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Abstract

We present our coarse-to-fine Valence-Arousal
(VA) ensemble system for subtask 1 of task
3 (DimABSA) which covers aspect-level VA
prediction. We use a pair of trained Qwen 3
8B LoRA-tuned LLMs to predict coarse bins
between 1 and 8, providing ordinal VA guid-
ance signals along with distributional features.
We then train an instruction-style, multilingual
E5 encoder model with a multitask head using
these LLM-derived guidance features to pro-
duce continuous VA predictions. At inference
time, the same guidance signals are generated
for the test set by the trained LLMs and fed into
the trained encoder. This approach leverages
the LLM as a high-level prior while relying on
the encoder for precise calibration across lan-
guages and domains. Our system achieves an
RMSEVA of 1.20 across six languages and five
domains. We compare the joint VA model to
separated valence and arousal models trained
on coarsened ground truth data, showing that it
outperforms them, particularly on arousal cor-
relations.

1 Introduction

The field of sentiment analysis has evolved in favor
of continuous models that allow for learning gran-
ular distinctions between sentences even if they
convey similar emotions. In this vein, SemEval-
2026 Task 3 is focused on Dimensional Aspect-
Based Sentiment Analysis or DimABSA (Yu et al.,
2026), requiring systems to predict continuous va-
lence (negative-to-positive axis) and arousal (calm-
to-excited axis) scores for aspects, provided a short
text of a review and each aspect in that snippet.
This task spans six languages (English, Japanese,
Russian, Ukrainian, Chinese, Tatar) and five do-
mains (laptop, restaurant, hotel, device, finance). It
presents a multilingual and multi-domain regres-
sion problem. Specifically, this task requires that
we predict aspect-level valence and arousal scores
on a 1–9 scale.

Aspect-Based Sentiment Analysis (ABSA) deals
with aspects, which are individual subjects of in-
terest within a text. While categorical labels sim-
plify emotional states into general polarities, they
remove important information within those cate-
gories. For instance, a mildly disappointed review
and a furious one both fall under the "negative"
label categorically. ABSA instead represents af-
fect as a continuous point in a two-dimensional
space, following Russell’s circumplex model of
affect (Russell, 1980) where emotion is character-
ized along the axes of valence and arousal. The
DimABSA shared task (Yu et al., 2026) and the
accompanying dataset (Lee et al., 2026) provide
a baseline for aspect-level continuous valence and
arousal predictions for this task.

We found that predicting continuous dimensions
in this task was challenging for three reasons. (1)
the output space has no clearly defined boundaries,
meaning models that learn hard categorical bound-
aries are punished and what separates close scores
may not be intuitive, (2) valence and arousal have
different distributions, with arousal actually being
between 3-9 for the data in the training set, and (3)
multilingual generalization is a struggle for low-
resource languages, such as Tatar in this dataset.

We address these challenges with a two-stage
coarse-to-fine approach. First, we train two LLMs
to predict ordinal bins, providing high-level guid-
ance. Second, a multilingual encoder uses these
predictions as input features to produce final con-
tinuous scores. We find that LLM-derived distri-
butional features provide effective soft supervision
while jointly modeling valence and arousal sub-
stantially improves arousal prediction, creating an
ensemble that can predict good VA scores across
multiple languages, while using models that are
smaller and require less compute than many main-
stream LLMs. Our main challenge was achieving
consistent performance across all languages.

3218



Text + Aspect
+ Lang/Dom

Qwen3-8B
Valence LLM

Qwen3-8B
Arousal LLM

Discretize
Features

Discretize
Features

E5-Large Joint
VA Regressor V/A Score

bin, exp, probs, unc

bin, exp, pLow, unc

Figure 1: System architecture. Two LoRA-tuned
Qwen3-8B LLMs produce coarse ordinal predictions for
valence and arousal. Their outputs (bin labels, expected
scores, probabilities, uncertainty) are discretized and
concatenated with the input text to guide a multilingual
E5 encoder that jointly regresses continuous VA scores.

2 Background

The coarse-to-fine approach has appeared across
domains and use-cases. In (Mok and Chung, 2022),
the authors align medical images at low resolutions,
then refine the alignment further by increasing reso-
lution slowly. In (Panousis et al., 2024), the authors
discover high-level whole-image concepts first, fol-
lowed by low-level sub-region concepts. In (Dong
and Lapata, 2018), the authors take natural lan-
guage utterances and generate rough sketches of
their overall meaning, then use the sketch and the
utterance to fill in the missing information. There
are other examples and different variations of the
coarse-to-fine approach (Charniak and Johnson,
2005; Kiddon and Domingos, 2011).

LLMs are often used to make high-level deci-
sions due to their contextual understanding. Tool
use could be considered an example of this, as
LLMs decide which tool to use, and then the
tool solves the actual problem presented to them
(Schick et al., 2023). For natural language tasks,
this ability of LLMs to make high-level decisions
suggests that they could excel at making coarse ob-
servations about the data, providing a useful signal
for a more focused model to use for guidance.

In addition, our coarse-to-fine approach lever-
ages the full probability distribution of LLM infer-
ences over ordinal bins to provide soft guidance for
a specialized regression model. This combines the
linguistic understanding of LLMs with the calibra-
tion advantages of encoder-based regressors.

3 System Overview

We use the Qwen3-8B model (Team, 2025) for
coarse prediction, which we chose due to its
strong multilingual capabilities at a relatively
compact size. For fine-grained regression, we use
intfloat/multilingual-e5-large-instruct,

a 1024-dimensional multilingual encoder opti-
mized for instruction-following tasks (Wang et al.,
2024). Thus, our system consists of a valence
LLM predictor, an arousal LLM predictor and a
multilingual encoder regressor. Figure 1 illustrates
our pipeline.

3.1 LLMs for Coarse Bin Prediction
We fine-tune two separate Qwen3-8B models to
predict integer bins from 1–8 for valence and from
3–8 for arousal (reflecting the data distribution
where arousal never falls below 3.0).

Training Setup. We fine-tune our LLMs using
Low-Rank Adaptation (LoRA) (Hu et al., 2022),
a parameter-efficient method that adds small train-
able low-rank matrices to selected transformer lay-
ers while keeping the original weights frozen. We
use rank r = 16, α = 32, and dropout 0.05, ap-
plying LoRA to the attention and MLP projection
layers (q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, down_proj).

Prompts include language, domain, text, and as-
pect information, with a special <ANS> token mark-
ing where the model predicts the digit (See A for
prompt template). We train for 3 epochs with learn-
ing rate 3 × 10−5, batch size 48, maximum se-
quence length 384, and use a weighted sampler to
balance language and coarse-bin distributions.

Valence LLM Loss. For the valence model, we
use cross-entropy loss with hard targets where the
ground-truth valence is rounded to the nearest inte-
ger (clipped to 1–8) to produce a single target class.
The loss is:

LV = CE(p, y∗) + λEV · MSE(E[d], v) (1)

where CE(·, ·) denotes cross-entropy, MSE(·, ·)
denotes mean squared error, p = (p1, . . . , p8) is
the softmax distribution over digit tokens 1–8, pi is
the probability assigned to digit i, v is the ground-
truth valence score, y∗ = round(v) ∈ {1, . . . , 8}
is the hard target class obtained by rounding and
clipping v, E[d] =

∑8
i=1 pi · i is the expected digit

under p, and λEV = 0.25 weights the expected-
value regression term.

Arousal LLM Loss. For the arousal model, we
use soft cross-entropy with Gaussian-smoothed tar-
gets to capture ordinal structure. The loss we use
is:

LA = −
∑

i

qi log pi + λEV · MSE(E[d], a) (2)
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where a is the ground-truth arousal score, p =
(p3, . . . , p8) is the softmax distribution over digit
tokens 3–8, pi is the probability assigned to digit
i, q = (q3, . . . , q8) is the Gaussian-smoothed soft
target distribution with qi ∝ exp(−(i− a)2/2σ2)
and σ = 0.8, E[d] =

∑8
i=3 pi · i is the expected

digit under p, MSE(·, ·) denotes mean squared er-
ror, and λEV = 0.4 weights the expected-value
regression term.

In our early observations, we felt that soft targets
encouraged the model to assign probability mass
to neighboring bins, producing better-calibrated
distributions that are more useful for their ultimate
goal of guiding a regressor model.

Guidance Features. At inference, we extract the
predicted digit, expected score, coarse-bin indi-
cators, and uncertainty features from the LLM
outputs. For valence, this includes A/B/C bin in-
formation with probabilities pa , pb and pc. For
arousal, we use a B/C-oriented coarse signal to-
gether with the probability mass assigned to the
low range (plow), along with the predicted digit,
expected score, and uncertainty statistics. Note that
the bin breakdown is bin A for values less than
three, bin B for values three or greater but less than
six, and bin C for values six and over.

3.2 Encoder for Fine Bin Prediction
Input Construction. We format inputs in E5’s
instruction style, converting most continuous LLM
guidance features into coarse buckets (e.g., confi-
dence and uncertainty levels) while keeping the pre-
dicted digit and expected score as numeric strings.
(see B for full guidance details)

Model Architecture. The encoder output is
mean-pooled, then passed through a projection
layer (Linear → GELU → Dropout 0.1), then fed
to separate valence and arousal regression heads.
Outputs are constrained to [1,9] via sigmoid scal-
ing: y = 1 + 8 · σ(z). We also include auxiliary
3-way bin classification heads for regularization.

Training. We use Smooth L1 loss for regression
and auxiliary cross-entropy for coarse bin classifi-
cation:

L = Lenc
V + Lenc

A + λbin(LVbin
+ LAbin

) (3)

where Lenc
V and Lenc

A are the Smooth L1 regres-
sion losses (β = 0.5) for valence and arousal re-
spectively, LVbin and LAbin are the auxiliary cross-
entropy losses over the 3-way coarse bin classifi-

Language Domain Total

English (eng)
Laptop 7,469
Restaurant 5,503
Subtotal 12,972

Japanese (jpn)
Hotel 4,222
Finance 3,293
Subtotal 7,515

Russian (rus) Restaurant 4,205

Ukrainian (ukr) Restaurant 4,205

Chinese (zho)

Laptop 8,733
Restaurant 11,137
Finance 5,550
Subtotal 25,420

Tatar (tat) Restaurant 4,205

Grand Total 58,522

Table 1: Dataset statistics by language and domain.

cation heads for valence and arousal respectively,
and λbin = 0.15 weights the auxiliary classification
term. Training uses AdamW (lr=2× 10−5, weight
decay=0.01), linear warmup (6% of steps), a batch
size of 64, and language-balanced sampling.

4 Experimental Setup

Data. The DimABSA dataset provides
train/dev/test splits across 6 languages and
5 domains, totaling approximately 58K aspect-
level annotations (Lee et al., 2026). Table 1
contains a summary of each language and domain.
For our final submission, we trained the encoder
on all available labeled data (train and dev) with
a 90/10 internal split for validation. We cleaned
aspects by replacing null aspect values with
“general sentiment.”

Evaluation. The official evaluation metric for the
task is RMSEVA, computed as:

√√√√
N∑

i=1

(V
(i)
p − V

(i)
g )2 + (A

(i)
p −A

(i)
g )2

N
(4)

RMSEVA or Root Mean Squared Error of
Valence-Arousal measures the square root of the av-
erage squared distance between predicted (Vp, Ap)
and ground truth values (Vg, Ag) of both valence
(V) and arousal (A) across all datapoints (N ).

In addition, the Pearson Correlation Coefficients
for valence (PCCV ) and arousal (PCCA) are also
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E5-VA (Ours) Separate V+A (Ablation) Baselines (RMSEVA)
Lang Domain RMSEVA PCCV PCCA RMSEVA PCCV PCCA Kimi-K2 Qwen3-14B

ENG laptop 1.283 0.871 0.521 1.376 0.886 0.346 2.1893 2.8089
ENG restaurant 1.201 0.896 0.626 1.341 0.902 0.487 2.1461 2.6427
JPN finance 0.825 0.868 0.624 0.871 0.863 0.439 1.640 1.896
JPN hotel 0.641 0.949 0.741 0.724 0.938 0.494 1.755 2.291
RUS restaurant 1.485 0.905 0.622 1.370 0.905 0.461 1.777 2.153
TAT restaurant 1.780 0.784 0.522 1.741 0.739 0.302 1.938 2.637
UKR restaurant 1.549 0.891 0.595 1.391 0.901 0.451 1.781 2.212
ZHO finance 0.540 0.848 0.638 0.655 0.848 0.604 1.965 1.471
ZHO laptop 0.701 0.896 0.726 0.808 0.893 0.562 1.644 1.771
ZHO restaurant 0.960 0.862 0.579 1.060 0.838 0.440 1.896 2.007

Macro Avg 1.097 0.877 0.619 1.134 0.871 0.459 1.800† 2.055†

Table 2: Test set results by language-domain comparing our E5-VA model, the Separate V+A ablation, and official
baselines. Bold indicates the better score between E5-VA and Separate V+A. E5-VA scores better on 7 of 10 pairs
on RMSEVA and achieves 35% higher PCCA overall.

used as a supplemental datapoint, defined as:

∑N
i=1(xi − x)(yi − y)√∑N

i=1(xi − x)2
√∑N

i=1(yi − y)2
(5)

where, n is the number of aspects, xi, yi are the pre-
dicted valence (or) arousal values for aspect i and
the corresponding ground-truth values, and x, y are
the means of the predicted valence (or) arousal val-
ues and the means of the ground-truth valence (or)
arousal values respectively. This number measures
the strength of the linear relationship between pre-
dicted and ground-truth set valence (or) arousal
values. PCC values closer to 1 are better.

Variants. We compare two configurations: (1)
E5-VA: single encoder jointly predicting both di-
mensions with full LLM guidance features; (2)
Separate V+A: two independent E5 encoders for
valence and arousal, using only coarse bin tokens
without distributional features. The separate en-
coders serve as an ablation and they are trained
using coarsened ground-truth values from the train-
ing dataset, but used the LLM’s coarse bins (same
as above) during test-time inference, showing how
our approach of using LLM inferences for guidance
during training instead of a ground-truth signal af-
fects outcomes.

Tools. We use PyTorch, Hugging Face Trans-
formers, PEFT for LoRA, as well as Flash Atten-
tion 2 (Dao et al., 2023) for efficient LLM training.
We will make model weights available at https:
//github.com/modim2rpi/dimabsa_rpi.

5 Results

Table 2 shows test set performance comparing our
E5-VA model, the Separate V+A ablation, and two
official LLM baselines (Kimi-K2 Thinking and
Qwen3-14B zero-shot). Our final E5-VA model
achieves a macro-averaged RMSEVA of 1.097, sub-
stantially outperforming both baselines and win-
ning on 7 of 10 language-domain pairs against the
separate-model ablation. (Note that there was a
very slight difference in the TAT restaurant fig-
ures between the metrics calculated by us using the
official metrics code and the result computed by
codabench (1.784 vs 1,780 RMSE). Also note that
the overall RMSE provided by codabench for our
submission is 1.20.)

Ablation Analysis. The joint model improves
arousal prediction (PCCA: 0.619 vs 0.459) by 35%
relative to the separated arousal model, while main-
taining comparable valence performance. This sug-
gests that sharing representations between valence
and arousal is beneficial. Extreme values of va-
lence convey strong emotions such as joy, grief,
high satisfaction and anger, and it is likely that
such emotions are expressed with more intensity
relative to more moderate valences. This would
explain why the joint model predicts VA values
more accurate.

The joint model also benefits from distributional
features from the LLMs (expected values, entropy,
bin probabilities) rather than just the coarse ground-
truth tokens used by the separate models during
training. The separate models have to use LLM
coarse bins for test set inference, and any advan-
tage gained from perfectly accurate coarse bins dur-
ing training is offset by receiving a poor inference
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guidance signal.
That said, the joint model struggles more with

languages for which training data is sparse, and
is beaten by the separate models. As different
languages use varied verbiage for emotional ex-
pression, the joint model’s learned speech patterns
for one language may not generalize to another.
Neither the Qwen3 models nor the encoder may
have picked up on subtle differences during training
for the less-represented languages. The separate
model outperformed in this case, which is possibly
due to stronger alignment for less-represented lan-
guages attained from ground-truth coarse bins. It
is possible that joint training may overfit to better-
represented languages, and an architecture com-
bining both separated and joint model approaches
could yield further improvements.

6 Conclusion

We presented a coarse-to-fine approach for aspect-
level VA prediction, using LLM-generated ordinal
predictions as guidance for a multilingual encoder.
Our key contributions are: (1) demonstrating that
LLM probability distributions provide effective
soft supervision, (2) showing that joint VA mod-
eling improves arousal prediction through shared
representations, and (3) highlighting the potential
drawbacks of such an ensemble.

Limitations

A more detailed ablation study, such as the use of
different LLMs, different loss functions and vari-
ables, and a different ML architecture for fine VA
prediction, would reveal more advantages and dis-
advantages of our technique. Any inaccuracies in
the LLM prior’s predictions are propagated down-
stream in the joint architecture at least to some ex-
tent, and a detailed validation of the LLMs would
show where further improvements could be made.
We aim to perform such testing in the future.

The model training was limited to the datasets
provided by the task’s organizers. For deployment
of this technique in different scenarios, more train-
ing and finetuning is recommended. The model
performs best when trained on data that provides
language and domain information. A more generic
version of this architecture would employ a sep-
arate model or technique to extract domain and
aspects for each point of raw data. Indeed, the
other subtasks in this track moved toward this goal.

Ethical Considerations

It may be said that valence-arousal prediction could
potentially be misused for emotion surveillance
or manipulation on social media platforms. Also,
the lower performance on Tatar highlights the risk
of NLP systems under-serving speakers of less-
spoken languages.
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A Prompt Templates

We use structured prompts to elicit ordinal bin pre-
dictions from the Qwen3-8B LLMs. The prompts
include language and domain metadata to enable
cross-lingual learning.

Valence LLM Prompt:
You are a sentiment classification
system.

Task:
Given a text and an aspect, output a
single integer from 1 to 8
representing the valence expressed
toward the aspect.

Output rules:
- Output exactly ONE integer
- No explanation
- No additional text

Feature Bucket Edges

Confidence 0.05, 0.15, 0.30, 0.50, 0.70, 0.85
Bin probs. (same as confidence)
Margin 0.05, 0.15, 0.30, 0.50, 0.70, 0.85
Entropy normalized then rounded to 7 levels

Table 3: Discretization bucket edges for LLM guidance
features. Confidence, bin probabilities, top-1 probabil-
ity, and margin use the same bucket scheme. Entropy is
first normalized by the maximum entropy for the digit
set, then mapped to 7 discrete levels. Expected score
and digit are kept as numeric strings (rounded to 2 deci-
mals for exp).

Language: {language}
Domain: {domain}
Text: {text}
Aspect: {aspect}

Output: <ANS>

The <ANS> token marks the position where digit
prediction occurs. We extract logits only for digit
tokens 1–8 at this position.

Arousal LLM Prompt. The arousal prompt fol-
lows an identical structure, but requests integers
from 3 to 8. It states:

Given a text and an aspect, output a
single integer from 3 to 8 representing
the arousal expressed toward the aspect.

E5 Encoder Input. The multilingual E5 encoder
uses an instruction-style format that incorporates
all LLM guidance features:

Instruct: Predict valence and arousal
(continuous) toward the aspect. Use the
guidance features if helpful, but rely
on the text.
Query: Lang={lang} Domain={dom}
V:bin={vbin} digit={vdig} exp={vexp}
conf={vconf} pA={vpA} pB={vpB} pC={vpC}
unc(top1={v_t1},marg={v_m},ent={v_e})

A:bin={abin} digit={adig} pLow={aplow}
exp={aexp}
unc(top1={a_t1},marg={a_m},ent={a_e})

Aspect: {aspect}
Text: {text}

B Guidance Feature Discretization

To prevent the E5 encoder from over-relying on
exact LLM outputs, we discretize some continuous
guidance features into categorical buckets. Table 3
lists the bucketing schemes.
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Guidance Features Summary. For each input,
we extract the following from the valence and
arousal LLMs:

• Coarse bin: A/B/C for valence
(low/mid/high), B/C for arousal

• Digit: Argmax predicted integer (1–8 for V,
3–8 for A)

• Expected score: E[d] =
∑

i pi · i

• Bin probabilities: pA, pB , pC (V) or plow (A)

• Confidence: Highest single digit probability
(most confident predicted digit bin)

• Margin: Difference between top-1 and top-2
probabilities

• Entropy: −∑
i pi log pi over the digit distri-

bution
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