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Abstract
This paper addresses continuous affect model-
ing in SemEval-2026 Task 2 through two task-
specific architectures tailored to static state es-
timation and dynamic change prediction. To
mitigate semantic ambiguity and annotation
subjectivity in Subtask 1, a hard-prompt-based
regression model is developed and enhanced
with unsupervised contrastive learning (Sim-
CSE) and supervised contrastive calibration
(SCL) grounded in an external affect lexicon.
This design improves the structural consistency
and scale stability of textual representations in
the Valence–Arousal (V/A) space. For Subtask
2a, which involves irregular time intervals and
historical dependencies, a Time-Aware LSTM
architecture is introduced to integrate current
affective states with temporally enriched histor-
ical trajectories. Experimental results show that
the YNU-HPCC system ranks 2nd in both sub-
tasks. In Subtask 1, the Valence and Arousal
scores are 0.677 and 0.528, respectively; in
Subtask 2a, they are 0.692 and 0.647.

1 Introduction

Valence and Arousal (V/A) form an established
continuous representation framework for model-
ing human emotional states in sentiment analysis.
SemEval-2026 Task 2 focuses on modeling affec-
tive states in the V/A space and their temporal evo-
lution using longitudinal, first-person, self-reported
texts (Soni et al., 2026). This task comprises two
related yet distinct subtasks: Subtask 1 performs
V/A state regression, while Subtask 2a predicts
affective changes between adjacent time steps.

As continuous affective dimensions, V/A rep-
resent emotions through numerical regression
rather than discrete classification, inherently char-
acterized by strong subjectivity and annotation
noise (Han et al., 2021; Ghosal et al., 2020; Tits
et al., 2019). Consequently, SemEval-2026 Task
2 presents multiple challenges. In Subtask 1, the
mapping between textual semantics and continuous

affective values is highly ambiguous. Compound-
ing this difficulty, Subtask 2a introduces a temporal
dimension. Models must not only interpret indi-
vidual texts but also capture affective evolution
under irregular time intervals, modeling the nonlin-
ear influence of historical states on future affective
changes.

Recent affect modeling research has shifted from
traditional supervised learning toward representa-
tion enhancement based on large-scale pretrained
language models (PLMs). To improve representa-
tion stability, contrastive learning methods such
as SimCSE (Gao et al., 2021) have been intro-
duced to alleviate anisotropies in PLM embedding
spaces. Meanwhile, supervised contrastive learn-
ing (SCL) (Khosla et al., 2020), combined with
external affect lexicons, has become an effective
technique for aligning representation spaces with
affective dimensions. In temporal modeling, se-
quence architectures based on Transformers (Tang
et al., 2014) or LSTM variants equipped with time-
aware mechanisms (Baytas et al., 2017; Poria et al.,
2019) have demonstrated effectiveness in capturing
dynamic temporal patterns.

Building upon prior work, two specialized ar-
chitectures are developed: one for static affect re-
gression and the other for time-aware affect change
prediction. The former improves the stability of
the mapping between textual representations and
the V/A space through representation optimization,
while the latter models affective evolution trends
by integrating historical affect states with temporal
information. For Subtask 1, a regression frame-
work is constructed grounded in semantic smooth-
ing and external knowledge calibration. Building
upon hard prompting, which explicitly activates
affective priors, contrastive learning is employed to
enhance representation robustness and alignment
within the V/A space. For Subtask 2a, a time-aware
sequential modeling architecture is designed that
leverages historical affect trajectories enriched with
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temporal signals to capture irregular evolutionary
patterns. Experimental results indicate that the pro-
posed strategy effectively tackles uncertainty and
temporal modeling challenges in continuous af-
fect prediction, confirming the effectiveness of the
differentiated framework and yielding competitive
performance on the leaderboard.

The rest of this paper is organized as follows.
Section 2 reviews related work. Sections 3 and 4
introduce the modeling frameworks for Subtask 1
and Subtask 2a, respectively. Section 5 describes
the experimental setup and presents empirical re-
sults. Section 6 concludes the paper.

2 Related Work

In static affect representation learning, PLMs’ em-
bedding spaces often exhibit anisotropy, limiting
their direct applicability to regression tasks. To
address this issue, researchers have incorporated af-
fect lexicons to constrain representations within
continuous affective spaces. For instance, Po-
ria et al. (2019) explored label mapping and pre-
diction strategies for dimensional affect model-
ing. To enhance discriminative power, contrastive
learning has been introduced to mitigate subjec-
tive noise; Pinitas et al. (2022) integrated con-
tinuous annotations into representation learning
through supervised contrastive objectives. Ad-
ditionally, Zhong et al. (2019) employed affect-
enriched graph networks to strengthen word-level
representations, while Tian et al. (2020) leveraged
large-scale weakly supervised data for contrastive
pretraining. More recently, Bulla and Mongiovì
(2024) demonstrated that carefully designed hard
prompt templates can activate affective priors in
pretrained models, thereby improving continuous
emotion regression performance. These studies val-
idate the effectiveness of semantic calibration in
continuous spaces.

In dynamic affect modeling, prior work empha-
sizes the temporal evolution of emotions, typically
incorporating historical states via RNN-based or
sequential architectures to capture temporal de-
pendencies. To address irregular time intervals
in real-world scenarios, Li et al. (2020) explicitly
introduced time interval information to modulate
the influence of historical states. Sawhney et al.
(2020) further proposed time-gated mechanisms
to model affective decay and nonlinear evolution
patterns. Despite these advances, integrating time-
aware mechanisms with PLMs remains underex-

plored. However, prior work rarely integrates repre-
sentation calibration and temporal modeling under
a task-differentiated framework for continuous af-
fect prediction.

3 Affect State Estimation (Subtask 1)

Given the distinct challenges of static V/A mapping
and dynamic state transitions, this system adopts in-
dependent modeling strategies for the two subtasks.
The overall architecture of the proposed system is
illustrated in Figure 1.

3.1 Input Reconstruction.

During downstream fine-tuning, a template func-
tion T (·) is employed to restructure the input text:

xprompt = T (x) (1)

The template explicitly incorporates the tokens
Valence and Arousal into the input sequence, guid-
ing the model to attend to semantic cues associated
with continuous affective dimensions during encod-
ing. This template is applied exclusively during
task-specific fine-tuning and inference and is not
involved in representation pretraining.

3.2 Multi-Stage Training Strategy.

An affect-aware encoder Eθ(·) is constructed and
trained under a three-stage optimization scheme to
progressively enhance its sensitivity to continuous
Valence–Arousal dimensions.

Unsupervised Semantic Smoothing (SimCSE).
Unsupervised contrastive learning (SimCSE) is
first applied to improve the isotropy and stability of
sentence representations. Positive pairs are gener-
ated via dropout-induced stochastic perturbations
of the same input, while in-batch samples serve as
negatives. Optimization with the InfoNCE objec-
tive encourages semantically consistent representa-
tions.

Supervised Contrastive Calibration with Affect
Lexicon (SCL). To align representations with
continuous affective dimensions, supervised con-
trastive calibration is performed using a lexicon an-
notated with V/A values. During this stage, Trans-
former parameters remain frozen while the embed-
ding matrix is updated. Lexicon entries are orga-
nized via K-nearest neighbors in the V/A space,
and a supervised contrastive loss reduces distances
among affectively similar words.
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Figure 1: The overall architecture of the proposed system.

Supervised Regression Fine-Tuning on Official
Data. Initializing with SCL-calibrated encoder
weights, the system incorporates the prompt tem-
plate and uses a linear regression head to predict
V/A values directly. The model is optimized by
minimizing the Mean Squared Error (MSE), which
drives the encoder to adapt to the target task dis-
tribution while preserving semantic expressiveness
and enabling precise mapping from textual features
to continuous affective coordinates.

3.3 Regression Head Design
The encoder’s pooler output serves as the input
to the regression head. After passing through a
dropout layer, the high-dimensional semantic rep-
resentation is projected via a single fully connected
layer to a two-dimensional output corresponding
to V/A, producing the final prediction.

4 Affect Change Prediction (Subtask 2a)

4.1 Input Reconstruction
At time step t, the model processes three inputs:
the current text, the current affective state, and the
historical affect trajectory. A parallel encoding
structure is employed, followed by feature-level
fusion.

Text Representation. The input text is encoded
using RoBERTa-Base. The encoder’s pooled out-
put serves as the sentence-level semantic represen-
tation.

Current Affective State. First, the continu-
ous V/A values are concatenated into a two-
dimensional vector and projected through a trans-
formation block (Linear → GELU → Dropout)
to obtain a 768-dimensional affective embedding
aligned with the textual feature space.

Historical Information. The historical sequence,
consisting of the past h affective states (V/A) and
their corresponding time intervals ∆t, is fed into a
Time-Aware LSTM module. During temporal iter-
ation, a time gate is generated by applying a linear
transformation followed by a Sigmoid activation
to the time interval ∆t. This time-gate modulates
the decay of the previous cell state, enabling adap-
tive attenuation based on elapsed time. The LSTM
unit then updates its hidden state by combining the
decayed cell state with the affective input at the
current step through standard gating mechanisms.
The hidden state at the final time step is extracted
as the historical representation, resulting in a 32-
dimensional feature vector.

4.2 Fusion Layer

First, the textual semantic representation and the
projected current affective embedding are com-
bined element-wise. The resulting feature is then
concatenated with the LSTM-produced historical
feature vector, yielding an 800-dimensional fused
representation.
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Figure 2: Performance trends on the validation set
across different training epochs for Subtask 1.
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Figure 3: Comparison between the model and official
baselines on Subtask 1 and Subtask 2a.

4.3 Regression Head Design

The fused representation is fed into two indepen-
dent MLP regression heads to decouple Valence
and Arousal change prediction. Each head consists
of a dropout layer, a linear layer that compresses
the feature dimension to 64, a GELU activation,
and a final output layer that predicts the change
values ∆̂vt and ∆̂at. Formally,

zt = Pool(Eϕ(xt)) + Proj(yt),

ht = Concat(zt,T−LSTM(Ht)),

∆̂vt = Head∆v(ht),

∆̂at = Head∆a(ht).

(2)

Here, Pool(·) denotes the pooled text embed-
ding, Proj(·) is the state projection layer, and
T−LSTM(·) models temporal dynamics.

5 Experiment

5.1 Dataset Description

This study addresses the two subtasks of SemEval-
2026 Task 2 using different data sources and

partitioning strategies tailored to their respective
modeling objectives. For Subtask 1, the official
training data serves as the primary supervised
dataset, supplemented with external resources for
auxiliary training. Specifically, the training split
of GoEmotions (Demszky et al., 2020) is used
for unsupervised representation learning, while
Ratings_Warriner_et_al.csv (Warriner et al.,
2013), which provides word-level V/A annotations,
is employed for affective representation calibration.
The system adopts a seen/unseen user split strategy.
The validation set consists of all samples from a
subset of unseen users and a portion of samples
from seen users, accounting for 20% of the total
data, while the remaining 80% is used for training.
For Subtask 2a, only official data are used, without
any external resources. The dataset is partitioned
by user, and within each user’s subset, an 80/20
split is applied for training and validation.

5.2 Implementation Details
For Subtask 1, RoBERTa-Large is utilized as
the backbone text encoder, while RoBERTa-Base
is adopted for Subtask 2a. For Subtask 1, the
system first performs unsupervised SimCSE pre-
training on the GoEmotions dataset to obtain
robust sentence representations. The system
then uses word-level Valence–Arousal annotations
from Ratings_Warriner_et_al.csv for super-
vised contrastive calibration. The input text is re-
formulated using manually designed hard prompt
templates, followed by full-parameter regression
fine-tuning on the official labeled data. The model
outputs continuous V/A values.

For Subtask 2a, only the official dataset is used.
The model takes the current text representation,
the current affective state, and the user’s historical
affect sequence as inputs. A Time-Aware LSTM
module processes the historical sequence, and its
output is fused with other features to predict affec-
tive change values.

All textual inputs are tokenized using the
RoBERTa tokenizer. Both subtasks adopt MSE
as the loss function and are optimized using the
AdamW optimizer.

For Subtask 1, the learning rate is set to 1×10−5

with a warmup ratio of 0.1. For Subtask 2a,
a layered learning rate strategy is adopted: the
pretrained backbone is assigned a lower learn-
ing rate of 2 × 10−5, while task-specific mod-
ules—including the Time-Aware LSTM and regres-
sion heads—use a higher learning rate of 1× 10−3
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Model Prompting Calibration PCC (Avg) CCC (Avg)

RoBERTa-Large No No 0.5767 0.5507
w/ Prompting Yes No 0.5838 0.5616
Ours Yes Yes 0.6009 0.5731

Table 1: Ablation study on Task 1. Comparison of the baseline with Prompting and Calibration variants.

Model State Context Temporal Modeling PCC (Avg) CCC (Avg)

RoBERTa-Base No No 0.3026 0.2654
w/ State Context Yes No 0.5690 0.5122
Ours (Time-Aware) Yes Yes 0.6161 0.5751

Table 2: Ablation study on Task 2. Evaluating the effectiveness of State Context and Temporal Modeling.

to accelerate downstream convergence.

5.3 Model Selection Strategy

For Subtask 1, due to the limited size of the of-
ficial dataset and the absence of a public test set,
a validation-guided retraining strategy is adopted.
The optimal training epoch is determined based on
validation performance (Figure 2). Subsequently,
under the same hyperparameter configuration and
selected epoch, the model is retrained on the entire
official training set to produce the final submission.
This procedure enables objective model selection
while maximizing the utilization of limited labeled
data.

For Subtask 2a, the system directly uses the
checkpoint with the best validation performance
for final prediction.

5.4 Ablation Study

To verify the contribution of each key module, ab-
lation experiments are conducted on both Subtask
1 and Subtask 2a, as shown in Tables 1 and 2.

For Subtask 1, incorporating prompting yields
consistent performance improvements, particularly
in CCC, suggesting that explicit affective semantic
guidance contributes to continuous emotion model-
ing. Building on this, introducing Affect Calibra-
tion further improves PCC and CCC. This indicates
that aligning the representation space with an af-
fect lexicon helps mitigate scale bias and subjective
noise in continuous regression.

For Subtask 2a, the text-only baseline performs
poorly. Introducing the current affective state as
contextual input substantially improves prediction
accuracy. Further incorporating time-aware histor-
ical modeling yields the best results across PCC
and CCC, highlighting the importance of jointly
modeling affective states and temporal dynamics

for affect change prediction.
Overall, the results demonstrate that each mod-

ule provides distinct and complementary contribu-
tions across the two subtasks.

5.5 Results and Analysis

The proposed system is evaluated against the offi-
cial baselines (Figure 3).

On Subtask 1, this model achieves 0.677/0.528
(Valence/Arousal), outperforming Linear (BERT)
(0.557/0.299) with lower MAE. The substantial
improvement in Arousal indicates that contrastive
calibration and prompting enhance structural align-
ment in the V/A space, particularly for dimensions
more susceptible to annotation variance.

On Subtask 2a, correlations improve from
0.430/0.405 to 0.692/0.647 (+0.262/+0.242). The
larger improvement in Valence indicates that tem-
poral modeling effectively captures gradual affec-
tive transitions, while Arousal remains compar-
atively more volatile, reflecting the intrinsically
higher volatility of Arousal in longitudinal affect
prediction.

6 Conclusion

This work addresses continuous affect modeling
in SemEval-2026 Task 2 through two task-specific
models: a static regression model and a time-aware
change prediction model. For Subtask 1, represen-
tation optimization improves alignment in the Va-
lence–Arousal space and consistently outperforms
the official baseline. For Subtask 2a, modeling his-
torical states and temporal information enhances
Valence prediction, while Arousal remains less sta-
ble, suggesting greater temporal variability. Future
work will focus on more robust fusion strategies to
improve stability and generalization.
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