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Abstract

This paper presents the systems developed by
NLPGroup8 for SemEval-2026 Shared Task 2.
Our approach combines a diverse ensemble for
Subtask 1 with a context-aware transformer ag-
gregation architecture for temporal forecasting
in Subtasks 2A and 2B. The diverse ensemble
achieves state-of-the-art performance for the
Subtask 1 Valence metric, ranking first in Va-
lence prediction. Our Subtask 2B independent
architecture ranks second overall among com-
petitive submissions. We also report results
for Subtask 2A, analyzing challenges our ar-
chitecture faces with next-entry affect forecast-
ing. These findings underscore the significance
of our methodology for affective prediction,
achieved without reliance on external affective
datasets or large-scale computational resources.

©) trar3243/NLPGroup8AtSemeval-2026

1 Introduction

SemEval-2026 Shared Task 2: Predicting Variation
in Emotional Valence and Arousal over Time from
Ecological Essays (Soni et al., 2026) introduces
subjective affective assessments to the NLP dis-
course by relying on users’ self-reported affective
state, along dimensions of Valence and Arousal.
The goal of this shared task is to predict how peo-
ple report they feel emotionally or how people will
report they feel emotionally, based on their written
text. Valence intends to capture how ‘good/bad’
an individual feels, and Arousal intends to cap-
ture how ‘physiologically activated’ an individual
feels. By precluding annotators, this approach
forces models to learn affective states as experi-
enced, rather than as perceived by observers.
Shared Task 2 compiles a longitudinal list of En-
glish ’ecological essays’ provided by U.S. service
industry workers, including self-reported user af-
fective states in terms of Valence/Arousal. Such
data enables development of models that react to
the affective ‘rhythms’ of individuals over time.
The goal of Subtask 1 is to predict affective state
at entry ¢ based on user written text at entry ¢. The

goal of Subtask 2A is to forecast change in affective
state between entry ¢ and entry ¢ + 1 based on
entries 1 to ¢ per user. The goal of Subtask 2B
is to forecast change in affective state between the
average of entries [1, .., ¢] and the average of entries
[t + 1,...,2t] based on entries 1 to ¢ per user.
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1.1 Primary System Strategies

For all Subtasks, we implement our architecture
using the Hugging Face Transformers library (Wolf
et al., 2020). We initialize our encoders with the
pre-trained RoBERTa-base model (Liu et al., 2019)
with 12 layers and a hidden size of 768.

Our Subtask 1 model relies on a diverse
five-model ensemble. Models are all encoder-
regressors, with various activation functions, loss
functions, and model output shapes. These diverse
prediction strategies aim to capture different nu-
ances of the relationships between affect and lan-
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guage. Development began with individual model
prediction and moved to an ensemble approach to
combine best results.

Our Subtask 2 models rely on a hierarchi-
cal transformer architecture, with a fine-tuned
RoBERTa model responsible for local feature ex-
traction and a downstream transformer as a global
context aggregator. For each user, encoded text
embeddings for each entry are fed into a global
transformer model. The model forecasts the next
affective change relevant to the matching Subtask.

2 Background

2.1 Training Data

An example entry is shown in table 4 in the Ap-
pendix, incorporating fields from all subtasks. Sub-
task 1 training data consists of 2764 entries. Each
entry consists of user id, text id, text, text times-
tamp, collection phase, a boolean indicating text
type as essay-style or word list, and users’ self-
reported Valence and Arousal scores. Valence and
Arousal scores are integers, with Valence scores
ranging from —2 to 2 (5 values) and Arousal scores
ranging from 0 to 2 (3 values).

Subtask 2A training data contain the same fields
and entries as Subtask 1 with added fields, state
change Valence and state change Arousal, to rep-
resent the Valence and Arousal of the current text
subtracted from the following text. These values
represent how differently the user is going to feel
between their current entry and their next entry.

Subtask 2B training data contains the same fields
and entries as Subtask 1 with added fields; group,
disposition change valence, and disposition change
arousal. Group 1 marks the first half of texts per
user and Group 2 marks the second half. Each
group is approximately equal in size. Disposi-
tion change valence is the first half of per-user
texts’ mean Valence deducted from the second half,
and disposition change Arousal the same for mean
Arousal. These values represent how different the
user is going to feel in their second group of entries,
compared to their first group of entries.

2.2 Related Work

Transformer-based models such as RoOBERTa are
widely used for sentiment and emotion tasks due to
their strong contextual representations (Liu et al.,
2019). Other work has explored ordinal regression
for affect prediction, motivated by the ordered na-
ture of Valence and Arousal labels (Shi et al., 2023).

Ensemble methods are also well studied; prior re-
search demonstrates that diverse ensembles can im-
prove overall performance by reducing correlated
errors across models (Durrant and Lim, 2020). Ad-
ditionally, architectural heterogeneity in ensemble
text classifiers has been demonstrated to to improve
predictive performance. Kamateri and Salampasis
(2025) show this approach outperforms base classi-
fiers, and is generalizable across varied-length and
multi-labeled text entries.

Our Subtask 1 system draws from this existing
work. We combine continuous regression mod-
els, categorical classifiers, and ordinal-regression
architectures into a single loss-diverse ensemble.
This design reflects varied approaches to emotion
representation, allowing the model to capture com-
plementary signals.

Hierarchical attention networks were first for-
mulated by Yang et al. (2016), with two levels
of attention mechanisms applied at word and sen-
tence levels. We extend this hierarchical intuition
to the temporal domain for Subtask 2: our model
uses a ROBERTa encoder to capture within-entry
semantics and a following transformer to model
between-entry dynamics. Similar approaches have
been taken by Pappagari et al. (2019), who demon-
strate that feeding windowed encoder embeddings
into a secondary sequence model effectively by-
passes encoders’ fixed context windows.

3 System Overview

Software is available on GitHub and model weights
are available on Zenodo (Arthur et al., 2026).

3.1 Subtask 1 Architecture
3.1.1 Ensemble Agreement

We have constructed an ensemble of five diverse
models, as increased diversity improves perfor-
mance (Durrant and Lim, 2020). The ensemble
predicts a continuous score for both Valence and
Arousal. Predictions are based on an average across
all constituent model predictions. As seen in figure
1, each constituent model takes as input finetuned
RoBERTa CLS embeddings from the text field con-
catenated with 4D learned user embeddings and
a 1D feeling words/open-response boolean value.
Each model corresponds to its own RoBERTa en-
coder, which during training is initially pulled from
RoBERTa-base (Liu et al., 2019) and then fine-
tuned. All five constituent models, with the excep-
tion of Decoupled Ordinal, which has separate hid-
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den layers for Valence and Arousal, contain a single
hidden layer of dimensionality d;yp,:/2 followed
by a GELU activation function and 0.1 dropout. All
constituent models use an AdamW (Loshchilov and
Hutter, 2019) optimizer. All model linear layers
are initialized with the Xavier uniform initialization
and all bias terms are initialized to zero.

3.1.2 Component Models

Our ensemble models are motivated by a hybrid
of categorical and continuous theoretical under-
standings of the interactions between language and
affect. The ensemble consists of five distinct regres-
sion heads atop the RoBERTa encoder: (1) Sigmoid
Regressor, which scales logits to the [0,1] range
to dampen extremes, utilizing SmoothL.1Loss; (2)
Linear Regressor, a direct projection minimizing
SmoothL1Loss; (3) Categorical Softmax, which
treats affect as discrete classes (5 for Valence, 3
for Arousal) and computes expected values, using
Cross Entropy Loss; (4) Ordinal Decomposition,
following Shi et al. (2023) to model ordinal thresh-
olds, using Binary Cross Entropy Loss; and (5)
Decoupled Ordinal, which separates hidden layers
for Valence and Arousal to enforce feature indepen-
dence, using Binary Cross Entropy Loss.

3.2 Subtask 2 Architecture

To model the rhythm of users’ affective states
for future affective forecasting, we implement a
Transformer-based aggregation layer which pro-
cesses sequences of entry-level RoOBERTa-derived
text embeddings and other entry-level features (see
figure 2). We use a weighted average of MSE
(weighted 10%) loss and Pearson R loss (weighted
90%) for training. Pearson R loss is used when both
the predicted and target labels have more than near
zero variance among the batch; otherwise, MSE is
used in isolation.

3.2.1 Input Construction, Text Modulation

Each entry’s text data is passed through a fine-tuned
RoBERTa-base model (Liu et al., 2019) to produce
768D encoder embeddings (e;). For each entry,
the Valence and Arousal scores are projected from
a dimensionality of 2 to 64 to produce score em-
beddings s, and to a dimensionality of 768 to pro-
duce gate embeddings g;. The is_words boolean
is projected from a dimensionality 1 to 32 to pro-
duce w¢. These projections involve, sequentially,
a learned linear layer and a LayerNorm, followed
by a a GELU activation function for s; and wy
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or a sigmoid activation function for g;. For fea-
ture fusion, the text embedding e; is modulated by
the gate projection (g¢) to produce the modulated
text: e, = e; ® ¢g¢. Modulated text embeddings
are then concatenated with the is_words embed-
ding and the score embeddings. To capture the se-
quential order of user entries, a learned positional
embedding F;, initialized from a normal distribu-
tion (N0, 0.02)), is added to the combined feature
vector: xy = [s; wy; €} + P

3.2.2 Sequential Modeling

As Subtask 2 focuses on modeling emotional
rhythms, we need to model specific stretches of
time. We operationalize stretches of time with win-
dows of user entries. These windows are comprised
of timestamp-ordered lists of user entries, with one
user for each window. Maximum window length
is set to 25 entries. For windows mapped to fewer
than 25 entries, all empty feature vectors are set
to zero vectors. The window X = [z1,...,x,] is
processed by a 4-layer Transformer Encoder with
8 attention heads and a feed-forward dimension of
4 - d,, followed by a 0.1 dropout.

3.2.3 Prediction Head

The transformer output for the given context win-
dow’s entry is sequentially linearly projected to a
layer of dimensionality d, /2, then passed through
a GELU activation function and a 0.2 dropout. Re-
sulting values are then passed through a final linear
layer projecting to 2 outputs, being the final pre-
dicted Valence and Arousal scores. The window’s
final entry’s contextualized output is used for pre-
diction.

4 Experimental Setup

All experiments, including model training and hy-
perparameter tuning, were conducted locally on
a single workstation equipped with one NVIDIA
RTX Pro 2000 Blackwell GPU (16GB VRAM), an
Intel Core i7-10700 processor, and 16GB of system
memory.

We implement our models using Torch
(v2.11.0.dev20260104+cu128) and the Hugging
Face Transformers library (v4.57.3) (Wolf et al.,
2020). The task baseline models include a lin-
ear (BERT) model and a random guess model for
Subtask 1, and linear (BERT), linear (prev), linear
(BERT; prev), and random models for Subtask 2.



4.1 Preprocessing

Input text is tokenized using the RoBERTa tok-
enizer (Liu et al., 2019). For initial hyperparameter
tuning, we split the original training set into a de-
velopment set (10%: 277 entries) and a training
set (90%: 2487 entries). For final Subtask 2 model
training, the entirety of the training set was used
while Subtask 1 used the 90% training set. Hyper-
parameters are included in the appendix (5). All
models across all Subtasks use a gradient clipping
norm of 1.0. All hyperparameters were selected
based on repeated experimentation on development
sets, selecting the highest-performing hyperparam-
eters on primary metric performance.

4.2 Subtask 2 Window Selection

During training, the Subtask 2A model generates
n; — 1 windows for each user 7, where n; refers
to the user’s number of associated entries. Each
window for user ¢ contains 1 to min(25,n; —1) en-
tries. Then, the model predicts the change between
the window’s last entry and the following entry,
and the loss function is used to compute the loss
between the prediction and the training set’s label.
Importantly, each user’s final entry is not included
in any window. During inference, each user’s last
window’s final entry’s prediction is used for sub-
mission. Inference setup does not use each user’s
final entry, as no window is created to include it.

During training, the Subtask 2B model generates
a single window for each user. This window in-
cludes the 25 latest entries within Group 1 for each
user, zero-padding entries if the user’s Group 1 is
of size less than 25. For each user, the model pre-
dicts the A between the averages of Group 1 and
Group 2. The loss function is used to compute the
loss between the prediction and the training set’s
label. During inference, all training set user entries
are considered a part of Group 1, and the model
outputs the predicted A between the training group
and the unseen group.

4.3 Evaluation Metrics
4.3.1 Subtask 1 Primary Metric

Following the task definition, a composite corre-
lation is used as the primary metric for Subtask
1. This score is a composite of within-user and
between-user correlation scores. The within-user
correlation score reflects Pearson R correlation
scores calculated within each user’s set of scores,
then averaged across users. The between-user cor-

relation score reflects the Pearson R correlation
scores of all participants’ average scores. The com-
posite correlation score is based on a Fisher’s z-
transformation of the within-user and between-user
correlation scores.

4.3.2 Subtask 2 Primary Metric

Because the predictions for Subtask 2 include one
prediction for each user, a simple Pearson’s R cor-
relation is computed for Subtasks 2A and 2B.

5 Results

Primar; . Best

Subtask | Track Metricy Ranking Baseline
Valence .688 1/26 557
1 Arousal 416 21/26 299
Average 552 12/26 428
Valence 152 11/15 .615
2A Arousal 126 10/15 .67
Average 139 11/15 .643
Valence 354 2/12 434
2B Arousal .388 4/12 584
Average 371 2/12 .509

Table 1: Primary Metrics and Performance Ranking
among Competitive Submissions across Subtasks

5.1 Subtask 1

5.1.1 Quantitative Findings

As seen in table 1, our model achieves state-of-the-
art performance on Subtask 1 Valence, ranking first.
Our model struggles with Subtask 1 Arousal, rank-
ing 21st. This is primarily the result of poor perfor-
mance on seen users. Although our model performs
well on the primary metric for Subtask 1 Valence,
our Valence MAE is the highest of all compet-
ing models (MAEpctieen = 1.89, MAE ithin =
1.925). This is due to the fact that our model out-
puts O-indexed Valence scores, rather than in the
range [—2, ..., 2].

5.1.2 Error Analysis, Post-Hoc Refinements

After submission and the release of gold labels, the
(0-indexing issue resulting in large MAE scores was
resolved and the resulting MAE scores significantly
dropped (MAEpctween = -40, MAE yithin = .777).
Detailed Subtask 1 metrics are in tables 6 and 7.
We conduct an ablation analysis for Subtask 1,
omitting particular composite sub-models in each
ablation run (see table 2). The results indicate that
for the primary metric in Subtask 1, removing any
model either decreases or does not affect the Va-
lence performance of the Ensemble. Removal of
Sigmoid Regressor results in the most significant
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performance reduction; Valence composite correla-
tion reduces to 0.683. Each ablation only reduces
the Arousal composite correlation score, with the
exception of Decoupled Ordinal, which marginally
improves the Arousal composite correlation.

Ablate Dimension | reomp | Maep, | maey;
Baseline Valence 0.688 1.89 1.925
Arousal 0416 0.25 0.523

Sigmoid Regressor Valence 0.683 1.9 1.936
Arousal 0.415 0.25 0.523

Linear Regressor Valence 0.688 1.835 1.874
Arousal 0415 0.247 0.528

Categorical Softmax Valence 0.688 1.923 1.958
Arousal 0.414 0.253 0.524

Ordinal Decomposition Valence 0.686 1.927 1.9
Arousal 0412 0.252 0.524

. Valence 0.687 1.864 1.901

Decoupled Ordinal = Gl [ 0417 | 0253 | 0523

Table 2: Composite Submodel Ablation Metrics for
Subtask 1

Additionally, to evaluate the impact of the en-
semble approach overall, we evaluate each sub-
model’s predictions individually (see table 3). The
results indicate that all individual sub-models
under-perform the ensemble with both Valence and
Arousal predictions. The sigmoid regressor model
achieved the highest Valence composite correlation,
with 7¢omp = .684, marginally less than the ensem-
ble’s 7comp = .688. The ordinal decomposition
model achieved the highest Arousal composite cor-
relation, with ¢y, = .402, marginally less than
the ensemble’s 7copmp = .416.

Model Valence Arousal
Tcomp Tcomp
Sigmoid Regressor 0.684 0.388
Linear Regressor 0.655 0.387
Categorical Softmax 0.655 0.395
Ordinal Decomposition 0.67 0.402
Decoupled Ordinal 0.674 0.394

Table 3: Post-Hoc Subtask 1 Singular Model Test Set
Composite Correlations

To evaluate the impact of ensemble model di-
versity on the ensemble’s final performance, we re-
train five instances of the highest-performing single
model (sigmoid regressor) and re-run ensemble pre-
dictions on the test set using these post-hoc trained
instances. For this new training setup, all hyperpa-
rameters are kept consistent with the original train-
ing setup. The non-diverse ensemble attains a com-
posite Valence correlation of ¢y, = 0.663 and a

composite Arousal correlation of 74, = 0.467.
While the non-diverse ensemble achieves higher
Arousal correlations than our diverse ensemble,
our primary contribution in Subtask 1 is our state-
of-the-art Valence prediction capability. For this
objective, the architectural diversity of our submit-
ted ensemble proves highly advantageous. The
non-diverse ensemble may have outperformed the
diverse ensemble on arousal predictions because its
constituent models, all instances of the sigmoid re-
gressor architecture, are designed to scale logits to
the [0, 1] range to dampen extremes. Therefore, be-
cause outputs on either extreme end of the arousal
scale are difficult to fully predict using the sigmoid
regressor, the non-diverse ensemble may be less
vulnerable to overfitting.

While we have achieved competitive Valence
performance, our system struggles with Arousal
performance. As seen in table 7, this poor perfor-
mance is overwhelmingly the result of a low corre-
lation (7comp = .297) among seen users, with un-
seen user predictions (rcomp = .601) far exceeding
the composite score, ranking fifth among unseen
user correlations. This is likely the result of overfit-
ting to user-specific biases, to which small arousal
ranges would be more sensitive. Our Subtask 1 sys-
tem gains its competitive advantage on the Valence
track from within-user correlation (7;thin = -572,
ranked first) and unseen users (Tcomp .679,
ranked first). These suggest our system excels
in contexts with decreased reliance on users’ his-
tories and patterns. When reviewing individual
submissions (for example word-list entry "Tired,
Depressed, Sad, Conflicted, Trapped" with
gold label 2 and prediction —1.7), all significant
model Valence mispredictions appear reasonable.
The highest 30 Valence discrepancies between gold
and predicted labels map to entries with average
Valence of = 1, in contrast to the test set average
Valence score of ~ .16. This suggests that our
model struggles most to predict high Valence en-
tries. The 30 highest Arousal discrepancies map
to entries with average Arousal score of ~ 1.2,
marginally larger than the test set average Arousal
score of ~ .76.

5.2 Subtask 2A

5.2.1 Quantitative Findings

Our model struggles with Subtask 2A Valence
and Arousal, at competitive rankings of eleventh
and twelfth, respectively. Inference stage outputs
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predictions with a gold-label Valence correlation
r = .152 and a gold-label Arousal correlation
r = .126.

5.2.2 Error Analysis, Post-Hoc Refinements

It was determined that during the inference stage,
where the goal is to predict the A between seen
entry ¢ and unseen entry ¢ 4+ 1, our model erro-
neously predicts the A between seen entry ¢ — 1
and masked entry ¢. This off-by-one index error
causes the model to predict the current masked dif-
ference rather than the future difference. In order
to determine the degree to which this issue affected
our final results, this index issue was resolved after
submission and the resulting post-hoc predictions
correlated with gold-label Valence at r = .623 and
Arousal at r = .631.

5.3 Subtask 2B
5.3.1 Quantitative Findings

Our Subtask 2B model performs competitively
across Valence and Arousal tracks, with correla-
tions of 0.354 and 0.388, and respective rankings
of 2nd and 4th among competitive submissions.
The baseline model with the highest performance
in Subtask 2B, the linear(prev) model, achieves the
highest average correlation across all submissions,
with a Valence correlation of 0.434 and an Arousal
correlation of 0.584. On the Arousal metric, only
a single competitive team surpasses the baseline
model’s performance.

5.3.2 Error Analysis

Although our Subtask 2B model performs well
in comparison to competing teams, the highest-
performing baseline model, which is a linear model
based solely on prior scores, achieves the highest
average Valence and Arousal correlation scores.
This indicates that our team’s modeling of the re-
lationships between text and scores is inferior to
simple mean-regression effects. Because our model
caps the window size at 25, we evaluate users with
25 or fewer entries separately. Our analysis does
not demonstrate that the window size cap signifi-
cantly impacts our results at inference time. Anal-
ysis of large-discrepancy users demonstrates that
our system is more likely to make mistakes when
auser’s average Valence or Arousal score in seen
data is on one extreme end of the spectrum (for
example, with an average Valence score of —2 and
an average arousal score of 0). Our system fore-
casts small changes in these users’ scores, while a

model based purely on tendency to regress towards
the mean would be more consistent with the gold
labels.

To determine the impact of the fusion of scores
and text embeddings, we post-hoc ablate the gate
projection, resulting in the pre-transformer feature
vector being a summation between positional em-
beddings and the concatenation of the score pro-
jection, the is_words projection, and the fine-tuned
RoBERTa CLS token embeddings without a score
fusion. All hyperparameters are kept consistent
with the original model training setup, and a new
training instance is run. The resulting ablation
model’s predictions on the test set perform worse
than the original model’s predictions, with a Va-
lence correlation of » = 0.323 and an Arousal
correlation of » = 0.366. These correspond to
performance declines of ~ 9% and ~ 6%, respec-
tively. These results indicate support for our fusion
approach to text and score inputs.

6 Conclusion

Without the use of external affective datasets or
large-scale computational resources, our system
achieves state of the art performance for predicting
Valence affective scores from written text, and com-
petitive performance for forecasting large-scale
changes of affective state. Our architecture and
results emphasize the potential for loss-diverse en-
sembles and hierarchical transformers in affective
state prediction.

7 Limitations and Future Work

All entries were taken from English-speaking US
service workers, which reduces generalizability to
diverse users. Future work ought to combine our
Subtask 1 and Subtask 2 approaches. Our loss-
diverse ensemble proves advantageous, as does hi-
erarchical transformer modeling. With better com-
putational resources, these two approaches may be
combined.

8 Ethics Statement

All data were used in accordance with shared task
terms and no attempts were made to de-anonymize
users. We acknowledge that predicting mental
states has dual-use risk, as it can be used to sur-
vey users without their consent.
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A Appendix

A.1 Tables
Metric text_id 407 text_id 408 text_id 409 text_id 410
user_id 10 10 10 10
text Tired, Ex- Content, Content, Calm, Con-
hausted, Calm, Calm, tent, Happy,
Calm, Con- Sleepy, Relaxed, Relaxed
tent, Happy Lazy, Re- Happy
laxed
timestamp 6/9/2021 6/10/2021  6/11/2021  6/11/2021
12:11 17:08 12:03 17:18
collection 1 1 1 1
is_words TRUE TRUE TRUE TRUE
valence -1 2 2 2
arousal 0 0 0 1
state_change_valence (2A) 3 0 0 —
state_change_arousal (2A) 0 0 1 -
group (2B) 1 1 2 2
disposition_change_valence 2B) 1.5 1.5 1.5 1.5
disposition_change_arousal 2B) 0.5 0.5 0.5 0.5

Table 4: Sample Entry From Training Set

Task Optim. Epochs Batch Model LR RoBERTaLR
1 AdamW 4 16 1.00E-03 2.00E-05
2A AdamW 5 4 1.00E-04 2.00E-05
2B AdamW 4 4 1.00E-04 2.00E-05

Table 5: Hyperparameters used for training.

Metric Composite Seen User Unseen User Words Only Essay Only
r_composite 0.688 0.698 0.679 0.69 0.666
r_between 0.777* 812% 741% 79% 136%
r_within 0.572% 0.533* .607* .555% .583*
mae_composite NAN 1.796 1.986 1.953 1.868
mae_between 1.89 1.827 2.026 1.98 1.907
mae_within 1.925 NAN NAN NAN NAN

Table 6: Performance metrics for Valence across differ-
ent conditions. * Indicates p < .01

A.2 Dataset Analysis

Exploratory analysis was run on the training set.
The original training set consisted of 2764 entries
across 137 distinct users. Arousal had majority
zero datapoints, with Arousal 0 at 44.11% of the
training set. Valence data was more evenly bal-
anced between negative and positive values. Nega-
tive values (-1, -2) comprised 27.02% of Valence
data. Positive values (1, 2) comprised 40.57%. No
single Valence value comprised more than 33% of
the data.
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Metric Composite Seen User Unseen User Words Only Essay Only
r_composite 0.416 0.297 0.601 0.574 0.335
r_between 0.455* 0.306 17 629 .343%
r_within 0.376* 287 452+ 514% .326%
mae_composite 0.395 0.436 0.354 0.361 0.45
mae_between 0.25 0.314 0.185 0.256 0.313
mae_within 0.523 0.543 0.503 0.457 0.569

Table 7: Performance metrics for Arousal across differ-
ent conditions. * Indicates p < .01

Subtask 2a Subtask 2B
metric | Valence  Arousal Valence Arousal
R 0.152 0.126 | 0.354 0.388*
MAE 142 0.838 | 0425 0.393

Table 8: Performance metrics (R and MAE) for Valence
and Arousal across Subtask 2a and Subtask 2B. * Indi-
cates p < .01

Value Count

%

0 1097
1 913
2 477

44.11
36.71
19.18

Table 9: Arousal Dis

tribution

Value Count

%

-2 330
-1 342
0 804
1 482
2 529

13.27
13.75
32.33
19.30
21.27

Table 10: Valence Distribution
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