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Abstract

This paper describes our system used in the
SemEval-2026 Task 3: Dimensional Aspect-
Based Sentiment Analysis. To address the in-
herent subjectivity and nuanced emotional ex-
pressions in this task, we propose a Retrieval-
Augmented Generation (RAG) framework
based on Large Language Models (LLMs)
for sentiment triplet extraction. Our ap-
proach leverages a dynamic retrieval mecha-
nism to identify semantically similar training
examples, which are then integrated into the
prompts as in-context demonstrations. This
strategy effectively guides the model’s infer-
ence process by providing relevant linguis-
tic patterns and emotional contexts. Our im-
plementation is available at https://github.
com/Kevinyu66/dimaste.

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) (Liu
et al., 2020; Brauwers and Frasincar, 2022) has
evolved from discrete polarity classification to Di-
mensional ABSA (Lee et al., 2026). Traditional
ABSA methods assign categorical sentiment labels
(e.g., positive, negative, neutral) to aspect terms,
which fail to capture the full spectrum of human
emotions. The dimensional approach addresses this
limitation by representing affective states along
continuous axes, notably Valence (the degree of
pleasantness) and Arousal (the level of activation
or intensity) (Russell, 1980), offering a more fine-
grained perspective that captures subtle emotional
fluctuations in naturalistic language (Buechel and
Hahn, 2017; Lee et al., 2022).

Building on this paradigm, SemEval-2026 Task
3 introduces the Dimensional ABSA (DimABSA)
track (Yu et al., 2026). Grounded in the circumplex
model of affect, this task requires predicting real-
valued Valence and Arousal (VA) scores across
diverse domains including Restaurant, Laptop, and

Hotel in multiple languages. Our work specifically
targets Subtask 2, Dimensional Aspect Sentiment
Triplet Extraction (DimASTE), which involves the
joint extraction of (aspect term, opinion term, VA
score) triplets.

While Large Language Models (LLMs) have
demonstrated strong few-shot and instruction-
following capabilities (Brown et al., 2020; OpenAI
et al., 2024), effectively leveraging them for this
specific multidimensional extraction remains diffi-
cult. Two critical obstacles persist. First, as noted
by (Ruan et al., 2025), sentiment annotations are
inherently subjective, leading to significant vari-
ance across datasets. Second, a static fine-tuned
model often struggles to adapt to the diverse lin-
guistic contexts of unseen test queries, particularly
in a multilingual and multi-domain setting (Scaria
et al., 2024).

To address these issues, we argue that fine-tuning
a specialized model on domain-specific data is es-
sential, but its performance can be further amplified
through dynamic context. Inspired by the retrieval-
augmented prompting paradigm (Jian et al., 2025),
we propose a hybrid framework that bridges super-
vised fine-tuning (SFT) and In-Context Learning
(ICL).

Experimental results demonstrate that this hy-
brid approach consistently outperforms standard
fine-tuning, particularly in capturing the fine-
grained nuances of dimensional sentiment where
annotation consistency is critical.

2 System Overview

We propose a retrieval-augmented triplet extraction
framework, as illustrated in Figure 1. The architec-
ture is designed to bridge the gap between static
model weights and the subjective nature of dimen-
sional sentiment annotations. The proposed system
comprises three primary stages: Semantic Index-
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Figure 1: Architecture of our system.

ing, Instruction Tuning, and Retrieval-Augmented
Inference.

2.1 Instruction Tuning
We select Qwen2.5-14B-Instruct (Yang et al., 2024)
as our backbone model and perform supervised
fine-tuning (SFT) using LoRA (Yu et al., 2023).
The primary goal of this stage is to internalize the
task logic and enforce a strict JSON output for-
mat.During training, we use a fixed prompt tem-
plate in Table 1.

Given a training pair (x, T ), where x denotes
the input sentence and T the corresponding set of
annotated aspect-opinion triplets. The model is
optimized using the cross-entropy loss:

L = −
|y|∑

t=1

log pθ(yt | y<t, x) , (1)

where y represents the serialized JSON sequence
of annotated triplets. By training exclusively on
the core task format, the model establishes a "struc-
tured baseline" that we subsequently enhance with
dynamic context during inference.

Prompt Template
System Prompt:
Extract sentiment triplets from the input.
Output exactly one JSON object. No explana-
tions.
If none, output {"Triplet": []}.
User Prompt:
Extract (Aspect, Opinion, VA) explicitly men-
tioned. No inference.
VA format: "valence#arousal" (1.00–9.00).
Combine all results into ONE JSON.

Table 1: Prompt template for Instruction Tuning.

2.2 Semantic Indexing and Retrieval
To support retrieval-augmented inference, we con-
struct a semantic index over the training set to en-

Algorithm 1: Retrieval-Augmented Triplet
Extraction

Input: Query sentence xq, Semantic index
I = {(ei, xi, Ti)}Ni=1, Fine-tuned
LLMMθ

Output: Predicted triplets Tq

// Phase 1: Semantic Retrieval
1 eq ← SentenceEncoder(xq)
2 S ← {(e⊤q ei, xi, Ti) | (ei, xi, Ti) ∈ I}
3 DtopK ← SelectTopK(S,K)

// Phase 2: Prompt Composition
4 P ← Instruction
5 for (xj , Tj) ∈ DtopK do
6 P ← P ⊕ FormatExample(xj , Tj)
7 end
8 P ← P ⊕ xq ⊕ “Output:”

// Phase 3: Generation
9 yjson ←Mθ(P )

10 Tq ← ParseJSON(yjson)
11 return Tq

able the selection of semantically similar exem-
plars. This process ensures that the model is guided
by in-domain demonstrations that align with the
specific labeling style of the dataset, effectively mit-
igating the challenges of annotation subjectivity.

Indexing Phase Given a training dataset D =
{(xi, Ti)}Ni=1 , where xi denotes the input sen-
tence and Ti denotes the corresponding set of an-
notated aspect–opinion triplets. We encode each
training sentence into a dense semantic represen-
tation using a multilingual sentence embedding
model, paraphrase-multilingual-mpnet-base-v2.
All sentence embeddings are L2-normalized and
stored in a serialized tensor-based index. This de-
sign enables efficient similarity computation via
inner product, which is equivalent to cosine simi-
larity under normalization.
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Inference Phase As detailed in Algorithm 1, for
a query sentence xq, we first compute its dense
embedding eq using the same encoder. We then
retrieve the top-K most similar training instances
from the index I by calculating the semantic simi-
larity scores:

score(xq, xi) = e⊤q ei. (2)

These retrieved examples (xi, Ti) serve as the dy-
namic context required for the subsequent prompt-
ing stage.

2.3 Retrieval-Augmented Prompting
The final step of our pipeline is the construction of
a retrieval-augmented prompt. As shown in Phase
2 of Algorithm 1, we aggregate the task instruction,
the retrieved exemplars, and the query sentence.
Notably, the underlying structure of the system and
user prompts remains identical to those used during
the instruction tuning phase (see Table 1) to ensure
the model operates within its learned task distribu-
tion. The key distinction lies in the inclusion of
dynamic context: we append K semantically simi-
lar demonstrations between the instructions and the
target query. Formally, the prompt is defined as:

Prompt(xq) = Instr. ∥
K⊕

i=1

Format(xi, Ti) ∥ xq
(3)

where ∥ denotes string concatenation and
Format(·) transforms the retrieved triplet into the
JSON demonstration style.

Table 2 provides a concrete example of this few-
shot composition. In this example, when presented
with a query regarding "screen brightness," the sys-
tem retrieves a semantically related instance con-
cerning "battery life." By observing the triplet struc-
ture and the specific valence-arousal (VA) scoring
format (e.g., 4.17#5.83) in the demonstration, the
model is provided with a "subjective anchor" to cal-
ibrate its extraction behavior for the current query.

3 Experiments

3.1 Experimental Setup
Model Backbone. We employ Qwen2.5-14B-
Instruct1 (Yang et al., 2024) as our base model.
We specifically selected it among models under
15B parameters, as it is currently the most down-
loaded model in its class on Hugging Face and

1https://huggingface.co/Qwen/Qwen2.
5-14B-Instruct

demonstrated the best multilingual performance in
our preliminary tests.

Training Configuration. To enable 14B model
training on a single GPU, we use 4-bit quantiza-
tion (NF4). We apply LoRA (Yu et al., 2023) to
all attention projection layers with r = 16 and
α = 32. Training is conducted for 3 epochs us-
ing the AdamW optimizer with a learning rate of
2×10−4 and an effective batch size of 8. The model
is optimized to generate structured JSON triplets
under a causal language modeling objective.

Retrieval & Decoding. During inference, we
use paraphrase-multilingual-mpnet-base-v2 2 to re-
trieve the top-K = 10 training exemplars based
on cosine similarity. To ensure output stability, we
employ greedy decoding (temp=0). Outputs failing
JSON parsing are treated as empty predictions.

All experiments are conducted on a single
NVIDIA A100 (40GB) GPU.

3.2 Metrics

We evaluate our system using the Continuous F1
(cF1) score, the official metric for Subtask 2. Un-
like standard F1, cF1 incorporates the prediction
error of Valence-Arousal (VA) intensities. A pre-
diction is a Continuous True Positive (cTP) only
if its categorical elements (Aspect and Opinion)
match the gold annotation:

cTP (t) =

{
1− dist(V Ap, V Ag), t ∈ Pcat

0, otherwise
(4)

The term dist(·) represents the Euclidean distance
between predicted (V Ap) and gold (V Ag) val-
ues, normalized by the maximum possible distance
Dmax =

√
128. Continuous Precision and Recall

are computed by summing cTP over the prediction
and ground-truth sets, respectively, with cF1 being
their harmonic mean.

3.3 Result

The development set results in Table 3 are com-
puted locally using the official evaluation script,
while the test set results in Table 4 are obtained
from the SemEval evaluation server, which addi-
tionally provides leaderboard rankings. Therefore,
ranking information is only available for the test
set.

2https://huggingface.co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2
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Inference Prompt Example with (K = 3)

Current Query Input: The screen is surprisingly bright even in daylight.
Output: (to be predicted)

Retrieved 1 Input: The battery life is fairly low.
Output: {"Triplet": [{"Aspect": "battery life", "Opinion":
"fairly low", "VA": "4.17#5.83"}]}

Retrieved 2 Input: The charging speed is quite impressive.
Output: {"Triplet": [{"Aspect": "charging speed", "Opinion":
"impressive", "VA": "7.20#6.50"}]}

Retrieved 3 Input: The display is a bit dim under direct sunlight.
Output: {"Triplet": [{"Aspect": "display", "Opinion": "dim",
"VA": "3.10#4.20"}]}

Table 2: An example of a retrieval-augmented inference prompt with K=3 retrieved demonstrations.

Language Domain cF1 cPrecision cRecall cTP

English
Laptop 0.6088 0.6004 0.6175 195.73
Restaurant 0.7211 0.7141 0.7281 297.08

Japanese Hotel 0.5344 0.5492 0.5205 189.46
Russian Restaurant 0.4854 0.4561 0.5187 52.91

Chinese
Laptop 0.5009 0.4985 0.5034 255.21
Restaurant 0.6110 0.6047 0.6174 469.84

Ukrainian Restaurant 0.5025 0.4842 0.5222 53.27
Tatar Restaurant 0.4436 0.4333 0.4545 46.36

Table 3: Scores on the development set (locally evaluated; ranking not available).

Table 3 and Table 4 present the overall perfor-
mance comparison across different languages and
domains. Our system consistently outperforms the
provided baseline on all evaluated settings, demon-
strating strong generalization ability across mul-
tilingual and multi-domain scenarios. In partic-
ular, substantial improvements are observed on
low-resource languages such as Japanese, Russian,
Tatar, and Ukrainian, indicating the effectiveness
of our approach under limited supervision.

Although our system does not achieve the
best performance in all settings, the performance
gap between our method and the top-ranked sys-
tem remains relatively small across most lan-
guage–domain pairs. These results suggest that
the proposed retrieval-augmented and fine-tuned
LLM framework provides a competitive and robust
solution for aspect–opinion triplet extraction. In
the following section, we further analyze the con-
tributions of LoRA fine-tuning and retrieval size
through detailed ablation studies.

3.4 Ablation Study

We conduct an ablation study to evaluate how the
number of retrieved demonstrations K influences
the performance of our fine-tuned Qwen2.5-14B
model. As shown in Table 5, incorporating se-
mantically similar examples consistently improves
the cF1 score compared to the zero-shot baseline
(K = 0).The performance gains when moving
from K = 0 to K = 3, where the model begins to
leverage the retrieved "subjective anchors" for bet-
ter VA intensity calibration. Increasing the retrieval
size further to K = 10 yields the best overall per-
formance, albeit with diminishing marginal returns.
This suggests that while more contextual examples
provide richer references for capturing annotation
nuances, the model’s inherent task-specific knowl-
edge (acquired during LoRA fine-tuning) already
provides a robust foundation, which the retrieval
mechanism then successfully refines.

As shown in Table 6, opinion span errors are par-
ticularly frequent, which may be partly attributed
to the strict exact-match evaluation protocol. Even
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Language Domain cF1 cPrecision cRecall cTP Rank

English
Laptop 0.5503 0.6176 0.4962 979.58 9 / 20
Restaurant 0.6707 0.7353 0.6165 1312.53 5 / 20

Japanese Hotel 0.5366 0.5497 0.5242 756.37 6 / 17
Russian Restaurant 0.5117 0.5114 0.5121 670.90 9 / 17

Chinese
Laptop 0.4802 0.4800 0.4805 924.96 6 / 15
Restaurant 0.5089 0.5084 0.5093 1457.17 7 / 15

Ukrainian Restaurant 0.4865 0.5010 0.4727 619.27 9 / 15
Tatar Restaurant 0.3731 0.3832 0.3636 476.31 10 / 16

Table 4: Official test set performance and leaderboard ranking (evaluated by the SemEval server).

Model K = 0 K = 3 K = 10

Qwen2.5-14B 0.4832 0.4982 0.5009

Table 5: Ablation study on the impact of retrieval size K
on the zho laptop development set for finetuned SLM.

Error Type Count Ratio (%)

VA Miscalibration 70 22.08
Opinion Span Error 65 20.50
Aspect Error 34 10.73
Extra Triplet 23 7.26
Missing Triplet 17 5.36

Table 6: Error distribution on the development set.

minor lexical variations (e.g., “bad enough” vs.
“bad”) are treated as incorrect, despite conveying
similar sentiment semantics. This suggests that the
evaluation may underestimate the model’s ability
to capture sentiment meaning when minor wording
differences occur.

We also observe from Table 6 that extra triplets
occur in a non-negligible proportion of cases. This
aligns with the observation that the model’s ex-
traction behavior changes after fine-tuning: be-
fore fine-tuning, the model tends to produce fewer
triplets, adopting a conservative strategy, whereas
after LoRA fine-tuning, it becomes more recall-
oriented, generating more aspect–opinion pairs but
occasionally introducing extra predictions.

4 Related Work

Traditional ABSA has evolved from pipeline mod-
els to unified generative frameworks (Hu et al.,
2022; Gou et al., 2023), but these methods mainly
focus on categorical sentiment labels. In contrast,
dimensional sentiment analysis models affective
states on continuous Valence–Arousal (VA) scales

(Russell, 1980; Buechel and Hahn, 2017; Lee et al.,
2022, 2026), enabling finer-grained emotional rep-
resentation.

Recent work adapts Large Language Mod-
els (LLMs) to sentiment tasks using parameter-
efficient tuning methods such as LoRA (Ren and
Sutherland, 2025; Zhuang et al., 2023). We follow
this direction by applying LoRA to a 14B backbone
to balance performance and efficiency in multilin-
gual settings.

Retrieval-augmented prompting dynamically se-
lects in-context examples to guide inference. While
prior work (Jian et al., 2025) focuses on discrete
classification, our approach employs lightweight
semantic retrieval for structured triplet extraction,
serving as a subjective anchor to better calibrate
VA predictions under annotation variability (Ruan
et al., 2025).

5 Conclusion

In this paper, we present a hybrid framework com-
bining parameter-efficient fine-tuning and retrieval-
augmented prompting for the DimASTE task. By
formulating triplet extraction as structured genera-
tion, Qwen2.5-14B effectively learns complex task
patterns through LoRA.

Our results show that while fine-tuning provides
a strong baseline, semantic retrieval further im-
proves overall performance. Retrieved examples
provide contextual guidance, helping the model
capture both structural consistency and sentiment
intensity under annotation variability.

This work demonstrates that combining
lightweight adaptation with dynamic retrieval is
effective for dimensional sentiment analysis in
multilingual and multi-domain settings.
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