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Abstract

In the context of today’s high-pressure, aging
society, the demand for large-scale emotional
models capable of providing empathetic sup-
port is more critical than ever. However, exist-
ing benchmarks fail to simultaneously achieve
ecological validity, signal clarity, and reliable
fine-grained labeling. We introduce EmoS, a
high-fidelity bilingual benchmark designed to
resolve the limitations of ecological validity
and noise in existing datasets by combining
strictly filtered static slices with a dynamic
Streaming Monologue subset. Supported by a
rigorous dual-layer human annotation pipeline,
EmoS provides trusted ground truth that cap-
tures continuous emotional evolution. Empiri-
cal results show that fine-tuning MLLMs (mul-
timodal large language models) on EmoS yields
significant gains over zero-shot baselines, lay-
ing the foundation for the training and evalua-
tion of future emotion recognition models and
empathy models. The dataset and code are
publicly available at https://github.com/
NLP2CT/EmosS.

1 Introduction

With the rapid advancement of artificial intelli-
gence (Al) , there is an increasing societal expec-
tation for Al agents to transcend simple task exe-
cution and act as an emotionally intelligent part-
ner (Cheng et al., 2024; Shi et al., 2025; Liu et al.,
2022a). In high-pressure environments, such as
psychological counseling and aging care, Al sys-
tems must not only recognize static emotions but
also proactively intervene before a user’s state dete-
riorates. However, the development of such empa-
thetic models is currently bottlenecked by the qual-
ity of underlying data. We identify a critical “data
quality trilemma” in Multimodal Emotion Recog-
nition (MER), where existing benchmarks struggle
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Figure 1: Illustration of limitations in current short-
utterance multimodal datasets.

to simultaneously achieve ecological validity, sig-
nal clarity, and reliable labeling. Prior datasets
often fail to meet these evolving needs. Early lab-
controlled datasets like IEMOCAP (Busso et al.,
2008) and DAIC-WOZ (Gratch et al., 2014), while
clean, lack the spontaneity of real-life interactions.
Conversely, Widely used ’in-the-wild’ datasets like
MELD (Poria et al., 2019) and CH-SIMS v2 (Liu
et al., 2022a) provide rich contexts but are funda-
mentally compromised by unreliable and coarse-
grained ground truth. Beyond simple modality
noise, MELD suffers from heavy context depen-
dence and ambiguity, while CH-SIMS v2 is lim-
ited to sentiment polarity rather than specific emo-
tions, rendering both insufficient for fine-grained
emotion recognition tasks. More critically, most
datasets fragment continuous dialogues into iso-
lated utterance-level snippets. This fragmentation
severs the emotional evolution timeline, making it
impossible for models to learn dynamic trajecto-
ries, such as the gradual escalation from frustration
to rage. While recent synthetic datasets generated
by Large Language Models (LLMs) (Cheng et al.,
2024; Lian et al., 2025) attempt to scale up data,
they often suffer from hallucinated labels, compro-
mising the credibility of the ground truth.

The limitations of existing work underscore the
critical necessity of constructing a high-quality
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MER benchmark. An ideal MER benchmark re-
quires high-fidelity multimodal alignment across
textual, acoustic, and visual signals. Crucially,
it must provide fine-grained emotion labels (e.g.,
joy, anger) rather than coarse sentiment polarity.
Furthermore, it should support continuous tempo-
ral modeling over long-form dialogues, moving
beyond isolated utterance-level classification. To
achieve this, we introduce EmoS, a high-fidelity
bilingual benchmark spanning 9,403 static samples
and 2 hours of streaming monologues. Constructed
through a rigorous dual-layer annotation pipeline
(Basic-7 (Ekman, 1992) and GoEmotions-28 (Dem-
szky et al., 2020)) validated by the Dawid-Skene
algorithm (Dawid and Skene, 1979), EmoS inte-
grates a strictly filtered MELD-Core, fine-grained
CH-SIMS v2, and a novel streaming subset to cap-
ture continuous emotional evolution.

We benchmarked SOTA MLLMs (e.g., Gemini-
3, Qwen-3) on EmoS. Results indicate that Zero-
Shot performance is limited, with Gemini-3 achiev-
ing only ~61% accuracy due to conservative neu-
tral bias. Conversely, Task-Adaptive Fine-Tuning
is essential: fine-tuning Qwen-3 boosted accuracy
to 70.3%, dramatically improving recall on long-
tail emotions like Disgust (F1 0.30—0.75). Fur-
thermore, models with ultra-long context windows
demonstrated exceptional sensitivity to narrative
flow, successfully predicting 82% of emotion turn-
ing points in the streaming subset. In summary, our
contributions are threefold:

* We present EmoS, a strictly cleaned, human-
annotated benchmark (N = 9,403 static sam-
ples + 2h streaming) that resolves modality noise
and introduces a novel streaming subset.

* We establish a high-standard Dual-Layer Anno-
tation Protocol combining basic and fine-grained
taxonomies, supported by rigorous annotator
style analysis.

* We provide a comprehensive Benchmark of
SOTA MLLMs, showing that fine-tuning on high-
quality data is prerequisite for mastering dynamic
emotional trajectories.

2 Related Work

Research in Multimodal Emotion Recognition
(MER) has evolved from laboratory settings to in-
the-wild and synthetic data, yet a perfect bench-
mark remains elusive. Early lab-controlled datasets
like IEMOCAP (Busso et al., 2008) offer clean
signals but lack ecological validity due to scripted

interactions (Dhall et al., 2013). To address this,
in-the-wild datasets such as MELD (Poria et al.,
2019) and CMU-MOSEI (Zadeh et al., 2018) were
introduced; however, they are often plagued by
severe modality noise (e.g., canned laughter, shot
transitions) and fragmented timelines that disrupt
the modeling of emotion dynamics. More recently,
LLM-generated datasets (Cheng et al., 2024) have
attempted to scale up annotation but frequently suf-
fer from hallucinated labels and a lack of rigorous
human verification (Ji et al., 2023).

Consequently, the field faces a “data quality
trilemma”: existing benchmarks are either eco-
logically invalid, excessively noisy, or unreliable.
EmoS is designed to resolve this trilemma by
strictly filtering for signal clarity and introduc-
ing human-verified streaming monologues. Due
to space constraints, we provide a comprehensive
review of existing datasets and their specific limita-
tions in Appendix H.

3 Dataset Construction

In the context of Multimodal Emotion Recognition
(MER), the primary goal is to recognize and un-
derstand emotional expressions from multimodal
data, such as speech, facial expressions, and text.
Traditional MER tasks focus on recognizing emo-
tions from short, static data slices (e.g., individual
sentences or clips), without considering the tempo-
ral evolution of emotions. However, in “Streaming
MER?”, the task evolves to incorporate temporal dy-
namics, where the model must recognize and track
emotional transitions across continuous streams of
data (e.g., monologues, conversations). To address
the needs of the MER task, we proposed the EmoS
dataset by referring to the labeling process shown
in Figure 2, which illustrates the basic information
and processing procedures of our dataset.

3.1 Data Collection

Our dataset, EmoS, consists of three independent
subsets. It integrates carefully selected segments
from MELD (English) and CH-SIMS v2 (Chinese),
and is further complemented by our newly col-
lected long-form monologue subset. The origi-
nal MELD dataset (Poria et al., 2019) is derived
from the sitcom Friends. It contains a large num-
ber of very short utterances (e.g., “yes”, “okay”)
and is heavily contaminated by canned laughter.
While MELD is suitable for modeling conversa-

tional context, these characteristics introduce sub-
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Figure 2: The basic information and processing procedures of our dataset

stantial noise for fine-grained emotion recognition,
as such utterances often lack standalone acoustic or
visual cues. To address this issue, we perform strict
filtering on MELD by removing segments shorter
than one second, as well as low signal-to-noise seg-
ments caused by laughter tracks or severe visual oc-
clusions (e.g., shot transitions that fail to maintain
focus on the speaker). This yields a core subset of
5,000 high-quality samples, termed MELD-Core.
Meanwhile, we incorporate the full CH-SIMS v2
dataset (Liu et al., 2022a), which provides high-
quality multimodal alignment and applies video
cropping for a portion of the samples to capture
the speaker’s visual information. This ensures that
the visual focus remains on the speaker’s facial ex-
pressions, offering a robust benchmark for Chinese
multimodal emotion analysis.

Existing datasets often rely on sentence-level
slicing or short multi-party dialogue snippets,
which breaks the temporal continuity of emotional
evolution. To capture dynamics such as buildup,
transition, and climax, we collect 50 continuous
monologues (about 2 hours total) from movies and
TV dramas (e.g., The Legend of 1900 and Hei
Bing). We then parse them into roughly 700 consec-
utive sentences, preserving the temporal coherence
needed to model emotion dynamics.

3.2 Data Annotation and Quality Analysis

Given the limitations of current Multimodal
LLMs in zero-shot emotion recognition (we tested
Gemini-3 and Qwen-3-omni-flash on a pilot set,

and both achieved below 70% accuracy on the
Basic-7 classification task), we adopt a strict hu-
man annotation pipeline. This section details our
two-level taxonomy, quality control mechanisms,
and modeling of annotator subjectivity.

3.2.1 Annotation Protocol and Taxonomy

To balance standardization and semantic richness,
our annotation framework operates at two granular-
ities:

Basic-7 (Discrete Categories). We follow the
classic Ekman-style seven-way taxonomy (Anger,
Joy, Sadness, Fear, Disgust, Surprise, Neutral).
This scheme is widely used in multimodal research
and provides a robust benchmark for evaluating
basic discriminative capability (Ekman, 1992).

GoEmotions-28 (Fine-grained Multi-label). To
capture subtle affective distinctions (e.g., admira-
tion, remorse, confusion), we adopt the 28-category
fine-grained taxonomy from GoEmotions (Dem-
szKky et al., 2020). This enables further assessment
of a model’s capability in handling semantic prox-
imity and complex emotion understanding.

Each sample is annotated by three independent
annotators. For the CH-SIMS v2 and Streaming
subsets, annotators provide both a single Basic-
7 label and multi-label GoEmotions annotations.
For MELD, we integrate the original Basic labels,
additionally collect GoEmotions multi-label anno-
tations, and perform cross-taxonomy consistency
checks.
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3.2.2 Label Aggregation and Quality Control

To reduce individual bias and estimate the reliabil-
ity of Ground Truth (Whitehill et al., 2009; Raykar
et al., 2010), we implement a multi-stage aggrega-
tion and cleaning pipeline.

Basic-7 Aggregation (Dawid—Skene). For the
single-label task, we use the Dawid—Skene (DS)
(Dawid and Skene, 1979) algorithm to estimate the
inferred label y,45 and its posterior confidence cs.
Specifically, the DS algorithm employs an
Expectation-Maximization (EM) framework to
jointly estimate the latent class priors and the con-
fusion matrix (reliability) of each annotator. Upon
convergence, the algorithm yields a posterior prob-
ability distribution over the class set K for each
sample 7. The confidence score CEZS) is defined as
the maximum value of this posterior distribution:

i) = max Py = k| 2,2 2% (1)
€

where azgm) denotes the label provided by the m-th

annotator. This metric reflects the model’s certainty
in the inferred label after weighting the reliability
of different annotators. Based on cgs and annotator
agreement, we divide the dataset into three quality
tiers (statistics are shown in Table 1):

* High-Quality (76.6%): all three annotators
agree (unique_labels=1) or cgs > 0.9.

e Medium-Quality (14.0%): 0.8 < c45 < 0.9,
typically involving mildly ambiguous bound-
aries (e.g., Sadness vs. Neutral).

¢ Low-Quality / Hard (9.4%): cy4s < 0.8, of-
ten where all three annotators assign different
labels. These samples reflect inherent sub-
jectivity and uncertainty in human emotion
perception.

GoEmotions Soft-Label Modeling. Given the
polysemy of fine-grained emotions, we avoid hard-
label voting and instead model Ground Truth as
a soft probability distribution. For each class &
among K = 29 categories, we compute

ng
?7
where n;, is the number of annotators who select
class k. This probabilistic representation preserves
annotator disagreement and supports label distribu-
tion learning.

P = pr € {0,0.33,0.66, 1.0},

Metric First 2,499 Latter 1,904 Total
N 2,499 1,904 4,403
High (>0.9) 1,702 1,670 3,372
Medium (0.8-0.9) 496 122 618
Low (<0.8) 301 112 413
unique = 1 1,097 904 2,001
unique = 2 1,119 917 2,036
unique =3 283 83 366

Table 1: CH-SIMS v2 basic-7 classes quality tiers and
unique-label counts.

Metric First 2,499 Latter 1,904
N 2,499 1,904
Annotator label counts 1.84/1.42/1.41 193/1.25/1.51
Union mean 3.68 3.60
Union > 4 1,458 1,521

Exact match (%) 7.6% 24.4%

Table 2: CH-SIMS v2 GoEmotions multi-label statis-
tics.

Basic Label Correction on MELD. To account
for label noise in MELD, we re-aggregate Basic-7
labels and measure the correction confidence and
change rate. Furthermore, we conducted a man-
ual audit of the corrected labels in MELD. We ob-
served that in addition to corrections arising from
subjective annotator disagreements, a small frac-
tion of the revisions addressed inherent annotation
errors in the original dataset. Specifically, due to
the massive scale of MELD, certain clips were du-
plicated but assigned inconsistent emotion labels.
These discrepancies have been fully rectified in our
processed subset. Table 3 summarizes the correc-
tion statistics and the corresponding GoEmotions
multi-label properties.

Streaming Monologue Subset Annotation. The
annotation of the Streaming Monologue subset fol-
lows the same core multi-annotator pipeline as the

Metric Value
Basic corrected confidence > 0.7 1,993
Basic corrected confidence 0.5-0.7 2,101

Basic corrected confidence < 0.5 401
Basic labels changed (basic_changed) 1,031 (24.2%)

GoEmotions union mean 2.70
Union > 4 979
Union > 5 502
Exact match (3 annotators) 686

Table 3: MELD-Core basic correction and multi-label
statistics (Excluding "unsure").
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Dataset / Split Annotator k,

Dominant emotion tendencies

Pairwise Jaccard Exact match

CH-SIMS v2 Al 1.84 Joy, Disgust, Sadness, Anger, Desire, Realization
First 2.499 (fine-grained) . . 0.34 -0.38 ~8%
’ A2 1.42 Neutral / Unsure dominant (conservative)
A3 1.41 Disapproval, Confusion, Caring (cognitive/social)
CH-SIMS v2 A4 ~1.93 {)o_y, Optimism, Caring, Excitemf?nt +
Latter 1904 1sapproval/Ann0yance (expansive) 0.41-0.45 ~24%
A5 ~1.25 Near-single-label; Joy / Neutral / Anger / Sadness
A6 ~1.51 Joy, Optimism, Anger, Disappointment (bi-label)
MELD A7 1.61 Joy, Realization, Neutral + Anger / Disgust
First 3.000 A8 ~1.40 Neutral dominant (conservative) 0.389 - 0.445 ~31%
’ A9 ~1.40 Surprise, Confusion, Realization, Disapproval
(Neutral ~25%)
MELD Al10 2.31 Joy/ Neutral + Anger / Disgust (most expansive)
Latter 2.000 All ~1.50 Neutral dominant 0.369 — 0.401 ~9%
’ Al2 ~1.50 Joy vs. Disapproval (Neutral ~25%)

Table 4: Annotator style summary on CH-SIMS v2 and MELD. We report per-annotator label cardinality (k,) and
dominant label usage. Split-level agreement is measured by pairwise Jaccard (range over three annotator pairs) and
exact match (Representing the proportion agreed upon by the three annotators)

static datasets, but it necessitates a more rigorous
temporal segmentation protocol. We perform a
coarse temporal segmentation based on pauses oc-
curring in the video. Subsequently, the three an-
notators discuss and annotate through a meeting-
based approach to collectively determine the pre-
cise segment boundaries and the overarching di-
rection of emotion evolution, retaining only high-
confidence samples. To enrich the contextual meta-
data of this subset, we leverage Large Language
Models (LLMs) as an auxiliary tool to draft initial
descriptions for emotion causes, which are subse-
quently verified and corrected as necessary.

3.2.3 Annotator Modeling and Stylistic
Analysis

A key finding is that annotator styles significantly
affect annotation consistency (Fleiss, 1971; Krip-
pendorff, 2011). From GoEmotions annotation
statistics (Table 4), we observe that cross-subset
differences in agreement are not solely driven by
data noise, but also by differences in annotation
style. We characterize annotator behavior using av-
erage label cardinality (Label Cardinality, k,) and
semantic preference, and summarize four typical
styles, as shown in (Figure. 3) :

Expansive Style. £k, is significantly above the
group median. Such annotators tend to decompose
complex emotions into multiple components (e.g.,
decomposing “remorse” into Sadness + Disappoint-
ment + Remorse), leading to a large label union per
sample (Union > 4).

Parsimonious Style. £k, is below the median.
They focus on the dominant emotion, often yield-
ing higher Exact Match agreement, but potentially
missing secondary affective nuances.

Safety-Seeking / Neutral-Fallback. These anno-
tators assign Neutral or Unsure at a notably higher
rate, reflecting a conservative strategy under ambi-
guity to reduce the risk of mistakes.

Socio-Cognitive Sensitive. Such annotators are
more sensitive to cognitive labels (e.g., Confusion,
Realization) and social-evaluative labels (e.g., Car-
ing, Disapproval). This pattern is especially evi-
dent in dialogue data (MELD), suggesting deeper
attention to interpersonal cues.

Annotator Style Radar (4 Archetypes, 8 dims)

Figure 3: The performance of four annotator styles
across eight representative dimensions.

This typology does not assume any style is
“more correct”; rather, it explains agreement dif-
ferences. When an annotation group mixes expan-
sive and conservative styles, the label union and
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Emotion CH-SIMS v2 MELD-Core Combined

Neutral 27.9% 46.4% 35.4%
Joy 31.2% 21.4% 27.2%
Anger 14.0% 13.4% 13.8%
Sadness 10.4% 6.9% 9.0%
Disgust 8.8% 3.1% 6.5%
Surprise 3.3% 5.4% 4.1%
Fear 4.3% 3.4% 3.9%
Total 4,403 5,000 9,403

Table 5: Distribution of Basic Emotions across dataset
subsets (percentages). Percentages are computed over
non-Unsure samples; the total row reports the total
number of samples (including Unsure). We addition-
ally introduce an Unsure category for both the Basic and
GoEmotions taxonomies to allow annotators to abstain
under genuine ambiguity; Unsure labels are retained
in the raw annotation records for potential future re-
auditing.

disagreement (low Exact Match, low Jaccard) in-
crease substantially. In contrast, when conservative
annotators share similar decision rules, pairwise
agreement and three-way agreement can remain
high even with one expansive annotator present.
Overall, this suggests that different populations ex-
hibit different emotion perception tendencies; we
argue that a general-purpose model should be evalu-
ated and trained on the most broadly representative
subset with maximal coverage and generality.

3.3 Statistical Analysis

3.3.1 Dataset Statistics and Distributions

The final dataset contains 9,403 samples and addi-
tional streaming data. We adopt the Dawid—Skene
aggregation method, along with additional post-
processing procedures, to ensure label reliability;
details are provided in a later section.

Basic Emotion Distribution. As shown in Ta-
ble 5, Neutral (35.4%) and Joy (27.2%) are rela-
tively balanced in the combined dataset. Notably,
MELD exhibits a strong neutral bias (46.4%), re-
flecting the prevalence of functional utterances in
everyday conversations, while CH-SIMS v2 con-
tributes a substantial portion of positive emotion
samples. Negative emotions (Anger, Sadness) re-
main stably represented in both languages.

Fine-grained (GoEmotions) Analysis. The la-
bel distribution follows a long-tail pattern. In the
Chinese subset, cognition-related labels such as

“Disapproval” and “Optimism” are more prominent,
whereas the English subset tends to favor labels like
“Surprise” and “Realization”, indicating a higher
reliance on contextual inference. The dataset ex-
hibits a pronounced long-tail distribution: labels
such as Grief, Relief, and Embarrassment are ex-
tremely rare, with Grief accounting for only(0.1%)
in MELD. In addition, complex social emotions
like Remorse and Gratitude generally occur at fre-
quencies below 1.0%, Due to space limitations, de-
tailed data tables can be found in the Appendix C.

Dynamics in Streaming Data. The streaming
subset is characterized by high emotional volatil-
ity. Across the 50 clips, we identify 401 emotion
turning points, averaging 8.0 transitions per clip
(see Table 6). Overall, the two emotion taxonomies
exhibit highly consistent yet hierarchically differ-
entiated structural patterns in the streaming subset.
Neutral emotion dominates in both schemes (Basic-
7: 32.8%; GoEmotion: 31.6%), indicating that
emotional states in continuous contexts tend to fluc-
tuate around an affective “baseline” rather than re-
maining in highly activated states, which provides
a buffer for frequent emotional shifts. Meanwhile,
negative emotions are both prevalent and highly dif-
ferentiated: in Basic-7, they are mainly reflected by
Anger, Disgust, and Sadness, whereas GoEmotion
further decomposes similar negative experiences
into multiple high-frequency categories such as
anger, disgust, disapproval, annoyance, and confu-
sion. This coarse-to-fine correspondence suggests
that negative affect in streaming contexts is not
characterized by isolated emotional outbursts, but
by the alternation of semantically related yet dis-
tinguishable emotional states. In contrast, positive
emotion (Joy) maintains a moderately high but non-
dominant proportion in both taxonomies (Basic-7:
19.6%; GoEmotion: 23.7%), implying that positive
experiences tend to appear as brief insertions rather
than sustained states. Collectively, these patterns
form a dynamic emotional landscape characterized
by a neutral background and high-frequency tran-
sitions between positive and negative states. Due
to the limitation of space, we have placed more
statistical results in the Appendix C.

4 Experiments

4.1 Basic Emotion Recognition Capability

To systematically evaluate the emotion recognition
capabilities of current multimodal large language
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Metric Value
Number of Segments 50
Total Turning Points 401
Avg. Turning Points / Segment 8.0

Max Turning Points (Sample) 25 (Any Given Sunday)

Table 6: Statistics of the Streaming Subset. High fre-
quency of turning points indicates strong emotional dy-
namics.

models (MLLMs), we compared a set of repre-
sentative multimodal models. The closed-source
model is Gemini-3 (Gemini Team, 2023; Google,
2025). The open-source baselines include Qwen-
2.5-Omni-7B (hereafter abbreviated as Qwen-2.5),
Qwen3-omni-flash (denoted as Qwen-3 (Xu et al.,
2025a,b) in Table 7), and EmotionLLaMA (Cheng
et al., 2024). In addition, we report a task-adapted
fine-tuned variant of Qwen-3, namely Qwen-3
(FT), to quantify the gain brought by task adap-
tation (we attempted to include AffectGPT (Lian
et al., 2025), but its official implementation could
not be reproduced on local devices due to environ-
ment issues). Due to space constraints, the specific
settings for finetuning are presented in Appendix B.

Except for Qwen-3 (FT), all models were eval-
uated under the zero-shot setting. During prompt
engineering, we observed that some models could
not reliably follow the instruction of 28-class GoE-
motions, often collapsing to 7 classes or producing
invalid labels. Therefore, to ensure cross-model
comparability, we adopted the Basic-7 label space.
The test set was further split into a high-confidence
subset (N = 800) for reporting the main results,
and a low-confidence subset (N = 400) for addi-
tional analyses such as model self-awareness and
confidence calibration. Given the imbalanced class
distribution (Neutral 37.1%, Joy 26.0%, while Sur-
prise/Disgust/Fear are each below 6%), we report
Accuracy, Macro-F1, and Weighted-F1. Results on
the high-confidence subset are shown in Table 7.
For model predictions that failed to follow the in-
struction and thus fell outside the predefined set,
we uniformly counted them as incorrect samples.

Overall, models are more stable on frequent
classes, while their performance diverges more
substantially on minority classes. This is also
reflected by the fact that most systems achieve
higher Weighted-F1 than Macro-F1. Under the
zero-shot evaluation, Gemini-3 achieves the best
overall performance (Acc 0.611 / Macro-F1 0.528
/ Weighted-F1 0.605). The Qwen family shows

similar Accuracy and Weighted-F1 (e.g., Qwen-3:
0.580/0.582; Qwen-2.5: 0.571/0.549), but a lower
Macro-F1, indicating weaker robustness on long-
tail categories. EmotionLLaMA performs the worst
overall (Acc 0.369 / Macro-F1 0.289 / Weighted-
F1 0.368), suggesting limited reliability on general
emotion classification tasks. Task-adaptive fine-
tuning can substantially improve class-balanced
performance. Qwen-3 (FT) increases Accuracy
from 0.580 to 0.703 and Macro-F1 from 0.517 to
0.628 (Weighted-F1: 0.582—0.681), and yields no-
table gains on minority classes (e.g., the F1 score of
Disgust reaches 0.757, whereas zero-shot Qwen-3
attains only 0.304). At the class level, Joy and Neu-
tral are generally easier to recognize (e.g., Gemini-
3 achieves Joy F1 of 0.735; Qwen-3 (FT) achieves
Neutral F1 of 0.793), while low-frequency negative
emotions remain the primary bottleneck.

We identify two typical failure modes: (1) con-
servative prediction, where minority classes ex-
hibit very high precision but extremely low recall
(e.g., Qwen-2.5 on Fear with P=1.000 and R=0.026;
on Surprise with P=1.000 and R=0.130); and (2)
over-prediction, where recall is improved at the
expense of precision, leading to unstable outputs
(e.g., EmotionLLaMA fails completely on Disgust
and shows a “high-recall, low-precision” pattern on
Sadness). In sum, Table 7 indicates that zero-shot
emotion recognition in current MLLMs is mainly
constrained by instruction-following stability and
long-tail emotion recognition capability, while fine-
tuning provides a direct path toward more reliable
and more class-balanced emotion understanding.

4.2 Fine-grained Emotion Recognition
Capability (GoEmotions)

Precision vs Recall by Emotion (Gemini-3 vs Qwen-3-FT)

nnnnnn

Figure 4: Precision vs. Recall per emotion label. The
comparison highlights distinct preference behaviors
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Metric Gemini-3 Qwen-3 Qwen-3 (FT) Qwen-2.5 EmotionLLaMA
Accuracy 0.611 0.580 0.703 0.571 0.369
Macro-F1 0.528 0.517 0.628 0.419 0.289
Weighted-F1 0.605 0.582 0.681 0.549 0.368
Anger (P) 0.669 0.708 0.670 0.648 0.512
Anger (R) 0.770 0.680 0.759 0.648 0.536
Anger (F1) 0.716 0.694 0.712 0.648 0.524
Disgust (P) 0.217 0.700 0.819 0.444 0.000
Disgust (R) 0.143 0.194 0.704 0.133 0.000
Disgust (F1) 0.172 0.304 0.757 0.205 0.000
Fear (P) 0.383 0.449 0.720 1.000 0.375
Fear (R) 0.590 0.550 0.571 0.026 0.050
Fear (F1) 0.465 0.494 0.637 0.051 0.088
Joy (P) 0.678 0.551 0.611 0.836 0.664
Joy (R) 0.802 0.787 0.533 0.298 0.393
Joy (F1) 0.735 0.648 0.569 0.439 0.494
Neutral (P) 0.777 0.756 0.760 0.584 0.517
Neutral (R) 0.422 0.429 0.830 0.865 0.322
Neutral (F1) 0.547 0.547 0.793 0.697 0.397
Sadness (P) 0.533 0.620 0.560 0.689 0.176
Sadness (R) 0.721 0.647 0.670 0.636 0.679
Sadness (F1) 0.613 0.633 0.610 0.661 0.280
Surprise (P) 0.309 0.209 0.209 1.000 0.157
Surprise (R) 0.808 0.519 0.650 0.130 0.531
Surprise (F1) 0.447 0.298 0.316 0.231 0.242

Table 7: Emotion classification results on 800 high-confidence samples. Class distribution (%): Anger 15.5, Disgust
4.4, Fear 5.1, Joy 26.0, Neutral 37.1, Sadness 8.7, Surprise 3.3.

We conducted a systematic comparison of the
multi-label emotion classification performance of
Gemini-3 and Qwen-3 (Fine-tuned). The detailed
results are presented in the Appendix D. Qwen-3
(Fine-tuned) exhibited higher overall recall, which
was particularly pronounced for fine-grained cog-
nitive and social emotion labels; however, this im-
provement was accompanied by a systematic de-
cline in precision, leading to an increase in false
positives. In contrast, Gemini-3 maintained higher
and more stable precision, adopting a relatively con-
servative prediction strategy, but its recall on long-
tail labels remained insufficient. This divergence
reflects different preferences in the precision—recall
trade-off: Qwen-3 (Fine-tuned) tends to expand la-
bel coverage, whereas Gemini-3 places greater em-
phasis on prediction reliability and false-positive
control, at the expense of broader label coverage.

4.3 Confidence Calibration and Robustness
Analysis

To examine whether the models are able to “rec-
ognize their own uncertainty,” we compare their
output confidence scores on the high-confidence
and low-confidence subsets. As shown in Table 8,
Gemini 3 and Qwen 3 Flash exhibit a decrease
in average confidence on low-confidence samples
(from 0.817 to 0.804 and from 0.873 to 0.849, re-
spectively), indicating that they can, to some extent,

perceive input uncertainty. In contrast, Qwen2.5,
constrained by its parameter scale, lacks the ability
to effectively discriminate confidence levels, show-
ing nearly identical scores across the two subsets
(0.850 vs. 0.852). Qwen3 (FT), while achieving
the highest overall confidence, also exhibits the
largest confidence drop (A = —0.032).

4.4 Evaluation on Streaming Data

To evaluate continuous dynamics, we designed a
Streaming Utterance-Level Annotation task where
models must process videos to summarize emo-
tional trajectories and annotate the main speaker’s
utterances using our dual-layer taxonomy. Detailed
contents can be referred to Appendix I. Given that
Gemini-3 is currently the unique model capable of
processing ultra-long multimodal context windows,
our evaluation on the Streaming subset is exclu-
sively conducted on this architecture. We observe
that as the context length expands, the model’s ro-
bust text understanding capabilities significantly en-
hance its grasp of the narrative flow and emotional
progression. Gemini-3 demonstrates exceptional
sensitivity to dynamic changes, achieving an accu-
racy of 82% in predicting emotion turning points
(state transitions), a task that typically challenges
models limited to short-context windows. Further-
more, on the task of segmented utterance emo-
tion classification within the continuous stream,
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Model High Conf. Low Conf. A

Gemini 3 0.817 0.804 -0.013
Qwen 3 Flash 0.873 0.849 -0.024
Qwen2.5 0.850 0.852 +0.002
Qwen3(FT) 0.987 0.955 -0.032

Table 8: Average confidence scores on the High-
Confidence and Low-Confidence subsets. A denotes
the difference (Low Conf. — High Conf.).

the model attains a 71% accuracy on the Basic-7
taxonomy and a Macro-F1 score of 0.55 on the
fine-grained GoEmotions taxonomy.

5 Conclusion

In conclusion, we introduce EmoS, a high-
precision benchmark that elevates emotion under-
standing from a static to a dynamic level. By rig-
orously filtering noise and introducing a stream-
ing subset, EmoS resolves the limitations of frag-
mented datasets. Our benchmarking highlights
distinct model behaviors: while Gemini-3 prior-
itizes precision, fine-tuned models excel in cover-
age, and long-context capabilities prove essential
for tracking narrative shifts . Ultimately, EmoS lays
the foundation for training and evaluating future
MLLMs capable of mastering emotional variations.

Limitations

While EmoS prioritizes label fidelity through a rig-
orous dual-layer human annotation pipeline, this
focus inevitably constrains the scale of the newly
introduced streaming dataset relative to massive
web-crawled corpora. Specifically, the Streaming
Monologue subset, comprising 50 videos, serves
primarily as a high-standard evaluation benchmark
rather than a large-scale training source. We are
committed to iteratively updating and expanding
this Streaming Monologue subset; however, this
process requires time, primarily due to the limited
availability of suitable movie clips and video con-
tent. Subsequent progress will be synchronously
updated on our GitHub.

Furthermore, the current iteration is restricted to
Chinese and English; expanding to a broader spec-
trum of languages remains necessary to enhance
cross-cultural generalization. Moreover, the inher-
ent long-tail distribution of real-world emotions—
where categories such as Grief account for only
0.1% of samples—similarly manifests within this
dataset. This indicates a critical need for the devel-

opment of more robust imbalanced learning strate-
gies in future work.
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A Copyright and Data Usage

This project strictly adheres to the copyright and
license terms of all source datasets.

For MELD and CH-SIMS v2, we do not redis-
tribute any original data, including but not limited
to videos, audio tracks, or utterance transcripts. In-
stead, we only release re-annotation files in CSV
format. These files contain video-level or utterance-
level IDs and the corresponding newly assigned
labels, and are designed to be directly compatible
with the original datasets. Users can simply replace
the original annotation CSV files with our provided
CSV files after obtaining the raw data from the of-
ficial sources. Access to the original MELD and
CH-SIMS v2 datasets must be requested and down-
loaded through their respective official channels, in
accordance with their original licenses.

In contrast, for our self-collected streaming
dataset, we hold the rights to distribute the data.
Therefore, both the annotations and the correspond-
ing video files are packaged together and publicly
released via an open online repository for research
purposes.

By clearly separating re-annotations of third-
party datasets from our own data, we ensure full
compliance with existing dataset licenses while fa-
cilitating reproducible research.

The streaming video clips used in this dataset
are sourced from openly available segments on
YouTube, TikTok, and Bilibili, and the original
video URLs are provided in the accompanying
CSV files for transparency and traceability.

B Finetuning Details

For the fine-tuning of Qwen-3 on the EmoS dataset,
we conducted instruction tuning using a mixture of

high-confidence and low-confidence samples, with
80% of the dataset being used for training and 20%
reserved for testing. To reduce computational costs
while maintaining performance, we employed Low-
Rank Adaptation (LoRA) with a rank of 16 and a
scaling factor (alpha) of 32, setting the dropout
rate to 0.0. LoRA adapters were applied to all lin-
ear layers, including the attention module’s g_proj,
k_proj, v_proj, o_proj, and the feed-forward net-
work’s gate, up, and down projection layers.

During training, we used the AdamW optimizer
with an initial learning rate of 5 x 1075, paired
with a cosine learning rate decay strategy and 10%
warmup steps. We set the batch size to 1 on a sin-
gle H800 GPU and applied gradient accumulation
over 8 steps. The training was conducted for 3
epochs under BF16 mixed precision until the loss
converged.

C Additional dataset statistics
information

The following table contains additional statistical
information of the dataset. Due to the length con-
straints of the paper, this information cannot be
included in the main text. Please refer to table9 10
11.

Emotion CN (%) EN (%) ALL (%)
admiration 7.06 1.70 5.05
amusement 6.24 3.23 5.11
anger 16.14 14.43 15.50
annoyance 13.26 8.10 11.33
approval 2.92 3.00 2.95
caring 11.90 5.10 9.35
confusion 13.38 14.57 13.83
curiosity 5.50 11.03 7.58
desire 10.34 9.47 10.01
disappointment 9.76 3.17 7.29
disapproval 16.06 11.67 14.41
disgust 15.46 14.43 15.07
embarrassment 1.52 4.40 2.60
excitement 10.26 4.60 8.14
fear 5.34 4.13 4.89
gratitude 3.22 1.23 248
grief 1.70 0.20 1.14
joy 28.64 23.03 26.54
love 7.54 8.50 7.90
nervousness 8.18 7.10 7.78
neutral 24.04 4593 32.25
optimism 17.20 2.67 11.75
pride 9.64 2.97 7.14
realization 11.84 25.53 16.98
relief 3.80 2.47 3.30
remorse 3.06 2.50 2.85
sadness 14.22 11.43 13.18
surprise 11.14 14.60 12.44

Table 9: Statistics of the 28-class emotion dataset
(CN/EN/ALL). Excluding "unsure"
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Emotion % Emotion %
admiration 9.84 amusement 6.26
anger 9.17 annoyance 12.75
approval 7.38 caring 10.51
confusion 6.71 curiosity 5.37
desire 5.82  disappointment  9.17
disapproval 21.92 disgust 6.94
embarrassment 1.34 excitement 8.95
fear 1.79 gratitude 1.12
grief 13.20 joy 0.89
love 4.03 nervousness 5.37
neutral 2.24 optimism 7.83
pride 15.44 realization 22.60
relief 4.25 remorse 9.17
sadness 3.36 surprise 0.22

Table 10: Emotion distribution of the streaming subset
(GoEmotions, 28 classes).

Emotion % Emotion %
sadness ~24.2 anger ~23.0
neutral ~20.6 joy ~20.4
disgust ~6.7 fear ~3.8
surprise ~1.3

Table 11: Emotion distribution of the streaming subset
(basic 7 classes).

D Detailed results of multi-classification

Please refer to table12

E Chinese and English distinction

We also recorded the evaluation results for the Chi-
nese and English subsets and have placed them in
the appendix for reference. Please refer to table13.

F Data Structure and Annotation Schema

The EmoS dataset is organized into three primary
directories, each catering to different modalities
and annotation granularities. The detailed structure
and schema definitions are provided below.

F.1 Directory Organization

1. Streaming Long-form Video (streaming/)
This directory contains long-form monologues.
Each entry includes both the original full video
and segmented clips. The data is paired with two
types of annotation files:

* Interpretation JSON: Captures the
narrative flow.  Keys include summary,
overall_emotion_trend (dominant emo-
tion + trajectory description), and a list
of utterances. Each utterance object
contains the time range, bilingual transcripts,
primary/secondary emotions, multimodal
cues (audio/visual), intensity, and evidence.

Emotion Gemini-3 Qwen-3 (FT)
P R P R
admiration 0.448 0.650 0.320 0.780
amusement 0.173 0.667 0.095 0.800
anger 0.873 0.640 0.740 0.780
annoyance 0.403 0.768 0.290 0.860
approval 0.124 0.440 0.060 0.560
caring 0.463 0481 0.330 0.620
confusion 0.638 0.280 0.510 0.430
curiosity 0.672 0594 0.540 0.720
desire 0.531 0.195 0.390 0.340
disappointment  0.483  0.527 0.350 0.660
disapproval 0.366 0.701 0.250 0.830
disgust 0.739 0.143 0.560 0.300
embarrassment  0.250 0.381 0.160 0.520
excitement 0356 0.762 0.240 0.880
fear 0.449 0449 0320 0.620
gratitude 0917 0.688 0.780 0.820
grief 0364 0.667 0.250 0.820
joy 0.824 0.658 0.690 0.800
love 0.703 0.329 0.560 0.480
nervousness 0.404 0.583 0.280 0.720
optimism 0.506 0.469 0.380 0.620
pride 0.698 0.661 0.580 0.800
realization 0.435 0.287 0.300 0.440
relief 0.500 0.250 0.360 0.420
remorse 0.382 0.500 0.260 0.650
sadness 0.703 0.627 0.580 0.760
surprise 0.597 0.484 0.460 0.620
neutral 0.748 0.343 0.620 0.520

Table 12: Detailed results of multi-classification (GoE-
motions, 28 classes).

* Timestamp JSON: Provides strict tempo-
ral alignment. The top level includes meta-
data (language, title, global start/end). The
segments list details the start/end seconds,
text, and the corresponding slice filename for
every sentence.

* Cross-Index: A sentence-level aggregation
JSON that indexes all samples with fixed
fields: language, global index, relative source
path, title, timestamps, full transcript, and sub-
sentence segment arrays.

2. Multi-Annotator Short Video (ch-simsv2s/)
This subset focuses on short video clips with multi-
ple human annotators per sample. The raw index
contains video_id, clip_id, and multimodal tags.
Annotations are split into two batches, each re-
viewed by three annotators for both Basic-7 (single-
label) and GoEmotions (multi-label).

* Basic-7 Aggregation: Contains the three in-
dividual labels and the aggregated ground
truth derived via the Dawid-Skene algo-
rithm (ds_label). It includes the aggre-
gation confidence (ds_confidence) and a
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Model Lang. Accuracy Macro-F1 Weighted-F1
. En 0333 0.250 0.380
EmotionLLaMA 7, (755 0.332 0.489
Owen2.s En 0578 0371 0.556
: Zh 0564 0.406 0.541
En 0466 0.368 0.485
Qwen-3 (Base) -, 603 0.624 0.686
Gemini En 0541 0.441 0.554
© Zh 0.682 0.597 0.668
En 0668 0.591 0.661
Qwen-3 (FT) Zh 0732 0.653 0.701

Table 13: Performance comparison on high-confidence
samples across different models. "En" denotes English
and "Zh" denotes Chinese.

unique_labels field to indicate conflict lev-
els.

¢ GoEmotions Set: Stores the set of labels
from all three annotators, including derived
metrics such as union, intersection, and label
distribution summaries.

3. Re-annotated MELD (newdataset-MELD/)
A subset of MELD re-annotated to bridge the gap
between simple sentiment and complex emotions.

¢ GoEmotions Soft-Labels: Contains the la-
bel sets from three annotators. It calculates
the frequency/probability for each emotion
(Goemotions_prob_x) and maps these soft
labels to predict the best/second-best Basic-7
categories.

* Basic-7 Hierarchical Table: Provides a com-
parison between the original MELD emo-
tion (basic_original) and the corrected la-
bel (basic_corrected), along with the confi-
dence score and the reason for correction. In-
cludes video paths and dialogue IDs for back-
tracking.

F.2 Annotation Fields Hierarchy(Part of
streaming data)

Video-Level Interpretation Designed for con-

text understanding:

e summary: Abstract of the video content.

e overall_emotion_trend: Describes the
dominant emotion and its evolution.

e utterances: A list containing multimodal
evidence, intensity, and bilingual transcripts.

Sentence-Level Timestamps Designed for align-
ment:
* Top-level metadata combined with a

segments list (index, start/end time, text,
slice filename).

Text-Based Multi-Annotation Designed for la-
bel reliability:

» Basic-7: Aggregates individual annotations
into ds_label (consensus), ds_confidence
(reliability score), and unique_labels (dis-
agreement indicator).

¢ GoEmotions: Derived fields include label
union/intersection, set size, and soft probabili-
ties defined as P(label) = <™.

* Correction/Fusion: Maps GoEmo-
tions probabilities back to Basic-7,
generating fields for the best candidate
(basic_Goemotions_best), the final cor-
rected label, and explicit flags for whether the
original label was modified and why.

F.3 Utilization Strategy

To maximize the utility of the EmoS dataset, we
recommend the following strategies based on the
data structure:

* Single-Label Training (Basic-7): Use
ds_label as the primary supervision signal.
The ds_confidence score can serve as a sam-
ple weight or a threshold for curriculum learn-
ing. The unique_labels count identifies
"hard samples" with high human disagree-
ment.

* Multi-Label Training (GoEmotions): Uti-
lize the soft probability vectors (derived from
annotator agreement) rather than binary tar-
gets to model emotional ambiguity.

Multimodal Alignment: For the streaming
subset, use the timestamp JSON to align
text transcripts with visual/audio slices. The
utterance-level interpretations can serve as a
test set for long-context understanding.

Data Cleaning: Use video_id/clip_id (or
dia/utt IDs) to join text-level aggregation
results with video-level raw files.
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* Stratified Evaluation: We recommend
splitting train/validation sets based on
ds_confidence levels (High/Medium/Low)
to ensure models are tested on samples with
varying degrees of difficulty.

G Classification of Goemotions

The classification of Goemotions is 28 categories,
with an additional category of "neutral”, which
is consistent with the original paper. Admira-
tion, Amusement, Approval, Caring, Desire, Ex-
citement, Gratitude, Joy, Love, Optimism, Pride,
Relief, Anger, Annoyance, Disappointment, Disap-
proval, Disgust, Embarrassment, Fear, Grief, Ner-
vousness, Remorse, Sadness, Confusion, Curiosity,
Realization, Surprise, Neutral.

H Detailed Related Work

In this section, we provide a detailed analysis of
the evolution of MER datasets, categorizing them
into laboratory-controlled, in-the-wild, and LLM-
generated benchmarks.

H.1 Lab-Controlled Datasets

Early research predominantly relied on datasets
collected in controlled laboratory environments
(McKeown et al., 2012; Ringeval et al., 2013).
A representative benchmark, IEMOCAP (Busso
et al., 2008), comprises approximately 12 hours of
dyadic interaction. Due to its high-quality audio-
visual recordings and fixed camera angles, it effec-
tively captures rich facial expressions and has long
served as a standard benchmark. Another signif-
icant dataset, DAIC-WOZ (Gratch et al., 2014),
focuses on clinical psychology scenarios through a
“virtual interviewer” setup. However, these datasets
universally suffer from a lack of ecological valid-
ity (Dhall et al., 2013). Constrained by laboratory
settings and scripted protocols, the emotional ex-
pressions lack spontaneity, limiting model general-
ization in unconstrained environments.

H.2 In-the-wild Datasets: TV & Social Media

To pursue more naturalistic expressions, the com-
munity shifted towards datasets derived from TV
shows and social media (Dhall et al., 2013; Molla-
hosseini et al., 2019). MELD (Poria et al., 2019),
extended from Friends, introduced multi-party in-
teractions. However, it contains significant noise
(Aguilera et al., 2023): audio tracks are contam-
inated by canned laughter, and cinematic editing

results in frequent shot transitions. Such visual
discontinuity bottlenecks multimodal feature ex-
traction.

Similarly, CMU-MOSI (Zadeh et al., 2016)
and CMU-MOSEI (Zadeh et al., 2018) provide
large-scale monologues from YouTube. How-
ever, due to the lack of rigorous cleaning, MO-
SEI contains many non-emotional segments (e.g.,
neutral narration), and inconsistent label qual-
ity compromises its reliability. Addressing the
scarcity of non-English resources, CH-SIMS v2
(Liu et al., 2022a) provided Chinese multimodal
data with high-quality alignment but only offers
coarse-grained (Positive/Negative) polarity labels,
limiting its application in complex emotion analy-
sis.

H.3 LLM-Generated Datasets & Challenges

With the advancement of LLMs, works such as
Emotion-LLaMA (Cheng et al., 2024) and MER-
Caption (Lian et al., 2025) explore instruction tun-
ing using synthetic data. These datasets introduce
complex categories and natural language descrip-
tions. However, they present two core pitfalls: (1)
open-ended labels complicate standardized evalua-
tion (Huang et al., 2024), and (2) excessive reliance
on Al-generated annotations without rigorous hu-
man verification leads to inherent hallucination is-
sues (Ji et al., 2023), compromising ground truth
credibility.

H.4 Other Dynamic Datasets

Recent works like DFEW (Jiang et al., 2020) and
MAFW (Liu et al., 2022b) have scaled up dynamic
facial expression recognition in the wild. However,
these datasets primarily focus on visual modali-
ties and lack the rigorous bilingual textual align-
ment and fine-grained psychological annotation
(e.g., GoEmotions) present in EmoS.

I Prompt

Prompt A (Compact JSON Classification). In-
structions:

* Examine visual cues (facial expressions, ges-
tures), vocal tone, and the transcript.

* Ignore background characters unless they di-
rectly drive the main speaker’s emotion.

* Prefer “Neutral” only when no consistent emo-
tion is detectable.
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e If the transcript conflicts with the audio tone
or visuals, prioritize audio/video evidence.

* In addition to a single primary emotion, es-
timate multi-label GoEmotions signals. Use
only these labels: {Goemotions_labels}.

* List every GoEmotions label that truly ap-
pears; include only plausible entries sorted
by confidence.

* Return JSON only with the following fields:

Output Format (Text Only). Return plain text
(not JSON) with the following fields:

¢ Predicted emotion: <label>
¢ Model confidence: a floatin [0, 1]

¢ GoEmotions labels: list all inferred labels
(use only the allowed set), each with a confi-
dence score in [0, 1], sorted by confidence

* Evidence: one sentence describing the au-
dio/visual/transcript cues used

* GoEmotions rationale: briefly explain why
the multi-label set was chosen

Summary reminder:

* Report only the GoEmotions labels you gen-
uinely infer; there is no required minimum
count.

* When transcripts disagree with tone or visuals,
audio and video cues take priority.

Clip metadata:
* language: {language}
e transcript: {transcript}

Prompt B (Streaming Utterance-Level Annota-
tion). You are an emotion researcher specialized
in multimodal analysis. Based on the uploaded
video (including both visuals and audio), complete
the following tasks:

1. Summarize the clip in 2-3 sentences, high-
lighting key turning points and the overall
emotional atmosphere.

2. Analyze only the absolute main subject char-
acter in the visuals and storyline, ignoring all
other characters or background figures. Ex-
tract all utterances spoken by the main subject
(infer/supplement when necessary), and pro-
vide structured emotion annotations for each
utterance.

* The primary emotion (primary_7class)
must be strictly one of the traditional
seven classes: Anger, Disgust, Fear,
Joy, Neutral, Sadness, Surprise.

* The secondary GoEmotions labels
(secondary_Goemotions) can Dbe
multi-label selections from the following
list; if nothing matches, use Unsure:

admiration, amusement, approval,
caring, desire, excitement,
gratitude, joy, love, optimism,
pride, relief, anger, annoyance,
disappointment, disapproval,
disgust, embarrassment, fear,
grief, nervousness, remorse,
sadness, surprise, confusion,
curiosity, realization, neutral,
Unsure.

3. Output a UTF-8 JSON in the following for-
mat:

Output Format (Text Only).

1. Summary (2-3 sentences): Briefly describe
the clip, highlighting key turning points and
the overall emotional atmosphere.

2. Overall Emotions Trend:

* Dominant emotion: One label from the
7-class set (Anger, Disgust, Fear, Joy,
Neutral, Sadness, Surprise).

* Trajectory: Describe how emotions
evolve over time, citing MM:SS times-
tamps.

3. Utterance-Level Annotations (chronologi-
cal, non-overlapping timestamps): For each
utterance spoken by the main subject, provide:

* Timestamp range: MM:SS-MM:SS

» Speaker guess (optional): May be left
empty

* Chinese transcript: The utterance in
Chinese
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* English transcript (optional): English
transcription/translation if possible

* Primary emotion (7-class): Exactly one
label from the 7-class set

* Secondary emotions (GoEmotions): A
multi-label set chosen only from the al-
lowed GoEmotions list; use Unsure if
none fit

¢ Intensity: 1-5

* Audio cues: Tone, volume, pauses, etc.

* Visual cues: Facial/body cues, camera
context, etc.

» Evidence: One brief sentence citing sup-
porting cues from visuals and/or dia-
logue

Constraint: Output should be plain text (not
JSON). If exact timestamps cannot be identified,
explicitly state the assumptions used.

Constraints: Please output UTF-8 JSON only.
Ensure each utterance’s timestamp range does not
overlap and is ordered chronologically. If exact
timestamps cannot be identified, clearly state the
assumptions used.

For Emotion Llama, we used the official senti-
ment classification prompt.
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