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Abstract
This paper describes the system developed by
Team Cherish for SemEval-2026 Task 2: Pre-
dicting Variation in Emotional Valence and
Arousal over Time from Ecological Essays.
Our approach models emotional dynamics in
user-generated text by incorporating both per-
sonalization and temporal information into
a transformer-based architecture. We use
RoBERTa-large as the backbone encoder and
enhance it with PLoRA and a temporal em-
bedding module. Cherish’s model architec-
ture is designed to maintain general semantic
knowledge while subtly adapting to individual
users and emotional shifts over varying tempo-
ral gaps. Our system achieved 13th place out of
29 teams in Subtask 1, obtaining a Pearson’s
r composite score of 0.596 for valence predic-
tion and 0.505 for arousal prediction. While
the team also participated in Subtask 2a, techni-
cal issues during inference led to zero variance
in predictions, resulting in an undefined (NaN)
official correlation score.

1 Introduction

SemEval-2026 Task 2 (Soni et al., 2026) aims to
improve continuous emotion prediction from text
using an English ecological longitudinal dataset.
The task evaluates models on their ability to cap-
ture both individual and temporal emotional dynam-
ics that influence emotional intensity and polarity.
It consists of two main subtasks: (1) predicting
the emotional valence and arousal expressed in a
given text by a given user, and (2) forecasting future
changes in valence and arousal for that user.

The task become important as it initiate to create
model that understand how emotions evolve in real-
world settings. By leveraging longitudinal dataset
with self-reported affect, it enables the study of per-
sonalized and temporal emotional dynamics in nat-
ural writing. Such model will create crucial impact
for different applications like mental health mon-
itoring, well-being assessment, and affect-aware
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RoBERTa-large
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LoRA r=8, α=32 on Q, V projections

→
Attention-Mask Mean Pooling
Aggregate over non-padding tokens only

htext = Σ miHi / Σ mi ∈ ℝ
1024

②  P E R S O N A L I Z E D  L O R A  ( P L O R A )

User Embedding Lookup
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↓
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Delta-Time MLP
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↓
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htime = fMLP(Δt) ∈ ℝ
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Concatenation
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h = [htext ; htime] ∈ ℝ
1088 (1024 + 64)

→
Latent Projection
Shared dense layer → joint representation

Linear(1088 → 128) ∈ ℝ128

⑤  M U LT I -TA S K  R E G R E S S I O N  H E A D S

VALENCE
Linear(128→64) → Linear(64→1)

v̂ = tanh(Wvh + bv)
range: [−2, 2]

AROUSAL
Linear(128→64) → Linear(64→1)

â = tanh(Wah + ba)
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Figure 1: The Cherish Model Architecture

systems, where tracking emotional change over
time provides more meaningful insight than single-
text predictions (Zall et al., 2025).

Acknowledging that standard language models
primarily rely on lexical and semantic cues, it cre-
ates a gap between generalized text representations
and the inherently personalized and temporally dy-
namic nature of emotional expression. In longitu-
dinal settings, identical textual signals may reflect
different affective intensities depending on the in-
dividual and the temporal context. Addressing this
gap became the focus of our developed model.

Directly adapting the full backbone to user-
specific patterns risks degrading its general seman-
tic knowledge, while ignoring personalization lim-
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its the model’s ability to capture subjective emo-
tional variation. To address this trade-off, Cherish’s
model adopt RoBERTa-large as the base encoder,
providing a balanced trade-off between represen-
tational strength, stability, and computational fea-
sibility. The base model then integrated with Per-
sonalized Low-Rank Adaptation (PLoRA), which
enable user-conditioned parameter updates into se-
lected attention neural network. We also incorpo-
rate a temporal embedding based on the delta time
between consecutive texts from the same user to in-
clude the calculation of how emotional expression
shifts across varying time intervals.

This design is motivated by the hypothesis that
explicitly disentangling general semantic modeling
from personalized and temporal adaptation enables
more robust and context-aware emotional valence
and arousal prediction, particularly in longitudinal
ecological text settings.

2 Background

2.1 Task
Team Cherish participated in Subtasks 1 and 2a of
SemEval-2026 Task 2.

2.1.1 Subtask 1: Longitudinal Affect
Assessment

Given a chronological sequence of m texts,
e1, . . . , em, the goal is to predict contin-
uous Valence and Arousal (V&A) scores
(v1, a1), . . . , (vm, am) for each text, where
v ∈ [−2, 2] and a ∈ [0, 2].

The evaluation involves two categories:
(1) Unseen users: Users not present in the training
set. (b) Seen users: Users appearing in training but
evaluated at future timesteps.
Example:
Input: Text ("I can 't focus ..."),
∆time: 6.0, User ID: 17
Output: Valence: -2, Arousal: 2

2.1.2 Subtask 2: Forecasting Future Variation
in Affect

Given a sequence of t texts and their gold V&A
scores (e1, v1, a1), . . . , (et, vt, at), systems must
forecast future emotional shifts.

Subtask 2a: State Change. This subtask re-
quires predicting the immediate change in affect
from the last observed timestep t to the next
timestep t+ 1:

∆(1)
v = vt+1 − vt, ∆(1)

a = at+1 − at

Example:

Input: et−1 (v:-1.0, a:2.0) ,
et (v:1.0, a:1.0)
Output: Forecasted changes

∆
(1)
v = −0.4, ∆

(1)
a = 0.2.

2.2 Dataset

We utilize the dataset provided by the SemEval-
2026 Task 2 organizers, which consists of Ecologi-
cal Momentary Assessment (EMA) texts collected
in real-time from 182 users between 2021 and 2024.
A key advantage of this dataset is that emotional
labels are self-reported by the authors, minimizing
annotator bias and capturing naturally occurring
emotional microprocesses (Shiffman et al., 2008).

The full dataset contains 5,285 longitudinal ob-
servations. On average, users contributed 72.8
entries (median: 35). The training set comprises
2,764 observations from 137 users. The inclusion
of both detailed essays and short "feeling words"
(e.g., happy, calm) provides a diverse representa-
tion of affect across varying linguistic granularities.

Exploratory Data Analysis (EDA) revealed sev-
eral data quality issues within the training set. We
identified "keysmash" noise (e.g., Text ID 1636:
"...content and calm. Jcjfjcjdjdncnfj...") and dupli-
cate entries sharing identical User IDs and content.
We address these issues during the preprocessing
phase to ensure model robustness

3 System Overview

This experiment propose a personalized tempo-
ral emotion prediction framework that integrates
PLoRA-based user adaptation and temporal em-
beddings into a RoBERTa-large backbone. The
architecture (See Figure 1) disentangles general
semantic modeling, user-specific adaptation, and
temporal dynamics within a unified transformer
framework. It creates robust continuous emotion
prediction in longitudinal ecological settings.

3.1 Backbone Encoder

Team Cherish chooses RoBERTa-large as the tex-
tual encoder due to its strong contextual model-
ing capability and stable performance in regres-
sion settings. Given a tokenized input sequence
x = (x1, . . . , xT ), the encoder produces contex-
tual hidden states H ∈ RT×d, where d = 1024.
To obtain a fixed-length representation, we apply
attention-mask-aware mean pooling:
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htext =

∑T
i=1miHi∑T
i=1mi

,

where mi denotes the attention mask value for
token i. Mean pooling is chosen over CLS-only
representations to provide a more stable aggregate
signal for continuous affect regression.

3.2 Parameter-Efficient Personalization
(PLoRA)

A key challenge in longitudinal emotion prediction
is adapting general semantic knowledge to individ-
ual users without degrading shared representations.
Fully fine-tuning the backbone for each user is
computationally expensive and prone to overfitting
given limited per-user data. To address this, we
implement PLoRA, a plug-and-play mechanism
that injects user-conditioned low-rank updates into
selected attention parameters. Specifically, LoRA
adapters (rank r = 8, α = 32) are applied to the
query and value projection matrices across all 24
attention layers of RoBERTa-large, allowing each
layer to receive both task-specific and user-specific
adaptation signals.

Task-Specific Adaptation Given an input repre-
sentation h and backbone weight matrix W , the
adapted transformation is:

h′ = hW + hW in
taskW

out
task,

where W in
task ∈ Rd×r and W out

task ∈ Rr×d are
low-rank matrices with rank r ≪ d, enabling effi-
cient task adaptation without modifying the origi-
nal backbone parameters.

Personalized Knowledge Injection (PKI) A
user embedding u is transformed through a linear
projection f(·) to produce a personalization vector
p = f(u), which is injected into the representation
via a learnable projection matrix Wperson:

h′ = hW + pWperson.

Combined Formulation The final personalized
representation integrates both signals:

h′ = hW + hW in
taskW

out
task + pWperson.

PLoRA balances shared semantic modeling, task
adaptation, and user-conditioned personalization
within a unified framework (Zhang et al., 2024).

Personalized Dropout and Cold-Start Handling
To improve robustness in cold-start scenarios, we
apply Personalized Dropout (PDropout) during
training, which randomly zeros out the user em-
bedding p with probability pdrop at each forward
pass. This prevents the model from over-relying
on user-specific signals and forces the task-specific
adaptation path to remain functional independently.
At inference time, unseen users are handled by
setting p = 0, effectively deactivating the person-
alization pathway so that predictions rely solely on
the shared task adaptation, preserving reasonable
performance in the zero-history setting.

3.3 Temporal Modeling

Emotional states evolve over time, and the inter-
val between consecutive texts may influence affect
intensity. Rather than expecting the transformer
to infer temporal structure implicitly, we explic-
itly model time using a learnable embedding of
the delta time ∆t (measured in days). A two-layer
MLP maps the scalar input to a 64-dimensional
representation:

htime = fMLP(∆t) = W2 ReLU(W1∆t+b1)+b2,

where W1 ∈ R1×64 and W2 ∈ R64×64.
The temporal embedding is concatenated with

the pooled textual representation and projected to a
shared latent space:

h = Linear1088→128

(
[htext ; htime]

)
,

where [ ; ] denotes concatenation along the
feature dimension. This design explicitly sepa-
rates temporal reasoning from textual encoding,
reducing interference between linguistic and time-
dependent features.

3.4 Multi-Task Regression Heads

Valence and arousal capture complementary but dis-
tinct affective dimensions. Valence correlates more
strongly with lexical polarity cues, whereas arousal
depends more on contextual intensity and discourse
dynamics. To reflect this distinction, we employ
separate regression branches for each dimension.
The shared latent representation h ∈ R128 is pro-
jected through task-specific 64-dimensional embed-
dings and passed through linear heads with tanh
activation:
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v̂ = tanh(Wvh+ bv), â = tanh(Wah+ ba).

This separation enables partial parameter sharing
while allowing each affective dimension to special-
ize its prediction pathway.

3.5 Subtask 2a: Autoregressive Affect
Forecasting

For Subtask 2a, we extend the Subtask 1 archi-
tecture with a sequence forecasting framework by
introducing a GRU-based autoregressive decoder.
Given a history of t texts, each entry is encoded
using the LoRA-adapted RoBERTa-large encoder.
The resulting text representations are then fused
with three additional signals via concatenation, fol-
lowed by a linear projection into a shared 128-
dimensional space:

zi = Linear
(
[htext,i ; htime,i ; pi ; (vi, ai)]

)
,

where htext,i is the mean-pooled encoder output,
htime,i is the temporal embedding of ∆ti, pi =
f(u) is the user personalization vector, and (vi, ai)
are the observed valence–arousal scores at step
i. The sequence {zi}ti=1 is processed by a GRU-
based temporal encoder, whose final hidden state st
summarizes recent affect dynamics and initializes
the decoder.

The decoder then operates autoregressively:

1. At each step k, the GRU decoder receives
st+k−1 and the most recent VA estimate
(v̂t+k−1, ât+k−1) as input.

2. A linear projection over the updated hid-
den state outputs a predicted increment
(∆v̂k,∆âk).

3. The next VA estimated as (v̂t+k, ât+k) =
(v̂t+k−1 +∆v̂k, ât+k−1 +∆âk).

This process repeats for n steps, enabling multi-
step forecasting while preserving the personalized
text-understanding backbone from Subtask 1.

4 Experimental Setup

Experiments are implemented in PyTorch using the
HuggingFace Transformers and PEFT libraries.

Train Split & Validation The model is devel-
oped using the official training split with 5-fold
GroupKFold cross-validation. Data are grouped by
user ID to prevent user leakage between training
and validation sets. The best-performing model
across folds is selected based on the highest aver-
age composite Pearson’s r score for valence and
arousal.

Dataset Preprocessing Valence and arousal
scores are normalized prior to training for regres-
sion stability. Before tokenization, we apply rule-
based cleaning to reduce noise from keysmashing
and irregular character patterns. Tokens longer
than 15 characters are removed, and the remain-
ing words are filtered using heuristic constraints
on: (a) vowel ratio (> 0.2), (b) repetition ra-
tio (< 0.4), (c) character diversity (> 0.3), and
(d) consonant ratio (< 0.75). Cleaned texts are
tokenized using the RoBERTa-large tokenizer with
truncation at the maximum sequence length. Mean
pooling over attention-masked hidden states is used
to obtain fixed-length contextual representations.

Models We use RoBERTa-large1 as our system
backbone encoder.

Hyperparameters

• LoRA: rank 8, scaling factor 32, and dropout
0.1, applied to the query and value projection
matrices across all attention layers.

• Delta time: modeled using a two-layer MLP
that maps the scalar ∆t to a 64-dimensional
embedding, which is concatenated with the
pooled textual representation and projected to
a 128-dimensional latent space.

• Prediction heads: Separate 64-dimensional
branches are used for valence and arousal,
each followed by a linear regression head with
tanh activation.

• Training: The model is trained using MSE
loss and optimized with AdamW (learning
rate 3× 10−5, weight decay 0.01, batch size
32) for 10 epochs.

Post-processing While the model produces con-
tinuous predictions, the official submission for-
mat requires discrete whole-number outputs. The
threshold mapping applied during the official sub-
mission is shown in Table 1.

1https://huggingface.co/FacebookAI/
roberta-large
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Table 1: Threshold mapping for categorical submission,
applied during official evaluation.

Dimension Condition Final Value
Valence v > 0.35 2.0
Valence 0.15 < v ≤ 0.35 1.0
Valence −0.1 < v ≤ 0.15 0.0
Valence −0.35 < v ≤ −0.1 −1.0
Valence v ≤ −0.35 −2.0

Arousal a > 0.3 2.0
Arousal −0.5 < a ≤ 0.3 1.0
Arousal a ≤ −0.5 0.0

Table 2: Subtask 1 Results

Valence (V) Arousal (A)
Metric rc ↑ rb ↑ rw ↑ rc ↑ rb ↑ rw ↑
Corr 0.596 0.648∗ 0.538∗ 0.505 0.616∗ 0.375∗

MAE ↓ MAE ↓
Err 0.614 1.021 0.361 0.234 0.477 –

5 Results

5.1 Subtask 1
The proposed model achieves competitive perfor-
mance on both valence and arousal prediction. De-
tailed results are shown in Table 2. These results
indicate that the model effectively captures both
inter-user and intra-user affective variation, though
future improvements are needed given that com-
posite correlations remain in the 0.50-0.60 range.

5.2 Subtask 2a
Table 3 reports the official leaderboard scores for
Subtask 2a. Both Pearson’s r values are recorded
as NaN because the model produced identical out-
puts across all test samples, causing the correla-
tion to be undefined. The MAE scores reflect the
magnitude of prediction error under constant out-
put. This failure indicates that the personalization
mechanism was not properly activated in the au-
toregressive decoding setting. Specifically, the user-
embedding pathway p = f(u) appears not to have
propagated sufficient conditioning signal into the
GRU-based decoder, causing it to collapse toward
a near-constant mean prediction regardless of in-
put context. After reflecting from latest model, we
found several issue that causing the results come
out as uniform value.

The "Over-Parenting" Trap at Autoregressive
GRU Decoder This issue stems from excessive
Teacher Forcing during training. By constantly
"hand-feeding" the decoder ground-truth labels at

Table 3: Subtask 2a Results

Valence (V) Arousal (A)
Metric r ↑ MAE ↓ r ↑ MAE ↓
Score NaN 1.565 NaN 2.130

every step, the model never developed the auton-
omy to correct its own errors. At inference, once
this "parental" guidance was removed, small initial
mistakes compounded into a total autoregressive
collapse, causing the output to drift into a static,
meaningless plateau. To resolve this, future itera-
tions should implement scheduled sampling, gradu-
ally forcing the model to rely on its own predictions
during training to build resilience.

The Identity Blindness at Personalized Embed-
ding Table (Input Layer) The model was un-
able to recognize User IDs absent from the training
set. Without a robust cold-start guard, the embed-
ding layer attempted to look up raw IDs that ex-
ceeded the table’s dimensions, resulting in null or
"garbage" personalization signals. Consequently,
the model became "blind" to individual traits and
defaulted to a generic population mean. To mitigate
this, future work should implement Personalized
Dropout (PDropout) during training to simulate
unseen users and utilize a dedicated "Unknown"
embedding slot to provide a stable, learned baseline
for new users at inference time.

6 Conclusion

Modeling a continuous emotion prediction from
text has several significant challenges. Emotional
perception varies across individuals, while current
language models inherently encode generalized pat-
terns learned from large-scale data. This creates a
gap between population-level representations and
user-specific affective dynamics.

In this experiment, we addressed this challenge
by extending a personalized RoBERTa-based archi-
tecture with a lightweight autoregressive decoder
to model future valence-arousal trajectories. The
system demonstrates competitive performance in
Subtask 1, effectively capturing both between-user
and within-user variability through the integration
of textual, temporal, and user-level signals.

However, the results of Subtask 2a reveal a criti-
cal limitation. When personalization mechanisms
are not properly activated, predictions collapse to
near-constant outputs. This highlights the sensi-
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tivity of personalized architectures to conditioning
signals and the importance of robust identity mod-
eling.

In future work, we aim to strengthen the person-
alization of our model through improved user con-
ditioning strategies, more stable adaptation mecha-
nisms, and better handling of cold-start scenarios.
Additionally, exploring more expressive temporal
decoders or personalization techniques may further
enhance the modeling of complex affect dynamics.
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