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Abstract

We describe our systems for the SemEval 2026
Task 2 on Predicting Variation in Emotional
Valence and Arousal from Ecological Essays.
To predict affect in a single instance, and for
forecasting dispositional change, we use em-
beddings from a language model and a Recur-
rent Neural Network. To predict state changes
from a previous timestep to the next, we use
time-series forecasting. Our systems ranked
first for forecasting dispositional change, and
third for forecasting state change over time. We
make our code publicly available.

1 Introduction

SemEval 2026 Task 2 on Predicting Variation in
Emotional Valence and Arousal from Ecological
Essays is about modeling affect using longitudi-
nal data. Affect consists of two dimensions: va-
lence (pleasantness–unpleasantness) and arousal
(activated–calm). More specifically, the task is to
predict affect scores for longitudinal data (Subtask
1), and changes in affect in future texts (Subtask 2a
and 2b). While sentiment analysis is a popular NLP
task, gold labels are usually determined through
third-party annotations, such as crowd sourcing,
without considering how the individual feels when
determining emotion labels In contrast, this Se-
mEval presents a new dataset of ecological essays
and self-reports of affect in which individuals de-
scribe “how they are feeling”. The data is collected
over three years, which allows for longitudinal anal-
ysis of emotions (Soni et al., 2026).

The SemEval task consists of three subtasks. In
Subtask 1, the input consists of sequences of text
for a user, and the output is the valence and arousal
score per instance. This subtask involves users
whose texts have been seen during training, and
also those whose text is not in the training data (i.e.,
unseen users). Subtask 2 focuses on forecasting
changes in valence and arousal, and consists of two

subtasks. The input in Subtask 2a is a sequence of
t texts, and the output is the valence and arousal
score for text t+1 in the sequence. For Subtask 2b,
the input is likewise a sequence of t texts in group
1, and the output is the change in average valence
and arousal for a future equally-sized segment of
texts (group 2) for a user. We use similar systems
for Subtask 1 and 2b, and a different system for
Subtask 2a.

Our systems at a high-level represent the text as
embeddings from a language model; we then use
these representations to train a neural network to
predict the affect score. For Subtask 1, we gener-
ate text embeddings for each instance using BERT
(Devlin et al., 2019), and then train separate BiL-
STM models (Graves and Schmidhuber, 2005) to
predict the valence and arousal scores. For Subtask
2b, we use a similar system, except that we train
the BiLSTM model to predict valence and arousal
scores together. To predict the user’s group 2 av-
erage scores, we first input the concatenated texts
for a user’s group 1. Then, we determine dispo-
sition change by subtracting the average valence
and arousal score for group 1 from those predicted
for group 2. Lastly, for Subtask 2a, we similarly
use BERT to extract the representations for the
sequences of text for a user. Then we train a Tem-
poral Fusion Transformer model (Lim et al., 2021)
to jointly predict the valence and arousal score for
the next timestep given the previous text, valence,
and arousal score.

Our systems are highly competitive in forecast-
ing affect variation. For Subtask 2b, our system
ranks first among the submitted systems on the test
set, achieving correlations of 0.405 for valence, and
0.602 for arousal. For Subtask 2a, our system ranks
third, achieving correlations of 0.615 for valence
and 0.674 for arousal, with the average valence and
arousal score close to the top performing system.
In addition, our relatively light-weight system for
Subtask 1 fares reasonably well on the arousal di-
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mension, outperforming some of the higher-ranked
teams. We make the code for our systems publicly
available.1

2 Related Work

Past work predicts affect at an instance-level, gen-
erating Valence-Arousal (V-A) scores for short
sentences or words using pre-trained language
models (such as BERT or RoBERTa) on multilin-
gual datasets (Mendes and Martins, 2023). In the
context-aware sentiment analysis task, a hybrid
model classifies emotions in social media posts
and movie reviews by combining a BiLSTM with
RoBERTa (Rahman et al., 2025). Their models are
comparable to ours in that they combine an LSTM
with a pretrained language model. A similar ar-
chitecture has been used for detecting sarcasm in
online texts (Pandey and Singh, 2023). However,
both Rahman et al. (2025) and Pandey and Singh
(2023) use output layers for classification, whereas
we use them for regression.

Within Continuous Emotion Recognition (CER),
the prediction of dimensional affect (valence and
arousal) is treated as a dynamic time-series prob-
lem rather than a discrete classification task. Re-
cent advancements in CER heavily rely on mul-
timodal, time-sensitive inputs to capture contin-
uous emotional trajectories. For example, past
work has demonstrated the effectiveness of spatio-
temporal convolutional and recurrent neural net-
works in extracting continuous valence and arousal
signals from sequential video data (Teixeira et al.,
2021). Similarly, multimodal strategies integrating
textual transcripts, voice tones, and facial expres-
sions have been utilized to bridge discrete labels by
mapping complex emotional expressions directly
into a continuous VAD space (Jia et al., 2025). Be-
yond audiovisual and textual data, time-sensitive
neurophysiological inputs, such as continuous EEG
signals, have also been successfully leveraged to
predict exact valence and arousal values over time
(Galvão et al., 2021). Building upon this founda-
tion, our methodology frames emotion prediction
as affective forecasting, utilizing time-aware atten-
tion mechanisms to project the continuous trajec-
tory of emotional states.

Recent advancements in Large Language Mod-
els (LLMs), such as GPT-4 and LLaMA, have
demonstrated impressive zero-shot and few-shot ca-

1https://github.com/UAlberta-NLP/
SemEval2026-EmoVA

pabilities across various affective computing tasks.
Studies exploring the fine-grained affective process-
ing of LLMs indicate that generative models can
meaningfully interpret and generate text mapped
to the Valence, Arousal, and Dominance (VAD)
dimensions (Broekens et al., 2023). However, com-
prehensive evaluations reveal that while LLMs ex-
cel at coarse-grained sentiment classification (e.g.,
identifying broad positive or negative polarities),
they frequently struggle to accurately quantify sub-
tle, continuous emotional cues without extensive
alignment or complex prompting strategies (Wang
et al., 2024). Furthermore, because standard LLMs
encode numbers as text, they are inherently discon-
tinuous in both their encoding and decoding stages
(Golkar et al., 2023). While these discrete mod-
els can learn to approximate continuous functions,
treating numerical outputs as discrete semantic to-
kens rather than true continuous variables makes
them prone to quantization errors when applied to
strict regression tasks. Consequently, while LLMs
represent a powerful tool for generalized emotion
extraction, modeling exact affective trajectories
over time often requires more specialized, deter-
ministic architectures.

3 Methods

In this section, we present our methods for each
subtask. By framing affect prediction as both a
static prediction and a dynamic forecasting prob-
lem, our pipeline draws on principles of affective
dynamics, emphasizing the continuous temporal
evolution of emotional states.

3.1 Subtask 1 and Subtask 2b

Our method for Subtask 1 and 2b builds upon estab-
lished architectures for emotion regression predic-
tion by combining a pre-trained Transformer-based
Language Model (LM) with a bidirectional Recur-
rent Neural Network (RNN). The LM is utilized to
generate dense, high-dimensional representations
of the input text. These embeddings are subse-
quently processed by the bidirectional RNN, which
extracts contextual information from both preced-
ing and succeeding tokens to guide the continuous
prediction of affective dimensions – which is well
suited to the temporal nature of the data.

We adapt the standard classification outputs seen
in similar pipelines (Rahman et al., 2025; Pandey
and Singh, 2023) to a regression layer for con-
tinuous V-A score prediction. Depending on the
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task constraints, the model capacity is scaled to
accommodate different input sequence lengths. For
Subtask 1, the architecture is instantiated as inde-
pendent single-target predictors for valence and
arousal. Since it is subjective how different users
may judge valence and arousal, we conjecture that
independent models should be more robust against
inconsistencies between the two dimensions. For
Subtask 2b, which requires combining all texts
from a user’s group, the architecture is unified to
predict both dimensions simultaneously.

For the RNN architecture, we chose a BiLSTM
(Graves and Schmidhuber, 2005), because it ex-
tracts contextual information from both the past
and future parts of the input text. The choice of the
hybrid BiLSTM architecture over only the Trans-
former is motivated by the longitudinal nature of
the texts in Task 2. For Subtask 1, the BiLSTM
processes text sequences to maintain a persistent
hidden state that captures the user’s affective tra-
jectory. This temporal smoothing mitigates “lexi-
cal jitters” noise from isolated high-intensity key-
words that may not represent a genuine shift in
the user’s underlying emotional baseline. In Sub-
task 2b, the BiLSTM acts as a learned aggrega-
tor. While Transformer-only models often treat
concatenated text as an unordered collection of to-
kens, the BiLSTM models the input as a sequential
flow. This preserves the longitudinal narrative arc,
and captures dispositional evolution more effec-
tively than simple linear averaging of token-level
features.

3.2 Subtask 2a
We propose Affective Dynamics Forecasting via
Attention-Based Time-Series Modeling as our
method for Subtask 2a. To address the temporal
aspects, we frame the challenge through the lens
of affective dynamics, which conceptualizes emo-
tions as continuously evolving trajectories rather
than isolated, static occurrences. Predicting the
change in V-A scores from one timestep to the next
requires a time-series forecasting approach.

We use the Temporal Fusion Transformer (TFT),
an attention-based forecasting architecture origi-
nally designed for complex time-series data (Lim
et al., 2021; Vaswani et al., 2023). The input con-
sists of a sequence of text embeddings and score
vectors. Because the forecasting architecture does
not process raw text naively, the text is first en-
coded into dense embeddings using a pre-trained
LM. These embeddings, paired with their historical

V-A scores, are fed into the forecasting module to
predict the subsequent multi-dimensional affective
state (valence and arousal simultaneously).

The TFT was selected because simpler time-
series models, such as ARIMA or standard LSTMs,
often suffer from recency bias or lack the flexibil-
ity to handle static user traits alongside dynamic
mood shifts. The TFT’s interpretable multi-head
attention captures long-range dependencies across
the user’s history, ensuring the system identifies
sustained dispositional shifts rather than reacting
to isolated noise in the text.

4 Experimental Setup

In this section, we describe the dataset preparation
and training setup.

4.1 Dataset Preparation

The task organizers provided three training datasets,
one associated with each subtask. Each dataset
comprises 137 users, and each user has an average
of 58.7 texts. To preserve the sequential structure
of each user’s data, we split the dataset into train-
ing and development sets by user ID. Each user’s
entire sequence is allocated to either the training or
development set, with 80% of the users assigned to
the training set. The development set was held out
to validate the trained model.

The datasets for Subtask 2 already include the
state change and disposition change values. For
Subtask 2a, the final text in each user’s sequence is
excluded from the training data, as no subsequent
text is available to calculate the state change. For
Subtask 2b, each text in a user’s sequence belongs
to either Group 1 or Group 2 based on its recording
time. Because our goal is to calculate the change
in average valence and arousal between groups,
we dropped all group 2 texts for each user during
training.

4.2 Training Setup

For all subtasks, the BERT-based models that are
used to generate embeddings are frozen. A com-
plete list of hyperparameters for all models can be
found in the Appendix A.

For Subtask 1, the organizers provided the test
dataset consisting of 1,737 longitudinal texts. We
use DistilBERT to generate embeddings, as it is
less resource-intensive for inference than other
BERT models. After hyperparameter finetuning
on the development set, the best parameters are
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V/A
Ours Baseline

r MAE r MAE

1
V 0.556 0.734 0.557 0.743
A 0.444 0.427 0.299 0.459

2a
V 0.615 1.208 0.615 1.168
A 0.674 0.635 0.670 0.638

2b
V 0.405 0.635 0.434 0.406
A 0.602 0.261 0.584 0.286

Table 1: Pearson r correlation and MAE for the three
subtasks.

trained for 300 epochs, using an embedding token
size of 128. Afterward, using these parameters, we
retrain the models on the original training set to
produce our final system.

For Subtask 2a, we drop all test users whose IDs
appear in the test set, and train our final model only
on the remaining users. The test users’ sequences
are then used to infer the next valence-arousal score,
and state change is calculated as the prediction mi-
nus the last valence-arousal score observed in the
sequence from the training data. For this Subtask,
we use BERT’s last-layer token embeddings to in-
corporate textual information, since TFT is not a
text-processing model. Unlike in other subtasks,
we use PCA on the 768-dimensional BERT em-
beddings to reduce them to 32 dimensions. This is
because feeding raw 768-dimensional BERT em-
beddings into the TFT’s Variable Selection Net-
work (a component in the TFT) across a temporal
sequence significantly increases the risk of overfit-
ting and computational latency. The PCA is also
trained only on the training set. Our optimal setup
uses 1 training epoch.

We use a similar setup to train the model for
Subtask 2b. We exclude any users whose IDs ap-
peared in the test set. For the remaining users, we
concatenate all of their Group 1 texts, separating
them with a special [SEP] token, and average their
corresponding valence and arousal scores. To eval-
uate our model in the test set, we concatenate the
Group 1 and Group 2 texts for each user. We then
average their valence and arousal scores of Group
1 and Group 2 to establish what we call the “origi-
nal average”. Next, we train our model to predict
the average V-A of the second group. Finally, we
subtract these predicted scores from the original
average to calculate the disposition change. For
our text input, to handle long texts produced by
sequence concatenation, we use BERT’s last token

Subtask Dimension r MAE

1
Valence 0.528 0.733
Arousal 0.444 0.427

2a
Valence 0.623 1.252
Arousal 0.668 1.137

2b
Valence 0.379 0.672
Arousal 0.614 0.483

Table 2: Our average results over 5 runs.

embeddings, which have a dimension of 768. The
number of training epochs is set to 3.

5 Results

Table 1 presents the official results for the three
subtasks, as well as the best performing baseline
from the organizers. Our average results over 5
runs are in Table 2. We report Pearson r correla-
tion and Mean Absolute Error (MAE), the official
metrics for the task. For Subtask 1, the composite
r and MAE are presented.

5.1 Official Results

Overall, our proposed pipeline demonstrates highly
competitive performance across the evaluation, es-
tablishing specific strengths in predicting arousal
and modeling temporal affective dynamics. In Sub-
task 1, while our composite r valence is compara-
ble to the baseline provided by the task organizers,
our composite r arousal is substantially better, val-
idating our decision to train independent, special-
ized models for the two dimensions.

Our system particularly excels in the more com-
plex challenges. For Subtask 2a, our results signif-
icantly exceed the baseline, ranking third on the
leaderboard. This strong comparative performance
suggests that framing emotion shift as a time-series
forecasting problem is an effective approach. We
placed first on the leaderboard for both valence and
arousal correlations in Subtask 2b, demonstrating
that our integration of contextual language model
embeddings with a recurrent neural network is ex-
ceptionally robust for extracting affective signals
from long texts.

5.2 Error Analysis

To better understand the limitations of our model
for Subtask 1, we conducted a quantitative and qual-
itative error analysis focusing on the magnitude of
continuous prediction errors. Given our selection
of DistilBERT, which we hypothesized would be
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well-suited for shorter sequence lengths, we inves-
tigated whether our MAE correlated with the word
count of the input texts. A Pearson correlation
analysis revealed no meaningful linear relationship
between sequence length and absolute error for ei-
ther valence (r = 0.057) or arousal (r = 0.068).
This indicates that our model handles the dataset’s
varying text lengths robustly; prediction decay is
not caused by input truncation or a lack of contex-
tual length, but is rather driven by the semantic and
affective complexity of the texts themselves.

Qualitative analysis of the predictions with the
highest absolute error revealed that our model strug-
gles with lexical polarity imbalance and the con-
textual weighting of psychological states. Because
the model relies entirely on the emergent proper-
ties of the DistilBERT embeddings, it frequently
defaults to a superficial aggregation of token-level
sentiment. For example, when presented with texts
containing a high frequency of negative physical
descriptors alongside a single strong positive psy-
chological state (e.g., “Tired, Hungry, Motivated,
Lightheaded, Sore”) the model predicted a strongly
negative valence (-2). However, the gold label for
this text was strongly positive (2). This discrep-
ancy indicates that the model’s attention mecha-
nism allows the sheer quantity of negative tokens
to overwhelm the qualitative importance of the pos-
itive emotional anchor. In this case it appears that
the human annotator prioritized the psychological
drive over physical discomfort when assessing over-
all valence, a nuance the current baseline fails to
capture.

Regarding the conjecture that independent mod-
els should be more robust to inconsistencies be-
tween the two dimensions mentioned in Section 3.1,
we analyzed the orthogonality of the absolute pre-
diction errors in our model. A Pearson correlation
analysis revealed a near-zero correlation between
valence errors and arousal errors (r = 0.058). This
demonstrates that our independent predictors fail
orthogonally: the semantic complexity of predict-
ing one dimension does not bleed into and artifi-
cially degrade the prediction of the other. Further-
more, we evaluated performance on atypical emo-
tional expressions by isolating the top 20% of texts
with the highest V-A discrepancy. These highly
inconsistent pairs inherently pose a more difficult
predictive task, exhibiting higher MAE (V = 1.08,
A = 0.78) compared to consistent pairs (V = 0.82,
A = 0.52); however, the decoupled architecture
ensures that these performance decays remain local-

ized to the challenging dimension. This confirms
that separating the prediction heads effectively in-
sulates the model from cascading failures caused
by the subjectivity and inconsistency inherent in
multidimensional human affect.

6 Conclusion

We propose a system for SemEval 2026 Task 2, fo-
cused on the continuous prediction of valence and
arousal across both static and temporal contexts.
By framing emotion prediction as a dynamic time-
series forecasting challenge grounded in affective
dynamics rather than merely as a static extraction
task, the proposed architectures demonstrate re-
markable robustness. The integration of contextual
language models with bidirectional recurrent neural
networks is highly effective for processing long-
form text, achieving first place on the leaderboard
for Subtask 2b. Similarly, our temporal forecasting
approach for Subtask 2a yields competitive results,
validating the use of multi-horizon attention mech-
anisms for tracking shifts in affect. Future work
could incorporate data-augmentation techniques
to better handle data scarcity and improve model
training.

Limitations

Despite these strong overall results, we foresee sev-
eral clear avenues for future improvement. Since
our system was trained strictly on the dataset pro-
vided by the task organizers, we employed no data
augmentation techniques, nor did we integrate ex-
ternal affective resources. In the future, we will
consider incorporating external knowledge bases,
such as the NRC-VAD lexicon (Mohammad, 2025),
to explicitly guide the training process. Further-
more, we intend to introduce user-specific embed-
dings to capture individualized affective baselines
and expressive habits. Learning these user-level
patterns could help the model contextualize emo-
tional expressions more accurately, specifically
mitigating the problem of negative tokens over-
whelming a user’s underlying psychological anchor.
The static emotion prediction capabilities could be
strengthened by injecting psychological knowledge
and personalized context, as well as experimenting
with a broader range of language models and data
augmentation strategies. Although we note that
in any personalized system and sentiment analysis
work, ethical considerations should be taken into
account (Mohammad, 2022).
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A Hyperparameters

A.1 Training Hyperparameter

Hyperparameter Value
LM fine-tuned Frozen
Learning rate 1× 10−5

Optimizer AdamW
Batch size 8
Dropout rate 0.4
LM Hidden sizes LM 768
BiLSTM Hidden sizes 256
Loss function L1Loss (MAE)
Random seed 51

Table 3: Training hyperparameters for Subtask 1 (Trans-
former LM + BiLSTM).

Hyperparameter Value
LM fine-tuned Frozen
Learning rate 0.03
Batch size 64
Attention head size 2
Optimizer AdamW
Batch size 8
Dropout rate 0.1
Hidden size 32
Gradient clip 0.1
Loss function L1Loss (MAE)
Random seed Default

Table 4: Training hyperparameters for Subtask 2a
(TFT).

Hyperparameter Value
LM fine-tuned Frozen
Learning rate 1× 10−5

Optimizer AdamW
Batch size 8
Dropout rate 0.1
LM Hidden sizes LM 768
BiLSTM Hidden sizes 128
Loss function L1Loss (MAE)
Random seed Default

Table 5: Training hyperparameters for Subtask 2b
(Transformer LM + BiLSTM).
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