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Which LLMs work better for non-English languages?

Text Arena @ Non-English

View overall rankings across various Al models in text-to-text tasks across math, coding, creative writing, and other open-ended domains.

(S Jun 4,2026 3,199,084 votes

https://arena.ai/

Arena Score

Pareto Frontier
Model performance at each price point
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LLMs perform better in English than in other languages*

Accuracy (1) on mGSM-Rev2 dataset ipeter et al, 2025]

System en bn de es fr ja ru SW te th zh

Gemini 2.5 Pro 99.6] 98.8 100.0 99.6 98.8 100.0 99.6 99.2 99.2 100.0 99.6
Gemini 2.5 Flash | 99.6] 97.2 99.6 99.6 98.8 984 99.6 98.0 984 97.6 98.8
Gemma3 27B 100.00 91.2 97.2 972 98.0 93.2 968 91.6 936 952 952

<

Gemma3 12B 97.2] 8.6 93.6 948 932 876 944 852 904 89.6 89.6
GPT5 99.6] 99.2 99.6 98.8 984 100.0 99.6 984 99.6 98.8 100.0
GPTS5 Nano 97.6] 93.2 972 988 96.0 956 96.8 93.2 90.0 92.0 984

GPT OSS 20B 99.6| 948 988 984 97.6 952 98.8 BN 98.0 956 99.2

Claude Sonnet4.5| 99.6] 99.2 99.6 99.2 100.0 99.2 100.0 98.4 984 98.0 99.2
Claude Haiku 4.5 | 99.6] 98.8 98.8 984 988 99.2 99.2 96.8 988 97.6 984

DeepSeek R1 99.2] 956 98.0 98.0 984 98.0 98.8 964 944 98.0 984
DeepSeek V3 100.0f 96.4 99.6 99.2 988 97.6 98.0 952 944 98.0 99.6

4 ¥ B

a revised version of Multilingual Grade School Math (MGSM) [shi et al,, 2022] benchmark w/ 250 math problems
translated from English GSM8K [cobbe et al,, 2021] into 10 languages

Jan-Thorsten Peter, David Vilar, Tobias Domhan, Dan Malkin, Markus Freitag.
Multilingual & Multicultural LLMs | Wei Xu | 2026 "Mind the Gap... or Not? How Translation Errors and Evaluation Details Skew Multilingual Results" (arXiv 2025)



MGSM-Rev2: Multilingual Grade-school Math

125 tokens / 80 words / 339 chars

Artie has a flower stand at the Farmers Market. He
sells three kinds of flowers: marigolds, petunias and MGSM-ReV2 [peter et al., 2025]
begonias. He usually sells marigolds for $2.74 per
pot, petunias for $1.87 per pot and begonias for

Language Code Alphabet Resources

_ English en Latin High
$2.12 per pot. Artie has no change today, so he has .
. . . Bengali bn Bangla Low
decided to round all his prices to the nearest dollar. German de Latin High
If Artie sells 12 pots of marigolds, 9 pots of petunias Spanish es Latin High
and 17 pots of begonias, how much will he make ? French fr Latin High
Japanese ja Kanji + Kana Medium
Russian ru Cyrillic Medium
Swabhili SW Latin Low
Telugu te Brahmic Low
Thai th Thai Low
Chinese zh Chinese High

a revised MGSM |[shi et al,, 2022] benchmark w/
250 grade-school math problems translated from
English GSM8K [Cobbe et al., 2021] into 10 languages

Jan-Thorsten Peter, David Vilar, Tobias Domhan, Dan Malkin, Markus Freitag.
Multilingual & Multicultural LLMs | Wei Xu | 2026 "Mind the Gap... or Not? How Translation Errors and Evaluation Details Skew Multilingual Results" (arXiv 2025)



MGSM-Rev2: Multilingual Grade-school Math

125 tokens / 80 words / 339 chars

Artie has a flower stand at the Farmers Market. He
sells three kinds of flowers: marigolds, petunias and MGSM-ReV2 [peter et al., 2025]
begonias. He usually sells marigolds for $2.74 per
pot, petunias for $1.87 per pot and begonias for

Language Code Alphabet Resources

_ English en Latin High
$2.12 per pot. Artie has no change today, so he has .
. . . Bengali bn Bangla Low
decided to round all his prices to the nearest dollar. German  de Latin High
If Artie sells 12 pots of marigolds, 9 pots of petunias Spanish es Latin High
: : ) French fr Latin High
and 17 pots of begonias, how much will he make ~ Japancse ja Kanji + Kana Maedium
Russi Cyrilli Medi
288 tokens / 69 words / 464 chars Sl sw Tatn Low
288 Bty AI°T) £ DG DD ok 0B, 9B DA S Telugu te Brahmic Low
GSPSD DD 90) TBPEL: LIODRPL, DETPIAIICR gll'f“ ﬂ;l gllal II-JIO“II’I
200050 Bk, 9 ... e f e £

a revised MGSM |[shi et al,, 2022] benchmark w/
128Etoke|l1;7sJ/58 words_H/_ 1?7“:_[‘3"5 . 250 grade-school math problems translated from
TRERATIHE — M EFPEAL, thE=MTE. 5% English GSMB8K [Cobbe et al.,, 2021] into 10 languages

. REFTENMUBE. ...

Jan-Thorsten Peter, David Vilar, Tobias Domhan, Dan Malkin, Markus Freitag.
Multilingual & Multicultural LLMs | Wei Xu | 2026 "Mind the Gap... or Not? How Translation Errors and Evaluation Details Skew Multilingual Results" (arXiv 2025)



LLMs perform better in English than in other languages*

DeepSeekMath - GRPO [Shao et al., 2024]

@' deepseelk

DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models

By training models using RL with verifiable g S B s

1DeepSeek-Al, *Tsinghua University, *Peking University

rewards, LLMs learn to do surprisingly effective R
reasoning, e.g., for Math.

Mathematical reasoning poses a significant challenge for language models due to its complex
and structured nature. In this paper, we introduce DeepSeekMath 7B, which continues pre-
training DeepSeek-Coder-Base-v1.5 7B with 120B math-related tokens sourced from Common
Crawl, together with natural language and code data. DeepSeekMath 7B has achieved an
impressive score of 51.7% on the competition-level MATH benchmark without relying on
external toolkits and voting techniques, approaching the performance level of Gemini-Ultra
and GPT-4. Self-consistency over 64 samples from DeepSeekMath 7B achieves 60.9% on MATH.
The mathematical reasoning capability of DeepSeekMath is attributed to two key factors: First,
we harness the significant potential of publicly available web data through a meticulously
engineered data selection pipeline. Second, we introduce Group Relative Policy Optimization
(GRPO), a variant of Proximal Policy Optimization (PPO), that enh '+ ical i
abilities while concurrently optimizing the memory usage of PPO.

But, this often works best in English.

Gemini-Ultra,

arXiv:2402.03300v3 [cs.CL] 27 Apr 2024
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Figure 1 | Top1 accuracy of open-source models on the competition-level MATH benchmark

2021) without the use of external toolkits and voting techniques.

* Core contributors.
T Work done during internship at DeepSeek-AlL

Multilingual & Multicultural LLMs | Wei Xu | 2026



But, how well do LLMs understand different cultures?

[ Common Sense ]

[ Literacy ]

[ Social Norms ]

[ Opinions ]

| Cultural Entities |

A E, BERLERKEREEZEBEZEXFIRETE, TR EBMEH ?

[In China, does the showtime on the ticket mean the movie starts then, or are there trailers first?]

oadl i M dlaian lada " iz la

[What does “his face doesn’t smile to hot bread” mean?]

EAOBREE BYLT ST T 2 " ~_ Bl Red envelope is a typical

[Is it okay to put ¥40 in a red envelope?] gift in China that contains cash

TA)ADFERICH N> TEEALZEIE?

[What surprises you when visiting a hospital in the U.S.7]

SRINELERMHL? 3490 culture-specific Questions
[What is Mexico’s national flower?] X 10 Answers W|th human ratings
Chinese/Japanese/Arabic

Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



¥® CARE: Cultural Alignment from Human Preferences

A: The pronunciations of words “4" and "death" are
similar in Chinese, so ¥40 is inappropriate as gift.

Q: Is it okay to put ¥40
in a red envelope ?
/

<

Bl Red envelope is a typical
gift in China that contains cash

o S : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



¥® CARE: Cultural Alignment from Human Preferences

A: The pronunciations of words “4" and "death" are
similar in Chinese, so ¥40 is inappropriate as gift.

N\

It's not necessarily bad. Money is just hard currency

and has nothing to do with the red ... N |

([ Giving ¥40 isn't inherently bad, but it depends on the )

Q: Is it okay to put ¥40 Policy Models . context, the recipient, and cultural ... M
in a red envelope ? (multiple LLMs) [ ¥40 may be seen as unlucky due to the “4” and may

/

be too small; adjust based on occasion ... {3}
\ g/

\

It depends on your relationship. In important

_ _ settings, it may appear insufficient. %
Red envelope is a typical > 4
gift in China that contains cash ¥40 is considered unlucky because the number “4"
| sounds like “death.” It is better to .. @)

e . : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



¥® CARE: Cultural Alignment from Human Preferences

'SR
A: The pronunciations of words “4" and "death" are 10
similar in Chinese, so ¥40 is inappropriate as gift.
. L. A )
It's not necessarily bad. Money is just hard currency 1
and has nothing to do with the red ... N |
([ Giving ¥40 isn't inherently bad, but it depends on the ) 5
Q: Is it okay to put ¥40 Policy Models |/ \_S0ntext the recipient, and cultural .. M) & -
ina rsd envelope ? (multiple LLMs) [ ¥40 may be seen as unlucky due to the “4” and may .
. be too small; adjust based on occasion ... Q;s_) rated by humans
It depends on your relationship. In important 1 on 1-10 scale (T) A
_ _ settings, it may appear insufficient. %
Red envelope is a typical > 4 —
gift in China that contains cash ¥40 is considered unlucky because the number “4" 5
| sounds like “death.” It is better to .. @ )

e i : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



¥® CARE: Cultural Alignment from Human Preferences

meaning ... these collected outputs will not change during training
(i.e., offline reinforcement learning)

A: The pronunciations of words “4" and "death" are 10
similar in Chinese, so ¥40 is inappropriate as gift.
These models are “frozen” _ p—
It's not necessarily bad. Money is just hard currency 1
and has nothing to do with the red ... N |
([ Giving ¥40 isn't inherently bad, but it depends on the ) 5
Q: Is it okay to put ¥40 Policy Models |/ \_S0ntext the recipient, and cultural .. M) & -
ina rsd envelope ? (multiple LLMs) [ ¥40 may be seen as unlucky due to the “4” and may .
. be too small; adjust based on occasion ... Q;s_) rated by humans
It depends on your relationship. In important 1 on 1-10 scale (T) A
_ _ settings, it may appear insufficient. %
Red envelope is a typical > 4 —
gift in China that contains cash ¥40 is considered unlucky because the number “4" 5
| sounds like “death.” It is better to .. @ )

e i : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



¥® CARE: Cultural Alignment from Human Preferences

Yi
g Giving ¥40 isn't inherently bad, but it depends on the A

Q: Is it okay to put ¥40 Policy Models _context, the recipient, and cultural .. L % .
in a red envelope 7 (multiple LLMs) [ ¥40 may be seen as unlucky due to the “4” and may |

be too small; adjust based on occasion ... 3
\. z_J

i

rated by humans
Yw on 1-10 scale (1)

Multilingual & Multicultural LLMs | Wei Xu | 2026 o




¥® CARE: Cultural Alignment from Human Preferences

i

Q: Is it okay to put ¥40
in a red envelope ?

Policy Models
(multiple LLMSs)

Yi

g Giving ¥40 isn't inherently bad, but it depends on the A
_ context, the recipient, and cultural ...

Yy

[ ¥40 may be seen as unlucky due to the “4” and may
. be too small; adjust based on occasion ...

Yw

Direct Preference Optimization [rafailov et al, 2022]

T
Lopro (o5 Tret) = —E(z. 0 u1)~D [loga (5 log —2

(Yyw [ 2)
Tret (Yw | T) Al

Multilingual & Multicultural LLMs | Wei Xu | 2026
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rated by humans
on 1-10 scale (1)

o8 77r:f((yyll || a;)) )}




¥® CARE: Cultural Alignment from Human Preferences

Kahneman-Tversky Optimization (etayarajh et al, 2024]

LxTO = —Aw 0(5 [ log mo(yuw | ) — log Tref (Yuw | )] — Zref)

+ A¢ G(Zref — B|log mg(ye | =) — log mres(ye | 93)])

Simple Preference Optimization ivengetal, 2024]

Lsimpo = —log "(l?f%l log 7o (yw | ©) — 25 log me(ye | z) — 7)

Direct Preference Optimization [rafailov et al, 2022]

Blog MW [2) g, molyr|2) )]

L o Tref) = —E (4 ~p |logo
ppO (710 Tret) (#,Yw,y1)~D [ & ( Tret (Yw | T) Tret (Y1 | )

Multilingual & Multicultural LLMs | Wei Xu | 2026



¥® CARE: Cultural Alignment from Human Preferences

Gemma2-9B-it

Kahneman-Tversky Optimization (etayarajh et al, 2024]

> s
_.‘_ . LKTO = —Aw 0(5[10g 70(Yw | ) — 10g Tref (Yu | x)] - zref)
6 . R 029 + Ny O'(Zref — B[log mo(ye | ©) — log e (Yo | x)])
i Simple Preference Optimization ivengetal, 2024]
Araty, Ching,, i, Lsimpo = — log a(hf%d log mo(yw | ) — o7 logma(ye | ) — ’Y)
B Vanilla Il DPO (w/ CARE)

" KTO (w/ CARE)

Direct Preference Optimization [rafailov et al, 2022]

7o (Yw | T) mo(y1 | )
L s Tlref) = —IE & ~ 1 1 — Bl
pPO (70 Tref) (@Y 90) ~D [Oga (ﬁ 8 et (Y | ) Plog Teet (Y1 | @)

B SimPO (w/ CARE)

Multilingual & Multicultural LLMs | Wei Xu | 2026



¥® CARE: Cultural Alignment from Human Preferences

& | /4 . —eQwen-14B
rsf . . —¢ Qwen-78 Consistent improvement
701 (DPO/SImPO/KTO)

s /QWG"'sB across models w/ ~1000 Qs x 10 answers
6.0 rated by humans per langage

Qwen-1.5B
5.51
co. w///

0 25 50 75 100
W9 Datasize (%)

v . : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@®CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



How well do LLMs understand different cultures?

Testing Language

© English @ Chinese @ Arabic O Japanese
Chinese Culture Arab Culture Japanese Culture
GPT-40 Qwen GPT-40 Qwen GPT-40 Qwen
Entities{ © © 10 (o) . © y @ 1 o O 1 OO0
Opinion - o o y o o y Qo 1 Q 1 @ 1 Qo
Norms 1 oo i © o 1 oo . o - (o] . @
Common Sense - o0 i 00 1 (e0] . (o] - © . @
Literacy{ © © 10 © 10 ) 10 © - Qo O 1 ©O
6 7 8 910 6 7 8 910 2 4 6 810 2 4 & 8 10 4 6 8 10 4 6 8 10
Score Score Score Score Score Score

Asking LLMs about Chinese culture in Chinese yields substantially better results than asking
in English, while the language gap is much smaller for Arabic and Japanese cultures.

v . : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



How well do LLMs understand different cultures?

Testing Language

© English @ Chinese @ Arabic O Japanese
( Chinese Culture \ Arab Culture Japanese Culture
GPT-40 Qwen GPT-40 Qwen GPT-40 Qwen
Entities{ © © 10 © © ® o © {1 ©0
Opinion - o o o o Qo Q @ Qo
Norms 1 oo o o (o 3o} @ © @
Common Sense - (o o 0 00 ®© © @
Literacy{ © © o O (o) o) 10 ©@ o O Qo
6 7 8 910 6 7 8 910 2 4 6 810 2 4 6 8 10 4 6 8 10 4 6 8 10
\_ Score Score Score Score Score Score

Asking LLMs about Chinese culture in Chinese yields substantially better results than asking
in English, while the language gap is much smaller for Arabic and Japanese cultures.

Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



How well do LLMs understand different cultures?

Testing Language

© English @ Chinese @ Arabic O Japanese
Chinese Culture Arab Culture Japanese Culture
GPT-40 Qwen GPT-40 Qwen GPT-40 Qwen
Entities{ © © 10 (o) . © y @ 1 o O 1 OO0
Opinion - o o y o o y Qo 1 Q 1 @ 1 (00)
Norms 1 o0 i © o 1 oo . (0 0] - (o] . @
Common Sense - o0 i 00 1 (e0] E ® - © . @
Literacy{ © @ 10 @ 10 ) 10 © 1 o O 1 @
6 7 8 910 6 7 8 910 2 4 6 8 10 2 4 6 8 10 4 6 8 10 4 6 8 10
Score Score Score Score Score Score

Asking in native language also has the biggest advantage for Literacy related questions

v . : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



How well do LLMs understand different cultures?

Testing Language

© English @ Chinese @ Arabic O Japanese
Chinese Culture Arab Culture Japanese Culture
GPT-40 Qwen GPT-40 Qwen GPT-40 Qwen
Entities{ © © {0 © 4 © - @ L 0o 0 { ©0
Opinion - o o y o o y Qo 1 Q 1 @ - Qo
Norms 1 oo i © o 1 oo . (e o] - (o] . @
Common Sense - o0 i 00 1 (e’e) . (o] - © . @
Literacy{ © © 10 O 10 o) 10 ©@ 1 o O 1 ©0
6 7 8 910 6 7 8 910 2 4 6 810 2 4 6 8 10 4 6 8 10 4 6 8 10
Score Score Score Score Score Score

Asking in native language also has the biggest advantage for Literacy related questions,
but the least advantage for cultural Common Sense & Opinions.

v . : Geyang Guo, Tarek Naous, Hiromi Wakaki, Yukiko Nishimura, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 “ @@ CARE: Multilingual Human Preference Learning for Cultural Awareness” (EMNLP 2025)



Chinese Movie Theatre == American Movie Theatre

Feature movie starts at the time Trailers play for 15-20 minutes
printed on the ticket. before the feature movie.

Showtime
sat, Apr 26:202

7:00 PM

15 — 20 minutes of trailers and ads
éJ,ﬁGreat f «
o " Snacks
uw®  Better
MNG SOON 4,,.%-' COMIN soon

19:00 7 Around 7:15-7:20 PM
The feature movie The feature movie finally
starts! starts!

This may be partly because cultural differences, culture shock, and culturally specific
common sense are often discussed from an outsider’s perspective, making such
information more prevalent in languages other than the culture’s native language.

Wei Xu | 2026 e



So, that's the backdrop

Learning from Multilingual
Human Preference

offline reinforcement learning

Knowledge is not evenly
distributed across languages.

Multilingual & Multicultural LLMs | Wei Xu | 2026



Which leads us to ...

Learning from Multilingual - Multilingual
Human Preference Reinforcement Learning

offline reinforcement learning ~ online reinforcement learning

Knowledge is not evenly
distributed across languages.

Multilingual & Multicultural LLMs | Wei Xu | 2026



GRPO: Group Relative Policy Optimization

[Shao et al., 2025]

( h¢ =z “ n \
HHE BEXBEEENERR "RiFxX
“HE", KEUFHE, (Usually means “good” or

\ “excellent”.)

EARE RAEEEERT R,

(Usually means “good” or “approval’.)
\.

J

QEXHE AR
REREENLE Policy Model %  ceeeee el
974

HAlE, EXIBIEEEEWKE T3 HiF
, 5—1¢§|§|§_1‘$0 (Usually means “good” or

“approval’, as in many other countries.)

What does a £ thumbs-up
usually mean in Greece £7?

a group of K outputs
usually all in the input language

Multilingual & Multicultural LLMs | Wei Xu | 2026



GRPO: Group Relative Policy Optimization

[Shao et al., 2025]

( h¢ =z “ n \
EHRfE SABEAEEMNERZR "RIF's )
“HE" KRFIREE, (Usually means “good” or 1
9 “excellent”.) ) N——
( H 11 B S Yy, —_—u n " Ay A 2
A&l BABEEERTR F R BITF, Reference .
. (Usually means “good” or “approval”.) ) Model )
~
Q BXifE L EH Reward |
BEaEEtssE Policy Model —»  «ecco. el Model
,EL‘E'I\? J
HERlE SRBIEBEEREWE 1723 #iF
, , ’—i—i¢§|§|§—1‘$o (Usually means “good” or
/E -
What does a f thumbs up “approval”, as in many other countries.)

usually mean in Greece £7?

a group of K outputs rewards
usually all in the input language

Multilingual & Multicultural LLMs | Wei Xu | 2026



GRPO: Group Relative Policy Optimization

[Shao et al., 2025]
(EAR BABRERNERLS RIT'H

update “HE" KRFIREE, (Usually means “good” or 1 Ay
\ “excellent”.) ) — —
parameters
( H 1 B el -_u n n;l‘-;g‘ n h \
EFRRE BXIBEEERT S8BT, Reference 1 A
. (Usually means “good” or “approval”.) ) Model 2
) — —
~
Q BXifE L EH Reward Group
BEEERMHLE Policy Model —»  cecceo.  eeeene Model [ = Computation
,EL‘E'I\? J
TR SXIHEREERWE "F 31T
, , ’q_-itF%@%—*io (Usually means “good” or
What does a % thumbs—up “approval’, as in many other countries.)
usually mean in Greece £7?
a group of K outputs rewards advantages

usually all in the input language

Multilingual & Multicultural LLMs | Wei Xu | 2026



GRPO: Group Relative Policy Optimization

[Shao et al., 2025]
(EAR BABRERNERLS RIT'H

®
update “HeE”, %1&?%%—%0 (Usually means “good” or 1 Al
\ “excellent”.) ) — —
parameters
( H == ] —_— u n NN ) ) (_‘\ ()
EFRRE BXIBEEERT S8BT, Reference 1 A
. (Usually means “good” or “approval”.) ) Model 2
) — —
~
Q BXifE L EH Reward Group
BEaERtoE Policy Model —»  «eecc.. e Model Computation
,EL‘E'I\? J
TR SXIHEREERWE "F 31T
, , ’q_-ifF%IEl%—*io (Usually means “good” or
What does a & thumbs—up “approval’, as in many other countries.)
usually mean in Greece £7?
a group of K outputs rewards advantages

usually all in the input language

Optimization is
limited to a single

language &
Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization

Language Router

QBRI LEH
BEREEMHLE

B2

Probability

What does a £ thumbs-up
usually mean in Greece &7

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization

~N

(EERE BRAREEENERS BRI

“HE" KLTFRRE, (Usually means “good” or

\ excellent”.) )

N\

s

It normally means “come here” in Greece.

\.

Language Router

Q BXiBiE &R ::‘T
E=ERERMTLE £ Policy Model
ar *
O5--0
d_,m‘)gc}ésy‘)gc&du)siuidb cub):\n‘éﬁ
(In Greece, this is usually considered inappropriate
What does a £ thumbs-up and unacceptable.)
usually mean in Greece &7
a group of K outputs in different languages

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization

( -~ =z " n \
HEHE EXBERENERR RIFH
“HE", KLFIREE, (Usualy means “good” or 1
\ “excellent”.) )
r ) N
It normally means “come here” in Greece. Reference 2 }
Language Router \ J Model
J
Q- BERBE LR z coward B
E=ERERMTLE £ Policy Model —»  «eeee.. e Model | T —
IEILE.\? * J
®5--0
d_,m‘)gc‘jézy‘)gcsﬂhu}%uidb cub):\n‘éﬁ
, (In Greece, this is usually considered inappropriate
What does a £ thumbs-up and unacceptable.)
usually mean in Greece 7
a group of K outputs in different languages rewards

¥ Multilingual outputs (only at
training time) provide richer
signals, under a fixed budget

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization e

( -~ =z " n \
HEHE EXBERENERR RIFH
g “HE", KLFIREE, (Usualy means “good” or 1
update ‘ »
P \ excellent”.) )
parameters ~ _ N
It normally means “come here” in Greece. Reference 2 }
Language Router \ J Model
J
Q- BERBE LR z coward B
E=ERERMTLE £ Policy Model —»  «eeee.. e Model | T —e T
IEILE.\? * J
®5--0
d_,m‘)gc‘jézy‘)gcsﬂhu}%uidb cub):\n‘éﬁ
, (In Greece, this is usually considered inappropriate
What does a £ thumbs-up and unacceptable.)
usually mean in Greece 7
a group of K outputs in different languages rewards

¥ Multilingual outputs (only at
training time) provide richer
signals, under a fixed budget

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization e

g 4 : = e )
update R, EXBERERNERE RER
parameters - “HE” REFIREE, (Usualy means “good” or 1
update ’ .
. P \ excellent”.) )
' parameters p 5 .
; It normally means “come here” in Greece. Reference 2 }
Language Router \ J Model
J
Q- BERBE LR z ~oward
E=ERERMTLE £ Policy Model —»  «eeee.. e Model [ >
o g ode
X4 J
Y-
d_,m‘)gc‘jézy‘)gcsﬂhu}%uidb cub):\n‘éﬁ
, (In Greece, this is usually considered inappropriate
What dOGS a {E‘ thumbS-Up and unacceptab/e.)
usually mean in Greece 7
a group of K outputs in different languages rewards

The language router is trained
jointly with the policy mode
using reward signals.

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization

update
parameters

b
Language Router
i

QBRI LEHR %
BERERMHLE §
B 2 &

p(l | x)

Multilingual & Multicultural LLMs | Wei Xu | 2026

=~

+ Alightweight, adaptive language router
that learns to select the more informative
languages during RL training.

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

region-by-language matrix B

update _ _
parameters  tOpic-by-language matrix A
Topic EN Region EN
| - -
Language Router
i
Q EXFE ﬁé?:l_:#? _? General China 0.6
[ﬂ%%ﬁﬁ% TLE ]_>'§ Regional Greece 0.4
22| o
p(l | x)
. exp(At("’”) «+1g(z) # 2] g(x),ﬁ) The language router is parameterized
T by two matrices, A and B.
t-topic g-region /-language

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)

Multilingual & Multicultural LLMs | Wei Xu | 2026



LRPO: Language-Routed Policy Optimization

update
parameters  toOpic-by-language matrix A region-by-language matrix B

Topic - EN - Region - EN -

y
Language Router

AR

X
Q BKEE LEE 2 General 0.9 China - 0.6 -
.=_Ll-~ =] | ~r :é
[Hgéﬁ%%ﬁ_,‘*'ﬁ‘ '§ Regional 0.5 Greece - 0.4 -
B2
“ -l —

Training language router as a multi-armed bandit.
Action: choosing each language
Objective: maximize expected reward r
t-topic g-region /¢-language

By(aye < (1 — ) Byay,e + QT gy

v . : Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



Multilingual Reinforcement Learning

< Main Challenge: multilingual rewards are hard to get right

Languages needing the most
improvement in LLM are also
languages where rewards
models are less reliable

Multilingual & Multicultural LLMs | Wei Xu | 2026



Multilingual Reinforcement Learning

< Main Challenge: multilingual rewards are hard to get right

Approaches

Advantages

Limitations

RLVR (Reinforcement Learning with

Verifiable Rewards)
[polyGRPO - Wu et al., 2026]

Language-agnostic; stable

Only works for verifiable tasks
(e.g., math, coding)

Multilingual & Multicultural LLMs | Wei Xu | 2026




polyGRPO: Polyglot Group Relative Policy Optimization

Random Language for Rollouts
+

Verifiable Rewards
(format, accuracy for math Qs)

Multilingual & Multicultural LLMs | Wei Xu | 2026

,{ Empty i
Below is an instruction that 5= e, == a8 AN biEgTe Fa rwFena gt g e m 18(Okay, let's take some fime to figure out this

E s roblem):
describes a task. Think it step by Fl’ m?rsl% *F TN QE: ORI T TS A a8 Sy 99 a8 GIEens 1% ;A (Assume two planes leave at

step [LANGUAGE] and output the o [LANGUAGE] the same time and at the same place.)
=
inal ter 'HHHHE . = 4 =BT (Further analysis):
il eseratrer Vv - SRR SR RO IE B MRS SRR Z A, B \(325 + 275 = 600\) KE//N\ET,

i (The relative close distance of two airplanes per hour is the sum of their speeds, which is \(325 + 275 = 600\)
miles per hour.)

requires):

: . - 2100 miles / 325 mph = 6.465533333333333 hours
and another plane is traveling - 2100 miles / 275 mph = 7.636363636363636 hours
west at 275 miles/hour. The
4 3. Tenzi tofauti una kwenye vitamini viwili (The different mechanisms are present in the two vitamins):

leave at the same time and at the \ -7.636363636363636 - 6.465533333333333 = 1.170830303030303 hours

sal lace. If their t lanes
me place .If heir two plane: Q### o
are 2100 miles apart, how many
in Japanese

hours will they be apart?)
(t## Response: ) 7. 21001 I EZBmHORTHEHREEFICEDHEHMN SRS, (First, look at the 2100 miles from the direction
both planes are going at the same time)

B5% &REEES TR (1) ZHET3, 9—4'y MEBE2100%1 LT, #3500 1 L/BM, T3&. t= 5
B + 3B[E = 2100 + 500 _future_, (Use the distance and speed to calculate time (t). The target distance is 2100

traveling east at 325 miles/hour

|
### Instruction: v
B i 325 ke /<B . T TUREE \(2100 \) FRE, TR \(600\) HE//E, EHiE) = 2100/600 = 35/\E...
b o in Swahili (- Rope length \(2100\) kmi, relative speed \(600\) mph,time = 2100/600 = 3.5hours)
AR 932 F(E =1 275 =&/ ( ##tH# 35 ‘/)
- = Q
BT ot AT gFer = o ) : n
sl e > ms(w:;"l hii, tafadhali kujifunza (For this s(ab) fease learn) B
< i Kwa s(ab) samaaanini hii, tafadhali kujifunza (For this s(ab)samaaanini, please learn):
1 ST e s 2100 W8 v S 1. Tafadhali kufanya kifeleti kwa vitam vingine kama vile tuna vimaani na vitamini hii (Please make a list of other
SlE SNAd FS DB LT 52 S vitamins as we have meanings for this vitamin):
. y . > .
(Translation: One PIClnE 1S [} = @ 2. Tumebaliame kuwa kama vimaani vingine vingi zinahitaji (We have agreed that like many other meanings, it
>
€
)
o
<
]
o

J

L = i i i —— e ———— miles and the speed is 500 miles/hour. So, t = distance + speed = 2100 + 500 _future_.)
TNZEHE TR L. 4.288M(C/23. (This calculates to 4.2 hours.)...
k#### 4.2
C grpo
(l in Russian I
| (R o i e e S i e e ey R o 1 1 [ns peweHus 3710i1 304044 AasaiiTe caenaem cnegyrowme warui(To solve this problem, let's take the following
1 Group Relative Policy Optimization ('
1 I I 1. 3anuwem cropocTb kaxaoro camonera (Let's write down the speed of each aircraft):
1 Advantages 1 ! 4. Berumcnum pesynbTar (Let's calculate the result): 2100 / 600 = 3.5 uacos (hours)
1 I | Wrak, oHu BcTpetaTcs yepes 3.5 uacos.(So they will meet in 3.5 hours.) \/
\ _#### 35 J
I T 1 !
I Group Computation | =
I T |
! 1
| S P VA e i e S e e S e

Linjuan Wu, Haoran Wei, Jialong Tang, Shuang Luo, Baosong Yang, Yongliang Shen, Weiming Lu
"Language as a Latent Variable for Reasoning Optimization" (arXiv 2026)



Multilingual Reinforcement Learning

. Main Challenge: multilingual rewards are hard to get right

Approaches Advantages Limitations

RLVR (Reinforcement Learning with

Verifiable Rewards) Language-agnostic; stable
[polyGRPO - Wu et al., 2026]

Only works for verifiable tasks
(e.g., math, coding) e

English-centric;

Pivot-Based Alignment
may lose cultural/language nuances =

[MAPO - She et al., 2024: MPO - Zhao et al., 2025] Leverages strong English models; scalable

Multilingual & Multicultural LLMs | Wei Xu | 2026




LIDR: Language Imbalance Driven Rewarding

translate non-English model outputs into English language (worse)

_ _ _ + DPO
translate English model outputs into non-English language (better)
Self Multilingual Preference Pair Generation Multilingual Preference Optimization
Generate Translate . o : |
Multilingual wgn___ R ygzng?\ , ;cx—)en ® | Mutlilingual preference pairs
prompts es es.@: " en—es © XX—en
Li =" Y ® ] > Ji {:EZ ’yz ’yz } DPO+NLL Training
p'208 |=> i M; P My : | : M
de de, % en—de ©
Ti Y @ e {:Uz %
x;'u___ B y§u® | L yen—>ru ©
Next Iteration Model

Wen Yang, Junhong Wu, Chen Wang, Chengqing Zong, Jiajun Zhang

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Language Imbalance Driven Rewarding for Multilingual Self-improving" (ICLR 2025)



MAPO: Multilingual-Alignment-as-Preference Optimization

e ey — oy 182 students suggested adding mashed potatoes while others e, ey — s

MultiLingual 182€+ﬂlﬂﬁ%¢nﬂ)\j&!§ﬁ ,Mﬁﬁ@AEIXZJF suggested adding bacon to the menu .if 166 more students 182&*EELME¥$:EM)\&_‘1F' @ﬁMAEIX

Questions NIEHR. ﬁﬂiﬁtﬁ@l}(ﬂﬂi\jﬁ ')\E\EQ*QE?‘IGGAEIM suggested adding bacon than those that suggested mashed I]I])\i%‘*\ﬁ. mfﬁttgwﬂﬁd—af{m*%gwM
ISR, BEZOZERINNIER? BIVINER, B2OFEZWINNER?

potatoes how many students suggested bacon ?

v

: |
! I
' I
! |
: |
|
| , |
: i o L\ o : o L\ o : l
i ,  Policy Model ) I do of 1 (O] D B — |
use a translation model to aw ' amf G :
I i ! v I I
| . N - - &\ e : A N |
c a I c u I at e th e 1 al i g n m e nt, : - @ (ﬁzﬂﬂﬁﬁffgﬂ;itzﬁiﬁ*faggfiézz{éd ® The number of students who suggested adding I
| adding mashed potatoes than bacon) HashedpotsicesiELb2; :

\ J

- | | |

scores between answers in . o ee—— s mmmrmme. || |
. 1 @) imore sucons suggect sdding machaa ™| )| Wenow nattne umber ot suceniswno | (23 | e oo s recommendad ioacd | | |
n o n d o m i n a nt a n d d o m i n a nt : L potatoes 63 suggest adding bacon) ) L ) mashed potatoes is 182) |
= ! I

| N s - 2 = B\
| © (Thﬁﬁnﬂgﬁiiiﬁiiﬁnﬁlgg t'c')'a dd @ Suggesting mashed potatoes were 182 students :
languages as a preference Tt G T I M| “ J |
[ v [ | i
: Estimate Alignment between \, : : \' !
i Non English Outputs and < | | > A !
| English Outputs ‘\ | | ¢ :
! Y ! ' Preference |
: Collect Alignment L s : : Optimization |
| Preference Ranking Pair ] | | :

| | |
I ! ! :
I Preference Optimization © © ! | |
| QD | | |
I ! I I
o o e o o o e v i e i e o 2 1 £ £ i o e e e e e o e e o e e e |
DPO Process PPO Process

Shuaijie She, Wei Zou, Shujian Huang, Wenhao Zhu, Xiang Liu, Xiang Geng, and Jiajun Chen.
"MAPO: Advancing multilingual reasoning through multilingual-alignment-as-preference optimization"

LA IINL SIS AN

Multilingual & Multicultural LLMs | Wei Xu | 2026



MPO: Multilingual Reward GaP Optimization

Current Preference Learning Methods (DPO, KTO and SimPO et al.)
Preference Modeling

A|igns the target |anguage’s CArabic (Ar) EEnglish (En) 'ésM:hili (Sw)
reward gap (log-likelihood =O)-ET) =0)-ET0 =9 >
difference between preferre d Safe Unsafe Safe Unsafe Safe Unsafe
and dispreferred responses)
with that of the dominant Reward Gap [RG 7 |y—1|1°g”9(yw iy ﬁlogﬂo(w | w)]
language (English). Log-Likelyhood of  Log-Likelyhood of

Safe Response Unsafe Response

HRGS‘” _ RGEnH2 'ﬂ

Multilingual Reward Gap Optimization (MPO)

Weixiang Zhao, Yulin Hu, Yang Deng, Tongtong Wu, Wenxuan Zhang, Jiahe Guo, An Zhang, Yanyan Zhao, Bing Qin, Tat-Seng Chua, Ting Liu
Multilingual & Multicultural LLMs | Wei Xu | 2026 "MPO: Multilingual Safety Alignment via Reward Gap Optimization" (ACL 2026)



Multilingual Reinforcement Learning

. Main Challenge: multilingual rewards are hard to get right

Approaches

Advantages

Limitations

RLVR (Reinforcement Learning with
Verifiable Rewards)

Language-agnostic; stable

Only works for verifiable tasks

[polyGRPO - Wu et al., 2026] (e.g., math, coding) @
Pivot-Based Alignment : ] English-centric;
[MAPO - She et al., 2024; MPO - Zhao et al., 2025] SENEEERS S [EREllSy) et seslellle may lose cultural/language nuances =

External, SFT-Based Reward Models
[Nemotron-70B-Reward-Multilingual, 2025; mR3 -

Anugraha et al., 2026]

Flexible; direct multilingual supervision @

require expensive, annotated data; risks poor

RL performance when test tasks shift

Multilingual & Multicultural LLMs | Wei Xu | 2026




Multilingual Reinforcement Learning

. Main Challenge: multilingual rewards are hard to get right

Approaches

Advantages

Limitations

RLVR (Reinforcement Learning with

Verifiable Rewards)
[polyGRPO - Wu et al., 2026]

Language-agnostic; stable

Only works for verifiable tasks
(e.g., math, coding) e

Pivot-Based Alignment
[MAPO - She et al., 2024; MPO - Zhao et al., 2025]

Leverages strong English models; scalable

English-centric;
may lose cultural/language nuances =

External, SFT-Based Reward Models
[Nemotron-70B-Reward-Multilingual, 2025; mR3 -

Anugraha et al., 2026]

Flexible; direct multilingual supervision @

require expensive, annotated data; risks poor
RL performance when test tasks shift

Cross-Lingual Semantic Rewards
[LRPO - Guo et al., 2026]

Flexible; direct multilingual supervision ©

Could be inconsistent across languages =
— but, can be calibrated to be more consistent!

Multilingual & Multicultural LLMs | Wei Xu | 2026




Calibrate Multilingual Rewards

« Calibrate cross-lingual semantic similarity to be more accurate rewards.

2" “ ” (Ez)
LLM-generated output y'“’ human “gold” response =
Q RXBIE LER Jsfia e s 3Y e ol () & ebale (gl A 4
Hﬁ%ﬁﬁ%{‘f’!—\% (In dGreece, z‘ft;/sb;s usually considered inappropriate (It carries a provocative connotation in Greece.)
:EuE,'\,'7 and unacceptable.) i )

—

semantic similarity

Qwen3-VL-Embedding [Li at al., 2026]
mmBERT [Marone et al., 2025]
NV-Embed [Lee et al., 2025]

and many others ...

R d cali ) . .
[ I\j\évgerl ] ’ lb(y): Qei,e,- (&m(y“ﬂ),z(m))

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)

What does a £ thumbs-up
usually mean in Greece £7?

Multilingual & Multicultural LLMs | Wei Xu | 2026



Calibrate Multilingual Rewards

« Calibrate cross-lingual semantic similarity to be more accurate rewards.

Anchor:Chinese

{E%%%%uﬂiﬁ)‘(o} B {

It carries a provocative
connotation in Greece.

J—%—{ AR, EAERIE JChinese

Embedding-based Semantic Similarity

Anchor: Chinese

1.04{ — Chinese

]

!
090 092 094 096 098  1.00
Embedding Similarity

Multilingual & Multicultural LLMs | Wei Xu | 2026

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



\ N o o
1.0/ — Chinese 1.0{ — Japanese?; S P
: : ' © o 1S
| —— Korean 4 L
EO.S- i EO.B- German | ! !
50.61 20.61 — French | ! |
Q Q i i i
20.4- 204; | | |
i 0.2 - ‘ L
| 0 el

Calibrate Multilingual Rewards

« Calibrate cross-lingual semantic similarity to be more accurate rewards.

Anchor:Chinese

AR RIS X, ]

It carries a provocative
connotation in Greece.

ke, XHRREER

FIIXTIE, ENIEHRFERL

7

Embedding-based Semantic Similarity —:L“)"/ZQ%_’—%U"‘CL\iT

Anchor: Chinese Anchor: Chinese

090 092 094 096 098  1.00 090 092 094 0.6
Embedding Similarity Embedding Similarity

Multilingual & Multicultural LLMs | Wei Xu | 2026

0.976

8

delA0A=E 20]
CEXHQ F2E EUU
\.

Es hat in Griechenland eine
provokante Konnotation.

Cela revét une connotation
provocatrice en Grece.

Chinese

Japanese

Korean

German

French

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

"Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



Calibrate Multilingual Rewards

« Calibrate cross-lingual semantic similarity to be more accurate rewards.

Anchor:Chinese

R RIEE V. ] ” carries a provocative ERME XEERILERE | Chinese
Connotatlon in Greece.

N
AR 3 ) a7
Embedding-based Semantic Similarity fi;j—;gﬁz*gfifm ¢ Japanese
J

\
Anchor: Chinese \ Anchor: Chinese N
N ‘o ko o A = H
1g{ = Ghinese ; 1.0{ — Japaneses & 8 b Jel=0A= 10l Korean
. —— Korean 1 11 T cerxol etolE WL L.
2087 | 2081 — German! | s \ J
% 0.6 '-(!_; 0.6{ — French | i ! N
= o | i i Es hat in Griechenland eine
2£0.4- £ 0.41 : : : . German
. ; . ' provokante Konnotation.
0.2 ! 0.2 1 : " \ L y
0.0 ! 0.0 _4‘-—, 4__»
7090 092 094 096  0.98 1.00 090 092 094 096  0.98 1.00 A .
Embedding Similarity Embedding Similarity Cela revét une connotation French
: rovocatrice en Grece.
calib : () (&) P
f— J 7 J— J— J
re(y) = sim(y", 2) — Ape, 0, — fhret

o i - Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

« Calibrate cross-lingual semantic similarity to be more accurate rewards.

Reward Calibrated Rewarq r = < [[Lang () = 6]
Heee w/ language consistency \

. 7 —mean(r)

A = std(r)

Update with GRPO objective (shaoetal, 2025]

K
1 . T x) . .., T .
Lcrro(mg) = ExN'D,{yk}szlmweold(.|w) [E Z [mln ( o(yelz) Ay, clip( o(yxl2) 1 —e, 1+ e)Ak) — BDx, (7T0||'/Tref>]]

k=1 T0o1a (yk|x) T0o1a (yk|x)

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
9 CARE CARE (pro) mGSM Include-lite Overall
Approach
Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
9 CARE CARE (pro) mGSM Include-lite Overall
Approach

Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54
MAPO 31.98 6.20 0.62 4.34 34.29 10.50 25.64 35.37 28.92 30.97 26.96 13.35 23.23
LIDR 30.07 6.44 0.62 4.50 32.17 8.60 23.60 35.06 28.66 30.69 25.93 12.63 22.21
MPO 31.91 6.58 1.03 4.73 32.97 11.20 25.05 35.62 29.10 31.17 26.77 13.78 23.22

We use the training split of two multilingual human preferences datasets, HelpSteer3 [Nvidia team, 2025] and CARE [Guo et al., 2025].

multilingual preference optimization by
assuming a fixed dominant language (e.¢
English) provides better supervision

S A Al A as S 2z : = : Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wel Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
9 CARE CARE (pro) mGSM Include-lite Overall
Approach
Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54
MAPO 31.98 6.20 0.62 4.34 34.29 10.50 25.64 35.37 28.92 30.97 26.96 13.35 23.23
LIDR 30.07 6.44 0.62 4.50 32.17 8.60 23.60 35.06 28.66 30.69 25.93 12.63 22.21
MPO 31.91 6.58 1.03 4.73 32.97 11.20 25.05 35.62 29.10 31.17 26.77 13.78 23.22
m 32.69 9.60 1.64 6.94 35.54 12.10 27.02 35.57 28.82 30.97 28.35 14.19 24.40

offline preference optimization using
human-annotated preference data

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
9 CARE CARE (pro) mGSM Include-lite Overall
Approach

Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54
MAPO 31.98 6.20 0.62 4.34 34.29 10.50 25.64 35.37 28.92 30.97 26.96 13.35 23.23
LIDR 30.07 6.44 0.62 4.50 32.17 8.60 23.60 35.06 28.66 30.69 25.93 12.63 22.21
MPO 31.91 6.58 1.03 4.73 32.97 11.20 25.05 35.62 29.10 31.17 26.77 13.78 23.22
DPO 32.69 9.60 1.64 6.94 35.54 12.10 27.02 35.57 28.82 30.97 28.35 14.19 24.40

The fixed dominant language (i.e., English) cannot
always provide better supervision training signal,
especially on regional knowledge.

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
9 CARE CARE (pro) mGSM Include-lite Overall
Approach

Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54
MAPO 31.98 6.20 0.62 4.34 34.29 10.50 25.64 35.37 28.92 30.97 26.96 13.35 23.23
LIDR 30.07 6.44 0.62 4.50 32.17 8.60 23.60 35.06 28.66 30.69 25.93 12.63 22.21
MPO 31.91 6.58 1.03 4.73 32.97 11.20 25.05 35.62 29.10 31.17 26.77 13.78 23.22
DPO 32.69 9.60 1.64 6.94 35.54 12.10 27.02 35.57 28.82 30.97 28.35 14.19 24.40
GREO 33.66 8.26 0.82 5.78 43.43 12.90 32.33 36.00 29.18 31.35 30.34 14.30 25.78

N

Online policy optimization method GRPO
serves as a strong baseline.

S A Al A as S 2z : = : Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu
Multilingual & Multicultural LLMs | Wel Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

LRPO = Dynamic Language Router + Calibrated Cross-lingual Rewards

Qwen2.5 Regional Knowledge (5 languages) Math Reasoning (10 languages) Factual Knowledge (44 languages)
¥9 CARE CARE (pro) mGSM Include-lite Overall
Approach

Seen Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg. Seen Unseen Avg.
Vanilla 32.20 8.58 0.82 5.99 33.09 10.50 24.87 35.91 28.84 31.09 27.44 13.39 23.54
MAPO 31.98 6.20 0.62 4.34 34.29 10.50 25.64 35.37 28.92 30.97 26.96 13.35 23.23
LIDR 30.07 6.44 0.62 4.50 32.17 8.60 23.60 35.06 28.66 30.69 25.93 12.63 22.21
MPO 31.91 6.58 1.03 4.73 32.97 11.20 25.05 35.62 29.10 31.17 26.77 13.78 23.22
DPO 32.69 9.60 1.64 6.94 35.54 12.10 27.02 35.57 28.82 30.97 28.35 14.19 24.40
GRPO 33.66 8.26 0.82 5.78 43.43 12.90 32.33 36.00 29.18 31.35 30.34 14.30 25.78
LRPO (thsis work) 34.60 12.36 1.23 8.65 52.51 13.30 38.25 37.16 28.90 31.52 34.16 14.48 28.26

N

LRPO outperforms existing policy
optimization methods.

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wel Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

Region: China Region: France
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Router Update Step Router Update Step
LRPO (this work) 34.60 12.36 1.23 8.65 52.51 13.30 38.25 37.16 28.90 31.52 34.16 14.48 28.26

Region-conditioned language probabilities
evolve differently across regions.

Geyang Guo, Hiromi Wakaki, Yuki Mitsufuji, Alan Ritter, Wei Xu

Multilingual & Multicultural LLMs | Wei Xu | 2026 "Learning to Route Languages for Multilingual Policy Optimization" (ICML 2026)



LRPO: Language-Routed Policy Optimization

Single-Language Rollouts (Implicit)
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Our Findings Resonate with Others

Claude usage varies by language

Claude usage varies considerably across languages, reflecting varying cultural
contexts and needs. We calculated a base rate of how often each language
appeared in conversations overall, and from there we could identify topics where
a given language appeared much more frequently than usual. Some examples for
Spanish, Chinese, and Japanese are shown in the figure below.

Spanish

Explain and analyze economic theories
and their real-world applications

3.5x boserate

Provide expert guidance on child health
and development issues

29x baose rote

Develop strategies for rural and
environmental conservation

2.4x boserote

Chinese Japanese
Write crime, thriller, and mystery fiction Create and analyze anime and manga
with complex plots and characters content and related projects
4.4x  boserote 6.8x bose rote
Research and develop solutions for Analyze global economic trends and
aging populations and elderly care provide investment advice
1.9x base rote 3.9x base rote
Provide information and assistance on Research and develop solutions for
space exploration topics aging populations and elderly care
1.6x  base rate 3.3x base rote

Conversation topics that appeared more frequently in three selected languages (compared to
the base rate of that language), as revealed by Clio.

Topics also vary across languages

[Anthropic, Dec 2024]

Multilingual & Multicultural LLMs | Wei Xu | 2026



Our Findings Resonate with Others

Claude usage varies by language

Claude usage varies considerably across languages, reflecting varying cultural
contexts and needs. We calculated a base rate of how often each language
appeared in conversations overall, and from there we could identify topics where
a given language appeared much more frequently than usual. Some examples for
Spanish, Chinese, and Japanese are shown in the figure below.

Spanish Chinese Japanese
Explain and analyze economic theories Write crime, thriller, and mystery fiction Create and analyze anime and manga
and their real-world applications with complex plots and characters content and related projects
3.5x bose rate 4.4x  boserote 6.8x bose rote
Provide expert guidance on child health Research and develop solutions for Analyze global economic trends and
and development issues aging populations and elderly care provide investment advice
2.9x base rate 1.9x base rote 3.9x base rote
Develop strategies for rural and Provide information and assistance on Research and develop solutions for
environmental conservation space exploration topics aging populations and elderly care
2.4x boserote 1.6x  bose rote 3.3x  base rote

Conversation topics that appeared more frequently in three selected languages (compared to
the base rate of that language), as revealed by Clio.

Topics also vary across languages
[Anthropic, Dec 2024]
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Our Findings Resonate with Others

Claude usage varies by language

Claude usage varies considerably across languages, reflecting varying cultural
contexts and needs. We calculated a base rate of how often each language
appeared in conversations overall, and from there we could identify topics where
a given language appeared much more frequently than usual. Some examples for
Spanish, Chinese, and Japanese are shown in the figure below.

Spanish Chinese Japanese

Explain and analyze economic theories
and their real-world applications

Write crime, thriller, and mystery fiction
with complex plots and characters

Create and analyze anime and manga
content and related projects
3.5x bose rate

4.4x  boserate 6.8x bose rote

Provide expert guidance on child health
and development issues

Research and develop solutions for
aging populations and elderly care

Analyze global economic trends and
provide investment advice
2.9x bose rote

1.9x base rote 3.9x base rote

Develop strategies for rural and
environmental conservation

Provide information and assistance on
space exploration topics

Research and develop solutions for
aging populations and elderly care

2.4x baserate 1.6x  base rate 3.3x  base rote

Conversation topics that appeared more frequently in three selected languages (compared to
the base rate of that language), as revealed by Clio.

Topics also vary across languages
[Anthropic, Dec 2024]
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A large-scale Study of GRPO in
multilingual settings

[Dobler et al., August 2026]



GRPO w/ Verifiable Rewards

Multilingual native-reward models consistently match the prompt language on both
seen and unseen languages.

(a) English reasoning reward (b) Native reasoning reward

Monolingual training

Monolingual training

% Seen % Seen
- :
2 Unseen 2 Unseen
= =
=
& S
= +~
=
S Seen E Seen
= =
> = U
= Unseen €3] nseen

0 25 50 5 100

Rollout language (%)

Rollout language (%)
B Rewarded language ®8 Match prompt Bl English B8 Other

B English #8 Match prompt B8 Other

experiments on Multilingual Reasoning Gym [shi et al,, 2022] , that procedurally generated reasoning problems (e.g., algebra,
arithmetic, logic, various games, etc.) across 14 languages, using hybrid human-machine translated templates

v . : Konstantin Dobler, Federico Scozzafava, Jonathan Janke, Mohamed Ali, Simon Lehnerer
Multilingual & Multicultural LLMs | Wei Xu | 2026 "GRPO Beyond English: A Large-Scale Study of GRPO in Non-English and Multilingual Settings"
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GRPO w/ Verifiable Rewards

For in-domain tasks, training in the evaluation language (with monolingual rewards)
often performs best, despite substantial cross-lingual transfer.

=& Train in English -®- Train multilingual -8 Best other training language --- Train in target language (100%)
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* Rewards: following standard RLVR, using a binary correctness reward when the extracted answer is verified as correct.
Only when the answer is correct, use a combination of (1) a format reward for adhering to the specified output format and (2)
a (English or Native) reasoning language reward which either rewards matching the prompt language or reasoning in English.

v . : Konstantin Dobler, Federico Scozzafava, Jonathan Janke, Mohamed Ali, Simon Lehnerer
Multilingual & Multicultural LLMs | Wei Xu | 2026 "GRPO Beyond English: A Large-Scale Study of GRPO in Non-English and Multilingual Settings"
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Which leads us to ...

Learning from Multilingual - Multilingual
Human Preference Reinforcement Learning

offline reinforcement learning ~ online reinforcement learning
Knowledge is not evenly Language/topic-aware routing and
distributed across languages. calibrated cross-lingual rewards

are key to multilingual RL.

Multilingual & Multicultural LLMs | Wei Xu | 2026



Which leads us to ...

To Translate,

Learning from Multilingual - Multilingual - or not to Translate
Human Preference Reinforcement Learning — that’s the Question

offline reinforcement learning ~ online reinforcement learning
Knowledge is not evenly Language/topic-aware routing and
distributed across languages. calibrated cross-lingual rewards

are key to multilingual RL.

Multilingual & Multicultural LLMs | Wei Xu | 2026



Do you know what these words mean?

Doomscrolling | iV iii) e eire

chatfishing

Maskne Pig Butchering Fomosapien

Multilingual & Multicultural LLMs | Wei Xu | 2026



Do you know what these words mean?

40>
and ways to
preventit

Fomosapien:
slang for a person
with an innate
fear of missing
out (FOMO) on
something.

NEO-BENCH: Robustness of LLMs

with Neologisms
[Zheng et al., 2024]

Multilingual & Multicultural LLMs | Wei Xu | 2026

chatfishing

Hnt H \mu \[ \\ \Hﬂ“\J ‘UHU

Australia PM Anthony

Albanese’s speech
[March 2025]



Neologism is Lost in Translation

If someone is chatfishing, their
sentences will be grammatically
perfect, error-free.

Multilingual & Multicultural LLMs | Wei Xu |

Anchor: Chinese

MBFEAZEDXD HEED
(chatfishing), i1 RF7EIE
ELEETEREER, REEMME
o

2026

—>

/" If someone is faking their
identity in a chat (chatfishing),
their sentences will be
grammatically flawless,

\without any errors.

~

J




Neologism is Lost in Translation

Anchor: Hindi
3IR IS TR F @I &, ar If someone is catfishing, their
3ch aTad cIThI0T & od1g & sentences will be
ToheH el 3R fo=r forddT arerdh grammatically perfect and free
& ghar| of errors.

Anchor: Chinese

MEFNGEHXG (HESH If someone is faking their

If someone i§ chatfishing, t.heir (chatfishing) . {18561 F-25 18 iiehtity in a chat ('(|:|hatﬂ8hing)'

sentences will be grammatically D T T — their sent-ences will be

perfect, error-free. - grammatically flawless,

\without any errors. )
Anchor: German

Wenn jemand ,Chatfishing” When someone engages in
betreibt, sind seine Satze ‘chatfishing,’ their sentences
grammatikalisch perfekt und are grammatically perfect and
fehlerfrei. error-free.

[Zheng et al., EMNLP 2024] NEO-BENCH: Evaluating Robustness of Large Language Models with Neologisms
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MGSM-Rev2: Multilingual Grade-school Math

English How many girls are not in the girl English An orange costs 5 less than what a
scout? watermelon cost.
German Wie viele Midchen sind bei den German Eine Orange kostet 5 Mal weniger als
Pfadfinderinnen? eine Wassermelone.
Backtranslation How many girls are in the girl scout? Backtranslation An orange costs 5 times less than
English Artie has no change today, so he has WAL S AIEImE oncosh
decided to round all his prices to the English Tuesday, he walked 6 times as many
nearest dollar. miles as he walked on Monday.
German Artie hat heute kein Wechselgeld, German Am Donnerstag ging er 6 Mal so
also entschliet er sich, alle Preise viele Meilen, wie er am Montag
auf den nichsthoheren Dollarbetrag gegangen war.
aufzurunden. Backtranslation Thursday, he walked 6 times as many
Backtranslation Artie has no change today, so he has miles as he walked on Monday.

decided to round up all his prices to
the nearest dollar.

a revised MGSM |[shi et al,, 2022] benchmark w/
250 grade-school math problems translated from
English GSM8K [Cobbe et al., 2021] into 10 languages

Jan-Thorsten Peter, David Vilar, Tobias Domhan, Dan Malkin, Markus Freitag.
"Mind the Gap... or Not? How Translation Errors and Evaluation Details Skew Multilingual Results" (arXiv 2025)
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Thank youl!

https://cocoxu.github.io/

Crracubo
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