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Abstract

The DimABSA shared task aims to combine
dimensional analysis with aspect-based senti-
ment analysis (ABSA). It addresses the lack
of continuous sentiment representation, as op-
posed to categorical labels (e.g., positive, nega-
tive, or neutral), and enriches it with an assess-
ment of arousal. Our team’s PUEB-DimASR
investigates the “mean-regression trap” — the
tendency of the MSE loss in high-dimensional
sentiment tasks to over-predict values closer
to the global mean. Within the paper we pro-
pose a two-step architecture. First, we enhance
baseline transformers with graph convolutional
networks (GCN) to capture syntactic aspect-
sentiment dependencies. Second, we evaluate
and recommend a hybrid loss function that com-
bines mean squared error (MSE) and concor-
dance correlation coefficient (CCC).

Our proposed GCN-deBERTa model consis-
tently outperforms the baseline across six tar-
get languages. While MSE loss yields the best
RMSE scores for English (0.876) and Chinese
(0.546), it introduces significant variance col-
lapse, which we successfully mitigated using
the hybrid loss, achieving near-perfect distri-
butional alignment (99.6%). Additionally, our
model trained with the hybrid loss achieved the
best RMSE scores for Russian (1.136), Tatar
(1.207), and Ukrainian (1.178).

1 Introduction

Sentiment analysis (SA) is one of the most com-
mon tasks in natural language processing (NLP)
that aims to assess the emotional tone of text. It
emerged in the early 2000s alongside other text
classification tasks. Compared to topic-based clas-
sification, SA has been described as more chal-
lenging due to the difficulty of understanding long
contexts and identifying features related to specific
aspects mentioned in the text (Pang et al., 2002).
Aspect-based sentiment analysis (ABSA) is ex-
panding the traditional task by breaking down the
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full sentence into specific aspects and classifying
them separately. The move toward finer granular-
ity started as feature-based sentiment analysis (Hu
and Liu, 2004) that later standardized as ABSA.
This approach can be more accurate with longer
texts that include multiple opinions on different
topics. While it is common to use positive/neg-
ative/neutral labels describing the polarity of the
text, dimensional sentiment analysis (DimSA) ap-
proaches the problem as a regression task providing
a continuous numerical score. Additionally, it en-
riches the representation of valence by adding an
arousal dimension. DimSA is aligning the method-
ology more closely with theories of psychology
and affective science (Russell, 1980), which repre-
sent emotions as coordinates in a continuous space
defined by valence and arousal.

Although ABSA and DimSA have existed since
around two decades (Hua et al., 2024), their com-
bination in aspect-level regression for valence (re-
flecting the polarity of emotion) and arousal (re-
flecting the emotional intensity) has not been ex-
plored equally by researchers.

Through our experimentation and methodology,
we focused on addressing the “mean-regression
trap”, a problem where models trained using stan-
dard mean squared error (MSE) loss tend to predict
values close to the global mean of the distribution,
penalizing extreme predictions (Terven et al., 2025).
This issue arises because MSE loss incentivizes the
model to predict the expected value of the distri-
bution, which can result in high overall scores but
fails to capture the true variance of the dataset. This
“flattening” effect diminishes the model’s ability
to capture nuances at the high and low ends of the
scale. We observed this phenomenon in our ex-
periments, where the model was skewed toward
predicting values near the global mean.

In the field of DimASR research, our work ex-
plores the advantages of combining the standard
transformer architecture with graph convolutional
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networks (GCN) for syntactic structural modeling.
A similar approach of using GCNs on dependency
trees has been suggested in previous research on
categorical SA (Zhang et al., 2019), we evaluate
it in DimASR settings. Additionally, we propose
modifying the loss function by integrating MSE
and concordance correlation coefficient (CCC) to
develop a nuance-aware sentiment regressor. Fur-
thermore, we emphasize the importance of using
multiple evaluation metrics (beyond RMSE) to as-
sess model performance comprehensively.

This work is the outcome of participation of our
PUEB-DimASR team in Task 3 (Yu et al., 2026),
Track A, Subtask 1, for Dimensional Aspect Senti-
ment Regression (DimASR) at SemEval-2026. The
goal of the task is to predict valence and arousal
values that describe specific aspects mentioned in
the text on a continuous scale from 1 to 9. Both the
aspect and the text were used as input for the in-
ference process. Separate datasets and evaluations
were provided for six languages: English, Japanese,
Russian, Tatar, Ukrainian, and Chinese. We trained
and evaluated our model individually for each lan-
guage. The proposed shared task, along with the
annotated datasets (Lee et al., 2026) published by
the organizers of SemEval task, represents a signif-
icant step towards standardizing DimABSA.

The code and further technical details of
our experiments are available in a repository
on GitHub: https://github.com/OskarRiewe/
SemEval2026_PUEB_DimASR.

2 System Overview

2.1 Dataset

We conducted our experiment using the official
SemEval-2026 Task 3 dataset (Lee et al., 2026),
which encompasses six languages across diverse
domains, including Laptop, Restaurant, Finance,
and Hotel. As shown in Table 1, the dataset con-
tains over 23,000 sentences and 39,000 individ-
ual aspect-level scores (as a single sentence may
include multiple aspects described with different
sentiments). The dataset sizes varied significantly
between languages; however, since we evaluated
each language individually, we did not apply any
dataset balancing methods.

Each record in the dataset contains its id, text and
a list of aspects. Example: {"ID": "R001", "Text":
"average to good thai food, but terrible delivery."
"Aspect": ["thai food", "delivery"]}

The expected output included a related id and a

list of predicted scores for valence and arousal sep-
arated by "#" for each aspect mentioned in the text.
Example: {"ID": "R0O01", "Aspect_VA":[ {"As-
pect”: "thai food", "VA": "6.75#6.38"}, { Aspect":
"delivery", "VA": "2.88#6.62"}]}

Language Domains Sentences Aspects
English 2 6,360 9,432
Chinese 3 10,540 17,658
Japanese 1 2,624 4,518
Russian 1 1,240 2,487
Ukrainian 1 1,240 2,487
Tatar 1 1,240 2,487
Total 23,244 39,069

Table 1: Dataset Characteristics for SemEval-2026 Task
3: Distribution of Sentences and Aspect-Level Instances
Across Six Languages.

2.2 Baseline: Transformer Regressor
(deBERTa)

As a baseline, we utilize a pretrained multilin-
gual version of the DeBERTa V3 encoder model,
*mdeberta-v3-base*! (He et al., 2021). This model
was selected due to its disentangled attention mech-
anism, which separates content information from
positional information. This aligns well with our
ABSA task, where the position of a word in a sen-
tence is more crucial for its local semantic meaning
than for understanding the full sentence. We ex-
tended the model with a stabilized regression head,
and the entire architecture is fine-tuned on the Di-
mASR task. The architecture consists of:

1. Encoder: the input sequence is processed
by a pretrained mdeberta-v3-base to obtain
contextualized token representation.

2. Pooling: the final hidden state of the [CLS]
token is used as a sequence representation.

3. Stabilization: the pooled representation is
normalized using the layer normalization.

4. Projection: the normalized representation is
passed through a linear layer, followed by a
sigmoid activation. We rescale the result to
produce final predictions in the range of [1,9].

2.3 Proposed System: GCN-deBERTa

To capture the relationship between opinion words
and target aspects, we propose a combination of the

"https://huggingface.co/microsoft/mdeberta-v3-base
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previously described encoder model with a graph
convolutional network (GCN) layer.

We expand the text representation using its de-
pendency tree, which is produced by a language-
specific spaCy (Honnibal and Montani, 2017) de-
pendency parser. A dependency tree is a structural
representation of a sentence where words are con-
nected based on their grammatical relationships
rather than their order in the sentence. We omit spe-
cific dependency labels (such as subject or object)
and focus purely on binary information if the syn-
tactic dependency exists. It creates a bi-directional
graph structure that can be used as input to the
GCN layer. As the transformer tokenizer decom-
poses words into subwords, we connect every sub-
word of the head word with every subword of its
dependent.

Since we use the specific [CLS] token as the
final sentence representation, we bi-directionally
connect it to every non-padding token in the graph.
This allows it to act as a global aggregator of the
GCN-processed features.

Language Code spaCy Model Name
English eng en_core_web_sm
Chinese zho zh_core_web_sm
Japanese jpn ja_core_news_sm
Russian rus ru_core_news_sm
Ukrainian  ukr uk_core_news_sm
Tatar tat xx_ent_wiki_sm*

Table 2: Language-specific spaCy models used for de-
pendency parsing. *For Tatar, a multilingual model was
used due to the absence of a dedicated language core.

The proposed system extends the baseline archi-
tecture with three key components:

1. Dependency tree (graph): for each input, we
construct a word-level dependency tree using
language specific spaCy models. It represents
a syntactic structure of a sentence by mapping
grammatical relationships between words.

2. Graph convolutional network: we integrate
two GCN layers on top of the deBERTA en-
coder to refine its representations with syntac-
tic information from the dependency tree.

3. Global-aware [CLS] representation: since
we rely on the [CLS] for final sequence rep-
resentation, we connect it with every non-
padding token in the graph.

4. Unified regression: the output of the final
GCN layer is pooled at the [CLS] index and
passed through the same regression head (Lay-
erNorm + Projection) as used in our baseline,
ensuring that any performance gains are the
result of including the structural graph model-
ing.

2.4 Optimization Strategy: MSE and CCC
loss

We center our experimentation on addressing a
common issue known as the “mean-regression trap”
which may lead the model to overlook extreme va-
lence and arousal values in order to reduce risk.

To tackle this, we explore the use of the concor-
dance correlation coefficient (CCC) loss (Lawrence
and Lin, 1989) to ensure distributional alignment.
CCC evaluates the agreement between the ground
truth labels (y) and the predictions () by combin-
ing Pearson’s correlation coefficient (p) with the
squared differences of their means and variances.
The coefficient is defined as follows:

2p0y0;
oy + 05 + (y — 1y)?

Unlike MSE, CCC loss penalizes the lack of
variance in the model’s output, thereby preventing
the prediction of only safe values around the global
mean. The CCC ranges from -1 to 1, representing
a scale from a perfect inverse correlation to perfect
agreement between the true and predicted values.

We evaluate our model using both MSE and
CCC metrics and propose a hybrid approach that
combines the two. The purpose of this loss function
is to merge the stability of MSE with the nuance-
preserving qualities of CCC. The hybrid loss func-
tion is defined as follows:

Liybria = Lvse + (1 — pece)

Pcce =

3 Experimental Setup

We evaluate our models (baseline and GCN-
deBERTa) using 5-fold cross-validation across all
six languages and all versions of the loss function
(MSE, CCC, Hybrid). To ensure reproducibility,
we applied a fixed random seed (42). For each fold,
we utilized the official training datasets provided
for SemEval-2026 Task 3, Track A.

Our implementation is based on PyTorch and
uses pretrained models from the Hugging Face
Transformers library. We trained the models on
two RTX A4500 GPUs and one RTX 2000 Ada
GPU.
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Hyperparameter  Value

Backbone Model mDeBERTa-v3-base
Optimizer AdamW

Epochs 5

Batch size 64

LR (Backbone) 1x107°

LR (GCN/Head) 2 x 107°

Warmup ratio 0.1

Seed 42

Table 3: Hyperparameter Configuration for System Sta-
bilization and Cross-Lingual Training.

Performance Comparison: Baseline vs. Proposed System
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3.1 Evaluation metrics

We evaluated our models using the root mean
square error (RMSE) metric, as suggested by the
SemEval organizers. We present an overall RMSE
metric as well as variance and arousal specific
scores. Additionally, we evaluated the models on
the diversity ratio (Div), separately for valence and
arousal. Div is calculated as a ratio of the standard
deviation of the model’s predictions to the standard
deviation of the golden standard labels. Diversity
close to 100% ensures that the model captures full
range of sentiment intensity, while lower values
indicate that it is being conservative and predicts
values closer to the global average and fails to cap-
ture the full spectrum of emotions.

4 Results

Table 5 presents the results of each model for all
languages, across all loss functions. Figure 1 visu-
alizes the comparison between the baseline and the
model with the best performance. The presented
results differ from those submitted for the official
task evaluation due to minor hyperparameter re-
finements, including extended training. We include
the results presented in the official leader board in
Table 4.

4.1 Transformer only vs GCN-enhanced
model

The GCN-deBERTa model outperforms the base-
line across all target languages. While the baseline
achieves competitive results, the GCN enhance-
ment enriches text representation by incorporating
grammatical structure, significantly improving the
model’s ability to predict valence and arousal.

The GCN enhancement proves to be most effec-
tive in complex languages such as Russian (RUS)
and Ukrainian (UKR), achieving scores of 1.136
and 1.178, respectively, using the Hybrid loss. No-
tably, these languages also had the smallest dataset
sizes, making the results particularly noteworthy.

4.2 Mean-Regression Trap

The "mean-regression trap" is evidenced by the di-
versity (Div) metric. While models trained with
MSE loss exhibit often competitive or even better
RMSE results, they also show a significant vari-
ance collapse, particularly in the arousal dimension,
where it can even drop below 50% (for example:
41.6% for TAT and 43.6% for RUS).

4.3 Density-Based Evaluation

The results for the Chinese language are particu-
larly intriguing when evaluating the model solely
based on the RMSE metric. Figure 2 illustrates the
density specific to Chinese, representing the prob-
ability of the model selecting a particular value
within the range [1,9]. This visualization offers
insights into how realistic the model’s worldview
is for the Chinese language.

We observe that, while the model trained on
MSE loss achieved the best result based on the
RMSE metric, its density is significantly mis-
aligned with the ground truth. In contrast, the
Hybrid loss almost perfectly aligns with the curve
presenting golden standard, especially for arousal.

This visually demonstrates that, although MSE
achieves closer predictions to individual points, it
fails to accurately recreate the true distribution of
human emotions.

4.4 Valence vs. Arousal

We observe that arousal is consistently more dif-
ficult to predict (exhibiting lower diversity) than
valence across all languages. However, the hybrid
loss helped narrow this gap by incorporating infor-
mation about variance that MSE overlooked.
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Figure 2: Chinese density of valence and arousal for GCN-deBERTa model trained on selected loss functions

compared to the golden standard density.

5 Conclusion

Our evaluation revealed that MSE-optimized mod-
els tend to exhibit lower diversity, leading to predic-
tions that are safer and closer to global mean values.
In contrast, models with higher diversity excel at
recognizing nuances in sentiment. This capability
is particularly advantageous for real-life applica-
tions, where distinguishing between similar emo-
tions, such as “slightly annoyed” and “irritated,”
is beneficial. In such cases, an MSE-optimized
model might simply label both as ‘unhappy.” A
good balance can be achieved by employing hybrid
loss functions, which leverage the strengths of both
loss types. This approach has also been shown
to deliver the best RMSE results for half of the
target languages while simultaneously enhancing
diversity.

Evaluating models solely based on RMSE scores
may fail to capture the true distribution of emotions.
For instance, in the case of the Chinese results, the
RMSE metric favored the model trained on MSE
loss, which tended to over-predict average values.
While the hybrid loss model may have performed
slightly worse on individual data points, it more ac-
curately represented the true density of valence and
arousal. The visual evidence presented in Figure 2
demonstrates that RMSE can be misleading when
the goal is to capture the true variance of human
emotions.
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