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 a b s t r a c t

As human–robot interaction (HRI) technology advances, dexterous robotic hands are playing a dual 
role—serving both as tools for manipulation and as channels for non-verbal communication. While 
much of the existing research emphasizes improving grasping and structural dexterity, the semantic 
dimension of gestures and its impact on user experience has been relatively overlooked. Studies 
from HRI and cognitive psychology consistently show that the naturalness and cognitive empathy 
of gestures significantly influence user trust, satisfaction, and engagement. This shift reflects a broader 
transition from mechanically driven designs toward cognitively empathic interactions — robots’ ability 
to infer human affect, intent, and social context to generate appropriate nonverbal responses. In this 
paper, we argue that large language models (LLMs) enable a paradigm shift in gesture control — from 
rule-based execution to semantic-driven, context-aware generation. By leveraging LLMs and visual-
language models, robots can interpret environmental and social cues, dynamically map emotions, 
and generate gestures aligned with human communication norms. We conducted a comprehensive 
review of research in dexterous hand mechanics, gesture semantics, and user experience evaluation, 
integrating insights from linguistics and cognitive science. Furthermore, we propose a closed-loop 
framework — ‘‘perception–cognition–generation–assessment’’ — to guide gesture design through 
iterative, multimodal feedback. This framework lays the conceptual foundation for building universal, 
adaptive, and emotionally intelligent gesture systems in future human–robot interaction.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access 

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Current research on dexterous hands emphasizes their supe-
rior performance in grasping tasks [1]; however, the experience 
and interaction skills of dexterous hands are equally important. 
With the development of human–robot interaction (HRI) tech-
nology, dexterous hands, as the primary medium for non-verbal 
communication for robots, have gradually become a research 
hotspot in terms of their impact on user experience. People 
often adopt gestural behaviors to assist, enhance, or enrich se-
mantic expressions during daily communication or speech. Some 
studies have shown that appropriate gestures can effectively en-
hance people’s understanding and memory in speech and other 
scenes [2]. Cohen et al. found that more than 80% of gestures 
in communication convey one or more pieces of information 
that are not expressed by language, thus supplementing the in-
formation that language cannot effectively or succinctly convey, 
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including the speed of movement, direction, mode, size of the 
object, spatial relationship, etc [3]. Meanwhile, some researchers 
have suggested that dexterous hands’ gestures can serve as a 
tool for expressing emotions in human–robot communication. 
Jamy Li et al. experimentally demonstrated that dexterous hands 
may express feelings, such as warmth and comfort, through par-
ticular gestures, hence enhancing the user’s interactive experi-
ence [4]. Although dexterous hands currently excel at industrial 
tasks, we also want robots to engage with individuals in various 
unstructured environments, such as domestic settings. Existing 
research focuses on grasping, localization, and perception of dex-
terous hands. To seamlessly integrate anthropomorphic hands 
into human-centered applications and foster more harmonious 
human–robot interactions, we must focus more on user experi-
ence in HRI. Therefore, in this work, we review and summarize 
the role of dexterous hands in human–robot interaction (see Fig. 
1). 

Robots can enhance naturalness in the delivery of objects or 
everyday interactions with users by borrowing from the way 
objects are exchanged between people [5]. In retail environments, 
it has been found that robots enhance the customer experi-
ence by mimicking the ‘‘supportive’’ hand movements of human 
niversity. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Interaction information flow between human and humanoid robots.
 

shopkeepers, making their behavior seem more polite and com-
petent [6]. The ability of robots to recognize and express emotions 
is key to enhancing the user interaction experience, but relatively 
little research has been conducted on human–robot interaction 
of dexterous hands. Research on gesture robot interaction design 
needs to enhance the naturalness of human–robot interaction 
experience by exploring the application law of gesture interaction 
in communication, basing it on user experience, and exploring the 
gesture interaction design of robots in combination with related 
disciplines such as cognitive psychology, gesture semantics, and 
ergonomics.

An analysis of the titles, keywords, and abstracts from the 
Web of Science database over the past five years shown in Fig. 
2, utilizing the keyword ‘‘dexterous hands’’ via VOSviewer, re-
veals that the predominant research directions are centered on 
reinforcement learning, grasping, and manipulation. This review 
systematically compiles the research progress in the field of dex-
terous hands for humanoid robots. The existing literature empha-
sizes grasp stability analysis, manipulation trajectory planning, 
and reinforcement learning control strategies, achieving notable 
advancements in physical interactions; however, there remains 
a relative deficiency in research concerning gesture interactions 
within human–robot interaction (HRI).

This review discusses the innovative value of dexterous robotic
hands as a nonverbal communication modality for enhancing 
user experience. In prototypical application scenarios—such as 
social robots and service robots—gesture-based interaction has 
transcended mere mechanical operation to become a vital ve-
hicle for emotional expression, intention signaling, and cultural 
etiquette. We systematically trace the research trajectory in the 
field of anthropomorphic dexterous hands: existing advances 
have already surmounted key technical challenges, including 
biomimetic multi-joint design, high-precision tactile sensing net-
works, and adaptive grasping strategy. However, significant gaps 
remain in the semantic-bionics dimension of dynamic gesture 
interaction. This review proposes user-experience-oriented de-
sign guidelines for dexterous hands, effecting a paradigm shift 
from ‘‘functional implementation’’ to ‘‘cognitive empathy’’. These 
theoretical breakthroughs offer crucial support for the develop-
ment of next-generation humanoid robots endowed with social 
intelligence. Fig.  3 illustrates the logical structure of this litera-
ture review. We will describe how anthropomorphic dexterous 
hands have developed over time and ultimately emphasize the 
importance of current research on semantic gesture expression 
in dexterous hands.

2. The evolution of humanoid dexterity

The evolution of humanoid dexterity has been driven by a syn-
ergistic progression across structural bionics, perceptual integra-
tion, cognitive generalization, and interactive expressiveness, as 
mapped in the Development Roadmap of Humanoid Five-Finger 
Dexterous Hands (see Fig.  4). This journey reflects a paradigm 
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shift from mechanical replication of human hand anatomy to 
functional optimization, multimodal environmental adaptation, 
and socially-aware interaction capabilities. Early advancements in 
structural bionics enabled anthropomorphic designs with tendon-
driven or linkage-based actuation, achieving human-like kine-
matics and tool-use proficiency. Subsequent breakthroughs in 
perceptual bionics fused tactile, visual, and haptic sensing to 
mimic biological sensory systems, while decision-making bion-
ics leveraged imitation learning and reinforcement algorithms 
to bridge imitation and generalization. Ultimately, interaction 
bionics expanded dexterity beyond physical tasks into seman-
tic gesture representation and emotional communication, mark-
ing the transition of dexterous hands from functional tools to 
socially intelligent partners. The following sections systemati-
cally dissect these interconnected advancements — from foun-
dational structural innovations to the emerging frontiers of per-
ceptual, cognitive, and interactive bionics — to unravel how lay-
ered biomimetic strategies collectively propel dexterity toward 
human-like adaptability and collaborative intelligence.

2.1. Structural bionics: from mechanical reproduction to functional 
optimization

The key to realizing human-like dexterity lies in the devel-
opment of anthropomorphic five-fingered manipulators [7]. The 
development of dexterous hands in terms of structure and func-
tion has gone through an evolutionary process from simple to 
complex, and the core logic lies in improving the manipulator’s 
operational flexibility and environmental adaptability through 
bionic design. The current dexterous hand can already do the 
movement very close to the human hand; for example, Tesla’s 
Optimus Gen3 dexterous hand has 22 degrees of freedom, which 
is very close to the degrees of freedom of the human hand. Cur-
rently, academics focus on the research of humanoid five-finger 
dexterous hands, such as Shadow Dexterous Hand [8], DLR/HIT 
Hand II [9], ILDA hand [10], etc., because it highly reproduces 
the anatomical features of human hand in its structure: five 
independent fingers with 27 skeletal joints in the topology, and 
20+ DoF synergistic motion is realized by tendon drive or linkage 
mechanism [11]. This design not only meets the requirements of 
anthropomorphism but also realizes dexterity at the functional 
level. For example, the thumb’s palm-to-palm motion gives the 
manipulator precise pinching functions, while the kinetic model 
of multi-finger synergy supports complex operations such as tool 
use and two-handed robotic arm coordination [12]. It has been 
shown that anthropomorphic design of five-finger structures can 
effectively inherit human tool-use experience and reduce task 
migration costs by sharing human infrastructure (e.g., handle 
size, tool interface) [13]. Studies have also been conducted to 
replicate the structure and function of the human hand through 
biomechanical modeling [14] and synergistic control strategies (a 
synergy-based framework) [15]. The breakthrough of structural 
bionics lays the foundation for physical interaction of dexterous 
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Fig. 2. Research trends (a) and heat map (b) in the past five years centered on a Web of Science search for the keyword ‘‘dexterous hands’’.
hands, but the full realization of its function still needs to rely 
on the synergistic evolution of multimodal sensing ability. Thus, 
perceptual bionics becomes the next key link for the humanoid 
dexterous hand to advance towards environmental adaptation.

2.2. Perceptual bionics: synergistic evolution of multimodal sensors

Structural bionics provides a physical foundation for percep-
tual bionics, which endows dexterous hands with human-like 
environment perception through multimodal sensor fusion. The 
perception techniques for robotic multi-fingered dexterous hands 
can be categorized into internal and external perception [16]. 
Similar to traditional robots, internal perception mainly detects 
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motion parameters such as joint position, velocity, and accel-
eration and feeds them back to the controller. In recent years, 
the development of sensing technologies and devices for hu-
manoid skin and nervous systems has received extensive at-
tention, and e-skin [17–19] has become an ideal solution for 
multi-fingered dexterous hand sensing systems due to its high-
density distributed tactile sensing capability. External sensing 
technology, on the other hand, realizes environmental interaction 
through multimodal sensor fusion: visual sensing obtains ob-
ject position information through depth cameras [20,21]; haptic 
sensing employs flexible capacitive/piezoresistive arrays [22] to 
capture contact force distribution in real time, providing human-
like multi-dimensional sensing support for complex operational 
tasks.
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Fig. 3. The writing framework.
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Fig. 4. Development Roadmap of Humanoid Five-Finger Dexterous Hands.
2.3. Decision-making bionics: from imitative learning to capability 
generalization

Current dexterous hands have driven the development of hu-
manization in dexterous hand manipulation by studying human 
grasping through imitative learning [23]. In humanoid research 
on grasping strategies, researchers often collect human hand 
movement data through motion capture systems [24,25], which 
are converted into robot control commands to guide strategy 
learning. In recent years, vision-based imitation learning meth-
ods have achieved cross-morphological action migration from 
human hand movements to high degree of freedom robot hands 
by extracting 3D hand-object interaction gestures from large-
scale human videos [26,27], combined with optimization-driven 
motion reorientation techniques [28,29]. Compared to the limited 
demonstration data collected by traditional VR devices, video-
based imitation learning significantly reduces the data collection 
cost while supporting behavioral diversity for complex tasks [30,
31]. At the level of policy generation, researchers fused state–
action demonstrations with reinforcement learning objectives to 
significantly improve the sample efficiency and generalization 
ability of complex manipulation tasks through algorithms such 
as Generative Adversarial Imitation Learning (GAIL) [32] and 
Demonstration Augmented Policy Gradient (DAPG) [33,34]. All of 
the above studies provide a bionic foundation for the generaliza-
tion ability of intelligent decision-making of humanoid dexterous 
hands, and with the technical accumulation of structural, per-
ceptual, and decision-making bionics, interaction bionics focuses 
on the in-depth bionicization of gesture semantics and emotion 
expression. The breakthrough in this dimension will promote 
the paradigm shift of dexterous hands from functional tools to 
socialization partners.

2.4. Interaction bionics: synergistic evolution of expressive human–
robot interaction and semantic representation of gestures

Although dexterous hands have realized a high degree of 
bionics in multiple dimensions, such as mechanical structure, 
sensing mechanism, and intelligent decision-making, the current 
research gap in the bionic development of dexterous hands lies in 
5

the bionic design of robot gesture interaction. In the interaction 
process of humanoid robots, different gestures convey nuanced 
information to strengthen collaboration by expressing functional 
states (e.g., actions, intentions, or emotions) [35–38], which in 
turn affect human psychological feelings [35,39,40], strengthen 
emotional communication [41], and enhance the effectiveness of 
semantic information that is most effectively retained [42].

At the level of the impact of the naturalness of gesture ex-
pression on the interaction experience, Saunderson and Nejat [43] 
revealed a strong correlation between non-verbal behavior and 
user trust, and Zabala et al. [44] demonstrated that the expression 
of body language reflects the personality of the robot, findings 
that emphasize the impact of the naturalness of gesture expres-
sion on the human perceptual level. In response to the cognitive 
empathy turn in gesture interaction, the Generative Adversarial 
Network gesture model proposed by Rodriguez et al. [45] and 
the pattern inference capabilities of large language models (LLMs) 
explored by Mirchandani et al. [46] exemplify the technologi-
cal evolutionary path from mechanical trajectory replication to 
semantic understanding. Roy et al. [47] further advance the in-
tegration of gesture interaction with LLMs and affective comput-
ing by proposing a GPT-4-driven framework that maps abstract 
states (e.g., confused or waiting) to parameterized expressive 
motions (e.g., body tilt, speed), directly linking affective com-
puting to gesture generation. Marmpena et al. proposed a data-
driven framework for generating emotional body language in 
humanoid robots, achieving lifelike, context-relevant expressions 
that were perceived as equally anthropomorphic and emotionally 
expressive as hand-designed motions [48]. In addition, Ekman 
and Friesen’s [49] classification theory of nonverbal behavior pro-
vides a cognitive psychological basis for the construction of the 
semantic system of gestures in this paper, while Gallagher’s [50] 
theory of empathic direct perception lays a theoretical founda-
tion for the elaboration of the emotion transfer mechanism of 
gestures.

Dexterous, gesture-capable robot hands are poised to trans-
form a variety of human-centered domains by bringing natu-
ral, intuitive non-verbal interaction to everyday tasks. In ed-
ucation, they can reinforce teaching by synchronizing demon-
strations with natural hand motions; in service (e.g. retail and 
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hospitality), subtle gestures enhance human–robot rapport and 
customer engagement; and in collaborative manufacturing, intu-
itive hand-off and alignment gestures streamline human–robot 
teamwork. Embedding gesture semantics into robotic control will 
thus bridge manipulation and non-verbal communication across 
these application scenarios.

3. LLMs allow dexterous hands to make the leap from me-
chanical mapping to semantic representation

The integration of large language models with humanoid dex-
terous hands is driving a shift from rigid command execution 
to dynamic semantic understanding, endowing robots with con-
textual reasoning, adaptive interaction, and social intelligence. 
Existing systems, however, remain confined to one-way instruc-
tion execution without the capacity for proactive adaptation or 
intent prediction in complex environments. Although Google’s 
RT-X demonstrates task decomposition and GenEM generates 
socially compliant gestures, both fall short in nuanced context 
analysis and spontaneous behavioral feedback. The key chal-
lenge is to move beyond mere instruction translation toward 
autonomous context interpretation aligned with human cogni-
tion, enabling natural interaction and fulfilling deeper human 
expectations for collaborative partners. The following sections 
will detail the technical pathways and challenges for realizing this 
vision and explore how synergizing semantic intelligence with 
human-centered interaction paradigms can expand the intelligent 
reach of humanoid dexterous hands.

3.1. Trends in combining robotics and LLMs

The convergence of robotics and large language models is a 
major trend. LLMs already exhibit exceptionally powerful con-
versational intelligence — OpenAI’s ChatGPT being a prime ex-
ample — so their integration into humanoid platforms natu-
rally promises to elevate dialogue-based interactions. Yet ver-
bal exchange represents only one facet of communication; non-
verbal cues — gestures, postures, and expressive motions — ac-
count for a substantial portion of social presence. Accordingly, 
recent research has begun embedding LLMs directly into motion-
generation pipelines, using semantic understanding to drive mul-
timodal behavior and optimize the synergy between linguistic 
commands and physical actions. Google’s RT-X platform com-
bines LLMs with robotic manipulation, enabling a robotic arm 
to understand natural language commands (e.g., ‘‘Organize your 
room’’) and autonomously break down the steps of a task (identi-
fying clutter, sorting, and organizing). This technology has already 
demonstrated its potential in scenarios such as folding clothes 
and fine assembly. Large models allow dexterous gestures to be 
expressed more richly by processing complex scene information. 
Recently the rapid development of language models has revolu-
tionized multimodal data processing [51–56], whose core archi-
tecture is based on Transformer [57], which achieves end-to-end 
generation through serialization of text tokens.

Large language models and vision language models (VLMs) can 
be used in almost every part of robot development [58,59]. VLM 
agents are involved at the perception-to-understanding level, 
where visual information is analyzed to make more contextual 
perceptual judgments and contextual information is fed back and 
interpreted Chain of Thought (CoT). LLM agents are primarily 
translated into executable actions at the decision-making level. In 
perception, visual-linguistic models and visual-linguistic-action 
models have been shown to significantly enhance the general-
ization capabilities of robots [60–64]. LLM production has been 
used to make planning and execution more flexible and context-
sensitive [65–71]. In control, linguistic conditional strategies and 
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transformer-based robots have been extensively studied in re-
cent research on control [72–78]. LLMs can significantly improve 
robot–environment and robot–human interaction [79,80]. Table 
1 provides an overview of the diverse applications of LLMs in 
robotics, highlighting their contributions to improved semantic 
understanding and task execution.

The ability of the dexterous hand to perform complex and 
varied tasks is not achieved by a highly bionic human struc-
ture alone. Just as in the case of human beings, neither dexter-
ous grasping nor dexterous gestures can be achieved without a 
"brain’’. Currently, dexterous hands are making the leap from the 
perceptual to the cognitive level. Traditional approaches focus 
on grasping stability (e.g., trajectory planning and reinforcement 
learning) but neglect the importance of human behavioral pat-
terns and semantic interactions [81,82]. In recent years, the fusion 
of LLMs and multimodal data has provided new ideas for natural 
interaction and task generalization for dexterous hands. RealDex 
improves the grasping success rate by filtering the grasping ges-
tures that are most compatible with human preferences using 
multimodal LLMs and outperforms other grasping approaches as 
tested by both qualitative and quantitative methods [81]. Seman-
tic understanding of linguistic commands significantly improves 
the task adaptability of grasping, and SayFuncGrasp proposes a 
layered framework [83]: Grasping function inference: a few-shot 
cue guides the LLMs to parse the commands and output the 
type of grasping (e.g., ‘‘grip’’ or ‘‘pinch’’) and the functional part 
(e.g., ‘‘hold’’ or ‘‘pinch’’). Li et al. proposed a cognitive grasping 
system that mimics the intuitive reasoning process of human 
beings by using LLM to infer missing features (e.g., fragility, tex-
ture) from limited information such as object name and material 
and by accurately defining feature categories (e.g., categorizing 
‘‘shape’’ into ‘‘object’’). By precisely defining the feature cate-
gories (e.g., categorizing ‘‘shape’’ into cube, cylinder, etc.), we 
can improve the complementation accuracy [82]. It can be seen 
that incorporating LLMs into dexterous hands can significantly 
improve their semantic reasoning and generalization ability, thus 
enhancing the grasping adaptability of dexterous hands.

3.2. Trends in combining dexterous hands and LLMs

In terms of semantically driven paradigms for dexterous hand 
gesture generation, Brown et al.’s [84] proposal of a few-shot
learning capability provides a theoretical basis for semantic gen-
eralization based on large models, while Mahadevan et al.’s [85] 
framework for generating robotic control code via LLMs further 
validates the potential of language models for the generation 
of complex behavioral sequences. Wang et al.’s [86] illustrated 
that LLMs can generate low-level control commands to enable 
quadrupedal robots to walk.

Approaches based on large language models (LLMs) [87–89] 
are able to transform natural language commands into param-
eterized control code through chain-of-thought, supporting dy-
namic generation of multimodal behaviors. For example, the 
GenEM framework [90] can decompose the ‘‘nod to greet’’ com-
mand into combinations of head panning, light display, and 
other actions, and incorporate social norms (e.g., maintaining eye 
contact) [91], so that gestures are both functional and socially 
adaptive.

Palo et al. [92] used Vision Transformers to extract 3D key-
point tokens from images and utilized expert demonstrations 
as contexts for few-shot imitation learning with LLMs. (Utilize 
expert demonstrations as contexts for few-shot imitation learning 
with LLMs.) Wang et al. [93] used LLMs directly as the underlying 
feedback controller by initializing cues with a small amount of 
physical environment data and combining descriptive text with 
historical observation. The cue design of action sequences con-
trolled a quadrupedal robot to perform a simple walking task in 
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Table 1
Application areas and functions of LLMs in the field of robotics.
 Application areas Specific functions Technical realization  
 Language instruction 
parsing and reasoning

Reasoning about task requirements and processing 
unseen task instructions through in-context learning 
(ICL) and chain of thought (CoT)

LLMs parse natural language instructions to extracts 
implicit requirements → CoT reasoning decomposes 
into atomic action sequences

 

 multimodal task 
planning

Combining verbal instructions with visual scenes to 
generate task-oriented grasping strategies

Align point-cloud features with language features →
LLMs generate grasp-pose encoding →
Reinforcement learning optimizes grasp success rate

 

 Collaborative control 
optimization

Reduced complexity of high-freedom hand control LLMs infer the appropriate grasp type → generate 
the corresponding motion in a low-dimensional 
synergy space → dynamically adjust joint 
trajectories (e.g., pinching or gripping)

 

simulation. The EMOTION framework, on the other hand, com-
bines VLMs and LLMs to realize a robot perception-to-decision 
path [94]. The study couples the contextual understanding of 
VLMs with the motion generation of LLMs to construct a closed-
loop system of ‘‘perception-reasoning-expression’’. As a result, 
the large language model can generate natural gesture interaction 
sequences through contextual analysis. This method provides a 
new paradigm for multimodal human–robot interaction and aids 
the robot’s expressive ability.

Currently, LLMs are used in four major areas of robot dexter-
ous manipulation: task planning and decomposition, multimodal 
perception and action generation, cross-dexterous hand general-
ization control, and data-driven grasping strategy optimization 
(see Table  2). In terms of task planning, LLMs decompose high-
level commands (e.g., ‘pour a glass of water’) into executable 
atomic action sequences [95,96] (e.g., ‘grasp the cup’ and ‘tilt 
the arm’) via semantic parsing, and resolve the dual-arm ma-
nipulation challenge through spatiotemporal coordination strate-
gies [97]. For multi-modal fusion, research combines VLMs and 
diffusion model (e.g., DexHandDiff) to fuse verbal commands 
with perceptual information, such as point clouds and images, to 
generate physically feasible grasping gestures [98,99]. For gen-
eralization capability, Multi-GraspLLM achieves unified control 
across manipulators through semantic parameter mapping to 
avoid modeling each type of dexterous hands separately [100]. 
In addition, the LLM-driven data annotation system [101] with 
simulation dataset [81] significantly improves the diversity and 
adaptability of grasping strategies.

The value of combining humanoid dexterous hands and LLMs
lies in the ability to enhance semantic interpretation. LLMs pro-
vide ideas for shaping social robots with common sense [105] 
and allow robots to interpret human social cues and respond 
with natural and engaging gestures [94]. LLMs semantically un-
derstand and describe complex scenarios and can help dexterous 
hands better understand their operating environment [100]. Zhan 
et al. (2024) used LLMs to decompose a complex task into a series 
of basic operations [96]. Generating linguistic guidance through 
LLMs can also help the model to understand the task intent and 
generate corresponding grasping actions [83,101].

3.3. Current applications of LLMs in human–robot interaction

Current applications of LLMs in human–robot interaction (HRI) 
have significantly expanded robots’ multimodal generation, so-
cial interaction, and task execution capabilities. In the field of 
multimodal generation, LLMs enable mapping from user queries 
to diverse responses by integrating textual, visual, and auditory 
information. For example, VideoCLIP supports zero-shot trans-
fer learning by associating video with text [106], while Mo-
tionGPT generates motion sequences of avatars based on textual 
cues [107], which further enhances the intuitiveness of interac-
tion. In the field of social robotics, LLMs empower robots with 
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commonsense reasoning capabilities, enabling them to serve ed-
ucational, medical, and other scenarios. For example, chatbots 
can generate personalized stories for children [108], while chat 
systems combining Bi-LSTM and attentional mechanisms can as-
sist autistic children in interaction [109]. In addition, GPT-3-
powered philosophical dialog robots demonstrate the potential 
of LLMs in complex semantic understanding [110]. In terms of 
command execution and task completion, LLMs enhance robot 
autonomy by transforming fuzzy commands into concrete ac-
tion planning. For example, ProgPrompt directly generates robot 
control strategy code [111]. However, the wide application of 
LLMs in HRI still faces challenges such as data ethics and secu-
rity [112], contextual understanding [113], and generalization ca-
pability [114], which need to be continuously optimized through 
interdisciplinary collaboration.

Despite the fact that numerous studies have been conducted 
to improve the grasping performance and task decomposition of 
dexterous hands using LLMs, there are limitations in the appli-
cation of LLMs, which are more suitable for executing abstract, 
broad, and generalized tasks rather than tasks that require high 
precision. Applying LLMs to task execution in complex scenar-
ios often fails to achieve the desired results [114,115]. How-
ever, LLMs show their significant advantages in dealing with lin-
guistic and comprehension-based information processing tasks, 
such as contextual understanding and judgment, and linguistic 
feedback [57].

3.4. LLMs enable novel approaches to gesture expression

The semantic expression of sign language is consistent with 
basic human linguistic cognition and with the linguistic laws of 
human sign language. The lexical indexing model suggests that 
gestures are associated with the integration of spoken surface 
forms that enhance lexical activation and facilitate semantic ac-
cess [116]. The Broca’s area of the brain (the main brain area 
responsible for language processing) is also activated when peo-
ple gesture, suggesting that gesture and language may have a 
common neural basis in the brain [117]. Evidence from evo-
lutionary neuroscience suggests that there is an evolutionary 
continuity between gesture and language and that Broca’s area, 
as the main brain area responsible for language processing in 
humans, may control both gesture and word pronunciation si-
multaneously [118–122]. Moreover, it has also been shown that 
LLMs can effectively handle new languages by leveraging shared 
commonalities with previously learned languages [123]. There-
fore, the generalization of sign language and gestures through 
LLMs is a feasible way to express robotic gestures.

At present, the key to realizing the intelligence of dexter-
ous hands is to solve the problem of ‘‘hand-eye-brain synergy’’. 
Through LLMs, the dexterous hands can be trained to under-
stand sign language and then search for the correlation between 
language and sign language. The ‘‘sign language lexicon’’ (the in-
ternal semantic mapping between gestures and language within 
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Table 2
Technical routes for the control of dexterous hands in large language models.
 Author (year) Application scenario Main contributions Technology paths for combining large 

language models
 

 Li et al. (2023) [82] Grabbing Planning with 
Incomplete Awareness

Completing object features and generating 
grasping strategies using LLMs

Completion of missing attributes by LLMs 
after object feature extraction

 

 Gbagbe et al. (2024) [102] Dexterous operation of 
dual-armed robots

Integration of vision, verbal, and movement 
for bimanual synergy

A VLM and motion module parse 
instructions into action sequences, then 
convert them into predefined API calls.

 

 Feng et al. (2024) [98] Task-oriented dexterous 
grasping

Combining MLLM to generate task-oriented 
grasping actions

Combining MLLM and VLMs for 
task-oriented grasping

 

 Chu et al. (2024) [97] Coordinated control of 
dual-arm robots

Solving the two-handed robot 
spatio-temporal coordination problem using 
LLMs

LLMs decompose tasks into uncoordinated 
and coordinated phases, with step-by-step 
control instructions

 

 Liu et al. (2024) [81] Dexterous grasping by 
humanoid robots

Enhancing crawl detail understanding with 
LLMs

Rendering of dexterous hand-object 
interaction images, input to Gemini model 
combined with prompt understanding of 
grasping details

 

 Zhan et al. (2024) [96] Two-handed object 
handling

Propose a functional layering framework to 
support complex task decomposition and 
action synthesis

Development of LLM-based task 
decomposer and diffusion model-driven 
motion generator to verify the feasibility of 
task and motion planning

 

 Wu et al. (2024) [103] dexterous hand control Using LLMs to Generate Gesture 
Descriptions from Languages

Combine a well-trained hand model with a 
large language model to generate gestures

 

 Wei et al. (2024) [101] Dexterous grasping of 
linguistic guidance

For dexterous crawling generation based on 
natural language instructions

Construction of datasets by hand-object 
interaction retargeting strategy and 
LLM-assisted language-guided annotation 
system

 

 Li et al. (2025) [100] Control generalization 
across dexterous hands

Semantic Gripping Parameter Generation 
for Different Manipulators via LLMs

Generating semantically compliant gripping 
poses for different types of manipulators by 
combining verbal commands and 3D point 
cloud data

 

 Li et al. (2025) [83] Language-guided 
dexterity feature capture

Grab function generated using LLMs Utilizing LLMs to parse language commands 
and reason about grip function parameters 
(position and type)

 

 Liang et al. (2025) [104] interaction-aware 
diffusion planning

Modeling dynamic interactions through 
two-stage diffusion

Translation of high-level task descriptions 
into executable robot control programs, 
guided by LLMs

 

 Zhong et al. (2025) [99] Robot Dexterity Grab Fusing point cloud features with semantic 
descriptions to improve complex object 
understanding

Enhancing the model’s semantic 
understanding of complex objects through 
LLMs

 

the robot’s reasoning system) will be explored and expanded 
by reasoning about the possible ‘‘language model’’ of human 
gestures through LLMs and the existing sign language dictionary. 
Moreover, this lexicon can provide more rational and intuitive 
gesture movement patterns for gesture output and enhance the 
naturalness of humanoid robot interaction. At present, the multi-
modal sign language model SignLLM has been able to realize the 
dynamic generation of sign language to gestures [124]. And it can 
realize the generalization of gesture semantics, which extends the 
possibility of gesture interaction.

Most of the previous gesture generation studies rely on pre-
defined action libraries, mainly through the joint angle control 
to realize the basic grasping action, and lack of dynamic contex-
tual response ability, while this paper, based on the in-context 
learning mechanism of the EMOTION framework [94], proposes a 
contextual gesture generation scheme based on a large language 
model.

4. A novel framework for humanoid dexterous hand interac-
tion based on gesture-semantic mapping

Although LLMs facilitate semantic generalization of gestures, 
existing systems lack a unified closed-loop framework for eval-
uation and iterative, user-driven refinement. To enable seman-
tic interaction and cognitive empathy in humanoid dexterous 
8

hands (Fig.  5), we propose a closed-loop framework that inte-
grates multimodal perception, LLM-driven cognition, and human-
centered assessment for context-adaptive gesture generation and 
refinement.

Perceptual Layer: multimodal input processing, contextual se-
mantics are extracted and understood through visual language 
models (VLMs), including but not limited to images/videos (vi-
sual), textual descriptions (linguistic), and physical motion data 
in the environment (action). This information is preprocessed and 
fed into the appropriate encoder. The visual encoder will use 
Transformers techniques to extract image features;

Cognitive Layer: a language model based on the Transformer 
architecture, responsible for understanding and parsing natural 
language commands into a machine-understandable form. The 
mapping rules from social contexts to gesture symbols are parsed 
through large model instructions;

Generation layer: using the sequence generation capability of 
LLMs to transform semantic symbols into joint space trajecto-
ries or accessing a large model of sign language gestures with 
strong generalization capability for gesture action extraction and 
at the same time, outputting the action coordinate information of 
such gestures to the dexterous hands’ driver module in order to 
perform the corresponding operations;

Evaluation Layer: Based on the user’s physiological signals 
(e.g., eye movement, EEG, etc.) and subjective feedback, the effec-
tiveness and naturalness of semantic communication of gestures 
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Fig. 5. Framework of the closed-loop system ‘‘Perception-Cognition-Generation-Evaluation’’.
are quantified to form a closed loop of optimization. At the 
quantitative level, cognitive load is analyzed through eye tracking 
(gaze point distribution, dwell time) and EEG, combined with 
behavioral indicators such as task completion time, misuse rate, 
etc. At the qualitative level, gesture naturalness and semantic 
clarity are evaluated using Likert scale, supplemented with semi-
structured interviews to dig out the feedback on emotional and 
cultural appropriateness.

5. Challenges and future directions

5.1. Key challenges

Although recent methods have partially addressed issues con-
cerning dexterous hands in human–robot interaction, achieving 
human-level dexterity and expressiveness remains a long-term 
endeavor. Mechanical complexity in humanoid dexterous hands, 
coupled with the instability of large language models, has hin-
dered progress in using five-fingered dexterous hands for emo-
tional expression in human–robot interaction. In general, the 
principal challenges in this field are as follows:

• Hardware limitations: the lack of fine-motion capabilities 
of the robot’s fingers limits the accurate reproduction of 
certain human gestures. This affects the expressive accuracy 
of some of the gestures.

• Latency Challenges of Large Language Models (LLMs) in 
Real-Time Control: Generating the initial action sequence 
via LLM APIs and performing single-round feedback opti-
mization introduces significant delays, making it difficult 
to achieve the low-latency control required for real-time 
interaction.

• Depth of comprehension: While LLMs excel at parsing nat-
ural language, they still struggle to infer implicit relation-
ships, logical hierarchies, and context nuances in task inst-
ructions—and to convert those insights into concrete, multi-
step gesture plans.
9

• Trajectory coordination: Integrating high-level intent from 
LLM outputs with low-level joint-trajectory planners re-
quires seamless harmonization of abstract semantic goals 
and precise motor commands.

• Robot Morphology Variability: Adapting the same frame-
work to robots with different shapes, degrees of freedom, 
and kinematic constraints demands robust generalization 
strategies.

5.2. Future directions

To propel humanoid dexterity toward cognitive intelligence 
and richer expressiveness, we identify the following synergistic 
research avenues:

• Combining multimodal large language models (e.g., GPT-
4o) to realize gesture-language-emotion dynamic mapping, 
multimodal interaction with humans through gestures, and 
broadening the robot’s non-verbal emotional expressions

• Achieving a closed loop from perception to cognition is 
a vital future direction. For example, once the robot per-
ceives the user’s semantic intent, the large language model 
processes and interprets this information, enabling the dex-
terous hands to produce corresponding gestural feedback. 
In this way, the system can autonomously perceive, un-
derstand, and generate a gestural language repertoire that 
aligns with human cognitive conventions.

• Establishing an emotion mapping model, mapping basic 
emotion through gesture speed, amplitude, and rhythm, 
developing an ‘‘emotion-gesture-speech’’ synergy system, 
realizing multimodal emotion consistency, and improving 
emotion recognition accuracy and empathy score.

• Expanded Behavioral Repertoire: Incorporating a wider ac-
tion space enables generation of complex, sequential, and 
context-rich behaviors beyond static poses.

• Multi-Modal Expressiveness: Fusing gestures with audio 
cues promises richer communication channels and height-
ened user engagement.
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• Autonomous State Selection: Future integration of LLMs for 
context-aware state input aims to minimize human inter-
vention, enhancing the framework’s scalability for novel 
tasks.

• Establishment of user experience metrics: building user 
trust metrics to assess robot emotionality.

• Cross-cultural gesture semantic base construction: building 
a semantic base of gesture expressions covering cultural 
differences in different countries.

Moreover, the majority of dexterous hand systems remain pre-
dominantly passive and command-driven, relying on explicit 
semantic instructions for tasks such as object grasping. This 
paradigm limits their capacity for genuine human–robot engage-
ment, as these systems do not autonomously interpret environ-
mental context or social norms to generate appropriate gestural 
behaviors. Future research should prioritize the development of 
proactive interaction capabilities, enabling dexterous hands to 
dynamically assess situational cues and execute socially con-
textualized gestures without explicit user commands, thereby 
advancing toward more natural and intuitive human–robot col-
laboration.

By systematically tackling these challenges — through tighter 
hardware–software co-design, deeper semantic reasoning, and 
enriched multimodal frameworks — we can move closer to robotic
hands that not only mimic human dexterity but also participate 
meaningfully in social and emotional exchange.

6. Conclusion

In summary, dexterous robotic hands are evolving beyond 
mechanical replication toward cognitive empathy, where ges-
ture naturalness directly influences user trust and satisfaction. 
Large language models play a pivotal role in this transition, 
moving gesture control from rigid, rule-based routines to flexi-
ble, context-sensitive semantic generation. By systematically re-
viewing gesture generation technologies and grounding them in 
theories of human cognition and language, we have articulated a 
novel ‘‘perception–cognition–generation–assessment’’ loop. This 
closed-loop approach integrates multimodal sensing, transformer-
based semantic understanding, dynamic trajectory synthesis, and 
quantitative and qualitative user feedback. Adopting this frame-
work promises to advance humanoid robots from mere ma-
nipulators to socially intelligent partners capable of authentic, 
empathetic non-verbal interaction.
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