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Abstract

Aspect-based sentiment analysis has garnered
increasing attention in the research commu-
nity; however, most studies have predomi-
nantly focused on English datasets, with other
languages such as Chinese, Japanese, and Ger-
man being neglected due to the limited avail-
ability of adequately labeled data. Even within
English, labeled data is scarce. To address
these challenges, this study investigates the
utilization of a multilingual pre-trained setting
to leverage resources from diverse languages
for aspect-based sentiment analysis. Specif-
ically, we propose a Cross-lingual Knowl-
edge Fusion framework that explores vari-
ous single-round and two-round bilingual pre-
training configurations. This framework uti-
lizes both the original and translated texts,
along with their corresponding labels, to pre-
train the multilingual model. Evaluation re-
sults reveal that our model significantly out-
performs state-of-the-art performance across
multiple languages, highlighting the effective-
ness of the proposed multilingual pre-trained
language model for aspect-based sentiment
analysis.

1 Introduction

Aspect-based sentiment analysis (ABSA) repre-
sents a fine-grained approach to text sentiment
analysis, which pinpoints sentiment information
pertinent to specific aspects and offers businesses
and organizations deeper market insights. In re-
cent years, ABSA has attracted growing attention
and interest within the research community.

Previous studies have demonstrated significant
advancements in ABSA by utilizing pre-trained
encoder-decoder language models (Zhang et al.,
2021a). These studies have adopted various strate-
gies, treating the class index (Yan et al., 2021), nat-
ural language descriptions (Zhang et al., 2021a),
or the desired sentiment element sequence (Zhang

∗Corresponding author.

keyboard key fragile.

键盘按键易碎。

キーボードのボタ
ンは壊れやすい。

Tastaturtaste 

zerbrechlich.

English

Chinese

Japanese

German

Multilingual 

Pre-training

Translation

Aspect keyboard

Category Quality

Opinion fragile

Polarity Negative

Figure 1: An example of multilingual pre-training.

et al., 2021c; Bao et al., 2022; Gou et al., 2023)
as the target for the generation model. This inno-
vative approach presents a promising avenue for
ABSA research, as it seeks to alleviate the chal-
lenges posed by error propagation in traditional
methods (Qiu et al., 2011; Cai et al., 2021; Fan
et al., 2025; Su et al., 2025).

However, most previous studies have primar-
ily concentrated on English datasets, overlooking
other languages like Chinese, Japanese, and Ger-
man. This can be attributed to the scarcity of ade-
quately labeled data in these languages. Moreover,
even in English, the availability of labeled data is
limited, as each review necessitates the annotation
of a quadruple (i.e., aspect, opinion, category, po-
larity). This dearth of labeled data hinders the per-
formance of ABSA across these languages. In En-
glish, too, the performance remains constrained,
with the average F1 score even falling below 50%.

To address these limitations, we investigate
the application of a multilingual pre-trained set-
ting to harness the resources of different lan-
guages for ABSA. As shown in Figure 1, by ex-
tracting and integrating information from various
languages and learning the intrinsic correlations
among them, multilingual pre-trained models can
effectively leverage the rich semantic representa-
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tion inherent in multiple languages.
In particular, we propose a Cross-lingual

Knowledge Fusion framework that leverages mul-
tilingual data to enhance the performance of
aspect-based sentiment analysis. As illustrated in
Figure 2, our approach begins by translating the
original review text into multiple target languages,
thereby enriching the input with diverse linguis-
tic expressions. We then explore various single-
round and two-round bilingual pre-training config-
urations, utilizing both the original and translated
texts along with their corresponding labels to pre-
train the multilingual model. Finally, the aspect-
based sentiment analysis model is fine-tuned using
the bilingual pre-trained configurations, allowing
it to generalize better and achieve a deeper under-
standing of nuanced sentiments expressed in dif-
ferent languages.

The advantages of our proposed framework are
twofold: these bilingual pre-training configura-
tions not only enhance the model’s capability to
understand and generate translations across lan-
guages, but they also facilitate the alignment of
sentences with labels across different languages.
This, in turn, improves both intralingual and cross-
lingual semantic representations for aspect-based
sentiment analysis.

Detailed evaluations reveal that our model sig-
nificantly outperforms the state-of-the-art perfor-
mance across multiple languages. The results also
highlight the effectiveness of the proposed mul-
tilingual pre-trained language model for aspect-
based sentiment analysis.

2 Related Works

Aspect-based sentiment analysis (ABSA) encom-
passes multiple sub-tasks, including aspect term
extraction (Qiu et al., 2011; Tang et al., 2016), as-
pect category identification (Zhou et al., 2015b),
and sentiment polarity prediction (Wang et al.,
2016). Recent research increasingly focuses on
jointly modeling these elements to capture their
interdependencies (Peng et al., 2020; Cai et al.,
2021).

Advancements in ABSA leverage pre-trained
encoder-decoder models, recasting the task as a
generation problem. Outputs are generated as
class indices (Yan et al., 2021), natural language
descriptions (Zhang et al., 2021a), or structured
sequences (Zhang et al., 2021c). Syntactic struc-
tures (Fan et al., 2025) and adaptive graph diffu-

sion networks (Su et al., 2025) have further im-
proved performance.

Cross-lingual ABSA research focuses on data
alignment and embedding learning. Early meth-
ods use translation-based pseudo-labeling (Zhou
et al., 2015a; Zhang et al., 2021b), while recent
approaches emphasize shared semantic represen-
tations via multilingual embeddings (Ruder et al.,
2019; Jebbara and Cimiano, 2019) and contrastive
learning (Lin et al., 2023). Multi-scale optimiza-
tion frameworks (Wu et al., 2025) enhance cross-
lingual alignment. Recent studies explore using
large language models (LLMs) to alleviate data
scarcity in cross-lingual ABSA. Šmíd et al. (Šmíd
et al., 2025) propose LACA, employing LLMs
to generate high-quality pseudo-labeled data in
the target language, enabling effective knowledge
transfer without external translation systems. In
a follow-up work, Šmíd et al. (Šmíd et al., 2025)
investigate seq-to-seq formulations for compound
ABSA tasks and introduce constrained decoding
for valid cross-lingual outputs.

Different from these LLM-centric approaches
that primarily focus on data augmentation or de-
coding constraints, our work emphasizes multilin-
gual pre-training through cross-lingual knowledge
fusion, leveraging both original and translated
resources during pre-training to learn language-
agnostic representations.

3 Cross-lingual Knowledge Fusion
Framework

In this study, we propose a Cross-lingual Knowl-
edge Fusion (CKF) framework to leverage multi-
lingual data for enhancing aspect-based sentiment
analysis. The core idea is to integrate knowledge
across languages, thereby enriching the model’s
understanding of semantic patterns and improving
its generalization ability.

As illustrated in Figure 2, our approach begins
by translating the original review text into target
languages. We then explore both single-round and
two-round bilingual pre-training strategies, where
the large language model is pre-trained on the
original and translated texts along with their cor-
responding labels. After this bilingual pre-training
phase, the model is fine-tuned for aspect-based
sentiment analysis using the resulting pre-trained
configurations. In the following subsections, we
discuss these issues in detail. Our framework
effectively leverages cross-lingual information to
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Figure 2: Overview of proposed framework.

capture richer semantic cues and enhance model
performance across diverse linguistic contexts.

3.1 Translation of Original Review Text
For integrating multilingual information, it is es-
sential to translate original text into target lan-
guages (Zhu et al., 2023). As an example, we
take an English review text and translate it into
Chinese, Japanese, and German. Specifically, we
utilize a large language model for the translation
task. To guide the model in generating high-
quality translations while preserving label align-
ment, we adopt a ten-shot prompting approach.
This approach leverages a small number of care-
fully chosen exemplars to instruct the model (Liu
et al., 2021). The prompt template used in our
method is structured as follows:

Please translate the following sentences
and their corresponding labels into tar-
get language. Ensure that the align-
ment of the labels in the translated text
is maintained.

This template is designed to ensure that the
model not only translates the sentences accurately
but also preserves the semantic correspondence
between the source and target languages. By pro-
viding ten exemplars that exhibit the desired trans-
lation style and alignment requirements, we en-
able the model to learn and apply these criteria ef-
fectively.

3.2 Single-Round Bilingual Pre-training
We initially present a variety of unique single-
round pre-training configurations that incorporate
not only the original sentences from the source
language and their translated counterparts in the
target language but also the respective labels dur-
ing the pre-training phase. Specifically, given the

source text TS , the target text TT , the source la-
bel YS , and the target label YT , these pre-training
configurations are shown in Figure 3 and can be
classified as follows:

• Translation (TS → TT and TT → TS)
configurations translate a sentence from the
source language to the target language, and
vice versa.

• Sentence-To-Label (TS → YS and TT → YT )
configurations maps a sentence to its target
label.

• Translated Sentence-To-Label (TS → YT and
TT → YS) configurations map a source lan-
guage sentence to its corresponding label in
the target language, and vice versa, enabling
cross-lingual label assignment.

• Label-To-Sentence (YS → TS and YT → TT )
configurations generate a language sentence
from a corresponding label, reinforcing the
model’s ability to reconstruct sentences based
on labels.

• Translated Label-To-Sentence (YT → TS and
YS → TT ) configurations generate a sentence
in the source language from a label in the tar-
get language, effectively mapping target la-
bels onto the syntax and vocabulary of the
source language, and vice versa.

In summary, by engaging in tasks such as for-
ward and reverse translation, as well as label-
to-sentence and sentence-to-label mappings, these
single-round pre-training configurations gains in-
sights into structural patterns, semantic subtleties,
and cross-lingual alignment, ultimately leading
to a deeper understanding of language-specific
aspect-based sentiment analysis systems.
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Figure 3: Examples of the single-round bilingual pre-training configurations.

3.3 Two-Round Bilingual Pre-training
We further propose two-round bilingual pre-
training configurations to fully harness the advan-
tages of cross-lingual knowledge transfer. Specifi-
cally, we design some distinct configurations, each
meticulously designs to capitalize on the strengths
exhibited by particular pre-training approaches
that have proven highly effective in single-round
pre-training scenarios.

Translation Fusion
The translation fusion approach seamlessly in-
tegrates the translation configurations: TT →
TS and TS → TT . This fusion strategy en-
hances the model’s ability to reconstruct and trans-
late sentences between the source and target lan-
guages, fostering bidirectional language under-
standing and generation.

Monolingual Reconstruction Fusion
The monolingual reconstruction fusion harmo-
niously integrates label-to-sentence configurations
(YT → TT and YS → TS). This method is de-
signed to enhance the model’s comprehension of
the intricate structural and semantic relationships
that exist within both the target and source lan-
guages.

By focusing on label-to-sentence reconstruction
in both the target and source languages, this fu-
sion approach enables the model to develop a deep
understanding of the structural and semantic rela-
tionships within each language.

Cross-lingual Reconstruction Fusion
The cross-lingual reconstruction fusion approach
is designed to seamlessly integrate the two trans-

lated label-to-sentence configurations (YT → TS

and YS → TT ).
By combining these two tasks within a single

framework, the model is compelled to learn a more
comprehensive mapping between labels and sen-
tences across languages. This integration fosters a
deeper understanding of the semantic nuances and
structural differences between the source and tar-
get languages.

3.4 Aspect-based Sentiment Analysis
After bilingual pre-training, we fine-tune the
aspect-based sentiment analysis model using the
corresponding monolingual settings. Specifi-
cally, we introduce a sequence-to-sequence model
that is tailored to generate sentiment elements.
This model employs a transformer-based encoder-
decoder framework, as outlined in (Zhang et al.,
2021a).

In particular, given the source language se-
quence x = x1, ..., x|x| as input, the sequence-to-
sequence model outputs the linearized representa-
tion y = y1, ..., y|y|. To this end, the sequence-to-
sequence model first computes the hidden vector
representation H = h1, ..., h|x| of the input via a
multi-layer transformer encoder:

H = Encoder(x1, ..., x|x|) (1)

where each layer of Encoder is a transformer
block with the multi-head attention mechanism.

After the input token sequence is encoded, the
decoder predicts the output structure token-by-
token with the sequential input tokens’ hidden
vectors. At the i-th step of generation, the self-
attention decoder predicts the i-th token yi in the

6014



linearized form, and decoder state hdi as:

yi, h
d
i = Decoder([H;hd1, ..., h

d
i−1], yi−1) (2)

where each layer of Decoder is a transformer
block that contains self-attention with decoder
state hdi and cross-attention with encoder state H .

The generated output structured sequence starts
from the start token “⟨bos⟩” and ends with the
end token “⟨eos⟩”. The conditional probability
of the whole output sequence p(y|x) is progres-
sively combined by the probability of each step
p(yi|y<i, x):

p(y|x) =
|y|∏

i=1

p(yi|y<i, x) (3)

where y<i = y1...yi−1, and p(yi|y<i, x) are the
probabilities over target vocabulary V normalized
by softmax.

3.5 Bilingual Training
For bilingual training, we initially pre-train mono-
lingual models, each with its own set of param-
eters, θT for the target language and θS for the
source language, utilizing their respective mono-
lingual corpora. Following the independent train-
ing of these models, we proceed to integrate their
parameters in order to establish a unified bilingual
model.

To achieve this, we introduce low-rank updates
∆θT and ∆θS using the LoRA (Hu et al., 2021)
method:

θ′T = θT +∆θT , θ′S = θS +∆θS (4)

The final merged model is obtained via a
weighted combination of the adapted parameters:

θFusion = αT θ
′
T + αSθ

′
S (5)

where αT and αS are scaling factors that balance
the contributions from the two pre-trained models.
To ensure the merged model maintains the knowl-
edge from both pre-training phases while being
functionally coherent, we minimize the weighted
sum of task-specific losses:

LFusion(θ) =
∑

t

λt

∑

(x,y)∈Dt

loss(fθ(x), y) (6)

Here, λt controls the relative importance of each
task during loss computation. After merging, we
apply a lightweight adaptation step, where only
the LoRA-updated parameters are optimized:

θFusion ← θFusion − η∇θLFusion(θ) (7)

Language Train Test Quadruples
English 2,934 816 3658
Chinese 2,798 799 11463
Japanese 2,566 642 6230
German 3,119 1,028 3572

Table 1: Number of sentences and extracted quadru-
ples in the proposed dataset for four languages.

4 Experiments

In this section, we introduce the datasets used for
evaluation and the baseline methods employed for
comparison. We then report the experimental re-
sults conducted from different perspectives, and
analyze the effectiveness of the proposed model
with different factors.

4.1 Data
In this study, we utilize datasets in four languages,
each covering a distinct domain. Specifically, the
English dataset is sourced from the laptop do-
main within the ACOS dataset (Cai et al., 2021),
the Chinese dataset is derived from the mixed
Chinese CCD dataset (Wang et al., 2023), the
Japanese dataset pertains to the economic domain
in the chABSA dataset1, and the German dataset
originates from the transportation domain in the
MobASA dataset (Gabryszak and Thomas, 2022).
The detailed statistics for each language are pre-
sented in Table 1. For training, the original train-
ing data of each dataset was independently split
into a 90% training set and a 10% validation set.

4.2 Setting
Since the sentiment elements in the datasets for
different languages vary, we conduct the Aspect-
Sentiment-Quad Prediction task for English and
Chinese, and employ the Target Aspect Senti-
ment Detection task for the remaining two lan-
guages. For each task, we utilize LLaMA-8B-
Instruct2 (Touvron et al., 2023) as the pre-trained
generation model. The model is fine-tuned using
the Adam optimizer (Kingma and Ba, 2014) with
a learning rate of 3e-4 and a batch size of 16 for 10
epochs. All experiments are conducted on a single
NVIDIA RTX 4090 GPU. The reported results are
averaged over ten runs with random initialization.

1https://github.com/chakki-works/
chABSA-dataset

2https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct
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English Chinese Japanese German
Methods P. R. F1. P. R. F1. P. R. F1. P. R. F1.
TAS-BERT 47.15 19.22 27.31 33.50 32.99 33.24 30.96 30.29 30.62 46.45 25.73 33.12
Extract-Classify 45.46 29.48 35.80 47.44 41.93 44.51 - - - - - -
GAS 41.60 42.75 42.17 73.13 70.96 72.03 68.99 61.61 65.09 78.81 73.53 76.08
Paraphrase 41.77 45.04 43.34 74.32 76.05 75.17 62.75 65.38 64.04 77.60 77.73 77.67
Seq2Path 42.51 43.17 42.84 72.81 76.42 74.51 64.12 65.25 64.48 75.31 80.88 77.96
MvP 44.20 43.70 43.94 76.60 76.17 76.38 68.05 67.14 67.59 79.20 78.89 79.04
Seq2Seq w/ CD 42.89 42.05 42.46 74.50 76.29 75.38 63.67 64.91 64.27 77.61 77.95 77.78
LACA* 45.32 44.46 44.88 77.19 74.86 76.02 69.17 70.90 70.01 81.26 82.34 81.78
DeepSeek-V3 19.64 20.16 19.89 37.39 28.70 32.47 25.12 30.02 27.35 49.76 46.86 48.27
ChatGPT-5 15.34 17.40 16.30 32.04 41.11 36.01 21.62 26.05 23.63 54.10 60.78 57.25
LLaMA-3.1-8B 43.44 43.25 43.34 75.14 75.19 75.17 68.74 70.51 69.48 80.93 81.56 81.24
Qwen-2.0-7B 43.75 42.54 43.14 75.38 77.18 76.27 68.15 68.15 68.15 80.05 80.60 80.32
Ours 46.63 46.39 46.51 75.99 78.55 77.25 71.43 72.94 72.18 82.94 84.05 83.49

Table 2: Comparison with baselines. Some baseline results are taken from prior published work, and others are
reproduced by us. The symbol “–” indicates that the method is not applicable to the Target Aspect Sentiment
Detection task. LACA* denotes our adaptation that specifically utilizes its core LLM-based data augmentation
mechanism.

In evaluation, a prediction is considered correct
if and only if all elements within the predicted
structure exactly match those in the corresponding
gold structure, including their combination. On
this basis, we calculate the Precision and Recall,
and use F1 score as the final evaluation metric
for aspect sentiment extraction (Cai et al., 2021;
Zhang et al., 2021a).

4.3 Main Results
As shown in Table 2, we compare our pro-
posed model against several robust baseline ap-
proaches, which can be classified into three cat-
egories: classification-based models, pre-trained
generative models, and large language mod-
els. The classification-based models include
TAS-BERT (Wan et al., 2020), and Extract-
Classify (Cai et al., 2021). The pre-trained
generative models comprise GAS (Zhang et al.,
2021c), Paraphrase (Zhang et al., 2021a),
Seq2Path (Mao et al., 2022), MvP Gou et al.
(2023), Seq2Seq w/ CD (Šmíd et al., 2025),
LACA (Šmíd et al., 2025). The large lan-
guage models used for comparison include
ChatGPT-5 (Brown et al., 2020), and DeepSeek-
V3 (DeepSeek-AI et al., 2025). These models are
evaluated under a ten-shot learning setting, with
prompts designed following. In addition, we also
compare with LLaMA-3.1-8B (Touvron et al.,
2023) and Qwen-2.0-7B (Yang et al., 2024), both
of which are fine-tuned using the LoRA method
(Hu et al., 2021).

Based on the results, it is clear that generative

methods outperform discriminative methods by
employing a unified architecture that effectively
incorporates rich label semantics into the output.
On the other hand, large language models may
face challenges such as contextual ambiguity, dif-
ficulties in accurately identifying specific aspects,
and constraints in the diversity of training data.
Moreover, our proposed model significantly out-
performs all baseline methods (p < 0.05) across
all the languages. This not only highlights the ef-
ficacy of our model but also emphasizes the im-
portance of integrating multilingual information in
aspect-based sentiment analysis.

4.4 Impact of Pre-Training Methods
We subsequently explore different pre-training
methods mentioned in Section 3, including all
single-round and two-round bilingual pre-training
approaches, with Chinese as the target language.

As shown in Table 3, cross-lingual pre-
training substantially improves performance over
the monolingual ABSA baseline. Among single-
round settings, YS → TS yields the best En-
glish F1, showing its strength in reconstructing
sentiment-rich text from labels. Fusion-based
strategies further boost results across all lan-
guages, with our method achieving the highest
overall performance. These findings demonstrate
that integrating complementary semantic signals
from both source and target domains enhances
cross-lingual sentiment alignment, particularly for
distant language pairs.
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Methods English Chinese Japanese German
Monolingual ABSA - 43.34 75.17 69.48 81.24

Translation
TS → TT 44.63 76.66 70.94 82.09
TT → TS 45.44 76.31 70.50 82.49

Sentence-To-Label
TS → YS 43.38 75.41 69.86 81.51
TT → YT 45.51 76.27 68.70 81.47

Translated Sentence-To-Label TS → YT 45.67 77.14 71.13 82.58
TT → YS 42.57 74.89 65.69 80.26

Label-To-Sentence
YS → TS 46.18 76.52 70.98 82.38
YT → TT 44.80 76.10 70.77 82.11

Translated Label-To-Sentence YT → TS 45.55 76.37 71.46 82.47
YS → TT 45.33 76.66 70.89 81.98

Translation Fusion TT → TS + TS → TT 45.96 76.95 71.24 82.61
Monolingual Reconstruction Fusion YT → TS + YS → TS 46.07 76.73 71.61 82.66
Ours TS → YT + TT → YS 46.51 77.25 72.18 83.49

Table 3: Impact of different pre-training configurations on the English, Chinese, Japanese and German datasets.
TS and TT denote the source and target texts, respectively, while YS and YT denote the source and target labels,
respectively. The superior results are highlighted in red, and the optimal performance is indicated in bold.

5 Analysis and Discussion

In this section, we further give several analyses
and discussions to show the importance of pro-
posed framework.

5.1 Impact of Target Languages
As shown in Table 4, we further investigate the im-
pact of different target languages using English,
Chinese, Japanese, and German as source lan-
guages. The results reveal that linguistic proximity
plays a key role in cross-lingual transfer.

When English is the source, German performs
best, likely due to typological similarity. While
Japanese and Chinese underperform individually,
their combination achieves the highest F1 score
in multilingual settings, suggesting that typolog-
ically distant languages can offer complementary
signals. However, combining German with either
Japanese or Chinese causes slight performance
drops, indicating interference between similar and
distant language pairs. Similar trends emerge
when using Chinese, Japanese, or German as the
source, with overall gains linked to linguistic sim-
ilarity and alignment quality. Overall, the re-
sults indicate that linguistically similar languages
provide more stable transfer gains, whereas dis-
tant languages offer complementary benefits only
when combined judiciously.

5.2 Analysis of Translation Quality
We conduct an in-depth analysis of translation
quality across different models. In addition to our
translation model, we evaluate Qwen-Plus (Yang

et al., 2024), LLaMA-3.1-8B (Touvron et al.,
2023), and ChatGPT-4o-mini (Brown et al., 2020).
We randomly sample 500 instances and manu-
ally annotate reference translations for each tar-
get language. BLEU scores (Papineni et al., 2002)
are computed by comparing model outputs with
human-annotated references following the stan-
dard BLEU protocol.

As shown in Table 5, all models achieve rea-
sonably strong translation performance across lan-
guages, indicating that the overall translation qual-
ity is sufficient for downstream processing. Nev-
ertheless, our model consistently achieves the best
or highly competitive BLEU scores across all four
languages. This observation is further reflected
in its superior performance on downstream tasks,
suggesting a positive correlation between transla-
tion quality and task effectiveness.

5.3 Results of Different Multilingual
Integration Methods

To deeply analyze the effect of our proposed mul-
tilingual pre-training framework, we compared
our model with several other multilingual inte-
gration methods, which include: 1) MultiInput:
directly concatenate the target language with the
source language in the input; 2) MultiOutput: di-
rectly output quadruples with both the source lan-
guage and target languages; 3) MultiInOut com-
bine the methods from 1) and 2). In particular, En-
glish is used as the source language with Chinese
as the target. Similarly, for Chinese, Japanese, and
German, English serves as the target language.
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Methods EN Methods CN Methods JP Methods DE
Monolingual 43.34 Monolingual 75.17 Monolingual 69.48 Monolingual 81.24

+ JP 44.48 + EN 76.19 + EN 70.77 + EN 82.11
+ CN 44.80 + JP 76.27 + CN 70.89 + JP 81.19
+ DE 45.99 + DE 75.76 + DE 71.07 + CN 82.20
+ JP & CN 46.25 + JP & EN 75.98 + CN & EN 71.13 + CN & EN 82.24
+ JP & DE 44.85 + JP & DE 76.04 + CN & DE 71.25 + CN & JP 82.87
+ CN & DE 45.76 + EN & DE 76.83 + EN & DE 71.15 + EN & JP 81.35

Table 4: F1 scores of different multilingual integration methods across English (EN), Chinese (CN), Japanese (JP)
and German (DE) datasets.

Model
English Chinese

P R F1 BLEU P R F1 BLEU
Qwen-Plus 45.89 44.84 44.36 36.61 75.66 77.49 76.56 20.22
LLaMA-3.1-8B 44.91 46.15 45.52 37.31 75.78 78.91 77.32 22.14
ChatGPT-4o-mini 45.48 44.62 45.04 32.87 75.11 78.25 76.65 18.76
Ours 46.63 46.39 46.51 37.71 75.99 78.55 77.25 21.81

Model
Japanese German

P R F1 BLEU P R F1 BLEU
Qwen-Plus 67.85 69.50 68.67 28.78 82.02 81.74 81.88 43.77
LLaMA-3.1-8B 70.92 72.21 71.46 30.64 81.89 82.96 82.42 48.69
ChatGPT-4o-mini 68.74 70.92 69.81 27.35 81.52 81.30 81.41 43.50
Ours 71.43 72.94 72.18 31.41 82.94 84.05 83.49 51.99

Table 5: Quantitative evaluation of translation quality. We report Precision (P), Recall (R), F1-score, and BLEU
for four languages. BLEU scores are computed on translations generated via a ten-shot prompt for each model.

Methods EN CN JP DE
Monolingual 43.34 75.17 69.48 81.24

+ MultiInput 42.49 76.61 71.52 81.75
+ MultiOutput 43.54 76.02 69.13 81.46
+ MultiInOut 44.21 76.45 69.91 82.49

Ours 46.51 77.25 72.18 83.49

Table 6: F1 scores of different multilingual integration
methods across English (EN), Chinese (CN), Japanese
(JP) and German (DE) datasets.

Table 6 compares various multilingual integra-
tion strategies. All approaches outperform the
monolingual baseline, with MultiInOut achiev-
ing the best results by combining input and
output augmentation. Our proposed multilin-
gual pre-training framework, however, consis-
tently surpasses all baselines across English, Chi-
nese, Japanese, and German. This advantage pri-
marily stems from our specially designed cross-
lingual alignment pre-training tasks. Notably,
even though other methods use the same bilingual
data, their gains remain relatively modest, high-
lighting the distinctive effectiveness of our pre-

training design.
The more detail analysis of case study, compu-

tational cost analysis, and the application of our
proposed model on NER can be found in Ap-
pendix.

6 Conclusion

In this study, we investigate the utilization of
a multilingual pre-trained setting to leverage re-
sources from diverse languages for aspect-based
sentiment analysis. Specifically, we propose
a Cross-lingual Knowledge Fusion framework
that explores various single-round and two-round
bilingual pre-training configurations. This frame-
work utilizes both the original and translated texts,
along with their corresponding labels, to pre-
train the multilingual model. Evaluation results
reveal that our model significantly outperforms
state-of-the-art performance across multiple lan-
guages, highlighting the effectiveness of the pro-
posed multilingual pre-trained language model for
aspect-based sentiment analysis.
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Limitations

In this study, we focus on leveraging multilin-
gual pretraining for aspect-based sentiment anal-
ysis. However, multilingual pretraining inevitably
increases computational cost, and although LoRA
alleviates parameter overhead, the overall training
and inference time still grows as more languages
are incorporated.As a result, scaling the proposed
approach to a larger set of languages remains chal-
lenging in resource-limited environments. In ad-
dition, ensuring high-quality translations requires
human verification, which introduces additional
time consumption and manual effort. Finally, it is
necessary to further evaluate the proposed model
across a wider range of domains and languages to
better assess its generalization capability.
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A Case Study

To further investigate the effectiveness of cross-
lingual knowledge fusion, we present two exam-
ples where our method successfully predicts all
quadruples from the test dataset, as illustrated in
Figure 4.

In the first example, the sentence “The keyboard
is stiff and unresponsive” poses a challenge for
models to differentiate between design-related and
performance-related aspects. While the baseline
model incorrectly categorizes both “stiff” and “un-
responsive” under the general attribute quality of
keyboard, the Chinese translation “键盘有时僵
硬且对我的打字无响应” provides additional
clarity. Specifically, the term “僵硬” (stiff) per-
tains to design features of the keyboard, whereas
“无响应” (unresponsive) indicates an issue re-
lated to operation performance. This demonstrates
how cross-lingual information can refine attribute
categorization.

In the second example, the sentence “The bat-
tery lasts a while but drains faster than expected”
often leads baseline models to misclassify the sen-
timent as neutral due to the initial positive clause
“lasts a while”. However, the Japanese translation
「バッテリーはしばらく持つが、予想より
早く消耗する」 makes the negative sentiment
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Original Text

The keyboard is stiff and
unresponsive to my typing 
at times.

Translate text

键盘有时僵硬且对我的打字
无响应。

Baseline

Ours

Aspect Category Polarity Opinion

keyboard quality of keyboard negative stiff

keyboard quality of keyboard negative unresponsive

Aspect Category Polarity Opinion

keyboard design_featutes of keyboard negative stiff

keyboard opration_performance of keyboard negative unresponsive

Original Text

The battery lasts a while
but drains faster than
expected.

Translate text

バッテリーはしばらく持つが、

予想より早く消耗する

Baseline

Ours

Aspect Category Polarity Opinion

battery opration_performance of battery neutral lasts a while

Aspect Category Polarity Opinion

keyboard opration_performance of battery negative drains faster than expected

Example1

Example2

Figure 4: Examples of case study.

Model English Chinese
Train Time Max GPU Usage Train Time Max GPU Usage

LLaMA-3.1-8B 41.50 min 19709 MiB 64.57 min 20905 MiB
Translation Fusion 83.93 min 22229 MiB 128.07 min 22583MiB
Ours 129.84 min 22833 MiB 190.48 min 23655MiB
Model Japanese German

Train Time Max GPU Usage Train Time Max GPU Usage
LLaMA-3.1-8B 56.08 min 20839 MiB 46.54 min 18241 MiB
Translation Fusion 110.65 min 21787 MiB 100.90 min 20523 MiB
Ours 160.42 min 22941 MiB 155.42 min 22561 MiB

Table 7: Training Time and Peak GPU Memory Usage across English, Chinese, Japanese, and German Datasets.

more explicit through: (1) the strong contrastive
particle「が」 (but), which more sharply divides
positive and negative clauses than English "but",
and (2) the explicitly negative technical term「消
耗する」 (drains), which carries stronger nega-
tive connotations in product reviews. Our model
correctly identifies the overall negative sentiment
and associates it with the operation performance of
the battery, demonstrating how Japanese grammat-
ical markers can clarify ambiguous polarity cues
in English.

B Computational Cost Analysis

Table 7 reports the training time and peak GPU
memory usage of different models across four lan-
guages. Compared with the LLaMA-3.1-8B base-
line, our cross-lingual knowledge fusion frame-
work requires additional training time due to the
incorporation of bilingual data and multi-round

pre-training. However, the peak GPU memory us-
age remains largely comparable to the baselines.
This indicates that our approach does not intro-
duce extra model parameters or memory-intensive
architectural components. Instead, the computa-
tional overhead mainly arises from increased train-
ing iterations and data processing, while maintain-
ing similar memory efficiency.

C Application on NER

Named Entity Recognition (NER) involves iden-
tifying and classifying specific entities mentioned
in text. We further evaluate our proposed multilin-
gual pre-training model on the NER task (Peters
et al., 2017; Souza et al., 2019).

Specifically, we use the CoNLL-2003
dataset (Tjong Kim Sang and De Meulder,
2003) to train and evaluate our model. For com-
parison, we select Qwen-Plus (Yang et al., 2024),
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Method F1.
Qwen-plus 31.65
Deepseek-v3 41.94
ChatGPT-4o-mini 30.00
T5-base 60.26
LLaMA-3.1-8B 79.13
Ours 82.00

Table 8: Results of different named entity recognition
models.

DeepSeek-V3.1 (DeepSeek-AI et al., 2025), T5-
base (Raffel et al., 2019), LLaMA-3.1-8B (Tou-
vron et al., 2023), and ChatGPT-4o-mini (Brown
et al., 2020) as baseline models. Among these
baselines, Qwen, DeepSeek, and ChatGPT are
evaluated in a few-shot setting, where the models
rely on a small number of labeled examples for
NER. In contrast, T5-base, LLaMA-3.1-8B, and
our model are fully fine-tuned on the dataset.

As shown in Table 8, we can observe that our
model significantly outperforms the other base-
lines. The substantial improvement of our mul-
tilingual pre-training model demonstrates its ef-
fectiveness in capturing entity-specific represen-
tations, enabling it to significantly enhance NER
performance. These results highlight that our ap-
proach provides notable gains over both few-shot
and standard fine-tuned models, underscoring the
practical benefits of cross-lingual pre-training for
downstream NLP tasks.
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