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Computational Social Vision for
Human-Agent Interaction

Hui Yu, Yiming Wang, Haodong Jin, and Schahram Dustdar

Abstract—Human-agent interaction (HAI) is an increasingly
important research area that investigates how humans interact
with intelligent agents. Effective HAI relies heavily on social signal
understanding, particularly visual social signals that convey
human attention, intention, and affect, enabling agents to
perceive, interpret, and respond appropriately to human
behaviour. Recent advances in artificial intelligence (AI) have
substantially improved visual perception and representation
learning, allowing machines to detect and model visual social
behavioural cues with increasing accuracy. However, translating
these cues into socially meaningful interpretations remains a
significant challenge, often resulting in unnatural interactions and
limited empathic responsiveness in HAI systems. In this paper, we
coined the concept of computational social vision (CSV) spanning
the domain of both psychology and computing science to under-
stand social signals. We summarize visual-cognitive computing
techniques for this purpose with an emphasis on how social vision
and artificial intelligence technologies support the inference of
latent social states from dynamic behavioural evidence. To struc-
ture the field, we organise representative methods according to
the semantic roles of visual behaviours, including both head-
centric and body-centric social vision approaches. Finally, we
discuss socially interactive embodied systems, analyzing how
agents, such as social robots and virtual humans, adaptively
perceive their environments and interact with humans as well as
the future trend.

Index Terms—Computational social vision, human-agent interac-
tion, social signal understanding, social vision, visual-cognitive
computing, social robots, virtual humans

1. INTRODUCTION

UMAN-agent interaction (HAI) is a multidisci-
plinary research field concerned with how humans
perceive, communicate with, and collaborate with
intelligent agents. A central requirement for natural HAI is
that agents should be able to interpret human social
behaviours in a manner that is compatible with everyday
social interaction. During face-to-face interaction, individuals
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continuously exchange nonverbal and paralinguistic cues
[1-3], including facial expressions [4, 5], gaze directions [6,
71, body posture [8, 9], and gestures [10, 11]. Together with
audio and contextual information, these cues constitute social
signals through which interlocutors convey latent states such
as emotions [12], intentions [13], and social relationships [14].
Since such states are not directly observable as discrete class
labels, social signal understanding refers to the inference of
underlying social meanings from complex behavioural
evidence [1]. Among the channels through which social
signals are conveyed, vision is particularly important because
many cues related to attention, affect, engagement, and inter-
personal orientation are visually grounded. The ability to
interpret visual social signals therefore underpins a broad
range of HAI applications, including social robotics, assistive
healthcare, and mental-health support.

Recent advances in computer vision [15-18] have substan-
tially improved the automatic detection and representation of
visual behavioural cues. However, progress in visual percep-
tion has not yet resulted in comparable progress in social
understanding. Social meaning is not determined by visual
appearance alone, but emerges from the interaction between
observable behaviour and its scene, cultural, relational,
conversational, and historical context. The same behavioural
pattern may therefore indicate different social meanings under
different interactional conditions. This makes social signal
understanding fundamentally different from conventional
visual recognition, where the objective is often to assign an
input to a predefined visual category. For HAI, the key chal-
lenge is not only to identify what is visible, but also to infer
what the visible behaviour implies for the ongoing interaction.
Addressing this challenge requires models that go beyond
representation learning and incorporate interpretive principles
grounded in social psychology, behavioural science, and
cognitive accounts of human perception.

In psychology and cognitive science, the study of how
humans derive socially relevant information from visual input
is known as social vision [19]. This perspective treats visual
behavioural evidence not merely as patterns to be classified,
but as information from which observers infer mental states,
social relations, and interactional intentions. Social vision
therefore provides a theoretical foundation for the interpretive
layer that current computational models often lack. At the
same time, existing social-vision research has largely empha-
sized behavioural, perceptual, and cognitive explanations, and
has not yet provided a systematic computational pathway for
embedding such principles in artificial agents.
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To address this need, interdisciplinary knowledge and
methodologies that bridge low-level visual perception with
high-level social inference are required, allowing agents to
automatically perceive interpersonal cues, relationships, and
intentions from visual input [20]. In this paper, we coined this
as computational social vision (CSV). This can then empower
agents to engage in socially aware, natural, and adaptive inter-
actions with humans. The high-level social interface here
means the layer where raw pixels are translated into meaning-
ful social knowledge that a computer or agent can use to inter-
act appropriately with humans. To clarify, social signal under-
standing denotes the target problem of inferring latent social
meanings from behavioural evidence. Social vision provides
the psychological and cognitive foundation for understanding
how humans visually perceive socially relevant information,
such as faces, gaze, posture, gesture, motion, and interper-
sonal configurations. Visual-cognitive computing denotes the
computational pathway that transforms visual input into struc-
tured and cognitively meaningful representations. Computa-
tional social vision unifies these perspectives by leveraging
visual-cognitive computing to model socially observable
behaviors and enable socially meaningful inference in human-
agent interaction. Therefore, CSV is positioned as a bridge
between low-level visual cue analysis and high-level social
understanding, rather than as a simple extension of conven-
tional visual recognition.

Based on this conceptual scope, this paper organizes repre-
sentative research in connection with CSV studies into three
categories: head-centric method, body-centric method, and
agent-centric method. Head-centric methods focus on cues
that are primarily observed from the head and face, including
head pose, gaze direction, eye behaviour, facial movements,
and expression. These cues are dense, high-frequency, and
closely related to attention, emotion, affect, and interpersonal
orientation. Body-centric methods focus on posture, motion,
gesture, and sign, which often express intention, engagement,
activity, and interaction structure over longer temporal inter-
vals. Agent-centric methods further examine how visual-
cognitive pipelines are integrated into social robots and virtual
humans, where perception, social inference, decision-making,
and response generation must be coordinated in closed-loop
interaction. This organization allows us to compare different
cue types, modelling assumptions, and deployment contexts
within a unified CSV framework.

In summary, this paper discusses research advances in
visual-cognitive computing for social signal understanding
aligning with the concept of computational social vision. We
develop a head-centric and body-centric technical map to
support structured comparison across cues, tasks, and
modelling paradigms, and we further discuss intelligent agents
as a representative deployment context that connects visual
perception, inference, and interaction. Compared with exist-
ing surveys, our main contributions are as follows:

(1) We present an analysis of methods closely related to
computational social vision for social signal understanding. In
contrast to providing a general overview of visual perception
techniques, we focus specifically on CSV approaches that
examine how visual signals cognitively influence social inter-
actions.

(2) We summarize the field of CSV into head-centric
method, body-centric method, and agent-centric method, and
discuss how different branches model and understand social
behaviors.

(3) We outline open challenges and promising directions for
future research on CSV, with an emphasis on evaluation
metrics.

II. PRELIMINARIES: SOCIAL VISION

Social vision provides the psychological and cognitive foun-
dation for understanding how humans derive social meaning
from visual information. Rather than treating vision as a
passive process of recognizing objects, social vision empha-
sizes how observers infer others’ attention, affect, intention,
disposition, and interaction tendencies from visually available
cues [19, 21]. In this view, faces, eyes, bodies, motion, inter-
personal distance, and scene context are not merely visual
patterns. They are socially meaningful signals that support
adaptive perception and behaviour. A central idea in social
vision is that visual perception is functionally organized for
social interaction. The social-functional account suggests that
observers selectively attend to adaptively relevant cues and
use them to make behavioural forecasts about others [22, 23].
This perspective is closely related to ecological theories of
perception, where visual cues are understood through the
actions and responses they afford. Therefore, the meaning of a
facial expression, gaze direction, or body posture cannot be
fully determined by its local appearance alone. It depends on
what the cue implies for the observer in a given social context.

Social vision is also inherently integrative. Earlier studies
often examined facial identity, expression, gaze, gender, race,
body language, and biological motion as separate sources of in-
formation. However, social perception usually depends on co-
mpound cues that are combined rapidly and functionally [24].
For example, gaze direction and facial expression jointly indi-
cate the source and target of another person’s intention, while
faces and bodies can convey congruent or conflicting affec-
tive meanings [25]. Biological motion further shows that dyna-
mic body movement is shaped by social interpretation rather
than being perceived as purely geometric motion [26]. Devel-
opmental and neural evidence also suggests that face process-
ing and gaze processing are specialized through the interac-
tion between early predispositions and social experience [27].
These findings suggest that social vision concerns not only
what is visually detected, but also how multiple visual cues
are organized into socially meaningful interpretations.

At the same time, social vision is not universal or context-
free. Facial expressions and other social cues are shaped by
culture, observer experience, and communication norms.
Cross-cultural evidence shows that mental representations of
basic facial expressions can differ between Western and East
Asian observers, challenging the assumption that emotional
expressions are represented by identical facial movement
patterns across cultures [28]. Perception-driven facial expres-
sion synthesis further demonstrates that computational models
of facial expression can be constructed from human percep-
tual judgements, linking visual synthesis with observer-depen-
dent social meaning [20]. These findings indicate that social
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vision involves both visually observable signals and the
perceiver’s learned social-cognitive interpretation.

Based on these foundations, we define computational social
vision as a computational approach rooted in social vision that
connects low-level visual perception to high-level social infer-
ence. Specifically, CSV aims to enable agents to automati-
cally perceive interpersonal cues, relationships, and intentions
from visual input, thereby supporting socially aware, natural,
and adaptive interactions with humans. This definition distin-
guishes CSV from conventional computer vision: the goal is
not only to detect faces, poses, actions, or scenes, but also to
transform such visual evidence into social understanding.
Recent benchmarking work on dynamic social vision shows
that current image, video, and language models still struggle
to match human behavioural and neural responses to complex
social interactions [29]. This gap further motivates CSV as a
visual-cognitive computing paradigm for human-agent inter-
action.

III. HEAD-CENTRIC COMPUTATIONAL SOCIAL VISION

Head-centric cues are among the most frequently observed
visual signals in social interaction. They are closely associ-
ated with attention allocation, interaction intent, affective
expression, and interpersonal orientation. This section reviews
three core cue types, namely head pose, gaze direction and eye
behaviour, and facial movement and expression. For each cue
type, we summarize representative computational methods
and discuss how they contribute to computational social
vision.

A. Head Pose

Head pose [30, 31] is commonly represented by three Euler
angles, yaw, pitch, and roll. It characterizes head orientation
in three-dimensional (3D) space and relative alignment, which
often reflects attention direction and interaction intent. In
intelligent driving scenarios, head pose is frequently used for
driver monitoring to improve road safety. Bisogni et al. [32]
present HYDE-F, a head pose estimation framework that
relies on a depth camera only for Internet of Things enabled
advanced driver assistance systems. This method integrates
fractal encoding with keypoint intensity analysis through an
optimization based fusion scheme, and it reports improved
mean absolute error with competitive cross dataset generaliza-
tion. Ye et al. [33] introduce a vision-based driver fatigue
detection framework that combines facial state recognition
with 3D head pose estimation to handle large head deflections.
Their pipeline uses RetinaFace to localize the face and extract
five landmarks, then applies a residual channel attention
network to classify eye and mouth states. Head pose is
computed from the five landmarks, and an over angle crite-
rion is used to flag excessive head deviation. These cues are
further integrated into fatigue related decision metrics. Zhao et
al. [34] design a deep-learning head pose estimator without
explicit preprocessing, use it to characterize pose separability
between safe and distracted driving on a virtual 3D driver
head dataset for distracted driver detection, and extend the
analysis to continuous real-driving videos to estimate view-
point-dependent safety thresholds.
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Beyond individual monitoring, head pose at the group level
can also reveal collective social signals, especially in smart
classroom analytics. Liu et al. [35] propose asymmetric rela-
tion-aware head pose estimation (ARHPE) to address noisy or
incorrect labels by replacing hard angle targets with a two-
dimensional (2D) Lorentz distribution based soft label. They
further show that estimated student head orientations can
support attention or interest inference in classroom videos,
and they provide qualitative evidence of robustness in chal-
lenging cases through stable head orientation localization and
visualization. Dai et al. [36] investigate classroom video
analytics for education by developing an end-to-end, land-
mark free head pose estimator that predicts Euler angles using
a multi-loss network that combines classification and regres-
sion objectives. Building on this estimator, they design an
attention and status assessment scheme that maps head angle
dynamics, such as state change frequency and amplitude, to
student attention. Their results suggest that diversified criteria
outperform single criterion baselines in classroom attention
assessment.

B. Gaze Direction and Eye Behaviour

During social communication, gaze often reflects objects of
interest of a person [37]. Gaze direction and eye behaviour
[38—40] therefore provides a finer grained attention cue than
head orientation. The psychological research has shown that
gaze and eye movement, as important social signals, interact
with emotion perception in face processing [41-43]. Conse-
quently, these findings from psychology have driven the
development of visual computing approaches for gaze and eye
movement detection.

Senarath et al. [44] design a three-stage convolutional
model with three attention mechanisms for remote gaze esti-
mation in retail environments. The model first infers 3D gaze
from monocular images with depth estimation, then refines
gaze target prediction using field of view, depth range, and
object channel attentions. It finally produces a gaze saliency
heatmap. They also introduce Retail Gaze to support adapta-
tion to real store settings and report consistent gains over
baselines. Yang et al. [45] propose vGaze, a mobile continu-
ous gaze tracking system that performs implicit calibration
with saliency awareness, without requiring explicit user coop-
eration. Modi and Singh [46] develop a low-cost webcam-
based gaze tracking framework using a convolutional model
to enable real time gaze point recording under unconstrained
head motion, and they demonstrate utility through a social
media advertising case study and a gaze driven interactive
interface for virtual tasks.

In virtual reality (VR) or augmented reality (AR) scenarios,
gaze has become a key signal for capturing user intent and
internal decision processes. David-John et al. [47] study intent
to interact prediction in virtual reality using gaze dynamics,
with the goal of reducing reliance on environment specific
gaze mapping and strict calibration. Using eye tracking data
from 15 participants performing an item selection task, they
train a logistic regression model to predict interaction onset.
The most informative cues include gaze velocity, ambient
versus focal attention, and saccade dynamics, which suggests
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that pre-interaction eye movement patterns can enable low
friction predictive interfaces. Xu et al. [48] exploit common
mode features suppression network (CMFS-Net) for robust
appearance-based gaze point estimation in extended reality
(XR), aiming to reduce cross subject variance. The frame-
work fuses eye and face regions, estimates gaze bias between
an input image and a template image using a differential
amplifier inspired design, and aggregates candidate predic-
tions with a point mean filtering strategy. Chen et al. [49]
present EX-Gaze, an on-device eye tracking system based on
event cameras for extended reality. It targets kilohertz level
tracking with low latency on embedded hardware by introduc-
ing a sparse event patch representation and a corresponding
sparse transformer to reduce computation.

C. Facial Movement and Expression

Facial movements and expressions [50, 51] provide a direct
channel for affective communication and convey rich social
signals. Classic findings [52] associate specific facial muscle
activation patterns with widely studied categories such as
happiness, anger, sadness, surprise, fear, and disgust. Modern
emotion theories advise that emotional facial expressions can
be personalised, different groups of people (e.g., different
ages, different cultural backgrounds) may perceive expres-
sions differently [53].

Recent research has revisited facial expression recognition
with stronger representation learning and multimodal model-
ing. Zhou et al. [54] propose CEPrompt, a cross-modal
emotion aware prompting framework that adapts vision
language pre-trained models to facial expression recognition
by injecting emotion semantics from text into fine grained
facial appearance modeling. The method introduces an
emotion conception guided visual adapter to increase sensitiv-
ity to subtle expression relevant cues, and it uses knowledge
distillation to preserve category invariant representations
learned by the backbone. Tsai et al. [55] develop a behavioral
signal-based pain level rating approach for emergency triage
that models facial expressions together with vocal characteris-
tics from audio-video recordings, motivated by the limited
reliability of self-reported numerical scales in clinical practice.
Xia et al. [56] present relation convolutional neural network
(ReCNN), a relation aware model for in-the-wild facial
expression recognition. It explicitly models relationships
between key facial regions and expression categories, rather
than treating the whole face as a uniform feature source. This
design helps the model focus on discriminative regions under
pose variation, occlusion, and illumination changes.

In cognitive science, the human face is regarded not merely
as a static object, but as a high-dimensional and dynamic
communication system that transmits socially relevant infor-
mation over time. Jack and Schyns [57] argue that facial
communication involves both information transmission and
decoding: a sender encodes social information through facial
morphology, complexion, and dynamics, while a receiver
interprets such information based on perceptual knowledge
and cultural context. This view indicates that facial expres-
sions should be understood as temporally unfolding signals
rather than fixed visual templates. From a computer science

perspective, dynamic 3D facial expressions provide richer
spatiotemporal evidence for understanding affective states.
Tie and Guan [58] exploit an automatic emotion recognition
framework based on dynamic 3D facial expressions. Their
method tracks 26 facial fiducial points using multiple particle
filters, drives a generic mesh via elastic body spline warping,
and extracts spatiotemporal deformation features. The descrip-
tors are then embedded into a low dimensional manifold using
discriminative isometric mapping (Isomap) and classified with
the nearest class center rule. Beyond recognition, Jack et al.
[59] further show that dynamic facial expressions transmit an
evolving hierarchy of signals over time. Using generative face
grammar, reverse correlation, information theory, and
Bayesian classifiers, they model how observers expect facial
action units to unfold during emotional communication. Their
results suggest that early facial movements tend to convey
simpler and biologically rooted information, such as broad
danger-related or approach-avoidance signals, whereas later
movements provide more complex and socially specific cues
that support finer discrimination among classic emotion cate-
gories. This temporal hierarchy highlights why dynamic facial
modeling is important for computational social vision: social
meaning is not only encoded in facial appearance, but also in
the order, timing, and evolution of visible facial movements.
Table 1 summarizes representative head-centric CSV meth-
ods according to the subsection structure of this survey. Head
pose methods provide relatively robust but coarse evidence for
orientation and attention. Gaze-based methods offer finer-
grained cues for visual attention and interaction intent, espe-
cially in mobile, XR, and multi-person scenarios. Facial
movement and expression methods further support affective
and interpersonal inference, but their interpretation depends
strongly on temporal dynamics, context, and cultural variabil-
ity. These comparisons show that head-centric CSV should
move beyond isolated cue detection and focus on transform-
ing visual cues into socially meaningful inferences for HAIL

IV. BODY-CENTRIC COMPUTATIONAL SOCIAL VISION

Compared with head-centric cues, the human body serves as
a primary substrate for social behaviour, where multiple parts
often coordinate in a structured manner, leading to richer but
more complex visual evidence. Body postures, gestures, and
motion patterns are also more strongly shaped by situational
context and cultural conventions, and thus may convey cultur-
ally specific social meanings. Accordingly, this section
reviews visual computing of full-body pose and motion, and
further discusses hand behaviours as one of the most social
expressive sources of nonverbal communication.

A. Body Pose and Motion

Vision based modeling of body pose and action estimation
[60, 61] typically follows a pipeline that detects keypoints or
body meshes and then learns spatiotemporal representations
for recognition or inference. These cues can support predic-
tions of affect, intention, and interaction dynamics, and they
provide a computational basis for describing body language.
Miiller et al. [62] introduce MPIIEmo, a multimodal dataset
for emotion recognition from bodily expressions and speech in
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Table 1 Representative head-centric CSV methods.

Representative

Category work Social cue or target Critical idea
Driver fatigue and head Combines facial state recognition with 3D head pose estimation for fatigue-
Yeetal. [33] 2~ e ;
deviation related decision metrics.
Head pose Zhao et al. [34] Distracted driving Uses deep head pose estimation to characterize pose differences between safe

Bisogni et al. Head orientation and
[32] attention

and distracted driving.

Performs depth-based head pose estimation with fractal encoding and keypoint

intensity fusion.

Massé et al. [37]

David-John et al.
[47]

Yang et al. [45]

Visual focus of attention

Intent to interact in VR
Gaze direction and eye

behaviour Mobile visual attention

Chen et al. [49] Low-latency XR gaze

Tracks gaze and visual focus of people involved in social interaction.

Uses gaze dynamics to predict interaction onset in virtual environments.
Introduces saliency-aware implicit calibration for continuous mobile gaze
tracking.

Combines event-frame sensing and sparse transformer modelling for high-
frequency gaze tracking.

Tie and Guan
[58]

Jack et al. [28]

Dynamic emotional state

Cultural emotion

Facial movement and perception
expression : In-the-wild expression
Xia etal. [56] recognition

Zhou et al. [54]  Facial emotion recognition

Extracts spatiotemporal deformation features from dynamic 3D facial
expressions.

Models culture-specific facial expression representations using dynamic 3D
facial movements.

Models relationships between facial regions and expression categories.

Injects textual emotion semantics into visual prompt learning for expression
recognition.

naturalistic dyadic interactions. These data are captured unob-
trusively with multi-view cameras and microphones in a real
kitchen environment. The dataset contains 224 synchronized
audio-video clips from 8 actor couples and provides both cate-
gorical emotion labels and continuous affect annotations.
Romeo et al. [63] study apparent personality prediction for
adaptive social human-robot interaction (HRI) by modeling
body language cues from short side view dyadic interaction
videos. Their work targets the limitation of face dominated
designs and highlights the value of body signals when facial
evidence is weak or unavailable. Recent work has also
explored generative modeling for socially meaningful pose
behavior. Martin-Ozimek et al. [64] adapt diffusion-based
behavior cloning to synthesize facilitator pose behavior in
multi-party social interactions. Their study tests whether pose-
only cues are sufficient to generate realistic nonverbal signals
for socially assistive agents. They compare two conditioning
schemes. One uses raw 360° scene images, and the other uses
pose keypoint renderings. They evaluate the trade-off between
accuracy and efficiency using mean per-joint position error
(MPJPE), training cost, and inference latency. Their results
indicate that pose rendered conditioning can guide diffusion
models toward plausible social motion while improving
computational characteristics. Body pose can further serve as
a strong prior for attention and activity inference in complex
scenes. Guan and Lau [65] propose PoseSOR, a pose aware
framework for salient object ranking. The method models
attention shifts beyond low level and semantic saliency by
treating body pose as an indicator of ongoing activity and
human object interaction. A pose aware interaction module is
introduced that injects pose knowledge into salient object
queries to learn joint level and instance level interactions.
They also propose a pose driven ranking module that uses
pose derived directional cues to predict the next attended
object. For fine grained social analysis, Balazia et al. [66]
introduce BBSI, an annotation set for subtle bodily behaviors
embedded in continuous group interactions. Motivated by

psychology, they annotate 26 h of spontaneous interaction
from MPIIGrouplnteraction with 15 body language classes.
They also benchmark temporal action detection by adapting
pyramid dilated attention network (PDAN) with multiple
spatiotemporal backbones.

Recently, 3D human pose estimation has attracted growing
attention because it can represent articulated motion with
richer geometric constraints and improved viewpoint robust-
ness. Kratzer et al. [67] propose an affordance-conditioned
framework for full-body motion prediction in grasping and
placing, indicating effective intention anticipation from
learned affordances. This framework learns graspability and
placeability as probabilistic densities conditioned on 3D scene
geometry and human state, combines these with an RNN-
based short-term dynamics model, and generates long-hori-
zon predictions via constraint-based trajectory optimization
under obstacle and goal-set constraints. Peng et al. [68]
propose kinematics and trajectory prior knowledge-enhanced
transformer (KTPFormer) for 3D human pose estimation.
The model injects kinematics and motion trajectory priors
into self-attention to address the limitations of purely linear
query Q, key K, and value V projections. It introduces kine-
matics prior attention to encoding anatomical connectivity
through a learnable kinematic topology, and trajectory prior
attention to model cross frame joint motion with a learnable
trajectory topology. This design supports joint spatial and
temporal correlation modeling within a unified transformer.
Feng et al. [69] introduce ChatPose, a multimodal large
language model (LLM) that outputs skinned multi-person
linear (SMPL) parameters through a dedicated pose token and
a specialized projection layer that maps language embeddings
to 3D pose parameters. The framework supports both text
conditioned and image conditioned pose reasoning, and it
enables interactive pose specification through dialogue.
Despite these advances, the use of 3D pose for social signal
understanding remains relatively underexplored, leaving
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substantial room for deeper modeling of interaction structure
and social meaning.

B. Hand Gesture and Sign

Hand gesture and sign [70, 71] often convey concise and
highly discriminative social meanings, which are one of the
most essential central to human-robot interaction. Peral et al.
[72] present gesture recognition key frame (EUREKA), an
efficient vision-based gesture recognition pipeline for human-
robot interaction that avoids intrusive sensors. The frame-
work first detects 2D hand landmarks with MediaPipe, then
performs gesture classification from a temporal representati-
on of these landmarks using a densely connected network. Hu
et al. [73] propose SignBERT, a self-supervised hand model
aware pretraining framework for isolated sign language recog-
nition. The method treats hand pose sequences extracted by an
off-the-shelf estimator as visual tokens and enriches them with
gesture state, temporal position, and hand chirality embed-
dings. It is pretrained with a mask and reconstructed objective
over hand tokens using multiple masking strategies to learn
temporal context at different scales. A hand model aware
decoder further injects hand priors to stabilize contextual
modeling. Zuo et al. [74] propose NLA-SLR, a natural lang-
uage assisted framework that leverages gloss semantics to
reduce confusion among visually similar signs. They intro-
duce language aware label smoothing and inter modality mi-
xup to improve discriminability. Their video keypoint network
combines RGB and keypoints with multi-scale temporal
modeling and achieves strong results on common benchmarks.

In industrial robotics, hand gestures provide an intuitive
interface for issuing control commands and enabling low-fric-
tion human supervision. Hubert et al. [75] investigate vision-
based hand gesture recognition for human-robot interaction in
cobotic platforms, specifically addressing challenges like
visual occlusions and varying camera viewpoints in real-world
industrial finishing tasks. Sign language functions as a speech-
free communication system with a rich linguistic structure. Its
forms and conventions vary across cultures and languages,
which motivates dedicated datasets and evaluation protocols.
Rao et al. [76] study Indian sign language recognition from

mobile front camera selfie mode videos, targeting scenarios
where deaf or hard-of-hearing users can operate a recognition
system independently. They construct a dataset of 200
common signs performed by 5 subjects and captured from
multiple viewing angles under varied backgrounds. They
evaluate several convolutional neural network architectu-
res under different training scales and test protocols, includ-
ing robustness under seen and unseen conditions. Their resu-
Its demonstrate strong recognition accuracy on the construc-
ted benchmark and support the feasibility of mobile sign
recognition under realistic capture settings. Yang et al. [77]
revisit the dynamic time warping (DTW)-based level build-
ing framework, which can jointly segment and recognize
Chinese hand signs. They replace DTW with a hidden Markov
model (HMM)-based similarity function, motivated by the
ability of HMMs to better characterize sign dynamics. They
also propose a fast-HMM strategy that precomputes frame-
prefix decoding probabilities using the Viterbi algorithm once
per sign model. This enables efficient scoring of candidate
segments during level building through lightweight arithm-
etic. Recently, Hu et al. [78] propose correlation network
(CorrNet), a hybrid modeling framework for continuous
sign language recognition (CSLR) that explicitly captures
cross-frame body trajectories from both manual cues (hand
and arm) and non-manual cues (face and head). In contrast to
pipelines that extract frame-wise features independently using
a shared two-dimensional convolutional neural network, Corr-
Net introduces a correlation module that computes correlation
maps between the current frame and its neighboring frames to
model patch-level motion and trajectory patterns.

Table 2 compares representative body-centric CSV meth-
ods following the subsection structure of body pose, motion,
hand gesture, and sign. Compared with head-centric cues,
body-centric cues provide broader interaction-level evidence.
Body posture and motion are useful for modelling affect,
personality, attention, and group dynamics, especially when
facial cues are unavailable or unreliable. Hand gestures and
sign language provide more discrete and semantically struc-
tured signals, but their meanings are shaped by task setting,
language, and cultural convention. Therefore, body-centric

Table 2 Representative body-centric CSV methods.

Representative

Category work

Social cue or target

Critical idea

Emotion from body and

Miiller et al. [62] speech

Romeo et al. [63]  Apparent personality in HRI

Body pose and

. Balazia et al. [66]
motion

Group body language

Guan and Lau [65] Human attention and saliency

Martin-Ozimek et

al. [64] Facilitator pose behaviour

Provides multimodal dyadic interaction data for recognizing affect from bodily

expressions and speech.

Uses body language cues to support adaptive social human-robot interaction.
Provides annotations and benchmarks for subtle bodily behaviours in continuous

group interaction.

Uses body pose as a prior to model attention shifts and human-object interaction.

Applies diffusion-based behaviour cloning to synthesize nonverbal pose behaviour in

multi-party interaction.

Hu et al. [73] Isolated sign recognition

Peral et al. [72] Gesture-based HRI

Hand gesture

- Semantically assisted sign
and sign

Zuoetal. [74] recognition

Hu et al. [78] Continuous sign recognition

Hubert et al. [75] Industrial HRI gesture

Introduces hand-model-aware self-supervised pretraining for sign language

representation.

Uses hand landmarks and temporal modelling for efficient vision-based gesture

recognition.

Uses gloss semantics, language-aware label smoothing, and inter-modality mixup.

Captures cross-frame trajectories from manual and non-manual sign cues.

Studies robust gesture recognition under occlusion and viewpoint variation in cobotic

platforms.




YU et al.: COMPUTATIONAL SOCIAL VISION FOR HUMAN-AGENT INTERACTION

CSV requires temporal modelling, contextual grounding, and
culturally sensitive interpretation rather than isolated pose or
gesture classification.

V. AGENT-CENTRIC COMPUTATIONAL SOCIAL VISION

Agent-centric artificial intelligence (AI) has been explored
in interactive and decision-oriented systems, including
computing continuum environments [79, 80], recommender
systems [81, 82], and Al assistants [83, 84]. In this section, we
focus on its social-vision form, where embodied or virtual
agents perceive human behaviours, infer social states, and
generate appropriate responses. Unlike head-centric and body-
centric methods that mainly analyze human cues from an
observer’s perspective, agent-centric CSV emphasizes closed-
loop perception-action coupling. Agents extract visual and
multimodal cues, interpret attention, affect, intention, or
engagement, and adapt their behaviours through human feed-
back. This section reviews two representative settings: social
robots in physical environments and virtual social embodi-
ment in immersive or digital environments.

A. Social Robots

Social robots are a typical example of agent-centric systems.
They represent a system-level application domain in which
visual-cognitive computing is integrated into closed-loop
perception, social inference, and adaptive response. As a core
component of social vision, robotic vision provides the
perceptual foundation for such closed-loop interactions.
Robinson et al. [85] review robotic vision for human-robot
interaction and collaboration, showing that visual information
can support action and gesture recognition, navigation in
human spaces, object handover, social communication, and
learning from demonstration. Unlike general computer vision,
robotic vision directly informs robot behaviour and interac-
tion control. In human social environments, this requirement
becomes more complex because social robots must process
heterogeneous and asynchronous cues in real time. Duncan et
al. [86] summarize multimodal perception systems that
combine pose, gaze, gesture, speech, and contextual informa-
tion to infer human communication, status, and intent. From a
complementary communication perspective, Urakami and
Seaborn [87] further emphasize that nonverbal cues should be
translated into robot design patterns, because they shape the
perceived naturalness, accessibility, and social agency of
robots. These studies establish social robots as an application
setting where visual cues must be interpreted together with
multimodal context and embodied response.

Recent studies further highlight the importance of robot-
centred perception. Zhong et al. [88] improve the visual
perception of a Pepper robot by integrating human pose esti-
mation and tracking models and evaluate the system in both
controlled and in-the-wild interaction scenarios. Their results
indicate that improved perception can support target-user
following and proactive robot behaviours, but interaction
quality still depends on embodied behaviour and user experi-
ence. Avogaro et al. [89] propose HARPER, a dataset for 3D
human pose estimation and forecasting from a quadruped
robot’s perspective. By emphasizing partial visibility, unusual
viewpoints, camera motion, physical contact, and collision

199

prediction, HARPER shows that social robot perception
differs fundamentally from conventional third-person visual
analysis.

Beyond perceiving users, social robots must anticipate
social intent and adapt their behaviours accordingly. Bian et
al. [90] formulate this problem as joint egocentric forecasting
of intent to interact, attitude toward the agent, and upcoming
social actions, using whole-body skeletons to support proac-
tive interaction preparation. To address deployment
constraints, Bian et al. [91] propose a multimodal distillation
framework in which a rich teacher model learns from body
pose, face, hand gestures, gaze, and raw images, while a
lightweight student model performs robust inference from
corrupted body pose. Finally, social robots must also handle
group interaction. Nigro et al. [92] identify key computational
challenges in social group HRI, including group detection,
engagement estimation, conversation information, approach-
ing behaviours, and conversational behaviours. Song et al.
[93] use a vision-language model (VLM) based navigation
approach to perceive human social signals and take actions
that are socially compliant with human expectations. Overall,
social robotics connects visual perception, multimodal social
inference, action planning, and adaptive response, making it
an important application domain for evaluating visual-cogni-
tive social signal understanding under embodied and real-
world constraints.

B. Virtual Social Embodiment

Unlike social robots, which act as real-world social entities,
virtual or mixed-reality agents operate through social percep-
tion and intelligent interaction within immersive digital envi-
ronments. Immersive VR environment provides a platform for
humans to communicate and interact with virtual agents. As a
result, virtual social embodiment is becoming increasingly
important in virtual reality, augmented reality, metaverse plat-
forms, embodied conversational agents, and socially interac-
tive simulation environments [94, 95].

In virtual environments, users are expected to interact with
highly realistic virtual humans, including both user-controlled
avatars and computer-controlled agents. For user-controlled
avatars, existing techniques primarily focus on transferring
social behaviours from real-world users to their virtual repre-
sentations. In Ref. [96], a personalised facial expression
reconstruction method is proposed to enable users to display
realistic facial expressions in VR environments. Similar stud-
ies on head avatar creation and facial expression transfer can
be found in Refs. [97, 98]. Beyond facial animation, related
research has also explored avatar eye-gaze transfer [47, 48,
99, 100] and body gesture transfer [101, 102].

For computer-controlled agents, the core technologies are
generative Al approaches that enable artificial agents to
produce realistic social behaviours. Owing to the strong
performance of modern generative language models, many
existing studies focus on conversational agent generation
[103, 104]. Additional work has investigated body gesture
generation [105, 106] and facial expression generation [51,
100, 107, 108]. Recent approaches increasingly utilise conver-
sational context to guide the generation of socially meaning-
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ful gestures and facial expressions. For example, in Ref.
[109], a large language model-driven body gesture generation
framework is proposed, where LLM-generated speech is used
to guide virtual humans in producing corresponding body
gestures, enabling more natural body language during conver-
sation.

Table 3 summarizes representative agent-centric CSV
systems according to the two main subsections of this survey.
Unlike head-centric and body-centric analyses, agent-centric
CSV couples visual social perception with agent action. Social
robots require real-time perception, multimodal integration,
action planning, and feedback-based adaptation in physical
environments. Virtual social embodiment, by contrast, empha-
sizes social signal reconstruction, transfer, and generation,
including facial animation, gaze behaviour, and gesture
synthesis. Across both settings, the central question is not only
whether an agent can recognize social cues, but whether it can
use them to produce socially appropriate responses in closed-
loop interaction.

VI. CHALLENGE AND FUTURE TREND

Recent advances in CSV have been strongly driven by the
rapid development of Al and computer vision. However,
many Al techniques were originally designed for mathemati-
cal optimization, pattern recognition, or engineering-oriented
prediction, rather than for modelling socially situated human
behaviour. As a result, Al-grounded social vision approaches
may not always be well aligned with how humans perceive,
interpret, and respond to social signals. Kyrlitsias and
Michael-Grigoriou [94] also argue that social meaning is not
inherently embedded in classical Al and computer vision
pipelines. A key challenge for CSV is therefore to move
beyond visual cue detection and develop computational
models that can better capture the psychological, contextual,
and interactive nature of social understanding.

One important direction concerns evaluation. In computer
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vision and machine learning, quantitative measures such as
accuracy, F1-score, mean squared error, and structural similar-
ity index measure (SSIM) are widely used to assess model
performance. Although these metrics are necessary for engi-
neering evaluation, they are insufficient for measuring
whether a system produces socially meaningful, natural, or
appropriate interpretations. For example, a facial expression
generator may achieve low pixel-level error but still produce
expressions that appear unnatural or socially inappropriate to
human observers. Similarly, a gaze or pose estimator may
obtain high numerical accuracy while failing to support
correct inference of attention, engagement, or intention in real
interaction. Future CSV evaluation should therefore incorpo-
rate human-centred criteria, such as perceived naturalness,
social appropriateness, trust, engagement, and interaction
quality. Insights from psychology and cognitive science are
needed to reshape evaluation frameworks so that computa-
tional measures can be better aligned with human perception
of social behaviour [110, 111].

Another challenge is the contextual and cultural variability
of social signals. Visual cues such as facial expressions, gaze
direction, posture, interpersonal distance, and gestures do not
carry fixed meanings across situations [112—114]. Their inter-
pretation may vary according to cultural norms, individual
differences, social relationships, interaction history, and task
context. Therefore, CSV systems trained on limited datasets
may produce biased or culturally insensitive interpretations
when deployed in diverse populations. Future research should
pay more attention to social bias, cultural sensitivity, and
personalization. Instead of assuming universal mappings from
visual cues to social states, CSV models should learn adap-
tive representations that account for individual expressivity,
user preference, and long-term interaction patterns.

Finally, CSV should be further developed as a multimodal
and closed-loop framework for HAIL In real social interaction,
visual evidence rarely operates alone. Facial movements,

Table 3 Representative agent-centric CSV systems and applications.

Category Reprssg;lktatlve Social cue or target Critical idea
Robinson et al. Robotic visual Reviews robotic vision for gesture recognition, navigation, handover, social
[85] perception communication, and learning from demonstration.
Urakami and : . . e .
Seaborn [87] Robot social agency Translates nonverbal cues into robot design patterns from a communication perspective.
Duncan et al. [86] Human communication Surveys multimodal perception systems combining pose, gaze, gesture, speech, and
and intent context.
Zhong et al. [88]  Target-user following Improves Pepper robot perception using human pose estimation and tracking.
. Avogaro et al. 3D human pose Provides robot-perspective data with partial visibility, camera motion, and physical
Social robot .
[89] forecasting contact.

Bian et al. [90] Intent, :Ctgg;de, and Forecasts future social actions from an agent-centred viewpoint.

Bian et al. [91] Robust social HRI Distills rich multimodal teacher knowledge into a lightweight pose-based student model.
Nigro et al. [92] Group g:f:ggﬂfm and Reviews computational challenges in social group interaction with robots.
Song et al. [93] SOC]SS\?;;;?;% 1ant Uses vision-language model scoring to interpret social cues for robot navigation.
Lou ct al. [96] Facial expression Reconstructs realistic facial expressions for head-mounted display users in virtual

’ reconstruction environments.
Virtual social Bhattaﬁlggya et al, Em;;\gagt;eosrtlure Uses transformer-based text-to-gesture generation for virtual agents.
embodiment Gunawardhana et Multimodal agent . . . . .
: Generates user-aware multimodal behaviours for interactive virtual agents.
al. [107] behaviour

Xu et al. [109] Speech-driven gesture

Uses LLM-generated speech information to guide body gesture generation.
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gaze, body motion, gesture, speech, language, and environ-
mental context jointly shape social meaning. Moreover, in
HAI, perception and action are mutually coupled: an agent’s
response can change human behaviour, which in turn affects
subsequent perception and decision-making. Future CSV
systems should therefore integrate multimodal signals, model
temporal dependencies, and evaluate social understanding in
interactive settings rather than only on static datasets. Such
progress will help CSV move from isolated recognition tasks
toward socially aware agents capable of robust, adaptive, and
ethically responsible interaction with humans.

VIIL

In this paper, we summarized recent advances in visual-
cognitive computing based on the computational social vision
concept and discussed how they could support social signal
understanding by enabling inference of latent social states
from visual behavioural evidence. Related concepts and meth-
ods were organized into head-centric and body-centric
aspects, which provided a structured perspective on how to
model human behaviours based on visual cues. We further
outlined social robotics and virtual humans as a representa-
tive domain where HAI approaches are comprehensively
discussed. This paper provided a unified technical map that
can guide systematic comparison and help shape future
research toward more robust social understanding in human-
agent systems.

CONCLUSION
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