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Abstract

We present a system for Dimensional Aspect-

Based Sentiment Analysis (DimABSA) in Se

mEval-2026 Task 3, focusing on predicting as

pect-level sentiment quadruplets with continuous 

valence–arousal scores across multiple languages 

and domains. Our approach leverages genera

tive large language models (LLMs), specifically 

Gemma-3 27B, fine-tuned using QLoRA for ef

ficient adaptation under limited GPU memory. 

By merging multilingual datasets within each 

domain, we enable cross-lingual transfer and 

improve performance in low-resource settings. 

Post-processing scripts are used to address dupli

cate predictions and ensure accurate evaluation. 

Experimental results demonstrate that our system 

achieves competitive cF1 scores, outperforming 

official baselines in most domains. We discuss the 

impact of multilingual training, hyper-parameter 

choices, and limitations, highlighting directions 

for future work in data augmentation and opti

mization.

1   Introduction

Aspect-based sentiment analysis (ABSA) (Pontiki 

et al., 2016) aims to identify sentiment polarity 

toward specific aspects or entities within a sen

tence. Over time, ABSA has evolved to encompass 

a range of subtasks, including aspect sentiment 

triplet extraction (ASTE) and aspect sentiment 

quadruplet prediction (ASQP) (Zhang et al., 

2021). ASQP is the most comprehensive, captur

ing the full relationship between aspects, opinions, 

and categories. Earlier approaches relied on rule-

based methods (Hu and Liu, 2004), while recent 

work has adopted BERT and encoder–decoder 

architectures (Cai et al., 2021; Gou et al., 2023). 

Unlike these tasks, which treat affective states as 

discrete classes (positive, neutral, negative), the 

dimensional approach provides more fine-grained 

emotional information.

Figure 1: This figure (Yu et al., 2016) represents emo

tions in dimensional Valence-Arousal space.

The Dimensional Aspect-Based Sentiment 

Analysis (DimABSA) task involves identifying 

specific aspects within a text and predicting 

their sentiment intensities along continuous di

mensions. As illustrated in Figure  1, unlike 

traditional ABSA, which uses categorical labels, 

DimABSA employs numeric representations—

specifically Valence (degree of pleasure) and 

Arousal (degree of activation). This approach 

is crucial as it provides a more granular and 

comprehensive framework for sentiment analysis. 

capturing the intensity of emotions, it offers richer 

information for downstream applications.

DimABSA extends classical aspect-based sen

timent analysis by requiring systems to predict 

continuous sentiment scores—valence and arousal 

(Russell, 2003)—and, where relevant, discrete as

pect labels such as categories or opinion spans 

(Buechel and Hahn, 2016). Early resources for di

mensional sentiment include the EmoBank corpus 

(Buechel and Hahn, 2017). The shared task pro
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vides multilingual datasets to support cross‑lin

gual transfer research.

This year’s task (Lee et al., 2026) features a mul

tilingual dataset, facilitating research into cross-

lingual transfer and under-resourced languages.

Following the shared task, performance for 

DimASQP is evaluated using the continuous F1 

(cF1) metric, which treats a prediction as correct 

only if all categorical elements 𝐴,𝐶,𝑂 exactly 

match the gold annotation and then weights the 

true positive by the normalized Euclidean dis

tance between predicted and gold valence–arousal 

scores.

We propose a supervised fine-tuning approach 

on generative large language models, adapted to 

support Gemma-3 (Team, 2025) 27B. To deal with 

limited GPU memory, we use QLoRA (Dettmers 

et al., 2023) to fine-tune low-rank adapters on 

top of quantized base models instead of updating 

all parameters. As the Gemma-3 models support 

multilingual inference, we merge the datasets from 

different languages within the same domain and 

train a single model per domain. This allows 

the model to leverage shared structure across lan

guages while still specializing to each domain. Our 

system achieved approximately 6th place in the 

official leaderboard ranking.

A key challenge was some limited dataset 

size—the training set was less than twice the 

size of the test set. Without additional strategies 

such as data augmentation or in-context learning, 

it was difficult to further improve performance. 

The code will be released on https://github.com/

connectionRst/DimABSA2026.

2   Background

Dimensional Aspect Sentiment Quadruplet Pre

diction (DimASQP), subtask 3 of the DimABSA 

task (Yu et al., 2026), is defined as a joint 

extraction–classification–regression task on the 

DimABSA datasets. The shared task defines sev

eral language–domain combinations and provides 

training, development, and test sets for each. 

Systems are evaluated on how accurately they re

cover the gold continuous scores and aspect-level 

targets. Given an input sentence , the goal is to 

recover a set of sentiment quadruplets:

(𝐴,𝐶,𝑂,VA)
where each tuple contains:

• an aspect term 𝐴, i.e., a word or phrase denot

ing the opinion target;

• an aspect category 𝐶 from a predefined En

tity-Attribute inventory associated with ;

• an opinion term 𝑂, i.e., a sentiment-bearing 

expression (including possible modifiers) de

scribing the attitude toward ; and

• a pair of continuous valence–arousal scores:

(𝑉 ,𝐴) ∈ ℝ[1,9]×[1,9]

where [1, 9] denote extreme negative/positive va

lence or low/high arousal and 5 denotes neutrality.

The shared task adopts a continuous evaluation 

framework to assess predictions of aspect-level 

sentiment quadruplets. Unlike traditional categor

ical metrics, the continuous F1 (cF1) metric 

accounts for both exact categorical matches and 

the proximity of predicted valence–arousal (VA) 

scores to gold annotations.

Specifically, for each gold quadruplet, the eval

uator identifies matching predictions based on the 

aspect term 𝐴, opinion term 𝑂, and category 𝐶. 

When a match is found, the continuous true posi

tive score is computed as:

cTP𝑡 = 1 − 𝑑VA
𝐷max

where 𝑑VA denotes the Euclidean distance be

tween the predicted and gold VA values, and 

𝐷max =
√
128 represents the maximum possible 

distance in the [1, 9] × [1, 9] space. If the predicted 

VA values are outside this space, the cTP𝑡 would 

be 0. Specially, when the system produce more 

than one quadruplet with same (𝐴,𝐶,𝑂), the 

evaluator would indicate it as false negative match 

as a penalty.

The final performance metrics are then defined 

as:

cPrecision = ∑ cTP
TP + FP

cRecall = ∑ cTP
TP + FN

cF1 = 2 ⋅ cPrecision ⋅ cRecall
cPrecision + cRecall

where TP, FP, and FN denote the counts of true 

positives, false positives, and false negatives, re

spectively.

With the development of large language models 

(LLMs), LLM-based methods have gained signif

icant popularity, particularly with the advent of 

techniques like Chain-of-Thought reasoning (Kim 

et al., 2024). Furthermore, parameter-efficient 

fine-tuning (PEFT) approaches, such as LoRA and 

QLoRA (Xu et al., 2024), have been introduced 

to address the challenges of limited GPU memory 
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Figure 2:  The architecture of our system. Given an input sentence, a generative LLM (Qwen‑3 4B or Gemma‑3 27B) 

with QLoRA adapters produces (𝐴,𝐶,𝑂, 𝑉 𝐴) quadruplets. During SFT we embed the allowed category list and 

a single example into a fixed prompt and train the model to emit the structured assistant response. At inference 

the example is replaced by the test sentence and the decoded output is parsed (e.g., with a regex) to recover 

(𝐴,𝐶,𝑂, 𝑉 𝐴) tuples.

and small labeled datasets. Data augmentation (Xu 

et al., 2025) and in-context learning methods (Zhu 

et al., 2024) have also been developed to enhance 

performance in low-resource scenarios.

3   System Overview

Our system follows a generative large language 

model (LLM) paradigm for dimensional aspect-

based sentiment analysis. As is showned in 

Figure 2, Given an input sentence, the model gen

erates structured output containing aspect quadru

plets (A, C, O, VA) in a predefined schema. In 

the SFT stage we build a one‑turn dialog for each 

domain by embedding the allowed category list 

and an example into a fixed prompt template; the 

model is trained to emit the assistant response 

containing the quadruplets. At inference time the 

test sentence is plugged into the same template 

(replacing the training example), and the decoded 

output—formatted according to a simple schema

—can be matched with a regular expression to re

cover the predicted (A, C, O, VA) tuples. After the 

competition we observed that LLMs sometimes 

produced duplicated outputs; we mitigated this by 

implementing a post-processing script. This part 

is also mentioned in Implementation Details.

We initially explored Qwen-3 4B following the 

official example baseline, but preliminary devel

opment set evaluation suggested limited capacity 

for fine-grained quadruplet extraction. We subse

quently adopted Gemma-3 (Team, 2025) 27B, 

which demonstrated stronger performance in later 

experiments.

We fine-tuned low‑rank adapters with QLoRA 

on quantized base models, allowing a 27B-para

meter model to fit within a 24 GB NVIDIA 

GPU with Ampere architecture. The final base 

model used is unsloth/gemma-3-27b-it-unsloth-

bnb-4bit.

We revised the dialog generation pipeline to 

produce the final prompt text in JSON format, 

rather than concatenating hardcoded special sym

bols (chat templates). This enables compatibility 

with a broader range of models, rather than re

stricting the system to a single architecture.

Notably, the required JSON schema for multi

modal LLMs (e.g., Gemma-3) differs from that 

used by text-only models (e.g., Qwen-3). To ac

commodate this, we adapt the prompt construction 

process: by parsing the Unsloth-style model name, 

we infer the model type and generate a schema tai

lored to each model’s requirements. This approach 

ensures that prompts are correctly formatted for 

both text-only and multimodal LLMs, supporting 

seamless fine-tuning across diverse model archi

tectures.

4   Experimental Setup

4.1   Datasets

For most experiments we use the original train/

dev/test splits as provided by the organizers. For 

the final submission, we merge the train and dev 

sets to partially overcome the data shortage and 

train a model on the combined data, which is then 

evaluated on the official test set. There are no 
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more foreign or augmented datasets being used in 

training.

4.2   Implementation Details

Preprocessing. we mostly follow the original data 

format and tokenize with each model’s native tok

enizer. We standardize output formats so that the 

model always predicts aspects and dimensional 

scores in a consistent schema.

Parameter tuning. we fine-tuned models with 

batchsize = 8 as a balance between GPU memory 

usage and training stability. Smaller batches train 

more slowly, while larger batches made results 

less stable. For the learning rate, we observe that 

10−4 is better than 10−5 for the hotel_jpn subtask, 

while 10−5 is more generally robust across other 

subtasks. We decode with temperature = 0.1, 

which is more suitable for the information extrac

tion. Nevertheless, exact reproducibility may be 

challenging: when running inference on different 

servers or GPUs, results can vary slightly. Inter

estingly, a higher decoding temperature is more 

suitable for the ukr-rest and tat-rest domains, 

which are constructed via machine translation. 

Other SFT parameters—including LoRA, training 

seed, weight decay, and learning rate scheduler—

are kept at their default values.

Post-Processing Scripts After Submission. Gen

erative models sometimes produce repeated 

quadruplets (𝐴,𝐶,𝑂,VA) in their outputs, typi

cally due to decoding artifacts. Such duplicates 

can artificially lower the true positive count under 

the official continuous F1 metric. To address 

this, we implement a simple post-processing step 

that removes exact duplicates—quadruplets are 

considered identical if all elements match. In rare 

cases, the same (𝐴,𝐶,𝑂) may be associated with 

different VA scores; This scenario was observed 

in tat-rest, which may be due to Gemma-3′s 

limited support for Cyrillic script languages. while 

our current approach retains these, further refine

ment to handle such cases is left for future work. In 

our experiments, this scenario did not occur. The 

script is included in the repo.1

4.3   Baseline

Official baselines are provided by the shared task 

organizers (Lee et al., 2026). These include:

• Kimi Baseline: Following the provided 

startup example, this baseline utilizes the 

1VA.ipynb.

Kimi-K2 Thinking model in a one-shot in-

context learning (ICL) setting. A single 

demonstration from the training set is in

cluded in the prompt to guide the model in 

generating structured quadruplets and contin

uous valence–arousal scores.

• SFT Baseline: This baseline represents per

formance using large-scale open-source mod

els (Llama-3.3 70B and GPT-OSS 120B) 

fine-tuned with 4-bit QLoRA.

5   Results

Note: Unless otherwise specified, all reported 

scores below are post-hoc results—predictions 

were processed with our post-processing script 

after the competition, and evaluated using the offi

cial test set and metrics provided by the organizers.

5.1   Main Result

Table 1 shows the performance of our proposed 

method on the subtask 3. As the task includes mul

tiple language–domain combinations, we report 

average cF1 scores within each domain and the 

official ranking.

Our reported cF1 is slightly higher than the 

official submission because that submission lacked 

post-processing to handle LLM issues—duplicate 

entries for the same (A, C, O) and missing VA 

scores. After cleaning the outputs, we re-evaluated 

with the official metrics script against the gold data 

and report the cleaned score.

Overall, our system achieves the highest cF1 in 

seven of eight domains; the sole exception is jpn-

hot, where the SFT baseline outperforms us. This 

may caused by two union point: the hotel We out

perform the Kimi-K2 Thinking baseline on every 

domain, and we exceed the SFT baseline on eng-

rest, eng-lap, rus-rest, tat-rest, ukr-rest, zho-rest, 

and zho-lap.

The lower cF1 score for jpn-hot can be attrib

uted to two main factors:

• For the hotel domain, only Japanese data is 

available, which limits the effectiveness of 

our multilingual training strategy.

• The dataset size for jpn-hot is relatively small 

(1600 examples), compared to domains like 

eng-lap (2284 examples), making it more 

challenging for the model to generalize.

5.2   Analysis

To better understand the contribution of multilin

gual training within a domain, we compares inde­
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Domain Ours Kimi Baseline SFT Baseline

eng-rest 0.6212 0.3746 0.5048

eng-lap 0.3441 0.2795 0.2483

jpn-hot 0.3679 0.1943 0.4151

rus-rest 0.5169 0.2963 0.4118

tat-rest 0.4404 0.2380 0.3702

ukr-rest 0.5163 0.2971 0.4070

zho-rest 0.4864 0.2859 0.4391

zho-lap 0.3969 0.1900 0.3551

Table 1: Main experimental results (cF1) comparing our system (‘Ours’), the Kimi-K2 Thinking baseline, and the 

SFT baseline (Lee et al., 2026). Domains jpn-hot and zho-lap used GPT-OSS 120B runs; other domains used 

Llama-3.3 70B.

Domain Multilingual Independent

eng-rest 0.759 0.7431

eng-lap 0.5977 0.5859

rus-rest 0.5488 0.5399

tat-rest 0.5222 0.5512

ukr-rest 0.4281 0.5136

zho-rest 0.5851 0.5921

zho-lap 0.4302 0.4136

Table 2: Development-set cF1 scores comparing mod

els trained independently on each language–domain 

pair versus single multilingual model that merges all 

languages for each domain.

pendent models (one per language–domain pair) 

with a multilingual model that sees all languages 

for the same domain during fine‑tuning. This is 

motivated by the scarcity of data: most language–

domain datasets are too small (less than 10000 

examples) and the aspect/VA distributions are not 

balanced. Table 2 reports the development‑set cF1 

scores for each setting.

We observe that merging languages generally 

improves performance in low-resource conditions. 

The largest gains occur for ukr‑rest and rus‑rest, 

where the independent models were weakest; 

combining data allows the model to learn shared 

patterns of aspect expressions and sentiment, par

tially offsetting the limited size. Some domains, 

such as eng‑rest and zho‑rest, also see moderate 

improvements despite having more data, suggest

ing that cross‑lingual transfer is broadly beneficial.

However, the multilingual strategy is not uni

formly better. For the two laptop domains (eng‑lap 

and zho‑lap) the multilingual model slightly un

derperforms the separate models. We attribute 

this to mismatched valence–arousal distributions 

across languages—when the joined dataset ex

hibits different centers or variances in VA space, 

the model struggles to fit both simultaneously. 

This limitation points to a direction for future 

work: designing more sophisticated multilingual 

fine‑tuning methods that account for distributional 

shifts.

6   Conclusion

In this work, we participated in the DimABSA 

shared task on dimensional aspect-based senti

ment analysis. We focused on leveraging multilin

gual generative LLMs (Gemma-3 27B) together 

with parameter-efficient fine-tuning (QLoRA) to 

build systems that can predict aspect-level senti

ment scores across several languages and domains 

under limited-resource conditions.

Our experiments indicate that this combina

tion of modern LLMs and lightweight adaptation 

yields competitive results, placing our systems 

around 6th in the official ranking despite the rela

tively small amount of labeled data. Multilingual 

training within domains and careful hyper-para

meter tuning (e.g. batch size and learning rate) 

are particularly important to stabilize training and 

achieve good performance.

Limitation

Several limitations remain in our current ap

proach. Firstly, data scarcity is a significant chal

lenge. We plan to address this by augmenting 

the dataset using generative LLMs and statisti

cal methods to incorporate additional resources. 

Secondly, to improve the concrete performance 
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specific for this task, fine-tuning other untouched 

hyper-parameters like LoRA params is needed. 

Finally, while reinforcement learning for seman

tic analysis is a promising direction, it was not 

explored in this work and may be considered in 

future research.

LoRA Hyper-Parameters: The LoRA hyper-

parameters were chosen from preliminary exper

iments and not exhaustively tuned; it remains 

unclear whether these settings are optimal for 

low‑resource conditions or whether alternative 

ranks, learning rates, or regularization schemes 

would yield improvements. A deeper discussion 

of model size and architectural differences is also 

missing.

Data Scarcity: Our strategy for handling limited 

data is straightforward. More advanced techniques

—data augmentation, retrieval‑augmented in‑con

text learning (Zhu et al., 2024), and LLM‑based 

data synthesis (Xu et al., 2025)—could better 

leverage unlabeled examples and reduce overfit

ting. Careful attention to valence–arousal distrib

ution is necessary to avoid introducing synthetic-

data bias.

Pipeline: We evaluated only generative LLMs; hy

brid solutions that combine encoder‑based models 

(Xu et al., 2024) with structured prediction or 

discrete VA‑level modeling may offer complemen

tary strengths and merit exploration.

Objective-aligned Learning: We did not attempt 

to directly optimize the continuous F1 objective 

(e.g., through reinforcement learning, PPO, or 

other policy-gradient methods). Exploring such 

objective-aligned training remains a promising di

rection for future work.

Inference Speed & Continuous Training: 

QLoRA was applied via the Unsloth framework to 

simplify development. Inference throughput under 

this setup is limited. Moreover, re-training from 

scratch cost extra time; Optimizing the serving 

pipeline (for example by adopting VLLM or other 

high‑throughput backends) is left to future work.
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