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Abstract

Humans use verbal and nonverbal cues for effective communication,
particularly during group interactions. Enabling intelligent systems
— such as robots and virtual agents — to understand and generate
such cues is crucial to facilitate natural and trustworthy human-
robot interactions. We propose Social Behavior Model (SBM), a
novel framework to generate socially appropriate actions in multi-
party scenarios. Specifically, SBM takes into account the contextual
information from surrounding individuals and the history of inter-
action data to generate socially coherent actions for an intelligent
agent, including dialogue content and nonverbal cues like pose.
To adapt pre-trained LLMs to the domain of social behavior, we
fine-tune them using the Low-Rank Adaptation (LoRA) technique
on a newly curated, labeled dataset containing multiparty social
cues such as text and pose data. This method preserves the base
model’s capabilities while enabling domain-specific adaptation with
minimal computational cost. Given the lack of prior work on multi-
party social behavior generation, we benchmark our model against
state-of-the-art methods in dyadic pose generation. Our results
demonstrate superior performance, establishing SBM as the first
foundation model that integrates multiparty verbal and nonverbal
social cues generation grounded in context understanding.
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1 Introduction

Understanding the dynamics of multiparty social interaction is a
complex challenge, yet it is essential for intelligent systems — such
as robots and virtual agents.This challenge aligns with the broader
goals of human-centered computing, which aims to steer the de-
velopment of Al systems toward improving human well-being.
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Within this framework, Al agents must be capable of engaging
with users in intuitive and human-like ways. A promising direc-
tion in this pursuit is the development of human-like Al agents
to mimic human-human interactions [8, 21, 24]. Such agents can
uniquely capture and hold a user’s attention, especially in the early
phases of interaction, often more effectively than text or speech
alone [1]. This capability has particular relevance for applications
in healthcare—e.g., to support individuals with depression, autism
spectrum disorders, or social anxiety [9, 11]—as well as to enhance
user familiarity and trust, which are critical to fostering long-term
engagement [3, 14]. To facilitate acceptance by humans, Al systems
must be able to perceive and interpret human behavior, and respond
with human-like sensitivity and social fluency.

Existing Al agents can perform a wide range of tasks, including
listening [10], planning and executing robot motions [13, 16, 23],
performing collaborative lifting [17], greeting people in social en-
vironments [22], and even engaging in physical gestures such as
hugging [2]. However, there remains a significant gap: no existing
method serves as a foundation model capable of understanding
human behavior and generating rich, multi-modal responses that
integrate multiple behavioral features in complex, real-world social
settings. This is challenging as human social behavior includes sub-
tle and coordinated verbal and nonverbal cues—including speech,
body language, and fine-grained movements that reveal underlying
intent. Prior work has addressed this challenge using text prompt
engineering and heuristic rules [20], temporal graph modeling [10],
and denoising diffusion techniques [15]. However, many of these
solutions are not end-to-end and rely on external modules, which
limits their robustness and scalability. While recent diffusion-based
methods offer more integrated solutions, they focus on dyadic in-
teractions and do not generalize to group settings.

The emergence of generative Al—particularly Large Language
Models (LLMs) and Vision-Language Models (VLMs)—has acceler-
ated research in human-AlI interaction. These models have demon-
strated impressive capabilities for generating natural verbal interac-
tions [12, 18], however, they fall short in scenarios involving embod-
ied agents like robots. This shortcoming arises because LLMs and
VLMs are not inherently designed to drive physical behavior or em-
bodiment, which is critical for natural and engaging human-robot
interactions [19]. LLM generally interprets the extensive knowl-
edge that can empower the behavior model to be able to work with
unseen objects and also can serve as the backbone of the model
[6]. With recent rapid developments, variants of LLMs can accept
not only text but also image, video, speech, etc. [4, 5, 25]. However,
it is still not explored yet on how to integrate temporal human
behavior into LLMs due to the strong causality, which is there are
spatial correlations between behavior features and temporal cor-
relations across time. For example, the hand gesture of a person
should obtain: i) semantically align with body, facial, and speech,
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Figure 1: We show (a) a frame grabbed from the DnD dataset
[15] to demonstrate the problem formulation of action gen-
eration during multiparty social interaction, and (b) the
overview of the SBM . Given the multi-modal observations
from multiple people and historical information, the SBM
outputs speech, text and body motion for a selected person,
who can be replaced by an intelligent agent or robot.

ii) movements are continuous, and iii) be similar but not the same
as a deja vu situation according to personality.

We propose SBM , a novel foundation model for generating so-
cially appropriate actions in group interactions involving multiple
people. Our model leverages the learned semantics of a pre-trained
LLM to generate realistic body poses in response to social context.
We fine-tune the LLM in an auto-regressive manner, incorporating
interaction history to generate temporally coherent actions. Unlike
previous methods, SBM employs lightweight adapters trained on a
compact, labeled dataset of human-human interactions—including
aligned text, pose, and audio—to model the correlation and synchro-
nization across multiple social modalities. This design enables SBM
to explicitly capture multi-modal dependencies among participants
in a scene, ensuring that the generated verbal and nonverbal behav-
iors are contextually appropriate, temporally aligned, and socially
coherent. Our key contributions are as follows:

e SBM to generate nonverbal cues considering the social con-
text from multiple people, and

o the representation of social context, which we validate using
experiments with an open-source dataset.

2 Social Behavior Model (SBM)

The proposed SBM framework to generate socially appropriate
actions for a selected target person during multiparty interactions is
illustrated in fig. 1. The core task is to generate verbal and nonverbal
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actions—including body pose, hand pose, and speech transcript—for
a single target person, based on the context of the surrounding
people and the recent history of the interaction. We assume that
the visual and auditory features—such as body pose, hand pose, and
speech transcripts—are already extracted from input videos using
state-of-the-art methods. These features serve as the input to SBM,
which focuses solely on action generation. The model is designed
with the goal to enable a social robot to replace one of the humans
in a group interaction by generating socially coherent actions.

2.1 Social Context Encoding

We explore three variants of SBM in fig. 2 to evaluate how different
representations of social context influence action generation qual-
ity. We aim to systematically investigate how the granularity and
format of contextual information affect the model’s performance
in generating socially aligned multimodal behaviors.

Pose-Only Context (Variant A).. The simplest version of our model
uses only the past sequences of body and hand poses from all partic-
ipants as input. This variant predicts the target person’s future pose
based solely on these low-level physical features. While this repre-
sentation is lightweight, it lacks semantic information, which often
leads to outputs that are less socially appropriate or temporally
aligned with the underlying group dynamics.

Pose + Transcript Context (Variant B).. The second variant extends
the input by including the speech transcripts of all participants in
the interaction. This provides semantic context in addition to phys-
ical pose data. The model is trained to generate not only the target
person’s body and hand poses, but also their expected speech tran-
script. While the addition of semantic content helps align physical
and verbal behaviors, this approach introduces a large volume of
raw text that can overwhelm the model and reduce interpretability
due to noise and redundancy in human conversations.

Pose + Summarized Social Context (Variant C).. The most ad-
vanced variant uses high-level summaries of the group interaction
as input. These summaries are generated using a ChatGPT model
applied to the raw transcripts. The summary captures both coarse
and fine-grained context, such as overall group tone (e.g., friendly
discussion), speaker-target relationships (e.g., who is addressing
whom), and nonverbal cues (e.g., a participant folding their arms).
This holistic representation offers a balance between semantic rich-
ness and input tractability, enabling the model to generate coherent
and socially compliant responses. The output remains the same:
body pose, hand pose, and speech transcript of the target person.

2.2 Model Architecture

The backbone of SBM is an LLM, chosen for its powerful semantic
understanding and flexible token-based input/output architecture.
While LLMs are inherently designed to process textual data, we
extend their capabilities to handle structured physical informa-
tion such as body and hand poses by converting these signals into
tokenized forms. To achieve this, we design a pose encoder that
transforms raw joint angle vectors into discrete tokens that are com-
patible with the LLM input format. Each token encodes a specific
configuration of body or hand joints, allowing the LLM to reason
about physical dynamics alongside textual semantics. The model is
trained to auto-regressively predict future actions, including motion
and speech, for a given target individual based on recent history
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Figure 2: The experiments to evaluate the SBM framework using different representation of social context using (a) Variant A:
only the pose of multiple people, (b) Variant B: the pose and text of multiple people, and (c) Variant C: the pose and social
context of multiple people generated by ChatGPT-o. The backbone of our model is a pre-trained LLM model.

and contextual input. During decoding, the output tokens corre-
sponding to motion are fed into a pose decoder that reconstructs
continuous joint angles for both body and hands. Simultaneously,
text tokens are directly interpreted as the speech.

Backbone and Adaptation Strategy. We use LLaMA-3 [6] as the
LLM backbone, which offers state-of-the-art performance in rea-
soning and text generation. However, adapting such a large pre-
trained model to a new domain (i.e., social interaction modeling) is
computationally expensive. To address this, we employ the Low-
Rank Adaptation (LoRA) technique [7], which enables efficient
fine-tuning of large models by injecting small, trainable low-rank
matrices into the frozen weights of the pre-trained network.

Low-Rank Adaptation (LoRA).. LoRA fine-tunes large pre-trained
models by injecting trainable low-rank matrices into the frozen
weight matrices. Instead of updating the full weight matrix W e
Rk, LoRA decomposes the update into two smaller matrices:

AW = AB, where A e R™*" Be R™k  « min(d, k) (1)
The adapted weight becomes:
W =W +AW = W + AB ®)

This significantly reduces the number of trainable parameters
during fine-tuning, while retaining the general capabilities of the
pre-trained model. In our case, LoRA is applied to selected pro-
jection layers of the LLaMA 3 model to specialize it for social in-
teraction modeling. We train these adapters using synchronized
annotations of body pose, hand pose, and speech for each partici-
pant. The adapters allow SBM to specialize in modeling the intricate
dynamics of social behavior while maintaining the general-purpose
reasoning strength of the original LLaMA-3 model.
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3 Experiments

We use the DnD Group Gesture Dataset [15], which provides a
rich dataset of multi-person interactions. We follow the proto-
col defined in the paper , using an 80%/10%/10% split for train-
ing/validation/testing to ensure comparability using:

e L1 Divergence (L1Div): Computes the ability of models to
span the space of gesture motions with enough coverage.
This represents the diversity of the pose. L1Div is computed
for both the predicted joints of a human skeleton and the
Ground Truth (GT) joints in a given dataset, and the differ-
ence is smaller the better.

Mean Per Joint Position Error (MPJPE): Measures the
average distance between the predicted joints of a human
skeleton and the ground truth. MPJPE is smaller the better.

3.1 Pre-processing

We segment the continuous motion and transcript data into fixed-
length clips. Each clip consists of 64 consecutive frames, corre-
sponding to a few seconds of interaction. This chunking allows the
model to learn from temporal windows while capturing meaningful
interaction context. Only segments with utterances are used to train
model to generate synchronized verbal and nonverbal response.
3.2 Comparison with the Benchmark

We first evaluate the performance of SBM against the state-of-the-
art baseline ConvoFusion [15]. Table 1 shows the results of the
comparison across three SBM variants. L1Div quantifies the distri-
butional difference between ground-truth (GT) and predicted (Pred)
joint motion. A smaller absolute difference (GT - Pred) indicates a
better match between the diversity of generated and human motion.
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The preliminary results are promising as they demonstrate im-
provement of SBM over the ConvoFusion in terms of motion di-
versity. While ConvoFusion shows a large divergence gap of 3.93
between ground-truth and predicted motion distributions, all vari-
ants of SBM maintain a smaller gap below 0.05, highlighting the
ability of our model to more accurately replicate the natural vari-
ability in human motion. Among the SBM variants, we observe a
consistent trend as more lower level context such as pose and raw
speech transcripts are introduced into the input, the divergence gap
decreases. The pose-only variant already performs well, indicating
that our approach can model reasonable motion distributions even
from low-level signals. However, adding raw speech transcripts
improves the alignment of motion with the underlying interaction
dynamics, reducing the gap further to 0.0171.

The performance of the SBM deteriorates when the higher level
semantic context which incorporates the description of the social
scene generated by ChatGPT-o is added to the pose. Although the
results of L1Div gap (0.0474) is still better than the ConvoFusion
benchmark, it is noteworthy the semantically rich context could
make it difficult for the model to capture the nuanced relationships
between the different modalities and people in social scenes. Con-
voFusion exhibits a much higher divergence due to its reliance on
heuristic and modular processing pipelines, which can limit its ca-
pacity to model the full range of human-like gestures in multiparty
interactions. Our end-to-end framework—grounded in LLM-based
semantic modeling and LoRA-based fine-tuning—offers a more co-
herent integration of motion and social context. These findings
suggest the effectiveness of SBM as a foundation model for social
behavior generation and highlight the importance of incorporating
structured, context-aware inputs in multimodal interaction.

L1Div
Method GT  Dred (GI-Pred)]
ConvoFusion 5.1200  1.1900 3.9300
SBM (pose) 0.5369  0.5175 0.0194
SBM (pose+transcript) 0.5369 0.5199 0.0171
SBM (pose+context) 0.5369  0.4895 0.0474

Table 1: Comparison of L1Div performance metrics for body
motion prediction between ConvoFusion [15] and SBM . The
last column shows the difference between the ground-truth
(GT) and the prediction (Pred), the number is lower the better.

3.3 Pose Tokenizer Ablation

table 2 shows the ablation study comparing model performance
with and without the pose tokenizer, which refers to an encoder
that converts continuous joint angle values into discrete tokens,
enabling more effective integration with the LLM input format.
The results suggest removing the pose tokenizer leads to better
performance. Models without the tokenizer achieve lower MPJPE
and L1Div, indicating more accurate and diverse motion generation.
These findings suggest directly feeding normalized joint angles into
the model could be more effective than discretizing them through a
tokenizerThe added quantization introduced by the tokenizer may
result in information loss, limiting the model’s ability to generate
fine-grained, human-like motion. While pose tokenization offers a
convenient mechanism for text-based models, our results show that
retaining continuous representations yields superior performance
in both accuracy and motion diversity in our context.
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4 Discussions

The preliminary results of SBM outperforms the ConvoFusion base-
line across all metrics which demonstrates SBM is promising to
produce more human-like and varied gestures that closely align
with the natural distribution found in the dataset, thus suggesting
the effectiveness of our end-to-end generative approach. L1Div
reflects how closely the distribution of generated motions matches
that of real human behavior, making it suitable for assessing di-
versity and realism—critical attributes in social behavior modeling.
MPJPE quantifies per-joint accuracy and serves as a precise mea-
sure of motion quality at the frame level. Together, these metrics
evaluate diversity and spatial accuracy.

Models trained without pose tokenizer perform significantly
better than those with it. This suggests that direct modeling of
continuous joint angles could be more effective than converting
them into discrete tokens for LLM input. We hypothesize that the
tokenization process introduces quantization errors, which hinder
the model ability to generate nuanced and fine-grained motion pat-
terns. While tokenization is beneficial in cases with strong symbolic
structure (e.g., language), in the case of continuous human motion,
preserving precision appears more important.

Interestingly, the low level representation of social scene using
speech transcript and pose yields the best performance over the
semantically rich context of descriptions generated by ChatGPT-
o. This suggests the semantic information provided by high-level
context—such as group mood or who is addressing whom — offers
limited benefit beyond what is already captured by raw motion and
transcript inputs. There could be over-abstraction of the social scene
which is too general for the SBM to learn the nuanced relationships
within the social interaction. There are several potential reasons
for this. First, the summaries are generated via a LLM and may
lack detailed temporal alignment with the actual interaction flow.
Second, the model may already infer sufficient semantic structure
directly from the sequence of past poses and speech, diminishing
the marginal value of abstracted context. Lastly, current LLMs may
not be fully optimized to leverage structured group-level summaries,
especially if such inputs are loosely formatted.

Method Tokenizer (GT-Pred)| (MPJPE) |
SBM (pose) 0 0.0194 0.1682

1 0.0792 0.4702
SBM (pose+transcript) 0 0.0171 0.1161

1 0.0792 0.4681
SBM (pose+context) 0 0.0474 0.1899

1 0.0796 0.4685

Table 2: Ablation tests of SBM with and without pose tok-
enizer in the second column.

5 Conclusion

Incorporating low level social context such as pose key points and
speech transcription (i.e., pose+transcript), leads to improved so-
cial behavior generation. High level abstraction of social scene is
challenging for the SBM to learn. However, this limitation likely
depends on the quality and granularity of the context summary,
which warrants further investigation. Our model is limited to sce-
narios where the target person is actively speaking. Extending the
model to predict speaking turns and transitions between speakers
remains an important direction for future work.
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