
Proceedings of the The 20th International Workshop on Semantic Evaluation (2026), pages 3225–3231
July 3-4, 2026 ©2026 Association for Computational Linguistics

CLRG at SemEval-2026 Task 3: One Size Does Not Fit All: A Resource
Adaptive Framework for Dimensional Sentiment Regression

Wardat Shams Iqbal1, Ruwad Naswan2, Swakkhar Shatabda1

1BRAC University, Dhaka, Bangladesh
2Bangladesh University of Engineering and Technology (BUET), Dhaka, Bangladesh

wardat.shams.iqbal@g.bracu.ac.bd, ruwad45678@gmail.com, swakkhar.shatabda@bracu.ac.bd

Abstract
Predicting continuous Valence and Arousal
scores across diverse languages poses sig-
nificant challenges due to typological differ-
ences and the difficulty of modeling affec-
tive intensity. We introduce AdaptStance, a
parameter-efficient framework designed for the
SemEval-2026 Task 3 benchmark. To address
cross-lingual disparities, AdaptStance routes
inputs through resource-specific pipelines: di-
rect regression with a hybrid concordance loss
for high-resource languages, and an auxiliary
multi-task mechanism to stabilize regression in
low-resource and non-Western contexts. Ar-
chitectural analysis reveals that decoupling
task heads benefits morphologically related lan-
guages, whereas joint representations act as cru-
cial regularizers for distant language families.
Ultimately, this lightweight approach achieves
competitive performance over generative base-
lines, demonstrating the efficacy of targeted ar-
chitectural alignment while identifying Valence
as the primary bottleneck in continuous affect
prediction. Our code is available on GitHub.1

1 Introduction

While the proliferation of Large Language Models
(LLMs) has enabled the extraction of public opin-
ion at scale, traditional sentiment analysis remains
constrained by categorical classification. Label-
ing a stance strictly as “favor” or “against” over-
simplifies semantic reality and fails to capture the
continuous spectrum of human emotion.

Modeling dimensional affect introduces further
challenges, particularly in cross-lingual settings.
While standard models easily detect sentiment po-
larity (Valence), they consistently struggle to quan-
tify its intensity (Arousal). Furthermore, the re-
liance on massive, English-centric LLMs exacer-
bates this disparity for languages like Nigerian Pid-
gin and Swahili, where data scarcity renders stan-
dard pre-training ineffective.

1https://github.com/pineconedad/AdaptStance

SemEval-2026 Task 3: Dimensional Stance
Analysis (DimStance) addresses these limitations
by shifting the objective to the regression-based pre-
diction of continuous Valence and Arousal scores
(Becker et al., 2026; Yu et al., 2026).

In response, we propose AdaptStance, a
parameter-efficient BERT based, dual-pipeline
framework that dynamically adapts to linguistic re-
source availability. Recognizing that “one size does
not fit all,” we orchestrate two distinct methodolo-
gies. For high-resource languages (English, Ger-
man), we employ direct regression using Atten-
tion Pooling and a custom hybrid log-loss function.
Conversely, for non-Western languages (Nigerian
Pidgin, Swahili, Chinese), we introduce an Aux-
iliary Multi-Task Head. This forces the simul-
taneous learning of coarse-grained classification
and fine-grained regression, acting as a critical reg-
ularizer that stabilizes Arousal prediction where
standard encoders fail to converge. Our system
achieves highly competitive performance, securing
Rank 5 in Chinese (ZHO) and Rank 7 in Swahili
(SWA), outperforming massive generative base-
lines (e.g., Mistral-314B) with a fraction of the
parameters.

2 Related Work

2.1 From Categorical Stance to Dimensional
Analysis

Stance detection has traditionally been formulated
as a categorical classification task, where the ob-
jective is to determine a user’s position (e.g., Favor,
Against, or None) toward a specific target (Mo-
hammad et al., 2016; Schiller et al., 2020). While
effective for broad categorization, the discrete ap-
proach fails to capture the intensity of the sentiment
or the degree of emotional activation involved in
the stance.

To address this limitation, recent research has in-
tegrated affective science theories, specifically the
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Circumplex Model of Affect (Russell, 1980), which
maps emotion onto continuous dimensions of Va-
lence (negativity-positivity) and Arousal (calm-
excited) . This shift has given rise to Dimensional
Aspect-Based Sentiment Analysis (DimABSA),
where stance targets are treated analogously to as-
pects (Lee et al., 2026). The recently introduced
Stance-as-DimABSA framework (Becker et al.,
2026) formalizes this by requiring models to pre-
dict real-valued scores for both valence and arousal.
However, existing work often focuses on high-
resource languages or treats valence and arousal as
equally learnable tasks, often obscuring the specific
challenges inherent in modeling arousal from text
alone.

2.2 Pre-trained Encoders in Low-Resource
Settings

The dominant paradigm for multilingual NLP re-
lies heavily on massive pre-trained language mod-
els (PLMs) like XLM-R (Conneau et al., 2020)
or generative LLMs. While effective, these mod-
els are computationally expensive and often strug-
gle with precise regression tasks without exten-
sive instruction tuning. In contrast, our work re-
visits lightweight, encoder-only architectures (De-
vlin et al., 2019). We build on prior findings that
domain-adaptive pre-training significantly boosts
downstream performance (Gururangan et al., 2020),
demonstrating that a well-aligned, smaller encoder
generalizes more effectively in low-resource dimen-
sional regression than generic, massive baselines.

2.3 The Valence-Arousal Discrepancy
Standard evaluations for dimensional sentiment,
including the DimABSA shared task (Lee et al.,
2026), typically report performance by averaging
the Root Mean Square Error (RMSE) of Valence
and Arousal into a single metric. This aggrega-
tion masks the distinct difficulty of modeling af-
fective intensity. Unlike prior studies, our frame-
work explicitly investigates this gap, treating the se-
vere performance discrepancy between Valence and
Arousal as a core distributional bottleneck rather
than a simple capacity issue.

3 System Overview

Our system, illustrated in Figure 1, employs a
Resource-Adaptive Framework designed to address
the linguistic disparity between high-resource and
low-resource languages. We hypothesize that while
high-resource languages (English, German) benefit

from direct regression optimization on large-scale
pre-trained models, low-resource and non-Western
languages (Pidgin, Swahili, Chinese) require aux-
iliary structural guidance to stabilize training. We
note that Chinese, while not low-resource in the
strict sense, is grouped with the non-Western track
due to its distinct linguistic typology and the archi-
tectural needs of its dedicated encoders; its strong
performance under Pipeline B is examined further
in Section 5.

Consequently, our framework routes inputs
through two distinct architectural pipelines:
Pipeline A (Regularized Direct Regression) for
Western/High-Resource languages, and Pipeline
B (Decoupled Multi-Task Learning) for Non-
Western/Low-Resource languages.

3.1 Problem Formulation

Formally, given an input text sequence T =
{t1, t2, . . . , tn} and a target aspect term a, the goal
is to predict a continuous bi-dimensional sentiment
score Y = (v, α), where v represents Valence and
α represents Arousal. Both target variables are con-
tinuous values normalized to the range [0, 1] (or
[1, 9] depending on the specific dataset scale). We
model this as a conditional probability regression
problem P (Y | T, a; θ), where θ represents the
model parameters.

3.2 Feature Extraction and Pooling

Across both pipelines, we utilize a Transformer-
based encoder to generate contextual embeddings.
Unlike standard approaches that rely solely on the
[CLS] token, we employ Attention Pooling to ag-
gregate the sequence representation dynamically.
Let H ∈ RL×d be the output hidden states of the
last transformer layer, where L is the sequence
length and d is the hidden dimension. We compute
a learnable weight vector watt to derive the final
sentence embedding e:

βi = softmax(Hi ·w⊤
att) (1)

e =
L∑

i=1

βiHi (2)

3.3 Pipeline A: Regularized Direct Regression
(ENG, DEU)

For high-resource languages, we employ a stream-
lined architecture focused on optimizing the corre-
lation metric directly.
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Pipeline B: Decoupled Multi-Task Learning (PCM, ZHO, SWA)

Data Prep: Pair Encoding
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Language Specific BERT model
(DEU / ENG)

Attention
Pooling

Regression
Head (MLP)

Figure 1: Adaptive System Architecture

Input Representation We treat the aspect and
text as a unified semantic unit by concatenating
them without special separator tokens, allowing the
self-attention mechanism to flow naturally across
the boundary: [CLS] Aspect Text [SEP].

Hybrid Loss Function To mitigate the sensitiv-
ity of Mean Squared Error (MSE) to outliers and to
explicitly encourage agreement-based correlation
through the Concordance Correlation Coefficient
(CCC) as a training objective, we propose a com-
pound loss function Ltotal:

Ltotal = (1− λ)LLogCosh + λLCCC + γLRange

(3)
Here, LLogCosh approximates the Huber loss to

reduce outlier penalties, LCCC = 1 − ρc maxi-
mizes the concordance correlation, and LRange is
a penalty term that regularizes predictions to stay
within valid bounds. This pipeline utilizes BERT-
Large and BERT-Base-German (see Table 1) to
leverage their robust pre-trained representations.

3.4 Pipeline B: Decoupled Multi-Task
Learning (PCM, ZHO, SWA)

For low-resource languages, we observed that di-
rect regression frequently fails to converge or suf-
fers from high variance, particularly in the Arousal
dimension. To address this, we introduce Auxiliary
Classification Heads to guide the encoder.

Input Representation We utilize standard pair
encoding to explicitly distinguish the aspect from
the context: [CLS] Text [SEP] Aspect [SEP].
The two pipelines were developed independently
and adopted different input formats; we retained
both because each performed well on its respective

pipeline during validation. Pipeline A’s concate-
nation allows self-attention to flow uninterrupted
across the aspect-text boundary, complementing
the attention-pooling aggregation, while Pipeline
B’s pair encoding produces explicit segment em-
beddings that help the auxiliary classification heads
localize aspect-specific signal.

Decoupled Auxiliary Heads Early experiments
revealed a “bottleneck” where a joint head for Va-
lence and Arousal caused negative transfer, partic-
ularly degrading Arousal performance (RMSEA).
In our final system, we decouple the tasks com-
pletely. The shared sentence embedding e is fed
into two separate projection layers, each branching
into a regression head (primary) and a classifica-
tion head (auxiliary). The auxiliary heads predict
coarse-grained labels (e.g., Low, Neutral, High for
Arousal; Against, Neutral, Favor for Valence) us-
ing Cross-Entropy loss (LCE). The final loss is a
weighted multi-task objective:

LB = α(Lv
CE + Lα

CE) + β(wvLv
MSE +wαLα

MSE)
(4)

This formulation forces the model to learn dis-
criminative features for Valence and Arousal inde-
pendently before fusing them for the final continu-
ous prediction.

3.5 Model Specifications
To implement our Resource-Adaptive Framework,
we selected pre-trained checkpoints tailored to the
linguistic profiles of each target language. Table
1 details the mapping of languages to their respec-
tive pipelines and base encoders. For the high-
resource track (Pipeline A), we leveraged high-
capacity monolingual models to maximize repre-
sentation quality. Conversely, for the non-Western
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track (Pipeline B), we prioritized language-specific
or dialect-aware encoders. Chinese benefits from
a mature pre-training ecosystem, while Pidgin and
Swahili rely on more recent dialect-adapted en-
coders.

Lang. Pipeline Base Model Checkpoint

Western / High-Resource

ENG A bert-large-uncased
DEU A bert-base-german-cased

Non-Western / Low-Resource

PCM B Davlan/bert-base-...-naija
SWA B Davlan/bert-base-...-swahili
ZHO B bert-base-chinese

Table 1: Mapping of target languages to their respective
pipelines and base models.

4 Experimental Setup

We evaluate our system on the DimABSA 2026
shared task dataset for Track B, Subtask 1,
which spans five languages across two topical
domains: politics (PCM, DEU, SWA) and envi-
ronmental protection (ENG, ZHO). The dataset
provides continuous Valence and Arousal anno-
tations on a 1–9 scale for each aspect term
within a given text. We report results using
the official evaluation metric, RMSEV A =√

1
N

∑N
i=1[(v

p
i − vgi )

2 + (αp
i − αg

i )
2], along with

its per-dimension decomposition into RMSEV

and RMSEA.
All models are fine-tuned using the AdamW op-

timizer with a learning rate of 3 × 10−5 and a
weight decay of 0.01 for a maximum of 25 epochs,
with early stopping based on validation RMSEV A.
Input sequences are tokenized with a maximum
length of 128 tokens. For Pipeline A (ENG, DEU),
we use a batch size of 32, while Pipeline B (PCM,
SWA, ZHO) uses a batch size of 64 to compensate
for smaller training sets. Dropout rates of 0.3 and
0.2 are applied to the shared representation layer
and the joint VA regression head, respectively, and
gradient norms are clipped at 1.0 to stabilize train-
ing.

For Pipeline B, the multi-task loss (Eq. 4) is
parameterized to balance the regression and clas-
sification terms at a 0.7 to 0.3 ratio. The higher
weight on regression reflects that it is the primary
objective of the task, while the auxiliary classifi-
cation heads serve a regularization role. Within
the regression component, we apply an elevated

weight to Valence (wv = 2.0) compared to Arousal
(wα = 1.0). This reflects our preliminary obser-
vation that Valence constitutes the dominant error
bottleneck (RMSEV > RMSEA). All language-
specific models are trained independently on their
respective partitions using a single NVIDIA P100
GPU.

4.1 Pipeline Selection
Rather than assigning languages to pipelines based
purely on a priori linguistic assumptions, we
adopted a validation-driven selection approach.
Each language was independently evaluated un-
der both Pipeline A and Pipeline B on the official
development split, and assigned to the configura-
tion with the lower RMSEV A. Table 2 reports the
per-language results.

Lang. Pipeline A Pipeline B Selected

ENG 2.065 2.114 A
DEU 2.092 2.730 A
PCM 2.066 1.911 B
SWA 2.400 2.132 B
ZHO 0.774 0.617 B

Table 2: Per-language RMSEV A under both pipelines.
Bold indicates the selected configuration.

Pipeline B was decisively superior for ZHO,
SWA, and PCM, while Pipeline A was substantially
better for DEU. For ENG the gap was marginal
(0.05 RMSEV A). Notably, Pipeline A on SWA
produced a near-zero arousal correlation (PCCA =
−0.047), indicating that Pipeline B’s auxiliary clas-
sification heads regularize the encoder where direct
regression fails to learn the arousal dimension. The
linguistic framing in Section 3 is therefore best
understood as a post-hoc interpretation of these em-
pirical findings rather than an a priori hypothesis.

5 Results and Discussion

5.1 Official Results
Table 3 presents the official test set results for Sub-
task 1. Our system achieved competitive standings,
particularly in non-Western languages, ranking 5th
in Chinese (ZHO) and 7th in Swahili (SWA). No-
tably, our specialized Pipeline B architecture ex-
hibited a stark performance inversion relative to
massive large language model baselines. In ZHO
and SWA, our system significantly outperformed
both the mBERT and Mistral-314B baselines. Con-
versely, in Western or morphologically related
languages—English (ENG), German (DEU), and
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Track B Subtask 1 (DimASR): Predicted vs Gold VA Scores

Figure 2: Predicted versus Gold scores for Valence and Arousal across the five target languages. Arousal predictions
(triangles) demonstrate tighter clustering, while Valence predictions (circles) reveal pronounced variance and
heteroscedasticity at scale extremes.

Language Track Rank Our System Mistral-314B mBERT

ZHO B 5 0.617 0.740 1.275
SWA B 7 2.132 2.299 2.783
PCM B 10 1.911 1.739 3.215
DEU A 10 2.092 1.591 2.329
ENG A 11 2.065 1.643 2.698

Table 3: Official System Performance (RMSEV A).
Bold values highlight the superior score between our
official submission and the Mistral-314B baseline.

Nigerian Pidgin (PCM)—our official submission
underperformed Mistral-314B. This discrepancy
highlights distinct architectural dependencies based
on linguistic topology, which we investigate be-
low. We base the ensuing analysis on the offi-
cial RMSEV A metric, decomposing it into per-
dimension RMSEV and RMSEA to expose the
relative difficulty of each affective axis.

5.2 Post-Evaluation Refinement

Our official submission utilized a joint auxiliary
head for predicting Valence and Arousal in Pipeline
B. Post-evaluation analysis revealed a persistent
gap between RMSEV and RMSEA, indicating
that a shared representation space forced a detri-
mental trade-off between the two dimensions. Con-
sequently, we conducted an ablation study by de-
coupling the Valence and Arousal auxiliary classi-
fication heads.

As shown in Table 4, decoupling the heads
yielded immediate improvements for Western
and linguistically similar languages. German
RMSEV A improved by 0.312, and Pidgin (PCM)
improved by 0.231. Crucially, this architectural re-
finement brought our PCM score to 1.680, allowing
our lightweight dialect-specific model to surpass
the Mistral-314B baseline (1.739). However, apply-
ing the decoupled architecture to ZHO and SWA
resulted in performance degradation, establishing

Language Joint (Official) Decoupled (Refined) ∆

DEU 2.092 1.780 +0.312
PCM 1.911 1.680 +0.231
SWA 2.132 2.140 −0.008
ZHO 0.617 0.620 −0.003

Table 4: Effect of Decoupled Auxiliary Heads on
RMSEV A. Positive ∆ indicates an improvement in
error reduction.

a clear divergence in optimal topologies. Notably,
the post-evaluation decoupled Pipeline B score for
DEU (1.780) is also lower than the officially sub-
mitted Pipeline A score (2.092), suggesting that
decoupled auxiliary heads on a language-specific
encoder may be the stronger configuration for DEU
as well — an observation only available after the
evaluation phase. English was excluded from this
analysis as decoupling produced marginal degrada-
tion, consistent with the narrow Pipeline A advan-
tage observed during selection (Table 2).

5.3 Error Analysis and Bottlenecks

Figure 2 illustrates the error distribution of our
refined system across all five languages. Three
critical bottlenecks emerge from this visualization:

First, Valence constitutes the primary regression
bottleneck. With the notable exception of Chinese
(which achieved a highly clustered RMSEV A of
0.62), RMSEV consistently exceeds RMSEA

across all languages. Arousal predictions cluster
in a narrow, confident band along the diagonal,
whereas Valence predictions exhibit high scatter,
indicating that Arousal is more readily extracted
from textual semantics than nuanced Valence.

Second, the models demonstrate severe variance
compression and regression to the mean. The Ordi-
nary Least Squares (OLS) slope of predicted versus
gold values falls substantially below 1.0. For in-
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stance, the Swahili Arousal slope is effectively flat
(-0.02), indicating the model collapses predictions
toward the center of the scale rather than tracking
ground-truth variance.

Third, heteroscedasticity is prominent in low-
resource environments. In PCM and SWA, the
Mean Absolute Error (MAE) at high-valence ex-
tremes is approximately twice the MAE at low-
valence inputs. The models systematically fail to
capture intense positive sentiment, likely due to a
lack of high-valence representation in the training
distributions.

5.4 Architectural Implications for
Cross-Lingual Transfer

The divergence in architectural preference between
language families aligns with recent literature
demonstrating the limitations of cross-lingual trans-
fer in multilingual LLMs for non-Western lan-
guages (Tanwar et al., 2025).

Our findings suggest that decoupled task heads
successfully stabilize regression for languages with
robust, nuanced contextual embeddings (DEU,
PCM). However, for distant linguistic families
(ZHO, SWA), where base models lack deep cultural
or domain-specific semantic mapping, the system
relies heavily on the joint Valence-Arousal repre-
sentation. In these cases, forcing the model to share
parameters between dimensions acts as a necessary
regularizer, compensating for weaker underlying
contextual representations.

6 Conclusion

In this paper, we presented AdaptStance, a
resource-adaptive framework for SemEval-2026
Task 3 that dynamically routes languages through
distinct architectural pipelines. Our results demon-
strate that no single architecture universally opti-
mizes dimensional affect: while decoupling Va-
lence and Arousal heads improves regression for
morphologically related languages, joint repre-
sentation remains critical for regularizing distant
language families. Furthermore, our analysis
highlights Valence as the primary regression bot-
tleneck across all languages. Ultimately, our
competitive performance against massive gener-
ative baselines underscores that for fine-grained
affective regression, precise architectural topol-
ogy and pre-training alignment are more effec-
tive—and vastly more computationally accessi-
ble—than sheer model scale.

Limitations

This work has several limitations. First, pipeline
assignment was determined through single-run val-
idation comparisons without repeated trials or seed-
variance analysis; reported differences — particu-
larly the marginal ENG gap — should not be inter-
preted as statistically robust. Second, we did not
conduct controlled component-level ablations on
the hybrid loss terms (LLogCosh, LCCC, LRange),
the attention pooling mechanism, or the auxiliary
classification heads in isolation; the full system
was evaluated as a unit under shared task time
constraints. Third, the routing between pipelines
was determined manually from validation results
rather than through a learned gating mechanism.
Future work could explore data-driven routing crite-
ria, multi-seed evaluation, and isolated component
contribution analysis.
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