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Abstract

Longitudinal affect modeling requires systems
that can capture both the instantaneous emo-
tional intensity of a text and the temporal evo-
lution of a user’s emotional state. In this pa-
per, we describe EcoAffectTrack, our submis-
sion to SemEval-2026 Task 2: Predicting Vari-
ation in Emotional Valence and Arousal over
Time from Ecological Essays. We propose
a hierarchical framework that decouples text
encoding from temporal forecasting. For af-
fect assessment (Subtask 1), we fine-tune a
DeBERTa-v3 encoder optimized with a dif-
ferentiable Concordance Correlation Coeffi-
cient (CCC) Loss, showing that direct met-
ric optimization can lead to improved correla-
tion compared to standard Mean Squared Er-
ror (MSE). For state change forecasting (Sub-
task 2A), we employ a Transformer-based
temporal forecaster with positional encod-
ing to mitigate inter-subject variability in emo-
tional baselines. Our experimental results in-
dicate that aligning the loss function with the
evaluation metric and introducing task-specific
temporal modeling are key factors for per-
formance in longitudinal emotion recognition.
Code is available at https://github.com/
EcoAffectTrack-SemEval2026.

1 Introduction

The analysis of ecological essays presents a
unique challenge in Affective Computing: unlike
standard sentiment analysis—such as the specific
sentiment track in the GLUE benchmark (Wang
et al., 2018)—which often categorizes text into dis-
crete buckets (positive/negative), longitudinal af-
fect modeling requires tracking subtle, continuous
fluctuations in Valence (positivity) and Arousal
(activation dimension) over time. SemEval-2026
Task 2 formulates this as a regression problem
across user timelines, distinguishing between a
user’s disposition (long-term trait) and their state
(short-term mood).
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A critical bottleneck in regression-based emo-
tion detection is the choice of loss function (At-
maja and Akagi, 2021). Standard approaches typ-
ically rely on Mean Squared Error (MSE). While
MSE is effective for minimizing point-wise errors,
it assumes independent and identically distributed
errors and fails to capture the trend or variability
of emotional traces. In longitudinal tasks, preserv-
ing the "shape" of the emotional trajectory is often
more important than the absolute values.

Our primary contribution is a shift from error-
minimization to correlation-maximization, an ap-
proach increasingly favored in dimensional af-
fect modeling because it prioritizes the trend of
emotional traces over absolute point-wise accu-
racy (Lin, 1989; Atmaja and Akagi, 2021). By
training our backbone encoder directly on a soft
Concordance Correlation Coefficient (CCC) loss,
we force the model to optimize for the competi-
tion metric itself, rather than a proxy like Mean
Squared Error (MSE). Furthermore, we address
the challenge of subject variability. Different
users have different emotional baselines; a "neu-
tral" text for one user might be "negative" for an-
other. We propose a forecasting architecture that
applies sequence-level normalization and tempo-
ral self-attention, allowing the model to learn rel-
ative emotional shifts rather than absolute embed-
ding magnitudes. In this paper, we describe EcoAf-
fectTrack, our submission to SemEval-2026 Task
2: Predicting Variation in Emotional Valence and
Arousal over Time from Ecological Essays (Soni
et al., 2026).

2 Related Work

Transformer-based Emotion  Recognition
Since the advent of BERT (Devlin et al., 2018),
Transformer models have dominated emotion
recognition tasks. Recent work has shown that
DeBERTa (Decoding-enhanced BERT with Disen-
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tangled Attention) (He et al., 2021) outperforms
RoBERTa (Liu et al., 2019) and BERT on GLUE
benchmarks due to its superior handling of
positional semantics. However, most prior work
optimizes these models using MSE or Cross-
Entropy loss, which we argue is sub-optimal for
continuous valence-arousal prediction.

Temporal Affect Modeling Modeling emotion
over time typically involves Recurrent Neural Net-
works (RNNs) or Temporal Convolutional Net-
works (TCNs). Previous approaches in the Au-
dio/Visual Emotion Challenge (AVEC) (Ringeval
et al., 2019) have utilized LSTM-RNNs to smooth
frame-level predictions. Our work differs by ap-
plying sequence-level normalization and temporal
self-attention to standardize embedding scale and
model emotional transitions across time.

Correlation Maximization in Affective Comput-
ing While standard regression often relies on
MSE, recent studies in affective computing sug-
gest that correlation-based loss functions are more
robust for continuous valence-arousal prediction
(Atmaja and Akagi, 2021). Techniques like Multi-
modal Functional Maximum Correlation (MFMC)
(Zheng et al., 2025) have been proposed to maxi-
mize dependencies across signals, highlighting the
benefits of optimizing for the "shape" of emotional
responses rather than absolute values. Our work
builds on this by integrating a differentiable CCC
loss directly into a transformer-based hierarchical
framework to better capture longitudinal dynam-
ics.

3 System Architecture

Our system follows a hierarchical modeling
paradigm that separates text-level affect esti-
mation from user-level temporal and disposi-
tional modeling. All subtasks share a common
DeBERTa-based encoder backbone, while down-
stream architectures are specialized for their re-
spective objectives.

3.1 Subtask 1: Affect Assessment

For text-level valence and arousal prediction, we
fine-tune microsoft/deberta-v3-base (accessed
via HuggingFace). Given an input essay, token
embeddings from the final hidden layer are mean-
pooled using the attention mask to produce a 768-
dimensional representation.

To align training directly with the competition
metric, we optimize a differentiable version of
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Lins Concordance Correlation Coefficient (CCC).
For predictions g and ground truth y, the CCC loss
is defined as:
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where u, o, and p denote mean, standard de-
viation, and Pearson correlation respectively. We
train five independent folds across users (ensuring
no user overlap between train and validation sets)
and ensemble them at inference by averaging pre-
dictions. This stabilizes variance and improves ro-
bustness.

3.2 Subtask 2A: State Change Forecasting

Subtask 2A requires predicting the next-step emo-
tional delta given a history of user essays. Instead
of recurrent models, we employ a Transformer-
based temporal forecaster.

For each user, we construct fixed-length se-
quences of the last k = 8 essay embeddings
produced by the frozen Subtask 1 encoder. We
set k = 8 empirically based on memory con-
straints and the average frequency of user posts
within a localized emotional episode. Sequences
for users with fewer than 8 historical essays are
zero-padded. Each sequence has shape [8, 768].

Positional Encoding Since Transformer en-
coders lack inherent sequential ordering, we add
sinusoidal positional encoding to preserve tempo-

ral order information.

Temporal Modeling We use a 3-layer Trans-
former Encoder with:

¢ Hidden dimension: 768
e Number of heads: 8

¢ Feed-forward dimension: 2048

GELU activation
* Dropout: 0.2
The final hidden representation of the last

timestep is used as the summary vector of the users
recent emotional trajectory.



Regression Head The summary vector is passed
through a two-layer MLP mapping from 768 —
256 — 2 dimensions to predict valence and arousal
change. Input embeddings are normalized per se-
quence for stability during training. The model is
trained using CCC Loss to directly optimize corre-
lation with ground truth state changes.

3.3 Subtask 2B: Disposition Profiling

Disposition modeling differs from state forecast-
ing in that it captures long-term user traits rather
than short-term fluctuations. For each user, we ag-
gregate up to 50 historical essay embeddings. This
threshold covers the historical span of the majority
of users in the dataset; timelines shorter than 50
are zero-padded.

Attention Pooling Instead of naive mean pool-
ing, we apply a learnable attention mechanism.
Given sequence embeddings X € RT*7%8  atten-
tion weights are computed as:

oy = softmax(Ws tanh(Wya)) )

where W and W5 are learnable weight matrices
and z; is the embedding at timestep ¢. The final
user representation is a weighted sum:

T
h=>Y oum 3)
t=1

This allows the model to focus on emotionally
informative essays rather than treating all history
equally.

Deep Regression Head The pooled representa-
tion is passed through a multi-layer perceptron
mapping dimensions 768 — 512 — 128 — 2, uti-
lizing Batch Normalization, GELU activation, and
Dropout (0.3).

Loss Function Justification: While CCC was
highly effective for Subtasks 1 and 2A due to
the importance of capturing emotional trajecto-
ries, Subtask 2B predicts a single static disposition
value per user. For static point-estimation where
the concept of "trajectory shape" does not apply,
minimizing absolute error via MSE remains the
standard and most empirically stable approach.

4 Experimental Setup

4.1 Data Processing

All essays are tokenized using the DeBERTa-
v3 SentencePiece tokenizer with a maximum se-

quence length of 256 tokens. This covers over 98%
of essays without truncation.

Modality Awareness via Text Augmentation
The dataset features heterogeneous inputs, com-
prising both free-form ecological essays and
shorter "feeling word" lists. To ensure our rep-
resentations remain robust across both short and
long inputs, we dynamically apply text augmen-
tation during data loading. For instances flagged
as word lists, we prepend the contextual phrase "/
am feeling..." to the input sequence. This trans-
forms disjointed affective descriptors into syntac-
tically valid sentences, allowing the DeBERTa en-
coder to process both modalities with consistent
attention patterns.

User-level temporal sequences are constructed
from cached encoder embeddings to reduce recom-
putation and ensure consistency across subtasks.

4.2 Training Configuration

Hyperparameters were selected via grid search on
the validation folds. All experiments were con-
ducted with fixed random seeds for reproducibil-

ity.
Subtask 1

* Optimizer: AdamW

* Learning rate: 2>

* Weight decay: 0.01

* 5-fold grouped cross-validation (by user ID)
Subtask 2A

* Optimizer: AdamW

* Learning rate: le~*

 Weight decay: 1le 2

* Early stopping with patience 7

ReduceLLROnPlateau scheduler
Subtask 2B

* Optimizer: AdamW

* Learning rate: 5¢~°

» Weight decay: le—2

* Early stopping with patience 10
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Objective  Valence (CCC) Arousal (CCC)
MSE Loss 0.52 0.48
Huber Loss 0.55 0.51
CCC Loss 0.71 0.65

Table 1: Cross-validation results showing the superior-
ity of metric-aligned training.

4.3 Official Submission

The final system used a 5-fold ensemble for Sub-
task 1, a Transformer-based forecaster for Sub-
task 2A (window size 8), and a deep attention
profiling network for Subtask 2B. The submitted
system achieved 9th place overall on the official
SemEval-2026 Task 2 leaderboard.

5 Evaluation and Discussion

5.1 Ablation Study: Loss Functions

To validate our core contribution, we conducted
an ablation study comparing standard MSE Loss
against our proposed CCC Loss on Subtask 1.

As shown in Table 1, training with CCC Loss
yielded a substantial improvement (> 35% rela-
tive gain) in correlation metrics. Qualitative anal-
ysis revealed that MSE-trained models tended to
predict near the mean (low variance), a statistical
phenomenon known as "regression to the mean"
(Bland and Altman, 1994). In contrast, CCC-
trained models successfully captured the peaks
and valleys of the emotional signal.

5.2 Baseline Comparison

We first implemented a vanilla BERT (2018) base-
line trained with Mean Squared Error (MSE) for
all subtasks. This baseline directly fine-tuned the
encoder for regression without explicit temporal
modeling or user-level aggregation. While the
baseline achieved reasonable correlation for Sub-
task 1 (Valence CCC of 0.41 compared to our pro-
posed 0.71), it struggled significantly in Subtasks
2A and 2B.

Replacing BERT with DeBERTa-v3 (He et al.,
2021) improved contextual representation quality
and yielded consistent gains in valence and arousal
correlation. Furthermore, switching from MSE to
CCC Loss (Lin, 1989) substantially improved met-
ric alignment. Finally, introducing a Transformer-
based temporal forecaster (Vaswani et al., 2017)
and an attention-based disposition profiling net-
work enabled task-specific modeling, resulting in

Subtask Valence (r) Arousal (r)

Subtask 1 0.663 0.373
Subtask 2A -0.243 -0.011
Subtask 2B -0.243 0.226

Table 2: Official leaderboard performance of EcoAf-
fectTrack on SemEval-2026 Task 2.

improved robustness compared to the naive base-
line.

5.3 Official Leaderboard Results

As detailed in Table 2, our system ranked 9th over-
all on the official SemEval-2026 Task 2 leader-
board. While Subtask 1 performance was com-
petitive, Subtasks 2A and 2B proved substantially
more challenging due to limited historical context
and high inter-user variability.

The results indicate that while metric-aligned
optimization significantly improved text-level af-
fect prediction (Subtask 1), forecasting and dis-
position modeling remain challenging problems.
In particular, the negative correlations observed
in Subtask 2A suggest that modeling short-term
emotional change is highly sensitive to limited se-
quence history and data sparsity. Subtask 2B per-
formance, while modest, demonstrates the benefit
of attention-based aggregation over naive averag-
ing approaches.

5.4 Error Analysis and Modality Impact

To contextualize the challenges encountered in
temporal forecasting (Subtask 2A), we analyzed
the impact of linguistic structure and input modal-
ity on prediction quality. The dataset consists of
both narrative essays and affect-word lists, and our
observations align with the hypothesis that narra-
tive text introduces significant semantic variability
that is difficult to model.

As shown in Table 3, arousal prediction is
highly sensitive to syntactic complexity. Dense
contextual embeddings may struggle when emo-
tional states are conveyed implicitly through
events or relational contexts rather than explicit af-
fective phrasing. We hypothesize that texts rich in
descriptive structure stabilize arousal predictions,
whereas verb- and pronoun-heavy passages obfus-
cate the underlying emotional activation level.

Furthermore, the negative correlation in Sub-
task 2A is largely attributable to our choice of
sequence window (k = 8). For users with
sparse data, zero-padding diluted the temporal sig-
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Input Text Example Pred. Arousal True Arousal
"I am feeling overwhelmed, stressed, exhausted" (Aug- 0.81 0.85
mented Word List)

"It rained heavily today. The bus was late, which made 0.22 0.65

the morning quite a blur, but the coffee helped." (Narra-

tive)

Table 3: Qualitative comparison of arousal predictions showing model sensitivity to implicit narrative contexts.

nal. Even with sequence-level normalization, local
windows of k = 8 often captured localized noise
rather than the macro-emotional trend, causing the
forecaster to predict inverse trajectories compared
to the gold labels.

Limitations

A primary limitation of this work is the strict pa-
rameterization of historical context (k = 8 for
Subtask 2A, up to 50 for Subtask 2B). This hard
constraint restricted the model’s ability to contex-
tualize state changes for highly active users and
resulted in signal dilution for sparse users. Fur-
thermore, relying on pre-trained models like De-
BERTa intrinsically assumes a standard grammat-
ical structure; as demonstrated in our error analy-
sis, highly idiosyncratic narrative styles found in
ecological essays often obfuscate accurate arousal
predictions.

6 Ethical Considerations

The development of longitudinal affect models
raises important privacy and ethical concerns.
While the dataset is anonymized, models that track
emotional states over time could potentially be
used for surveillance or manipulative targeting.
We emphasize that such systems should only be de-
ployed with explicit user consent and transparency.
Furthermore, our model relies on pre-trained lan-
guage models (DeBERTa) which may inherit de-
mographic biases present in their training corpora;
care must be taken to ensure the model does not ex-
hibit demographic bias in its emotion predictions.

7 Conclusion

We presented a comprehensive framework for lon-
gitudinal affect assessment. Our experiments
demonstrate that how a model is trained (loss func-
tion) is often more critical than which model is
used. By optimizing directly for concordance and
introducing task-specific temporal and aggrega-
tion modules, EcoAffectTrack demonstrates com-

petitive performance for longitudinal affect mod-
eling. In future iterations, we aim to integrate ex-
plicit psycholinguistic features (e.g., LIWC cate-
gories), part-of-speech frequencies, and trainable
user-trait embeddings into the regression frame-
work to better stabilize predictions against narra-
tive complexity and inter-subject baseline shifts.
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