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Abstract

We present our shared task on predicting varia-
tion in emotional valence and arousal over time
from ecological essays. The shared task uses a
longitudinal dataset collected over 7 data collec-
tion phases of 14-day each spanning from 2021
to 2024, consisting of real-time essays and feel-
ing words (e.g., happy, calm, sad, etc.) written
in English by U.S. service-industry workers
about “how they are feeling”. Each text is as-
sociated with self-reported valence (V) (0 - 4,
highly negative to highly positive affect) and
arousal (A) (0 - 2, low to high energy) scores.
The shared task consists of three parts, Subtask
(1): Longitudinal Affect Assessment, Subtask
(2): Forecasting Variation in Affect as a (2a):
state change, and (2b): disposition change.

The task attracted over 200 member registra-
tions on Codabench, receiving official system
submissions from 31 teams (total 104 team
members), of which 28 teams (with 90 team
members) submitted system description papers
making it to our leaderboard. We discuss base-
line results along with findings from 28 sys-
tems, highlighting the best-performing systems,
a deeper analysis of performance on essays
versus feeling words, and assessments for au-
thors seen versus unseen during training. The
datasets for this task are publicly available.

1 Introduction

Emotions are a fundamental aspect of human ex-
perience, shaping how people navigate their re-
lationships, make decisions, and maintain their
well-being (Cacioppo and Gardner, 1999). The
widely used affective circumplex model proposes
that all emotions can be described as points in a
two-dimensional space defined by valence (pleas-
antness) and arousal (activation) (Russell and Bar-
rett, 1999; Posner et al., 2005; see Figure 2). Com-
putational approaches to affect assessment have
benefited a range of applications, from measuring
subjective well-being (Diener, 2000) to tracking

Figure 1: Tasks to assess the longitudinal affect (va-
lence and arousal), and to forecast the change in affect,
given ecological essays (and/or feeling words) writ-
ten by the authors.. ∆1 = vt+1 − vt, and ∆avg =
Average(v1, .., vt+1)−Average(vt, .., vn).

psychological states relevant to mental health (Eich-
staedt et al., 2015; Coppersmith et al., 2017). Yet
most prior NLP work on affect has relied on so-
cial media datasets in which momentary emotion
is judged by third-party annotators (Mohammad
et al., 2018; Preoţiuc-Pietro et al., 2016; AlZoubi
et al., 2022)—an approach that conflates emotion
expression with emotion experience (Vine et al.,
2020; Troiano et al., 2019). Annotators can label
what appears to be expressed in a social media post,
but they cannot directly access the internal affec-
tive state of the person who wrote it. Moreover,
emotions are inherently subjective and dynamic:
they fluctuate across situations, times of day, and
longer developmental timescales (Watson, 2000;
Bolger et al., 2003a). To the best of our knowl-
edge, no publicly available NLP dataset captures
these characteristics—that is, no existing resource
provides longitudinal, ecologically situated, self-
reported affect labels grounded in people’s own
lived experience.

This shared task (hosted at SemEval-
2026 (Ghosh et al., 2026)) aims to address
this gap by introducing a longitudinal dataset
(‘ecological essays’ and ‘feeling words’) collected
over multiple years (2021 to 2024) and consisting
of real-time essays and feeling words written
by U.S. service industry workers in response
to the prompt “how are you feeling.” These
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chronological texts represent ecologically em-
bedded affect—language produced in the natural
flow of daily life rather than under laboratory
conditions (Trampe et al., 2015)—and each text
is paired with the author’s own self-reported
valence and arousal scores over an affective
circumplex (Figure 2). Because the data span
repeated assessments within individuals over
time, they allow us to analyze changes in affect
over shorter timescales (e.g., different times of
day, different days) as well as longer periods
(e.g., across months and years), capturing both
within-person dynamics and between-person
differences in affective trajectories.

This task represents a shift toward modeling
emotion as a lived, dynamic experience rather than
an annotated perception of expressed emotion or a
single static snapshot. Unlike social media datasets,
which often must rely on performative or the “per-
ceived” affect as annotated by third parties, the
longitudinal ‘ecological essays’and ‘feeling words’
offer introspective, self-reported data grounded in
naturalistic, real-world settings. This allows for
the development of models that not only general-
ize across individuals but also adapt to the emo-
tional rhythms of a single person over time, crucial
for building tools that are emotionally intelligent
and personalized. The data’s temporal depth and
free-text format provide a rare opportunity to un-
cover how subtle verbal behavioral cues track with
self-identified internal affective states, enabling re-
search into affective trajectories, tipping points, and
resilience. By modeling how emotions unfold and
are conveyed in self-described experience — rather
than merely how they are perceived by outside par-
ties — we open the door to next-generation affec-
tive systems that can proactively support mental
health, augment therapeutic processes and interven-
tions, and bridge into smarter, ambient, emotion-
aware technologies.

The shared task consists of three parts, Subtask
1: Longitudinal Affect Assessment, Subtask 2a:
Forecasting Variation in Affect as a state change,
and Subtask 2b: Forecasting Variation in Affect as
a disposition change. Subtask 1 had held out eco-
logical essays and feeling words from authors seen
during training as well as unseen authors. Each
team could participate in one or more of these
subtasks to assess affect. Our official evaluation
metrics were a composite pearson correlation for
subtask 1 combining the pearson correlation for
between-author and within-author, and pearson cor-

relation for subtask 2a and 2b (refer Section 4.3).
We rank the participating teams for each subtask by
averaging the correlations for valence and arousal
respectively. Our task attracted over 200 partici-
pants on Cod- abench, with 104 participants sub-

Figure 2: Left: Affective circumplex model reflecting
the two-dimensional space of valence (pleasantness) and
arousal (activation) used to describe emotions. Right:
The affective circumplex grid used to self-report affect
during the collection of ‘ecological essays’ and ‘feeling
words’ dataset.

mitting an official submissions of which 90 par-
ticipants (28 teams) submitted system description
papers. Across systems, fine-tuning transformer-
based models were prevalent for affect assessment
performance, where arousal prediction proved to
be a relatively harder task than valence prediction.
Forecasting tasks were inherently difficult, where
systems highlighted the importance of explicit tem-
poral modeling and the challenging problem of
predicting longer-term dispositional change. All
task details and resources are available on the task
website and GitHub page1.

2 Related Work

The NLP community has huge collections of
datasets labeled with "sentiment" (e.g., how people
like a given movie (McAuley and Leskovec, 2013)
or product (Asghar, 2016), based on the number
of stars they give it), and recent work shows such
sentiment is better assessed within the context of
the author (Soni et al., 2026). However, there is
a dearth of datasets that are labeled with actual
first-person affective experience. While third-party
annotations are useful for understanding perceived
emotional meaning helping applications such as
conversational affect modeling (Mohammad et al.,
2018), self-reports along with longitudinal and eco-
logical language can give us insights on first-order
experiences and emotions. Studying such data will

1https://semeval2026task2.github.io/SemEval-2026-
Task2/, https://github.com/semeval2026task2/EmotionValArou
TimeVariation2026
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allow the community to understand the similarity
and difference between first-party experiences and
third-party annotations.

Furthermore, prior work has placed increased
importance on processing language within the
context of the author (Soni et al., 2022, 2024a),
time (Matero et al., 2021), and situation (Soni et al.,
2025b) to better assess affect (Soni et al., 2025a;
Singh et al., 2025) and mental health (Ganesan
et al., 2022; Varadarajan et al., 2024; Mangalik
et al., 2024). Temporal patterns and anomalies in
human behavior exhibited through their language
can be essential for well-being and mental health
assessments (Soni et al., 2024b) as well as assist
in measuring the dynamic human states and more
stable traits (Singh et al., 2025). The dataset in
our shared task as well as the formulation of our
Subtask 2 to forecast variations in affect provides
an opportunity to deepen research in the directions
of longitudinal affect and mental health. Being
able to assess affect longitudinally, can also offer
a step towards assessment tools for personalized
mental health care, and will eventually allow better
connection to objective behaviors.

3 Data

The dataset consists of chronological texts (‘ecolog-
ical essays’ and ‘feeling words’ (using their own
words e.g., happy, calm, sad, etc.)) written in En-
glish by U.S. service industry workers collected
over 7 data collection phases from 2021 to 2024.
Each collection phase consisted of 14-day periods
where each participant was prompted to write an
essay on how they are feeling up to three times a
day. In addition, the participants were also asked
to fill in the affective circumplex grid selecting ex-
actly one cell (on the right of Figure 2), providing a
direct measure of experienced valence (V ) (highly
negative (0) to highly positive (4) along the X-axis)
and arousal (A) (low (0) to high (2) along the Y-
axis). Therefore, V & A scores were derived from
participants’ self-reported current mood state, in-
stead of being assigned by third-party annotators.
Each of the texts is associated with self-reported
valence (0–4, highly negative to highly positive af-
fect) and arousal (0–2, low to high energy) scores.

The way we describe and assign emotion
words/labels to our feelings is a rich psycholog-
ical process that is diagnostic of how our past ex-
periences influence our current perception of how
we relate to the world. Therefore, we include the

feeling words data as well in our training and eval-
uation sets. Additionally, this increases the num-
ber of examples. We suggested our shared task
participants to consider modeling feeling-words
separately or jointly with the essays.

The dataset underwent a systematic cleaning pro-
cess. Raw text data collected across multiple col-
lection phases were processed separately in a stan-
dardized fashion, ensuring consistent formatting
for timestamps/timezone information (retaining the
user’s local timezone), user identifiers, and sur-
vey responses. Entries with duplicate identifiers or
timestamps were identified and removed to main-
tain uniqueness and accuracy, retaining the first and
most complete entry for any given essay/feeling
words prompt. The data was then filtered to exclude
incomplete records, particularly those lacking nec-
essary affective ratings (valence and arousal). Sen-
sitive or personally identifiable information within
text responses was removed using regular expres-
sions to detect and eliminate patterns such as email
addresses and URLs. The cleaned dataset was fi-
nally structured into a unified format suitable for
longitudinal affect analysis.

The data collection study participants included
in the dataset had a minimum of three chronolog-
ical texts (essays and feeling words). Each text
contains either an essay of at least five words or
‘feeling words’ with at least three words. Each
text is associated with ‘valence’ and ‘arousal’ la-
bels. This yielded 5,285 longitudinal texts written
by 182 authors. In total, the average number of
texts per user are 72.8 (average essays per users:
53.1; average feeling-words per user: 48.3), and
the median number of texts per user are 35 (median
essays per users: 18.00; median feeling-words per
user: 18.00). The dataset structure with selected
rows from the data as examples are shown in Ap-
pendix Table 6, and data statistics are presented in
Appendix Tables 7, 8, and 9.

4 Task Description

The task consists of multiple subtasks and partic-
ipants could participate in one or more of these
subtasks to assess affect.

4.1 Subtasks

Subtask 1—Longitudinal Affect Assessment:
Given a sequence of m essays and/or feeling words
as texts, e1 ... em in chronological order, this sub-
task includes producing V & A scores, (v1, a1)
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... (vm, am), one pair for each text (refer Figure
1). The training set includes sequences of texts
and their associated V & A scores from multiple
people. For this subtask, there are two types of test
set data: (1) unseen users – those for whom no data
was seen during training and (2) seen users– those
that were also in the training data (test set including
texts over a future period of time). The test data is
marked to identify seen and unseen users.

Subtask 2a and 2b—Forecasting (future) Vari-
ation in Affect: Given a sequence of the first t
essays and/or feeling words along with their asso-
ciated V & A scores, this subtask includes fore-
casting two changes in V & A scores (refer Fig-
ure 1): (a) state change: from the last timestep
observed to the next: ∆1 = vt+1 − vt, (b) dispo-
sitional change: from the average observed to the
average of an equally-sized timespan in the future:
∆avg = avg(vt+1:n)− avg(v1:t).

4.2 Task Organization

We used Codabench2 as the data release and sys-
tem submission platform, and a website and Google
Groups to disseminate information throughout the
competition. Our task attracted 211 member regis-
trations on Codabench, with 351 submissions. We
received official system submissions from 32 teams
(total of 104 team members), of which 28 teams
(a total of 90 team members) submitted system
description papers making it to our leaderboard,
having affiliations from different parts of the world,
as shown in Figure 3. We provided participants
with a pilot dataset in the beginning to help them
understand the task and dataset structure. We also
held online sessions during the training phase and
later for paper writing guidance. During the train-
ing phase, participants were allowed to make sam-
ple submissions to run through our submissions’
format checker, while in the evaluation phase par-
ticipants submitted their system predictions on the
held out test data with the last entry considered as
their official submission for ranking. The task par-
ticipants did not have access to the results of their
submissions until the end of the evaluation phase.

4.3 Evaluation and Baselines

Evaluation Metrics All systems are evaluated
using Pearson correlation (r) and Mean Absolute
Error (mae) for each affect outcome: valence

2https://www.codabench.org/competitions/9963/

Figure 3: The official affiliations of the 90 participants
who submitted a system description paper ranged across
16 countries: India, the United Arab Emirates, Canada,
Japan, the United States, Vietnam, Australia, Morocco,
Germany, Italy, China, Colombia, Iran, Pakistan, In-
donesia, and Taiwan. Circle sizes are proportional to
the number of researchers affiliated with each country.

and arousal. Pearson correlation is used for inter-
pretability with a bounded measure, whereas mae
captures the absolute scale. For Subtask 1 (Lon-
gitudinal Affect Assessment), evaluation captures
both between-user differences and within-user tem-
poral variation. The between-user metric computes
rbetween and maebetween across users by comparing
the mean predicted and gold scores aggregated over
each user’s texts. The within-user metric computes
rwithin and maewithin across texts for each user and
then averages the results across users. To balance
both aspects, a composite correlation (rcomposite),
and composite mae (maecomposite) is computed by
combining between- and within-user correlations
and mae using Fisher’s z-transformation. The
Fisher’s z-transformation converts correlations into
a space where they are normally distributed and en-
sures the final composite correlation remains within
the bounded correlation measure requiring high
performance across both the stable traits (between-
user) and dynamic states (within-user) of affect.
For Subtasks 2a and 2b (Forecasting Variation in
Affect), performance is evaluated at the user level
using Pearson r and MAE between predicted and
gold state change and disposition change values.
Systems are ranked using the average of rcomposite
across V & A scores for Subtask 1, and the aver-
age of r across V & A scores for Subtasks 2a and
2b each. We define each metric used for Subtask
1, computed for valence and arousal separately, as
follows:
fbetween({ŷu,t}, {yu,t}) =
f
(
{meant∈u(ŷu,t)}Nu=1, {meant∈u(yu,t))}Nu=1

)

(1)
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fwithin({ŷu,t}, {yu,t}) =
mean∀u

(
fu({ŷu,t}t∈u, {yu,t}t∈u)

)

(2)

fcomposite =

tanh

(
arctanh(fwithin) + arctanh(fbetween)

2

)

(3)

where f is in [pearson r, MAE], and t are the texts
written by the user u.
And, metrics for Subtask 2a and 2b, computed for
valence and arousal separately, are defined as:

f(ŷu, yu) (4)

where f is in [pearson r, MAE] and u is a user.

Baselines. We run simple random and linear base-
lines across the subtasks. Random baseline for
subtask 1 predicts the global mean valence and
arousal from the training set for every text in the
test set, and for subtask 2a and 2b forecasts no state
change and disposition change (i.e., zero) for all
users in the test set. For linear baselines, we train
L2-regularized linear regression (ridge regression)
models using BERT-base-uncased mean-pooled to-
ken embeddings. linear(BERT) predicts valence
and arousal directly from text embeddings. For
forecasting affect change in Subtasks 2a and 2b,
we evaluate two additional variants: linear(BERT;
previous) uses the current text embedding together
with the current valence/arousal value as features,
while linear(previous) uses only the current va-
lence/arousal value without text representations.
For state change (2a), the target is the difference be-
tween consecutive affect values (∆i = Vi+1 − Vi).
For disposition change (2b), users’ texts are split
chronologically into two halves and the target is the
difference between the mean affect of the second
and first halves.

5 Participating Systems and Results

We report results only for the teams that submitted a
system description paper. A total of 25 teams made
the rankings on the official leaderboard, while 3
additional teams were included in post-deadline
leaderboard without a ranking. We discuss the
results for Subtask 1 with 28 participating teams
in Section 5.1, the results for Subtask 2a with 17
participating teams in Section 5.2, and the results

for Subtask 2b with 13 participating teams in Sec-
tion 5.3. We present a deeper analysis for seen and
unseen users performance (Section 5.4), ecologi-
cal essays and feeling words results (Section 5.5),
methods analysis (Section 5.6), and a final discus-
sion in Section 6.

5.1 Subtask 1: Longitudinal Affect
Assessment

Table 1 reports Subtask 1 leaderboard ranking in-
cluding valence and arousal rcomposite results for
participating teams. The top three valence scores,
NLPGROUP8 (Arthur et al., 2026) (r = 0.688),
LAMANHNGUYEN (NGUYEN, 2026) (r = 0.687),
and CURIOSAI (Beppu et al., 2026) (r = 0.683),
were separated by fewer than 0.006 points and all
used RoBERTa or DeBERTa backbones.

Team Valence (V) Arousal (A) V&A Avg
rcomposite ↑ rcomposite ↑

UKP_Psycontrol 0.667 0.554 0.611
YNU 0.677 0.528 0.603
cclin 0.647 0.527 0.587
AFourP 0.679 0.466 0.573
lamanhnguyen 0.687 0.458 0.573
CSIRO-LT 0.656 0.488 0.572
CuriosAI 0.683 0.451 0.567
Bison AI4PC 0.665 0.468 0.567
UIT 0.637 0.489 0.563
mcmaster4z03 0.665 0.460 0.562
Perspicere 0.623 0.497 0.560
NLPGroup8 0.688 0.416 0.552
Cherish 0.596 0.505 0.551
Ajman Univ. 0.656 0.439 0.548
VerbaNex AI 0.632 0.463 0.547
IMEZO/Khaleesi 0.656 0.437 0.547
AI4PC-Howard 0.631 0.462 0.546
LexMachina 0.645 0.434 0.539
Emo-tica 0.645 0.409 0.527
AGI 0.600 0.452 0.526
EcoAffectTrack 0.663 0.373 0.518
UAlberta 0.556 0.444 0.500
NLP-FSDM 0.546 0.453 0.499
VAP-GameCtrl. 0.615 0.322 0.469
linear(BERT) 0.557 0.299 0.428
One and Only 0.527 0.315 0.421
rand 0.000 0.000 0.000
Momentum 0.638 0.455 0.547
ES4MLL 0.650 0.433 0.541
Draken 0.594 0.296 0.445

Table 1: Subtask 1 Leaderboard. Performance is re-
ported using Pearson rcomposite for valence (V) and
arousal (A), along with their average (V&A Avg). Cell
colors indicate a performance heatmap (green = higher
correlation, peach = lower correlation); * p < 0.01 +

p < 0.05; bold values denote the best performance per
column. Blue-shaded rows represent standard baselines.
Gray-shaded rows represent post-deadline submissions
and are excluded from the official rankings.
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Looking more closely at what distinguished
them: NLPGROUP8 constructed five independent
models with different output objectives (sigmoid re-
gression, ordinal decomposition via SoftMax, and
binary threshold formulations), pooling their pre-
dictions through averaging. This ensembling ap-
proach shows that heterogeneous predictors reduce
systematic error. LAMANHNGUYEN trained two
DeBERTa variants with complementary methods:
one regularized with strict early stopping to favour
stability, the other trained longer to increase sen-
sitivity to high-variance emotional states, with a
weighted linear combination balancing bias and
variance across the label distribution. CURIO-
SAI used a two-phase training curriculum, first on
EmoBank for broadly grounded dimensional affect
regression, then on the task data, achieving domain
adaptation that anchored the model’s prediction
scale before task-specific fine-tuning.

For arousal, the rankings shifted considerably:
UKP_PSYCONTROL (Hryhoryeva et al., 2026)
(r = 0.554), YNU (Lan et al., 2026) (r = 0.528),
and CCLIN (Lin, 2026) (r = 0.527) led, none of
which ranked in the top five for valence. This di-
vergence is consistent with a broader pattern in
affective computing: valence and arousal differ
both statistically and psycholinguistically. In this
dataset, valence spans five discrete levels (−2 to
+2) whereas arousal spans three (0 to 2), yielding
lower variance for arousal. At the psycholinguistic
level, valence is well-captured by lexical choices
recoverable by standard language models(Warriner
et al., 2013), whereas arousal more closely tracks
physiological and paralinguistic intensity cues less
directly encoded in written text (Gunes and Pantic,
2010). This may partly explain why approaches
incorporating temporal dynamics and personal con-
text such as UKP_PSYCONTROL’s user-aware
GPT-5 prompting with discrete emotion labels, and
YNU’s time-aware LSTM gated on inter-post inter-
vals, benefited arousal prediction relatively more
than valence. YNU also ranking 5th on valence
(r = 0.677) suggests temporal modeling improved
both dimensions, though its relative benefit is larger
for the lower-variance arousal target. We note that
approaches incorporating temporal dynamics and
personal context may disproportionately benefit
arousal because the isolated text instance carries
less of the relevant signal for that dimension.

Twenty-five of the twenty-eight teams surpassed
the linear(BERT) baseline on valence; while all
but one surpassed it on arousal. Three teams fell

below baseline on valence, all relying on either
zero-shot LLM inference or models trained from
scratch without established pre-trained representa-
tions.

5.2 Subtask 2a: Forecasting State Change
(∆1)

Table 2 reports Subtask 2a leaderboard rank-
ing including pearson r for valence and arousal
state change for participating teams. The linear
(prev) baseline that does not use linguistic fea-
tures (r = 0.615 valence, r = 0.670 arousal)
captured a large share of forecasting affect by
forwarding each user’s most recent affect values.
Four teams surpassed it on valence: YNU (Lan
et al., 2026) (0.692), UKP_PSYCONTROL (Hry-
horyeva et al., 2026) (0.675), UIT (Phuong et al.,
2026) (0.629), and CSIRO-LT (Chen et al., 2026)
(0.621), while only UKP_PSYCONTROL (Hryho-
ryeva et al., 2026) (0.683) and UALBERTA (Ho
et al., 2026) (0.674) exceeded it on arousal.

Team Valence (V) Arousal (A) V&A Avg
r ↑ r ↑

UKP_Psycontrol 0.675∗ 0.683∗ 0.679
YNU 0.692∗ 0.647∗ 0.670
UAlberta 0.615∗ 0.674∗ 0.645
linear(prev) 0.615∗ 0.670∗ 0.643
Ajman Univ. 0.615∗ 0.670∗ 0.642
UIT 0.629∗ 0.633∗ 0.631
CSIRO-LT 0.621∗ 0.477∗ 0.549
AI4PC-Howard 0.597∗ 0.413∗ 0.505
linear(B;p) 0.430∗ 0.405∗ 0.418
Emo-tica 0.424∗ 0.355+ 0.390
CuriosAI 0.467∗ 0.275 0.371
linear(BERT) 0.290∗ 0.199∗ 0.245
Bison AI4PC 0.379∗ 0.085 0.232
NLPGroup8 0.152 0.126 0.139
rand 0.000 0.000 0.000
EcoAffectTrack -0.243 -0.011 -0.127
AGI -0.167 -0.147 -0.157
lamanhnguyen -0.273 -0.275 -0.274
Cherish NaN NaN NaN
Momentum 0.553∗ 0.589∗ 0.571
One and Only -0.194 -0.423∗ -0.308

Table 2: Subtask 2a leaderboard. Performance is re-
ported using Pearson r for valence (V) and arousal (A)
state change, along with their average (V&A Avg). Cell
colors indicate a performance heatmap; * p < 0.01 +

p < 0.05; bold denotes the best per column. Blue-
shaded rows represent standard baselines. Gray-shaded
rows represent post-deadline submissions and are ex-
cluded from the official rankings

All four teams that surpassed linear(prev) on
valence used an explicit sequential component
conditioned on temporal history: YNU fed
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log-transformed inter-post intervals into a time-
aware LSTM; UIT processed a sliding window
(k=8) of prior texts through a Mixture-of-Experts
head; CSIRO-LT concatenated a 24 × 1 tem-
poral feature embedding with the [CLS] token;
and UKP_PSYCONTROL incorporated the previ-
ous state change with a trainable user embed-
ding into a feed-forward regressor. In contrast,
NLPGROUP8’s transformer-decoder architecture
achieved the highest Subtask 1 valence score (r =
0.688) but scored (r = 0.152) lower than all base-
lines on state-change valence. This gap highlighted
that representations optimized for cross-sectional
affect assessment did not automatically transfer to
temporal change prediction, where the target is an
incremental quantity.

5.3 Subtask 2b: Forecasting Dispositional
Change (∆avg)

Subtask 2b required predicting the long-term av-
erage shift in a user’s emotional baseline between
two longitudinal segments, the most demanding
subtask, with a target signal of substantially lower
variance than either the instantaneous scores or the
state changes. Table 3 reports Subtask 2b leader-
board ranking including pearson r for valence and
arousal disposition change for participating teams.

UALBERTA (Ho et al., 2026) achieved the high-
est overall scores (r = 0.405 valence, r =
0.602 arousal), yet did not surpass the linear(prev)
baseline on valence (0.405 < 0.434) and only
marginally exceeded it on arousal (0.602 vs. 0.584).
Eight of thirteen teams produced negative va-
lence correlations, meaning the majority of sub-
mitted systems systematically inverted the di-
rection of long-term dispositional shift. Only
five teams yielded positive valence correlations
(UALBERTA (Ho et al., 2026), NLPGROUP8
(Arthur et al., 2026), EMO-TICA (Noor and Fatima,
2026), AI4PC-HOWARD (Shah et al., 2026), and
AGI (Rathva, 2026)), while LAMANHNGUYEN

(NGUYEN, 2026) performed worst on both di-
mensions, again suggesting that momentum-based
dampening is counterproductive for long-term dis-
positional prediction.

An indirect prediction strategy separated UAL-
BERTA from the rest: rather than regressing a sin-
gle per-user change label, they predicted mean af-
fect for each longitudinal segment separately using
a BERT + BiLSTM pipeline, then derived dispo-
sitional change by differencing predicted group
means. This allowed the model to leverage the

same affect-prediction signal as Subtask 1, avoid-
ing the need to independently learn a long-term
difference signal from sparse training examples.
EMO-TICA similarly sidestepped direct text model-
ing, fitting ridge regression on user-level trajectory
statistics (mean, standard deviation, trend slope, ex-
trema, time span). Aggregation-based approaches,
i.e., sequential predictions and hand-crafted trajec-
tory features, were more robust than end-to-end
neural approaches attempting to forecast the dispo-
sitional change target directly from text.

Team Valence (V) Arousal (A) V&A Avg
r ↑ r ↑

linear(prev) 0.434∗ 0.584∗ 0.509
UAlberta 0.405∗ 0.602∗ 0.503
NLPGroup8 0.354+ 0.388∗ 0.371
Emo-tica 0.257 0.418∗ 0.337
AI4PC-Howard 0.046 0.348∗ 0.197
Ajman Univ. -0.124 0.456∗ 0.166
AGI 0.086 -0.081 0.003
rand 0.000 0.000 0.000
linear(B;p) -0.029∗ 0.019∗ -0.005
EcoAffectTrack -0.243 0.226 -0.009
linear(BERT) -0.088∗ 0.070∗ -0.009
CSIRO-LT -0.147 0.114 -0.017
CuriosAI -0.161 0.011 -0.075
Bison AI4PC -0.120 -0.103 -0.111
UIT -0.169 -0.060 -0.114
lamanhnguyen -0.398∗ -0.577∗ -0.488
One and Only -0.185 0.016 -0.084

Table 3: Subtask 2b leaderboard. Performance is re-
ported using Pearson r for valence (V) and arousal
(A) disposition change, along with their average (V&A
Avg). Cell colors indicate a performance heatmap; *
p < 0.01 + p < 0.05; bold denotes the best per column.
Blue-shaded rows represent standard baselines. Gray-
shaded rows represent post-deadline submissions and
are excluded from the official rankings

5.4 Seen-User vs. Unseen-User Performance

Table 4 reports the rcomp for seen users (users
present during training, evaluated on future texts,
referring to as prospective generalization) and un-
seen users (users absent during training, refer-
ring to as cross-sectional generalization), for va-
lence and arousal respectively. The two rightmost
columns (∆V , ∆A) show the difference in score
between unseen and seen users for each dimen-
sion; positive values indicate better cross-sectional
performance than prospective performance.

Valence: the baseline collapses for unseen users;
submitted systems near-invariant or slightly
worse. The linear(BERT) baseline achieves the
highest seen-user valence of any system (r =
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0.748), yet drops to r = 0.562 for unseen users
(∆V = −0.186, the largest drop in the table). A lin-
ear regression fitted on BERT features effectively
learns a user-specific intercept for seen individu-
als, making it a strong prospective predictor; when
applied to new users with no training history that
advantage disappears, and it reverts to population-
level predictions. Among submitted systems, 16 of
the 25 show |∆V | ≤ 0.03, meaning their valence
predictions were essentially equally good for seen
and unseen users. AI4PC-HOWARD (Shah et al.,
2026) stands out with ∆V = −0.002, the small-
est drop in the table, suggesting its DeBERTa +
GRU architecture generalized robustly across user
types without requiring explicit seen/unseen rout-
ing. YNU (Lan et al., 2026) similarly showed
near-invariance (∆V = −0.007), suggesting its
time-aware LSTM generalized via temporal text
dynamics rather than user-specific signal. While
ten teams show positive ∆V (better on unseen),
approaches without strong user-specific modeling
often generalize as well or better to new individu-
als. The largest drops among submitted systems,
UALBERTA (Ho et al., 2026) (−0.111) and CURIO-
SAI (Beppu et al., 2026) (−0.069), both relied on
architectures designed for prospective prediction
with access to prior user history.

Arousal: a near-universal improvement for
unseen users. Performance in arousal predic-
tion was opposite of valence. 23 of the 25
teams show a positive ∆A, meaning most sys-
tems predicted arousal better for unseen users
than for seen users. The gains are substan-
tial: NLPGROUP8 (Arthur et al., 2026) improves
by +0.304 (0.297 seen vs. 0.601 unseen), VER-
BANEX AI (Moreno et al., 2026) by +0.269,
AFOURP (Thota et al., 2026) by +0.246, and LEX-
MACHINA (Ganguli et al., 2026) by +0.231. Only
three systems show negative ∆A: the linear(BERT)
baseline (−0.184), UKP_PSYCONTROL (Hryho-
ryeva et al., 2026) (−0.068), and UALBERTA (Ho
et al., 2026) (−0.048).

This asymmetry between valence and arousal
is consistent with their distinct psycholinguistic
properties. Within-person valence tends to track
topically driven changes in a user’s writing such
as positive or negative events leave durable lexi-
cal traces in ongoing essays (Bolger et al., 2003b;
Warriner et al., 2013), making prospective valence
prediction feasible even without explicit temporal
modeling. Within-person arousal, by contrast, re-

Team Seen Users Unseen Users
∆V ∆A

Val. Aro. Val. Aro.

UKP_Psycontrol 0.688 0.568 0.662 0.500 −0.026 −0.068
YNU 0.684 0.466 0.677 0.612 −0.007 +0.146
cclin 0.664 0.457 0.629 0.614 −0.035 +0.157
AFourP 0.696 0.359 0.662 0.605 −0.034 +0.246
lamanhnguyen 0.708 0.392 0.673 0.552 −0.035 +0.160
CSIRO-LT 0.650 0.395 0.673 0.598 +0.023 +0.203
CuriosAI 0.715 0.403 0.646 0.510 −0.069 +0.107
Bison AI4PC 0.664 0.404 0.673 0.553 +0.009 +0.149
UIT 0.639 0.405 0.620 0.555 −0.019 +0.150
mcmaster4z03 0.666 0.402 0.660 0.550 −0.006 +0.148
Perspicere 0.614 0.414 0.641 0.591 +0.027 +0.177
NLPGroup8 0.698 0.297 0.679 0.601 −0.019 +0.304
Cherish 0.604 0.465 0.594 0.534 −0.010 +0.069
Ajman Univ. 0.669 0.361 0.650 0.530 −0.019 +0.169
VerbaNex AI 0.606 0.356 0.664 0.625 +0.058 +0.269
IMEZO 0.648 0.386 0.675 0.519 +0.027 +0.133
AI4PC-Howard 0.633 0.415 0.631 0.506 −0.002 +0.091
LexMachina 0.636 0.343 0.669 0.574 +0.033 +0.231
Emo-tica 0.658 0.332 0.640 0.512 −0.018 +0.180
AGI 0.639 0.400 0.655 0.545 +0.016 +0.145
EcoAffectTrack 0.688 0.327 0.642 0.426 −0.046 +0.099
UAlberta 0.578 0.505 0.467 0.457 −0.111 −0.048
NLP-FSDM 0.541 0.444 0.556 0.447 +0.015 +0.003
VAP-GameCtrl. 0.615 0.264 0.618 0.400 +0.003 +0.136
linear(BERT) 0.748 0.422 0.562 0.238 −0.186 −0.184
One and Only 0.508 0.268 0.554 0.356 +0.046 +0.088

Table 4: Subtask 1 rcomp disaggregated by user type.
∆V and ∆A = unseen minus seen for valence and
arousal respectively; green = better on unseen users,
red = worse on unseen users. Teams sorted by Subtask
1 leaderboard order.

flects activation and physiological intensity which
fluctuates more rapidly and is encoded less sta-
bly in written language (Gunes and Pantic, 2010).
As a result, seen-user arousal prediction (requir-
ing prospective modeling of a specific individual’s
activation dynamics) is harder than unseen-user
arousal prediction (which benefits from the more
stable between-person text-level signal that a highly
activated writer differs from a calm writer).

5.5 Essays vs. Feeling Words Performance

Table 5 (in appendix) reports rcomp separately for
each text type: ‘ecological essays’ and ‘feeling
words’, with ∆V = rwords,V − ressays,V and ∆A =
rwords,A − ressays,A indicating the gain from feeling
words over essays.

The most consistent finding is an arousal ad-
vantage for feeling words: All 25 submitted sys-
tems show a positive ∆A, with a median gain of
+0.19 arousal points. This is striking given an es-
say averages 58 words and most ‘feeling words’
are 3–5 words (with few instances having multiple

3738



word phrases as a single ‘feeling words’, refer Ap-
pendix Table 7)). The pattern mirrors the arousal
asymmetry observed for unseen users (Section 5.4):
since arousal reflects general activation and inten-
sity; emotion terms such as anxious, exhausted, or
energised carry strong physiological connotations
that are directly recoverable from the label lexi-
con, even by models that never see the full essay
context, consistent with prior work on brief ver-
sus extended natural language response formats for
psychological assessment (Gu et al., 2025).

Team Essays Feeling Words
∆V ∆A

Val. Aro. Val. Aro.

UKP_Psycontrol 0.685 0.500 0.658 0.575 −0.027 +0.075
YNU 0.673 0.419 0.683 0.602 +0.010 +0.183
cclin 0.632 0.422 0.662 0.620 +0.030 +0.198
lamanhnguyen 0.659 0.358 0.677 0.578 +0.018 +0.220
AFourP 0.679 0.357 0.670 0.566 −0.009 +0.209
CSIRO-LT 0.623 0.388 0.673 0.598 +0.050 +0.210
CuriosAI 0.653 0.403 0.669 0.524 +0.016 +0.121
Bison AI4PC 0.647 0.333 0.665 0.568 +0.018 +0.235
UIT 0.586 0.397 0.693 0.526 +0.107 +0.129
mcmaster4z03 0.653 0.365 0.658 0.542 +0.005 +0.177
Perspicere 0.619 0.370 0.649 0.569 +0.030 +0.199
NLPGroup8 0.666 0.335 0.690 0.574 +0.024 +0.239
Cherish 0.618 0.380 0.586 0.576 −0.032 +0.196
Ajman Univ. 0.618 0.326 0.648 0.528 +0.030 +0.202
VerbaNex AI 0.599 0.437 0.684 0.515 +0.085 +0.078
IMEZO 0.645 0.395 0.662 0.573 +0.017 +0.178
AI4PC-Howard 0.631 0.343 0.650 0.540 +0.019 +0.197
LexMachina 0.627 0.307 0.655 0.572 +0.028 +0.265
Emo-tica 0.602 0.313 0.669 0.582 +0.067 +0.269
AGI 0.599 0.370 0.600 0.554 +0.001 +0.184
EcoAffectTrack 0.644 0.332 0.667 0.539 +0.023 +0.207
UAlberta 0.517 0.339 0.555 0.400 +0.038 +0.061
NLP-FSDM 0.513 0.359 0.572 0.516 +0.059 +0.157
VAP-GameCtrl. 0.581 0.278 0.646 0.318 +0.065 +0.040
linear(BERT) 0.546 0.395 0.470 0.158 −0.076 −0.237
One and Only 0.421 0.229 0.633 0.426 +0.212 +0.197

Table 5: Subtask 1 rcomp disaggregated by text type. ∆V

and ∆A = feeling words minus essays per dimension;
green = feeling words better, red = essays better. Teams
sorted by Subtask 1 leaderboard order.

For valence, 22 of 25 teams show a positive
∆V , but gains are modest (median +0.02), and
three teams (UKP_PSYCONTROL (Hryhoryeva
et al., 2026), AFOURP (Thota et al., 2026), CHER-
ISH (Parahita, 2026)) along with our baseline (lin-
ear(BERT)) do better on essays for valence. Va-
lence is well-encoded in rich lexical content: longer
narratives provide syntactic negation, contextual
framing, and sentiment-bearing sentences that a
few terse emotion words cannot replicate (War-
riner et al., 2013). Team ONE AND ONLY (Dinh,
2026) provides the clearest contrast: their zero-shot
GPT-5 prompting gains ∆V = +0.212 from feel-
ing words, the largest in the table, consistent with
LLMs being very effective at interpreting short,

emotionally direct labels but struggling to extract
valence from unstructured narrative.

5.6 Methodological Analysis and Takeaways
Handling Temporal Structure and Extra-
Linguistic Features. The dominant approach
was to process individual posts independently
through a Transformer encoder with a regression
head, treating each post as an isolated regression
instance. This proved sufficient for better perfor-
mance on Subtask 1’s instantaneous affect assess-
ment but inadequate for the forecasting subtasks,
where predicting change inherently requires model-
ing dynamics across time. Among teams that added
an explicit sequential component (LSTM, GRU, or
Temporal Fusion Transformer), Subtask 2a perfor-
mance was consistently higher than architecturally
similar teams that relied only on Transformer repre-
sentations. Only a minority exploited the provided
timestamp column; most treated temporal order
implicitly through chronological sorting. Teams
that encoded inter-post intervals as explicit features
clustered above the linear(prev) baseline on Sub-
task 2a, while those without timestamp features
clustered at or below it.

User Representations. User representation was
a common strategy for Subtask 1 but was less uni-
formly helpful for the forecasting subtasks. A
fixed-dimensional trainable user embedding con-
catenated with the text representation was the ba-
sic approach for most teams that outperformed
the baseline on Subtask 1. As Table 4 illus-
trates, performance differences between seen and
unseen users depended critically on how teams
handled the cold-start problem: systems with ex-
plicit fallback mechanisms for unseen users (a ded-
icated UNK embedding, user-agnostic prompting, or
a data-conditioned gate) tended to show smaller
seen/unseen gaps than those relying on a fixed
global fallback. LEXMACHINA’s (Ganguli et al.,
2026) adversarial approach (DANN) took a struc-
turally different route, explicitly penalizing the en-
coding of user identity during arousal training to
prevent models from collapsing to each person’s
mean score rather than modeling within-person dy-
namics.

Loss Functions. Standard MSE was the domi-
nant training objective, but several teams adopted
losses more closely aligned with the Pearson-
correlation evaluation metric. NLPGROUP8 used
a 90% Pearson R / 10% MSE composite, directly
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optimizing the leaderboard criterion. AGI imple-
mented a correlation-first phased training schedule
with explicit variance-preservation terms to pre-
vent prediction collapse, a problem they identified
as particularly acute for arousal, where lower la-
bel variance can lead models to default to near-
constant predictions. ECOAFFECTTRACK (Kumar
and Joshi, 2026), UIT (Phuong et al., 2026), and
AJMAN UNIVERSITY (Jumakhan et al., 2026) used
Concordance Correlation Coefficient (CCC) loss,
which jointly penalizes deviations in mean, vari-
ance, and correlation.

6 Discussion

Across the three subtasks, several patterns emerged.
Most teams fine-tuned pre-trained encoders (typ-
ically RoBERTa or DeBERTa) with regression
heads resulting in similar performance for top
Subtask 1 valence assessment systems. However,
strong instantaneous affect prediction did not trans-
late into better temporal change forecasts, where
systems incorporating explicit temporal modeling
performed well. Interestingly, a simple linear base-
line using only current affect scores with no linguis-
tic features proved to be a stronger forecaster of
variation in affect than most systems, emphasizing
the inherent challenge of the subtasks. Addition-
ally, arousal assessments proved to be harder than
valence assessments for all systems, consistent with
previous work (Soni et al., 2025a), although gener-
alization patterns differed with valence predictions
slightly worse on unseen users while arousal pre-
dictions often improved. Further, feeling words
reflected consistently stronger signals than essays
for affect assessment, particularly for arousal, sug-
gesting physiological intensity information may be
directly recoverable from the label lexicon (War-
riner et al., 2013), but at the same time highlighting
the self-reported nature of the labels: feeling words
likely mimic the rating scale more closely than
essays do (Nilsson et al., 2025). We encourage
future work to explore this distinction further, par-
ticularly for psychological states less amenable to
self-report, such as clinical depression.

7 Conclusion

We introduced the SemEval-2026 Task 2 shared
task on predicting variation in affective valence and
arousal from longitudinal, ecologically embedded
language. The task is built on a multi-year dataset
of self-reported affect paired with chronological

essays and feeling words written by U.S. service-
industry workers. By framing affect prediction both
as an assessment problem (Subtask 1) and a fore-
casting problem (Subtask 2), the task encouraged
models to move beyond static sentiment classifi-
cation/estimation toward capturing within-person
affective dynamics over time. The task attracted
substantial participation from the community, with
over 200 participants on Codabench and 90 partici-
pants forming 28 teams submitting system descrip-
tion papers. Across systems, transformer-based
models dominated affect assessment performance,
while forecasting tasks highlighted the importance
of explicit temporal modeling and the inherent
challenge of predicting longer-term dispositional
change.

Beyond benchmarking model performance, the
shared task surfaces several broader insights about
language and affect. First, representations op-
timized for cross-sectional affect prediction do
not necessarily transfer to temporal forecasting
tasks. Second, the asymmetry between valence
and arousal prediction reflects both psycholinguis-
tic properties of language and the statistical struc-
ture of the labels. Third, brief feeling-word re-
sponses often provide stronger signals for arousal
than longer essays, suggesting that concise self-
descriptions can capture affective intensity more
directly than narrative text. We hope that the re-
lease of this dataset and the analyses presented here
will stimulate further research at the intersection of
NLP, psychology, and affective science.

Ethical Considerations

The "Data Science and Alcohol Consumption
Study" to collect ‘ecological essays’ and ‘feeling
words’ dataset and assess affect underwent eth-
ical review by central IRB from the University
of Pennsylvania with IRB agreement (IRB2019-
00678) from Stony Brook University. Participants
in the study were paid ∼$20 on signing up and
∼$1 per completed response (typically taking 1
minute). We secured further approval from IRB to
consent our existing participants, using additional
consent form via Qualtrics, to publicly share their
anonymized daily survey responses for research
purposes. We clearly explained to participants how
their written essays would be anonymized, by re-
moving any usernames, person names, email ad-
dresses, and URLs, and that, if they would give
permission, we will publicly share the anonymized
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data. Although users were not asked to enter any
identifiable information in this data, we addition-
ally removed all named entities (named persons,
places, organizations, or things) or contact informa-
tion (phone numbers, addresses, URLs) from the
written responses via an automated named entity
and contact recognizer. We also manually looked
over to verify anonymization for all data to be re-
leased.

While our shared task predicts emotions from
ecological essays and feeling words, such auto-
mated systems should not be mistaken for objec-
tive measures of emotional state. Language is inher-
ently subjective and shaped by personal, social, and
cultural contexts, meaning that similar emotions
may be expressed differently across individuals.
Ignoring this variability risks oversimplifying or
misrepresenting emotions, making it essential to
interpret predictions with caution and a clear aware-
ness of these limitations. More on ethics for AI
tasks is provided by Mohammad (2022).
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A Appendix

The appendix tables consist of further details on
the dataset, the participating systems, and further
elaborated results. Another minor point to note in
the results analysis is that a majority of submis-
sions (15 of 25) exhibited small but statistically
significant negative correlations between absolute
error and document temporal position (r ∈ [-.05,
-.10]; Benjamini-Hochberg corrected, p < .05), in-
dicating that models achieved lower error on docu-
ments later in an individual’s timeline despite being
trained at the document level. We leave systematic
investigation of this finding to future work.
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User-ID Text-ID Text Timestamp Collection
Phase

Is Words Valence Arousal

162 4138 I’m a bit on edge, my stomach feels
a little tight, but I also feel some-
what content after talking with my
mom. I am kind of on the verge of
tears, actually, but I can’t totally pin-
point why. I’m feeling conflicting
emotions, and I’m excited to go to
sleep tonight.

2024-11-11
22:03:30

7 FALSE -1 1

162 4152 Stressed, Unsure, Excited, Tired,
Hungry

2024-11-17
17:01:16

7 TRUE 0 1

16 869 Feeling pretty good and refreshed
after my weekend and heading into
work today. Hoping that the ORG
draft being in town will be lucrative
this weekend for me, but hopefully
nothing too crazy! Lol. Feeling
calm mellow ready to work!

2022-04-29
15:01:00

3 FALSE 2 0

Table 6: The structure of train dataset for both Subtask 1 and Subtask 2 including selected rows from the data as
examples. Train data for Subtask 2 also included state change and disposition change labels for each user.

Statistics Numbers per User Number of Words per Instance

Texts Essays Feeling-Words Text Essay Feeling-Words

mean 72.83 53.09 48.28 31.83 58.96 4.98
std 72.33 60.98 58.85 32.72 26.20 1.34
min 3.00 1.00 1.00 3.00 9.00 3.00
25% 25.00 13.00 13.00 5.00 47.00 5.00
50% 35.00 18.00 18.00 11.00 52.00 5.00
75% 152.00 117.00 42.00 52.00 60.00 5.00
max 215.00 168.00 177.00 230.00 230.00 38.00

Table 7: Full Dataset Statistics: Summary of text counts and word distributions for the full dataset, consisting of
5285 texts from 182 authors, of which 2628 are ‘ecological essays’ and 2657 are ‘feeling words’

Statistics Numbers per User Number of Words per Instance

Texts Essays Feeling-Words Overall Text Essay Feeling-Word

mean 58.66 40.27 42.03 30.30 57.45 5.08
std 61.70 52.23 54.89 31.68 25.67 1.51
min 2.00 1.00 1.00 3.00 9.00 3.00
25% 16.00 9.00 9.00 5.00 46.00 5.00
50% 31.00 14.00 16.00 7.00 51.00 5.00
75% 97.00 63.00 61.00 51.00 59.00 5.00
max 206.00 168.00 177.00 212.00 212.00 38.00

Table 8: Training Data Statistics: Summary of text counts and word distributions for the training data, consisting of
2764 texts from 137 authors, of which 1331 are ‘ecological essays’ and 1433 are ‘feeling words’
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Statistics Numbers per User Number of Words per Instance

Texts Essays Feeling-Words Overall Text Essay Feeling-Word

count 1737.00 807.00 930.00 1737.00 807.00 930.00
mean 35.98 23.89 30.68 30.37 59.71 4.91
std 30.29 31.71 34.34 32.60 26.05 1.12
min 1.00 1.00 1.00 3.00 33.00 3.00
25% 17.00 9.00 9.00 5.00 47.00 5.00
50% 28.00 13.00 15.00 6.00 53.00 5.00
75% 36.00 18.00 23.00 52.00 61.00 5.00
max 107.00 105.00 107.00 230.00 230.00 16.00

Table 9: Subtask 1 Test Data Statistics: Summary of text counts and word distributions for the Subtask 1 held-out
test data, consisting of 1737 texts from 91 authors, of which 807 are ‘ecological essays’ and 930 are ‘feeling words’

Team Core Approach Val. Aro. Avg.

rand Baseline 0.000 0.000 0.000
linear(BERT) Baseline 0.557 0.299 0.428

UKP_PSYCONTROL GPT-5 prompting, seen/unseen-aware strategies 0.667 0.554 0.611
YNU RoBERTa + contrastive learning + prompt reformu-

lation
0.677 0.528 0.603

CCLIN LLM (Mistral/Qwen LoRA) + multi-BERT ensem-
ble

0.647 0.527 0.587

LAMANHNGUYEN DeBERTa-v3-base dual-variant ensemble + momen-
tum post-proc.

0.687 0.458 0.573

AFOURP RoBERTa-base + linear regression head 0.679 0.466 0.573
CSIRO-LT RoBERTa-Twitter, temporal feature diffusion 0.656 0.488 0.572
CURIOSAI RoBERTa-large, EmoBank pre-training + multi-task

FT
0.683 0.451 0.567

BISON AI4PC DistilBERT + MLP, user-based train/val splits 0.665 0.468 0.567
UIT RoBERTa-Cardiff + Mixture-of-Experts + CCC loss 0.637 0.489 0.563
MCMASTER4Z03 Sentence embeds. + LIWC features + seed word

similarity + user embeds + MLP
0.665 0.460 0.563

PERSPICERE Jasper frozen embeddings (Matryoshka) + SVM 0.623 0.497 0.560
NLPGROUP8 RoBERTa ensemble (5 heads, diverse loss objec-

tives)
0.688 0.416 0.552

CHERISH RoBERTa/BERT + PLoRa personalisation 0.596 0.505 0.551
AJMAN UNIV. DistilBERT + BiLSTM + gated user embeddings 0.656 0.439 0.548
VERBANEX AI RoBERTa-base + NRC VAD lexicon 0.632 0.463 0.548
IMEZO RoBERTa-base + NRC VAD lexicon augmentation 0.656 0.437 0.547
AI4PC-HOWARD DeBERTa / ModernBERT fine-tuning + GRU 0.631 0.462 0.547
LEXMACHINA DeBERTa-v3 + DANN adversarial head (arousal) 0.645 0.434 0.540
EMO-TICA DistilBERT Trait–State model + learned user em-

beds.
0.645 0.409 0.527

AGI RoBERTa-large + unidirectional GRU + inertia gate 0.600 0.452 0.526
ECOAFFECTTRACK DeBERTa-v3-base + CCC loss 0.663 0.373 0.518
UALBERTA BERT + BiLSTM, temporal sequence modeling 0.556 0.444 0.500
NLP-FSDM ModernBERT + temporal smoothing + ensemble 0.546 0.453 0.500
VAP-GAMECTRL. NRC VAD lexicon + LLM + time-aware fusion 0.615 0.322 0.469
ONE AND ONLY GPT-5 zero-shot + lexicon, no fine-tuning 0.527 0.315 0.421

Table 10: Subtask 1 overall results: Pearson rcomp for valence (Val.), arousal (Aro.), and their average (Avg.). Bold
= best per column. Gray rows = baselines). See Table 4 for seen/unseen breakdown.
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Team Core Approach Val. Aro. Avg.

rand Baseline 0.000 0.000 0.000
linear(BERT) Baseline 0.290∗ 0.199∗ 0.245
linear(prev) Baseline 0.615∗ 0.670∗ 0.643
linear(BERT;prev) Baseline 0.430∗ 0.405∗ 0.418

UKP_PSYCONTROL RoBERTa-base + user embed. + MLP regressor 0.675∗ 0.683∗ 0.679
YNU RoBERTa + time-aware LSTM (log∆t gating) 0.692∗ 0.647∗ 0.670
UALBERTA BERT + Temporal Fusion Transformer (TFT) 0.615∗ 0.674∗ 0.645
AJMAN UNIV. DeBERTa-v3-base + “Megaphone” MLP + CCC

loss
0.615∗ 0.670∗ 0.643

UIT RoBERTa-Cardiff + MoE (sliding window k=8) 0.629∗ 0.633∗ 0.631
CSIRO-LT RoBERTa + temporal feature diffusion (5 posts) 0.621∗ 0.477∗ 0.549
AI4PC-HOWARD DeBERTa + GRU sequence encoder 0.597∗ 0.413∗ 0.505
EMO-TICA Ridge (val.) + LightGBM (aro.) + temporal stats 0.424∗ 0.355 0.390
CURIOSAI RoBERTa-large multi-task (no explicit history) 0.467∗ 0.275 0.371
BISON AI4PC DistilBERT + history stats (mean, trend) 0.379∗ 0.085 0.232
NLPGROUP8 RoBERTa + transformer decoder (sliding win-

dow)
0.152 0.126 0.139

ECOAFFECTTRACK DeBERTa-v3 LSTM (frozen enc.) + instance
norm.

−0.243 −0.011 −0.127

AGI RoBERTa-large + GRU + zero-inflated ∆ model −0.167 −0.147 −0.157
LAMANHNGUYEN DeBERTa ensemble + momentum dampening −0.273 −0.275 −0.274
CHERISH RoBERTa/BERT + PLoRa personalisation +

GRU
NaN NaN NaN

Table 11: Subtask 2a results: Pearson r for state change valence and arousal, sorted by average (Avg.) of the two
dimensions. Gray rows = baselines. ∗ p < 0.01. Bold = best per column.

Team Core Approach Val. Aro. Avg.

rand Baseline 0.000 0.000 0.000
linear(BERT) Baseline −0.088∗ 0.070∗ -0.009
linear(prev) Baseline 0.434∗ 0.584∗ 0.509
linear(BERT;prev) Baseline −0.029∗ 0.019∗ -0.005

UALBERTA BERT + BiLSTM, group-mean difference strategy 0.405∗ 0.602∗ 0.503
NLPGROUP8 RoBERTa context encoder + transformer decoder 0.354 0.388∗ 0.371
EMO-TICA Ridge regression on affect trajectory statistics 0.257 0.418∗ 0.338
AI4PC-HOWARD DeBERTa + MLP on pooled embeddings 0.046 0.348 0.197
AJMAN UNIV. DeBERTa-v3-large + Siamese difference pooling −0.124 0.456∗ 0.166
AGI RoBERTa-large + GRU + time-weighted EMA 0.086 −0.081 0.003
ECOAFFECTTRACK Ridge on DeBERTa-v3 user-profile embeddings −0.243 0.226 −0.009
CSIRO-LT RoBERTa + temporal feature diffusion (15 posts) −0.147 0.114 −0.017
CURIOSAI RoBERTa-large multi-task −0.161 0.011 −0.075
BISON AI4PC DistilBERT + BiLSTM + affect statistics −0.120 −0.103 −0.112
UIT RoBERTa-Cardiff + MoE + dual-sequence input −0.169 −0.060 −0.115
LAMANHNGUYEN DeBERTa ensemble + temporal smoothing −0.398∗ −0.577∗ −0.488

Table 12: Subtask 2b results: Pearson r for dispositional change in valence and arousal, sorted by average (Avg.) of
the two dimensions. Gray rows = baselines. ∗ p < 0.01. Bold = best per column.
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Team Subtask 1 (rcomp) Subtask 2a (r) Subtask 2b (r)

Val. Aro. Val. Aro. Val. Aro.

UKP_Psycontrol (Hryhoryeva et al., 2026) 0.667 0.554 0.675∗ 0.683∗ - -
YNU (Lan et al., 2026) 0.677 0.528 0.692∗ 0.647∗ - -
cclin (Lin, 2026) 0.647 0.527 - - - -
AFourP (Thota et al., 2026) 0.679 0.466 - - - -
lamanhnguyen (NGUYEN, 2026) 0.687 0.458 -0.273 -0.275 -0.398∗ -0.577∗

CSIRO-LT (Chen et al., 2026) 0.656 0.488 0.621∗ 0.477∗ -0.147 0.114
CuriosAI (Beppu et al., 2026) 0.683 0.451 0.467∗ 0.275 -0.161 0.011
Bison AI4PC (Shah et al., 2026) 0.665 0.468 0.379∗ 0.085 -0.120 -0.103
UIT (Phuong et al., 2026) 0.637 0.489 0.629∗ 0.633∗ -0.169 -0.060
mcmaster4z03 (Zhang et al., 2026) 0.665 0.460 - - - -
Perspicere (Zehab et al., 2026) 0.623 0.497 - - - -
NLPGroup8 (Arthur et al., 2026) 0.688 0.416 0.152 0.126 0.354+ 0.388∗

Cherish (Parahita, 2026) 0.596 0.505 NaN NaN - -
Ajman Univ. (Jumakhan et al., 2026) 0.656 0.439 0.615∗ 0.670∗ -0.124 0.456∗

VerbaNex AI (Moreno et al., 2026) 0.632 0.463 - - - -
IMEZO/Khaleesi (Tee, 2026) 0.656 0.437 - - - -
AI4PC-Howard (Shah et al., 2026) 0.631 0.462 0.597∗ 0.413∗ 0.046 0.348∗

LexMachina (Ganguli et al., 2026) 0.645 0.434 - - - -
Emo-tica (Noor and Fatima, 2026) 0.645 0.409 0.424∗ 0.355+ 0.257 0.418∗

AGI (Rathva, 2026) 0.600 0.452 -0.167 -0.147 0.086 -0.081
EcoAffectTrack (Kumar and Joshi, 2026) 0.663 0.373 -0.243 -0.011 -0.243 0.226
UAlberta (Ho et al., 2026) 0.556 0.444 0.615∗ 0.674∗ 0.405∗ 0.602∗

NLP-FSDM (Benlahbib et al., 2026) 0.546 0.453 - - - -
VAP-GameCtrl. (Le et al., 2026) 0.615 0.322 - - - -
linear(BERT) 0.557 0.299 0.290∗ 0.199∗ -0.088∗ 0.070∗

One and Only (Dinh, 2026) 0.527 0.315 - - - -
rand 0.000 0.000 0.000 0.000 0.000 0.000
linear(prev) - - 0.615∗ 0.670∗ 0.434∗ 0.584∗

linear(B;p) - - 0.430∗ 0.405∗ -0.029∗ 0.019∗

Momentum (Nadiger et al., 2026) 0.638 0.455 0.553* 0.589* - -
ES4MLL (Lolli et al., 2026) 0.650 0.433 - - - -
Draken (Sivanaiah et al., 2026) 0.594 0.296 - - - -
One and Only (Dinh, 2026) - - -0.194 -0.423* -0.185 0.016

Table 13: Main Metrics across all subtasks. Performance is reported using Pearson rcomp for Subtask 1 and Pearson r
for Subtasks 2a and 2b. Heatmap colors represent relative performance within each metric; * p < 0.01 + p < 0.05;
bold values denote the best performance per column. Blue-shaded rows represent standard baselines. Gray-shaded
rows represent post-deadline submissions and are excluded from the official rankings
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Team Valence (V) Arousal (A)

rcomp rbet rwit maecomp maebet maewit rcomp rbet rwit maecomp maebet maewit

UKP_Psycontrol 0.667 0.761∗ 0.546∗ 0.595 0.402 0.738 0.554 0.701∗ 0.363∗ 0.345 0.210 0.467
YNU 0.677 0.741∗ 0.601∗ 0.606 0.404 0.751 0.528 0.606∗ 0.439∗ 0.367 0.231 0.488
cclin 0.647 0.695∗ 0.593∗ 0.653 0.453 0.790 0.527 0.611∗ 0.430∗ 0.365 0.226 0.489
AFourP 0.679 0.749∗ 0.595∗ 0.633 0.414 0.782 0.466 0.526∗ 0.402∗ 0.395 0.253 0.520
lamanhnguyen 0.687 0.779∗ 0.567∗ 0.639 0.388 0.801 0.458 0.523∗ 0.388∗ 0.395 0.243 0.528
CSIRO-LT 0.656 0.721∗ 0.580∗ 0.654 0.798 0.440 0.488 0.547∗ 0.425∗ 0.401 0.253 0.531
CuriosAI 0.683 0.788∗ 0.541∗ 0.622 0.383 0.783 0.451 0.505∗ 0.393∗ 0.404 0.257 0.533
Bison AI4PC 0.665 0.744∗ 0.569∗ 0.633 0.419 0.780 0.468 0.540∗ 0.389∗ 0.395 0.257 0.518
UIT 0.637 0.713∗ 0.546∗ 0.694 0.466 0.835 0.489 0.600∗ 0.359∗ 0.408 0.258 0.539
mcmaster4z03 0.665 0.763∗ 0.536∗ 0.625 0.392 0.782 0.460 0.555∗ 0.353∗ 0.399 0.253 0.528
Perspicere 0.623 0.682∗ 0.555∗ 0.656 0.445 0.798 0.497 0.590∗ 0.392∗ 0.403 0.254 0.533
NLPGroup8 0.688 0.777∗ 0.572∗ NaN 1.890 1.925 0.416 0.455∗ 0.376∗ 0.395 0.250 0.523
Cherish 0.596 0.648∗ 0.538∗ NaN 0.614 1.021 0.505 0.616∗ 0.375∗ 0.361 0.234 0.477
Ajman University 0.656 0.726∗ 0.573∗ 0.637 0.424 0.783 0.439 0.528 0.000∗ 0.443 0.338 0.536
VerbaNex AI 0.632 0.689∗ 0.566∗ 0.656 0.466 0.789 0.463 0.524 0.000∗ 0.345 0.246 0.436
IMEZO /Khaleesiyali 0.656 0.747∗ 0.542∗ 0.653 0.423 0.804 0.437 0.476∗ 0.397∗ 0.411 0.273 0.533
AI4PC - Howard Uni 0.631 0.701∗ 0.548∗ 0.670 0.443 0.817 0.462 0.511∗ 0.410∗ 0.416 0.296 0.523
LexMachina 0.645 0.712∗ 0.567∗ 0.652 0.437 0.796 0.434 0.461∗ 0.406∗ 0.421 0.303 0.527
Emo-tica 0.645 0.705∗ 0.577∗ 0.685 0.472 0.822 0.409 0.430∗ 0.388∗ 0.407 0.275 0.524
AGI 0.600 0.599∗ 0.600∗ 0.738 0.573 0.846 0.452 0.488∗ 0.416∗ 0.413 0.277 0.533
EcoAffectTrack 0.663 0.723∗ 0.593∗ 0.714 0.479 0.854 0.373 0.348∗ 0.398∗ 0.473 0.317 0.605
UAlberta 0.556 0.671∗ 0.415∗ 0.734 0.470 0.878 0.444 0.596∗ 0.262∗ 0.427 0.264 0.566
NLP-FSDM 0.546 0.660∗ 0.408∗ 0.756 0.504 0.889 0.453 0.588∗ 0.293∗ 0.405 0.252 0.537
VAP-GameController 0.615 0.691∗ 0.525∗ 0.629 0.464 0.751 0.322 0.385∗ 0.256∗ 0.396 0.284 0.497
linear(BERT) 0.557 0.659∗ 0.435∗ 0.743 0.472 0.886 0.299 0.343∗ 0.253∗ 0.459 0.311 0.585
One and Only 0.527 0.617∗ 0.423∗ 0.738 0.490 0.876 0.315 0.335∗ 0.001∗ 0.873 0.844 0.897
rand 0.000 0.028∗ 0.000 0.000 0.627 1.041 0.000 0.096∗ 0.000 0.488 0.326 0.622

Momentum 0.638 0.715∗ 0.546∗ 0.645 0.416 0.798 0.455 0.507∗ 0.000∗ 0.400 0.256 0.526
ES4MLL 0.650 0.727∗ 0.555∗ 0.630 0.418 0.776 0.433 0.480∗ 0.384∗ 0.428 0.292 0.548
Draken 0.594 0.689∗ 0.479∗ 0.721 0.446 0.871 0.296 0.377∗ 0.211∗ 0.457 0.282 0.602

Table 14: Detailed performance metrics for Subtask 1, disaggregated by valence (V) and arousal (A). For each
dimension, we report the composite correlation (rcomp), between-user correlation (rbet), within-user correlation
(rwit), and their corresponding Mean Absolute Error (MAE) values. * p < 0.01 + p < 0.05; Blue-shaded rows
represent standard baselines. Gray-shaded rows represent post-deadline submissions and are excluded from the
official rankings.
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Team Valence (V) Arousal (A)

r ↑ mae ↓ r ↑ mae ↓
UKP_Psycontrol 0.675∗ 1.118 0.683∗ 0.641
YNU 0.692∗ 1.074 0.647∗ 0.641
UAlberta 0.615∗ 1.208 0.674∗ 0.635
linear(prev) 0.615∗ 1.168 0.670∗ 0.638
Ajman Univ. 0.615∗ 1.582 0.670∗ 0.636
Uni IT 0.629∗ 1.141 0.633∗ 0.689
CSIRO-LT 0.621∗ 1.190 0.477∗ 0.740
AI4PC-Howard 0.597∗ 1.180 0.413∗ 0.720
linear(B;p) 0.430∗ 1.251 0.405∗ 0.708
Emo-tica 0.424∗ 1.297 0.355+ 0.842
CuriosAI 0.467∗ 1.220 0.275 0.890
linear(BERT) 0.290∗ 1.294 0.199∗ 0.744
Bison AI4PC 0.379∗ 1.202 0.085 0.767
NLPGroup8 0.152 1.420 0.126 0.838
rand 0.000 1.261 0.000 0.696
EcoAffectTrack -0.243 1.342 -0.011 0.806
AGI -0.167 1.515 -0.147 0.844
lamanhnguyen -0.273 1.322 -0.275 0.736
Cherish NaN 1.565 NaN 2.130

Momentum 0.553∗ 1.139 0.589∗ 0.698
One and Only -0.194 1.398 -0.423∗ 0.818

Table 15: Detailed performance metrics for Subtask 2a,
focusing on the prediction of emotional state changes.
We report Pearson correlation (r) and Mean Absolute
Error (mae) for both valence (V) and arousal (A) di-
mensions. * p < 0.01 + p < 0.05; Blue-shaded rows
represent standard baselines. Gray-shaded rows repre-
sent post-deadline submissions and are excluded from
the official rankings

tabcolsep 3pt

Team Valence (V) Arousal (A)

r ↑ mae ↓ r ↑ mae ↓
linear(prev) 0.434∗ 0.406 0.584∗ 0.286
UAlberta 0.405∗ 0.635 0.602∗ 0.261
NLPGroup8 0.354+ 0.425 0.388∗ 0.393
Emo-tica 0.257 0.461 0.418∗ 0.298
AI4PC-Howard 0.046 0.419 0.348∗ 0.292
Ajman Univ. -0.124 0.623 0.456∗ 0.291
AGI 0.086 0.633 -0.081 0.363
rand 0.000 0.417 0.000 0.296
linear(B;p) -0.029∗ 0.436 0.019∗ 0.305
EcoAffectTrack -0.243 0.419 0.226 0.292
linear(BERT) -0.088∗ 0.438 0.070∗ 0.303
CSIRO-LT -0.147 0.593 0.114 0.373
CuriosAI -0.161 0.795 0.011 0.429
Bison AI4PC -0.120 0.424 -0.103 0.296
Uni IT -0.169 0.723 -0.060 0.568
lamanhnguyen -0.398∗ 0.431 -0.577∗ 0.309

One and Only -0.185 0.899 0.016 0.483

Table 16: Detailed performance metrics for Subtask 2b,
focusing on the prediction of emotional state changes.
We report Pearson correlation (r) and Mean Absolute
Error (mae) for both valence (V) and arousal (A) di-
mensions. * p < 0.01 + p < 0.05; Blue-shaded rows
represent standard baselines. Gray-shaded rows repre-
sent post-deadline submissions and are excluded from
the official rankings
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Team Valence (V) Arousal (A)

rcomp rbet rwit maecomp maebet maewit rcomp rbet rwit maecomp maebet maewit

UKP_Psycontrol 0.688 0.787∗ 0.553∗ 0.370 0.634 0.514 0.568 0.753∗ 0.301∗ 0.300 0.196 0.398
YNU 0.684 0.767∗ 0.578∗ 0.430 0.736 0.605 0.466 0.546∗ 0.377∗ 0.377 0.257 0.486
cclin 0.664 0.738∗ 0.575∗ 0.473 0.779 0.652 0.457 0.552∗ 0.350∗ 0.376 0.246 0.492
AFourP 0.696 0.781∗ 0.587∗ 0.443 0.762 0.628 0.359 0.400∗ 0.316∗ 0.419 0.292 0.532
lamanhnguyen 0.708 0.804∗ 0.575∗ 0.410 0.762 0.616 0.392 0.424∗ 0.359∗ 0.409 0.282 0.522
CSIRO-LT 0.650 0.735∗ 0.545∗ 0.686 0.810 0.502 0.395 0.428∗ 0.360∗ 0.429 0.301 0.542
CuriosAI 0.715 0.832∗ 0.535∗ 0.371 0.717 0.569 0.403 0.432∗ 0.373∗ 0.413 0.291 0.521
Bison AI4PC 0.664 0.771∗ 0.520∗ 0.453 0.772 0.640 0.404 0.502∗ 0.295∗ 0.405 0.280 0.517
UIT 0.639 0.740∗ 0.510∗ 0.563 0.819 0.714 0.405 0.508∗ 0.291∗ 0.421 0.308 0.523
mcmaster4z03 0.666 0.791∗ 0.488∗ 0.638 0.423 0.785 0.402 0.492∗ 0.304∗ 0.398 0.268 0.514
Perspicere 0.614 0.709∗ 0.496∗ 0.476 0.801 0.670 0.414 0.478∗ 0.346∗ 0.415 0.293 0.523
NLPGroup8 0.698 0.812∗ 0.533∗ NaN 1.890 1.827 0.297 0.306∗ 0.287∗ 0.436 0.314 0.543
Cherish 0.604 0.695∗ 0.495∗ 0.574 0.986 0.916 0.465 0.596∗ 0.311∗ 0.378 0.258 0.487
Ajman University 0.669 0.736∗ 0.590∗ 0.651 0.473 0.778 0.361 0.464 0.001∗ 0.428 0.325 0.521
VerbaNex AI 0.606 0.716∗ 0.467∗ 0.771 0.621 0.866 0.356 0.436∗ 0.029∗ 0.395 0.326 0.460
IMEZO /Khaleesiyali 0.648 0.758∗ 0.501∗ 0.454 0.789 0.653 0.386 0.408∗ 0.365∗ 0.415 0.290 0.525
AI4PC - Howard Uni 0.633 0.725∗ 0.519∗ 0.505 0.829 0.702 0.415 0.444∗ 0.385∗ 0.407 0.295 0.508
LexMachina 0.636 0.718∗ 0.537∗ 0.491 0.805 0.678 0.343 0.323∗ 0.363∗ 0.448 0.345 0.541
Emo-tica 0.658 0.732∗ 0.569∗ 0.543 0.823 0.710 0.332 0.383∗ 0.278∗ 0.415 0.288 0.529
AGI 0.639 0.687∗ 0.587∗ 0.499 0.790 0.670 0.400 0.438∗ 0.360∗ 0.436 0.319 0.540
EcoAffectTrack 0.688 0.768∗ 0.586∗ 0.467 0.803 0.668 0.327 0.314∗ 0.340∗ 0.495 0.351 0.616
UAlberta 0.578 0.770∗ 0.290∗ 0.520 0.845 0.720 0.505 0.692∗ 0.255∗ 0.413 0.295 0.518
NLP-FSDM 0.541 0.673∗ 0.375∗ 0.522 0.861 0.735 0.444 0.571∗ 0.297∗ 0.396 0.262 0.514
VAP-GameController 0.615 0.710∗ 0.498∗ 0.503 0.730 0.630 0.264 0.323∗ 0.203∗ 0.406 0.306 0.496
linear(BERT) 0.748 0.588∗ 0.851∗ 0.598 0.766 0.354 0.422 0.592 0.215 0.408 0.268 0.531
One and Only 0.508 0.595∗ 0.409∗ 0.782 0.578 0.894 0.268 0.265 0.270∗ 0.820 0.795 0.843

ES4MLL 0.597 0.707∗ 0.459∗ 0.752 0.571 0.863 0.304 0.311∗ 0.297∗ 0.446 0.340 0.541
Momentun 0.595 0.704∗ 0.459∗ 0.756 0.582 0.863 0.268 0.331∗ 0.106∗ 0.462 0.343 0.566
Draken 0.605 0.720∗ 0.457∗ 0.716 0.470 0.859 0.228 0.233∗ 0.223∗ 0.465 0.321 0.588

Table 17: Detailed performance metrics for Subtask 1 (Seen Users), focusing on the prediction of emotional state
changes. We report Pearson correlation (r) and Mean Absolute Error (mae) for both valence (V) and arousal (A)
dimensions. * p < 0.01 + p < 0.05; Blue-shaded rows represent standard baselines. Gray-shaded rows represent
post-deadline submissions and are excluded from the official rankings

Team Valence (V) Arousal (A)

rcomp rbet rwit maecomp maebet maewit rcomp rbet rwit maecomp maebet maewit

UKP_Psycontrol 0.662 0.757∗ 0.540∗ 0.434 0.843 0.691 0.500 0.574∗ 0.417∗ 0.393 0.225 0.539
YNU 0.677 0.726∗ 0.622∗ 0.377 0.767 0.607 0.612 0.708∗ 0.494∗ 0.356 0.205 0.490
cclin 0.629 0.648∗ 0.609∗ 0.431 0.801 0.654 0.614 0.707∗ 0.499∗ 0.355 0.206 0.487
AFourP 0.662 0.714∗ 0.601∗ 0.385 0.802 0.638 0.605 0.708∗ 0.476∗ 0.370 0.214 0.508
lamanhnguyen 0.673 0.761∗ 0.560∗ 0.366 0.842 0.667 0.552 0.667∗ 0.412∗ 0.380 0.203 0.533
CSIRO-LT 0.673 0.727∗ 0.610∗ 0.622 0.786 0.376 0.598 0.694∗ 0.482∗ 0.372 0.203 0.519
CuriosAI 0.646 0.728∗ 0.546∗ 0.394 0.850 0.684 0.510 0.598∗ 0.409∗ 0.396 0.223 0.545
Bison AI4PC 0.673 0.727∗ 0.612∗ 0.384 0.788 0.626 0.553 0.626∗ 0.470∗ 0.385 0.233 0.519
UIT 0.620 0.666∗ 0.570∗ 0.436 0.833 0.682 0.555 0.690∗ 0.381∗ 0.400 0.232 0.545
mcmaster4z03 0.660 0.729∗ 0.579∗ 0.611 0.360 0.779 0.550 0.674∗ 0.396∗ 0.401 0.237 0.543
Perspicere 0.641 0.673∗ 0.608∗ 0.413 0.795 0.642 0.591 0.715∗ 0.432∗ 0.391 0.215 0.543
NLPGroup8 0.679 0.741∗ 0.607∗ 1.986 2.026 NaN 0.601 0.717∗ 0.452∗ 0.354 0.185 0.503
Cherish 0.594 0.611∗ 0.576∗ 0.654 1.057 NaN 0.534 0.624∗ 0.430∗ 0.344 0.210 0.466
Ajman University 0.650 0.726∗ 0.558∗ 0.623 0.374 0.789 0.530 0.625 0.000∗ 0.458 0.352 0.553
VerbaNex AI 0.664 0.704∗ 0.619∗ 0.568 0.384 0.709 0.625 0.755 0.000∗ 0.317 0.199 0.425
IMEZO /Khaleesiyali 0.675 0.754∗ 0.578∗ 0.392 0.820 0.656 0.519 0.603∗ 0.425∗ 0.408 0.256 0.541
AI4PC - Howard Uni 0.631 0.680∗ 0.575∗ 0.380 0.804 0.638 0.506 0.573∗ 0.432∗ 0.426 0.298 0.539
LexMachina 0.669 0.734∗ 0.593∗ 0.382 0.788 0.625 0.574 0.681∗ 0.443∗ 0.394 0.260 0.513
Emo-tica 0.640 0.691∗ 0.583∗ 0.399 0.822 0.660 0.512 0.540∗ 0.483∗ 0.398 0.261 0.519
AGI 0.655 0.694∗ 0.613∗ 0.649 0.902 0.811 0.545 0.617∗ 0.464∗ 0.390 0.235 0.525
EcoAffectTrack 0.642 0.681∗ 0.599∗ 0.491 0.906 0.770 0.426 0.404∗ 0.448∗ 0.451 0.282 0.593
UAlberta 0.467 0.493∗ 0.439∗ 0.476 0.876 0.734 0.457 0.629∗ 0.243∗ 0.431 0.227 0.599
NLP-FSDM 0.556 0.657∗ 0.436∗ 0.486 0.918 0.783 0.447 0.582∗ 0.289∗ 0.414 0.242 0.561
VAP-GameController 0.618 0.678∗ 0.550∗ 0.425 0.773 0.629 0.400 0.490∗ 0.303∗ 0.386 0.261 0.498
linear(BERT) 0.562 0.494∗ 0.624∗ 0.772 0.924 0.411 0.238 0.258∗ 0.218 0.488 0.309 0.633
One and Only 0.554 0.654∗ 0.434∗ 0.692 0.400 0.856 0.356 0.395 0.007∗ 0.928 0.894 0.952

ES4MLL 0.678 0.747∗ 0.595∗ 0.574 0.361 0.730 0.483 0.541∗ 0.420∗ 0.428 0.289 0.550
Momentun 0.645 0.692∗ 0.592∗ 0.595 0.350 0.764 0.482 0.514∗ 0.004∗ 0.383 0.222 0.524
Draken 0.574 0.641∗ 0.499∗ 0.726 0.422 0.884 0.365 0.509∗ 0.201∗ 0.450 0.243 0.617

Table 18: Detailed performance metrics for Subtask 1 (Unseen Users), focusing on the prediction of emotional state
changes. We report Pearson correlation (r) and Mean Absolute Error (mae) for both valence (V) and arousal (A)
dimensions. * p < 0.01 + p < 0.05; Blue-shaded rows represent standard baselines. Gray-shaded rows represent
post-deadline submissions and are excluded from the official rankings
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Team Valence (V) Arousal (A)

rcomp rbet rwit maecomp maebet maewit rcomp rbet rwit maecomp maebet maewit

UKP_Psycontrol 0.658 0.758∗ 0.527∗ 0.437 0.739 0.610 0.575 0.680∗ 0.446∗ 0.354 0.255 0.447
YNU 0.683 0.765∗ 0.581∗ 0.400 0.723 0.584 0.602 0.660∗ 0.537∗ 0.351 0.245 0.448
cclin 0.662 0.718∗ 0.597∗ 0.446 0.751 0.622 0.620 0.689∗ 0.540∗ 0.348 0.234 0.453
AFourP 0.670 0.742∗ 0.581∗ 0.418 0.754 0.613 0.566 0.609∗ 0.519∗ 0.377 0.262 0.481
lamanhnguyen 0.677 0.765∗ 0.565∗ 0.434 0.801 0.655 0.578 0.636∗ 0.515∗ 0.366 0.257 0.466
CSIRO-LT 0.673 0.727∗ 0.610∗ 0.622 0.786 0.376 0.598 0.694∗ 0.482∗ 0.372 0.203 0.519
CuriosAI 0.669 0.775∗ 0.525∗ 0.400 0.756 0.608 0.524 0.569∗ 0.477∗ 0.402 0.298 0.497
Bison AI4PC 0.665 0.740∗ 0.575∗ 0.433 0.753 0.618 0.568 0.629∗ 0.499∗ 0.377 0.260 0.483
UIT 0.693 0.783∗ 0.576∗ 0.513 0.732 0.635 0.526 0.574∗ 0.476∗ 0.414 0.322 0.498
mcmaster4z03 0.658 0.758∗ 0.529∗ 0.610 0.421 0.748 0.542 0.621∗ 0.453∗ 0.383 0.255 0.498
Perspicere 0.649 0.740∗ 0.535∗ 0.436 0.754 0.620 0.569 0.623∗ 0.510∗ 0.396 0.267 0.511
NLPGroup8 0.690 0.790∗ 0.555∗ 1.953 1.980 NaN 0.574 0.629∗ 0.514∗ 0.361 0.256 0.457
Cherish 0.586 0.662∗ 0.498∗ 0.647 1.020 NaN 0.576 0.653∗ 0.487∗ 0.329 0.244 0.409
Ajman University 0.648 0.731∗ 0.545∗ 0.616 0.427 0.754 0.528 0.597∗ 0.451∗ 0.464 0.386 0.535
VerbaNex AI 0.684 0.788∗ 0.544∗ 0.615 0.490 0.715 0.515 0.515∗ 0.515∗ 0.357 0.311 0.402
IMEZO /Khaleesiyali 0.662 0.752∗ 0.547∗ 0.442 0.774 0.636 0.573 0.617∗ 0.525∗ 0.384 0.288 0.473
AI4PC - Howard Uni 0.650 0.751∗ 0.518∗ 0.438 0.769 0.632 0.540 0.572∗ 0.506∗ 0.419 0.317 0.512
LexMachina 0.655 0.730∗ 0.563∗ 0.430 0.732 0.602 0.572 0.631∗ 0.507∗ 0.402 0.321 0.478
Emo-tica 0.669 0.738∗ 0.586∗ 0.419 0.739 0.603 0.582 0.638∗ 0.520∗ 0.389 0.292 0.479
AGI 0.600 0.609∗ 0.592∗ 0.587 0.821 0.725 0.554 0.575∗ 0.531∗ 0.399 0.279 0.507
EcoAffectTrack 0.667 0.737∗ 0.582∗ 0.505 0.833 0.705 0.539 0.577∗ 0.498∗ 0.483 0.381 0.573
UAlberta 0.555 0.704∗ 0.359∗ 0.541 0.831 0.716 0.400 0.397∗ 0.403∗ 0.478 0.371 0.573
NLP-FSDM 0.572 0.728∗ 0.359∗ 0.489 0.853 0.716 0.516 0.653∗ 0.345∗ 0.394 0.252 0.520
VAP-GameController 0.646 0.720∗ 0.558∗ 0.477 0.683 0.590 0.318 0.381∗ 0.253∗ 0.418 0.314 0.512
linear(BERT) 0.470 0.357∗ 0.570∗ 0.823 0.918 0.641 0.158 0.124 0.191 0.487 0.384 0.578
One and Only 0.633 0.737∗ 0.500∗ 0.634 0.438 0.773 0.426 0.444∗ 0.408∗ NaN 0.980 1.049

ES4MLL 0.726 0.809∗ 0.613∗ 0.575 0.447 0.680 0.516 0.570∗ 0.457∗ 0.436 0.336 0.525
Momentun 0.685 0.770∗ 0.577∗ 0.607 0.447 0.730 0.511 0.517∗ 0.504∗ 0.410 0.314 0.498
Draken 0.639 0.756∗ 0.482∗ 0.661 0.411 0.818 0.449 0.540∗ 0.347∗ 0.432 0.288 0.557

Table 19: Detailed performance metrics for Subtask 1 (Feeling Words Only), focusing on the prediction of emotional
state changes. We report Pearson correlation (r) and Mean Absolute Error (mae) for both valence (V) and arousal
(A) dimensions. * p < 0.01 + p < 0.05; Blue-shaded rows represent standard baselines. Gray-shaded rows
represent post-deadline submissions and are excluded from the official rankings

Team Valence (V) Arousal (A)

rcomp rbet rwit maecomp maebet maewit rcomp rbet rwit maecomp maebet maewit

UKP_Psycontrol 0.685 0.781∗ 0.559∗ 0.421 0.706 0.581 0.500 0.651∗ 0.311∗ 0.353 0.225 0.469
YNU 0.673 0.722∗ 0.618∗ 0.439 0.747 0.616 0.419 0.450∗ 0.388∗ 0.408 0.281 0.521
cclin 0.632 0.698∗ 0.556∗ 0.474 0.776 0.650 0.422 0.472∗ 0.369∗ 0.403 0.274 0.519
AFourP 0.679 0.753∗ 0.588∗ 0.451 0.776 0.642 0.357 0.374∗ 0.340∗ 0.443 0.311 0.559
lamanhnguyen 0.659 0.732∗ 0.572∗ 0.440 0.776 0.638 0.358 0.381∗ 0.335∗ 0.457 0.307 0.585
CSIRO-LT 0.623 0.653∗ 0.592∗ 0.704 0.819 0.534 0.388 0.413∗ 0.362∗ 0.440 0.302 0.560
CuriosAI 0.653 0.724∗ 0.567∗ 0.472 0.793 0.662 0.403 0.468∗ 0.334∗ 0.423 0.280 0.547
Bison AI4PC 0.647 0.705∗ 0.582∗ 0.478 0.785 0.658 0.333 0.339∗ 0.326∗ 0.444 0.310 0.561
UIT 0.586 0.643∗ 0.522∗ 0.585 0.868 0.760 0.397 0.565∗ 0.199∗ 0.465 0.349 0.567
mcmaster4z03 0.653 0.737∗ 0.549∗ 0.637 0.450 0.770 0.365 0.442∗ 0.283∗ 0.432 0.294 0.553
Perspicere 0.619 0.654∗ 0.580∗ 0.486 0.791 0.666 0.370 0.434∗ 0.303∗ 0.433 0.284 0.562
NLPGroup8 0.666 0.736∗ 0.583∗ 1.868 1.907 NaN 0.335 0.343∗ 0.326∗ 0.450 0.313 0.569
Cherish 0.618 0.664∗ 0.566∗ 0.630 1.015 NaN 0.380 0.451∗ 0.304∗ 0.423 0.306 0.527
Ajman University 0.618 0.690∗ 0.534∗ 0.660 0.476 0.789 0.326 0.350∗ 0.301∗ 0.450 0.335 0.551
VerbaNex AI 0.599 0.631∗ 0.566∗ 0.669 0.542 0.767 0.437 0.523∗ 0.342∗ 0.385 0.326 0.442
IMEZO /Khaleesiyali 0.645 0.731∗ 0.539∗ 0.466 0.809 0.672 0.395 0.442∗ 0.346∗ 0.445 0.301 0.569
AI4PC - Howard Uni 0.631 0.677∗ 0.580∗ 0.506 0.807 0.685 0.343 0.330∗ 0.356∗ 0.443 0.320 0.551
LexMachina 0.627 0.665∗ 0.586∗ 0.498 0.823 0.694 0.307 0.315∗ 0.298∗ 0.468 0.338 0.580
Emo-tica 0.602 0.652∗ 0.547∗ 0.563 0.858 0.745 0.313 0.296∗ 0.330∗ 0.437 0.298 0.558
AGI 0.599 0.606∗ 0.592∗ 0.619 0.862 0.767 0.370 0.364∗ 0.375∗ 0.438 0.309 0.552
EcoAffectTrack 0.644 0.701∗ 0.580∗ 0.516 0.864 0.735 0.332 0.274∗ 0.388∗ 0.499 0.356 0.619
UAlberta 0.517 0.522∗ 0.512 0.592 0.859 0.755 0.339 0.517∗ 0.133 0.473 0.356 0.576
NLP-FSDM 0.513 0.573∗ 0.447∗ 0.573 0.902 0.789 0.359 0.457∗ 0.253 0.438 0.290 0.565
VAP-GameController 0.581 0.647∗ 0.506∗ 0.488 0.777 0.656 0.278 0.279∗ 0.277∗ 0.403 0.298 0.499
linear(BERT) 0.546 0.451∗ 0.629∗ 0.710 0.820 0.548 0.395 0.395∗ 0.395∗ 0.468 0.358 0.566
One and Only 0.421 0.423∗ 0.420∗ 0.837 0.624 0.934 0.229 0.187 0.269∗ 0.765 0.749 0.780

Momentun 0.637 0.671∗ 0.600∗ 0.671 0.525 0.779 0.488 0.559∗ 0.410∗ 0.419 0.324 0.505
ES4MLL 0.611 0.659∗ 0.558∗ 0.654 0.504 0.766 0.360 0.314∗ 0.405∗ 0.490 0.398 0.573
Draken 0.503 0.560∗ 0.440∗ 0.799 0.558 0.916 0.193 0.244∗ 0.142∗ 0.518 0.361 0.646

Table 20: Detailed performance metrics for Subtask 1 (Essays Only), focusing on the prediction of emotional state
changes. We report Pearson correlation (r) and Mean Absolute Error (mae) for both valence (V) and arousal (A)
dimensions. * p < 0.01 + p < 0.05; Blue-shaded rows represent standard baselines. Gray-shaded rows represent
post-deadline submissions and are excluded from the official rankings
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