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Abstract

Naive joint training of large language mod-
els (LLMs) for multilingual preference align-
ment can suffer from negative interference.
This is a known issue in multilingual train-
ing, where conflicting objectives degrade over-
all performance. However, the impact of this
phenomenon in the context of multilingual
preference alignment remains largely under-
explored. To address this issue, we propose
CONGRAD, an effective and scalable filter-
ing method that mitigates this interference by
identifying and selecting preference samples
that exhibit high cross-lingual affinity. Based
on principles of multi-objective optimization,
our approach computes an aggregated, cross-
lingually beneficial gradient direction and uses
this to filter for samples whose individual gra-
dients align with this consensus direction. To
ensure scalability for LLMs, we incorporate a
sublinear gradient compression strategy that
reduces memory overhead during gradient ac-
cumulation. We integrate CONGRAD into
a self-rewarding framework and evaluate on
LLaMA3-8B and Gemma2-2B across 10 lan-
guages. Results show that CONGRAD consis-
tently outperforms strong baselines in both seen
and unseen languages, with minimal alignment
tax. !

1 Introduction

Preference alignment has emerged as a pivotal
post-training technique for aligning large language
models (LLMs) with human values and intentions
(Ouyang et al., 2022; Touvron et al., 2023). It
has driven significant performance improvements
across multiple natural language processing (NLP)
tasks such as summarisation (Ziegler et al., 2019),
reasoning (Pang et al., 2024; Chen et al., 2024d),
and instruction following (Bai et al., 2022; Ouyang
et al., 2022). However, the progress in prefer-
ence alignment research remains predominantly

!Code will be released on https://github.com/
KagamiBaka/CONGRAD.

English-centric due to the scarcity of high-quality
human preference data for non-English languages
and the prohibitive costs of human annotation.
Previous research observes that state-of-the-art
aligned LLMs often overfit to English capabilities
with noticeable degraded alignment and odd be-
haviours in less-represented languages (Schwartz
et al., 2022; Kotek et al., 2023; Khondaker et al.,
2023; Vashishtha et al., 2023; Deng et al., 2023).
To circumvent the need for costly human anno-
tation in less-represented languages, recent efforts
have turned to synthetic data generation (Hurst
et al., 2024), often using powerful but proprietary
models such as OpenAI GPT-4o (Hurst et al.,
2024) as judges to score responses (Dubois et al.,
2023; Lee et al., 2024; Cui et al., 2024) or em-
ploying self-rewarding methods where a model it-
eratively generates and evaluates its own outputs
(Yuan et al., 2024). While promising, these strate-
gies frequently rely on translating English-centric
datasets (Lai et al., 2023; Chen et al., 2024c), a
process that can introduce subtle artifacts and fails
to generate diverse samples, which are important
to robust model performances (Kirk et al., 2024).
Once constructed, these multilingual preference
datasets are typically used to jointly train aligned
multilingual LLMs (Dang et al., 2024).
Nevertheless, it is well-known in multilingual
machine translation and pre-training that naive op-
timization in multilingual tasks often exhibits neg-
ative interference, where conflicting per-language
objectives often lead to sub-optimal performance
(Wang et al., 2020). Similar to multilingual ma-
chine translation, multilingual preference align-
ment is also fundamentally a multi-objective learn-
ing problem and prone to the negative interference
issue (Wang et al., 2020, 2021). While this issue
has been widely studied in multilingual machine
translation and pretraining (Arivazhagan et al.,
2019; Wang et al., 2020; Conneau et al., 2020; Wu
et al., 2021; Choi et al., 2023; Wu et al., 2024a),
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the impact of negative interference in multilingual
preference alignment remains largely unexplored.
This paper directly addresses this gap. We pro-
pose CONGRAD (CONflicting GRADient filter-
ing), an effective and scalable method to mitigate
negative interference in multilingual preference
alignment. Our approach is motivated by the in-
sight that gradient conflicts are strong indicators of
task interference (Sener and Koltun, 2018; Yu et al.,
2020). CONGRAD filters the training data by iden-
tifying and retaining only those preference samples
whose gradients align with a consensus direction
beneficial to all languages to alleviate negative in-
terference. This is achieved by first aggregating
accumulated exponential moving average (EMA)
gradients across languages and resolving their con-
flicts, and then selecting the top-k samples with the
highest similarity to this de-conflicted, consensus
gradient. Unlike traditional algorithms that directly
modify gradients (Sener and Koltun, 2018; Yu et al.,
2020; Wang et al., 2021), our method filters data
samples to influence optimization indirectly. This
approach is better suited for LLMs as it avoids the
significant memory/computational overhead and
potential training instability associated with direct
gradient manipulation (Kurin et al., 2022). Be-
sides, to ensure this method is more scalable for
contemporary LL.Ms, we incorporate a sublinear
gradient compression strategy based on subspace
iteration (Bathe and Wilson, 1972) that makes stor-
ing and processing gradients memory-efficient.
We integrate our proposed CONGRAD filtering
method into the self-rewarding framework (Yuan
et al., 2024) with Direct Preference Optimization
(DPO) training (Rafailov et al., 2023). To eval-
uate its effectiveness, we conduct experiments
on two LLMs of different scales: Llama3-8B
(Grattafiori et al., 2024) and Gemma2-2B (Team
et al., 2024) across 10 languages from different
language families and writing scripts. The experi-
mental results demonstrate the importance of high-
quality preference data, where most filtering meth-
ods outperform the baselines without data filter-
ing. Our proposed CONGRAD method consistently
outperforms strong filtering baselines on the multi-
lingual instruction following benchmark for both
languages seen during training, generalised well
to unseen languages and low-resource languages,
without significant alignment tax (Lin et al., 2024).
In summary, our contributions are as follows.

* We propose a conflict-aware self-rewarding al-

gorithm for multilingual preference alignment,
which constructs preference data without rely-
ing on external annotations and enables itera-
tive self-improvement across languages.

* We introduce a gradient-level filtering strat-
egy based on PCGrad that selects preference
samples with high cross-lingual affinity, effec-
tively mitigating negative interference during
multilingual training.

* We conduct comprehensive experiments on
Llama3-8B and Gemma2-2B, showing our
method significantly improves underrepre-
sented language while preserving dominant
language capabilities and generalizes to un-
seen languages with minimal alignment tax.

2 Preliminaries

Multilingual Preference Alignment In this pa-
per, we study the problem of multilingual prefer-
ence alignment. For a given set of languages L,
each language | € L is associated with a prefer-
ence dataset D! = {(:Ui,yfc,yfr) fV:ll where N/
is the dataset size. Each data point is a tuple of
prompt input l‘é, chosen response yi . and rejected
response yfr For brevity, we omit the index ¢ when
it is clear from the context.

The goal of mono-lingual alignment is to align
the LLM My, parameterised by 6, using pref-
erence optimisation methods such as reinforce-
ment learning with human feedback (RLHF), e.g.,
PPO (Schulman et al., 2017) or Direct Preference
Optimisation (DPO) (Rafailov et al., 2023). We
adopt DPO due to its simplicity and strong em-
pirical performance. DPO directly minimises the
negative log probability of preferring the chosen
response ¥y, over the rejected response ¥y, given
prompt x,

Lppo(Me, D) =
Mo (ye|x)
_E p|1 log = — 5~
(x,yc,yr) D[ Og0</8 08 Mref(yc‘x) (1)
MG(yT’x) >
log 20\IT 1)
B o8 Mref(yrlx)

where Mt is the reference model. When it ex-
tends to multilingual, we jointly optimise the DPO
loss across multiple languages,

1
Linpa(My) = 7] ZEDPO(M&DI)- )

leL
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Compared to mono-lingual alignment, alignment
in a multilingual context presents additional chal-
lenges, such as negative inter-language interference
(Dang et al., 2024; Yu et al., 2020). The objective
of this paper is to mitigate this problem by design-
ing a data filtering algorithm to filter data that is
prone to negative inter-language interference.

Self-rewarding Iterative DPO Collecting hu-
man preferences for training LLMs is a resource-
intensive task. Self-rewarding method addresses
this challenge by leveraging LL.Ms to generate re-
sponses and evaluate them to construct their own
training preference data (Yuan et al., 2024).

Specifically, starting from an instruction-tuned
model My,, we apply an iterative DPO training
procedure. At iteration ¢ > 1, the model My, is
initialised with the previous model My, ,. For
each prompt ', it generates a set of k candidate
responses {y!, ..., yi} The same model My, ,
is then used to evaluate each response, resulting
in reward scores {r!,...,rL}. Since the model
has the strongest instruction-following ability in
English, we use the same English prompt when
scoring responses in all languages | € L. Pref-
erence pairs are then constructed by selecting the
highest and lowest-scoring responses, discarding
pairs with identical scores. These pairs are then
used to train My,. Further details of the prompts
are provided in Appendix D.

3 Conlflicting Gradient Filtering for
Multilingual Preference Alignment

To address the challenge of conflicting cross-
lingual preferences in multilingual alignment, we
introduce Conflicting Gradient Filtering (Con-
Grad), a novel framework designed to select high-
quality preference data by minimizing gradient
conflicts across languages. Our core idea is to
first identify a consensus update direction that is
beneficial for all languages and then filter self-
generated preference pairs to align with this di-
rection. This ensures a more coherent and effective
multilingual optimization trajectory. As illustrated
in Figure 1, ConGrad integrates seamlessly into the
self-rewarding loop and comprises two key stages:
deriving a consensus gradient and using it for effi-
cient preference data filtering.

3.1 Deriving a Consensus Gradient

Our primary objective is to find a single gradient
update direction that harmonizes the learning objec-

de >

de-conflicted q .e

Gen We

Gradient Aggregation

I

e >

Data Generation

Consensus Gradient

|~

/;g,’;ie X

ConGrad Filtering

Figure 1: Overview of the multilingual preference align-
ment framework which consists of three steps: (i) com-
putation of the cross-lingual consensus gradient via
PCGrad with gradient compression for memory effi-
ciency; (ii) generation of synthetic preference data via
self-rewarding; and (iii) CONGRAD filtering, which
selects preference samples based on their gradient simi-
larity to the consensus gradient direction, retaining only
those with high similarity (g¢¢ in this example).

tives across multiple languages. Such a consensus
direction should ideally capture shared preferences
between languages while mitigating the negative in-
terference caused by conflicting language-specific
gradients. Wang et al. (2021) previously observed
that higher gradient similarity correlates with im-
proved multilingual performance. Building on this,
our goal is to construct a gradient that captures this
cross-lingual consensus.

Consensus Gradient Computation To achieve
this, we first need a stable representation of each
language’s update direction within a given training
iteration ¢t. We compute the Exponential Moving
Average (EMA) of gradients, G', for each language
[ over its minibatches blT ~ D,{ (see Algorithm 1).
The EMA gradient is calculated as GL. = yGL_| +
(1 —v)g!, where g! is the minibatch gradient and
v is a decay factor.

With these stable language-specific gradients,
we then need a mechanism to resolve their con-
flicts. We adapt the principles from Projecting
Conflict Gradient (PCGrad) (Yu et al., 2020) for
this purpose. For each language [, we initialize
a candidate gradient géc with its EMA gradient
G'. We then iteratively project gf,c away from the
conflicting components of other languages’ gra-
dients (G!). A conflict is identified when their
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Algorithm 1 Conflicting Gradient Filtering

Require: Set of languages L, gradient EMAs
rewarding dataset {D'},c . , model My

1: Initialise gfm «~ G VlelL
2: for each language | € L do
3:  for each language I’ € shuffle(L \ {/}) do
4. if géc.Gl/ < 0 then
U.gl’ ,
5 gl — gl — T‘G‘ZW G'
6: end if
7:  end for
8: end for
9 pe =D cr géc // consensus gradient

10: // Filtering step
11: for each language | € L do
12: for each sample (:Ei7 yac, yf-’r) € D' do

. ! [ l
13: gi < VG‘CLP-DPO(MGa (xia Yic» yi,r))
14: end for
15: Shpeced ArgTOPK(wé=y£,c,y§17,)691 cos(g!, gpe)

16: end for
17: return {Slieceq bier

cosine similarity is negative. The projection is per-
formed by projecting it onto the normal plane of
G

ler|z = -

The final consensus gradient, g, is the sum of
these de-conflicted gradients from all languages:
gpc = D il géc. This vector represents a unified
update direction that minimizes the interference.

. ol l
G": gpc A gpc

Preference Filtering via Gradient In the sub-
sequent training iteration, we use this consensus
gradient g, as a reference for quality control. For
each newly generated preference sample ¢ in a lan-
guage [, we compute its instantaneous gradient gﬁ.
We then measure its alignment with the consensus
direction using cosine similarity, cos(g!, gpc). By
retaining only the samples with the highest similar-
ity, we curate a dataset that promotes harmonious
updates across languages, effectively filtering out
those that would introduce conflict.

3.2 Efficient Gradient EMA via Incremental
Low-Rank Updates

A practical challenge in our approach is the pro-
hibitive memory cost of storing full EMA gradi-
ents for each language, especially for LLMs. To
make our method feasible, we maintain a memory-
efficient, low-rank approximation of the EMA gra-
dient for each language, stored as a pair of factor
matrices (P!, Q).

Our method employs an incremental
’decompress-update-recompress’ cycle to up-
date these factors, ensuring the EMA calculation

Algorithm 2 Modified Iterative Self-Rewarding

{(G'her, sel- With CONGRAD Filtering

Require: Set of languages L, seed model Myg,, prompt
dataset {X'},c 1, total iterations T'
1: initialise G' < 0, foralll € L
2: fort =1to 7 do
3:  for each language [ € L do
4 gen responses ) using X and My, _,
5 gen rewards R' for J! via self-eval
6: construct D} via pref pairs in J' and rewards R'
7: end for
8: if t > 1 then
9 {Sslelected}ZEL —
ALGORITHM 1(L, {G' * P}, {D}}ier, Mo, ;)
10: else
11: {Sielected}leL <~ {Di}lEL
12: end if
13: Mg, +— Mo, ,
14:  for minibatches b € {Skecea}icr do

15: gi — V., LLP—DPO(MB» bi—)

16: Mo, + UpdateModel(Mgt,ng)

17: Gl — Pla(Qlma) T {Decompress)

18: Glpdaea = 71Gaa + (1 = 7)gr {Update}

19: Pl Qlia PowerIterationCompress(Gflpdawd, r)
20: end for

21: end for

22: return My,

is mathematically sound while managing memory
overhead. When a new mini-batch gradient
gl € R™™ arrives for language [, the update
proceeds in three steps:

Decompress: First, we reconstruct the full-
dimensional EMA gradient from the previous
step using its stored factors: G

ema,7—1
l l T
Pema;r—l( ema,‘r—l) .

Update: This recovered dense matrix is then up-
dated with the new mini-batch gradient using the

standard EMA formula in the full-dimensional
!

space: Gupdated = ’yGéma,Tfl + (1 - V)gg—
Re-compress: To restore memory efficiency, this
newly updated, full-dimensional gradient Gy, eq
is immediately compressed back into a low-rank
form. We use power iteration (Bathe and Wilson,
1972) to find its new rank-r factors, Pffmaﬁ and
Qlemaj, which replace the previous ones in storage.
Specifically, this process is performed for one
matrix at a time. While the gradient for the ac-
tive matrix is momentarily held in its dense form,
the EMA gradients for all other matrices remain
compressed, making the peak memory overhead
manageable. After training, the final reconstructed
gradient G' = P!, (Ql,.) " is then used for the

consensus calculation.
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3.3 Iterative Alignment with ConGrad

We integrate our CONGRAD filtering method into
an iterative self-rewarding procedure, as detailed
in Algorithm 2. The training process begins at
iteration ¢ = 1 by fine-tuning the model on all
self-generated preference data. For all subsequent
iterations (tf > 1), the ConGrad module is acti-
vated. It first computes the consensus gradient
based on the previous iteration’s training dynam-
ics and then uses it to filter the newly generated
preference dataset, ensuring that only high-quality,
low-conflict samples are used for the model update.
Model optimization is performed using DPO. To
mitigate the model’s tendency towards verbosity,
we incorporate a length penalty directly into the
loss function (Park et al., 2024). The Length-
Penalized DPO (LP-DPO) loss is defined as:

Lippro = —E(z 4.y )~D [10ga<6 Pm + @ lm)] )
3)
where p,, is the standard preference margin be-
tween the chosen and rejected responses, and [,,, =
|ye| — |yr| is the length margin. The hyperparame-
ters 5 and « balance the preference-learning objec-
tive with the conciseness objective. By minimizing
this loss, we guide the model to align with human
preferences while maintaining conciseness.

4 Experimental Setup

We evaluate our self-rewarding multilingual LLM
framework on several benchmarks and using differ-
ent gradient filtering strategies. In particular, our
experiments are designed to investigate the follow-
ing three research questions:

* RQ1: Is iterative self-rewarding effective for
multilingual LLM alignment?

* RQ2: Can our CONGRAD filtering algorithm
for preference data mitigate negative interfer-
ence in multilingual LL.M alignment?

* RQ3: How do different preference data filter-
ing methods compare in terms of their effec-
tiveness and characteristics?

Models We use widely adopted instruct version
of 11ama3-8b and gemma2-2b as seed models
for self-rewarding. Both models support multiple
languages, but the capabilities are very uneven be-
tween languages. We chose two different sizes of
models to see how the various algorithms perform
in different parameter sizes.

Implementation Details In each round, for each
prompt, we generate and score four responses and
construct preference pairs. For preference data,
we filter the top 50% for each language based
on metrics and then perform one epoch of DPO
training to ensure data quality and diversity. More
details are in Appendix B.

4.1 Datasets and Metrics

Training Dataset is based on AlpaGasus (Chen
et al., 2024a), which contains 9K high-quality En-
glish instruction following data filtered from the
52K Alpaca dataset (Taori et al., 2023). We ran-
domly sample 1K prompts from AlpaGasus and
use Google Translate to translate them into 9 lan-
guages: Italian (it), Chinese (zh), Portuguese (pt),
Korean (ko), Spanish (es), German (de), Arabic
(ar), Japanese (jp), and French (fr). For our mul-
tilingual experiments, we split the 1K prompts
equally into 10 non-overlapping partitions, i.e., 100
prompts per language. For monolingual experi-
ments, we use the full 1K prompts.

Evaluation Datasets include: (1) aya evalua-
tion suite for instruction-following (Singh et al.,
2024b). aya evaluation suite contains multilingual
open-ended conversation-style prompts to evaluate
multilingual open-ended generation quality. It is
a high-quality prompt-based benchmark that con-
tains translations and edits by human experts. (2)
Global MMLU and multilingual version of ARC
challenge for alignment tax (Singh et al., 2024a).
Global MMLU improves upon previous translated
MMLU variants by incorporating human-verified
translations and annotating subsets for cultural sen-
sitivity. This enables robust evaluation of LLMs
across both culturally agnostic and culturally sen-
sitive tasks. ARC challenge is a benchmark of
grade-school science questions that are specifically
selected to be unsolvable by simple retrieval or co-
occurrence methods, requiring advanced reasoning
and knowledge understanding from models (Clark
et al., 2018; Lai et al., 2023).

Metrics include: (1) Head-to-Head win rate on
aya evaluation suite. We utilize GPT-40 to compare
the model after self-rewarding alignment during
different iterations and the original base model, and
calculate the win rate of the model after training
over the seed model. (2) 5-shot Accuracy on Global
MMLU and multilingual version of ARC challenge.
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Method/Round ‘ Llama ‘ Gemma
‘ 1 2 3 4 5 ‘ 1 2 3 4 5

MONO ‘ 56.25 61.16 63.80 6579 66.08 ‘ 49.14 4698 43.01 39.09 38.11
MUuLT-FULL ‘ 57.57 6094 61.75 6442 66.52 ‘ 57.80 5793 57.31 5751 59.53
UAB 5757 6151 63.04 6451 66.54 | 57.80 58.73 59.63 60.61 60.85
LCL 5757 6048 6396 6576 66.67 | 57.80 59.65 60.04 60.52 62.51
RAND 5757 6156 64.06 6521 66.32 | 57.80 5627 57.98 5425 57.25
MIN-LEN 57.57 58.19 59.13 6155 63.57 | 57.80 5156 58.94 5266 54.29
MAX-LEN 57.57 6033 59.88 61.11 67.03 | 57.80 58.83 58.84 5894 59.52
MIN-REWARD 57.57 5940 57.11 5832 57.27 | 57.80 50.09 45.18 44.67 40.90
MAX-REWARD 57.57 64.66 67.23 7039 70.64 | 57.80 6149 63.73 67.72 61.82
MIN-CONGRAD | 57.57 56.14 58.03 5794 64.25|57.80 51.69 56.69 5435 56.34
MAX-CONGRAD | 57.57 6493 66.58 69.99 73.22 | 57.80 60.31 65.54 69.22 66.36

Table 1: The average win rates of self-rewarding variants on aya evaluation suite. Bold indicates the best, underline

the second-best.

4.2 Baselines

We compare our approach, CONGRAD, against
multiple baseline methods:

e Monolingual Preference Alignment
(MoNO) We perform self-rewarding using
a full 1K prompt dataset for each language.
This baseline serves as a reference point to
multilingual baselines and provides evidence
of negative interference if high-resource
languages perform worse in the multilingual
setting.

e Multilingual Preference Alignment on
Full Data (MULT-FULL) We perform self-
rewarding across 10 languages, on the full
preference dataset containing 100 prompts per
language (1K total).

* Multilingual Preference Alignment with
Filtering Data We compare our approach
against several filtering techniques for DPO
training: (i) Random filtering (RAND), where
we report average performance of 3 runs. (ii)
Length margin filtering, based on the length

gin (MIN-REWARD). (iv) Our CONGRAD
method, where we retain the top scoring sam-
ples based on the gradient similarity (MAX-
CONGRAD). We also compare with a variant
that retains the bottom-scoring samples (IMIN-
CONGRAD).

Task-Level Data Scheduling Strategies:
Uncertainty-Aware Balancing (UAB) uses un-
certainty as the metric to adjust the sampler
schedule in multilingual tasks. Based on the
work of UAB, we use the self-reward prefer-
ence margin as a proxy for model uncertainty
in each language and adjust data sampling
probabilities accordingly. Language Curricu-
lum Learning (LCL) found that in multilin-
gual tasks, when the amount of data is un-
balanced, it is a good strategy to learn High-
resource languages first and then all languages
Choi et al. (2023). Inspired by LCL, we create
a curriculum by first training on dominant lan-
guages (determined by Global MMLU scores)
and then on all languages.

gap between chosen and rejected responses. 5  Experimental Results

We explore two variants: maximum length
margin (MAX-LEN) and minimum length

5.1 Instruction Following Performance

margin (MIN-LEN). (iii) Reward margin = Iterative Self-Rewarding Improves Multilin-
filtering based on the self-reward scores for  gual Alignment As illustrated in Table 1, most
the two responses. It can be viewed as the  variants of the self-rewarding procedure yield
model’s confidence in a sample, where a large ~ a sustained increase in win rates over suc-
margin indicates high confidence. We con- cessive iterations, demonstrating that the itera-
sider two variants: maximum reward mar- tive self-rewarding strategy consistently improves
gin (MAX-REWARD) and min reward mar- instruction-following performance across different
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Method/Round Global MMLU (Seed Model: 48.67) ‘ ARC Challenge (Seed Model: 72.23)
1 2 3 4 5 ‘ 1 2 3 4 5
MUuULT-FULL 48.85 49.01 49.14 49.27 4947 ‘ 7241 7245 7251 7245 7257
RAND 48.85 49.13 49.16 49.16 4923 | 7241 7240 7252 7236 7242
MIN-LEN 48.85 50.40 50.47 50.52 50.62 | 72.41 72.82 72.84 7299 72.99
MAX-LEN 48.85 50.25 50.17 49.92 49.78 | 72.41 7278 72.85 72.81 72.79
MIN-REWARD 48.85 49.03 49.19 4940 4940 | 7241 7240 72.54 72.60 72.66
MAX-REWARD 48.85 48.72 48.63 48.57 4828 | 7241 7229 72.19 7223 72.09
MIN-CONGRAD 48.85 49.00 49.07 49.15 49.11 | 7241 7240 7249 7232 7241
MAX-CONGRAD 48.85 49.09 49.19 49.11 4890 | 7241 7237 7225 7231 72.28

Table 2: The average accuracy of self-rewarding variations built on Llama. Red numbers indicate lower performance

than the seed model. Bold indicates the best, underline the second-best.

Global MMLU (Seed Model: 38.88) ‘ ARC Challenge (Seed Model: 62.85)

Method/Round

1 2 3 4 5 |1 2 3 4 5
MULT-FULL 40.03 3978 3950 40.07 4048 | 63.65 6352 63.81 63.81 64.03
RAND 40.03 39.50 3929 39.05 39.73 | 63.65 6342 63.03 6268 63.12
MIN-LEN 40.03 3939 3931 3741 37.00 | 63.65 63.08 63.10 6193 6128
MAX-LEN 40.03 4083 4135 41.80 41.80 | 63.65 63.94 64.17 6422 64.35
MIN-REWARD  40.03 39.78 38.68 3832 3640 | 63.65 63.41 63.04 6291 61.99
MAX-REWARD ~ 40.03 40.87 41.93 41.97 4248 | 63.65 63.96 64.35 64.45 64.48
MIN-CONGRAD ~ 40.03 4029 39.54 4098 3881 | 63.65 63.56 6329 63.61 62.38]
MAX-CONGRAD 40.03 39.75 39.93 39.77 39.18 | 63.65 63.58 6358 6342 6338

Table 3:

The average accuracy of self-rewarding variations built on Gemma.

Red numbers indicate lower

performance than the seed model. Bold indicates the best, underline the second-best.

languages. In the Gemma experiments, our meth-
ods exhibited a decline in performance at the fifth
round of iteration, suggesting that the benefits of
self-rewarding may saturate or reverse due to over-
fitting.

CONGRAD Filtering Enhances Self-Rewarding
and Outperforms Other Filtering Methods
Compared to the vanilla self-rewarding algorithm
MULT-FULL, CONGRAD further improves perfor-
mance (73.22% vs 66.52% on Llama and 69.22%
vs 59.53% on Gemma). This indicates two points:
first, negative cross-lingual interference is present
during multilingual alignment; second, our filtering
method, which discards samples with low gradi-
ent similarity, can effectively mitigate this interfer-
ence. While our method outperforms other filter
methods, we also observe that MAX-REWARD is
a strong baseline, because the base models have
modest capacity, leading to noise during scoring.
The method reduces noise in preference data by
selecting samples with the highest confidence (i.e.,
MAX-REWARD). In contrast, filtering based on

length differences only yields limited gains. Fur-
thermore, task-level scheduling methods such as
UAB and LCL only show limited improvement,
which corresponds to a prevailing hypothesis that
the quality of individual samples is often more cru-
cial than the sheer quantity of data (Chen et al.,
2024a; Zhou et al., 2023).

Coexistence of Positive Transfer and Negative
Interference Across Languages Beyond nega-
tive interference, the results also indicate positive
cross-lingual transfer. For instance, in the Gemma
results, compared to the MONO, MULT-FULL sig-
nificantly boosts performance for several languages.
The average win rates on the best epoch increase
from 49.14% to 59.53%, even though the data vol-
ume is controlled to be the same between the mul-
tilingual and monolingual settings. In more de-
tailed results in Appendix E, we find that these
improvements come mainly from underperform-
ing languages such as Arabic, Korean, and Ger-
man. This suggests that alignment improvements
can largely stem from positive transfer from better-
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Method/Round ‘ Hindi Vietnamese Russian
| 1 2 3 4 5 |1 2 3 4 5 |1 2 3 4 5
Llama3-8B
MULT-FULL 54.50 5750 6125 6225 65 |59.25 62.00 6500 6500 69.25|5553 5850 63.00 64.75 6625
MAX-REWARD | 5450 66.00 6725 69.25 71.00 | 59.25 63.00 68.50 70.75 73.50 | 5553 61.70 68.00 70.25 71.25
MAX-CONGRAD | 5450 63.75 68.00 70.25 73.75|59.25 63.75 7175 7125 72.50 | 5553 61.00 67.50 69.75 71.50
Gemma2-2B
MuLT-FULL 5452 59.55 5578 5578 56.03 | 56.50 54.00 5575 5500 5825 |59.05 61.81 5829 6332 61.81
MAX-REWARD | 5452 54.52 61.56 63.07 57.54 | 56.50 60.00 62.50 63.00 66.50 | 59.05 63.32 69.85 6583 64.32
MAX-CONGRAD | 5452 5503 62.81 63.82 58.04 | 5650 62.00 64.00 71.75 6550 | 59.05 66.08 6533 69.60 67.09

Table 4: The average win rates of self-rewarding variants on unseen languages from aya evaluation suite. Bold

indicates the best, underline the second-best.

Gemma
—4— top 25%
top 50%
—4— top 75%

Llama
721 —4— top 25%
top 50%
—4— top 75%

Win Rate
Win Rate

3 3 3 3 3 3
Iteration Round Iteration Round

Figure 2: Win rate of different filter percentages.

Method avg of others Iv 1t sl sk

MuLT-FuLL 67.7 69.5 7425 7425 68.0
REWARD 69.5 7425 73.0 7425 7575
CONGRAD 73.2 76.5 755 81.0 78.75

Table 5: Win rates on underrepresented languages.

performing languages for languages with initially
low performance.

Impact of Gradient Filter Percentage The per-
centage of the filter serves as an important hyper-
parameter that controls the strength of the filter
algorithm. Ideally, the algorithm should not be too
sensitive to the filtering strength within a certain
range. In Figure 2, we report the win rate resulting
from retaining different percentages of preference
data while performing filtering. As shown, for
Llama, retaining the top 50% of the data for each
language yields the best performance but is overall
insensitive to the filter strength. For Gemma, on
the other hand, retaining 25% yields the best results
at the best iteration round. This may be because
the performance in Gemma is weaker compared to
Llama, so there is more noise in the process of re-
ward computation, and increasing the filter strength
improves the performance to some extent.

5.2 Alignment Tax

Previous work has shown that after alignment train-
ing, such as DPO or RLHF, the model may forget

some of its knowledge, which in turn leads to some
degradation of the basic capabilities, also known
as the alignment tax. Ideally, alignment algorithms
should not produce much alignment tax. To test
whether our algorithm suffers from alignment tax,
we use two datasets for testing, Global MMLU and
ARC challenge. For Global MMLU, we test the
same ten languages. For ARC challenge, we test
the other eight languages due to their lack of Ko-
rean and Japanese data. From the experimental
results of Table 2 and Table 3, we can find that
our algorithm even slightly improves the model’s
performance on both datasets without incurring an
alignment tax. This may stem from the fact that
the increase in the model’s instruction following
capability boosts its 5-shot in-context learning per-
formance.

5.3 Analysis

Performance on Unseen Languages In some ex-
treme cases, we may need to use certain languages
that are not included in the self-rewarding process.
To verify the usability of our model in such cases,
we randomly selected three other widely varying
languages, Hindi, Vietnamese and Russian, for val-
idation. According to Table 4, multilingual self-
rewarding generalizes well to unseen languages,
indicating a positive transfer between languages.
In addition, better results can still be achieved us-
ing CONGRAD, illustrating the generalizability of
our approach.

Gains in Underrepresented Languages Current
LLMs often lack capability in many underrepre-
sented languages. To test the robustness of CON-
GRAD in these settings, we added four new lan-
guages with minimal 11ama3-8Db tokenizer sup-
port (around 800+ tokens), Latvian (lv), Lithua-
nian (It), Slovenian (sl), and Slovak (sk), to the
original ten languages for alignment. The results,
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Conflict Type Example (Prompt & Responses)

Analysis of Negative Interference

Case 1: Prompt: Describe a special occasion dinner.
Cultural Diver- Chosen Response: Describes a traditional
gence Chinese family reunion with "dumplings"

(Source: Chinese)  and "grandmother’s secret recipe."”

Rejected Response: Describes a Western-
fantasy banquet with "roast beef" and "gem-

encrusted walls."

The gradient update to align with this specific Chinese
cultural preference points in a significantly different di-
rection than the cross-lingual consensus. While this is
valid data, naive joint training struggles to reconcile these
deep cultural divergences, leading to gradient conflicts
that ConGrad successfully identifies.

Case 2: Prompt: Create a funny slogan for a new ice
Linguistic  Un- cream shop.
translatability Chosen Response: Relies on English puns

(Source: English)
heart."

like "The cream of the crop" or "Melt your

Puns rely on language-specific phonology rather than
shared semantics. Gradients optimizing for English word-
play may act as noise for other languages (e.g., Chine-
se/German) where these puns do not transfer. ConGrad
flags this as "high-conflict" because it diverges from the
shared semantic alignment objective.

Table 6: Qualitative Analysis of Filtered Samples. Examples of samples identified by ConGrad as having high
negative interference (low cosine similarity with consensus gradient). ConGrad filters out samples causing cultural
misalignment or linguistic untranslatability to focus on cross-lingually sharable knowledge.

Operation Without Filtering ConGrad  Delta
Per Epoch (Based on Gemma-2-2B)

1. Data Generation 376s 376s -
2. Annotation (Judge) 170s 170s -
3. Filtering 0s 70s +70s
4. DPO Training 169s 191s +22s
Total Time (5 Epochs) ~62 min ~69 min ~1.1x

Table 7: Runtime Efficiency Analysis. Comparison of
training time between Naive Self-Rewarding and Con-
Grad. The gradient-based filtering and EMA decompres-
sion/recompression adds marginal overhead (470s/e-
poch and +22s/epoch) compared to the dominant in-
ference phases. Total overhead is approximately 1.1x,
demonstrating scalability.

summarized in Table 5, show that CONGRAD im-
proves alignment in these languages while main-
taining high performance of others. CONGRAD
consistently outperformed the baselines in all four
underrepresented languages and on the original
ten. These findings suggest CONGRAD enhances
alignment even with limited base model support,
indicating its generalization potential.

Runtime Analysis We provide a rigorous run-
time analysis in Table 7. While ConGrad intro-
duces a gradient computation step during filtering,
this phase requires no optimizer state maintenance.
With our low-rank compression, the memory usage
for storing gradients of 10 languages (Gemma-2-
2B, projection dimension=64) is only 3.3GB per
GPU. The total training time overhead is approx-
imately 1.1x compared to the naive baseline, as
the pipeline is dominated by data generation and
annotation, making the alignment tax of ConGrad
negligible in practice.

Qualitative Analysis of Filtered Samples To
provide concrete insight into the nature of “neg-

ative interference,” we qualitatively analyzed the
samples identified by ConGrad as having the lowest
gradient similarity to the cross-lingual consensus.
As illustrated in Table 6, these conflicts primarily
stem from two sources: Cultural Divergence and
Linguistic Untranslatability. For instance, in Case
1, a Chinese-specific description of a “special din-
ner” (focusing on dumplings and kinship) presents
an optimization direction that opposes the Western-
centric consensus often dominated by English data.
Similarly, in Case 2, language-specific puns act as
noise for cross-lingual alignment because they rely
on phonology rather than shared semantics. By fil-
tering these high-conflict samples, ConGrad allows
the model to prioritize cross-lingually transferable
knowledge, thereby mitigating interference.

6 Conclusion

We propose CONGRAD, a multilingual LLM align-
ment framework with conflicting gradient filter-
ing, which avoids the reliance on external anno-
tations. Our approach iteratively generates and
scores preference data and introduces a PCGrad-
based gradient filtering strategy to mitigate negative
cross-lingual interference. Extensive experiments
on LLaMA3 and Gemma2 show that our approach
significantly improves instruction following for un-
derrepresented languages, maintains performance
for mainstream languages, and generalizes to un-
seen languages. Furthermore, our analysis high-
lights the dual role of positive transfer and negative
interference in multilingual training, suggesting
that careful data selection is essential to fully un-
lock the multilingual potential of aligned LLMs.
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Limitations

While CONGRAD demonstrates strong empirical
performance in mitigating negative cross-lingual
interference, several limitations remain. First,
although sublinear gradient compression signifi-
cantly reduces memory overhead, it introduces ap-
proximation noise that may impact the accuracy of
gradient filtering. Second, our experiments are lim-
ited to typologically diverse but relatively balanced
languages; generalization to highly imbalanced or
severely low-resource language scenarios remains
an open challenge. However, this may be more
of a problem with the pre-training stage than with
the alignment stage since the LLM’s most basic
language capabilities still require the support of
pre-trained data. Lastly, extending the framework
to support dynamic filtering during training, rather
than round-level static selection, could enable finer-
grained control over training dynamics but might
also introduce additional costs.

Future work can explore hybrid filtering strate-
gies that combine gradient-based and reward-based
signals to improve sample selection. Additionally,
integrating cross-lingual alignment objectives di-
rectly into the optimization process, beyond data
filtering, may further enhance multilingual align-
ment.
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A Related Work

Multilingual Preference Optimization Recent
work has explored bridging the performance gap
between high- and low-resource languages through
multilingual preference optimization. Li et al.
(2024); Zhang et al. (2024) align internal represen-
tations and outputs using contrastive learning and
instruction tuning. Yang et al. (2025b) leverage lan-
guage imbalance as a natural preference signal for
iterative self-improvement across languages, while
Yang et al. (2025a) transfer implicit rewards from
English-aligned models to other languages without
explicit multilingual preference data. Dang et al.
(2024) show that cross-lingual transfer emerges
from multilingual preference training, with online
methods outperforming offline ones. Zhang et al.
(2024) propose a self-distillation method to im-
prove multilingual generation by utilizing strong
responses in resource-rich languages. Meanwhile,
Gureja et al. (2024) reveal significant performance
gaps in multilingual reward models, emphasizing
the need for more robust evaluation and alignment
across languages.

While our method draws inspiration from
optimization-centric approaches such as PC-
Grad (Yu et al., 2020; Wang et al., 2021) for conflict
resolution, applying PCGrad directly at the update
step is computationally prohibitive for LLMs. Stan-
dard PCGrad requires storing full gradient vectors
for each language and performing multiple back-
ward passes per iteration, causing memory usage to
scale linearly with the number of languages. Con-
Grad decouples this process: it moves conflict reso-
lution to the data selection phase (offline filtering).
This avoids the runtime memory bottleneck, mak-
ing gradient-based alignment analysis feasible for
8B+ parameter models.

Synthetic Multilingual Dataset Creation Many
studies create multilingual preference data via
translation from English instructions (Lai et al.,
2023; Shaham et al., 2024; Mondshine et al., 2025).
Okapi (Lai et al., 2023) translates English prompts
into 26 languages and ranks responses using GPT-
3.5. Shaham et al. (2024) find that adding just a
few multilingual examples improves cross-lingual
generalization. Mondshine et al. (2025) propose
selective pre-translation of prompt components, im-
proving performance across 35 languages. Other
work leverages language imbalance as a heuristic to
generate multilingual preference pairs (Yang et al.,
2025b).

Instruction and Preference Data Filtering In-
struction data filtering methods aim to identify the
most useful samples for fine-tuning. LESS (Xia
et al., 2024) selects influential instructions by es-
timating gradient similarity with few-shot targets,
while DART-Math (Tong et al., 2024) prioritizes
difficult queries during data synthesis to enhance
reasoning. Alpagasus (Chen et al., 2024b) filters
low-quality instruction-response pairs using GPT-
based scoring. Wu et al. (2024b) balance quality
and diversity via a graph-based selector. For prefer-
ence data, fDPO (Morimura et al., 2024) introduces
reward-model-based filtering during DPO training,
showing that preference data quality critically im-
pacts alignment. Overall, most prior work focuses
on instruction data, while systematic filtering of
preference data remains underexplored.

Theoretical Grounding and Connection to MTL.
Although heuristic in implementation, ConGrad
is grounded in the theory of Pareto Optimality in
Multi-Task Learning (MTL) (Sener and Koltun,
2018). In multilingual alignment, we treat each lan-
guage as an independent task. Gradient conflicts
indicate a non-Pareto stable state where improving
one language harms another. By filtering based
on a consensus gradient, ConGrad seeks a descent
direction that improves (or maintains) all task ob-
jectives, promoting cross-lingual fairness.

B Implementation Details

To optimize model performance, we conducted sys-
tematic hyperparameter tuning during training. We
tuned key hyperparameters, including the learn-
ing rate, compression dimension, and the length
penalty strength « used in DPO training. Specifi-
cally, we searched the learning rate over [2 x 1076,
1 x 1076, 5 x 10~7], while the batch size was
fixed at 16 and the compression rank was fixed
at 64 to balance GPU memory constraints and
training stability, which is similar with LoRA (Hu
et al.). When performing power iteration, we set
the number of iterations to 3 to ensure a balance be-
tween precision and efficiency. The length penalty
strength parameter was explored within [0.02, 0.01,
0.005].

For LLama, all training was performed on 4
A100 GPUs, and for Gemma, all training was per-
formed on 2 A100 GPUs. We use the openrlhf
framework (Hu et al., 2024) for DPO training and
vLLM (Kwon et al., 2023) for inference.
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C Further Analysis

C.1 Gradient Approximation Quality and
Sensitivity Analysis

Approximation Quality We first evaluated the ap-
proximation error of our gradient compression tech-
nique. For the chosen rank of » = 64, the recovered
low-rank gradients exhibited a strong directional
correlation with the original full-rank gradients,
achieving an average cosine similarity of approx-
imately 0.8. We determined that this level of di-
rectional approximation was adequate to guide the
data filtering process effectively without requiring
the full, computationally expensive gradients.

Sensitivity to Compression Ratio To investi-
gate the model’s sensitivity to the degree of com-
pression, we conducted an ablation study on the
Llama3-8B model with multiple varied ranks.
The results, summarized in Table 8, demonstrate
that the performance of CONGRAD is robust to the
choice of rank within a reasonable range (r > 8),
showing only marginal fluctuations. A significant
performance degradation was observed only when
the compression became highly aggressive (r = 4).
We attribute this robustness to our data selection
mechanism, which filters the top 50% of data based
on gradient scores. This approach is likely resilient
to minor inaccuracies in gradient approximation, as
the relative ranking of the most beneficial samples
is largely preserved even with compressed gradi-
ents.

Table 8: Performance sensitivity of CONGRAD on
Llama3-8B with varying compression ranks (7).

Rank (r) Average Win Rate (%)

64 73.2
32 72.6
16 72.3
8 71.9
4 67.5

D Self-rewarding Iterative DPO Prompts

Review the user’s question
and the corresponding
response using the
*xadditive 5-point scoring
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systemx* described below.
Points are accumulated based
on the satisfaction of each
criterion:

— Add 1 point (total Score:
1) if the response 1is
relevant and provides some
information related to the
user’s inquiry, even if it
is incomplete or contains
some irrelevant content.

— Add another point (total
Score: 2) if the response
addresses a substantial
portion of the user’s
question, but does not
completely resolve the query
or provide a direct answer.
— Add another point (total
Score: 3) if the response
answers the basic elements
of the user’s question in

a useful way, regardless

of whether it seems to

have been written by an

AT Assistant or if it has
elements typically found in
blogs or search results.

— Add another point (total
Score: 4) if the response
is clearly written from an
AT Assistant’s perspective,
addressing the user’s
question directly and
comprehensively, and is
well-organized and helpful,
even if there is slight room
for improvement in clarity,
conciseness or focus.

— Add another point (total
Score: 5) for a response
that is impeccably tailored
to the user’s question by
an AI Assistant, without
extraneous information,
reflecting expert knowledge,
and demonstrating a
high—-quality, engaging, and
insightful answer.

User: O



<response>1</response>
Remember to assess from the
AT Assistant perspective.
To evaluate the response in
alignment with this additive
scoring model, we’ll
systematically attribute
points based on the outlined
criteria.

After examining the user’s
instruction and the
response:

— Briefly analyse the
response in xEnglishx, =xup
to 100 words=*, which is a
*strict limit*, from the AI
Assistant perspective.

— %% Conclude with the score
of the response xstrictly
using English* and the
format: “Score: <total
points>" %

— The score should be an
*xinteger from 0 to 5%x

E Addition Results
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it zh pt en ko es de ar ja fr ‘ avg

MoNO 52.50 71.20 59.20 55.75 76.00 60.64 64.00 71.26 76.50 73.76 ‘ 66.08
MULT-FULL 61.75 64.60 66.00 5456 7500 67.82 63.00 6398 74.00 74.50 ‘ 66.52
UAB 62.50 7129 64.40 53.00 72775 70.00 60.75 59.00 74.75 77.00 | 66.54
LCL 67.00 72.09 6340 54.00 7725 67.75 6250 59.00 76.25 77.50 | 67.67
RAND 63.50 70.88 63.20 5337 74775 66.83 6225 59.72 7275 7599 | 66.32
MIN-LEN 58.00 69.00 6540 53.17 7050 58.17 5875 64.17 71.00 67.57 | 63.57
MAX-LEN 63.25 6586 6420 53.17 7550 66.83 63.00 6949 77.00 72.03 | 67.03

MIN-REWARD 5575 59.44 5620 45.63 60.00 58.25 5875 5591 59.25 63.61 | 57.27
MAX-REWARD 69.75 7691 7040 58.93 7825 71.50 66.25 59.45 76.50 78.47 | 70.64

MIN-CONGRAD  69.00 6526 62.80 60.12 65.00 6131 6350 61.00 67.00 67.50 | 64.25
MAX-CONGRAD 71.00 74.50 7540 57.14 8225 7275 7150 65.16 82.00 80.50 | 73.22

Table 9: The win rate of self-rewarding variations of LLama3-8B evaluated on aya evaluation suite for each language
in the final round. The best results are highlighted in bold, and the second-best results are highlighted in underline.

it zh pt en ko es de ar ja fr ‘ avg
MoNo 43.50 62.65 49.60 5540 4525 5025 46.50 31.22 46.75 60.30 ‘ 49.14
MULT-FULL 61.00 62.45 59.00 5840 70.00 51.25 56.75 56.85 60.50 59.05 ‘ 59.53
UAB 67.50 59.84 5840 59.60 70.00 51.75 56.50 59.40 65.00 60.50 | 60.85
LCL 68.50 6224 60.80 57.60 74.00 55.25 59.00 61.20 65.75 60.75 | 62.51
RAND 5825 6345 5820 5540 63.00 5427 5625 60.00 5425 56.75 | 57.98
MIN-LEN 51.01 5729 5320 5278 61.75 4250 45.00 58.10 51.75 4225 | 51.56
MAX-LEN 61.75 63.45 5840 5873 6325 51.76 59.50 60.84 59.25 58.25 | 59.52

MIN-REWARD 50.00 50.00 46.80 47.40 55.00 44.72 5275 59.64 47.50 49.75 | 50.09
MAX-REWARD 70.75 69.68 63.80 61.51 7225 69.60 64.75 67.07 69.25 68.59 | 67.72

MIN-CONGRAD  63.25 57.03 54.00 5238 63.00 49.75 56.00 56.20 52.75 59.05 | 56.34
MaX-CONGRAD 68.00 72.29 6640 63.49 76.25 69.50 66.25 65.35 76.00 68.75 | 69.22

Table 10: The win rate of self-rewarding variations of Gemma2-2B evaluated on aya evaluation suite for each
language in the fourth round. The best results are highlighted in bold, and the second-best results are highlighted in
underline.
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