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Abstract
Physical Human-Humanoid Interaction (pHHI) is a rapidly advancing field with significant implications for deploying robots
in unstructured, human-centric environments. In this review, we examine the current state of the art in pHHI through three
core pillars: (i) humanoid modeling and control, (ii) human intent estimation, and (iii) computational human models. For
each pillar, we survey representative approaches, identify open challenges, and analyze current limitations that hinder robust,
scalable, and adaptive interaction. These include the need for whole-body control strategies capable of handling uncertain
human dynamics, real-time intent inference under limited sensing, and modeling techniques that account for variability in
human physical states. Although significant progress has been made within each domain, integration across pillars remains
limited. We propose pathways for unifying methods across these areas to enable cohesive interaction frameworks. This
structure enables us not only to map the current landscape but also to propose concrete directions for future research that aim
to bridge these domains. Additionally, we introduce a unified taxonomy of interaction types based on modality, distinguishing
between direct interactions (e.g., physical contact) and indirect interactions (e.g., object-mediated), and on the level of robot
engagement, ranging from assistance to cooperation and collaboration. For each category in this taxonomy, we provide the
three core pillars that highlight opportunities for cross-pillar unification. Our goal is to suggest avenues to advance robust, safe,
and intuitive physical interaction, providing a roadmap for future research that will allow humanoid systems to effectively
understand, anticipate, and collaborate with human partners in diverse real-world settings.

Keywords Physical human-humanoid interaction · Humanoid models and control · Human state prediction and estimation

1 Introduction

In recent years, advances in artificial intelligence and the
decreasing cost of technological components have led to
an unprecedented surge in the development and deploy-
ment of humanoid robots. Market forecasts predict remark-
able growth, with some estimates suggesting that billions
of humanoid robots could be deployed around the world
by 2040 [1]. Their anthropomorphic form and dexterous
movements make them especially well-suited to navigate,
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manipulate, and interact within environments designed for
people, which motivates an urgent push to expand their
capabilities and versatility. Cutting-edge platforms, such as
Honda’s ASIMO [2], Boston Dynamics’ Atlas [3], Unitree’s
G1 [4], and Agility Robotics’ Digit [5], with the help of mul-
tiple researchers from industry and academia, have shown
the promise of these robots for performing locomotion tasks.
Experts foresee them moving beyond the limited scope of
past industrial applications and becoming a fundamental
part of daily life. In areas such as healthcare [6], humanoid
robots can assist with tasks including lifting and transport-
ing patients, guiding rehabilitation exercises, and serving as
agile assistants in clinics and hospitals, thereby helping to
reduce the workload of medical personnel. In domestic and
service roles [7], humanoids could perform tasks of clean-
ing, fetching, and education, while also providing essential
support to the elderly and people with disabilities. Further-
more, in dangerous and inaccessible environments, such as
disaster zones [8] or outer space [9], humanoid robots could
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carry out critical missions, keeping humans safe from harm,
among many other applications.

Humanoid robots are poised to become indispensable
partners across diverse settings, including factory floors,
disaster relief operations, hospital wards, and domestic envi-
ronments, fundamentally transforming human activities and
interactions [10]. Applications encompass multiple domains
in which physical coupling is essential for task execu-
tion: i) healthcare and assisted living, including sit-to-stand
assistance, patient transfers, gait support, and rehabilita-
tion, i i) logistics, manufacturing, and construction, such as
co-carrying bulky payloads, collaborative positioning, and
tool handling, i i i) maintenance within constrained or haz-
ardous environments, including nuclear decommissioning
and ship or aircraft maintenance, iv) disaster response, such
as rubble handling and victim extraction support, and v)

immersive teleoperation and training, where physical cou-
pling enhances intent communication and safety. In these
contexts, physical Human–Humanoid Interaction (pHHI)
uniquely demands simultaneous balance-safe whole-body
control, intent anticipation under partial observability, and
human-aware feasibility and cost reasoning. These diverse
applications demonstrate that the primary technical chal-
lenge extends beyond achieving isolated competencies in
walking [11], balancing [12], or grasping [13]. The cen-
tral objective is to enable safe, intuitive, and effective pHHI,
which constitutes the main focus of this review.

pHHI refers to the bidirectional exchange of forces,
motion, and information between a human and a humanoid
robot through intentional physical contact to achieve a shared
task. In contrast to robot-alone tasks, pHHI embeds the
human as a dynamic, uncertain, and co-equal element of
the control loop. This introduces complexities beyond those
already present in humanoid control for locomotion, manip-
ulation, or balance, as human responses to robot actions, as
well as subtle variations in contact, timing, or posture, can
substantially influence task outcomes.

Unlike purely virtual or verbal interaction, pHHI requires
continuous physical coupling in which both partners adapt
their behaviors in response to real-time variations in force,
posture, and intent. These couplings, also referred to as inter-
action modalities [14], can be broadly classified into two
types. In direct interaction, such as body-to-body contact
(e.g., assisting a person to stand [15]), the humanoid must
exhibit whole-body compliance, reliable contact detection,
and human-safe impedance control. In indirect, object-
mediated interaction, such as co-manipulation [16] or tele-
operation via a haptic interface [17], effective coordination
depends on shared object models, force/torque coupling, and
accurate task state estimation. In both cases, the physical
coupling serves not only as a means to accomplish the task
but also as a communication channel: the human and the
humanoid both convey their intents through applied forces,

while adapting to reach a common consensus. Anymismatch
in intent reduces efficiency and can compromise the stabil-
ity of the coupled system. Consequently, humanoids must
explicitly integrate safety mechanisms such as compliance
modulation and impedance control, as their actions directly
affect human safety during interaction. Therefore, in pHHI
these couplings inherently combine dynamic stability, com-
pliance, intent inference, and safety assurance into a unified
control problem.

The existence of multiple autonomous entities often puts
these control problems under the constraints of shared auton-
omy and human-centered ergonomics. The concept of shared
autonomy [18] introduces an additional layer of auton-
omy that spans a spectrum from pure teleoperation to fully
proactive assistance, with cooperative modes in which roles,
timing, and force-sharing change dynamically as the task
phases and human state evolve. Some researchers also refer
to this as arbitration. This perspective emphasizes that effec-
tive pHHI requires not only robust physical coupling and
control but also adaptive role allocation, ensuring both effi-
ciency and safety in human–robot partnerships.

These defining aspects of pHHI distinguish it from
conventional humanoid control, making it far more than
a straightforward application of existing methods. pHHI
requires dedicated consideration of the coupled human-robot
system. In contrast to fixed-base manipulators, humanoid
robots possess a floating base and are underactuated. They
typically function within multi-contact regimes, involving
interactions between the feet and the ground, as well as
the hands, objects, or the environment. These characteris-
tics fundamentally alter pHHI in several key aspects: 1)
Whole-body coupling: Interaction wrenches applied at the
hands influence centroidal momentum and overall balance.
An arm-generated interaction force may result in a fall if
whole-body stability is not maintained. 2) Hybrid multi-
contact feasibility: Contact constraints are unilateral and
limited by friction, while transitions between contacts intro-
duce hybrid dynamics. Planners and controllersmust account
for friction cones, support polygons, and the feasibility of
transitions. 3) Integrated optimization of locomotion and
manipulation: Effective cooperation frequently necessitates
concurrent planning of footstep timing, body posture, and
hand or object motion, all within real-time computational
constraints. 4) Enhanced safety requirements: In addition
to collision avoidance and impact limits, systems must
guarantee balance recoverability, prevent slipping, main-
tain predictable compliance, and implement safe fallback
behaviors in response to humandisturbances. 5)Uncertainty-
aware and safety-constrained learning: Distributional shifts
may lead to loss of balance or unsafe contacts. Therefore,
learned components should quantify uncertainty and be con-
strained by certified safetymechanismswith explicit fallback
mode switching. Additionally, classical kinematic, dynamic,
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and trajectory-centric paradigmsmust be extended to account
for human biomechanics, latent intent, comfort, social expec-
tations, and safety attributes, which are noisy, time-varying,
and person-specific.

Given all the challenges of pHHI, we believe there are
four key components that must be considered: hardware,
humanoid modeling and control, human intent estimation,
and computational human models. The foundational layer
is the hardware [19]. This establishes the upper limit of
system performance. It determines the robot’s sensor and
control bandwidth and its resilience to impact. Hardware also
determines the extent to which authority can be safely trans-
ferred to a human partner and the system’s ability to handle
unexpected events. Although hardware is recognized as a
prerequisite, we do not provide a comprehensive review of
mechanisms and actuators here. Instead, this review concen-
trates on the three algorithmic pillars that build upon this
foundation to enable robust pHHI, as shown in Fig. 1.

The first of these pillars centers on humanoid modeling
and control. Here, we consider the principal features that the
model and controller should have, such as stability, safety,
and adaptability. Controllers must maintain balance and fea-
sibility when facing unpredictable human-imposed forces
(stability). They must protect both partners during contact
events and transitions (safety). They should also intelligently
reallocatemomentum and authority as the task, environment,
or partner’s behavior changes (adaptability). These demands
shape the design of control architectures, ranging from single

locomotion activities to loco-manipulation. These require-
ments establish the foundation on which the other pillars can
reliably build.

The second pillar centers on human intent estimation.
Raw sensory observations are transformed into action-
able beliefs and short-horizon forecasts under three critical
themes. First, multi-sensor fusion is used to create low-
latency, fault-tolerant cues by combining data from pose,
wrench, physiological, and gaze sensors. Next, the choice
of modality involves matching appropriate probabilistic,
decision-theoretic, or learning-based models to each sig-
nal stream, ensuring timely and meaningful outputs. Finally,
generalization ensures performance across diverse partners,
tasks, and scenarios, allowing the system to resist distribution
shifts and explicitly represent uncertainty that downstream
controllers can utilize for safer decisions.

The third and final algorithmic pillar centers on the devel-
opment of computational human models. Here, the robot
moves beyond simple collision avoidance; it must consider
what is comfortable, feasible, and fair for the person it is
assisting. This pillar is defined by ergonomics, fidelity, and
personalization. These models must capture metrics of com-
fort, effort, and physical limits (ergonomics). They must be
reliable enough to support predictions and constraint-setting.
This can range from biomechanical to neuromechanical lev-
els (fidelity). They must also adapt online to user-specific
parameters and preferences (personalization). Exported as
constraints, costs, or targets, these models allow the robot’s

Fig. 1 Conceptual structure of pHHI with three algorithmic pillars: Humanoid Control (Stability, Safety, Adaptability), Human Intent estimation
(Multi-Sensor, Modality, Generalization), and Human Models (Ergonomics, Fidelity, Personalization)
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controller to share effort and respect human limits intelli-
gently. In doing so, these models enable the robot to move
from simply preventing failure to actively promoting safe,
efficient, and human-centered collaboration.

A primary challenge in the field is not the absence of
sophisticated methods within each domain. Rather, there is
a fundamental lack of integration among them. The existing
literature often presents solutions that optimize individual
aspects such as control, prediction, or human modeling in
isolation. However, effective pHHI in real-world scenarios
relies on the composition of these elements. For example,
intent estimation must communicate calibrated uncertainty
to the controller. Human models must define ergonomic lim-
its as explicit constraints for the planner. The controller must
provide stability assurances for higher-level processes. This
review is motivated by the need for a unified framework with
well-defined interfaces. Such a framework should connect
sensing and prediction to whole-body action, while main-
taining human comfort and safety.

The structure of this review paper begins with Section 2
that defines pHHI, outlines representative scenarios, and
introduces a two-axis taxonomy (i.e., interaction modality
and shared autonomy). Sections 3–5 develop the three pillars:
Section 3 covers humanoid dynamics and control. Section 4
addresses human intent estimation and prediction. Section 5
reviews computational humanmodels. In each pillar, we syn-
thesize foundational and recent work, assess relevance to
pHHI, and identify remaining challenges. In Section 6, we
then transition to a broader discussion of the field’s primary
challenges and outline an architecture for a unified frame-
work that integrates these proposed pillars. Additionally, we

identify key future research directions. Finally, Section 7
presents the conclusions of this comprehensive analysis.

2 Review of Physical Human-Humanoid
Interaction

Advancements in physical human-humanoid interaction are
deeply rooted in the evolution of the robot’s ability to con-
trol its complex dynamics while safely managing external
forces from a human partner. The literature reveals a pro-
gression from fundamental safety principles to highly inte-
grated, task-specific applications. A comprehensive review
of human-humanoid interaction and cooperation is presented
in [20], which provides a broad overview of this landscape.
Our synthesis identifies two core themes that consider only
physical interaction: i) task-specific implementations for key
pHHI scenarios such as collaborative transport and physical
assistance, and ii) control strategies that seek to ensure safe
and compliant behavior.

2.1 Task-Specific Implementations of pHHI

The discussion is anchored by classifying pHHI along
two practical axes: (i) interaction modality, which distin-
guishes between direct body-to-body contact and indirect
object-mediated coupling, and (ii) robot engagement, which
ranges from assistance to cooperation to collaboration. This
taxonomy in Table 1 demonstrates that higher levels of
engagement typically require stronger intent inference, more
comprehensive human-feasibility models, and more strin-
gent safety-certified whole-body control.

Table 1 Two-axis taxonomy of pHHI (interaction modality × robot engagement) with representative tasks and dominant technical requirements.
Increasing engagement generally requires stronger intent belief, richer human feasibility models, and tighter safety-certified whole-body control

Interaction modality Assistance (robot supports) Cooperation (shared effort) Collaboration (shared deci-
sions)

Direct body-to-body contact Examples: sit-to-stand support;
balance assistance; guided pos-
ture correction.
Dominant needs: compliant
contact regulation; stability
margins; comfort constraints;
predictable haptic behavior.

Examples: coupled locomotion
guidance; assisted stepping;
physical guidance with phase
alignment.
Dominant needs: phase/intent
estimation; impedance schedul-
ing; hybrid contact safety;
disturbance-aware control.

Examples: shared recovery
behaviors; coordinated maneu-
vering with mutual adaptation.
Dominant needs: belief-aware
planning; uncertainty-to-safety
gating; mode switching; explicit
failure/fallback logic.

Indirect object-mediated cou-
pling

Examples: follower co-
carrying; stabilizing an object
while the human leads.
Dominant needs: wrench regu-
lation at the object; object-state
estimation; safe compliance;
slip detection.

Examples: load-sharing carry;
collaborative positioning (e.g.,
aligning a panel).
Dominant needs: role infer-
ence; ergonomics-aware cost
models; footstep + hand co-
planning; constraint-aware con-
trol.

Examples: tight-space
transport; collaborative manip-
ulation/assembly with discrete
choices.
Dominant needs: multi-step
planning under uncertainty;
contact switching feasibility;
calibrated intent + robust con-
straints; safe fallback under
ambiguity.
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2.1.1 Collaborative Transportation and Co-manipulation

A substantial amount of research has concentrated on the
fundamental task of two partners collaboratively carrying an
object, as shown in Fig. 2a. This task requires precise coordi-
nation of both locomotion andmanipulation [21]. Early stud-
ies introduced homotopy-based controllers [22] designed for
this purpose and examined the problem from a haptic feed-
back perspective. Notably, the work in [23, 24] addressed
the challenge using specialized walking pattern generators
that adapt to each partner’s influence. Then, in [25], the
approach incorporates both vision and haptic sensing to
assess each partner’s contribution, ultimately developing
a comprehensive framework for human-humanoid collab-
orative carrying [16]. Other researchers have investigated
model-based control methods for managing load distribu-
tion [26] or utilized vision systems to allow a robot to follow
a human’s lead while carrying a large object [27]. In [28],
an object was jointly transported by finding the robot’s CoM
targets based on an interaction admittance model. A criti-
cal challenge in this field is making the interaction proactive
rather thanmerely reactive. In [29, 30], the authors examined
how a humanoid robot can anticipate a human’s intentions,
facilitating a smoother andmore efficient joint transport task.

2.1.2 Assistive Care and Ergonomics

Another important application area is providing direct phys-
ical assistance in healthcare and daily living activities as
shown in Fig. 2b. The sit-to-stand and stand-to-sit motions

are key benchmark tasks that require the robot to provide
enough support without being excessive. Recent advances
have demonstrated the effectiveness of robust controllers
designed for this purpose, utilizing force sensing to syn-
chronize with human movements [15, 31]. In addition to
basic assistance, there is a new focus on ergonomic physical
human-robot interaction (pHRI), where the robot’s actions
are optimized to minimize physical strain and reduce injury
risk for the human partner. For instance, in [32], a control
approach is explicitly developed for ergonomic payload lift-
ing, where the robot’s controller takes into account a model
of human ergonomics. This represents a significant shift from
simply completing a task to doing so in a manner that pri-
oritizes the well-being of the human user. Other innovative
forms of assistance include centaur-like systems that help
individuals carry heavy loads over long distances [33].

2.2 Control Strategies

At the core of pHHI is the requirement that the robot must be
physically compliant and safe to humans. Early and founda-
tional work focused on establishing control laws that enable
the robot to yield to external forces predictably, a princi-
ple essential for managing the uncertainties associated with
physical contact. We distinguish methods by decision level:
i) interaction-port behavior shaping, such as impedance,
admittance, or hybrid force–motion control, which regu-
lates local compliance and contact wrenches, i i)whole body
feasibility and motion generation, including whole-body
control, model predictive control, or trajectory optimization,

Fig. 2 Comparison of interaction modalities in physical human–hu-
manoid interaction. (a) Indirect, object-mediated co-manipulation (e.g.,
collaborative carrying), where coordination is mediated through a
shared object and relies on shared objectmodels and interaction-wrench

regulation. (b) Direct, body-to-body assistance (e.g., emulated rehabil-
itation), which requires whole-body balance, reliable contact detection,
and safe impedance/admittance control
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which enforce multi-contact constraints and balance while
allocating forces across the body, and i i i) learning-based
augmentation, which is applied either as residual or adaptive
components on top of (i) and (i i), or as learned predictors
and reference generators that provide priors, costs, or targets
for planning and control.

2.2.1 Compliance and Force Control

A fundamental aspect of safe interaction in robotics is the
ability to effectively modulate interaction forces. This regu-
lation is often achieved through a technique called impedance
control [34], in which the controller establishes a desired
dynamic relationship, similar to a virtual spring-damper sys-
tem, between the robot’smovements and the external forces it
experiences [35]. This approach allows the robot to be “soft"
when pushed and “stiff" when it needs to apply force. This
principle is essential and has been successfully applied in var-
ious applications, such as helping individuals stand up [31],
where compliant control enables the robot to assist the person
without creating a rigid or uncomfortable motion. However,
a significant challenge is maintaining whole-body balance
while being compliant. In [36], this issue was addressed by
developing a full-body compliant controller that canmaintain
balance even in the presence of large and unpredictable exter-
nal forces exerted by a human partner. In [28], an admittance
controller is used, which, instead of regulating the dynamic
relationship between position and force, finds a position for
the Center of Mass (CoM) of the robot based on external
forces generated by the expected interaction with an object
jointly transported with a human.

2.2.2 Whole-Body Control via Optimization

Optimization-based whole-body control treats motion and
force generation as a constrained optimization problem that
enforces dynamics and contact feasibility while balancing
task objectives in real time. In practice, two frameworks
dominate: hierarchical formulations (cascaded Quadratic
Programming (QP) techniques with strict priorities) and
weighted-sum formulations (a single QP with tunable objec-
tive trade-offs). In hierarchical optimization, also known as
Stack-of-Tasks [24, 25, 29, 37],Whole-Body Control (WBC)
is formulated as a sequence of strictly prioritized QPs. At the
highest level, balance, contact feasibility, and actuation lim-
its are enforced. Lower-priority tasks, such as interaction,
end-effector positioning, and posture, are projected into the
nullspace of higher-priority tasks. This approach is particu-
larly practical for pHHI because it ensures that human–robot
contact remains within stability and friction limits, even dur-
ing disturbances caused by the human partner. However, this
structure limits the ability to balance soft objectives, such
as comfort and speed, across priorities, and it may introduce

task-switching artifacts. In contrast, weighted-sum optimiza-
tion addresses WBC by solving a single QP that minimizes a
weighted sum of task costs, such as tracking accuracy, effort,
and interaction-wrench regulation, subject to dynamics and
contact constraints [16, 28, 38, 39]. This approach enables
continuous, real-time trade-offs that are advantageous in
pHHI. However, the effectiveness of this method depends
on the selection of appropriate weights and the design of the
cost function.Critical safety requirements shouldbe enforced
as hard constraints or protected through explicit feasibility
checks.

AlthoughWBC formulations frequently incorporate inter-
action objectives, such as wrench regulation or compliant
behavior, within their cost functions, they differ from local
impedance or admittance control by explicitly enforcing
whole-body feasibility across contact points and balance
constraints. Additionally, WBC allocates forces and motion
across the entire humanoid system.

2.2.3 Learning-Based Augmentation (Residuals, Predictors,
and References)

Learning-based approaches complement optimization by
acquiringwhole-body control policies or residual adaptations
directly from data. These methods enhance robustness and
flexibility in environments where frequent physical contact
is present. Recent studies have demonstrated the scalability
of skill acquisition on humanoid robots [40]. In addition to
policy learning, two further research directions are consid-
ered.Thefirst isLearning fromHumanDemonstration (LfD),
which enables data-efficient imitation of expert behaviors.
The second is Learning and Adapting Physical Interac-
tion, which focuses on online adjustment of assistance,
impedance, and force sharing during pHHI.

Learning from Human Demonstration (LfD) Instead of
being explicitly programmed, robots can learn collaborative
tasks by observing humans or being physically guided by
them. This method is effective in teaching complex physical
interactions. In [41], it was demonstrated that a humanoid
robot could learn to lift objects through physical guidance.
This approach, commonly referred to as imitation learning,
enables the robot to capture the subtleties of the interaction,
such as timing and force profiles, directly from an expert
human [42].

Learning and Adapting Physical Interaction Beyond one-
shot learning, some approaches enable robots to adapt
their behavior continuously during interactions. The authors
in [43] developed a framework for “physical interaction
learning," enabling robots to adjust their behavior in real-time
to better coordinate with a human partner during cooperative
tasks. Another strategy employs finite statemachines to track
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the progress of a collaborative task effectively. This method
involves passing through distinct phases, such as “approach-
ing," “grasping," and “lifting," while providing appropriate
assistance at each stage [44].

2.3 Synthesis: Reactive vs Predictive vs Proactive

Table 2 summarizes the control strategies discussed in this
section into three groups and outlines their key features,
advantages, limitations, typical applications, and critical
safety implications.

As summarized in the table, compliance/force control
delivers intuitive, “forgiving” contact by shaping task-space
dynamics. Its softness trades away authority and often relies
on a lower layer tomaintain balance and limits.Optimization-
based WBC enforces multi-contact feasibility. Hierarchical
QPs ensure feasibility but can show discontinuities at task or
priority switches. Weighted-sum QPs allow smooth trade-
offs but require explicit safety encoding. Learning-based
methods add personalization and fill modeling gaps, how-
ever, without a constraint-awarewrapper, they are non-robust
to shifts and rare events. In practice, the learning-basedmeth-
ods work best as residuals or reference generators under a
certified WBC/MPC layer.

In most of the approaches reviewed in this section, robotic
initiative is limited to reactive behaviors [15, 21, 22, 24, 26–
28, 31, 33]. Robots respond to measured interaction forces,
follow the motion of their human partners, and redistribute
loads to maintain compliance and adhere to safety standards.
Recent studies have examined predictive and proactive strate-
gies. In predictive approaches [16, 25, 32], controllers are
adapted based on forecasts of ergonomic risks or anticipated
human contributions. However, the robot does not initiate
task goals. In contrast, proactive strategies [29, 30] involve
anticipating human partner movements or inferring intent
through subtle actions, followedby redistributingmomentum
or adjusting footstep timing. Sensing modalities for reactive
strategies primarily use haptic feedback, while predictive and
proactive approaches incorporate kinematic and visual data.

Despite impressive progress in modeling and control
strategies for pHHI tasks, research still tends to focus
on isolated yet critical subproblems. This fragmentation
is understandable, as safe, compliant controllers, balanc-
ing under contact, intent inference, and human variability
are each challenging problems on their own. However, this
conservative approach leaves a gap between lab demonstra-
tions and deployable interaction. A common and cohesive
framework is needed: one that first models and controls the
humanoid at thewhole-body,multi-contact level, while guar-
anteeing safety in an efficient and tractable way. Second, it
estimates and forecasts human intent from noisy multimodal
signals. Third, it embeds human biomechanical/behavioral
models so that the robot optimizes not only the task success

but also comfort and effort. In this review paper, we use this
lens to survey the landscape and highlight bridging scenar-
ios where currently separate lines of work can be stitched
together into an actionable framework. We approach this by
framing the field around three key pillars: humanoid model-
ing and control, human intent estimation, and computational
human models. This approach helps reveal the requirements,
challenges, and opportunities for building safe, adaptive, and
human-centered systems.

3 Pillar I: Dynamics Models and Control
Strategies for Humanoid Robots

Humanoid control operates at the intersection of free-
floating, underactuated, hybrid, and multi-contact dynamics,
making even seemingly simple motions complex. This com-
plexity transforms physical interactions with people into a
challenge of balancing feasibility, responsiveness, and safety.
In this section, we explore this challenge by surveying the
main modeling abstractions, ranging from full-order whole-
body and centroidal dynamics to reduced-order templates
and learned residualmodels, as shown in Fig. 3. Additionally,
we mention their corresponding control paradigms, includ-
ing classical control techniques, optimal control formulations
with safety certificates, and learning-based controllers. For
each method, we analyze its benefits (e.g., fast balance
reflexes, force-aware coordination, comfort, and predictabil-
ity), its limitations (e.g., model mismatch and latency), and
how well it scales across different interaction modalities
and levels of shared autonomy. Our goal is not to create an
exhaustive catalog but to provide a coherent overview of fit-
for-purpose tools and their complementary roles, setting the
foundation for developing a safe, intuitive, and robust control
stack for pHHI.

3.1 Dynamic Models for Humanoids

3.1.1 Whole-Body Dynamics

At the core of this discussion are whole-body models of
humanoid robots, which consist of numerous rigid links,
closed contact constraints, and a free-floating base, mak-
ing the entire system underactuated. These models, whether
expressed in the Lagrangian or Newton-Euler form, serve
as the foundation for modern control strategies, including
Resolved Momentum Control (RMC) and optimization-
based WBC systems [45–49]. In the context of pHHI, the
accuracy of these models is crucial. When a person interacts
with the robot by stabilizing it at the forearm or sharing a
load through their hands, the forces involved result in motion
effects at the base and ground contacts. Even minor inac-
curacies in mass, inertia, or contact modeling can lead to
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Fig. 3 Modeling methodologies surveyed in this paper, arranged from
high-fidelity to reduced-order and learned abstractions: whole-body
multibody dynamics (WB), centroidal dynamics, single-rigid-body

(SRB) approximations, Linear Inverted Pendulum (LIP), Spring-
Loaded Inverted Pendulum (SLIP), and data-driven models

noticeable issues, such as stiffness spikes or drift during inter-
actions. Using full models enables us to analyze balance,
friction, and actuation limits simultaneously, an essential
factor for practical direct assistance and co-manipulation.
However, a challenge in pHHI arises from the combination of
parametric uncertainty, the time-varying nature of the human
impedance, and the need for real-time fidelity models. With-
out additional layers of compliance and predictive control,
achieving perfect model matching is often unrealistic.

3.1.2 Simplified Abstracted Models

To respond quickly to human actions, controllers uti-
lize reduced-order models that consider different levels of
abstraction. For instance, the Single Rigid Body (SRB) [48]
and Linear Inverted Pendulum Model (LIPM) and its cart-
table interpretation simplify balance to Center of Mass
(CoM) motion and a feasibility region for Zero Moment
Point (ZMP) or Center of Pressure (CoP). This simplifi-
cation provides efficient guidelines for foot placement and
CoM adjustment [50–54]. Another well-used model is the
Spring-Loaded Inverted Pendulum (SLIP) [55, 56], which
incorporates a compliant leg and better captures the bounce
dynamics compared to the rigid-leg assumption of the LIPM
model. This feature allows it to buffer impact forces and
exhibit self-stabilizing properties. The capture point and
Divergent Component of Motion (DCM) extend these con-
cepts into smooth stepping and push-recovery strategies that
are effective even when faced with sudden human move-
ments [57–59]. In pHHI, these are the foundation of concepts
for the robot’s balance framework: when a partner misjudges
the timing of a handover or shifts a shared object, the robot
can execute reactive actions, such as stepping, adjusting the
CoM, or adjusting its gait. Actions can be computed within
milliseconds, rather than engaging in the full complexity of
thewhole-body dynamics.However, these abstractions prior-

itize computational speed over model fidelity. They typically
assume coplanar and rigid contacts, and negligible angular
momentum. Additionally, in the case of LIPM, they often
neglect swing and impact dynamics as well as hand or object
contacts and consider nearly constant CoM height. As a
result, ZMP or capture margins may be inaccurately esti-
mated during large disturbances orwhen operating on uneven
terrain. In pHHI, where a human applies time-varying forces
and introduces individualized constraints, this modeling gap
becomes more apparent. Anticipatory control and personal-
ization remain limited unless themodel incorporates external
wrench estimation, non-coplanar contacts, and regulation of
variable height and momentum.

Centroidal dynamics serve as a compact model of CoM
motion and global angular momentum, sitting between full
fidelity and point-mass models. This approach captures how
all joints contribute to maintaining whole-body balance [46,
48, 49]. Centroidal planners schedule feasible contact phases
and momentum profiles. In practice, a whole body con-
trollerwith inverse dynamicsmaps the centroidalmomentum
schedules to torque commands that respect the friction, con-
tact, and actuation limits on the hardware, as demonstrated on
Atlas-class platforms [47–49].When viewed through a pHHI
lens, this middle layer becomes crucial. Direct assistance
tasks, such as sitting-to-standing movements and standing
during gait, require precise regulation of the interaction
forces in the hands while ensuring global balance in the feet.

However, centroidal models often neglect limb kinemat-
ics and generally assume predefined contact schedules, rigid
contacts, and preciseCoMormomentumestimates. Translat-
ingmomentumplans intowhole-body torquesmay encounter
joint or velocity constraints, self-collisions, or reachabil-
ity limitations, particularly when significant hand forces or
non-coplanar grasp conditions are present. In pHHI, unmod-
eled partner impedance and sensing delays can compromise
external-wrench regulation. Finally, inaccurate centroidal
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estimates or friction cone assumptions may result in infeasi-
ble or excessively aggressive momentum commands.

3.1.3 Data-Driven Modeling

Due to the challenges of obtaining precise models for com-
plex humanoids and the unpredictability ofmulti contact sce-
narios, data-driven modeling has become an essential tool.
Data-driven dynamics, including learned residuals and mod-
els, complement physics in situations where uncertainty is a
significant factor, such as partner-specific stiffness, unknown
payloads, and unmodeled compliance. Neural policies and
residuals are increasingly integrated into whole-body con-
trol stacks and loco-manipulation planners [60–69]. In the
context of pHHI, these data-driven methods prove most use-
ful as enhancements to the overall control architecture. For
instance, a residual could compensate for an individual’s grip
stiffness, or a learned predictor might adjust expectations
based on a partner’s characteristic timing. However, learned
models are sensitive to distribution shifts (e.g., new partners,
surfaces, payloads) and provide weak guarantees of safety
and stability.

3.2 Control Strategies for Humanoids

3.2.1 Classical Control

Whole-Body Control (WBC) via Inverse Dynamics A com-
mon approach to WBC on humanoids is operational-space
inverse dynamics, which prioritizes tasks and regulates inter-
nal forces. This method builds on torque control at key
coordinates [70], organizing constraint tasks, motion tasks,
and posture in a hierarchy. Lower-priority tasks are pro-
jected into the null space of higher-priority ones, enabling
compliant interaction at the torque level [71–73]. Internal-
force control has also been introduced, allowing unified
regulation of the center of mass, operational tasks, and
internal wrenches [74]. Momentum-based methods, such
as Resolved Momentum Control, handle both linear and
angular momentum as a whole-body task [45], thereby
helping to maintain balance and manage interaction dynam-
ics within inverse-dynamics controllers. When interacting
with unknown objects, WBC can utilize online estimation
of operational forces to adapt motion and force allocation
as payloads change, thereby maintaining balance and con-
tact [75]. Whole-body impedance control at the torque level
has been demonstrated on robots like DLR Justin, enabling
self-collision avoidance and compliant multi-task manipula-
tion [76, 77].

In pHHI, torque-level whole-body control (WBC) is
advantageous because it provides direct access to interac-
tion ports, meaning the points of contact, such as the hands,
forearms, and torso. This approach incorporates impedance

control (which resists motion in response to force) and inter-
nal force or momentum regulation, allowing for transparent
and adjustable contact forces. As a result, the system can
adapt to unknown forces from partners or objects.

The primary limitations of this approach in pHHI would
be the management of inequality constraints, such as friction
cones (the allowable directions of force to avoid slipping)
and torque or CoP bounds, as well as managing model
uncertainty, such as payload shifts and soft contacts. Addi-
tionally, the method depends on precise torque sensing or
estimation. In practice, many control architectures com-
bine inverse-dynamics whole-body control with supervisory
safety monitors, while comprehensive inequality constraint
handling is typically addressed in the optimization section
discussed later.

Promising directions for improvement include embed-
ding contact and wrench observers directly within the WBC
loop, and leveraging explicit centroidal momentum tasks to
absorb partner-induced twists with the whole body rather
than relying solely on ankle torques [46, 48, 49]. Addi-
tional enhancements involve adding safety layers that bound
the CoM, ZMP, and friction regardless of the nominal task
stack [78], incorporating learned residuals to address model
discrepancieswithout neglecting physical principles [62, 63],
and implementing automatic gain tuning to reduce the need
for manual adjustments when switching between humans or
tasks [79].

Impedance, Admittance, andHybrid Force/PositionControl
Impedance, admittance, and hybrid force/position control
are crucial concepts in humanoid loco-manipulation. If
WBC determines the forces to apply, impedance and admit-
tance govern how these forces are exchanged. In practice,
humanoid manipulation controllers surround their interac-
tion ports, such as hands and forearms, with whole-body
impedance. This design allows for compliant motion when
facedwith unexpected humanwrenches, ensuring that stance
contacts remain feasible [28, 80–82]. This is the layer that
individuals experience, it influenceswhether interaction feels
soft, whether handovers are forgiving, and whether teleop-
eration remains safely energetic despite operator variations
and uncertainties.

For indirect interactions, such as carrying a tray, hybrid
force/position control separates the axes, allowing vertical
force to be regulated while maintaining precise horizontal
motion. This helps prevent sudden changes in load sharing.
The challenges here involve classic trade-offs: if the system
is too soft, the robot loses control, especially with heavy
loads. If too stiff, the human may feel uncomfortable surges
in force, and high admittance can endanger balance without
proper constraints.

Improvements for pHHI could include variable impedance
schedules that adapt to different phases of a task, for exam-
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ple, a softer approach, a firm lift, and a gentle handoff.
Comfort can also be enhanced by limiting wrench rate and
jerk, and by modulating admittance gains based on ZMP and
CoP margins together with Control Barrier Function (CBF)
constraints [81, 83]. Finally, co-designing with the whole-
body controller enables impedance to shape the interaction
ports while ensuring that the WBC preserves overall feasi-
bility [82].

3.2.2 Optimal Control and MPC/MPPI

Optimal control frames humanoid behavior as a constrained
optimization problem, withModel Predictive Control (MPC)
offering anticipatory control by optimizing footsteps, con-
tacts, and force sharing over a receding horizon, allowing for
replanning as conditions change.

Modular Approaches The high complexity and dimension-
ality of humanoids motivate a modular framework consisting
of a high-level planner and a low-level controller. The high-
level planner performs predictive planning of COM motion,
footstep locations, forces, etc., while the low-level con-
troller executes these plans on the physical robot. Both the
high-level and the low-level are often formulated using opti-
mization schemes. Model Predictive Control (MPC) has
been widely used for footstep planing in humanoid loco-
motion [84]. Linear Inverted Pendulum (LIP) based MPC
coupled with a low-level quadratic program has been widely
used for legged locomotion on flat surfaces [50, 85, 86].
This method regulates the CoM and ZMP, placing steps to
counteract pushes without solving full-order dynamics [50].
However, a limitation of this approach, especially for pHHI,
is contact myopia: arm and interaction forces, as well as
human-induced wrenches, are not perfectly modeled, which
can lead to abrupt interactions. The authors explored extend-
ing LIP to account for interaction and combined impedance
control in [28],which allowsminor human-robotmismatches
to be absorbed compliantly. Another reduced-order model
that has been widely used for humanoid walking is the Sin-
gle Rigid Body (SRB) [48] and the Spring-Loaded Inverted
Pendulum (SLIP) [87, 88].

Most reduced-order models are obtained by making
assumptions about the centroidal dynamics [46]. Approaches
that use centroidal dynamics with MPC optimize CoM
and global momentum while explicitly considering contact
schedules, friction cones, and wrench bounds, eventually
realizing the plan through whole-body control. This method-
ology has been successfully applied for rough terrain navi-
gation and contact-rich maneuvers [47]. Additionally, it has
been extendedwithmulti-contact previews [81] to coordinate
hand and foot movements, effectively leveraging centroidal
dynamics with full kinematic consistency [48]. For pHHI,
centroidalMPC could co-optimize foot placement. Nonethe-

less, there are challenges related to latency (due to large
quadratic programs/nonlinear programs) and model fidelity
under human variability.

Hierarchical Approaches Stack-of-Tasks (SoT)methodsorga-
nize whole-body control into a hierarchy of tasks, where
each task is assigned a strict priority level. High-priority
constraints (e.g., contacts, balance, joint/torque limits) are
enforced first, while lower-priority tasks are projected into
the corresponding null spaces, resulting in predictable
behavior in the event of task conflicts. Foundational ideas
trace back to operational-space control and task-priority
Inverse Kinematics (IK) for redundant robots [89–91].
In modern humanoids, SoT is often realized as hierar-
chical QPs that solve a cascade of convex problems at
each cycle, enabling real-time multi-contact behaviors while
preserving hard constraints [92, 93]. These formulations
have been demonstrated for dynamic whole-body motion
with unilateral contact/friction constraints, as well as on
torque-controlled humanoids with momentum regulation
[94, 95].

Sampling-based MPC (MPPI) The Model Predictive Path
Integral (MPPI) method bypasses large, nonlinear programs
by sampling multiple rollouts each cycle and averaging the
best results. This produces a gradient-free controller capa-
ble of tolerating nonconvex costs and contact discontinuities,
making MPPI particularly suitable for contact-rich situa-
tions and rapid “what-if" re-planning during cooperative
tasks [96, 97]. For pHHI, key considerations include the
trade-off between sample budget and latency, cost shaping
to account for human comfort and safety, and addressing
stochastic variability. The sampling-based nature of MPPI
could also be leveragedwith learned coupled dynamics of the
humanoid and the human. This could lead to robust motion
planning and efficient collaboration.

Differential Dynamic Programming (DDP) Differential Dyn-
amic Programming (DDP) is a method for solving opti-
mization that alternates forward rollouts with a backward
quadratic expansion of the value function, yielding both feed-
forward control updates and time-varying Linear Quadratic
Regulator (LQR) feedback gains. For legged and humanoid
systems, DDP (and first-order variants such as iterative Lin-
ear Quadratic Gaussian (iLQG) / iterative Linear Quadratic
Regulator (iLQR)) has been used to generate and stabilize
whole-body motions online (e.g., get-up, disturbance recov-
ery), and to respect input bounds via control-limited updates
[98, 99]. Recent formulations address contact-rich locomo-
tion by optimizing multi-phase rigid-contact dynamics and
even hybrid switching/impact events while handling friction
and torque limits through augmented-Lagrangian and barrier
techniques [100, 101].
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3.2.3 Learning-based control

With the rise ofmachine learning,many researchers are using
these techniques for humanoid control, aiming to achieve
more general or adaptive behaviors that are difficult to design
manually. These approaches are particularly appealing for
pHHI because human behavior is complex to model. In the-
ory, a learning robot could adapt to individual human partners
or acquire complex interactive skills through examples or
trial and error.

Reinforcement Learning (RL) Deep Reinforcement Learn-
ing (RL) has enabled the development of whole-body
locomotion and emerging loco-manipulation skills through
extensive simulation training. Recent advancements include
transformer-based locomotion policies for humanoid robots
[60], sim-to-real curricula that enhance the robustness of
hardware [61], and contact-rich loco-manipulation con-
trollers for tasks like pushing and carrying boxes [64, 65].
The appeal of RL for pHHI lies in its ability to personalize
actions and discover strategies; a policy can learn when to
step, brace with the arms, or adjust grip and effort based on
cues from a partner, which behaviors can enhance model-
based designs [102].

We would like to direct readers to [103] for a detailed
review of learning-based methods for humanoids. The
authors categorize these approaches into two primary types:
end-to-end frameworks [104–108], which directly map sen-
sory inputs to control actions, and hierarchical frameworks
[69, 109, 110],which decompose locomotion into layers such
as high-level planning and low-level control. Importantly,
they highlight how future research can leverage the com-
plementary strengths of optimization- and learning-based
methods within unified control frameworks. For example,
learning can bemademore sample-efficient by incorporating
guided policy learning [104, 111, 112], where expert demon-
strations or planner-generated trajectories are used to guide
policy training in both end-to-end and hierarchical settings.
Likewise, optimization methods can be made more robust
to uncertainty and unmodeled dynamics by incorporating
residual learning, where learned corrections augment model-
based baselines. These strategies for fusing optimization and
learning not only advance locomotion control but also pro-
vide inspiration for pHHI, particularly in developing coupled
models, human-aware control, and improved robustness in
collaborative tasks.

In practice, on-policy training methods (such as Prox-
imal Policy Optimization (PPO) and Trust Region Policy
Optimization (TRPO)) offer stability but require a substan-
tial amount of data, while off-policy methods (like Soft
Actor Critic (SAC) and Deep Deterministic Policy Gradient
(DDPG) can be more efficient. However, they are often chal-
lenging to fine-tune. This has led to a reliance on domain

randomization and structured curricula to facilitate trans-
fer from simulation to real-world applications. The main
challenges for pHHI include safety, as unsafe exploration
is unacceptable when humans are involved, and the sim-to-
real gap. Possible solutions involve exposing policies only
as high-level references, while simultaneously implementing
impedance and walking behavior control (WBC) safety lay-
ers, using conservative action spaces, and shaping rewards
to prioritize comfort, for example, by minimizing sudden
movements and maintaining bounded forces.

Imitation Learning (IL) & Inverse RL Instead of starting
from scratch, Imitation Learning (IL) utilizes demonstra-
tions, such as teleoperation or motion capture, to acquire
natural, human-like whole-body behaviors. This can then
be optionally refined using RL for greater robustness. For
pHHI, IL can capture socially appropriate timing, effective
handovers, or partner-following strategies [66, 67, 69, 113].
Meanwhile, Inverse Reinforcement Learning (IRL) learns
reward functions that align with human preferences, such
as ensuring stability while minimizing abrupt movements,
which enhances comfort during assistance [114]. However,
there are significant challenges, including covariate shift
(when the robot’s experiences deviate from those observed
during demonstrations) and limited exposure to edge cases.
Possible solutions involve aggregating datasets and employ-
ing IL-to-RL pipelines to enhance robustness. Additionally,
using uncertainty-aware execution can help; if the robot’s
confidence is low, it can revert to compliant tracking to main-
tain safety and reliability.

Behavior/Policy Foundations, Language & Teleoperation
Recent research has investigated language-guided and “foun-
dation-style" policy models that can compile and adapt
whole-body skills from extensive datasets. This approach
allows for rapid adaptation to new tasks with minimal
prompts or few examples [115–118]. When combined with
universalwhole-body teleoperation, these systems can gather
high-quality demonstrations and facilitate clear shared auton-
omy during contact-rich collaborations [69, 119]. In pHHI,
such models help align robot behavior with human intent,
utilizing either language or operator cues, while also preserv-
ing the subtleties of contact learned from diverse prior data.
The trade-offs involved include scale (data and computa-
tional resources), assurance, and interpretability. In practice,
these models are deployed alongside certified balance and
safety layers, as well as hierarchical whole-body control,
ensuring that high-level instructions are executed smoothly
and predictably. Although this approach shows great poten-
tial for achieving outstanding performance in complex tasks,
significant work remains to be done, particularly in avoid-
ing hallucination, ensuring safety guarantees, and preventing
Large Language Model (LLM)-Jailbreaking [120, 121].
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3.2.4 Stability/Safety Certificates: ZMP / CoP, Capture-Point
/ DCM, HZD, CBF-QP

When considering pHHI, a humanoid must ensure balance
and safety in real-time, even if higher-level MPC or learn-
ing may hesitate or err. At the low-levels, techniques such
as ZMP/CoP feasibility and DCM/Capture Point stepping
provide rapid corrections in milliseconds, keeping the CoM
in a recoverable state and enabling smooth push recovery.
For continuous locomotion, Hybrid Zero Dynamics (HZD)
guarantees stable gaits for underactuated bipeds, offering
a solid foundation upon which regulation and disturbance
rejection can be built [122–124]. As a runtime safety mea-
sure, Control Barrier Function Quadratic Programs (CBF-
QPs) enforce forward-invariant sets, such as no-slip cones,
CoM envelopes, and joint/torque limits, regardless of the
nominal controller, filtering out unsafe regions during exe-
cution [78]. The main challenges include certifying the
composition across multi-phase loco-manipulation, design-
ing uncertainty-aware sets considering unknown human
forces and sensor delays, and maintaining comfort by avoid-
ing abrupt or overly cautious reactions. Promising avenues
for improvement include: i) personalizing barrier sets with
partner-specific stiffness and bounded force models, ii)
implementing rate-limited barriers to control jerk and force
rate, iii) co-designing with impedance and centroidal/WBC
to minimize interventions from barriers, and iv) integrating
barriers with learned uncertainty, tightening sets when mod-
els are weak and relaxing them when confidence is high, all
while maintaining certified dynamics at the core.

3.3 Pillar I Insights and Discussion

Ahumanoid controller designed for pHHI should exhibit four
key features: safety, to ensure humanwell-being during close
physical contact; stability and robustness, to guarantee reli-
able performance under external disturbances and varying
loads; adaptability, to accommodate diverse human part-
ners, tasks, and environments; and ease of implementation, to
enable practical deployment on complex humanoid systems.
Guided by the humanoid control architectures discussed in
Pillar I, we examine how three major control paradigms,
classical, optimization-based, and learning-based methods,
perform with respect to these key requirements for pHHI, as
illustrated in Fig. 4.

The first feature considered is safety, defined as the pro-
tection of the human during controller operation. Safety
encompasses the robot’s compliance during human con-
tact, robustness under disturbances or model mismatches,
and the level of trust that the human perceives. Classical
and optimization-based controllers generally provide com-

parable safety, as safety can be enforced by design and, in
optimization-based methods, modulated through hard and
soft constraints. Both approaches, however, remain vul-
nerable to model inaccuracies and external disturbances.
Incorporating impedance or admittance models can miti-
gate these vulnerabilities. Classical controllers may produce
more aggressive motions, while optimization-based con-
trollers can address this issue. Learning-based controllers
offer smoother motion but currently lack full explainability
and interpretability, which reduces their perceived safety due
to uncertainty regarding potential failures that could endan-
ger humans. Additionally, it is challenging to add explicit
safety constraints during policy learning. Constrained Prox-
imal Policy Optimization (CPPO) [112] enables adding a
threshold on the cumulative violation of all constraints, but
lacks individual thresholds and hard constraints. Safety can
also be ensured to some extent by guiding policy learning to
avoid unsafe actions.

The second feature considered is stability and robustness.
This accounts for the robot’s balance and its robustness in
compensating for or anticipating disturbances that could lead
to amisstep or fall. In this category,we consider that learning-
based methods outperform classical and optimization-based
methods. The primary reason is that learning-based meth-
ods are more effective at adapting and compensating for
unmodeled effects, switching states, and disturbances. An
optimization-based approach could explicitly trade off bal-
ance, tracking, and effort, yielding whole-body responses or
employing predictivemethods that decide to step early (spec-
ifying where/when/how far) in order to maintain stability.
Classical methods can be myopic, reacting only after errors
have grown, often too late, and lacking predictive capability.

The third feature considered is adaptability, defined as the
controller’s ability to personalize to user preferences, man-
age changing arbitration among objectives, and generalize
across tasks. Learning-based methods generally demonstrate
superior adaptability, as learned policies can be conditioned
on context and preference signals such as embeddings,
demonstrations, or reward shaping. These policies can be
updated online through residuals, enabling rapid person-
alization without redesign. Learning-based controllers also
adapt effectively to changes in partners, payloads, or goals.
Optimization-based controllers can adapt by re-solving with
updated costs, priorities, and constraints or by incorporat-
ing online parameter estimates. However, each modification
requires problem re-specification and incurs solver latency,
while generalization is constrained by the selected model
and task encoding. Classical controllers encode prefer-
ences implicitly through gains and heuristics, and significant
changes in arbitration or task necessitate manual retuning
and often re-architecting of the control loops.
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Fig. 4 Conceptual Framework of Pillar I: Humanoid Modeling &
Control. Classical, optimization-based, and learning-based control
paradigms are compared using a radar chart that highlights safety, stabil-

ity and robustness, adaptability, and implementation effort. The scores
presented are qualitative and comparative rather than absolute measure-
ments

The final feature considered is ease of implementa-
tion. Optimization-based approaches are generally preferred
because they enable the formulation of tasks and safety
requirements as costs and hard constraints, and benefit from
the use of established commercial solvers. While tuning
of weights and models remains necessary, these methods
scale effectively as interaction complexity increases. Classi-
cal controllers provide transparency for individual behaviors,
but their implementation becomesmore complex as the num-
ber of contacts and arbitration scenarios increases, requiring
additional gains, heuristics, or operational modes. Learning-
based methods present greater implementation challenges,
as they demand extensive safety-validated datasets or high-
fidelity simulations,must address simulation-to-reality trans-
fer and exploration risks, and often require supplementary
safety filters because constraints are not inherently inte-
grated.

4 Pillar II: Human Intent Estimation

A robust humanoid controller, as presented in the previous
section, allows the robot to manage its dynamics and remain
resilient to external disturbances. However, proactive phys-
ical collaboration with a humanoid robot depends on the
robot’s ability to anticipate its partner’s next actions and the
intensity with which they will act. In this section, we first
define human intent, which encompasses everything from
low-level desired trajectories and force profiles to higher-
level goals, roles, and cognitive states. This clarification helps
us understand what needs to be estimated and the timeframes
involved. Next, we examine various sensing modalities for
detecting intent, including kinematic and pose data, force-
torque and tactile feedback, physiological signals, and gaze
cues.We emphasizewhat eachmodality reveals and conceals
in contact-rich settings. Based on these signals, we review
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models and algorithms for predicting intent. These include
probabilistic filters, movement primitives, inverse optimal
control/inverse reinforcement learning for inferring objec-
tives, and Partially Observable Markov Decision Process
(POMDP) formulations for actions taken under uncertainty.
We also explore modern learning methods, including Recur-
rent Neural Networks (RNNs), Transformers, and generative
models, with a focus on real-time applications, personaliza-
tion, and calibrated uncertainty. Throughout our discussion,
wehighlight the strengths and limitations of these approaches
in the context of pHHI. We conclude by indicating how
intent estimates should be integrated with whole-body
impedance, preview planning, and safety layers, setting the
stage for the integration pathways developed in later sec-
tions.

4.1 Definition of Human Intent: FromDesired
Trajectories to Cognitive States

In the context of this review, “intent" refers to the underlying
variables that help to explain and predict a partner’s future
movements and force profile. This includes understanding
where they are heading, what they intend to do with shared
objects, and the strength of their actions. At the most basic
operational level, intent can be represented as a desired tra-
jectory, essentially, the desired positions, velocity profiles,
or force profiles (wrench envelopes). If a robot knows these
trajectories, it can adjust its interactions and anticipate move-
ments, such as steps or grasps. At a higher level of task
planning, intent may represent specific goals (e.g., turning
left, stopping, or handing over an object) or role assignments
(such as leader or follower) that influence how individuals
collaborate. At the cognitive level, intent is associated with
plans, preferences, and social cues, such as gaze and timing,
which are critical to building trust and enhancing legibility
in interactions. Research on shared control and intention-
based systems shows that making intent explicit can improve
interaction fluency and reduce effort. However, it is crucial
to maintain transparency and calibrated autonomy for user
acceptance [18, 125, 126].

It is important to note that in robotics, intent must often
be inferred in situations of partial observability, under tight
deadlines, and in the presence of disturbances caused by con-
tact. This intent then needs to be translated into whole-body
behaviors that ensure comfort and safety, a requirement that
presents challenges for both perception and control [14].

4.2 SensingModalities for Human Intent Estimation

A humanoid’s ability to understand intent is limited by its
sensory capabilities and the latency of its sensory input.
Different sensory channels reveal various aspects of a per-

son’s underlying plan. For example, bodyposture can provide
information about geometry and timing, but it may become
unclear if the view is obstructed. Additionally, the forces
exerted during contact can indicate immediate goals but
may be confused by environmental factors that affect human
intent. Physiological signals and gaze direction can offer
cognitive-level clues that appear earlier than the correspond-
ing motion, but they require careful calibration and pose
challenges in terms of reliability.

4.2.1 Kinematic and Motion-Based Sensing: Leveraging
Body Pose and Skeletal Data

Kinematics is fundamental for intent inference in pHHI
because an individual’s pose and its changes over time
provide strong indicators of near-future actions. Recent
advances in markerless, multi-person tracking tailored for
Human-Robot Interaction (HRI) have minimized jitter and
occlusion artifacts, resulting in stable pose streams that
downstream predictors can reliably use [127]. When direct
contact sensing is not available, dependable 3D pose base-
lines and monocular human dynamics estimation provide
practical inputs for early intent decoding [128, 129]. Using
these pose streams, lightweight predictors can quickly iden-
tify imminent actions (e.g., a pivot during co-carrying) to
facilitate timely adjustments in impedance or planning. In
walking scenarios, intent recognition has been framed as
a multi-class problem (continue, turn, stop), incorporat-
ing phase-aware features to trigger balance-sensitive assis-
tance [130]. Building on this foundation, vision-based skele-
ton trackingwith RGB-D (i.e., imageswith both color (RGB)
and depth (D) information) or monocular cameras offers
a valuable, non-contact means of understanding posture,
velocity, and configuration, supporting proactive behaviors.
By observing the early stages of motion, the robot can
forecast short-horizon trajectories [131, 132], allowing it to
anticipate user needs before physical contact occurs. This
capability enables proactive handovers and preemptive col-
lision avoidance [133–135]. In pHHI, these predictions can
be directly integrated into whole-body or impedance con-
trollers, helping to shape interaction forceswhilemaintaining
balance.

However, limitations exist; kinematic data can be ambigu-
ous without context related to objects or forces (the same
motion may have different underlying goals), and close-
quarter interactions can heighten issues like occlusions and
sensitivity to lighting [131, 132, 136]. To achieve cohesion
and robustness in practice, several strategies could be imple-
mented, such as tracking techniques (including temporal
priors, kinematic constraints, and multi-view/depth systems)
to stabilize pose and contact-aware features that align pre-
dictions with the timing of tasks.
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4.2.2 Force and Torque-Based Sensing: Direct Physical Cues

Haptic measurements, specifically the interaction forces and
torques at the contact point, provide the clearest insight
into a partner’s short-term intentions, particularly in co-
manipulation scenarios. End-effector and joint force/torque
sensors, or estimators derived from motor currents, effec-
tively capture human push/pull patterns, desired direction
changes, and load-sharing behaviors with high fidelity and
low latency. This generates an immediately actionable sig-
nal for impedance/admittance and whole-body control sys-
tems [14, 137]. Learning from these signals enhances shared
object manipulation by mapping force histories to neces-
sary motion corrections and role allocations. In co-transport
situations, combining recent kinematics with wrench data
enables rapid estimation of desired velocity and force direc-
tion. Additionally, constraint-aware formulations ensure that
inferred goals remain physically feasible for the human–ob-
ject–robot system [138]. When dedicated sensors are not
available, several studies demonstrate the recovery of virtual
interactionwrenches from the robot’s dynamics (specifically,
torque residuals), retaining much of the functionality for
intent decoding and compliance shaping [139, 140].

While the strengths of this modality, such as immediacy
and actionability, are significant, they also highlight its lim-
itations. Pure force sensing is inherently reactive; the robot
can only learn from the effort applied, which can result
in sluggish responses or require unnecessary human exer-
tion. Practical challenges include sensor placement, bias and
noise, contact switches that complicate estimation, and the
difficulty of separating human intent from environmental dis-
turbances. Cohesive design approaches help mitigate these
issues by implementing filtering andwrench observers linked
to the contact state or object state data to clarify intent.

4.2.3 Physiological and Gaze-Based Sensing

Physiological signals and gaze patterns provide anticipatory
evidence of human intent, often preceding overt motion. Eye
tracking reveals where a person’s visual attention is focused
and which targets they are selecting, strong predictors of the
next reach, route, or grasp. This information enables actions
such as pre-positioning, safer handovers, and earlier col-
lision avoidance [141]. Research on handover timing and
gaze indicates that well-timed cues can enhance compliance
and perceived fluidity during interactions. These cues can
be integrated into intent estimators to better coordinate role
exchanges and initiatives during close contact [133, 134]. On
the physiological side, ElectroMyoGraphy (EMG) captures
muscle activation before any measurable force is generated.
Additionally, wearable Inertial Measurement Units (IMUs)
can segment activities, detect gait phases, and trigger short-
term motion primitives that are generally applicable across

users [142, 143]. In pHHI, these early signals can guide
whole-body and impedance controllers to anticipate themost
likely action.

The advantages of these channels lie in their ability to
reduce lead time and clarify tasks. However, there are prac-
tical and user-dependent challenges: eye trackers and EMG
can be intrusive and require calibration. At the same time,
signals can vary significantly between users, depending on
factors such as placement and context. Additionally, perfor-
mance can degrade due to fatigue, perspiration, or changes in
lighting and occlusions [144–146]. Consequently, cohesive
designs treat these modalities as supporting evidence rather
than definitive measurements. They fuse data from physio-
logical signals, gaze, kinematic, and force information using
probabilistic filters.

4.2.4 Multi-Modal Fusion

No single sensor is reliable across the wide range of pHHI
scenarios, so effective intent understanding and safe assis-
tance increasingly depend on sensor fusion. Combining
visual data with force and tactile cues consistently enhances
continuous intent recognition and attention estimation com-
pared to using a single modality, thereby reducing false
triggers in tasks such as hand-guiding and shared carry-
ing [147]. Markerless tracking, tailored for HRI, which
incorporates temporal priors, multi-view perspectives, and
kinematic constraints, stabilizes the visual component in
cluttered environments [127]. Meanwhile, gaze information
helps clarify which target a reach is directed at, while wear-
ables like EMG sensors and IMUs provide phase and early
activation cues. The outcome is the gathering of complemen-
tary evidence at various latencies and levels of abstraction:
for instance, gaze can clarify the intended target of a reach,
vision and kinematics may predict motion, and force mea-
surements can confirm physical intent upon contact.

In practical applications, early cues (such as gaze, EMG,
and IMU signals) serve as priors that inform predictions and
control set points, while haptic feedback and kinematics pro-
vide quick posteriors to effectively close the control loop.
The potential benefits of this approach are improved disam-
biguation and fault tolerance. However, challenges include
managing latency and computational demands, as well as the
necessity for reliability-aware attention and online calibra-
tion/personalization. Key open issues encompass adapting
fusionweights based ondifferent users and contexts, address-
ing sensor bias and drift during contact transitions, and
ensuring comfort and legibility (for example, through rate-
limiting updates to stiffness or wrenches) as beliefs evolve.
A practical approach involves stabilizing vision, fusing gaze,
EMG, and IMU data as intent priors, confirming with force
and torque evidence, enforcing feasibility, and communicat-
ing confidence levels to the controller. This allows the system
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to balance between reactive compliance and proactive assis-
tance smoothly [144–146].

4.3 Models and Algorithms for Human Intent
Prediction

Once sensing collects information to expose parts of a
human’s plan, the main challenge is to transform these
insights into actionable forecasts. Specifically, predicting
what the human will do next, the timing and intensity of
their actions, and our level of confidence in these predic-
tions. Here, we discuss some of the models and algorithms
most frequently used to capture human intent.

4.3.1 Probabilistic Models: Hidden Markov Models (HMMs)
and Bayesian Filtering

Probabilistic intent modeling views human goals as latent
stochastic processes that generate observedmotion and force.
Classical HMMs and recursive Bayesian filters maintain a
belief over candidate intentions or phases and update this
belief online as new sensory evidence arrives (such as from
vision, wrenches, gaze, and EMG). This process yields an
interpretable posterior that controllers can use for risk-aware
decisions [136, 148]. On the trajectory side, probabilistic
movement primitives (ProMPs) and Gaussian mixture or
regression models encode distributions over motions. These
models enable early action recognition and short-horizon
forecasts from partial observations. Phase and speed estima-
tors condition a motion library online for collaborative tasks,
even with limited data [148–150].

The advantages of these models are threefold: they are
data-efficient, provide explicit uncertainty (calibrated con-
fidence for safe decision-making), and facilitate reflex-rate
inference that interacts with impedance, WBC, or MPC.
However, they also have some weaknesses: they depend on
task- or library-specific motion sets, have limited prediction
horizons, and can be sensitive to personalization, contact
reconfiguration, and high-dimensional continuous dynamics.

4.3.2 Partially Observable Markov Decision Processes
(POMDPs)

When intent is hidden and observations are noisy, the model
naturally fits a PartiallyObservableMarkovDecisionProcess
(POMDP). In this framework, the human’s intent is consid-
ered a latent state, while the robot maintains a belief over
hypotheses derived from multimodal evidence. It chooses
actions that both advance the task and reduce ambiguity.
In scenarios like collaborative transport or handovers, this
approach results in policies that gently probe the human’s
intent, such as slight object reorientation or compliant micro-
motions, to encourage clarifying responses from the human

while adhering to strict safety limits. This reflects findings
on implicit communication through motion [151]. POMDPs
also formalize the concept of belief-dependent controllers,
which can adjust their impedance, being softer when uncer-
tainty is high and firmer when confidence is high. However,
exact POMDP solutions are complex for humanoid robots,
as beliefs are often high-dimensional and continuous. There-
fore, systems often rely on approximations that retain many
advantages, such as fast Bayesian filters to generate intent
or phase beliefs [150]. These filters are paired with belief-
aware receding-horizon controllers that encode intent as
constraints, costs, or scenarios [18].

4.3.3 Inverse Optimal Control (IOC) and Inverse
Reinforcement Learning (IRL): Inferring Human
Objectives

Humans tend to act approximately optimally with respect to
a hidden objective, and researchers in IRL seek to recover
that objective from demonstrations. This approach focuses
on translating intent into a cost landscape rather than simply
making kinematic predictions [138]. In the area of collab-
orative loco-manipulation, IRL has been effectively used to
derive rewards that align with human preferences, such as
stability, smoothness, and effort [114]. This results in robot
behaviors that users perceive as more natural and comfort-
able [152]. Another perspective views physical interaction as
a form of communication, where the robot updates its objec-
tive in real-time based on human feedback. This co-active
learning process helps the robot adapt its strategies to reflect
the user’s implicit goals during the task [153]. The semantics-
first approach to intent in pHHI facilitates generalization to
new contexts, whether involving unfamiliar objects, paths,
or role distributions.

However, this approach presents challenges. Many differ-
ent objectives can explain the samemotion (a problemknown
as a lack of identifiability), and the features involved are
important. Additionally, data collection can be limited, and
full IOC and IRL can be computationally intensive, particu-
larly under conditions of partial observability and complex,
contact-rich, whole-body dynamics. To address these chal-
lenges, practical strategies include: structuring rewards using
physically meaningful features, such as ergonomics, effort,
and contact safety, accompanied by regularization con-
straints. Combining offline IOC with online, co-adaptive
updates based on corrections made during tasks to enhance
personalization.

4.3.4 Machine Learning and Deep Learning Approaches

More recently, deep learning has become the dominant
approach, offering powerful tools for learning complex
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patterns from large datasets without the need for extensive
feature engineering.

Recurrent Neural Networks (RNNs, LSTMs, GRUs) for Tem-
poral Dynamics Recurrent Neural Networks (RNNs), par-
ticularly Long Short-Term Memory (LSTM) networks and
Gated Recurrent Unit (GRUs), effectively utilize the sequen-
tial structure in pose, wrench, and gaze data streams [154].
This enables them to recognize intent and forecast short-term
movements more accurately than traditional methods [155].
In the context of pHHI, these models support early intent
detection (such as turning, stopping, or continuing while
walking) by employing gait-phase-aware classifiers. These
classifiers can trigger balance-sensitive assistance and con-
trol preview based on detected intent [130]. RNNs are trained
on sliding windows of data and deployed in real-time, pro-
viding low-latency predictions. These predictions can be
integrated into impedance, momentum, or WBC and QP
controllers, allowing for pre-alignment of frames, biasing of
stiffness in the predicted direction, and scheduling of step-
ping or handover timings. This results in proactive yet easily
interpretable assistance.

Their advantages include strong temporal expressiveness,
moderate computational requirements, and ease of integra-
tion into real-time systems. However, they also exhibit some
weaknesses, such as sensitivity to dataset biases and domain
shifts, performance drift over longer prediction horizons, and
instability during phase or contact transitions when there is
no explicit structural guidance. To create cohesive designs,
the following strategies are recommended: First, incorpo-
rate phase and contact information (e.g., phase channels or
event flags) to stabilize transitions. Second, pair RNNs with
physics-based priors (e.g., Probabilistic or Dynamic Move-
ment Primitives),which allows the network to learn residuals.
Third, implement multi-task heads (for classification and tra-
jectory prediction) with curriculum or scheduled sampling to
reduce compounding errors.

Transformer Models: Conditioning on Robot Actions for
Enhanced Prediction Transformers use attention mecha-
nisms to capture long-range dependencies and make robust
early predictions based on partial histories. They have been
employed to anticipate human actions in collaborative set-
tings [156], predict forces and velocities from video during
co-transport, allowing robots to proactively adapt to load
changes [157, 158], and tokenize wearable IMU streams
into motion primitives that generalize across different users,
yielding latent “intent tokens" that interface smoothly with
control systems [159]. Generative models provide a way
to achieve more human-like and diverse motion prediction.
Rather than predicting a single future trajectory, models such
as Variational Autoencoders (VAEs) and Generative Adver-
sarial Networks (GANs) can learn a distribution of plausible

future motions [160, 161]. This capability enables robots to
consider multiple potential human actions. The strength of
these models lies in their expressiveness and their ability to
capture themulti-modal nature of human behavior. However,
they face challenges related to controlling the generation pro-
cess to align with specific task constraints and ensuring the
stability of their training. Compared to recurrent models, the
attention mechanism connects distant cues (for example, an
early gaze or pose shift to a later force peak). Thus, enhancing
short-horizon forecasts that can be utilized by whole-body or
impedance controllers for timing, stiffness adjustments, and
safe anticipatory actions. A crucial area of development is
conditioning on the robot’s intended actions and compliance
state. By inputting the robot’s future motions (or candidate
plans) alongside human signals, the predictor can address the
question, “What will the human do in response to this robot
motion?”. This approach reduces ambiguity and produces
consistent forecasts, which are better suited for shared auton-
omy, such as anticipating the timing of handovers, adjusting
foot placements during co-carrying, or facilitating proactive
load sharing.

The practical challenges of this approach are well recog-
nized: transformers are data-hungry and compute-intensive,
and conditioning on high-dimensional robot states while
ensuring real-time performance and calibrated uncertainty
remains complex. Emerging strategies include pairing light-
weight transformer heads (such as streaming or sparse atten-
tion and slidingwindows) with distilled or frozen backbones.
Additionally, pretraining on simulations or logs with domain
adaptation, exposing uncertainty for assistance gating, and
implementing a certified execution layer underneath can help
manage residual model errors.

Generative Models (VAEs, GANs, Diffusion Models) for
Expressive Motion and Scene Understanding Generative
models provide a way to achieve more human-like and
diverse motion prediction. Rather than predicting a single
future trajectory, models such as Variational Autoencoders
(VAEs) and Generative Adversarial Networks (GANs) can
learn a distribution of plausible future motions [162]. This
capability enables robots to consider multiple potential
human actions [131]. The strength of these models lies
in their expressiveness and their ability to capture the
multi-modal nature of human behavior. However, they face
challenges related to controlling the generation process to
align with specific task constraints and ensuring the stability
of their training.

4.4 Pillar II: Insights and Discussion

Practical human intent estimation requires a careful match-
ing of sensing modalities and computational models to the
specific demands of the interaction. Figure 5 considers the
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Fig. 5 A map of human intent modalities, where the outer layer lists
the most commonly used methods for each signal type, organized by
their effective time horizon. Short-term physical cues (e.g., body pose,

force/torque) arematchedwith reactivemodels,while long-term seman-
tic cues (e.g., gaze, task goals) are paired with predictive, goal-aware
algorithms

discussed intent modalities (Body pose, physiological, Force
and torque, high-level task semantics, and gaze) and classifies
them for both short-term and long-term intentions. Addition-
ally, it highlights the more common methods and algorithms
that can be utilizedmore effectively for thesemodalities. The
core challenge lies in bridging different time horizons: from
immediate, reflex-rate predictions that guide reactive control
to long-term, goal-oriented forecasts that enable proactive
assistance. Then, Table 3 classifies the sensing methods or
scopes discussed in this section, describes what is estimated,
and outlines their advantages and limitations.

The selection of sensing modality is closely related
to the temporal characteristics of intent. Short-horizon
intent, including next-step prediction or minor force adjust-
ments, is effectively captured by high-bandwidth modalities
such as body pose and force or torque measurements.
These data streams deliver phase-specific information suit-
able for lightweight, uncertainty-aware models, including
HMMs, Bayesian filters, and Probabilistic Movement Prim-
itives (ProMPs). These approaches provide rapid controller
updates, supporting impedance modulation and whole-body
controller previews at reflex rates. For low-latency sequence
prediction, RNNs are mainly preferred since they efficiently
generate short-term forecasts from these dense data streams.

Long-horizon intent estimation focuses on inferring task-
level goals such as target selection or role arbitration and
relies on modalities that provide rich semantic informa-
tion. Gaze serves as an early indicator of human focus

and anticipated objectives, while high-level task semantics
establish the context for interaction. Sophisticated computa-
tional models are required to interpret these cues. Methods,
including IOC and IRL, are designed to infer underly-
ing objectives, while POMDPs explicitly represent beliefs
and uncertainty. Recently, Transformer architectures have
demonstrated strong performance by using attention mech-
anisms to learn long-term, goal-oriented dependencies from
sequential data. These semantic-based models are effective
for generalizing to novel tasks because they capture the ratio-
nale behind actions rather than only surface-level features.
As a result, they generalize more reliably across different
objects and environmental configurations than approaches
based solely on trajectory matching.

Robust performance across a diverse user population
requires system customization. Physiological signals, such
as EMG and IMU data, exhibit significant user specificity
in intent predictions, emphasizing the need for personaliza-
tion. For these signals and for gaze data, per-user calibration
is typically necessary. Techniques such as few-shot normal-
ization or online adaptation can further improve predictive
accuracy. Personalization in modeling may involve adding
lightweight residual adapter layers to RNN or Transformer
models to reflect individual timing and stiffness preferences.
An effective and generalizable system should integratemulti-
ple sensingmodalities, utilizing early indicators from gaze or
EMG as priors and confirming predictions with late-arriving
posteriors from pose and force measurements.
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5 Pillar III: HumanModels

The first two pillars enable the robot to control its body
and infer its partner’s goals. However, to elevate interactions
from merely functional to truly safe, efficient, and intuitive,
the robot needs a deeper comprehension of the entity it is
interacting with. This requires a computational model of the
human, essentially a framework for understanding the phys-
ical principles that govern human movement, capabilities,
and limitations [163]. This third pillar goes beyond treating
humans as generic sources of intent signals. Instead, itmodels
themas complex cognitive biomechanical systems [164].The
remainder of this section reviews human models across vari-
ous categories, including musculoskeletal and physics-based
bodies, reflex and motor-control descriptions, data-driven
motion priors, and cognitive/decision abstractions.

5.1 Musculoskeletal and Physics-BasedModels

To effectively reason about a human partner beyond mere
surface kinematics, pHHI could benefit from models that
expose the body’s internal mechanics, ranging from mus-
cles to whole-body dynamics [165, 166]. At the high-fidelity
level, OpenSim offers reusablemusculoskeletal models, esti-
mation tools, and validation pipelines for neuromuscular
control and movement analysis [167]. Notably, comprehen-
sive full-body models, such as a gait model, incorporate
numerous skeletal Degrees of Freedom (DOFs) and exten-
sive sets of muscle actuators. These models generate joint
kinetics and muscle activations that align with experimental
data, establishing them as standard references for analysis
and controller-in-loop studies [168].

Conversely, at a more abstract but faster level, rigid-body
human models with joint limits enable real-time whole-body
simulation for virtual reality, teleoperation, and control-
theoretic analysis [144, 169]. This makes them practical
interfaces for robot planners and safety filters [170]. These
physics frameworks seamlessly connect to humanoid bal-
ance. Empirical evidence shows that humans regulate whole-
body angular momentum during walking, which provides
principled targets and constraints for momentum-aware col-
laboration and shared load handling [171]. Complementary
interactive locomotion studies, where two people physi-
cally pair while walking, illustrate how coupling forces,
cadence, and phase coordination develop, offering datasets
and dynamical patterns that can be emulated or anticipated
in human-robot interactions [172].

For pHHI, the benefits of these models are twofold. First,
musculoskeletal models can predict unmeasured internal
variables, such as muscle forces and joint contact loads. This
enables robots to plan contact behaviors that minimize dis-
comfort or risk and to incorporate ergonomic costs directly
into their assistance policies. Second, physics-based human

dynamics offer physically plausible motion priors under per-
turbations, which enhance short-horizon posture forecasts
and inform balance and momentum controllers with human-
consistent constraints, such as allowable angular momentum
changes. The main challenges in this area are personaliza-
tion and latency. Accurately identifying an individual’s bone
geometry, soft tissue, and muscle properties requires a labor-
intensive process, making it challenging to tailor models
efficiently. Even when such models are developed, forward
musculoskeletal simulations are rarely fast enough to run in
real time, further limiting their practical use.

5.2 Reflex andMotor-Control Models

Pure biomechanics alone cannot fully explain how people
adapt during contact. However, neuromechanical models
help bridge that gap by linking reflex pathways and task-level
feedback to observed motion. Studies have demonstrated
that compact muscle-reflex loops, which are tuned to legged
mechanics, can accurately reproduce human walking kine-
matics and EMG patterns. This provides evidence that
reflexes not only stabilize gait but also redistribute effort
across different phases [173]. Reflex gains are also depen-
dent on the task at hand. For instance, humans tend to enhance
“position-like” feedback when focusing on positional goals
and shift toward “force-like” feedback for tasks involving
force tracking [174]. This suggests that our reflexes can adapt
flexibly in response to context. In the upper limb, endpoint
stiffness is described by a stiffness ellipsoid, whose orien-
tation depends on posture and whose size is influenced by
co-contraction. This creates reduced-order maps that link
configuration and activation to interactive compliance [175–
177]. Together, these models allow us to interpret posture,
phase, and activation as actionable insights into how a part-
ner might respond during contact.

In pHHI, these insights translate directly into compliance
scheduling. If the posture and phase suggest a low-stiffness
human limb orwhole body, the robot should absorbmore dis-
turbances and adjust its admittance accordingly. Conversely,
if the human is bracing (indicating higher co-contraction), the
robot can share more of the load or increase its impedance
without causing unexpected reactions. These cues can also
guide momentum and whole-body controllers, ensuring that
interaction forces are predictable and maintaining stable bal-
ance. However, the challenges are expected: there is signifi-
cant variability both between different individuals andwithin
the same individual, and estimating internal states (like co-
contraction) in real-time without wearables is difficult.

5.3 Data-Driven HumanMotionModels

A complementary approach to understanding human motion
involves learning directly from data, evolving from early
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statistical models to modern deep generative methods. Clas-
sic techniques fittingly employ low-dimensional manifolds
and Markovian transitions based on motion capture data,
resulting in straightforward predictors and synthesizers of
likely motion patterns [178]. Contemporary models, how-
ever, enhance both expressivity and robustness. For instance,
diffusion models can generate diverse and natural motion
sequences based on text or action prompts [179]. Addi-
tionally, HuMoR [184], a conditional variational prior,
effectively stabilizes pose tracking and prediction even in
the presence of visual disturbances and occlusions. Deep-
Mimic [180], for example, learns controllers that replicate a
broad spectrum of human skills in simulation while main-
taining credibility despite disturbances. Beyond isolated
movements, human-scene interaction models incorporate
contacts and affordances, enabling the learning of behav-
iors limited by environmental constraints that respect object
dynamics [181, 185, 186].

Recent research has begun to merge statistical methods
with physics-based approaches to enhance both temporal
consistency and contact realism. This integration is partic-
ularly promising for interaction forecasting, where contact
plays a critical role in determining dynamics. Finally, behav-
ioral studies show that humans often seek to minimize
task-specific costs, which supports the use of learned or
handcrafted objective structures to improve prediction and
planning [182].

5.4 Cognitive and DecisionModels

Beyond the physical execution of movement, a compre-
hensive human model must also account for the cognitive
processes that drive behavior. Cognitive and decision mod-
els aim to capture how humans perceive, reason about, and
make choices within collaborative tasks [164]. This includes
modeling how a human mentally represents a task, often as
a hierarchy of goals and sub-goals. By maintaining a belief
over the human’s current position in this task plan, the robot
can better predict not just the next movement, but the next
logical step in the overall process.

Furthermore, these models can incorporate principles
from decision theory to understand how humans make
choices under uncertainty or trade off between competing
objectives, such as speed and accuracy. The emerging frontier
in this domain is the use of LLMs as a proxy for human cog-
nitive reasoning [183]. By leveraging the world knowledge
and common-sense reasoning embedded in LLMs, a robot
can infer a human’s high-level plan from sparse instructions
or contextual cues, enabling a more proactive and seman-
tically aware form of collaboration. The primary challenge
is grounding these abstract cognitive models in the robot’s
real-time sensory data and ensuring their reasoning is both
safe and contextually appropriate.

Within a deployable pHHI stack, cognitive and deci-
sion models should not operate independently from control.
Instead, they must provide explicit signals that directly influ-
ence planning and safety. For instance, inferred role or
goal hypotheses serve as priors for intent belief and deter-
mine planner modes, such as lead versus follow or assist
versus hold. Cognitive states, including fatigue, attention,
and confusion, adjust cost weights and permissible lev-
els of assistance. Additionally, discrete decisions, such as
confirm, assist, or stop, initiatemode switches that the safety-
certified whole-body controller can continuously enforce.
This interface-based integration allows cognitive processes
to enhance collaboration while maintaining safety con-
straints.

5.5 Pillar III: Insights and Discussion

Pillar III translates human factors into controller-ready con-
straints and costs, turning ergonomics into a live interface the
robot can trust. It exports feasibility sets, such as joint-load
limits and admissible wrenches, along with comfort/effort
costs and task targets, so the robot can share work while
staying within human limits. In our framework, the pillar is
anchored by ergonomics, fidelity, and personalization, and it
complements control (Pillar I) and intent (Pillar II) by supply-
ing constraints and objectives that remain consistent across
the stack. Table 4 summarizes the section organization by rel-
evant model families, what they export to control, the inputs
they require, and the strengths and limitations.

Choosing the right level of fidelity is central to making
this interface useful. High-fidelity musculoskeletal models
(e.g., OpenSim-style bodies) expose internal variables, such
as muscle forces and joint contact loads, which are invalu-
able for ergonomic costs and safe load sharing. However,
they can be slow and sensitive to modeling assumptions.
Equally important, the human model must compute in real-
time so that the exported feasibility sets and costs accurately
reflect the person’s shifting state. Relying on outdated esti-
mates reduces the quality of assistance and can violate
comfort or safety limits, so the human model must update
at control-relevant rates while intensive inference operates
in the background. In contrast, rigid-body human models
run in real time and pair naturally with balance-aware plan-
ners, although with less physiological detail. A pragmatic
strategy is to “budget” fidelity: deploy physics-grounded
limits and targets online (e.g., feasible wrench envelopes,
centroidal momentum targets), while reserving full muscu-
loskeletal inference for offline calibration or slower back-
ground updates. This division captures the benefits of load
sharingwhile acknowledging the risks associatedwithmodel
mismatch and forward-simulation latency.

Because people vary both across users and over time,
personalization must shift from population averages to
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individual profiles. To support this, per-user calibration
of upstream signals (EMG, IMU, gaze) enhances down-
stream predictions and should be a routine practice, whether
achieved through few-shot normalization or lightweight
online adaptation. In turn, structural personalization exposes
individualized feasibility and cost parameters to the con-
troller: endpoint stiffness ellipsoids, joint-load limits, and
effort/comfort terms that reflect each partner’s capabilities.
With these in place, Pillar I controllers can re-weight assis-
tance and impedance on the fly, aligning help with the
person’s current state rather than an average model.

6 Discussion, Challenges, and Future
Directions for pHHI

This review has examined the state of the art in pHHI through
three foundational pillars: (i) humanoid modeling and con-
trol, (ii) human intent estimation and prediction, and (iii)
computational models of human behavior. This approach
attempts to tackle three challenging problems. First, the con-
trol of a floating, hybrid, multi-contact body in real time.
Second, the inference of a human goal that is inherently latent
and time-varying, all under conditions of partial observ-
ability. Finally, the reasoning about the human partner not
merely as a source of signals, but as a biomechanical sys-
tem with its own limitations, preferences, and sensitivities
to risk. While significant advancements have been made
within each of these pillars, the field has yet to achieve
the seamless, intuitive, and robust interaction envisioned for
the widespread deployment of humanoid robots in human-
centric environments. This section discusses the primary
challenges hindering progress, explores the reasons behind
the difficulties in creating a common framework, and out-
lines future directions and research paths that could lead to
breakthroughs in the field.

6.1 Principal Identified Challenges in pHHI

The development of seamless and robust pHHI is hindered
by a set of deeply interconnected challenges that span multi-
ple temporal, abstract, and interaction scales. These are not
isolated algorithmic gaps but rather a reflection of the funda-
mental difficulty of creating predictable, safe, and effective
physical collaboration between a robot and an adaptive,
uncertain human partner. The following sections elaborate
on the principal identified challenges that the field should
currently overcome.

6.1.1 Time-Scale Management for Real-Time Operations

pHHI requires the integration of subsystems that operate on
significantly different time scales. High-frequency control

loops for torque and impedance must operate at rates of
thousands of hertz, while mid-level planners for locomotion
and multi-contact maneuvers operate at rates ranging from
tens to a few hundreds of hertz. In contrast, intent estimators
typically provide information at slower rates, such as those
fromvideo orwearable sensors, and important humanbiome-
chanical factors, such as fatigue and comfort, change over
timescales of seconds to minutes. A significant challenge is
designing multi-rate architectures that can maintain stabil-
ity and effectiveness when high-level estimates are received
intermittently or with varying latencies. An effective system
must intelligently determine which variables can be reliably
controlled at specific rates and implement well-considered
fallback strategies. These strategies may include tighten-
ing safety constraints or softening impedance in response to
delayed predictions, ensuring that the robot’s actions remain
safe and predictable for the human partner.

6.1.2 Dynamic Abstraction and the Curse of Dimensionality

The currentmodel-based frameworks for humanoids involved
in pHHI follow a hierarchical approach, dividing it into two
tasks: high-level planning using abstracted models and low-
level controllers that execute these high-level plans on the
humanoid. The motivation for such abstracted models comes
from the computationally vast state-decision space, which
includes body pose, contact modes, footstep sequences, and
grasp wrenches. These abstractions are often overly simpli-
fied. For example, authors in [28] extend the LIP models to
account for interaction, but this typically comes at the cost
of fidelity. As a result, notable discrepancies arise between
the abstracted model and the actual system dynamics. This
often results in motion plans that are inefficient for the
task. For instance, they may struggle to achieve compliance
with the co-transported object and fail to fully exploit the
humanoid’s capabilities. For model-based controllers, there
is thus a pressing need for abstractions of the coupled dynam-
ics in pHHI that are both computationally efficient and more
faithful to the underlying system. Data-driven and learning-
based approaches offer promising avenues for developing
such abstractions often referred to as latent representations,
but they remain largely unexplored. Once established, these
abstractions can be integrated into model-based methods,
such as MPPI, or used within model-based reinforcement
learning frameworks.

6.1.3 Heterogeneity of Interactions and AutonomyModes

The scope of pHHI is extensive, encompassing both direct
and indirect interactions, as well as shared autonomy in com-
plex tasks. Each type of interaction presents its own unique
challenges regarding observability, potential failure modes,
and social expectations. Therefore, a common framework
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should focus on standardizing the interfaces between com-
ponents, defining terms such as “intent belief," “human
feasibility model," and “safety invariant", while also allow-
ing formode-specific implementations of sensors, predictors,
and constraints.

6.1.4 Assurance, Interpretability, and the Sim-to-Real Gap
for Learned Components

Data-driven methods have become essential in all three pil-
lars of pHHI. However, interactions that involve contact
can be challenging, and infrequent prediction errors can
lead to significant consequences. Providing end-to-end safety
assurances when learned modules are involved remains an
unresolved issue. The sim-to-real gap further complicates
this problem, as simulators often struggle to accuratelymodel
the intricacies of contact physics and the variability of human
behavior. Finally, the interpretability of these learned mod-
ules is crucial for humans to trust and effectively collaborate
with robots.

6.1.5 Missing Datasets for Collaborative Tasks

Progress in pHHI is significantly limited by the absence of
large, standardized datasets that capture whole-body, bidi-
rectional human–robot interaction. Most existing datasets
focus on vision or kinematics for individual agents, pro-
viding limited contact information, sparse or noisy force
and torque signals, minimal intent annotation, restricted task
diversity, and homogeneous participant groups. These limita-
tions hinder fair benchmarking and impede the development
of learning methods that require comprehensive supervision
to model intent, predict contact transitions, ensure safety
and comfort, and generalize across different partners and
tasks. An effective dataset should be multimodal and time-
synchronized, incorporating motion capture or IMUs, joint
states, interaction wrenches, tactile or pressure data, gaze,
voice, EMG (where relevant), and environment geometry.
It should also include explicit task and goal labels, partner
intent (such as scripts, self-reports, or latent annotations), and
cover core pHHI tasks, including handover, co-manipulation,
balance assistance, locomotion support, and collaborative
assembly. Additionally, the dataset should record safety
and comfort outcomes as well as rare events such as near-
collisions and slips to facilitate risk-aware learning. Without
these comprehensive datasets, methods remain tailored to
specific cases and are difficult to compare.

We recommend the following criteria for dataset and data
collection reporting: (1) clearly define tasks, environment
geometry, and initial conditions; (2) describe participant
diversity, including anthropometrics, strength, mobility, and
inclusion criteria including age range, diagnosis/condition;

(3) specify the sensor suite, sampling rates, and time syn-
chronization; (4) outline the labeling protocol, including
goal, phase, role, and uncertainty annotation; (5) detail train
and test splits across participants, tasks, and environments,
including out-of-distribution tests; (6) report safety and com-
fort outcomes, including rare events such as near-collisions,
slips, and near-falls; and (7) provide baseline controllers and
use a standardized reporting template to ensure fair comparison.

6.1.6 Metric for collaboration: Stability, Efficiency, and
Safety

Most pHHI papers compare systems using task-specific
surrogates, such as stability via ZMP/CoP or capture-
point margins, and “time in contact constraints”. Efficiency
metrics include task time, path/pose error, success rate,
interaction effort, assistance ratio, and sometimes human
cost. Safety and comfort are measured by contact force
peaks/rates, slip or over-torque counts, minimum separa-
tion, collision counts, jerk, and user studies. These metrics
allow basic comparisons but are not standardized, oftenmask
trade-offs, and rarely assess intent alignment, tail risks, co-
adaptation, or user diversity. Stronger evaluation should: i)
report multi-objective fronts (stability, efficiency, safety); ii)
include intent-aware metrics (intent-prediction accuracy or
lag, mutual information between robot and human goal);
iii) use risk-sensitive statistics (CVaR of forces, minimum
stability margin, barrier-function violations); iv) quantify
interactionwork and role-allocation smoothness; and v) stan-
dardize tasks/datasets with disturbances, and anthropometric
diversity. This approach will help clarify where each method
provides added value.

We recommend reporting improvements relative to a reac-
tive baseline, such as an impedance-only follower without
intent preview. In addition to task success and completion
time, the following metrics should be included: i) peak
interaction wrench and impulse (

∫ ‖w‖dt), i i) human effort
proxy, such as EMG integral when available, estimated joint
effort, or validated subjectiveworkload, i i i) anticipation lead
time, defined as the time the robot’s supportive action pre-
cedes a human phase or force transition, iv) response latency,
measured as the interval from intent change to policy update,
v) stability and safety, including minimum stability margin
and the number of safety-filter interventions, and vi) fluency,
assessed by interaction work and role-switch smoothness.
We consider a method more proactive if it reduces peak
wrench or effort and demonstrates positive anticipation lead
time without increasing safety interventions or near-failure
events. Crucially, this suite of metrics is selected to ensure
that evaluations rigorously capture system robustness against
the specific failure modes and operational risks categorized
in Table 5.
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Table 5 Failure modes and fallback policies in pHHI

Failure mode (detector / symptom) Fallback policy (recommended response)

Intent misclassification Rising belief entropy; contradictory cues Reduce assistance gain; revert to compliant follower behavior;
optionally request clarification depending on the application.

Sensing occlusion / dropout Missing pose frames; degraded percep-
tion

Slow down; tighten safetymargins; relymore on haptics/IMU; avoid
aggressive proactive actions.

Loss of contact Sudden wrench/tactile drop Stop applying cooperative forces; stabilize stance; re-establish a safe
grasp/contact before resuming.

Human–robot misalignment / slip Increasing tangential shear; slip
indicators

Reduce tangential forces; re-align frames; replan footsteps and/or
hand pose.

Modelmismatch / payload changeResidual spikes in tracking; unex-
pected CoM shifts

Adapt impedance; update estimates; if persistent, transition to safe
hold.

6.2 Pathways Towards Seamless pHHI: A Modular
Approach

Addressing the challenges outlined earlier requires a shift
in approach from developing individual components in iso-
lation. Achieving seamless interaction depends on creating
unified frameworks that integrate the pillars. We propose an
interaction-centric architecture that clearly defines the roles
and interfaces, or “contracts,” between these pillars, enabling
them to work together as a cohesive whole. This architecture
is conceptualized as amulti-layered system,where each layer
builds upon the guarantees and information provided by the
layer beneath it.

6.2.1 The Foundation: Safety-Certified Controller (Pillar I)

At the lowest level, the framework should be built upon a fast
controller that guarantees both the robot’s physical integrity
and the safety of humans at all times. This layermust bemore
than just a trajectory tracking module, it should serve as the
ultimate authority for ensuring safe physical interactions.

Core Functionality The foundational controller should com-
prise a hierarchical WBC that respects physical constraints
such as friction cones and actuation limits. This must be aug-
mented with adaptive impedance or admittance control at the
interaction contact points, allowing the robot to be both firm
and compliant as needed [48, 52, 53, 69, 157, 158].

Interface Contract This layer is essential since it enforces a
set of formally verified invariant sets that operate indepen-
dently of high-level commands. This “safety shield” utilizes
tools such as CBFs and stability criteria based on the ZMP
or the DCM. These mechanisms ensure that the robot never
enters an unrecoverable or dangerous state [79, 115, 116,
130, 162, 183].

Uncertainty Handling and Fallback Switching The uncertainty-
to-safety interface requires the safety layer to process uncer-
tainty outputs from the intent and human-model modules,
such as belief entropy, ensemble disagreement, and pre-
dictive variance. These uncertainty metrics are mapped to
conservative control actions through three primary mecha-
nisms: (i) constraint tightening, which increases stability
marginswhile reducing friction utilization and imposing con-
servative step limits; (ii) assistance gain scheduling, which
attenuates feedforward assistance and increases damping or
compliance as uncertainty rises; and (iii) mode switching,
which utilizes a state machine to transition the system pro-
gressively from proactive to predictive, reactive-compliant,
and finally hold/stop modes. These transitions are triggered
by sustained low-confidence events (e.g., confidence remain-
ing below a threshold for a set duration) or by critical faults
such as perception dropouts and loss of contact.

6.2.2 The Core: Dynamic Human Feasibility and Cost
Modeling (Pillar III)

At the core of the architecture should be a dynamic and con-
tinuously updated computationalmodel of the humanpartner.
This model should not be static but provide a real-time rep-
resentation that personalizes the interaction.

Core Functionality This layer estimates and represents the
human’s physical state, including biomechanical properties,
physiological status (e.g., fatigue), and ergonomic comfort.

Interface Contract (Human Feasibility & Cost) The system
provides the higher-level planner with specific limits and
preferences tailored to each individual. This includes esti-
mated endpoint stiffness ellipsoids, joint load limits, and cost
functions that assess effort or discomfort. These parameters
are utilized to align the robot’s behavior with the capabilities
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and comfort level of the human user [168, 173, 179, 184,
185, 187].

6.2.3 The Brain: Predictive and Uncertainty-Aware Intent
Estimation (Pillar II)

This cognitive layer interprets human actions and predicts
future intentions, aiming to transition the robot from a reac-
tive to a proactive stance.

Core Functionality It should integrate various sensory data,
such as human pose, gaze, and interaction tools, to infer
human goals. This can be accomplished using models like
RNNs, Transformers, or Probabilistic Movement Primi-
tives [167, 170, 172, 188, 189] A practical intent-belief mod-
ule should: (1) align multimodal streams in time; (2) extract
features such as pose derivatives, contact wrench statistics,
gaze events, and EMG/IMU fatigue indices; (3) run a belief
estimator, such as a Bayesian filter or ensemble Transformer,
to generate goal, phase, predicted wrench envelopes, and cal-
ibrated uncertainty; (4) publish an explicit interface contract
specifying belief state, horizon, confidence, and update rate;
and (5) manage downstream assistance, enabling proactive
actions when confidence is high and applying conserva-
tive impedance and tighter constraints when confidence is
low.

Interface Contract (Intent Belief) It generates a streaming,
calibrated belief about human intent. This is not a single point
estimate, but rather a probability distribution over future tra-
jectories, desired force envelopes, and discrete goals. This
calibrated uncertainty is crucial for making informed, robust
decisions.

6.2.4 The Apex: Belief-Aware Shared Autonomy and
Planning

At the highest level, a planner or arbiter integrates informa-
tion from the lower layers to make decisions. It orchestrates
collaboration, striking a balance between task efficiency and
human comfort and safety.

Core Functionality This layer utilizes belief-aware planners,
such as MPC or MPPI control, to co-design robot actions,
including footsteps and grasp forces [49, 156, 159].

Interface Contract (Action Policy) The process begins with
the Intent Belief and Human Feasibility and Cost as inputs,
which are used to generate an optimal action policy. This
policy is then relayed to the Foundation layer, serving as a
reference for execution while adhering to safety standards at
all times. Additionally, this layer is responsible for managing

shared autonomy, negotiating control, and ensuring that the
robot’s actions are understandable to its human partner.

6.2.5 End-to-End Example: Co-carrying a Table Through a
Doorway (Multi-Rate and Uncertainty Handling)

In this task, a human and a humanoid robot jointly trans-
port a bulky object, necessitating continuous force exchange,
fine micro-adjustments, and occasional discrete decisions
such as stopping, rotating, or stepping. The system oper-
ates at multiple signal rates: torque and impedance control
are executed at kilohertz frequencies; whole-body control
or quadratic programming (WBC/QP) operates at 200 to
1000 Hz; footstep and object motion planning update at
20 to 100 Hz; and intent belief updates occur at 10 to
30 Hz, based on vision and gaze, with intermittent higher-
confidence cues from contact wrenches and tactile sensing.
The intent module generates a calibrated belief over dis-
crete goals (e.g., go-straight, rotate-left, rotate-right, stop)
and produces a distribution over short-horizon trajectories
and wrench envelopes, explicitly representing uncertainty
through measures such as entropy and variance. A human
model supplies person-specific feasibility and ergonomic
cost metrics, including admissible wrenches and postures,
comfort-weighted effort, tangential shear limits, and pre-
ferred relative pose. A belief-aware planner, such as Model
Predictive Control (MPC) or Model Predictive Path Inte-
gral (MPPI), computes a receding-horizon action policy that
integrates footsteps, hand and object motion, and nominal
impedance targets, optimizing task progress while account-
ing for feasibility and risk costs under uncertainty. The
safety-certified controller enforces balance and contact con-
straints, including center of mass and stability margins,
friction cones, and joint or torque limits, by filtering unsafe
commands.When uncertainty increases or state estimates are
delayed, the controller tightens safety margins and reduces
impedance to ensure predictable compliance. If confidence
remains below a specified threshold for N cycles, the system
transitions to a conservative compliant follower or holdmode
until intent estimates stabilize.

6.2.6 Qualitative Comparison with Alternative System
Architectures

Modular interface-based designs offer distinct trade-offs
compared to other approaches. Pure reactive impedance
schemes are simple but have difficultywith long-term coordi-
nation. Optimization-only stacks ensure feasibility but often
lack effective intent handling. End-to-end learned policies
are expressive but require robust safety measures and large
datasets. The proposed interface-based architecture seeks
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to combine interpretability through clear module respon-
sibilities, safety via certified constraint enforcement, and
adaptability by incorporating uncertainty-aware learning and
prediction. It also provides explicit pathways for failure and
fallback.

6.3 Pathways Towards Seamless pHHI: A Unified
Approach

The most effective collaboration in pHHI will emerge from
combining the three pillars into a unified framework. While
modular approaches offer advantages such as interpretabil-
ity and reduced computational cost, they also suffer from
coupling issues and a lack of mutual influence between com-
ponents. To achieve seamless and efficient collaboration, a
unified framework is needed that integrates these elements
holistically. Such unifications could be directly or indirectly
inspired by the methods presented in the three pillars. We
propose dividing this effort into two major areas of focus:
Intent-Aware Human Models and Human-Aware Humanoid
Control.

6.3.1 Intent-Aware HumanModels

There have been primarily two approaches to integrating
human intent with human models. (a) Embedding intent
within the human model: In this paradigm, intent is directly
incorporated into the model of human dynamics, resulting
in a unified framework that predicts human states based on
knowledge of the underlying goals. This leads tomore coher-
ent predictions, as motion, force, and intent are generated
from a single representation. (b) Treating intent as a sep-
arate module: Here, intent is estimated independently and
then used to condition the human model, or alternatively,
separate human models are constructed for different intents
or task categories. This modular design offers flexibility,
enabling the combination of different inference and model-
ing methods. However, it introduces challenges of temporal
misalignment (intent updates and biomechanical predictions
may operate on different timescales) and coupling issues
(conflicts or inconsistencies can arise when the outputs of
intent inference do not align with the physical predictions
of the human model). For example, a human may transiently
generate forces inconsistent with their long-term intent, lead-
ing to contradictory signals across the two modules. A more
unified approach, where intent and humanmodeling are inte-
grated into a single predictive framework, would require
richer datasets and more complex models, but would avoid
these integration pitfalls. A high-fidelitymodelwould be able
to capture not only human intended goals and biomechani-
cal aspects but also the interdependence between them. A
key requirement, however, is that such models maintain both
high fidelity and real-time implementability. Advancing both

approaches, while maintaining real-time implementability
and high-fidelity human representation, remains an impor-
tant direction for future work.

6.3.2 Human-Aware Humanoid Control

Current literature on pHHI often treats the human either as a
disturbance or as an oversimplified controller [24, 28]. Such
formulations fail to capture the full state and behavior of
the human, which restricts the humanoid’s ability to opti-
mize for human efficiency or adapt to individual interaction
patterns. This can lead to inefficient and less natural collab-
oration. To address this gap, future work should focus on
integrating intent-aware human models that strike a balance
between fidelity and real-time applicability into humanoid
control paradigms. Embedding a state–action model of the
human directly within the control loop would enable human-
aware control, allowing the humanoid to anticipate human
responses to its actions. In turn, this would support more
compliant, effective, and efficient collaborations. Moreover,
optimization costs or reward functions could be shaped to
explicitly account for human efficiency and comfort. These
models could either embed intention directly within the
model or rely on a separate intent-predictionmodule. Promis-
ing approaches in this direction include deep reinforcement
learning (DRL) and model-based methods such as MPPI
that incorporate learned models of the coupled human–hu-
manoid system. Approaches analogous to combining terrain
representations with locomotion policies in deep reinforce-
ment learning [190] could similarly be employed to integrate
human models with humanoid control.

6.4 Pathways Towards Seamless pHHI: Hybrid
Approach

While fully modular pipelines provide simplicity and com-
putational tractability, they suffer from coupling issues,
temporal misalignment, and the inability to capture mutual
influences between intent, human state, and control. Con-
versely, fully unified frameworks promise seamless inte-
gration by embedding intent, biomechanics, and control
within a single predictive–optimization structure, but are
often computationally prohibitive for real-time human–robot
collaboration.

At the lower level, humanoid control is integrated with a
lightweight human model that captures only fast-changing
aspects of interaction. These include instantaneous inter-
action forces, short-horizon velocity intentions, and small
postural corrections. The lightweight nature of the human
model ensures that updates remain computationally feasible.
This level is designed to react quickly to transient changes,
prevent unsafe forces, and maintain smooth collaboration.
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At the higher level, a higher-fidelity human model is
employed to estimate slow-changing intents and states.
Examples include overall task goals, fatigue, strength asym-
metries, ergonomic preferences, and comfort envelopes.
The higher layer produces long-horizon intent beliefs and
ergonomic summaries, which are passed down as references,
constraints, andweights to the lower level for enforcement. In
long-duration co-carrying tasks, fatigue can reduce a person’s
ability to communicate intent through force. A low-level
model might misinterpret these weaker or noisy signals as a
change in intent, causing the robot to overreact. With a two-
layer hybrid framework, the high-level model tracks fatigue
and provides corrections, allowing the robot to recognize that
reduced force is due to fatigue rather than new intent. This
enables the robot to remain efficient and alignedwith the task
goal while reducing human strain.

More generally, the framework could be extended to as
many layers as needed, depending on how fast or slow differ-
ent human states evolve. Such a hybrid framework retains the
benefits of unification while remaining computationally and
resource efficient, making it a practical pathway for robust
human–robot collaboration in resource-constrained settings.

6.5 Future Directions for pHHI

A significant advancement in pHHI will arise from systems
that can anticipate needs, personalize experiences, and gen-
eralize knowledge, all while ensuring safety and respecting
human privacy. These systems should be able to reason about
the consequences of their actions, adapt in real-time to unique
partners, and transfer their skills seamlessly across different
tasks and environments.

6.5.1 Proactive and Predictive Interaction Beyond Intent
Labels

Tomorrow’s pHHI should not only anticipate human inten-
tions but also predict the outcomes of a robot executing a
proposed plan. This requires action-conditioned prediction
models that integrate pose, gaze, and force data to fore-
cast short-term human motion and forces under hypothetical
robot actions. These models should provide both trajectories
and uncertainty estimates to support belief-aware planners.
Two key capabilities are essential for this approach. First,
consequence-aware forecasting helps distinguish whether a
planned acceleration, footstep, or grip change will lead to
assistance or resistance. Second, intentional versus acciden-
talmotion discrimination is necessary. This involves utilizing
multimodal signals, such as gaze fixation, pre-activation
patterns, and sudden transitions in force to differentiate

purposeful movements from slips, startle reflexes, and to
modulate assistance based on these cues appropriately.

6.5.2 Personalization and Co-Adaptation: Physical and
Psychological

A robot must be able to customize its assistance based
on the individual’s morphology, strength, stiffness, fatigue,
andpreferences.High-fidelitymusculoskeletal andneurome-
chanical models provide essential variables, such as joint
loads, endpoint stiffness ellipsoids, and momentum heuris-
tics. However, these models need to be simplified into fast,
person-specific surrogates that can be created through brief,
non-intrusive calibration methods. Online adaptation is nec-
essary to update ergonomic parameters, such as reachable
and comfortable postures and wrench-rate limits, as fatigue
changes over time. Additionally, personalization has a psy-
chological component; trust and comfort depend on a robot’s
legibility and predictability. Future systems should aim to
encode user-defined preferences (including pace, assertive-
ness, and haptic firmness) along with implicit indicators
(such as micro-withdrawals and grip variations) as con-
straints and costs. Furthermore, they should be capable of
managing role exchange (i.e., deciding who leads or follows)
when confidence in their intent or comfort diminishes.

6.5.3 Privacy by Design in Contact-Rich Interaction

The rich multimodal sensing required for advanced pHHI,
including video, gaze tracking, and inertial wearables,
raises legitimate concerns about privacy. A forward-looking
approachmust prioritize privacy by design, emphasizing data
minimization and on-device inference. This includes favor-
ing robot-side force and tactile sensing over high-fidelity
imagery when in close contact, performing intent estima-
tion at the edge, and ensuring that protocols are transparent,
giving users explicit control over what data is stored and
shared. Recommended mitigations include data minimiza-
tion, specifically, storing abstract features rather than raw
video or audio, and the enforcement of strict retention peri-
ods. Systems should default to on-device inference and
offer configurable privacy modes, such as disabling RGB
streams in favor of depth silhouettes or contact-only sens-
ing. To enable personalization without centralizing raw data,
we recommend federated learning and privacy-preserving
aggregation methods like differential privacy. Finally, to
validate these improvements, researchers should report a
privacy-utility curve that quantifies the trade-off between
performance (e.g., intent accuracy, collaboration fluency)
and privacy settings, while explicitly documenting all data
storage protocols and retention limits to ensure transparency.
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7 Conclusion

This review has explored the current state of pHHI through
the key pillars of modeling and control of humanoids, human
intent estimation and prediction, and human models. While
significant advancements have been made in each of these
areas, the main obstacle to achieving seamless and robust
interaction is the ongoing fragmentation among them. The
challenges related to safety, predictability, and adaptation are
not confined to a single pillar; rather, they are systemic issues
that require an integrated solution.

We propose that the way forward involves creating uni-
fied architectural frameworks that closely connect predictive
intent estimation, personalized human models, and certifi-
ably safe whole-body control. By designing systems where
these components inform and constrain one another in real-
time, we can transition from reactive robots to proactive and
efficient partners. Future research focused on this integration
will be essential for developing humanoids that can anticipate
human needs, provide personalized assistance, and gener-
alize their skills, ultimately enabling them to become true
collaborators in our daily lives.
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