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Abstract

Human-robot interaction involves complex, uncertain, and multimodal con-
texts that challenge conventional modelling approaches. Recent research has
increasingly explored the application of diffusion models in human-robot inter-
action. However, a consolidated overview of how these models are integrated
into HRI research and evaluated in interactive contexts remains lacking. This
paper presents a PRISMA-guided systematic literature review of diffusion-based
approaches in HRI. We searched Scopus, Web of Science, IEEE Xplore, and the
ACM Digital Library for studies published up to 20 December 2025. After screen-
ing, 15 peer-reviewed studies were retained for analysis. The review synthesises
application domains, diffusion model variants, evaluation practices, and reported
benefits and limitations. Prior work is largely dominated by denoising diffusion
probabilistic model adaptations used as probabilistic forecasters of human motion
or interaction-relevant states. We further discuss key limitations and open chal-
lenges, outlining directions for future research in data efficiency, generalisation,
human-centred evaluation, and uncertainty-aware interaction design.
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1 Introduction

Human-robot interaction (HRI) increasingly takes place in complex and dynamic envi-
ronments that challenge conventional modelling approaches. Interactive scenarios often
involve uncertainty, partial observability, and multimodal human behaviour [1, 2]. As
a result, robots operating alongside humans need to account for diverse behaviours,
intentions, and environmental conditions. Developing computational models to cap-
ture such complex interaction dynamics therefore remains a central challenge for HRI
research.

Diffusion models have recently attracted increasing attention in HRI research
because they provide a probabilistic framework for modelling multimodal and uncer-
tain interaction dynamics. In HRI, robots often need to account for multiple plausible
human behaviours, intentions, and environmental responses rather than a single deter-
ministic outcome. Diffusion models [3-5] are well suited to this challenge, as they learn
complex data distributions through a stochastic denoising process and have demon-
strated strong performance across domains such as computer vision [6, 7], natural
language processing [8], time-series modelling [9], human motion synthesis [10, 11],
video generation [12, 13], and audio modelling [14]. Therefore, recent research has
increasingly explored the application of diffusion models in HRI contexts.

While a growing body of survey literature has examined the applications of dif-
fusion models across robotics and machine learning, no systematic literature review
has synthesised diffusion-based research in the context of human-robot interaction.
To the best of our knowledge, existing diffusion-focused surveys in robotics primarily
address specific areas such as manipulation, planning, or policy learning, organis-
ing the literature around tasks rather than interaction dynamics between humans
and robots [15-19]. Meanwhile, systematic reviews in HRI typically examine human-
centred topics such as personality, emotion, and trust [20-23], without considering
diffusion models as a core methodological component. Consequently, existing surveys
provide limited insight into how diffusion models are applied, integrated, and evaluated
in HRI systems.

To address this gap, this paper presents the first systematic literature review of
diffusion models in HRI. Through a reproducible search and selection process, we
identify and analyse 15 studies that apply diffusion models to HRI-related problems.
Our review examines application trends, preference for model variants, and evalua-
tion practices, and discusses the benefits, limitations, and challenges reported in the
literature. Based on these findings, we further outline open research challenges and
directions for future research on diffusion-based human-robot interaction. The main
contributions of this systematic review are summarised as follows:

® The first systematic literature review of diffusion models in human-robot interaction,
providing a structured synthesis of the emerging research landscape.

® An analysis of diffusion-based HRI studies, including application domains, model
variants, system integration strategies, and evaluation practices.

® [dentification of key limitations and open research challenges, highlighting future
directions for diffusion-based human-robot interaction.



To further guide this review, we formulate the following research questions (RQs)
to understand the current progress of this research field and attempt to answer them
all using this systematic review. The formulated questions are as follows:

® RQ1: How are diffusion models integrated into human-robot interaction?

® RQ2: Which types of diffusion models are employed in HRI research?

® RQ3: How are diffusion-based HRI methods evaluated, and which metrics are
commonly used?

® RQ4: What benefits, limitations, and open challenges arise when applying diffusion
models to HRI?

These research questions structure the analysis of the reviewed literature and guide
the organisation of the results presented in this paper.

The remainder of this paper is organised as follows. Section 2 describes the lit-
erature search strategy and selection criteria. Section 3 presents the review results
organised by the research questions. Section 4 outlines open challenges and future
research directions, and Section 5 concludes the paper.

2 Methodology

This systematic literature review (SLR) follows a structured, multi-stage process com-
prising identification, screening and filtering, and data synthesis. The overall procedure
is described in detail in this section. To enhance transparency and reproducibility,
visual reporting tools, including PRISMA flow diagrams and Venn diagrams, are used
to document the decision-making process at each stage of the review.

2.1 Publication Identification

As outlined in Section 1, the primary objective of this SLR is to investigate the appli-
cation of diffusion models within the context of human-robot interaction (HRI). To
identify relevant studies, a comprehensive search has been conducted across four major
bibliographic databases: Scopus, ACM Digital Library (ACM DL), Web of Science
(WoS), and IEEE Xplore. The search strategy is designed to capture publications at
the intersection of diffusion-based generative modelling and HRI.

The following search string has been used:

(?diffusion model” OR ”score-based” OR ”denoising diffusion”) AND (human robot
interact™ OR human robot collaborat™*)

The search has been implemented using the advanced search facilities of each
database as follows:

¢ [EEE Xplore: Advanced Search — Document Title, Abstract, Author Keywords

e ACM Digital Library (ACM DL): Advanced Search (Full-text Collection) — Title,
Abstract, Author Keywords

® Scopus: Document Search — Article Title, Abstract, Keywords

e Web of Science (WoS): Basic Search — Topic (Article Title, Abstract, Author
Keywords)



To encourage comprehensive coverage of diffusion-based approaches, the search
string incorporates multiple terminologies used in the literature. The term diffusion
model captures the general class of approaches, while denoising diffusion explicitly
refers to denoising diffusion probabilistic models (DDPMs). The inclusion of score-
based accounts for closely related formulations based on score matching and stochastic
differential equations.

On the application side, the terms human robot interact* and human robot col-
laborat* have been used with truncation to capture variations such as interaction,
interactions, collaboration, and collaborative. These terms are combined with diffusion-
related keywords with the Boolean operator AND to address both the methodological
dimension (diffusion models) and the application domain (HRI). This balanced strat-
egy aims to maximise recall while maintaining relevance, in line with established best
practices for systematic review search design.
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Fig. 1 Distribution of records retrieved from each database during the identification stage.

The selection of databases follows established recommendations for rigorous SLRs.
Scopus and Web of Science provide broad coverage across engineering and the nat-
ural sciences, while IEEE Xplore and ACM Digital Library are leading publisher
databases in robotics and computer science [24-26]. Google Scholar is excluded
due to limitations in advanced search functionality and concerns regarding meta-
data quality [27, 28]. Unpublished and non-peer-reviewed studies are excluded for
methodological rigour [29].

Each retrieved record is independently examined by two reviewers to assess eligibil-
ity. Inter-rater reliability is quantified using Cohen’s kappa coefficient [30], with values
of 0.81 or higher interpreted as indicating almost perfect agreement [31]. Inter-rater
reliability statistics are reported in Fig. 3.

The final database search is conducted on 20 December 2025. In addition to for-
mally published articles, early access (online first) papers available by 20 December
2025 are also considered and included. In total, 176 records have been retrieved across
the four databases. As illustrated in Fig. 1, Web of Science yields the largest number
of records (63), followed by Scopus (53), ACM Digital Library (38), and IEEE Xplore
(22).
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Fig. 2 Overlap of records retrieved across databases during Stage 1 (Identification).

To improve traceability and transparency, duplicate records across databases have
been analysed using Venn diagrams [32]. Although overlap analysis is often omitted
in SLR reporting, we include it here to provide insight into database coverage and
redundancy. Fig. 2 illustrates record overlap at the identification stage. ACM Digital
Library contains the largest number of unique records (34), followed by Web of Science
(31). Two papers appeared in all four databases. All papers from IEEE Xplore have
been covered by the other three resources, in which SCOPUS contributes the largest
overlapping number (22).

2.2 Screening and Filtering

2.2.1 Basic Screening

Following identification, retrieved records are screened using predefined inclusion and
exclusion criteria (Table 1), as illustrated in the PRISMA flow diagram (Fig. 3). Five
records have been excluded due to a lack of full-text access. Duplicate records are then
identified and removed. After the removal, 113 unique records remain.
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Fig. 3 PRISMA flow diagram for the systematic literature review.

Screening is performed based on titles, abstracts, and figures to assess relevance to
the objectives of this systematic literature review. We adopt a broader, system-level




interpretation of human-robot interaction. Specifically, studies are included if diffu-
sion models contributed to modelling, anticipating, or responding to human behaviour
within an interactive or human-aware robotic system where such human-related
dynamics inform system design, planning, or interaction outcomes. After excluding 58
papers, 55 records remain after this step.

Table 1 Inclusion and exclusion criteria for determining study eligibility.

Inclusion (in) criteria

Exclusion (ex) criteria

(inl) The study presents or applies a diffusion-
based model.

(in2) The full text of the paper is accessible,
peer-reviewed, and written in English.

(in3) The study includes human involve-
ment, either through explicit human participa-
tion or through modelling human-related states

(ex1) Conceptual, review-focused, or purely theo-
retical studies without an implemented or empir-
ically evaluated diffusion component.

(ex2) Research that does not relate to human-
robot interaction (HRI), such as stud-
ies limited to robot-only manipulation or
object rearrangement without human presence or
consideration.

(ex3) Papers lacking sufficient methodological or
application details to assess the diffusion or HRI-
related components.

or behaviours that are relevant to interaction at
the system level.

2.2.2 Advanced Screening

The 55 retained papers undergo full-text review using the same inclusion and exclu-
sion criteria. Studies are excluded if they are purely conceptual or review-based, lack
explicit relevance to diffusion models in HRI, or provide insufficient methodological or
experimental detail.

Following this advanced screening stage, 15 peer-reviewed studies are identified as
meeting all eligibility criteria and thus selected for in-depth analysis. Table 2 lists the
final set of studies and their assigned identifiers. The relatively small number of eligible
studies reflects the emerging nature of diffusion-based approaches in HRI, where only
a limited number of peer-reviewed works have been reported so far.

2.2.3 Data Extraction Process

A structured data extraction scheme (Table 3) has been developed for consistent and
comprehensive collection of paper information. Fig. 4 illustrates the overlap where
IEEE provides the most relevant papers. Each of the 15 papers is examined in full
text to extract data relevant to the four research questions (RQ1-RQ4), covering both
descriptive characteristics and methodological details.

Data extraction is conducted independently by two reviewers and is cross-checked
for accuracy and consistency. Discrepancies are resolved through discussion and
consensus. Extracted data include publication metadata, diffusion model type, inte-
gration with HRI framework, evaluation methodology, and benefits, limitations, and
challenges.



Table 2 Mapping between paper IDs and titles.

Paper Title

ID

PO1 A Behavioral Conditional Diffusion Probabilistic Model for Human Motion Modeling in Multi-
Action Mixed Human-Robot Collaboration [33]

P02 FineMLD: A Fine-Grained Motion Latent Diffusion for Human Motion Prediction in Human-Robot
Collaboration [34]

P03 A Diffusion-Based Data Generator for Training Object Recognition Models in Ultra-Range Dis-
tance [35]

P04 Answerability Fields: Answerable Location Estimation via Diffusion Models [36]

P05 From Junk to Genius: Robotic Arms and AI Crafting Creative Designs from Scraps [37]

P06 Real-Time 3D Motion Prediction for Human-Robot Collaboration via Bayesian-Optimized Diffu-
sion Models [38]

PO7 Diffusion Co-Policy for Synergistic Human-Robot Collaborative Tasks [39]

Po8 Diffusion-Based Imitation Learning for Social Pose Generation [40]

P09 Diverse Controllable Diffusion Policy With Signal Temporal Logic [41]

P10 Garment Diffusion Models for Robot-Assisted Dressing [42]

P11 Human-Robot Cooperative Distribution Coupling for Hamiltonian-Constrained Social Naviga-
tion [43]

P12 Legibility Diffuser: Offline Imitation for Intent Expressive Motion [44]

P13 REALM: Real-Time Estimates of Assistance for Learned Models in Human-Robot Interaction [45]

P14 SICNav-Diffusion: Safe and Interactive Crowd Navigation With Diffusion Trajectory Predic-
tions [46]

P15 TransFusion: A Practical and Effective Transformer-Based Diffusion Model for 3D Human Motion

Prediction [47]

WoS
0 3
2
0 0
0 8
0 0
1
0 1
0 0
ACM o IEEE

Fig. 4 The overlapping of the filtered search according to databases.

Table 3 Data extraction scheme for diffusion models in Human-Robot Interaction (HRI).

Data item

Description and relevance to RQs

Paper ID and reference Unique identifier of each study (P01-P15) and full citation for trace-
ability across analysis sections.

Publication year Year of publication. Helps identify publication trends (RQ1).

Integration with HRI framework How the diffusion model is incorporated into the HRI pipeline.

Answers RQ1.

Type of diffusion model Variants of diffusion model used (e.g., DDPM, latent diffusion).

Evaluation

Addresses RQ2.
Type of evaluation and key metrics used. Addresses RQ3.

Benefits, limitations, and challenges Reported advantages, limitations, and challenges. Relates to RQ4.




2.2.4 Data Synthesis

Following data extraction, a structured synthesis has been performed to integrate find-
ings across the selected studies. Both quantitative descriptive analysis and qualitative
thematic analysis are employed to comprehensively address the research questions.

Descriptive synthesis is used to identify trends in publication years, roles in HRI
applications, and venues (RQ1). Comparative analysis examines diffusion model adap-
tations within HRI frameworks (RQ2). Evaluation methods and performance outcomes
are synthesised to address RQ3. Finally, thematic analysis is conducted to identify
recurring benefits, limitations, and open challenges (RQ4).

All synthesis results are presented using tables and figures aligned with each
research question, ensuring clarity, coherence, and reproducibility.

3 Results

This section presents the results of synthesising the 15 studies included in this sys-
tematic literature review on diffusion models in human-robot interaction (HRI). The
results are summarised across the listed questions (RQ1-RQ4), including publication
trends and application domains (RQ1, Section 3.1), the types of diffusion models
employed in HRI systems (RQ2, Section 3.2), methods and metrics (RQ3, Section 3.3),
and key benefits, limitations, and open challenges (RQ4, Section 3.4).

3.1 Publication Trends and Application Domains

To address RQ1, we analyse the temporal distribution and application domains of
the selected studies. As illustrated in Fig. 5, diffusion-based research in human-robot
interaction has increased markedly since 2024, indicating a recent shift in the use of
diffusion models from primarily perception-oriented domains toward interactive and
decision-making robotic systems. The majority of the reviewed works are published in
archival journals, suggesting increasing methodological maturity. Most studies appear
in leading robotics venues, including IEEFE RA-L, ICRA, and IROS, reflecting growing
recognition of diffusion-based approaches within the core robotics community.

Despite this growth, only a subset of studies explicitly foregrounds human-centred
interaction aspects, such as intent legibility, shared autonomy, or human-in-the-loop
control (e.g., P12, P13, P05), indicating that diffusion-based HRI remains an emerging
and still consolidating research direction.

Human-robot interaction inherently involves three tightly coupled elements: human
behaviour, robot action, and the learned or engineered system that mediates between
them. Following this perspective, we categorise the reviewed literature into three rep-
resentative application domains, corresponding to human-centric, robot-centric, and
system-centric applications of diffusion models. We classify studies as human-centric,
robot-centric, or system-centric based on the primary target variable of the diffusion
model and its role in the interaction loop. Human-centric studies primarily model
future human behaviour; robot-centric studies generate robot actions or policies;
system-centric studies support interaction indirectly through perceptual or represen-
tational augmentation. When multiple functional roles were present, classification was



Papers per year

0 0 0 0
A— — 4 >4

o Rk M W A U O N o®

2020 2021 2022 2023 2024 2025

Fig. 5 Distribution of publication years for the selected studies.

determined by the primary evaluation objective and the system component for which
the diffusion model was explicitly optimised.

System-centric Data Augmentor

Human-centric Behaviour Predictor

Robot-centric Action Generator

Fig. 6 Functional roles of diffusion models in HRI. The distribution reveals a dominant focus on
human-centric behaviour prediction, followed by robot-centric action generation and system-centric
data augmentation, reflecting current usage patterns of diffusion models across HRI applications.

As shown in Fig. 6, human motion and behaviour prediction constitutes one of the
most common application domains of diffusion models in HRI. In this category, dif-
fusion models are employed to generate multimodal distributions over future human
motion conditioned on past observations, task context, or interaction state. Represen-
tative studies include behavioural motion modelling in collaborative scenarios (P01,
P06), crowd-aware navigation and interaction modelling (P10, P11, P14), and long-
horizon human motion prediction (P02, P15). Across these works, diffusion-based
predictors incorporate interaction context such as robot motion, task phase, or environ-
mental structure, and increasingly emphasise inference efficiency to meet the real-time
requirements of safety-critical HRI systems.

Diffusion models are also applied to robot action generation and policy learning,
particularly in scenarios that prioritise behavioural expressiveness, social alignment,
or interpretability. In this domain, diffusion-based policies model distributions over
robot actions rather than deterministic mappings, enabling the synthesis of diverse
and intent-expressive behaviours. Representative examples include joint human-robot



action generation for collaborative manipulation (P07), diffusion-based imitation
learning for social pose generation (P08), policy generation under explicit temporal
logic constraints (P09), and offline imitation learning for legible and intent-expressive
robot motion (P12). These studies position diffusion models at the decision-making
level, highlighting their use beyond purely predictive roles.

A complementary application domain leverages diffusion models for auxiliary data
and representation generation in support of HRI systems. In perceptual settings,
diffusion-based data generators are used to synthesise realistic training data under
challenging sensing conditions, such as ultra-range visual perception for object and
gesture recognition (P03). Diffusion models are also employed to generate spatial
answerability maps that inform robot positioning and decision-making in embod-
ied question-answering tasks (P04). In addition, a smaller but distinct subset of
studies applies diffusion models to creative design and human-robot co-creation. In
these works, diffusion-based generative models are integrated into robotic fabrication
pipelines to transform intermediate outputs into expressive artefacts, with iterative
human feedback shaping the final designs (P05). Although these approaches do not
directly generate robot actions, they illustrate how diffusion models can support
open-ended, human-centred interaction beyond conventional task-oriented robotics.

For ease of reference, we additionally provide a detailed mapping between
application area and paper IDs in Table 4.

Table 4 Applications of diffusion models within HRI systems (RQ1).

Functional Role Description Paper IDs
Human-centric Behaviour Predicts multimodal distributions over future P01, P02, P06, P10, P11,
Predictor human behaviour P14, P15

Robot-centric Action Gen-  Directly generates robot actions or policies P07, P08, P09, P12, P13
erator

System-centric Data Aug-  Generates perceptual data or creative artefacts P03, P04, P05
mentor

3.2 Diffusion Model Types

To address RQ2, we analyse the choices of diffusion model variants that have been
adopted across the reviewed studies. Based on thematic synthesis, we identify several
recurring diffusion families used in human-robot interaction, as summarised in Table 5.
Rather than introducing novel diffusion algorithms, most works adapt established
diffusion variants to meet the practical requirements of interactive robotic systems.

Vanilla diffusion appears to be the dominant methodological choice as shown in
Fig. 7, appearing in six studies (P03, P07, P08, P09, P10, P14). This prevalence
suggests that, within the HRI community, the formulation of denoising diffusion prob-
abilistic models [4] is still widely regarded as sufficiently expressive and reliable for
modelling multimodal human behaviour and robot-related processes. In particular,
works focusing on human motion prediction or behaviour modelling tend to priori-
tise methodological simplicity and stability over architectural optimisation, relying on
vanilla diffusion as a robust baseline.

10



Distribution of Diffusion Model Variants Across Reviewed Studies
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Fig. 7 Distribution of diffusion model variants across the reviewed HRI studies. Each bar corresponds
to a distinct diffusion formulation, with colour encoding used to differentiate model variants. Vanilla
diffusion remains the dominant choice, while latent and policy diffusion variants are increasingly
explored.

A second prominent trend is the emerging adoption of latent diffusion models,
which appear in three studies (P02, P04, P15). These approaches typically intro-
duce a latent space to reduce computational cost and improve scalability, reflecting
growing awareness of efficiency-related concerns in diffusion-based HRI systems [48].
Notably, latent diffusion is primarily employed in settings where high-dimensional
inputs or longer prediction horizons are required, indicating that representational effi-
ciency becomes increasingly important as diffusion models are pushed toward more
complex interaction scenarios.

Policy diffusion recently emerges as a distinct methodological direction in two stud-
ies (P12, P13). Unlike vanilla or latent diffusion, which are mainly used for modelling
distributions over future states or behaviours, policy diffusion [49] directly generates
robot actions or control policies. This shift indicates a broader trend toward integrating
diffusion models closer to decision-making and execution layers.

Other variants of diffusion models have also been explored in HRI. They are usually
based on vanilla diffusion models and integrate additional operations to achieve task-
oriented benefits. For example, distilled diffusion (P06) and truncated diffusion (P11)
are two approaches employed for higher inference efficiency. To achieve controllability,
masked diffusion introduces masks to diffusion models (P01) while stable diffusion has
been integrated to HRI pipelines for its stability as an image generator (P05).

We additionally provide a detailed mapping between paper IDs and families of
diffusion models in Table 5 for ease of reference.

Table 5 Diffusion model families and variants adopted in HRI studies (RQ2).

Diffusion Family / Variant Paper IDs

Vanilla Diffusion P03,P07,P08,P09,P10,P14
Latent Diffusion P02, P04, P15
Policy Diffusion P12, P13
Distilled Diffusion P06
Masked Diffusion P01
Stable Diffusion P05
Truncated Diffusion P11

11



3.3 Evaluation Methods and Metrics

To address RQ3, we analyse how diffusion-based HRI systems are evaluated across
the reviewed studies, with a particular focus on the distribution and emphasis of
evaluation metrics. While evaluation protocols vary across application domains and
system roles, the reported metrics can be organised into six categories: success-based,
error-based, generative quality, efficiency, classification and retrieval, and qualitative
evaluation, as illustrated in Fig. 8.

N Success-based . Efficiency
6 [ Error-based B Classification & Retrieval
. Generative Quality WS Qualitative

frequency

Fig. 8 Frequency distribution of evaluation metrics. Metrics are categorized into success-based,
error-based, generative quality, efficiency, classification and retrieval, and qualitative evaluation, high-
lighting dominant evaluation trends in diffusion-based HRI studies.

Error-based metrics are the most widely adopted category across the reviewed
literature. These metrics reflect an emphasis on how closely generated trajectories or
behaviours match ground-truth observations. Standard trajectory error measures such
as Average Displacement Error (ADE) and Final Displacement Error (FDE) appear
most frequently (e.g., P02, P06, P14, P15). Additional error-oriented metrics, including
APD, MMADE, MMFDE, MPJPE, and classical regression measures (MAE, RMSE,
R2), are also employed to quantify prediction accuracy and distributional fidelity (e.g.,
P01). In addition to error-based metrics, some studies incorporate generative quality
metrics to characterise the distributional properties of diffusion model outputs. These
studies are usually within the context of data generation, and therefore, measures
such as IS, FID, and SSIM are used to assess diversity, realism, or visual fidelity of
generated samples (e.g., P03).

A second dominant class of evaluation concerns success-based metrics, which are
particularly prevalent when diffusion models are integrated into closed-loop robotic
systems. Metrics such as Success/Fail Rate, Compliance, Collision Frequency, and
Freezing Frequency are used to assess task completion and conformity of constraints
(e.g., P07, P09, P11, P14). Notably, Success/Fail Rate is the single most fre-
quently reported metric overall, indicating a strong system-level emphasis on whether
diffusion-based components enable successful task execution rather than solely accu-
rate prediction. In contrast, efficiency metrics are comparatively rare. Inference Time
is reported in only a small number of studies (P09, P14). This may arise from

12



(a) Benefits. (b) Limitations

(c) Open Challenges

Multimodal Modelling 10 Inference Latency Scalability
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Generalisation strong Assumptions Real-World Validation

Frequency Frequency Frequency

Fig. 9 Frequency distribution of reported benefits, limitations, and open challenges in diffusion-
based HRI studies. Each subfigure shows the occurrence frequency of categories within benefits (a),
limitations (b), and open challenges (c).

the typically high computational cost of diffusion models during inference. Classi-
fication and retrieval metrics, including F1 scores, EMQK, and confusion matrices,
appear primarily in studies framing diffusion-based HRI as prediction, recognition,
or retrieval problems (e.g., P01, P04, P13). Qualitative evaluation remains the least
represented category. Only P05 relies on qualitative user feedback, subjective judge-
ment, or preference-based evaluation, typically in creative interaction or co-creation
scenarios.

We also present the detailed mapping between papers and their metrics in Table 6
for ease of reference.

Table 6 Evaluation metrics used across diffusion-based HRI studies.

Title Metrics Used

PoO1 R2, MAE, RMSE, F1

P02 APD, ADE, FDE, MMADE, MMFDE

P03 IS, FID, SSIM, Success/Fail Rate

P04 EM@QK

P05 Qualitative Evaluation

P06 APD, ADE, FDE, MMADE, MMFDE

PO7 Success/Fail Rate

P08 MPJPE

P09 Success/Fail Rate, Compliance, Valid Area, Entropy, Inference Time

P10 Success/Fail Rate

P11 Success/Fail Rate, Compliance

P12 Success/Fail Rate, Compliance

P13 Confusion Matrices

P14 ADE, FDE, Success/Fail Rate, Inference Time, Collision Frequency,
Freezing Frequency

P15 APD, ADE, FDE, MMADE, MMFDE

3.4 Benefits, Limitations, and Open Challenges

To address RQ4, we summarize the benefits, limitations, and open challenges that
have been reported across the reviewed studies. Rather than interpreting their
broader implications, this subsection consolidates recurring properties and constraints
explicitly documented in the literature, grounded in evidence from the selected papers.

13



As shown in Fig. 9, diffusion models are most consistently valued for their abil-
ity to represent multimodality. In human motion prediction and navigation tasks,
diffusion-based approaches are reported to generate diverse and plausible futures under
ambiguous interaction contexts (P01, P02, P06, P14, P15). This capability supports
anticipatory planning, safety-aware navigation, and robust interaction in the presence
of behavioural variability.

A second recurring benefit concerns support for flexible conditioning and uncer-
tainty. Diffusion-based policies and motion generators enable robots to produce
socially aligned, intent-expressive, or creative behaviours in collaborative and human-
facing tasks (P05, P07, P08, P12). Several studies further highlight the flexibility of
diffusion models in conditioning on heterogeneous inputs, facilitating integration with
perception, planning, and physical interaction modules (P04, P07, P10).

Despite these advantages, multiple limitations are reported across the literature.
As shown in Fig. 9, Inference latency emerges as one of the most common constraints.
This reflects the iterative nature of diffusion sampling and posing challenges for real-
time deployment (P01, P07, P08, P09, P15). The second most common limitation is
that diffusion models are data-intensive (P05, P08, P12). Diffusion-based HRI systems
currently exhibit strong dependence on data with high annotation effort, which may
not always be feasible. Another commonly mentioned limitation of these reviewed
studies is the limited validation in real-world interaction settings (P05, P07). This
indicates a consensus regarding the importance of real-world validation for identifying
potential sim-to-real gaps. Other limitations include reduced performance in long-
horizon prediction tasks (P12) or dependence on some assumptions (P13).

Building on these observations, the reviewed studies identify several common open
challenges. As shown in Fig. 9, Improving scalability (P07, P08, P10, P12) and real-
time feasibility (P01, P11, P15) remain the two most frequently reported challenges.
This suggests a consensus within the research community that achieving effectiveness
in large-scale scenarios or real-time response remains challenging and urgent to explore
in the future. P02 also points to the need for further investigation on interpretability,
in which probabilistic outputs should be understandable to humans or stakeholders
to facilitate trustworthy artificial intelligence. Other challenges, including realism and
fidelity, constraint guarantees, and real-world validation, are also raised by P03, P09,
and P13 accordingly to pursue better performance, controllability, and ability under
complex environments.

For ease of reference, we provide the detailed mapping between paper IDs and
benefits, limitations, and challenges in Table 7.

4 Future Directions

Several open challenges arise from both the diffusion-model perspective and the HRI
perspective when adapting this methodology to the HRI domain. Understanding
and addressing these challenges are essential not only for situating diffusion-based
approaches within the research field of human-robot interactions but also for iden-
tifying research directions that address similar adaptation scenarios. This section
identifies and discusses these challenges, based on which this section then attempts to
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Table 7 Summary of benefits, limitations, and challenges across reviewed diffusion-based HRI

studies. indicates that the aspect was not explicitly discussed by the authors.
ID Benefits Limitations Open Challenges
PO1 Multimodal Modelling;  Inference Latency Real-Time Deployment
Uncertainty
P02 Multimodal Modelling; - Interpretability
Uncertainty
P03 Data Augmentation - Realism; Fidelity
P04 Flexible Conditioning - -
P05 Multimodal Modelling Limited Real-World Valida- —
tion; Data Demanding
P06 Stable Training; Multimodal  — -
Modelling
PO7 Multimodal Modelling Inference Latency; Limited  Scalability
Real-World Validation
P08 Multimodal Modelling Inference Latency; Data Scalability
Demanding
P09 Multimodal Modelling; Flexi- Data Demanding; Inference  Constraint Guarantees
ble Conditioning Latency
P10 Generalisation - Scalability
P11 Uncertainty - Real-Time Deployment
P12 Multimodal Modelling; Flexi- Data Demanding; Limited Scalability
ble Conditioning Long-Horizon Capability
P13 Uncertainty Strong Assumptions Real-World Validation
P14 Multimodal Modelling; Flexi- — —
ble Conditioning
P15 Multimodal Modelling Inference Latency Real-Time Deployment

outline future research directions. Sections 4.1 and 4.2 focus on challenges from the
diffusion-model side, whereas Sections 4.3 and 4.4 focus on HRI-related considerations.

4.1 Data Scarcity and Data Efficiency

Data scarcity emerges as a recurring challenge across the reviewed papers while diffu-
sion models play two roles with respect to this challenge. On the one hand, diffusion
models aggravate the scarcity of available data in human-robot interactions when
they become an emerging solution. As discussed in Section 3.4 and summarised in
Table 7, multiple diffusion-based HRI studies rely on limited, costly, or carefully
curated human-robot interaction data (e.g., P08, P09, P12) to learn solutions. Due to
the data-intensive nature of diffusion-based policies and behaviour generators, collect-
ing datasets is expensive and may not always be possible when considering the diversity
and dynamics of real-world environments. On the other hand, diffusion models have
also been leveraged as a source of prior knowledge to mitigate data scarcity. As a gener-
ative model, large-scale pre-trained diffusion models from other research fields provide
access to a diverse and high-fidelity data generator by synthesising additional train-
ing signals. They typically appear in vision-related tasks. For example, diffusion-based
data generators have been used to produce high-quality synthetic perceptual data for
ultra-range object recognition, substantially reducing the need for expensive real-world
data collection (P03). In creative human-robot co-creation, offline-trained diffusion
models enable iterative design exploration without requiring continuous human data
input during deployment (P05). These examples illustrate how diffusion models can
both depend on and partially alleviate limited human interaction data.
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Despite the dual role of diffusion models, addressing data scarcity will be a funda-
mental problem in HRI. While using diffusion models as a generator seems to bypass
the problem of data scarcity in HRI, this shifts the burden to advances in other research
domains and relies on their advances to boost the development of HRI. One possibility
to tackle this problem is to consider data-efficient architectures for diffusion mod-
els. For example, data-efficient training strategies, such as few-shot adaptation [50]
and parameter-efficient fine-tuning [51], offer promising avenues for reducing data
requirements while reusing pre-trained diffusion models. Another promising direction
to explore is the physics-informed strategy [52]. Prior knowledge of physics or other
related domains is integrated to the training process of diffusion models to significantly
reduce the demand for data. Such successes may potentially be transferable to HRI.

4.2 Generalisation in Unseen Scenarios

Concerns regarding generalisation arise naturally from the reviewed diffusion-based
HRI studies. As discussed in Section 3.3 and summarised in Table 6, the major-
ity of works evaluate diffusion models under controlled settings that may not reflect
the diversity and unpredictability of real-world interaction. Several reviewed papers
explicitly or implicitly reveal this limitation. For example, studies on collaborative
manipulation and policy learning report evaluations conducted with a small number
of participants or constrained laboratory setups (P07, P08), while intent-expressive
and legibility-focused approaches emphasise performance on curated demonstration
datasets without extensive cross-task or cross-user testing (P12). In assistive decision-
making, REALM (P13) evaluates uncertainty-aware assistance primarily in synthetic
environments, leaving open questions about robustness under real human behaviour
variability. Similarly, creative co-creation systems demonstrate compelling qualitative
results but remain limited to controlled material and setting configurations (P05).

Addressing this challenge requires insights from diffusion-model research. On the
one hand, recent empirical studies on diffusion model generalisation shed light on the
problem. For instance, analyses based on mutual information suggest that diffusion
models may overfit to spurious correlations when trained under limited variability,
motivating alternative optimisation objectives that explicitly encourage generalisable
representations [53]. Other works demonstrate that compositional and modular dif-
fusion formulations can improve transfer to unseen configurations by recombining
learned primitives or latent factors [11, 54-56]. Although these studies are not explic-
itly grounded in HRI, their success indicates potential pathways for diffusion-based
interaction models to generalise across tasks, users, and environments.

On the other hand, recent theoretical analyses provide further insight into the
generalisation properties of diffusion models. Studies examining the geometry and
smoothness of diffusion-induced representation spaces offer formal arguments for when
and why diffusion models can generalise beyond training distributions [57-60]. These
results suggest that representation structure, noise scheduling, and conditioning mech-
anisms play a critical role in transferability. Translating such theoretical insights into
the design of diffusion-based HRI systems remains an open but promising research
direction.
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4.3 Evaluation Beyond Model-Centric Metrics Towards Trust
Construction

A key future direction for diffusion-based human-robot interaction lies in the devel-
opment of evaluation frameworks that move beyond model-centric performance metrics
toward human-centred assessment. The evaluation trends summarized in Section 3.3
and Table 6 show that current evaluation metrics in diffusion-based HRI are predomi-
nantly model-centric. They typically emphasize predictive accuracy, diversity, or task
success. However, such measures provide only indirect insight into how probabilistic
predictions affect human partners in real-world interaction [61]. These effects encom-
pass not only explicit outcomes such as safety and coordination, but also more implicit
factors including confidence, trust [22, 62, 63], and perceived autonomy [64—66].

Future research should, therefore, prioritise evaluation protocols that explicitly
link diffusion-based modelling choices to human-centred outcomes. This includes
the development of benchmarks and experimental setups in which the impact on
human users can be isolated and analysed, rather than being subsumed into aggre-
gate performance scores [67, 68]. Future diffusion-based HRI research should integrate
human-centred metrics as core evaluation criteria. This entails larger-scale and more
systematic studies that connect subjective measures, such as perceived safety, legibil-
ity, or confidence, to concrete modelling decisions and uncertainty representations [69].
Establishing such links is essential for aligning advances in diffusion-based modelling
with HRI’s emphasis on human experience, collaboration, and trust formation. Insights
and methodologies from related domains, such as human motion generation [70] and
human preference alignment [71], may provide valuable guidance in this regard.

4.4 From Uncertainty Representation to Uncertainty-Aware
Design

The challenge of uncertainty-aware interaction design arises from the unpredictabil-
ity of human behaviour and dynamic environments. As shown in Section 3.4, while
multimodality and uncertainty representation are among the most consistently cited
advantages of diffusion models (e.g., P01, P02, P06, P14, P15), only a small number of
studies explicitly incorporate uncertainty into interaction-level decision-making (P11,
P13). This discrepancy reveals a gap between probabilistic modelling capabilities and
their practical use in HRI system design.

One promising research direction is related to the use of uncertainty to regulate
autonomy and assistance. Effective uncertainty quantification techniques capture the
range of plausible outcomes conditioned on observed data, providing critical insight
into model confidence and robustness [72]. This capability is particularly important
in high-stakes human-robot interaction scenarios, where quantifying predictive uncer-
tainty can support risk-aware decision-making and enhance system safety [73]. Rather
than being implicitly consumed by downstream planners, uncertainty estimates could
directly inform when robots request human input, adapt their level of autonomy, or
modulate interaction timing [74].

17



5 Conclusion

This paper presents a systematic literature review of diffusion-based approaches
in human-robot interaction, synthesising 15 peer-reviewed studies through a struc-
tured, research-question-driven analysis. Adopting a system-level perspective beyond
application-domain categorisation, the review examines how diffusion models are for-
mulated, integrated, and evaluated within interactive robotic systems. The findings
indicate that current diffusion-based HRI research is predominantly motion-centric
and prediction-oriented, with diffusion models most often deployed as probabilistic
forecasters within hybrid architectures that delegate execution and safety guarantees
to classical planning and control components. Although diffusion models consistently
demonstrate advantages in representing multimodality and uncertainty, these capabil-
ities are only partially realised at the interaction level, as evaluation remains largely
model-centric and human-centred assessment is limited.

While providing a systematic synthesis, several limitations should be noted. First,
the scope of this survey emphasises interaction-relevant and human-aware system
designs, focusing on diffusion-based approaches that explicitly model, predict, or adapt
to human behaviour. As a result, some diffusion-based robotics studies that rely pri-
marily on offline learning or optimisation without an explicit interaction context may
fall outside the scope of this review. Second, the relatively small number of eligible
studies reflects the early stage of diffusion-based HRI research and limits the extent to
which broader trends can be generalised. The findings are exploratory but useful given
that the field is rapidly emerging. Finally, as with most systematic literature reviews,
the synthesis is constrained by the search strategy, inclusion criteria, and reporting
practices of the reviewed works, which may affect the completeness of coverage and
the granularity of comparative analysis.
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