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Abstract. Aspect-based sentiment analysis (ABSA) has received sub-
stantial attention in English, yet challenges remain for low-resource lan-
guages due to the scarcity of labelled data. Current cross-lingual ABSA
approaches often rely on external translation tools and overlook the
potential benefits of incorporating a small number of target language
examples into training. In this paper, we evaluate the effect of adding
few-shot target language examples to the training set across four ABSA
tasks, six target languages, and two sequence-to-sequence models. We
show that adding as few as ten target language examples significantly
improves performance over zero-shot settings and achieves a similar effect
to constrained decoding in reducing prediction errors. Furthermore, we
demonstrate that combining 1,000 target language examples with English
data can even surpass monolingual baselines. These findings offer practical
insights for improving cross-lingual ABSA in low-resource and domain-
specific settings, as obtaining ten high-quality annotated examples is both
feasible and highly effective.

Keywords: Cross-lingual aspect-based sentiment analysis - Aspect-based
sentiment analysis - Sentiment analysis - Transformers

1 Introduction

Aspect-based sentiment analysis (ABSA) is a fine-grained sentiment analysis task
that goes beyond assigning an overall sentiment label to a piece of text. Instead, it
identifies specific opinion targets — such as products, services, or their attributes
— and determines the sentiment expressed toward each of them. To capture this
information, ABSA typically models three sentiment elements [13]: aspect term
(a), aspect category (c), and sentiment polarity (p). In the sentence “The staff was
helpful”, the elements correspond to “staff”, “service”, and “positive”, respectively.
Some inputs include implicit aspect terms, as in “Delightful experience!”, where
the target is not stated directly and is often labelled as “NULL”.
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ABSA tasks vary in complexity based on predicted elements and joint ex-
traction. Early work focused on simpler tasks like aspect term extraction and
sentiment polarity classification. Recent work has shifted towards compound
tasks that jointly predict multiple sentiment elements, such as aspect category
sentiment analysis (ACSA) [11], end-to-end ABSA (E2E-ABSA) [19], aspect
category term extraction (ACTE) [10], and target-aspect-sentiment detection
(TASD) [18]. Table 1 presents selected ABSA task output formats.

Table 1: Outputs of selected ABSA tasks for input: “Great soup, expensive coffee”.

Task Output Example output

ACSA {(c, p)} {(food, POS), (drinks, NEG)}

E2E-ABSA {(a, p)} {(“soup”, POS), (“coffee’, NEG)}

ACTE {(a, )} {(“soup”, food), (“coffee”, drinks)}

TASD {(a, ¢, p)} {(“soup”, food, POS), (“coffee”, drinks, NEG)}

Although ABSA has been widely studied in English, multilingual support is
essential for real-world applications, where annotating target-language data is
costly. Cross-lingual ABSA transfers knowledge from high-resource languages
like English to low-resource ones. Recent work [6, 7, 22] combines multilingual
models like XLM-R [3] with machine translation to generate pseudo-labelled data,
but this often fails to capture language-specific nuances in user-generated texts.
It is also less effective for complex tasks like TASD, which require structured
predictions. Sequence-to-sequence models with constrained decoding offer a more
effective alternative [15].

While most cross-lingual ABSA studies focus on zero-shot transfer, few-shot
examples — such as a small number of high-quality target language annotations
— can be much more resource-efficient. However, the impact of such examples
remains underexplored. In this work, we address these gaps by investigating
the effects of adding a limited number of labelled target-language examples on
compound cross-lingual ABSA tasks.

Our main contributions include: 1) A comprehensive evaluation of four ABSA
tasks across six target languages using two state-of-the-art sequence-to-sequence
models, including a previously unexplored task and target language in cross-
lingual ABSA. 2) Demonstrating that even ten target language examples lead
to substantial performance improvements, reducing the need for techniques
like constrained decoding. 3) Showing that few-shot models can outperform
monolingual baselines with sufficient target language supervision. 4) An error
analysis highlighting the most challenging elements of sentiment prediction,
offering insights for future improvements.

2 Related Work

Early cross-lingual ABSA research [1,4, 5] focused on simple tasks involving a
single sentiment element using machine translation or cross-lingual embeddings.
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More recent work [6-8, 22] targets E2E-ABSA with machine translation and multi-
lingual encoder-only Transformer models like XLM-R [3], enhanced by techniques
like distillation [22], contrastive learning [7], or dynamic loss weighting [8].

Sequence-to-sequence models like mT5 [21] and mBART [17] have been applied
to cross-lingual ABSA with constrained decoding as an alternative to machine
translation [15]. These models handle compound tasks such as E2E-ABSA, ACTE,
and TASD, demonstrating flexibility in capturing complex sentiment structures.
Fine-tuned large language models are also explored [15], extending earlier work
in monolingual English ABSA [14].

3 Methodology
In this section, we describe our method for tackling the triplet task (TASD),

which can be readily adapted to tuple-based tasks with minimal modifications.
Figure 1 provides an overview of the proposed approach.

> :
Jrain___Predict _Source __Target
Example Input

Source
anguage
Dataset

[A] eats [C] food quality
[ ]great[;] [A] eats
[C] food prices [ ] great

If you are looking forisa tglg](;o:)ilaqéj:Iity, cheap eats - this If you are looking for a
(a ¢, ): (eats, FOOD#QUALITY, positive) tr“’l‘;‘:g &L;aggc ‘;hf?ﬁ] ?35511
(a, ¢, ): (eats, FOOD#PRICES, positive) .

Small Example Input Output
Target Jidlo bylo porad dobré, to se musi nechat, ale hrozné) [ Jidlo bylo pofad dobré, to / Model [A] Jidlo [C] food quality
Language__| moc klesla Uroveri obsluhy |_|se musi nechat, ale hrozné [ 1great [;] [A] obsluhy
Dataset (a, ¢, ): (Jidlo, FOOD#QUALITY, positive) moc klesla uroveri obsluhy [C] service general [ ]
(a, ¢, ): (obsluhy, SERVICE#GENERAL, negative) [[AI[CI[ ] bad
Example Input « Output
Target Skvély point na rychlé a chutné jidlo. Velmi rad se Skvély point na rychlé a e %’J»\ [A] Jidlo [C] food quality
Language,_ | zde vzdy zastavim. || chutné jidlo. Velmirad se -* | Optional [ 1great[;] [A] it
Dataset (a, ¢, ): (jidlo, FOOD#QUALITY, positive) zde vzdy zastavim. | [A] [C] Constrained [C] restaurant
(a, ¢, ): (NULL, RESTAURANT#GENERAL, positive) [1 Decoding general [ ] great

Fig. 1: Overview of the training approach. The method involves converting input
labels into natural language phrases, fine-tuning on source language data alongside
a few target language examples, and generating predictions on target language
inputs. Constrained decoding is optionally used to improve output quality.

3.1 Problem Definition

Given an input sentence, the goal is to predict all sentiment tuples T' = (a, ¢, p),
where each tuple consists of an aspect term (a), aspect category (c), and sentiment
polarity (p). Following previous work [15] for a fair comparison, we convert each
element (a,c,p) into a natural language representation (eq, €., €p), with a few
examples illustrated in Figure 1. For example, we map implicit aspect terms to
“Gt7, “positive” sentiment polarity to “great”, and “negative” sentiment polarity to
“bad”, while keeping explicit aspect terms and aspect categories in their original
form.
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3.2 Input and Output Construction

To build input and output sequences for the model, we follow the strategy
proposed in [15], using special markers to denote each sentiment element: [A] for
€q, [C] for e., and [P] for e,. These markers are used to prefix each element in
the target sequence and are also appended to the input sequence to guide the
model’s decoding process. For instance, given the sentence “The staff was very
helpful” yield the output: “[A] staff [C] service general [P] great”. If a sentence
contains multiple sentiment tuples, we concatenate their representations using
the [;] separator. Figure 1 includes several examples of such input-output pairs.

3.3 Constrained Decoding

Constrained decoding (CD) [2], shown in [15] to be effective for cross-lingual
ABSA with sequence-to-sequence models, mitigates errors where a model trained
on a source language (e.g. English) generates aspect terms in the source language
instead of target one (e.g. Dutch). CD limits token generation based on the
input and prior outputs. For example, when generating an aspect category, only
tokens from the set of valid categories are allowed. For aspect terms, generation is
limited to tokens from the original sentence and “it” for implicit aspects. We use
the same CD method as in [15] and evaluate whether few-shot target language
examples can offer similar benefits, potentially reducing the need for CD.

3.4 Training

We fine-tune a pre-trained sequence-to-sequence (encoder-decoder) model on
constructed input—output pairs. The encoder processes the input sequence x into a
contextual representation e, and the decoder generates the output y by modelling
the probability Pe(y|e), where ® denotes the model parameters. During training,
each token y; is predicted based on e and previously generated tokens. The model
is optimized by minimizing the negative log-likelihood loss over a target sequence
of length n:

L=-> logpe(yile yi). (1)

=1

4 Experimental Setup

We conduct experiments on four ABSA tasks: ACSA, E2E-ABSA, ACTE, and
TASD. To the best of our knowledge, this paper is the first to examine ACSA in
cross-lingual settings.

We conduct experiments using the SemEval-2016 dataset [10] with restaurant
reviews in six languages: English (en), Spanish (es), French (fr), Dutch (nl),
Russian (ru), and Turkish (tr), with official training and test splits. A validation
set is created by splitting the original training data in a 9:1 ratio, as in [15].
Additionally, we use the CsRest-M dataset [16], containing real-world restaurant
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reviews in Czech (cs), which is divided into training, validation, and test sets.
Czech has not been explored in cross-lingual ABSA before. Table 2 summarizes
dataset statistics for each language.

Table 2: Dataset statistics for each language.
Cs En Es Fr NI Ru Tr

Sentences 2,151 1,800 1,863 1,559 1,549 3,289 1,108
Triplets 4,386 2,266 2,455 2,276 1,676 3,697 1,386

Sentences 240 200 207 174 173 366 124
Triplets 483 241 265 254 184 392 149

Sentences 798 676 881 694 5751,209 144
Triplets 1,609 859 1,072 954 613 1,300 159

Train

4.1 Experimental Details

We employ multilingual sequence-to-sequence models, mT5 [21] and mBART [17],
accessed via the HuggingFace Transformers library [20]. For all experiments,
each model is fine-tuned for 20 epochs with a batch size of 16, using greedy
decoding during inference. We use Adafactor [12] optimizer with a learning
rate of le-4 for mT5 and AdamW [9] with a learning rate of le-5 for mBART.
Hyperparameters were selected for stable validation performance across languages
and tasks. Experiments run on an NVIDIA 140 GPU with 48 GB of memory.

We use English as the source language and the other languages as target
languages for all experiments and perform model selection based on performance
on the English validation set. For few-shot experiments, we select the first n
examples from the target language’s training set. The data are not ordered by
label or difficulty, and the initial subset reflects the overall label distribution,
ensuring representative coverage. This approach also ensures consistency across
runs and models.

4.2 Evaluation Metrics & Compared Methods

We report results averaged over five runs with different random seeds and 95%
confidence intervals. The primary evaluation metric is the micro F1-score, stan-
dard in ABSA research, where a predicted sentiment tuple is considered correct
only if all components exactly match the gold standard.

We compare our few-shot cross-lingual results with the zero-shot baselines
reported in [15], where applicable — that is, for all languages except Czech and
all tasks except ACSA. Zero-shot results for Czech and ACSA, as well as all
few-shot results, are newly reported in this paper. Using the same models and
data splits ensures a fair evaluation of the few-shot effect.
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5 Results

Table 3 presents the results for the four ABSA tasks using mT5, comparing
different numbers of few-shot examples and monolingual training. As expected,
monolingual training consistently yields the best performance across all tasks
and languages, highlighting the advantage of abundant in-language supervision.

Table 3: Cross-lingual micro Fl-scores on four tasks in six target languages
using mT5, compared to monolingual (mono) performance, with varying few-
shot examples (FS). Bold marks better constrained decoding (CD) results with
non-overlapping 95% confidence intervals. Asterisked (*) results are from [15].

Task Setup FS Without constrained decoding ‘With constrained decoding
Cs Es Fr N1 Ru Tr Cs Es Fr NI Ru Tr
Mono 76,602 771102 69.2%08 741203 78,008 749%15 7651 774E06 69 0R0T 74300 777E0S 7q 440

0 68,0i1'1 71.110.8 6347i0v7 70.410.1 7145i1v1 70.512.7 67.7i11 71v0i1v1 64,4i1'3 70,4i1'1 71v4i0v3 7047i3v0
E 1 68.0%0% 71.3%09 645513 69.6*04 72550 71350 67,6500 717509 633500 Go.8Ftl 721%08  7a3%16
gﬂ 2 67.2t(\.7 72‘11U.7 63A8t“'9 69}91[].6 71A7t0h 70.011.5 67.5i0.2 71.4i0.1 64.4i1.j 70.0t1.d 72A2t(!,8 71A9tla
= 5 66.8%12 71.1%05 63411 69.2%04 72.3F07 g9 5ELS 665100 718%05 638%13 69,0t 72.8E06 70714
Py
g
S

ACSA

10 68.5tu.7 71'21(].8 64.4t1.2 71'211.3 72-0i0.fj 69.8i3‘2 68.2i0'5 72.0t0.5 64.1t0.2 70.7t0.9 71.8t1.1 69_9i1'”
20 68.5i0'5 71.411.3 64‘5i0v8 71.910.9 7‘247i1,4 68.912.7 66.5i1.6 71.7i0.5 65.2i1v6 71.4i0v5 72‘4i0v7 7041i2v0
100 69.9%0C 739105 65.7E00 717407 719809 76 0%25 69,4508 737806 6.9t 71108 729406 73 g0

*71 L0 *79 4£0.2 g 1F1.7

0 57.3%514 %50 9505 57 gE12 %57 1509 ¥56 4F21 %44 4F14 g2, 416 %69 3510 %61, 1512 *60,§+0-3 *63,7%13 ¥48,9%14
= 1 59.0i1,1 61.11[“) 6040i1'3 59'()1(].7 59.4i08 49.211.2 62.3i0.9 70.5i1.() 60.2i0.3 61.7i0,9 63'4i1,ll 51‘4i$,0
§u 2 58.9%0° 62.8%27 5931 610704 59.6%0° 51.2%19 63.050° 71.3*07 60.4*'? 62.1*! 63.7500 528! s
;:‘- 5 59.9t1.1 63»2i2‘4 ﬁligtl.l 60»5i1‘“ 6L2t"7 54‘813.() 63.21(1.3 71‘0t1.h 61.4t“'h ﬁl.lt'z.(] 65.8t0.8 53(2t1\.9
¢
2
o

E2E-ABSA

10 60,7i1'0 70.7:&1.3 Golgiu,s 61.911'3 G0,0*” 53.211.7 63.6i0.7 71.6i0v9 61.4i0'7 62,7i1'5 65'8i1,2 5440i1,6
20 62.1%12 71217 611707 62.1F15 64.6%17 525519 64.0F10 72.1F10 62.2%10 63.2%13 66,610 562427
72‘21&5 62‘7t1 0

0.8 %7 4£0.7 %gg 7E0-8

57.7518 68,006 64.9%05 58.4%16

0 54.3+1v6 *52.5+1.D *5548+Dv7 *52.3+1.3 *55404»2,7 *41.41»1.1 58.7+1'0 *62.8+1'/1 *57'5*»0'3 *54'1+0v2 *60'4+Dv0 *49'04»0'9
E 1 552509 58508 56203 5o 7ELL 57 E21 45 0F21 58 808 62,8402 55.8%0° 53,905 61.5%05  46.9%11
B0 2 55.8t1'2 57‘711.8 55A0t0.7 52‘11[].6 57A5t11 46‘41(1.7 58.9;t1.0 Gz‘st().ﬁ 57‘1t().9 53.4tt!.9 62.0t0.4 47A1t(!?§
é 5 57v0i1v0 58.610'4 5643i0v4 53.910.9 5841i1v0 48.013'4 59'7t08 63.2i10 58.0i0v7 53v4i1v5 62'8i0v5 4849i1v9
g
S

ACTE

10 56.8%1° 63.3%0°9 57.4%10 56,1512 59.3519 49,7507 60.3%18  63.9%09 57008 5577 63.2%0%  50.7+
20 57.4t1.b 64,61U'5 57‘8tﬂ,8 55‘211.2 635t08 49.811.2 61.0&1.1 64.5i1.u 57l3i(\.7 55.5t0.5 6442t1'2 51A1t17
100 63.6T%7 65.9%0° 59.8%04 60.1%10 66.0%07 53.6%12 4.4 66.4F10  59.7E00 58505 66,2408 55 2*le

0 50.2%09 %48 3505 k50 414 %47 711 %45 6£20 39 1336 53 315 x5y, gE06 x50 4308 x50 4F13 x5 9520 43 803
1 49.gt0./1 52‘511.2 50A0t1v2 48,11U'8 52A3t1h' 42‘011.8 53.6i(!.!) 58.0i().5 50.4i1.[) 49.8t0.9 55.5t(!v5 43(9t16
2 50.7%10 51,315 49.6F12 491506 53115 43,7519 53,9400 58,000 50.9%14 50.2%0° 55.5F07 441417
52.4tl.7 52'412.1 50.2tl.2 49'711.3 52-3il.4 45.111.4 53.2i1.l 58.4t0.6 51.2t1.6 49.0tl.3 57.5t0.4 4ﬁ-5il.(1
10 52.5i1v3 58.211'0 49‘8103 51'211.5 5346i1v5 45.312.7 54.1i0.6 58.8i0.6 51.(]&0'8 50.4i1v2 57'5i1,1 4643i1v5
20 51.6%0° 58.9%0% 50.6%1% 525508 57.8F10 44.8%21 54.1F18 60,2507 525t 523808 5goFS 474422
100 57”-)t“.4 61»510‘8 52.4t1.1 54‘11(].7 58A9t" 9 49‘711.4 57.li().7 61.7t“'7 52.7t1.ﬁ 54.3t0.8 58.8t1.4 50A1t“’6

TASD

Cross-lingual
o

Overall, we observe a clear trend of performance improvement with an increas-
ing number of few-shot examples. This improvement is especially noticeable when
constrained decoding is not used. For instance, in the TASD task with Spanish
as the target language, adding a single few-shot example improves performance
by approximately 4% over the zero-shot setting without constrained decoding.
Increasing the number of examples to ten provides an additional 6% gain — a 10%
improvement over the zero-shot baseline. Interestingly, as the number of few-shot
examples increases, the relative benefit of constrained decoding decreases. With
ten few-shot examples, constrained decoding usually provides no significant ad-
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vantage. An exception is Czech, where constrained decoding consistently improves
results, even with 100 few-shot examples — possibly due to specific morphological
or syntactic characteristics of the language.

The ACSA task, which had not previously been evaluated with constrained
decoding, shows no consistent improvement from its use. This aligns with expec-
tations, as constrained decoding primarily addresses challenges related to aspect
term prediction [15], which is not a component of ACSA.

Across tasks, the most substantial gains compared to zero-shot performance
generally occur when moving to ten few-shot examples. Improvements with fewer
examples (e.g. one or five) tend to be modest or not statistically significant.
Increasing the count from ten to twenty examples typically yields to only a
small or no further gains. A more substantial leap in performance is usually
seen only when scaling up to 100 examples, suggesting a non-linear benefit from
additional supervision. With 100 few-shot examples, performance is typically
between 2—10% lower than monolingual results, depending on the task, while
with ten few-shot examples, performance is usually about 3% lower than with
100 examples.

Table 4 shows analogous results using the mBART model. While the overall
patterns mirror those observed with mT5, a notable difference emerges: con-
strained decoding has significantly less impact on mBART. It generally leads
to improvements only in a subset of languages under zero-shot settings. This
suggests that mBART may be inherently more robust to output structure viola-
tions or benefits less from structural constraints. However, the overall results are
better with mT5 than with mBART.

In summary, even a small number of high-quality few-shot examples — par-
ticularly ten — can yield substantial gains over zero-shot performance, often
surpassing zero-shot constrained decoding results. Given that collecting ten la-
belled instances per target language is a manageable effort, few-shot learning
presents a highly practical and efficient approach for cross-lingual ABSA. More-
over, the diminishing returns beyond ten examples — particularly when weighed
against the increased time and cost of data labelling — underscore the efficiency
of small-scale supervision and offer promising implications for low-resource or
domain-specific adaptation scenarios.

5.1 TASD with Different Few-Shot Examples

We investigate the impact of increasing the number of target-language examples in
the training data for the TASD task, with results shown in Figure 2. As expected,
adding more examples in the target language generally improves performance.
For most languages, there is a clear upward trend, with models often approaching
or even surpassing monolingual baselines. However, the gains tend to plateau
around 1,000 examples, highlighting a practical ceiling given the cost of obtaining
high-quality annotations in multiple languages.

As discussed previously, even a small addition of ten examples can yield
substantial improvements over the zero-shot setting. Interestingly, this benefit
is often more pronounced when constrained decoding is not used. This suggests



8 Jakub Smid, Pavel P¥ibaii, and Pavel Kral

Table 4: Cross-lingual micro Fl-scores on four tasks in six target languages using
mBART, compared to monolingual (mono) performance, with varying few-shot
examples (FS). Bold marks better constrained decoding (CD) results with non-
overlapping 95% confidence intervals. Asterisked (*) results are from [15].

Task Setup FS ‘Without constrained decoding ‘With constrained decoding
Cs Es Fr NI Ru Tr Cs Es Fr NI Ru Tr
Mono 72,6513 732800 650500 702810 73.3F12 66140 715808 733808 63.7EL0 68320 72.8FL0  gq.4%0

ACSA

10 57.9i2.5 62‘5i3 1 55(7t1.3 58‘412 2 66‘5i1'8 54.4i1.‘) 55‘511 5 62‘812 0 54‘0i3.3 58‘313 9 67‘6i0 5 53‘415 8
20 57.0%%% 64.0%23 57.2%24 62.8F07 659715 55532 56,041 615518 569721 60.3%27  66.0T07 55913
100 63.5+1'5 67.6+2'1 5944%»2.2 64.5+1'9 67.1+3'1 61.9+4'6 62.4+2 0 66.5+D'9 59.34»1'5 65.0+1'6 65.5+2'3 62.6+4 7

Mono 69.150-3 *73 0105 %66 4F1-1 68,9512 #6876 *56,0427 68,8108 #71.9F13 64,017 *61.6T10 *66.2F11 *54.4%23

0 : K ’ 3.8 *51.612'7 *57_111,4 *31.613.9 48.812'7 *61.712.7> *49_2i4.1 *50_113.5 *57_811.8 *30_313 0
Tg 1 49.2i1.2 56.610 6 49-9t0.5 47.31().7 558t12 31.8i1‘5 49.710.@? 57.111.? 48_9t1.1 46'11(\.7 56.911 2 326124
& 2 5010 55.7FN 501510 477l 57.5EL0 39,6520 49,4710 56,5500 48,6700 47.9F1F 56,7512 32,710
;_—I: 5 51.8i0.« 57‘011 1 51A3t1.l) 494106 57‘5i1,2 30.7i0.8 50.6114 56.4105 50‘2i1,5 47‘911/1 56,2104 31‘7123
5
g
O

E2E-ABSA

10 51.0i3.4 64.112 2 53(4&2.0 53.412.3 58.8i1'7 377i32 52.013 4 64.812.6 51.6i1v1 51‘4123 57}911}3 36.312 0
20 53.6i2.9 63.2128 5443i1v8 53.412.0 59.5i1v5 40.9i3.9 52.813.4 65.511.3 51.7i1,1 53.6i1v2 58.912'4 36.411 9
100 60.6%1% 67.6%14 57.2F12 57.9FLT 623+ 4792831 59 7HLT g7 5Ll 553808 561E6 60508 46,8%37

Mono 70.150-8 %66.4516 %61, 1516 *64,1%1-2 #7900 *56 8422 68,4700 *58.0%F12 *67.4%03 *p5p5 3E1S

0 48.6F27 #5254 x40 3EL5 kg 5ELA k53 QELS x31 121 45 gE45 k5 gF0.4 kg 9F0.6
= 1 527510 3.0F10 59 3E21 59 909 5@ (FOT 33 (k22 5o LS gy sEll gy gdl3
Eﬂ 9 52.7E12 §3.3%07 516109 52.1%22 50.0+08 359%1.0 51 g¥20 gy wE05 5o gE1.0
i 5 50.9%09 §3.6T06 54,110 59 505 59 0T 36.4+10 5] gE21 g gF0T 53 4+15
§
o

ACTE

10 52.5%09 57.3F11 5069 47.4%22 5goE23 35.1%29 475308 gg4ElS 48 5+05

20 50.8%10 594106 509%15 49 g2l 59 700 41 1%29 51 6128
n ﬁi49 57.112.2

47.8%16
51.1%11

57.8%10

100 59.2%1° 60.4%2° 53.3%22 550%24

0 40_4t3.n *47‘611 9 *39(6t0.8 *39.110 9 *51.111 2 *39‘9iﬂ,6 *38,910 9 *50.511) 7
1 42.8i1.2 50‘411 8 41A3i1.2 40.910.8 51.2i0,/1 26.8i1.2 41.111 0 51.510.9 40.5i0,9 39‘2107 50,810 9
2 42.4i1.2 50.5110 4243i0v9 40.611.1 50.8i0v7 28.9i3.3 42.010.9 51.311.3 39.7i1,1 40.1i2,1 50.611'2
42,8i1'5 52.3i1v5 4241i1 2 41.611.1 50.0i0v2 27,3i3 2 42.211.9 51.311.0 41.0i0,8 41.8i1'1 51.5i0v9
10 433523 51.8F10 40.9738 42.2%31 49.9t10 99 gFAd 4o g2 51 7ESS 4o FLT 39.7E35 50,0F07 28,
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that a few target-language examples may help compensate for typical generation
errors, such as producing aspect terms in the wrong language — an issue that
constrained decoding was designed to mitigate.

With more target-language data, the relative advantage of constrained decod-
ing gradually diminishes. Below 100 examples, constrained decoding can still offer
some improvements, but its impact becomes marginal as the number increases.
A notable exception is Dutch, where performance with constrained decoding
consistently lags behind as more examples are added. In contrast, Dutch models
without constrained decoding show marked improvements once the data reaches
200 examples or more.

5.2 Error Analysis

We conduct an error analysis to identify the most challenging sentiment pre-
diction elements. We manually examine 100 random test samples from the
best-performing mT5 runs — with and without constrained decoding — focusing
on Czech and Spanish for TASD with up to 100 few-shot examples.
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Fig. 2: Effect of adding target language examples on cross-lingual TASD perfor-
mance with mT5, with and without constrained decoding (CD), compared to
monolingual models.

The most frequent errors involve aspect term prediction. As noted in [15], the
model sometimes outputs aspect terms in the source language instead of the target.
This issue, along with typos correction (e.g. “sevrice” instead of “service”) and
hallucinated words, is reduced by constrained decoding and few-shot examples.
We also observe incomplete, irrelevant, or missing aspect terms. Error rates tend
to decrease with more target-language few-shot examples, aligning with overall
performance trends.

Aspect category errors are less common. Rare categories like “drinks prices”
are often missed, and similar ones such as “restaurant general” and ‘“restaurant
miscellaneous” are frequently confused. Some categories, like “food general”, appear
only in one language, which hinders cross-lingual transfer.

Sentiment polarity errors are the least frequent and mainly involve misclassi-
fying the “neutral” class, likely due to label imbalance, since “neutral” is the least
frequent class across all datasets.
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6 Conclusion

This paper investigates the effect of incorporating few-shot target language
examples into training data for cross-lingual aspect-based sentiment analysis
using sequence-to-sequence models. Across four ABSA tasks, six target languages,
and two multilingual models, we show that even a small number of target language
examples — particularly ten — can lead to significant performance improvements,
often rendering techniques like constrained decoding unnecessary. With larger few-
shot sets, performance can exceed monolingual baselines, highlighting the strong
potential of minimal in-language supervision. These findings offer a practical
and cost-effective alternative to zero-shot cross-lingual approaches, especially
valuable in low-resource and domain-specific scenarios where obtaining a handful
of high-quality annotations is feasible.
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