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Abstract

In this paper, we present the AILS-NTUA sys-
tem for Track-A of SemEval-2026 Task 3 on
Dimensional Aspect-Based Sentiment Anal-
ysis (DimABSA), which encompasses three
complementary problems: Dimensional As-
pect Sentiment Regression (DimASR), Dimen-
sional Aspect Sentiment Triplet Extraction
(DIimASTE), and Dimensional Aspect Sen-
timent Quad Prediction (DimASQP) within
a multilingual and multi-domain framework.
Our methodology combines fine-tuning of
language-appropriate encoder backbones for
continuous aspect-level sentiment prediction
with language-specific instruction tuning of
large language models using LoRA for struc-
tured triplet and quadruplet extraction. This
unified yet task-adaptive design emphasizes
parameter-efficient specialization across lan-
guages and domains, enabling reduced training
and inference requirements while maintaining
strong effectiveness. Empirical results demon-
strate that the proposed models achieve com-
petitive performance and surpass the provided
baselines in most evaluation settings'.

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) seeks
to discern the sentiment directed at a specific as-
pect of an entity, facilitating a fine-grained anal-
ysis that transcends sentiment polarity. In recent
years, research has increasingly moved from pre-
dicting categorical sentiment for isolated elements
toward structured ABSA formulations that extract
richer opinion structures, such as triplets in As-
pect Sentiment Triplet Extraction (ASTE) (Peng
et al., 2020) and quadruplets in Aspect Sentiment
Quad Prediction (ASQP) (Zhang et al., 2021a),
built around aspect terms/categories and opinion
expressions with sentiment polarity (Zhang et al.,
2022). By replacing the sentiment polarity with

'Code: stavgaz/Semeval2026-Efficient-DimABSA

continuous valence—arousal (VA) scores, where
valence reflects positivity/negativity and arousal
reflects activation/intensity (Russell, 1980), more
nuanced emotional information can be provided, as
explored in a shared task (Lee et al., 2024).

SemEval-2026 Task 3: Dimensional Aspect-
Based Sentiment Analysis (DimABSA) extends
ABSA to a multilingual and multi-domain setting
by utilizing VA annotations to facilitate analysis
at both the aspect and sentiment levels (Yu et al.,
2026). Our work revolves around Track-A (Lee
et al., 2026), which includes three subtasks: Sub-
task 1 - Dimensional Aspect Sentiment Regression
(DimASR), Subtask 2 - Dimensional Aspect Senti-
ment Triplet Extraction (DimASTE), and Subtask
3 - Dimensional Aspect Sentiment Quad Prediction
(DimASQP), which we explore in this work.

To address the three subtasks, we propose a uni-
fied yet task-specialized framework that combines
aspect-conditioned regression with instruction-
tuned structured generation: DimASR is modeled
as continuous VA regression, while DimASTE and
DimASQP are cast as constrained JSON gener-
ation. Our contributions are: @ A parameter-
efficient multilingual regression framework for Di-
mASR, fine-tuning language-appropriate encoders
per language—domain pair to predict valence—
arousal scores, outperforming the provided base-
lines in most settings. @ A unified LoRA-based
instruction-tuning pipeline for DimASTE and Di-
mASQP on Llama and Qwen models (<14B), eval-
uvated under zero-, few-, and supervised setups,
achieving competitive or superior cF1 compared
to larger fully fine-tuned LLMs. An empiri-
cal study of translation-based cross-lingual trans-
fer, analyzing the trade-offs between multilingual
adaptation and translation-induced noise in lower-
resource settings.
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2 Related Work

Tagging and span-based structured ABSA. Ear-
lier work on structured ABSA commonly revolved
around using sequence labeling, tagging, and span-
based methods to jointly extract triplets (aspect,
opinion, sentiment) and quadruplets (aspect, cat-
egory, opinion, sentiment). Regarding ASTE, ap-
proaches such as position-aware tagging (Xu et al.,
2020), grid-based token-pair labeling (Wu et al.,
2020), and span-based formulations (Xu et al.,
2021) were implemented. As for ASQP, non-
generative approaches frequently employ table-
filling or grid-tagging to predict relations among
the elements in a unified manner (Zhou et al.,
2023), building on earlier quadruple settings such
as ACOS (Cai et al., 2021). These strategies moti-
vate further research that substitutes discrete label-
ing methods with serialized tuple generation.

Generative structured ABSA. Structured
ABSA has increasingly been formulated as text gen-
eration, where models decode serialized sentiment
structures directly from the input text. Early work
used encoder-decoder models such as TS/BART to
generate the targets in unified text-to-text frame-
works (Zhang et al., 2021b; Yan et al., 2021). More
recent work has utilized large language models
(LLMs) for ABSA under zero-shot and few-shot
prompting, as well as instruction-style fine-tuning,
showing promise across different domains and lan-
guages (Wu et al., 2025; Wang et al., 2024; Zhou
et al., 2024; Simmering and Huoviala, 2023). This
groundwork motivated our use of instruction-tuned
LLMs for structured ABSA in the dimensional
(VA) setting of DimABSA.

Dimensional ABSA. The VA annotations have
recently been adopted in ABSA as a way to ex-
tract fine-grained information. Most notably, the
SIGHAN-2024 dimABSA shared task studied di-
mensional ABSA with subtasks covering intensity
prediction and structured triplet/quadruplet extrac-
tion in VA space (Lee et al., 2024). In this shared
task, many approaches were proposed for the Chi-
nese language, including span-based extraction
with contrastive learning (Tong and Wei, 2024),
paraphrase/generation-style prediction (Jiang et al.,
2024), and LLM-based approaches, including few-
shot in-context learning and fine-tuning (Meng
etal., 2024; Xu et al., 2024).

3 Task and Dataset Description

3.1 Task Definition

The task is defined over the following elements:
Aspect Term (A), Aspect Category (C'), Opinion
Term (O), and Valence—Arousal (VA). The Aspect
Category follows a hierarchical schema of the form
ENTITY#ATTRIBUTE, where ENTITY denotes the
general aspect entity (e.g., FOOD, SERVICE) and
ATTRIBUTE specifies the evaluated property of that
entity (e.g., QUALITY, PRICE), with the symbol
# acting as a delimiter between the two semantic
levels. The Valence—Arousal pair is represented
as V#A, where V, A € [1.00,9.00] and values are
reported with two-decimal precision. Task format
and examples are provided in App. A.

Track-A? includes the three previously men-
tioned subtasks: DimASR: given a text and one
or more target aspects, predict a VA score for each
aspect. DImASTE: given a text, extract all triplets
(A,0,V A). DIimASQP: given a text, extract all
quadruplets (A, C, O,V A). All textual outputs are
case-sensitive.

3.2 Dataset Description

The DimABSA benchmark comprises six lan-
guages—Chinese (ZHO), English (ENG), Japanese
(JPN), Russian (RUS), Tatar (TAT), and Ukrainian
(UKR)—and spans four application domains:
Restaurant, Laptop, Hotel, and Finance. For
each available language—domain configuration, the
dataset is organized into dedicated training, val-
idation, and test partitions. Individual instances
correspond to domain-specific textual reviews an-
notated with aspect-level dimensional sentiment
information. Notably, the Finance domain is avail-
able exclusively for the DimASR subtask.

Certain training partitions—namely the En-
glish Restaurant and Laptop datasets, the Chi-
nese Restaurant dataset, and the Japanese Hotel
dataset—contain NULL annotations corresponding
to implicitly expressed sentiment targets, result-
ing in increased difficulty during model training.
Furthermore, we observe distributional variabil-
ity across dataset partitions, including differences
in review length, sentiment structure density (i.e.,
quadruplets per review), and category frequency.
Detailed dataset statistics and exploratory data anal-
ysis are provided in App. B.

2Official Task repository: DimABSA/DimABSA2026
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3.3 Evaluation Metrics

DimASR s evaluated using Root Mean Squared
Error (RMSE) between the predicted and gold
valence-arousal (VA) scores, computed over both
dimensions.

DimASTE and DimASQP are evaluated using
continuous F1 (cF1), which unifies the exact-match
evaluation of categorical elements with the accu-
racy of VA prediction. A prediction contributes
only if its categorical elements exactly match a
gold annotation in the same sentence (i.e., (A4, O)
for triplets and (A, C, O) for quadruplets).

4 System Overview

4.1 Aspect-Based Regression for DimASR

For DimASR, we fine-tune pretrained transformer
encoders for aspect-conditioned regression. Given
an input sentence = and a target aspect a, we con-
catenate them into a single sequence (e.g., Aspect:
a. Sentence: z.) and feed it to the encoder
backbone. We obtain a pooled representation and
predict valence and arousal using two scalar re-
gression heads. To train the models, we optimize
a weighted combination of Mean Squared Error
(MSE) and Concordance Correlation Coefficient
(CCCO) (Lin, 1989), and we add a VA-guided triplet
regularizer using the standard hinge triplet objec-
tive (Schroff et al., 2015). Since VA labels form
a continuous affective space, the triplet term en-
courages aspect-conditioned representations with
similar gold VA scores to be closer than those with
distant VA scores, providing relational supervision
complementary to MSE and CCC losses. We use
one backbone per language and fine-tune separate
models for each domain within that language. All
datasets are flattened to contain entries in the form
of Review/Aspect. At inference, each review’s VA
scores are grouped back. A more thorough expla-
nation is provided in App. D.

Language backbones. We use language-
appropriate transformer encoders from the BERT,
RoBERTa, and DeBERTa families (Devlin et al.,
2019; Liu et al., 2019; He et al., 2020) and employ
XLM-R (Conneau et al., 2020) for languages
without a dedicated backbone. Specifically, we
use DeBERTa as the backbone for English and
Japanese, RoBERTa for Chinese, a BERT-style
model for Russian, and XILLM-R for Ukrainian and
Tatar. Details about the selected backbones are
provided in App. D.

4.2 Instruction-Tuned LLM Generation for
DimASTE and DimASQP

In order to extract the sentiment elements from the
review, we approach DimASTE and DimASQP as
constrained text generation. Given an input review,
the model generates a JSON-formatted list of sen-
timent structures. This enables joint prediction of
all required elements in a single decoding pass and
avoids multi-stage extraction pipelines.

Unified prompting with and without categories.
Both subtasks share the same instruction-tuning
pipeline and differ only in whether aspect cate-
gories are provided and predicted. For DimASQP,
the prompt includes the domain-specific list of
valid categories, whereas for DImASTE the cat-
egory list is omitted. For partitions containing
NULL labels, we design language-specific instruc-
tions that discourage the model from predicting
NULL as an easy solution when the aspect and/or
opinion is implicit in the review. All instructions
are written in the same language as the input data.
The exact templates used for training and inference
are reported in App. F.

Structured outputs and VA handling. To
reduce formatting errors and simplify post-
processing, we split VA into explicit numeric keys
(Valence, Arousal) in the generated JSON during
training. Gold labels are converted from the origi-
nal V#A strings into floats and serialized with two-
decimal formatting. At inference time, we parse
the generated JSON, constrain VA values to the
valid [1.00, 9.00] range, and then map predictions
back to the required submission format.

Backbones and parameter-efficient fine-tuning.
We instruction fine-tune open LLMs from the
Llama (Grattafiori et al., 2024) and Qwen (Qwen
et al., 2025) families using LoRA (Hu et al.,
2021), training separate adapters for each lan-
guage/domain dataset while keeping the task for-
mulation fixed. We use the instruct versions of
Llama 3.1 8B for English, Qwen 2.5 7B for Chi-
nese, and Qwen 2.5 14B for Japanese, Russian,
Ukrainian, and Tatar. The models were chosen
based on their support in each respective language.
For the lowest resource languages (JPN, RUS,
UKR, TAT), a larger model of 14B parameters was
chosen to bridge the gap in multilingual support of
the LLM.
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5 Results

Experimental setup. All experiments were con-
ducted using NVIDIA A100 GPU. Models were
trained on the training set, with results reported
on validation and test. Hyperparameters appear in
App. G.

Baselines. For all subtasks, two baseline models
were provided: Kimi K2 Thinking (32B) and Qwen
3 14B. The dataset paper (Lee et al., 2026) reports
Zero-shot and One-shot results with GPT-5 mini
and Kimi K2 Thinking, as well as supervised fine-
tuning of Qwen 3 14B, Mistral 3 14B, Llama 3.3
70B, and GPT-OSS 120B, which we include for
comparison. Test set results are given in App. C.

5.1 DimASR Results

Tables 1 and 2 present the results for the Di-
mASR subtask in Dev and Test sets. We ob-
serve that language-appropriate encoder backbones
outperform the provided baselines, except on the
Tatar Restaurant dataset, where Kimi K2 Think-
ing achieves superior performance. Our models
outperformed larger LLM-based approaches dis-
cussed in the benchmark paper in all English and
Chinese domains, along with Japanese Finance, de-
spite having fewer parameters. In Japanese Hotel
and Russian/Ukrainian Restaurant, our approach
is only outperformed by GPT-OSS, while in Tatar
Restaurant, it is outperformed by both GPT-OSS
and Kimi K2 (One-shot setting). (Table 7).

Performance drops are most pronounced in
lower-resource languages (notably Tatar), which
we attribute to smaller training sets and weaker
language-specific pretraining. We report the Pear-
son Correlation Coefficient (PCC) for deeper anal-
ysis. PCC is consistently higher for valence across
languages and domains, suggesting that arousal is
less directly lexicalized and harder to infer from
text. The performance difference between Dev and
Test sets can be attributed to split size variations,
as shown in App B.

5.2 DimASTE Results

Table 3 presents the results for the DimASTE sub-
task. All models achieve competitive performance
on both sets, outperforming the competition base-
lines. Compared to the results reported in the
benchmark paper (which includes much larger fine-
tuned LLMs), our <14B models display compara-
ble and, in most cases, better results on cF1, except
in Tatar Restaurant (outperformed by Llama 3.3

Lang. Domain RMSEy 4 | PCCy, T PCC4 1t

ENG Laptop 1.0166 0.9174 0.5768
Restaurant 0.9208 0.9295 0.6882
Finance 0.5438 0.8241 0.5981

ZHO Laptop 0.7443 0.8863 0.7042
Restaurant 0.8007 0.8419 0.6748

RUS Restaurant 1.3808 0.8810 0.5130

TAT Restaurant 1.9234 0.5231 0.3859

UKR Restaurant 1.3692 0.9435 0.5622

IPN Finance 0.9881 0.8088 0.4398
Hotel 0.9844 0.9076 0.5825

Table 1: DimASR Dev set results per language and
domain.

Lang. Domain RMSEy 4 | PCCy, T PCC4 1t

ENG Laptop 1.4401 0.8520 0.5073
Restaurant 1.3933 0.8757 0.6105
Finance 0.5425 0.8327 0.6436

ZHO Laptop 0.7457 0.8738 0.7133
Restaurant 1.0023 0.8258 0.5852

RUS Restaurant 1.7236 0.7865 0.5075

TAT Restaurant 2.1144 0.5831 0.3104

UKR Restaurant 1.6724 0.8189 0.5358

IPN Finance 0.9635 0.7920 0.3497
Hotel 0.7484 0.9105 0.7074

Table 2: DimASR Test set results per language and
domain.

70B) and Japanese Hotel (outperformed by GPT-
0OSS), as shown in Table 7. The instruct variants of
our models seem to help by improving instruction-
following and structured output adherence. In addi-
tion to fine-tuning, we also report the performance
of Qwen 2.5 14B on the Dev set in a Zero-shot
and Few-shot setting. Few-shot worked better than
Zero-shot, but the overall performance was under-
whelming. The results and insights of this study
can be found in App H.

The Dev-Test cF1 gaps correspond to variations
in review length and structure density (tuples per
review), as shown by the Population Stability Index
(PSI) heatmap and split statistics in App. B. The
effect is significant for Chinese Restaurant, where
length and tuples per review vary considerably, and
the Test split is denser, increasing the likelihood
of missed structures and reducing cF1. Similar
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Lang. Model Domain cF11
Dev Test
Laptop 0.5962 0.5311
ENG  Llama3.18B o ctaurant 0.7668 0.6518
ZHO Qwen?2.57B Laptop 0.4193 0.4646

Restaurant 0.5916 0.5042

JPN  Qwen 2.5 14B Hotel 0.4879 0.5021

RUS Qwen 2.5 14B Restaurant 0.4766 0.4988
UKR Qwen 2.5 14B Restaurant 0.4958 0.4725
TAT Qwen 2.5 14B Restaurant 0.4272 (0.3874

Table 3: DimASTE results per language and domain.

patterns appear for English Restaurant and Laptop,
where Test reviews are slightly longer or denser
than Dev. In lower-resource settings (e.g., Tatar
Restaurant), smaller split sizes amplify variance, so
moderate length or density differences yield visible
Dev—Test fluctuations.

Additionally, we observe a substantial perfor-
mance gap between English Restaurant and Laptop,
despite English being a high-resource language.
This can be attributed to the number of NULL en-
tries in the Laptop Train set, which cover nearly
half of it (App. B). This introduces a skewed su-
pervision signal that may bias the model toward
predicting NULL, even when aspects and/or opin-
ions are explicit.

5.3 DimASQP Results

Consistent with the previous subtask, our mod-
els show the same behavior when moving to a
more complex task. The drop in performance is
attributed to the introduction of categories in the
extracted fields. We achieve competitive perfor-
mance, outperforming the provided baselines ex-
cept in English Laptop (outperformed by Kimi K2
Thinking, as well as GPT-5 mini) and showcasing
comparable results against much larger LLMs pro-
posed in the benchmark paper, surpassing their cF1
in most language/domain settings except in Tatar
Restaurant (outperformed by Llama 3.3 70B) and
Japanese Hotel (outperformed by GPT-OSS) fol-
lowing DimASTE, as shown in Table 7. Zero-shot
and Few-shot were also tested using Qwen 2.5 14B
on the Dev set, yielding results similar to those of
the previous subtask (App H).

For DimASQP, we additionally fine-tuned larger
LLMs than those proposed, namely Llama 3.1
70B, Qwen 2.5 32B, and Qwen 2.5 72B, using

the same strategy. They displayed competitive per-
formance on the Dev set across the higher-resource
languages and fell off in the lower ones. Our pro-
posed efficient models outperformed them consis-
tently. More on this study can be found in App H.

Lang. Model Domain cF11
Dev  Test
Laptop 0.3556 0.2694
ENG Llama3.18B p  Gtaurant 0.7560 0.5988
ZHO Qwen?2.57B Laptop 0.3662 0.3703

Restaurant 0.5665 0.4544

JPN  Qwen 2.5 14B Hotel 0.4218 0.3747
RUS Qwen 2.5 14B Restaurant 0.4774 0.4369
UKR Qwen 2.5 14B Restaurant 0.4941 0.4154
TAT Qwen 2.5 14B Restaurant 0.4033 0.3306

Table 4: DimASQP results per language and domain.

The gap between the Restaurant and Laptop do-
mains becomes larger with the addition of cate-
gories. In English and Chinese, models perform
much better in the restaurant domain due to higher
category/label diversity in the laptop domain com-
pared to other domains. We observe the shift in
categories in English Laptop from Train to Dev
and Test sets in the PSI heatmap in App. B, which
explains the performance drop in this setting. No-
tably, the Chinese Laptop model performed better
without category mentions in the prompt.

5.4 DimASQP Results via Translation

Motivated by the performance of our model in the
English Restaurant dataset, we translated the Train
and Dev sets into English using Qwen 2.5 14B,
fine-tuned Llama 3.1 8B on the translated training
data, and evaluated it on the translated Dev set. We
then mapped the predicted English structures back
to the original language using Qwen 2.5 14B. Ad-
ditionally, we evaluated an English-trained model
(trained on English Restaurant) on the translated
Dev sets and applied the same back-mapping.
Compared to training on original-language data,
translation-based training leads to an overall per-
formance drop, suggesting that translation intro-
duces noise (idiom shift, span drift, or label mis-
alignment). The English-trained model performed
worse only on Chinese Restaurant, consistent with
the Chinese—English gap. The Chinese transla-
tion gains suggest weaker direct transfer from an
English-trained model, so translation-based adapta-
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Lang. Translate+Train ENG-Model

ZHO 0.36 0.26
RUS 0.31 0.31
UKR 0.24 0.25
TAT 0.20 0.22

Table 5: Restaurant DimASQP (cF1), Dev set, Llama
3.1 8B: translation training vs. English-trained model.

tion can partially compensate despite added noise.
In other languages, the English-trained model
mostly achieved better performance (except Rus-
sian where performance is tied), reflecting the dif-
ficulty of translating while preserving language-
specific idioms. In practice, back-mapping often
yields paraphrases rather than original spans, in-
creasing mismatch under exact-match evaluation.

6 Conclusion

In our work, we address DImABSA, introduced in
SemEval-2026 Task 3. We propose a parameter-
efficient methodology that utilizes lightweight
transformer encoders for DimASR and LLLM back-
bones with up to 14B parameters for DIimASTE
and DimASQP. Across languages and domains, our
system achieves competitive results on the official
evaluation, showing that efficient, smaller-scale
models can perform well for DimABSA. In total,
we aspire for our methodology to assist future re-
search in the DimABSA setting.

Acknowledgements

This work was carried out within the framework
of the Pharos Al Factory project, funded by the
European High-Performance Computing Joint Un-
dertaking (EuroHPC JU) under Grant Agreement
No. 1012342609 as part of the Horizon Europe and
by the Greek Public Investments Program.

Limitations

Our system has several limitations. First, we train
separate models (or LoRA adapters) for each lan-
guage/domain dataset, which improves specializa-
tion but increases the number of checkpoints to
manage and does not directly exploit cross-lingual
or cross-domain transfer. Second, structured predic-
tion for DIMASTE/DimASQP is evaluated under
an exact-match criterion for categorical elements;
despite prompt design and greedy decoding, gen-
eration can still produce format errors and para-

phrased spans, which are heavily penalized by cF1.
Third, performance is less stable in low-resource
settings where the development sets are small and
distribution shifts between splits can be substantial,
leading to higher variance and weaker generaliza-
tion. Finally, our experiments were limited by com-
pute resources (single GPU), restricting broader
hyperparameter sweeps and more extensive explo-
ration of larger backbones.
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A Data Format

The data format for each subtask is provided in
Table 6.

B Exploratory Data Analysis

Split Statistics. Regarding DimASR, the VA dis-
tributions for all the datasets are provided in the
dataset paper (Lee et al., 2026). Figure 1 sum-
marizes the size of each split, along with the as-
pects per review for DimASR. We mainly focus
our EDA on the other subtasks where the data have
more dimensions. The plots presented all contain

information about DimASQP, but the datasets are
essentially the same as in DIimASTE, aside from
the keyword change (Triplet/Quadruplet) and the
existence of categories. We provide the number of
reviews per split and tuples per review in each split
in Figure 2. We can see the substantial difference
in size between Dev and Test, which can contribute
to performance differences.

NULL Aspect/Opinion instances. Following
that, we examine the NULL labels in each Train
set, as they can bias the model during training (Fig-
ure 3). English datasets contain a large number of
NULL labels, with more than half of the NULL
instances representing missing opinions. Even
though the actual target was missing, sentiment
was expressed but not directed at a specific aspect,
making these examples valuable as well. The main
problem with those NULL entries is the bias they
can create for the model to easily output NULL
when the aspect/opinion is hard to find in the text.
The prompt design was oriented to diminish this
bias.

Splits’ distributions shift. Lastly, we present a
PSI heatmap to identify the differences between
each split’s distributions (PSI < 0.1: No significant
shift, 0.1 - 0.2: Moderate shift, > 0.2: Significant
shift). We compare the review lengths, the number
of quadruplets per review, and the category distribu-
tions between splits for each language and domain
combination. This heatmap is useful for explaining
specific behaviors in our results.

C Benchmark Models

Competition baselines. We provide the Hugging
Face identifiers for the competition baseline mod-
els, which are Kimi K2 Thinking (32B) 3 and Qwen
314B 4.

Benchmark paper. Additionally, we provide the
model identifiers for the systems used in the bench-
mark paper, including Llama 3.3 70B>, Mistral 3
14B®, and GPT-OSS 120B’. We also report results
for GPT-5 mini, accessed via the OpenAl APL

Benchmark Paper Results Table 7 summarizes
the results of the Benchmark paper (including the
baseline models).

¥ moonshotai/Kimi-K2-Thinking
‘Qwen/Qwen3-14B
>meta-llama/Llama-3.3-70B-Instruct
®mistralai/Ministral-3-14B-Base-2512
"openai/gpt-0ss-120b
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Subtask Example (JSON)

DimASR {"ID": "rest26_aspect_va_dev_1", "Text": "Great diner food and breakfast is
served all day"”, "Aspect_VA": [{"Aspect”: "diner food”, "VA": "7.25#6.75"},
{"Aspect”: "breakfast”, "VA": "7.25#6.75"}]1}

DimASTE {"ID": "rest26_aste_dev_2", "Text": "Customer service was fantastic and
food was awesome”, "Triplet”: [{"Aspect”: "Customer service”, "Opinion":
"fantastic”, "VA": "7.33#7.33"}, {"Aspect”: "food", "Opinion": "awesome",
"VA": "7.67#7.67"}1%}

DimASQP {"ID": "rest26_asgp_dev_1", "Text": "Food and coffee are great”, "Quadruplet”:
[{"Aspect”: "Food”, "Category": "FOOD#QUALITY", "Opinion": "great", "VA":
"7.67#7.83"}, {"Aspect”: "coffee”, "Category": "DRINKS#QUALITY", "Opinion":

"great”, "VA": "7.67#8.00"}1}

Table 6: Example JSON format for each Subtask.

Subtask Lang. Domain Zero-shot

One-shot

Supervised Fine-Tuning

GPT-5 mini Kimi K2 Thinking GPT-5 mini Kimi K2 Thinking Qwen 3 14B Mistral 3 14B Llama 3.3 70B GPT-OSS 120B

ENG Restaurant  2.9490 2.3432 2.3926 2.1461 2.6427 2.6316 2.5244 1.4605
ENG Laptop 3.2115 2.6546 2.5637 2.1893 2.8089 2.6258 2.7354 1.5269
JPN  Hotel 3.1406 2.3294 2.1607 1.7553 2.2906 2.2999 2.6255 0.7188
JPN  Finance 2.6760 2.3379 1.9243 1.6396 1.8964 2.0700 2.4191 1.0188
DimASR RUS Restaurant  2.5447 2.0630 2.0390 1.7768 2.1528 2.3617 2.5089 1.4775
TAT Restaurant 2.6645 2.3636 2.2308 1.9380 2.6367 3.0463 2.9165 1.7153
UKR Restaurant  2.5628 2.0782 2.0438 1.7805 2.2121 2.4592 2.5709 1.5166
ZHO Restaurant 2.7125 2.2623 2.2467 1.8959 2.0073 1.9373 2.4463 1.0349
ZHO Laptop 2.4790 2.0426 1.9380 1.6440 1.7706 1.8267 2.3633 0.8032
ZHO Finance 2.6547 2.9662 2.0094 1.9652 1.4707 1.8900 2.5632 0.6511
ENG Restaurant  0.4993 0.5101 0.5034 0.4920 0.4483 0.2930 0.5418 0.5442
ENG Laptop 0.4491 0.4519 0.4874 0.4424 0.3827 0.2736 0.4664 0.4515
JPN  Hotel 0.1727 0.3148 0.2487 0.3464 0.1622 0.1458 0.4694 0.5397
DIimASTE RUS Restaurant  0.4016 0.4031 0.3730 0.4242 0.3341 0.1774 0.4590 0.4262
TAT Restaurant  0.3419 0.3503 0.3159 0.3577 0.2020 0.1154 0.4101 0.3578
UKR Restaurant  0.4014 0.4082 0.3326 0.4220 0.3099 0.1595 0.4517 0.4250
ZHO Restaurant  0.3190 0.3728 0.2425 0.3529 0.2509 0.1446 0.4789 0.4759
ZHO Laptop 0.2372 0.2227 0.2815 0.2494 0.2099 0.1182 0.4344 0.4366
ENG Restaurant  0.4036 0.3740 0.3816 0.3746 0.2673 0.2058 0.5048 0.5013
ENG Laptop 0.2304 0.2805 0.2842 0.2795 0.1529 0.1293 0.2483 0.2411
JPN  Hotel 0.0907 0.1309 0.1542 0.1943 0.0400 0.0311 0.3577 0.4151
DimASQP RUS Restaurant  0.2508 0.2656 0.2505 0.2963 0.1682 0.1000 0.4118 0.3683
TAT Restaurant 0.1974 0.2310 0.2025 0.2380 0.0954 0.0611 0.3702 0.3094
UKR Restaurant  0.2465 0.2974 0.2180 0.2971 0.1641 0.0975 0.4070 0.3663
ZHO Restaurant  0.2481 0.2975 0.1891 0.2859 0.1605 0.0934 0.4391 0.4249
ZHO Laptop 0.1356 0.1569 0.1921 0.1900 0.1124 0.0728 0.3506 0.3551

Table 7: Combined Benchmark paper’s results across subtasks. DImASR values are RMSEy 4; DImASTE and

DimASQP values are cF1.

D DimASR Models

Transformer backbones. Table 8 summarizes
the encoder backbones used for each language,
along with their corresponding Hugging Face
model identifiers.

Language  Model family Model ID

English DeBERTa yangheng/deberta-v3-base-absa-v1 18
Japanese DeBERTa ku—nlp/deberta—v3—base—japanese9
Chinese RoBERTa hfl/chinese-roberta-wwm-ext'’
Russian BERT-style DeepPavlov/rubert—base—cased]1
Ukrainian XLM-R FacebookAI/x1m-roberta-base'”

Tatar XLM-R FacebookAI/x1m-roberta-base'?

Table 8: Language-specific encoder backbones used for
DimASR.

Regression head. Given an aspect-conditioned
input, the encoder produces token representations
{h;}Z_,. We compute an attention-pooled repre-
sentation z as

o — 7?xp(Sz)

Zj:l exp(s;) 7

-
St = W ht7

T
z=Y _ ah, (1)
t=1

with padding tokens masked before normaliza-
tion. Valence and arousal are predicted using two
linear heads:

=W,z + by, i=Wuz+b, ()
8yangheng/deberta-v3-base-absa-v1.1
ku-nlp/deberta-v3-base-japanese
1%hfl/chinese-roberta-wwm-ext
"DeepPavlov/rubert-base-cased
2FacebookAl/xIm-roberta-base
3Facebook Al/xIm-roberta-base
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Training objective. Lety; = (v;,a;) and y; =
(04, a;) denote the gold and predicted VA pairs
for instance ¢ in a minibatch of size B. La-
bels are normalized to [0, 1] during training and
rescaled/clipped at inference. The MSE term is

B

1 ~
Lyise = B z; ¥ — yill5- 3)
For each dimension k£ € {v,a}, CCC is computed
over the minibatch as

coc, — 205(k) (%)

5, (4
0§<k> + Uim + (“W) - “y<’“>>

and aggregated as CCC = \,CCC,, + A\,CCC,.

We additionally sample triplets (7, p, n) accord-
ing to gold VA distances, with positives close to
the anchor and negatives farther away. The triplet
loss is computed on pooled representations z:

i = max(0, |1z = 2yll2 — |12 = 2all2 +m).

)
1
Loi = 7y > lipn 6)
(4,p,n)ET
The final loss is
L= (1 - ﬁ)»cbase + ﬁ['tria (7)

Lyase = YLMSE + (1 - ’7)(1 - CCC)7 3)

where v balances MSE and CCC, and ( controls
the contribution of the VA-guided triplet regular-
izer.

E DimASTE and DimASQP Models

We use Llama 3.1 8B Instruct '# for English, Qwen
2.5 7B Instruct ' for Chinese, and Qwen 2.5 14B
Instruct !¢ for Japanese, Russian, Ukrainian, and
Tatar.

F Language Specific Prompts

We construct prompts using the native chat tem-
plate of each backbone to improve instruction-
following and JSON adherence. The full training
prompts for DimASQP can be found in Table 14.
The DimASTE training prompts are the same, with-
out the category mentions. For inference, we use
exactly the same prompt without the answer.
"*meta-llama/Llama-3.1-8B-Instruct

15Qwen/Qwen2.5-7B-Instruct
15Qwen/Qwen?2.5-14B-Instruct

G Experimental Settings
G.1 DimASR Settings.

In all experiments, we set v = 0.3 in Ly,g0, and
weight the CCC aggregation as A, = 0.3 and
Aq = 0.7. For the final objective, we set 5 = 0.05,
yielding a 0.95/0.05 weighting between L},se and
Liri. The triplet term is computed on the pooled
encoder representations z, allowing gradients from
L4:i to update the encoder.

The hyperparameters used for training can be
found in Table 9. We use a two-stage learning-rate
schedule: a step-wise linear warmup for the first
10% of training steps (updated every mini-batch),
followed by an epoch-wise ReduceLROnPlateau
schedule applied after each validation epoch, moni-
toring RMSEv (factor 0.5, patience 2).

Hyperparameter Value
Learning rate (1) 2e — 5
Batch size 16
Dropout 0.3
Warmup ratio 0.1

Early stopping patience 5
Max sequence length 128

Optimizer AdamW
Scheduler Warmup + ReduceLROnPlateau
Epochs 30

Table 9: Training hyperparameters for the DimASR
models.

G.2 DIimASTE & DimASQP Settings

We apply LoRA adapters to the main attention and
feed-forward projection layers, keeping the num-
ber of trainable parameters small while retaining
a strong adaptation capacity. For efficiency, we
load base models in 4-bit precision and train only
the LoRA adapters. The hyperparameters used for
instruction fine-tuning our LLMs can be found in
Table 10.

H Additional Ablation Studies
H.1 Zero-shot & Few-shot

We also tested our methodology in a zero-shot/few-
shot scenario for DimASTE and DimASQP using
Qwen 2.5 14B Instruct on the Dev set (Tables 11 &
12). For few-shot prompting, we randomly sample
three demonstrations from the training set of the
corresponding language-domain pair and prepend
them under a single instruction, following the same
output schema as the task. We include each demon-
stration as an input-output pair (review plus its gold
JSON) and apply the same post-processing as in our
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Hyperparameter Value
Train epochs (£) 1
Per-device batch size 2
Gradient accumulation steps 4
Effective batch (per device) 2x4=28
Learning rate (1) 2e —4
Weight decay 1x1074
Warmup ratio 0.03
LR scheduler linear
Optimizer paged_adamw_32bit
Max sequence length 2048
Quantization 4-bit
Precision bf16
Max grad norm 0.3
LoRA rank (r) 16
LoRA « 32
LoRA dropout 0.2
La_proj, k_proj, v_proj,
LoRA target modules o_proj, gate_proj, up_proj,

down_proj]

Table 10: LLM fine-tuning configuration (4-bit loading
+ LoRA adapters) for DIimASTE & DimASQP.

main pipeline before scoring. We decode greedily
to improve format stability and JSON adherence.

Few-shot performed much better than zero-shot
across all languages and domains, but it still
couldn’t reach the performance of fine-tuning.
These techniques yield better results in high-
resource languages such as English and Chinese.
Notably, for English Laptop, few-shot prompting
approaches the fine-tuned Dev performance, sug-
gesting that in some cases, in-context demonstra-
tions can leverage the model’s prior domain knowl-
edge and reduce the need for full fine-tuning; how-
ever, this trend is less consistent in lower-resource
languages.

Lang. Domain Dev cF1 1
Zero-shot  Few-shot
Laptop 0.48 0.59
ENG Restaurant 0.53 0.59
Laptop 0.23 0.27
ZHO Restaurant 0.37 0.43
JPN Hotel 0.17 0.19
RUS Restaurant 0.33 0.37
UKR Restaurant 0.33 0.35
TAT Restaurant 0.15 0.16

Table 11: DImASTE Deyv set results in zero-shot and
few-shot prompting (cF1) using Qwen 2.5 14B Instruct.

Lang. Domain Dev cF1 1
Zero-shot  Few-shot
Laptop 0.22 0.32
ENG Restaurant 0.42 0.51
Laptop 0.14 0.18
ZHO Restaurant 0.23 0.31
JPN Hotel 0.06 0.11
RUS Restaurant 0.25 0.30
UKR Restaurant 0.24 0.25
TAT Restaurant 0.07 0.15

Table 12: DimASQP Dev set results in zero-shot and
few-shot prompting (cF1) using Qwen 2.5 14B Instruct.

H.2 Fine-tuning larger LL.Ms

Using the same strategy and hyperparameters, we
tried to utilize larger LLMs for DimASQP, such as
Llama 3.1 70B Instruct 7, Qwen 2.5 32B Instruct'®,
and Qwen 2.5 72B Instruct'®. Due to resource con-
straints, we could not further explore hyperparame-
ter sensitivity or conduct multiple runs.

Lang. Model Domain Dev cF1 1
Laptop 0.3373
ENG  Llama 3.170B Restaurant  0.7441
Qwen 2.5 32B Laptop 0.3119
Restaurant  0.5220
ZHO Laptop 0.3675
Qwen 2.572B Restaurant  0.5508
Qwen 2.5 32B 0.3044

PN Hotel

! Qwen2572B O 0.3414
Qwen 2.5 32B 0.3714
RUS  Qwen2s7op Restaurant o uq0
Qwen 2.5 32B 0.3610
UKR - Owen2.570p  Restaurant ) yqog
Qwen 2.5 32B 0.2812
TAT Qwen2s70p  Restaurant o o 67

Table 13: DimASQP development set results (cF1) after
LoRa-tuning larger LLMs.

Under the same fine-tuning recipe, larger back-
bones did not consistently improve cF1 over our
<14B models, and in several lower-resource set-
tings, they performed worse. This suggests that
scaling benefits may require more careful hyperpa-
rameter tuning.

meta-llama/Llama-3.1-70B-Instruct
18Qwen/Qwen2.5-32B-Instruct
Y Qwen/Qwen2.5-72B-Instruct
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Figure 1: DimASR dataset statistics across splits: number of reviews (left) and aspects per review (right).
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Figure 2: DIimASTE and DimASQP dataset statistics across splits: number of reviews (left) and quadruplets per
review (right).
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Figure 3: DImASTE and DimASQP NULL analysis on Train set: NULL rate (left) and composition of NULL cases
(right).
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eng_laptop - 0.47 0.07 0.19 0.44 2.48 0.87
2.00
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_ 1.75
jpn_hotel 0.03 0.05 0.02 0.01 0.36 0.08 1.50
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Figure 4: DimASTE and DimASQP distribution shift measured by PSI between Train and Dev/Test across features
(review length, quadruplets/review, and category).
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Prompt Templates Used for Training (DimASQP)

Lang_Domain

Instruction

Training chat template (user + assistant)

eng_restaurant

You are an expert sentiment analysis tool. Your task is to extract all
< quadruplets from the given review.
Here are the rules:
1. You MUST format your answer as a single, valid JSON list of objects.
2. Each object MUST have the keys: 'Aspect', 'Category', 'Opinion',
< 'Valence', and 'Arousal’.
3. 'Aspect' and 'Opinion' MUST be exact substrings from the input text.
- Copy the text EXACTLY as it appears, including spacing,
<> punctuation errors, or typos.
- Do NOT correct or normalize the text.
3b. Always try your best to find explicit 'Aspect' and 'Opinion’
< mentions.
- The 'Opinion' may appear before or after the 'Aspect' in the
<~ text; always extract the full 'Aspect' and 'Opinion’,
<> regardless of order in the sentence.
- Use 'NULL' only if a real 'Aspect' or 'Opinion' span truly does
<> not exist.
3c. 'Opinion' MUST be complete and include all adjectives, negations,
< and modifiers.
4. 'Category' MUST be one of the following values: [{CATEGORIES}].
5. 'Valence' and 'Arousal' MUST be numbers from 1.00 to 9.00, with up
< to two decimal places.
6. Your entire response MUST be *only* the JSON list.
Now, perform the task for the following review:

<|begin_of_text|><|start_header_id|>user<|end_header_id|>

{instruction}

Review: "{text}"<|eot_id|>

<|start_header_id|>assistant<|end_header_id|>

{answer_json}<|eot_id|>

eng_laptop

You are an expert sentiment analysis tool. Your task is to extract all
< quadruplets from the given review.
Here are the rules:
1. You MUST format your answer as a single, valid JSON list of objects.
2. Each object MUST have the keys: 'Aspect', 'Category', 'Opinion',
< 'Valence', and 'Arousal’'.
3. 'Aspect' and 'Opinion' MUST be exact substrings from the input text.
- Copy the text EXACTLY as it appears, including spacing,
<> punctuation errors, or typos.
- Do NOT correct or normalize the text.
3b. Always try your best to find explicit 'Aspect' and 'Opinion’
< mentions.
- The 'Opinion' may appear before or after the 'Aspect' in the
<~ text; always extract the full 'Aspect' and 'Opinion’,
<> regardless of order in the sentence.
- Use 'NULL' only if a real 'Aspect' or 'Opinion' span truly does
<> not exist.
3c. 'Opinion' MUST be complete and include all adjectives, negations,
< and modifiers.
3d. 'Aspect' MUST be complete and include descriptive adjectives.
4. 'Category' MUST be one of the following values: [{CATEGORIES}].
5. 'Valence' and 'Arousal' MUST be numbers from 1.00 to 9.00, with up
< to two decimal places.
6. Your entire response MUST be *only* the JSON list.
Now, perform the task for the following review:

<|begin_of_text|><|start_header_id|>user<|end_header_id|>

{instruction}

Review: "{text}"<|eot_id|>

<|start_header_id|>assistant<|end_header_id|>

{answer_json}<|eot_id|>

zho_restaurant

fRE—{EHEEE B RS B ch X R T AR AR AL,
{REMERS R U TR P HENFR S BT AE B AR 7R AV oAl
— WEARBIEREABEMEN Aspect-Opinion 45, FERFRERBEERBM,

SENTESS U TR (FUEFXERRE) :

"Aspect” (GTRFPHIRME, HARSBIEXTFS)

"Category" (#AZHER (CATEGORIES} MIE—IETEE—H, FHALE.

— BBREHHIE)

“opinion” (EEEEEHRZ Aspect HIBHAE, YEARLBYEXTS,
— GEMEEE. BE. BFASUEEEN:E)

"Valence" (IE4EIEEI54FE, 1.00-9.00, /R,

— ERESRENIEEMEG)

"Arousal" (IE4EMUECS4RE, 1.00-9.00, /NI,

— ERESRENTEEEGE)

ST LAURARAL:

1. WHBAR—E isov 5, FSBEEMIE sov XF

2. Aspect £ oOpinion HATLRIVR, FAMER. B2, HNSRHER

3. EFARPFESETRFER Aspect 3 Opinion, HABIEMSIE sson MfF;
—  HEBE— Aspect HEZERRE opinion, T FIEMZSENTI

4. EETRPEERRBERE, BEFERXPHIEMRMTHERN Aspect
< Opinion XFHEEE, 7 AZHAR "NULL"

5. BT P AR A I E R, BH=ES

6. BRMGEFRIRIAIE: {272 Aspect B Opinion

—  BERXPBEREE R R ITE

7. BRETRPFIAAIEER Aspect-Opinion &,

— BorRERFERRRENER
8. fEHit JsoN, REMIIMEMRA. DiFsgr

SAARIR LA T ST am R S RO oA

<|im_start|>user
{instruction}

Fem: " {text}"
<|im_end|>
<|im_start|>assistant
{answer_json}
<|im_end|>
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Lang/Domain

Instruction (original prompt)

Training chat template (user + assistant)

zho_laptop

fRB—{EE2E BRI B9 AP SIS R I T AR R ERAR AL,
{REVEFS U TR R IhENFR S T AE B FARE/F7EAYIDTAR,
— WEAREERIMAREN Aspect-opinion S, FIFRHEAGERERE,

SENTESS TR (RGIEFSERE) :

"Aspect” (FTmRHIRAOE, HARLBHERENFR)

"Category"

"opinion" (SEEEELEMIIAZ Aspect MIBAEFER, WARLBYEREXTH,
— BEMEEE. BE. BIFAESREN:E)

"alence" (TEAEIEE3RRE, 1.00-9.00, /KM,

—  ERGERAENTIEMAE)

"Arousal” (IE4EMUECSERE, 1.00-9.00, /R,

—  ERERAENTIEME)

8P LUTARA:

. BHKAR—E Json [FF, RISEBESEMIE sovn XF

Aspect 8 Opinion HMZASTLIRIPEN, FREIERR. BAWL, IR
ERPFESERER Aspect B opinion, TWHABIEMBME Json ¥f;
HF— Aspect HEEZERE opinion, HHESIAEMZEMTAH
BETRTEFERREERE, BREERXPHREEMTHAN Aspect
oOpinion XFFEREF, A AFFHE "NULL"

Himh R AR RS R, BH=ES ()

FEIRB R {27E Aspect £ Opinion

ERX R EAREAETE R A R Al

IR TRHPIE FIAERY Aspect-Opinion 4B,

— BOTBEEMERRKENER

8. {23 Json, FREMIMNEMRA. DFRE

SEIRME LU T S TR BN S R TTAR

- o
T

~lov[ sl wy

<|im_start|>user
{instruction}

TR " {text}"
<|im_end|>
<|im_start|>assistant
{answer_json}
<|im_end|>

jpn_hotel

HRIBEFELE 21— SRBIEEEZMETEETILTY,.

AT DRRANCEERICHEL

AATHFRA D SHEDAZ IR THEL T ZE W,
[fEmaTaeth 731 —8] {cATEGORIES} [3HHIEE] 1. "Aspect":
THZMRICKRFICHIRY 2HRE (AXE—F—ATOF EHE) 2.
"Category": LEATFIAV—HNSRLBENAENTIVEEER 3.
"Opinion”: Aspect (X1 9 Z3HERR (EXEZDEFFMEL. TE -
ZEEHRDB) 4. "Valence": BIFEDEERE (1.00~9.00) 5.
"Arousal": EDHEERE (1.00~9.00) [HFI#RAI] - Json
BEHloszENI L. RABNFE—NEDOHEVI L, -
BXICEELBRVEAEES RV Lo - BAMEA Aspect F7zlk Opinion
HEHEVEEIE NLL ZERT 3. -
HHITARSIOOEHFELBRVMEEIE (1 2R, -
BHHZIHERBEREDITTIRNTHNT 3.

A A N A A

<|im_start|>user
{instruction}

LEa—&X: "{text}"
<|im_end|>
<|im_start|>assistant
{answer_json}
<|im_end|>

rus_restaurant

Bol — 3KCMepT Mo aHanusy HacTpoeHwit. Bawa 3amava — u3Bneuyb BCe
< 3MOLMOHaNbHble YETBEPKA M3 [I@HHOTO MONb30BATENLCKOTO OT3bIBA.
BoT npasuna:

1. Bol I0JXHbl dopMaTupoBaTh OTBET Kak OAWH KOPPeKTHbA JSON-cnucok

< o0bbekToB.
2. Kaxpbiit o6bekT AONKEH copepxaTb kmwuu: 'Aspect', 'Category',
< 'Opinion', 'Valence' u 'Arousal'.
3. 'Aspect' u 'Opinion' [0JIKHbl GbITb TOYHBIMM NOACTPOKAMM W3 MCXOLHOIO
< TekcTa.
- Konupy#ite TekcT TOYHO kakK OH ecTb, BKMoyas Npobensi, NyHKTyauuo u
<> ounbku.
- HE ucnpasnsitTe u He HopManu3yiTe TekcCT.
- 'Opinion' MoxeT unTw nepep unu nocne 'Aspect'; u3BnekaiTe nosHle
<~ ‘'Aspect' u 'Opinion', He3aBMCMMO OT NOPAAKa B MPEMASIOKEHUN .

- 'Opinion' [0JIXHO ObiTb MOMHLIM, BKlOYas BCe npunaraTenbHble,
<> OTpUUAHUA ¥ MOAUGUKATOPSI.
4. 'Category' [IOJIKEH GbiTb OfHMM M3 cnepylouux 3Havenuin: [{CATEGORIES}].
5. 'Valence' u 'Arousal' [0JIXHbl 6biTb uncnamm ot 1.00 po 9.00 c
<> TOYHOCTbI A0 ABYX 3HAKOB NOCNe 3anaToi.
6. Baw oTBeT ponxeH conepxaTb *Tonbko* JSON-cnucok.
Tenepb BhNONHMTE 3apady ANA CeAylWero OT3biBa:

<|im_start|>user
{instruction}

OTt3biB: "{text}"
<|im_end|>
<|im_start|>assistant
{answer_json}
<|im_end|>
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Lang/Domain

Instruction (original prompt)

Training chat template (user + assistant)

ukl‘_restaurant TH € BUCOKOTOUHUM IHCTPYMEHTOM aCneKTHO-OPi€HTOBAHOro aHanisy

< TOHanbHOCTi.
TBO€ 3aBaHHA — BUTATHYTU BCi penesaHTHi uyoTupukn (Aspect-Category-
< Opinion-Valence-Arousal) 3 nopaHoro TekcTy Bimryky.

MNpasuna:

1. Bipnosipb Ma€ 6yt €guHuMm BanipHum JSON-Macusom 06’ eKTiB.

2. KoxeH 06" eKT Bipnosipae opHin napi Aspect-Opinion, wo Bupaxae opHy
OKpeMy OuiHKy.

KoXeH 06" €KT MOBMHEH MicCTMTH piBHO Taki kmui: "Aspect",
"Category "Opinion", "Valence", "Arousal".

"Aspect" i "Opinion" noBuHHi 6yTW TOYHMMM Nifpsgkamu 3 TekcTy
BiAryky — koniwit cumson y cumeon, 6e3 3miH, HopMmanizauii uu
nepegpasysaHHs .

"Opinion" Ma€ BKKWYaTU BC1 NPUKMETHWUKM, 3anepeyeHHs Ta nipcunosavi,
wo $opMylTb eMOLifHY OUiHKy acnekTy.

"Category" noBuHHa OGyTW PiBHO OAHWUM 3HAYEHHSM 31 CNUCKY AO3BONEHUX
kaTeropii: [{CATEGORIES}]. XopHi iHwi 3HaueHHs 3abopoHeHi.
"Valence" i "Arousal" — pidcHi uucna Bip 1.00 po 9.00 BKAKYHO,
0608’ A3KOBO 3 MBOMA NECATKOBUMM 3Hakamu. Valence: 1.00 — BKpait
HeraTusHa, 9.00 — BKpail No3uTuBHa ouiHka. Arousal: 1.00 — Hu3bKa
eMouiitHa iHTeHcMBHicTb, 9.00 — Ayke BMCOKa iHTEHCMBHiCTb.

Akwo y Bipryky Hemae xopHoi penesaHTHoi napu Aspect-Opinion,
noBepHU NOpoXHiii JSON-macus [].

Bipnoeinb nosuHHa MicTuTu nuwe JSON-Macue — 6e3 nNOACHEHb,
KoMeHTapiB abo 6ynb-AKOro [OAATKOBOro TEKCTY.

lelolll~lolollalw]

OCb TeKCT BLAryky:

<|im_start|>user
{instruction}

Tekct Bipryky: "{text}"
<|im_end|>
<|im_start|>assistant
{answer_json}
<|im_end|>

tat_restaurant

CMH — TaTap Tenewgare Ky3aTy TEKCTNaphHHaH acnekT-AypTeKNapHe ubirapy
< euYeH MaxcycrawkaH cuCTeMa.

TyboHpare KarbiifanspHe Teran yTa:

1) Xasan BAPbl Tuk pepec JSON-maccue bynbipra Tuew, 6awka 6epHUHAM TekcT
< A3Ma.

2) hap aneMeHTTa Maxbypu Kblpnap:

< "Aspect","Category","Opinion","Valence","Arousal".

3) "Aspect" ham "Opinion" TekcTTaH y3rapTyces Kyuepena.

4) "Aspect" ham "Opinion" Tenacs HUHAM TOPTUNTS OYpLIA ana, NOKUH

< TeKCTTa MeMKuH GynraH hdP acneKT-guKep napbiH aephM AypTieK uTen
<> usirapy MaxGypu.

5) "Opinion" Gapnbik chiiipaTnapHbl, keusiTkeunapHe ham kupe ¢opmanapHbl
< TynbiChiHYa 34eH3 ana.

6) "Category" Ty6aHparenapHen 6epce rewa 6ynbipra Tuew: [{CATEGORIES}].
7) "Valence" ham "Arousal” 1.00-9.00 nnanasoHsiHAa, WKe NEHrensaK caHra
<> Kamap KypcaTena.

Ky3aTy TekcTsi:

<|im start|>user
{instruction}

Tekct 6Gasnamace "{text}"
<|im_end|>
<|im_start|>assistant
{answer_json}

<|im end|>

1227



