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Abstract
Deep  reinforcement  learning  (DRL)  is  reshaping  human-robot  interaction  (HRI)  control
beyond fixed admittance/impedance laws. This survey bridges classical HRI control and
DRL, then organises recent work into four paradigms: physical HRI via admittance shaping,
learning from demonstration and feedback, multi-agent and shared-autonomy control, and
safe,  stability-certified  reinforcement  learning  (RL).  We  further  discuss  emerging
directions,  language-conditioned  policies,  digital-twin-based  sim-to-real  transfer,  and
residual RL, and argue that, while conformal-prediction bounds are now routinely combined
with  set-invariance  guarantees  such  as  barrier  functions  in  HRI,  their  pairing  with
Lyapunov/uniform ultimate boundedness (UUB) stability guarantees remains obstructed
by  the  loss  of  exchangeability  in  closed  loop,  which  we  identify  as  the  field’s  least
developed dimension. We close with open challenges in sample efficiency, non-stationary
human behaviour, generalisation across users, and benchmarking.

1. INTRODUCTION
Human-robot interaction (HRI) control spans two coupled layers: a physical layer, in

which a robot exchanges forces, positions, and motion with a human partner in

direct or teleoperated contact, and a cognitive/social layer, in which the robot must

                                                                                           

Yu. Intell. Robot. 2026, 6(3), 544-59      DOI:10.20517/ir.2026.26

Citation: Yu, W. A survey

on deep reinforcement

learning for human-robot

interaction. Intell. Robot.

2026, 6(3), 544-59.

https://dx.doi.org/10.20517

/ir.2026.26

Received: 13 Jul 2026

First Decision: 4 Aug

2026

Revised: 6 Aug 2026

Accepted: 17 Aug 2026

Published: 28 Aug 2026

Correspondence to: Prof. Wen Yu, Departamento de Control Automatico, CINVESTAV-IPN (National Polytechnic Institute), Mexico City
07360, Mexico. E-mail: wen.yu@cinvestav.mx

https://www.oaepublish.com
https://ucenter.oaepublish.com
https://dx.doi.org/10.20517/ir.2026.26
https://dx.doi.org/10.20517/ir.2026.26
https://crossmark.crossref.org/dialog/?doi=10.20517/ir.2026.26&domain=pdf


interpret intent, adapt to preferences, and coordinate actions with a human whose behaviour is only partially

predictable. Classical solutions to the physical layer, impedance and admittance control
[1]

, render the robot’s

response to contact forces through a fixed or scheduled mechanical relationship. These schemes are provably

stable, but they are built on a model of the environment (and implicitly, of the human) that is rarely accurate:

human arm stiffness, reaction time, and intent all vary across users and across a single task
[2]

.

Deep reinforcement learning (DRL) offers an alternative: rather than hand-specifying an interaction law, the

robot learns a policy directly from interaction data, allowing the impedance/admittance behaviour itself to

become adaptive and human-specific
[3,4]

. This shift from designed to learned interaction control is the central

subject of this survey.

The shift is not free, and the price is paid in a currency that HRI can least afford. A learned interaction law is

a black box placed in mechanical contact with a person, so the two questions that classical control answered

by construction, will it remain stable and will it remain safe, must now be answered statistically, from finite

data, about a policy that continues to change after deployment. Three consequences organise this survey.

First, sample efficiency stops being an engineering convenience and becomes an ethical constraint, because

every sample is a physical interaction with a human body; this is what makes demonstration data, offline pre-

training, and simulation transfer central rather than optional. Second, the environment is non-stationary in a

specific and awkward way: the human adapts to the robot while the robot adapts to the human, so the

stationarity assumption underlying the Markov decision process is violated by the very success of the

learning process. Third, guarantees must be stated in a form that survives learning, which is why uncertainty

quantification and set-invariance methods have moved from the periphery of this literature to its centre in

the last three years.

The same pattern, a perception-decision-action loop whose reliability must be certified because a person is

on the receiving end, is visible well beyond manipulation. Reviews of embodied AI in clinical settings

organise the field along exactly this axis and reach a similar conclusion about the translation bottleneck,

namely that the barrier is evaluation and standardisation rather than raw capability
[5]

. We draw on that

parallel where it is informative, while keeping the scope of this survey on physical and cognitive HRI control.

Four developments justify a new survey rather than a simple update of our 2021 book Human-Robot

Interaction Control Using Reinforcement Learning
[6]

: (i) safe and stability-certified RL has matured from

Lyapunov-style heuristics into formal H
2
/uniform ultimate boundedness (UUB) guarantees

[7]
; (ii) conformal-

prediction-based uncertainty quantification has entered control design
[8]

; (iii) large language and vision-

language-action models now condition manipulation policies on natural-language instruction
[9,10]

; and (iv)

residual and hybrid reinforcement learning (RL), learning a correction on top of a model-based controller

rather than a policy from scratch, has become the dominant paradigm for sample-efficient, safety-preserving

deployment
[4,11]

.

Table 1 organises the literature underlying this survey into nine paradigms that trace the field’s progression

from classical, fixed-law HRI control to certified and language-conditioned DRL. This classification also fixes

the vocabulary used throughout the sections that follow.

The remainder of this survey is organised as follows. Section 2 bridges classical HRI control and DRL.

Section 3 proposes a four-part classification of DRL approaches for HRI. Section 4 discusses emerging

directions, Section 5 lists open challenges, and Section 6 concludes.
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Table 1. From classical HRI control to deep RL: a classification of the literature underlying this survey

Paradigm Ref. Key contribution

1. Classical impedance/admittance control [1]
Fixed mechanical interaction laws [Equation (1)]; foundation of physical HRI,
provably stable but not adaptive

2. Human-behaviour modeling and admittance
learning

[3,6,12-15]
Parametrised, human-in-the-loop admittance/teleoperation models; book-
length synthesis of pre-2021 state of the art

3. Hybrid position/force RL under contact
uncertainty

[4,11]
Blends model-based force control with RL compensation when the
environment/contact model is unknown

4. Learning from demonstration and human
feedback

[16-18]
Reduces sample complexity and improves early-training safety using expert
trajectories or human preference signals

5. Multi-agent/shared-autonomy RL [19-22]
Treats robot and human as coupled agents in redundant/task-space control,
rather than robot-only optimisation

6. Safe and stability-certified RL [7,8,23-30]
Formal H2/UUB/barrier-function guarantees and conformal-prediction
uncertainty bounds for learned HRI policies

7. General DRL-for-robotics foundations [31,32]
Establish core DRL-robotics methodology (policy search, end-to-end
visuomotor control) HRI-specific work builds on

8. Contemporary DRL-HRI surveys (2023-2025) [33-35]
Map the current DRL-robotics landscape; HRI treated as one sub-topic
among several, motivating a dedicated survey

9. Emerging: LLM/VLA-conditioned and residual RL [9,10]
Instruction-following manipulation policies and residual/hybrid discrete-
continuous RL for sample-efficient deployment

HRI: Human-robot interaction; RL: reinforcement learning; UUB: uniform ultimate boundedness; DRL: deep reinforcement learning; LLM: large
language model; VLA: vision-language-action.

2. FROM CLASSICAL HRI CONTROL TO DEEP RL
Admittance and impedance control regulate the dynamic relationship between interaction force F

h
 (applied

by the human) and robot motion. A standard admittance model relates force to a commanded position

correction x
d
 through a virtual mass-damper-spring system,

where M, D, and K are the designer-chosen virtual inertia, damping, and stiffness
[1]

. Stability of Equation (1)

is straightforward when F
h
 is bounded and slowly varying, but M, D, K are typically fixed offline; they do not

adapt to a specific human’s stiffness, fatigue, or intent. A large body of work addresses this by scheduling the

gains online: variable admittance schemes modulate D from measured interaction power or estimated user

intent
[12,13]

, and variable impedance learning treats the stiffness profile itself as the object to be adapted
[3,14]

. In

all of these the interaction law still relies on a parametric structure fixed at design time.

Reinforcement learning removes that structural assumption. The HRI problem is cast as a Markov decision

process (   ,    , P, r, γ), where the state s
t
 ∈    includes robot and (where observable) human kinematic/force

data, the action a
t
 ∈     is a motion or force command, and the policy πθ(a

t
 | s

t
) is trained to maximize

expected discounted return,

with the reward r(s
t
, a

t
) typically shaped to penalize excessive interaction force, task error, and unsafe

configurations. Three properties of the human partner make Equation (2) attractive over the fixed model in

Equation (1):

• Unknown human dynamics. The mapping from robot behaviour to human response is rarely known in

closed form; RL treats it as part of the environment transition P rather than requiring an explicit model.

Evidence from human motor control supports this treatment: people co-adapt force and impedance rather

                                                                                                

𝑀 ¥𝑥𝑑 + 𝐷 ¤𝑥𝑑 + 𝐾𝑥𝑑 = 𝐹ℎ, (1)

𝜋∗ = arg max
𝜋

E𝜋

[ ∞∑
𝑡=0

𝛾𝑡 𝑟 (𝑠𝑡 , 𝑎𝑡 )
]
, (2)
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A

S
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Figure 1. Classical admittance control (dashed) vs. DRL-based HRI control (solid). In the classical loop the human force Fh is the input to

the fixed law [Equation (1)], whose output is the commanded correction xd; the DRL loop replaces that fixed map with a policy πθ updated

from the interaction reward. DRL: Deep reinforcement learning; HRI: human-robot interaction.

than holding a fixed mechanical law
[15]

, so the mapping being learned is genuinely dynamic rather than

merely unknown.

• Non-stationarity. Human stiffness, attention, and intent drift within and across sessions. Model-free

policies can be updated online as this drift occurs, whereas fixed-gain admittance laws [Equation (1)] cannot.

• Contact uncertainty. Under unknown or time-varying environment constraints, residual strategies that

learn a correction on top of a nominal force controller
[4]

 and demonstration-guided exploration
[16,17]

 have

been shown to recover stable behaviour faster than learning from scratch.

Figure 1 illustrates this shift schematically: the classical loop (dashed) computes x
d
 directly from F

h
 via

Equation (1); the DRL loop (solid) instead routes (s
t
, F

h
) through a learned policy πθ, whose parameters are

updated from the interaction reward, closing the loop at the learning level rather than only at the control

level.

3. DEEP RL APPROACHES FOR HRI
We organise the DRL-for-HRI literature into four sub-categories, summarised in Table 2 and illustrated in

Figure 2, that differ in what is being learned (a control law, a policy from data, a joint human-robot strategy,

or a certified policy) rather than in application domain. The four categories build on the general DRL-for-

robotics methodology established by policy-search and end-to-end visuomotor formulations
[31,32]

, which they

specialise to the case of a human in the loop.

The four categories are not disjoint, and their overlaps are significant for design. Demonstration learning

(Section 3.2) and shared autonomy (Section 3.3) differ mainly in when the human’s influence enters: in the

former the human supplies an offline dataset or a preference label that shapes r before deployment, whereas

in the latter the human is an agent whose action a
t

h
 appears inside the value function at run time. The

boundary blurs as soon as demonstrations are collected online, at which point a demonstration-learning

system is a shared-autonomy system with a particular arbitration rule. Safe RL (Section 3.4) is better read as

orthogonal to the other three than as a peer of them: it is a constraint layer that can be applied to any of
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Figure 2. Classification of DRL approaches for HRI. Consistent with the 3+1 reading developed in the main text, categories 3.1-3.3 answer
where human information enters and are drawn as siblings, whereas category 3.4 is not a fourth sibling but a certification layer (dashed
band) that any of the other three can carry. Corresponds to Table 2. DRL: Deep reinforcement learning; HRI: human-robot interaction.

Table 2. Classification of DRL approaches for HRI

Category
Representative
works

Learning mechanism Typical HRI task

3.1 Physical HRI (force/position,
admittance shaping)

[3,4,12-15]
RL-tuned virtual impedance/admittance
gains, Equation (3)

Cooperative manipulation, physical
assistance

3.2 Learning from
demonstration/feedback

[16-18]
Imitation/behaviour cloning, RLHF
preference models, Equation (4)

Sample-efficient policy initialisation
from expert or preference data

3.3 Multi-agent/shared-autonomy RL [19-22]
Two-agent Markov game, joint action-
value function, Equation (5)

Redundant-manipulator co-
manipulation, shared control

3.4 Safe and stability-certified RL [7,8,23-30]
Lyapunov/UUB constraints, barrier
functions, conformal coverage,
Equations (6) and (7)

Safety-critical physical contact,
certified deployment

DRL: Deep reinforcement learning; HRI: human-robot interaction; RL: reinforcement learning; UUB: uniform ultimate boundedness.

them. Concretely, demonstration data is what makes a safety filter tractable, because it supplies the

calibration set that a conformal bound [Equation (7)] needs
[28]

, while shared autonomy is what makes a safety

filter necessary, because a non-stationary human partner is precisely the disturbance that a fixed-margin

barrier cannot absorb
[29]

. Reading the four categories as a 3+1 structure, three answers to “where does human

information enter” plus one certification layer, explains why the most deployment-ready systems in Table 3

combine categories rather than choosing between them.

Three observations follow from Table 3.

Deployment readiness runs inverse to conceptual ambition. The category that assumes least about the human,

admittance shaping, is the one actually running on industrial hardware, while the category that models the

human most richly, shared autonomy, has produced almost no deployed systems. This is not a transient state

of maturity. Modelling the human as a rational agent buys expressiveness at the cost of an assumption that

cannot be validated on the small cohorts these studies use, so the added realism is difficult to falsify in

practice. In selecting a method for a given application, the assumptions listed in the second column are

therefore the appropriate starting point.
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Table 3. Critical comparison of the four categories: what each assumes, what it costs in data, and how close it is to deployment

Category Core assumption Principal limitation
Data
requirement

Deployment
readiness

Supporting
evidence

3.1 Admittance shaping

Interaction is well
described by a low-
order mechanical law
whose gains are the
only unknowns[1,12]

Structure fixed at design
time; cannot represent
intent, only impedance;
humans co-adapt force
and impedance rather
than holding a fixed law

Low: minutes of
contact data, single
user

High. Runs on stock
force-controlled arms;
the closest to
industrial use

[1,3,12-15]

3.2
Demonstration/feedback

Expert or preference
data is available, and
the demonstrator’s
objective is
recoverable

Inherits demonstrator
bias and covariate shift;
preference models are
miscalibrated off-
distribution

Moderate to high:
102-104 labelled
comparisons or
trajectories

Moderate. Strong in
lab settings;
annotation cost
dominates at scale

[16-18]

3.3 Multi-agent/shared
autonomy

The human is a rational
agent with a stable,
inferable policy

Human rationality and
stationarity both fail;
equilibrium concepts are
hard to verify empirically

High: paired HRI
logs, hard to
parallelise

Low. Mostly
simulation and small-
cohort studies

[19-22]

3.4 Safe/certified RL

Disturbances are
bounded, or calibration
data is exchangeable
with deployment data

Guarantees are
conditional on
assumptions the
deployed system violates;
conservatism costs task
performance

Low for the
certificate, but it
inherits the data
cost of whatever
policy it wraps

Moderate and rising.
Barrier-based filters
ship; UUB-certified
learned policies do not

[7,23-27,29]

HRI: Human-robot interaction; RL: reinforcement learning; UUB: uniform ultimate boundedness.

The assumptions fail together, not independently. Each row’s assumption is violated by the same underlying

fact, that the human adapts. Non-stationarity invalidates the fixed gains of 3.1, shifts the demonstration

distribution of 3.2, breaks the stationary-policy premise of 3.3, and destroys the exchangeability that the

conformal certificates of 3.4 require. Combining categories therefore does not average the risk away, because

the failures are correlated: a system that pairs offline demonstrations with a conformal safety filter has two

components that become miscalibrated at the same moment and for the same reason. Reported robustness

gains from combining methods should be read with this in mind.

The data requirements in column four are not commensurable, which makes published comparisons unreliable.

A demonstration costs human time, a preference label costs human attention, and a simulated rollout costs

neither. Sample counts are nonetheless reported in a single currency, so a method requiring 10
4
 simulated

episodes is routinely described as less data-hungry than one requiring 10
2
 human comparisons, when for a

rehabilitation patient the ordering is reversed. Until the field reports human-cost separately from

environment-interaction count, claims of improved sample efficiency in HRI are not comparable across

papers. We regard this as a more tractable near-term fix than any algorithmic change, and as a concrete

instance of the benchmarking challenge discussed in Section 5.

3.1. Physical HRI: force/position control and admittance shaping via RL

Rather than fixing M, D, K in Equation (1) offline, RL lets these parameters, or the resulting reference

correction directly, be produced by a learned function of the interaction state,

where J(θ) is the RL objective of Equation (2). The literature splits on how much structure to retain in fθ.

Variable-admittance schemes keep the mass-damper form and modulate D online from measured

interaction power, which preserves a passivity argument at the cost of expressiveness
[12,13]

; variable-

impedance learning instead treats the full stiffness profile as the learned object
[3,14]

, which is more general but

                                                                                            

𝑥𝑑 (𝑡) = 𝑓𝜃
(
𝐹ℎ (𝑡), 𝑠𝑡

)
, 𝜃 ← 𝜃 + 𝛼 ∇𝜃 𝐽 (𝜃), (3)
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forfeits the passivity certificate. Human motor control supplies the argument for the latter: humans co-adapt

force and impedance and do not hold a fixed mechanical law
[15]

, so a policy restricted to gain scheduling

cannot reproduce the behaviour it is imitating. The trade-off is therefore not tuning vs. learning but

guarantee vs. fidelity, and Section 3.4 is where that tension is addressed rather than resolved. When the

contact model itself is unknown, residual RL
[4]

 augments a nominal model-based term with a learned

correction, anticipating the residual formulation discussed in Section 4.

3.2. Learning from human demonstration and feedback

Training πθ from environment reward alone is sample-inefficient and can be unsafe during early exploration

in physical contact with a human. Two complementary remedies dominate the literature we surveyed
[16,17]

: (i)

imitation-style initialisation, where πθ is pre-trained on expert trajectories before RL fine-tuning
[17]

; and (ii)

and rϕ then substitutes for, or augments, r(s
t
, a

t
) in Equation (2). Safe-exploration variants constrain policy

updates during this phase so that early, poorly-fit rϕ or πθ cannot command unsafe contact forces
[23,25]

.

Which mechanism to use, and what each costs in HRI. These three mechanisms are often presented as

interchangeable, and they are not. Behaviour cloning is a supervised fit to (s, a) pairs
[16]

: cheap, stable, and

requiring no reward function, but it inherits the demonstrator’s covariate shift, and in contact tasks that shift

is unusually damaging, because a small deviation in commanded position becomes a large deviation in

contact force through the environment stiffness. A cloned policy therefore degrades discontinuously rather

than gracefully at the moment of contact. Inverse-RL-style imitation recovers a reward rather than a policy
[17]

and so extrapolates better off-distribution, but it requires solving a nested optimisation and assumes the

demonstrator was itself optimal, an assumption that a human teaching through a force sensor, with fatigue

and reaction delay, does not satisfy. Preference-based reward learning [Equation (4)]
[18]

 sidesteps the

optimality assumption entirely, because a human need only compare, not perform, which is decisive for HRI:

comparison is feasible for users who cannot demonstrate at all, such as rehabilitation patients. Its cost is

sample complexity in the scarcest currency available, human attention, and a reward model that is

confidently wrong outside the comparison distribution.

The HRI-specific difficulty that none of the three resolves is that the human is inside the loop being learned.

In standard RLHF the annotator is external to the environment; in physical HRI the person supplying the

preference is also the impedance the policy must control, so rϕ and the transition P drift together. A policy

that improves according to a fixed rϕ may simply have adapted to a human who has adapted to it, which is

not the same as improving. This coupling, rather than annotation cost, is in our view the binding constraint

on preference-based methods in physical interaction, and it is not addressed by any of the works surveyed

here.

3.3. Multi-agent and shared-autonomy RL

A second way to remove the fixed-model assumption is to stop treating the human as part of a stationary

environment and instead model the interaction as a two-agent Markov game with joint action-value function

𝑃(𝜏1 � 𝜏2) =
exp

(
𝑟𝜙 (𝜏1)

)
exp

(
𝑟𝜙 (𝜏1)

)
+ exp

(
𝑟𝜙 (𝜏2)

) , (4)

𝑄(𝑠𝑡 , 𝑎ℎ𝑡 , 𝑎𝑟𝑡 ) = E

[ ∞∑
𝑘=0

𝛾𝑘𝑟 (𝑠𝑡+𝑘 , 𝑎ℎ𝑡+𝑘 , 𝑎
𝑟
𝑡+𝑘)

����� 𝑠𝑡 , 𝑎ℎ𝑡 , 𝑎𝑟𝑡
]
, (5)

ˆ
ˆ

ˆ
ˆ

preference-based reward shaping in the style of reinforcement learning from human feedback (RLHF)
[18]

,

where a reward model rϕ is fit to human comparisons (τ1 τ2
) via a Bradley–Terry model,ˆ �
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3.4. Safe and stability-certified RL for HRI

This category asks not only what policy is learned but what can be guaranteed about it. UUB results for

neural H
2
 control

[7]
 establish that tracking error e

t
 remains bounded,

for some finite T and bound ε depending on approximation and disturbance terms, typically proved via a

Lyapunov function V(e
t
) with V(e

t
) <​ 0 outside a compact set. Barrier-function methods

[25]
 enforce a related

but distinct guarantee, forward invariance of a safe set, directly inside the RL update. A complementary,

distribution-free guarantee comes from conformal prediction
[8]

: given a calibration set, one constructs a

prediction set C(x) for an uncertain quantity (e.g., human motion or force) satisfying

for a user-chosen miscoverage rate α, independent of the underlying predictor.

Conformal guarantees are already being used in HRI. A distinct line of work now couples Equation (7) to

control-theoretic safety constraints in human-facing settings. Thumm et al. attach conformal prediction sets

to vision-based human pose estimation and motion forecasting, propagate the resulting uncertainty end-to-

end, and feed the sets into a certifiable safety framework validated on a physical human-robot collaboration

cell; they also handle out-of-distribution inputs explicitly, which is the failure mode that defeats naive

aleatoric uncertainty estimates
[26]

. Zhou et al. use adaptive conformal prediction to quantify motion-

prediction uncertainty online and convert the resulting sets into probabilistic control-barrier-function

constraints, so that the enforced safety margin adapts to the observed prediction error without assuming a

The combination is therefore not absent, but asymmetric. Every one of these works pairs a distribution-free

coverage guarantee [Equation (7)] with a set-invariance guarantee, that is, with barrier functions or

predictive safety filters
[23-25]

, because forward invariance composes naturally with a prediction set: the set

enters the constraint as a margin. What remains genuinely underexplored is the pairing with stability

guarantees of the UUB form [Equation (6)]. The reason is structural rather than accidental. A conformal set

is a statement about a finite calibration sample and is exchangeability-dependent; a Lyapunov argument is a

statement about a trajectory of a closed-loop system. Converting P(y ∈ C(x)) ≥ 1 - α into a bound on the

disturbance term that appears in V(e
t
) requires an assumption about how coverage failures are distributed

                                                                                                

‖𝑒𝑡 ‖ ≤ 𝜀 for all 𝑡 ≥ 𝑇, (6)

𝑃
(
𝑦 ∈ 𝐶 (𝑥)

)
≥ 1 − 𝛼, (7)

¤

¤

where a
t

h
 and a

t

r
 are the human’s and robot’s actions, respectively. The field is divided according to what is

inferred about the human. Policy blending interpolates between human and autonomous commands with an

arbitration weight
[20]

, which is simple and predictable but assists least exactly when the user’s goal is most

ambiguous. Hindsight optimisation removes that failure by treating the goal as a POMDP belief and assisting

over the whole distribution
[19]

, at the cost of a model of how the user acts. Deep RL formulations discard the

goal model entirely and learn assistance end-to-end from interaction
[21]

, buying generality and paying in

sample complexity, which is the scarcest resource here [Table 3]. A broader review of intent detection,

arbitration and feedback in physical shared control situates these choices
[22]

. What unites the category, and

distinguishes it from the single-agent formulations of Section 3.1, is that the robot optimises its response to

the human’s ongoing action rather than to a fixed disturbance model.

noise distribution
[27]

. Gonzales et al. go further and apply conformal risk control to the control barrier

function (CBF) safety value itself, tuning the safety margin online as a function of interaction context
[28]

.

Busellato et al. fuse probabilistic hand-motion forecasting with CBFs so that the margin contracts when the

forecast is confident, directly attacking the over-conservatism that makes worst-case envelopes unusable in

practice
[29]

.
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over time, and the closed loop breaks exchangeability by construction, since the robot’s own action changes

the human’s next motion. Adaptive conformal prediction
[27]

 sidesteps this by abandoning the fixed-

calibration assumption; a Lyapunov-based counterpart has no equivalent escape. Bridging that gap,

producing a UUB bound whose disturbance term is certified by a conformal, closed-loop-valid argument, is

the specific open problem this survey identifies.

Four routes to a combined certificate. We set out below how this gap might be closed. Write the closed-loop

error dynamics with the human’s motion or force entering as a disturbance d
t
, so that a Lyapunov argument

gives V(e
t
) ≤ -κV(e

t
) + β||d

t
|| and hence a bound ε in Equation (6) that is monotone in sup

t
||d

t
||. The question

is how to certify that supremum from data.

(i) Prediction set as a disturbance bound. The most direct route takes C(x) from Equation (7) and reads off

||d
t
|| ≤ d(α), giving a probabilistic UUB ||e

t
|| ≤ ε(α). The obstacle is that Equation (7) is a marginal statement

about a single query, whereas sup
t
 requires coverage to hold simultaneously along a trajectory. A union

bound over an H-step horizon degrades the confidence to 1 - Hα, which is vacuous for the horizons of

interest. This is the same difficulty solved in the planning literature by constructing prediction regions over

whole predicted trajectories rather than per-step
[36]

, and that construction transfers directly to the

disturbance-bound setting.

(ii) Time-uniform coverage. A cleaner route replaces the fixed α with an anytime-valid statement
[8]

, so that

coverage holds simultaneously for all t without a union-bound penalty. This is the correct probabilistic object

to pair with a Lyapunov argument, since both are trajectory-level statements, and to our knowledge it has not

been attempted in HRI.

(iii) Average rather than pointwise coverage. Adaptive conformal prediction guarantees long-run empirical

coverage without requiring exchangeability
[27]

. It therefore pairs naturally not with UUB but with an input-

to-state-stability argument, in which the bound depends on an averaged disturbance norm rather than its

(iv) Interventional calibration. Exchangeability of the calibration sample is what Equation (7) requires
[8]

, and

it fails here because the robot’s action influences the human’s next motion. It can be restored by construction

if the calibration trajectories are collected under deliberately randomised robot actions, making the

calibration distribution interventional rather than observational. The cost is that the randomisation must

itself be safe, which returns the design to a barrier-based filter during data collection, and the practical

question is how small the excitation can be while still breaking the correlation.

Assume-guarantee composition cuts across all four: certify the perception and prediction module

conformally, certify the controller by Lyapunov argument, and connect them by an interface contract stating

the disturbance bound each side assumes and provides. Conformal certification of learned perception

feeding a control-theoretic guarantee is already established outside HRI
[36]

, and within HRI the components

exist separately, conformal perception on one side
[26]

 and Lyapunov-plus-barrier control on the other
[30]

; what

is missing is the contract that joins them. We regard route (ii) as the most promising theoretically and route

(iii) as the most likely to appear first in practice.

4. EMERGING DIRECTIONS
Three directions extend the classification of Section 3 beyond what was addressed in

[6]
 and are summarised

in Table 4.

¤

¯

supremum. Reformulating the guarantee from UUB to input to state stability (ISS) may be the least

demanding route to a certified stability statement in closed loop, at the cost of a weaker conclusion.
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Table 4. Emerging directions in DRL for HRI

Direction Ref. Description

LLM/foundation-model-conditioned policies [9,10]
Natural-language instructions are grounded into manipulation actions or
task/motion plans, extending HRI from fixed tasks to open-vocabulary
instruction following

Digital-twin-based sim-to-real transfer [33,37]
A simulated replica of robot, human, and contact dynamics is used to pre-train
πθ safely before deployment, narrowing the sim-to-real gap identified as a
persistent bottleneck for real-world DRL

Residual RL for hybrid model-based/model-free
control

[4,11]
A learned correction Δat is added to a nominal model-based controller,
Equation (8), combining the guarantees of Section 3.4 with the flexibility of
Section 3.1

DRL: Deep reinforcement learning; HRI: human-robot interaction; LLM: large language model; RL: reinforcement learning.

Large language model (LLM)/Vision-language-action (VLA)-conditioned policies. Vision-language-action

models such as RT-2
[9]

 condition a manipulation policy directly on a natural-language instruction and an

image observation, πθ(a
t
 | s

t
, ℓ), where ℓ is the instruction embedding. Combined with task-and-motion

planning
[10]

, this allows an HRI system to accept unstructured verbal requests rather than a single fixed

reward function, a qualitative departure from every method in Section 3, all of which assume a task-specific r

fixed at training time. The trajectory here is not unique to robotics: medical vision-language analysis has

passed through the same three stages, from task-specific models, through adapter- and prompt-tuned

variants, to generalist foundation models, and the reported gains there are in data efficiency and cross-

domain generalisation rather than in peak single-task accuracy
[38]

. That parallel is worth taking seriously as a

prediction: if manipulation follows the same curve, the argument for VLA-conditioned policies in HRI will

rest on few-shot adaptation to a new user, not on outperforming a well-tuned task-specific controller on the

task it was tuned for.

Digital-twin-based sim-to-real transfer. Real-world DRL training in physical contact with a human is costly

and risky; a digital twin of the human-robot-environment system allows πθ to be pre-trained under Equation

(2) in simulation, with the safety mechanisms of Section 3.4 used to certify the policy before, rather than

during, real-world deployment. The transfer techniques this relies on, domain randomisation, system

identification, and progressive adaptation, are surveyed in
[37]

; surveys of real-world DRL deployment in

robotics consistently flag the residual sim-to-real gap in human-facing settings as an open bottleneck
[33]

,

motivating this direction as a priority rather than a solved problem.

4.1. Data-efficient and offline learning for HRI

The methods of Section 3 share a dependence that Table 3 makes explicit: they need interaction data, and in

HRI every sample is a physical interaction with a person. This section covers the four bodies of work that

attack that constraint directly.

Offline RL is the structurally indicated response, not an optional extension. If human-in-the-loop rollouts

cannot be reset or parallelised, then learning must proceed from a fixed dataset of previously logged

interactions; this is precisely the offline RL setting
[39,40]

. The central difficulty there, distributional shift, is that

a policy trained on logged data queries the value function at actions the behaviour policy never took, and the

resulting overestimation is unrecoverable without online correction. Conservative and constraint-based

estimators address this by penalising out-of-distribution actions
[40]

. HRI aggravates the problem along an axis

the offline RL literature does not treat: the shift is not only between behaviour policy and learned policy, but

between the logged human and the deployed human. A dataset collected from one cohort encodes that

cohort’s stiffness, reaction latency, and intent distribution, so an offline HRI policy is conservative with

respect to the wrong reference. This is the generalisation-across-users challenge of Section 5 restated in
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offline terms, and it suggests that per-user conservatism, rather than per-action conservatism, is the

appropriate regulariser. We are not aware of an offline RL method formulated this way.

Data efficiency beyond offline learning. Three of the mechanisms already surveyed are data-efficiency

mechanisms in disguise: demonstrations and preferences replace environment interaction with human

supervision (Section 3.2), sim-to-real transfer replaces it with simulated interaction
[37]

, and residual RL

replaces it with a nominal controller that is already approximately correct [Equation (8)]. Their limitations

are complementary rather than shared, which is why they compose: imitation fails off-distribution,

simulation fails where contact dynamics are mismodelled, and residual formulations fail when the nominal

controller is badly wrong. What has been missing is measurement. Benchmarks that evaluate offline methods

on real robot hardware rather than in simulation
[41]

 report substantially smaller gains than simulated

benchmarks suggest, which is a caution worth carrying into HRI, where the gap between simulated and real

interaction is wider still because the human is the least faithfully simulated component.

Foundation models change what counts as a data requirement. The VLA policies of Section 4 are trained

on cross-embodiment corpora aggregated across many robots and laboratories
[42]

, so the marginal cost of a

new task shifts from collecting a task-specific dataset to specifying an instruction. For HRI, the interesting

claim is not peak task performance but few-shot adaptation to a new user, which is the axis on which the

methods of Section 3 generalise worst. The same three-stage progression, from task-specific models through

adapter-tuned variants to generalist foundation models, has already played out in medical vision-language

analysis, where the reported gains were likewise in data efficiency and cross-domain transfer rather than in

single-task accuracy
[38]

. Whether physical interaction follows that curve is open: contact dynamics are not

obviously compressible in the way that visual semantics are.

Uncertainty-aware learning. The fourth strand is treated at length in Section 3.4, where conformal

prediction sets and their composition with barrier functions and predictive safety filters are surveyed
[26-30]

. We

note here only the connection to the present section: a conformal guarantee is a statement about a calibration

set, so it inherits exactly the coverage limitations of offline data discussed above. An offline HRI policy and

its conformal certificate can be miscalibrated for the same reason and at the same time, which is a failure

mode that neither literature currently isolates.

Residual RL for hybrid control. Rather than learning πθ from scratch, residual RL composes a nominal

model-based action a
t

model
 {e.g., an admittance law [Equation (1)] or an inverse-dynamics controller} with a

learned correction,

which preserves the nominal controller’s stability properties when Δa
t

RL
 is small, while still allowing the

policy to compensate for unmodeled human or contact dynamics. Figure 3 shows the resulting architecture,

in which the online constraint [Equation (7)] is applied to the composed action before it reaches the plant.

The formulation was introduced for contact-rich robot control in
[4,11]

, and we expect it to be the most

practical bridge between the certified guarantees of Section 3.4 and the flexibility of end-to-end DRL.

5. OPEN CHALLENGES
Despite the progress organised in Tables 1 and 2, five challenges remain largely open across the DRL-for-

HRI literature we surveyed. Table 5 summarises them; each is discussed below.

𝑎𝑡 = 𝑎
model
𝑡 + Δ𝑎RL

𝑡 (𝑠𝑡 ), Δ𝑎RL
𝑡 ∼ 𝜋𝜃 (· | 𝑠𝑡 ), (8)
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Figure 3. Residual RL architecture [Equation (8)], combining a nominal model-based controller with a learned correction. Only the set-
invariance/conformal constraint [Equation (7)] is executable as an online filter that modifies at; the UUB bound [Equation (6)] is a
property of the resulting closed loop established by analysis, not a block in the signal path, and is therefore shown separately. RL:
Reinforcement learning; UUB: uniform ultimate boundedness.

Table 5. Open challenges in DRL for HRI

Challenge Related work Core difficulty

Sample efficiency with
humans in the loop

[16,17]
Real human-in-the-loop rollouts are slow, fatiguing, and cannot be parallelised or reset like
simulation, limiting the number of policy updates

Safety certification [7,8,23,25,26,28]
Conformal coverage now composes with set invariance in HRI, but not with UUB stability
[Equation (6)]: the closed loop breaks the exchangeability that conformal calibration assumes

Non-stationary human
behaviour

[15,22]
A policy trained on one user’s stiffness/intent profile can degrade as the human adapts,
fatigues, or is replaced by a different user, violating the stationarity assumption behind
Equation (2)

Generalisation across users [12,22]
Most reported results are single-user or small-cohort; policies tuned to one person’s dynamics
do not reliably transfer without re-training or online adaptation

Benchmarking and
reproducibility

[33,35]
HRI experiments vary in hardware, human subjects, and reward design, so results across
papers are difficult to compare; no HRI-specific counterpart to standard DRL benchmarks has
been widely adopted

DRL: Deep reinforcement learning; HRI: human-robot interaction; UUB: uniform ultimate boundedness.

Each challenge below is stated as a specific unresolved question rather than a topic, together with what would

count as an answer. Several were surfaced by the comparative analysis of Section 3 and are, to our

knowledge, not posed in this form elsewhere.

C1. Is per-user conservatism the right regulariser for offline HRI? Offline RL penalises actions outside the

behaviour distribution
[39,40]

, but Section 4.1 argued that the shift that matters in HRI is between the logged

human and the deployed human, not between behaviour and learned policy. The concrete question: can a

conservatism penalty be defined over an estimated user-parameter posterior, for instance over arm stiffness

and reaction latency, rather than over actions? An answer would be an offline method whose pessimism

relaxes as the deployed user’s estimated parameters approach the logged cohort, and it could be evaluated

today on existing real-robot offline benchmarks
[41]

 extended with multi-user data.

C2. Can conformal coverage be made valid in closed loop? Section 3.4 showed that conformal sets now

compose with set-invariance guarantees in HRI
[26-29]

 but not with Lyapunov/UUB stability, because the

robot’s action changes the human’s next motion and so destroys exchangeability. The specific open problem

is to bound the disturbance term in V(e
t
) using a coverage statement that remains valid under this feedback.

Adaptive conformal prediction
[27]

 shows one route, abandoning fixed calibration; a second, untried route is
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to calibrate on interventional rather than observational data, that is, on trajectories in which the robot’s

action was deliberately randomised. The answer would be a UUB bound whose ε in Equation (6) carries an

explicit, finite-sample confidence level.

C3. Do the four categories fail independently? The synthesis following Table 3 argued they do not: human

adaptation invalidates the assumptions of all four simultaneously. If correct, this predicts that a system

pairing offline demonstrations with a conformal safety filter will show correlated degradation, both

components decalibrating within the same session. This is directly testable, and to our knowledge untested:

instrument a combined system, log calibration error and policy regret separately, and measure their

correlation across a session in which the user adapts. A near-zero correlation would falsify the claim and

justify treating the categories as independent risk reducers; a high correlation would mean that published

robustness gains from combining methods are overstated.

C4. How many users, of what diversity, are enough? Most reported results are single-user or small-

cohort
[12,22]

. The unresolved question is not qualitative but quantitative: what is the sample complexity of user

generalisation? A concrete first step is a scaling study holding the algorithm fixed and varying cohort size

and diversity, reporting held-out-user performance as a curve rather than a single number. Without such a

curve there is no principled basis for the cohort sizes currently used, which appear to be set by recruitment

convenience.

C5. Report human cost separately from interaction count. As argued after Table 3, demonstrations,

preference labels and simulated rollouts are aggregated into a single sample count even though they draw on

incommensurable resources, so a method needing 10
4
 simulated episodes is described as more efficient than

one needing 10
2
 human comparisons. This item requires no new algorithm. We propose that HRI-DRL

papers report a three-element cost vector: environment interactions, human minutes, and number of distinct

participants. Unlike a full benchmark suite, which requires community coordination
[33,35]

, this convention can

be adopted by an individual paper without prior agreement across the field.

6. CONCLUSION
This survey organised DRL for HRI into four paradigms, physical HRI via admittance shaping, learning from

demonstration and feedback, multi-agent and shared-autonomy control, and safe, stability-certified RL, and

traced their evolution from the fixed-law control reviewed in our 2021 book
[6]

 to the certified, language-

conditioned, and residual formulations emerging today. Relative to recent DRL-robotics surveys in which

HRI appears as one application area among many
[33]

, and to surveys addressing a specific HRI setting or a

specific communication channel rather than control-theoretic guarantees
[34,35]

, we focused specifically on

what a robot can be guaranteed to do while interacting with a human. Section 3.4 argues that the residual

weakness is not the absence of distribution-free uncertainty quantification in HRI, which now exists
[26-29]

, but

its confinement to set-invariance rather than stability guarantees.

Three directions are, in our view, the most consequential for closing that gap: reconciling conformal-

prediction coverage
[8]

, which is now routinely composed with set-invariance guarantees in HRI
[26-29]

, with

Lyapunov/UUB stability results
[7]

 into a single certification framework, which requires a coverage argument

that survives the loss of exchangeability in closed loop; using digital twins to move safety validation from

real-world trials into simulation before deployment; and adopting residual RL [Equation (8)] as a default

architecture, since it inherits the guarantees of a nominal controller while retaining the adaptability that

motivated moving beyond classical admittance control [Equation (1)] in the first place. We hope the

classification and open challenges identified here [Tables 2 and 5] provide a concrete agenda for both the RL

and HRI communities.
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