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Abstract

Modeling longitudinal affect requires capturing
both stable user tendencies and transient textual
signals. For SemEval-2026 Task 2, we propose
the Trait—State Affect Forecaster (TSAF),
which decomposes affect into persistent user
traits and text-conditioned states integrated via
adaptive gating. On per-text prediction (Sub-
task 1), TSAF achieves composite Pearson cor-
relations of 0.645 (valence) and 0.409 (arousal),
outperforming the Linear(BERT) baseline. In
forecasting tasks, results reveal strong short-
term affective inertia, where prior affect dom-
inates next-step prediction, while long-term
drift remains challenging under sparse super-
vision; TSAF shows stronger gains for arousal
in this setting. Analyses across user splits and
modalities highlight the benefits and limitations
of explicit trait—state modeling, particularly un-
der cold-start and short-text conditions.

1 Introduction

Dimensional affect modeling represents emo-
tion along continuous valence and arousal axes
grounded in psychological theory (Russell, 1980;
Bradley and Lang, 1994). Transformer-based mod-
els perform well on text-based valence—arousal re-
gression (Mendes and Martins, 2023), but typically
treat each instance independently.

This assumption breaks in longitudinal settings,
where affect evolves over time and varies across
individuals. In reflective writing and mental health
contexts, emotional expression reflects both sta-
ble user-level tendencies and transient contextual
signals. While recent work explores behavioral se-
quence modeling (Ganesan et al., 2026), it rarely
disentangles persistent baselines from dynamic tex-
tual effects.

Longitudinal affect data further exhibit irregular
sampling, variable sequence lengths, and sparsity,
limiting fully sequential approaches and motivating
models that explicitly separate stable traits from
context-dependent states.

SemEval-2026 Task 2 (Soni et al., 2026) formal-
izes this setting via (1) per-text valence—arousal pre-
diction, (2A) short-term state change forecasting,
and (2B) long-term dispositional drift prediction
under seen and unseen users—requiring joint mod-
eling of affective dynamics and user heterogeneity
under sparse, irregular observations.

We propose the Trait-State Affect Forecaster
(TSAF), which decomposes affect into stable user
traits and text-conditioned states. TSAF learns user
embeddings for persistent baselines and uses a con-
textual encoder for momentary signals, combined
via an adaptive gating mechanism for instance-
specific integration. This structure aligns with met-
rics separating within- and between-person perfor-
mance. TSAF supports per-text estimation (Sub-
task 1), while forecasting (Subtasks 2A/2B) is han-
dled through feature-based temporal modeling, en-
abling robust generalization under heterogeneous
and sparse user trajectories.

2 Related Work

Prior work spans dimensional affect modeling, lon-
gitudinal sequence modeling, and personalization
via trait—state representations.

Dimensional Affect Modeling. Emotion mod-
eling in NLP commonly uses continuous va-
lence—arousal (V&A) representations (Russell,
1980; Bradley and Lang, 1994; Mendes and Mar-
tins, 2023; Becker et al., 2026). Early methods
rely on lexicons and shallow regression (Lin et al.,
2024; Mitsios et al., 2024), while transformer-
based models provide strong contextualized pre-
dictions (Ahire et al., 2025). However, they largely
treat texts independently, ignoring longitudinal
structure.

Longitudinal Modeling and Forecasting. Recent
work models behavioral sequences (Ganesan et al.,
2026) using temporal architectures such as hierar-
chical transformers and change-detection models
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Figure 1: Per-user affect distributions. Valence (range [—2, 2]) shows higher variability, while arousal (range [0, 2]) is more
concentrated but retains between-user differences, motivating trait-based modeling.

(Tseriotou et al., 2023; Hills et al., 2024). Forecast-
ing remains challenging due to affective inertia and
user heterogeneity (Ganesan et al., 2026; Tripodi
et al., 2025). Many approaches rely on autoregres-
sive or population-level assumptions (Tommasel
et al., 2021; Matero and Schwartz, 2020), limiting
personalization.

Personalization and Trait-State Modeling. Psy-
chological theory distinguishes stable traits from
transient states (Steyer et al., 1999; Wurpts, 2015).
NLP personalization often uses user embeddings or
identifiers (Mireshghallah et al., 2022; Soni et al.,
2025; Shu, 2024), but typically entangles persistent
and contextual signals (Harry et al., 2026). We in-
stead explicitly separate trait and state components
and combine them via adaptive gating, aligning
with within- and between-person variance mod-
eling (Schuurman, 2023; Hoffman and Stawski,
2009).

Overall, prior work either models text without
personalization or incorporates user information
without explicit trait—state decomposition. Our ap-
proach directly models and integrates both compo-
nents in a structured manner aligned with longitu-
dinal evaluation.

3 Dataset and Analysis

The SemEval-2026 Task 2 training set contains
2,764 longitudinal texts from 137 users, annotated
with valence [—2, 2] and arousal [0, 2], along with
user IDs, timestamps, and modality labels.

User Heterogeneity. User activity is highly im-
balanced (2-206 texts per user; mean 20.2). Af-
fective variability differs substantially across users
(valence std: 1.05; arousal std: 0.67), with clear
between-user differences in range and dispersion
(Figure 1(a-b)), motivating explicit modeling of
stable user traits.

Bimodal Text Structure. The dataset includes

1,433 feeling-word entries and 1,331 essays. Es-
says are substantially longer (up to 225 words;
75th percentile: 52), providing richer context,
while feeling-word entries are sparse. Despite this,
both modalities occupy similar regions in the va-
lence—arousal space (Figure 3), indicating differ-
ences arise from expressive density rather than la-
bel distribution.

Temporal Sparsity and Inertia. Data are col-
lected in discrete waves with uneven temporal cov-
erage and late-phase concentration (Figure 4), intro-
ducing non-stationarity. Step-wise affect changes
are strongly concentrated near zero (Figure 2(a-b)),
indicating pronounced short-term inertia. Com-
bined with irregular sampling, this limits fully
sequential approaches and motivates temporally-
aware but robust modeling.

These properties motivate trait—state decompo-
sition, modality-aware representations, and non-
sequential temporal modeling under sparse, hetero-
geneous user trajectories.

4 Trait—State Affect Forecaster (TSAF)

Figure 5 illustrates the proposed Trait—State Af-
fect Forecaster (TSAF), which decomposes af-
fect prediction into a frait component capturing
stable user baselines and a state component mod-
eling text-dependent fluctuations. These corre-
spond to between-user and within-user variation
and are combined via an adaptive gating mecha-
nism. While TSAF refers to the full system submit-
ted across all subtasks, the neural trait—state model
with adaptive gating applies specifically to Sub-
task 1. For Subtasks 2A and 2B, temporal forecast-
ing is handled by separate feature-based models
(Ridge regression and LightGBM), described in
Sections 4.2 and 4.3. Code is publicly available'.

!Code repository
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Figure 2: Distribution of step-wise affect changes (Subtask 2A). Both valence and arousal are strongly concentrated near A = 0,

indicating pronounced short-term affective inertia.
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Figure 3: Valence—arousal coverage by modality. Both modal-
ities span similar affective regions despite large length dif-
ferences, indicating variation arises from expressive density
rather than label distribution.
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Figure 4: Monthly distribution of training texts showing un-
even activity with late-phase concentration, indicating wave-
based collection and temporal imbalance.

4.1 Subtask 1: Trait—State Affect Modeling

Given user u and text x,, ;, TSAF predicts valence
and arousal as a gated mixture of trait and state
signals.

State Representation. Each text is encoded us-
ing DistilBERT-base-uncased with masked mean
pooling, yielding h,, ; = Encoder(z,¢) € RY.
Trait Representation. Each user u is assigned
a learned embedding z, € R, trained jointly to
capture stable affective baselines. Unseen users
share a common UNK embedding.

Regression Heads. Separate linear heads pro-

duce affect estimates y35° = fae(hy,¢) and
yrat = fii(zy), where § € R? denotes valence
and arousal.

Adaptive Gating. TSAF learns a gate g,; =
o(Wyhuy; o) + bg), where g, € (0,1) is a
scalar gating coefficient. The final prediction is
computed as §u,e = gu,tF 34 + (1 — gu) I, dy-
namically balancing user baselines and contextual
cues.

Training. We minimize mean squared error £ =
+ Dt I¥ur — yutl|3 and select models using
the official composite Pearson correlation, which
captures both within-user and between-user perfor-
mance.

4.2 Subtask 2A: State Change Forecasting

For each user at time ¢, the feature-based forecast-
ing model predicts next-step affect change Aj7°
using strictly past information. Features include
current affect (vy ¢, ay), first-order differences,
rolling statistics (window=3), time gaps, phase in-
dicators, and modality. We capture the temporal
dependencies via lagged affect features and short-
window statistics rather than learned sequential rep-
resentations. We train a Ridge regression model for
valence and a LightGBM model for arousal. Users
without a history default to the global mean change.
We use feature-based models because short-term
affect is largely driven by previous states. Also,
given short and irregular user histories, sequence
models tend to overfit and provide little additional
benefit.
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Figure 5: Trait—State Affect Forecaster (TSAF). Texts are encoded with DistilBERT to produce state representations, while
learned user embeddings encode stable trait baselines. An adaptive gate computes a weighted combination of trait and state

predictions to predict valence and arousal.

4.3 Subtask 2B: Dispositional Change
Modeling

To capture long-term affect drift, the Ridge-based
model aggregates first-half (early) user entries into
summary statistics: mean, standard deviation, ex-
trema, linear trend, entry count, and temporal
span. Separate Ridge regressors predict valence
(o = 100) and arousal (o« = 1), with stronger regu-
larization for valence to mitigate overfitting under
limited user-level data. This aggregation-based ap-
proach reflects the limited number of observations
per user and focuses on capturing coarse-grained
trends rather than fine-grained temporal dynamics.

S Experiments

5.1 Data Splits

For Subtask 1, we exclude users with fewer than six
entries to ensure reliable within-user estimates. We
hold out 15% of users as unseen. For seen users, we
train on the earliest 80% of texts and validate on the
most recent 20%, preserving temporal order. For
Subtask 2A, we reserve the final labeled transition
per user for validation. For Subtask 2B, we split
users 80/20 and retrain on all labeled users before
test prediction.

5.2 Implementation Details

We tokenize text using DistilBERT-base-uncased
(max length 256) without additional normalization
and order samples chronologically per user. We
compute all temporal features strictly from past
observations to prevent leakage. We use pretrained
Hugging Face models with PyTorch. We set the
user embedding dimension to 64 and include a
shared UNK embedding for unseen users. We im-
plement structured models using scikit-learn and
LightGBM.

5.3 Training and Evaluation

For Subtask 1, we minimize MSE using AdamW
(learning rate 2x 107, batch size 16) for up to
20 epochs with early stopping (patience 3). We
select models based on validation composite Pear-
son r. For Subtask 2A, we model valence change
using Ridge regression (cross-validated «) and
arousal change using LightGBM (300 rounds,
learning rate 0.05). For Subtask 2B, we select
Ridge regularization via grid search over a €
{0.01,0.1, 1,10, 100}, yielding o« = 100 (valence)
and o« = 1 (arousal). We follow the official
SemEval-2026 Task 2 evaluation protocol and re-
port Pearson » and MAE. For Subtask 1, we addi-
tionally report within- and between-person Pearson
r, combined via Fisher-z averaging.

6 Results

Tables 1 and 2 report official test results. We focus
on Pearson correlation (r), the primary ranking
metric, and report MAE for completeness. We
compare against official baselines: Linear(BERT)
(L-BERT), Linear(BERT; previous), linear(prev)
(L-Prev), Rand-M, and Rand-Z.

6.1 Subtask 1: Longitudinal Affect Modeling

TSAF achieves » = 0.645 (valence) and r = 0.409
(arousal), improving over L-BERT by +0.088 and
+0.110, respectively. Gains are consistent across
between- and within-user metrics, with stronger
improvements in within-user alignment, indicating
improved modeling of user-specific dynamics.
Figure 6 visualizes performance across user

splits and modalities. Detailed results are provided
in Appendix A.
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Model Comp Between Within

Valence (1)

L-BERT .557 .659 435
Rand-M  .000 .028 .000

TSAF .645 705 577
Valence (MAE)

L-BERT .743 472 .886

Rand-M  .000 .627 1.041

TSAF 685 472 822

Arousal ()

L-BERT .299 343 253
Rand-M  .000 .096 .000

TSAF 409 430 .388
Arousal (MAE)
L-BERT .459 311 .585

Rand-M 488 326 .622
TSAF 407 275 524

Table 1: Subtask 1 test performance. TSAF improves correla-
tion and reduces error across both affect dimensions.

. Valence L-BERT
0.7 L Valence TSAF
mmm Arousal L-BERT

0.6 = Arousal TSAF
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o
2
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Seen Unseen Essay Words

Figure 6: Composite Pearson correlation (r) across user splits
and modalities. TSAF improves under unseen users and short
inputs, while L-BERT remains competitive on essays.

6.1.1 Analysis

Seen vs. Unseen Users. For seen users, L-BERT
achieves higher valence correlation, especially
for between-user effects, indicating strong im-
plicit modeling of stable variance. In contrast,
TSAF improves composite correlation under un-
seen users for both valence and arousal, demon-
strating stronger robustness under cold-start condi-
tions.

Within vs. Between-User Effects. TSAF im-
proves within-user correlation for unseen users
while maintaining competitive between-user per-
formance, confirming that explicit trait—state de-
composition enhances modeling of user-specific
variation without degrading global alignment.
Modality Effects. TSAF consistently outperforms
L-BERT on feeling-word entries, where sparse in-
puts benefit from adaptive trait—state balancing. For
essays, L-BERT remains competitive, particularly
for between-user correlation, suggesting that longer
texts already encode stable affective signals.

Model TV TA MAEV MAEA
Subtask 2A: State Change
L-Prev 615 .670 1.168 .638
L-BERT+Prev 430 .405 1.251 708
Rand-Z .000 .000 1.261 .696
TSAF 424 355 1.297 .842
Subtask 2B: Dispositional Change
L-Prev 434 584 .406 .286
L-BERT+Prev -.029 .019 436 305
Rand-Z .000 .000 417 .296
TSAF 257 418 461 .298

Table 2: Subtask 2 forecasting performance.

TSAF shows larger gains for arousal than va-
lence, suggesting that activation dynamics are more
amenable to explicit trait—state decomposition un-
der sparse, longitudinal supervision.

6.2 Subtask 2: Forecasting

Subtask 2A: Short-Term Forecasting. TSAF
achieves r = 0.424 (valence) and r = 0.355
(arousal), outperforming random baselines but trail-
ing L-Prev. This confirms strong short-term af-
fective inertia: recent affect dominates next-step
changes, limiting gains from more expressive mod-
els.

Subtask 2B: Long-Term Drift. TSAF achieves
r = 0.257 (valence) and » = 0.418 (arousal), rank-
ing 4th overall and 3rd for arousal. Unlike Subtask
2A, long-term prediction benefits from aggregated
user statistics rather than short-term autoregressive
signals. Stronger arousal performance suggests that
activation trends are more structurally recoverable
than valence drift under sparse supervision.

6.3 Ablation on Validation Set

On the validation split (Section 5.1), we compare
four variants: state-only, trait-only, concatenation
of user and text embeddings, and gated fusion
(TSAF). The state-only model performs strongly,
with mean r =~ 0.64 and only a small seen—unseen
gap, showing that contextual text representations
provide the dominant predictive signal. In con-
trast, the trait-only model fails to converge, confirm-
ing that user-level signals alone are insufficient for
accurate affect prediction. Simple concatenation
achieves the highest validation performance (mean
r =~ 0.65), but it also increases the seen—unseen
gap, indicating greater reliance on user-specific pa-
rameters and reduced generalization. TSAF attains
slightly lower peak performance (mean r ~ 0.62),
reflecting the trade-off introduced by explicitly
modeling both trait and state components, while
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providing a structured and interpretable integration
of user-level and contextual signals. Overall, these
results show that affect prediction in this dataset is
primarily state-driven, while trait information re-
mains complementary rather than sufficient on its
own. The trait—state decomposition offers a prin-
cipled personalization mechanism, but its benefit
depends on balancing expressivity and generaliza-
tion.

To quantify generalization to unseen users, we
compare seen and unseen splits. TSAF achieves
a composite correlation of 0.6247 for seen users
and 0.5506 for unseen users, a modest drop of
0.0741, which indicates limited degradation under
the shared UNK embedding and strong dependence
on contextual text signals. We also evaluate few-
shot adaptation with k = 3 samples; performance
drops further to r = 0.4335, below the non-adapted
unseen score, suggesting that small-sample adapta-
tion overfits rather than improves personalization.

6.4 Error Analysis

We analyze validation errors to characterize
TSAF’s inductive biases and failure modes.
Overall Difficulty. Valence remains harder to pre-
dict than arousal (MAE: 0.77 vs. 0.48), reflect-
ing its wider range and higher variability. This
increases regression difficulty and amplifies sensi-
tivity to user-level baselines.
Extreme Valence Underestimation. For strongly
negative instances (v < —1.5, n = 141), TSAF
shows a mean positive bias of +1.01, indicating
systematic underestimation of extreme negativity.
This reflects regression toward user-level trait com-
ponents, which regularize predictions but attenuate
high-magnitude affect.
Affective Inertia and Spikes. For large arousal
changes (|Aa| > 1.0), MAE increases to 0.69 (vs.
0.48 overall), indicating that abrupt transitions are
difficult to capture. The model better captures grad-
ual trends than sharp state changes, consistent with
strong affective inertia.
Polarity Reversals. High-error cases frequently in-
volve polarity reversals, where strongly positive or
negative labels are predicted with opposite sign.
These errors often occur in longer essays with
mixed or contrastive emotional cues, where stable
trait signals can dominate localized textual indica-
tors.

Overall, errors reveal a structural trade-off: trait
modeling improves global user alignment and
robustness but reduces sensitivity to extreme or

rapidly changing affective states.

7 Conclusions

TSAF introduces a structured trait—state decompo-
sition for longitudinal valence and arousal model-
ing in SemEval-2026 Task 2, combining stable user
embeddings with text-conditioned signals via adap-
tive gating. The model improves over L-BERT on
per-text prediction, with analysis showing that af-
fect is primarily state-driven while trait information
provides complementary gains, particularly under
cold-start conditions. Improvements are more pro-
nounced for arousal, suggesting stronger alignment
with stable user tendencies. Forecasting remains
challenging due to strong short-term inertia and lim-
ited supervision for long-term drift. Overall, TSAF
offers a principled and interpretable approach to
personalization, while future work should explore
sequence-aware methods to better capture temporal
dynamics under sparse and irregular observations.

Limitations

Despite improvements over the baseline in Sub-
task 1, several limitations remain. Personalization
relies on learned user embeddings, with unseen
users sharing a single UNK representation, which
constrains user-specific adaptation, although the
modest performance drop suggests predictions re-
main largely text-driven. The model also treats
each text independently and does not leverage short-
term affect history. For Subtask 2A, reliance on
engineered temporal features instead of learned se-
quence models limits the capture of fine-grained
transitions, while Subtask 2B summarizes user tra-
jectories using simple aggregates under limited
data, restricting long-term modeling. Additionally,
the dataset’s bimodal structure—Ilong essays ver-
sus sparse feeling-word entries—introduces varia-
tion in expressive detail, potentially leading to un-
even performance across modalities. Overall, while
trait—state decomposition improves longitudinal af-
fect modeling, more expressive sequence-based
approaches are needed to better capture temporal
dynamics under sparse and irregular observations.
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A Detailed Subtask 1 Results

This section provides a full breakdown of Subtask
1 performance across user splits (seen vs. unseen)
and text modalities (essay vs. feeling-word).

We report performance using Pearson correlation

(r) and mean absolute error (MAE). In addition to
overall (composite) scores, we compute separate
metrics to distinguish between inter-user and intra-
user performance.
Metric Definitions. Composite correlation (7 comyp)
is computed over all instances. Between-user cor-
relation (Tpeppeen) 1S computed over per-user aver-
ages, capturing inter-user variation, while within-
user correlation (7,;:hin) 1S computed after center-
ing values per user, capturing intra-user temporal
dynamics. MAE is computed analogously for each
setting, with lower values indicating better perfor-
mance.

These metrics provide complementary perspec-
tives: correlation evaluates ranking consistency,
while MAE measures absolute prediction accuracy.

As shown in Tables 3 and 4, L-BERT performs
strongly on seen users, particularly for between-
user correlation, indicating reliance on learned user-
specific patterns, whereas TSAF shows substantial
improvements for unseen users and sparse inputs,
demonstrating stronger generalization under lim-
ited context. TSAF shows larger gains for arousal
than valence and often achieves higher correlation
without consistently reducing MAE, indicating bet-
ter ranking but less accurate prediction values.

Split Valence Arousal
L-BERT TSAF L-BERT TSAF
Composite (7comp)
Seen Users 748 .658 422 332
Unseen Users 562 640 238 512
Essay Only 546 .602 .395 313
Words Only 470 669 158 582
Between-user (rpetween)
Seen Users 851 732 .592 383
Unseen Users .624 691 258 540
Essay Only .629 .652 .395 296
Words Only .570 738 124 638
Within-user (7within)
Seen Users .588 .569 215 278
Unseen Users 494 .583 238 483
Essay Only 451 .547 .395 .330
Words Only 357 .586 191 520

Table 3: Subtask 1 correlation performance across user splits
and modalities for valence and arousal. Higher values indicate
better performance.

Split Valence Arousal
L-BERT TSAF L-BERT TSAF
Composite (M AEcomp)
Seen Users .598 710 .408 415
Unseen Users 172 .660 488 398
Essay Only 710 745 468 437
Words Only .823 .603 487 .389
Between-user (M AFEpctween)
Seen Users 354 .543 .268 288
Unseen Users 411 399 309 261
Essay Only 548 .563 358 298
Words Only .641 419 384 292
Within-user (M AFE ,ithin)

Seen Users .766 .823 531 529
Unseen Users .924 822 .633 519
Essay Only .820 .858 .566 558
Words Only 918 739 578 479

Table 4: Subtask 1 MAE performance across user splits and
modalities for valence and arousal. Lower values indicate
better performance.
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