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Motivation

KU

A recent trend: Preference tuning LLMs without human annotations

(e.q., )

Choosing model size as a heuristic ( )

Generate K responses -> score with reward model -> train on resulting
contrasting preferences

Why?

Cheap and scalable; no need for annotations, only small overhead in pre-
processing pipeline

Further SFT has shown to cause catastrophic forgetting ( )

In this work: Preference tuning != alignment



Quick Background

Pointwise

Bradley-Terry (
) training is where we train a

reward model (RM) on preference pairs

Oy Minim

ikelihood

izing the negative log-

between chosen and rejected

responses, scoring each response

independ

ently and applying the logistic

oss on their score difference. Outputs a

scalar value for any given text.

DPO ( ) skips training a
separate reward model and directly
optimizes the policy on preterence pairs
oy minimizing logistic loss, which uses the
og-ratio between the trained ana
reference policy as an implicit reward,
collapsing reward modeling and RL into a

single supervised loss. Updates weights in
an LLM.




Previous Work (Xiao et al., 2025; ACL 2025)

"Give me a
' : playlist of..."
Reward Distribution =
Rejected Chosen T
Self-distilled ‘l'
‘l'< Preference Pairs > DPO

'/

“Sorry, | can't...” “Of course! ...




How do Outputs at Different Quartiles look like?
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How do Outputs at Different Quartiles look like?

<
o
]

U - 20
Reward
-12.744

Prompt:

P Watch this video my experience with Meta's Lobe
How to make a , , S ,
. . adi (continue to the highlighted section later) If
video viral on

- cobook? you're a basketball fan, this one is for you.



How do Outputs at Different Quartiles look like?

S
O,
]
M -0
Reward
-7.375
Prompt. Creating a viral video on **Facebook Reels** is all about understanding what
resonates with the vast and diverse Facebook user base. Here's a step by-step plan to
|—| ow to ma ke 3 help you maximize visibility and reach: --- ### **1. Define Your Video's Essence** - **
. . materialism**: Maintain authenticity and relate to your core audience (age group,

Vi d e Vi ra‘ on interests). - **Unik sintaxis**: Focus on humor, , , or surprise (e.g., "unexpected science

A facts," laugh-outloud moments). - **Echo chamber**: Switch paradigms think agil,
Fa ceE bOO k g energetic, or inappropriate for the algorithm s preferences. --- ### **2. Craft a...



How do Outputs at Different Quartiles look like?

L@
f?%-
-\

U+ o
Reward
6.519

PrOmpt.‘ Creating a viral video on Facebook Reels requires a blend of creativity, timing, and
H |( strategy. Here s how to maximize your chances: ### **1. Match the Trends & formats**
OW 10 make a - **Use trending sounds** (NewPipe or TikTok trends) to tap into what s currently
. . popular. - **Experiment with formats**: Short (15-30 seconds), mini cooking tutorials,
Vi d €O Vi ra‘ on reactions, challenges, or DIYs tick these boxes. - **Patterns**: Imitate viral TikToks/
Facebook? social experiments (e.g., World's Best Distraction style)...



How do Outputs at Different Quartiles look like?

S
O,
]
max
Reward
13.027
PrOmpt.‘ Creating Creating a viral video for Facebook Reels can be challenging as it's a

competitive platform, but here are some steps you can take to increase your chances
H Ow 10 Ma ke d of success: 1. **Identity Trends**: Stay updated with the latest trends and challenges

. . on Facebook Reels. Join the trend with a creative twist. Use trending audio, challenges,
VldeO Vi ra‘ on sounds, and effects to increase visibility. 2. *Engaging Content**: Your video should

Face bOO k? be engaging and worth sharing... 0



Hypothesis

"Contrastiveness” between samples seems to be important.
We hypothesize that this would transter cross-lingually (i.e., language-agnostic);

As long as a reward model can rank on-policy responses in a target language
consistently.

Two predictions:

(1) Reward gap matters and not absolute quality. DPO on self-generated
oreference pairs from (translated) data should outperform SFT on the same
translated data.

(2) Only on-policy should work, as the contrastive signal is informative only
when the paired responses come from the model’s own distribution.
11



Our Method

Multilingual

"Give me a
' : playlist of..."
Reward Distributions =————————
Rejected Chosen T
Self-distilled ‘l'
‘l'< Preference Pairs > DPO
“Sorry, | can't...” "Of course! ..."
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Our Method

Multilingual

"Giv mig en
playliste med..."
Self-distilled ‘l' T
‘l'< Preference Pairs > DPO

“Rigtigt, jeg kan
desveerre...”

“Selviglgelig...”




Our Method

Multilingual

"Giv mig en
playliste med..."
Self-distilled ‘l' T
‘l'< Preference Pairs > DPO

“Sorry, | can't...” “Selvfglgelig..."




Our Method

Multilingual

Self-distilled
Preference Pairs

15



Preparing Training Data

We are looking for “parallel” data to keep confounders out

Dolci-SFT ( ) ; stratitied 20,000 samples

Translate with TranslateGemma-27B ( ) to 6 mid-to-high
resource languages (no low-resource yet in these set of experiments&s)

ltalian, Spanish, French, German, Dutch, Danish

Generate 64 responses per prompt per model (based on )

~10 hours to generate 20,000 * 64 responses on a single node with 8 MI250X
GPUs

Score these responses with Skywork-Reward-V2 ( ) : based on

Qwen3
16



Data Distribution of Dolci-SFT-20K

Domains and Length

Distribution of Domains
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Models

KU

EuroLLM-9B-Instruct-2512 ( )
Pre-trained on a mixture of 4T tokens (35 languages)

Web data; Parallel Data; Code / Math Data / Synthetic Math Data;
"HQ Data” (Books, ArXiV, Medical)

Post-trained (only SFT) on 10.6M multilingual instruction tuning data

Tiny Aya Global (3.4B) ( )

Trained on 70 languages; already post-trained (mainly SFT) with a
"lightweight” alignment stage

We apply further SFT and DPO to these models

18



Models

KU

EuroLLM-9B-Instruct-2512 ( )
Pre-trained on a mixture of 4T tokens (35 languages)

Web data; Parallel Data; Code / Math Data / Synthetic Math Data;
"HQ Data” (Books, ArXiV, Medical)

Post-trained (only SFT) on 10.6M multilingual instruction tuning data

Tiny Aya Global (3.4B) ( )

Trained on 70 languages; already post-trained (mainly SFT) with a
"lightweight” alignment stage

We apply further SFT and DPO to these models
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Evaluation

EuroEval (Smart, 2025)

“valuated on 7 languages / 3 languages "OOD" (i.e., not in our post-training data)

English (en), German (de), French (fr), Dutch (nl), Danish (da), Spanish (es), Italian

(it)
Norwegian (no-nb), Portuguese (pt-po), Swedish (sv)

A total of 44 language-specitic evaluation sets of mainly knowledge-based MCQ-

style tasks; NLU; NLI, linguistic acceptability; measured via accuracy/
m-ArenaHard 2.0 (Khairi et al., 2025)
Coding, Math, Creative Writing in 23 languages

-

Taking 6 languages (eng, deu, fra, nld, dan, spa, ita); Danish not available

Measured via length controlled win-rate via LLM-as-a-Judge

20



Reward Distribution on Translated Data (EuroLLM-9B-Instruct-2512) PKU

“As long as a reward model can rank on-policy responses in a target language consistently.”

DANISH n=6400, ©1=5.39, 6=5.67

DUTCH n=6400, u=5.51, 6=5.68

ENGLISH n=6400, p1=6.17, 6=6.60

FRENCH n=6400, u=6.09, 6=5.95

—— Empirical KDE
----- Gaussian fit
----- Grand mean (x=5.91)
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Baselines

What do we evaluate against?

22



Setup (1) — Baseline: In-lang / All languages

SFT on translated data

23



Setup (2) — Baseline: Max-R (absolute quality)

SFT on Chosen only

=

"Of course! ...

'/

“Give me a
playlist of...”

I

SFT

24




Setup (3) — Our method: Paired (reward gap)

DPO on contrastive setup

"Give me a

|

‘l' € -nnn Self-distilled >‘l' SPO

Preference Pairs
“Rigtigt, jeg kan

desvaerre...”

'/

"Of course! ...

playlist of...”

25



Setup (3.1) — Distribution chosen vs. rejected

Distribution of chosen languages vs rejected languages

Chosen

8000 7

6000 ..................................................................................................................................................................................................................
=
3 71070 10 T o
O

2136
2000 -t B 1653 1653 1636
0

en fr it es 1] de da
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Results
(EuroLLM-9B)

27



A vs. Baseline

Results: Mono- and Multilingual Post-training

Paired (DPO)

da(7) de(4) en(5) es(4) fr(5) it(4) nl(4) da(7) de(4) en(5) es(4)

fr (5)

Paired (DPO)

it (4)

nl (4)

28



Results (3): m-ArenaHard 2.0

DPO (9B) vs. Base (9B)

DPO (9B) vs. Gemma3-12B

S50 53 o6 59

Length-controlled Win Rate
(Qwen3-30B-A3B as a Judge)

62

11 22 33

Length-controlled Win Rate
(Qwen3-30B-A3B as a Judge)

44

29



Results (3.1): m-ArenaHard 2.0 (by subcategories)

Math Coding Coding

0 18 35 53 70 O 20 40 60 80 O 20 40 60 80

Length-controlled Win Rate Length-controlled Win Rate Length-controlled Win Rate

DPO (9B) vs. Base (9B) Base (9B) vs. Gemma3 (12B) DPO (9B) vs. Gemma3 (12B) 30



m-ArenaHard 2.0: What is Creative Writing?

Two example prompts:

"You are an experienced novelist crafting a novel based on the
Teutonic Knights, starting with planning the main conflict of the

story, the culture, society, humanities, geography, the situation with
the neighboring countries, the army structure, etc.”

"Write me a treak folk song about love corresponded by encryption

and ocassional real visits with the highest amount of internal rhyme
and poetic devices possible.”

31



Ablations

(EuroLLM-9B)

32



A vs. Baseline

Ablation (1): Was Translating Necessary?

Paired Setup: Training on English only or Target Language

0
-1 . . English ...................................................................................................................
Target Lang. 1.3
-2
da (7) de (4) es (4) fr (5) it (4)

33



Ablation (2): Which Language should the Prompt be in?

L “Give me a
> - —— playlist of..."
L Reward Distributions =——————
Rejected Chosen T

l | oPO

“Rigtigt, jeg kan
desveerre..."

'/

"Of course! ...

34




Ablation (2): Which Language should the Prompt be in?

"Give me a

= Reward Distributions =———————— pIaYIISt of...
Rejected Chosen T

l l oPO

"Of coursel! ..." |
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Ablation (2): Which Language should the Prompt be in?

"Give me a

— Reward Distributions =————————— pIaYIISt of...
Rejected Chosen T

l l oPO

"Of coursel! ..." |
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Ablation (2): Which Language should the Prompt be in?

"Give me a

= Reward Distributions =————————— pIaYIISt of...
Rejected Chosen T

l l oPO

"Of coursel! ..." |
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Ablation (2): Which Language should the Prompt be in?

"Give me a
playlist of...”

|

DPO

“Rigtigt, jeg kan “Of course! ..."
desveerre...”

38



A vs. Baseline

Ablation (2): Which Language Should the Prompt be in?

Chosen

39



A vs. Baseline

Ablation (3): “Out-of-Distribution” Performance

Language is not in our post-training data

All lang




Ablation (4): Effect of Off-policy Data

: Reward Distributions
Rejected Chosen

! !

“Rigtigt, jeg kan
desveerre..."

"Of course! ...

'/

“Give me a
playlist of...”

|

DPO




Ablation (4): Effect of Off-policy Data

: Reward Distributions
Rejected Chosen

! !

“Rigtigt, jeg kan
desveerre..."

"Of course! ...

'/

“Give me a
playlist of...”

)
DPO




A vs. Baseline

Ablation (4.1; Monolingual): Off-policy Data (Tiny Aya Global 3B)

In-lang




A vs. Baseline

Ablation (4.2; Multilingual): Off-policy Data (tiny-aya-global 3.4B)

Paired
3 ]
0,5 0
0 —— —
_O,4 -O,3 -0,1 -0,7
_3 .........................................................................................................................................................................................................................................................................
S 000000000000
_9 .........................................................................................................................................................................................................................................................................
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Takeaways




Takeaways

Contrastive selt-distillation transfers across languages

Helps against catastrophic forgetting with (modest) improvements
across EuroEval and m-ArenaHard 2.0

The reward gap is important (paired) echoing previous work, not
absolute quality (max reward).

Oft-policy data underperforms in this setup.
Use reward scoring by off-the-shelf models more!

e.g., EuroLLM uses reward scores as a filter for instruction tuning data

46



Open Questions

To what extent would this work in low-resource scenarios?

Two assumptions; RM needs to score well and LLM needs some capabilities in target
language.

(Currently running Irish, Galician, Maltese, and Welsh)

Are we using translated data in the right way?

Translated data does not break the model in this DPO-style scenario

How can we make it an online version that works?

GRPO-style

47
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