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Abstract

This paper describes the NLP-FSDM sys-
tem for SemEval-2026 Task 2, Subtask 1 on
longitudinal affect assessment. The task re-
quires predicting Valence and Arousal (V&A)
scores for sequences of ecological essays and
feeling words written over time. We adopt
ModernBERT-large as a text encoder and for-
mulate the task as a joint regression problem
optimized using a Concordance Correlation Co-
efficient (CCC) loss combined with a lightly
weighted Mean Absolute Error (MAE) term.
To reduce variance induced by fine-tuning large
transformers on relatively small user-specific
datasets, we employ a three-seed ensemble. Fi-
nally, we introduce a lightweight post-inference
temporal smoothing mechanism applied per
user to improve within-user consistency. Our
system achieves an 7 composite Of 0.546 for Va-
lence and 0.453 for Arousal, demonstrating sta-
ble cross-dimensional performance without ex-
plicitly modeling sequential dependencies.

1 Introduction

Longitudinal affect modeling differs substantially
from traditional sentiment analysis (Pang et al.,
2002; Benlahbib and Boumbhidi, 2023; Cambria
et al., 2017; Turney, 2002). Instead of predict-
ing isolated polarity labels, systems must estimate
emotional trajectories across time for individual
users. In SemEval-2026 Task 2 (Soni et al., 2026),
Subtask 1, participants are asked to generate real-
valued Valence and Arousal scores for each text in
a chronologically ordered sequence.

The evaluation combines two complementary
perspectives: (1) between-user correlation, which
measures the ability to distinguish individuals with
different emotional baselines, and (2) within-user
correlation, which evaluates how well the system

captures fluctuations over time for the same indi-
vidual.

The final leaderboard ranking is based on a com-
posite correlation defined in the official evaluation
script as:

arctanh(r,,) + arctanh(ry)
2

Tcomp = tanh(
(1

This formulation averages the two correlations in
transformed space before mapping the result back
to the original scale.

This evaluation setup creates an inherent trade-
off. A model that focuses too much on distin-
guishing between users may struggle to capture
changes over time, while a model that emphasizes
short-term fluctuations may lose overall consis-
tency across users. Our approach aims to balance
these two aspects by combining correlation-aware
training with a post-hoc temporal smoothing step.

Our system is based on ModernBERT (Warner
et al., 2025) fine-tuned for multi-target regression
of valence and arousal. To ensure consistency
with the shared task evaluation protocol, we op-
timize a joint Concordance Correlation Coefficient
(CCCQ) loss (Lin, 1989) instead of standard regres-
sion losses such as mean squared error. By directly
maximizing concordance, the model learns to cap-
ture both linear association and distributional agree-
ment between predictions and gold annotations.
This evaluation-aligned training strategy improves
robustness across users and temporal variations.

To ensure the reproducibility of our results, we

have made the complete source code, including
the training scripts and post-inference temporal
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smoothing logic, publicly available.

The remainder of this paper is organized as
follows: Section 2 reviews related work in di-
mensional emotion modeling and longitudinal as-
sessment. Section 3 describes the SemEval-2026
Task 2 dataset and its challenges. Section 4 de-
tails our methodology, including the ModernBERT-
large backbone, our CCC-MAE joint loss func-
tion, and hardware optimization strategies. Section
5 presents our multi-seed ensemble and temporal
smoothing post-processing. Section 6 reports the
official results, followed by a detailed discussion
of the Valence-Arousal performance gap in Section
7. Finally, Section 8 and Section 9 provide our
conclusion, future work, and limitations.

2 Related Work

Emotion prediction in text has been extensively
studied in both categorical and dimensional frame-
works. Early work in dimensional emotion model-
ing often relied on lexicon-based approaches and
regression over handcrafted features (Mohammad
et al., 2018).

Transformer-based models such as BERT (De-
vlin et al., 2019) significantly improved perfor-
mance in sentiment and emotion analysis by lever-
aging contextual representations. Subsequent re-
search extended these models to continuous affect
prediction tasks (Demszky et al., 2020).

The Concordance Correlation Coefficient (CCC)
has been widely used in affective computing, par-
ticularly in multimodal emotion recognition chal-
lenges such as AVEC (Valstar et al., 2016), where
correlation-based objectives were shown to better
align with evaluation metrics than standard MSE.

Longitudinal modeling of psychological sig-
nals has traditionally relied on recurrent neural
networks, particularly Long Short-Term Memory
(LSTM) architectures (Hochreiter and Schmid-
huber, 1997), to capture temporal dependencies.
While such models are designed to learn sequen-
tial patterns, their effectiveness can be limited in
user-specific settings where only a small number
of observations is available per individual. In these
low-resource scenarios, complex temporal models
may struggle to generalize reliably. In our exper-
iments, we find that a simpler non-sequential en-
coder combined with post-hoc temporal smoothing
provides a strong and stable baseline when per-user
data is limited.

"Link to Source Code

Our work follows this pragmatic direction:
rather than explicitly modeling time during training,
we stabilize predictions post hoc using lightweight
temporal smoothing.

3 Task and Data

The dataset consists of 2,764 training observations
from 137 users. Each instance contains a text (ei-
ther an ecological essay or a set of feeling words),
a timestamp, and gold valence and arousal scores.
The median number of texts per user is relatively
small (31), making the task particularly sensitive to
overfitting at the individual level. The presence of
both short feeling words and longer essays further
increases variance in representation quality.

4 Methodology
4.1 Validation Strategy

To approximate the official unseen-user scenario
during development, we performed user-level split-
ting. Users were randomly divided into training
and validation sets, ensuring that no user appeared
in both. This prevents artificial inflation of within-
user correlation during validation.

The final submitted model was trained on the
full training dataset.

4.2 Text Encoder

We adopted ModernBERT-large as our backbone.
Each text is processed independently, and no tem-
poral information is injected during encoding. This
design choice reduces model complexity and miti-
gates overfitting risks given limited per-user data.

4.3 Loss Function

The official ranking metric is based on Pearson
correlation rather than squared error. To better
align training with evaluation, we implemented a
CCC-based objective:

£ =0.5(1-CCCy)+0.5(1 — CCC4) + 0.01(MAE) (2)

The CCC term encourages agreement in mean,
variance, and covariance between predictions and
ground truth. The lightly weighted MAE compo-
nent stabilizes optimization and anchors predic-
tions numerically.

4.4 Optimization Details

We trained using:

* Learning rate: 2¢~°
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» Effective batch size: 128 (via gradient accu-
mulation)

* Mixed precision (fp16)
* Gradient checkpointing

Although training was configured for eight
epochs, validation correlation consistently peaked
at epoch four. We therefore fixed early stopping at
epoch four for all seeds.

4.5 Hardware Optimization and VRAM
Management

To leverage the representational power of
ModernBERT-large (approximately 391M param-
eters) within the constraints of a single NVIDIA
Tesla P100 GPU (16GB VRAM) via the Kag-
gle environment, several memory-optimization
techniques were employed. Given the memory-
intensive nature of calculating the CCC loss across
large batches, we implemented Gradient Accumu-
lation with 16 steps to achieve an effective batch
size of 128 while maintaining a small per-device
footprint.

Furthermore, we utilized Gradient Checkpoint-
ing to trade computational time for memory, allow-
ing the model to fit within the P100’s memory lim-
its during the fine-tuning process. These optimiza-
tions were essential for maintaining the stability of
the correlation-based loss function, which requires
sufficiently large batch sizes to accurately estimate
the variance and covariance of the predicted affect
scores.

5 Ensemble and Post-Processing

5.1 Multi-Seed Ensemble

Three models were trained using seeds 42, 100,
and 12345. Final predictions were obtained by
averaging outputs across the three runs.

5.2 Temporal Smoothing

Predictions were sorted chronologically per user
and smoothed using a rolling window of size three:

2
R 1
Jut =3 ; Yot 3)

This reduced abrupt fluctuations caused by lexi-
cal artifacts and improved within-user consistency.
To illustrate the stabilization effect, consider
a sequence of raw Arousal predictions for a sin-
gle user: [0.42,0.55,1.85,0.48,0.52]. The sharp

spike to 1.85 (perhaps triggered by a single high-
intensity word like "emergency") creates a dis-
continuous trajectory. After applying the rolling
mean (k = 3), the smoothed sequence becomes
[0.42,0.48,0.94,0.96, 0.95].

By redistributing the "energy" of the spike across
the surrounding timestamps, the model favors emo-
tional inertia over instantaneous lexical artifacts.
This transition from a high-variance signal to a sta-
bilized one directly contributed to our competitive
Twithin ScCOres, as longitudinal affect is psycholog-
ically characterized by gradual transitions rather
than stochastic shifts.

Finally, predictions were clipped to the official
competition ranges to ensure validity. Valence
scores were bounded to the interval [—2.0,2.0],
while Arousal scores were clipped to [0.0,2.0].
These constraints prevented the model from be-
ing penalized for extreme outliers generated during
the regression process.

6 Results
Metric Valence Arousal
T'composite 0.546 0.453
Tbetween 0.660 0.588
Twithin 0.408 0.293

Table 1: Performance of NLP-FSDM on Subtask 1.

Arousal prediction proved substantially more
challenging than Valence across teams. Our bal-
anced objective prevented severe degradation in the
arousal dimension, resulting in competitive cross-
dimensional performance.

7 Discussion

7.1 The Valence-Arousal Paradox

A primary observation in our results is the perfor-
mance discrepancy between dimensions. While our
system achieved a highly competitive rcomposite Of
0.453 in Arousal, outperforming the top-ranked Va-
lence system and the official linear baseline, our
Valence score (0.546) trailed slightly behind the
linear(BERT) baseline (0.557).

We hypothesize that this "Baseline Paradox"
arises from a trade-off between stability and sen-
sitivity. In the ecological essay dataset, valence
is often expressed through clear and explicit emo-
tional words. While our temporal smoothing mech-
anism (k = 3) helps reduce noise, particularly in
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the Arousal dimension, it may also unintentionally
soften sharp and isolated shifts in Valence. As a
result, sudden changes in polarity can be slightly
attenuated due to the smoothing effect.

7.2 Implicit vs. Explicit Affective Cues

Our system’s superior performance in Arousal sug-
gests that the ModernBERT backbone, combined
with the CCC-loss, is exceptionally capable of cap-
turing the implicit structural and contextual cues
associated with emotional intensity. Unlike Va-
lence, which often relies on word-level sentiment,
Arousal is frequently encoded in sentence structure
and length. These nuances were captured more
effectively by our large-scale encoder than by the
simpler baseline.

7.3 Feature Limitations

The current iteration of NLP-FSDM processed text
independently of the provided metadata. Anal-
ysis suggests that incorporating the is_words
boolean and the t imestamp delta could have sig-
nificantly improved the Valence results.

In particular, short "feeling words" entries are
more likely to show sudden emotional shifts than
longer essays. Using the same fixed smoothing win-
dow for both types of text probably over-smoothed
the short entries. In addition, we did not take into
account the time gaps between consecutive times-
tamps. As a result, the model could not adapt its
temporal behavior: emotional states should rea-
sonably vary more across long time intervals than
across short ones.

8 Conclusion

We presented the NLP-FSDM system for longitu-
dinal affect assessment. By combining CCC-based
regression, multi-seed ensembling, and lightweight
temporal smoothing, we achieved balanced perfor-
mance across valence and arousal without complex
temporal architectures.

Future work may explore user-adaptive embed-
dings and direct optimization of composite correla-
tion.

9 Limitations

Despite the robust performance of the NLP-FSDM
system, several limitations warrant acknowledg-
ment. First, our model processes each text entry
independently. While we mitigate this through post-
hoc temporal smoothing, the architecture lacks a

native mechanism (such as recurrent layers or tem-
poral attention) to learn long-range dependencies
during the gradient descent process.

Second, the relatively small size of the dataset
(2,764 training instances) limited our ability to con-
duct thorough ablation analyses. The "ecological
essays" and "feeling words" correspond to differ-
ent writing styles, yet our model handles them in
the same way. This uniform treatment may miss
subtle differences in how users express emotional
intensity in short entries compared to longer essays.

Finally, the computational overhead of ensem-
bling three ModernBERT-large models increases
inference latency. In a real-world longitudinal mon-
itoring application, a more distilled or computa-
tionally efficient architecture might be required to
provide real-time feedback to users.
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