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Abstract001

Large language models (LLMs) sometimes ex-002
hibit language confusion when generating non-003
English text. Existing approaches typically rely004
on fine-tuning to mitigate this issue. In contrast,005
we propose a tuning-free paradigm for reducing006
language confusion. Within this paradigm, we007
introduce two methods: Language-Aware To-008
ken Boosting (LATB), which applies targeted009
perturbations to tokens associated with the de-010
sired language, and Adaptive Language-Aware011
Token Boosting (Adaptive-LATB), which dy-012
namically adjusts these perturbations based on013
the model’s confidence in the intended lan-014
guage. Experiments demonstrate that our meth-015
ods effectively improve multilingual alignment016
by reducing language confusion, while main-017
tain the summarization quality without requir-018
ing any additional fine-tuning. Our code is019
publicly available.1.020

1 Introduction021

Large Language Models (LLMs) have shown im-022

pressive performance, but their English-centric023

development limits their effectiveness for non-024

English users (Hadi et al., 2024, 2023). Recent ef-025

forts (Xue et al., 2021; Workshop et al., 2023; Wei026

et al., 2023) aim to enhance multilingual capabili-027

ties, though English-centric models still underper-028

form in low-resource languages (Qin et al., 2024;029

OpenAI et al., 2024). One of the key issues is lan-030

guage confusion (Devine, 2024), where models fail031

to consistently generate the desired language, par-032

ticularly in non-English contexts (Marchisio et al.,033

2024). Techniques to mitigate this include tempera-034

ture lowering, few-shot prompting, and fine-tuning035

(Marchisio et al., 2024), but these come with limita-036

tions such as reduced responses diversity (Agarwal037

et al., 2024; Renze and Guven, 2024) or increased038

computational costs.039
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Figure 1: Language-Aware Token Boosting (LATB)
enhances target language generation confidence by se-
lectively boosting target language tokens.

We propose a novel tuning-free paradigm for 040

multilingual alignment, using perturbations di- 041

rectly on the logits. This approach eliminates the 042

need for fine-tuning and aligns the model’s out- 043

puts with the desired language, incurring mini- 044

mal additional computational costs during infer- 045

ence. We introduce two methods within this 046

paradigm: Language-Aware Token Boosting 047

(LATB), which applies language-specific token 048

perturbations, and Adaptive Language-Aware To- 049

ken Boosting (Adaptive-LATB), which adapts 050

perturbations by introducing perturbations selec- 051

tively—only when the LLM exhibits uncertainty in 052

generating one language over another. 053

We evaluate our methods on the XLSUM mul- 054

tilingual summarization benchmark (Hasan et al., 055

2021) across eight languages. Both LATB and 056

Adaptive-LATB effectively reduce language con- 057

fusion and maintain summarization performance 058

compared to their respective base models and the 059

multilingual-tuned model. 060

In summary, our contributions are as follows: 061
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1. We propose a novel tuning-free multilingual062

alignment paradigm based on logits pertur-063

bation, introducing two methods: LATB and064

Adaptive-LATB.065

2. We evaluate our methods on the XLSUM066

benchmark, showing reduced language confu-067

sion and maintain summarization quality.068

3. We analyze the effect of logit perturbations069

and show that adding a constant value to the070

logits does not change the relative probability071

ratios among the selected tokens.072

2 Related Work073

Multilingual Large Language Models. Multi-074

lingual Large Language Models (MLLMs) are de-075

signed to process multiple languages simultane-076

ously. The approaches for developing and opti-077

mizing these models can be broadly categorized078

into two main types: parameter-tuning alignment079

(PTA) and parameter-frozen alignment (PFA) (Qin080

et al., 2024). The PTA approach involves tuning the081

model’s parameters to enable multilingual capabili-082

ties. This tuning can occur at various stages, includ-083

ing pretraining (Xue et al., 2021; Chowdhery et al.,084

2022; Workshop et al., 2023; Jiang et al., 2023,085

2024), supervised fine-tuning (SFT) (Chung et al.,086

2022; Muennighoff et al., 2023; Devine, 2024; Pi-087

patanakul et al., 2023), reinforcement learning with088

human feedback (RLHF) (Lai et al., 2023b; Tou-089

vron et al., 2023; GLM et al., 2024; Bai et al., 2023),090

and downstream task fine-tuning (Lepikhin et al.,091

2020; Rosenbaum et al., 2022). In contrast, PFA092

methods do not require parameter tuning for mul-093

tilingual alignment. Instead, they primarily rely094

on prompting techniques (Abdelali et al., 2024;095

Winata et al., 2023; Lu et al., 2024; Puduppully096

et al., 2023) and retrieval-augmented alignment097

(He et al., 2023; Zhang et al., 2023; Conia et al.,098

2023). Our proposed method falls within the PFA099

category. To the best of our knowledge, our study100

is the first to introduce a new taxonomy for logits101

perturbation-based multilingual alignment.102

Language Confusion. Language confusion103

refers to the inconsistent ability of LLMs to104

generate responses in a target language. This105

phenomenon has been observed across various106

NLP tasks, such as machine translation (Vu et al.,107

2022; Li and Murray, 2023), summarization108

(Wang et al., 2023; Yu et al., 2022), and question109

answering (Holtermann et al., 2024). While110

this issue has been systematically studied with 111

various proposed methods mitigating it (Marchisio 112

et al., 2024), our study introduces a novel and 113

cost-effective approach to mitigate language 114

confusion using token perturbation methods. 115

3 Approach 116

3.1 Token Language Identification 117

We identify tokens to boost based on the target lan- 118

guage using a Unicode filtering method following 119

(Wen-Yi and Mimno, 2023). Specifically, a token 120

is considered valid if all its characters belong to the 121

Unicode set defined for the target language. We 122

also include numbers, special characters, and the 123

end of sentence tokens in the desired set. 124

3.2 Perturbation Vector 125

We construct a perturbation vector, p, based on the 126

set of desired token indices I . Each element corre- 127

sponding to an index in I is assigned a perturbation 128

value α ≥ 0, as defined in Equation 1. 129

pi =

{
α if i ∈ I,

0 otherwise.
(1) 130

3.3 Logits Perturbation Methods 131

In this study, we explore two variants of the Logits 132

Perturbation Method: LATB and Adaptive-LATB. 133

3.3.1 Language-Aware Token Boosting 134

(LATB) 135

We introduce perturbations to the logits by adding 136

a perturbation value α to the selected logits to align 137

them with the desired language. The method is 138

detailed in Algorithm 1. 139

Algorithm 1 Vanilla LATB

logits← LLM(x)
logits′ ← logits + p ▷ Logits Perturbation
y′ ← Softmax(logits′)

3.3.2 Adaptive Language-Aware Token 140

Boosting (Adaptive-LATB) 141

Adding logits in the vanilla LATB may suppress 142

the ability to express tokens in another language 143

when necessary. In contrast, the Adaptive LATB 144

perturbs logits only when the LLM is not confi- 145

dent about the language it intends to express. The 146

confidence difference threshold, controlled by the 147

hyperparameter β (0 ≤ β ≤ 1), determines the 148
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model’s confidence difference threshold in one lan-149

guage over another. This design enables the model150

to switch languages when it is highly confident.151

The details of the Adaptive LATB algorithm are152

provided in Algorithm 2.153

Algorithm 2 Adaptive LATB

logits← LLM(x)
y← Softmax(logits)
a← max({yi | yi ∈ y and i ∈ I})
b← max({yi | yi ∈ y and i ̸∈ I})
if |a− b| < β then

logits′ ← logits + p ▷ Logits Perturbation
y′ ← Softmax(logits′)

else
y′ ← y

end if

4 Evaluation Metrics154

We evaluate the model based on two key aspects:155

Language Confusion, which measures the model’s156

misalignment with the target language, and Perfor-157

mance, which assesses the quality of the generated158

summaries.159

4.1 Language Confusion Metrics160

We evaluate language confusion at three distinct161

levels to capture both fine-grained and overall ef-162

fects: token-level, line-level, and response-level163

language confusion.164

Token-level Language Confusion. We deter-165

mine each token’s language based on its Unicode166

and calculate token-level misalignment rates for167

each response. These rates are then averaged across168

all responses to report the final metric.169

Line-level Language Confusion. We segment170

each response by line and utilize an off-the-shelf171

language identification (LID) tool, FastText (Joulin172

et al., 2016b,a), to determine the language of each173

line. We calculate the average language misalign-174

ment per response and report the overall average175

across all responses.176

Response-level Language Confusion. We in-177

put the entire response into the FastText (Joulin178

et al., 2016b,a) language identification and calcu-179

late the average language misalignment across all180

responses, reporting this as the final metric.181

4.2 Performance Metrics 182

We assess summarization performance using three 183

widely adopted metrics: ROUGE-1, ROUGE-2, 184

and ROUGE-L (Lin, 2004). These metrics evalu- 185

ate the overlap of unigrams, bigrams, and longest 186

common subsequences, respectively, between the 187

generated summaries and the reference summaries. 188

5 Experiments 189

Experimental Setup. We compare Llama3 8B 190

Instruct (Lai et al., 2023a) under several configura- 191

tions: (i) a normal prompt in the target generation 192

language without any language constraints in the 193

prompt, (ii) a strict prompt that explicitly speci- 194

fies the target generation language, (iii) a multilin- 195

gual supervised fine-tuned variant of Llama3 8B 196

Instruct, namely Suzume 8B Multilingual (Devine, 197

2024), and (iv) our proposed tuning-free meth- 198

ods, Language-Aware Token Boosting (LATB) and 199

Adaptive-LATB. Llama3 8B Instruct serves as the 200

base English-centric model, while Suzume 8B Mul- 201

tilingual provides a strong multilingual fine-tuning 202

baseline for comparison. 203

For evaluation, we adopt the multilingual 204

abstractive summarization benchmark XLSUM 205

(Hasan et al., 2021). This dataset is well suited 206

to our study as it requires models to generate 207

long-form outputs, enabling systematic quantita- 208

tive evaluation. We consider eight languages span- 209

ning different resource levels, including four High- 210

Resource Languages (HRL): Russian (ru), Simpli- 211

fied Chinese (zh), Japanese (ja), and French (fr), 212

and four Medium-Resource Languages (MRL): Ko- 213

rean (ko), Thai (th), Hindi (hi), and Arabic (ar). 214

The classification of language resource levels fol- 215

lows (Lai et al., 2023a). For each language, we 216

randomly sample up to 1,000 test instances for 217

evaluation. 218

Summarization Quality Results. The results re- 219

ported in Table 2 demonstrate that our methods 220

preserve generation quality and yield marginal im- 221

provements, with gains increasing as the degree of 222

language confusion rises prior to applying LATB, 223

as detailed in Appendix D. 224

6 Analysis 225

Effect of Logit Perturbations on Boosted Token 226

Probabilities. Let I denote the set of boosted to- 227

kens. Let yi and y′i be the probabilities of the i-th 228

token before and after logit perturbation, respec- 229
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Table 1: Language confusion across different methods evaluated on eight languages, reported as Token-level/Line-
level/Response-level language confusion in percentage.

Llama3 8B-I Llama3 8B-I (Strict Prompt) Suzume 8B-Multilingual Llama3 8B-I + LATB (Ours) Llama3 8B-I + Adaptive LATB (Ours)

High Resource Languages (HRL)
ru 80.66/93.83/92.50 5.02/4.10/2.90 3.04/2.30/2.10 0.28/0.44/0.10 0.48/0.38/0.10
zh 85.92/98.90/98.90 14.17/9.69/9.10 7.56/0.89/0.90 4.78/0.00/0.00 5.37/0.10/0.00
ja 85.10/98.83/98.31 10.15/9.29/4.16 5.96/0.73/0.67 3.51/0.70/0.11 4.05/0.16/0.11
fr 0.24/47.14/40.6 0.26/0.39/0.20 0.31/0.37/0.30 0.11/0.35/0.20 0.18/0.25/0.30

Medium Resource Languages (MRL)
ko 85.46/99.60/99.63 16.72/30.79/27.27 8.28/11.74/12.36 3.45/9.98/10.36 4.56/10.12/11.45
th 86.03/99.80/99.39 3.67/9.80/2.30 2.16/1.16/0.84 0.43/0.18/0.00 0.38/0.00/0.00
hi 86.18/99.05/98.50 1.67/8.59/0.40 2.77/3.36/2.50 0.23/0.74/0.10 0.26/0.89/0.00
ar 86.21/99.27/98.30 9.98/11.94/5.60 5.63/2.95/2.60 0.37/0.28/0.00 0.54/0.22/0.00

Table 2: Summarization performance across different methods evaluated on eight languages, reported as ROUGE-
1/ROUGE-2/ROUGE-L in percentage.

Llama3 8B-I Llama3 8B-I (Strict Prompt) Suzume 8B-Multilingual Llama3 8B-I + LATB (Ours) Llama3 8B-I + Adaptive LATB (Ours)

High Resource Languages (HRL)
ru 4.89/0.96/4.18 20.44/9.26/13.41 19.35/8.32/12.42 20.83/9.46/13.60 21.00/9.42/13.58
zh 0.80/0.32/0.69 19.41/8.99/13.73 19.31/8.59/13.38 20.70/9.44/14.64 20.55/9.28/14.52
ja 26.42/12.53/16.84 26.48/12.43/16.97 26.13/11.73/16.55 27.54/12.95/17.70 27.89/12.92/17.89
fr 14.71/6.09/10.49 19.98/8.90/13.71 18.56/7.89/12.47 20.13/9.05/13.74 19.97/8.89/13.59

Medium Resource Languages (MRL)
ko 2.27/0.24/2.12 14.66/6.14/10.16 15.30/6.13/10.47 16.41/6.78/11.38 16.88/7.03/11.67
th 1.79/0.45/1.51 29.24/13.99/15.62 28.99/13.29/15.14 29.77/14.07/15.79 30.97/14.74/16.41
hi 0.93/0.36/0.73 29.83/16.41/19.03 27.71/14.78/17.52 29.68/16.41/19.00 29.77/16.41/19.05
ar 1.54/0.19/1.42 19.22/7.46/11.66 19.60/7.09/11.69 20.44/8.02/12.45 19.79/7.62/11.84

tively. Denote the logit of the i-th token by vi, and230

let α be the perturbation magnitude applied to all231

tokens in I . We analyze the probability mass func-232

tion over the boosted tokens before and after token233

boosting. Consider any two tokens m,n ∈ I .234

y′m
y′n

=
(evm+α) /

(∑
i/∈I e

vi +
∑

i∈I e
vi+α

)
(evn+α) /

(∑
i/∈I e

vi +
∑

i∈I e
vi+α

) (2)235

=
evm

evn
=

evm/
∑

i e
vi

evn/
∑

i e
vi

=
ym
yn

. (3)236

Therefore, the logit perturbation preserves the237

relative probability ratios between any pair of238

boosted tokens.239

Vanilla vs. Adaptive LATB. Both methods de-240

liver comparable performance. However, Vanilla241

LATB requires an optimal hyperparameter search242

to produce non-target language output when243

needed while accurately generating results in the244

target language. In contrast, Adaptive LATB is245

less sensitive to hyperparameters and supports non-246

target language output as required.247

7 Conclusion248

This paper introduces a novel approach to mul-249

tilingual alignment for English-centric language250

models through token perturbation techniques. We251

proposed the Language-Aware Token Boosting 252

(LATB) and its adaptive variant, Adaptive-LATB. 253

Extensive experiments demonstrate that our meth- 254

ods significantly reduce language confusion com- 255

pared to base model and outperform its multilingual 256

fine-tuned model. This highlights the efficiency 257

and practicality of our approach for enhancing mul- 258

tilingual language model capabilities. 259

Limitations and Future Work 260

Our work shows promising results but has several 261

limitations. First, the methods struggle with align- 262

ing LLMs to untrained or out-of-vocabulary (OOV) 263

tokens. Second, reliance on Unicode-based lan- 264

guage identification is less effective for languages 265

with significant overlap with Latin scripts. Finally, 266

hyperparameter tuning is needed to balance lan- 267

guage confusion and multilingual expression. Fu- 268

ture work could improve OOV token handling, de- 269

velop better token-based language identification 270

techniques, and design language-agnostic hyperpa- 271

rameter selection methods. 272
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struct model (Grattafiori et al., 2024) on eight dif- 485
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et al., 2021). The prompts utilized for this exper- 487

iment are detailed in Appendix B. All responses 488

are generated with the sampling parameters set to 489

a temperature of 1.0 and a top-p value of 1.0. For 490

LATB, the perturbation value α is set to 5. For 491

Adaptive LATB, the perturbation value is set to 492

α = 1000, and the confidence difference threshold 493

is set to β = 0.8. 494
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Figure 2: Strict prompt templates used in the experiment

Figure 3: Standard prompt templates used in the experi-
ment

B Prompt Templates495

We design language-specific prompt templates to496

ensure consistency and adaptability across different497

languages during text generation. Each template498

provides a structured format where {} is replaced499

by the input text to summarize. The strict prompt500

templates include instructions to ensure the model501

generates output in the target language, whereas502

the standard prompt templates do not. The standard503

and strict prompt templates are shown in Figures 3504

and 2, respectively.505

C Impact of Hyperparameters506

We analyze the impact of hyperparameters in both507

LATB and Adaptive-LATB on language confusion508

and summarization quality. All responses across509

experiments were generated with a temperature of510

1.0 and a top-p value of 1.0 to ensure consistent511

sampling.512

LATB. In LATB, the perturbation parameter α513

plays a critical role in controlling language con-514

fusion. We varied α from 0 to 50 and report the515

results in Figure 4. As α increases, language confu-516

sion is progressively reduced, leading to an initial517

improvement in ROUGE scores. At an interme-518

diate value of α, the model achieves an effective519

balance: it can express technical terms in English 520

while minimizing language confusion at both the 521

line and response levels. Beyond this optimal point, 522

further increasing α overly suppresses tokens from 523

non-target languages, which degrades summariza- 524

tion quality and results in a decline in ROUGE 525

scores. 526

Adaptive-LATB. For Adaptive-LATB, we study 527

the effect of the confidence difference threshold 528

β while fixing the perturbation value α to 1000. 529

We varied β from 0 to 0.9, with results shown 530

in Figure 5. Increasing β generally reduces lan- 531

guage confusion and yields slight improvements 532

in ROUGE scores up to an inflection point. How- 533

ever, excessively large β values restrict the model’s 534

ability to generate necessary non-target language 535

tokens, leading to a mild performance drop. This 536

trend highlights a similar trade-off between reduc- 537

ing language confusion and preserving generation 538

flexibility. 539

D Performance Improvements 540

Our analysis highlights a strong correlation be- 541

tween performance improvements from LATB and 542

the degree of language confusion without LATB. 543

This finding suggests that language confusion con- 544

tributes to performance degradation. By incorpo- 545

rating LATB, we effectively mitigate this issue, 546

leading to performance gains. The relationship is 547

illustrated in Figure 6. 548

E Vanilla vs. Adaptive LATB Example 549

As discussed, Vanilla LATB is sensitive to hyperpa- 550

rameters, which can lead to a constraint on single- 551

target language generation when α is too high. In 552

contrast, Adaptive LATB is less sensitive to hy- 553

perparameters. The example output is shown in 554

Figure 7. When α is too high, Vanilla LATB gen- 555

erates a Thai-dubbed version of English, whereas 556

Adaptive LATB uses English directly, resulting in 557

a more natural output. 558
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Figure 4: Impact of the Perturbation Value α on Language Confusion and Performance in LATB

Figure 5: Impact of the Confidence Difference Threshold β on Language Confusion and Performance in Adaptive-
LATB with α fixed at 1000

Figure 6: Performance improvements with LATB corre-
late strongly with language confusion levels

Figure 7: Output examples of Vanilla LATB with exces-
sively high α and Adaptive LATB
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