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Abstract

We describe our submission to SemEval-2026
Task 2 (Subtask 1), which asks systems to pre-
dict continuous Valence and Arousal scores
from ecological diary texts. We fine-tune
RoBERTa-base with a single linear regression
head, treating each essay independently. Our
System SCOres T'eomposite Of .679 (Valence) and
.466 (Arousal) on the official test set, placing
4th on the Subtask 1 leaderboard.

1 Introduction

Deep contextualized language models have substan-
tially changed how emotion is predicted from text.
Earlier systems used polarity lexicons or shallow
classifiers; pre-trained transformers encode richer
contextual and pragmatic information that those
approaches cannot access (Hutto and Gilbert, 2014;
Mohammad and Turney, 2013; Vaswani et al.,
2017; Liu et al., 2019).

SemEval-2026 Task 2 (Soni et al., 2026) intro-
duces a unique challenge: modeling emotional vari-
ation longitudinally from ecological texts. Note
that while referred to as "essays," the texts in this
dataset vary widely, ranging from free-form narra-
tive paragraphs to simple lists of feeling words. Un-
like short social media posts, these entries describe
lived experiences over time. The task requires pre-
dicting continuous Valence and Arousal scores for
each text.

This setup introduces three modeling challenges:

1. Continuous multi-dimensional regression
rather than discrete classification.

2. Longitudinal data with user-specific baselines
(i.e., the natural resting state or average emo-
tional level unique to an individual over time).

3. Narrative text containing temporally conflict-
ing emotional cues (e.g., "I started the week
feeling extremely anxious about the project,
but by Friday, I was completely relaxed and
overjoyed with the results").

Our approach fine-tunes ROBERTa-base with a
linear regression head, treating each essay inde-
pendently. We describe the architecture, training
procedure, and ablation experiments, and discuss
what the independent-essay assumption costs us in
practice.

2 System Overview

Our system is a single-model pipeline for continu-
ous VA regression. The key components are:

1. Encoder: RoBERTa-base (Liu et al., 2019),
fine-tuned end-to-end on the training split.

2. Tokenizer: Byte-level BPE, truncated to 256
tokens.

3. Regression head: A single linear layer pro-
jecting the [CLS] representation to R? (Va-
lence, Arousal).

4. Objective: Mean Squared Error (MSE) mini-
mized with AdamW.

The system treats each essay independently; no
user identity or temporal ordering information is
used at inference time.

Source code is available at: https://github.
com/shrikathota/SemEval2026-Task?2

3 Related Works and Background

Affective computing moved from discrete emo-
tion labels to continuous dimensional scoring once
annotated corpora and pre-trained models made
regression-based approaches practical. Lexicon-
based methods (Hutto and Gilbert, 2014; Moham-
mad and Turney, 2013) assign word-level senti-
ment scores aggregated over a text, but fail on
context-sensitive phenomena such as irony and
temporal sentiment reversal. Continuous VA anno-
tation corpora—such as EmoBank (Buechel and
Hahn, 2017), which provides valence, arousal, and
dominance scores for 10,000 English sentences—
enabled the transition to supervised regression-
based affect prediction. Pre-trained transformers,
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beginning with BERT (Devlin et al., 2019) and
refined by RoBERTa (Liu et al., 2019) through im-
proved pretraining objectives, encode contextual
meaning via multi-head self-attention (Vaswani
et al., 2017). This gives them the ability to handle
irony and subtler emotional cues that lexicon-based
methods miss. Continuous multi-output regression
with a transformer encoder and regression head is
now the common approach for predicting valence
and arousal (Christ et al., 2024). SemEval-2026
Task 2 (Soni et al., 2026) applies this setup to lon-
gitudinal diary texts, where the added difficulty is
that emotional trajectories vary per user and unfold
over time.

3.1 Dimensional Affect and Continuous
Modeling

Continuous dimensional spaces, grounded in the
circumplex model of affect (Russell, 1980), cap-
ture emotional intensities that discrete labels flatten
out. The framework places affect at a coordinate in
two dimensions:

* Valence: Represents the horizontal axis, mea-
suring the degree of pleasantness or “posi-
tivity” of an emotion. It ranges from neg-
ative/unpleasant (e.g., distress, sadness) to
positive/pleasant (e.g., joy, serenity). In this
task, valence is rated on a continuous scale of
[—2,2].

Arousal: Represents the vertical axis, mea-
suring the level of physiological activation or
“energy.” It ranges from low/deactivated (e.g.,
boredom, calm) to high/activated (e.g., excite-
ment, tension). In this task, arousal is rated on
a continuous scale of [0, 2].

Formally, we represent the affective state of a user
wattime t as Yyt = (Vyy, Gut) € R2. Shared
transformer encoders with two-output regression
heads have become the standard approach for pre-
dicting both dimensions jointly (Christ et al., 2024).

3.2 SemEval-2026 Task 2

SemEval-2026 Task 2 (Soni et al., 2026) asks sys-
tems to predict emotional valence and arousal vari-
ation over time from ecological essays. The entries
are longitudinal diary-style texts written in real-
world conditions—a design grounded in Ecologi-
cal Momentary Assessments (EMA) (Shiffman
et al., 2008), which capture psychological state

close to the experience rather than from retrospec-
tive recall. Three difficulties follow: the labels are
continuous, users have individual affective base-
lines (p,), and single entries often contain conflict-
ing emotional cues.

4 Modeling Assumption

Each user’s affect at time ¢ can be written as y,, ; =
[+ 0y ¢, Where f1,, is a stable per-user baseline and
du, 1s the essay-specific deviation. Our model does
not have access to user identity—it maps each text
directly to a VA score—so it cannot separate these
two components. The consequence is a bias toward
the training-set mean for users whose baseline sits
far from the population average. We return to this
in the Bias-Variance section.

5 Dataset Characterization

The SemEval-2026 Task 2 dataset (Soni et al.,
2026) consists of ecological texts collected via Eco-
logical Momentary Assessment (Shiffman et al.,
2008) from participants over a multi-year period
spanning 2021-2024. The training split comprises
2,764 texts from 137 users; the held-out test split
comprises 1,737 texts from 91 users, with 46 users
present in both splits.

5.1 User Distribution and Partitioning

The training set contains 2,764 texts from 137 users,
with an average of 20.17 texts per user. Of the train-
ing entries, 1,433 (51.8%) are emotion word lists
(is_words=True) and 1,331 (48.2%) are free-form
prose. Training-set valence labels have mean 0.217
on the [—2, 2] scale; arousal labels have mean 0.751
on the [0, 2] scale. Across users, the standard devi-
ation of per-user mean valence is 0.781; individual
affective baselines differ substantially.

Our baseline architecture treats these texts
under a conditional independence assumption—
p(yu,t|Xu,ta Xu7t_]_, .. ) = p(y%t’Xuﬂf)—WhiCh
we analyse in our discussion of representational
bias.

5.2 Narrative Complexity

Texts in the dataset take two distinct forms:
(1) word-list entries (51.8% of training data), such
as “tired, anxious, overwhelmed,” which provide
explicit affect signals without syntactic context;
and (2) free-form prose entries (48.2%), which em-
bed affect in narrative context. Prose entries vary
considerably in emotional density. Some are direct
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(e.g., “I feel overwhelmed”). Others are situation-
ally implied, where a description of a professional
setback carries clear affect without emotion key-
words. A third pattern is temporal contrast—the
author compares a past emotional state to a current
one within a single entry (e.g., “I started the week
exhausted and dreading the deadline, but by Friday
1 felt relieved and proud”). The hardest cases are
mixed-valence texts, where positive and negative
signals coexist and the model must resolve them
into one VA coordinate. Self-attention handles the
first three patterns reasonably well; mixed-valence
prose remains the most challenging.

6 Model Architecture

6.1 RoBERTa Encoder

RoBERTa-base (Liu et al., 2019) is a 12-layer trans-
former encoder with 768-dimensional hidden states
and approximately 125M parameters. Its multi-
head self-attention handles long-range token inter-
actions, which matters for narrative texts where
emotional resolution may appear far from the trig-
gering event.

6.2 Regression Head

The final-layer [CLS] representation hopg € [R768
is projected to the VA space via a linear head:

y=Whcrs+0b (1

7 Learning Objective

We minimize Mean Squared Error (MSE) over the
Valence—Arousal outputs, optimizing with AdamW
and weight decay. The hyperparameters are de-
tailed in Section 8.

8 Experimental Setup

8.1 Tokenization and Sequence Handling

We use byte-level BPE tokenization with a max-
imum sequence length of 256 tokens, truncating
longer essays from the end. Most essays fall within
256 tokens, so truncation discards only tail content.
The Tesla T4 GPU (16 GB VRAM) with batch size
8 fits either 128 or 256 tokens comfortably. The
ablation (Section 11) shows 128 tokens performs
comparably—slightly better on the validation set—
which suggests emotional content is concentrated
near the start of these entries.

8.2 Hyperparameters

* Learning rate: 2 x 107

* Batch size: 8

* Epochs: 3

* Optimizer: AdamW

Training performed on Tesla T4 GPU.

9 Training Dynamics

Epoch Training MSE

1 0.7725
2 0.5939
3 0.5013

Table 1: Training set MSE (combined Valence and
Arousal) per epoch for RoOBERTa-base fine-tuned over
3 epochs.

Training was stopped after 3 epochs as a fixed
choice; no separate validation set was monitored
during training, and additional epochs were not
tested. The monotonic decrease indicates stable
convergence without oscillation or divergence.

10 Multi-Seed Robustness

Seed Valence MSE Arousal MSE

42 0.4981 0.5127
123 0.4927 0.5098
2026 0.5019 0.5154

Table 2: Validation-set MSE for Valence and Arousal
across three random seeds (RoBERTa-base, 3 epochs).
Lower is better. Official leaderboard results are reported
in Section 12.

The variance across seeds is low, consistent with
a stable fine-tuning procedure.

11 Ablation Study

Configuration v A Tcomp MAE
Linear Head 0.7309 0.5943 0.6626 0.6009
2-layer MLP 0.7191 0.5789 0.6490 0.5998
Frozen Encoder 0.1803 0.0996 0.1400 0.8609
Max Length 128 0.7487 0.6083 0.6785 0.5766

Table 3: Validation-set ablation results (RoOBERTa-base,
3 epochs, 80/20 split). v, r4: Pearson r for Valence
and Arousal; rcomp: average of 7y and r 4; MAE: aver-
age of per-dimension Mean Absolute Error. Higher r
and lower MAE are better.
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Each configuration tests one design decision. The
linear head (r¢omp = 0.6626) is the simplest option.
Adding a 2-layer MLP drops performance to 7comp
= (0.6490 with nearly identical MAE (0.5998). Ex-
tra capacity appears to hurt on a training set this
small (2,764 examples).

Freezing the encoder is more damaging: 7comp
falls to 0.1400. Off-the-shelf RoOBERTa represen-
tations are not sufficient; the encoder must be fine-
tuned.

The 128-token run (rcomp = 0.6785, MAE =
0.5766) outperforms all others including the 256-
token baseline. Emotionally relevant content in
these entries is apparently front-loaded.

12 Results

12.1 Evaluation Metrics

The official evaluation uses two primary metrics
(Soni et al., 2026): Pearson correlation (), mea-
suring the linear association between predicted and
gold-standard scores; and Mean Absolute Error
(MAE), measuring the average absolute deviation.
The primary leaderboard ranking is determined by
Tcomposite» the Pearson r reported separately for Va-
lence and Arousal. These metrics are appropriate
for continuous affect regression because they re-
ward both correct relative ordering and accurate
magnitude of emotional scores, unlike classifica-
tion accuracy or MSE alone.

12.2 Official Leaderboard Performance

Table 4 reports our official submission results on
the test set as scored by the SemEval-2026 Task
2 leaderboard. The official evaluation metrics
are Pearson correlation (), Mean Absolute Error
(MAE), and a composite score (Tcomposite) COmbin-
ing both dimensions.

Team Tcomp V) Tcomp (A) Avg
UKP_Psycontrol .667 554 611
YNU .677 528 .603
cclin .647 527 587
AFourP (ours) 679 466 573

Table 4: Official Subtask 1 leaderboard results (7composite
for Valence and Arousal, and their average). AFourP
ranks 4th overall.

12.3 Comparison with Organizer Baselines

Table 5 compares our system against the baselines
provided by the task organizers (Soni et al., 2026)

on the test set.

System T'composite % T'composite (A)
linear(BERT) 557 299
AFourP (ours) .679 466

Table 5: Comparison with organizer-provided Subtask 1
baselines on the official test set (Soni et al., 2026).

Note: Tables 1-3 use an 80/20 internal validation
split and measure training behavior and design
choices. Tables 4 and 5 report the official metrics
on the held-out test set.

13 Bias-Variance Considerations

We analyze generalization from two angles: vari-
ance across random initializations, and bias intro-
duced by the independence assumption.

13.1 Estimator Variance Across Seeds

Our multi-seed experiments (Table 2) show low
variability: Valence MSE ranges from 0.4927 to
0.5019 (¢ =~ 0.0038) and Arousal MSE from
0.5098 to 0.5154 (0 ~ 0.0023). The fine-
tuning procedure is stable—not surprising given
that RoBERTa’s pretraining already provides a
strong initialization before any task-specific gra-
dient steps.

13.2 Model Bias from Independent Essay
Modeling

The bigger issue is that our architecture treats each
essay independently, ignoring temporal order and
user identity. Formally, the conditional indepen-
dence assumption is:

PWurt | Xty Xug—1,---)  p(Yuy | Xug) (2)

Since emotional baselines vary substantially
across users—the standard deviation of per-user
mean valence is 0.781—failure to model i, explic-
itly will systematically mis-estimate users at the
emotional extremes.

13.3 Overparameterization and Implicit
Regularization

RoBERTa-base has roughly 125M parameters for
2,764 training examples, yet the generalization gap
is small: training MSE after 3 epochs is 0.5013
(Table 1) versus 0.497-0.515 on the validation set
(Table 2). RoBERTa’s large pretraining corpus
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provides a useful prior for affective tasks; weight
decay handles the rest.

14 Limitations

Our approach has four concrete limitations, most of
which trace back to the same root cause: the model
processes each essay without any knowledge of
who wrote it or what came before.

14.1 Absence of Explicit Temporal Modeling

The dataset has longitudinal structure—each user
contributes on average 20 entries—but we do not
use it. Our system scores each text in isolation, with
no access to what the same user wrote previously.
A model that carries a hidden state h,, ;1 forward
across entries could capture gradual emotional drift;
ours cannot.

14.2 Lack of User-Specific Calibration

Users have different affective baselines. In the train-
ing set, the standard deviation of per-user mean
valence is 0.781 (on a [—2,2] scale); individual
baselines clearly differ. A model that processes
texts without knowing which user wrote them will
systematically over- or under-predict for individu-
als at the emotional extremes.

14.3 Continuous Scaling for Varied Texts

The training set is evenly divided between emotion
word lists (51.8%) and free-form prose (48.2%).
The linear projection from [CLS] to VA scores may
not equally handle these structurally different input
types—a word list such as “tired, anxious” and a
multi-sentence narrative may produce very differ-
ent [CLS] representations that a single linear layer
cannot disambiguate into the same continuous VA
space.

14.4 Attention vs. Emotional Causality

Attention weights indicate which tokens the model
focuses on, but not why those tokens drove a partic-
ular VA score. For the 48.2% of prose entries that
may contain temporal contrasts or mixed-valence
signals, we cannot determine from attention alone
whether the model correctly resolved the final emo-
tional state or averaged conflicting cues. This am-
biguity limits interpretability for failure cases.

15 Ethical Considerations

The SemEval-2026 Task 2 dataset consists of longi-
tudinal emotional self-reports, which are sensitive
by nature.

The dataset is anonymized and participants con-
sented to their texts being used for evaluation. De-
ploying automated emotion inference outside a re-
search setting raises privacy concerns this submis-
sion does not address. These predictions are not
clinical assessments—a continuous VA score de-
rived from a diary entry reflects relative affective
content in text, not a person’s psychological state.

16 Future Work

A hierarchical encoder would be the simplest way
to add temporal context: run each essay through
the current model, then pass the per-essay repre-
sentations through a second model ordered by time.
This would track emotional drift without retraining
the text encoder.

A simpler fix for the per-user baseline problem
is a learned user embedding g(u):

gu,t = f(Xu,t) + g(u) (3)

This requires knowing user identity at test time,
which is available for the 46 users shared between
training and test splits.

Two other directions seem worth trying. Train-
ing on label deltas rather than absolute scores might
better capture variation, which is what the task ac-
tually measures. Contrastive objectives could make
the embedding space more meaningful—texts with
similar affect should cluster together, not just share
close label values. Bayesian or ensemble meth-
ods could add uncertainty estimates, which would
matter when annotator agreement is low.

17 Conclusion

We fine-tuned RoBERTa-base with a linear regres-
sion head for continuous VA prediction from eco-
logical diary texts, placing 4th on the SemEval-
2026 Task 2 Subtask 1 leaderboard (7composite OF
.679 Valence, .466 Arousal).

Ablation results show one thing clearly: the en-
coder must be fine-tuned—freezing it collapses per-
formance. The 128-token run actually outperforms
256 on the validation set, which was an unexpected
finding after submission. Training is stable across
random seeds. The main limitation runs through all
the analysis: the model has no knowledge of who
wrote the essay or what they wrote before.

Modeling user sequences, rather than individual
essays, is the obvious path forward.
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