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Abstract

This paper introduces a new taxonomy of
multilingual alignment for English-centric lan-
guage models through token perturbation tech-
niques. We propose two methods within this
paradigm: the Language-Aware Token Boost-
ing (LATB), which directly adds perturbations
to desired language tokens, and its adaptive
variant, the Adaptive Language-Aware Token
Boosting (Adaptive-LATB), which dynami-
cally adjusts perturbations based on the model’s
confidence in the intended language. Extensive
experiments show that our methods effectively
enhance multilingual alignment by reducing
language confusion and marginally improving
summarization quality without requiring addi-
tional fine-tuning. Our code is publicly avail-
able !.

1 Introduction

Large Language Models (LLMs) have shown im-
pressive performance, but their English-centric
development limits their effectiveness for non-
English users (Hadi et al., 2024, 2023). Recent ef-
forts (Xue et al., 2021; Workshop et al., 2023; Wei
et al., 2023) aim to enhance multilingual capabili-
ties, though English-centric models still underper-
form in low-resource languages (Qin et al., 2024;
OpenAl et al., 2024). One of the key issues is lan-
guage confusion (Devine, 2024), where models fail
to consistently generate the desired language, par-
ticularly in non-English contexts (Marchisio et al.,
2024). Techniques to mitigate this include tempera-
ture lowering, few-shot prompting, and fine-tuning
(Marchisio et al., 2024), but these come with limita-
tions such as reduced responses diversity (Agarwal
et al., 2024; Renze and Guven, 2024) or increased
computational costs.

We propose a novel tuning-free paradigm for
multilingual alignment, using perturbations di-
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Figure 1: Language-Aware Token Boosting (LATB)
enhances target language generation confidence by se-
lectively boosting target language tokens.

rectly on the logits. This approach eliminates the
need for fine-tuning and aligns the model’s out-
puts with the desired language, incurring mini-
mal additional computational costs during infer-
ence. We introduce two methods within this
paradigm: Language-Aware Token Boosting
(LATB), which applies language-specific token
perturbations, and Adaptive Language-Aware To-
ken Boosting (Adaptive-LATB), which adapts
perturbations by introducing perturbations selec-
tively—only when the LLM exhibits uncertainty in
generating one language over another.

We evaluate our methods on the XLSUM mul-
tilingual summarization benchmark (Hasan et al.,
2021) across eight languages. Both LATB and
Adaptive-LATB effectively reduce language con-
fusion and enhance summarization performance
compared to their respective base models and the
multilingual-tuned model. We also analyze the ef-
fects of hyperparameters, including perturbation
values and confidence difference thresholds.

In summary, our contributions are as follows:
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1. We propose a novel tuning-free multilingual
alignment paradigm based on logits pertur-
bation, introducing two methods: LATB and
Adaptive-LATB.

2. We evaluate our methods on the XLSUM
benchmark, showing reduced language confu-
sion and improved summarization quality.

3. We provide an analysis of the impact of hy-
perparameters on the language confusion and
summarization quality.

2 Related Work

Multilingual Large Language Models. Multi-
lingual Large Language Models (MLLMs) are de-
signed to process multiple languages simultane-
ously. The approaches for developing and opti-
mizing these models can be broadly categorized
into two main types: parameter-tuning alignment
(PTA) and parameter-frozen alignment (PFA) (Qin
etal., 2024). The PTA approach involves tuning the
model’s parameters to enable multilingual capabili-
ties. This tuning can occur at various stages, includ-
ing pretraining (Xue et al., 2021; Chowdhery et al.,
2022; Workshop et al., 2023; Jiang et al., 2023,
2024), supervised fine-tuning (SFT) (Chung et al.,
2022; Muennighoff et al., 2023; Devine, 2024; Pi-
patanakul et al., 2023), reinforcement learning with
human feedback (RLHF) (Lai et al., 2023b; Tou-
vron et al., 2023; GLM et al., 2024; Bai et al., 2023),
and downstream task fine-tuning (Lepikhin et al.,
2020; Rosenbaum et al., 2022). In contrast, PFA
methods do not require parameter tuning for mul-
tilingual alignment. Instead, they primarily rely
on prompting techniques (Abdelali et al., 2024;
Winata et al., 2023; Lu et al., 2024; Puduppully
et al., 2023) and retrieval-augmented alignment
(He et al., 2023; Zhang et al., 2023; Conia et al.,
2023). Our proposed method falls within the PFA
category. To the best of our knowledge, our study
is the first to introduce a new taxonomy for logits
perturbation-based multilingual alignment.

Language Confusion. Language confusion
refers to the inconsistent ability of LLMs to
generate responses in a target language. This
phenomenon has been observed across various
NLP tasks, such as machine translation (Vu et al.,
2022; Li and Murray, 2023), summarization
(Wang et al., 2023; Yu et al., 2022), and question
answering (Holtermann et al., 2024). While
this issue has been systematically studied with

various proposed methods mitigating it (Marchisio
et al., 2024), our study introduces a novel and
cost-effective approach to mitigate language
confusion using token perturbation methods.

3 Approach

3.1 Token Language Identification

We identify tokens to boost based on the target lan-
guage using a Unicode filtering method following
(Wen-Yi and Mimno, 2023). Specifically, a token
is considered valid if all its characters belong to the
Unicode set defined for the target language. We
also include numbers, special characters, and the
end of sentence tokens in the desired set.

3.2 Perturbation Vector

We construct a perturbation vector, p, based on the
set of desired token indices /. Each element corre-
sponding to an index in I is assigned a perturbation
value o > 0, as defined in Equation 1.

Ja ifi eI, 0
Pi = 0 otherwise.

3.3 Logits Perturbation Methods

In this study, we explore two variants of the Logits
Perturbation Method: LATB and Adaptive-LATB.

3.3.1 Language-Aware Token Boosting
(LATB)

We introduce perturbations to the logits by adding
a perturbation value « to the selected logits to align
them with the desired language. The method is
detailed in Algorithm 1.

Algorithm 1 Vanilla LATB
logits «<— LLM ()
logits’ + logits + p
y < Softmax(logits’)

> Logits Perturbation

3.3.2 Adaptive Language-Aware Token
Boosting (Adaptive-LATB)

Adding logits in the vanilla LATB may suppress
the ability to express tokens in another language
when necessary. In contrast, the Adaptive LATB
perturbs logits only when the LLM is not confi-
dent about the language it intends to express. The
confidence difference threshold, controlled by the
hyperparameter 8 (0 < 8 < 1), determines the
model’s confidence difference threshold in one lan-
guage over another. This design enables the model



to switch languages when it is highly confident.
The details of the Adaptive LATB algorithm are
provided in Algorithm 2.

Algorithm 2 Adaptive LATB

logits «<— LLM (x)

y < Softmax (logits)

a<+ max({y; |yi € yandie I})

b« max({y; |yi€yandi & I})

if |a — b| < (3 then
logits’ « logits + p > Logits Perturbation
y < Softmax(logits’)

end if

4 Evaluation Metrics

We evaluate the model based on two key aspects:
Language Confusion, which measures the model’s
misalignment with the target language, and Perfor-
mance, which assesses the quality of the generated
summaries.

4.1 Language Confusion Metrics

We evaluate language confusion at three distinct
levels to capture both fine-grained and overall ef-
fects: token-level, line-level, and response-level
language confusion.

Token-level Language Confusion. We deter-
mine each token’s language based on its Unicode
and calculate token-level misalignment rates for
each response. These rates are then averaged across
all responses to report the final metric.

Line-level Language Confusion. We segment
each response by line and utilize an off-the-shelf
language identification (LID) tool, FastText (Grave
et al., 2018), to determine the language of each line.
We calculate the average language misalignment
per response and report the overall average across
all responses.

Response-level Language Confusion. We input
the entire response into the FastText (Grave et al.,
2018) language identification and calculate the av-
erage language misalignment across all responses,
reporting this as the final metric.

4.2 Performance Metrics

We assess summarization performance using three
widely adopted metrics: ROUGE-1, ROUGE-2,
and ROUGE-L (Lin, 2004). These metrics evalu-
ate the overlap of unigrams, bigrams, and longest

common subsequences, respectively, between the
generated summaries and the reference summaries.

S Experiments

Models. We use Llama3 8B Instruct (Lai et al.,
2023a) as the base English-centric model. To assess
our method’s effectiveness, we compare it against
Suzume 8B Multilingual (Devine, 2024), a multi-
lingual fine-tuned version of Llama3 8B Instruct
trained on a multilingual conversational dataset.

Benchmark. We adopt the multilingual summa-
rization XLSUM dataset (Hasan et al., 2021) as
the benchmark for our evaluation. This dataset is
particularly suitable for our study as it allows mod-
els to generate extended responses, which can be
systematically evaluated using quantitative metrics.

In our study, we select 4 High Resource Lan-
guages (HRL): Russian (ru), Simplified Chinese
(zh), Japanese (ja), and French (fr), as well as 4
Medium Resource Languages (MRL): Korean (ko),
Thai (th), Hindi (hi), and Arabic (ar). The catego-
rization of languages follows (Lai et al., 2023a).
For each language, we sample up to 1,000 exam-
ples for evaluation.

Language Confusion Results. We compare our
methods with Llama3 8B Instruct (Grattafiori et al.,
2024) using both standard and strict prompts that
explicitly instruct the model to generate responses
in a target language, and with Suzume 8B Multi-
lingual (Devine, 2024). Our methods demonstrate
effectiveness in reducing language confusion com-
pared to its base model. Furthermore, our methods
outperform the multilingual fine-tuned model, high-
lighting their effectiveness in reducing language
confusion without incurring the cost of fine-tuning.
The language confusion results are presented in
Table 1.

Summarization Quality Results. The results re-
ported in Table 2 demonstrate that our methods
generate higher-quality responses compared to both
the Llama3 baseline model (Grattafiori et al., 2024)
and the Suzume 8B Multilingual model (Devine,
2024) without additional fine-tuning requirements.

6 Analysis

Impact of Hyperparameters. In LATB, increas-
ing a reduces language confusion, with ROUGE
scores rising initially before declining. At the «
yielding the highest ROUGE scores, the model
balances effectively expressing technical terms in



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-1+ LATB (Ours) Llama3 8B-I + Adaptive LATB (Ours)

ru

80.66/93.83/92.50

5.02/4.10/2.90

High Resource Languages (HRL)

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)

u 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

hi
ar

1.79/0.45/1.51
0.93/0.36/0.73
1.54/0.19/1.42

29.24/13.99/15.62
29.83/16.41/19.03
19.22/7.46/11.66

28.99/13.29/15.14
27.71/14.78/17.52
19.60/7.09/11.69

29.77/14.07/15.79
29.68/16.41/19.00
20.44/8.02/12.45

30.97/14.74/16.41
29.77/16.41/19.05
19.79/7.62/11.84

English while minimizing language confusion at
both line and response levels. Beyond this optimal
point, higher « values suppress tokens in non-target
languages, leading to a performance drop.

For Adaptive LATB, higher (3 values also reduce
language confusion, with ROUGE scores improv-
ing slightly until an inflection point. Excessively
high (8 values hinder the model’s ability to generate
tokens in non-target languages, resulting in a slight
performance decline. The effect of hyperparame-
ters are illustrated in Appendix C.

Performance Improvements. Our analysis high-
lights a strong correlation between performance
improvements from LATB and the degree of lan-
guage confusion without LATB. This finding sug-
gests that language confusion contributes to per-
formance degradation. By incorporating LATB,
we effectively mitigate this issue, leading to per-
formance gains. The relationship is illustrated in
Figure 6 in Appendix D.

Vanilla vs. Adaptive LATB. Both methods de-
liver comparable performance. However, Vanilla
LATB requires an optimal hyperparameter search
to produce non-target language output when
needed while accurately generating results in the
target language. In contrast, Adaptive LATB is
less sensitive to hyperparameters and supports non-

target language output as required.

7 Conclusion

This paper introduces a novel approach to mul-
tilingual alignment for English-centric language
models through token perturbation techniques. We
proposed the Language-Aware Token Boosting
(LATB) and its adaptive variant, Adaptive-LATB.
Extensive experiments demonstrate that our meth-
ods significantly reduce language confusion com-
pared to base model and outperform its multilingual
fine-tuned model. This highlights the efficiency
and practicality of our approach for enhancing mul-
tilingual language model capabilities.

Limitations and Future Work

Our work shows promising results but has several
limitations. First, the methods struggle with align-
ing LLMs to untrained or out-of-vocabulary (OOV)
tokens. Second, reliance on Unicode-based lan-
guage identification is less effective for languages
with significant overlap with Latin scripts. Finally,
hyperparameter tuning is needed to balance lan-
guage confusion and multilingual expression. Fu-
ture work could improve OOV token handling, de-
velop better token-based language identification
techniques, and design language-agnostic hyperpa-
rameter selection methods.
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A Experiment Details

We generate responses using the Llama3 8B In-
struct model (Grattafiori et al., 2024) on eight dif-
ferent languages from the XLSUM dataset (Hasan
et al., 2021). The prompts utilized for this exper-
iment are detailed in Appendix B. All responses

are generated with the sampling parameters set to
a temperature of 1.0 and a top-p value of 1.0. For
LATB, the perturbation value « is set to 5. For
Adaptive LATB, the perturbation value is set to
o = 1000, and the confidence difference threshold
issetto 8 = 0.8.

B Prompt Templates

Language | Strict Prompt

u IToxany#cTa, KpaTKo H3JIOKHTE TEKCT Ha PyCCKOM s3bIKe. TekcT:
{} Pestome:

zh BRI (FfR) BEESCR. SOk () B

ja FTEAMEAAETCELYL T LS, 7F R b} B

fr Veuillez résumer le texte en frangais. Texte : {} Résumé :

ko YrES G0l Qo] FAL HAE: {j 2ok

th nyanaqidenmudiunnng fonnm: {} apu:

hi DU UTS I Eeiel fgdt & ¢l ure: {} @meier:

ar padldl {} igaill Ay el Al paill el oo

Figure 2: Strict prompt templates used in the experiment

Language | Standard Prompt

ru Toxanyiicta, kpaTko u3noxute Tekct. Texct: {} Pesrome:
h EWRELR, A () AL

ja FTEAMEBEHLTLLED, 7FA b BL:
fr Veuillez résumer le texte. Texte : {} Résumé :

ko HAEEZ 3 FAL HAE: {; 8k

th nyanaqldonnm doamu: {} aqal:

hi PUAT UTS DI ATeiel 51 UTe: {} Areier:

ar ipadldl () ipall paill ganli o

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

We design language-specific prompt templates to
ensure consistency and adaptability across different
languages during text generation. Each template
provides a structured format where {} is replaced
by the input text to summarize. The strict prompt
templates include instructions to ensure the model
generates output in the target language, whereas
the standard prompt templates do not. The standard
and strict prompt templates are shown in Figures 3
and 2, respectively.

C Impacts of Hyperparameters

In LATB, the perturbation parameter « influences
the generated responses. To analyze its impact, we
varied « from 0 to 50 and recorded the correspond-
ing results. These results are presented in Figure 4,
illustrating the effect of o on language confusion
and summarization quality.
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In Adaptive-LATB, we investigated the influence
of the confidence difference threshold, denoted as
B. Specifically, we varied 8 from O to 0.9 while
keeping the perturbation value « fixed at 1000. The
outcomes of this experiment are visualized in Fig-
ure 5, highlighting how changes in 3 affect lan-
guage confusion and summarization quality.

All responses across the experiments were gener-
ated using a temperature setting of 1.0 and a top-p
value of 1.0, ensuring consistency in sampling pa-
rameters throughout the evaluations.

D Performance Improvements

The relationship is illustrated in Figure 6, which
demonstrates a strong correlation between perfor-
mance improvements using LATB and language
confusion.

E Results on Multilingual Language
Model

We extend our experiments to the multilingual lan-
guage model Gemma 2B Instruct (Team et al.,
2024). Our methods reduce language confusion
and slightly enhance summarization performance
in most tested languages, as shown in Tables 3
and 4, respectively.

F Vanilla vs. Adaptive LATB Example

As discussed, Vanilla LATB is sensitive to hyperpa-
rameters, which can lead to a constraint on single-
target language generation when « is too high. In
contrast, Adaptive LATB is less sensitive to hy-
perparameters. The example output is shown in
Figure 7. When « is too high, Vanilla LATB gen-
erates a Thai-dubbed version of English, whereas
Adaptive LATB uses English directly, resulting in
a more natural output.
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Table 3: Language confusion across different methods on Gemma model evaluated on eight languages, reported as
Token-level/Line-level/Response-level language confusion in percentage.

Gemma 2B-1 Gemma 2B-I (Strict Prompt) Gemma 2B-I + LATB (Ours) Gemma 2B-I + Adaptive LATB (Ours)

High Resource Languages (HRL)

ru  4.65/2.94/2.90 3.78/2.30/2.30 0.55/0.15/0.10 0.66/0.20/0.20
zh  7.47/0.15/0.10 7.29/0.05/0.00 6.53/0.10/0.10 6.62/0.10/0.10
ja 5.48/0.17/0.11 5.53/0.00/0.00 4.70/0.00/0.00 4.39/0.00/0.00
fr 0.16/0.43/0.20 0.16/0.03/0.00 0.89/0.05/0.00 0.12/0.15/0.00
Medium Resource Languages (MRL)
ko 6.99/11.86/11.82 6.90/9.87/10.00 4.70/0.00/0.00 5.87/7.27/7.09
th 1.47/0.71/0.48 1.50/0.57/0.36 0.51/0.00/0.00 0.50/0.00/0.00
hi 2.62/2.20/2.20 1.09/1.00/0.70 0.24/0.00/0.00 0.27/0.00/0.00
ar  6.41/4.00/4.00 5.24/2.64/2.60 0.18/0.03/0.00 0.35/0.00/0.00

Table 4: Summarization performance on Gemma model across different methods evaluated on eight languages,
reported as ROUGE-1/ROUGE-2/ROUGE-L in percentage.

Gemma 2B-1 Gemma 2B-I (Strict Prompt) Gemma 2B-1+ LATB (Ours) Gemma 2B-I + Adaptive LATB (Ours)

High Resource Languages (HRL)
21.54/8.22/14.84 21.86/8.49/15.16
25.91/11.48/19.00 26.01/11.54/19.21
30.08/12.64/20.16 30.66/13.01/20.60
24.39/9.61/17.32 24.11/9.49/17.26

Medium Resource Languages (MRL)
22.11/8.81/15.88 21.84/8.87/15.90

ru  21.59/8.29/14.82
zh  25.90/11.34/18.99
ja  30.28/12.68/20.08
fr 24.20/9.51/17.18

21.93/8.54/15.15
26.14/11.60/19.29
29.86/12.53/20.26

23.98/9.53/17.21

ko 22.27/8.98/16.35 21.76/8.65/16.07

th  31.59/13.99/17.19 30.97/13.55/17.01 31.44/13.75/17.15 31.60/14.02/17.31
hi  36.85/17.39/21.75 37.19/17.52/22.08 36.02/17.20/21.36 37.08/17.61/22.12
ar  22.26/7.69/14.39 22.54/7.76/14.58 22.66/8.03/14.62 22.64/7.81/14.58
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