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Abstract

Dimensional Aspect-Based Sentiment Anal-
ysis (DimABSA) aims to jointly model con-
tinuous Valence–Arousal (VA) regression and
structured sentiment extraction at the aspect
level in multilingual settings, requiring both
fine-grained emotion modeling and structural
consistency. Prior approaches often separate
regression and extraction or rely on stage-
wise pipelines, which may limit numerical sta-
bility and structural alignment. To address
this challenge, we propose a unified pipeline
for all three subtasks of DimABSA Track A.
Although Task 1 and Task 2/3 use different
backbone architectures, they are integrated
through consistent preprocessing, a shared di-
mensional sentiment perspective, and unified
post-processing principles. For Task 1, we
enhance aspect–context interaction via aspect-
conditioned cross-attention and attention pool-
ing, together with bounded output mapping and
lightweight calibration for stable VA prediction.
For Task 2/3, we formulate triplet and quadru-
plet prediction as constrained conditional gen-
eration with LoRA fine-tuning and structural
validation. Experiments show consistent im-
provements across languages, including lower
RMSE, higher correlation, and better cF1. Er-
ror analysis further shows that Arousal remains
more difficult than Valence.

1 Introduction

Dimensional emotion modeling represents affec-
tive states in a continuous Valence–Arousal (VA)
space (Lee et al., 2022), enabling fine-grained in-
tensity distinctions beyond discrete polarity labels.
DimABSA(Yu et al., 2026) Track A extends this
paradigm to multilingual and multi-domain aspect-
level sentiment analysis (Lee et al., 2026). The
track comprises three subtasks (Lee et al., 2026):
Task 1 predicts continuous VA values for a given
aspect, while Task 2 and Task 3 extract structured
units from raw text—including aspect, opinion, and

(for Task 3) category—together with their associ-
ated VA values (Zhang et al., 2021).

This setting presents several challenges. Contin-
uous regression is more sensitive to representation
learning and calibration than discrete classifica-
tion (Yu et al., 2016), and structured extraction is
tightly coupled with numerical prediction, where
errors in span detection, pairing, or value estima-
tion directly affect overall evaluation. Furthermore,
cross-lingual and cross-domain variation increases
modeling difficulty and amplifies error propaga-
tion.

To address these issues, we propose a unified
pipeline covering all three subtasks. For Task 1, we
use aspect-conditioned cross-attention and atten-
tion pooling for stable VA regression. For Task 2/3,
we adopt LoRA-based constrained generation with
JSON validation, parsing repair, and VA calibration.
The unification is not based on a single shared back-
bone, but on a coherent workflow for dimensional
sentiment prediction, structured output normaliza-
tion, and robust post-processing across Track A.

2 Background

Early sentiment analysis mainly focused on
sentence- or document-level polarity classification,
which lacks aspect awareness and fine-grained dis-
tinctions in multi-aspect settings. Aspect-Based
Sentiment Analysis (ABSA) addresses this limita-
tion by modeling sentiment at the aspect level (Lee
et al., 2026). Existing approaches include sequence
labeling and span extraction, multi-stage pairing
pipelines (Peng et al., 2020), and unified genera-
tive frameworks (Zhang et al., 2021). However,
extending ABSA from discrete polarity labels to
continuous Valence–Arousal (VA) prediction sub-
stantially increases complexity, as models must
jointly handle structured extraction and stable re-
gression (Mohammad et al., 2018).

For Task 1, typical baselines derive sentence
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representations from pretrained encoders and feed
them into a regression head, which may di-
lute aspect-specific signals in multi-aspect con-
texts (Lee et al., 2026). For Task 2/3, extrac-
tive pipelines identify spans and perform pairing,
with Task 3 additionally predicting categories; such
multi-stage designs are prone to error accumula-
tion (Zhang et al., 2021), and multilingual settings
further complicate span detection due to syntactic
and morphological variation (Muhammad et al.,
2025). Unlike traditional ABSA settings (Buechel
and Hahn, 2017), Track A requires continuous emo-
tion prediction together with structured extraction,
motivating models that improve both numerical
stability and structural consistency.

3 System Description

Task 1 The baseline for Task 1 encodes the input
as a sentence or sentence–aspect pair(Mohammad
and Bravo-Marquez, 2017), applies mean pooling
over token representations, and feeds the resulting
embedding into an MLP regression head to predict
VA values. While simple, this design fails to model
explicit aspect–context interaction.

We introduce three improvements. At the data
level, we locate the first occurrence of the aspect
span during preprocessing and explicitly indicate
when alignment is unavailable. In addition, we ap-
ply lightweight augmentation to extremely short
sentences by appending semantically compatible
context templates that preserve the original sen-
timent orientation while providing slightly richer
lexical context. The goal is not to change the po-
larity or intensity label itself, but to reduce the
representation sparsity of very short inputs. This
is particularly useful for dimensional sentiment re-
gression, where subtle valence–arousal cues are
often expressed through a small number of modi-
fiers, intensifiers, or local contextual patterns. By
exposing the model to short inputs with minimally
enriched but semantically consistent context, we
improve its sensitivity to fine-grained intensity cues
without altering the underlying meaning.

On top of backbone token representations, we
construct masks for the aspect span and full sen-
tence. A masked mean over the aspect tokens
yields an aspect representation, which serves as a
query for multi-head cross-attention over sentence
tokens(Feng et al., 2022). We further apply learn-
able attention pooling to obtain a focused global
emotional representation. The cross-attention out-

put and pooled sentence representation are concate-
nated and passed to an MLP regression head to
produce VA logits.

To ensure numerical validity, we constrain pre-
dictions as:

ŷ = 1 + 8 · σ(z), ŷ = (v̂, â), (1)

guaranteeing v̂, â ∈ [1, 9].
We optimize with Huber loss augmented by

correlation-aware objectives. We choose Huber
loss because it is robust to occasional large devia-
tions while preserving stable optimization for small
errors, which is suitable for noisy VA regression
labels and cross-domain variation.

L = LHuber−λ·PCC(v̂, v, â, a)+µ·Lrank(â, a),
(2)

where λ and µ balance regression accuracy, cor-
relation consistency, and ranking preservation for
Arousal.

Task 2 and Task 3 We unify Task 2 and Task 3 as
a constrained conditional generation problem(Feng
et al., 2022). Given input text x, the model gener-
ates an output sequence y composed of multiple
structured objects, each corresponding to a triplet
or quadruplet formatted as a JSON array(Peng
et al., 2020).

We adopt parameter-efficient fine-tuning via
LoRA on a pretrained large language model(Citron
et al., 2020). For a concatenated prompt–answer
sequence, the language modeling loss is com-
puted only over assistant output tokens, focus-
ing optimization on structured answer generation
rather than instruction reproduction. Let y =
(y1, . . . , yT ) denote the target output sequence.
The training objective maximizes:

max
θ

T∑

t=1

logPθ(yt | y<t, x) , (3)

where prompt tokens are masked to avoid gradient
interference.

To mitigate structurally invalid outputs (e.g.,
malformed JSON or missing fields), we introduce
inference-time parsing and repair. Generated text
is first strictly parsed as JSON; if parsing fails, a
tolerant fallback procedure recovers usable struc-
tures. Each object is validated and repaired: miss-
ing fields are set to NULL, and textual fields are
constrained to exact substrings of the source text or
NULL, reducing hallucination-induced precision
loss.
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Figure 1: Overall system architecture for DimABSA Track A. Task 1 adopts an aspect-conditioned regression
framework with cross-attention and attention pooling. Task 2/3 employ instruction-based generative extraction with
LoRA fine-tuning, complemented by structured parsing and VA calibration.

To stabilize continuous VA predictions, we fur-
ther apply lightweight calibration based solely on
training statistics. For each opinion term o, we
aggregate its observed VA values in training and
define a prototype:

Proto(o) = median(V (o)) , (4)

where V (o) denotes the associated VA set. The
prediction V̂A is calibrated as:

V̂A
′
= g

(
V̂A, Proto(o), x

)
, (5)

where g(·) applies numerical constraints and con-
textual intensity cues (e.g., negation, degree ad-
verbs). This strategy reduces numerical drift and
distributional collapse without external data, em-
pirically improving cTP and cF1 while preserving
structural validity.

4 Experimental Setup

Dataset For Task 1, we train separate regression
models for each language–domain pair. The offi-
cial training data is split into 90% training and 10%
development for checkpoint selection and model
comparison. We use a learning rate of 3 × 10−5,
batch size 32, maximum length 512, and domain-
specific epoch settings. To reduce randomness, we

train with three seeds (42/43/44) and average pre-
dictions for ensemble inference. Implementation is
based on PyTorch and HuggingFace Transformers.

For Task 2/3, we fine-tune Qwen2.5-3B-
Instruct using LoRA under an instruction-based
generation formulation. We use a learning rate
of 1 × 10−4, train for 1.5 epochs with gradient
accumulation (4 steps), adopt a cosine scheduler,
and enable FP16 training. During inference, strict
JSON parsing, repair, and deduplication are ap-
plied to improve structural validity and effective
prediction rates.

Evaluation Metric Task 1 is evaluated by
RMSEVA (lower is better), with PCCV and PCCA

reported as auxiliary correlation metrics (higher is
better). Task 2/3 is evaluated by cF1, alongside
cPrecision, cRecall, and continuous true positives
(cTP).

Evaluation strictly requires exact structural
matching, while numerical deviations in VA values
incur continuous penalties. Therefore, both struc-
tural correctness and stable value prediction are
essential for strong performance.

5 Results

Task 1 Results As shown in Figure 2, Japanese
in the hotel domain achieves the lowest RMSE
(0.7554), suggesting that aspect-conditioned mod-
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Setting RMSE_VA ↓ PCC_V ↑ PCC_A ↑
Mean Pooling 0.8054 0.8564 0.6033
Attention Pooling 0.7748 0.8710 0.6599
Attention Pooling + Cross-Attn 0.7554 0.9010 0.6807

Table 1: Ablation study of pooling and interaction mechanisms on Task 1. Lower RMSEVA is better, while higher
PCCV and PCCA indicate stronger correlation.

Language Domain Backbone RMSE_VA ↓ PCC_V ↑ PCC_A ↑
ENG laptop bert-base-multilingual-cased 1.4603 0.7954 0.4917
ENG laptop xlm-roberta-base 1.4198 0.8296 0.5155
JPN hotel xlm-roberta-base 1.0064 0.7411 0.4413
JPN hotel bert-base-japanese-wwm 0.7554 0.9010 0.6807

Table 2: Comparison of different pretrained backbones across language–domain settings. Lower RMSEVA indicates
better regression accuracy, while higher PCCV and PCCA reflect stronger correlation.

eling benefits from well-aligned language-specific
representations.

Figure 2: RMSEVA comparison across languages and
domains. Different colors denote different domain set-
tings, as indicated by the legend. Lower values indicate
better regression performance.

Task 1 Ablation We compare three architectures
sequentially: Mean Pooling, Attention Pooling,
and Attention Pooling with Aspect-Conditioned
Cross-Attention. Results in Table 1 show that
replacing Mean Pooling with Attention Pool-
ing reduces RMSE_VA, indicating that learnable
weighted aggregation better captures emotion-
related tokens and intensity cues.

Adding Aspect-Conditioned Cross-Attention fur-
ther improves performance, decreasing RMSE_VA
and increasing both PCC_V and PCC_A. This
demonstrates that explicit aspect–context interac-
tion enhances aspect-specific emotional alignment.
The improvements follow a consistent layer-wise
trend, with each additional module yielding mono-
tonic gains across metrics.

To assess backbone effects, we compare
pretrained models on English (laptop) and
Japanese (hotel), as shown in Table 2. On
English–laptop, XLM-RoBERTa-base outperforms
bert-base-multilingual-cased, likely due to
stronger multilingual pretraining and more sta-
ble semantic representations. On Japanese–hotel,
performance differences are more substantial:
the language-specific pretrained model achieves
markedly lower regression error and higher correla-
tion scores, suggesting that in-language pretraining
better captures lexical and structural patterns for
aspect-conditioned emotion modeling.

Task 2 and Task 3 Results On the English ex-
traction tasks, our system slightly outperforms the
baseline in both Triplet and Quadruplet extraction.
The Quadruplet task is inherently more challenging
due to the inclusion of the category field and stricter
structural matching requirements. Nevertheless, by
incorporating instruction-level constraints and an
inference-time repair mechanism, we are able to
maintain a relatively high proportion of valid pre-
dictions.

Task 2 and Task 3 Ablation To evaluate the gen-
erative framework for triplet extraction, we com-
pare an extractive baseline with our LoRA-based
generative approach on the ENG–restaurant sub-
set (Table 4). Both precision and recall improve
simultaneously, indicating that the gains arise from
increased true positives and reduced false positives
rather than one-sided optimization.

These results demonstrate the structural advan-
tage of generative modeling. Unlike the extractive
baseline, which relies on local label predictions,
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Task 2 (DIMASTE, ENG)

Domain cF1 ↑ cPrec ↑ cRec ↑ cTP TP FP FN

laptop 0.4952 0.5372 0.4594 906.8002 989 699 985
restaurant 0.5240 0.5531 0.4978 1059.7220 1163 753 966
average 0.5096 0.5451 0.4786 983.2611 1076.0 726.0 975.5

Task 3 (DIMASQP, ENG)

Domain cF1 ↑ cPrec ↑ cRec ↑ cTP TP FP FN

restaurant 0.5183 0.5489 0.4909 1045.0646 1141 763 988
average 0.5183 0.5489 0.4909 1045.0646 1141.0 763.0 988.0

Table 3: Results on English (ENG) for Task 2 (DIMASTE) and Task 3 (DIMASQP). We report cF1, cPrecision
(cPrec), cRecall (cRec), continuous true positives (cTP), and the discrete TP/FP/FN counts.

Task Method cF1 ↑ cPrec ↑ cRec ↑ cTP ↑ TP FP FN

Task 2 Extractive Baseline 0.5877 0.5621 0.6158 251.2425 287 160 121
Task 2 Ours (Generative + LoRA) 0.7253 0.7235 0.7271 296.6406 323 87 85

Table 4: Comparison between the extractive baseline and our generative approach with LoRA on Task 2. Higher
cF1, cPrecision (cPrec), cRecall (cRec), and cTP indicate better performance. Data are from dev experiments.

the generative model produces Aspect, Opinion,
and VA values within a unified generation space,
enabling global coordination under full contextual
awareness. LoRA fine-tuning further adapts the
model to domain data while preserving the pre-
trained semantic capacity, leading to improved
structural matching quality.

Error Analysis In Task 1, PCC_A is consistently
lower than PCC_V across languages and back-
bones, indicating an inherent modeling difficulty.
Valence aligns with explicit polarity cues, whereas
Arousal relies on subtle and dispersed contextual
signals (e.g., intensity modifiers, negation, punc-
tuation) and exhibits higher subjectivity and anno-
tation variance. Consequently, even with aspect-
conditioned cross-attention, gains on Arousal re-
main limited, suggesting structurally different pre-
dictability across emotion dimensions.

For Task 2/3, we observe cases where Aspect
and Opinion are correctly identified but incorrectly
paired. Unlike extractive models with explicit pair-
ing modules, generative models depend on im-
plicit semantic associations, which can yield locally
plausible yet globally inconsistent combinations in
complex sentences. Such mismatches directly re-
duce cPrecision and cF1, as structural evaluation
requires joint alignment of aspect, opinion, and VA
values. Although the generative framework unifies
structure, it remains vulnerable to implicit pairing
instability under complex syntactic conditions.

6 Conclusion

We address all three sub-tasks of DimABSA
Track A within a unified pipeline. For Task 1, we
adopt a regression model with aspect-conditioned
cross-attention and learnable attention pooling. For
Task 2/3, we employ instruction-based generative
extraction with LoRA fine-tuning, enhanced by
parsing repair, deduplication, and VA calibration
for structural and numerical stability.

Results show stable performance across multi-
lingual VA regression and English structural ex-
traction. Ablation studies indicate that interaction
modeling and learnable aggregation drive improve-
ments in Task 1, while inference-time stabilization
is critical for maintaining valid outputs and improv-
ing cF1 in generative extraction.

Limitations Our approach has several limita-
tions. In low-resource languages, regression er-
rors remain relatively high, suggesting that single-
language training does not fully address data
scarcity and distribution shift. In generative ex-
traction, performance still partially depends on
inference-time repair and calibration, which may
require refinement under stronger domain shifts.

Future work will explore more effective cross-
lingual transfer strategies and investigate end-to-
end joint learning frameworks that optimize struc-
tural extraction and VA prediction under a unified
objective, reducing reliance on post-processing and
improving robustness.
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