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Abstract

We present the SemEval-2026 shared task on
Dimensional Aspect-Based Sentiment Analy-
sis (DimABSA), which improves traditional
ABSA by modeling sentiment along va-
lence–arousal (VA) dimensions rather than us-
ing categorical polarity labels. To extend
ABSA beyond consumer reviews to public-
issue discourse (e.g., political, energy, and cli-
mate issues), we introduce an additional task,
Dimensional Stance Analysis (DimStance),
which treats stance targets as aspects and refor-
mulates stance detection as regression in the VA
space. The task consists of two tracks: Track A
(DimABSA) and Track B (DimStance). Track
A includes three subtasks: (1) dimensional as-
pect sentiment regression, (2) dimensional as-
pect sentiment triplet extraction, and (3) dimen-
sional aspect sentiment quadruplet extraction,
while Track B includes only the regression sub-
task for stance targets. We also introduce a
continuous F1 (cF1) metric to jointly evaluate
structured extraction and VA regression.

The task attracted more than 400 participants,
resulting in 112 final submissions and 42 sys-
tem description papers. We report baseline
results, discuss top-performing systems, and
analyze key design choices to provide insights
into dimensional sentiment analysis at the as-
pect and stance-target levels. All resources are
available on our GitHub repository.1

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) is a
widely used technique for analyzing opinions and
sentiments at the aspect level. It is formulated as

1https://github.com/DimABSA/DimABSA2026.

Figure 1: Valence–Arousal (VA) space.

the extraction of sentiment elements, including as-
pect terms, aspect categories, opinion terms, and
sentiment polarity, individually or jointly. For ex-
ample, given the sentence The food was excellent.,
an ABSA system is expected to extract the aspect
term food, the opinion term excellent, assign the
aspect category FOOD#QUALITY from a predefined set,
and predict Positive sentiment polarity. Following
the success of prior SemEval tasks (Pontiki et al.,
2014, 2015, 2016), ABSA has attracted substantial
attention, providing deeper insights into user opin-
ions across various applications (D’Aniello et al.,
2022; Zhang et al., 2023; Hua et al., 2024).

However, current ABSA research adopts a
coarse-grained, categorical sentiment representa-
tion (e.g., positive, negative, and neutral). This
approach contrasts with long-established theories
in psychology and affective science (Russell, 1980,
2003), where sentiment is represented along fine-
grained, real-valued dimensions of valence (from
negative to positive) and arousal (from sluggish to
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excited), as illustrated in Figure 1. This valence–
arousal (VA) representation has motivated research
on dimensional sentiment analysis (Yu et al., 2016;
Buechel and Hahn, 2017a; Mohammad et al., 2018;
Lee et al., 2022, 2024; Mohammad, 2025), en-
abling more nuanced distinctions in emotional ex-
pression and supporting broader applications.

To move beyond categorical sentiment labels, we
introduce a SemEval shared task that integrates the
dimensional VA representation into the traditional
ABSA framework. We refer to this task as Dimen-
sional ABSA (DimABSA). To this end, we con-
struct multilingual, multi-domain datasets by an-
notating traditional ABSA elements (aspect terms,
aspect categories, and opinion terms) together with
continuous VA scores (Lee et al., 2026b).

Furthermore, stance detection and ABSA are
conceptually related, as stance targets can be
treated as aspects. Building on this connection, we
introduce an additional task, Dimensional Stance
Analysis (DimStance), which requires systems to
predict VA scores for given targets. For this task,
we annotate stance targets with VA scores to con-
struct multilingual, multi-domain datasets (Becker
et al., 2026). The DimStance formulation not only
extends ABSA beyond consumer reviews to public-
issue discourse (e.g., political, energy, and climate
issues) but also generalizes stance analysis from
categorical labels to the VA representation.

We organize the SemEval task into two tracks:
Track A (DimABSA) and Track B (DimStance).
We further design three subtasks that combine VA
scores with different ABSA elements: (1) Dimen-
sional Aspect Sentiment Regression (DimASR),
predicting VA scores for each aspect in a sentence;
(2) Dimensional Aspect Sentiment Triplet Extrac-
tion (DimASTE), jointly extracting aspect and opin-
ion terms and predicting their associated VA scores;
and (3) Dimensional Aspect Sentiment Quadruplet
Extraction (DimASQP), extending DimASTE by
additionally predicting aspect categories. Track A
includes all three subtasks, while Track B includes
only Subtask 1 (DimASR).

Our task attracted over 400 participants, result-
ing in 112 final submissions from 44 teams and 42
system description papers. Track A (DimABSA)
was the most popular, with over 300 participants
and 84 final submissions, while Track B (Dim-
Stance) attracted over 100 participants with 28 final
submissions. Notably, most teams participated in
multilingual and multidomain settings, covering an
average of ~4.5 languages and ~3.4 domains.

Analysis of participating systems reveals that
most approaches leverage pretrained transformers
or large language models (LLMs). These models
are typically trained with supervised fine-tuning
and enhanced with various training and prompt-
ing strategies. Evaluation results show that dimen-
sional sentiment analysis at the aspect and stance-
target levels remains challenging.

2 Related Work

Categorical ABSA. Most existing ABSA
datasets are English-centric and primarily focus
on customer review applications (Chebolu et al.,
2023). SemEval-2014 (Pontiki et al., 2014)
introduced the first ABSA shared task for English
restaurant and laptop reviews, followed by exten-
sions to additional subtasks and languages (Pontiki
et al., 2015, 2016). Subsequent datasets further
enriched the annotation schema, introducing
triplets of aspect, opinion, and polarity (Xu et al.,
2020; Peng et al., 2020), and quadruples by
adding an aspect category (Zhang et al., 2021;
Cai et al., 2021). The domain coverage has also
been broadened to areas such as finance (Kubo
and Nakayama, 2018), COVID-19 (Aygün et al.,
2022; Hou et al., 2025), and education (Hua et al.,
2025). Moreover, M-ABSA (Wu et al., 2025)
extended this line of work to the multilingual
setting by constructing a parallel benchmark
through automatic translation.

Categorical Stance. Prior work on stance de-
tection has expanded primarily along three axes:
language coverage, scale, and domain specificity.
Early benchmarks focused on English Twitter data,
such as the SemEval stance dataset (Mohammad
et al., 2016)). Multilingual extensions followed,
including X-Stance (Vamvas and Sennrich, 2020)
for German, French, and Italian, and the Catalo-
nia Independence Corpus (CIC) for Catalan and
Spanish (Zotova et al., 2020). Large-scale English
resources, such as P-Stance (Li et al., 2021) and
COVID-19-Stance (Glandt et al., 2021), further in-
creased dataset size and target diversity. Recent
work has extended stance detection to zero-shot
(Allaway and McKeown, 2020; Zhao et al., 2023;
Zhao and Caragea, 2024), multimodal (Zhou et al.,
2025; Zhang et al., 2025), and conversational (Ding
et al., 2025; Marreddy et al., 2025) settings.

Dimensional Sentiment Analysis. Previous
studies have developed resources with single- or
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Task Input Output Prediction Type Metric

DimASR

text + aspects V#A

Regression RMSE1. The food was excellent. 8.00#8.12
2. It’s great that after coal plants shut down there are trans-
mission lines to connect solar and wind resources too. 7.75#7.62

DimASTE
text (A, O, V#A) Extraction

cF1
Service at the bar was a little slow (Service, a little slow, 4.10#4.30) Regression

DimASQP

text (A, C, O, V#A) Extraction

cF1
Their sodas are usually expired and flat

(sodas, DRINKS#QUALITY, usually expired, 1.90#7.20) Classification

(sodas, DRINKS#QUALITY, flat, 2.40#6.80) Regression

Table 1: Overview of DimABSA subtasks with input–output structure, prediction types, and evaluation metrics,
along with illustrative examples.

combined-dimensional representations across lexi-
cal, phrasal, and sentential granularities. Sentiment
lexicons assign affective scores to individual words,
such as SentiWordNet (Baccianella et al., 2010),
SO-CAL (Taboada et al., 2011), SentiStrength
(Thelwall et al., 2012), and NRC-VAD (Moham-
mad, 2018, 2025). Phrase-level datasets formu-
late sentiment composition through modifiers, in-
cluding SemEval-2015 Task 10 (Rosenthal et al.,
2015) and SemEval-2016 Task 7 (Kiritchenko et al.,
2016). At the sentence level, affective scores are
provided for texts of varying lengths (Preoţiuc-
Pietro et al., 2016; Buechel and Hahn, 2017b;
Mohammad and Bravo-Marquez, 2017; Moham-
mad et al., 2018; Muhammad et al., 2025). The
Stanford Sentiment Treebank (Socher et al., 2013)
and Chinese EmoBank (Lee et al., 2022) pro-
vide cross-granularity resources, bridging phrase-
and sentence-level representations and covering all
three granularities.

3 Task Description

3.1 Track A: Dimensional Aspect-Based
Sentiment Analysis (DimABSA)

This track involves three traditional ABSA ele-
ments and VA scores, described as follows.
Aspect Term (A): a word or phrase indicating an
opinion target, such as service, screen, profit.
Aspect Category (C): a predefined En-
tity#Attribute label associated with an aspect term
(e.g., FOOD#QUALITY, SERVICE#GENERAL) (Pontiki et al.,
2015, 2016). The full list of aspect categories is
presented in Appendix A.
Opinion Term (O): a sentiment-bearing word or
phrase associated with a specific aspect term. The
opinion term includes sentiment modifiers to sup-
port fine-grained sentiment representation (e.g.,
very good, extremely bad, a little slow).
Valence-Arousal (VA): a pair of real-valued scores,

each ranging from 1 to 9, where 1 denotes extreme
negative valence or low arousal, 9 denotes extreme
positive valence or high arousal, and 5 denotes
neutral valence or medium arousal.

Based on these elements, we define three sub-
tasks that adapt traditional ABSA formulations to
the dimensional sentiment paradigm. We present
the input/output formats and an example in Table 1.

• Subtask 1 - Dimensional Aspect Sentiment Re-
gression (DimASR): Given a sentence and one
or more aspects, predict VA scores for each as-
pect. This task generalizes traditional Aspect
Sentiment Classification (ASC) (Pontiki et al.,
2014, 2015, 2016) to VA regression.

• Subtask 2 - Dimensional Aspect Sentiment
Triplet Extraction (DimASTE): Given a sen-
tence, extract all (A, O, VA) triplets. This task
jointly extracts aspect and opinion terms and pre-
dicts their associated VA scores, extending tradi-
tional ASTE (Peng et al., 2020) by incorporating
VA regression.

• Subtask 3 - Dimensional Aspect Sentiment
Quadruplet Prediction (DimASQP): Given a
sentence, extract all (A, C, O, VA) quadruplets.
Compared to DimASTE, this task additionally in-
corporates aspect category classification, extend-
ing traditional ASQP (Cai et al., 2021; Zhang
et al., 2021) to include VA regression.

3.2 Track B: Dimensional Stance Analysis
(DimStance)

Given an utterance or post and a target entity, stance
detection is formulated as determining whether the
speaker is in favor of the target, against the target,
or neither inference is likely (Mohammad et al.,
2017). This track reformulates stance detection by
treating stance targets as aspects and generalizes
categorical stance classification to VA regression.
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Track Dataset Source(s) Subtask
Number of texts / instances

Train Dev Test Total
Tr

ac
k

A

eng-rest ACOS; Yelp Open Dataset ST1 2284 / 3659 200 / 340 1000 / 1504 3484 / 5503
ST2–3 200 / 408 1000 / 2129 3484 / 6196

eng-lap ACOS; Amazon Reviews 2023 ST1 4076 / 5773 200 / 275 1000 / 1421 5276 / 7469
ST2–3 200 / 317 1000 / 1975 5276 / 8065

jpn-hot Rakuten Travel ST1 1600 / 2846 200 / 284 800 / 1092 2600 / 4222
ST2–3 200 / 364 800 / 1443 2600 / 4653

jpn-fin chABSA; EDINET ST1 1024 / 1672 200 / 319 800 / 1302 2024 / 3293

rus-rest SemEval’16 Task 5 (Restaurant) ST1 1240 / 2487 56 / 81 1072 / 1637 2368 / 4205
ST2–3 48 / 102 630 / 1310 1918 / 3899

tat-rest SemEval’16 (MT) ST1 1240 / 2487 56 / 81 1072 / 1637 2368 / 4205
ST2–3 48 / 102 630 / 1310 1918 / 3899

ukr-rest SemEval’16 (MT) ST1 1240 / 2487 56 / 81 1072 / 1637 2368 / 4205
ST2–3 48 / 102 630 / 1310 1918 / 3899

zho-rest SIGHAN-2024; Google Reviews; PTT ST1 6050 / 8523 225 / 416 1000 / 1929 7275 / 10868
ST2–3 300 / 761 1000 / 2861 7350 / 12145

zho-lap Mobile01 ST1 3490 / 6502 261 / 431 1000 / 2662 4751 / 9595
ST2–3 300 / 551 1000 / 2798 4790 / 9851

zho-fin MOPS ST1 1000 / 2633 200 / 563 842 / 2354 2042 / 5550

Tr
ac

k
B

eng-env EZ-STANCE; Reddit ST1 922 / 2059 200 / 339 1020 / 1813 2142 / 4211
deu-pol Wahl-O-Mat Archive ST1 683 / 1335 34 / 75 263 / 438 980 / 1848
zho-env Threads Platform ST1 683 / 1091 34 / 49 263 / 898 980 / 2038
pcm-pol X Platform ST1 1049 / 1118 119 / 122 331 / 343 1499 / 1583
swa-pol X Platform ST1 1375 / 1622 123 / 145 266 / 299 1764 / 2066

Table 2: Dataset statistics for Track A (DimABSA) and Track B (DimStance). For each dataset (lan-
guage–domain), we report the source(s), subtask type (ST1 vs. ST2–3), and the number of texts and instances in the
train/dev/test splits, using the format #texts/#instances. There can be multiple instances per text.

Unlike Track A, which is based on aspect-based
sentiment data, this track focuses on stance data.
Specifically, we adopt the formulation of Subtask 1
(DimASR) in Track A, where the input is a text and
one or more targets, and the task is to predict VA
scores for each target.

4 Datasets

We construct multilingual, multi-domain datasets
for both Track A (DimABSA) and Track B (Dim-
Stance), as shown in Table 2. Detailed descriptions
of the data sources, annotation process, and anno-
tation agreement are provided in our dataset papers
(Lee et al., 2026b; Becker et al., 2026). Key infor-
mation is summarized below.

Track A covers six languages: English (eng),
Japanese (jpn), Russian (rus), Tatar (tar),
Ukrainian (ukr), and Chinese (zho). These datasets
span four domains: restaurant (rest), laptop (lap),
hotel (hot), and finance (fin). The finance datasets
are used exclusively for Subtask 1, while the other
domains support all three subtasks. In total, Track
A provides 76,958 aspect instances (aspect pairs,
triplets, and quadruplets) across 42,590 sentences.

Track B comprises five language-specific

datasets: English (eng), German (deu), Chinese
(zho), Nigerian Pidgin (pcm), and Swahili (swa).
These datasets cover two domains: environmental
protection (env) and politics (pol). In total, Track
B contains 11,746 stance targets across 7,365 texts.

4.1 Data Collection

4.1.1 Track A: DimABSA

We collect data from multiple sources, including
existing labeled ABSA datasets and newly curated
unlabeled data. The existing labeled datasets are
used solely for training, while the newly curated
data are annotated and split into training, devel-
opment, and test sets. The data sources for each
language are described below.
English. We use the training split of the ACOS
dataset (Cai et al., 2021), manually annotating the
restaurant and laptop quadruplets with VA scores
to replace the sentiment polarity labels. For the
development and test sets, we collect restaurant re-
views from Yelp Open Dataset2 and laptop reviews
from Amazon Reviews 2023 (Hou et al., 2024).
Japanese. For the finance domain, the training set

2https://business.yelp.com/data/resources/open-dataset
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is sampled from the chABSA dataset.3 We man-
ually annotate VA scores for each aspect in these
samples, replacing the original sentiment polarity
labels. The development and test sets are collected
from the same EDINET4 sources as chABSA, with
samples involving the same companies removed
to avoid overlap. For the hotel domain, we crawl
reviews from Rakuten Travel.5

Russian. The SemEval-2016 restaurant review
dataset (Pontiki et al., 2016) serves as the data
source. The labeled portion contains annotated
aspects, their categories, and sentiment polarity.
For the remaining instances, opinion terms and VA
values are annotated. The unlabeled portion of
reviews is used for the development and test sets.
Tatar. We automatically translate the Russian
dataset into Tatar using Yandex Translate. All
translations are reviewed by a native speaker, with
45.5% of instances manually corrected.
Ukrainian. Similar to Tatar, we translated the
Russian dataset into Ukrainian. All translations
are reviewed by native speakers, with 35.6% of
instances manually corrected.
Chinese. For the restaurant domain, we use the
SIGHAN-2024 dataset (Lee et al., 2024) for train-
ing, and construct the development and test sets
from Google Reviews6 and the PTT platform7. For
the laptop domain, we crawl reviews from Mo-
bile018. For the finance domain, we collect annual
reports of Taiwanese companies from MOPS9.

4.1.2 Track B: DimStance
English. Data for the training split is collected
from the environmental protection domain of EZ-
STANCE (Zhao and Caragea, 2024). The dev and
test splits are obtained from Reddit texts10, using
the same keywords as in EZ-STANCE.
German. Sampled from Wahl-O-Mat Archive, pro-
vided by the Federal Agency for Civic Education
of Germany11. The data contains responses by po-
litical parties to political statements.
Chinese. Collected messages from the Threads
platform12. Crawling is performed using a prede-

3https://github.com/chakki-works/chABSA-dataset
4https://disclosure2.edinet-fsa.go.jp
5https://travel.rakuten.co.jp
6https://customerreviews.google.com
7https://www.pttweb.cc
8https://www.mobile01.com/category.php?id=2
9https://emops.twse.com.tw/server-java/t58query

10https://reddit.com/. Version: 2025-07-01
11https://www.bpb.de/themen/wahl-o-mat/556865/

datensaetze-des-wahl-o-mat/. Version: 2026-03-25.
12https://www.threads.com/. Version: 2025-10-15

fined set of Chinese query keywords about environ-
mental protection.
Nigerian Pidgin. Sampled posts and comments
from the X platform13. The discussions concern
Nigerian elections, i.e., politics, ranging from Jan-
uary 1st to March 8th, 2023.
Swahili. Combined data from Afrisenti (Muham-
mad et al., 2023), HateSpeech_Kenya (Ombui,
2022), and Politikweli (Amol et al., 2024), cov-
ering political tweets from the X platform.

4.2 Annotation Process

The annotated elements vary across datasets de-
pending on the subtask configuration. We annotate
(A, VA) pairs for datasets exclusive to Subtask 1
(DimASR), specifically the finance datasets in
Track A and all datasets in Track B. For datasets
that support all subtasks, we annotate full (A, C,
O, VA) quadruplets. This design facilitates a shared
training set across subtasks, as indicated by the
dataset splits in Table 2. However, we do not use a
shared development/test set for all subtasks, as Sub-
task 1 assumes aspect terms are provided as input.
Instead, we create a dedicated development/test
set for Subtask 1, and a shared set for Subtask 2
(DimASTE) and Subtask 3 (DimASQP).

The annotation process is conducted in two
phases: we first extract categorical tuples from
sentences, identifying the element A for each (A,
VA) pair and the triplet (A, C, O) for each quadru-
plet, followed by the assignment of VA scores. For
Track A, two annotators independently extract tu-
ples from each sentence, with a third adjudicator re-
solving disagreements. For Track B, we use LLMs
to extract candidate stance targets, which are then
validated by five annotators through majority vot-
ing. For VA rating, both tracks rely on five an-
notators, and the final VA score is computed by
averaging the ratings.

4.3 Annotation Quality

We evaluate the agreement at the tuple level us-
ing the F1 score, following prior work (Chebolu
et al., 2024; Wu et al., 2025). The F1 score is com-
puted between two annotators by treating one as
the prediction and the other as the gold standard.
To assess VA agreement, we use Root Mean Square
Error (RMSE) separately for valence and arousal.
RMSE is calculated by comparing each annotator’s
rating against the mean of all five annotators. The

13https://x.com/. Version: 2023-12-31
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final agreement score is the average RMSE across
all five annotators.

5 Evaluation

5.1 Metrics
Subtask 1: RMSE. DimASR is formulated as a
regression task, and its performance is evaluated by
measuring prediction error in the VA space using
RMSE, defined as

RMSEVA =

√√√√ 1

N

N∑

i=1

(
V

(i)
p − V

(i)
g

)2
+

(
A

(i)
p − A

(i)
g

)2
(1)

where N is the total number of instances; V
(i)
p

and A
(i)
p denote the predicted valence and arousal

values for an instance; and V
(i)
g and A

(i)
g denote

the corresponding gold values.

Subtask 2 & 3: Continuous F1 (cF1).
DimASTE and DimASQP are hybrid tasks that
require both categorical prediction and VA regres-
sion. Therefore, the standard F1 score, widely used
in ABSA, is insufficient to jointly assess these com-
ponents. To address this limitation, we propose the
continuous F1 (cF1) metric, which incorporates
VA prediction error into the F1 formulation.

Following the standard F1, a predicted tuple is
counted as a true positive (TP) only if all its cate-
gorical elements exactly match the gold annotation.
This categorical TP is then extended as a contin-
uous true positive (cTP) by incorporating the VA
prediction error. Formally, let P denote the set
of predicted triplets (A, O, VA) or quadruplets
(A, C, O, VA). For any prediction t ∈ P , its cTP
is defined as

cTP(t) =

{
1− dist(VA

(t)
p ,VA

(t)
g ), t ∈ Pcat

0, otherwise
(2)

where Pcat ⊆ P denotes the set of predictions
in which all categorical elements, (A, O) for a
triplet or (A, C, O) for a quadruplet, exactly match
the gold annotation for the same sentence. The
distance function is defined as

dist(VAp,VAg) =

√
(Vp − Vg)2 + (Ap −Ag)2

Dmax
(3)

where dist(·) denotes the normalized Euclidean
distance between the predicted VAp = (Vp, Ap)
and gold VAg = (Vg, Ag) in the VA space, and
Dmax =

√
82 + 82 =

√
128 is the maximum pos-

sible Euclidean distance in the VA space on the [1,
9] scale, ensuring that dist ∈ [0, 1].

Official affiliations: Countries of participants

Track A only
Track B only
Both tracks

Figure 2: Countries of official affiliations of partici-
pants. Larger dots indicate more participants. A total
of 24 countries are represented.

Building on per-prediction cTP(t), cRecall
and cPrecision are defined as the total cTP di-
vided by the number of gold and predicted
triplets/quadruplets, respectively. The cF1 is com-
puted as their harmonic mean. An illustrative exam-
ple is given in Appendix B. An official evaluation
script is available on the task GitHub repository.

5.2 Baselines

We provide two baseline systems for each track.

Track A. We employ the closed-source LLM
Kimi K2 Thinking (MoonshotAI, 2025) with one-
shot prompting and Qwen3-14B (Alibaba, 2025)
across all subtasks. Qwen3-14B is separately fine-
tuned for each dataset using QLoRA (Dettmers
et al., 2023) on the official training split.

Track B. We adopt the multilingual pretrained
Transformer mBERT (Devlin et al., 2019) and
Mistral-3-14B (MistralAI, 2025). mBERT is fully
fine-tuned, while Mistral-3-14B is fine-tuned using
QLoRA. Both models are trained separately on the
official training split for each dataset.

Implementation details and additional baseline
results are provided in our dataset papers (Lee et al.,
2026b; Becker et al., 2026).

5.3 Task Organization

We used Codabench14 as the competition platform
and released pilot data before the shared task to
help participants understand the task. We also pro-
vided a starter kit on GitHub, beginner resources,
and organized a Q&A session and a writing tuto-
rial for junior researchers. Participants came from
different parts of the world, as shown in Figure 2.

The task consisted of two phases: (1) a develop-
ment phase and (2) an evaluation phase. During

14Track A: https://www.codabench.org/competitions/10918/;
Track B: https://www.codabench.org/competitions/11139/

3758



the development phase, the leaderboard was open,
allowing up to 999 submissions per participant.
During the evaluation phase, the leaderboard was
closed, and each participant could submit up to four
runs, with the last used for the official ranking.

6 Participating Systems and Results

6.1 Overview
The task attracted over 300 participants in Track A
(DimABSA) and over 100 in Track B (DimStance).
During the development phase, 2664 submissions
were made to Track A and 357 to Track B. In the
evaluation phase, 177 submissions were made to
Track A and 67 to Track B. While the English
datasets received the most submissions, all lan-
guages had at least 20 submissions in each track.

We report results only for teams that submitted
a system description paper. In total, 39 teams with
84 submissions participated in Track A, and 13
teams with 28 submissions participated in Track B,
resulting in 112 submissions from 42 unique teams,
including 10 teams that participated in both tracks.
Participant information is listed in Table 5.

6.2 Track A: DimABSA
Track A includes three subtasks. Subtask 1
(DimASR) attracted the most teams (36), followed
by Subtask 2 (DimASTE) with 22 teams and Sub-
task 3 (DimASQP) with 20 teams. Table 3 presents
the top three systems for each dataset across all sub-
tasks, together with the baselines. The complete
results for each subtask are reported in Table 6,
Table 7, and Table 8.

The DimASR results for sentiment regression
show that systems achieve lower RMSE on the
Chinese and Japanese datasets, whereas the high-
est RMSE is observed on the low-resource Tatar
dataset. DimASTE and DimASQP report results
for joint structured extraction and regression. In
DimASTE, systems achieve the highest cF1 on the
English datasets and the lowest on the Tatar dataset.
DimASQP is more difficult than DimASTE due to
the additional classification of domain-dependent
aspect categories. The laptop and hotel domains
show a noticeable performance drop, likely due to
the larger number of aspect categories and their
long-tailed distribution (Lee et al., 2026b).

6.2.1 Best-Performing Systems

Team PAI (1st on rus-restST1–3, tat-restST1,
ukr-restST1–3, zho-restST2). They propose a dis-

tributional adaptation method to align predicted VA
scores with the training set distribution while pre-
serving the inter-dimensional correlation between
valence and arousal. Initial predictions are gener-
ated by Qwen3-32B (Yang et al., 2025) fine-tuned
with LoRA (Hu et al., 2021) and subsequently cali-
brated using the Sinkhorn algorithm.

Team TeleAI. (1st on jpn-hotST1–2,
jpn-finST1, zho-lapST1). Their system is
based on Qwen2.5-7B (Qwen Team, 2025)
fine-tuned with LoRA. To improve generalization,
they train a single multilingual, multi-domain
model on all task training sets. They apply robust
training, including Smooth L1 loss with R-Drop
consistency, embedding-level PGD adversarial
training, and post-hoc linear calibration.

Team Takoyaki. (1st on eng-restST2–3,
eng-lapST2–3, tat-restST3). They adopt
retrieval-based in-context learning, where multiple
BM25 variants retrieve similar training examples
for the Gemini 3.0 Pro (Gemini Team, 2023) to
generate quadruplet predictions. An agreement-
based ensemble strategy is then applied to retain
quadruplets with high agreement scores across
variants. Finally, LLM-mined correction rules
are applied to fix extraction and category errors.
The VA scores are averaged across duplicate
quadruplets after ensembling and correction.

6.3 Track B: DimStance

Track B had 13 participating teams. Table 4
presents the top three systems together with our
baselines. The complete results are reported in
Table 9. The DimASR results for stance targets
show that systems achieve the lowest RMSE on
the Chinese dataset, whereas the highest RMSE is
observed on the low-resource Swahili dataset.

6.3.1 Best-Performing Systems

Team LogSigma (1st on Track A: eng-restST1,
eng-lapST1; Track B: eng-envST1, deu-polST1,
swa-polST1). They treat VA prediction as two re-
gression tasks for valence and arousal and focus on
balancing them. Instead of fixing loss weights, the
model learns task-specific log-variance parameters
that down-weight noisier objectives during training,
allowing it to balance valence and arousal losses
based on their prediction difficulty. The model uses
a language-specific transformer encoder that pro-
duces a shared representation, which is then passed
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Dataset Team Score Dataset Team Score Dataset Team Score Dataset Team Score
Subtask 1

eng-rest LogSigma 1.1035 eng-lap LogSigma 1.2408 jpn-hot TeleAI 0.5561 jpn-fin TeleAI 0.6581
Bert Kittens 1.1812 TeleAI 1.2425 PALI 0.6237 PALI 0.7532
PICT 1.1958 Bert Kittens 1.2769 ICT-NLP 0.6289 PAI 0.7584
Baseline (Kimi-K2 Thinking) 2.1461 Baseline (Kimi-K2 Thinking) 2.1893 Baseline (Kimi-K2 Thinking) 1.7553 Baseline (Kimi-K2 Thinking) 1.6396
Baseline (Qwen-3 14B) 2.6427 Baseline (Qwen-3 14B) 2.8089 Baseline (Qwen-3 14B) 2.2906 Baseline (Qwen-3 14B) 1.8964

rus-rest PAI 1.2190 tat-rest PAI 1.5294 ukr-rest PAI 1.1888 zho-rest ICT-NLP 0.9256
TeleAI 1.2456 Habib University 1.6041 TeleAI 1.3234 TeleAI 0.9265
HUS@NLP-VNU 1.3075 PALI 1.7121 HUS@NLP-VNU 1.3538 YangS_team 0.9433
Baseline (Kimi-K2 Thinking) 1.7768 Baseline (Kimi-K2 Thinking) 1.9380 Baseline (Kimi-K2 Thinking) 1.7805 Baseline (Kimi-K2 Thinking) 1.8959
Baseline (Qwen-3 14B) 2.1528 Baseline (Qwen-3 14B) 2.6367 Baseline (Qwen-3 14B) 2.2121 Baseline (Qwen-3 14B) 2.0073

zho-lap TeleAI 0.6103 zho-fin HUS@NLP-VNU 0.4841
ICT-NLP 0.6553 YangS_team 0.4864
HUS@NLP-VNU 0.6663 TeleAI 0.4866
Baseline (Kimi-K2 Thinking) 1.6440 Baseline (Kimi-K2 Thinking) 1.9652
Baseline (Qwen-3 14B) 1.7706 Baseline (Qwen-3 14B) 1.4707

Subtask 2
eng-rest Takoyaki 0.7021 eng-lap Takoyaki 0.6366 jpn-hot TeleAI 0.5837 rus-rest PAI 0.5793

nchellwig 0.6985 PALI 0.6242 TeamLasse 0.5694 TeleAI 0.5736
PALI 0.6928 PAI 0.6169 PAI 0.5682 PALI 0.5724
Baseline (Kimi-K2 Thinking) 0.4920 Baseline (Kimi-K2 Thinking) 0.4424 Baseline (Kimi-K2 Thinking) 0.3464 Baseline (Kimi-K2 Thinking) 0.4242
Baseline (Qwen-3 14B) 0.4483 Baseline (Qwen-3 14B) 0.3827 Baseline (Qwen-3 14B) 0.1622 Baseline (Qwen-3 14B) 0.3341

tat-rest nchellwig 0.5119 ukr-rest PAI 0.5787 zho-rest PAI 0.5638 zho-lap PALI 0.5308
Takoyaki 0.5092 TeleAI 0.5712 PALI 0.5634 PAI 0.5306
PAI 0.4908 PALI 0.5671 nchellwig 0.5488 TeleAI 0.5292
Baseline (Kimi-K2 Thinking) 0.3577 Baseline (Kimi-K2 Thinking) 0.4220 Baseline (Kimi-K2 Thinking) 0.3529 Baseline (Kimi-K2 Thinking) 0.2494
Baseline (Qwen-3 14B) 0.2020 Baseline (Qwen-3 14B) 0.3099 Baseline (Qwen-3 14B) 0.2509 Baseline (Qwen-3 14B) 0.2099

Subtask 3
eng-rest Takoyaki 0.6514 eng-lap Takoyaki 0.4227 jpn-hot PALI 0.4252 rus-rest PAI 0.5599

nchellwig 0.6403 nchellwig 0.4006 Takoyaki 0.4086 PALI 0.5496
PALI 0.6395 PALI 0.3793 TeamLasse 0.3992 Takoyaki 0.5130
Baseline (Kimi-K2 Thinking) 0.3746 Baseline (Kimi-K2 Thinking) 0.2795 Baseline (Kimi-K2 Thinking) 0.1943 Baseline (Kimi-K2 Thinking) 0.2963
Baseline (Qwen-3 14B) 0.2673 Baseline (Qwen-3 14B) 0.1529 Baseline (Qwen-3 14B) 0.0400 Baseline (Qwen-3 14B) 0.1682

tat-rest Takoyaki 0.4736 ukr-rest PAI 0.5437 zho-rest NYCU Speech Lab 0.5521 zho-lap NYCU Speech Lab 0.4824
nchellwig 0.4557 PALI 0.5307 PAI 0.5360 PALI 0.4319
PAI 0.4523 ALPS-Lab 0.5163 PALI 0.5357 PAI 0.4316
Baseline (Kimi-K2 Thinking) 0.2380 Baseline (Kimi-K2 Thinking) 0.2971 Baseline (Kimi-K2 Thinking) 0.2859 Baseline (Kimi-K2 Thinking) 0.1900
Baseline (Qwen-3 14B) 0.0954 Baseline (Qwen-3 14B) 0.1641 Baseline (Qwen-3 14B) 0.1605 Baseline (Qwen-3 14B) 0.1124

Table 3: Track A (DimABSA) results across all subtasks. Subtask 1 is evaluated using RMSE, while Subtasks 2
and 3 are evaluated using cF1. The top three teams and the official baseline systems are reported for each dataset.

Dataset Team Score Dataset Team Score
Subtask 1

eng-env LogSigma 1.4734 deu-pol LogSigma 1.3417
hllwan 1.5122 NTNU-SMIL 1.3467
NTNU-SMIL 1.5207 HUS@NLP-VNU 1.4108
Baseline (Mistral-3 14B) 1.6430 Baseline (Mistral-3 14B) 1.5910
Baseline (mBERT) 2.6985 Baseline (mBERT) 2.3294

zho-env YangS_team 0.5468 pcm-pol CYUT 1.1024
NTNU-SMIL 0.5561 LogSigma 1.1269
HUS@NLP-VNU 0.5826 PAI 1.1399
Baseline (Mistral-3 14B) 0.7400 Baseline (Mistral-3 14B) 1.7390
Baseline (mBERT) 1.2756 Baseline (mBERT) 3.2152

swa-pol LogSigma 1.7959
HUS@NLP-VNU 1.8713
Scmhl5 1.9391
Baseline (Mistral-3 14B) 2.2990
Baseline (mBERT) 2.7835

Table 4: Track B (DimStance) results. Evaluation is
based on RMSE. The top three teams and the official
baseline systems are reported for each dataset.

to separate regression heads. Final predictions are
stabilized using a multi-seed ensemble.

Team YangS_team (1st on zho-envST1). They
fine-tune mDeBERTa-v3-base (He et al., 2021)
with aspect-aware marker encoding to predict VA
scores. The contextual representation of the as-
pect marker is pooled and passed to dual regression
heads to jointly estimate valence and arousal, and
the prediction stability is further improved through
a 5-fold ensemble.

Team CYUT (1st on pcm-polST1). They intro-
duce a geometry-informed multi-task framework to
fine-tune Qwen2-7B (Bai et al., 2023) with LoRA
for VA regression. The framework incorporates
auxiliary geometry-derived signals (polarity, inten-

sity, quadrant, and directional prototypes), derived
from the VA annotations, to stabilize training.

7 Analysis and Discussion

Model Architecture. Figure 3 summarizes the
architectures adopted by participating systems and
shows a trend consistent with recent SemEval
tasks (Muhammad et al., 2025), where systems are
primarily based on pretrained transformers (e.g.,
RoBERTa-family models) and LLMs (e.g., Qwen),
as shown in Figure 4. Another popular approach is
model ensembling. Teams constructed ensembles
from models trained with different random seeds
(LogSigma), cross-validation folds (YangS), and
hyperparameters (ICT-NLP, 1st on zho-restST1,
Track A), as well as heterogeneous model archi-
tectures (NYCU Speech Lab, 1st on zho-restST3
and zho-lapST3, Track A). In addition, Team
HUS@NLP-VNU (1st on zho-finST1, Track A)
uses a syntax-aware Graph Convolutional Network
(GCN) model.

Training Techniques. Figure 5 summarizes the
training techniques used by participating systems.
Most systems rely on fine-tuning pretrained models,
typically via full fine-tuning or parameter-efficient
adaptation, as shown in Figure 6. Beyond standard
fine-tuning, some systems improve training stabil-
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ity, such as using Smooth L1 loss (TeleAI) and log-
variance loss weighting (LogSigma). Introducing
auxiliary learning signals (CYUT) and adjusting
the prediction distribution (PAI) can also improve
performance. Team PALI (1st on zho-lapST2,
Track A) further employs per-language adapters
to capture language-specific VA distributions while
reducing the number of required models.

Prompting Strategies. Figure 7 summarizes the
prompting strategies adopted by participating sys-
tems, showing that instruction prompting with
few-shot demonstrations is widely used. Beyond
random sampling of demonstrations, in-context
retrieval can improve prediction consistency by
retrieving semantically similar training instances
(Takoyaki). Meanwhile, Team nchellwig (1st on
tat-restST2, Track A) adopts a self-consistency
strategy that executes the model multiple times
with stochastic decoding and aggregates the result-
ing predictions via majority voting, retaining only
tuples that achieve consensus to improve reliability.

8 Conclusions

This paper presents the SemEval-2026 shared
task, which extends categorical ABSA and
stance detection by incorporating a dimensional
valence–arousal representation. We organize the
task into the DimABSA and DimStance tracks and
introduce three subtasks, ranging from pure regres-
sion to hybrid structured extraction with regression.
We also introduce a new cF1 metric that unifies
categorical and continuous evaluation.

We report results on systems evaluated on our
multilingual and multidomain datasets, discuss top-
performing systems, and summarize key design
choices. These findings highlight challenges and
opportunities for advancing dimensional sentiment
analysis at the aspect and stance-target levels.

Limitations

Although DimABSA and DimStance datasets are
multilingual, interpretations of valence and arousal
can vary across cultures, thereby affecting cross-
lingual comparability. We mitigate this by using
five native-speaker annotators per language and
sample, consistent 1–9 VA scales, and shared guide-
lines; nonetheless, results should be interpreted as
comparisons across language-community-domain
settings. Expanding language coverage and testing
measurement invariance are important directions
for future work.

Some datasets (e.g., Nigerian Pidgin) include
more samples of negative or positive valence,
which may bias models during training and in-
flate performance in the majority regions of the
VA space. We document these differences and
encourage explicit handling (e.g., reweighting or
stratified sampling) when training or comparing
models across languages (Chawla et al., 2002).

Ethical Considerations

People express attitudes, opinions, and sentiment
towards entities and their aspects in complex and
nuanced ways. Further, there can be considerable
person-to-person variation. It should be noted that
human annotated labels capture perceived senti-
ment and attitudes, and that in several cases this
may be different from the speaker’s true attitudes.
Nonetheless, since language is a key mechanism to
communicate, at an aggregate-level perceived opin-
ions tend to correlate with actual opinions. Thus,
even perceived opinions are useful at an aggregate
level. However, caution must be employed when
using individual inferred opinions to make deci-
sions about individuals, especially high-stakes de-
cisions.

ABSA and stance detection, like many technolo-
gies, can be abused and misused. For example, it
can be used to identify likes and dislikes and to
manipulate people into behaviours that may not
be in their best interests (e.g., purchasing products
or availing services that they cannot afford or that
are not particularly useful to them). This is espe-
cially concerning for vulnerable populations such
as children and the elderly. We expressly forbid
any commercial use of our data.

For a detailed discussion of a large number of
ethical considerations associated with automatic
sentiment and emotion detection, we refer the
reader to Mohammad (2022, 2023).
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A Aspect Category List

• Laptop

Entity Labels

LAPTOP, DISPLAY, KEYBOARD, MOUSE, MOTHERBOARD, CPU, FANS_COOLING, PORTS, MEMORY,
POWER_SUPPLY, OPTICAL_DRIVES, BATTERY, GRAPHICS, HARD_DISK, MULTIMEDIA_DEVICES, HARD-
WARE, SOFTWARE, OS, WARRANTY, SHIPPING, SUPPORT, COMPANY

Attribute Labels

GENERAL, PRICE, QUALITY, DESIGN_FEATURES, OPERATION_PERFORMANCE, USABILITY, PORTABILITY,
CONNECTIVITY, MISCELLANEOUS

• Restaurant

Entity Labels

RESTAURANT, FOOD, DRINKS, AMBIENCE, SERVICE, LOCATION

Attribute Labels

GENERAL, PRICES, QUALITY, STYLE_OPTIONS, MISCELLANEOUS

• Hotel

Entity Labels

HOTEL, ROOMS, FACILITIES, ROOM_AMENITIES, SERVICE, LOCATION, FOOD_DRINKS

Attribute Labels

GENERAL, PRICE, COMFORT, CLEANLINESS, QUALITY, DESIGN_FEATURES, STYLE_OPTIONS, MISCELLA-
NEOUS
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B Example Calculation of cF1

VA error distance
Prediction/Gold TPcat

(A)
Raw
(B)

Normalized
(C) = (B)/

√
128

cTP
(A)-(C)

P: (food, good, 8.00#8.00)
1

√
2

√
2√

128
= 0.125 0.875

G: (food, good, 7.00#7.00)
P: (soup, spicy, 7.50#7.50)

1
√
32

√
32√
128

= 0.5 0.5
G: (soup, spicy, 3.50#3.50)
P: (staff, friendly, 7.00#7.00)

0 - - 0
G: (staff, always friendly, 7.50#7.50)
P: (staff, good, 7.00#7.00)

0 - - 0
G: N/A

Total cTP 1.375
cRecall = 1.375/3 = 0.458

cPrecision = 1.375/4 = 0.344

cF1 = (2 ∗ 0.458 ∗ 0.344)/(0.458 + 0.344) = 0.393

Note: The VA scores lie in the range [1, 9]. When the VA prediction is perfect (i.e., dist=0), cRe-
call/cPrecision reduces to the standard recall/precision.
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C Teams

Tracks Team Affiliation Paper

A AILS-NTUA Artificial Intelligence and Learning Systems Lab-
oratory, School of Electrical and Computer Engi-
neering, National Technical University of Athens,
Greece

(Gazetas et al., 2026)

A ALPS-Lab Fujian University of Technology, China (Dai and Lin, 2026)
A Bert Kittens Individual researcher (Sukhodolsky et al., 2026)
B CLRG Bangladesh University of Engineering and Technol-

ogy, Bangladesh; BRAC University, Bangladesh
(Iqbal et al., 2026)

B CYUT Chaoyang University of Technology, Taiwan (Wu et al., 2026a)
A, B DUTH Department of Electrical & Computer Engineering,

Democritus University of Thrace, Greece
(Arampatzis and Arampatzis, 2026)

A, B HUS@NLP-VNU Faculty of Mathematics, Mechanics and Informat-
ics, VNU University of Science, Hanoi, Vietnam

(Cao-Hai et al., 2026)

A Habib university Habib University, Pakistan (Affan et al., 2026)
A ICT-NLP Institute of Computing Technology, Chinese

Academy of Sciences, China
(Huang et al., 2026)

A, B LogSigma University of Göttingen, Germany (Hikal et al., 2026)
A NCL-BU Bournemouth University, UK; Newcastle Univer-

sity, UK
(Wu et al., 2026b)

A, B NTNU-SMIL Speech and Machine Intelligence Laboratory
(SMIL), Department of Computer Science and In-
formation Engineering, National Taiwan Normal
University, Taiwan

(Lin et al., 2026)

A NYCU Speech Lab Institute of Artificial Intelligence Innovation, Na-
tional Yang Ming Chiao Tung University, Taiwan

(Hsieh et al., 2026)

A, B PAI Ping An Life Insurance Company of China, Ltd. (Ruan et al., 2026)
A, B PALI none (Chen, 2026)
A PICT Pune Institute of Computer Technology, India (Bhalgat et al., 2026)
A PUEB-DimASR Poznan University of Economics and Business,

Poland
(Riewe-Perła and Filipowska, 2026)

A, B Pixel Phantoms Sri Sivasubramaniya Nadar College of Engineering,
India; Loyola-ICAM College of Engineering and
Technology, India

(S and S, 2026)

A QuadAI Leiden University, Netherlands; Leiden University
Medical Center (LUMC), Netherlands; Manchester
Metropolitan University, UK

(De Vink et al., 2026)

A RPI Team Rensselaer Polytechnic Institute, Troy NY, USA (Modi and Szymanski, 2026)
A SCUZANE Sichuan University, China (Zhou et al., 2026b)
A, B SCU_Mesclab Department of Data Science, Soochow Univer-

sity, Taiwan; Department of Computer Networks,
Faculty of Electrical Engineering and Informatics,
Technical University of Košice, Slovakia

(Lee et al., 2026a)

A SRCB Ricoh Software Research Center (Beijing) Co., Ltd (Li, 2026)
A, B Scmhl5 College of Computer Science and Software Engi-

neering, Shenzhen University, China
(Chen and Liu, 2026)

A SokraTUM Technical University of Munich, Germany (Laschenko and Korotyk, 2026)
A Takoyaki CyberAgent, Japan (Yamada et al., 2026)
A Team BOBW (Best

Of Both Worlds)
IT University of Copenhagen, Denmark (Rynowiecki and Van Der Goot, 2026)

A Team HausaNLP National Open University of Nigeria, Nigeria;
Gombe State University, Nigeria; Nassarawa State
University Keffi, Nigeria; Nile University Abuja,
Nigeria

(Adam et al., 2026)

A Team VYN Department of Computer Science & Engineering,
University of Moratuwa, Sri Lanka

(Thenuwara et al., 2026)

A TeamLasse Technical University of Munich, Germany (Strothe et al., 2026)
A TeleAI Institute of Artificial Intelligence (TeleAI), China

Telecom
(Zhou et al., 2026a)

A The Classics HSE University, Russia (Alshawi et al., 2026)

(Continued on next page)
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(Continued from previous page)

Tracks Team Affiliation Paper

A UNF-BMI University of North Florida, USA (Jones et al., 2026)
A YNU-ABSA Yunnan University, China (He and Zhou, 2026)
A, B YangS_team Chunghwa Telecom Co., Ltd., Taiwan (Yang and Yang, 2026)
A hdharpure Indian Institute of Technology Patna, India (Dharpure and Rusnachenko, 2026)
B hllwan Nanjing University of Science and Technology,

China
(Li and Yang, 2026)

A kevinyu66 National Cheng Kung University, Taiwan (Yu and Liu, 2026)
A kirito Yunnan University, China (Hu, 2026)
A looploop Yunnan University, China (Yang et al., 2026)
A nchellwig Media Informatics Group, University of Regens-

burg, Germany
(Hellwig et al., 2026)

A ssurface3 Skoltech, Russia (Frolov and Rykov, 2026)

Table 5: Participants information (tasks, affiliations, and papers).
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D Scores

S/N Team eng-rest eng-lap jpn-hot jpn-fin rus-rest tat-rest ukr-rest zho-rest zho-lap zho-fin

1 AILS-NTUA 1.3933 1.4401 0.7484 0.9635 1.7236 2.1144 1.6724 1.0023 0.7457 0.5425
2 Bert Kittens 1.1812 1.2769 0.7267 0.9675 1.5828 2.2118
3 DUTH 1.5924
4 HUS@NLP-VNU 1.2745 1.4109 0.6386 0.8296 1.3075 1.8220 1.3538 0.9595 0.6663 0.4841
5 Habib university 1.3049 1.3654 0.6680 0.8907 1.4344 1.6041 1.4661 0.9898 0.7311 0.5333
6 ICT-NLP 1.2676 1.3098 0.6289 0.8331 1.4420 1.8596 1.4750 0.9256 0.6553 0.4892
8 LogSigma 1.1035 1.2408
9 NCL-BU 1.4861 1.4562 0.9553 0.7510 0.5391

11 NTNU-SMIL 1.2846 1.3501 0.6378 0.9278 1.4430 2.1785 1.4655 0.9841 0.6695 0.5115
12 PAI 1.2141 1.4394 0.6508 0.7584 1.2190 1.5294 1.1888 0.9766 0.6800 0.5977
13 PALI 1.2866 1.3612 0.6237 0.7532 1.3642 1.7121 1.4030 0.9805 0.6681 0.6042
14 PICT 1.1958 1.3261
15 PUEB-DimASR 1.7011 1.7587 1.2827 1.4505 2.2749 2.3347 2.2589 1.2405 1.1343 0.8179
16 Pixel Phantoms 1.3656 1.4190 0.7297 1.0242 1.7686 2.0729 1.5937 0.9823 0.7438 0.7259
17 QuadAI 1.3632 1.4062
18 RPI Team 1.2006 1.2833 0.6413 0.8254 1.4849 1.7837 1.5485 0.9599 0.7005 0.5398
19 SCUZANE 1.3483 1.4242 0.7129 0.9580 1.5572 2.3199 1.5730 0.9636 0.6981 0.5117
20 SCU_Mesclab 1.2277 1.3946 1.1210 0.9222 0.6692
21 SRCB 1.2270
22 Scmhl5 1.3168 0.6811 0.9292 1.4609 2.0142 1.4732 0.9838 0.7165
23 SokraTUM 1.3011 1.2942
24 Team HausaNLP 1.4936 1.5143
25 Team VYN 1.7978
26 TeamLasse 1.4265 0.9982 1.5991 2.0212 1.6039 1.1601 1.0931
27 TeleAI 1.2139 1.2425 0.5561 0.6581 1.2456 1.7662 1.3234 0.9265 0.6103 0.4866
28 The Classics 1.2324 1.3283 1.6390
29 UNF-BMI 1.3920 1.4336
30 YNU-ABSA 1.4001 1.4198 0.7554 1.0026 1.5967 2.0104 0.9945
31 YangS_team 1.2772 1.3455 0.9433 0.6867 0.4864
32 hdharpure 1.5003 1.5412 0.8378 1.0292 1.6515 2.0463 1.7172 0.9847 0.7902 0.5704
33 kirito 1.3966 1.5010
34 looploop 1.2048 1.3021
36 ssurface3 1.9115 1.8486 1.1509 1.4514 1.7572 1.9471 1.7793 1.0870 0.9482 0.8329

Average 1.3508 1.4110 0.7408 0.9531 1.5471 1.9482 1.5467 1.0008 0.7628 0.5805

Baseline (Kimi-K2 Thinking) 2.1461 2.1893 1.7553 1.6396 1.7768 1.9380 1.7805 1.8959 1.6440 1.9652
Baseline (Qwen-3 14B) 2.6427 2.8089 2.2906 1.8964 2.1528 2.6367 2.2121 2.0073 1.7706 1.4707

Table 6: DimABSA results (Track A, Subtask 1).
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S/N Team eng-rest eng-lap jpn-hot rus-rest tat-rest ukr-rest zho-rest zho-lap

1 AILS-NTUA 0.6518 0.5311 0.5021 0.4988 0.3874 0.4725 0.5042 0.4646
2 ALPS-Lab 0.0000 0.0000 0.0000 0.5414 0.4798 0.5613 0.5247 0.4935
3 Bert Kittens 0.5628 0.4469 0.4202 0.3137 0.1692
5 HUS@NLP-VNU 0.6391 0.5304
6 Habib university 0.5202 0.4770 0.3311 0.5492 0.4839 0.5324 0.4622 0.4159
7 ICT-NLP 0.6174 0.5622 0.3152 0.4622 0.3088 0.4355 0.2756 0.3019
9 PAI 0.6903 0.6169 0.5682 0.5793 0.4908 0.5787 0.5638 0.5306

10 PALI 0.6928 0.6242 0.5666 0.5724 0.4828 0.5671 0.5634 0.5308
11 Pixel Phantoms 0.0265
12 Scmhl5 0.6127 0.5136 0.3357 0.3960 0.3649 0.4267 0.3955 0.3111
13 SokraTUM 0.6326 0.5635
14 Takoyaki 0.7021 0.6366 0.5340 0.5564 0.5092 0.5438 0.5382 0.4758
15 TeamLasse 0.6391 0.5513 0.5694 0.5253 0.4496 0.5270 0.5320 0.4807
16 TeleAI 0.6294 0.5345 0.5837 0.5736 0.4863 0.5712 0.5448 0.5292
17 The Classics 0.5650 0.4763
18 YNU-ABSA 0.5240 0.4952
19 kevinyu66 0.6707 0.5503 0.5366 0.5117 0.3731 0.4865 0.5089 0.4802
20 kirito 0.5676 0.4733
21 looploop 0.5799 0.4799
22 nchellwig 0.6985 0.6092 0.5518 0.5640 0.5119 0.5285 0.5488 0.5110

Average 0.5686 0.5123 0.4570 0.5106 0.4223 0.5183 0.4973 0.4606

Baseline (Kimi-K2 Thinking) 0.4920 0.4424 0.3464 0.4242 0.3577 0.4220 0.3529 0.2494
Baseline (Qwen-3 14B) 0.4483 0.3827 0.1622 0.3341 0.2020 0.3099 0.2509 0.2099

Table 7: DimABSA results (Track A, Subtask 2).

S/N Team eng-rest eng-lap jpn-hot rus-rest tat-rest ukr-rest zho-rest zho-lap

1 AILS-NTUA 0.5988 0.2694 0.3747 0.4369 0.3306 0.4154 0.4544 0.3703
2 ALPS-Lab 0.6202 0.3395 0.3617 0.5042 0.4404 0.5163 0.4853 0.3968
3 Bert Kittens 0.5162 0.2578 0.2845 0.1479
4 HUS@NLP-VNU 0.5871 0.2587
5 Habib university 0.0000 0.0000 0.1853 0.3029 0.2500 0.2938 0.4199 0.3139
7 NYCU Speech Lab 0.5521 0.4824
8 PAI 0.3758 0.5599 0.4523 0.5437 0.5360 0.4316
9 PALI 0.6395 0.3793 0.4252 0.5496 0.4443 0.5307 0.5357 0.4319

10 Scmhl5 0.5119 0.2752 0.2195 0.3138 0.2629 0.3384 0.3309 0.1996
11 SokraTUM 0.5612 0.2512
12 Takoyaki 0.6514 0.4227 0.4086 0.5130 0.4736 0.5019 0.4966 0.3745
13 Team BOBW 0.5317 0.2317
14 TeamLasse 0.5937 0.3049 0.3992 0.4991 0.4113 0.4879 0.5026 0.3478
15 TeleAI 0.5487 0.3281 0.1258 0.3357 0.2512 0.3245 0.3979 0.1885
16 The Classics 0.3072
17 YNU-ABSA 0.5183
18 kirito 0.5201 0.2480
19 looploop 0.5562 0.2781
20 nchellwig 0.6403 0.4006 0.3974 0.5083 0.4557 0.4746 0.4966 0.4016

Average 0.5398 0.2908 0.3259 0.4526 0.3581 0.4446 0.4728 0.3602

Baseline (Kimi-K2 Thinking) 0.3746 0.2795 0.1943 0.2963 0.2380 0.2971 0.2859 0.1900
Baseline (Qwen-3 14B) 0.2673 0.1529 0.0400 0.1682 0.0954 0.1641 0.1605 0.1124

Table 8: DimABSA results (Track A, Subtask 3).
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S/N Team eng-env deu-pol zho-env pcm-pol swa-pol

1 CLRG 2.0654 2.0923 0.6170 1.9114 2.1320
2 CYUT 1.6331 1.4827 0.6771 1.1024 2.1042
3 DUTH 2.1964
4 HUS@NLP-VNU 1.6899 1.4108 0.5826 1.4269 1.8713
5 LogSigma 1.4734 1.3417 0.6460 1.1269 1.7959
6 NTNU-SMIL 1.5207 1.3467 0.5561 1.5674 1.9602
7 PAI 1.6768 1.5110 0.6269 1.1399 2.2519
8 PALI 1.8048 1.5688 0.7047 1.4078 2.4544
9 Pixel Phantoms 2.0893 1.5509 0.7364 1.7878 2.2700

10 SCU_Mesclab 1.5714 0.7452
11 Scmhl5 1.6612 1.4375 0.6765 1.4072 1.9391
12 YangS_team 1.5731 0.5468
13 hllwan 1.5122 1.4937 0.6154 1.2232 1.9522

Average 1.7283 1.5486 0.6401 1.4551 2.0731

Baseline (Mistral-3 14B) 1.6430 1.5910 0.7400 1.7390 2.2990
Baseline (mBERT) 2.6985 2.3294 1.2756 3.2152 2.7835

Table 9: DimStance results (Track B).
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E System Statistics

0 10 20 30 40 50 60
Count

RNN/LSTM-based
architectures

Rule-based or
Statistical Models

Support vector
machines

Graph-based
architectures

Other

Ensemble
architectures

LLMs

Transformer-based
architectures

1 (2%)

2 (4%)

3 (6%)

3 (6%)

4 (7%)

14 (26%)

24 (44%)

49 (91%)

0 (0%)

0 (0%)

1 (5%)

2 (11%)

2 (11%)

7 (37%)

5 (26%)

14 (74%)

Architecture types

Track A
Track B

Figure 3: Model architectures used by participants. One team can be eligible for multiple categories.

0 5 10 15 20 25 30
Count

Bert

Roberta

Gemma

Gemini

GPT

Llama

Qwen

2 (7%)

2 (7%)

3 (10%)

4 (14%)

6 (21%)

6 (21%)

18 (62%)

1 (11%)

1 (11%)

0 (0%)

2 (22%)

1 (11%)

1 (11%)

6 (67%)

Top LLMs used

Track A
Track B

Figure 4: LLMs used by participants. One team can be eligible for multiple categories.
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0 10 20 30 40 50
Count

Adversarial training

Training from scratch

Other

Data augmentation

Continual pre-training

Transfer learning

Fine-tuning a pre-
trained model

2 (4%)

5 (9%)

5 (9%)

7 (13%)

11 (20%)

29 (54%)

36 (67%)

1 (5%)

2 (11%)

3 (16%)

2 (11%)

3 (16%)

6 (32%)

13 (68%)

Training techniques

Track A
Track B

Figure 5: Training techniques used by participants. One team can be eligible for multiple categories.

0 10 20 30 40
Count

Other

Language-adaptive
fine-tuning

Partial fine-tuning

No fine-tuning

Task-adaptive fine-
tuning

Parameter-efficient
fine-tuning

Full fine-tuning

1 (2%)

2 (4%)

3 (6%)

6 (11%)

6 (11%)

23 (43%)

35 (65%)

2 (11%)

1 (5%)

2 (11%)

1 (5%)

2 (11%)

5 (26%)

13 (68%)

Fine-tuning strategy

Track A
Track B

Figure 6: Fine-tuning strategies used by participants. One team can be eligible for multiple categories.
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0 5 10 15 20 25 30
Count

Debate-style prompting

No prompting strategy
used

Chain-of-thought

Other

Zero-shot

Fine-tuning prompts

Few-shot

Instruction prompting

1 (3%)

1 (3%)

2 (7%)

2 (7%)

3 (10%)

3 (10%)

16 (55%)

17 (59%)

0 (0%)

1 (9%)

0 (0%)

4 (36%)

0 (0%)

1 (9%)

1 (9%)

5 (45%)

Prompting strategies

Track A
Track B

Figure 7: Prompting strategies used by participants. One team can be eligible for multiple categories.

0 10 20 30 40 50 60
Count

yes

no

6 (11%)

48 (89%)

1 (5%)

18 (95%)

External data usage

Track A
Track B

Figure 8: External data used by participants.
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