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Abstract

Previous research in human gesture recognition has
largely overlooked multi-person interactions, which are
crucial for understanding the social context of naturally
occurring gestures. This limitation in existing datasets
presents a significant challenge in aligning human gestures
with other modalities like language and speech. To ad-
dress this issue, we introduce SocialGesture, the first large-
scale dataset specifically designed for multi-person ges-
ture analysis. SocialGesture features a diverse range of
natural scenarios and supports multiple gesture analysis
tasks, including video-based recognition and temporal lo-
calization, providing a valuable resource for advancing the
study of gesture during complex social interactions. Fur-
thermore, we propose a novel visual question answering
(VQA) task to benchmark vision language models’ (VLMs)
performance on social gesture understanding. Our findings
highlight several limitations of current gesture recognition
models, offering insights into future directions for improve-
ment in this field. SocialGesture is available at hugging-
face.co/datasets/IrohXu/SocialGesture.

1. Introduction
Long before the development of spoken language in human
history, deictic gestures played an important role in human
social communication, serving as one of the earliest com-
munication tools for expressing thoughts, emotions, and in-
tentions. In contemporary communication, both verbal (e.g.,
speech) and non-verbal (e.g., gesture) cues work in concert.
While spoken words express direct meanings, understanding
the complete social context often requires more than just the
words alone. Gestures play an important role in clarifying
intention or points of emphasis, and augment spoken commu-
nication with additional social context. Theoretical analysis
suggests that both speech and gesture originate from a shared
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Figure 1. Example frames from six gesture datasets. SocialGesture
is the only dataset featuring multi-person interactions and focusing
on natural gestures with meaningful social communication.

cognitive system, with gestures representing imagery-driven
data and speech representing symbolic data [6]. Together,
they reflect a unified communicative intent.

Recent advancements in machine learning have driven
research on the understanding of human social communica-
tion [27, 58], yet most of the latest social research predom-
inantly focuses on linguistic modalities, often overlooking
visual social cues like gestures [28]. While there have been
machine learning works on human gestures, most of them
have focused on gestures for device manipulation or sign lan-
guages [42, 44], and the problem of analyzing natural social
gestures between multiple people has not received significant
attention. A primary reason for this limitation is the lack
of gesture data and annotations that capture multi-person
interactions and the use of gestures in realistic social con-
texts. While recent datasets such as HaGRID [23] and LD-
ConGR [31] address high-resolution and long-distance ges-
ture collection (Figure 1), they remain confined to controlled,
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Dataset Multi-person Video Clips Instances Label
Category Bbox Relation VQA

Jester [37] ✗ 148,092 148,092 ✓ ✗ ✗ ✗
NVGesture [39] ✗ 1,532 1,532 ✓ ✓ ✗ ✗
EgoGesture [60] ✗ 2,081 24,161 ✓ ✓ ✗ ✗
ChaLearn ConGD [52] ✗ 22,535 47,933 ✓ ✓ ✗ ✗
IPN Hand [5] ✗ 200 4,218 ✓ ✓ ✗ ✗
UAV gesture [42] ✗ 119 - ✓ ✓ ✗ ✗
iMiGUE [34] ✗ 359 18,499 ✓ ✗ ✗ ✗
LD-ConGR [31] ✗ 542 44,887 ✓ ✓ ✗ ✗
SocialGesture (Ours) ✓ 9,889 42,533 ✓ ✓ ✓ ✓

Table 1. Comparison of SocialGesture with existing video-based gesture datasets. SocialGesture is the first work that addresses multi-person
social interaction cases. Our dataset uniquely provides comprehensive annotations including gesture categories, bounding boxes (humans
and objects), gesture relations (subject person and target person), and visual question answering pairs.

single-person settings, and do not contain the spontaneous,
natural gestures between multiple people that characterize
real-life social interactions.

To address this limitation, we introduce SocialGesture, a
comprehensive dataset designed specifically for understand-
ing gestures in multi-person social interactions. SocialGes-
ture provides three key advantages over existing datasets:
1. It focuses on videos with multiple people, making it the

first multi-person gesture dataset, in contrast to previous
datasets which lack human-to-human interaction.

2. SocialGesture includes four types of comprehensive an-
notations: (a) Social gesture categories, identifying the
specific class of a gesture (i.e., pointing, showing, giving,
reaching) within social interactions; (b) Temporal-spatial
annotations, identifying the appearance of social ges-
tures temporally and spatially through time stamps and
bounding boxes. (c) Interaction annotations, capturing
interpersonal social dynamics that result from gestures;
and (d) Visual question answering (VQA) annotations,
which link gestures to descriptive content, facilitating
the alignment of gestures with contextual meaning. All
of these annotations offer a rich resource for developing
models for social gesture understanding.

3. SocialGesture comprises a large volume of diverse and
naturally occurring social interactions sourced from
YouTube and Ego4D [17], and is the largest multi-person
gesture dataset available.
Based on our novel SocialGesture dataset, we introduce

diverse gesture-related benchmark tasks from temporal lo-
calization and recognition to visual question answering. Our
experiments reveal significant challenges in multi-person
gesture understanding for current architectures. It is the first
step toward building agents that have capabilities to seam-
lessly understand non-verbal gesture cues in social contexts.
The major contributions of this paper are as follows.
• We introduce SocialGesture, the first dataset focusing on

multi-person gesture interactions in natural social settings.
Unlike existing datasets that are limited to single-person
or controlled environments, our dataset captures the com-
plexity of real-world gesture-based social communication.

• We provide comprehensive multi-level annotations includ-
ing gesture categories, temporal-spatial localization, in-
teraction dynamics, and visual question-answering pairs.
This rich annotation scheme enables the development of
models for understanding social gestures.

• We perform comprehensive experiments across gesture
localization and recognition, evaluating a wide breadth
of architectures and observe multiple challenging areas
for future works. We further benchmark multiple large
vision-language models on our proposed diverse Social
Visual Question-Answering tasks.

2. Related Works

2.1. Gesture Datasets

As shown in Figure 1 and Table 1, the majority of gesture
recognition datasets are video-based, with recent research
emphasizing emotional state analysis, increased capture dis-
tance for improved model robustness, and egocentric gesture
collection. Notable datasets include LD-ConGR, featuring
542 RGB-D videos representing 10 gestures [31], and Ha-
GRID, which focuses on high-resolution image based ges-
ture recognition across 18 hand gesture classes [23]. EgoGes-
ture, with over 2 million frames from 50 subjects, is tailored
for egocentric interactions with wearable devices [60], while
iMiGUE [34] and SMG focus on micro-gesture recogni-
tion [10], containing 359 and 40 videos, respectively. Ear-
lier datasets such as Jester [37], IPN Hand [5], ChaLearn
IsoGD [52], and ChaLearn ConGD [52] have also made sig-
nificant contributions, covering tasks like hand segmentation,
and isolated or continuous gesture classification. In contrast,
we are the first to provide a large-scale multi-person gesture
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Figure 2. Examples of the four deictic gesture categories in SocialGesture with subject-target relationships. From left to right: pointing
(directing attention), showing (presenting objects), giving (transfer intention), and reaching (acquisition intention) gestures. Red boxes
indicate gesture initiators (subjects) and blue notations indicate targets.

dataset, and we are also the first to provide comprehensive
coverage of the four main classes of deictic gestures(defined
in [38]), which play a crucial role in social communication.

2.2. Social Understanding with Non-verbal Cues
Understanding social interactions has been long studied in
the domain of natural language processing [15, 18, 25, 26,
46, 48]. However, the inherent multimodal nature of social
interactions ensures that non-verbal elements (such as ges-
tures, gaze and emotions) play an important role in commu-
nication [28], which are understudied in previous research
[57]. Recently, several investigations have been conducted
on these implicit non-verbal cues. Liu et al. [31] build a
dataset to identify the gestures of single person from a long
distance. Unfortunately, they only focus on isolated gestures
of a single person, and fail to contextualize gesture recog-
nition in a real-world social scenario. Non-verbal social
understanding of multiple people demands more investiga-
tion [16, 21, 22, 41]. To this end, we make the first attempt
to model multi-party social interactions by defining various
social gesture understanding tasks, such as social gesture
detection, recognition, and VQA, based on our dataset.

2.3. Foundation Models for Video Understanding
Video foundation models are designed to tackle a wide range
of understanding and analysis tasks, including classification,
temporal action localization, question answering, caption-
ing, and more. Early approaches to video understanding
relied on CNN blocks as visual encoders for video frames,
connected to a prediction head or decoder [9, 13]. With the
emergence of transformers, new architectures like MViTv2-
B [30], VideoSwin [36], UniFormerV2 [29], and VideoMAE-
2 [54] tokenize their visual inputs, enabling unified integra-
tion with other modalities [56]. Building on this, recently
released video-based VLMs like Qwen2-VL [55], LLaVA-
NEXT [32], and InternVL-2.5 [12] leverage pretrained visual

encoders to extract rich representations. These models align
visual tokens with textual tokens, enabling a deeper mul-
timodal understanding that bridges the gap between video
and language tasks. We provide the first investigation of the
effectiveness of these models in understanding multi-party
social gestures via a VQA task.

3. SocialGesture
3.1. Motivation
Social gestures comprise a fundamental set of human be-
havioral practices that facilitate interpersonal communica-
tion through hand and body movements in social contexts,
distinct from sign language. According to [38], gestures
can be classified into four primary categories: deictic, beat,
iconic, and metaphoric. Deictic gestures further subdivide
into pointing, showing, giving, and reaching. Beat gestures
are rhythmic movements that emphasize certain words and
phrases during speech. Iconic gestures visually represent
concrete objects or actions (e.g., making a circle with fin-
gers), while metaphoric gestures symbolize abstract concepts
(e.g., making a circular motion to indicate repetition).

Among these categories, deictic gestures deserve particu-
lar attention due to their prevalence and significance in social
interactions. While iconic and metaphoric gestures appear in
specific contexts and beat gestures primarily serve prosodic
functions, deictic gestures play a crucial role in establishing
joint attention and facilitating object-mediated social inter-
action. Therefore, our dataset focuses on four fundamental
deictic gestures (see Figure 2):
• Pointing Gesture involves directing attention to a specific

entity in the social scene through finger extension. While
commonly executed with an extended index finger and
arm, these specific forms are not mandatory requirements.
The crucial identifying factor is the communicative intent
to guide others’ attention to a particular target, whether
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Video Content Source Proportion Total Length # of People Description

Group social games
YouTube 44.51% 896 min >=3

A group of people playing social games such as one night werewolf
Ego4D 21.91% 441 min >=4

Variety entertainment YouTube 22.31% 449 min >=2 People performing activities such as pranks, challenges, and interviews
Educational play YouTube 2.53% 51 min >=2 Children engaged in educational activities with adult guidance
Product reviews YouTube 2.53% 51 min >=2 People recommending products such as advent calendars
Party & dinner YouTube 3.63% 73 min >=7 A group of people having party & dinner together
Group cooking YouTube 2.58% 52 min >=3 People engaged in cooking activities together

Table 2. SocialGesture contains diverse videos including different multi-person social interactions from YouTube and Ego4D [17].

person or object. This distinguishes pointing from inci-
dental hand movements or other gesture types, particularly
reaching gestures where the primary intent differs.

• Showing Gesture involves presenting an object for others
to see it by manipulating or orienting it towards observers.
Unlike pointing, the object itself is the focus of attention,
and it does not need to be fully supported by the subject,
such as when tilting or sliding an object to make its con-
tents visible. The key criterion for a showing gesture is
that the object is being presented for visual inspection,
regardless of whether the target person actually looks at it
or where the subject is directing their gaze.

• Giving Gesture involves manipulating an object with the
intention of transferring it to another person’s possession.
It differs from pointing because the object originates with
the subject, and from showing because the subject is invit-
ing the other person to take possession of the object. The
key is the subject’s intention to transfer the object, regard-
less of whether the recipient actually takes it.

• Reaching Gesture manifests as a hand extension toward
an object, expressing desire for possession or requesting
transfer. It is characterized by full finger extension and
often includes pre-grasp configuration and associated body
movements like leaning forward. Reaching differs from
showing and giving because the object is not in the sub-
ject’s possession, and it differs from pointing because the
subject is expressing a desire to possess the object, not
just to draw attention to it. The key aspect of reaching is
the intent to obtain the object, regardless of whether the
subject can physically retrieve it.

3.2. Data Acquisition
Data collection. We collect raw video data for SocialGes-
ture from various sources, including YouTube channels and
Ego4D. Table 2 represents the overall composition of the
dataset. Video selection is based on four key criteria: (1)
Video quality – we manually check each video to ensure high
resolution; (2) Number of people – each video is carefully
selected to include between two and ten people, ensuring
clear visibility of gestures; (3) Video length – the total length
of selected videos ranges from 2 to 30 minutes, with each
gesture lasting between 1 to 15 seconds; and (4) Scene diver-
sity – to enhance generalization, we select videos featuring

diverse races, genders, and ages.

Pre-processing. For videos longer than 10 minutes, we
cut them into video clips of 5 minutes in length. All videos
are then converted to 720p (1280× 720) with 30 FPS in the
initial curation and are then mapped to 360p (640 × 360)
with 5 FPS for further annotation.

Gesture annotation. Each gesture in the SocialGesture
dataset is defined as a sequence of video frames where an in-
dividual performs an arm or hand movement corresponding
to one of four specified deictic gestures: pointing, showing,
giving, and reaching. The annotations capture both temporal
and spatial aspects of these social interactions through a com-
prehensive multi-level annotation framework. For temporal
annotation, we identify the complete sequence of frames
containing a gesture, from initial movement through com-
pletion. Within this sequence, we designate a key frame that
best captures the defining moment of the gesture - typically
when the gesture reaches its most distinctive configuration.
This key frame serves as an anchor point for additional an-
notations. Spatial annotation includes precise bounding box
coordinates [x1, y1, x2, y2] for both the gesture initiator
and the target. The initiator bounding box encompasses the
person performing the gesture, while the target bounding box
identifies either the person or object toward which the ges-
ture is directed. These spatial annotations enable analysis of
the geometric relationships between interaction participants.
Our annotation framework also includes natural language
descriptions of each gesture’s social context, capturing the
broader interaction dynamics beyond pure spatiotemporal
coordinates.

3.3. Benchmark Tasks
3.3.1. Social Gesture Temporal Localization
Temporal action localization is a challenging task that re-
quires not only identifying the temporal intervals of all de-
tected gesture instances but also estimating corresponding
confidence values. Unlike standard classification tasks, this
process involves an end-to-end approach in which classi-
fication is integrated within temporal localization, adding
considerable complexity. For example, even if a gesture is
accurately localized in time, it is treated as a false detection
if assigned an incorrect class label.
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Figure 3. Temporal gesture localization task for social gestures

Figure 3 illustrates a general approach to temporal action
localization. Each video is initially divided into multiple
overlapping video clips, denoted as X = [X0, X1, . . . , XK ],
where Xk ∈ RT×H×W×C . Feature extractors such as I3D
or VideoMAE are then employed to extract multiscale fea-
ture representations, denoted as Zk ∈ RD, for each video
clip. These features are subsequently concatenated into a
single representation, Z ∈ RT×D. The objective of the
temporal action localization model is to generate sequence
labels for each video clip.

This task is also benchmarked by several well-known
datasets, including THUMOS14 [20] and ActivityNet-
1.3 [8]. However, our task presents additional challenges. In
SocialGesture videos, multiple individuals are often present
simultaneously, and gestures tend to be small, subtle portions
of larger actions, making it uniquely challenging to detect
and classify gestures accurately.

3.3.2. Social Gesture Recognition
Given the complexity of social gesture localization, we also
divide long videos into shorter clips of 2-5 seconds and in-
troduce the social gesture recognition task. This task can be
approached in multiple ways. The first approach is isolated
gesture recognition, where a long video is segmented into
discrete gesture clips. Video action recognition models are
then trained to classify the gestures in each clip indepen-
dently. Alternatively, gestures can be identified continuously
throughout the entire video, from beginning to end. Al-
though most action localization methods we discussed in the
previous section can typically handle this task, most exist-
ing video feature extraction pre-processing methods struggle
with consistent multi-person action localization. Therefore,
sliding windows remain a common strategy for this purpose:
the video is processed in overlapping segments of a prede-
fined window size, with each window analyzed by the model
to calculate gesture confidence scores.

We divide recognition into two subtasks (See Figure 4):
• Task 2-1: Gesture vs Non-gesture Classification This

task aims to distinguish between social gesture and non-
gesture video clips. The input is a short video clip X ∈

Task 2-1: Gesture vs Non-gesture Classification

Binary 
Classification

Multi-Class 
Classification

Task 2-2: Gesture Type Classification

Is there a social gesture?

Yes / No

Social gesture type?

Pointing / Showing

/ Giving / Reaching

Figure 4. Gesture recognition tasks for social gestures

RT×H×W×C , where T < 16, and the output is a label Ŷ
indicating whether a gesture is present.

• Task 2-2: Gesture Type Classification. This task focuses
on classifying video clips containing one of four social
gestures: pointing, showing, giving, or reaching. The in-
put and output structures are consistent with those used in
the binary classification task. We further explore whether
using cropped bounding boxes for each individual within
a scene improves the accuracy of social gesture classifi-
cation. The input is a short video clip cropped by the
maximum region of the initiator of a social gesture and the
output is a label Ŷ indicating four types of social gesture.
For each task, we also strive to sample the training set

to achieve a balanced label distribution. This adjustment is
necessary because pointing gestures are significantly more
frequent than showing, giving, and reaching in real-world
communication contexts.

3.3.3. Social Gesture Visual Question Answering
Prior to our work, there has been very limited research on
designing video captioning and Visual Question Answering
(VQA) specifically for human gesture datasets [49]. This
gap may be due to the lack of multi-person interactions in
existing video datasets, reducing the necessity for enhanced
alignment between the gesture and language modalities. To
fill this gap, we introduce the first VQA task focused on hu-
man gestures (Figure 5). Our VQA can be divided into three
subtasks: (1) Global Perception, (2) Gesture Understanding,
and (3) Gesture Localization.

The Global Perception task serves as a foundational test
to assess whether VLMs can comprehend basic events in
short video clips, including scene descriptions and counting
the number of humans present. We generate data for this task
through a semi-automated QA generation pipeline based on
GPT-4o [2], similar to the instruction-tuning data pair gen-
eration in LLaVA [33]. Initially, we manually create short
descriptions for each video series, including the social back-
ground. We prompt these descriptions with the key frame
of the video clip into the GPT-4o pipeline to generate QA
pairs for human counting and scene description. Each QA
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Representative Frame <Image> Video Clip <Video>

What are these people doing in the current scene?

A group of people is gathered around a table, engaged in a 
werewolf game. They are actively discussing and gesturing as they 
vote for who they believe is the werewolf. One person is pointing 
at the game components on the table while others are focused on 
the discussion, showing various expressions of concentration and 
intrigue.

What is the precise quantity of individuals in this current 
scenario?

5

Can you see any social gestures (pointing, showing, reaching, 
giving) in this clip? Please say Yes or No.

Yes

What is the social gesture in this scene? The options are … 

pointing gesture

Is the person at …'s social gesture oriented toward a 
human? Give only Yes or No.

No

Given that the subject person is [0.383, 0.122, 0.642, 0.91], select 
the bounding box indicating the social gesture's target. The valid 
options are ... Reply with one option only.

[0.383, 0.911, 0.451, 0.931]

Task 3-1: Global Perception

Task 3-2: Gesture Understanding

Task 3-3: Gesture Localization

Figure 5. The question-answer pairs of SocialGesture. We omit the
options of each question in the figure. The bounding box defined
by [top-left x, top-left y, bottom-right x, bottom-right y])]. The
definition will be provided together with the system prompts.

pair is then reviewed by a human annotator. Figure 5 shows
the example of global perception (Task 3-1). Human count-
ing is used as one VQA subtask in the VLM benchmarking
experiments.

For Gesture Understanding, we utilize gesture classifica-
tion annotations to create questions related to social gesture
classification (Figure 5, Task 3-2). This results in two types
of questions: (1) detecting whether a social gesture occurs,
and (2) classifying between the four types of social gestures.

Gesture Localization leverages bounding boxes from our
annotations to generate questions that test the model’s spa-
tial and temporal comprehension. These questions include
providing the bounding box localization of the initiator, then
determining whether the gesture’s target is a human, and
locating the target. We present an example of gesture local-
ization (Task 3-3) in Figure 5. These questions are designed

Feature 0.3 0.4 0.5 0.6 0.7 Avg mAP

I3D [9] 24.85 16.31 9.31 2.22 0.96 10.73
R(2+1)D [51] 14.38 10.25 7.23 2.81 1.77 7.29
VideoMAEV2 [54] 27.23 25.05 13.33 5.28 2.76 14.73

Table 3. Temporal action localization for four social gestures by
different feature extractors with ActionFormer [59].

Stride 0.3 0.4 0.5 0.6 0.7 Avg mAP

16 11.09 8.60 5.52 2.67 1.82 5.94
8 24.85 16.31 9.31 2.22 0.96 10.73
4 31.64 29.13 19.30 13.77 2.11 19.19

Table 4. Explore the influence of stride for I3D and ActionFormer.

to challenge temporal-spatial reasoning in a multi-person
setting, requiring analysis to produce the correct responses.

4. Experiments
4.1. Experimental Setup
We split the raw videos (long video) into training set (293
videos) and test set (79 videos), and then cut each long video
into video clips. The 9,889 video clips used in video action
recognition and social gesture VQA tasks come from the
same train-test split in the raw videos. We also cut another
4,304 video clips from the raw videos as the non-gesture
class. All experiments are conducted with 2 NVIDIA L40S
GPUs and 2 H100 GPUs to make sure the batch size is 16
and learning rate is 5e-4 for all models. For all methods in
Table 3, 5, 6, and 7, we apply the same data augmentation
strategies used in [29, 50]. To solve the class imbalanced
issue, we also adjust the size of training set for each task.

4.2. Social Gesture Temporal Localization
Baselines. We used two-stream I3D [9], R(2+1)D [51],
and VideoMAEV2 [54] with the same sliding window of 16
frames and different stride sizes for feature extraction. Then,
these video features are used as input for ActionFormer [59]
during model training. We used mAP@[0.3:0.1:0.7] as the
main evaluation metric and also reported the average mAP.

Results and Findings. We observe that almost all feature
extractors underperform on this task in Table 3. Notably,
despite the strong performance of features from VideoMAE
V2 [54] in other action localization datasets, such as THU-
MOS 2014 [20] and ActivityNet [8], they only achieve an
average mAP of 14.73 for social gesture recognition. To in-
vestigate the effect of the stride size in the sliding window on
the average mAP, we conducted an ablation study in Table 4
using different stride sizes of the I3D feature in SocialGes-
ture. We found that reducing the stride from 16 to 4 led to
an increase in average mAP; however, the overall results
remained insufficient. This shortfall can be attributed to the
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Model Pretrain Param Acc (%)

TSN-R50 [53] Kinetics-400 [24] 24M 78.77
TANet-R50 [35] Kinetics-400 [24] 26M 71.22
SlowFast-R50 [13] Kinetics-400 [24] 35M 80.82
SlowFast-R101 [13] Kinetics-400 [24] 63M 79.59
TimeSformer-L [7] Kinetics-400 [24] 121M 78.71
MViTv2-B [30] Kinetics-400 [24] 51M 83.29
VideoSwin-B [36] Kinetics-400 [24] 88M 81.70
VideoSwin-L [36] Kinetics-400 [24] 200M 83.44
UniFormerV2-B/16 [29] CLIP [43] 115M 84.43
UniFormerV2-L/14 [29] CLIP [43] 354M 80.93

Table 5. Experiments on binary classification for social gesture and
non-gesture.

fact that all feature extractors were pretrained on datasets
that lack multi-person interactions, causing the features to
be poorly aligned with the specific requirements of our task.

4.3. Social Gesture Recognition

Baselines. Our baselines for social gesture recogni-
tion includes different CNN-based video models such as
TSN [53], TANet [35], SlowFast [13], and Vision Trans-
former based models such as TimeSformer [7], MViTv2 [30],
VideoSwin [36], UniFormerV2 [29]. All these models are
pretrained with Kinetics-400 [24] dataset or using CLIP en-
coder [43]. We use Accuracy for gesture and non-gesture
binary classification in Table 5 and Top 1 Accuracy for four
social gesture classification in Table 6, and 7.

Results and Findings. The results in Table 5 indicate that
most existing action recognition models can differentiate so-
cial gestures and non-gesture from short video clips. Despite
fine-tuning these models using over 10,000 video clips for
the binary classification task, their performance remains sub-
optimal. The SOTA baseline, UniFormerV2-B/16, achieves
an accuracy of only 84.43%. Notably, Transformer-based
models generally outperform CNN-based models.

Table 6 presents results for the four-class social gesture
classification task, revealing that all models struggle to ef-
fectively classify these gestures—despite the simplicity of
the task for human annotators. The highest performance
comes from VideoSwim-L, achieving only 56.18%. Given
that individual gestures can be challenging to recognize in
multi-person environments, we conducted further experi-
ments, as shown in Table 7. Specifically, we extracted the
region corresponding to each individual using ground truth
bounding boxes and fine-tuned the same models with these
per-person inputs. UniFormerV2-B/16 achieves the best per-
formance of 64.72% top 1 accuracy. This may be because
social gestures inherently involve fine-grained and subtle
movements. Consequently, recognizing such gestures is
difficult from both the extracted per-person region and the
full-frame perspective. Addressing the challenge of social
gesture understanding requires advanced models capable of

Model Pretrain Param Top1 Acc (%)

TSN-R50 [53] Kinetics-400 [24] 24M 54.83
TANet-R50 [35] Kinetics-400 [24] 26M 45.39
SlowFast-R50 [13] Kinetics-400 [24] 35M 45.17
SlowFast-R101 [13] Kinetics-400 [24] 63M 46.07
TimeSformer-L [7] Kinetics-400 [24] 121M 53.03
MViTv2-B [30] Kinetics-400 [24] 51M 37.98
VideoSwin-B [36] Kinetics-400 [24] 88M 53.93
VideoSwin-L [36] Kinetics-400 [24] 200M 56.18
UniFormerV2-B/16 [29] CLIP [43] 115M 55.51
UniFormerV2-L/14 [29] CLIP [43] 354M 50.34

Table 6. Experiments on classification for four social gestures.

Model Pretrain Param Top1 Acc (%)

TSN-R50 [53] Kinetics-400 [24] 24M 58.43
TANet-R50 [35] Kinetics-400 [24] 26M 46.29
SlowFast-R50 [13] Kinetics-400 [24] 35M 45.17
SlowFast-R101 [13] Kinetics-400 [24] 63M 42.92
TimeSformer-L [7] Kinetics-400 [24] 121M 63.60
MViTv2-B [30] Kinetics-400 [24] 51M 35.28
VideoSwin-B [36] Kinetics-400 [24] 88M 60.00
VideoSwin-L [36] Kinetics-400 [24] 200M 63.60
UniFormerV2-B/16 [29] CLIP [43] 115M 64.72
UniFormerV2-L/14 [29] CLIP [43] 354M 60.45

Table 7. Experiments on classification for four social gestures after
extract each subject person’s bounding box.

disentangling the relationship between the subject and the
target person.

4.4. SocialGesture VQA

From the results of previous tasks, we found that distinguish-
ing social gestures is still very challenging for current SOTA
methods in gesture localization and recognition. This diffi-
culty highlights the unique nature of social gesture, where
models need to have a unified view of multi-person social
interactions and can distinguish details that are hard to de-
tect. This is something traditional video analysis models
still struggle with [1, 14]. Inspired by recent progress in
multimodal video grounding and video-based VQA [11, 40],
we aim to leverage the reasoning capabilities of the latest
VLMs and evaluate their performance on this complex task.

Baselines. To assess performance on the SocialGesture
VQA benchmark, we chose several SOTA publicly avail-
able VLMs, including Qwen2-VL [55], Qwen2.5-VL [4],
InternVL-2.5 [12], and LLAVA-NEXT-Video (LLaVA
1.6) [32]. Additionally, we included closed-source mul-
timodal LLMs such as GPT-4o-mini [2] and Claude-3.7-
sonnet [3] for a broader comparison. Note that GPT-4o [2]
was excluded, as it was used to generate some of the VQA
instruction-following training data, which could lead to bi-
ased results.

Evaluation Metrics. Since all VQA pairs can be trans-
formed into a multi-option output, we use rule-based accu-
racy metrics to evaluate the VQA tasks. Each model was
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Model Param Global Perception (%) Gesture Understanding (%) Gesture Localization (%)

HumanCount@Acc GestureDet@Acc GestureClass@Acc TargetLoc@Acc TargetClass@Acc

Random Select - - 50.00 25.00 18.90 50.00
InternVL-2.5 [12] 2B 22.37 63.34 74.45 13.33 39.79
InternVL-2.5 [12] 8B 35.58 73.94 81.80 17.38 57.28
LLaVA-NeXT-Video [32, 61] 7B 30.63 71.92 34.08 5.39 59.90
Qwen2-VL [55] 7B 60.18 74.15 67.18 9.58 59.19
Qwen2.5-VL [4] 72B 69.97 75.69 54.82 29.37 61.38

Claude 3.7 Sonnet [3] - 63.27 69.64 61.73 25.48 64.20
GPT-4o-mini [2] - 53.40 73.67 68.52 21.29 65.12

Table 8. Experiments on zero-shot performance of SOTA VLMs, including closed sourced multimodal LLMs for Social Gesture VQA

Model Input Global Perception (%) Gesture Understanding (%) Gesture Localization (%)

HumanCount@Acc GestureDet@Acc GestureClass@Acc TargetLoc@Acc TargetClass@Acc

Qwen2-VL-7B video 60.18 74.15 67.18 9.58 59.19
Qwen2-VL-7B + LoRA [19] SFT video 82.55 33.07 84.52 49.21 41.19
Qwen2-VL-7B + Full SFT video 83.64 33.07 81.13 51.25 38.51

Table 9. Experiments on SFT performance of SOTA VLMs, including closed sourced multimodal LLMs for Social Gesture VQA

given sufficient context for the task, followed by a question
and multiple answer choices. Accuracy was determined by
comparing the model’s response with the correct answer.
We evaluated models across all subtasks including global
perception, gesture understanding, and gesture localization
in Section 3.3.3. The accuracy (Acc) in Table 8 is defined as:
Acc = 1

N

∑N
k=1 MATCHk, where N is the total number of

VQA samples and MATCHk is a binary value. If the option
in the model output matches the ground truth option, it is 1,
otherwise it is 0.

Results and Findings. In Table 8, the experimental results
show that while most VLMs can handle global perception
and gesture understanding tasks without finetuning, they all
struggle significantly with gesture localization tasks. This
trend is understandable, as localization tasks inherently in-
volve more ambiguity compared to perception and under-
standing tasks. While there is not a very clear correlation be-
tween the number of parameters and performance, Qwen2.5-
VL, the largest of our open sourced models, performed well
overall. To explore the potential for improvement, we fine-
tuned Qwen2-VL-7B in Table 9, which led to enhanced
performance in most metrics, except those related to gesture
binary classification and target identification. Performance
drops in some metrics can be attributed to easy overfitting
on binary cases. An additional noteworthy observation is
that despite being pretrained on vast multimodal datasets,
none of the SOTA VLMs achieved over 70% accuracy on the
simplest task: counting humans in social interaction scenes.

These findings indicate that the SocialGesture tasks are
significantly more challenging for VLMs than typical VQA
benchmarks. This difficulty stems from the natural com-
plexity of real-world social interaction videos used in our

benchmark. Unlike controlled environments, our dataset
contains realistic scenarios where people frequently over-
lap with each other, are partially visible, or extend beyond
the camera frame, creating natural occlusion cases. In addi-
tion, there exists high interdependence between tasks in So-
cialGesture VQA, which makes it challenging. For instance,
when models process such videos, they should first assess
the overall scene despite these visual challenges, counting
people and understanding actions. This process involves
high-level reasoning and the ability to sequentially infer rela-
tionships—skills that are currently lacking in SOTA VLMs.
Developing models capable of such contextual social visual
reasoning remains a key challenge for future research.

5. Conclusion

We introduce SocialGesture, the first dataset and benchmark
specifically designed for understanding and analyzing multi-
person social gestures. We provide a comprehensive defini-
tion of tasks related to social gesture recognition, including
a novel VQA dataset that encompasses global perception,
gesture understanding, and spatial localization. To advance
the field of human gesture and social interaction understand-
ing, we benchmarked a variety of current state-of-the-art
methods, including action recognition models and vision-
language models (VLMs). Our findings reveal that multi-
person social gesture understanding requires incremental
visual reasoning—area where existing computer vision mod-
els fall short. This work offers insights into the complexities
of multi-person social interactions and highlights the need
for continued research into developing models capable of
sophisticated visual reasoning. We hope that SocialGesture
will motivate further innovations in gesture understanding.
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