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Abstract. Understanding and forecasting audience reactions to video
content are crucial for improving content creation, recommendation sys-
tems, and media analysis. To enable audience reaction prediction and
other content engagement applications, we introduce Video2Reaction,
a multimodal dataset that maps short movie segments to a distribution
of induced emotions of viewers in the wild, as expressed through social
media. Video2Reaction spans more than 10,000 videos and serves as
a reliable benchmark as well as a training resource for audience reaction
prediction. To enable cost-effective continuous annotations as reactions
may change over time, we develop a two-stage multi-agent pipeline using
only open-source LLMs, achieving 86% correctness under blind human
verification despite the inherently noisy and subjective nature of the task.
We establish the first benchmark for video-to-reaction-distribution pre-
diction in the wild and show that pretrained foundation video models
fail in zero-shot settings, while finetuning transforms them into state-
of-the-art predictors capable of modeling both full reaction distribu-
tions and dominant responses from video alone. However, the task re-
mains challenging: even the strongest methods achieve only 77% Top-3
F1 in dominant reaction prediction (LLaVA-Next), highlighting a sub-
stantial gap in modeling collective audience reaction. Dataset and code
are available at our project page: https://information-fusion-lab-
umass.github.io/video2reaction-bench.github.io/.

1 Introduction

Understanding how people react to video content is a crucial yet underex-
plored aspect of affective computing. Prior work has established a distinction
between perceived emotion—the emotion conveyed or expressed by the content
itself—and induced emotion—what is experienced by the audience [29]. While
existing video sentiment datasets focus on perceived emotions (e.g., emotions of
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Fig. 1: Video2Reaction is the first benchmark that uses video data to directly learn
induced emotion distribution in the wild.

characters in the scene or filmmaker’s emotion intent), audience reactions can
vary greatly depending on personal, cultural, or temporal context. For example,
Figure [1] illustrates how a horror movie scene might be perceived as frightening
or suspenseful based on the director’s intent, but viewer reactions could diverge
significantly-some may experience genuine fear and anxiety, others might laugh
at predictable genre tropes, and those with personal trauma related to similar
situations might be triggered and distressed. This underscores the need to study
induced emotional reactions directly, rather than relying on perceived sentiment,
so that the bias between the content creator’s intention and possible audience
feedback can guide the content creation.

In this paper, we introduce Video2Reaction, a multimodal dataset con-
sisting of over 10,000 videos of movie content, paired with audience reaction
distribution derived from viewer comments, allowing for a precise mapping be-
tween visual content and the emotional reactions it induces. To our knowledge,
Video2Reaction is the first and largest multimodal dataset capturing distribu-
tion of induced emotion from cinematic content in non-controlled environments
(in the wild). Unlike perceived emotions, which are typically modeled as uni-
modal (single-label), induced emotions can vary from person to person, and it is
important for content engagement applications to capture this variance rather
than simply predict single or multi-label outputs. To address this, we frame
audience emotion recognition as a label distribution learning (LDL) prob-
lem , in which each video is mapped to a distribution of emotional reactions
across viewers .

Our main contributions are as follows:

— A large-scale benchmark for induced audience emotion in the wild.
To our knowledge, Video2Reaction is the first and largest multimodal
dataset capturing induced emotion in the wild (10,348 videos spanning ap-
proximately 400 hours and 800,000 comments) from cinematic content.

— A scalable, updatable LLM-based annotation pipeline with exten-
sive quality analysis. We develop a two-stage multi-agent LLM-based
annotation pipeline that enables cost-effective, extensible reaction labeling,
paving the way for future dataset updates as new content and evolving au-
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dience perspectives emerge. Beyond scalability, we conduct extensive quan-
titative and human evaluations to characterize annotation reliability, error
modes, and robustness. Two complementary human evaluation results show
LLM annotations operate within the range of human agreement while en-
abling large-scale distributional labeling at a fraction of the cost.

— A new task: distributional video-to-reaction prediction. We propose
a novel and challenging benchmark: predicting audience reaction distribu-
tions directly from multimodal video content, and design a comprehensive
evaluation framework that captures both distributional prediction and dom-
inant reaction classification. Our extensive benchmark, including classical
LDL algorithms (i.e. SA-BFGS [10]), adapted multimodal emotion recog-
nition models (i.e. CubeMLP [26]), and large vision-language models (i.e.
Gemini 2.5 |6]), demonstrate that this task is challenging yet learnable.

— Demonstrating the potential of foundation models for audience
reaction forecasting. We demonstrate that pretrained VLMs fail zero-shot
but can be transformed into state-of-the-art audience reaction predictors via
lightweight finetuning, with preliminary evidence of cross-dataset transfer.

2 Related Work

2.1 Emotion Video Datasets

Table [I] summarizes key characteristics of existing emotion video datasets and
Video2Reaction. Most prior datasets like IEMOCAP 3], MELD 25|, and
CMU-MOSEI |37] focus on perceived emotions—the emotions expressed or felt
by the characters in a movie scene—rather than the induced emotions experi-
enced by the audience. Some datasets like LIRIS-ACCEDE [2], COGNIMUSE [40],
and DEAP [19] have attempted to capture induced emotion. However, those
datasets only capture emotional response in the 2D valence-arousal space, whereas
our dataset captures the full distribution of categorical emotions. Furthermore,
prior datasets often rely on controlled environments, such as lab settings or
small groups of participants watching content together [23}/29], limiting the im-
pact across larger and more diverse demographics. For instance, Muszynski et

Table 1: Comparison of Video2Reaction and Existing Emotion Prediction Video
Datasets

Dataset %(tH\;T;(;S Emotion Type Emotion Setting Re:f::;:?;ion
IEMOCAP |3] 7,433 (12 hours) Perceived Lab Single-label
MELD |25] 13,000 (13 hours) Perceived Lab Single-label
CMU-MOSEI |37] 23,453 (66 hours) Perceived Lab Continuous, Single-label
LIRIS-ACCEDE [2] [23] 9, 800 (27 hours) Perceived, Induced Lab Continuous
COGNIMUSE |40| 50 (3.5 hours) Induced Lab Continuous, Single-label
DEAP [19] 120 (2 hours) Induced Lab Continuous
CMSV |35] 8,210 (69 hours) Induced Social Media Single-label

VCE |21] 61,046 (239 hours) Induced Lab Distributional

Video2Reaction (ours) 10,348 (398 hours) Induced Social Media Distributional
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al. [23] extended LIRIS-ACCEDE database [2| to use aesthetic features from
movie scenes to model induced emotions, but only with 10 participants in a co-
viewing setting—unlike the typical media consumption nowadays. CMSV |[35] is
a recent benchmark that attempts to capture induced emotion in the wild but
their task is to predict induced emotion given a pair of video and comments
while our benchmark predict induced emotion from video content only.

Additionally, existing emotion video datasets typically aggregate reactions
into a single outcome label (e.g., a majority vote or mean score) for each clip |2}
19,40], failing to reflect the diversity of viewer responses. In contrast, we model
the full distribution of emotional reactions, using soft labels derived from real-
world audience responses.

Closest to our work is the VCE dataset |21], which collects categorical emo-
tional responses to video content. As noted by its authors, VCE relies on a
relatively controlled crowdworker pool and does not aim to model reactions
from a culturally diverse, population-scale audience. In contrast, our work cap-
tures naturally occurring, large-scale audience reactions by leveraging social me-
dia data, beginning with YouTube as a globally popular platform. This design
better reflects the ecological diversity and inherently distributional nature of
real-world audience engagement. Furthermore, VCE requires substantial man-
ual annotation effort—reportedly involving 400 annotators—making large-scale
expansion and iterative updates costly. Our approach instead employs an agentic
annotation pipeline to streamline and automate labeling, enabling faster dataset
updates and improved adaptability given the non-static nature of the task.

2.2 Label Distribution Learning

Label Distribution Learning (LDL) was formalized by [10] as a framework to
address label ambiguity problems in tasks such as age estimation and sentiment
prediction. Unlike traditional classification, which assumes a single ground truth
label per instance, LDL represents each instance with a distribution over labels,
capturing uncertainty and correlation among neighboring labels.

LDL methods are generally categorized into three families [10]: problem
transformation (PT), algorithm adaptation (AA), and specialized algorithms
(SA). Further details are included in Section [] and in Appendix [C.

The benchmark we design builds on existing LDL methods, extending them
to incorporate foundational Vision-Large Language Models as an additional class
of algorithms capable of learning distribution alignment |22].

3 Video2Reaction Dataset

The Video2Reaction dataset has been developed to facilitate the prediction
of audience reactions from short movie segments. Each instance consists of a
movie clip paired with a probability distribution over possible audience reactions
(listed in Table . To facilitate future research on raw video analysis, we provide
YouTube video IDs for all clips. Additionally, we release preprocessed features,
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Table 2: Finer-grained reaction categories (21) used in Video2Reaction grouped by
sentiment.

Sentiment Category Finer-grained Reaction Categories

Positive amusement, excitement, joy, caring, admiration, relief,
approval

Negative fear, nervousness, embarrassment, disappointment, sad-
ness, grief, disgust, anger, annoyance, disapproval

Ambiguous realization, surprise, curiosity, confusion

including state-of-the-art visual embeddings and audio embeddings extracted
using pretrained models (more details in Appendix .

3.1 Data Collection

We curate movie clips from the CondensedMovies dataset |1] (licensed with CC
BY 4.0), which contains licensed content from the Mouvieclips YouTube channel.
Each clip is a channel-curated movie segment capturing a key scene from the film.
The use of licensed content improves the longevity of the dataset, as these clips
are less likely to be removed from the platform. To ensure meaningful audience
engagement, we retain only videos with a minimum of 10,000 views and at least
10 comments. The selected clips, originally uploaded between 2011 and 2019,
are downloaded for further processing. Viewer comments on these videos extend
through 2025, enabling the dataset to capture evolving audience perspectives and
contemporary references, supporting a more comprehensive and generalizable
benchmark for reaction prediction. Comments are collected and aggregated into
a reaction distribution at the clip level; each clip is further decomposed into
key frames for visual feature extraction (Appendix , but both training and
prediction remain at the clip level.

3.2 Comment-level Reaction Annotation

Reaction Taxonomy. To represent the complexity of audience reaction, we ini-
tially adopt the 28-category emotion taxonomy from GoEmotions [8|, which was
originally designed for Reddit comments and aligns naturally with our YouTube-
based dataset. As a social media platform similar to Reddit, YouTube also fea-
tures a wide range of audience interactions and emotional responses, making the
GoEmotions taxonomy a natural fit. However, we drop 7 of the original cate-
gories in GoEmotions due to their significant under-representation in our data.
These 7 reactions contribute to less than 0.01% of the distribution mass on av-
erage. Our final taxonomy consists of 21 fine-grained emotions (Table . The
definition for each category is in Appendix [A.3!

Two-stage Multi-agent Reaction Annotation Pipeline. Given the vol-
ume of raw comments and the non-stationary nature of induced emotions over
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Fig. 2: Overview of Video2Reaction Two-Stage LLM-based Data Annota-
tion Pipeline.

STAGE 1 rephrases comments to explicitly state their reactions towards the clip. It
also filters out comments that lack a discernible reaction to the clip. STAGE 2 extracts
reaction labels, with majority voting across three LLM agents to ensure consistency
and discard ambiguous cases.

time, we designed a scalable and reliable multi-agent annotation pipeline that
supports frequent dataset updates, ensuring long-term relevance and impact.
Figure 2| outlines our LLM-based pipeline for annotating audience reactions
based on user comments. Each comment is processed in two stages. The first
stage of rephrasing comments is critical, as many audience comments reflect
implicit reactions or off-topic remarks that need contextual interpretation to re-
veal their emotional intent. For example, a comment like “I'm so disappointed
this actor didn’t win an Oscar” will be mistakenly labeled as disappointment
without being rephrased as "the acting in the movie is so impressive” in the
first stage. The second stage then extracts relevant reaction labels from the
rephrased comments from the first stage. Prompt details for both stages and
qualitative comparison of single-stage versus two-stage annotations are provided
in Appendix Further validation on the Stage 1 filtering step shows that
the pipeline achieves 0.83 accuracy with 1.00 sensitivity, confirming it does not
discard relevant comments (details in Appendix [B.1)).

Motivated by prior findings in the use of multi-agent framework in text clas-
sification 7 compound systems [4], and chain-of-thought reasoning ,
we employ an ensemble of of three medium-sized multilingual instruction-tuned
LLMs |’| and adopt a straightforward majority voting approach for our emotion
annotation task. This ensemble design enables inference-time speedup through
agent parallelization, in contrast to annotator—critic architectures that require
sequential interaction. Our choice to use three medium-sized LLMs with com-
parable performance aligns with prior observations that ensemble methods are
most effective when constituent models exhibit similar strength .

Quality of Reaction Annotations. To assess the quality of annotations
in Video2Reaction, we conduct two complementary evaluations.

3 LLaMA-3.1-8B-Instruct @ , Qwen2.5-14B-Instruct @ , and DeepSeek-R1-Distill-
Qwen-7B IZ’
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Human—LLM annotation alignment. We perform independent human anno-
tation of video—comment pairs with 29 participants and compute both inter-rater
correlation and rater-LLM correlation following the protocol of GoEmotions [§].
After filtering ambiguous cases, 233 comments remain with a median of 3 anno-
tators per comments. We compute Spearman correlation per emotion between
each rater and the mean of other raters, and between each rater and our LLM-
based pipeline. Consistent with prior findings in GoEmotions |[8], agreement is
moderate and varies substantially across emotions. The mean inter-rater corre-
lation across 21 emotions is 0.428 (std = 0.233), reflecting the subjective and
fine-grained nature of induced emotion labeling. The LLM achieves a compa-
rable mean rater-LLM correlation of 0.402 (std = 0.243), closely matching hu-
man-human agreement. These results indicate that LLM annotations operate
within the same reliability range as human annotators, supporting the validity
of our annotation pipeline despite the inherent noise of the task. Further error
analysis and breakdown by emotion category can be found in Appendix
Using the same evaluation protocol, an ablated single-stage pipeline achieves a
lower rater—LLM correlation of 0.34, compared to 0.40 for our two-stage pipeline
and 0.43 for inter-rater agreement, confirming that the rephrasing stage improves
annotation reliability (full comparison in Appendix .

Dual-blind human verification. To further account for annotation noise from
human raters in this task and to increase the test sample size without incur-
ring significant increase in human evaluation time, we adopt a dual blind human
verification protocol. First of all, we randomly sample 100 movie clips with bal-
anced representation across all movie genres. From each clip, 10 comments are
randomly selected, yielding a total of 1,000 comments for human evaluation.
Then each comment is independently reviewed by two annotators. In cases of
disagreement, a third annotator is consulted, and the final label is determined
by majority vote. Overall, 86% of the LLM-assigned reaction labels were judged
to be correct, 7.8% incorrect, and 6.2% indeterminate (Table |11} in Appendix
. Only 0.2% randomly-labeled comments are judged to be correct, showing
that human annotators do not exhibit confirmation bias.

We further analyze LLM annotation errors for users’ consideration and fu-
ture improvements. As shown in Table (Appendix, performance remains
above 70% across all genres. However, genres such as Comedy and Drama pose
greater challenges due to their reliance on subtle cues (e.g., pop culture refer-
ences), which can obscure emotional tone even for human annotators. Breaking
down errors by emotion category instead (Table [13|in Appendix , we find
that embarrassment and nervousness are the most error-prone categories, likely
due to their reliance on subtle tonal cues that are easily lost during rephrasing.

Discussion on Alternative Data Construction Approaches. An al-
ternative approach to modeling audience reactions is to recruit participants to
watch videos and report their emotional responses, as done in VCE dataset |21].
While this design allows controlled measurement of reaction distributions, it
departs from natural viewing conditions and typically relies on relatively small
and demographically constrained participant pools. As acknowledged by the cre-
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ators of the VCE dataset |21], their annotations are not intended to represent
the full diversity of audience emotional responses and are primarily designed for
studying whether deep networks can acquire cognitive empathy. Such datasets
therefore do not capture large-scale, in-the-wild audience behavior. In addition,
participant-based data collection is costly and inherently static, making it diffi-
cult to update as cultural context and audience reactions evolve over time.

Another alternative is to manually annotate social media comments. How-
ever, fine-grained emotion labeling is time- and cost-intensive (median 40.7 sec-
onds per comment in our human evaluation study), rendering large-scale and
continuously updated annotation impractical.

In contrast, leveraging naturally occurring social media reactions enables us
to capture large-scale, ecologically valid audience responses. OQur LLM-based
annotation pipeline makes it feasible to maintain a non-static, updatable bench-
mark. We do not claim that social-media-derived reactions replace controlled lab
studies; rather, they provide a complementary and population-level perspective
that would be difficult to obtain through small-scale human annotation alone.

3.3 Dataset Statistics

Table 3: Descriptive statistics for video and comment data in Video2Reaction.

Category Total Min Mean Median Max

Movie-level Statistics

Inter-segment, Chebyshev distance 1,545 0.05 0.48 0.48 0.91
in reaction distribution ([0.0,1.0])

Clip-level Statistics

Clip Duration (sec) 389.81 hrs  23.15 135.61 127.60  367.36
Key Scenes 455,226 16 43.99 39.00 176
Comment-level Statistics

Raw Comments 771,684 19 74.57 77.00 100
Retained Comments 252,462 10 24.40 22.00 100

Table [3| summarizes Video2Reaction at the movie, clip, and comment lev-
els. The dataset spans 389 hours of video from 1,545 movies and includes 10,348
clips. On average, each clip is segmented into 44 scenes and is associated with
24 viewer comments used to construct the reaction distribution—substantially
more than prior LDL benchmarks such as Twitter LDL and Flickr_ LDL |36],
which constructs a label distribution from 11 annotators only.

Importantly, Video2Reaction captures substantial variation in audience
reactions within the same movie, with a median Chebyshev distance of 0.48 (out
of 1.0) between clip-level distributions of the same movie. This highlights the
need for clip-level rather than movie-level modeling.
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As shown in Figure [a] the dataset is highly imbalanced across the 21 re-
action categories (with an imbalance factor of 28.36), a challenge addressed in

our evaluation design (Sections - and . Figure further shows that top-1
reaction probability varies considerably across clips (with a median of approxi-
mately 0.4), underscoring the importance of modeling full reaction distributions
instead of predicting only the dominant label.
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Fig. 3: Key Statistics on Reaction Outcome in the Video2Reaction dataset.
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clips. Sentiment transitions are computed at the monthly level.

3.4 Longitudinal Analysis of Audience Reactions

Further analysis on how audience reactions to the same clip evolve over time
shows that audience reactions are non-stationary and can shift meaningfully
over time, motivating our scalable annotation pipeline. As shown in Figure [4]
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clips exhibit an average of 3.46 distinct dominant emotions over time: only 7.5%
maintain a single dominant emotion, while 73.6% exhibit more than three. At
the sentiment level, clips show an average of 3.43 sentiment transitions, with
47.5% exhibiting more than 3 transitions. For example, reactions to There Will
Be Blood shifted from predominantly positive in 2016 to disapproval by 2020.

4 Audience Reaction Forecasting Benchmark

4.1 Problem Formulation

In this work, we frame the problem of audience reaction prediction as a label
distribution learning (LDL) task. Unlike traditional classification, where the goal
is to assign either a single label or a set of labels to each input instance, LDL
seeks to predict a probability distribution over multiple labels, capturing the
ambiguity and diversity in audience reactions.

Let x denote an input video clip, which may contain visual, audio, and tex-
tual content. The audience reaction to x is represented by a label distribution
d, = {dwm}M_,, where M is the number of affective reaction classes (e.g.,
amusement, confusion, fear, etc.), and each d.,, € [0, 1] indicates the proportion
of annotators or viewers who associated label m with the clip z. The label distri-
bution satisfies the normalization constraint: Z%:l dzm = 1. This distribution
can be interpreted as the conditional probability p(m|z) of observing reaction m
given video x. Our objective is to learn a model fy(z) that predicts a distribution
d, approximating the empirical distribution d,.

Importantly, in our setting, d,,, does not represent a soft target for a "cor-
rect" label in the traditional sense. Instead, it reflects the proportion of audience
that has certain reaction given the video input.

4.2 Evaluation Metrics

Our benchmark is constructed along two complementary axes: (1) full distri-
bution evaluation, which assesses how well the predicted distribution over all
possible reactions matches the groundtruth distribution; and (2) dominant re-
action evaluation, which focuses on how accurately the model identifies and
estimates the probabilities of the most dominant reactions. The second axis is
particularly relevant for real-world applications—such as content recommenda-
tion, moderation, or trailer editing—which depend primarily on anticipating the
strongest or most likely viewer responses rather than capturing the full reaction
spectrum. For each axis, we carefully select a suite of metrics designed to capture
different types of errors that are important for our task, allowing future research
to prioritize specific evaluation criteria based on downstream use cases. Table
summarizes all metrics used in the benchmark, along with their formulas and
the error types they capture.

Full Distribution Evaluation. Following |10], we evaluate how closely the
predicted reaction distribution matches the ground-truth distribution using a
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Table 4: Summary of evaluation metrics used in the Video2Reaction benchmark.

Evaluation Metric (Abbr.) Formula Error Type Captured
Cate-
gory
Chebyshev (Che) | max; |d; — d; Largest per-class prediction error (worst-case mis-
match)
Full - (d4—d;\? . .
Distribution Clark (Cla) | o1 (ﬁ) Errors on rare reactions (small denominators am-
o plified)
Kullback-Leibler (KL) | Z;A djIn ;7‘ Underestimation of true reactions, false-zero sen-
! sitivity
Cumulative Absolute Distance (CAD) | 3, |[CDF(d;) — CDF(d;)| Distribution shifts ignoring ordinal relations
Cosine (Cos) T 4 Directional — mismatch  of  prediction  vs.

groundtruth
Non-overlapping reaction prediction error

Intersection (Inter) T

. Mean Reciprocal Rank (MRR) 1 1 Incorrect ranking of dominant reaction (r is the
Dominant " . . .
Reactions predicted rank of the target dominant reaction)

Top-1 Probability Error (TPE) | djv — dj ’ , j"=argmax;d; Probability misestimation of dominant reaction
Top-k F1 (weighted) (F1x) T > XFljk Both precision and recall-based errors for top-k

reactions

suite of statistical distribution distance metrics. Since some metrics (i.e. Can-
berra and Clark) capture very similar types of errors for our task, we decided
to include in the benchmark three distance-based metrics—Chebyshev, Clark,
Kullback-Leibler (KL) and two similarity-based metrics—Cosine similarity and
Intersection. In addition, inspired by |32, we incorporate an ordinal-aware eval-
uation by mapping the 21 reaction categories onto a valence-arousal-based emo-
tional space. We then compute the Cumulative Absolute Distance (CAD) be-
tween the predicted and true ordered distributions. The metric assigns lower
penalties to misclassifications involving emotionally similar reactions and higher
penalties to those involving emotionally distant categories, encouraging models
to make semantically coherent predictions.

Dominant Reaction Evaluation. Unlike traditional emotion classification
benchmarks, which often focus on unimodal distributions centered on a single
perceived emotion, audience reactions in our task are multimodal, reflecting the
diversity of viewer responses (as seen in Figure . Therefore, we evaluate not
only the top-1 prediction (single-label) but also the task’s performance as a
multilabel classification problem. For single-label evaluation, we report the F1
score, Mean Reciprocal Rank (MRR), and Top-1 Probability Error (TPE). For
multi-label evaluation, we compute F1 scores based on the top-k emotions from
both the ground truth distribution and the model predictions. All F1 metrics
are class-weighted to account for label imbalance.

4.3 Comparative Models

Building on the taxonomy of label distribution learning (LDL) algorithms pro-
posed by [10], we organize comparative models into three categories—Problem
Transformation, Specialized Algorithms, and Algorithm Adaptation—and extend
the framework by introducing a fourth category, Foundation VLMs, to evaluate
the potential of Video2Reaction as a finetuning dataset to improve the founda-
tion models’ capability of forecasting audience reaction distribution.
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Problem Transformation (PT). These methods reduce the LDL task
to standard single-label learning (SLL) by resampling the training data. Each
training instance (x;,d;) with a label distribution d; over ¢ classes is converted
into multiple single-label examples (x;,y;) by sampling y; for class j from d,.
We include PT-Bayes [10] and LDSVR [11] as two representative baselines.

Specialized Algorithms (SA). These methods are explicitly designed for
Label Distribution Learning (LDL), typically incorporating task-specific loss
functions or optimization techniques. We evaluate three representative algo-
rithms: SA-BFGS [10], which directly optimizes KL divergence using the BFGS
algorithm; and LDL-LRR [17] and TLRLDL |20|, both of which enhance the
training objective by exploiting multi-label correlations.

Algorithm Adaptation (AA). These models were originally designed for
related tasks, such as multimodal sentiment analysis, and are adapted here for
LDL. We include CubeMLP [26], CTEN [39], and MMIM |13]. These models
incorporate modules specifically designed to learn cross-modal features.

Foundation Vision-Language Models (VLMs). Beyond the standard
LDL taxonomy [10], we introduce a fourth category to assess the zero-shot per-
formance of large vision-language models. Although not trained for LDL, these
models are increasingly used as proxies for human judgment in applications
such as agent-based simulations [24] and behavioral research [16}/18]. We eval-
uate one commercial model, Gemini 2.5 Flash [6], and two leading open-source
models—LLaVA-Next-Video-7B [38] and Qwen2.5-VL [28]—in a prompted clas-
sification setting over fixed reaction labels.

Implementation Details. The PT, SA, and AA algorithms are trained on
the dataset using 5 random seeds, and we report the mean of their performance
in Tables [5| and |§| (standard deviation is reported in Appendix E For founda-
tion VLMs, we evaluate two variants. First, following [22], we apply temperature
scaling on validation data to improve probability calibration. Second, we per-
form low-rank fine-tuning (LoRA) [15] with rank » = 8, a = 16, for 3 epochs.
During fine-tuning, we incorporate taxonomy random reordering and synonym
replacement to improve robustness to label-space variation. Further details on
algorithm-specific implementation are listed in Appendix [C!

5 Results

5.1 Pretrained VLMs Fail to Predict Audience Reactions from
Video Content

Despite large-scale multimodal pretraining, VLMs fail to predict fine-grained au-
dience reaction distributions in a zero-shot setting, even with temperature scal-
ing. As shown in Tab. [5] cosine similarity remains below 0.51 and intersection
below 0.38, while Chebyshev distance exceeds 0.34 across models. Performance
is similarly poor under dominant reaction evaluation (Tab. @7 with Top-1 F1
below 0.30 for all models. Thus, pretrained VLMs neither recover the overall reac-
tion distribution nor reliably identify the dominant audience response. Although
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expected without task-specific supervision, the substantial performance gap de-
spite large-scale video pretraining suggests that audience reaction forecasting
is a challenging capability not learned through generic multimodal pretraining,
motivating the need for dedicated datasets and benchmarks.

Table 5: Full distribution benchmark results. Both finetuned foundation VLMs and
SA-BFGS achieve best and comparable performances. Values in parentheses indicate
the improvement of finetuning over the zero-shot temperature-scaled baseline.

Model Name Cheb | KL | Cla | Cad | Inter 1 Cos 1
Foundation VLMs

Gemini 2.5 Flash 0.3425 4.8102 3.4477 3.4316 0.3787 0.5029
LLaVA-Next-Video-7B

- Temperature-scaled 0.4110 1.5547 3.9710 4.3269 0.2970 0.4185

- LoRA Finetuned 0.1882 (-54.2%) 3.1765 (1104.3%) 3.9433 (-0.7%)  2.1416 (-50.5%) 0.6861 (+131.0%) 0.8663 (1107.0%)
Qwen2.5-VL

- Temperature-scaled 0.3985 1.5216 3.9888 4.0333 0.3140 0.4401

- LoRA Finetuned 0.2047 (-48.6%)  3.4431 (+126.3%)  3.9446 (-1.1%) 2.2903 (-43.2%)  0.6656 (+111.9%) 0.8427 (- 91.5%)
Problem Transformation

PT_Bayes 0.9668 21.1994 2.7268 6.9506 0.0144 0.0272
LDSVR 0.2584 4.9794 2.1272 2.8912 0.6146 0.7872
Specialized Algorithms

SA_BFGS 0.2306 0.5976 3.9147 2.6711 0.6254 0.8089
LDL_LRR 0.3293 2.2569 4.1227 3.5177 0.5242 0.7115
TLRLDL 0.3368 7.9606 3.2362 3.8317 0.4264 0.5968
Algorithm Adaptation

CubeMLP 0.2738 0.6900 3.9669 3.2122 0.5624 0.7513
CTEN 0.2432 0.6033 3.9542 2.8277 0.6071 0.7977
MMIM 0.2442 0.6076 3.9593 2.8548 0.6019 0.7946

5.2 Finetuning Transforms Foundation VLMs into State-of-the-Art
Audience Reaction Predictors

Under full distribution evaluation (Tab. [f]), finetuned models reduce Chebyshev
distance by roughly 50% and nearly double cosine similarity. Intersection scores
alos double, indicating substantially improved structural alignment with ground-
truth distributions. Crucially, these gains extend to dominant reaction predic-
tion. As shown in Tab. [6] finetuned VLMs models achieve MRR above 0.75
and Top-3 weighted F1 around 0.77. They consistently outperform all baselines
across ranking and classification metrics.

Video2Reaction also shows promise as a scalable pretraining resource for
cross-dataset and cross-taxonomy transfer. Fine-tuning Qwen2.5-VL on a mix-
ture of Video2Reaction and 1% of VCE training data achieves 0.46 Top-3 accu-
racy on the VCE benchmark [21], outperforming training on 10% of in-domain
data (0.35) (see Appendix [D.2 for details). Although these gains remain far
from fully supervised performance, they indicate meaningful cross-dataset trans-
fer and suggest that Video2Reaction with automatic reaction annotation pro-
vides complementary supervision signals that can partially substitute expensive
human-annotated data.
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Table 6: Dominant Reaction Evaluation Benchmark Results. Best performance is
shown in bold. Finetuned VLMs significantly outperforms all other baseline models.

Model Name TPE | MRR 1 F1 Top 11 F1 Top 2 1 F1 Top 3 1
Foundation VLMs

Gemini 2.5 Flash 0.3026 0.4378 0.2735 0.3332 0.3794
LLaVA-Next-Video-7B

- Temperature-scaled 0.4103 0.1992 0.0143 0.1167 0.1374

- LoRA Finetuned 0.1388 (-66.2%) 0.7833 (1293.2%) 0.6521 (+4460%) 0.7374 (1531.8%) 0.7672 (1+458.3%)
Qwen2.5-VL

- Temperature-scaled 0.3923 0.3088 0.1958 0.2531 0.3037

- LoRA Finetuned 0.1516 (-61.3%)  0.7548 (+144.4%)  0.6577 (+235.9%)  0.7291 (+188.1%)  0.7725 (+154.4%)

Problem Transformation

PT-Bayes 0.9661 0.1535 0.0001 0.0031 0.0741
LDSVR 0.1599 0.7054 0.5034 0.5865 0.5696

Specialized Algorithms

SA-BFGS 0.1882 0.7163 0.5283 0.6075 0.6265
LDL-LRR 0.2496 0.6700 0.4965 0.5684 0.5803
TLRLDL 0.2759 0.5559 0.4516 0.4895 0.4858

Algorithm Adaptation

CubeMLP 0.2509 0.5996 0.2376 0.4399 0.5587
CTEN 0.2081 0.6939 0.4826 0.5950 0.5109
MMIM 0.2141 0.6749 0.4503 0.5728 0.5775

5.3 Specialized LDL Methods Are Competitive on Distribution
Metrics but Inferior on Dominant Reaction Prediction

Classical LDL methods remain competitive under full distribution evaluation.
Several specialized approaches achieve strong divergence-based scores, confirm-
ing their effectiveness at directly optimizing distributional objectives. However,
this advantage does not translate to dominant reaction prediction. While meth-
ods such as SA-BFGS and LDSVR attain moderate MRR (~0.70), their Top-1
F1 scores consistently lag behind finetuned VLMs (~0.65 vs. ~0.53). The gap
persists across Top-2 and Top-3 metrics. However, LDL methods are substan-
tially more computationally efficient than finetuned VLMs at both training and
inference time. Thus, further research on these approaches remain attractive for
resource-constrained settings.

Qualitative analysis (Appendix reveals a consistent pattern: specialized
LDL models capture overall distribution shape but underestimate the leading
reaction probability, particularly in low-entropy (highly unimodal) samples.

5.4 Text Modality Provides Significant Performance Gain for both
LDL and Foundation Models

To assess the contribution of each input modality, we conduct an ablation us-
ing two representative models, SA-BFGS and LLaVA-Next, trained on different
combinations of visual, audio, and text (clip description) inputs. Table [7| shows
that incorporating the text modality leads to substantial performance improve-
ments for both models, while adding the audio modality to SA-BFGS provides
only marginal gains over visual and text alone.
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Table 7: Reaction prediction performance across methods and input modalities.

Full Distribution Dominant Reaction

Method Input Modality
Cheb ] KLJ| MRR*?T F1; 1
Visual + Audio 0.314 0.907 0.552 0.306
SA-BFGS Visual + Text 0.234 0.588 0.709 0.515
Visual + Audio + Text  0.231 0.598 0.716 0.528
Visual 0.218 4.148 0.731 0.586
LLaVA-Next Text 0.202 3.693 0.750 0.605
Visual + Text 0.188 3.177 0.783 0.652

6 Conclusion

This paper introduces Video2Reaction, the first dataset and benchmark for
predicting fine-grained induced audience reaction distributions towards movie
content in the wild. This dataset and algorithms developed using it enables
video creators to anticipate audience feedback prior to content release, poten-
tially leading to improved content quality. Our benchmark is also supported by a
scalable annotation pipeline that enables iterative updates to adapt to the non-
stationary nature of audience engagement. We propose a comprehensive evalu-
ation framework with two complementary axes, full distribution prediction and
dominant reaction estimation, and conduct extensive experiments across four
categories of algorithms. Our findings demonstrate that this task is challenging
yet feasible: low-rank finetuning foundation VLMs can improve the base models’
performance significantly on both distribution and classification benchmarks.

Limitations. First, Video2Reaction derives reaction representations solely
from YouTube, which may not capture broader audience behavior. Future work
will extend the dataset to additional platforms (e.g., TikTok and Bilibili) us-
ing our scalable annotation pipeline. Demographic analysis is also not possible
due to platform privacy policies. Second, like many fine-grained classification
benchmarks, Video2Reaction exhibits a long-tail distribution that remains un-
derexplored. Addressing rare reactions is an important direction for improving
prediction performance. Finally, while preliminary results suggest cross-dataset
and cross-taxonomy transfer (Appendix, a more systematic study is needed
to understand how Video2Reaction can support foundation models that gener-
alize across domains and taxonomies.
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