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Abstract
This paper describes our participation in
SemEval-2026 Task 2, which focuses on the
longitudinal assessment and forecasting of
emotional states through text. The challenge is
divided into two primary objectives: Subtask 1,
which requires estimating continuous Valence
and Arousal (V&A) scores for a sequence of
texts, and Subtask 2, which focuses on forecast-
ing future emotional variations, specifically
State Change (2A) and Dispositional Change
(2B). To address these tasks, we propose a
unified framework based on cardiffnlp/
twitter-roberta-base-sentiment-latest1,
a transformer architecture pretrained on 124
million tweets. For all subtasks, we sort
the data chronologically by user_id and
use a sliding window approach to capture
longitudinal context. We conduct extensive ex-
periments combining this pretrained RoBERTa
model with Multilayer Perceptron (MLP)
and Mixture-of-Experts (MoE) architectures
to optimize performance. Furthermore, we
utilize both attention pooling and mean pooling
on all output hidden state representations to
extract richer semantic features. Our proposed
system demonstrated competitive performance,
officially ranking 9th in Subtask 1 and 5th in
Subtask 2A among participating teams.2

1 Introduction
In recent years, the intersection of Natural Language
Processing (NLP) and mental health has gained signifi-
cant attention, particularly in detecting and monitoring
emotional states through text analysis (Teferra et al.,
2024). Unlike traditional discrete emotion classification,
dimensional emotion analysis provides a more nuanced
approach to understanding affective states through con-
tinuous scales. The Valence-Arousal (V&A) frame-
work, where Valence represents the degree of posi-
tivity or negativity, and Arousal indicates the level
of emotional activation, has proven effective in cap-
turing the complexity of human emotions (Mendes

1Available at: https://huggingface.co/cardiffnlp/
twitter-roberta-base-sentiment-latest

2Our code is publicly available at: https://github.com/
PTSown0222/SemEval-2026-Task-2

and Martins, 2023). SemEval-2026 Task 2 addresses
this by introducing “Predicting Variation in Emotional
Valence and Arousal over Time from Ecological Es-
says” released by Soni et al. (2026), which encom-
passes continuous V&A estimation (Subtask 1) and
forecasting future emotional variations (Subtask 2: State
and Dispositional Changes). To address these com-
plexities, we propose a unified backbone leveraging
the Twitter-RoBERTa model, specifically cardiffnlp/
twitter-roberta-base-sentiment-latest, trained
on 124M tweets from January 2018 to December 2021
(Camacho-collados et al., 2022). Our architecture in-
tegrates several state-of-the-art strategies to optimize
regression performance.

Separate Funnel Architecture. We employ a Separate
Funnel Architecture based on Kashyap (2024); Hristov
et al. (2025) to compress transformer hidden states
(768 → 256 → 128 → 1). This architecture extracts
salient emotional features from ecological essays for our
initial development experiments.

We extend the standard MLP head from Hristov et al.
(2025) into a Mixture-of-Experts (MoE) architecture.
Instead of a fixed regression path, our gating mechanism
dynamically routes inputs to specialized experts for
specific emotional sub-domains (Xie et al., 2025; Fedus
et al., 2022). This “More Is Better” approach effectively
decomposes the continuous affective space, capturing
diverse emotional manifestations more robustly than
monolithic models (Xie et al., 2025).

While prior works focused on standard regression
losses for V&A prediction (Mendes and Martins, 2023),
we propose to optimize our system using a multitask
Concordance Correlation Coefficient Loss (CCCL) for
separate Valence and Arousal prediction (Atmaja and
Akagi, 2020). This choice directly aligns our train-
ing objective with the evaluation metric employed by
SemEval-2026 Task 2, ensuring both linear correlation
and scale consistency between predictions and ground
truth.

We select the best model based on the performance
on development sets for the final submission, and our
system achieves competitive results on both subtasks

2 Related Work
Continuous Valence-Arousal (V&A) representations
capture affective nuances better than traditional dis-
crete emotion classification (Russell, 1980; Mendes
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and Martins, 2023). While pretrained models such
as CardiffNLP’s RoBERTa establish strong baselines
(Camacho-collados et al., 2022), existing applications
primarily focus on fixed text predictions, largely over-
looking the longitudinal emotional dynamics inherent
in sequential ecological essays.

To effectively process the high-dimensional embed-
dings generated by these transformers, recent works
have transitioned from standard Multi-Layer Percep-
trons to specialized regression heads. A foundational
funnel architecture utilizing progressive dimensionality
reduction (e.g., 768 → 256 → 128) was originally in-
troduced by Kashyap (2024) for emotion recognition.
This architecture was subsequently adapted by Hristov
et al. (2025) at Stanford University to target the two-
dimensional valence-arousal space for mental health
prediction specifically. While providing a solid struc-
tural foundation, these single-path regression heads often
struggle with highly dynamic temporal variations.

Beyond unimodal text approaches, multimodal studies
have significantly advanced dimensional affect recogni-
tion by integrating information across speech, facial ex-
pressions, and text. These studies demonstrate that cross-
attention mechanisms and multi-task learning across
dimensions provide crucial cross-regularization benefits,
enabling specialized fusion architectures to reach strong
Concordance Correlation Coefficient (CCC) scores, such
as 0.606 for valence and 0.620 for arousal on benchmark
datasets (Meng et al., 2022). Inspired by the success of
these cross-regularization benefits, our system explicitly
moves away from standard regression losses, in favour
of a multitask CCC loss to optimize textual longitudinal
predictions and ensure scale consistency.

To better capture diverse affective patterns, we re-
place static regression heads with a Mixture-of-Experts
(MoE) architecture (Fedus et al., 2022; Dai et al., 2024).
This choice is motivated by the success of multi-expert
frameworks in emotion recognition, notably the “More Is
Better” ensemble, which achieved state-of-the-art results
in the MER2025 challenge (Xie et al., 2025). By em-
ploying dynamic routing, our model is better equipped
to handle the complex, long-term dispositional shifts in
ecological essays, a task where traditional monolithic
architectures often underperform.

3 Task Description
SemEval-2026 Task 2 focuses on modeling emotional
dynamics through two primary objectives, released by
Soni et al. (2026). Subtask 1 (Longitudinal Affect
Assessment) involves predicting chronological Valence
and Arousal (V&A) scores (𝑣𝑖 , 𝑎𝑖) for text sequences
across both seen and unseen user groups. Subtask 2
(Forecasting Future Affect Variation) requires esti-
mating changes in emotional states, categorized into:
2A (State Change), defined as the immediate variation
Δ1 = 𝑣𝑡+1−𝑣𝑡 , and 2B (Dispositional Change), defined
as the long-term shift Δ𝑎𝑣𝑔 = avg(𝑣𝑡+1:𝑛) − avg(𝑣1:𝑡 ).
Full task specifications, evaluation scripts, and datasets

are hosted on the CodaBench platform.

4 System Description
4.1 Data Preprocessing
Data preprocessing is essential for maintaining signal
integrity in ecological essays. Beyond standard noise
reduction and tokenization, we prioritize temporal align-
ment to preserve chronological sequences. Rather than
treating posts in isolation, we restructure the dataset to
capture temporal dynamics, employing distinct sequence
construction strategies task-specific to the specific sub-
tasks, as detailed below.

Post1

Post2

Post3

...

Post𝑁−1

Post𝑁

Post1 </s> Post2 </s> Post3 </s>

Post2 </s> Post3 </s> Post4 </s>

...

Post𝑁−2 </s> Post𝑁−1 </s> Post𝑁 </s>

Figure 1: Generalized sliding-window concatenation
for Window_Size=3. Consecutive posts are grouped
chronologically and joined using the </s> delimiter to
provide contextual history.

Sliding Window for Subtasks 1 and 2A. For Subtasks 1
and 2A, we apply a sliding-window strategy (e.g., 𝑘 = 3)
that concatenates consecutive chronological posts using
the ⟨/𝑠⟩ delimiter, as illustrated in Figure 1. This allows
the RoBERTa encoder to capture short-term historical
context for forecasting affective states.
Bipartite Grouping for Subtask 2B. To formally de-
scribe the fusion process for Subtask 2B, the input
sequence is first constructed as:

x𝑖𝑛𝑝𝑢𝑡 = <s> ⊕ tokens(𝐺1) ⊕ </s> </s>

⊕ tokens(𝐺2) ⊕ </s>
(1)

where ⊕ denotes the concatenation operator. We
denote the contextual embedding extracted from the
RoBERTa encoder as h𝑏𝑎𝑠𝑒 ∈ R𝑑 . To provide the
model with a quantifiable baseline of the user’s past
emotional state, we construct a 2-dimensional feature
vector v𝑝𝑎𝑠𝑡 = [𝜇𝑉𝐺1 , 𝜇𝐴𝐺1 ] representing the mean Va-
lence and Arousal scores from the historical period
(𝐺1). The late-fusion mechanism is then implemented
by concatenating these two vectors to form a unified
representation z:

z = [h𝑏𝑎𝑠𝑒; v𝑝𝑎𝑠𝑡 ] (2)

where z ∈ R𝑑+2 serves as the input for the subsequent
MLP or MoE regressor to predict the final dispositional
changes 𝑦̂:

𝑦̂ = MLP/MoE(z) (3)
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4.2 Multi-Layer Perceptron Regression Head
Following Hristov et al. (2025), we employ dual indepen-
dent MLP branches integrated on top of the RoBERTa
encoder to predict Valence and Arousal separately. This
decoupled architecture is designed to mitigate cross-
dimensional feature interference, allowing each head
to specialize in the distinct linguistic signals associated
with each affective dimension. Each branch adopts a
bottleneck structure that progressively reduces dimen-
sionality (768 → 256 → 128 → 1), incorporating
Layer Normalization, GELU activation, and Dropout
(𝑝 ∈ [0.2, 0.3]) to enhance training stability, as illus-
trated in Figure 2 and detailed in Section B.

4.3 Mixture-of-Experts Regression Head
To robustly capture diverse emotional patterns, we re-
place the monolithic MLP with a Mixture-of-Experts
(MoE) architecture (Dai et al., 2024; Shazeer et al.,
2017). The module consists of 𝑁 = 4 independent
experts, where the final output 𝑦(𝑥) for input 𝑥 is a
weighted sum:

𝑦(𝑥) =
𝑁∑︁
𝑖=1

𝐺 (𝑥)𝑖 · 𝐸𝑖 (𝑥) (4)

where 𝐸𝑖 (𝑥) represents the output of the 𝑖-th expert
(typically a Feed-Forward Network), and 𝐺 (𝑥)𝑖 is the
scalar routing weight assigned by the gating network to
determine the contribution of expert 𝑖. We explore two
distinct variants for this gating mechanism: Sparsely-
Gated and Soft-Gated.

4.3.1 Sparsely-Gated Mixture-of-Experts
Regressor

In the Sparse MoE configuration, we incentivizes spe-
cialization by activating only a subset of experts for each
input instance (Shazeer et al., 2017; Dai et al., 2024).
The gating network first computes simple routing logits
via a linear projection ℎ(𝑥) = 𝑥𝑊𝑔, where𝑊𝑔 is a train-
able weight matrix. Sparsity is explicitly achieved by
applying a Top-𝑘 filtering function that retains only the
highest routing probabilities:

KeepTopK(ℎ(𝑥)𝑖 , 𝑘) =
{
ℎ(𝑥)𝑖 if 𝑖 ∈ Top-𝑘
−∞ otherwise

(5)

The final routing weights are subsequently obtained by
applying a softmax activation over these filtered logits:
𝐺 (𝑥) = Softmax(KeepTopK(ℎ(𝑥), 𝑘)). By dynami-
cally selecting only the top-𝑘 experts, this architecture
forces individual sub-networks to specialize in process-
ing specific affective features.

As shown in Figure 3, Section B, this architecture
activates only the Top-𝑘 experts (𝑘 < 𝑁) per input via a
linear gating network. Non-selected experts are masked
with −∞ to zero their weights post-Softmax. This sparse
mechanism captures diverse affective patterns efficiently
by computing only active experts for the final output:
𝑦(𝑥) = ∑𝑁

𝑖=1𝐺 (𝑥)𝑖 · 𝐸𝑖 (𝑥).

4.3.2 Soft-Gated Mixture-of-Experts Regressor
Conversely, Soft-Gating employs a dense routing strat-
egy (Jacobs et al., 1991; Dai et al., 2024), allowing
gradients to backpropagate through all experts simulta-
neously. Unlike the sparse variant, the gating network
𝐺 (𝑥) omits Top-𝑘 filtering, applying Softmax directly
to the linear transformation:

𝐺 (𝑥) = Softmax(𝑥𝑊𝑔) (6)

This ensures every expert receives a positive weight,
facilitating collaborative specialization for Valence and
Arousal (see Figure 4, Section B).

4.3.3 Concordance Correlation Coefficient (CCC)
Loss

To align our training objective with the evaluation met-
rics of SemEval-2026 Task 2, we optimize the network
using a multitask Concordance Correlation Coefficient
(CCC) Loss. As highlighted by Atmaja and Akagi (2020)
and Meng et al. (2022), the CCC Loss is superior to
standard regression objectives in affect recognition as it
simultaneously accounts for linear correlation and scale
consistency. For a set of predictions 𝑦̂ and ground truth
labels 𝑦, the CCC is defined as:

CCC =
2𝜌𝜎𝑦̂𝜎𝑦

𝜎2
𝑦̂ + 𝜎2

𝑦 + (𝜇 𝑦̂ − 𝜇𝑦)2
(7)

where 𝜌 is the Pearson correlation coefficient, while
𝜇 and 𝜎2 denote the means and variances of the re-
spective distributions. Following the multitask learning
paradigm, we minimize the joint loss for both Valence
and Arousal dimensions:

L𝑡𝑜𝑡𝑎𝑙 = (1 − CCC𝑉𝑎𝑙𝑒𝑛𝑐𝑒) + (1 − CCC𝐴𝑟𝑜𝑢𝑠𝑎𝑙) (8)

4.4 Mean Pooling and Attention Pooling
Instead of extracting the [CLS] token in isolation, we
implement two pooling mechanisms over the RoBERTa
encoder’s output sequence H = {h1, . . . , h𝑛} to create a
fixed-size representation:
• Mean Pooling: This method computes the element-

wise average of all token embeddings (Reimers and
Gurevych, 2019) to capture global context:

s = 1
𝑛

𝑛∑︁
𝑖=1

h𝑖 (9)

where 𝑛 is the sequence length and h𝑖 is the 𝑖-th hidden
state.

• Attention Pooling: This mechanism dynamically
assigns importance to tokens using a learnable context
vector u𝑤 (Yang et al., 2016). The representation s is
computed through the following steps:

u𝑖 = GELU(W𝑤h𝑖 + b𝑤) (10)

𝛼𝑖 =
exp(u⊤

𝑖 u𝑤)∑𝑛
𝑗=1 exp(u⊤

𝑗 u𝑤) (11)

s =
𝑛∑︁
𝑖=1

𝛼𝑖h𝑖 (12)
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where 𝛼𝑖 denotes attention weights reflecting the af-
fective importance of each token.

5 Experimental Setup

To systematically evaluate the effectiveness of different
architectural components, we define five distinct model
configurations for all subtasks:

• Model 1: RoBERTa Cardiff MLP

• Model 2: RoBERTa Cardiff Sparse MoEs and
Mean Pooling

• Model 3: RoBERTa Cardiff Sparse MoEs and
Attention Pooling

• Model 4: RoBERTa Cardiff Soft Gating MoEs and
Mean Pooling

• Model 5: RoBERTa Cardiff Soft Gating MoEs and
Attention Pooling

We split the official dataset by user_id using
GroupShuffleSplit, creating training (85%) and local
development (15%) sets to prevent user-level leakage.
Final blind-test predictions were generated from models
trained on this split. Main hyperparameters are listed in
Table 6 (Section A). All experiments were conducted
with PyTorch and HuggingFace Transformers on Kaggle
using a single NVIDIA P100 GPU.

6 Results

6.1 Development Results

6.1.1 Subtask 1 – Longitudinal Affect Assessment

Table 1: Performance comparison on Subtask 1

Model/ Metrics 𝑟comp maecomp

Model 1 0.539 0.607
Model 2 0.587 0.538
Model 3 0.623 0.534
Model 4 0.649 0.527
Model 5 0.619 0.531

As shown in Table 1, we evaluate models using Av-
erage Pearson correlation (𝑟comp) and Average Mean
Absolute Error (𝑚𝑎𝑒comp). Model 4 (Soft-Gated MoEs
+ Mean Pooling) achieved the best performance, with the
highest 𝑟comp (0.649) and lowest 𝑚𝑎𝑒comp (0.527). This
indicates that soft gating with mean pooling captures
emotional states more effectively than the RoBERTa
MLP baseline. Therefore, Model 4 was selected for
Subtask 1.

6.1.2 Subtask 2A – State Change

Table 2: Performance comparison on Subtask 2A (State
Change)

Model/ Metrics 𝑟avg maeavg

Model 1 0.624 0.971
Model 2 0.606 0.819
Model 3 0.623 0.801
Model 4 0.615 0.805
Model 5 0.608 0.874

As shown in Table 2, we evaluate models using Aver-
age Pearson correlation (𝑟avg) and Average Mean Ab-
solute Error (𝑚𝑎𝑒avg). Although Model 1 achieved a
slightly higher 𝑟avg (0.624), it had much higher error
(𝑚𝑎𝑒avg = 0.971). Model 3 (Sparse Experts + At-
tention Pooling) offered the best trade-off, with the
lowest 𝑚𝑎𝑒avg (0.801) and nearly identical correlation
(𝑟avg = 0.623). Therefore, Model 3 was selected for
Subtask 2A.

6.1.3 Subtask 2B – Long-term State Change

Table 3: Performance comparison on Subtask 2B (Dis-
position Change)

Model/ Metrics 𝑟avg maeavg

Model 1 0.243 0.649
Model 2 0.327 0.668
Model 3 0.263 0.737
Model 4 0.287 0.759
Model 5 0.327 0.835

As shown in Table 3, we evaluate models using Av-
erage Pearson correlation (𝑟avg) and Average Mean Ab-
solute Error (𝑚𝑎𝑒avg). Model 2 (Sparse MoEs + Mean
Pooling) was selected as the best configuration, achiev-
ing the highest correlation (𝑟avg = 0.327) with better
stability (𝑚𝑎𝑒avg = 0.668) than Model 5, which had
the same correlation but higher error. Although Model
1 achieved slightly lower MAE, its weaker correlation
(0.243) made Model 2 the best balance for forecasting
long-term dispositional changes.

6.2 Official Test Results and Discussion

Table 4: Main results of the CITD@UIT system on the
official SemEval-2026 Task 2 test set, reported using
Pearson correlation (𝑟) for Valence, Arousal, and their
average (𝑟𝑎𝑣𝑔).

Subtask 𝑟𝑣𝑎𝑙𝑒𝑛𝑐𝑒 𝑟𝑎𝑟𝑜𝑢𝑠𝑎𝑙 𝑟𝑎𝑣𝑔
Subtask 1 0.637 0.489 0.563
Subtask 2A 0.629 0.633 0.631
Subtask 2B -0.169 -0.060 -0.114
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Table 5: Detailed performance breakdown for Subtask 1 on the official blind test set. 𝑟𝑏𝑒𝑡 and 𝑟𝑤𝑖𝑡ℎ𝑖𝑛 denote
between-person and within-person correlations, respectively, while 𝑟𝑐𝑜𝑚𝑝 denotes 𝑟𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒. Bold values
indicate the best performance in each subgroup; * indicates 𝑝 < 0.01, and indicates 𝑝 < 0.05 (significantly
different from 0.0).

Category Valence (V) Arousal (A)

𝑟𝑐𝑜𝑚𝑝 ↑ 𝑟𝑏𝑒𝑡 ↑ 𝑟𝑤𝑖𝑡ℎ𝑖𝑛 ↑ 𝑀𝐴𝐸 ↓ 𝑟𝑐𝑜𝑚𝑝 ↑ 𝑟𝑏𝑒𝑡 ↑ 𝑟𝑤𝑖𝑡ℎ𝑖𝑛 ↑ 𝑀𝐴𝐸 ↓
Seen User 0.639 0.740* 0.510* 0.563 0.405 0.508* 0.291* 0.421
Unseen User 0.620 0.666* 0.570* 0.436 0.555 0.690* 0.381* 0.400

Words Only 0.693 0.783* 0.576* 0.513 0.526 0.574* 0.476* 0.414
Essay Only 0.586 0.643* 0.522* 0.585 0.397 0.565* 0.199* 0.465

We evaluated the best validation configurations on the
official blind test set: Model 4 for Subtask 1, Model 3
for Subtask 2A, and Model 2 for Subtask 2B. As sum-
marized in Table 4, our systems achieved competitive
results on Subtask 1 and Subtask 2A, while Subtask
2B remained substantially more challenging due to the
difficulty of forecasting long-term dispositional changes.
For a more detailed analysis of Subtask 1, particularly
its longitudinal dynamics across user groups and text
conditions, Table 5 presents an extended performance
breakdown.

6.2.1 Subtask 1 – Longitudinal Affect Assessment
Performance. Our system achieved a highly competi-
tive rank of 9th out of 26 teams, with an official 𝑟𝑎𝑣𝑔 of
0.563 in Table 4, significantly surpassing the 0.428 base-
line. We observed a high degree of stability during the
transition from the development phase (𝑟𝑎𝑣𝑔 = 0.649)
to the official blind test set. This relatively minor per-
formance degradation validates the effectiveness of the
Soft-Gated MoE architecture (Model 4) in learning
robust, continuous affective representations.
Generalization to Unseen Users. A standout finding
in Table 5 is the model’s performance on Unseen Users.
Notably, in the Arousal dimension, the correlation for
Unseen Users (0.555) surpassed that of Seen Users
(0.405). This provides strong empirical evidence that
our MoE framework successfully extracts universal af-
fective features rather than over-specializing in specific
user histories or memorizing historical biases, directly
addressing concerns regarding potential overfitting.
Signal Dilution and Contextual Window. The granular
analysis reveals a significant performance gap between
Words Only (𝑟𝑐𝑜𝑚𝑝 = 0.693 for Valence) and Essay
Only (𝑟𝑐𝑜𝑚𝑝 = 0.586). We attribute this to a “signal
dilution” effect, where the neutral narrative elements
inherent in long-form ecological essays obscure dense
emotional cues. This finding justifies our selection of a
smaller window size (𝑘 = 4) for Subtask 1; by prioritiz-
ing immediate temporal context, the model effectively
captures momentary affect while mitigating the noise
introduced by irrelevant distant history.
Trait versus State Tracking. Our results show that

the between-person correlation (𝑟𝑏𝑒𝑡 up to 0.783) con-
sistently outperforms the within-person correlation
(𝑟𝑤𝑖𝑡ℎ𝑖𝑛 ≈ 0.510 − 0.576). This indicates that while
the system is exceptionally proficient at identifying a
user’s valence tracking subtle, high-frequency arousal
fluctuations within a single individual remains a sys-
temic challenge. This also explains our architectural
decision to utilize separate regression heads; the inde-
pendent MLP branches prevent the optimization of the
more stable Valence dimension from being hindered by
the higher noise levels inherent in within-person Arousal
tracking.
Error Analysis. Despite the overall success, Arousal
prediction remains more challenging than Valence, as
reflected in the lower 𝑟𝑤𝑖𝑡ℎ𝑖𝑛 scores. In the absence of
explicit historical priors in the input, the model occa-
sionally over-relies on lexical cues. It struggles when
emotional intensity is conveyed through implicit situ-
ational context, such as descriptive stagnation, subtle
shifts in narrative pace, or even non-lexical markers
such as “!!!, grrrr!!!, @@QWERT”, rather than stan-
dard vocabulary. Furthermore, preliminary internal
benchmarks indicated that while the multi-layer bottle-
neck MLP (768 → 256 → 128 → 1) adds complexity,
it is essential for providing the non-linear expressivity
required to resolve these intricate affective signals.

6.2.2 Subtask 2A – State Change
Performance. Our system achieved a distinguished Top
5 finish among 15 participating teams, with an official
𝑟𝑎𝑣𝑔 of 0.631. A remarkable observation is that the
model’s performance on the blind test set achieved its
validation score (𝑟𝑎𝑣𝑔 = 0.623). This positive delta
(+0.008) underscores the exceptional generalization ca-
pability of the Sparse MoE + Attention Pooling archi-
tecture (Model 3) in tracking relative emotional shifts.
Strategic Temporal Context. A key differentiator
for Subtask 2A was our decision to utilize a larger
window size (𝑘 = 8), doubling the context used in
Subtask 1. While momentary affect (Subtask 1) requires
immediate focus to avoid narrative noise, detecting a
“state change” is inherently longitudinal. Establishing a
reliable emotional baseline requires a broader historical
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horizon; thus, the 𝑘 = 8 configuration provides the
necessary temporal depth to distinguish between fleeting
emotional fluctuations and meaningful shifts in a user’s
affective trajectory.
The Role of Attention Pooling. The effectiveness of
Attention Pooling in this subtask highlights its ability to
capture non-linear temporal cues. Unlike Mean Pooling,
the Attention mechanism dynamically weights specific
historical segments, allowing the model to focus on
pivotal “turning points” in the ecological essays. This
synergy between Sparse Experts (which specialize in dif-
ferent emotional patterns) and Attention Pooling (which
identifies critical moments) proves highly effective for
the state change regression task.
Error Analysis. Despite its high performance, the
system occasionally struggles with subtle emotional
transitions and the presence of sarcasm. In these com-
plex linguistic scenarios, the Attention mechanism may
over-focus on localized “trigger words” or non-lexical
marker terms such as repetitive punctuation that may
not represent the broader context. This often leads to
an over-prediction of emotional intensity or a miscalcu-
lation of state change magnitudes. Furthermore, while
the current architecture is robust, it lacks an explicit
memory component for tracking emotional evolution
over extended sequences, a limitation we aim to address
in future work.

6.2.3 Subtask 2B – Long-term State Change
The Performance. Subtask 2B proved to be the most
formidable challenge in the competition. While our
Model 2 (Sparse MoEs + Mean Pooling) achieved a
promising 𝑟𝑎𝑣𝑔 = 0.327 during the validation phase, it
experienced a severe decline to −0.114 on the official
blind test set. This delta of 0.441 suggests that the model
failed to generalize the long-term dispositional trends.
Data Processing and Feature Fusion Imbalance.
Our late-fusion mechanism concatenates the high-
dimensional RoBERTa embedding h𝑏𝑎𝑠𝑒 ∈ R768 with a
low-dimensional historical vector v𝑝𝑎𝑠𝑡 ∈ R2. We sus-
pect this creates a dimensionality mismatch where the
model either over-relies on the historical prior. This bias
essentially forces the model to mirror past states, thereby
overshadowing the subtle textual cues that indicate a
long-term dispositional shift.
Potential Expert Collapse in Long Contexts. In the
Sparse MoE architecture, the gating network 𝐺 (z) is re-
sponsible for routing tokens to specialized experts. How-
ever, across long-term ecological essays, we observed
signs of expert collapse, where the gating distribution be-
comes overly sparse or biased toward a single generalist
expert. This prevents the model from utilizing special-
ized sub-networks to capture the non-linear evolution of
a user’s disposition over multi-turn interactions.
Overfitting to Validation Trajectories. The longitu-
dinal nature of Task 2B involves a limited number of
unique users. There is a high probability that the model
overfitted to specific emotional trajectories present in the
training/validation splits. When faced with the blind test

set which likely contains a significant distribution shift
or different annotation variances the patterns learned
by the MoE became counter-productive, leading to the
observed negative correlation.

7 Conclusion
In conclusion, we presented a RoBERTa-based MoE
framework for SemEval-2026 Task 2, achieving 9th
place on Subtask 1 and 5th place on Subtask 2A. The
results show that adapting MoE routing strategies (Soft/S-
parse) and pooling mechanisms (Mean/Attention) to task-
specific temporal dynamics can substantially improve
emotion forecasting performance. However, although
the framework is effective for short-term prediction tasks,
it remains less robust for long-term dispositional fore-
casting (Subtask 2B), mainly due to limited long-range
dependency modeling and sensitivity to distribution
shifts. Future work will investigate memory-augmented
transformers and temporal graph neural networks to
better model the subtle longitudinal evolution of human
disposition.
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A Implementation Details
Table 6 summarizes the core training hyperparameters
used across all three subtasks. We adjusted sequence
length, window size, batch size, and learning rate ac-
cording to the specific characteristics and computational
requirements of each prediction setting.

Table 6: Hyperparameters

Subtask Seq. Len. Win. Size Batch LR

Subtask 1 384 4 16 2e-5
Subtask 2A 512 8 16 2e-5
Subtask 2B 512 – 4 3e-5

Subtask Warmup Opt. N_Experts Epochs

Subtask 1 0.1 AdamW 4 8
Subtask 2A 0.1 AdamW 4 8
Subtask 2B 0.1 AdamW 4 8

B Detailed Model Architectures
Figures 2, 4, and 4 illustrate the three prediction heads ex-
plored in this study: a RoBERTa-based multi-task regres-
sion architecture, a sparsely gated Mixture-of-Experts
(MoE) head with Top-𝐾 routing, and a soft-gated MoE
head with dense expert aggregation, respectively. To-
gether, these architectures represent progressively more
flexible strategies for modeling valence and arousal pre-
diction from shared contextual encoder representations.

C Official Competition Results
This section summarizes the official results of SemEval-
2026 Task 2 across all three subtasks, where Table 7
reports the rankings of top teams together with our of-
ficial submission, CITD@UIT, which placed 9th of
26 teams in Subtask 1, 6th of 15 teams in Subtask 2A,
and 11th of 12 teams in Subtask 2B, demonstrating
competitive performance on dimensional affect model-
ing and short-term emotional state forecasting despite
the substantially greater difficulty of long-term disposi-
tional prediction tasks under realistic evaluation settings
overall in practice across diverse users and temporal
conditions.
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RoBERTa
Pretrained Encoder

Linear Layer
768 → 256

GeLU + Dropout
𝑝 = 0.2–0.3

Linear Layer
256 → 128

GeLU + Dropout
𝑝 = 0.2–0.3

Linear Layer
128 → 1

LayerNorm (256) LayerNorm (128)

Linear Layer
768 → 256
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𝑝 = 0.2–0.3

Linear Layer
256 → 128
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𝑝 = 0.2–0.3

Linear Layer
128 → 1

LayerNorm (256) LayerNorm (128)

Valence

Arousal

Figure 2: Architecture of the RoBERTa-based multi-task regression framework. A shared pretrained encoder is
followed by two task-specific prediction heads for valence and arousal estimation, each composed of linear layers,
LayerNorm, GeLU activation, and dropout regularization.

Expert 1
Feed-Forward Network

Expert 2
Feed-Forward Network

Expert 3
Feed-Forward Network

Expert 4
Feed-Forward Network

e.g., 𝐺 (𝑥1) = 0.60 (Valence Features)

e.g., 𝐺 (𝑥2) = 0.10 (Arousal Features)

e.g., 𝐺 (𝑥3) = 0.25 (Joint V-A Features)

e.g., 𝐺 (𝑥4) = 0.05 (Noise / Symbols)

Gating Network
Softmax

RoBERTa
Pretrained Encoder Top-𝐾 Selection

e.g., 𝐾 = 2

Weighted Output∑
𝐺𝑖𝐸𝑖

Figure 3: Architecture of the sparsely gated Mixture-of-Experts prediction head. A gating network assigns routing
scores to multiple experts, after which Top-𝐾 selection activates only the most relevant experts to produce a weighted
aggregated output. Numerical scores and feature descriptions shown above experts are illustrative examples only.

Expert 1
Feed-Forward Network

Expert 2
Feed-Forward Network

Expert 3
Feed-Forward Network

Expert 4
Feed-Forward Network

e.g., 𝐺 (𝑥1) = 0.70 (Valence Features)

e.g., 𝐺 (𝑥2) = 0.10 (Arousal Features)

e.g., 𝐺 (𝑥3) = 0.15 (Joint V-A Features)

e.g., 𝐺 (𝑥4) = 0.05 (Noise / Symbols)

Gating Network
Softmax

RoBERTa
Pretrained Encoder

Weighted Output∑
𝑖 𝐺 (𝑥𝑖) 𝐸𝑖

Figure 4: Architecture of the soft-gated Mixture-of-Experts prediction head. A gating network assigns dense routing
weights to all experts, allowing every expert to contribute to the final prediction through a weighted summation.
Numerical scores and feature descriptions shown above experts are illustrative examples only.
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Table 7: Official leaderboard results for all three shared subtasks.

Top 10 Official Leaderboard for Subtask 1 Among 26 Participating Teams

Team Valence (V) Arousal (A) V&A_average
𝑟𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒 𝑟𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒

UKP_Psycontrol 0.667 0.554 0.611
YNU 0.677 0.528 0.603
cclin 0.647 0.527 0.587
AFourP 0.679 0.466 0.573
lamanhnguyen 0.687 0.458 0.573
CSIRO-LT 0.656 0.488 0.572
CuriosAI 0.683 0.451 0.567
Bison AI4PC 0.665 0.468 0.567
CITD@UIT∗ 0.637 0.489 0.563
mcmaster4z03 0.665 0.460 0.562

Top 10 Official Leaderboard for Subtask 2A Among 15 Participating Teams

Team Valence (V) Arousal (A) V&A_average
𝑟 𝑟

UKP_Psycontrol 0.675 0.683 0.679
YNU 0.692 0.647 0.669
UAlberta 0.615 0.674 0.645
linear(prev) (Baseline) 0.615 0.670 0.643
Ajman University 0.615 0.670 0.642
CITD@UIT∗ 0.629 0.633 0.631
CSIRO-LT 0.621 0.477 0.549
AI4PC - Howard U. 0.597 0.413 0.505
linear(BERT; prev) (Baseline) 0.430 0.405 0.418
Emo-tica 0.424 0.355 0.390

Top 10 Official Leaderboard for Subtask 2B Among 12 Participating Teams

Team Valence (V) Arousal (A) V&A_average
𝑟 𝑟

linear(prev) (Baseline) 0.434 0.584 0.509
UAlberta 0.405 0.602 0.503
NLPGroup8 0.354 0.388 0.371
Emo-tica 0.257 0.418 0.337
AI4PC - Howard U. 0.046 0.348 0.197
Ajman University -0.124 0.456 0.166
AGI 0.086 -0.081 0.003
rand (Baseline) 0.000 0.000 0.000
linear(BERT; prev) (Baseline) -0.029 0.019 -0.005
EcoAffectTrack -0.243 0.226 -0.009

...

CITD@UIT (11th)∗ -0.169 -0.060 -0.114
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