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ABSTRACT

Large language models (LLMs) often experience language confusion, which is the
unintended mixing of languages during text generation. Current solutions to this
problem either necessitate model retraining or cannot differentiate between harm-
ful confusion and acceptable code-switching. This paper introduces the Language
Confusion Gate (LCG), a lightweight, plug-in solution that filters tokens during
decoding without altering the base LLM. The LCG is trained using norm-adjusted
self-distillation to predict appropriate language families and apply masking only
when needed. Our method is based on the findings that language confusion is in-
frequent, correct-language tokens are usually among the top predictions, and out-
put token embedding norms are larger for high-resource languages, which biases
sampling. When evaluated across various models, including Qwen3, GPT-OSS,
Gemma3, Llama3.1, LCG decreases language confusion significantly, often by an
order of magnitude, without negatively impacting task performance.

1 INTRODUCTION

Large language models have made remarkable strides in multilingual understanding and genera-
tion, with state-of-the-art systems like Qwen3 and GPT-5 now supporting over 100 languages and
achieving strong performance on benchmarks such as FLORES-200 (Team et al., 2022) and XL-
Sum (Hasan et al [2021)). These models demonstrate impressive cross-lingual transfer capabilities,
enabling applications ranging from translation to multilingual creative writing. However, despite
their sophistication, even the most advanced LL.Ms occasionally make seemingly elementary errors:
generating text that mixes languages inappropriately. This phenomenon, known as language con-
fusion (Marchisio et al., 2024), occurs when a model outputs tokens from an unintended language
family (e.g., inserting Chinese characters into an Hebrew sentence), undermining reliability and user
experience. We show three examples of language confusion mistakes on left side of Figure/[l]

While recent improvements have reduced confusion rates in some models, the trend of Large Rea-
soning Models seem to reintroduce the problem. As discussed in (Guo et al.| (2025)), DeepSeek-R1
exhibited significant language mixing during training, and applying a language consistency reward
led to measurable performance degradation, indicating a trade-off between language consistency
and reasoning capability. Wang et al.|(2025]) shows that the reasoning capability of LLM degrades
when thinking in low resource languages, which explains why a reward purely based on outcome
correctness encourages language confusion.

Further, our evaluation reveals that language confusion remains widespread, even among leading
commercial systems. For instance, GPT-5-Chat exhibits 0.57% Chinese/Japanese (CJ) character
confusion and 0.67% Latin-script confusion, while Qwen3-235B-A22B-Instruct-2507 suffers 2.27%
CJ and 5.07% Latin confusion. These results confirm that language confusion is far from solved and
affects both open-source and proprietary models.

The challenge of mitigating language confusion is the lack of an automatic way of evaluation, rule-
based detectors struggle in distinguishing erroneous mixing from legitimate code-switching, a com-
mon and often necessary linguistic behavior. In many practical scenarios such as writing English
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Figure 1: Left: examples of language confusion in three LLMs on the left. Right: LCG takes
the LLM’s hidden state, predicts permissible language families (CJ, Latin, Symbols, LowRes), and
dynamically masks logits for disallowed tokens only when necessary to correct the confusion on the
left without altering the base model.

code with Chinese comments, using technical terms like ReLU or Python in non-English text, or
explaining foreign phrases, the ability to blend languages enhances expressivity and utility. Con-
sequently, simply restricting LLM to output in a single language doesn’t work. Furthermore, the
high number of supported languages requires us to find a method that can be easily scaled to a large
number of languages.

To address this, we analyze generation behavior at confusion points and make three key obser-
vations: (1) language confusion occurs rarely—suggesting the model generally knows the correct
language; (2) at the confusion point, the correct-language token typically ranks within the top-5
candidates, indicating that LLM knows the correct answer; and (3) A mechanistic observation that
output layer token embedding norm imbalance makes LL.M biased towards high-resource languages.

Leveraging these insights, we propose the Language Confusion Gate (LCG): a lightweight, plug-
in intervention that dynamically filters inappropriate tokens at decoding time without modifying the
base LLM. LCG consists of a small two-layer MLP trained via self-distillation on the frozen model’s
own top-k/p predictions, with norm adjustment used to debias inclination to high-resource language
tokens. At inference, the gate predicts which language families (Chinese/Japanese, Latin, Symbols,
Low Resource Languages) are permissible at each step, and applies masking only when necessary.

Results show that LCG reduces language confusion by an order of magnitude across multiple models
and tasks. For example, on FLORES-NO-LATIN benchmark, our method reduces Chinese/Japanese
confusion from 1.0% to 0.0% and Latin confusion from 4.4% to 0.4% in Qwen3-30B-A3B.

We make three key contributions that build upon our analysis of language confusion in LLMs:
Firstly, we propose the Language Confusion Gate (LCG), an efficient intervention mechanism
that dynamically filters inappropriate tokens during generation without modifying the base LLM.
Second, we introduce norm-adjusted self-distillation, leveraging mechanistic insights about token
embedding norm imbalance to train the gate using the model’s own debiased top-k/p predictions.
Third, we collect and open-source specialized training and evaluation datasets, and evaluate LCG
on open-source models covering diverse architectures and both thinking and no-think modes.

2 RELATED WORKS

Language confusion has emerged as a critical challenge in multilingual large language models
(LLMs). [Marchisio et al.| (2024) formalized the concept of language confusion and introduced the
Language Confusion Benchmark (LCB), providing the first standardized evaluation framework for
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measuring cross-lingual interference in LLMs. Their analysis revealed that confusion often occurs
at specific “confusion points” in the generation process, motivating targeted intervention strategies.
They show that greedy decoding can help reduce language confusion but not eliminate it, at the cost
of potentially degraded LLM performance.

Building on this foundation, |Nie et al.|(2025)) conducted mechanistic interpretability analysis to iden-
tify neurons responsible for language switching behavior. They found that suppressing these critical
neurons during inference reduces unwanted language mixing, suggesting that confusion is localized
in the model’s internal representations. Similarly, |Ji et al.| (2025) focused on Korean-language se-
tups where Chinese character intrusion was observed, proposing a post-hoc smoothing method that
identifies and suppresses Chinese tokens during decoding. Other approaches have explored different
mitigation strategies.

Li et al.[ (2025) took a unique perspective by studying whether language mixing between English
and Chinese could actually benefit reasoning performance. Rather than targeting suppressing lan-
guage confusion, they trained a gating mechanism to predict when mixing helps or harms task
performance, selectively encouraging or discouraging it accordingly. In contrast, Lee et al.| (2025)
proposed training models to prefer language-consistent responses through Odds Ratio Preference
Optimization (ORPO), aligning model outputs with preferences for linguistic coherence.

While these works represent important progress, they face limitations in practical deployment:
some require model retraining or fine-tuning, others lack the ability to distinguish legitimate code-
switching (e.g., technical terms or bilingual education contexts) from erroneous confusion. Our
work addresses these gaps by introducing a lightweight, plug-in intervention that operates at confu-
sion points without modifying the base model, while preserving valid multilingual behaviors.

3 CLOSER LOOK INTO LANGUAGE CONFUSION

3.1 CONFUSION POINT

Large language models (LLMs) generate text autoregressively by producing a probability distribu-
tion over the vocabulary at each step. The next token is usually sampled using a hybrid of top-k
and top-p (nucleus) sampling. As demonstrated in Marchisio et al.| (2024) and [Nie et al.[(2025), a
confusion point arises when a token with a language different from the last token appears within
the sampling tokens. We define the token in the different language as confusion token.

To better understand behavior of LLMs at confusion points, we use the FLORES-NO-LATIN
dataset as described in Section [5.2] to trigger language confusion in Qwen3-8B. We inspect the
token probability distribution of LLM at the confusion point, and we find that the confusion token is
the top-1 token 56.74% of the time, which makes greedy decoding ineffective to prevent language
confusion. Further, we find that language consistent tokens appear within top-3 99.29% of the time.
This suggests that language switching errors are not due to a complete absence of correct-language
candidates in the model’s output distribution, but rather to the model assigning insufficient prob-
ability mass to them relative to competing tokens from the confused language. This observation
motivates a logits based intervention strategy without modifying weights of the model. We can
simply mask tokens in the undesired language families.

3.2 TOKEN EMBEDDING NORM ANALYSIS.

The magnitude of output token embeddings plays a critical role in language confusion by favoring
tokens from high-resource languages.

Language models compute hidden states at each generation step and project them to vocabulary-
sized logits through a linear layer W, € Rmodert<[V1:

logits = Woys ' h
Wout is a collection of individual column vectors, [eg, €1, ..., e|V‘_1], where each vector e; repre-

sents the output embedding for a specific token in the vocabulary, we define these as output token
embeddings. Then we can decompose logit, as

logits, = h - e; = ||h]| - ||ei]| - cos_sim(h, e;).
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That is, the logit of each token logit, is the dot product between the hidden state / and that to-
ken’s embedding e;, and thus be decomposed into its geometric components: magnitude (norm) and
direction (cosine similarity).

Since the norm of the hidden state, ||k||, is constant for all tokens at a given generation step, this
decomposition reveals a critical, often-overlooked factor: the output token embedding norm, ||e;||.
It shows that a token can achieve a high logit simply by having a large embedding norm. This creates
a systemic bias where tokens from high-resource languages develop larger norms, which sometimes
causes language confusion.

We categorize the vocabulary by language family: CJ (Chinese/Japanese), Latin, and Low-Res (low-
resource languages). For each language family, we compute the fraction of tokens whose embedding
norms lie in the top 5% of all token norms in the model’s vocabulary. As shown in Table[T] the results
confirm a significant imbalance: high-resource languages like Latin and CJ consistently dominate
the high-norm group, while low-resource languages are heavily underrepresented.

Table 1: Percentage of tokens in each language family with embedding norms among top 5% of all
token embedding norms.

Model Cl% Latin% Low-Res%
Qwen3-8B 10.74 4.61 0.14
Qwen3-30B-A3B 6.52 5.50 0.07
Llama3.1-8B 4.38 5.95 1.34
Gemma3-12B 0.94 5.04 2.40
GPT-OSS 0.00 7.00 0.00
Before Norm Adjustment After Norm Adjustment
. . . Rank |Token Prob(%) |Norm Token Prob(%) |[Norm
Translate the following English text into — ——
Hebrew. Only provide the translation. 1 = Ay (05500 ) TR s
English: The views presented are often 2 ‘oo’ 20.41 1.0703 |'n' 26.56 1.0547
cursory, general and oversnmpllﬂed 3 ' 162 17266 |'n 977 1.0938
compared to the more detailed — —
information available elsewhere. 4 n 9.62 1.0547 ' nr’ 2.04 1.2188
5 n 5.49 1.0938 |'a' 1.40 0.9766
Hebrew:
6 tani 4.57 12188 |'v' 4 1.0547
Qwen3-8B ani ) 0.45 05.
N9 [0 NINR DNYY? XN 09T 7 ‘o' 2.03 13359 |'nv! 045 1.0156
YTMY IXIYNA T NIVIYDI NInTAM E AN 8 ' dé' 0.95 16250 |'1" 0.40 0.8633
MK DI7NA DY 0719N. 9 “un' 0.74 13047 |'o' 0.38 1.1562
10 ' mn 0.54 1.3750 ‘790’ 0.38 1.3359

Figure 2: Top-10 Logits before and after applying norm at a confusion point on Qwen3-8B

Adjusting the logits by the token embedding norm: logit,,,; ; = ﬁ = ||h||-cos_sim(h, e;) removes
the embedding norm bias, allowing tokens to be ranked purely by their cosine similarity with the
hidden state as shown in Figure 2] We can see that the initial highly ranked language confusion
tokens disappear from the top 10 tokens. This shows that norm-adjusted top-k tokens provides a
signal for correct next-token language family, and we can use this signal to train a gate that predicts
language family of next token as discussed in Section f] Norm bias can account for a subset of
such errors but cannot fully explains language confusion. For example, it can’t explain language
confusion between English and Chinese since they both have high norm, or between low resource
languages since they both have low norm, so it can’t be directly used for intervention.

We studied how percentage of low resource tokens in training data affects the output token norm in
Appendix
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3.3 LANGUAGE CONFUSION V.S. NATURAL LANGUAGE MIX

Language mix, or code-switch, has been observed and discussed in both NLP and linguistic area
(Dogruoz et al [2021; Winata et al.,[2023). We show several examples that language mixing in the
context is necessary. 1) the use of English abbreviations or terms like Python, Java, iPhone. 2)
Coding tasks. The user may prompt in Chinese to ask LLM to write code, while most programming
languages are based on English characters. 3) Language study. We show examples of natural code-
switch contexts in Appendix [H] The user may ask the language model to explain phrases in another
language in English. In that case, the ability to use several language in a response should be pre-
served, so simply constrain the LLM to output in single language won’t work. In that case, simply
enforcing a rule-based language consistency constraint won’t work, since we have two objectives:
suppressing unnormal language confusion while maintaining normal code-switch capabilities.

3.4 DOES SOTA COMMERCIAL LLMS SHOW LANGUAGE CONFUSION?

Even state-of-the-art commercial LLMs exhibit non-negligible language confusion, confirming it as
a widespread challenge across both open-source and proprietary models. We evaluate commercial
models using our FLORES-NO-LATIN as described in Section (Table [2). The results reveal
that language confusion is widespread—even among state-of-the-art closed models. Notably, we are
not sure that if a similar intervention mechanism like Language Confusion Gate has been applied to
any commercial models, but we can observe that all models show non-negligible Latin Confusion
and CJ Confusion (except Claude-Sonnet-4). We show the full table covering more Commercial
LLM confusion rates in Appendix [E]

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.

Model Cl% Latin% BLEU
GPT-5-Chat 0.57 0.67 10.66
Claude-Sonnet-4 0.00 0.35 21.77
Gemini-2.5-Pro 0.04 0.50 19.11
DeepSeek-v3.1 0.67 1.06 18.11

Qwen3-235B-Instruct  2.27 5.07 1543

4 METHOD

4.1 LANGUAGE CONFUSION GATE

We propose a lightweight intervention mechanism to address language confusion without modify-
ing the base LLM architecture or requiring model retraining. Our approach introduces Language
Confusion Gate as shown in Figure|[I} a two layer MLP that determines language families allowed
at each generation step, then masks inappropriate tokens from the logits during sampling. The gate
itself is a two layer MLP that takes the LLM’s final hidden state h; as input and produces language
family logits z; = MLP(h;) € R*. At each generation step, for each new token, the gate predicts
one or more language families allowed for next token, and mask tokens in banned language. Inter-
vention only happens when the tokens could be sampled under current top-k, top-p, and temperature
parameters contain language families disallowed by the gate. Since language confusion happens
rarely, it has minimal impact on overall generation.

Classify Tokens into Language Families. To enable the Language Confusion Gate, we clas-
sify each token in the entire vocabulary into one of four mutually exclusive families: Chinese and
Japanese (CJ), for tokens primarily composed of Chinese and Japanese characters; Latin, for to-
kens representing Latin scripts; Symbols, for punctuation, numbers, and special characters; and Low
Resource Languages (L.ow-Res), the category for all other tokens.
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The classification is performed using a prioritized heuristic. For each token in the vocabulary, we
first attempt to decode it from its byte-pair encoding (BPE) into Unicode characters. If the resulting
characters contain any Chinese or Japanese script, the token is classified as CJ. If not, and the
characters consist only of Latin script and symbols, it is classified as Latin. If a token decodes
exclusively to symbols, it is classified as Symbols. All other tokens that decode to valid characters
from other scripts are categorized as Low-Res.

A known challenge with BPE is that some tokens may represent incomplete Unicode characters. In
these cases, we analyze the partial byte sequence to infer its language family based on Unicode’s
continuous block structure. We discuss in more detail this method in Appendix [A] If the family
cannot be reliably determined, the token is conservatively classified as Symbols. Applying this
methodology to the Qwen3 tokenizer (151,936 total tokens) yields the following distribution: 27,658
CJ, 94,666 Latin, 10,355 Symbols, and 19,257 Low-Res tokens.

4.2 TRAINING

Norm-adjusted self-distillation. We train the gate with norm-adjusted self-distillation, use the
model’s own language prediction as pseudo-targets, and remove the systemic advantage of high-
norm tokens with norm-adjustment.

For the logit vector logits € R!V! produced at a given step, we compute norm-adjusted logits,

logits, g, by dividing each token’s logit by the norm of its output embedding vector ||e, |2

With these debiased logits, we create multi-label pseudo-targets y; for each generation step ¢. First,
we identify a set of high-confidence candidate tokens, Sy ,(logits,g;,y), by applying top-k/top-p
filtering to the norm-adjusted logits. Then, we determine which language families are present in
this candidate set. The pseudo-target for language family ¢ is set to 1 if any token from that family
appears in the set, and O otherwise. This is formally expressed as:

yzi =1 [Skﬁp(logitsadjust) NF; # 0]7
where F; is the set of tokens belonging to language family ¢ (as defined in Section @

We train the gate to predict the pseudo-targets using a standard binary cross-entropy (BCE) loss:
L ="  BCE(y;;,0(z:)), where o is the sigmoid function and n is the number of language
families. We freeze weights of the LLM during training.

4.3 INTERVENTION RULES

During inference, we apply the LCG to dynamically mask tokens from disallowed language families
at each generation step. To mitigate potential side effects, we supplement the gate’s prediction
with several intervention rules: (1) Symbols and Low-Res tokens are never masked. It’s very
rare for high-resource language to mix low-resource languages, so we never mask Low-Res tokens.
We never mask symbols since they don’t cause language confusion. (2) No intervention if the
gate’s prediction is contradicted by high-confidence model output. If neither of the two high-
probability candidate sets defined by (top-k = 5, top-p = 0.999) or (top-k = 20, top-p = 0.95)
contains any token from the gate-predicted language family, we refrain from applying any mask. (3)
Persistence of the previous token’s language. To maintain linguistic coherence, we always allow
the language family of the immediately preceding non-symbol token.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Models. Our experiments include both standard (‘“no-think™) and reasoning-focused (“thinking”)
large language models to ensure the LCG is effective across different architectures and capabilities.
For no-think models, we applied our intervention to Qwen3-30B-A3B-Instruct-2507 (Yang et al.,
2025)), Qwen3-8B, Llama 3.1-8B (Dubey et al.,|2024), and Gemma3-12B (Team et al., [2025). For
thinking models, we evaluated our intervention on Qwen3-30B-A3B-Thinking-2507, Qwen3-8B,
and GPT-OSS-20B (OpenAll 2025). Notably, Qwen3-8B is a hybrid model and was used in both
experimental setups. In experiments, we refer the gate trained with norm-adjusted self-distillation
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LCG-adjusted, while the gate trained only with self-distillation without norm-adjustment LCG-
unadjusted.

Training Data for the Gate. We trained the LCG on a composite dataset of approximately 78,000
samples covering over 200 languages to ensure it learns to handle a wide variety of linguistic con-
texts. This same dataset was used to train the gate for both thinking and no-think models. The data
was aggregated from several sources, including the Aya Dataset (Singh et al.,[2024) for diverse top-
ics, the FLORES+ Dataset (NLLB Team et al.,[2024) to generate translation pairs for low-resource
languages, the DeepSeek Distill Dataset (Lightblue KK.|[2024)) for multilingual reasoning contexts,
and the Alpaca (Taori et al.,[2023) datasets (Chinese & English) to maintain strong performance in
high-resource languages.

5.2 EVALUATION STRATEGY

Our evaluation is designed to confirm that LCG reduces language confusion without degrading task
performance. We use different benchmarks for “thinking” and “no-think” models to align with their
distinct behavioral patterns.

Evaluation Datasets. We evaluate no-think models using the translation dataset FLORES+ for
Arabic, Hebrew, Korean, and Thai, and the INCLUDE benchmark (Romanou et al.,|2024), a multi-
lingual knowledge and reasoning dataset for Arabic, Hebrew, Greek, Russian, and Vietnamese. For
thinking models, we use Python problems from Humaneval-XL (Peng et al., [2024) in Arabic and
Hebrew, repeating each prompt 10 times to reliably detect confusion in reasoning-intensive tasks.
Across all datasets, we measure both language confusion rate and standard task performance.

Evaluation Metrics. We define the language confusion rate as the percentage of model responses
that contain at least one character from an unintended language script. Our evaluation focuses on two
primary types of confusion: Chinese/Japanese (CJ) confusion and Latin confusion. CJ confusion is
straightforward to measure using a rule-based detector, as legitimate code-switching into Chinese or
Japanese characters is exceedingly rare in the target languages of our benchmarks. Consequently,
we evaluate CJ confusion across all datasets.

In contrast, Latin confusion presents a more nuanced challenge due to the frequent and valid use
of Latin-script tokens in contexts such as programming code or mathematical notation. To address
this, we partition the FLORES+ dataset into two subsets: FLORES-NO-LATIN: translations whose
ground-truth references contain no Latin characters, so any Latin script in model output is considered
erroneous. FLORES-WITH-LATIN: translations where Latin characters appear in the reference
and are thus permissible. This partitioning is performed by examining ground-truth translations from
English into five target languages: Arabic, Hebrew, Korean, Thai, and Chinese, and flagging those
that include Latin-script characters. We restrict our Latin confusion evaluation to the FLORES-
NO-LATIN subset, where rule-based detection reliably identifies unintended language mixing.

Rationale for Not Using LCB. We use established multilingual benchmarks for our evaluation
instead of the Language Confusion Benchmark (LCB) (Marchisio et al., [2024])) for two reasons: (1)
We observed that some LCB queries require natural code-switching, which could lead to unreliable
confusion metrics. (2) Its language detector sometimes produce wrong results, which may result in
false positives. Our methodology of using standard benchmarks with targeted filtering provides a
more robust and practical evaluation.

5.3 EVALUATION RESULTS

We evaluate the Language Confusion Gate (LCG) across both standard (“no-think™) and reasoning-
focused (“thinking”) models to assess its effectiveness in mitigating unintended language mixing
and validate the importance of norm adjustment. To examine LCG’s impact on legitimate code-
switching behavior, we conduct comparative analysis against reference models. Furthermore, we
benchmark LCG against established baseline methods to demonstrate its advantages in reducing
language confusion while maintaining appropriate multilingual capabilities.
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Table 3: Effectiveness of LCG Intervention on “No-Think” Models. No LCG is the case without
intervention. BLEU scores are for FLORES-NO-LATIN; accuracy is for INCLUDE.

Qwen3-30B Llama3.1-8B Gemma3-12B Qwen3-8B
FLORES-NO-LATIN

CJ% (No LCG) 1.0 3.0 0.2 4.5
CJ% (LCG-unadjusted) 0.2 2.0 0.1 0.5
CJ% (LCG-adjusted) 0.0 0.4 0.1 0.1
Latin% (No LCG) 4.4 8.4 1.0 12.1
Latin% (LCG-unadjusted) 0.7 5.7 0.6 6.2
Latin% (LCG-adjusted) 04 2.9 0.5 2.0
BLEU (No LCG) 132 11.3 16.9 12.1
BLEU (LCG-unadjusted) 13.3 12.2 17.0 11.9
BLEU (LCG-adjusted) 134 12.3 17.1 12.1
INCLUDE
CJ% (No LCG) 221 0.87 0.00 1.67
CJ% (LCG-unadjusted) 0.22 0.51 0.00 0.44
CJ% (LCG-adjusted) 0.11 0.07 0.00 0.18
Accuracy (No LCG) 71.12 46.12 64.95 61.43
Accuracy (LCG-unadjusted) 71.55 46.12 65.02 62.84
Accuracy (LCG-adjusted) 70.83 46.34 65.75 61.76

Experiments on No-Think Models Intervention. LCG drastically reduces language confusion in
standard (no-think) models by an order of magnitude, while maintaining task performance. We eval-
uate the intervention effectiveness of the language confusion gate on nothink models on the FLO-
RES+ dataset and the INCLUDE dataset. On the FLORES+ dataset (Table 3, the gate drastically
reduces both CJ and Latin confusion. For example, Qwen3-30B-A3B-2507 reduces CJ confusion
from 1.0% to 0.0%, and Latin confusion from 4.4% to 0.4%, while maintaining stable BLEU scores.
Llama3.1-8B and Qwen3-8B show high language confusion rate without intervention, with LCG-
adjusted intervention, Llama3.1-8B’s Latin% drops from 8.4% to 2.9% and Qwen3-8B’s Latin%
falls from 12.1% to 2.0%. Results on the INCLUDE dataset (Table 3 also show significant reduc-
tions in CJ confusion—from 2.21% to 0.11% in Qwen3-30B without degradation in task accuracy.

Frequency of Intervention. The intervention performed by LCG is sparse and precise, so it has
minimum influence on normal token generations. We measured the frequency of intervention for
Qwen3-8B and Llama3.1-8B on the FLORES-NO-LATIN dataset. For Qwen3-8B, the intervention
rate is 0.38%, which is 523 among 139354 tokens generated. For Llama3.1-8B, the intervention rate
is 0.33%, which is 545 among 162846 tokens generated.

Ablation of norm-adjustment. We compare the LCG-unadjusted against the LCG-adjusted and
find that LCG-adjusted consistently achieves better performance. As shown in Table 3] LCG-
adjusted further reduces both CJK and Latin confusion while preserving or slightly improving BLEU
scores. For instance, on Llama3.1-8B, Latin confusion drops from 5.7% (LCG-unadjusted) to 2.9%
(LCG-adjusted), and on Qwen3-30B, it decreases from 0.7% to 0.4%. This demonstrates that train-
ing with norm-adjustment produces a gate with higher accuracy, leading to more precise suppression
of language confusion. Thus, LCG-adjusted represents our final, optimized intervention.

Experiments on Thinking Model Intervention. LCG can also effectively reduce language con-
fusion on thinking models. For reasoning-capable models, we evaluate on the humaneval-x1 dataset
(Table d). Our intervention successfully eliminates Chinese character confusion—reducing it from
0.38% to 0.06% in GPT-OSS and from 0.12% to 0.00% in Qwen3-30B—while maintaining com-
petitive Pass@1 and Pass@10 scores. This indicates that the gate effectively prevents language
confusion during complex reasoning tasks without degrading the model’s reasoning capability, its
effect on reasoning length is also very small.
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Table 4: Effectiveness of LCG Intervention on “No-Think Models measured on Humaneval-XL.
Length refers to the average Length of reasoning tokens used.

No LCG LCG-adjusted
Model Cl% Pass@] Pass@10 Length CJ% Pass@l Pass@10 Length

Qwen3-8B 1.50  83.81 97.01 3327 0.06  83.13 96.67 3361
Qwen3-30B  0.12  91.25 97.83 2528  0.00  90.50 97.97 2534
GPT-Oss 0.38  85.88 98.07 501 0.06  84.56 98.32 507

Impact on normal code-switch. A critical challenge in mitigating language confusion is ensuring
that the intervention does not penalize legitimate code-switching, which is a natural and often nec-
essary aspect of multilingual communication. We find that although LCG reduces the frequency of
legitimate code-switching, it preserves the model’s code-switch ability. We measured LCG’s impact
on the FLORES-WITH-LATIN dataset, a subset of the FLORES benchmark where ground-truth
translations contain Latin characters, indicating possibility of code-switch.

In our first experiment, we ran the Qwen3-8B No LCG on the FLORES-WITH-LATIN dataset to
generate translations. From these outputs, we select cases where the model’s use of English was
judged by human annotators to be natural, appropriate code-switch. We then applied Qwen3-8B
LCG-adjusted on to these outputs to determine whether it would permit the English tokens at each
confusion point. We find that Qwen3-8B LCG-adjusted allows the English code-switch in 86.7% of
these human-validated examples, indicating that it largely preserves legitimate code-switch.

In our second experiment, we ran the models with LCG on the FLORES-WITH-LATIN dataset.
We define the “code-switch rate” as the percentage of responses that contain Latin characters. We
compare the models’ rates before and after intervention to two baselines: the rate in the ground-truth
answers (“Answer Rate”) and the rate of a strong baseline model: Claude Sonnet 4. Notice that these
two baselines are just references for comparison but not a ground truth optimal code-switch rate.

As shown in Table 5} LCG does reduce the rate of code-switching across all models. For instance,
the code-switch rate for Qwen3-8B from 46.34% to 25.90%. However, the post-intervention rates
remain higher than the Claude Sonnet 4 baseline (23.29%) and not much lower than the ground-truth
answer rate (38.36%). This suggests that while LCG makes models more cautious about mixing
languages, it does not eliminate their ability to perform necessary code-switching. The intervention
effectively moderates the behavior, preserving the model’s capacity for legitimate language blending
while suppressing erroneous confusion. We show examples that our LCG avoids language confusion
and maintains natural code-switch in Appendix

Table 5: Impact of LCG on legitimate code-switching behavior. In addition to these numbers, at the
token level, LCG-adjusted allows English tokens at 86.7% of the confusion points.

Model No LCG LCG-adjusted Answer Rate Claude Sonnet 4
Llama3.1-8B 42.51 31.60 38.36 23.29
Qwen3-8B 46.34 25.90 38.36 23.29
Gemma3-12B 30.94 25.57 38.36 23.29

Comparison with baseline intervention mechanisms. We compared our LCG-adjusted approach
with three baseline intervention mechanisms: in-context learning (ICL), greedy decoding, and
ORPO tuning as described in[Lee et al.|(2025). We show the prompt we used for ICL in Appendix[D}
For the ORPO method, we prepare a multilingual dataset, and synthesize samples with language
confusion as rejected samples similar as [Lee et al.| (2025)). The results in Figure [3]demonstrate that,
LCG most effectively reduce the language confusion rate while preserving model performance.

For instance, with the Qwen3-8B model, ICL only offers a marginal improvement, reducing the Chi-
nese/Japanese character confusion (CJ%) from 4.5% to 4.2%. Greedy decoding provides similarly
limited benefits, lowering the CJ% to just 4.2%. Since greedy decoding is the most conservative
sampling strategy, this result implies that merely tuning other decoding parameters like temperature
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EEN NolCG NN Greedy NN ICL EEE ORPO NoRule EEEN LCG-adjusted
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Figure 3: Comparison of LCG with baseline methods. CJ% and Latin% show CJ confusion rate and
Latin confusion rate respectively.

or top-p would also be insufficient to resolve the language mixing issue. In contrast, our LCG-
adjusted mechanism achieves a substantial and consistent reduction in errors across all models. For
Qwen3-8B, it decreased the CJ% from 4.5% down to 0.1% and the Latin% from 12.1% to 2.0%.
This shows our learned gate is a more targeted and effective solution than simple prompting or
decoding-based interventions.

LCG also outperforms training-based methods. For instance, while ORPO achieves performance
comparable to LCG on Llama3.1-8B, it performs significantly worse on Qwen3-8B when evaluated
on the FLORES-NO-LATIN dataset. Moreover, we observe that ORPO can degrade the model’s
general capabilities: on Qwen3-8B, INCLUDE accuracy drops from 61.4 to 57.3, and on Llama3.1-
8B, it declines from 46.1 to 43.2. This suggests that ORPO may sacrifice overall language under-
standing in its attempt to reduce language confusion. We have also ablated the intervention rules as
discussed Section [4.3]in the “No Rule” setup. We can see that LCG can still reduce language con-
fusion without the additional rules, but the combination of rules and LCG further reduces language
confusion rate. This shows the necessity of both LCG and intervention rules.

6 DISCUSSION AND CONCLUSION

The Language Confusion Gate (LCG) is a lightweight, plug-in intervention that effectively miti-
gates language confusion without altering the base model’s parameters. Its primary advantage is its
practicality: as a small MLP with a sparse intervention rate, it adds minimal computational overhead
and avoids the performance trade-offs common in methods that require retraining.

LCG is very efficient. In our production system, we benchmarked the performance of Qwen3-30B-
A3B-Instruct 2507 with and without LCG. We set the input length to 2000 tokens with a concurrency
of 8 samples, and let the model outputs 100 tokens. We find the time taken for each generation step
is 15.95ms without the gate, and 15.99 with the gate, with a minimum increase of 0.4%. Further,
LCG is compatible with speculative decoding as discussed in Appendix[F

However, the current approach is limited by its script-level granularity. By grouping tokens into
broad families like “Latin” or “Low-Res”, the gate cannot resolve more nuanced confusion be-
tween languages that share the same script (e.g., Spanish vs. English) or between two different
low-resource languages. Future work could explore more fine-grained and language-specific gates.

10



Published as a conference paper at ICLR 2026

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our results, we have uploaded all code necessary for training and
evaluating the models described in this paper to the supplementary materials. The provided code-
base includes detailed instructions for data preprocessing, model training, hyperparameter settings,
and evaluation procedures. All experiments can be replicated using the included scripts and config-
urations.

LLM USAGE

The authors acknowledge the use of large language model (LLM) technology to assist in the prepa-
ration of this manuscript. Specifically, an LLM was employed to aid in refining language, improving
clarity, and polishing the prose of certain sections.
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A DETAILS OF THE TOKEN CLASSIFICATION ALGORITHMS

A known challenge with Byte-Pair Encoding (BPE) is that some tokens may represent incomplete
Unicode characters, making them difficult to classify directly. When a BPE token cannot be decoded
into a valid Unicode string, we employ a more sophisticated method to infer its language family by
analyzing its underlying byte structure. This approach allows us to conservatively classify even
partial tokens.

Our methodology relies on the continuous block structure of the Unicode standard. Even if a token
only contains the first few bytes of a multi-byte character, those bytes can significantly narrow down
the range of possible code points it could belong to. The process is as follows:

1. Byte Sequence Decomposition. First, the ambiguous token is converted back into its
raw byte sequence. This sequence is then fed into a UTF-8 state machine that breaks it
down into logically complete or partial UTF-8 units. The key is to identify what we term
a “left partial” token: a byte sequence that correctly starts a multi-byte character but is
incomplete.

2. Inferring Code Point Bounds. With a “left partial” sequence identified, its first two bytes
are used to determine the possible range of Unicode code points it could represent if com-
pleted. Based on the rules of UTF-8 encoding, we calculate the lowest and highest possible
code points that can be formed. For a 3-byte sequence, the final code point is formed from
bit patterns across all three bytes. Since the third byte is missing from our partial token,
we can calculate the full range of possibilities by assuming the third byte is at its minimum
valid value (0x80) and then its maximum valid value (0xBF).

3. Overlapping with Language Blocks. Finally, we check if this inferred Unicode range
overlaps with any predefined language blocks. The calculated bounds are compared against
a map of known Unicode ranges, which contains the official start and end code points for
scripts like CJK Ideographs, Hiragana, and Katakana.

If a token is identified as a “left partial” and its inferred Unicode range overlaps with any of the
CIJK blocks, it is classified as a CJ token. This robust, byte-level analysis allows us to handle the
ambiguity of partial BPE tokens and improve the accuracy of our language family classification.

B MORE EVALUATION ON IMPACT ON GENERAL CAPABILITIES

Beyond the benchmarks we evaluated in Section[5] we also evaluated and compared the performance
of Qwen3-30B-A3B-Instruct-2507 with and without the Language Confusion Gate in Table [B] We
can see that the incorporation of LCG doesn’t affect general Capabilities of LLM.

Benchmark Qwen3-30B No LCG  Qwen3-30B LCG
MMLU-ProX-13 71.95 71.74
MMLU 85.04 85.03
MMLU-pro 78.44 78.25
GPQA 70.35 70.45
SuperGPQA 53.38 53.24
AIME24 74.32 74.90
AIME25 61.25 61.88

Table 6: Performance comparison between Qwen3-30B-A3B-Instruct-2507 without and with LCG.
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C COMPUTE RESOURCES REQUIRED FOR EXPERIMENTS

All of the training and evaluation experiments we talked about could be run on two NVIDIA-A100
GPUs, for which smaller models like Qwen3-8B, Llama3.1-8B and Gemma3-12B could be trained
on single NVIDIA-A100 GPU. It takes about 12 hours to trained the largest model Qwen3-30B-A3B
we experimented with on 2 A100 GPUs.

D ICL PrROMPT

As discussed in Section[5.3] we tried to use a prompt to teach LLM what is language confusion, and
provide an example to let it avoid. We show the ICL prompt we use in Figure ]

/

Language confusion in the context of large language \
models (LLMs) refers to the phenomenon where a

model mixes or confuses elements of multiple

languages inappropriately during generation. Pay
attention to prevent it. For example, "2 &5 52
ZEZSO0| yardOl S0t EHE JtAZ =2 X
20+ ACt." is incorrect. It should be "2 %S
A2 2SOl OHE0 SOt =RIHAZ
=2 AHSS SO0tE RULH." Pay attention to avoid

@guage confusion during generation. J

Figure 4: Prompt we used for ICL as described in Section[5.3]
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‘We show the full list of commercial LLMs we tested with FLORES-NO-LATIN in Table

Table 7: Full list of language confusion rate of commercial chat LLMs

Model CJ (%) Latin (%) BLEU
GPT-5-Chat 0.57 0.67 10.66
GPT-5-mini 0.04 1.06  18.07
GPT-5-nano 0.04 1.24  16.79
Qwen3-235B-Instruct 2.27 5.07 1543
Qwen3-30B-Instruct 0.92 4.68 13.42
Claude-Sonnet-4 0.00 0.35 21.77
Gemini-2.5-Pro 0.04 0.50 19.11
Gemini-2.5-Flash 0.07 0.82 19.93
DeepSeek-v3.1 0.67 1.06  18.11
DeepSeek-v3-0324 0.14 0.57 20.72
GLM-4.5 0.14 0.99 13.35
GLM-4.5-air 0.14 1.31 15.18
Grok-4 0.18 1.21  20.75
Doubao-1.6 0.99 1.74  14.09

F COMPATIBILITY WITH SPECULATIVE DECODING

The Language Confusion Gate (LCG) is designed to be a lightweight module that integrates seam-
lessly with modern inference optimizations, including speculative decoding. This appendix details
why LCG is compatible with this technique and does not compromise its efficiency gains.
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Speculative Decoding Overview. Speculative decoding accelerates inference by using a smaller,
faster “draft” model to generate a candidate sequence of several tokens. The larger, more powerful
“target” model then processes this entire sequence in a single, parallel forward pass to verify the
draft tokens. This allows multiple tokens to be accepted for the cost of a single forward pass of the
large model, significantly improving throughput.

Integration of LCG. LCG’s compatibility stems from its ability to be integrated directly into the
target model’s verification step with minimal overhead. The process works as follows:

1. Draft Generation: The small draft model generates a candidate sequence of tokens as it
normally would.

2. Target Verification: The large target model performs its single forward pass on the in-
put combined with the draft sequence, producing hidden states and logits for each token
position in parallel.

3. LCG Masking: At each position, the LCG takes the corresponding hidden state generated
by the target model and computes a language mask. Because the LCG is a small MLP, this
step is extremely fast and can be performed in parallel for all draft tokens.

4. Logit Modification: The LCG’s mask is applied to the target model’s logits for each token.
Since intervention is rare, the logits are often left unchanged, ensuring minimal impact on
the model’s standard behavior.

5. Final Validation: The standard speculative decoding algorithm proceeds with its validation
check, but it uses the LCG-modified logits to accept or reject the draft tokens.

Because the LCG is a fast, parallelizable operation that adds negligible computational cost to the
target model’s pass, it does not create a bottleneck or negate the speed improvements offered by
speculative decoding. This ensures that language confusion can be mitigated without sacrificing
inference performance.

G INVESTIGATION OF HOW TRAINING DATA AFFECTS OUTPUT TOKEN NORM

As discussed in Section[3.2] the imbalance of output token embedding norms contributes to language
confusion. We studied how training data affects token norm in Olmo 3 (Team OLMo et al., [2024).
Olmo 3 released their training data and checkpoint in different stages for research purpose. Here we
compared the output token norm of Olmo-3-1025-7B (Pretrain), which is the pretraining checkpoint,
and Olmo-3-7B-Instruct-SFT (SFT), which is the SFT checkpoint. According to Olmo 3’s tech
report, the training data is filtered in the pretraining stage to retrain contain English texts. While
in the SFT stage, they incorporate the aya dataset (Singh et al., [2024) for multilingual capabilities.
Since the percentage of low resource tokens in SFT stage is much higher than that of Pretrain stage
(which is close to 0), we expect the low res token norm to increase.

In Table [§] we compare the percentage of tokens whose embedding norms lie in the top 5% of all
token norms in the model’s vocabulary of Olmo 3 Pretrain and Olmo 3 SFT, similar to Table We
can see that after the SFT stage, the percentage of Low-Res tokens with top 5% norm increase from
3.79% to 7.89%. Notice that since the pretraining stage of Olmo 3 only contains English, Chinese is
also relatively “low resource” in this case. As a result, we observe that the percentage of CJ tokens
with top 5% norm increases from 0.87% to 2.14% after the SFT stage.

Table 8: Percentage of tokens in each language family with embedding norms among top 5% of all
token embedding norms in Olmo 3 7B pretrain and SFT stage.

Model Cl% Latin% Low-Res%
Olmo 3 7B Pretrain  0.87 5.25 3.79
Olmo 3 7B SFT 2.14 5.22 7.89

Notice that the percentage of low-res tokens in in top 5% of all tokens norm in Olmo is higher than
the 5 models we measured in Table |I} This is because Olmo only tokenize very high frequency
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Figure 5: Left: User asking in Arabic to write a python program that computes factorial. Right:
User asking in English to let LLM introduce a Chinese poem.

grams in low resource languages, which are mostly single characters. As a comparison, there are
19,257 Low-Res tokens in Qwen’s tokenizer among of vocab size of 131,936, while only 1268 Low-
Res tokens in Olmo 3’s tokenizer among a vocab size of 100,278. Since Olmo 3 only tokenize high
frequency Low-Res tokens, the average frequency of all Low-Res tokens are higher, which explains
the relatively higher norm.

H EXAMPLES OF NATURAL CODE-SWITCH

We show examples of user queries that require LLM to naturally blend two languages in Figure[5]

I EXAMPLES OF INTERVENTION V.S. NO INTERVENTION

We show examples of Qwen3-8B responses to a query with and without LCG intervention in Fig-
ure[6] The example on the left shows an example that incorrect language mixing is avoided, and the
example on the right shows an example that correct code-switch is maintained.

From Figure [7] to Figure [I0] We show qualitative examples on Qwen3-30B-A3B-Instruct-2507
showing that models with LCG maintains natural code-switch capabilities under context that re-
quries multilingual communication. For each of the Figures, on the left we show the response of
Qwen3-30B-A3B-Instruct-2507 without intervention (NoGate), on the right we show the response
of the same model with Intervention (Gate). We can see that model with LCG preserves capability
to switch between languages.

J FALIURE CASES OF LCG

It’s possible for LCG to fail in preventing language confusion. This happens when the LCG thinks
token in a different language is acceptable here, while it turns out to be incorrect. We show two
examples of this case in Figure[TT]

However, it’s impossible for LCG to increase rate of language confusion, because of the intervention
rule of “persistence of the previous token’s language” in Section [£.3] Language confusion can
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QUERY:

Translate the following English text into
Modern Standard Arabic. Only provide
the translation. English: Layton had
asked for changes to the conservatives'
environmental bill during the meeting
with the PM, asking for a "thorough and
complete rewriting" of the Conservative
party's environmental bill. Modern
Standard

Arabic:

Qwen3-8B No LCG:

Coal &) 5 e @i ol ) g5l lla

" Wl el sl st ) qe plaia¥) JDA cplailadl)
5 ALls LS saleplete" « sl Al ¢ 5l
Cpbadlaall

Qwen3-8B LCG-adjusted:

Goall ) 518 e @bt o) jal (53l il
sale )" Glldas cel )yl Gatdy & salll IO sl
Jaalaal) (o jall dil) oy il "L  ALaLs A,

QUERY:

Translate the following English text into
Korean. Only provide the translation.
English: Also, make sure to pronounce r
and rr differently: caro means dear,
whereas carro means chariot.

Korean:

Qwen3-8B No LCG:

E5hret irE G2 ¢€3ote 242
S0IGINI R caro= AlEGlE 22,
carro= M XtE 20| &LICt.

Qwen3-8B LCG-adjusted:

ESh et rrE G2 230 0F & LICH
caro= A& 6t= AL SEGHXI gt
carro= MXE SS&LICH

Figure 6: Comparison between language confusion and natural code-switch.

Create an Arabic restaurant menu with Arabic text
and English dish names

Qwen3-30B-NoGate
el plaall Bt 91 (3501 — (300 pakaa

Rl AL S e Al

Ty @il
1. pal GAass (Lamb Mansaf)
e M3 il 5, g o sl 31551 R Faln g ey sebas gl
2. 52,4 &5 (Cold Kibbeh)
0530 25y bl el o5 el o5l pall e e shma S
3. gla3 ¢ius (Chicken Mansaf)
Ot 5 il 5, e o2y ciin Auals a5 52 a2
4. 5 3% oS (Grilled Kebab)
Aty e S ge il e (ke glas S el Gl
5. sall; & (Lamb Fattoush)

e fin 35y s Uk el g s pals hika 58

% dydla gkl

6. U5 (Tabbouleh)

Ol aatl o) Ll ¢l 0 Al
7. &akly pass (Hummus with Tahini)

Osadls cosie) Sy inls ga (s s pans

8. JLai Jlia (Pickled Vegetables)

aad) dealy AN €3l g Allie it

...... [Ablated]

Qwen3-30B-Gate
Ll — Al paba

S ) il (e (505 gerlae

sy (gl
Grilled Lamb Chops — s s2d glall (is
by pllals Al (0 58 oo Rt padl) e Rk ol g 52
Chicken Shawarma — zlaall L5
ol mad Aaluy ph Aialia o cpels e i o il Al o 53l glas
Beef Kebab — aalll s
Ol il 5 e e g o pndl e 5 580 5 aie (5 s gl
Mansaf — s

wm 3ok ol 3 o G pmg ) sl L ot s chm ] G

@ s gkl

Tabbouleh — 455

s ) e cgsallly Gan¥l Juadl cablelall o 381 e of jund Al
Hummus — (=es

P 3 et mgeas sl Dpas (G5 G g men s s
Moutabal — i s«

Ozl e S tpfidalia ga (50 Glaiils oo s

Fattoush — i 5%

<y 5rosad dalia e i 58 dla Sl Ll o e g Al

«....[Ablated]
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Figure 7: Qwen3-30B without and with LCG under multilingual context of Arabic and English.
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Explain a Greek expression in English

Qwen3-30B-NoGate Qwen3-30B-Gate

Sure! Here's a common Greek expression explained in English: Sure! Here's a common Greek expression explained in English:

Greek Expression: llaer n pépa (Paei i méra) Greek expression: Mnv To dpeis ota oofapd.

Literal Translation: "The day goes" Literal translation: "Don't take it seriously."

Meaning in English: "It's over," "It's done," or "It's finished." English equivalent: "Don't take it to heart" or "Don't get upset
about it."

This expression is used to indicate that a situation has ended, often

with a sense of resignation, relief, or finality. For example, if Explanation:

someone is frustrated after a long day of problems, they might say . o .

[éer n pépa to mean, "Well, that's it for today—no more dealing This expression is often used when someone says something

with it." It's similar to saying "That's the end of it" or "Let’s call it a jokingly, sarcastically, or lightly, and they want to make sure the

day" in English. other person doesn’t misunderstand or feel offended. It's a way of

saying, “I'm just kidding—don’t overthink it.”
It's often used in casual conversation and can carry a slightly
dramatic or humorous tone, depending on context. For example, if a friend teases you about spilling your coffee, you
might reply with Mnv o mépeis ora ooBapd, meaning, “Don’t take it
seriously—it was just a joke.”

It reflects a cultural tendency in Greece to use humor and
light-heartedness, even in everyday interactions.

Figure 8: Qwen3-30B without and with LCG under multilingual context of Greek and English

Teach a Korean poem to an American student

Qwen3-30B-NoGate Qwen3-30B-Gate

Of course! Let's explore a beautiful and meaningful Korean poem Absolutely! Let's explore a beautiful and accessible Korean poem
together—"Spring Day" (& &) by Kim Sowol (2 £ 8), one of Korea's together—"Al Al (Seo-si) by Kim So-wol (2 2 &). This poem is one of
most beloved modern poets. This poem is perfect for an American student the most famous and beloved in Korean literature, and it beautifully
because it blends simple, vivid imagery with deep emotion, much like the captures themes of nature, time, and quiet reflection—universal emotions
works of American poets such as Robert Frost or Mary Oliver. that will resonate with any student, including an American one.

VZ "A Al" (Seo-si) — "Evening Song"

R " (2
+ "Spring Day" (S'¥) By Kim So-wol (1912-1934)

By Kim Sowol (2! Z)) HE 20| X & A0
B0l 28 L3 yaete JER
L= 0iCI2 Jt2I ke b HI20l 22 AXID
ROl D= A 92 E2 90l YoiXl= 0l
IS ek 2 o fEs 21 Ys
B0 28

Lol It
L= O{CIZ Jt2lDt? LI220l €0 Xl 22l
20| e o 92 123 tHdgi= &

JCHE gLk Jt2int? Sl=8 21, tte

22 Xt
W otso0l s<o01e g2 geist, OtS2 JHEt
JICHE etLked Jtel ke LHJk Ol M& S mLEe
W orsol seole OX 01 & 910l SOIN HSXE
JCHE gLt Jteint? 13, 1R3l,

Wi 0HS 0l Ol & 201 Zoixl2lat
" English Translation (Poetic, not literal):

When spring comes, &2 English Translation (Poetic & Natural):
Where will | go? The evening glow sinks upon the mountain,
To the hill where flowers bloom— A shadow gently settles down.

To meet you? Autumn wind brushes through the grass,
When spring comes, Dew falls softly on the blades.

Where will I go? The shadow of a tree,

To the hill where flowers bloom— Holding centuries of silence,

To meet you? The sound of leaves falling—

If my heart were spring, Quietly, the night descends.

Would | go to meet you? The sky is deep blue, the wind is cold,

If my heart were spring, The earth is plain, the heart is light.
Would | go to meet you? When | leave this world,

May | fall like a leaf upon the ground—
Quietly, quietly,
May my heart settle upon this earth.

...... [Ablated]
...... [Ablated]

Figure 9: Qwen3-30B without and with LCG under multilingual context of Korean and English
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Write a dialogue between a Russian teacher and
an American student

Qwen3-30B-NoGate Qwen3-30B-Gate
Title: A Conversation in the Classroom — Russian and English Title: "A Conversation Across Cultures"
Characters: Setting: A cozy classroom at a university in Washington, D.C. A
) . Russian teacher, Irina Petrova, is reviewing a lesson with her
®  Anna Petrova - A Russian language teacher, mid-40s, American student, Jake Thompson, after class. The room is filled

warm but precise.
o James Carter — An American college student, early 20s,
iastic but ing with iati Irina: (smiling warmly) Jake, you've been studying Russian for
nearly a year now. I'm proud of your progress. But | noticed
in your last assi y iation of “npuset”
was a little off.

with books, maps, and a small Russian nesting doll on the desk.

[Setting: A small uni i A whif has
“Mo6po noxanosatk!” (Welcome!) written in Cyrillic. James
sits at a desk, nervously flipping through his notebook.]

Jake: (laughing) Oh, I'm sorry, Professor Petrova. I've been
practicing, but | swear I've been saying “privet” like you do. Maybe |
just need more coffee?

Anna: (smiling) Good morning, James! How are you today?

James: (hesitant) Uh... good morning, Ms. Petrova! I'm... um...
okay. Alittle nervous. Irina: (chuckling) Perhaps! But no, the issue is not your effort. It's
the stress. In Russian, “npuset” is pronounced with a soft, almost
whispery “v" sound—like “pree-vyet,” not “privet.” Try it with me:
Pree-vyet.

Anna: (chuckles) Don't be nervous! We're here to learn, not to be
perfect. Remember, even Russians make mistakes when speaking
English.

e . o .
James: (laughs) Yeah, I've seen that. My roommate says “l am pakel(vinglieegyet i calviepety
very good at to speak English” all the time. Irina: Exactly! Like a secret. (She smiles.) You're American—so
you're used to strong, clear sounds. But Russian is more...

B (G | That's it o
CIIEB(ERIRENA, Pl Ui DR CEEE RN D eey I EmEEEdet intimate. It's like speaking to a close friend in a quiet room.

speaking English.” But don’t worry—your Russian will get better
too. Let's start with something simple. Today, we're leaming Jake: That's actually kind of beautiful. | never thought of it that way.
grestings. In English, we say “hello” loud and fast. But “npuset” feels...

James: Great! | know “npuset” and “agpascTsyiite.” I've been EeREiEt

practicing. Irina: (nodding) Yes! And that's the magic of language. It's not just
words—it's feeling. When we say “cnacu6o” (spasibo), it's not just

Anna: Excellent! “l " is inf I—like “hi” to a friend.
nna: Excelen Ll e S “thank you." It's gratitude with soul.

“8ppaecreyite” is formal—like “hello” to a teacher or stranger.

Now, how do you say “How are you?" in Russian? Jake: | like that. I've been reading War and Peace—well, the parts |

James: (thinking) Uh... “Kak aena?” can u.ndersland—andll kgep lhln}(lng about how Tolstoy describes
emotions so deeply. It's like reading poetry.

------ [Ablated] «.....[Ablated]

Figure 10: Qwen3-30B without and with LCG under multilingual context of Russian and English.

Query

Translate the following English text into Korean. Only provide the
translation.

English: After seeing the horrors and atrocities of war during World War |,
nations desired to avoid such a situation again in the future.

Korean:

Qwen3-8B

A MAKHE S M| A FES S 0|F, 2132 0/l CHAl
Jefst &8s Tist R #Ct.

Query

Translate the following English text into Korean. Only provide the
translation.

English: There's a tradition to pass the Easter night awake at some
exposed point to see the sunrise.

Korean:

Qwen3-8B

FiEE B0ols SES R0A IO AN HEO0IE 27| |18 S0l UACH

Figure 11: Examples of LCG fail to prevent language confusion on Qwen3-8B.

only happens when the language of a token is different from the last token, while the rule ensures
that the probability of tokens with same language as last token would never decrease.
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