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Abstract

- Michael Dietz' - Silvan Mertes? - Florian Lingenfelser’

Over several decades, research on socially interactive agents has transformed human—machine interaction, evolving from
early script-based systems to today’s generative, multimodal agents. Tracing this development through the ages, this article
reflects on major conceptual and technical shifts that shaped the field, drawing on advances across multiple areas of Al,
and discusses how progress in natural language processing and multimodal behavior analysis and generation has redefined
Al as a social interface. Rather than presenting this trajectory as a narrative of continuous progress, we also examine
persistent limitations, including weak grounding, difficult evaluation, opaque decision processes, safety risks in sensitive
contexts, and the gap between convincing social simulation and genuine social understanding.

1 Introduction

Human communication is inherently multimodal: speech is
interwoven with gestures, facial expressions, posture shifts,
and subtle affective cues. Motivated by the goal of enabling
more natural and intuitive communication with machines,
an increasing body of research has focused on simulating
these behaviors in socially interactive agents.

Recent years have seen major breakthroughs in photore-
alistic avatar technologies, such as Meta’s Codec Avatars,
which reconstruct animatable head models from phone
scans [57], and Relightable Gaussian Codec Avatars, which
use 3D Gaussian—based geometry to capture sub-millimeter
detail, including pores and individual hair strands, and sup-
port physically accurate relighting.! These advances demon-
strate that visual appearance continues to evolve rapidly. In
parallel, neural text-to-speech (TTS) systems have reached
a level of expressiveness that enables voices with nuanced
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prosody, speaking style, and emotion [88], further raising
expectations for coherence between an agent’s visual and
vocal identity.

While such advances in appearance and voice provide
increasingly compelling embodiments, recent progress in
multimodal representation learning, large language mod-
els, and multimodal generative models has transformed
the behavioral capabilities of virtual agents. Systems that
once relied on handcrafted rules can now generate behav-
ior aligned with linguistic content, conversational rhythm,
and interaction context, while adapting to user signals and
expressing style, personality, or affect [49]. Recent state-of-
the-art systems illustrate this convergence across modular
generative architectures, speech, and multimodal behavior
generation, including MeLaX for LLM-based agent orches-
tration [33], VoiceX for personalized agent voices [105],
and holistic gesture models such as EMAGE [60]. A time-
line of research on socially interactive agents is shown in
Fig. 1.

This survey synthesizes contemporary modeling para-
digms and identifies the challenges that must be addressed
to achieve robust, real-time social interaction with artifi-
cial agents. While prior work, including the Handbook on
Socially Interactive Agents [62, 63], provides broad cov-
erage of research on Embodied Conversational Agents,
Intelligent Virtual Agents, and Social Robotics, we focus
specifically on recent generative approaches that unify ver-
bal and nonverbal behavior, and on the social-interaction
mechanisms that both motivate and constrain these models.
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Fig. 1 Timeline of research on socially interactive agents

The paper is structured as follows. We begin by outlin-
ing social foundations of interaction (Sect. 2), followed by
applications of virtual agents (Sect. 3). We then review core
principles (Sect. 4) and architectural approaches for build-
ing socially interactive agents (Sect. 5). Next, we survey
advances in language, speech technologies (Sect. 6) as well
as multimodal behavior generation (Sects. 7 and 8), before
discussing challenges in evaluation (Sect. 9). The paper
concludes with reflections and future work (Sect. 10).

2 Social Foundations of Interaction

To understand how multimodal behavior supports mean-
ingful interaction, we first consider the social processes
that govern how humans interpret and respond to artificial
agents. A recent systematic review by Etienne et al. [35]
how users attribute emotions, personality traits, and social
competence to virtual agents on the basis of multimodal
cues such as gaze patterns, facial action units, gesture kine-
matics, and vocal prosody, and identifies design variables
that reliably shift these attributions.

A central goal of designing these behaviors is to elicit a
positive social response from the human user, often mea-
sured through social presence—the feeling of being with
another social entity [75]. This sense of co-presence can be
influenced by an agent’s realism and gaze control [39], and
multimodal behavioral cues can serve as predictors for its
emergence [73]. Achieving social presence is a gateway to
establishing higher-level social connections, such as rap-
port and trust. Rapport, or a sense of mutual understanding,
is critical for agents in roles that require a strong inter-
personal connection between interlocutors, such as health
counselling [68], and can be modeled by tracking rapport
dynamics over time [19]. Trust is similarly essential, espe-
cially for tasks involving self-disclosure [108] or sensitive

@ Springer

Bidirectional

aze
(Andrist et
al)

etal) etal) (Bhattacharya (van T;in et
etal, al.

(Aoetal.) . (Withanage
al.) —

Meta Codec cicl)
Avatars (Li

etal) MeLax
; Architeoture
(Withanage

EMAGE

Holistic (Liu etal)

etal) :

DialoGPT
(Zhang etal)

PRO-Motion
(Liu etal.)

VALL-E 2
Codec (Chen
etal)

NVIDIAACE
Microservices

information [84]. Trust can be influenced, among other
things, by familiarity [76], the agent’s appearance-voice
consistency [3], and can be measured, among other things,
by the frequency of advice-seeking [58].

These social outcomes are not automatic; they are built
through the nuanced mechanics of social interaction. Gaze
is perhaps the most-studied social cue. Early work focused
on automating “attending behaviors” [26], but researchers
quickly found that constant mutual gaze is unnatural and
can decrease rapport [98]. This led to more sophisticated,
controllable models of gaze aversion for both virtual agents
[7] and robots [8] that signal cognitive effort or manage con-
versational flow. Bidirectional models, in which the agent’s
gaze is coordinated with the user’s, have been shown to
improve collaborative task performance [6]. Similarly,
proxemics, or the use of social space, is a key non-verbal
behavior. Studies show that users maintain a comfortable
personal space when approaching virtual agents in AR [47]
and that an agent’s emotional expression (e.g., anger) can
increase this preferred distance [15].

Conversational mechanics are also crucial. Agents must
manage turn-taking [48], appropriately handle user inter-
ruptions [41], and use conversational fillers (e.g., “uhm”)
to manage response delays, which can make the agent feel
more natural [16, 72]. Even subtle social behaviors like
mimicry [45, 97] and adherence to politeness strategies [86]
can significantly impact user perception of socially-interac-
tive agents and the outcome of an interaction.

To support credible socio-affective behavior, virtual
agents are often equipped with computational models of
affect and personality [40, 80]. These models draw on estab-
lished psychological theories of emotion [74] and personal-
ity [69], enabling agents to exhibit coherent internal states
rather than merely executing scripted actions. Computa-
tional models such as ALMA [40], EMA [67], FAtiMA [31],
and WASABI [13] share a common conceptual orientation:
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Fig.2 Anolder person interacting with the KRISTINA multilingual con-
versational agent, designed to provide companionship, cultural media-
tion, and health-related support within a smart home environment

Fig. 3 A patient interacts with the UBIDENZ virtual agent embedded
in a mobile application. During their conversation, the sensor data gets
used to adapt the avatar's behavior

they ground affective behavior in internal processes rather
than surface-level display. Most of these systems build on
cognitive appraisal theory; particularly the OCC model [74],
which derives emotion types from an agent’s evaluation of
events, actions, and objects relative to its goals, standards,
and attitudes, while others, such as WASABI, additionally
incorporate sub-symbolic dynamics inspired by embodied
affect.

A vast body of research focuses on the socio-affective
perception of an agent’s multimodal behavior. A compre-
hensive review of the socio-affective perception of agents’
multimodal behavior [35] shows how users infer emotions,
personality, and social capabilities from cues such as gaze,
facial expression, gesture, and prosody, offering guidelines
for designing socio-affective agents. Studies have shown that
an agent’s perceived awareness [1] and non-verbal expres-
sions of empathy [66] are key to positive user perception.

3 Applications of Virtual Agents

Healthcare and mental well-being: The healthcare sector
presents significant opportunities for socially competent
virtual agents, especially in contexts where service demand
exceeds capacity. Areas such as eldercare and mental health
are particularly in need of technological augmentation.
Demographic shifts and workforce shortages contribute to
gaps in accessibility and quality. Likewise, mental health
services are burdened by long wait times and poor sys-
tem integration. Virtual agents capable of understanding
emotional and social cues can meaningfully enhance both
sectors through companionship, monitoring, and adap-
tive support. An example of intelligent agent technologies
addressing eldercare and mental health is the EU-funded
project KRISTINA [101], which developed a multilingual
conversational companion for older adults. Integrated into a
smart home environment (Fig. 2), the agent monitors sleep,
reminds users to take medication, and detects emergencies,
thereby supporting safety and well-being. The embodied
agent is equipped with social and cultural competencies and
applying social signal analysis to interpret facial, gestural,
and multilingual verbal cues and provide culturally appro-
priate emotional support that may help reduce loneliness
and depression.

The nationally funded UBIDENZ project [32] applied
similar technologies to address the limited availability of
outpatient mental health care in Germany. It developed
an empathic virtual agent that combined automated con-
dition assessment with therapy-specific responses to sup-
port individuals after clinical treatment, prevent relapses,
and enhance digital therapeutic assistance (see Fig. 3). The
dialog content was based on the ABCZ Model [83] and the
BDI-II [12] self-assessment questionnaire. The system used
a rule-based approach in which avatar responses were care-
fully selected and modeled by psychological experts due to
safety concerns. However, attempts are being made to auto-
matically learn and provide appropriate responses leverag-
ing advances of large language models (LLMs; see Sect. 6).

Education and training: Soft skills training is a very
promising domain for the application of socially compe-
tent virtual agents. The virtual agents enable the simula-
tion of uncomfortable situations such as job interviews,
negotiations, or conflict resolution scenarios in a controlled
environment. This allows individuals to safely practice
communicative competencies and strategies without the
risks associated with real-world interactions.

An illustrative example is the EU project TARDIS,
which uses role-play with a virtual agent to help adolescents
prepare for job interviews (see Fig. 4). A study showed
that adolescents trained with TARDIS performed signifi-
cantly better in a subsequent interview with a human trainer

@ Springer
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Fig. 4 A student engages in role-play with a virtual character serving
as a job interviewer
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Fig. 5 A trainee teacher engaging with the MITHOS virtual reality
training system. The trainee interacts with simulated students, whose
behavior is driven by conversational agents responding dynamically
to non-verbal cues

than those in a control group [29], appearing less nervous
and maintaining more eye contact, indicating increased
self-confidence.

Another example is the German MITHOS project [20],
which developed a virtual-reality training scenario for stu-
dent teachers (see Fig. 5). In this setting, conversational
agents take on the role of pupils and react dynamically to the
trainee’s behavior, with their responses informed by analy-
ses of classroom interaction.

4 Core Principles of Socially Interactive
Agents

The social phenomena discussed in the previous sections
translate into several computational requirements for virtual
agents.

A defining challenge of multimodal behavior generation
is coordination: human communicative behaviors unfold

@ Springer

across multiple channels that must align temporally and
semantically. Current work still builds on classical principles
of embodied conversational agents [18, 92], but must now
satisfy them under substantially different constraints: neural
generators replace “hand-authored” rules, real-time sensing
replaces offline annotation, and evaluation must account
for the stochastic and context-dependent nature of learned
behavior [71]. As a result, coordination, responsiveness, and
context sensitivity are no longer design specifications to be
implemented but emergent properties to be verified. Ges-
tures synchronize with prosodic accents; facial expressions
modulate affective tone; gaze regulates turn-taking and
attention; and posture conveys stance, engagement, or open-
ness. These signals operate on different timescales, yet they
must be integrated into a coherent whole. Failure to achieve
such coordination leads to a breakdown of naturalness and
can disrupt rapport or trust, as users are acutely sensitive
to mismatches between speech and nonverbal behavior [18,
87].

Closely related is the principle of responsiveness. Social
interaction is inherently dynamic and contingent: appropri-
ate behavior depends not only on internal planning but also
on the agent’s ability to react promptly and meaningfully
to unfolding user actions. Responsive agents continuously
update their behavior in response to the partner’s verbal and
nonverbal signals, such as interruptions, changes in affect,
gaze shifts, or turn-taking cues. Achieving responsiveness
poses substantial computational challenges, as it requires
low-latency perception, prediction of interlocutor intent,
and real-time adaptation of multimodal output. At the same
time, responsiveness entails a trade-off: tightly scripted
systems can guarantee safe and predictable reactions, but
they often fail when users deviate from expected paths;
open-ended generative systems can react more flexibly, but
they may introduce latency, inconsistency, or inappropriate
responses in socially sensitive situations.

At the same time, artificial agents must generate behavior
that is sensitive to context. Human communicative behavior
varies depending on physical environment, interpersonal
distance, emotional state, cultural background, conversa-
tional role, and interlocutor behavior. Generative models,
therefore, require conditioning signals that capture linguistic
content, prosody, semantics, affect, user behavior, or stylis-
tic intent. Modern neural architectures integrate these cues
directly: speech, text, affective embeddings, or interlocu-
tor signals influence the latent representations from which
gestures, facial expressions, or full-body motion are synthe-
sized. This stands in contrast to earlier rule-based systems,
in which mappings from linguistic features to gestures were
manually specified and often brittle [53, 92].

Another core concept is expressive diversity. Human
behavior is inherently variable, no two gestures are exactly
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the same, even when conveying similar communicative
intentions. Successful generative models must therefore
avoid deterministic outputs and instead capture the stochas-
tic nature of human motion. Neural architectures achieve
this through probabilistic decoders, latent diffusion pro-
cesses, tokenized motion representations, or style embed-
dings, enabling the models to generate multiple plausible
variations (see Sect. 7). This diversity supports more natural
interaction and enables agents to convey style, personality,
or emotional nuance (see Sect. 8).

Finally, multimodal behavior generation is inherently
holistic. While early systems treated different modalities in
separate modules, modern approaches increasingly model
these channels jointly. Full-body generative models capture
dependencies across the limbs, torso, facial musculature,
and gaze, producing more fluid and integrated behaviors.
This holistic perspective reflects the underlying reality of
human communication: behaviors across channels are not
independent but are mutually reinforcing components of a
single communicative act.

Taken together, these concepts—coordination, respon-
siveness, context sensitivity, expressive diversity, and
holistic integration—define the computational challenges
and opportunities of multimodal behavior generation.
They frame the landscape in which contemporary techni-
cal approaches operate, from neural sequence models and
diffusion-based synthesis to tokenized motion representa-
tions and LLM-conditioned behavior planners. They also
expose a persistent tension in the field: rule-based archi-
tectures offer interpretability, explicit control, and verifi-
able safety guarantees, but they require extensive manual
authoring and degrade quickly outside their designed inter-
action scope. Neural models, by contrast, learn flexible and
variable behaviors from data, but their outputs are difficult
to constrain to domain-appropriate ranges, hard to evalu-
ate against communicative intent, and largely opaque when
failures occur—a combination that is especially problem-
atic in safety-critical applications such as healthcare or
counselling.

The following sections examine these approaches in
detail, highlighting how different architectures incorporate
linguistic, affective, and contextual cues to produce coher-
ent and socially appropriate expressive behavior.

5 Building Socially Interactive Agents

The development of socially interactive agents encom-
passes the computational processes that enable artificial
characters to produce coordinated verbal and nonverbal sig-
nals, such as speech, gestures, facial expressions, gaze, pos-
ture, and affective cues, that together shape how the agent is

perceived and how effectively it communicates. Traditional
pipelines for socially interactive agents separated percep-
tion, dialogue, affect modeling, and animation into distinct
modules (see Fig. 6). Classical systems such as SAIBA/
BML and SmartBody established this modular view by
defining explicit markup layers that separate communicative
intent from behavior realization [87, 92]. Recent platforms
retain modular separation but replace hand-authored intent
planners and animation schedulers with data-driven genera-
tive components, as illustrated by the MeLaX architecture
described below [33]. Although this architectural separation
has become blurred in modern neural systems, the under-
lying idea remains: behavior generation must be driven by
representations of what the agent intends to communicate
and how it should express itself in the current interactional
context.

MeLaX [33] is designed to integrate distinct generative
technologies into a single real-time platform, unifying speech
recognition, dialogue management, and behavior synthesis
through a zero-code graphical interface. The system relies
on an event-driven pipeline where data flows from audio
classification and transcription to response generation. To
ensure the interaction remains coherent and fluid, a Conver-
sation Orchestrator manages contextual flow together with a
memory retrieval mechanism such as Retrieval Augmented
Generation (RAG). The orchestrator utilizes a traditional
state machine to track conversational turns, maintaining a
record of the agent’s status—whether it is currently speak-
ing, listening, or processing. This explicit state manage-
ment enables handling real-time conversational dynamics,
including barge-in mechanisms that allow users to interrupt
the agent and back-channeling behavior while the agent is
listening. While this architectural framework provides the
necessary structure for real-time control, the communica-
tive power of the individual modules is increasingly derived
from the rapid advances in generative models discussed in
the following section.

6 Socially Interactive Agents Empowered by
Modern Language and Speech Technologies

Language and speech technologies form the backbone of
socially interactive agents, and their development has been
shaped by major advances in natural language processing
and neural generative modeling. large language models
(LLMs) now enable fluid dialogue, while modern neural
text-to-speech (TTS) systems provide highly expressive
voices. These advances fundamentally reshape how agents
generate language, speak, and coordinate multimodal
behavior. At the same time, these capabilities expose con-
crete unsolved problems: LLM-generated dialogue can be

@ Springer
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Fig. 6 High-level architecture of an emotionally intelligent virtual
agent. The user produces speech and non-verbal social signals that
are processed through speech recognition and social signal analysis
pipelines. These feed into a central dialogue system, which generates

fluent yet factually ungrounded, producing plausible but
incorrect or fabricated claims; the models’ decision pro-
cesses are largely opaque, making it difficult to audit why
a particular response was chosen; and their apparent social
competence can mislead users into attributing understand-
ing or empathy that the system does not possess. The current
state of the art is therefore best understood as a continuation
of earlier dialogue-system research, from rule-based chat-
bots [28, 102] to neural response generation [93, 110] and
LLM-based emotional support [111], with each generation
trading one set of limitations for another.

6.1 Advances Through LLMs

Early conversational agents, or chatbots, were mostly built
on handcrafted rules for dialogue management, as illus-
trated by systems such as ELIZA [102] and PARRY [28].
As such, they were confined to specific domains, scripts,
or interaction patterns. Recent advances in large language
models (LLMs) have fundamentally changed this landscape.
Trained on massive text corpora, LLMs can now generate
dialogue that often appears remarkably fluent and human-
like and can flexibly handle a broad range of topics, tasks,
and conversational situations. Leveraging these capabilities,

@ Springer

an appropriate multimodal response. Speech synthesis and behavior
generation modules then transform the system’s decisions into verbal
and non-verbal behaviors displayed by the virtual agent, completing
the interaction loop

researchers and developers are building increasingly sophis-
ticated virtual agents. LLMs can also be embedded into
agent architectures with memory, planning, retrieval, and
tool-use components. However, each additional module
introduces new failure modes—retrieval can surface irrel-
evant or outdated context, planning can commit to goals
the user did not intend, and tool use can trigger real-world
actions on the basis of misunderstood instructions—mak-
ing it harder to trace responsibility for errors and increasing
the need for explicit audit trails, fallback mechanisms, and
human-in-the-loop oversight. However, these models did
not emerge overnight; they evolved from predecessors over
many iterations (see Fig. 7).

An early fully data-driven approach that employed neu-
ral networks to learn conversational patterns was intro-
duced by Vinyals and Le [93]. Their model was one of the
first attempts to develop an end-to-end trainable chatbot:
it would simply predict the next sentence given the previ-
ous conversation. While groundbreaking, these early neu-
ral agents suffered from well-documented issues: generic
replies, inconsistent persona, and limited conversational
grounding [56, 79, 109, 110].

Subsequent work began addressing these shortcomings.
Notably, Zhang et al. [109] proposed conditioning neural
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Fig. 7 The evolution of dialogue systems and LLMs

dialogue models on fictional personas, allowing the system
to adopt stable speaking styles and preferences. This idea—
injecting an identity, backstory, or style into a dialogue
agent—has persisted and is now implemented through
prompting strategies in modern LLM-based systems.

Early neural dialogue systems based on recurrent net-
works were limited by small datasets, but the introduc-
tion of the Transformer architecture [91] and large-scale
pretraining fundamentally reshaped the field. Models such
as GPT [77] and DialoGPT [110] showed that fine-tuning
large pretrained transformers enables far more fluent and
contextually appropriate dialogue than training models
from scratch. This progression culminated in ChatGPT,
trained with Reinforcement Learning from Human Feed-
back (RLHF), which brought open-domain conversational
agents into mainstream use and demonstrated their viability
in everyday interaction. Its impact spurred rapid develop-
ments, including Google’s LaMDA/PalLM-2, Anthropic’s
Claude, and Meta’s LLaMA, and the emergence of toolkits
that simplify LLM integration. Today, LLM-based dialogue
generation underpins most modern conversational agents.

A recent challenge in the area of socially interactive
agents concerns the use of LLMs to build emotionally sup-
portive virtual agents. Although LLMs can be fine-tuned
or strategically prompted to deliver empathetic, psycho-
logically grounded responses, research shows that ensuring
consistency, safety, and genuine emotional appropriateness
remains an open problem (see the survey by Zheng et al.
[111]). Emotional support is a complex, high-stakes domain:

effective responses must balance validation, guidance, and
warmth while avoiding harmful suggestions, overgeneral-
ization, or inappropriate self-disclosure. To address these
challenges, recent work has begun to explore the use of
LLMs not only as generators but also as evaluators of emo-
tional support behavior; see, for example, the approach by
Madani and Srihari [64].

6.2 Advances in Speech Synthesis Technology

Speech is a primary channel of human communication and
not only conveys linguistic content but also affective and
social signals that shape how messages are perceived. In the
context of virtual agents, the ability to generate speech that
captures emotional nuances is important for building trust
and rapport, and supporting natural interaction. Neural text-
to-speech (TTS) technologies have substantially expanded
the expressive capabilities of such virtual agents. State-of-
the-art TTS systems allow fine-grained, continuous, and
interpretable control of vocal emotion and speaking style.
Recent surveys of expressive speech synthesis emphasize
that controllability, naturalness, emotional nuance, and
speaker identity preservation are now central criteria for
agent voices [11, 88]. One milestone of unsupervised neu-
ral style modeling was achieved by Wang et al. with their
Global Style Tokens (GST) [100]. They introduced a bank
of latent embeddings within Google’s Tacotron [99] archi-
tecture. The model was trained to learn embeddings repre-
senting diverse prosodic styles, without requiring labeled
data. Their approach enabled control over speaking style
and supported the transfer of stylistic characteristics from
existing speech to newly generated samples. Their work
was further extended by Stanton et al. [82] who modified the
architecture to infer the style embeddings from text only. As
a result, the system no longer depended on reference audio
samples. While the use of GST, in theory, allowed for con-
trolling prosody and thus certain aspects of affect, the GST
embeddings themselves were not interpretable by human
users. Consequently, subsequent research focused on more
comprehensible alternatives to steer the speech synthesis
process. For instance, Ren et al. [78] introduced FastSpeech
2, which enabled direct manipulation of prosodic features
such as duration, pitch, and energy (Fig. 8).

Another line of research that has become highly rel-
evant for virtual agents is voice cloning. Voice cloning
is the ability to generate speech in the voice of a specific
target speaker, using only a limited amount of reference
data from that speaker. Here, early advances combined a
speaker encoder with Tacotron-based synthesizers and neu-
ral vocoders. For instance, Jia et al. [S0] demonstrated that
with just a few seconds of audio, a model could synthesize
speech in a new voice while preserving intelligibility and
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Fig. 8 Data flow in speech synthesis systems with optional affective
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voice timbre. This approach laid the foundation for few-
shot and zero-shot speaker adaptation, providing develop-
ers with a means to build virtual agents with distinct and
personalized voices at low data cost. Subsequent work by
Qian et al. [58] disentangled speaker identity from prosodic
content, allowing emotional tone to be transferred from one
speaker to another while maintaining identity. More recent
models use neural codec language modeling, i.e., treating
speech as a sequence of discrete audio tokens. For instance,
VALL-E and VALL-E 2 [23, 96] enable zero-shot cloning
from a short prompt and preserve not only emotional col-
oration, but also more subtle characteristics like recording
conditions from reference audio. In parallel, multilingual
frameworks, e.g., YourTTS [17], aim to extend zero-shot
voice cloning across different languages, thereby maintain-
ing non-verbal voice characteristics, even when switching
between languages.

Beyond cloning existing voices, researchers have
increasingly explored how to personalize and customize
voices for virtual agents in ways that reflect user preferences
and character design. For instance, van Rijn et al. intro-
duced VoiceMe, an approach that allows users to explore the
latent speaker space of a TTS model and create entirely new
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synthetic voices that perceptually align with certain charac-
ters [89]. They also showed that participants could navigate
the high-dimensional latent style space of GST-Tacotron
models to identify clusters corresponding to emotional
prototypes, which could then be transferred to new utter-
ances [90]. More recently, VoiceX [105] introduced a frame-
work that combines human-in-the-loop evolutionary search
with a user-friendly interface, allowing users to iteratively
converge on personalized voices through simple pairwise
comparisons. Such methods shift personalized speech syn-
thesis from being purely data-driven to being user-driven;
that is, end-users are empowered to design voices that not
only carry emotional nuance but also align with personal or
narrative expectations. For virtual agents, this means that
affective TTS is no longer limited to reproducing existing
voices or generic emotional categories. Instead, agents can
be equipped with unique, customizable identities whose
expressivity is tuned for specific contexts of interaction.

7 Advances in Multimodal Behavior
Generation

Multimodal behavior generation has undergone rapid
change over the past decade, driven by advances in deep
learning and large-scale multimodal datasets. Approaches
that once relied on handcrafted symbolic Al models have
been largely replaced by neural architectures that learn
the semantics, expressive, and stylistic nuances of human
behavior, as well as their temporal sequence, directly from
the data.

As shown in Fig. 9, modern frameworks now orches-
trate these complexities through hierarchical layers rang-
ing from social perception to continuous motion synthesis.
It is important to note that the synchronization required in
these frameworks is not limited to the agent’s own modali-
ties (intrapersonal), but is also fundamentally interper-
sonal. Agents must not only coordinate their own gestures
and speech, but also dynamically adapt their behavior to
the timing and actions of users and other agents. This sec-
tion presents the main families of generative models for
synthesizing gestures, facial expressions, and whole-body
movements, focusing on how they incorporate linguistic,
affective, and contextual cues into this complex multimodal
output. The state of the art is characterized by a move from
early speech-driven sequence models [2, 54], which often
produced averaged motion with limited semantic control,
toward three complementary paradigms: adversarial mod-
els that push generated motion toward perceptual realism
by training against human-motion discriminators [107],
diffusion-based models that generate diverse, high-fidelity
gesture variants through iterative denoising [9, 24], and
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Fig. 9 A multi-layered architecture for modeling complex multimodal
behaviors: This diagram details the hierarchical dependencies required
to synthesize lifelike interaction. The process is divided into three
functional stages: layer 1 (social signal perception) encodes dynamic
user inputs, such as gaze and prosody, to establish interactional con-

tokenized motion models that discretize movement into
reusable units, enabling flexible recombination and LLM-
compatible conditioning [21, 60](Table 1).

7.1 Procedural Generation

Before the rise of data-driven neural methods, virtual agent
behaviors were synthesized using predetermined scripts or
hand-engineered symbolic Al models. Typically, a high-
level planner would decide what the agent should do or say
to achieve goals, and then an animation model would deter-
mine how those actions are performed stylistically [4].

text and layer 2 (intent and state modeling) serves as the cognitive
core, integrating these signals with linguistic goals to derive high-
level behavioral strategies and layer 3 (continuous behavior synthesis)
transforms these abstract states into synchronized, frame-by-frame
time-series data for full-body motion generation

A classic strategy for coupling speech and gestures was to
trigger simple beat gestures on prosodic peaks, e.g., a hand
movement timed to a stressed syllable [18]. More complex
iconic or deictic gestures were usually selected from pre-
authored libraries based on keywords in the utterance or dia-
logue context. As an important extension of this paradigm,
Kopp et al. [53] introduced a procedural microplanning
approach that derived the form of iconic gestures directly
from communicative goals, rather than selecting them from
a fixed gesture lexicon, enabling the on-the-fly construction
of novel, semantically grounded gestures.

Early work showed that tweaking parameters for person-
ality could systematically alter multiple aspects of an agent’s
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Table 1 Strengths and limitations of major computational paradigms

for socially interactive agents

Paradigm

Strengths

Limitations

Rule-based
and procedural
models

Affective and
cognitive
architectures

Neural
sequence and
adversarial
models
Diffusion and
tokenized
motion models

LLM-based
and modular
generative
systems

High interpretability,
explicit control, and
predictable behavior
in constrained
domains

Make internal states,
appraisal variables,
and personality
assumptions explicit

Learn temporal regu-
larities and motion
style directly from
data

Support diverse,
high-fidelity, and
flexibly conditioned
behavior generation
Enable fluent
dialogue, flexible
personas, memory
integration, and
rapid prototyping of

Require substantial author-
ing effort, are brittle under
open-ended interaction,

and scale poorly to diverse
contexts

Translating cognitive
theories into computational
models often requires
simplifying assumptions
and hand-designed map-
pings from internal states to
behavior

May produce averaged or
unstable motion and often
provide limited semantic
control

Can be computationally
demanding and do not auto-
matically provide causal,
real-time social adaptation
Remain vulnerable to hal-
lucination, weak grounding,
opaque decision processes,
and error propagation
across modules

complete agents

behavior [5]. In practical terms, a rule-based persona might
specify that an “extraverted” virtual presenter uses broader
gestures and a closer speaking distance, whereas an “agree-
able” character nods frequently and speaks in a warmer
tone. Several groups incorporated psychological models,
such as the Big Five traits, to drive consistent behavioral
variation in agents. For example, Chi et al. [25] introduced
the EMOTE model, which parameterizes gesture “effort”
and “amplitude”, allowing character motion to be systemati-
cally modulated to reflect different personality types. Simi-
larly, Walker et al. [65] proposed a method for adapting an
agent’s linguistic style based on its personality traits. These
handcrafted mappings ensured control over verbal and non-
verbal cues, but required substantial expert effort to design.

In classical architectures for earlier socially interactive
agents, behavioral control was realized through structured
pipelines, such as the SAIBA framework, where communi-
cative intent was transformed into Behavior Markup Lan-
guage (BML, [92]) specifications describing gesture types,
gaze shifts, facial expressions, and their timings. Around the
same time, platforms like SmartBody [87] acted as a general
behavior realizer converting high-level BML commands
into continuous, blended animation in real time.
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7.2 Early Neural Sequence Models

Neural approaches marked a shift from explicit rules toward
data-driven learning of motion regularities. Early neural
models [46] demonstrated that realistic human motion could
be synthesized from high-level control parameters by learn-
ing compact latent representations of human movement
from motion-capture data. Feedforward networks mapped
abstract inputs, such as locomotion paths or target locations,
into smooth, natural motion trajectories. Subsequent work
[2] shifted focus to conversational behavior, where motion
is no longer driven by explicit control parameters but must
instead be aligned with speech. Neural sequence models, as
exemplified by Gesticulator [54], provided evidence that
both the timing and expressive qualities of gestures can
be learned directly from the temporal structure of speech.
These early approaches used recurrent or autoregressive
architectures to predict gesture trajectories from prosodic
and semantic features. Complementary analytical work [37]
showed that some gesture parameters, such as path length,
are strongly predictable from speech, whereas others, such
as velocity, are less so. This line of work was extended
beyond hand gestures to include head and eye movements
in multiparty settings [51], where the dynamic directions of
the eyes and heads of all interlocutors were predicted from
speech signals.

Efficient sequence models and selective state spaces.
A promising recent development for multimodal behavior
generation is the use of structured and selective state space
models. Earlier structured state space models showed that
long sequences can be modeled efficiently without relying
exclusively on recurrent or attention-based architectures
[43]. Mamba extends this line of work with input-depen-
dent selection mechanisms and linear-time sequence pro-
cessing [42], while Mamba-2 further connects state space
models and attention through structured state space duality
[30]. For socially interactive agents, these models are rel-
evant because they can support long temporal context over
speech, gesture, gaze, facial expression, and user behavior
while keeping inference efficient enough for real-time inter-
action. This makes them especially promising for co-speech
gesture generation, attentive listener behavior, turn-taking,
and multimodal adaptation. However, selective state space
models should be understood as improving temporal model-
ing and scalability; they do not by themselves solve ground-
ing, safety, or social reasoning.

7.3 Adversarial Networks
Adversarial training further improved realism by encour-

aging generated motion to match the statistical properties
of human gestures. In generative adversarial frameworks,
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a generator produces samples, and a discriminator evalu-
ates their quality, pushing the generator toward more
realistic virtual-human behaviors. An example includes
GestureGAN, presented by Tang et al. [85]. While Tang et
al. focused on the realism of the generated gestures, Ferstl
et al. [36] presented multi-objective adversarial models that
decomposed gesture quality into sub-objectives (plausible
gesture dynamics, smoothness, and realistic joint configura-
tion) and monitored them by separate adversaries. Related
work by Yoon et al. [107] used adversarial training to gen-
erate gestures that convey the style of a particular speaker
while remaining aligned with speech content and rhythm.
While these models significantly improved motion fidelity,
control remained largely implicit, with conditioning signals
often entangled in latent representations rather than explic-
itly modeled. Thus, adversarial learning is powerful for
visual plausibility, but adversarial models can be unstable
to train and may optimize realism more strongly than com-
municative appropriateness.

7.4 Diffusion-Based Models

Diffusion models have become a dominant paradigm for
motion synthesis due to their robustness, high fidelity, and
controllability. By iteratively refining noise into coherent
motion trajectories, they naturally capture the variability
and fluidity of human gestures. Crucially, diffusion-based
models support flexible conditioning on diverse control sig-
nals, including speech, text, prosody, affective state, style,
and interlocutor behavior (see Sect. 8).

MambaGesture [38] builds on this paradigm by generat-
ing gesture trajectories through iterative noising and denois-
ing, conditioned on audio and multimodal cues, including
text, emotion, and style. It illustrates how selective state
space models can be combined with generative behavior
models to improve temporal coherence and multimodal
fusion. GestureDiffuCLIP [9] adds style-aware condition-
ing to a latent diffusion framework: gestures are generated
in a compact latent space, with style embeddings from text,
exemplar motion, or video modulating the denoising pro-
cess to produce semantically aligned yet stylistically consis-
tent behavior. This is enabled by CLIP [77], a representation
learning model trained with a contrastive objective to align
multiple modalities in a shared embedding space.

Beyond single-stage diffusion, some approaches also
adopt multi-stage generation pipelines. For instance,
SIGGesture [24] adopts a two-stage design: A large-scale
rhythmic gesture generator is first trained, and its generated
motion sequences are subsequently used as prompts to guide
a foundational diffusion model for gesture synthesis. While
the rhythmic generator captures the temporal alignment
and motion energy of gestures with speech, the subsequent

synthesis stage is required to determine the semantic form
of the gesture, including hand shape, spatial trajectory, and
coordination with other modalities. Diffusion models are
particularly attractive because they generate diverse alterna-
tives rather than a single average motion, but their iterative
sampling can be computationally costly and can complicate
low-latency interaction.

7.5 Tokenized and Discrete Motion Models

An alternative to continuous motion prediction is to tokenize
motion sequences using vector-quantized variational auto-
encoders (VQ-VAESs). These approaches discretize gesture
or full-body motion into sequences of codebook entries,
i.e. learned motion units analogous to linguistic tokens,
enabling generative models to reuse powerful techniques
from NLP. Tokenized models are particularly effective for
style transfer, stochastic variation, and the generation of
multiple plausible outputs conditioned on the same input,
as diversity arises from sampling and recombining discrete
motion units.

ReNeLiB [106] adopts this approach to learn nuanced lis-
tener behaviors by training on real-life therapy interactions,
focusing on modeling expert-level attentive responses. The
system encodes the variability of listeners’ facial motion
into a VQ-VAE codebook, capturing rich, reusable motion
tokens that reflect empathetic, context-sensitive reactions.
Recent work has extended this listener-oriented perspective
toward real-time nodding behavior: Kato et al. [52] predict
both the timing and type of nods for an avatar attentive-
listening system, illustrating that listener generation is
increasingly moving from offline synthesis toward online
interaction control.

To synthesize these behaviors, ReNeLiB uses a trans-
former architecture that autoregressively predicts future
facial animation sequences based on the speaker’s behav-
ior and the encoded style representation of the listener (see
Fig. 10).

At the same time, Voss and Kopp [95] applied a similar
methodology to the field of communicative gestures made
by speakers with their AQ-GT framework (Aligned and
Quantized GRU-Transformer). Like ReNeLiB, AQ-GT use
a discrete latent space (specifically, a VQ-VAE-2 trained
with adversarial loss) to ensure high-resolution movements.
However, instead of modeling the reactive behavior of lis-
teners, AQ-GT bridges the gap between semantic intent and
neural synthesis. It integrates a GRU-Transformer to map
multimodal contexts, including text and audio, directly onto
these discrete motion tokens, demonstrating that such rep-
resentations can successfully capture the subtle semantic
dependencies required for speech-driven generation.

@ Springer
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Fig. 10 Predicting appropriate listener behavior in ReNeLiB

More recent work integrates tokenization with LLMs.
The MECo framework [21] uses tokenizers to convert
both speech and motion exemplars into discrete sequences,
which are then jointly processed by an LLM to generate
stylistically consistent co-speech gestures. This approach
removes the need for pseudo-labels and allows fine-grained
control over motion style, body parts, and multimodal inputs
(motion clips, static poses, videos, or textual prompts).
Holistic tokenized models, such as EMAGE [60], extend
these ideas to full-body motion including hands, body, head,
and facial gestures using four compositional VQ-VAEs (for
the face, upper body, hands, and lower body), and masked-
gesture modeling. The advantage of tokenization is that it
makes motion easier to model and combine with language-
like representations; a limitation is that compact codebooks
may discard subtle motion details and may encode dataset-
specific biases.

7.6 Summary

Recent progress in multimodal behavior generation reflects
a shift from hand-engineered mappings toward data-driven,
highly expressive generative architectures. Across these
architectures, control mechanisms play a central role in
shaping expressive behavior. The next section reviews how
linguistic, affective, stylistic, and interpersonal cues condi-
tion these generative processes.
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8 Control and Conditioning of Multimodal
Behavior

Human communicative behavior varies with linguistic con-
tent, prosodic rhythm, affective tone, the speaker’s person-
ality, and the interlocutor’s behavior. Therefore, generative
models must incorporate mechanisms that shape the form
and timing of gestures, facial expressions, and posture
according to these contextual factors. This section examines
the conditioning signals that guide contemporary models
and the strategies used to control the expressive qualities
of generated behavior. Recent state-of-the-art work increas-
ingly treats conditioning as multimodal and interactional:
language models provide semantic structure [24, 104],
affective and stylistic signals shape expressivity [14, 38],
and interlocutor-aware models generate contingent listener
responses [52, 59, 106].

8.1 Acoustic and Linguistic Conditioning

Earlier data-driven gesture generation models relied primar-
ily on acoustic features to condition motion, which proved
particularly effective for capturing rhythmic aspects such
as timing and beat gestures (see, for example, the speech-
driven approach by Alexanderson et al. [2]). However,
paralinguistic signals, such as speech acoustics, provide
only limited access to the semantic and discourse-level
information required to generate meaningful iconic or deic-
tic gestures. To address this gap, recent approaches have
increasingly leveraged large language models, which offer
rich semantic representations and world knowledge that can
be exploited for generating nonverbal behavior. Rather than
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replacing specialized motion models, LLMs are typically
used to provide high-level semantic structure that guides
downstream generative processes.

In SIGGesture [24] (see Sect. 7), LLMs propose seman-
tic gesture candidates, such as “left” or “right”, for given
transcripts. The semantically matched gestures are then
used to condition a diffusion-based foundation model for
generating rhythmic gestures. In PRO-Motion [61], LLMs
act as semantic motion planners that convert open-world
text prompts, such as “jump on one foot” or “experience a
profound sense of joy”, into compositional posture scripts,
which then condition diffusion- and transformer-based
generative modules for posture synthesis and motion gen-
eration, combining LLM commonsense with specialized
motion models. The Language of Motion [22] introduces
a multimodal language modeling approach with modality-
specific tokenizers, enabling flexible multimodal generation
and editing across text, speech, and motion.

Together, these approaches illustrate that LLMs encode
rich semantic structure that can be effectively translated into
controllable motion cues. Notably, text-based embeddings
may even outperform audio-only baselines for both beat
and semantic gestures, as demonstrated by LLAniMAtion
[104], which generates gestures directly from LLM-derived
embeddings (LLaMA 2).

8.2 Affective Conditioning

Another key dimension is affect. Human gestures and facial
expressions are shaped by emotional state, and generative
systems increasingly learn affective conditioning through
sentiment embeddings, acoustic correlates of emotion, or
multimodal encoders that integrate both. Models such as
Speech2AffectiveGestures [14] incorporate affect during
both generation and discrimination, producing gestures that
reflect emotional tone while preserving linguistic congru-
ence. Affective conditioning also supports empathic interac-
tion: agents can adapt their expressive behavior to signal
understanding, warmth, or concern, which is essential for
applications in healthcare, mentorship, or social coaching.
Related diffusion-based approaches, such as MambaGes-
ture [38], support affective conditioning alongside linguistic
and stylistic cues, allowing emotional signals to modulate
expressive behavior (see Sect. 7).

8.3 Stylistic and Personality Conditioning

A further dimension of conditioning concerns style and
personality, which shape the characteristic manner in
which individuals gesture. Modeling such stable differ-
ences enhances the consistency and believability of virtual
agents. Style can be specified through exemplar clips that

are encoded into latent style embeddings or through explicit
controls that modulate gesture manner.

Tokenized approaches such as MECo [21] and EMAGE
[60] represent motion as sequences of discrete gesture units
(see Sect. 7), enabling models to reuse stylistic patterns and
to modulate specific body regions or expression channels.
Because behavior is composed of token sequences, these
methods integrate naturally with style-conditioning mod-
ules and support applications such as style variation and
personality-aware gesture generation.

Yoon et al. [107] use an adversarial approach to generate
gestures that convey the style of a particular speaker while
matching speech content and rhythm.

GestureDiffuCLIP [9] provides a complementary mecha-
nism for style control within a latent diffusion model (see
Sect. 7). Style embeddings derived from text, reference
motion, or video modulate the denoising process, allowing
gestures to remain semantically aligned with speech while
exhibiting consistent stylistic traits.

Together, these approaches illustrate how modern sys-
tems combine generative modeling with flexible style
representations to produce individualized and expressive
behavior.

8.4 Interlocutor-Aware Conditioning

Increasingly, generative models also rely on interlocutor-
aware conditioning. Social interaction is inherently bidirec-
tional: the agent’s behavior must correspond to the user’s
behavior. Interlocutor-aware models incorporate signals
from the conversational partner to generate facial reactions,
nods, head movements, or adaptive gaze shifts that align with
the user’s timing and affect. These methods move beyond
presenter-driven systems toward models capable of regu-
lating engagement, signaling attentiveness, and producing
contingent reactions that reflect conversational rhythm. This
trend is strengthened by the shift toward holistic models that
integrate facial, bodily, and gaze behavior within a single
generative framework, enabling coordinated adaptation to
the user. Examples include the previously mentioned ReN-
eLiB system [106] (see Sect. 7), which learns a listener’s
facial motions from the listener’s and the speaker’s previous
audiovisual behaviors, and the approach presented by Lin et
al. [59], which predict turn-taking and backchannel behav-
iors from linguistic, acoustic visual signals of the speaker.
These systems are promising because they address contin-
gency directly, but they also carry specific risks: user-facing
agents must continuously process gaze, facial expression,
and vocal affect, which constitutes sensitive biometric data;
incorrectly inferred states—for example, misclassifying
fatigue as disengagement or nervousness as hostility—can
cause the agent to respond with inappropriate reassurance,
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unsolicited emotional probing, or premature topic changes,
any of which may erode rather than build trust.

8.5 Summary

Overall, control and conditioning have become central
design principles for generating multimodal behavior. By
integrating linguistic, prosodic, affective, stylistic, and
interpersonal cues, modern generative models move beyond
animation toward social communication. Future research
must therefore examine not only whether generated behav-
ior appears natural, but also whether the conditioning
variables—affect labels, personality attributions, inferred
engagement levels—are valid and appropriate for a given
application, whether users are aware of and can contest
what is being inferred about them, and whether models pro-
vide sufficient audit trails to diagnose failures when socially
consequential behavior goes wrong. The next section
examines how this progress is evaluated in practice. It also
introduces current benchmarking efforts—particularly the
GENEA [55] and REACT Challenges [81]—that highlight
the need for robust, interactive, and standardized evaluation
paradigms.

9 Evaluation Challenges for Multimodal
Behavior Generation

Despite remarkable progress in generative models for ges-
ture, facial expression, and full-body motion, evaluating
multimodal behavior generation remains one of the most
difficult and least standardized aspects of the field. Recent
state-of-the-art evaluation work therefore combines bench-
mark challenges for gesture and reactive behavior [55, 81]
with broader methodological reflections on speech synthesis
and animated gesture evaluation [11, 71]. Unlike traditional
benchmarks in computer vision or natural language pro-
cessing, the quality of expressive behavior cannot be fully
captured through accuracy or likelihood scores. Instead,
evaluation must handle the inherently subjective, context-
dependent, and interactive nature of human communica-
tion. See Bailly et al. [11] for a discussion of challenges
in the evaluation of speech synthesis, and Nagy et al. [71]
for an overview of modern practices in animated gesture
evaluation.

Current metrics only partially reflect these dimensions,
and even the most widely used ones have important limita-
tions. Objective metrics quantify aspects of motion statistics
or rhythmic congruence, but they capture neither communi-
cative appropriateness nor user perception in real interaction.
Subjective rating scales focus on naturalness or appropriate-
ness but rarely account for how gestures coordinate across
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modalities or support communicative intent. Moreover,
evaluations are typically based on isolated clips rather than
interactive scenarios, limiting ecological validity.

A key open problem is the evaluation of gestures within
a broader communicative system, where behavior is shaped
by language, prosody, affect, personality, and the interlocu-
tor’s responses. Assessing generated motion in isolation
cannot capture these dependencies. More comprehensive
methodologies combining objective measures, perceptual
studies, and interactive evaluations are required to judge
whether behaviors meaningfully support communication
and social engagement.

The GENEA Challenge [55] and the REACT Challenge
series [81] have made influential contributions by providing
shared datasets, standardized training splits, and controlled
evaluation protocols. Together, these challenges cover two
complementary aspects of multimodal behavior genera-
tion: co-speech gesture synthesis in GENEA and reactive
listener behavior in REACT. GENEA focuses on generating
gestures for predetermined speech clips, whereas REACT
focuses on producing appropriate facial reactions in dyadic
social settings. Although both challenges still emphasize
offline generation and passive observation, they provide
robust benchmarks and pave the way for future evaluations
in interactive, adaptive, and conversational contexts.

10 Conclusions and Future Directions

Over the past several decades, research on virtual agents has
advanced from early attempts to endow computer charac-
ters with simple rule-based behaviors to the development of
socially aware, multimodal artificial partners capable of fluid,
context-sensitive interaction. These systems now integrate
techniques from human—computer interaction, graphics and
animation, speech and language processing, and affective
computing. As a result, the boundary between technically
convincing social behavior and cognitively grounded social
intelligence has become increasingly important to examine
critically. The evolution of virtual agents reflects a broader
trajectory in human—agent interaction, one that progresses
from reactive to adaptive, from unimodal to multimodal,
and from handcrafted scripts toward generative, data-driven
competence.

Ethical and societal risks Equipping agents with human-
like social characteristics also means they can trigger
human-like social biases. Current state-of-the-art systems
therefore have to be assessed not only in terms of naturalness
and task performance, but also in terms of fairness, privacy,
safety, and the social consequences of simulated empathy
and authority. Research has identified a virtual backlash
effect, in which dominant female agents are liked less than
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Fig. 11 Conceptual overview of the evolution of socially and emo-
tionally competent virtual agents. Advances in multimodal sensing,
generative behavior, and affective intelligence have led to increasing

dominant male agents, mirroring real-world gender penal-
ties [103]. Gender stereotypes are prevalent in agent design
[10, 70], and embodiment can activate these biases, nega-
tively impacting negotiations for women [44]. Furthermore,
stereotypes can influence how users perceive an agent’s
emotional expressions across different perceived races and
genders [34]. These findings underscore that socially expres-
sive behavior is not value-neutral: multimodal expressivity
interacts with users’ expectations, norms, and prior beliefs.

Generative Al is furthermore prone to hallucinations,
i.e., producing outcomes that are correct in form but incor-
rect, implausible, or unfitting in substance. In critical areas
of human—agent interaction, where the agent is given some
form of implicit authority, such as healthcare, mental-health
support, or education, this is not merely a technical issue
but a consequential safety and responsibility problem [94].
Such domains may also require empathy and a deeper
understanding of the user’s socio-emotional needs, which
may be simulated by generative approaches but cannot
be assumed. Agents may respond with generic validation,
overconfident reassurance, or a mismatched emotional tone.
Such responses can be experienced as shallow, patronizing,
or harmful in situations that require careful support. Against
these backdrops, contemporary technical approaches must
be designed with awareness of social dynamics, application
context, user vulnerability, and potential risks. This requires
transparency about system limitations, careful domain
restrictions, human oversight in high-stakes settings, and
evaluation protocols that assess not only naturalness and
usability but also bias, safety, trust calibration, and possible
harm.
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benefits—such as naturalness, empathy, and trust—and to a broadening
of applications across domains including entertainment, healthcare,
and education

Revisiting the evolution of agent capabilities helps
contextualize both recent breakthroughs and their associ-
ated risks. With these challenges in mind, this article has
traced the progression of virtual agents through the ages,
highlighting advances in capabilities, the diversification of
application domains, and the expanding practical and soci-
etal relevance of socially and emotionally intelligent virtual
agents (see Fig. 11).

Advancing capabilities Early agent systems focused
on generating basic conversational behaviors, often using
symbolic planners, handcrafted gesture rules, or simple
mappings between prosody and motion. These systems
demonstrated that even minimal cues could evoke personal-
ity impressions, but they were limited in variability, coor-
dination, and context awareness. The following decades
introduced psychologically grounded models of affect and
personality, enabling agents to express consistent internal
states and more coherent multimodal behavior. Frameworks
such as BML provided the first unified pipelines for sched-
uling gaze, speech, gesture, and facial expressions along a
shared timeline.

Recent advances, driven by deep learning and large mul-
timodal models, have dramatically expanded the expressive
bandwidth of virtual agents. Neural TTS offers fine-grained
control over speaking style and affect and speech-driven
gesture and motion synthesis achieve rhythmic and seman-
tic alignment. At the same time, increasingly sophisticated
models of social cues allow agents not merely to display
affect but to adapt their behavior dynamically in response to
user’s social signals. As a result, virtual agents have evolved
from script-following characters to systems capable of
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maintaining rapport, expressing personality, and responding
with convincing social competence.

Broadening of domains While early virtual agents were
primarily developed for entertainment, storytelling, and
experimental HCI installations, their improved social and
affective capabilities have enabled deployment in a growing
number of application areas. In entertainment and media,
agents contribute to narrative immersion and character-
driven experiences by combining expressive animation,
speech, and behavior. In healthcare, socially competent
agents support mental health counselling, cognitive assess-
ment, coaching, and adherence to treatment plans, function-
ing as both companions and assistants. In education and
training, agents simulate complex interpersonal scenarios,
such as interviews, negotiations, cultural encounters, or
classroom dynamics, offering safe, repeatable environ-
ments for practicing social, emotional, or communicative
skills. With the rise of Extended Reality, virtual agents can
now cohabit the user’s environment, blending physical and
digital contexts and enabling novel forms of embodied
interaction.

Growing benefits Across these domains, the maturation
of social and affective capabilities has led to measurable
improvements in naturalness, engagement and user trust.
Users increasingly perceive agents not merely as interfaces
but as credible social actors capable of empathy, alignment,
and mutual understanding. Generative models enable per-
sonalization of voice, gesture style, conversational tone, or
affective stance. This supports long-term interaction and
emotional attunement. Moreover, scalable virtual agents
offer promising avenues for addressing staffing shortages in
areas such as healthcare, therapy, and professional training.

In sum, virtual agents have progressed far beyond the
early question of how to animate toward the deeper chal-
lenge of designing interaction behaviors that appear appro-
priate, responsive, and trustworthy. Advances in perception,
multimodal behavior generation, and adaptive interaction
modeling have enabled agents to move from scripted dis-
plays toward increasingly context-sensitive forms of inter-
action. However, it is important to distinguish between the
convincing simulation of socially appropriate behavior and
genuine comprehension of social meaning. Contemporary
data-driven systems, particularly those based on large neu-
ral models, primarily learn patterns from interaction data
rather than explicitly reasoning about intentions, norms,
or social consequences. While these approaches can pro-
duce plausible and emotionally convincing behaviors, their
underlying decision processes often remain opaque.

This distinction between make-believe and actual rea-
soning is particularly relevant as virtual agents are increas-
ingly deployed in socially sensitive domains such as
healthcare, education, and counseling. An agent’s ability
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to appear empathic or socially aware does not necessarily
imply actual comprehension, robust reasoning, or emo-
tional understanding. At its core, virtual-agent research
faces a dual challenge: improving the technical capabilities
of virtual agents while developing computational models
that offer greater explainability and more explicit represen-
tations of social and mental processes [27]. Virtual-agent
research thus remains both an engineering effort to make
interaction systems more effective and a scientific effort to
better understand the mechanisms underlying human social
behavior and communication.

Several future research directions follow from this review.
First, virtual agents require stronger grounding in interac-
tion context, task constraints, and user state, rather than
relying primarily on pattern completion from large-scale
data. Second, multimodal models need more transparent
mechanisms for representing affect, intention, uncertainty,
and safety-relevant assumptions. Third, evaluation should
move beyond isolated naturalness ratings toward longi-
tudinal, interactive, and application-specific studies that
measure trust calibration, user well-being, bias, robustness,
and potential harm. Fourth, real-time systems must balance
expressive richness with latency, controllability, privacy
protection, and human oversight. Finally, the field should
more explicitly connect data-driven engineering with cogni-
tive and social theory, so that virtual agents become not only
more convincing interfaces but also better instruments for
studying human communication.
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