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Abstract

In this work, we participate in SemEval-2026
Task 2, which focuses on predicting continu-
ous valence and arousal trajectories from lon-
gitudinal ecological essays. We study three
approaches: (1) encoder-based regressors that
map raw text directly to valence and arousal, (2)
a lexicon-based pipeline with linguistic rules
and a dual-level calibration mechanism for
personalized estimation, and (3) an emotion-
augmented hybrid framework that first predicts
a sentence-level emotion label and then re-
gresses valence and arousal from the sentence
content together with that predicted label. On
the official shared-task test set, our official sub-
missions are DistillBERT and DistillBERT +
Emotion, while we additionally report compara-
tive results for lexicon and BGE-M3 variants on
the same test set. Evaluated with Pearson corre-
lation (r) and MAE, the experiments highlight
the strength of direct encoder-based regression
and the value of calibration for lexicon-based
signals.

1 Introduction

Recent NLP and AI systems have achieved strong
performance on many tasks (Le et al., 2025b,a,
2026a, 2023, 2026b), but modeling affect in text
is often framed as predicting a single, static label
per document, while real-world emotions evolve
over time. Dimensional representations such as
valence (pleasantness) and arousal (activation) sup-
port fine-grained tracking of these dynamics, but
most continuous-emotion studies focus on short,
controlled, typically multimodal interactions (e.g.,
RECOLA; (Ringeval et al., 2013; Schneider et al.,
2025)). SemEval-2026 Task 2 (Soni et al., 2026) ex-
tends this setting to naturalistic, longitudinal, text-
only data by asking systems to estimate valence–
arousal variation from ecological essays, empha-
sizing temporal coherence and robustness beyond

* Equal contribution.

static emotion detection benchmarks (e.g., Muham-
mad et al., 2025).

We address this task on the official dataset of
5,285 texts from 182 U.S. service-industry work-
ers, annotated with valence, arousal, and metadata.
To assess generalization to unseen individuals, we
enforce a user-level split such that each writer ap-
pears in exactly one partition. Our framework ex-
plores three complementary approaches: (i) direct
encoder-based regressors that predict essay-level
affect from raw text, (ii) a lexicon-based pipeline
using NRC VAD with linguistic heuristics and
a two-stage calibration scheme (global and user-
specific), and (iii) an emotion-augmented hybrid
method that predicts a sentence-level discrete emo-
tion label and concatenates it with the original sen-
tence content before regression. We evaluate using
MAE and Pearson correlation, and observe that
direct encoder-based regression performs best over-
all while calibration substantially strengthens the
lexicon baseline.

Our main contributions are:

• We compare direct encoder-based regressors
and a calibrated lexicon-based pipeline for
longitudinal valence–arousal prediction.

• We introduce a hybrid pipeline that augments
each sentence with a predicted emotion label
before regression.

• We provide an empirical comparison of
encoder-based, lexicon-based, and hybrid ap-
proaches, highlighting their strengths and
trade-offs on SemEval-2026 Task 2.

2 Related Work

Dimensional emotion representations. A com-
mon way to model affect is to represent emotions in
a low-dimensional continuous space, most promi-
nently along valence (pleasantness) and arousal
(activation), as formalized in the circumplex view

256



of affect (Russell, 1980). Such dimensional repre-
sentations support fine-grained prediction beyond
discrete emotion categories and are widely adopted
in affective computing and NLP. Complementing
sentence- or document-level modeling, lexical re-
sources provide word-level affect norms in VAD
space, including large-scale norms (Warriner et al.,
2013) and the NRC VAD lexicon (Mohammad,
2018).

Continuous affect recognition and temporal tra-
jectories. Continuous valence–arousal prediction
has been extensively studied in controlled settings,
especially with multimodal data. Benchmarks such
as RECOLA (Ringeval et al., 2013) and the AVEC
challenges (Ringeval et al., 2015; Valstar et al.,
2016) emphasize modeling temporally coherent af-
fect trajectories and have inspired sequence-aware
architectures (e.g., recurrent models and attention-
based variants). However, these datasets typically
involve short interactions and controlled protocols,
leaving open questions about modeling longitudi-
nal affect dynamics in naturalistic, text-only narra-
tives.

Lexicon-based, hybrid, and personalized ap-
proaches. Lexicon-driven affect estimation re-
mains attractive due to interpretability and robust-
ness in low-resource or domain-shift scenarios,
leveraging affect norms (Warriner et al., 2013; Mo-
hammad, 2018) and rule-based analyzers such as
VADER (Hutto and Gilbert, 2014). Recent ap-
proaches integrate lexical or sentiment knowledge
into neural models via feature augmentation or
knowledge-aware pretraining, e.g., SentiLARE (Ke
et al., 2020) and SentiBERT (Yin et al., 2020).
Large-scale emotion-labeled corpora such as GoE-
motions (Demszky et al., 2020) further support
emotion-aware adaptation of pretrained encoders.
Separately, personalization and author-conditioned
modeling (e.g., incorporating user signals through
attention) has shown benefits in sentiment predic-
tion (Chen et al., 2016), aligning with the user-
specific and longitudinal nature of Task 2.

3 Task and Data

3.1 Dataset

We use the SemEval-2026 Shared Task 2 dataset
of 5,285 longitudinal texts (ecological essays and
feeling-word entries) collected from 182 U.S.
service-industry workers between 2021 and 2024.
Each text is annotated with valence and arousal

labels defined on bounded ordinal scales: valence
v ∈ {−2,−1, 0, 1, 2} and arousal a ∈ {0, 1, 2}.
We model these targets with regression while re-
taining their original bounded label ranges. Each
entry is also associated with metadata such as user
identifier, timestamp, collection phase, and a binary
flag indicating whether the text field is a free-form
essay or an explicit list of feelings.

3.2 Task Modeling

Given a set of one or more textual entries for each
user, where each entry is associated with a times-
tamp, the task is to predict the corresponding af-
fective states along the two target dimensions of
valence and arousal.

Formally, for each user ui, we observe a se-
quence of text–timestamp pairs:

ui : {(ei1, ti1), (ei2, ti2), . . . , (eini , tini)},

where eij represents the textual content (e.g., es-
says or reported feeling words), tij is the associated
timestamp, and ni denotes the number of entries
for user i.

Each text eij is annotated with a label pair

yij = (vij , aij),

where valence vij ∈ {−2,−1, 0, 1, 2} and arousal
aij ∈ {0, 1, 2}. In our formulation, these bounded
labels are predicted with regression heads whose
outputs are constrained to the corresponding target
ranges.

The goal is to develop a predictive model that
estimates

ŷij = (v̂ij , âij)

for every textual entry.

4 Methods

4.1 Lexicon-based Approach

We propose an efficient lexicon-based regression
pipeline for each entry in the dataset. We use the
NRC VAD Lexicon (Mohammad, 2018), which
provides human ratings of valence and arousal for
more than 20,000 English words. Figure 1 illus-
trates the overall pipeline.

Lookup: First, for each token t in an entry e that
appears in the lexicon, we retrieve its valence and
arousal scores and rescale them to the task ranges.
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IDF weights: Inspired by (Buechel and Hahn,
2016), we compute inverse document frequency
(IDF) scores on the training data restricted to the
lexicon vocabulary:

wt,i = idf(t). (1)

Following Hutto and Gilbert (2014), we apply sev-
eral handcrafted rules to handle specific linguistic
phenomena in the text. Degree modifiers scale
the magnitude of both valence and arousal scores,
nearby negations flip the valence score within a
short left-context window, contrastive conjunctions
such as but or however downweight the preceding
clause and upweight the following one, and excla-
mation marks provide a small boost to arousal.

Aggregation: We then use the weighted-average
formulation of (Buechel and Hahn, 2016) to predict
the final regression values:

v̂(e) =

∑
t,iwt,i vt,i∑
t,iwt,i

(2)

â(e) =

∑
t,iwt,i at,i∑

t,iwt,i
. (3)

Calibration: Because the lexicon is not tailored
to this dataset, we apply a linear calibration step
to better match the task labels. For y∈{v, a}, we
compute

ỹ = α0 + α1 ŷ. (4)

We further apply user-specific bias and scaling for
seen users to balance personalization and general-
ization:

ỹ(u) = β
(u)
0 + β

(u)
1 (α0 + α1ŷ). (5)

4.2 Encoder-based Regression
In the direct regression route (Figure 2-top), raw
text is fed directly into a fine-tuned encoder-based

Figure 1: Flow of our lexicon-based approach.

Figure 2: Overview of the two routes: (top) direct re-
gression from raw text; (bottom) sentence-level emo-
tion augmentation with a pretrained emotion recognizer,
with a direct bypass for is_words = True.

regressor to obtain continuous valence and arousal
scores. Concretely, we use either BGE-M3 (Chen
et al., 2024) or DistillBERT (Mavdol, 2025), with
the latter initialized from a model pretrained on
synthesized VA data. Both models are trained on
labeled text–label pairs to map each entry to (v, a)
without any intermediate emotion prediction.

We adapt each encoder to the task by adding two
separate linear heads on top of the shared represen-
tation h(x): one for valence and one for arousal.
Each head maps the embedding to a scalar with an
activation chosen to respect the natural range of its
affective dimension:

v̂(x) = 2 · tanh
(
w⊤

v h(x) + bv
)
, (6)

â(x) = 2 · σ
(
w⊤

a h(x) + ba
)
, (7)

where σ(·) is the sigmoid, yielding v̂(x) ∈ [−2, 2]
and â(x) ∈ [0, 2].

This direct route is simple and data-efficient
when the text already contains unambiguous af-
fective cues or when the task setting (is_words =
True) focuses on short, emotion-laden words or
phrases.

4.3 Emotion-Augmented Regression

The emotion-augmented route (Figure 2-bottom)
adds an explicit sentence-level emotion label before
regression. For entries with is_words = False,
we split the text into sentences using punctuation-
based boundaries (periods, question marks, and
exclamation marks). Each sentence sk is passed to
the pretrained emotion recognizer1, and we keep
the single most probable label zk among the 27

1SamLowe/roberta-base-go_emotions
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emotion labels predicted by the model. We then
concatenate the original sentence content with its
predicted emotion label to form the downstream
input x′k = sk ∥ zk. The same encoder-based re-
gressor from Section 4.2 is applied to each aug-
mented sentence, producing sentence-level predic-
tions (v̂k, âk). Final document-level scores are
computed by mean aggregation:

v̂(e) =
1

m

m∑

k=1

v̂k, (8)

â(e) =
1

m

m∑

k=1

âk, (9)

where m is the number of sentences in entry e.
If the input consists of isolated words or short

emotion phrases (is_words = True), we bypass
sentence splitting and emotion prediction and feed
the original content directly into the regressor, since
the text itself already serves as an explicit emotion
cue.

5 Experiments and Results

5.1 Experimental Setup
Hardware Resources. All experiments are con-
ducted on GPU-enabled cloud environments using
NVIDIA T4 GPUs on Google Colab and Kaggle.

Model configuration. For reproducibility, we fix
all random seeds and enable deterministic CUDNN
behavior. All Transformer backbone parameters
and task-specific regression heads are fully fine-
tuned, with multiple training runs performed to
ensure stable and robust performance for the va-
lence–arousal prediction task. The main hyperpa-
rameters are summarized in Table 2.

5.2 Data Splitting
To faithfully simulate the official shared-task set-
ting, we construct data splits that are both user-
aware and time-aware.

User partitioning We first partition users into
seen and unseen groups. Specifically, we randomly
sample 30% of users as unseen users, while the
remaining 70% are treated as seen users.

Time-based splitting For each seen user, we sort
all samples by their timestamps to preserve chrono-
logical order. We then assign the earliest 70% of
samples to the training set, and allocate the remain-
ing samples to the validation set. For unseen users,

no samples are used for training; their data are
reserved for validation.

Official data usage All splitting procedures are
conducted on the official training data, while the
final evaluation reported in Table 1 is performed
on the separate official test set provided by the
competition.

5.3 Evaluation Metrics
To quantify prediction quality for bounded valence
and arousal targets modeled with regression, we
report two standard regression metrics: MAE and
Pearson correlation (r).

Mean Absolute Error (MAE) measures the av-
erage magnitude of the deviations between pre-
dicted and true labels, disregarding their direction:

MAE =
1

N

N∑

i=1

∣∣yi − ŷi
∣∣. (10)

Pearson Correlation Coefficient (r) evaluates
the linear correlation between the predicted values
and the ground truth:

r =

∑N
i=1(yi − ȳ)(ŷi − ¯̂y)√∑N

i=1(yi − ȳ)2
√∑N

i=1(ŷi − ¯̂y)2
. (11)

5.4 Main Results
Table 1 summarizes results on the official shared-
task test set. The first block lists our two official
submissions (DistillBERT and DistillBERT + Emo-
tion), while the remaining rows are additional com-
parison systems evaluated on the same test set. We
compare (i) lexicon-based pipelines with calibra-
tion, (ii) direct encoder-based regressors, and (iii)
emotion-augmented hybrid variants that append
predicted sentence-level emotion labels before re-
gression.

Lexicon baselines. The uncalibrated lexicon
baseline is a relatively weak reference point (r̄ =
0.2140, MAE = 0.8060), indicating that raw lexi-
con aggregation alone does not align well with the
label distribution and writing style of ecological
essays. Adding global calibration substantially re-
duces error (MAE from 0.8060 to 0.6331), and the
global + user calibration further improves both
dimensions, reaching r̄ = 0.3555 and MAE =
0.5788. This confirms that even simple linear re-
calibration can correct systematic bias and partially
account for individual differences.

259



Model rv ↑ MAEv ↓ ra ↑ MAEa ↓ r̄ ↑ MAE ↓
Official shared-task submissions
DistillBERT 0.6151 0.6288 0.3220 0.3959 0.4686 0.5124
DistillBERT + Emotion 0.5818 0.6635 0.1829 0.4385 0.3824 0.5510

Additional comparisons on the official test set
Lexicon (no calibration) 0.2598 0.8761 0.1681 0.7358 0.2140 0.8060
Lexicon (global calibration) 0.3611 0.8098 0.1129 0.4564 0.2370 0.6331
Lexicon (global + user calibration) 0.4186 0.7498 0.2924 0.4077 0.3555 0.5788
BGE-M3 0.6306 0.6183 0.4389 0.3463 0.5348 0.4823
BGE-M3 + Emotion 0.5511 0.6798 0.3419 0.3905 0.4465 0.5352

Table 1: Performance on the official shared-task test set. DistillBERT and DistillBERT + Emotion are our two
official leaderboard submissions; the remaining systems are additional comparison results on the same official test
set. rv / MAEv and ra / MAEa denote Pearson correlation (r) and Mean Absolute Error for valence and arousal,
respectively.

Table 2: Hyperparameters for encoder-based models.

Hyperparameter Value

Output heads Scaled Valence and Arousal heads
Training objective RMSE over (v, a) pairs
Optimizer AdamW
Weight decay 0.01
Learning rate 2× 10−5

Training epochs 100
LR scheduler Linear (warm-up ratio 0.1)
Mixed precision FP16
Early stopping 15

Encoder-based models. Neural encoders clearly
outperform lexicon-only methods. Among them,
BGE-M3 achieves the best overall performance
with r̄ = 0.5348 and MAE = 0.4823, and it yields
the strongest arousal correlation (ra = 0.4389).
DistillBERT is competitive (r̄ = 0.4686, MAE =
0.5124) but consistently behind BGE-M3, espe-
cially on arousal (ra = 0.3220). Overall, the best
model improves average correlation by +0.1793
over the strongest lexicon baseline (0.5348 vs.
0.3555) and reduces MAE by 0.0965 (0.4823 vs.
0.5788).

Effect of sentence-level emotion augmentation.
Adding predicted sentence-level emotion labels
(+Emotion) degrades performance for both back-
bones: DistillBERT drops from r̄ = 0.4686 to
0.3824 and BGE-M3 drops from 0.5348 to 0.4465,
with corresponding MAE increases. This suggests
that a single predicted emotion label per sentence
is too coarse as an auxiliary signal for this task and
that errors from the emotion classifier propagate to
the downstream regressor.

5.5 Discussion

Why does VA-pretrained DistillBERT under-
perform BGE-M3? DistillBERT is pretrained
for valence–arousal prediction on VA-style re-
sources (Mavdol, 2025), which would intuitively
make it a strong fit for this task. However, our
results show that it is consistently outperformed
by the more recent BGE-M3 encoder (Chen et al.,
2024), especially on arousal (0.3220 vs. 0.4389).
We hypothesize two main reasons: (i) domain and
objective mismatch–VA pretraining typically re-
lies on shorter texts and more explicit affect cues,
while ecological essays often express affect im-
plicitly through events, appraisal, and discourse
context; and (ii) representation strength–BGE-M3
is a modern, general-purpose multilingual encoder
trained with large-scale objectives (self-knowledge
distillation and multi-function embedding learn-
ing), which may transfer better to long-form, nat-
uralistic narratives despite not being specialized
solely for VA regression.

Compute-efficient encoders are still highly com-
petitive. All of our models are encoder-based
with fewer than 1B parameters, selected to fit lim-
ited GPU resources. Despite these constraints, our
best system reaches r̄ = 0.5348, which is close to
the strongest scores observed on the public leader-
board (around 0.611 at the time of evaluation). This
indicates that compact encoder-only approaches re-
main a strong and practical choice for longitudinal
affect modeling: they offer a favorable accuracy–
efficiency trade-off and can be trained/reproduced
with modest hardware, while leaving room for fu-
ture gains from larger backbones or more explicit
user-/time-aware sequence modeling.
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6 Conclusion

We presented our submission to SemEval-2026
Task 2 on predicting continuous valence and
arousal from longitudinal ecological essays. Our
study showed that direct encoder-based regres-
sion consistently outperformed lexicon-only meth-
ods, while calibration substantially strengthened
the lexicon baseline. The results also show that
sub-1B encoder-based models remain highly com-
petitive under limited compute. We also found
that sentence-level emotion augmentation degraded
performance for both backbones, and that a VA-
pretrained DistillBERT model still lagged behind
the more modern BGE-M3 encoder (notably on
arousal), suggesting that representation strength
and transfer robustness matter more than VA-
specific pretraining alone in this naturalistic set-
ting.
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