

eterized policy 7p:
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where s is a pre-trained language (translation) model , o is
the Sigmoid function, and S is a hyperparameter. The DPO
loss is derived a reparameterization process of the ground-
truth reward and the corresponding optimal policy in the
Proximal Policy Optimization (PPO) framework (Schulman
et al., 2017). As a result, DPO training can be conducted
in a supervised fine-tuning style, as it relies exclusively
on labeled preference data and does not require interaction
between agents and their environment.

However, DPO has notable drawbacks compared to common
SFT. Firstly, DPO is memory-inefficient: it necessitates
twice the memory capacity to simultaneously store both the
parameterized policy and the reference policy. Secondly,
it is speed-inefficient: executing the model sequentially
for two policies doubles the processing time. To address
these inefficiencies, we introduce contrastive preference
optimization.

The memory- or speed- inefficiency can be resolved when
Tref 1S set as a uniform prior U, as the terms 7yef(Yuw|Z)
and 7¢(y;]2) cancel each other out. This negates the need
for additional computations and storage beyond the pol-
icy model itself. Thus, we initially demonstrate that the
DPO loss can be effectively approximated using a uniform
reference model:

£(7T9; U) = E(:E,yw,yz)ND {k)g 0(6 10g o (yw|x)

—5108;770(91|$))]~ (3)
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Specifically, we prove the below Theorem in Appendix C.

Theorem 1. When 7, is defined as m,,, an ideal policy that
precisely aligns with the true data distribution of preferred
data, the DPO loss L(my; ) + C is upper bounded by
L(mg; U), where C'is a constant.

The approximation in Equation 3 is effective because it
minimizes the upper boundary of the DPO loss. The proof
relies on an important assumption of 7 = 7. Contrary
to common practices where s is set as the initial SFT
checkpoint, our approach considers it as the ideal policy we
aim to reach. Although the ideal policy 7, is unknown and
unattainable during model training, it is not engaged in the
loss after our approximation.

Furthermore, we incorporate a behavior cloning (BC) regu-
larizer (Hejna et al., 2023) to ensure that 7y does not deviate
from the preferred data distribution:

min £(mg, U)
st E(a iy )od | KL (Yo [2) |70 (Yo [2)) | <€, (4)

where e is a small positive constant and KL is Kull-
back—Leibler (KL) divergence. The regularizer can boil
down to adding a SFT term on the preferred data (a detailed
explanation is provided in Appendix C):

min L(7g, U) —E(4 4, )~ [l0g To (yw|z)] - o)
0 Ne———
l:prst'er LNLL

The above is the formulation of our CPO loss, which in-
cludes one preference learning term Lpf.r and one negative
log likelihood term Ly -

4. Experiments
4.1. Data

Following Section 2, we consider 10 translation directions in
the paper: cs<»en, de<ren, is<ren, zh<ren, rusren.
Building on the ALMA models’ (Xu et al., 2023) insights
that a small quantity of high-quality data can yield impres-
sive translation results, our training dataset is even more
compact. As detailed in Section 3.1, our preference training
data is derived from the FLORES-200 dataset, a subset of
which has been also employed in the training of ALMA
models. This results in a total of 2K x 10 directions = 20K
paired sentences. We detail the provenance distribution for
each language pair from ALMA-13B-LoRA, GPT4, and
reference as presented in Table 2. In addition to prefer-
ence data assessed by large evaluation models, our dataset
incorporates 1K internal human-labeled preference data,
containing preferred and dis-preferred translations along
with human preference. However, the human-labeled data
is limited to just two translation directions: en—zh and

Table 2. The provenance distribution for each language pair in the
preference data.

ALMA-13B-LoRA GPT-4 Reference

en<rde 46% 37% 17%
en<>cs 32% 41% 27%
en<ris 36% 40% 24%
en<rzh 45% 35% 20%
ensrru 31% 44% 25%

en—de. The details regarding the composition and influ-
ence of human-labeled data are explored in Appendix D.*
In alignment with Xu et al. (2023), our primary focus is
on the test set drawn from WMT’21 for is and WMT’22
for other languages. Additionally, we conduct auxiliary
experiments evaluating models on WMT’23, covering six
directions: de<ren, zh<ren, and ru<ren.

4.2. Training Setup

We train the model in a many-to-many multilingual ma-
chine translation manner, starting with ALMA-13B-LoRA
as the initial checkpoint. During the training phase, we fo-
cus exclusively on updating the weights of the added LoRA
parameters. These weights have a rank of 16 and only add
an additional 12M parameters to the original 13B size of the
model. We adhere to the default 3 value of 0.1 as suggested
by Rafailov et al. (2023). The fine-tuning process of ALMA-
13B-LoRA involves a batch size of 128, a warm-up ratio
of 0.01, spanning a single epoch, and accommodating se-
quences with a maximum length of 512 tokens. To optimize
training efficiency, we integrate the deepspeed tool (Rasley
et al., 2020). We utilize the same prompt as Xu et al. (2023)
and do not compute the loss for the prompt. While our
primary focus is on the performance of 13B models, CPO
markedly benefits 7B models as well. Consequently, we
also release ALMA-7B-R and provide a detailed discussion
of its performance in Appendix A.

4.3. Baselines

SoTA Models In this category, our benchmarks are estab-
lished against, to the best of our knowledge, the strongest
publicly available translation models. We first compare with
ALMA-13B-LoRA, recognized as one of the top moderate-
size language-model based translation systems, surpassing
notable conventional models such as NLLB-54B in both
WMT’21 and WMT’22. We also compare our results with
TowerlInstruct’, a recently released LLM-based translation

“TL;DR: A brief overview of the impact of this human-labeled
data suggests a minimal effect.

5https ://huggingface.co/datasets/Unbabel/
TowerBlocks-vO0.1.
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Table 3. The overall results in en—xx for WNT’21 and WMT’22. The application of the CPO method to fine-tune the ALMA-13B-
LoRA model leads to a significant enhancement in performance, equalling or surpassing that of WMT competition winners and GPT-4.
Bold numbers denote the highest scores across all systems. Dark blue boxes indicates that the improvement over the original ALMA
model achieves at least 80% estimated accuracy with the human judgement (Kocmi et al., 2024). Specifically, this denotes that for an
agreement rate of 80% with human decisions, the improvement needs a minimum of > 1.24 for both KIWI-XXL and XCOMET, and
> 0.53 for KIWI-22. Further details on estimatied accuracy are provided in Appendix F. The lesser improvements are highlighted in
shallow blue boxes. Decreases in performance are marked with yellow boxes.

de cs is
Models KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXLL XCOMET KIWI-22 KIWI-XXI. XCOMET
Gold Reference 82.67 84.01 97.85 83.19 81.83 90.27 80.51 85.20 91.52
WMT Winners 83.56 83.70 96.99 85.31 87.27 94.38 81.77 84.94 91.61
GPT-4 83.48 84.91 97.56 84.81 85.35 93.48 81.03 81.21 90.00
ALMA-13B-LoRA 82.62 81.64 96.49 84.14 84.24 92.38 81.71 83.31 91.20
+ SFT on preferred data 82.75 81.85 96.67 84.14 83.46 91.99 81.48 82.11 90.30
+ DPO 82.40 81.20 96.40 83.86 83.45 91.68 81.43 82.66 90.33
+ CPO (Ours, ALMA-13B-R) 83.28 84.25 97.48 84.99 87.06 93.61 82.18 85.68 91.93
zh ru Avg.
Models KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Gold Reference 80.92 81.70 90.42 82.96 84.62 94.17 82.05 83.47 92.85
WMT Winners 82.04 81.13 91.14 84.35 87.01 94.79 83.41 84.81 93.78
GPT-4 81.73 81.53 90.79 83.64 86.15 94.3 82.94 83.83 93.23
ALMA-13B-LoRA 80.82 79.96 89.92 83.10 84.17 93.79 82.48 82.66 92.76
+ SFT on preferred data 81.25 80.51 90.18 83.23 84.15 93.54 82.57 82.42 92.54
+ DPO 80.74 79.64 89.58 82.94 83.40 93.25 82.27 82.07 92.25
+ CPO (Ours, ALMA-13B-R) 82.25 84.32 92.03 83.98 87.37 95.22 83.34 85.74 94.05

model and a contemporary work in the field.® Additionally,
we evaluate against the zero-shot performance of the latest
GPT-4 (gpt-4-1106-preview), currently shown to be
the best translation model among all LLM-based translation
systems (Xu et al., 2023; Zhang et al., 2023; Zeng et al.,
2023; Jiao et al., 2023a). Lastly, we include comparisons
with the WMT competition winners, representing the high-
est standard of translation models within the competition,
though it is noted that the winning models vary across dif-
ferent language directions.’

SFT and DPO We also compare different training objec-
tives. Given that CPO is designed to steer learning towards
preferred data, a straightforward benchmark is to compare
its performance against directly SFT on the same preferred
data set. Furthermore, considering that CPO is an evolution
of DPO, we also include a comparative analysis with DPO.

4.4. WMT’21 and WMT’22 Results

We present the primary results for en—xx and xx—en in
Table 3 and Table 4, respectively. Our emphasis is primarily
on reference-free evaluation models, due to our analysis in
Section 2, which questions the reliability of gold references
and highlights that evaluations can be compromised by poor-
quality references (Kocmi et al., 2023; Freitag et al., 2023).

SNote that TowerInstruct has used WMT’22 test data for train-
ing, so we exclude it from comparison on the WMT’22 test dataset.

"The WMT winner systems used for comparison in each direc-
tion are provided in Appendix E.

However, we are not rejecting the use of reference-based
models for evaluation but cautioning the potential pitfalls of
poor-quality references. The reference-free models used for
evaluation include KIWI-XXL, XCOMET, and a smaller
yet popular model, Unbabel /wnt22-cometkiwi-da
(hereinafter referred to as KIWI-22). Scores highlighted in
bold represent the highest achieved across all systems. For a
comprehensive comparison, we also include reference-based
evaluations using sacreBLEU (Post, 2018) and COMET-
22 (Unbabel/wmt22-comet—da) (Rei et al., 2022) in
Appendix A.

Comparing With SoTA Models While ALMA-13B-
LoRA ranks as one of the top moderate-size LLM trans-
lation models, it slightly trails behind GPT-4 and the WMT
competition winners. However, the incorporation of CPO
significantly enhances ALMA’s capabilities, bringing its per-
formance to a level that is comparable to or even surpasses
that of GPT-4 and WMT winners. For example, ALMA-
13B-R achieves an average score of 85.74 on KIWI-XXL
and 94.05 on XCOMET for en—xx translations. These
scores outperform GPT-4, which scores 83.83 on KIWI-
XXL and 93.23 on XCOMET, as well as the WMT winners,
who score 84.81 on KIWI-XXL and 93.78 on XCOMET.

Comparing With SFT and DPO All training objectives
in our study are fine-tuned using the ALMA-13B-LoRA
model as a base. In Table 3 and 4, we observe that SFT
on preferred data marginally enhances the ALMA model’s
translation capability for xx—en, and results in a slight de-
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Table 4. The overall results in xx—en for WMT’21 and WMT’22. The usage of color and boldface are the same in Table 3.

Models de cs is

KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Gold Reference 78.74 78.56 88.82 82.08 83.11 84.60 80.88 85.04 76.16
WMT Winners 81.38 83.59 93.74 82.47 82.53 85.65 81.39 85.60 78.14
GPT-4 81.50 84.58 94.47 82.52 83.55 88.48 81.49 85.90 81.11
ALMA-13B-LoRA 81.14 83.57 93.30 81.96 82.97 83.95 80.90 85.49 76.68
+ SFT on preferred data 81.36 83.98 93.84 82.36 83.15 86.67 81.32 85.61 80.20
+ DPO 81.13 83.52 93.25 81.82 82.69 83.84 80.89 85.22 76.09
+ CPO (Ours, ALMA-13B-R) 81.50 83.97 94.20 82.63 83.75 88.03 81.57 85.73 80.49

zh ru Avg.

Models KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL. XCOMET KIWI-22 KIWI-XXL XCOMET
Gold Reference 77.09 74.19 90.70 80.74 79.59 88.56 79.91 80.10 85.77
WMT Winners 77.66 73.28 87.2 81.71 80.97 90.91 80.92 81.19 87.13
GPT-4 79.33 77.65 92.06 81.57 81.34 90.95 81.28 82.60 89.41
ALMA-13B-LoRA 77.32 74.41 89.88 81.31 81.05 89.89 80.53 81.50 86.74
+ SFT on preferred data 78.32 76.03 90.65 81.46 81.17 90.65 80.96 81.99 88.40
+ DPO 77.50 74.50 89.94 81.19 80.88 89.76 80.51 81.36 86.58
+ CPO (Ours, ALMA-13B-R) 79.24 77.17 91.65 81.72 81.54 91.18 81.33 82.43 89.11

Table 5. The average performance in WMT’23 across all 6 direc-
tions, with the highest score highlighted in bold.

KIWI-22  KIWI-XXL XCOMET

Gold Reference 78.74 75.56 86.30
WMT Winners 80.57 77.72 88.24
Towerlnstruct 80.31 77.18 88.11
ALMA-13B-LoRA 79.48 76.00 87.16

" +CPO (Ours, ALMA-13B-R) ~ 80.55 7897 8974

terioration for en—xx. Similarly, DPO slightly decreases
model performance. In contrast, CPO demonstrates signifi-
cant improvements across all translation directions.

4.5. WMT’23 Results

We show the average results across all six directions in
Table 5, and provide the performance in each direction in
Appendix G due to the space constraint. Consistent with
observations from WMT 21 and WMT’22, ALMA-13B-R
surpasses contemporary moderate-size LLM-based trans-
lators such as ALMA-13B-LoRA and TowerlInstruct, and
either matches or exceeds WMT winners.

5. Analyses

All analyses use the WMT’21 and WMT 22 test sets, with
their averaged performance being reported.

5.1. Are Translations Really Better or Just
Metric-Preferred?

In our study, since the preferred data is selected by reference-
free models and the same models are used for evaluation,
we investigate the potential for “cheating” in the scoring
process. Specifically, we question whether the translations
become genuinely better or they simply align more closely

with the evaluation model’s preferences. This inquiry is
addressed in two parts:

At the metric level, we examine if training a model on data
preferred by a specific metric (such as KIWI-XXL) yields
improvements that are consistent across other metrics. To
investigate this, we reconstruct the preference data using
only KIWI-XXL or XCOMET and re-train the ALMA-13B-
LoRA model using the CPO method. The results, presented
in Table 6, do not indicate a significant bias towards the met-
ric used for selecting preferred data. We observed similar
and consistent improvements across all metrics, regardless
of the specific metric used to select the preferred data. Con-
sidering Comet-series models may be positive correlated,
we further evaluate ALMA-R using a non-comet metric,
BLEURT (Sellam et al., 2020), and also observe significant
improvements in Appendix H. The inclusion of a third-party
evaluation metric further substantiates the superior transla-
tion quality of ALMA-R.

At the method level, we question whether training on metric-
preferred data always leads to better scores on that metric,
regardless of the method we use. Intriguingly, we observe
that generating translations favored by the metric — without
true improvement — is not easy. For example, fine-tuning
the model solely using DPO or SFT on metric-preferred
data can even paradoxically lower its performance on this
metric (in Table 3). This prompts us to question whether the
improvements observed with CPO, an alternative objective
that approximates DPO, when trained on the same data, are
merely a result of metric bias. Our stance is that if both
DPO and SFT fail to achieve improvements through metric
bias, it stands to reason that CPO would similarly not benefit
solely from such bias.
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Table 6. The influence of employing various reference-free models
for creating preference data. The results illustrates that the final
performance disparities are minimal whether using solely KIWI-
XXL, XCOMET, or their combined ensemble.

Models for Building Preference Data KIWI-22 KIWI-XXL XCOMET
Translating to English (xx—en)

N/A (ALMA-13B-LoRA baseline) 80.53 81.50 86.74
KIWI-XXL 81.33 82.59 88.82
XCOMET 81.27 82.33 89.17
Ensemble of above (Original) 81.33 82.43 89.11
Translating from English (en—xx)
N/A (ALMA-13B-LoRA baseline) 82.48 82.66 92.76
KIWI-XXL 83.31 85.87 93.97
XCOMET 83.09 85.43 94.09
Ensemble of above (Original) 83.34 85.74 94.05

5.2. Human Evaluation

The preceding analysis provides indirect evidence under-
scoring the absence of bias. Here, we incorporate human
evaluation as direct proof.

we focused on the zh—en direction, which aligns with the
example presented in Section 2. We selected 400 samples
from a total of 1875 test sentences, each sample including a
Chinese source and two English translations, one from our
base model ALMA-13B-LoRA and the other from ALMA-
13B-R. Four bilingual (English and Chinese) speakers were
enlisted to rate each translation on a scale from O to 6, as
per the methodology outlined in Kocmi et al. (2022). We
provide clarity on the evaluation criteria used for scoring in
our study:

0: it signifies that the translation is nonsensical, failing to
convey any coherent meaning.

2: it indicates that the translation partially preserves the
meaning of the source text, albeit with substantial inaccura-
cies or omissions.

4: it denotes that the translation largely maintains the source
text’s meaning, with only minor issues such as slight gram-
matical errors.

6: it represents a perfect translation, accurately conveying
the full meaning of the source text without any errors.

To ensure impartiality, each annotator was assigned 100
samples to score, with the order of the translations random-
ized to conceal their origin. In Table 7, we report the mean
scores, rank position (with rank 1 indicating better transla-
tion and rank 2 indicating worse translation since we only
have two translations to compare), and win ratio (note that
both of them win if there is a tie) of ALMA and ALMA-R:

The human evaluation results clearly demonstrate that
ALMA-13-R outperforms the original ALMA-13B-LoRA.
Consequently, our analysis supports the robustness and va-
lidity of using reference-free models like KIWI-XXL and
XCOMET both for constructing preference data and for

Table 7. The results of human evaluation on sampled zh—en
WMT’22 test data. 1 indicates that higher values are better, while
J indicates that lower values are better.

Avg. score T Avg.rank | Avg. winratio (%) Ties (%)
ALMA-13B-LoRA 4.86 1.60 62.50 40.30
ALMA-13B-R 5.16 1.40 77.80 40.30

Table 8. An examination of the impact of dis-preferred data qual-
ity, contrasting noised data with natural, high-quality translations
receiving the lowest scores as dis-preferred data. The findings
underscore the importance of the quality of dis-preferred data.

Dis-Preferred Data KIWI-22 KIWI-XXL XCOMET
Translating to English (xx—en)

Manually Noised 81.01 82.18 88.23
Natural (Ours) 81.33 82.43 89.11
Translating from English (en—xx)
Manually Noised 82.71 83.13 92.80
Natural (Ours) 83.34 85.74 94.05

evaluation purposes.

5.3. Ablation Study

CPO Loss Components The CPO loss function consists of
two components: Lprefer for preference learning, and L,
which ensures the model does not deviate significantly from
the preferred data distribution. To illustrate the significance
of each term, we re-train the model exclusively with one of
the components. It is important to note that training solely
with Ly equates to the baseline scenario of SFT on pre-
ferred data. As depicted in the left of Figure 4, the inclusion
of both terms yields the optimal performance, while the
absence of either leads to a decrease in performance. In
Appendix I, we also show that incorporating Ly 1. into the
DPO loss yields significant improvements.

Preference Data Components Our preference data selec-
tion involves choosing preferred and dis-preferred trans-
lations from a triplet consisting of outputs from GPT-4,
ALMA, and the gold reference. In the right of Figure 4, we
emphasize the significance of the data generated by both
ALMA and GPT-4. The results indicate a notable decline in
performance when ALMA data is excluded in the en—xx
direction. Conversely, omitting GPT-4 data leads to a signif-
icant performance decrease in the xx—en direction. This
demonstrates that data generated by both systems plays a
helpful role in enhancing model performance.

5.4. Does The Quality of Dis-preferred Data Matter?

In our experimental setup, dis-preferred data, though origi-
nating from strong translation models, receives the lowest
scores when compared with two other translation outputs.
A pertinent question arises: does the quality of dis-preferred
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Figure 4. Left: an ablation study evaluating the significance of individual components in the CPO loss function, specifically analyzing
how the preference learning 10ss Lprerer and the log-likelihood loss Lnii each contribute to enhancing translation performance. Right: An
ablation study assessing the significance of each component in the translation triplet. By excluding either ALMA or GPT-4 generated
data from the preference triplet and re-training the model, we evaluate their respective impacts. The findings highlight the importance of
ALMA-generated data for en— xx translations and GPT-4 generated data for xx—en translations.

data significantly impact model performance, and can high-
quality (albeit imperfect) dis-preferred data aid in translation
improvement? To explore this, we constructed a new set of
preference data where the dis-preferred translations (y;) are
artificially generated, as opposed to being naturally derived
high-quality translations.

In this new dataset, the preferred translation (y,,) remains
the best of the three translation candidates, selected in the
same manner as in Section 3.1. However, the dis-preferred
translation is intentionally modified to be a noised version
of y,,. We applied random deletions of words with a prob-
ability of 0.15 and word swaps within a range of 1 with a
probability of 0.3, following the method suggested by Zeng
et al. (2023) for creating manually noised dis-preferred data.
This approach produces worse translations that are artificial.

Table 8 compares the performance when using these manu-
ally noised dis-preferred data versus the original, naturally
occurring high-quality dis-preferred data. The results show
a substantial decline in performance across all three metrics
and both translation directions when the dis-preferred data is
manually noised, underscoring the importance of the quality
of dis-preferred data in enhancing translation performance.

6. Conclusion

In this study, we initially proposed the potential quality
issues of gold references in the MT task, highlighting in-
stances where advanced translation models can outperform
these references. This finding not only challenges model
training via SFT, but also the evaluation procedure that uses
reference-based metrics. Subsequently, we introduce Con-
trastive Preference Optimization, a more efficient variant
of of DPO. This method leverages both model-generated
and reference data to guide the model in avoiding near-
perfect yet flawed translations and learning superior ones.
Our developed model, ALMA-13B-R, stands out as the first

moderate-size LLM-based translation model to match, and
in some cases surpass, the performance of GPT-4 and WMT

competition winners, marking a significant advancement in
the field of MT.
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A. Comprehensive Results of WMT’21 and WMT’22

We show the comprehensive results for en—xx In Table 9 and xx—en in Table 10. In this section, our study additionally
includes results from recently released LLM-based translators, including Bayling-13B (Zhang et al., 2023), BigTranslate
(Yang et al., 2023), ALMA-13B-LoRA (Xu et al., 2023), the zero-shot performances of LLaMA-1-13B (Touvron et al.,
2023a) and LLaMA-2-13B (Touvron et al., 2023b). We also compare these with the most advanced current translation
models, such as WMT competition winners, GPT-4, GPT-3.5-text —davinci-003, Google Translate, NLLB-3.3B, and
MADLAD-10B (Kudugunta et al., 2023). Importantly, we also present the performance of ALMA-7B-R here, which is
fine-tuning on AMLA-7B-LoRA with CPO method. Except for reference-free evaluation, we also report two commonly
used reference-based metrics, sacreBLEU (Post, 2018; Papineni et al., 2002) and COMET-22 (Rei et al., 2022).

Introducing ALMA-7B-R In this study, we extend the ALMA-13B-R training methodology to a 7B model size, specifically
fine-tuning ALMA-7B-LoRA using the CPO method with the same preference data as ALMA-13B-R. Consistent with our
findings from ALMA-13B-R, the application of CPO significantly enhances performance.

Comparing with Advanced Translation Models Our model, ALMA-13B-R, is benchmarked against the most advanced
current models, demonstrating performance comparable to GPT-4 and WMT winners. It surpasses leading commercial
translation tools such as Google Translate in many cases and top multilingual translation models like NLLB, MADLAD-10B
and GPT-3.5.

Stop Using BLEU BLEU, a metric extensively utilized for decades, often diverges from neural-based and reference-free
metrics, a phenomenon also observed in previous studies (Xu et al., 2023; Freitag et al., 2023). For instance, WMT
competition winners often exhibit superior performance according to BLEU (or COMET-22), yet this is not corroborated
by reference-free models. A case in point is the WMT winners scoring an exceptionally high 64.14 BLEU in cs—en
translations, significantly outperforming other models by 20 BLEU points. However, reference-free evaluations suggest
these translations are inferior to those generated by our models and GPT-4. We hypothesize that this discrepancy may
arise from WMT models being trained on domain-specific data closely related to the WMT test set, leading to high lexical
matches but lacking semantic depth as evaluated by neural-based metrics. While BLEU scores are effective for assessing
basic functionality in weaker models, their utility diminishes with advanced translation models capable of generating diverse
translations. In such contexts, relying solely on BLEU for evaluation appears increasingly outdated.

Towards Reference-Free Metrics Neural-based, reference-dependent metrics like COMET-22 demonstrate greater con-
sistency with reference-free metrics and robustness compared to BLEU. For instance, with COMET-22, our models show
significant improvements like other reference-free models over ALMA-13B-LoRA and comparable performance to GPT-4,
e.g., 87.74 (Ours) vs. 87.68 (GPT-4) when en—xx. However, it is important to note that, according to reference-free
metrics, gold references are often inferior to system-generated translations, potentially indicating quality issues in the
references that could impact COMET-22 evaluations. Consequently, inconsistencies still exist between COMET-22 and
reference-free models like XCOMET. For example, XCOMET rates ALMA-R model on average higher than WMT winners
(89.11 vs. 87.13), while COMET-22 favors WMT winners (85.21 vs. 85.60). In line with the recommendations in Freitag
et al. (2023), we advocate for the use of reference-free models to circumvent the potential quality issues of references.
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Table 9. The full results in en—xx for WMT 21 and WMT’22 including both reference-free and reference-based metrics. Bold numbers
denote the highest scores across all systems. Dark blue boxes indicates that the improvement over the original ALMA model achieves
at least 80% estimated accuracy with the human judgement (Kocmi et al., 2024), while the lesser improvements are highlighted in
shallow blue boxes. Decreases in performance are marked with yellow boxes. The asterisk (*) indicates that we directly utilized the
reported translation outputs from Zhang et al. (2023) for evaluation purposes. Consequently, some baseline results for the i s language are
omitted in these instances.

de cs
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 82.67 84.01 97.85 - - 83.19 81.83 90.27
WMT Winners 38.39 87.21 83.56 83.70 96.99 45.92 91.86 85.31 87.27 94.38
GPT-4 34.58 87.29 83.48 84.91 97.56 33.74 90.81 84.81 85.35 93.48
GPT-3.5-text-davinci-003 31.88 85.61 82.75 81.71 96.35 3131 88.57 82.93 78.84 89.91
Google Translate* 37.44 88.01 84.03 85.33 97.60 48.10 91.28 84.55 82.80 91.94
NLLB-3.3B* 34.04 86.24 83.38 82.47 96.25 36.34 89.90 84.20 81.77 91.57
MADLAD-10B 36.57 86.73 83.19 83.06 96.82 40.17 90.35 84.05 92.03 91.79
"LLaMA-1-13B 2227 8062 7750 7053 9293 1683 7843 7217 5516 7253
LLaMA-2-13B 13.69 75.55 68.33 55.98 90.81 0.87 68.57 61.38 42.67 74.26
Bayling-13B* 25.59 82.70 80.01 74.69 94.50 16.40 78.22 72.49 53.70 75.92
BigTranslate 22.13 78.62 75.40 67.45 90.22 20.57 80.11 73.53 60.27 73.73
ALMA-7B-LoRA 30.16 85.45 82.19 80.70 96.49 30.17 89.05 83.27 82.06 90.82
+ SFT on preferred data 29.00 85.42 82.30 80.44 96.26 30.64 89.11 83.46 81.28 90.26
+ DPO 28.87 85.19 82.02 80.02 96.22 28.87 88.78 82.96 81.03 90.12
+ CPO (Ours, ALMA-7B-R) 26.23 86.06 82.97 82.77 97.11 25.19 89.61 84.32 84.81 91.91
ALMA-13B-LoRA 31.47 85.62 82.62 81.64 96.49 3238 89.79 84.14 84.24 92.38
+ SFT on preferred data 30.39 86.01 82.75 81.85 96.67 31.60 89.91 84.14 83.46 91.99
+DPO 30.50 85.31 82.40 81.20 96.40 30.88 89.53 83.86 83.45 91.68
+ CPO (Ours, ALMA-13B-R)  27.72 86.40 83.28 84.25 97.48 26.32 90.29 84.99 87.06 93.61
is zh
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 80.51 85.20 91.52 - - 80.92 81.70 90.42
WMT Winners 33.28 86.75 81.77 84.94 91.61 44.87 86.69 82.04 81.13 91.14
GPT-4 24.68 85.08 81.03 81.21 90.00 44.41 86.51 81.73 81.53 90.79
GPT-3.5-text-davinci-003 15.89 76.28 73.96 58.72 72.67 38.36 85.76 81.26 80.4 90.07
Google Translate* - - - - - 49.96 87.37 82.23 80.62 90.27
NLLB-3.3B* - - - - - 32.52 81.57 75.73 67.14 82.04
MADLAD-10B 23.57 80.72 77.09 69.95 80.84 39.18 83.14 78.37 72.82 85.30
"LLaMA-1-13B 143 3678 3659 344 2389 1685 7091 6482 4792 6773
LLaMA-2-13B 2.36 38.47 31.07 4.60 36.21 30.00 79.70 74.09 65.06 81.06
Bayling-13B* - - - - - 37.90 84.63 79.94 76.34 87.44
BigTranslate 2.08 37.40 39.29 9.39 26.77 19.17 74.11 65.96 55.44 72.69
ALMA-7B-LoRA 25.19 85.44 81.12 81.51 89.94 36.47 84.87 79.50 77.14 88.11
+ SFT on preferred data 24.26 85.19 80.87 80.25 89.15 37.12 85.36 80.38 78.16 88.34
+DPO 24.52 85.20 80.79 80.42 88.97 35.22 84.73 79.42 76.96 87.72
+ CPO (Ours, ALMA-7B-R) 21.13 85.80 80.93 82.35 89.63 31.19 85.89 81.42 81.79 89.55
ALMA-13B-LoRA 26.68 86.08 81.71 83.31 91.20 39.84 85.96 80.82 79.96 89.92
+ SFT on preferred data 25.26 85.77 81.48 82.11 90.30 39.10 85.99 81.25 80.51 90.18
+DPO 25.87 85.86 81.43 82.66 90.33 38.85 85.85 80.74 79.64 89.58
+ CPO (Ours, ALMA-13B-R)  22.88 86.85 82.18 85.68 91.93 34.06 86.86 82.25 84.32 92.03
ru Avg
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 82.96 84.62 94.17 - - 82.05 83.47 92.85
WMT Winners 32.44 89.51 84.35 87.01 94.79 38.98 88.40 83.41 84.81 93.78
GPT-4 28.74 88.71 83.64 86.15 94.30 33.23 87.68 82.94 83.83 93.23
GPT-3.5-text-davinci-003 27.53 86.64 82.283 80.28 91.49 28.99 84.57 80.64 75.99 88.10
Google Translate* 35.02 88.91 83.75 84.26 93.50 - - - - -
NLLB-3.3B* 30.13 87.51 83.35 82.31 92.07 - - - - -
MADLAD-10B 29.77 86.16 81.73 79.42 90.74 33.85 85.42 80.89 79.46 89.10
"LLaMA-I-13B 1846 79.16 7426 6472 8632 1517 ~  69.18 6507 4835 68.68
LLaMA-2-13B 0.59 63.84 56.78 38.53 84.94 9.50 65.23 58.33 41.37 73.46
Bayling-13B* 12.76 71.01 67.89 54.62 85.63 - - - - -
BigTranslate 16.14 75.13 69.22 54.27 76.92 16.02 69.07 64.68 49.36 68.07
ALMA-7B-LoRA 26.93 87.05 82.72 82.60 92.98 29.78 86.37 81.76 80.80 91.67
+ SFT on preferred data 26.23 86.88 82.47 81.79 92.57 29.45 86.39 81.90 80.38 91.32
+DPO 25.94 86.70 82.20 81.61 92.53 28.68 86.12 81.48 80.01 91.11
+ CPO (Ours, ALMA-7B-R) 23.31 87.86 83.45 84.97 94.15 25.41 87.04 82.62 83.34 92.47
ALMA-13B-LoRA 28.96 87.53 83.10 84.17 93.79 31.87 87.00 82.48 82.66 92.76
+ SFT on preferred data 28.15 87.66 83.23 84.15 93.54 30.90 87.07 82.57 82.42 92.54
+DPO 28.27 87.30 82.94 83.40 93.25 30.87 86.77 82.27 82.07 92.25
+ CPO (Ours, ALMA-13B-R)  24.15 88.30 83.98 87.37 95.22 27.03 87.74 83.34 85.74 94.05
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Table 10. The full results in xx—en for WMT 21 and WMT’22 including both reference-free and reference-based metrics. The usage of
color and boldface are the same in Table 9. The asterisk (*) indicates that we directly utilized the reported translation outputs from Zhang
et al. (2023) for evaluation purposes. Consequently, some baseline results for the i s language are omitted in these instances.

de cs
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 78.74 78.56 88.82 - - 82.08 83.11 84.60
WMT Winners 33.34 85.04 81.38 83.59 93.74 64.14 89.00 82.47 82.53 85.65
GPT-4 32.41 85.35 81.50 84.58 94.47 46.86 87.26 82.52 83.55 88.48
GPT-3.5-text-davinci-003 30.78 84.79 81.24 83.97 92.78 4451 86.16 82.02 82.19 83.51
Google Translate* 33.25 84.78 81.36 83.74 93.71 49.40 86.95 82.60 81.99 86.74
NLLB-3.3B* 29.46 83.43 80.98 82.04 91.26 49.05 85.92 81.72 80.27 82.94
MADLAD-10B 32.77 84.80 81.13 83.33 93.53 51.17 87.18 82.29 82.37 86.16
"LLaMA-1-13B 2966 8242 7877 7798 8999 3605 8157 7772 7080 7371
LLaMA-2-13B 31.06 83.01 79.47 79.27 91.10 40.02 83.27 79.29 74.21 78.50
Bayling-13B* 27.26 83.03 79.88 80.02 89.84 33.81 81.65 78.04 71.44 71.68
BigTranslate 25.16 81.54 78.24 77.73 86.79 34.81 82.02 77.91 72.69 71.38
ALMA-7B-LoRA 29.56 83.95 80.63 82.58 92.35 43.49 85.93 81.32 81.42 81.34
+ SFT on preferred data 30.51 84.39 80.86 82.72 93.19 44.44 86.17 81.97 81.95 84.55
+DPO 29.38 84.02 80.63 82.47 92.26 42.60 85.87 81.33 81.30 81.10
+ CPO (Ours, ALMA-7B-R) 30.52 84.61 81.13 83.11 93.85 42.92 86.29 82.16 82.29 85.76
ALMA-13B-LoRA 31.14 84.56 81.14 83.57 93.30 45.28 86.47 81.96 82.97 83.95
+ SFT on preferred data 31.80 84.83 81.36 83.98 93.84 46.17 86.83 82.36 83.15 86.67
+ DPO 30.99 84.51 81.13 83.52 93.25 44.95 86.36 81.82 82.69 83.84
+ CPO (Ours, ALMA-13B-R)  30.89 84.95 81.50 83.97 94.20 44.39 86.85 82.63 83.75 88.03
is zh
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 80.88 85.04 76.16 - - 77.09 74.19 90.70
WMT Winners 41.60 86.98 81.39 85.60 78.14 33.49 81.02 77.66 73.28 87.20
GPT-4 41.29 87.21 81.49 85.90 81.11 23.82 82.46 79.33 77.65 92.06
GPT-3.5-text-davinci-003 31.88 82.13 78.72 77.53 66.44 24.98 81.62 78.91 76.64 90.92
Google Translate* - - - - - 28.60 80.82 77.87 74.27 87.69
NLLB-3.3B* - - - - - 21.08 76.93 75.40 68.83 84.43
MADLAD-10B 39.49 87.06 81.40 85.52 80.43 21.29 78.53 76.72 72.10 87.12
"LLaMA-1-13B° 1101 6082 5776 3038 2087 1681 7432 7093 6237 80.13
LLaMA-2-13B 15.77 66.35 63.91 42.75 28.03 21.81 78.10 75.09 70.31 85.68
Bayling-13B* - - - - - 20.10 77.72 75.08 68.32 86.51
BigTranslate 6.45 54.65 50.55 18.77 17.44 14.94 75.11 71.94 65.25 85.00
ALMA-7B-LoRA 35.64 86.09 80.57 84.65 75.02 23.64 79.78 76.81 73.65 83.94
+ SFT on preferred data 38.58 86.47 81.09 85.23 78.87 23.19 80.50 77.74 74.91 89.81
+DPO 35.25 85.96 80.53 84.44 75.19 23.20 79.91 76.83 73.51 89.22
+ CPO (Ours, ALMA-7B-R) 38.64 86.66 81.24 85.13 79.14 22.45 80.95 78.47 75.72 90.74
ALMA-13B-LoRA 36.95 86.42 80.90 85.49 76.68 25.46 80.21 77.32 74.41 89.88
+ SFT on preferred data 39.60 86.88 81.32 85.61 80.20 24.54 81.08 78.32 76.03 90.65
+DPO 36.16 86.30 80.89 85.22 76.09 25.17 80.42 77.50 74.50 89.94
+ CPO (Ours, ALMA-13B-R) 39.67 87.14 81.57 85.73 80.49 23.23 81.64 79.24 77.17 91.65
ru Avg
BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET BLEU COMET-22 KIWI-22 KIWI-XXL XCOMET
Gold Reference - - 80.74 79.59 88.56 - - 79.91 80.10 85.77
WMT Winners 45.18 85.95 81.71 80.97 90.91 43.55 85.60 80.92 81.19 87.13
GPT-4 41.09 85.87 81.57 81.34 90.95 37.09 85.63 81.28 82.60 89.41
GPT-3.5-text-davinci-003 38.52 84.8 81.14 79.95 89.29 34.13 83.90 80.41 80.06 84.59
Google Translate* 43.66 84.81 81.02 79.66 89.40 - - - - -
NLLB-3.3B* 40.12 83.95 80.87 78.37 87.85 - - - - -
MADLAD-10B 42.53 84.91 80.86 79.24 88.65 37.45 84.50 80.48 80.51 87.18
"LLaMA-1-13B 3465 8190 7829 7437 8413 2564 7621 7269 6318 69.77
LLaMA-2-13B 36.50 82.91 79.14 76.50 86.12 29.03 78.73 75.38 68.61 73.89
Bayling-13B* 33.94 82.07 78.72 74.45 83.28 - - - - -
BigTranslate 29.06 78.10 74.35 66.46 72.78 22.08 74.28 70.60 60.18 66.68
ALMA-7B-LoRA 39.21 84.84 80.94 80.19 88.50 34.31 84.12 80.05 80.50 84.23
+ SFT on preferred data 39.06 85.00 81.05 80.47 89.54 35.16 84.51 80.54 81.06 87.19
+DPO 38.40 84.71 80.83 80.04 88.34 33.77 84.09 80.03 80.35 85.22
+ CPO (Ours, ALMA-7B-R) 38.42 85.11 81.34 80.69 90.10 34.59 84.72 80.87 81.39 87.92
ALMA-13B-LoRA 40.27 85.27 81.31 81.05 89.89 35.82 84.59 80.53 81.50 86.74
+ SFT on preferred data 40.55 85.44 81.46 81.17 90.65 36.53 85.01 80.96 81.99 88.40
+DPO 39.12 85.14 81.19 80.88 89.76 35.28 84.55 80.51 81.36 86.58
+ CPO (Ours, ALMA-13B-R)  39.06 85.45 81.72 81.54 91.18 35.45 85.21 81.33 82.43 89.11
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B. Prompts for Translations

Adhering to the prompt format for translation as utilized by Hendy et al. (2023) for GPT models, we employ the same
prompt for GPT-4 in our study. Similarly, we use the same prompt employed by Xu et al. (2023) for ALMA models. Prompts
are depicted in Figure 5.

GPT-4 Prompt

System:
You are a helpful translator and only output the result.

User:

### Translate this from <source language> to <target language>, <source language>:
<source sentence>

### <target language>:

ALMA Prompt

Translate this from <source language> to <target language>:
<source language>: <source sentence>
<target language>:

Figure 5. The prompts employed for GPT-4 and ALMA models to perform translations.

C. Theory
C.1. Proof of The Upper Boundary

Theorem 1. When . is defined as m, an ideal policy that precisely aligns with the true data distribution of preferred
data, the DPO loss L(mg; my) + C' is upper bounded by L(mg; U), where C is a constant.

Proof. m,, represents an ideal policy that perfectly aligns the true data distribution of the preferred data. Hence, for any
given data point (x, y,,, y;) from the preference dataset D, the conditions 7y, (y.,|z) = 1 and 0 < 7, (y;|z) < 1 hold true.
Consequently, under this setup, the predictions for preferred data do not require reweighting by the reference model, and the
DPO loss L(mg; m,) can be reformulated as follows :

mo(Wulz) 5 To(ul)
TR R e mra)]

= —E( yu,y)~D [logo(ﬁ log 7 (yw|z) — Blogme(yi|z) + Blog ww(yl|w))}.

L(mo; mw) = —E(2,y0,5)~D [loga(ﬁ log

After expanding the Sigmoid function, the loss becomes to:

1
ﬁ(ﬂ'@; 7Tw) = —E(x,yw,yl)N’D {IOg (1 4 e~ Blogme(yuwl|z)+5 log me (yi|2) 5 log mw (yi]2) )}

= —E(z,yw,yl)ND {IOg ( Trsl(yz|9«‘)ﬁ )}

e B LEM L

= “E(u g )~ | 108 70y 2)” +log mu ()’ — 10g (mo(yule)” - muuile)” + mo(le)”)]

Given that 7, is a fixed model and log 7,, (v;|z)? does not participate in gradient calculations or parameter updates, the
above loss function is equivalent when we omit the term log 7, (y;|z)?. Therefore, optimizing £(7y; 7,,) is equivalent to
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optimizing £’ (7g; 7,,) as we define below:

L' (7o; ) a L(mg; Tw) + Ezy)~D [logww(yl\x)ﬂ

C' in the Theorem

—E(z,y0,51)~D [log 79(yw|z)? — log (we(yw|x)5 - (yi|2z)P + Wg(yl\x)ﬂ)].
Considering that 0 < 7, (y;|z) < 1, the loss can be upper bounded as follows:

£/ (703 ) £ ~Ee,y)~ | 108 o (yu|2)” — 10g (mo(yula) - 1+ mo(n]2)”)]

= —E(z,y0,9)~D [1oga(ﬁ log 7o (yw|z) — Blog 7r9(yl|x)>}
= L(mp; U).
Therefore, L(mg; 7,) + C' is upper bounded by £(mp; U), where C' = E(, D [log Ty (yl|x)ﬁ} .

C.2. BC Regularizer Simplification

The contrastive preference optimization is originally defined as minimizing £(7g; U) under the constraint of minimizing the
difference between preferred data distribution and outputs of the learnable policy:

min £(7, U) . Bz, [KL(Tw (g 2)] [T (le)| < e
This is equivalent to the following objective via Lagrangian duality:
min £(mo, U) + A Ea o KL (T (g o) 10 (30 ]2)) .
where ) is a hyperparamter and we set to 1. The optimization can be further optimized by expanding the KL divergence:

£(m0,U) + By ) | KL(Tu (l2) 170 (4 2))]

= £(70,U) + By gy~ [T Wole) - 108 (ma(pal2)) = mu(yal2) -1og (moule) )|
= L(m9,U) + E(yy, D :1 0—1-log (we(ywm)}
= £

T, U) — ]E(x,yw)w:1°g<”9<yW|x))]

This results in the final formulation of our CPO loss function.

D. Details And Influence of Human-Labeled Preference Data

TL;DR: Our analysis indicates that our human-labeled data has a relatively minimal impact, probably due to a high
proportion of tied translations and potential human bias in the evaluation process.

D.1. Data Construction Details

The human-labeled dataset we used is pair-wise and differs from the triplet format of our main dataset. It focuses exclusively
on two language directions, en—de and en— zh, resulting in an additional 2K sentences. The English source sentences,
selected from Wikipedia, undergo a filtering process to remove time stamps and URLs. Each sentence is translated using
Google Translate and GPT-4, with human evaluators then assigning their preference between these two translations. The
distribution of preferences, indicating the number of times translations from Google or GPT-4 were favored or instances
where they tied, is detailed in Table 11.
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Table 11. The statistic of how many translations win or tie by each system evaluated by human.

Google Wins  GPT-4 Wins  Ties
en—de 418 435 203
en—zh 362 412 282

D.2. Influence on Performance

Given that our model operates in a many-to-many translation format and the additional data is specific to only de and
zh directions, we anticipate changes in performance when translating into these languages, but not in others. To assess
the impact of the human-labeled data, we conducted a comparison between models exclusively fine-tuned on triplet data
and those fine-tuned on both triplet and human-labeled data. The training approach remained consistent, utilizing the
ALMA-13B-LoRA model fine-tuned via CPO. It’s important to note that tied data were excluded from this analysis due to
their lack of clear preference.

Results and Analysis We show the detailed results for en—xx and xx—en in Table 12 and 13, respectively. The inclusion
of human-labeled preference data does not significantly enhance overall translation performance. For en— zh, marginal
improvements are observed, though they are minimal. Conversely, for en—de, a slight decline in performance is noted. In
summary, the addition of human-labeled data shows no substantial difference in the en—xx direction, and a minor decrease
in performance for xx—en on average. We hypothesize that the limited impact of these human-labeled data may stem from
a high proportion of tied evaluations and potential human bias in the evaluation process. For instance, there are instances
where the author consider GPT-4’s translations to be superior, while human evaluators favor those produced by Google
Translate.

Table 12. A comparison of translation performance when utilizing solely triplet data versus a combination of triplet data and human-labeled
data (our original setup) in the en—xx direction. The bold number indicates superior performance. There is not obvious performance
difference adding our human-labeled data.

Dataset de cs is

KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Only Triplet Data 83.43 84.63 97.56 84.97 87.24 93.50 82.05 85.37 91.83
Triplet Data + Human-Labeled Data 83.28 84.25 97.48 84.99 87.06 93.61 82.18 85.68 91.93
Dataset zh ru Avg.

KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Only Triplet Data 82.15 84.08 91.59 84.05 87.43 95.26 83.33 85.75 93.95
Triplet Data + Human-Labeled Data 82.25 84.32 92.03 83.98 87.37 95.22 83.34 85.74 94.05

Table 13. A comparison of translation performance when utilizing solely triplet data versus a combination of triplet data and human-labeled
data (our original setup) in the en—xx direction. The bold number indicates superior performance. Interestingly, the inclusion of our
human-labeled data results in a slight decrease in average performance.

de cs is

Dataset

KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Only Triplet Data 81.57 84.25 94.32 82.68 83.70 87.97 81.63 85.87 80.89
Triplet Data + Human-Labeled Data 81.50 83.97 94.20 82.63 83.75 88.03 81.57 85.73 80.49
Dataset zh ru Avg.

KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Only Triplet Data 79.34 77.31 91.76 81.76 81.63 91.34 81.40 82.55 89.26
Triplet Data + Human-Labeled Data 79.24 77.17 91.65 81.72 81.54 91.18 81.33 82.43 89.11

E. WMT Winner Systems

E.1. Systems For WMT’21 And WMT’22

The WMT competition winners for each direction as reported in WMT’21 and WMT’22 correspond to those used by Hendy
et al. (2023). For more detailed information, we direct readers to this paper.
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E.2. Systems For WMT’23

For the de<+en and zh<>en language pairs, we selected the translation systems that attained the highest human rankings
based on source-based Direct Assessment and Scalar Quality Metrics (DA+SQM). For de<>ru, in the absence of human
rankings for these directions in Kocmi et al. (2023), we opted for the model with the highest COMET-22 scores as reported
in Kocmi et al. (2023). Details about these models are available in Table 14.

Table 14. The list of WMT’23 winners served for each language direction.

Systems Language Pair
ONLINE-B en-de
ONLINE-A de-en
Lan-BridgeMT (Wu & Hu, 2023) en-zh
Lan-BridgeMT (Wu & Hu, 2023) zh-en
ONLINE-G en-ru
ONLINE-Y ru-en

F. Estimated Accuracy with Human Agreements

In the paper, we adopt a new approach for highlighting improvements within tables, moving beyond the standard practice
of specifying a static improvement threshold in metric y by score z. Instead, our threshold is dynamic, calibrated to the
minimal metric difference = in metric y that yields a perceptible distinction between two systems as recognized by humans
(Kocmi et al., 2024). For instance, to align with human judgments at an 80% concordance rate, the required improvement

margin is > 1.24 for both KIWI-XXL and COMET-XXL, and > 0.53 for KIWI-22. A comprehensive delineation of these
thresholds can be found in Table 15.

Table 15. Thresholds and estimated accuracies for each metric used in our paper.

Estimated Cointoss  s50. 60% 65% 70% 75% 80% 85% 90% 95%
Accuracy 50%

BLEU 027 052 078 106 139 179 234 335 - -
Comet-22 003 010 018 026 035 045 056 071 094 153
KIWI-22 001 008 016 024 033 042 053 067 085 118
XCOMET-XXL 002 019 037 056 076 098 124 155 199 274
KIWL-XXL 006 022 039 057 077 098 124 158 208 339

G. Full Results of WMT’23

The comprehensive results of WMT’23 are presented in Table 16. Similar to its performance in WMT’21 and WMT 22,
ALMA-13B-R performs best on average among the SoTA translation models.
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Table 16. The full results of WMT’23. The highest score among all systems are bold. dark blue boxes indicates that the improvement
over the original ALMA model achieves at least 80% estimated accuracy with the human judgement (Kocmi et al., 2024), while the lesser
improvements are highlighted in shallow blue boxes.

de—en zh—en ru—en
KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Gold Reference 78.93 75.96 84.23 74.46 68.80 83.51 79.46 77.84 83.60
WMT Winners 79.37 76.18 84.35 80.17 79.53 92.25 80.88 79.21 86.22
TowerlInstruct 79.67 77.60 86.28 79.84 78.13 91.75 80.85 80.03 87.76
MADLAD-10B 78.52 75.50 83.85 77.68 73.72 88.07 79.65 77.58 85.15
ALMA-13B-LoRA 79.36 76.79 85.07 78.83 76.71 90.73 80.79 80.14 86.94
+ CPO (Ours, ALMA-13B-R) 79.87 77.69 86.62 80.01 78.42 92.36 81.11 80.95 88.75
en—de en—zh en—ru
KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET KIWI-22 KIWI-XXL XCOMET
Gold Reference 80.12 77.93 88.91 79.60 73.47 86.15 79.87 79.36 91.41
WMT Winners 80.80 77.26 87.94 79.70 74.20 87.24 82.51 79.95 91.41
Towerlnstruct 80.13 75.34 86.55 80.03 74.85 86.74 81.33 77.14 89.59
MADLAD-10B 77.48 70.87 86.18 74.63 62.07 79.12 79.24 72.40 86.64
ALMA-13B-LoRA 78.79 73.40 85.61 78.92 72.95 85.13 80.21 76.02 89.48
+ CPO (Ours, ALMA-13B-R) 79.85 77.05 89.79 80.48 78.17 88.34 81.97 81.52 92.56

H. Evaluation on ALMA-R with Non-Comet Metric

Concerns may arise regarding the similar training procedure of COMET metrics, leading to high correlation among COMET
models, which potentially undermine the validity of our analysis in Section 5.1. To address this, we also consider BLEURT-
20 (Sellam et al., 2020), a non-COMET and neural-based (but reference-based evaluation) metric. We present BLEURT
scores for ALMA-13B-LoRA and ALMA-13B-R in Table 17. Notably, even when preference data is constructed using
COMET-based evaluations, significant improvements in non-COMET scores are observed. This strengthens our findings
that translations produced by ALMA-R are indeed superior and robust.

Table 17. The BLEURT-20 score comparsion between ALMA-13B-LoRA and ALMA-13B-R

BLEURT-20 de cs is zh ru Avg.
Translating to English (xx—en)
ALMA-13B-LoRA 73.20 76.65 75.87 67.37 76.7 73.96
ALMA-13B-R 73.62 7694 7698 6948 7691 74.79
Translating from English (en—xx)
ALMA-13B-LoRA  75.51 80.93 73.19 70.54 7494 75.02
ALMA-13B-R 7720 81.87 7343 7151 76.19 76.04

I. The Effectiveness of The BC Regularizer for DPO

The DPO loss Lppo = L(7g, mer) can also be utilized by adding our additional BC regularizer:
Hgn L(mg, Tret) — E(a,y,)~D [log (7r9 (yw\a:))} .

In Table 18, we demonstrate that incorporating Lny1. into the DPO objective results in notable enhancements for translations
both to and from English. This observation hints at why Lpefer, as an approximation of Lppo, performs effectively, while
the original DPO loss does not. It appears that the DPO loss lacks the BC regularizer, which steers the model towards the
preferred data distribution. Although combining DPO with the BC regularizer could yield similar performance to CPO, it
incurs double the memory cost and FLOPs per token in the forward pass. The original DPO loss shows the possibility of
failure to improve the model performance in preference learning, so we here highlight the significance of incorporating BC
regularization. Importantly, Table 18 shows that Lyt is a successful approximation of the DPO loss, offering savings in
memory and speed, and it can even outperform the original BC-regularized DPO loss Lppo + £NLL-
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Table 18. The impact of applying L1, to the original DPO loss.

Loss Objective KIWI-22 KIWI-XXL. XCOMET Memory Cost FLOPs/tok
Translating to English (xx—en)
Lpro 80.51 81.36 86.58 2X 2X
Lppo + Ln1LL 81.28 82.42 89.05 2% 2%
Lpreter + LnL (CPO) 81.33 82.43 89.11 1x 1x
Translating from English (en—xx)
Lppo 82.27 82.07 92.25 2% 2%
LDPO + »CNLL 83.13 84.74 93.53 2% 2%
Lopreter + Lnor (CPO) 83.34 85.74 94.05 1x 1x
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