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Abstract

Dimensional Aspect-Based Sentiment Analysis
(DimABSA) integrates fine-grained aspect ex-
traction with continuous Valence–Arousal (VA)
regression, posing unique challenges for fine-
grained opinion mining. This paper presents
our system for SemEval-2026 Task 3 (Yu et al.,
2026), with task-aligned strategies for three het-
erogeneous subtasks. For the DimASR task, we
frame dimensional sentiment prediction as a su-
pervised regression problem, paired with Low-
Rank Adaptation (LoRA)-based parameter-
efficient fine-tuning and a deep nonlinear re-
gression head. For DimASTE and DimASQP
tasks, we propose a lightweight sentence struc-
ture parsing preprocessing module, combined
with prompt-enhanced instruction tuning for
unified structured generation of aspect elements
and VA scores. Experimental results on the of-
ficial English test sets show that our system
outperforms both official baselines across most
settings, with syntax-guided prompting effec-
tively improving aspect-opinion alignment and
the dedicated regression head enhancing con-
tinuous sentiment modeling stability.

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) has
long been a core research direction in fine-grained
opinion mining, with standardized benchmarks es-
tablished by successive SemEval shared tasks (Pon-
tiki et al., 2016). Most existing ABSA research re-
lies on coarse-grained categorical sentiment labels,
which inevitably lose nuanced differences in affec-
tive expression intensity. To address this limitation,
SemEval-2026 Task 3 formalizes the DimABSA
task, extending traditional ABSA with continuous
VA sentiment dimensions and three heterogeneous
subtasks with distinct input-output paradigms (Yu
et al., 2026). The task defines three core subtasks.
The first is DimASR, where the model predicts con-
tinuous VA scores for a pre-specified aspect term in
a given sentence. The second is DimASTE, which

requires end-to-end joint extraction of (Aspect,
Opinion, VA) triplets from raw sentences. The third
is DimASQP, which extends triplet extraction to
(Aspect, Category, Opinion, VA) quadruples with
additional aspect category constraints. Our work
focuses on the English track of the task, covering
two domains: restaurant user reviews (eng-res) and
laptop user reviews (eng-lap). The dataset includes
thousands of human-annotated review sentences,
with all VA scores restricted to the range [1, 9] (Lee
et al., 2026). Recent advances in Large Language
Models (LLMs) have enabled flexible structured
generation for ABSA tasks (Cai et al., 2021), while
parameter-efficient tuning methods like QLoRA
have made large model adaptation feasible with
limited computing resources (Dettmers et al., 2024).
Existing ABSA systems still have two key limita-
tions. For continuous VA regression tasks, most
works use simple linear projection heads that fail
to capture the complex nonlinear relationship be-
tween text semantics and dimensional sentiment
intensity. For structured extraction tasks, syntac-
tic information is usually embedded as an internal
model feature (Li et al., 2021), rather than being
used as explicit upstream preprocessing to enhance
prompt design and aspect-opinion alignment. To
fill these gaps, we build a task-aligned dual-branch
system for DimABSA, with two core contributions
tailored to the heterogeneous characteristics of the
three subtasks. We design a regression-based work-
flow with LoRA fine-tuning and a deep nonlinear
regression head optimized for the given-aspect con-
tinuous value prediction paradigm of DimASR. We
also propose a syntax-guided generative workflow
with lightweight dependency parsing preprocess-
ing and prompt-enhanced instruction tuning, which
addresses the aspect-opinion alignment challenge
in end-to-end structured extraction for DimASTE
and DimASQP.
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2 Related Work

Our work is closely related to three core research
lines in the field, with clear distinctions from ex-
isting approaches. Syntax-aware ABSA has been
widely explored in prior work. Early studies used
attention-enhanced recurrent architectures to incor-
porate syntactic information into target-dependent
sentiment classification (Wang et al., 2016), while
later works integrated pre-trained language models
with graph convolutional networks to model depen-
dency relations between aspect and opinion terms
(Li et al., 2021). All these works treat syntactic
information as an internal model feature, requir-
ing additional structural encoders and increasing
model complexity. In contrast, we convert syntac-
tic relations into explicit textual signals injected
into prompts, a lightweight approach that directly
enhances the generation interpretability of LLMs
without modifying the model architecture. Unified
generative ABSA has been validated as an effective
framework to avoid error accumulation in pipeline
methods. Previous studies have shown that seq2seq
frameworks and instruction tuning enable LLMs
to complete joint structured extraction of aspect
and opinion terms in a unified generation space
(Cai et al., 2021; Lee et al., 2024). However, ex-
isting generative ABSA systems rarely leverage
syntactic information to constrain the generation
process, leading to frequent aspect-opinion align-
ment errors in complex sentences. Our work ad-
dresses this limitation by integrating syntactic pre-
processing into prompt design, guiding the model
to capture the correct dependency between aspect
and opinion terms. Dimensional sentiment mod-
eling originates from the circumplex model of af-
fect proposed by Russell (1980), which charac-
terizes emotion through continuous valence and
arousal dimensions. Subsequent studies have built
large-scale VA-based sentiment lexicons and bench-
marks (Warriner et al., 2013; Buechel and Hahn,
2017), with the most relevant work being the offi-
cial DimABSA benchmark released by Lee et al.
(2026). Unlike previous works focusing on cate-
gorical sentiment classification, our system is opti-
mized for the continuous VA regression paradigm,
with a dedicated regression head to improve the
accuracy of continuous value prediction.

3 Methods

We design a task-aligned dual-branch system work-
flow, split into two independent branches based

on the paradigm of each subtask. We use Llama-
3.1-8B-Instruct as the unified backbone for both
branches, with LoRA fine-tuning to ensure consis-
tent semantic representation and reduce computa-
tional overhead. The overall architecture of our
system is shown in Figure 1.

3.1 Regression Workflow for DimASR

The DimASR task requires predicting continuous
VA scores for a given aspect term, which is essen-
tially a representation-to-continuous-value projec-
tion problem. We design a three-component work-
flow optimized for this regression paradigm. The
first component is LoRA-based encoder fine-tuning.
We use Llama-3.1-8B-Instruct as the backbone
encoder, applying LoRA for parameter-efficient
fine-tuning. We only update the attention projec-
tion layers of the model, freezing the base model
weights to preserve its pre-trained contextual rep-
resentation ability, while also significantly reduc-
ing the memory cost and overfitting risk of fine-
tuning. The second component is a deep nonlin-
ear regression head, built on top of the encoder’s
aspect-aware hidden representation. The mapping
between high-dimensional text semantics and con-
tinuous VA scores is a complex nonlinear relation-
ship that cannot be fully captured by a single lin-
ear layer, motivating our multi-layer design. This
head maps contextual features to 2-dimensional
VA scores through multi-layer nonlinear transfor-
mations with GELU activation, enabling hierarchi-
cal feature learning before projection into the VA
space. We use Root Mean Square Error (RMSE)
as the training loss, which measures the Euclidean
distance between predicted and gold VA scores and
is fully aligned with the official evaluation metric
for this subtask (Yu et al., 2026).

3.2 Workflow for DimASTE and DimASQP

Both DimASTE and DimASQP require end-to-
end extraction of structured sentiment elements
with continuous VA scores, which we frame as
instruction-guided structured generation tasks. The
workflow consists of two core modules, with the
detailed framework shown in Figure 2.

3.2.1 Sentence Structure Preprocessing
The core challenge of generative ABSA is ensur-
ing correct alignment between aspect and opinion
terms, especially in complex sentences with multi-
ple pairs. To address this, we design a lightweight
syntactic preprocessing module. We first apply
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Figure 1: Overall dual-branch workflow of our DimABSA system. It is regression-based workflow for DimASR
and syntax-guided generative workflow for DimASTE and DimASQP.

Figure 2: Detailed workflow of the syntax-guided prompt-enhanced instruction tuning framework for DimASTE
and DimASQP.

dependency parsing to input sentences, retaining
only four core syntactic relations most relevant to
sentiment expression: nominal subject (nsubj), ad-
jectival complement (acomp), adjectival modifier
(amod), and direct object (dobj). These four rela-
tions cover the vast majority of interaction patterns
between aspect entities and opinion descriptors in
sentiment expressions, connecting target entities
to their descriptive predicates and sentiment ad-
jectives. We do not build additional graph neural
networks based on these relations. Instead, we con-
vert the filtered syntactic relations into structured
textual pairs, which are injected into the prompt
as explicit auxiliary structural signals to guide the
generation process. This design avoids introduc-
ing additional model complexity, while directly
constraining the model’s attention to the correct
aspect-opinion pairs.

3.2.2 Prompt-Enhanced Instruction Tuning

We use the same LoRA-adapted Llama-3.1-8B-
Instruct as the backbone generation model. Each
input to the model includes three parts: the origi-
nal input text, the extracted syntactic relation pairs,
and explicit output format instructions for triplet
or quadruple generation. For DimASQP, we ex-
tend the output format instructions to include as-
pect category constraints, adding category defini-
tion prompts to improve the model’s fine-grained
category modeling ability, with all other settings
consistent with DimASTE. The model generates
structured outputs in strict JSON format, with all
elements including continuous VA scores gener-
ated in a unified decoding space, avoiding error
accumulation in pipeline methods.

4 Experiments

4.1 Experimental Setup

4.1.1 Tasks and Evaluation Metrics
We evaluate on the official English test sets (Lee
et al., 2026), with VA predictions restricted to [1,
9] and rounded to two decimal places. DimASR
is evaluated by RMSE in the VA space (lower =
better), measuring the average Euclidean deviation
between predicted and gold VA values. DimASTE
and DimASQP are evaluated by the official contin-
uous F1 (cF1) score (higher = better).

4.1.2 Baseline Models
We compare with two official baselines from the
task leaderboard: the zero-/one-shot closed-source
Kimi-K2 Thinking baseline, and the open-source
Qwen-3 14B baseline with full supervised fine-
tuning on the task training set. All baseline results
are taken from the official leaderboard, with our
experiments conducted on the same test sets under
the identical evaluation protocol.

4.1.3 Implementation Details
All experiments use Hugging Face Transformers
v4.45.0 and PEFT v0.12.0, with dependency pars-
ing via spacy 3.7.2. For LoRA, we set rank=8,
alpha=16, dropout=0.05, applying LoRA to all at-
tention projection layers with base weights frozen.
The regression head uses four fully connected lay-
ers (2048→512→128→2) . We use the AdamW
optimizer (learning rate 2e-4, weight decay 1e-4),
batch size 16, 50 training epochs with early stop-
ping (patience=5), and random seed 42 for repro-
ducibility. No external data is used beyond the
official training set.
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4.2 Main Results

We summarize main results in Table 1, with de-
tailed analysis below.

For DimASR, our model achieves the lowest
RMSE on both domains, outperforming the Kimi-
K2 baseline by 34.9% (eng-res) and 31.4% (eng-
lap), and the Qwen-3 baseline by 47.2% (eng-res)
and 46.6% (eng-lap), demonstrating the effective-
ness of our LoRA tuning and dedicated regression
head. For DimASTE, our model outperforms both
baselines on both domains, with 15.4% cF1 im-
provement over the Kimi-K2 baseline on eng-res
and 7.0% on eng-lap, validating that our syntax-
guided prompting improves aspect-opinion align-
ment and extraction consistency. For DimASQP,
our model achieves the highest cF1 on eng-res
(38.8% improvement over Kimi-K2), and outper-
forms the supervised Qwen-3 baseline by 62.2%
on eng-lap. The smaller gain on eng-lap stems
from the more fine-grained professional aspect cat-
egories in the laptop domain, which increase the
difficulty of exact category matching required by
the cF1 metric.

4.3 Ablation Study

We conduct ablation studies on both domains fol-
lowing the variable control method, with model
variants created by removing one core component
at a time from the full model.

4.3.1 Ablation for DimASR
We validate the contribution of LoRA fine-tuning
and the deep regression head, with results in Table
2.

On both domains, LoRA-based tuning reduces
RMSE compared to full fine-tuning, confirming
that full fine-tuning damages pre-trained contex-
tual representation and causes overfitting, while
LoRA preserves general language ability during
task adaptation. Removing the deep regression
head increases RMSE on both domains, validat-
ing that the nonlinear head effectively captures the
complex mapping between text semantics and VA
scores.

4.3.2 Ablation for DimASTE and DimASQP
We validate the contribution of prompt enhance-
ment, syntactic preprocessing, and core syntactic
filtering, with results in Table 3.

Across both domains and tasks, removing
prompt enhancement causes the largest perfor-
mance drop, demonstrating that explicit task in-

structions and format constraints are critical for
guiding structured generation. Removing syntac-
tic preprocessing further reduces cF1, verifying
that syntactic information enhances aspect-opinion
alignment. Using full syntactic relations also de-
grades performance, confirming that redundant re-
lations introduce prompt noise, while our filtered
core relations retain critical aspect-opinion interac-
tion information.

4.4 Error Analysis

We conduct quantitative error analysis on both
test sets, organized by subtask. For DimASR, to-
tal RMSE is decomposed into two core subtypes:
valence score deviation, the dominant error type
where the model fails to capture implicit sentiment
intensity; and arousal score deviation , occurring
when the model misjudges emotional activation in-
tensity in sentences with intensifiers or figurative
language. For DimASTE, invalid predictions fall
into three subtypes: aspect-opinion alignment er-
rors, the most frequent error in sentences with mul-
tiple pairs; incomplete element extraction, mostly
missing implicit opinion terms; and VA score mis-
match, occurring even with correctly aligned ele-
ments. For DimASQP, invalid predictions fall into
three subtypes: aspect category mismatch, the dom-
inant error due to strict cF1 matching requirements;
structured element extraction errors; and VA score
mismatch.

4.5 Discussion

Across all three subtasks, we observe three consis-
tent trends aligned with our method design and ex-
perimental results. Supervised parameter-efficient
adaptation consistently outperforms zero-/one-shot
prompting baselines on continuous VA regression
tasks, as LoRA fine-tuning enables the model to
learn the task-specific mapping between text se-
mantics and VA scores, which cannot be fully cap-
tured by in-context learning alone. Syntax-guided
prompt enhancement effectively improves struc-
tured extraction performance, especially on the eng-
res domain with more straightforward sentiment
expressions, while still bringing consistent perfor-
mance gains on the more complex eng-lap domain,
validating the generalizability of our preprocessing
module. The strict categorical exact matching re-
quirement in the cF1 metric amplifies the impact
of category prediction errors, making quadruplet
extraction in DimASQP significantly more chal-
lenging than triplet extraction in DimASTE, es-
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Model Setting DimASR (RMSE ↓) DimASTE (cF1 ↑) DimASQP (cF1 ↑)

eng-res eng-lap eng-res eng-lap eng-res eng-lap

Baseline (Qwen-3 14B) Supervised Fine-Tuning 2.6427 2.8089 0.4483 0.3827 0.2673 0.1529
Baseline (Kimi-K2 Thinking)Zero-/One-Shot 2.1461 2.1893 0.4920 0.4424 0.3746 0.2795

Ours (Llama-3.1-8B-Instruct)LoRA Supervised Fine-Tuning 1.3966 1.5010 0.5676 0.4733 0.5201 0.2480

Table 1: Main results across all three subtasks on two English domains. Best results for each subtask and domain
are marked in bold.

Model Variant RMSE ↓
eng-res eng-lap

w/o LoRA (Full fine-tuning + Linear head) 1.5602 1.6825
w/o Deep Regression Head (LoRA + Linear head) 1.5231 1.6312
Full Model 1.3966 1.5010

Table 2: Ablation results for DimASR on eng-res and eng-lap test sets.

Model variant DimASTE (cF1 ↑) DimASQP (cF1 ↑)

eng-res eng-lap eng-res eng-lap

w/o Prompt Enhancement 0.4312 0.3528 0.2987 0.1721
w/o Syntactic Preprocessing 0.4528 0.3705 0.3295 0.1904
w/o Core Syntactic Filtering 0.5010 0.4186 0.3672 0.2215
Full Model 0.5676 0.4733 0.5201 0.2480

Table 3: Ablation results for DimASTE and DimASQP on eng-res and eng-lap test sets.

pecially in the eng-lap domain with professional
fine-grained categories.

5 Conclusions

This work presents a task-aligned dual-branch sys-
tem for SemEval-2026 Task 3 DimABSA, tailored
for the heterogeneous characteristics of its three
subtasks instead of forced architectural unification.
For DimASR, we adopt LoRA-based parameter-
efficient fine-tuning with a deep nonlinear regres-
sion head for continuous VA regression optimiza-
tion. For DimASTE and DimASQP, we design a
lightweight sentence structure parsing preprocess-
ing module to extract sentiment-relevant syntactic
pairs, which are integrated into prompt-enhanced
instruction tuning for unified structured generation
of aspect elements and VA scores. Experimental
results on English restaurant and laptop domains
show our system outperforms official baselines in
most settings, and ablation studies verify the effec-
tiveness and generalizability of all core modules.
Our approach provides a lightweight and practi-
cal solution for structured dimensional sentiment
analysis under limited computational resources.
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Limitations

Our approach has three key limitations consis-
tent with error analysis results. First, the syn-
tactic preprocessing module’s performance relies
on dependency parsing quality, with parsing er-
rors propagating to prompt construction and gen-
eration consistency, especially in informal review
texts with typos or non-standard syntax. Second,
LoRA-based parameter-efficient fine-tuning lim-
its the model’s adaptation to professional domain
terminology compared to full fine-tuning in high-
resource scenarios. Third, our experiments are lim-
ited to the English domain, with no cross-lingual
generalization exploration on the benchmark’s mul-
tilingual subsets. Future work will focus on im-
proving syntactic noise robustness, enhancing fine-
grained category modeling, and exploring cross-
lingual transfer learning for DimABSA.
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