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Abstract—Human motion in human-robot interaction (HRI)
is inherently uncertain, even when performing the same task
repeatedly. This variability poses a significant challenge for
prediction, as models must capture a distribution of plausible
futures rather than a single deterministic trajectory. Traditional
graph convolutional network based models, while effective at
capturing spatial temporal dependencies, are fundamentally
limited by their deterministic nature and struggle to represent
this inherent motion uncertainty. To address this, diffusion
models have emerged as a powerful framework for modeling
uncertainty. However, their direct application to HRI is
hindered by two key limitations: they often prioritize motion
diversity over prediction accuracy, potentially generating
physically implausible results, and they fail to adequately model
the complex, multi-scale spatial temporal coupling between
human and robot motions. To overcome these challenges, we
propose HRI-DGDM, a HRI motion prediction framework
based on a dual-graph guided diffusion model. Our method
introduces a dual-graph structure—comprising a structural
graph for kinematic priors and a collaboration graph learned
from motion dynamics—to guide the denoising process with
strong structural priors. A dedicated spatial temporal denoising
network (STDN) fuses multi-scale features from both graphs
through adaptive fusion and hierarchical spatial temporal
modeling. Furthermore, a masking-based conditioning
mechanism anchors the observed history during denoising,
ensuring temporal consistency and preventing drift.
Experiments on HRI scenarios demonstrate that HRI-DGDM
outperforms baselines in prediction accuracy.

I. INTRODUCTION

Human-robot interaction (HRI) is pivotal for intelligent
and personalized manufacturing, combining human flexibility
with robotic precision [1]. In human-centered HRI, robots
must proactively adapt to human intentions for safe and
efficient cooperation [2]. This necessitates accurate human
motion prediction, enabling robots to anticipate future
movements and avoid collisions [3].

Non-contact, skeleton-based modeling has emerged as a
robust approach for human motion capture in HRI, offering
advantages in data efficiency and noise resistance [4].
However, human motion in real-world HRI is inherently
uncertain, even when performing the same task repeatedly.
This uncertainty stems from the natural variability in human
behavior, where identical initial conditions can lead to
significantly different motion trajectories. This poses a critical
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challenge for human motion prediction in HRI [5].
Deterministic models, such as those based on recurrent or
graph convolutional networks, are fundamentally limited in
such scenarios [6] [7]. While effective at capturing spatial
temporal dependencies, their deterministic nature makes them
unable to represent the full distribution of possible futures and
inadequate for modeling the intrinsic uncertainty of human
motion.

While diffusion models offer a promising framework for
capturing motion uncertainty, their direct application to HRI is
problematic [8]. First, existing diffusion models often
prioritize diversity over accuracy, potentially generating
physically implausible human motions. Second, they typically
lack explicit mechanisms to model the complex, multi-scale
spatial temporal dependencies between human and robot
motions. The robot's presence is a crucial contextual cue that
should condition the prediction, but most models treat human
motion in isolation.

To address these limitations, we propose HRI-DGDM, a
novel HRI motion prediction framework based on a dual-
graph guided diffusion model. Our key insight is to integrate
strong structural priors into the diffusion process to guide the
denoising network towards accurate and physically plausible
predictions. Specifically, HRI-DGDM introduces a dual-graph
structure: a structural graph (SG) encoding the physical
adjacency relationships of the human and robot, and a
collaboration graph (CG) that dynamically learns functional
dependencies of human and robot joints. By embedding a
spatial temporal denoising network (STDN) that leverages
both graphs, our model effectively captures multi-scale spatial
temporal features. A masking mechanism further ensures
temporal consistency by anchoring the known past during the
denoising process. The main contributions of this work are
summarized as follows:

(1) We propose HRI-DGDM, a novel dual-graph guided
diffusion model for human-robot interaction motion prediction
that explicitly models multi-scale spatial temporal
dependencies.

(2) We design a STDN as the denoising network, which
explicitly integrates the structural graph and collaboration
graph through a multi-scale and adaptive fusion strategy. This
enables the model to dynamically leverage both physical
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kinematics and learned interaction patterns for accurate
prediction.

(3) A masking-based conditioning mechanism anchors the
observed history during denoising, ensuring temporal
consistency and preventing drift in the known past.

II. RELATED WORKS

A. Human Motion Modeling

Human motion modeling has been a cornerstone of
computer vision and robotics, with early work focusing on
deterministic prediction using recurrent neural networks [9],
[10] and convolutional networks [11], [12]. To capture the
inherent structure of 3D skeletons, graph convolutional
networks (GCNs) have been widely adopted [13], [14]. For
instance, STGCN [15] and SeS-GCN [16] leverage spatial
temporal graph convolutions for motion forecasting. While
effective, these deterministic models generate a single
trajectory and are fundamentally incapable of representing the
multi-modal uncertainty inherent in human behavior, where
identical initial conditions can lead to diverse future motions
[17]. To address this, diffusion models have emerged as a
powerful framework for modeling complex motion
distributions  [18], [19], [20], demonstrating superior
performance in generating plausible human motion sequences
[21], [22].

B. Diffusion Models for Motion Prediction

Diffusion models have rapidly become a dominant
paradigm in generative modeling due to their stable training
and high sample quality. In the context of motion prediction,
diffusion models learn the data distribution by gradually
denoising a signal corrupted with Gaussian noise [23]. Their
application spans various domains, including vehicle
trajectory forecasting [24] and hand motion prediction [25]. In
human motion, diffusion models like HumanMAC [26] have
shown remarkable success in capturing long-term dynamics.
However, a key challenge for diffusion models is the trade-off
between diversity and accuracy. Unconstrained diffusion
processes can generate physically implausible motions, which
is particularly detrimental in safety-critical applications like
human-robot interaction. Recent efforts have focused on
incorporating physical priors [27] or using conditional
guidance [28] to improve realism. Despite these advances,
existing diffusion models for human motion often treat the task
in isolation and fail to condition the generation process on
crucial contextual cues from the environment, such as the
presence and motion of a collaborative robot.

C. Human Robot Interaction

In HRI, motion prediction is critical for enabling robots to
act proactively and safely. Early HRI models extended single-
agent prediction to include robot states as input, but often
failed to explicitly model the bidirectional coupling between
human and robot motions [29]. More sophisticated approaches
have introduced shared representation spaces. For example,
ECHO [30] leverages a shared latent space and attention
mechanisms to forecast human motion conditioned on robot
states, enabling more natural interactions. However, most
existing HRI models remain deterministic [31], [32], making
them ill-suited for the uncertainty of real-world collaboration.
While diffusion models offer a solution for uncertainty

modeling, their application to HRI is nascent. Current
diffusion model based approaches [26] rarely incorporate
explicit mechanisms to model the multi-scale spatial temporal
dependencies of human-robot motions, nor do they leverage
structural priors of the human-robot to guide the generation
process. This gap motivates our work, which integrates a dual-
graph structure into a diffusion framework to simultaneously
capture uncertainty and enhance prediction accuracy.

III. METHODOLOGY

Human motion is inherently variable and uncertain, posing
challenges for HRI. To address this, we propose the HRI-
DGDM model, which embeds motion uncertainty into noise
and learns the underlying human motion distribution through
a denoising process. By progressively adding and then
removing noise, the model captures both the temporal-spatial
dependencies between human and robot motions and the
statistical patterns of human behavior. Unlike prior methods,
HRI-DGDM  model explicitly models human-robot
interdependencies, improving robustness and prediction
performance for human motions.

A. HRI-DGDM Model Structure

The structure of HRI-DGDM model is shown in Fig.1. In
the diffusion process, the input human-robot motions are
progressively perturbed by iteratively adding Gaussian noise
according to a predefined noise schedule. This Markovian
noising procedure continues until the data distribution
converges to an approximately standard Gaussian, thereby
encapsulating the inherent uncertainty in human motion within
the noise. Then, a step-by-step denoising process is applied to
recover the original data distribution, wherein each denoising
step is modeled by a carefully designed denoising network p, ,

whose architecture plays a critical role in ensuring prediction
accuracy. To fully capture spatial temporal dependencies
while avoiding over-diverse predictions, we integrate the
STDN as the backbone. The STDN comprises two core
components: the spatial graph convolution (SGC) module,
which extracts multi-scale spatial features, and the temporal
graph convolution (TGC) module, which models dynamic
temporal features. By leveraging this architecture, the HRI-
DGDM model effectively reduces uncertainty and generates
accurate predictions of future human motion through iterative
denoising.

Specifically, the observed human and robot motion are
X, e R™ ¥/ where the T, is the number of observed
time steps, the J,;, is the number of the joints of human and

robot. The outputs are the predicted future human motion

> T e X3%J
X, e R where the T

s 18 the prediction horizon, the

J,, is the number of the human joints. The inputs to the HRI-
DGDM model are a

T s + T pred )% g X3

(T +T,
X, eR

complete motion sequence

, formed by concatenating the observed
human-robot motion X,, € R™*/#* and a padded future

T orod ¥ yp X3
pred <~/ HR
eR sthe X vine

by repeating the last observed human pose across the
prediction horizon — a strategy we refer to as "last-frame
padding". Then, a masking mechanism is applied in the
denoising process. The portion corresponding to the observed

human motion X

padding 18 generated
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motion (t<< T,) is dynamically anchored by the observation,
effectively "pinning" the model to the real historical motion.
Meanwhile, the future portion (t>7os) is progressively
denoised to generate a plausible and coherent future trajectory.
This design ensures the model remains strongly conditioned
on the observed motion, preventing drift in the known past.
The padding provides a physically plausible initialization, and

The training of the HRI-DGDM model follows the
standard denoising diffusion probabilistic model framework.
The model is trained to predict the Gaussian noise that is
progressively added to the ground truth motion data Xo. The
objective is to learn the noise prediction network STDN
€, (X,,t) by minimizing the mean squared error between the

true noise € and the predicted noise. The training loss is given

the mask ensures temporal consistency and accurate
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Fig. 1. Overview of the proposed HRI-DGDM model. The framework takes a complete motion sequence as input, which is formed by concatenating the
observed human-robot motion and a padding future sequence. During the iterative denoising process, the STDN leverages a dual-graph structure—comprising
the SG and the CG—to capture multi-scale spatial temporal features. A masking mechanism is applied at each denoising step: it preserves the observed
sequence (marked as 1) and allows the model to refine the predicted sequence (marked as 0), ensuring temporal consistency and preventing drift in the known

past. The final output is a refined, high-accuracy prediction of future human motion. (Seq. is short for "sequence".).

X,,tHZ:He—ee Ja X, +-ae.1 Hz 1)

The prediction procedure is shown in Algorithml. The
conditioning is achieved through the mask applied during the
inference process, rather than being inherent to the network

tself. X, =MoOX, +1-M ©X"

L:He—e9

architecture

where X*

., is the noisy observation and X"

., is the

= V&t—l Xscq +\/ 1- &t—] 2

is derived from the observed

denoised  prediction.

explicitly states that X°, |
sequence by adding controllable noise, and brings the
"observed information" into the computation at every step. By
using the mask M, the algorithm ensures the final output is
taken from X’

true historical motion.

thereby "anchoring" the prediction to the

B. Dual-graph Construction for HR Motions

Before detailing the architecture of the STDN, we first
describe the construction of the dual-graph representation (SG
and CG), which serve as structural priors guiding the spatial
temporal feature learning within the denoising process.
Traditional diffusion models tend to prioritize diversity over
accuracy in their predictions, which can lead to physically
implausible forecasts in HRI scenarios. To enhance the
accuracy of the diffusion model, we introduce SG and CG. The
SG encodes the physical kinematic structure based on prior
knowledge of keypoint connectivity in the human body and
robotic arm, preserving plausible joint relationships. The
collaboration graph, on the other hand, adaptively captures
latent dependencies between functionally related joints by
leveraging dynamic features from the motion sequences. By
constructing this dual-graph representation, the denoising
process is guided through the STDN, enabling more accurate
motion prediction.
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During the model training process, the input HR motion
sequences to the denoising network are often long, making it
difficult to capture local dynamic characteristics and
detrimental to the model's generalization. Therefore, we
employ a sliding window to partition the continuous HR
motion time series X; into n non-overlapping time windows.
For each time window X,, we treat the motion trajectory of
each joint j within that window as a node, and use a learnable
embedding function ¢(-) to map the raw joint trajectory into a
high-dimensional embedding space, thereby obtaining the
feature vector x; for each node to construct the CG.

SG and CG: To effectively model the spatial temporal
dependencies of HR motions, we construct two

complementary graph structures: SG and CG. The SG 4, is

constructed based on the joint connectivity of the human body
and the robotic arm, encoding the physical adjacency
relationships between joints. Nodes in the graph represent the
keypoints of the HR motion, and edges represent the direct
physical connections between these keypoints. This graph
structure ensures the model can learn the structural constraints
of human motion. The CG 4, is constructed based on the
collaborative relationship between key nodes. Its adjacency

matrix is calculated by the cosine similarity of the key node

feature vectors:
1,if joints i and j are physically connected
0, otherwise

As(l',j)={

X. X,
———/- ifj is one of the most similar nodes to i

Ac (i, ]) = "xi "”x/

0, otherwise

2

where x,,x; represent the feature vector of key nodes i and ;.

The Top-k strategy is used to retain the most relevant &
neighbors of each node. Specifically, we retain the top 10%,
20%, and 30% most relevant neighbors of each node, denoted
as As1, As, A3, respectively. This adaptive strategy ensures that
the CG scales well with motion complexity.

C. Spatial Temporal Denoising Network

To ensure the denoising process is more biased towards
accuracy rather than diversity, this paper proposes spatial
temporal denoising network, as illustrated in Fig. 1, including
SGC module and TGC module. The proposed module
integrates the CG and the SG through the multi-level fusion
strategy, operating at both spatial and temporal levels. This
design facilitates the extraction of multi-scale features, thereby
enhancing the model’s capacity to comprehend HR motions.

SGC module: it captures information at different levels
(local, medium-range, global) in HR motions. We construct
three spatial subgraphs with 4=1,2,3, denoted as 4, , 4, ,

cl >
A, and perform multi-scale graph convolution operations:

H,=GCN(X,,4)+GCN(X,,4,), k=123 (3)
where, GCN(-) denotes a standard graph convolution
operation with layer-specific learnable weights; H, is the

graph convolution output at the k-th scale; when k=1, the
model aggregates information only from the top 10% most

relevant spatial neighbors, allowing it to effectively capture
local correlations; when k=2, the top 20% most relevant
neighbors are incorporated to model medium-range
dependencies and reduce interference from irrelevant nodes;
when k=3, the top 30% most relevant neighbors are used to
facilitate the aggregation of global spatial relationships across
the pattern.

Algorithml. Prediction for HRI-DGDM model
Input: the trained noise prediction network STDN ¢, ,

noising steps T, the mask M =[1,1,...,1,0,0,...0]",
—_—

obs pred

observed human-robot motion data X, € R/
Output: predicted motion data X, e R/ .
X, =N(0,])

X‘-eq = paddlng(XHR) c R(Tm T pred % <3

For teT,T—1,...,1 do
z~N(0,])ift>1elsez=0

X0 =ya, X, + (1-&,_, )z //condition

t

1 -«

Xpt—l = Xt ———
Je

X =MOX°_ +(1-M)OX’,,

End

Return X, o

€ (Xt,t) +o,z

I-a,,

To achieve dynamic adaptation of the graph structure, SGC
module generates three score vectors P;, P,, P3 from the
extracted fused features, which regulate the fusion proportion
between CG and SG. The W, , b, are learnable parameters.

k=1, 2, 3. The final adjacency matrix 4, for the k-th scale is

computed as a weighted combination:
P, = Sigmoid (ReLU(H W, +b,))

AM:QA+U—H)A

The results across all scales are concatenated to produce
the final structure-fused feature output:

4)

ck

H, = GCN(H,, A, ) GCN(H,, A, )| GCN(H,,4,5) (5)

TGC module: While the SCG module captures spatial
dependencies, HR motions also exhibit temporal features
along trajectory. To model this behavior, we introduce the
TGC module that operates along the sequence of the motion
data.

H! =0H!, +(1-0)H! 4,
H! =0H!, +(1-0)H! A,

where H', H! are the features obtained from the interaction

N

(6)

between the CG and SG along the n-th time windows,
respectively; H',, H, are the hidden state of CG and SG at /
layer, respectively; @ is the hyperparameter, it controls the
information guidance ratio between graph structures; ,:1(, ,ZIS

are normalized adjacency matrices of CG and SG. Then, to
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integrate information from the current and preceding time
windows to filter out specific sequential features, improving
the model’s sequential representation capability.

n=f(e(w.[Hrm, )1,

W= (e (w (1)) 1y,

where A, h are the enhanced sequence features, W, , W, are

O]

the learnable parameters; f(-) , o(-) are the Sigmoid and

ReLU activation functions respectively. Combining the above
two parts, the final enhanced graph interaction feature is
expressed as follows:

H!'=0H! +(1-0)H A +h
H!'=0H!, +(1-0)H! A, +h!

Then, we concatenate the enhanced graph structures and
extract sequence-fused feature representations through the
multi-layer perceptron:

®)

H, =[MLP(H!"'l| H"Y, MLP(H}'|| H}"),---,MLP(H" "Il H")
)
The output X, is expressed as:

X, , =FC(Attention(H,,H,)) (10)

where attention mechanism aims to concatenate A and H,

to fuse the temporal and spatial features, and enables the model
to dynamically focus on the most relevant graph features of the
input data; the FC is fully connected layer, it takes the high-
dimensional, fused feature representation generated by the
attention mechanism and maps it back to the original data
space, producing the final output X, ;.

IV. EXPERIMENTS

A. Experiment Setup and Parameters Setting

1) Experiment Setup: To enable safe and efficient HRI in
customized garment manufacturing, we developed the human
robot collaborative cutting (HRCC) platform, as illustrated in
Fig. 2. The system centers on a UR10e robotic arm equipped
with a custom cutting tool and mounted on a linear sliding rail,
ensuring full coverage of the fabric workspace. An assistive
URS5e robot, fitted with a gripper, supports the operator by
transporting tools and fabric pieces, reducing manual handling
effort. The perception module integrates two RGB-D cameras
and a real-time 3D human pose estimation system based on
Voxelpose [39], which captures comprehensive spatial data of
the operator. A digital human model is constructed using key
joints, enabling dynamic tracking of human motion in the
shared workspace. Robot joints are covering the base and six
rotational axes. An LED interaction screen provides intuitive
visual feedback, displaying task instructions and safety alerts.
The proposed HRI-DGDM predicted the human motion to
detect collision. When a potential collision is detected (e.g.,
during time intervals 71 to 73), the robot automatically
reduces speed until pauses operation.

2) Parameters Setting: Our experiments are conducted on
a Linux system with an Intel Xeon W-2295 CPU and 128GB

DDR4 memory. We implement the HRI-DGDM model in
Python using the PyTorch framework. The batch size is set to
32, and the hidden dimension to 256. The initial learning rate
is 0.0001, optimized using AdamW. The diffusion process is
configured with 500 noise steps and a time step of 50. The
model uses a dropout rate of 0.2 to mitigate overfitting.
Training runs for 80 epochs with an exponential decay
learning rate scheduler.

HRCC platform & Three-view drawing

%i |

Front view

dgt - o c | Detect |
- - } collision
7% - 7, 3 s

| Physical space

Digital space

Fig. 2. The experimental setup in the HRCC scenario.

3) Dataset: To comprehensively evaluate the effectiveness
of our human motion modeling approach, we conduct
experiments on two datasets: the public HRI dataset CHICO
and our privately collected HRCC dataset. First, on the HRCC
dataset, we perform 10 experimental trials in a fabric-cutting
task, recording the coordinates of both human and robot joint
positions. One representative trial is illustrated in Fig. 3. The
results show that a safe distance is maintained between the
human and robot along the X-axis throughout the interaction.
While the human is arranging the fabric, the robot executes
three consecutive cutting motions. Notably, the robot
demonstrates significantly higher motion repeatability
compared to the human. The robot’s joint trajectories exhibit
consistent repetition accuracy, whereas human joint
movements—especially in upper-limb joints such as the right
wrist (X;;)—show substantial variability across repetitions.
This low repeatability may stem from inherent human
behavioral uncertainty. This variability underscores the
necessity of modeling human motion uncertainty explicitly.
Furthermore, the spatial temporal dependencies between
human and robot motions highlight the importance of
capturing dynamic patterns. Incorporating such spatial
temporal features into motion models is essential for accurate
human behavior understanding in collaborative settings.

Due to the scarcity of public datasets in HRC, we also
validate our approach on the CHICO dataset [16]. While prior
studies on CHICO focus on predicting single, repetitive
actions, we extend its use by integrating multiple action types
into a unified framework for multi-action mixed HRC
scenarios. This enables us to evaluate our model’s ability to
handle complex, real-world interactions involving task
variation, coordination, and intermittent collaboration. By
validating on both the HRCC and CHICO datasets, we ensure
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robust assessment of our modeling approach across different
interaction patterns, environmental setups, and levels of
human motion uncertainty.

1000 . . . . o
F —XI1
800 —X2
¥ —X3
I — X4
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Fig. 3. Visualization of the uncertainty in human-robot motion data. The
sequences depict the trajectories of the human operator (joints X;—X;,) and
the robot (joints X;5—X>;) across multiple repetitions of the same task. The
significant variation in the human trajectories, despite identical initial
conditions and task goals, highlights the inherent uncertainty of human
motion.

B. Quantitative Evaluation

To evaluate prediction performance, we compare our
model against several representative baselines: MRS-GCN,
STS-GCN, SeS-GCN, ECHO, and HumanMac, with our
proposed HRI-DGDM as the focus of comparison. We adopt
the mean per joint position error (MPJPE) as the primary
evaluation metric, which measures the average Euclidean
distance between predicted and ground-truth joint positions,
providing a reliable assessment of spatial accuracy in human
motion prediction. The comparison results are shown in Tab.
1.

TABLE I: Quantitative evaluation of the short-term (400ms observation,
400ms prediction) and long-term (400ms observation, 1000ms prediction)

motion prediction in the CHICO dataset and HRCC dataset reported in MPJPE.

Here, bold indicates the best result.

CHICO HRCC

Milliseconds 400 1000 400 1000
MRS-GCN[32] 54.7 91.4 48.8 85.6
STS-GCN[31] 54.1 87.8 483 82.1
SeS-GCN[16] 48.9 85.7 43.6 80.3
ECHO[30] 473 81.7 41.9 76.5
HumanMac[26] 46.9 81.2 413 75.8
HRI-DGDM 45.7 79.8 39.6 74.4

The results indicate that while GCN-based models such as
MRS-GCN and STS-GCN are capable of modeling spatial
temporal relationships, they may produce over-smoothed
motions, leading to a loss of fine-grained dynamics and
naturalness. Moreover, these models lack effective
mechanisms for fusing features across human and robot
motion data. SeS-GCN achieves competitive performance, yet
its limitations highlight a common challenge among existing
approaches. The performance gap between SeS-GCN and
ECHO in long-term prediction reveals the inherent difficulty
of traditional models in capturing long-range temporal
dependencies. The ECHO model improves upon this by
leveraging self-attention and cross-attention mechanisms

within a shared human-robot representation space, enabling
more effective learning of dynamic coupling between human
and robot motions. However, it still struggles to adequately
handle the intrinsic uncertainty present in human motion.
Moreover, it did not model the multi-scale spatial temporal
dependencies of human-robot motions. HumanMac, built
upon a diffusion modeling framework, excels at capturing the
uncertainty and rich spatial temporal patterns of human motion.
Nevertheless, as it was not originally designed for HRI, it fails
to fully account for the multi-scale spatial temporal
dependencies between human and robot motions. This results
in predictions that prioritize diversity over accuracy.

Initial Short-term

—_———_——

i
s TR
i
it

-0.4s 0.4s 1

Long-term

——n

T .
Observation Pred!ctlon

Fig. 4. Qualitative comparison of human motion prediction at the initial
(200ms), short-term (400ms), and long-term (1000ms) horizons. The
observed history is shown in black, the ground truth future is in blue and
yellow, the prediction motion is in green and purple. HRI-DGDM
consistently predicts accurate and physically plausible predictions across all
time scales. At the initial stage, all models perform well, closely following
the ground truth. However, as the prediction horizon extends, a clear
performance divergence emerges: HumanMAC, while generating diverse
motions, tends to produce trajectories that deviate from the ground truth and
exhibit implausible poses. ECHO struggles to capture the full spectrum of
motion dynamics, resulting in inaccurate long-term predictions. In contrast,
HRI-DGDM maintains high stability.

In contrast, our proposed HRI-DGDM model operates
within a diffusion framework while incorporating a carefully
designed STDN. By explicitly modeling both motion
uncertainty and multi-scale spatial temporal dependencies in
human-robot interactions, HRI-DGDM achieves superior
performance. The dual-graph structure—comprising a SG
based on physical kinematics and a CG learned from motion
dynamics—provides strong structural priors that guide the
denoising process toward physically plausible and accurate
predictions. Furthermore, the integration of spatial and
temporal graph convolutions within the STDN enables
hierarchical feature extraction, enhancing the model’s ability
to capture local, medium-range, and global spatial temporal
patterns. Through iterative denoising conditioned on observed
motion via a masking mechanism, HRI-DGDM maintains
temporal consistency and avoids drift in the known past, while
generating diverse yet realistic future motions. Therefore,
HRI-DGDM achieves the lowest MPJPE across both short-
and long-term prediction horizons. The qualitative results, as
shown in Fig. 4, further illustrate the superior performance of
our method.
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C. Ablation Study

To evaluate the effectiveness of the key components of the
HRI-DGDM model, we conducted an ablation study focusing
on three critical elements: the diffusion framework, the SGC
module, and the TGC module. The results of this study are
presented in Tab. 2. The experimental results reveal several
important insights. First, the performance of HRI-DGDM
model without TGC is slightly lower than that of the full HRI-
DGDM, indicating the significance of the TGC. This module
plays a role in capturing temporal human-robot motion
features, preventing the gradual weakening of motion features
over time. Second, the prediction accuracy of HRI-DGDM
model without SGC, is significantly lower than that of HRI-
DGDM model without TGC, demonstrating that the SGC
module is more critical than the TGC module. The SGC is
designed to comprehensively fuse multi-scale spatial features,
enabling the model to better capture the comprehensive
interactions between human and robot motions. Finally, the
prediction accuracy of HRI-DGDM without diffusion
framework is the lowest among all variants, highlighting the
diffusion framework as the most important component. The
diffusion framework excels at capturing the uncertainty of
human motions, providing a robust foundation for accurate
predictions. By gradually adding and then reversing noise, it
effectively models uncertainty as part of the stochastic process,
allowing the model to recover realistic motion patterns through
iterative denoising.

TABLE II: Ablation study of HRI-DGDM model with different components
removed for motion prediction in CHICO and HRCC datasets

CHICO HRCC
Milliseconds 400 1000 400 1000
w/o diffusion framework 48.0 81.0 40.9 75.5
w/o SGC module 47.2 80.3 40.1 75.1
w/o TGC module 46.1 80.1 39.7 74.8
HRI-DGDM 457 798 39.6 744

V. CONCLUSION

In this work, we propose HRI-DGDM, a novel HRI motion
prediction framework that effectively captures both the
uncertainty inherent in human motion and the complex multi-
scale spatial temporal dependencies of human-robot motions.
By embedding a dual-graph guided STDN into a diffusion-
based generative process, our model leverages a structural
graph to preserve kinematic constraints and a dynamic
collaboration graph to learn functional inter-joint
relationships, enabling robust and physically plausible motion
forecasting. The SGC and TGC modules allow HRI-DGDM
to model local, medium-range, and global spatial temporal
patterns, while the masking-based conditioning strategy
ensures temporal consistency by anchoring the observed
history during denoising. The experiments demonstrate that
HRI-DGDM outperforms existing state-of-the-art methods in
prediction accuracy. This work highlights the importance of
integrating structural priors and interaction-aware feature
learning into generative models for reliable and natural
human-robot motion prediction.

While the collaboration graph captures dynamic human-
robot dependencies through data-driven similarity, its
construction relies on pre-segmented motion windows and a

fixed Top-k sparsity assumption, which may not fully adapt
to abrupt changes in interaction dynamics or varying motion
frequencies across different tasks. We plan to investigate
adaptive graph learning mechanisms to enable finer-grained,
event-triggered evolution of the collaboration structure, and
to extend HRI-DGDM into real-time, closed-loop interaction
systems with online trajectory refinement
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