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LLM exhibit widespread language confusion: producing tokens from the wrong language
during multilingual generation. We benchmark this across leading commercial and open-
source LLMs on FLORES-NO-LATIN, measuring the percentage of confused Chinese/Japanese
(CJ) and Latin characters alongside task-specific BLEU scores. The results highlight that even
strong models like GPT and Claude suffer from nontrivial confusion rates, as shown in the
example on the right.

Table 2: Language Confusion Rates on the FLORES-NO-LATIN Benchmark for Leading
Commercial LLMs. This table displays the percentage of responses containing erroneous Chi-
nese/Japanese (CJ%) and Latin (Latin%) characters, alongside the task-specific BLEU score. These
results highlight that language confusion is a persistent issue across various SOTA models.
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Translate the following Chinese text\

into Thai. Only provide the
translation.
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Thai:
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Translate the following English teh
into Korean. Only provide the
translation.

English: One of the most noteworthy
recent examples of this was the
North Atlantic campaign of WWII.
The Americans were trying to move
men and materials across the
Atlantic Ocean to help Britain.
Korean:
Qwen3-235B-2507-Instruct
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Translate the following English text
into Hebrew. Only provide the
translation.

English: They have feet with scales
and claws, they lay eggs, and they
walk on their two back legs like a
T-Rex. Hebrew:

Claude-4-Sonnet
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0j71-'0 1ND> DN7YW NIMINKN 07200,

Cornell University. @ Qwe n

Main Results

LCG achieves order-of-magnitude reductions in language confusion across all tested models
while preserving or improving task performance.

On FLORES-NO-LATIN, confusion rates drop dramatically
e Qwen3-8B CJ falls from 4.5% to 0.1%,

e Llama3.1-8B Latin from 8.4% to 2.9%

e BLEU scores unchanged or slightly improved.

LCG is currently used in Qwen’s Production system

Model Cl% Latin% BLEU
GPT-5-Chat 0.57 067  10.66 Next Token Pred
Claude-Sonnet-4 0.00 0.35 21.77 Token |Prob(%) - Qwen3-30B Llama3.1-8B Gemma3-12B Qwen3-8B
Gemini-2.5-Pro 0.04 0.50 19.11 = o 18.36 Wrong Result:
DeepSeek-v3.1 0.67 1.06  18.11 & ) 9y 1836 L, Niwnlfista FLORES-NO-LATIN
Qwen3-235B-Instruct  2.27  5.07 15.43 LM —>{3 4{ LM Head | g 16:21 ﬁmuﬁﬁwﬂr’{m CJ% (No LCG) 1.0 3.0 0.2 4.5
o = 113 (AW CJ% (LCG-unadjusted) 0.2 2.0 0.1 0.5
1 s CJ% (LCG-adjusted) 0.0 0.4 0.1 0.1
. . - 5 12 .
Norm-Adjusted Self-Distillation mowgidte | | Latin% (No LCG) 44 g 4 10 121
f‘ﬂﬂq”%“”;‘;’fgj‘[?,']‘“ Latin% (LCG-unadjusted) 0.7 5.7 0.6 6.2
We find that output token embedding norms vary dramatically across language families: | |V¥—+7++7 ——~«7"— ( | Latin% (LCG-adjusted) 0.4 2.9 0.5 2.0
high-resource scripts (Latin, CJ) dominate the top-5% of embedding norms, creating a With Intervention BLEU (No LCG) 13.2 11.3 16.9 12.1
systematic bias toward these families at decoding time. BLEU (LCG-unadjusted) 13.3 12.2 17.0 11.9
To remove this bias, we divide each logit by its embedding norm, aligning scores to cosine Next Token Pred BLEU (LCG-adjusted) 13.4 12.3 17.1 12.1
similarity. From these norm-adjusted predictions, we generate multi-label pseudo-targets . Allowed Token |Prob(%) | : INCLUDE
N . . . . ) | v i
ov§r Iangu.ag.e fa.mllles and train a. lightweight gate via cross-entropy loss. i P LaTlguages e 18.36 | /Correct Result: ) CI% (No LCG) 771 0.87 0.00 1.67
This self-distillation process requires no external labels. Con?usign Chinese |No ¢l 18.36 nyaulftidisin CJ% (LCG-unadjusted) 0.22 0.51 0.00 0.44
Latin  |No | daunianuaIu _adi . . . .
Table 1: Percentage of tokens in each language family with embedding norms among top 5% of all Gate Svmbol |No | A AUE ) CJ% (LCG-adjusted) 0.11 0.07 000 0.18
token embedding norms. 4 ; Accuracy (No LCG) 71.12 46.12 64.95 61.43
Model C1% Latin% Low-Res% SOHIRES |EE U 8.69 ' Accuracy (LCG-unadijusted) 71.55 46.12 65.02 62.84
Owen3-8B 10.74 161 oa N e Accuracy (LCG-adjusted) 70.83 46.34 65.75 61.76
Qwen3-30B-A3B  6.52 5.50 007 N T
Llama3.1-8B 4.38 5.95 1.34 Discussion
Gemma3-12B 0.94 5.04 2.40
GPT-0OSS 0.00 7.00 0.00 How LCG Works
Preservation of natural code-switch
At each decoding step, the Language Confusion Gate reads the LLM's hidden state and Unlike rule-based approaches, LCG preserves legitimate language mixing. When evaluated
Before Norm Adiustment After Norm Adjustment predicts which language families (CJ, Latin, Symbols, Low-Res) are permissible. on FLORES-WITH-LATIN when code-switching is expected, LCG permits English tokens at
Rank |Token  |Prob(%) |Norm  |Token  |Prob(%) |Norm 86.7% of human-validated code-switch points. LCG trims noise without sacrificing
Translate the following English text i .
H':Q,i\?vt_eéni Srg\\,';'ér;gth; ?,.;Snslt:t)i(ér']r_'to —> 1 WA (2647 16406 |'nn’ 43.75  |1.0703 When confusion is detected, it dynamically masks disallowed tokens before sampling. Three | |expressivity.
English: The views present.ed are often 2 'nn' 20.41 1.0703 |'n' 26.56 1.0547 Safeguards ensure robustness:
§§[§§;y;e%e{;etf; ‘;‘Qgr;’vde;f;{.‘;%“f'ed 3 |'Ex  me2 17266 'n 977 1098 | [e Symbols and Low-Resource tokens are never masked Efficiency and compatibility with speculative decoding
information available elsewhere. 4 o e 10547 i llete e the gate defers to the model when it has high confidence e adds only ~0.4% overhead per decoding step
Hebrew: ° i e Lo B e 1 P9 14 and the previous token's family is always permitted for language continuity e fully compatible with speculative decoding.
6 "ani 4.57 1.2188 'Y 0.45 1.0547 . ' . .
Qwen3-8B e requires no changes to the base model's weights or architecture
NI'795 [N NN 0MYY? DXINY 0T 7 o’ 2.03 13359 |"av’ 0.45 1.0156 _ _ . o . . . : : ) e .
YTmNY NRIYA TN NIVIWSI NNt B A0 8 o Py p— > A0 Py The gateis a 2-|ayer MLP: a p|ug-|n module that requires no modification to the base LLM. e Training data is generated entlrely from the model itself via norm-adjusted self-distillation,
2NN DIZNA 0''jPY DII9N. o " 7 e g PP no human annotation needed
\ / 10 lriah) 0.54 1.3750 "qon' 0.38 1.3359




