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Abstract

Aligning large language models with human
values is a critical challenge for ensuring public
safety. This alignment is commonly achieved
through methods such as Direct Preference Op-
timization and RLAIF/RLHF. Despite exten-
sive research, prior studies show that models of-
ten fail to maintain consistent alignment perfor-
mance across languages, resulting in unequal
treatment of users. To address this issue, we
introduce a regularization term in the Direct
Preference Optimization fine-tuning process
that penalizes discrepancies in model behav-
ior between languages using a bilingual cor-
pus. Our results demonstrate that this approach
effectively reduces the alignment gap across
languages following fine-tuning.1

1 Introduction

As Large Language Models (LLMs) grow in ca-
pability and adoption (Bick et al., 2026), aligning
them with human values has emerged as a criti-
cal research area in Natural Language Processing
(NLP). The goal of alignment is to ensure model be-
havior remains consistent with societal norms and
to prevent toxic outputs, even in complex or am-
biguous contexts. The advent of generative LLMs
such as GPT-3 (Radford et al., 2019) and LLaMA
(Touvron et al., 2023) introduces new risks as these
models can produce toxic or biased content without
malicious prompts, raising ethical issues regarding
their deployment and societal impact (Solaiman
et al., 2019). Studies such as Bai et al. (2022) and
Ouyang et al. (2022) proposed methods to reduce
these risks through reinforcement learning from
human feedback (RLHF). Another aspect of the
alignment effort focuses on guiding models to fol-

*Work done while at Université Jean Monnet.
1Code and data are available anony-

mously at https://github.com/LetenoThibaud/
Equitable_Alignment_Across_Languages

low moral norms, which are often implicit and cul-
turally dependent (Ramezani and Xu, 2023). Prior
work in this area follows two main directions: first,
evaluating whether LLMs align with specific moral
philosophies (Tlaie, 2024; Coleman et al., 2025);
and second, assessing model behavior in scenar-
ios requiring moral judgment (Hendrycks et al.;
Emelin et al., 2021). To address these challenges,
several studies have explored aligning LLMs using
Direct Preference Optimization (DPO) (Rafailov
et al., 2023), a reward maximization approach that
relies on preference data. For example, Li et al.
(2024) reduce toxicity in open-ended generations
using DPO, while Leteno et al. (2025) demonstrate
that LLMs can easily be aligned with moral val-
ues using DPO and a limited dataset. However,
as noted by Blasi et al. (2022); Lai et al. (2023),
the performance of LLMs often varies across lan-
guages. The phenomenon also appears in evalua-
tions of moral alignment as observed across lan-
guages of different language families in several
studies (Hämmerl et al., 2023; Agarwal et al., 2024;
Xu et al., 2024).

Related to this work, several studies have ex-
plored DPO in multilingual settings. Wu et al.
(2024) and Hong et al. (2024) evaluate zero-shot
cross-lingual alignment on generative tasks by fine-
tuning models with DPO in one language and test-
ing them on another, showing variation of perfor-
mance across languages. She et al. (2024) and
Yang et al. (2025) propose frameworks that lever-
age English-aligned models to generate preference
pairs for multilingual DPO fine-tuning, improving
performance across languages. However, align-
ment disparities between languages, referred to as
the alignment gap, remain unaddressed. Further-
more, none of these approaches explicitly aims
to close the alignment gap to ensure equitable
treatment across languages. On the other hand,
Aakanksha et al. (2024) and Li et al. (2024) inves-
tigate multilingual alignment in toxic generation.
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Figure 1: Comparison of our method with DPO. On the left side of the figure, DPO shows some pairs that are
misaligned or have ambiguous alignment (%) . Our method fixes this, as shown on the right side (!), where the
model aligns well in both languages. Best viewed in color. Preference data icons from (Rafailov et al., 2023).

Their results show that DPO reduces toxicity when
fine-tuned with this goal, but toxicity levels remain
unequal across languages.

This work aims to reduce cross-lingual dispari-
ties in aligning LLMs with human values. To this
end, we regularize DPO training with the difference
in model perplexities across languages. Experimen-
tal results show a reduction of the alignment gap
with our strategy.

The rest of the paper is organized as follows.
Section 2 provides the details on our method. Sec-
tions 3 and 4 respectively introduce the setting of
our experiments and the results. Finally, the last
section concludes the paper and opens the way for
future research.

2 Proposition

Our objective is to align LLMs with human val-
ues using DPO, while simultaneously reducing the
alignment gap across languages. We provide the
background knowledge related with DPO in Ap-
pendix A. It is important to clarify that we do not
aim to enforce similar alignment across languages.
Indeed, norms and values can differ across cultures
(Ramezani and Xu, 2023). Thus, our objective is to
induce similar levels of alignment across languages
without erasing inherent cultural variations. To this
end, we modify the DPO loss by adding a regular-
ization term that penalizes differences in perplexity
between continuations in different languages. We
illustrate the problem and our proposition in Fig-
ure 1. Let D = {xi, yw,i, yl,i, gi}Ni be a dataset of
size N with xi a sequence, yw,i the preferred con-
tinuation, yl,i the rejected continuation, and gi the

language of the instance. Let πθ(y | x) be the log-
likelihood of the continuation y given the sequence
x for the trained model. We note:

ρθ(y | x) = exp

(︃−πθ(y | x)
ny

)︃
,

the perplexity of the model for y given x with ny

the number of tokens in the continuation. Then,
our regularization term is:

LREG = E
(x,yw,yl,g)∼D

[︃
1

nj

∑︂

j:gj ̸=gi

⃓⃓
⃓⃓ρθ(yw,i | xi)
ρθ(yl,i | xi)

−ρθ(yw,j | xj)
ρθ(yl,j | xj)

⃓⃓
⃓⃓
]︃
,

with nj = |{j | gj ̸= gi}|.
The motivation for computing the gap between

the perplexity ratios of preferred and rejected con-
tinuations is to enforce cross-lingual preference
consistency. The DPO objective increases the like-
lihood of preferred continuations while decreas-
ing that of rejected ones. However, as shown in
Appendix B, likelihoods and perplexities for se-
mantically equivalent sentences may vary across
languages. Consequently, the ratio ρθ(yw|x)

ρθ(yl|x) can be
interpreted as a measure of preference strength, re-
flecting how much more likely the model considers
the preferred continuation relative to the rejected
one. If this preference strength differs across lan-
guages for equivalent examples, it indicates an in-
consistency in the model’s cross-lingual behavior.
Thus, we penalize the DPO loss by this difference
to encourage consistent relative preference patterns
across languages, independent of language-specific
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likelihood scaling, while preserving alignment per-
formance within each language. Importantly, this
approach does not enforce identical preference val-
ues across languages or cultures, but rather pro-
motes comparable levels of alignment across them.

Moreover, we consider perplexities rather than
the log-likelihoods of the sequences, as in DPO,
due to the impact of the sequence length on these
measures, as outlined by Dong et al. (2024), who
show that longer sequences receive higher likeli-
hoods and rewards. Note that our regularization
term computes a ratio of per-sequence perplexi-
ties, normalizing each sequence’s length indepen-
dently rather than jointly length-normalizing the
pairs. Empirically, computing perplexity tends to
mitigate the impact of length on the reward compu-
tation. However, in extreme cases where the two
sequences differ substantially in length, a unified
normalization would likely be preferable.

Finally, our training loss is formulated as

L = LDPO + γ · LREG,

with γ a hyperparameter controlling the strength of
the regularization term.

In non-parallel settings, that is, when correspond-
ing entries from different languages are unavail-
able, our regularization term operates at the distri-
butional level rather than enforcing per-example
cross-lingual consistency: for a given instance,
the perplexity ratio is compared against instances
from other languages without semantic pairing but
with similar preferences. This way, we reduce the
global alignment gap between languages, ensuring
the model does not exhibit systematically differ-
ent alignment behavior depending on the language,
rather than aligning individual semantically equiva-
lent examples. When parallel corpora are available,
semantically equivalent pairs across languages nat-
urally provide this per-example correspondence.

In the next section, we describe the evaluation
protocol used to assess the impact of our approach
on LLMs’ alignment.

3 Experiments

3.1 Protocol
We conduct experiments on two LLMs: Mistral-
7B-v0.3 (Jiang et al., 2023) and LLaMA3-8B
(Grattafiori et al., 2024), respectively referred to as
Mistral and LLaMA models in the following.

We compare our method (dpoppl) against stan-
dard DPO fine-tuning (dpo) and the original pre-

trained models without fine-tuning (base). We
perform 3-fold cross-validation, described in Ap-
pendix E, to select optimal hyperparameters for
dpo and dpoppl. We report the computational infor-
mation in Appendix F.

3.2 Datasets
We use two corpora that may contain offensive con-
tent to assess the alignment of LLMs with human
values. We study toxicity and the moral alignment
of LLMs. Regarding languages, we compare En-
glish with French, Russian, and Spanish. As the
LLMs we study are mostly trained in English, we
consider it as the reference language.

The Multilingual Jigsaw dataset (Kivlichan
et al., 2020) includes online comments labeled for
toxicity. We label toxic content as rejected and
non-toxic content as preferred. Preference pairs
are formed randomly. For each language, the cor-
pus contains 2000 training and 1340 test pairs.

The Moral corpus combines the MoralStories
(Emelin et al., 2021) and HistoiresMorales (Leteno
et al., 2025) datasets for English and French. These
parallel datasets include short stories (x) followed
by a moral action (yw) and an immoral action (yl).
MoralStories and HistoiresMorales each contain
8400 training and 3600 test pairs. We also consider
the UniMoral dataset (Kumar and Jurgens, 2025) to
compare English with Russian and Spanish, but the
dataset size (488 examples per language) is not suf-
ficient to align the models properly. We present this
analysis in Appendix C. During training, we use
half of each dataset’s training set without overlap,
ensuring that each story appears only once.

3.3 Metrics
We evaluate the effectiveness of our approach in
reducing the alignment gap across languages dur-
ing training by measuring model perplexity on
sequence pairs. Following Nangia et al. (2020);
Névéol et al. (2022) for fairness and Leteno et al.
(2025) for morality, perplexity serves as an indi-
cator of model uncertainty where lower values in-
dicate better alignment. From this, we define the
Preference Rate (PR) over a test set of size NT as:

PR =
|ρθ(yw|x) ≤ ρθ(yl|x)|

NT
.

We denote PRG and PRG as the Preference Rates
for languages G and G, respectively. We then de-
fine the alignment gap as ∆ = |PRG − PRG|.
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Language Loss γ β PREN (↑) PRX (↑) ∆ (↓) SPR(↑)
Mistral

en-fr
base - - 59.81± 0.0 64.59± 0.0 4.78 ± 0.0 0.0
dpo 0 0.001 93.83± 0.86 85.96± 1.54 7.87± 0.86 0.95
dpoppl 0.01 0.001 94.36 ± 0.75 86.8 ± 1.32 7.56± 0.92 1.1

en-es
base - - 59.81± 0.0 66.51± 0.0 6.7± 0.0 1.0
dpo 0 0.1 92.85± 0.80 87.03± 0.75 5.81± 1.12 1.23
dpoppl 1.0 0.001 92.97 ± 3.32 88.5 ± 1.66 4.47 ± 1.95 1.69

en-ru
base - - 59.81± 0.0 70.1± 0.0 10.29± 0.0 1.0
dpo 0 0.01 94.14 ± 0.47 87.89± 1.16 6.25± 0.78 1.55
dpoppl 0.1 0.01 92.84± 0.39 89.12 ± 0.48 3.73 ± 0.47 1.96

LLaMA

en-fr
base - - 63.64± 0.0 64.95± 0.0 1.31 ± 0.0 0.0
dpo 0 0.001 94.86 ± 0.41 86.27 ± 0.94 8.59± 0.92 1.0
dpoppl 0.1 0.01 92.94± 0.31 85.36± 0.79 7.58± 0.81 1.03

en-es
base - - 63.64± 0.0 64.47± 0.0 0.83 ± 0.0 0.0
dpo 0 0.01 93.2± 0.56 87.85± 0.61 5.36± 0.5 0.98
dpoppl 0.01 0.01 93.4 ± 0.32 88.26 ± 0.46 5.14± 0.41 1.05

en-ru
base - - 63.64± 0.0 67.11± 0.0 3.47± 0.0 0.09
dpo 0 0.01 93.32 ± 0.71 89.14± 1.03 4.19± 0.99 0.97
dpoppl 0.001 0.01 93.28± 0.41 89.88 ± 0.71 3.4 ± 0.58 2.0

Table 1: Results on the Jigsaw dataset, averaged over 5 seeds. Best results are shown in bold.

Language Loss γ β PREN (↑) PRX (↑) ∆ (↓) SPR(↑)
Mistral

en-fr
base - - 43.86± 0.0 47.92± 0.0 4.06± 0.0 1.0
dpo 0 0.01 98.99± 0.1 97.21± 0.35 1.78± 0.33 1.82
dpoppl 0.1 0.25 99.02 ± 0.22 97.69 ± 0.2 1.33 ± 0.09 2.0

LLaMA

en-fr
base - - 46.72± 0.0 48.75± 0.0 2.03± 0.0 1.0
dpo 0 0.01 98.88 ± 0.16 97.82 ± 0.22 1.07± 0.14 1.96
dpoppl 1.0 0.1 98.71± 0.16 97.68± 0.22 1.03 ± 0.23 1.99

Table 2: Results on the Moral corpus, averaged over 5 seeds. Best results are shown in bold.

Lastly, to evaluate the trade-off between perfor-
mance on each language and gap minimization, we
use an aggregate score combining these factors:

SPR = n[0,1](PRG) + n[0,1](PRG)− n[0,1](∆),

with n[0,1](·) is the min-max normalization.

4 Results

We assess LLMs’ alignment with human values by
analyzing sequence perplexities. Results for the
Jigsaw dataset and for the Moral corpus are respec-
tively presented in Tables 1 and 2. First, both dpo
and dpoppl significantly improve LLMs’ alignment
compared to the base models, achieving compara-
ble levels of alignment. Importantly, our method

(dpoppl) consistently shows the highest trade-off
score SPR across all datasets and models. This
indicates that our approach effectively balances
alignment and fair treatment for both languages.
Moreover, the alignment gap ∆ is systematically
reduced with dpoppl compared to dpo. We observe
that this reduction is larger on Jigsaw than on the
Moral corpus. We attribute this difference to the
data structure: the Moral corpus is parallel, with the
French, HistoiresMorales, being a translation of the
English, MoralStories, leading to highly similar dis-
tributions and thus a smaller initial gap. In contrast,
Jigsaw contains online comments from more di-
verse domains, increasing cross-lingual discrepan-
cies. Thus, our method yields a stronger alignment
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gap reduction in this more heterogeneous setting.
Moreover, since Jigsaw is non-parallel, topic, style,
and base-rate differences across languages are not
fully disentangled from language effects; the larger
reduction observed on Jigsaw should therefore be
interpreted alongside this broader source of cross-
lingual variation.

Interestingly, we observe that the regularization
can also improve alignment on English data it-
self, despite English not being the primary tar-
get of the cross-lingual objective. This finding is
consistent with a growing body of work in mul-
tilingual NLP showing that training across lan-
guages acts as a form of cross-lingual regulariza-
tion: by encouraging the model to behave consis-
tently across languages, it is pushed toward more
robust, language-agnostic representations, which
in turn can also benefit performance on the source
language (Gogoulou et al., 2022).

Finally, we control the model’s general abilities
post-alignment in Appendix D.

5 Conclusion

In this paper, we propose a novel method to align
LLMs with human values while reducing the align-
ment gap between languages. We introduce a regu-
larization term during DPO training that penalizes
discrepancies in model scores across languages.
We demonstrate that this regularized fine-tuning
moves models closer to the goal of equitable align-
ment across languages, consistently reducing align-
ment gaps on all models and datasets evaluated.

Despite these promising results, our approach
still has room for improvement. In particular, in
the non-parallel case, the distributional objective
discussed in Section 2 cannot fully disentangle lan-
guage effects from domain or content differences
across examples. Therefore, enforcing per-example
cross-lingual consistency, for instance by identify-
ing or constructing close cross-lingual pairs, would
constitute an interesting direction for future work.

More broadly, unequal alignment across lan-
guages can result in prejudice against users based
on their language, a concern that persists despite
the widespread availability of LLM-based tools.
Our method does not fully close the alignment gap
but represents a step toward addressing it.

Future work should also examine models’ allo-
cational performance in decision-making scenarios
and whether disparities can also be effectively re-
duced in such applications.

Limitations

While we investigate the alignment of LLMs with
human values, we recognize that this approach is
inherently constrained by the nature of our datasets.
These datasets do not comprehensively capture the
full spectrum of human values, which are diverse,
context-dependent, and culturally variable. Con-
sequently, our conclusions about value alignment
should be interpreted with caution and seen as pre-
liminary steps toward a more inclusive and repre-
sentative assessment.

Ethical considerations

In this paper, we study the alignment of LLMs
with human values, leveraging existing benchmark
datasets. We acknowledge that some of these
datasets may include harmful or sensitive content.
However, such data is used within a scientific con-
text to facilitate meaningful analysis. We propose a
method aimed at improving model alignment with
values broadly recognized as moral, non-toxic, and
socially acceptable. It is important to emphasize
that this method is not intended and should not be
used for purposes opposite to this objective, such as
reinforcing harmful or unethical behaviors. While
there is an inherent risk of misuse, we believe our
research contributes positively to the development
of safer, more responsible language technologies
that better serve users across different linguistic
and cultural backgrounds.
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A Direct Preference Optimization

DPO directly optimizes model parameters from
preference data, rather than relying on explicitly
defined reward functions. This suppresses the
need to train a separate reward model during the
fine-tuning. DPO assumes access to a set of pair-
wise preferences, typically obtained through human
feedback. The objective is to align the model’s be-
havior with these preferences by increasing the
likelihood of preferred outputs while decreasing
that of rejected ones. The optimization is framed
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as a preference-based objective, promoting pre-
ferred behaviors over less preferred ones. This
is implemented by minimizing a loss function de-
rived from the Bradley-Terry model (Bradley and
Terry, 1952), using a softmax-like formulation. Let
D = {xi, yw,i, yl,i}Ni be a dataset of size N with
xi a sequence, yw,i the preferred continuation, yl,i
the rejected continuation. We note σ the sigmoid
function, πθ and πref the trainable and reference
models policy. β is a hyperparameter controlling
the deviation of πθ from the reference model. The
reward for a continuation y given an input x is

r̂θ(x, y) = β · log πθ(y | x)
πref(y | x) .

Then, the DPO loss is:

LDPO(πθ;πref) = −E
(x,yw,yl)∼D

[log σ(r̂θ(x, yw)

− r̂θ(x, yl))].

B Variations of likelihood across
languages

In this section, we show that for similar sequences
in different languages, a model outputs different
likelihoods. We consider an example from the
Moral corpus in both languages. The prompts and
continuations, presented in Table 3, have equiva-
lent length. In Table 4, we observe that for a given
model and a similar sentence in French and English,
the likelihood of the sentence is different. For all
models, we note that it is lower in French than in
English.

C Unimoral

To compare the cross-lingual moral alignment of
LLMs in English, Spanish, and Russian, we study
the UniMoral dataset (Kumar and Jurgens, 2025).
The dataset is composed of 488 entries per lan-
guage, which we split between 188 training exam-
ples and 300 test examples. We privileged a larger
test set to have enough data to estimate the align-
ment. However, as noted in Table 5, the training set
is insufficient to align LLaMA or Mistral models
with human values, compared to the base models.
Similarly, the gap reduction is inconsistent with
limited training data, despite our method, dpoppl,
having the best trade-off score, SPR, in 3 out of 4
experiments.

Prompts
English Mary is working on a group

project with other students,
she doesn’t like some of the
work one of the other students
has done. Mary wants to turn
in the group project and get
an A.

French Marie travaille sur un projet
de groupe avec d’autres étudi-
ants, mais elle n’aime pas le
travail réalisé par l’un d’entre
eux. Marie souhaite obtenir
un A pour le projet de groupe.

Continuations
English Mary talks with the student

about their work and makes
some suggestions to improve
it.

French Elle discute avec l’étudiant
concerné de son travail et
lui fait quelques suggestions
pour l’améliorer.

Table 3: Example used for likelihood gap evaluation
across languages.

Model English French
πθ(y | x) ρθ(y | x) πθ(y | x) ρθ(y | x)

Mistral 3.8 43.7 2.5 11.9
LLaMA 4.1 60.1 2.6 13.13

Table 4: Results of the likelihood πθ(y | x) and per-
plexity ρθ(y | x) comparison for different languages on
Mistral-7B-v0.3, LLaMA-3.1-8B.

D Impact on General Natural Language
Understanding

In this section, we investigate the impact of the
alignment procedures on the general language un-
derstanding abilities of the models. To do so, we
consider the models’ performance on the Mas-
sive Multitask Language Understanding bench-
mark (Hendrycks et al., 2020). The benchmark
measures the model’s abilities on various tasks,
such as maths, question answering on history, or
philosophy. We present results in Table 7. We note
close results, within 1%, between the base model
and the model after dpo or dpoppl training. This
highlights that our approach and dpo improve the
models’ alignment without negative impact on the
general abilities.
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Language Loss γ β PREN (↑) PRX (↑) ∆ (↓) SPR(↑)
Mistral

en-es
base - - 50.0 ± 0.0 46.33± 0.0 3.67± 0.0 0.0
dpo 0 0.001 49.6± 0.49 50.87 ± 0.78 1.27± 0.65 0.86
dpoppl 0.001 1.0 49.93± 0.49 49.2± 0.75 0.87 ± 0.81 1.46

en-ru
base - - 50.0 ± 0.0 51.33± 0.0 1.33 ± 0.0 1.0
dpo 0 0.25 49.73± 0.61 53.6± 0.88 3.87± 1.31 0.54
dpoppl 0.01 0.1 49.47± 0.34 54.13 ± 1.05 4.67± 1.19 0.0

LLaMA

en-es
base - - 49.33± 0.0 46.67± 0.0 2.66± 0.0 1.0
dpo 0 0.5 49.47± 0.27 47.67± 0.21 1.8 ± 0.34 0.93
dpoppl 1.0 0.001 50.33 ± 0.47 47.93 ± 0.49 2.4± 0.53 1.3

en-ru
base - - 49.33± 0.0 49.67± 0.0 0.34 ± 0.0 0.0
dpo 0 0.001 49.47± 0.17 50.13 ± 0.45 0.8± 0.34 0.52
dpoppl 0.001 0.5 49.6 ± 0.14 49.87± 0.34 0.4± 0.25 1.3

Table 5: Results on the Moral corpus, averaged over 5 seeds. The best results between dpo and dpoppl are shown in
bold. base is given as a baseline in terms of PR.

E Experimental details

To fine-tune the models, we adapt Hugging-
Face DPOTrainers2 and use the Unsloth library
(Daniel Han and team, 2023) for QLoRA training.

Hyperparameters dpo dpoppl
γ 0 1e−3, 1e−2, 1e−1, 1.0
β 1e−3, 1e−2, 1e−1, 1.0

Table 6: Hyperparameters tested in the cross-validation
for the representational evaluation.

We realize a 3-fold cross-validation testing the
hyperparameters shown in Table 6, and present the
best ones in the result tables. For the models, we
use the versions available on HuggingFace:

• Mistral-7b: https://huggingface.co/
mistralai/Mistral-7B-v0.3

• LLaMA3-8b: https://huggingface.co/
meta-LLaMA/LLaMA-3.1-8B

We select the best hyperparameters for each method
based on the trade-off score SPR.

F Computational cost

We conduct the experiments on Nvidia A40 and L4
GPUs, respectively, with 48Go and 24Go of RAM.
Moreover, using the CodeCarbon library (Courty
et al., 2024), we report the carbon emissions, elec-
tricity cost, and running time for one training in

2https://huggingface.co/docs/trl/main/en/
dpo_trainer#trl.DPOTrainer

Table 8. We report the information on the runs for
the English-French language pairs.

G License

Dataset The MoralStories and HistoiresMorales
datasets are available under the MIT license. The
Jigsaw dataset is available under the Creative Com-
mons license. No license is specified for the Uni-
moral dataset.

Model The Mistral is available under the Apache
2.0 license, and the LLaMA model is available
under the LLaMA 3.1 Community License. The
Unsloth library and HuggingFace trainers are avail-
able under the Apache 2.0 license.

Writing LLMs were used as a writing assistant
tool for fluency purposes, translation, and typo cor-
rection.
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Datasets &
Loss MMLU humanities other social sciences stem

languages
Mistral

- base 0.5963± 0.0039 0.5330± 0.0067 0.6846± 0.0081 0.6968± 0.0081 0.5056± 0.0086
Moral

en-fr
dpo 0.5959± 0.0039 0.5454± 0.0068 0.6707± 0.0081 0.6929± 0.0081 0.5030± 0.0086
dpoppl 0.6008± 0.0039 0.5518± 0.0068 0.6827± 0.0081 0.6974± 0.0080 0.4992± 0.0086

Jigsaw

en-fr
dpo 0.5919± 0.0039 0.5294± 0.0067 0.6752± 0.0081 0.6939± 0.0081 0.5036± 0.0086
dpoppl 0.5915± 0.0039 0.5322± 0.0068 0.6778± 0.0081 0.6877± 0.0081 0.5011± 0.0086

en-es
dpo 0.5925± 0.0039 0.5322± 0.0067 0.6785± 0.0081 0.6870± 0.0081 0.5056± 0.0086
dpoppl 0.5902± 0.0039 0.5333± 0.0067 0.6691± 0.0082 0.6890± 0.0081 0.5008± 0.0086

en-ru
dpo 0.5956± 0.0039 0.5386± 0.0068 0.6749± 0.0081 0.6909± 0.0081 0.5094± 0.0086
dpoppl 0.5955± 0.0039 0.5382± 0.0068 0.6772± 0.0081 0.6909± 0.0081 0.5075± 0.0086

LLaMA
- base 0.6404± 0.0038 0.5792± 0.0067 0.7119± 0.0078 0.7481± 0.0077 0.5563± 0.0085
Moral

en-fr
dpo 0.6345± 0.0038 0.5681± 0.0066 0.7155± 0.0078 0.7403± 0.0077 0.5506± 0.0085
dpoppl 0.6339± 0.0038 0.5683± 0.0067 0.7142± 0.0078 0.7377± 0.0077 0.5512± 0.0085

Jigsaw

en-fr
dpo 0.6377± 0.0038 0.5722± 0.0066 0.7116± 0.0078 0.7468± 0.0077 0.5563± 0.0085
dpoppl 0.6371± 0.0038 0.5739± 0.0067 0.7107± 0.0078 0.7420± 0.0077 0.5566± 0.0085

en-es
dpo 0.6400± 0.0038 0.5798± 0.0067 0.7152± 0.0078 0.7433± 0.0077 0.5550± 0.0085
dpoppl 0.6330± 0.0038 0.5679± 0.0066 0.7084± 0.0079 0.7423± 0.0077 0.5490± 0.0085

en-ru
dpo 0.6415± 0.0038 0.5862± 0.0067 0.7132± 0.0078 0.7436± 0.0077 0.5538± 0.0086
dpoppl 0.6411± 0.0038 0.5843± 0.0067 0.7113± 0.0078 0.7449± 0.0077 0.5557± 0.0085

Table 7: Results on the MMLU benchmark.

Model Dataset Loss
Emissions
(CO2eq)

Electricity
Consumption (kWh)

Duration
(seconds)

Device GPU RAM

Mistral-7B-v0.3 Moral DPO 0.060 0.3567 1747 NVIDIA A40 48Go
Mistral-7B-v0.3 Moral DPO_ppl 0.085 0.5006 3035 NVIDIA L4 24Go
Mistral-7B-v0.3 Jigsaw DPO 0.017 0.1001 541 NVIDIA L4 24Go
Mistral-7B-v0.3 Jigsaw DPO_ppl 0.034 0.1996 990 NVIDIA A40 48Go
Llama-3.1-8B Moral DPO 0.059 0.3490 1825 NVIDIA A40 48Go
Llama-3.1-8B Moral DPO_ppl 0.059 0.3473 1815 NVIDIA A40 48Go
Llama-3.1-8B Jigsaw DPO 0.033 0.1973 1091 NVIDIA A40 48Go
Llama-3.1-8B Jigsaw DPO_ppl 0.034 0.2005 1098 NVIDIA A40 48Go

Table 8: Training pipeline computational costs.
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