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Abstract: In recent years, diffusion models have made remarkable success in generating 

realistic human motions. However, existing robot pose-learning approaches are largely 

focused on single-task and one-to-one scenarios, failing to account for multi-person social 

interactions. This limitation leads to rigid, context-insensitive behaviors that are ill-suited for 

real-world service scenarios. Consequently, current systems often produce robotic behaviors 

incapable of the fluidity and responsiveness expected in human-centered environments, a 

shortcoming underscored by affordance theory in robotics. To address this issue, we propose 

RoboActor, an innovative human-robot interaction behavior planner, draws inspiration from 

theatrical acting to orchestrate both deliberate and automatic actions. Our framework 

leverages Large Language Models (LLMs) to disentangle primary command-driven tasks 

from secondary, context-induced subtasks. By this means, RoboActor generates lifelike and 

socially appropriate behaviors in multi-person settings, significantly enhancing the 

naturalness, engagement, and realism of service robots in everyday social applications. 

 

Keywords: Human-Robot Interaction; Social Robotics; Affordance Design; Large 

Language Model; Multi-Person Interaction 

  

                  



 

 

1. Introduction 

Affordance theory, originally developed in ecological psychology, has been widely 

adopted in design disciplines to explain how the properties of objects suggest their potential 

uses [1]. In product and interface design, an object’s shape, material, or layout inherently 

conveys how it can be interacted with, thereby enabling intuitive human behavior without the 

need for explicit instructions [2]. This perspective underscores that action arises not solely 

from internal cognitive rules, but from the dynamic coupling between an agent and its 

environment. When extended to robotics, “affordance” transcends physical manipulation to 

encompass social cues and contextual roles [3,4], implying that a robot should perceive not 

only what actions an object affords, but also how it ought to behave toward people in shared 

social spaces [5]. Hence, affordance provides a unified framework for grounding both 

functional and socially appropriate behaviors in situated perception [6]. 

With the deep integration of artificial intelligence (AI) and robotics, human-robot 

interaction (HRI) has emerged as a key enabler for service robots transitioning from 

controlled laboratory settings to dynamic real-world environments [7]. Systems such as 

restaurant servers and household companions are expected to engage with humans in natural, 

fluid, and socially aware ways. However, real-world deployments often involve multi-person 

scenarios characterized by intricate social relationships, competing intentions, and diverse 

contextual demands, e.g., serving multiple customers at a table or interacting with several 

family members during a gathering [8].  

Despite these complexities, current HRI research remains largely confined to one-to-one 

interactions or task-centric models that assign robots narrow functional roles, yielding 

inflexible behaviors [9]. These approaches often overlook the “social affordances” of multi-

agent settings, failing to account for how group dynamics, spatial arrangements, and object-

mediated roles jointly prescribe appropriate conduct. Consequently, robots struggle to 

interpret implicit cues, resulting in rigid behaviors that undermine user experience. To bridge 

this gap, this work proposes an interaction framework grounded in affordance theory. By 

enabling robots to discern not only functional possibilities but also socially normative 

behaviors, we aim to generate adaptive, human-like interaction logic essential for multi-

person environments. 

Traditional human-robot interaction (HRI) approaches fall almost exclusively into two 

paradigms: rule-based controllable supervised interaction and unsupervised adaptive 

interaction grounded in autonomous learning and contextual reasoning [10]. Rule-based 

systems encode all behavioral contingencies into rigid “if-else” hierarchies, yielding 

deterministic predictability at the cost of brittleness in dynamic settings. For instance, a robot 

in a busy restaurant may place plates on the table without regard for who is attentive or in 

what emotional state [11]. Supervised-learning alternatives replace hand-coded rules with 

large datasets of annotated behavior-scenario pairs, yet they only partially solve the problem: 

annotation costs escalate rapidly, and the resulting policies remain fragile, failing when user 

count or behavioral nuance deviates from the labeled distribution. Current approaches face 

three core challenges: (1) inability to dynamically identify social foci in multi-person scenes; 

                  



 

 

(2) lack of autonomous generation of non-instructional behaviors; (3) difficulty in grounding 

abstract language instructions into actions that respect both physical and social affordances. 

In the application of large language models (LLMs) involved in the HRI field, existing 

research predominantly focuses on dialogic interaction, which means enabling robots to 

respond to user queries through LLMs while rarely addressing physical behavior decision-

making [12]. Specifically, how robots navigate physical spaces and adapt actions in multi-

agent scenarios. Moreover, even when LLMs are employed for behavioral decision-making, 

existing studies fail to integrate natural behavioral patterns with dynamic situational contexts 

[13,14]. Consequently, robots remain mere task executors rather than socially conscious 

agents capable of meaningful interaction. 

This limitation is especially pronounced in multi-person scenarios, which remain 

underexplored in HRI research. Most studies focus on either one-on-one interactions or 

solitary robot tasks, neglecting contexts where multiple humans coexist, communicate, and 

maintain social ties while interacting with a robot [15]. This research gap leads to robots 

either behaving inappropriately or simply ignoring human presence in real-world multi-

person environments, which seriously violates human social expectations. 

To address these gaps, we propose RoboActor, a framework that deeply integrates 

adaptive robot personality with unsupervised LLMs to generate context-sensitive, naturalistic 

interaction patterns for multi-person environments. By modeling personality as a dynamic 

trait that adjusts to interaction partners and situational cues, RoboActor enables robots to 

behave less like machines and more like responsive social actors.  

In summary, the contributions of this paper mainly lie in the following three aspects: 

(1) We extend affordance theory in robotics to advocate for more natural interaction of 

robots in multi-person environments. 

(2) We propose RoboActor, an innovative HRI framework enabling robots to engage 

with multiple people in a natural and socially appropriate manner. 

(3) We introduce a novel approach to quantitatively assess the naturalness of robot 

behavior in multi-person interactive settings. 

2. Related Work 

2.1 Affordance in HRI 

The Affordance Theory was first proposed by American ecological psychologist James 

J. Gibson in 1977. The core idea of this theory is that affordance represents the action 

possibilities that the environment offers to humans [16]. This possibility is neither purely 

objective nor entirely subjective, but rather an attribute of the relationship between the 

environment and the human being ourselves. In recent decades, affordance theory has been 

applied to the field of design as an alternative or supplement to functional reasoning [17]. The 

                  



 

 

functionalist approach is normative, while the affordance approach emphasizes relationality 

and adaptability. They offer a comprehensive meaning for describing how users perceive, 

engage and interpret spatial configurations, whether at a small scale like a door handle or at a 

large scale like a museum exhibition hall [18]. Recent research highlights that affordance is 

not limited to technological design but also encompasses cognitive, emotional, and social 

dimensions. 

With the development of robot technology, the affordance theory has been introduced 

into the field of robot perception and control to help robots understand what can be done in a 

specific environment [19-22]. In robotics, the model of representing affordance as an entity-

behavior-effect triplet is currently widely adopted. Sahin proposed in their 2007 work to 

formalize an interaction event as a triplet: Entity, Behavior, Effect, corresponding 

respectively to perceived object or environment features, action units that robot can perform, 

and observable changes caused by the action [19]. In 2025, Wang J et al. explicitly juxtaposed 

static attributes such as appearance and sound with dynamic behaviors such as actions and 

language, viewing them as dual channels through which robots display their affordances to 

users. It is based on these cues that users form expectations of what I can do to it or what it 

can do to me [20]. The research team that developed ACKnowledge has for the first time 

proposed a framework of human-compatible affordance planning, enabling robots to 

autonomously engage in natural behavioral interactions beyond their core tasks. This 

framework allows robots to proactively insert low-cost overflow behaviors such as emotional, 

conversational, and postural ones including situational humor, nodding and smiling, and self-

disclosure in human-robot interaction. It is adaptive and user-adaptive, supporting agents 

working in dynamic human environments to conduct human-compatible, affordance-based 

interaction planning [21]. AffordDex is a novel two-stage training framework that can 

intrinsically understand motion priors and object affordances, thereby enabling a universal 

grasping strategy. The research designed a robot object retrieval method based on affordance, 

developing an object retrieval model based on object use descriptions, which can assist robots 

in conducting natural language object retrieval in human-populated environments [22]. 

In conclusion, the existing interaction planning methods based on affordance, although 

they incorporate conventional human-robot interaction, do not address the more realistic 

scenario of multiple people being present. Although these methods can successfully execute 

low-level instructions and high-level planning, they lack a certain degree of generalization 

and are unable to perform behavioral interaction planning for robots in the presence of 

multiple people. 

2.2 Human-Robot Interaction Methodology 

2.2.1 Human-Robot Interaction on Supervised Learning   

Supervised learning models emerged with the advancement of machine learning, where 

researchers train models by annotating large numbers of scene-behavior pairs such as when 

elderly individuals are present in a scene, the robot should slow down its speech rate [23]. 

                  



 

 

However, this approach suffers from the limitations and lag of annotated data. Real-world 

multi-person scenarios are highly dynamic, and annotated data cannot cover all possible 

situations. Moreover, when new scenarios arise, models require re-annotating data to adapt, 

which incurs extremely high costs. For instance, in multi-person meeting scenarios, 

supervised models might only respond to speakers while neglecting other participants' body 

language and attention changes. 

Most current robot learning methods rely on supervised learning frameworks, such as 

imitation learning and Vision-Language-Action Models (VLA). PaLM-E [24], as a large-

scale embodied multi modal model, can handle various embodied reasoning tasks across 

multiple observation modalities and embodied models, demonstrating strong transferability. 

This is achieved through diverse joint training across internet-scale linguistic, visual, and 

visual-language domains. For instance, Unitree g1 employs video imitation to control robot 

movements [25], but the scarcity and cost of action-tagged data in robotics limit the 

generalization of learned strategies. In contrast, abundant untagged video data is easily 

acquired, yet converting these observations into effective strategies is still challenging. 

AMPLIFY [26] proposes a novel framework that encodes visual dynamics into compact 

discrete motion tokens derived from key point trajectories, transforming massive video data 

into usable training resources for Human-Robot Interaction (HRI). These video imitation, 

VLA and VLM-based learning methods significantly reduce the cost of traditional manually 

annotated datasets while enhancing action dataset diversity.  

However, in real-world robotic applications, human control remains essential as robots 

cannot autonomously perform real-time action judgments and execution. Traditional VLM 

systems rely on straightforward visual-text alignment such as image-text matching or 

semantic action descriptions, operating at the perceptual level without generating robot 

actions[24-27]. The core of conventional VLA focuses on single-user, single-task action 

generation, which often falls short in multi-user environments and fails to meet diverse needs. 

While traditional VLA excels in industrial inspections and household tasks like vacuuming or 

object retrieval, these applications require minimal social interaction. 

2.2.2 Application of LLM in Human-Robot Interaction  

Nowadays large language models such as GPT-4o [28] and Claude 3 [29] have made 

significant progress in human-robot interaction (HRI) dialogue. These models now enable 

robots to understand natural language instructions, answer complex questions, and even 

engage in emotional communication, with real-time feedback through unsupervised 

commands. Current research primarily focuses on how LLMs promote robot autonomy by 

converting advanced natural language instructions into low-level control signals, supporting 

semantic planning, and enabling adaptive execution. SayTap [30] improve robot gait stability 

through contact patterns generated by LLMs, while TrustNavGPT [31] achieves a word error 

rate of 5.7% in noisy speech environments by modeling user uncertainty. Van der Geer J et al. 

explored using GPT-4o to directly instruct robots, while Alter3 demonstrates real-time 

generation of action feedback through diverse human natural language, significantly 

improving the generalization of rule-based robot actions [32]. The WildLMa [33] team 

                  



 

 

developed a skill-learning interface, which enables large language models to coordinate skills 

for robots during extended tasks. 

More crucially, existing large language models have never been applied to dynamic 

behavioral adaptation in multi-person scenarios within HRI. While LLMs powerful contextual 

understanding and generative capabilities could be used to analyze complex information like 

social relationships and emotional states in multi-person settings, this potential remains 

untapped [34]. Robots in such scenarios remain one-way task executors rather than two-way 

social participants. 

2.3 Human-Robot Interaction in Multi-person Environment 

Meanwhile, the robotics community is actively exploring natural human-robot 

interaction [35]. For instance, SkillMimic [36] developed a unified human-robot interaction 

imitation framework that effectively captures diverse interaction patterns from human-robot 

interaction datasets. Actformer [37] utilizes Transformer encoders to alternately model 

temporal correlations and human interactions, achieving superior performance in generating 

both single-person and multi-person motion tasks while providing a comprehensive multi-

person combat behavior synthesis dataset, offering valuable prior knowledge for multi-person 

interaction research. Samantha Regan [38] and colleagues from Carnegie Mellon University 

and Princeton University designed flexible agent embodiments that allow agents to control 

different robots when switching between scenarios, enabling multi-person interactions within 

a single robot. This innovation allows robots to handle individual user tasks while 

maintaining appropriate behavior in the presence of others. InterGen [39] introduced an 

efficient diffusion method enabling users to customize high-quality two-person interactions 

through text guidance. The team also created the InterHuman multi-modal dataset, containing 

approximately 107 million frames simulating various two-person interactions. Furthermore, 

Philipp Muller [40] exploit gaze focus during conversations, achieving eye-contact detection 

in natural three to four person interactions via environmental simulated cameras, though 

limitations persist in simulated environments. Yun and his colleagues at the University of 

Cambridge developed a computational model to assist social interaction robots in selecting 

appropriate conversation partners within multi-person interaction scenarios [41]. 

To date, academia has largely overlooked multi-person human-robot interaction (HRI) 

research. Existing studies on multi-agent interactions predominantly examine interactions 

between multiple robots, rather than between human groups and individual robots [42]. In the 

limited literature, researchers either reduce multi-person scenarios to separate single-person 

interactions where robots sequentially interact with individuals while ignoring social 

connections or assign robots to non-social tasks such as cargo transportation in crowded areas 

[43-47]. This research gap leaves robots completely lacking in social awareness and 

behavioural adaptability within real-world social environments [48,49]. For instance, during 

group gatherings, robots might only respond to the nearest individual while ignoring others' 

interaction needs, which starkly contradicts human social norms [50]. In summary, while HRI 

                  



 

 

has advanced in single-user interaction and task execution, robots still lack an affordance-

theory-grounded, LLM-enhanced adaptive behavior planning capability for real-world multi-

person social scenarios [51-54]. The proposed RoboActor framework aims to fill this critical 

gap. 

Therefore, this article aims to, based on the affordance theory, utilize the automatically 

recognized E-B-E triplets' associative ability in multi-person environments to enable robots to 

perform adaptive and flexible autonomous multi-person interaction behaviors beyond the 

designated tasks. 

3. Method: RoboActor  

As previously discussed, to enable service robots to exhibit more natural behaviors in 

multi-person scenarios, they must be capable of considering the awareness of multiple 

participants present [55]. Much like a skilled actor who considers various factors during 

performance, the robot should immerse itself in the environment rather than merely 

completing tasks [56]. This requires the robot to perform comprehensive visual detection of 

the surrounding environment, identify key entities within the space, and execute dynamic path 

planning optimized for multi-agent coordination. Therefore, to better achieve natural 

interaction between robots and humans in multi-person environments, the overall framework 

of RoboActor comprises three components: (i) Structured information input layer; (ii) LLM 

semantic analysis layer; (iii) Behavioral planning layer 

To enable seamless multi-person interaction, RoboActor integrates a three-layer 

architecture that eliminates redundancy while ensuring technical precision. The structured 

input layer captures scene context through Entity-Behavior-Effect (E-B-E) triplets, providing 

LLMs with grounded semantic inputs for accurate task planning. The LLM semantic analysis 

layer then dynamically infers contextual relationships and generates action-aware task 

sequences from this structured data. Finally, the behavioral planning layer translates these 

sequences into step-by-step executable actions with affordance-aware motion trajectories, 

ensuring robots move beyond task execution to socially adaptive engagement in dynamic 

group settings. From contextual perception to embodied action, this integrated flow enables 

natural, context-sensitive interaction without redundant technical phrasing 

                  



 

 

 

Figure 1 Framework of RoboActor 

3.1 Structured Information Input Layer 

To ensure comprehensive information acquisition by service robots, RoboActor collects 

visual data exclusively from MuJoCo's built-in camera system (resolution: 1280×720, 30Hz) 

within a defined scope. The system integrates a unified computational framework combining 

perception, natural language understanding, and embodied actions through camera inputs.  

The input comprises two components: a specified task such as serving the dishes to the 

table, and visual scene perception captured in real-time by a virtual camera within the 

simulated environment. During processing, the Visual Language Model first analyzes the 

image data to identify key elements in the scene, including different types of people such as 

women, men, and children with further identification of age and emotional tendencies, objects 

such as plates, tables, and dishes, and environmental characteristics such as whether the scene 

is a restaurant, home, or meeting room. 

Next, the LLM intervenes. Leveraging its contextual reasoning capabilities, the 

RoboActor system analyzes multiple semantic labels identified by the robot's virtual camera 

to form multiple triples. It then combines these with the Scene Element Tag output from the 

Visual Language Model to generate behavior instructions without supervision. These 

instructions are categorized into Permitted Actions and Prohibited Actions. Permitted Actions 

refer to movements the robot can execute in the current scenario, such as smiling at a child or 

                  



 

 

gently placing a plate. Prohibited Actions explicitly forbid certain behaviors like breaking a 

plate, attacking humans, or abruptly stopping tasks, ensuring safe and reasonable interactions. 

3.2 LLM Semantic Analysis Layer: Implementation of the 

“Actor” Attribute 

The LLM semantic analysis layer serves as the primary component implementing the 

Actor workflow in RoboActor. In multi user human robot interaction scenarios such as 

service robots simultaneously serving multiple users with distinct characteristics robots must 

accurately adapt to complex social environments and user needs. Traditional action decision 

systems struggle to capture implicit social rules like avoid collisions with long skirts or slow 

movements for children that lack explicit definitions. This research focuses on leveraging the 

core strengths of LLM in massive social knowledge reserves and advanced logical reasoning. 

It systematically transforms structured descriptions containing user characteristics such as age 

attire environmental information such as interaction space and task objectives such as file 

delivery into an entity relationship social constraint triplet format. This transformation 

process explicitizes and standardizes implicit social rules providing clear executable semantic 

constraints for robot action decision modules ultimately enhancing human robot interaction 

safety adaptability and user experience. To ensure RoboActor generated triplets meet 

technical requirements for robot motion control the design includes two key components, i.e., 

Prompt Engineering Design and LLM configuration. 

(1) Prompt Engineering Design: Prompt engineering design adopts an integrated 

architecture composed of four collaborative modules: task definition, constraint conditions, 

few-shot examples, and input/output format. These modules operate independently while 

maintaining mutual linkages to ensure coherent system behavior. 

(i) Task Definition: The core objective is to extract quantifiable social elements from 

structured data captured by the camera, while avoiding irrelevant information generation. 

Additionally, it requires incorporating contextual knowledge. Specifically, the role must 

integrate social etiquette norms and ergonomic principles to translate natural language 

interaction requirements into technical action constraints. 

(ii) Constraints: To ensure the comprehensiveness and implement ability of social 

constraints, it is explicitly required that the constraints must cover four core dimensions, and 

each dimension must meet the hard requirement of “convertible to robot action parameters”. 

(iii) Safety constraints: focus on avoiding personal injury and damage to property, such 

as contact force threshold and collision risk avoidance indicators; 

(iv) Physical adaptation constraints: adapt to user physiological characteristics, clothing 

characteristics and environmental physical constraints, such as the avoidance distance for 

users with long skirts and the movement amplitude limit for children; 

(v) Task execution constraints: ensure the efficient and accurate completion of core 

service tasks, such as document placement intensity and item delivery accuracy indicators; 

                  



 

 

(vi) Social interaction constraints: comply with daily social etiquette norms, such as 

interaction distance and action speed, which should take into account the psychological 

comfort of users. 

The essence of flexible personality lies in enabling robots to adapt behaviors to different 

objects like humans, a capability achieved through the integration of Etag and LLM. By 

learning from vast amounts of natural language data, LLM has mastered the implicit logic of 

object-appropriate behaviors in human society. For instance, it understands that children 

require more affectionate and gentle actions, elders demand polite and respectful postures, 

and fragile items like plates require careful handling. When VLM identifies scene elements 

and generates Etag tags such as child, woman, or plate, LLM applies these implicit rules to 

autonomously produce adaptive behavioral instructions. 

In a multi-person dining scenario, when VLM detects child and woman with a plate 

present, LLM might generate the following sequence: first, smile at the child and softly say 

this is your meal, then gently place the plate on the child's table, turn to the woman, politely 

say please enjoy your meal, and maintain the smile. This behavioral sequence perfectly 

mirrors human social logic in similar situations, making the robot's personality lively and 

adaptable rather than mechanically repeating the same actions. 

(2) LLM Configuration: After comprehensive evaluation of mainstream large language 

models including GPT-4 Turbo, Claude 3, and Gemini Pro, we ultimately selected the GPT-4 

Turbo model. This model demonstrates superior accuracy in complex semantic understanding 

and constrained generation, while supporting long-text input for structured description 

analysis across multiple users and scenarios. The parameter configuration includes: 

temperature set to 0.2, where lower values reduce randomness and enhance determinism, 

aligning with constrained quantization requirements; top-p set to 0.8, a kernel sampling 

parameter controlling diversity to prevent constraint loss due to over-constraint; and 

maximum output tokens capped at 2000 to ensure sufficient triple generation without 

redundancy. 

3.3 Behavior Planning Layer 

RoboActor's unsupervised behavior planning capability fundamentally distinguishes it 

from traditional supervised models in multi-person environments. Traditional supervised 

robot models require extensive manually annotated behavior data for basic action decisions 

[56]. When serving multiple people with different identities developers must input specific 

scenario-based guidelines [57]. This process demands significant manual effort and suffers 

from annotator subjectivity leading to biased decisions in complex scenarios [58]. RoboActor 

eliminates reliance on manual annotation by leveraging large language models' semantic 

understanding and knowledge integration capabilities. It achieves unsupervised interpretation 

of natural language and human social behavior patterns through the model's built-in social 

knowledge reserve. For unfamiliar interaction scenarios the large language model 

automatically generates socially appropriate behavior guidelines by analyzing implied social 

norms in text without additional developer rules. This breakthrough delivers dual value 

                  



 

 

eliminating huge time and labor costs in data annotation while enabling strong scene 

generalization. The robot adapts interaction styles dynamically to new user identity labels. 

Furthermore, the multi-focal behavior planning mechanism endows RoboActor with rich 

diversity in its actions, completely breaking the limitation of the single action mode of 

traditional robots. The core of this planning mechanism is that the robot parses task 

requirements from multiple dimensions instead of being confined to a single functional goal. 

Taking the common dining service task as an example, traditional robots usually only focus 

on the basic goal of deliver dishes to the designated location. In contrast, RoboActor can 

generate multiple complete behavior plans with distinct focuses, each corresponding to a 

different service value orientation. Figure 2 below shows an example how RoboActor plan its 

multifocal actions autonomously in a typical scene of restaurant service with multiple users. 

 

Figure 2 RoboActor's Planning for Different Person Target 

Plan A takes interpersonal interaction as its core focus and strives to make every diner 

feel fully noticed and respected. During execution, the robot actively establishes gentle 

interactions with diners. For example, when approaching children, it will lower its body 

height appropriately and ask in a lively tone if they need children's tableware. When facing 

elderly diners, it will slow down its speech rate and clearly explain the names and 

temperatures of the dishes. When communicating with young people, it can even provide 

simple matching suggestions based on current dietary trends. Throughout the process, it 

maintains natural simulated eye contact, filling the service experience with warmth. 

Plan B takes the scientificity and aesthetics of item placement as its primary goal, 

focusing on enhancing the visual experience and safety of dining. The robot plans the optimal 

placement area based on the size and shape of the dining table. It places spill-prone dishes 

                  



 

 

such as soups and hot dishes on the inner side of the table, while cold dishes and tableware 

are placed on the outer side for easy access. Dishes of the same type are placed together, with 

reasonable partitioning between staple foods and side dishes. A uniform spacing of about 

three centimeters is maintained between tableware to avoid collisions while ensuring neatness 

and order. For dishes with soup, it also proactively equips non-slip placemats to ensure safety 

and stability during the dining process. 

Plan C takes maintaining environmental harmony as its core principle, minimizing the 

interference of service behaviors on the dining atmosphere. The robot uses built-in sound 

sensors to judge the on-site communication status. When it detects that multiple people are 

engaged in intensive conversation, it automatically switches to silent mode, turns off its body 

prompt sound, and completes serving with slow and gentle movements. If it finds that guests 

at adjacent tables are having a quiet conversation, it will deliberately adjust its walking route 

to bypass the side of the conversation area, avoiding blocking the view or interrupting the 

dialogue with movement noises. When it needs to ask about requirements, it will choose a gap 

in the conversation to speak softly, ensuring that its service behaviors are perfectly integrated 

with the on-site environment. 

This multi-dimensional behavior planning capability fundamentally changes 

RoboActor's role positioning in multi-person scenarios. It is no longer just a single-function 

tool that can only execute fixed instructions, but a social participant that can flexibly adjust its 

behavior style according to scenario needs. This also makes human-robot interaction more 

natural, considerate, and better aligned with the complex needs of human social scenarios. 

4. Case Study 

4.1 Experimental Settings and Comparison Methods 

To validate RoboActor's effectiveness, the experiment simulated a classic service robot 

scenario in a group dining virtual setting. All experiments were conducted in the 

environment: MuJoCo  simulation system (v3.4.0), Ubuntu 20.04 LTS, Python 3.10.0 and 

ROS Noetic. Hardware: Intel Core i7-11800H CPU, NVIDIA RTX 4070 GPU, 32GB RAM. 

A virtual restaurant space was created with 3-5 virtual human characters, including children, 

adult women and adult men, representing diverse demographics, mimicking real-world dining 

environments. The virtual robot's task was to serve virtual dishes sequentially to virtual tables 

and interact naturally with the dining group. All experiments were conducted in MuJoCo 

physics simulation system, which efficiently simulates robot dynamics and multi-agent 

interactions. 

This experiment establishes two control groups to highlight the advantages of RoboActor: 

 

(1) Control Group 1: Rule-based Virtual Robot System. This system operates entirely 

through pre-set rules. The simplest command is: the service robot approaches the dining table, 

                  



 

 

places the virtual dish in the center, and outputs the text or voice message “Please enjoy your 

meal slowly”. The rules are fixed and lack any social adaptation. 

(2) Control Group 2: Supervised LLM-HRI Virtual System. This system trains an LLM to 

generate behaviors using labeled single-person virtual scene-behavior data, only supporting 

one-to-one interaction modes. In multi-person virtual scenarios, the robot defaults to treating 

one virtual human character as the primary interaction partner while ignoring the presence of 

other virtual human characters. 

4.2 Evaluation indicators 

To comprehensively evaluate the “naturalness” of virtual robot behavior, the experiment 

designed indicators from two dimensions: subjective and objective. 

(1) Subjective Metrics:  

We recruited 20 to 30 human participants with diverse backgrounds, including general 

users, robotics researchers, and psychology scholars, to view simulated interactions of virtual 

robots in three systems: RoboActor, rule-based system, and supervised LLM system. 

Participants rated naturalness of behavior, social appropriateness, and behavioral preference 

on a 1-to-5 scale, with 5 being the highest, indicating behavior fully aligning with human 

expectations. Additionally, we posed the open-ended question to collect qualitative feedback: 

“Which aspects of the virtual robot’s behavior do you find most natural or least natural?” 

(2) Objective indicators: 

(i) Interaction Engagement: We define this metric as the total duration of reciprocal 

social exchanges such as robot speaks and human responds with smile or speech. It reflects 

the level of mutual attention rather than mere co-presence. 

(ii) Behavior Diversity: Measured by the number of distinct behavior types executed 

such as greeting, bowing, adjusting plate position, silent waiting, normalized by total 

interaction time. 

(iii) Interaction Fluency: Count the number of effective social interactions between 

virtual robots and virtual human characters during the statistical task. Effective interaction 

refers to the virtual human character's preset positive feedback to the robot's behavior, such as 

smile animation response and preset language communication. 

4.3 Experimental Procedure 

The experiment is divided into three stages and is completed in a simulated environment: 

(1) Preparation phase: Train all human subjects on experimental tasks and scoring 

criteria; debug virtual robots, human avatars, and environments in the simulation platform to 

                  



 

 

ensure consistent simulation standards across three systems: RoboActor, rule-based system 

and supervised LLM system. 

(2) Execution phase: The virtual robot performs the 'multi-person dish service' 

simulation task under three system configurations, with each task repeated five times to 

eliminate randomness. The entire process is recorded using the simulation platform's screen 

recording function, capturing the virtual robot's actions and the preset reactions of the virtual 

human character, such as facial animations and speech output. 

(3) Analysis Phase: Collect subjective rating forms and open-ended feedback. Conduct 

statistical processing of raw data for objective indicators. Perform t-test analysis to evaluate 

significant differences between RoboActor and control group. Use ANOVA to explore the 

impact of different virtual populations on virtual robot behavior. 

5. Results and Discussion 

5.1 Experimental Results 

From the perspective of interaction engagement, Table 1 shows a stark contrast among 

the three systems. The rule-based virtual robot performed actions for sixty seconds but 

generated no interaction time with any role, confirming its complete absence of social 

responsiveness. The supervised LLM HRI system extended total behavior duration to eighty-

four seconds yet engaged only briefly with role A for two seconds and ignored roles B and C 

entirely. In comparison, RoboActor achieved ninety-five seconds of total activity and 

distributed meaningful interaction time across all three roles—five seconds with the child, 

seven seconds with the adult woman, and five seconds with the adult man—demonstrating 

balanced attention allocation in multi person settings. 

 

Robot Type Total duration Role A’s interaction Role B’s interaction Role C’s interaction 

Rule-based  60 0 0 0 

LLM-HRI  84 2 0 0 

RoboActor  95 5 7 5 

Table 1 Experimental Results from Interaction Engagement Perspective 

                  



 

 

Regarding behavior diversity, Table 2 reveals the qualitative richness of social responses. 

The rule-based system exhibited no interactive behaviors toward any role. The supervised 

LLM HRI system produced only a single behavior—face to face looking—limited to role A. 

By contrast, RoboActor executed distinct, role appropriate actions: it exchanged greetings and 

maintained mutual eye contact with the child, performed a respectful bow toward the adult 

woman, and provided detailed explanations about the dish to the adult man. This variation 

confirms that RoboActor generates context sensitive behaviors rather than repeating generic 

scripts. 

 

Robot Type Interact with Role A Interact with Role B Interact with Role C 

Rule-based virtual 

robot 

not have N/A N/A 

Supervised LLM-HRI 

virtual robot 

look face to face N/A N/A 

*RoboActor virtual 

robot 

Look at each other 

and say hello 

Bow Dish details 

Table 2 Experimental Results from Behavior Diversity Perspective (Objective Indicator (ii)) 

In terms of interaction fluency, Table 3 quantifies the effectiveness of social exchanges 

through triggered feedback. The rule-based robot failed to elicit any positive response from 

virtual humans, resulting in zero effective interactions. The supervised LLM HRI system 

succeeded in triggering one instance of feedback from its designated primary partner. 

RoboActor, however, generated three effective interactions, each corresponding to a different 

role, with virtual humans responding through smiles, verbal acknowledgments, or attentive 

gestures. This indicates that RoboActor’s behaviors not only reach multiple participants but 

also successfully close the interaction loop by evoking socially expected reactions. 

 

Robot Type Total Effective    

Interactions 

Qualitative Description 

                  



 

 

Rule-based virtual robot 0 No social feedback triggered from virtual humans 

Supervised LLM-HRI 

virtual robot 

1 Single positive feedback from primary interaction partner 

*RoboActor virtual 

robot 

3 Multiple positive feedback instances across all roles 

Table 3 Experimental Results from Interaction Fluency Perspective ((Objective Indicator (iii)) 

These objective indicators collectively demonstrate that RoboActor transcends the binary 

limitation of rule-based rigidity and supervised learning narrowness. By leveraging 

unsupervised LLM reasoning for social affordance perception and adaptive personality 

generation, the system achieves both breadth of role coverage and depth of behavioral 

appropriateness, addressing the core challenges of multi-person HRI identified in current 

literature. 

Figure 3 illustrates interaction sequences in a multi-person dining scenario revealing key 

differences in robot behavior. The rule-based robot executes unidirectional actions toward the 

child while ignoring others, demonstrating a rigid socially unaware approach. The supervised 

LLM-HRI robot interacts sequentially with child then adult man then adult woman, lacking 

contextual adaptation. RoboActor follows natural social norms by engaging adult woman first 

then adult man then child, aligning with formal settings where adults are addressed before 

children. Each RoboActor interaction involves bidirectional responsiveness, demonstrating 

simultaneous perception and reaction to multiple social cues. The figure provides visual 

evidence that RoboActor achieves higher social intelligence through role awareness 

contextual reasoning and adaptive interaction planning. 

                  



 

 

  

Figure 3 RoboActor's Serving Sequence in Multi-person Environment 

As shown in Figure 4 below, RoboActor generates role-sensitive interaction behaviors by 

aligning physical gestures with socially appropriate verbal expressions. When engaging the 

adult woman, it performs a respectful bow, reducing its torso angle from 55 degrees to 10 

degrees while delivering a courteous greeting. In contrast, its interaction with the child 

features an upward arm sweep from 30 to 135 degrees, paired with warm and playful speech. 

For the adult man, RoboActor adopts a neutral posture, adjusting its elbow angle from 90 to 

65 degrees while clearly presenting the dish with a professional introduction. This integration 

of embodied action and contextual language reflects its capacity to perceive and respond to 

social affordances across diverse user roles. 

 

                  



 

 

 

Figure 4 RoboActor's Specific Action Performance towards Role A, B, C in Multi-person 

Environment 

5.2 Result Analysis 

RoboActor's performance stems from its' trinity 'design advantages: The LLM's 

unsupervised generation capability frees it from the constraints of manually labeled data, 

enabling autonomous comprehension of complex multi-person virtual scenarios; VLM's scene 

perception ensures Etag accuracy, providing reliable behavioral adaptation for LLM 

generation; the flexible personality design aligns the robot's behavioral logic with human 

social habits, thereby comprehensively outperforming the control group in both subjective 

and objective metrics. 

                  



 

 

In contrast, the control group's rule-based system, constrained by rigid behavioral logic, 

demonstrated poor social awareness and adaptability in multi-user virtual environments, 

resulting in subpar performance across all metrics. The supervised LLM system, relying on 

single-user labeled data, was limited to' single-object 'interactions in group scenarios, failing 

to grasp the essence of' social group dynamics,' and consequently underperformed 

RoboActor. 

Experimental results demonstrate that RoboActor outperforms baseline methods across 

all ask success rate, natural interaction, and real-time performance without requiring 

customized multi-user interaction datasets. By integrating social knowledge from public 

datasets, LLM-driven decision logic, dynamic priority ordering, and unsupervised calibration, 

this framework effectively addresses core challenges in multi-user human-computer 

interaction, establishing a new paradigm for natural and efficient human-computer interaction 

in complex multi-person social environments. 

6. Conclusion 

The RoboActor framework proposed in this paper represents a groundbreaking 

exploration in the field of multi-agent HRI RoboActor pioneers a deep integration of flexible 

personality with unsupervised large language models, enabling virtual robots to exhibit 

human-like dynamic behavioral adaptation in multi-agent simulation scenarios. This 

innovation not only overcomes the limitations of traditional HRI methods characterized by 

rigid behaviors and scenario constraints, but also provides a novel approach for deploying 

service robots in real-world social contexts. Robots are no longer mere tools performing fixed 

tasks, but rather social participants capable of integrating into human groups. The paper also 

validates its significant advantages in behavioral naturalness and social adaptability through 

simulation experiments. 

RoboActor fills the research gap in the natural generation of autonomous motion and 

posture for service humanoid robots in multi-person interaction scenarios in social settings. 

However, in industrial factory and other scenarios, it still requires fine-tuning and adaptation 

to corresponding datasets. The research group plans to extend the application of the 

RoboActor framework to industrial and other scenarios in the future, with the aim of 

achieving higher generalization and enabling robots to have more natural collaborative and 

interactive work with humans in factories. 

Beyond academic contribution, this work offers practical guidance for commercial 

deployment of service robots. By enabling natural multi-person interaction, RoboActor can 

significantly enhance user satisfaction and reduce labor costs, making it suitable for high-

interaction settings such as restaurants, hospitals, and eldercare facilities. From a management 

perspective, this framework introduces new paradigms for human-robot team coordination 

and workflow optimization. Managers can leverage RoboActor's adaptive personalities to 

dynamically allocate robotic agents based on real-time interaction demands, thereby 

improving operational efficiency and service quality. Additionally, the reduction in training 

overhead and the flexibility of unsupervised adaptation present compelling cost-benefit 

                  



 

 

advantages for organizational adoption, supporting scalable deployment strategies across 

diverse service sectors. Future work includes industry collaboration for real-world pilot 

validation. 
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