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Abstract

Contact-rich tasks pose significant challenges for robotic systems due to inherent uncertainty,
complex dynamics, and the high risk of damage during interaction. Recent advances in learning-
based control have shown great potential in enabling robots to acquire and generalize complex ma-
nipulation skills in such environments, but ensuring safety, both during exploration and execution,
remains a critical bottleneck for reliable real-world deployment.

This survey provides a comprehensive overview of safe learning-based methods for robot contact-
rich tasks. We categorize existing approaches into two main domains: safe exploration, which
focuses on minimizing the risk of unsafe actions during the learning phase, and safe execution,
which ensures policy robustness and constraint satisfaction during deployment and interaction. We
review key techniques, including constrained reinforcement learning, risk-sensitive optimization,
uncertainty-aware modeling, control barrier functions, and model predictive safety shields, and high-
light how these methods incorporate prior knowledge, task structure, and online adaptation to balance
safety and efficiency.

A particular emphasis of this survey is on how these safe learning principles extend to and interact
with emerging robotic foundation models, especially vision-language models (VLMs) and vision-
language-action models (VLAs), which unify perception, language, and control for contact-rich ma-
nipulation. We discuss both the new safety opportunities enabled by VLM/VLA-based methods,
such as language-level specification of constraints and multimodal grounding of safety signals, and
the amplified risks and evaluation challenges they introduce. Finally, we outline current limitations
and promising future directions toward deploying reliable, safety-aligned, and foundation-model-
enabled robots in complex contact-rich environments. More details and materials are available at our
Project GitHub Repository.
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“Contact is the heart of robotic manipulation. To understand manipulation, you must un-
derstand contact.”

The Heart of Robotic Manipulation

—— Matthew T. Mason
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1 Introduction

Robots are increasingly expected to operate in unstructured and dynamic environments, where interac-
tion with the physical world is inevitable [1, 2]. Among such interactions, contact-rich tasks, such as
assembly, insertion, cutting, or tool use, are particularly challenging due to the complex, discontinuous
dynamics and the need for precise force and motion control. Traditional model-based control meth-
ods often struggle in these scenarios due to inaccurate or hard-to-obtain models, while learning-based
methods promise flexibility and adaptability by leveraging data-driven representations [3].

However, applying learning-based methods to contact-rich tasks raises critical safety concerns [4].
Exploration during training may lead to unsafe actions that cause damage to the robot, the environment,
or humans [5]. Similarly, the execution of learned policies in a deployment must guarantee constraint
satisfaction and robustness, especially under distributional shifts or unmodeled dynamics [6]. Therefore,
safety must be addressed both during exploration and during execution to ensure the reliable operation
of autonomous systems in the real world.

This survey focuses on safe learning-based approaches that address the dual challenges of safe explo-
ration and safe execution in robot contact-rich tasks. We categorize and analyze a wide range of methods,
including constrained and risk-aware reinforcement learning, uncertainty-aware control, model-based
safety filters, and hybrid approaches that combine learning with formal guarantees. These methods aim
to strike a balance between learning efficiency, task performance, and safety assurance.

We begin by outlining the unique challenges posed by contact-rich tasks and the requirements for
safety in this context. We then present a taxonomy of existing methods based on the learning paradigm
and safety mechanism employed. Finally, we identify open problems and future research directions,
including benchmark design, generalization, and integration of safety across system levels.

This survey aims to provide a structured overview of the current landscape, foster a deeper under-
standing of safe learning in contact-rich robotics, and inspire new research toward safe and capable
autonomous systems. In particular, it emphasizes the emerging role of VLMs and VLAs as robotic foun-
dation models that unify perception, language, and control for contact-rich tasks. By framing safety
challenges and design principles in the context of these models, the survey seeks to guide the devel-
opment of VLM/VLA-based systems that are not only powerful and general, but also verifiably safe in
real-world deployment.

A number of recent surveys have explored topics at the intersection of safety, learning, and contact-
rich robotic manipulation. However, none comprehensively address the unique challenges and oppor-
tunities posed by safe learning in contact-rich tasks. Our survey aims to bridge this gap by providing
a focused, methodical overview of the state-of-the-art, specifically within this critical niche. Several
surveys have investigated safe learning and RL more generally. Works such as [4, 7, 8] provide compre-
hensive overviews of safety mechanisms in learning-based control and safe RL, including constraints,
shielding, and exploration strategies. More specialized perspectives are offered in surveys on state-wise
safety [7], control barrier functions in RL [9] and shielded RL [10]. While these surveys address safety
in learning, they often neglect the complexities introduced by physical interaction and contact dynamics.

From the perspective of robotic manipulation and contact, surveys such as [11, 12] and [13] analyze
manipulation strategies and control frameworks, including both model-based and model-free methods.
Others review variable impedance control [14] and compliant mechanisms [15], which are crucial for
adapting to contact uncertainties but do not directly integrate learning-based safety frameworks. The
application of RL in robotic assembly has also been reviewed in recent literature [3, 16, 17] with emphasis
on task success and sample efficiency. However, these surveys primarily focus on task performance and
learning architectures, offering limited discussion on safety guarantees during exploration or deployment.
Some surveys focused on contact-rich tasiks but lost safety highlight, such as [18] only focus on imitation
learning methods.

More recent efforts begin to address physical risk and safety in the era of data-driven and foundation
model-based robotics [19-22], highlighting the growing relevance of scalable safety mechanisms. How-
ever, they often center on high-level policy alignment or general-purpose systems, lacking specificity in
contact-rich manipulation contexts.
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Figure 1: Trend of research publications with the keywords related to the safety, contact-rich robotics and learning.
Representative example works are shown: contact-rich tasks, safe control, and learning-based methods [31, 32].

Advanced agentic embodied Al sheds light on a generalist robotic system, while the safety issue
remains due to a lack of physical interaction data. [23] Safety for VLA robotic generalists lags be-
cause high-fidelity, failure and nearmiss contact data are scarce, and foundational semantic models still
misground force, region, and tolerance constraints in physically complex interaction regimes [24]. Hy-
brid planparameterizefilter stacks that couple semantic/VLM layers with compliant action abstractions
and certified online shields improve robustness under distribution shift but remain challenged by contact
mode transitions and geometry/material variation [17, 25-27]. Advancing VLA safety thus hinges on cu-
rated multimodal contact corpora, standardized force/violation metrics, and tighter analyticaldata-driven
integration for adaptive constraint grounding and reactive invariance maintenance [23].

Lastly, surveys on human-like manipulation [28] force/torque control [29], and safety in robotic
manufacturing [30] provide valuable domain-specific insights but remain largely disconnected from the
safe learning perspective, especially the standard of safety was discussed in [30].

In contrast to the aforementioned surveys, our work uniquely focuses on the intersection of safe
learning and contact-rich robotics, where safety must be ensured not only in policy learning but also in
dynamic interaction with the environment. We systematically review methods that account for safety
during physical contact, discuss open challenges in real-world applications, and outline promising di-
rections for future research. We conducted a detailed analysis of the research intensity in this field over
recent years, covering the period from 2018 to the present (2025). Fig. 1 shows the trend of research
interest in this area.

Therefore, it is necessary to provide a comprehensive survey of recent advancements in safe learning
for robotic contact-rich tasks. This survey focuses on learning-based approaches that directly integrate
safety mechanisms into the learning process, such as safe reinforcement learning and model-based safety
strategies. We deliberately exclude imitation learning methods, as their primary objective is to replicate
demonstrated behaviors rather than actively managing safety during exploration or execution, an aspect
critical in contact-rich environments where uncertainty and dynamic interaction play a significant role.

In light of the aforementioned challenges and recent advancements, we systematically review the
landscape of safe learning methods for robotic contact-rich tasks, which pose unique challenges due
to the dynamic, force-intensive, and uncertain nature of physical interactions. Our contributions are
threefold:



1. A Safety-Centric Taxonomy We introduce a structured taxonomy that categorizes safe learning
approaches based on key dimensions, including learning phase (exploration vs. execution), level
of safety integration (planning, control, or end-to-end), and modalities used (force/torque, vision,
etc.). This survey provides a comprehensive lens through which researchers can analyze existing
methods and identify safety design trade-offs.

2. Contextualization Within Contact-Rich Tasks Beyond general safe learning, we focus on its
application to contact-rich robotic tasks such as insertion, polishing, and assembly. We detail how
safety constraints are embedded in these tasks, and map the methods used to specific operational
challenges (e.g., compliance, contact-inavatiable tasks, collision avoidance, and force control).

3. Identification of Gaps, Challenges, and Future Directions. We synthesize open research ques-
tions and outline critical challenges such as sim-to-real transfer under safety constraints, the scarcity
of standardized benchmarks, and the need for provably safe generalization. We also discuss under-
explored directions, including hybrid control-learning frameworks and human-in-the-loop safety
mechanisms. Most importantly, we highlight the challenges and future opportunities in integrating
safe contact-rich learning with large robotic foundation models, particularly VLMs and VLAs.

The remainder of this survey is organized as follows. In Section 2, we provide background on
contact-rich tasks and formalize safety definitions in this context. Section 3 categorizes existing safe
learning methods from multiple perspectives, including learning paradigms and safety mechanisms. In
Section 4, we discuss open challenges and limitations in current approaches. Finally, Section 5 outlines
promising future research directions to advance safe learning in robotic contact-rich tasks.

2 Background and Definitions in Safe Robotic Interaction

2.1 Robotic Contact-Rich Tasks

The definition of contact-rich tasks varies in the literature, and it was also referred to by different terms
such as physical interaction tasks [38], or manipulation in contact [11]. According to our definition, a
task is contact-rich when its successful execution requires dynamic and extended physical contact with
the environment.

In this regard, obstacle avoidance is not a contact-rich task: even though contact can happen some-
times, the task can be accomplished without contact. Simple pick-and-place tasks are not included even
though they involve contacts with objects, because these contacts are fixed (i.e., not dynamic) after the
grasp. However, tool-use tasks where the grasped object interacts with the environment, or in-hand
manipulation where the contacts between the object and the robot hand are not fixed, are considered
contact-rich. The definition also excludes the impact-based tasks such as throwing [39], hitting [40] or
catching [41, 42] an object, in which the contact is momentary or sparse (i.e., not extended). These tasks
are contact-intensive, but not contact-rich.

Some examples of typical contact-rich tasks are peg-in-hole insertion, surface grinding, massaging a
human, multi-finger manipulation, vegetable cutting, and box pushing (Fig. 2). We advance our discus-
sion on the contact-rich tasks in Sec. 3.2, by grouping the tasks in the reviewed literature into four main
categories, and presenting uncommon task variants that introduce novel challenges.

2.2 Definition of Safety in Contact-Rich Tasks

Safety in contact-rich manipulation spans multiple, complementary notions that arise from diverse ob-
jectives, stakeholders, and operational contexts [22]. Rather than a single definition, safety should be
understood along several axes: physical interaction and energy exchange; stability and invariance; con-
straint satisfaction and reachability; risk- and data-driven guarantees; human-centered factors and stan-
dards [43]; and phase- and level-specific integration (exploration vs. execution; planning vs. control).
We formalize these axes and situate them within contact-rich robotics with representative references.



Figure 2: Illustrations of typical contact-rich tasks: Surface grinding [33], peg-in-hole [34], massaging [35] and
non-prehensile object manipulation [36, 37]. The images are generated using ChatGPT 5.1.

2.2.1 Physical-Interaction Safety: Contact-force, Energy and Passivity

Contact force is a primary lens for safety in contact-rich manipulation. Excessive normal or tangential
forces, whether as high transient impact at contact onset or as sustained forces/pressures during steady
interaction, can damage workpieces and tooling, or injure humans in collaborative settings. A practical
definition of safety, therefore, specifies force envelopes over time, including bounds on magnitude, rate
of change, and impulse, together with region- or phase-specific limits (e.g., fragile surfaces, no-touch
faces). Reviews on interaction/impedance control and force regulation formalize these aspects and their
stability implications [2, 44].

Achieving force-centric safety requires (i) reliable sensing/estimation of contact forces and states, (i1)
controllers that prioritize force regulation under uncertainty, and (iii) runtime mechanisms that enforce
hard limits. Force/torque sensing combined with observers and multimodal perception [45] supports
contact-state estimation (onset, sticking/slip) and force-grounded policy inputs; this enables early guard
actions (e.g., approach deceleration, alignment) to reduce peaks and avoid lateral overload. Classical
hybrid positionforce control and impedance/admittance control provide physically interpretable means
to track force references while maintaining compliant interaction; variable impedance schemes adapt
stiffness/damping online to keep forces within bounds amid modeling error and task variation [2, 44].
In learning-integrated systems, producing high-level references (pose/force/impedance gains) rather than
direct torques helps preserve stability margins while meeting force objectives [46].



Enforcement at execution time benefits from casting force bounds (and friction cones) as constraints.
Model-based safety filters, such as MPC with hard/soft constraints or barrier-based action projection,
can minimally modify a nominal (possibly learned) command to preserve admissible contact forces,
especially near transitions (free-space to contact, contact to sliding). This projection viewpoint also
supports chance/risk-aware limits to reduce rare but damaging force spikes [46—48]. When specifications
are given in natural language or task rules (e.g., do not exceed 5 N on cable, avoid pressing the painted
surface), grounding them into formal force/region constraints and injecting them into the safety layer
provides reliable guardrails during execution [25, 39].

Energy and passivity complement the force-first view by regulating how much energy the robot
injects into the environment. Passivity indices and energy reservoirs (energy tanks) offer monitors and
buffers that cap impact energy and prevent force runaway under delays, unmodeled compliance, or high-
gain settings. In practice, combining passivity-aware impedance/admittance with explicit force envelopes
yields robust behavior across approach, impact, and sustained-contact phases, and remains compatible
with learning-based references and uncertainty-aware shields [2, 44, 46].

2.2.2 Stability and Invariance: Lyapunov and CBF Views

A second axis treats safety as stability and set invariance. Lyapunov methods certify convergence or
boundedness and can imply safety when safe sets are invariant sublevel sets of a Lyapunov function
[49, 50]. Control Barrier Functions (CBFs) enforce forward invariance of safety sets online, mini-
mally modifying actions to prevent constraint violations; they have seen increasing use in contact-aware
robotics and safe RL [9, 51-53]. End-to-end safe RL can embed barrier-based constraints into training or
runtime filtering [54, 55]. Here, safety means remaining inside certified invariant sets while preserving
task feasibility.

2.2.3 Constraint Satisfaction and Reachability

Safety can be defined as the satisfaction of state, input, and contact constraints (e.g., joint/velocity/torque
limits, friction cones, force envelopes). Safe MPC enforces constraints over a horizon with robust tubes
or uncertainty sets [56, 57]. HamiltonJacobi reachability and safety filters compute (or approximate)
safe sets and veto actions that would exit them [22, 58, 59]. In the constraint-centric view, safety is
the persistent satisfaction of physically meaningful bounds throughout approach, impact, sliding, and
re-grasp phases.

2.2.4 Risk- and Data-Driven Safety

Data-driven definitions quantify safety via risk-sensitive objectives, recovery zones, or auxiliary critics
that predict and penalize unsafe outcomes. Recovery RL separates exploration from recovery to reduce
unsafe excursions [60]; safety critics or pessimistic objectives downweight risky actions under uncer-
tainty [4, 8, 61]. Recent work provides theoretical formulations (e.g., safe value functions, shielding and
generalization guarantees) to connect statistical learning with formal safety [62, 63]. In this axis, safety is
a probabilistic guarantee or risk bound over contact outcomes under imperfect models and noisy sensing.

2.2.5 Human-Centered and Standard-Driven Safety

In humanrobot collaboration and assistance, safety must address physical limits (contact pressure, speed-
and-separation, ergonomics) and perceived safety (predictability, comfort, trust) [2, 64]. Standards such
as ISO 10218 and ISO/TS 15066 codify limits and processes, shaping acceptable forces, speeds, and
safety-rated monitoring [30, 65]. Perception- and policy-level safeguards further bound human exposure
to risk in collaborative and assistive tasks [66—69]. Along this axis, safety extends beyond robot/object
protection to human well-being and acceptability.



2.2.6 Semantic Safety with VisionLanguage(Action) Models

Semantic safety concerns aligning task intent, environment context, and contact constraints with what
the robot actually executes, so that language-/vision-conditioned policies do not trigger unsafe contact
behaviors. In contact-rich settings, this means grounding task semantics (objects, affordances, no-touch
zones, insertion axes, force limits) and safety rules (limits, PPE, human proximity) into actionable con-
straints and monitors for execution [46].

Modern VLM/VLA systems can (i) parse natural-language goals and safety rules, (ii) ground them in
the sensed scene (objects, surfaces, grasp points) [25, 27, 70], and (iii) parameterize low-level compliant
controllers or skill libraries with safety-aware references (pose/force/impedance) [26, 71, 72] rather than
direct torques. Typical architectures use a hierarchical split: a languagevision planner selects certified
skills/options; mid-level skills expose safety-relevant parameters; low-level safety enforcers (impedance,
CBF/MPC, rate limiters) guarantee contact stability and constraint satisfaction during execution [72—75].

2.3 Problem Formulation and Learning Paradigm Overview
2.3.1 Problem Formulation

Contact-rich manipulation arises across assembly, insertion, forceful surface interaction, and human-
robot collaboration. We consider a general formulation that does not commit to a single mathematical
model. Tasks are described by (i) a state representation x; that includes robot kinematics/dynamics, la-
tent contact modes, and measured or estimated wrenches; (ii) a control signal u; that can be low-level
torques/velocities or higher-level references such as force targets and impedance/admittance gains; and
(ii1) safety and feasibility specifications involving force/torque envelopes, friction and approach cones,
motion limits, and human-centric constraints [2, 44, 46]. Depending on assumptions and requirements,
the underlying decision model may be an unconstrained Markov decision process (MDP) or a partially
observable Markov decision process (POMDP), a constrained variant (e.g., constrained Markov deci-
sion process (CMDP)), or a hybrid-systems/control-theoretic problem with explicit contact transitions.
In all cases, safety is operationalized through limits on contact forces/pressures and motion, potentially
augmented by risk- or semantics-derived rules [25, 26, 39, 46].

Observability and abstraction are key design choices. When direct force/torque sensing is available,
controllers can track force references and tighten safety envelopes; otherwise, observers or learned esti-
mators provide wrench/contact-state cues for policy inputs and online monitoring [44]. Action abstrac-
tion often improves safety and sim-to-real transfer: outputting pose/force targets or impedance parame-
ters instead of raw torques yields compliant interaction and clearer hooks for runtime safety mechanisms
[2, 44, 46]. Finally, semantics (VLM/VLA) supply high-level task structure and safety rules that must be
grounded into formal constraints and checked during execution [25, 26, 39, 76, 77].

2.3.2 Learning Paradigm

We summarize four main learning paradigms and how they interface with safety in contact-rich manipu-
lation.

RL: RL learns policies for variable-impedance forceful skills and insertions, often using action
spaces that output force targets or stiffness/damping to preserve compliant interaction. Safety is enhanced
by conservative objectives, recovery strategies, and shielded execution (e.g., barrier/reachability/ MPC
layers) [6, 16, 78—81]

IL: Demonstrations initialize contact sequencing and force profiles (approach, touch, slide) and are
commonly refined by RL or supervised updates; hybrid trajectoryforce learning and one/few-shot strate-
gies are prevalent in insertion and assembly settings. IL shares the same safety-friendly action abstrac-
tions and leverages compliant controllers during execution [32, 82, 83]

Learning for Model-based and control-theoretic methods Impedance/admittance regulation, ro-
bust/adaptive force controllers, MPC with contact constraints, and barrier/reachability filters operational-
ize limits on contact force/torque, friction cones, and approach geometry. Learning augments these by



identifying dynamics, adapting gains, or shaping feasible sets, yielding transparent enforcement at run-
time [53, 84, 84-87]

Foundation model-based methods Foundation models for robotics leverage large-scale VLA pre-
training to parse open-ended goals, infer affordances, and impose safety-aware constraints before execu-
tion. In contact-rich settings, these methods are typically embedded in a plan parameterize enforce stack:
(i) a VLM/VLA module interprets natural-language goals and scene context to propose task sketches and
safety rules (e.g., force caps, no-touch regions, speed-and-separation); (ii) the semantic plan is compiled
into formal constraints and parameterized skill references (pose/force/impedance) rather than raw torques
to preserve compliant interaction; and (iii) low-level safety layers (e.g., MPC/CBF filters, rate limiters)
execute with verifiable bounds on contact forces and approach geometry [25, 26, 39]. Data and evalua-
tion rely on open toolchains and safety-oriented benchmarks to quantify violation rates, refusal/recovery
behavior, and generalization under distribution shift [48, 76, 77, 88]. Practically, safety guardrails for
foundation-model pipelines include structured prompting and tool schemas, text-to-constraint grounding
with pre-execution checks, conservative default limits (force/velocity caps), and plan-then-filter action
projection through certified controllers; these mitigations address hallucination and mis-grounding that
could otherwise lead to overloads at contact [25-27].

Hybrid integration (planlearnenforce) Planning and skill graphs (potentially guided by VLM/VLA)
provide structure; learned policies output pose/force/impedance parameters; safety layers project actions
to satisfy certified constraints. Semantic modules further align high-level intent and safety rules with
the certified execution stack [26, 27, 76, 77]. Evaluation commonly reports violations, near misses, and
generalization using standardized suites and simulators [48, 88, 89].

3 Methods Categorization from Different Perspectives

This section organizes existing safe learning approaches for contact-rich robot tasks along several com-
plementary dimensions to clarify their underlying assumptions and design trade-offs. By examining
methods through perspectives such as task characteristics, sensing and policy modalities, data acquisi-
tion strategies, simulation environments and benchmarks, safety evaluation metrics, safety abstraction
levels, and safety enforcement spaces, the survey highlights common patterns and gaps that are not
apparent from any single taxonomy. This multi-view categorization also helps connect classical control-
theoretic techniques with modern learning-based and foundation-model-based approaches, providing a
unified lens for analyzing current methods and guiding future developments.

3.1 Safe Learning for Contact-Rich Tasks
3.1.1 Safe Exploration (safe learning before contact)

This section introduces safe learning before executing the task, highlighting its importance in ensuring
reliable and risk-free performance prior to real execution.

Safe HRC has traditionally been approached through path planning algorithms such as rapidly-
exploring random tree star (RRT*) [90] for dynamic human-robot systems, or artificial potential field
(APF) [91] and virtual fixtures [92] for real-time adjustment of the robot’s trajectory. However, these
methods often yield slow trajectory computation and limited generalization, since they require task-
specific tuning, assume simplified environments, and adapt poorly to dynamic or unstructured settings
[92].

Recent approaches enforce safety constraints via control barrier functions (CBFs), where quadratic
programs compute minimal trajectory deviations to maintain safety [93-95]. Extensions to uncertain
CBFs (U-CBFs) handle environmental uncertainty [96, 97], though worst-case assumptions often yield
conservative designs. Stochastic frameworks using chance constraints offer less conservative alternatives
[98, 99], but remain computationally intractable for most HRC applications due to non-convex feasible
regions [100]. Complementary work examines risk factors in HRC [101-104]. While these approaches



can better inform the tolerable risk-bound for different applications, a risk tunable CBF can solve the
limitation [31].

Ensuring system safety while maintaining performance requires sophisticated approaches that bal-
ance computational efficiency, safety guarantees, and adaptability. Below, we present four prominent
categories of methods that address these challenges through different theoretical frameworks and com-
putational strategies.

Reachability-based Trajectory Safeguard (RTS) [105] is an offline-online safety layer that precom-
putes reachable sets for plan tracking and, at runtime, filters the reinforcement learning policy’s contin-
uous actions to the nearest safe plan without throttling learning speed. Compared to Model Predictive
Control (MPC), CBF, and Safety-set methods, which provide strong online guarantees but require heavier
per-step optimization, RTS offers computational efficiency through its offline precomputation strategy.
Similarly, while Radial Basis Function (RBF) and Gaussian Process (GP)-based safe learning methods
offer flexible uncertainty modeling, they often rely on probabilistic guarantees and incur expensive com-
putational costs. this approach relies on a reasonably accurate system model and can be less adaptive
when dynamics or obstacles change significantly during operation.

Model predictive shielding (MPS) [106] provide a model-predictive shield around any RL policy:
they forecast violations and replace unsafe actions with safe, goal-directed recoveries, enabling zero-
violation training and deployment. CBF-Guided MPC [107] embeds barrier constraints in MPC and
tunes them online for proactive, explainable hard-safety during tracking/avoidance at the cost of online
optimization and careful model or CBF design. These MPC-based methods trade offline precomputation
for online optimization to improve task progress with interpretable constraints.

Implicit Safe Set Algorithm [108]. A model-free safe control method that queries a black-box dy-
namics (e.g., digital twin) to synthesize a safety index (barrier certificate) and a corresponding safe
control law, guaranteeing forward invariance and finite-time convergence. Data-Driven Permissible Safe
Control with Barrier Certificates [109] learns unknown stochastic dynamics via Gaussian Processes and
constructs piecewise stochastic barrier functions to compute a maximal set of permissible strategies that
satisfy a target probabilistic safety level; as data increases, the permissible set grows toward the known-
model benchmark while maintaining safety.

Advantage-Based Intervention [110] achieves safety by online interventions and surrogate MDP
training (requires a safe backup policy/advantage estimates), whereas AlwaysSafe [111] achieves safety
by a model-based abstraction of safety dynamics (requires a correct abstraction); both enable safe data
collection for learning.

Reachability filters policy actions via offline reachable sets for real-time, hard-safety execution;
MPC/CBF enforces safety online via predictive checks and constraints with interpretable but optimization-
heavy control; safety-set constructs invariant or permissible safe regions model-free or GP-based for
certified operation; and safe exploration guarantees no violations during learning via interventions or ab-
stract safety models, trading flexibility and sample efficiency against model/backup policy assumptions.

Here we group learning-based methods by what they learn and how they ensure safety. Lyapunov
actorcritic [112] learns policy weights under an explicit Lyapunov constraint, and executes through an
adaptive impedance layer for compliant, stability-guaranteed motion. Safety-Aware Unsupervised Skill
Discovery [113] learns a skill policy and a safety-critic that estimates failure probability, yielding intrin-
sically safe skills for downstream tasks. Variable-Impedance Skill Learning [114] learns a latent skill
prior/decoder, a latent policy, and impedance as part of the action, achieving safety via compliant inter-
action and bounded contact forces. Impedance-learning adaptive control for HRI [115] learns impedance
gains, feedforward interaction force, dynamics parameters, and robust Sliding Mode Control (SMC) gain,
with Lyapunov proofs of bounded tracking. Impedance iterative-learning SMC [116] updates impedance
and SMC gains across trials, combining compliance and robustness guarantees for non-repetitive tasks.

Learning-based approaches directly optimize policies, skills and impedance from data, offering
greater adaptability to unmodeled dynamics and complex contact phenomena with less hand-crafted
modeling, most advantageous when rich demonstrations or interactive rollouts are available and the
task/environment is hard to model yet demands fast, compliant behavior under distribution shift.



3.1.2 Safe Execution (after contact).

Safe execution is crucial in contact-rich robotic tasks, as robots must interact not only with complex
and uncertain environments but often also in close proximity to humans [2]. During these interactions,
any unsafe behavior can result in damage to the robot, the manipulated objects, or even pose risks to
human safety. Ensuring safe execution means that the robot’s actions consistently respect physical con-
straints [117], avoid hazardous situations, and maintain robust performance despite uncertainties or dis-
turbances. This is especially important in real-world deployments, where unpredictable events and un-
modeled dynamics are common. Therefore, developing methods that guarantee safety during execution
is essential for the reliable and trustworthy operation of robots in contact-rich scenarios.

A widely adopted and effective approach to enhance safe execution in contact-rich robotic tasks is the
use of compliant controllers [114, 118—121]. These controllers enable robots to interact safely with their
environment and with humans by allowing controlled flexibility and adaptability in response to external
forces. Among the most common compliant control strategies are impedance control and admittance
control. Impedance control regulates the dynamic relationship between the robot’s motion (position or
velocity) and the forces it experiences, effectively making the robot behave like a virtual mass-spring-
damper system [119]. This allows the robot to absorb impacts and maintain stable contact with uncertain
or moving surfaces. Admittance control, on the other hand, measures external forces and commands
the robot to move accordingly, making it suitable for tasks where the environment imposes significant
forces on the robot [122, 123]. Both approaches are fundamental in ensuring that robots can safely and
robustly perform manipulation tasks involving physical contact, reducing the risk of damage or injury
during interaction.

One key challenge in ensuring safe execution is properly tuning controller parameters (such as stiff-
ness, damping, and inertia) to suit different task scenarios and contact conditions [44]. Incorrect pa-
rameter settings can lead to unsafe behaviors, such as excessive contact forces, instability, or failure to
accomplish the task. Traditionally, these parameters are manually tuned based on expert knowledge and
trial and error, which is time-consuming and may not generalize well across diverse tasks or environ-
ments. Learning-based methods offer a promising solution by automatically adapting controller param-
eters through data-driven optimization, enabling robots to achieve both safety and high performance in
varying and uncertain contact-rich scenarios [24, 27].

A major research direction in safe execution for contact-rich tasks is the use of RL to automatically
tune the parameters of compliant controllers [3], such as impedance or admittance control. In these
approaches, RL algorithms are employed to learn optimal values for parameters such as stiffness [6],
damping, and inertia, enabling the robot to adapt its compliance to varying task requirements and contact
conditions [124]. This data-driven adaptation helps maintain safety by minimizing excessive contact
forces, preventing instability, and improving task performance.

Recent research has demonstrated the effectiveness of RL-based parameter learning in a variety of
contact-rich scenarios. For example, RL has been used to adjust impedance parameters online to ensure
safe and robust assembly[16, 125-127], insertion [128—130], and surface interaction tasks [131]. Some
works incorporate safety constraints directly into the RL framework, such as limiting the maximum
allowable force or ensuring stability margins during learning [6, 54, 132]. Others combine RL with
model-based safety filters [133] or control barrier functions [134] to guarantee constraint satisfaction
throughout the learning and execution process. [6]

These methods offer several advantages: they reduce the need for manual parameter tuning, allow for
adaptation to unmodeled dynamics or changes in the environment, and can explicitly balance safety and
performance objectives. However, challenges remain in ensuring sample efficiency, generalization across
tasks, and providing formal safety guarantees during both training and deployment. Ongoing research
continues to address these issues by integrating uncertainty estimation, risk-sensitive objectives, and
hybrid learning-control architectures.

Large robot foundation models enhance safe execution by converting unstructured scene and in-
struction inputs into structured, verifiable manipulation plans, then constraining lowlevel interaction.
Planparameterizeenforce (PPE). High-level language/vision modules parse tasks and safety rules (e.g.,
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force caps, no-touch regions, human proximity) and compile them into machine-checkable constraints;
mid-level policies parameterize compliant skills (pose/force/impedance) rather than direct torques; low-
level safety filters (CBF/reachability/MPC shields) project commands online to maintain invariance and
limits [26]. Constrained VLA (e.g., safeVLA, TLA-style) Semantic policies are restricted via schema-
conformant action spaces and pre-execution checks; code-as-policies and structured prompting inject
explicit guardrails (caps, forbidden zones) before motion is issued [25-27]. Semantic-to-physical con-
straint grounding. VLMs/VLAs translate natural-language rules and scene understanding (affordances,
fragile surfaces) into explicit force/region/speed constraints that downstream safety layers can enforce
[75].

3.1.3 Provable Safety Methods

Robotic safety has long been researched in classical control before learning-based methods became
prevalent [38, 49, 58, 119]. Rigorous mathematical tools were developed to provide provable guarantees
of stability and safety [50, 135-137]. This section aims to systematically describe foundational methods
for certifying safety, including Lyapunov-based methods, control barrier functions (CBF), contraction
metrics, reachability analysis and invariant sets. While originally developed for classical model-based
control, many of these tools are increasingly integrated in modern learning-based frameworks [22]. This
section aims to establish the control theoretical foundations for understanding and developing safe learn-
ing methods for contact-rich robotic tasks.

Lyapunov-based methods build on the concept of a Lyapunov function, a scalar energy-like function
V() that decreases along trajectories of a dynamical system. Formally, consider a system & = f(x,u)
with state £ € X" and control input w € U{. A continuously differentiable function V' : R" — R>q is a
Lyapunov function for a closed-loop system if it is positive definite (V' (0) = 0, V' (x) > 0 for  # 0)
and its time derivative is negative semi-definite (V(ac) < 0Vz). For safety, Lyapunov analysis is often
used to certify invariant sets. If we can identify a set of safe states S(e.g.S = {z | V(z) < ¢}) and a
Lyapunov-like function V' (x) that decreases or stays constant on S, then any trajectory starting in S will
remain in S for all time, making S a forward-invariant safe set [49].

Lyapunov-based methods are well-suited to scenarios where the main objective is stability, for ex-
ample, regulating contact force to a desired value. Nearly all classical robot controllers, e.g., PD con-
trollers or compliance controllers, are derived with an implicit Lyapunov function to prove stability
[112, 138, 139]. Passivity-based control is another Lyapunov-related approach. By designing the closed-
loop system to be passive, one can guarantee stable interactions, which means the robot can safely interact
with the environment because it will not generate energy that could cause instability [140-142].

Despite their broad use, a major challenge for Lyapunov methods is finding a suitable Lyapunov
function for complex nonlinear systems [49]. For high-dimensional robots with complex contact dy-
namics, hand-designing a V' (x) that decreases in all conditions, especially across contact/non-contact
modes, is difficult. In hybrid systems, standard Lyapunov theory does not directly apply and one may
need multiple Lyapunov functions [143—145]. Another limitation is that classical Lyapunov methods are
primarily designed to certify stability or asymptotic convergence of the closed-loop system. Unless the
Lyapunov sublevel sets are explicitly constructed to be forward invariant and contained in a prescribed
safe set, Lyapunov stability alone does not guarantee that state or input constraints are respected along
the entire transient [146, 147]. In particular, a Lyapunov-stable controller may drive a robot back to its
desired equilibrium after a disturbance but still allow temporary violations of safe force or workspace
limits [148, 149]. Therefore, Lyapunov-based designs are well-suited for ensuring long-term stability or
boundedness, but typically need to be augmented with barrier-type conditions to enforce state constraints
and safety [51, 135].

Control barrier functions (CBFs) provide a formal, Lyapunov-like tool specifically for enforcing
safety constraints. While Lyapunov functions certify the stability of an equilibrium, barrier functions
certify forward invariance of a safe set, which prove the system will never enter certain unsafe regions
[51, 146, 150]. The typical setup is as follows: Define a continuously differentiable scalar boundary
function h(x) such that the safe set C is {x | h(x) > 0} and the unsafe setis {x | h(z) < 0}. As an
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example, the boundary h(x) = 0 can describe the contact force reaching a limit. A valid CBF satisfies a
condition that ensures h(x) cannot decrease into the negative unsafe region. One common form: There
exists an extended class-XC function a(-) such that for all states on the boundary of C, we can choose
control inputs w to yield A(z, u) > —a(h(x)). If this holds, then whenever h(zx) is zero or positive, its
derivative cannot drive h(x) across the zero boundary into the unsafe region. Geometrically, h(x) can
be seen as a "barrier” that goes to zero at the safety boundary and typically to negative values outside the
safe set. The CBF condition forces the controlled dynamics to hover at or increase h(x) at the boundary,
never allowing a drop below zero [149].

CBFs are especially powerful for real-time enforcement of safety constraints. Unlike open-loop
potential field methods [151, 152], CBFs offer a guarantee of safety because the CBF condition is a hard
constraint on the control input.

Despite their strengths, CBFs come with several challenges. First, they require a reasonably accu-
rate model of the system and environment. Model uncertainty or external disturbances can break the
guarantee. There is active research on robust CBFs and adaptive CBFs to account for uncertainty, but
guaranteeing safety under uncertainty often leads to conservative controllers [153-155]. Second, there
can be conflicts between multiple CBFs or between a CBF and control goals. It is possible that no sin-
gle controller can simultaneously satisfy all constraints and achieve the desired motion. In such cases,
typically one should relax constraints [156, 157]. Third, the design of CBFs becomes significantly more
involved for safety constraints with high relative degree, such as contact and force constraints that depend
on higher-order derivatives of the state, which are ubiquitous in contact-rich robotic tasks [158-160].

Contraction metrics offer a fundamentally different viewpoint than the Lyapunov-based and CBF
methods that provide scalar certificates for stability or safety with respect to particular equilibria or safe
sets. Rather than analyzing the behavior of trajectories relative to a fixed point or a boundary, contrac-
tion theory studies the evolution of the differential distance between arbitrary trajectories of a dynamical
system. A system is said to be contracting if infinitesimal displacements between trajectories converge
exponentially to zero under an appropriate Riemannian metric. When such a contraction metric exists, all
trajectories within a contraction region converge exponentially toward one another, independent of their
initial conditions. This yields a strong form of incremental stability: not only do trajectories converge to
a specific equilibrium, but they converge toward a unique flow or invariant trajectory structure of the sys-
tem. The contraction metric thus serves as the formal certificate ensuring this incremental convergence
and generalizes classical Lyapunov analysis to trajectory-to-trajectory stability [145, 161, 162].

A metric is typically given by a positive definite matrix function M (x) defining a weighted norm
6x|3; = Sz M (x)dz for infinitesimal perturbations éx. The system & = f(x,u) is contracting
with rate A > 0 if there exists a uniformly positive definite metric M () such that the Jacobian of the
dynamics satisfies a matrix inequality:

g(ax, u) M(x) + M(m)g(m, u) =X =2 \M (x),Vx,u. (1)
ox ox

This condition means the distance between two nearby solutions measured by M decays at least at
rate A\. One can interpret it as a generalized Lyapunov condition applied to the difference dynamics. If we
consider the error || = o1 —x2 between two trajectories &, and a9, contraction theory guarantees || <
ke~*|%(0)| for some k > 0. A remarkable property is that if a system is contracting, it has a unique
equilibrium or invariant trajectory that is globally exponentially stable [161]. In control contexts, we
often speak of control contraction metrics (CCMs). A CCM extends the problem to controlled systems.
It provides a condition under which a feedback controller can be designed so that the closed-loop system
is contracting. If a CCM exists, one can synthesize a controller that achieves exponential tracking of any
feasible reference trajectory [145].

Contraction metrics are particularly useful in scenarios requiring robust trajectory tracking and dis-
turbance rejection. A major challenge of this approach is finding a contraction metric for a given system,
which can be challenging as finding a Lyapunov function. For complicated robots, M () might need to
be very complex or even non-existent in closed form [163, 164]. Another challenge is that contraction
typically addresses stability properties but not explicit state constraints [165].
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Figure 3: We review the contact-rich tasks under four main categories indicated with separate colors. Each
category is further divided into sub-categories. The categories are not mutually exclusive. Examples of some
downstream tasks that belong to multiple categories are shown as rectangular nodes.

Reachability analysis and invariant sets approaches compute the set of states from which the sys-
tem can remain safe indefinitely or the set of states that could lead to an unsafe condition. Techniques
like Hamilton-Jacobi (HJ) reachability solve a PDE to find the backward reachable set of an unsafe tar-
get [58, 166]. Consider a system whose dynamics are described by an ordinary differential equation
& = f(x(t),u(t)) where x is the system’s states, u(t) is the control input. To compute the reachable
set, a value function V' (z, t) is typically defined, representing whether the system can reach the target
set from state  at time ¢. This value function satisfies the HJ equation:

ov
— 4+ H(x,VV) =0 )
ot
where H is the Hamiltonian defined as
H(x,VV) = meag{—f(zc, u) - VV} (3)

By solving this equation, the boundary of the reachable set can be obtained, allowing for the analysis of
the system’s behavior under various control strategies [167—169].

The limitation is the curse of dimensionality. Solving HJ PDEs or exhaustive reachability is only
feasible for simplified systems [170-172]. In safe learning contexts, reachability is often used as a
runtime safety filter [105, 173, 174].

3.2 Contact-Rich Tasks

In this section, we review the safety-concerned online learning methods from the task perspective. In
accordance with our scope, we compile and discuss the contact-rich robotics tasks that are tackled with
these methods in the literature. For this purpose, we identified the tasks in each of the papers we scanned
for this survey. Our analysis shows that the insertion or assembly tasks are the most common type of
physical interaction tasks. These are followed by the surface interaction tasks such as polishing and
grinding. We also identify the task types of object manipulation and physical human-robot interaction
(pHRI). We reviewed the tasks in the recent works under these four categories as shown in Fig. 3. Details
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and downstream examples of these categories are given in the following sections. Please see Fig. 2 for
example task illustrations.

Our categorization is application-independent, however, it is possible to categorize the tasks also
w.r.t. the application areas such as industry, household and healthcare [18]. Many contact-rich tasks
are demonstrated for household applications that cannot be automated, as opposed to industry. These
include general household tasks such as wiping a table or a vase [175, 176], inserting a plug [177, 178],
and opening a door [179, 180]; and kitchen tasks such as cutting vegetables [57, 181], stirring or scooping
food [182, 183], and rolling pizza [184]. Industry applications usually focus on flexible manufacturing
tasks such as inserting a gear [125, 185], nut threading [186], building furniture [187], and disassembly
[188, 189]. Healthcare applications mostly include the surgery operations [190, 191] and physically
assisting humans (Sec. 3.2.4).

Please note that there may be overlaps and similarities between the four categories as shown in
Fig. 3. For example, many peg insertion tasks could also be seen as object manipulation, or specific
tool use tasks may aim for surface interaction. Depending on the problem formulation some downstream
tasks may bring the challenges of multiple categories, which are detailed below.

3.2.1 Assembly and Insertion

tasks have been studied in the control literature for a long time both for their importance in industry
and the challenges they offer [192]. Robotic solutions to this problem can enable flexible assembly
applications [193], and human-like activities such as inserting a key or a plug [194, 195].

The challenges include the precision requirement to achieve the tight fit, safety requirements to avoid
damaging the equipment or getting stuck, and sensing difficulties as vision modality is less informative
due to occlusions and the force-based nature of the task. Assembly problems may involve multi-step
insertion actions to achieve a more complex plan [186, 187]. The classical peg-in-hole task focuses on
a single insertion of a securely grasped peg into a single upright hole [196]. The problem is gradually
made more challenging through limited or noisy sensor data, leading to uncertainties over the peg and
hole poses [197], varying peg shapes and sizes [198], or limited control options, such as rigid position-
control [199].

Other varieties were introduced for covering different application cases: Inserting multiple pegs (e.g.,
plugs) simultaneously [200, 201], assembly in obstructed environments that also require path planning
[202], bimanually manipulating the hole and peg in the same time [203, 204], multi-stage insertion of
vertically complex pegs (e.g., L-shape) [83], inserting into a deformable hole [205], reverse insertion
(ring-on-pole) [125], and bolt threading [186]. The task varieties add new challenges such as synchro-
nization between manipulators, added degrees of freedom, added constraints such as obstacles, multi-
stage task solving and more complex dynamics.

Additionally, the disassembly tasks should be mentioned here. They invert the assembly task goal:
There is already an inserted piece that has to be removed such as extracting a tightly fit part [189],
sliding a bolt along a groove [188], or removing batteries [206]. The challenges of the disassembly tasks
are similar to constrained object manipulation tasks such as opening a door or a drawer (Sec. 3.2.3).
However, disassembly presents tighter constraints that may easily lead to jamming.

3.2.2 Surface Interaction

tasks require a continuous purposeful interaction with a physical surface. This problem is important to
achieve both autonomous manipulation tasks that are hazardous for humans such as sanding [207], and
daily living activities in human spaces such as cleaning a table [208] or stirring a porridge [183]. These
tasks usually require keeping a stable contact with the surface and applying consistent force while also
following a desired trajectory. Maintaining a precise force and velocity profile enables the consistent
quality of results. The problem is made more challenging by varying the surface curvature [33, 138]
or tracking complex motion trajectories [209]. The robot may be equipped with a power tool such as a
polisher that causes significant vibrations [210].
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The goal of the surface interaction tasks is to achieve a change on the surface. We observe these tasks
under 3 categories: 1. Surface altering tasks that change the surface geometry by removing material, such
as grinding and sanding [33, 207]; 2. surface non-altering tasks that do not cause a physical change in the
surface, such as wiping and polishing [132, 211]; 3. particle interaction tasks that go beyond the surface
and move particles, such as scooping a soft tissue [191] or stirring a granular medium [182, 183]. These
tasks may require intricate 6-dof maneuvers and high force to move through or process the particles
[203]. In case of deformable objects [212], surface altering is easily achieved and revertible; in case of
elastic objects such as a sponge [213], shape deformation is temporal and naturally reversed. Massaging
is a special surface interaction task that is challenging due to involving a human, thus the safety concerns
are more critical [214]. Interaction with deformable surfaces is an under-explored area, attracting more
contributions.

We also identify the surface exploration tasks as a type of surface non-altering tasks that are less
explored in the literature. In these works, the touch is fundamental to facilitate navigation and direct
the agent towards the goal, such as in blind maze exploration [6, 215]. These tasks are similar to other
surface interaction tasks as the interaction is usually non-prehensile and continuous, however, the goal
of these tasks is not manipulating the surface, but navigating or following a trajectory [216].

Surface interaction tasks are different than the object manipulation tasks as the target object is not
expected to move. On the contrary, it is desired to keep the object stable while achieving the surface in-
teraction. The object of these tasks are usually physically constrained, however, wiping the surface of an
unconstrained object, such as a vase, requires bimanual coordination to keep it stable during interaction
[176].

3.2.3 Object Manipulation

tasks involve long-term and dynamic contacts with an object. Usually, the object constitutes the target
of the task, i.e., it is manipulated. However, it is also possible that the object is grasped by the robot and
used as a tool in a physical interaction task [217]. The tool can be used to indirectly achieve a surface
interaction, insertion or other contact-rich tasks.

The object manipulation tasks are commonly categorized as prehensile and non-prehensile. The
former requires grasping an object, while the latter interacts with the object without holding it, such as
pushing [202, 218], sliding [219] and pivoting [220]. Non-prehensile tasks can be done with a simpler
manipulator that maintains a single contact with the object, however, they also have a limited control
over the object motion. Consequently, the safety of these tasks depend on the motion of the object
in challenging environmental conditions: [202] evaluate their method in cluttered environments where
collisions are frequent and the object should be moved through narrow paths; the experiments of [218]
involve pushing the object through a narrow gap where the object orientation becomes important, or
through a bridge with the risk of the object falling. On the other hand, prehensile tasks require at least two
contacts with the object to maintain a grasp. Simple grippers can tightly grasp an object, however they
do not allow complex object manipulations, thus they are limited to pick-and-place or tool-use tasks. In
contrast, bimanual manipulation is done through two high-DoF manipulators, and it can achieve complex
interactions with the object such as lifting, pushing, flipping and rotating [113, 221]. Safe bimanual
manipulation requires maintaining safe levels of contact forces without dropping the object, in addition
to the workspace and motion limits [113]. Multi-fingered hands allow high manipulability of the object
with increased control complexity. For a detailed review on dexterous hand manipulation we direct the
reader to another survey [28].

The object manipulation tasks can be further categorized w.r.t. the nature of the object, such as
constrained, articulated, and deformable. Constrained object manipulation tasks, such as opening a door
or a drawer, impose strict kinematic constraints on the object motion [222]. These constraints may lead
to high levels of force, if not handled with compliant and adaptive behavior [179]. Objects like a door,
drawer or lever are also termed articulated objects [223]. Disassembly tasks (Sec. 3.2.1) are challenging
examples of constrained object manipulation. Deformable object manipulation is an under-explored
research problem that is challenging due to the sensing and modeling complexities [212].
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3.2.4 Physical HRI

tasks involve physical contact with humans [64], unlike the human-robot coexistence tasks, where avoid-
ing the human is the main goal of the safety method [68]. pHRI tasks are challenging because of the
increased criticality of human safety and the added uncertainty due to the human actor. Thus, the meth-
ods should estimate the human behavior and accommodate the uncertainty [2]. In traditional pHRI, the
robot assumes the passive role, and follows the human intention through compliance control. A special
case of this is a robot interacting with both the human and the environment, as in [224], where the human
guides the robot while it interacts with a surface. In [225], the robot can switch between human-guided
and autonomous in-contact manipulation modes to adapt its impedance characteristics.

The safety-critical contact-rich interactions between an active robot and human fit better to our scope.
In prominent scenarios, the robot touches the human while the human takes a passive role, such as
dressing [69] and bathing assistance [116], ultrasound scanning [226], and massaging [35, 214]. When
the robot is physically coupled with the human, such as the rehabilitation robotics, the controller should
estimate the human impedance parameters to ensure stability [120].

Crucially, the notion of safety expands with the inclusion of a human. For example, [116] limit the
vision system to a LIDAR during bathing assistance for ethical considerations. Human perceived safety
also becomes important for the trustworthy and socially acceptable interactions [227].

3.3 Sensing and Policy Modalities

In contact-rich manipulation, the choice of policy input has a direct impact on safety. The controller must
detect the onset and evolution of contact, respect safety constraints such as joint/torque limits, admissible
contact forces and friction cones, and remain robust to modelling errors and partial observability. To this
end, modern safe learning pipelines leverage a spectrum of sensing modalities, ranging from purely
proprioceptive state, through force/torque and high-bandwidth vision, to rich multimodal and language-
conditioned inputs. Table 1 summarizes the dominant input types and how they are typically exploited
for safety.

3.3.1 Pose and Proprioceptive State

Several works rely predominantly on proprioceptive and kinematic state, i.e., joint configurations, end-
effector poses and their derivatives, sometimes augmented with a few task-level geometric variables,
while omitting explicit force/torque (F/T) signals from the policy input. In these settings, safety emerges
from conservative motion generation, collision-aware planning and geometric reasoning about contact,
often supported by explicit constraints, recovery sets or safety-oriented value functions [40, 57, 60, 83,
113, 199, 202, 228-230, 232].

A first group of approaches couples a compact state representation (pose and velocity) with an ex-
plicit description of goals and safety constraints, and then uses model-predictive or safe-RL updates to
keep trajectories inside a certified safe set. The policy or controller observes the current system state
together with reference poses and bounds on states and inputs, sometimes augmented with uncertainty
estimates, safety penalties or human-provided safety signals [57, 68, 113, 229, 230, 232, 270]. Because
distances to constraint boundaries are part of the observation, the algorithm can reason explicitly about
safety margins without having to infer risk from raw contact forces, e.g. tightening constraints near
obstacles, slowing down near joint limits, or triggering backup controllers when the state approaches a
learned unsafe region.

A second family of methods organises behaviour around pose-based skills or motion primitives.
Here, the observation typically consists of robot joint or end-effector states together with task-relevant
geometric features, such as relative part poses or planner-generated waypoints, while the policy outputs
bounded pose increments or selects from a library of safe trajectories [83, 199, 202, 228]. Motion-
planner-augmented RL and planner or demonstration-driven frameworks exemplify this pattern. The
learned policy reasons over kinematic state and high-level task features, whereas collision-free paths
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Table 1: Sensing and policy modalities

Dominant modality | Typical safety leverage

References

Proprioceptive and
kinematic state

Contact reasoning from
joint configurations and

[57, 83, 199, 202, 216, 219, 228-232]

only end effector pose;
conservative motion
generation

Force/torque Real-time enforcement of | [34, 35, 39,47, 69, 112, 114, 126, 128, 131, 132,
force and impedance 138, 139, 176, 179, 182, 186, 188, 193, 197, 200,
limits, slip detection, 201, 203, 208, 211, 213, 214, 218, 223-226, 233—
compliant correction of 262]
model error

Vision Contact evaluation, [25, 39, 40, 60, 68, 69, 113, 116, 131, 138, 176,

localizing task features,
and supplying global

179, 188, 193, 195, 198, 203, 207, 209, 218, 233,
234,237,238, 249, 260, 262-266]

context that force sensors
cannot provide

Natural-language Large multimodal models | [25, 70, 237, 267]

instruction interpret a human’s
insturction and then
check internal low-level
safety
Tactile High-resolution contact [187, 222, 268, 269]

localization, pressure
distribution monitoring,
and incipient slip
detection

Multimodal fusion [25, 39, 69, 131, 138, 176, 179, 188, 193, 203, 218,

233,234, 237, 238, 249, 260, 262, 268, 269]

Enables high precision
under occlusion

and smooth accelerations are enforced by a downstream planner or stabilising controller. Safety is thus
embedded in the way pose sub-goals are parameterised and filtered, ensuring that abrupt or large dis-
placements are routed through a geometry-aware planning layer.

Pose-dominant observations are also used when exteroceptive information is represented directly
in configuration space rather than as raw pixels. Benchmark interaction tasks encode the positions of
pucks, tools or human partners as Cartesian poses, combined with the robots own pose and velocity, so
that learning algorithms can enforce distance-based constraints, safety fields around humans, or recovery
zones in a low-dimensional geometric space [40, 60, 271]. Even in visuomotor settings where images are
available, the safety shaping is often defined over the proprioceptive and pose coordinates through joint
limits, collision distances or certified invariant sets, while the visual input mainly serves to infer these
geometric quantities or to disambiguate task context [202, 209, 260, 263, 265]. Compared with force-
centric designs, such pose-based formulations trade direct measurement of contact forces for simpler,
more structured safety reasoning in configuration space, and are particularly attractive when high-quality
kinematic models and planners are available.

3.3.2 Force and Torque Sensing

For many contact-rich tasks, especially those involving insertion, surface following, or physical human-
robot interaction, F/T measurements at the wrist or fingers act as the primary safety interface. Policies
typically observe these signals together with joint and end-effector state and use them to cap contact
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loads, detect slip or jamming, and adapt impedance so that tracking performance is achieved without
violating force or pressure limits [114, 138, 233, 235]. In contrast to purely kinematic designs, such
formulations expose safety-relevant quantities directly in the observation, which allows controllers to
react immediately to unsafe contact events in assembly, surface interaction, and terrain-contact scenarios
[35, 131, 139, 242].

A large family of methods couples F/T sensing with variable impedance or admittance control. The
policy input in these works typically concatenates joint or end-effector pose and velocity with mea-
sured interaction forces/torques, and sometimes task descriptors such as surface or tissue properties,
environment stiffness, or task phase [35, 138, 139, 214]. The action space is parameterized in terms
of stiffness, damping, or target forces, and safety is enforced by bounding these impedance param-
eters, shaping them over time, or embedding stability and performance objectives into the learning
problem [114, 239, 244, 257]. This pattern appears across industrial assembly and sanding, massage
and rehabilitation, and sliding or surface following tasks, where the policy learns to reshape compli-
ance in response to the measured wrench so that interaction forces remain within prescribed envelopes
[131, 242, 250, 268]. Some approaches further introduce latent policy classes or structured action spaces
over impedance parameters, which makes it easier to impose smoothness and magnitude limits on the
learned stiffness and damping profiles [225, 233, 243, 253].

F/T signals are also combined with explicit safety margins, constraints or stability certificates derived
from control theory. In this line of work, the observation space does not stop at raw wrench measure-
ments and state. Controllers additionally receive features derived from Lyapunov functions, control
barrier functions, passivity errors or other safety indicators that are computed using the measured forces
and state trajectories [47, 112, 225, 226]. Learning algorithms then operate directly on these structured
safety variables, for example by penalizing trajectories that approach constraint boundaries, adjusting
admittance or impedance gains when passivity residuals grow, or biasing exploration away from regions
with high estimated risk [68, 213, 242, 258]. This idea extends naturally to uncertainty-aware formula-
tions, where system state, force/torque and uncertainty estimates are combined, and the policy is trained
to remain robustly within contact-safe sets despite modelling errors and partial observability [182, 246].

In physical humanrobot interaction and teleoperation, F/T channels additionally encode human intent
and comfort. Many frameworks treat human-applied forces at the end-effector, interaction torques, or
teleoperated wrenches as part of the policy input together with robot joint or end-effector state and task
phase [120, 224, 236, 245]. These signals are interpreted either as demonstrations of desired compli-
ant behaviour or as instantaneous preferences over interaction forces, and are used to adapt impedance
online, to learn tele-impedance mappings, or to construct task-oriented safety fields around the human
partner [64, 237, 250, 255]. Safety here is twofold: the robot must both respect human-specified force
envelopes and ensure that the resulting closed-loop behaviour remains stable under changing human
dynamics.

Another recurrent pattern is to use F/T sensing for contact-state estimation, search, and long-horizon
assembly. In such settings, policies augment pose and geometry with force histories, contact-state labels,
or belief maps over likely contact locations [128, 223, 234, 240]. Contact cues extracted from wrench
measurements, such as contact onset, sticking versus sliding, or successful insertion, are then used to
gate skills, switch admittance gains, or trigger recovery behaviours when jamming or misalignment
is detected [47, 139, 201, 241]. Active-search methods in particular combine end-effector pose and
force/torque with Bayesian belief updates and safety features, enabling the robot to probe cautiously,
back off when measured forces exceed certified bounds, and refine subsequent search motions while
remaining within safe contact regions [211, 226, 246, 256]. Compared with vision-only pipelines, these
force-centric designs provide a direct window into the quality of contact, enabling safer behaviour under
occlusion, poor lighting, or inaccurate geometric models.

Even when richer sensory modalities such as vision or tactile arrays are available, force/torque re-
mains a core channel through which safety is enforced. Multimodal policies often use vision primarily to
infer geometry and high-level task context, while relying on force/torque and proprioception to regulate
local interaction [69, 203, 204, 218]. End-to-end sensorimotor models that consume images, joint state
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and force/torque typically define safety shaping, through penalties, auxiliary critics or recovery policies,
over wrench and configuration features rather than pixels, underscoring that F/T sensing is the main
substrate on which safe contact behaviour is learned and executed [39, 241, 260].

3.3.3 Vision Sensing

Vision is widely used to provide non-contact, global information about objects, surfaces and humans
that is difficult or impossible to infer from proprioception and force alone. Depending on the camera
placement, visual inputs range from birds-eye or third-person views that cover the entire workspace,
through fixed eye-to-hand cameras that monitor a local cell, to wrist- or eye-in-hand cameras that track
the interaction region from the robots point of view [68, 116, 179, 188, 234, 237, 263, 266]. Across
these configurations, safety is enhanced in two complementary ways: by anticipating future contact
and potential collisions based on scene geometry, and by monitoring the evolution of interaction in the
immediate vicinity of the end-effector.

Global and external viewpoints are typically used to capture task geometry, object and fastener poses,
and human motion. Assembly and disassembly systems exploit RGB or RGB-D images, often converted
into scene graphs or object pose estimates, alongside joint and end-effector state to ensure that motion
plans respect part tolerances and obstacle constraints before contact is made [179, 188, 193, 260, 262].
Surface-interaction and bathing applications reconstruct patient or workpiece shape from point clouds
or depth maps and use this geometry, together with robot pose, to generate reference paths that avoid
sharp curvature and maintain safe approach angles during contact [116, 131, 138, 233]. In humanrobot
collaboration, visual tracking of human pose or trajectories is fused with robot state and sometimes
interaction forces to construct task-oriented safety fields around the person. These fields enter the policy
input as spatial risk maps that reshape robot motion to avoid unsafe proximity or contact [68, 237]. Pixel-
based safe RL and visuomotor world models further push this idea by using raw images as the primary
observation, with safety-aware critics or constraint penalties guiding behaviour toward image regions
that correspond to safe configurations [60, 113, 263, 266].

Local eye-in-hand or wrist-mounted cameras provide a complementary, close-range view that is par-
ticularly valuable in contact-rich tasks where the relative pose between tool and environment must be
controlled with high precision. Insertion and fastening pipelines use visual estimates of peghole or ob-
jectfixture pose from such cameras as part of the policy input, so that approach and alignment motions
are corrected before large contact forces occur [195, 198, 234, 264]. Diffusion-based compliance poli-
cies and force-constrained dressing controllers condition on sequences of RGB or RGB-D images from
wrist or nearby cameras, together with end-effector poses, to predict how candidate motions will influ-
ence contact geometry and thereby avoid unsafe configurations [69, 176, 203]. In variable-impedance
manipulation with image-conditioned action spaces, multiple RGB views of the workspace are combined
with end-effector pose and velocity, so that the controller can adapt stiffness and damping not only to
measured forces but also to visually perceived contact conditions, occlusions and environmental changes
[39, 207, 209].

A prominent trend is to fuse visual information with haptic and proprioceptive sensing in a joint rep-
resentation that directly feeds safety-aware policies. Visualhaptic variable impedance controllers com-
bine latent visual features extracted from RGB images with force/torque or tactile readings and robot
state, enabling the policy to reason simultaneously about global geometry and local contact quality when
selecting compliant actions [204, 222]. Dressing and bathing systems integrate segmented point clouds
or image-based features with end-effector force histories and candidate motions, using learned dynamics
or prediction models to filter out actions whose predicted contact forces exceed task-dependent thresh-
olds [69, 116, 203]. In furniture assembly and other complex contact-rich tasks, multimodal context
sequences concatenate proprioceptive vectors, RGB observations and high-resolution tactile readings,
allowing residual policies or skill-transfer mechanisms to refine motion precisely at the moment of con-
tact while keeping interaction forces within safe ranges [187, 272, 273]. Recurrent or belief-state ar-
chitectures extend this idea by maintaining a latent estimate of the scene and contact state under partial
observability, with both vision and force/torque streams contributing to belief updates and safety-aware
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action selection [39, 218].

Finally, several frameworks place visual perception within larger safety-aware learning stacks that
combine high-level reasoning with low-level control. Safety-aware unsupervised skill discovery and
recovery-based RL methods treat vision as part of the state used to infer which regions of the environ-
ment are safe to explore, and to learn recovery zones or backup skills that can be invoked when the
system approaches unsafe visual configurations [60, 113, 218]. Visionlanguageaction models extend this
further by taking images alongside natural-language instructions and past interaction histories, and by
incorporating safety feedback into the training objective so that the resulting policies can interpret hu-
man intent while avoiding visually grounded unsafe behaviours [25]. Overall, these works highlight that
visual inputs, whether global or hand-centric and whether raw pixels or structured geometry, play a cen-
tral role in making safety-relevant aspects of the environment explicit to the policy, so that contact-rich
behaviour can be regulated proactively rather than reactively.

3.3.4 Language Instructions

Natural language is increasingly used as a high-level input channel through which humans specify tasks,
constraints and preferences, while lower-level controllers remain responsible for enforcing physical
safety during execution. Instead of hard-coding task objectives in cost functions or reward weights,
these approaches let users describe what the robot should do, and often how cautiously it should be-
have, in free-form [274], which is then grounded into symbolic plans, motion goals or policy parameters
[25, 70, 267]. From the perspective of safety inputs, language thus complements geometric and haptic
signals by exposing human intent and safety requirements explicitly at the policy interface.

One line of work couples language with visual and proprioceptive observations in large VLA archi-
tectures. In such systems, camera images and robot state are processed jointly with a natural-language
instruction to produce either low-level actions or intermediate code that can be executed by downstream
controllers [25, 267]. Safety is then imposed at two levels: the model is aligned to avoid generating
obviously harmful plans, and the generated code or action sequences are checked against constraint sets
or safety filters before deployment [25, 267]. Compared to purely numeric task encodings, this design al-
lows the same sensorimotor stack to be reused across tasks, while safety-relevant differences are captured
in the language input rather than in separate controllers.

Another set of approaches emphasizes preference-driven interaction. Here, users do not only issue
initial instructions, but also provide follow-up signals indicating whether a behaviour is safe, comfort-
able, or acceptable, and these signals are incorporated into the learning objective or alignment procedure
[25, 270]. Text-conditioned models, for instance, may take as input a description of the desired interac-
tion style together with histories of states, actions and safety feedback, and are trained to predict actions
that satisfy both task and safety preferences [25, 70]. Human-centered safe RL frameworks complement
this by treating human feedback as an additional observation channel that shapes the policy toward be-
haviours that humans deem safe, even when those behaviours are not easily captured by simple numerical
constraints [270].

Across these works, language does not replace low-level safety mechanisms such as force limits,
control barrier functions or conservative exploration. Rather, it provides a flexible interface for specifying
and updating what safe means in a given context. High-level instructions determine which regions of the
state and action spaces are desirable or forbidden, while the underlying visuomotor and force-aware
controllers ensure that, once a plan is chosen, contact forces, distances and stability constraints remain
within acceptable bounds [25, 70, 267, 270]. As language models and alignment techniques improve,
this combination of linguistic intent with structured safety inputs offers a promising route to robots that
can be both responsive to human guidance and reliably safe in contact-rich environments.

3.3.5 Tactile Sensing

There exist many types of tactile sensors. In robot learning, the most widely used are vision-based tac-
tile sensors such as the GelSight family [275, 276], as well as low-cost, easily arrayable tactile sensor
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designs such as flexible tactile sensor array [277]. There has also been progress in vision-based tac-
tile sensors with task-adaptive geometries, such as hemispherical and finger-shaped designs [278-280].
High-resolution vision-based tactile sensing provides high-resolution, local information about contact
that complements global vision and low-dimensional F/T measurements. Rather than only measuring a
single wrench at the wrist, tactile skins and fingertip arrays reveal pressure distributions, shear and in-
cipient slip at the exact points of interaction, making it possible to detect unsafe contact patterns, such as
concentrated loads on corners or sliding on fragile surfaces, before they escalate into damage or failure
[187,204, 268]. For safe learning, these rich contact cues are typically fed directly into the policy along-
side proprioceptive state, so that both exploration and execution can be guided away from behaviours
that produce sharp spikes or unstable contact transitions [268, 269].

One group of methods uses tactile arrays as the main channel for encoding task success and safe
contact configurations. In furniture assembly, for example, tactile ensembles distributed across fingers or
grippers are used to characterise how surfaces, edges and fasteners behaviors during successful insertions
or alignments. Policies are then trained to reproduce these tactile signatures while avoiding contact pat-
terns associated with jamming or over-tightening [187]. Gentle manipulation frameworks similarly treat
touch as the primary feedback for regulating interaction intensity. Policies observe proprioception and
tactile events, and are rewarded for acquiring task-relevant information while keeping per-taxel pressures
and impact magnitudes low, which naturally steers exploration toward soft, sliding contacts rather than
hard impacts [269]. In both cases, safety is not an external constraint but an emergent property of how
tactile patterns are encoded in the observation and reward.

Tactile sensing also plays a key role in variable-impedance control for contact-rich motion along
surfaces. In aerial or lightweight manipulators that slide along uneven terrain or structural elements, the
policy often receives only proprioceptive state and tactile readings, without full F/T information at the
base [268]. The tactile stream indicates whether contact is lost, sticking, or concentrated on an unsafe
subset of the surface, while the proprioceptive state captures global motion. Variable-impedance updates
are then conditioned on these signals, increasing stiffness to maintain stable contact when support is
good, and softening or backing off when tactile cues reveal high local pressure or impending slip [268].
This coupling allows robots with limited payload and sensing to exploit contact safely, even when the
exact environment model is unknown.

A further set of approaches embeds tactile input within multimodal visualhapticproprioceptive rep-
resentations. Hierarchical variable-impedance controllers, for instance, build high-level policies on vi-
sual features that capture object pose and scene layout, while lower-level modules refine actions using
haptic channels that may include both force/torque and tactile measurements [204]. In such designs,
vision plans where and when contact should occur, while tactile feedback confirms whether contact is
distributed and stable in the way the planner expects. More recent multimodal RL systems explicitly
combine visual observations, tactile signals and joint state into a shared latent space, and train adaptive
policies that allocate different roles to each modality. Vision is used to anticipate geometric constraints,
tactile cues to detect unsafe local pressure or slip, and proprioception to enforce kinodynamic limits
[222]. By tying safety-related decisions to tactile cues rather than to coarse force thresholds alone, these
methods achieve more nuanced and robust protection for delicate objects, complex assemblies and hu-
man collaborators.

3.4 Data Acquisition

Data acquisition plays a foundational role in safe learning for contact-rich manipulation. The quality, di-
versity, and safety-relevance of the data directly influence the performance and generalizability of learned
policies, especially in scenarios involving unpredictable contacts or constrained physical interaction. In
this section, we discuss three key paradigms in data acquisition: (i) simulation-based data generation, (ii)
real-world data collection, and (iii) hybrid and self-supervised data acquisition.

Data matters for policy learning, especially for a safe policy where negative samples play a significant
role in training the agent to be aware of what unsafe scenarios are. However, acquiring such data is
time-consuming and labor-intensive. Crucially, unlike the vast text and image corpora scraped from
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Figure 4: Data pyramid for safe policy learning in contact-rich manipulation. The pyramid is organized into
three layers according to physical fidelity and safety relevance. (1) Real-world data: includes task execution logs,
high-frequency proprioception (joint states, velocities, tactile and force—torque sensing ), contact-rich interaction
episodes, and safe and unsafe or failure cases, which provide the most direct evidence about real physical contacts
and safety-critical events. (2) Simulation: includes domain randomization (dynamics, appearance, noise), ground-
truth physical quantities (forces, poses, contacts), physics engines (MuJoCo, PyBullet, Isaac Lab), procedural
scene and task generation, and residual or learned dynamics models with sim-to-real adaptation, enabling large-
scale exploration of contact scenarios under controllable yet imperfect dynamics. (3) Internet and shared datasets:
includes web-scale language corpora (LLM data), generic vision datasets (web images and videos), large-scale
robot logs with weak contact labels, manipulation datasets with limited contact or safety labels, and task-specific
real-robot benchmarks with small scale, which are abundant but only indirectly capture contact-rich and safety-
critical phenomena.

the Internet to train LLMs and VLAs, physical interaction data, specifically high-fidelity contact forces,
torques, and safety-critical failure modes, cannot be obtained from the web. This scarcity of contact
data in foundation models creates a significant gap in their ability to reason about physical dynamics
and safety. Consequently, physical data collection remains inevitable and irreplaceable for contact-rich
tasks, despite efforts to leverage simulation and internet-scale proxies. As shown in the data pyramid
Fig.4, real-world contact data sits at the apexscarce but essential. And in Fig.4 we retain only the most
representative concepts in each layer to highlight the progression rather than exhaustively listing all
sources. Within each layer, the listed keywords are ordered by increasing contact fidelity and safety
relevance: for real-world data, from generic task execution logs to explicit safety and failure cases; for
simulation, from generic randomized environments to simulation elements that most directly support
sim-to-real transfer; and for internet and shared datasets, from general web-scale corpora to task-specific
real-robot benchmarks.

3.4.1 Simulation-Based Data Generation

Simulated environments provide a safe, scalable, and cost-effective way to generate large volumes of
data for contact-rich tasks without risking damage to hardware or fixtures. Physics engines such as
MuJoCo [281], MuJoCo Playground [282], PyBullet [283], and Isaac Gym [284] enable learning-based
agents to interact with objects under diverse contact conditions, often with ground-truth access to forces,

22



velocities, object poses, and other latent quantities that are difficult or expensive to measure on real
systems. These simulators support large-scale parallel rollout, accelerating the training of data-hungry
methods such as deep RL and imitation learning for contact-rich manipulation.

To improve generalization and robustness, domain randomization and procedural scene generation
are widely used to expose policies to variations in geometry, mass, friction, sensor noise, and task
parameters, which is crucial for sim-to-real transfer in assembly, insertion, and other tight-tolerance
tasks [220, 241, 285]. Recent work further combines high-fidelity rendering and physics to generate
multimodal datasets (vision, force/torque, tactile) that can be used to train VLM/VLA-style models and
other foundation models for contact-rich robotics.

However, simulations still suffer from a pronounced reality gap, particularly for phenomena such as
material deformation, frictional sticking and sliding, small-clearance contacts, and compliant or flexible
components, which can lead to significant discrepancies in policy behavior when transferred to real
hardware. To mitigate this, recent approaches incorporate learned residual models, online adaptation,
or human-in-the-loop corrections on top of simulation-trained policies, for example by learning residual
compliance parameters or gated residual policies that refine the base controller in the real world [286,
287]. Together, these trends point toward hybrid pipelines in which accurate simulation, structured
domain randomization, and residual or adaptive components jointly address the sim-to-real challenges
of safe contact-rich manipulation.

3.4.2 Real-World Data Collection

Real-world data collection remains a cornerstone of safe learning, as it captures the complexities and
uncertainties of physical interactions that simulations may not fully replicate. This involves deploying
robots in controlled environments or real-world settings to gather data on contact forces, object dynamics,
and task performance under various conditions. However, collecting high-quality data in the real world is
often time-consuming, expensive, and potentially unsafe, especially in contact-rich tasks where excessive
forces or unexpected contacts can damage hardware or pose safety risks to humans. To address these
challenges, researchers often employ techniques such as teleoperation, where human operators guide the
robot through tasks while collecting data on safe and unsafe interactions [288, 289]. Additionally, safety
constraints can be integrated into the data collection process, ensuring that the robot operates within
predefined limits to avoid damaging itself or its environment [116, 238]. Furthermore, real-world data
can be augmented with simulation data through techniques like domain adaptation or transfer learning,
allowing policies trained in simulation to be fine-tuned on real-world data [6, 290].

Table 2: Simulators used in contact-rich tasks for learning-based methods

Simulators Deformable | GPU Tasks References
MulJoCo v X Manipulation, Locomotion [6]
MuJoCo XLA/MIJX v v Manipulation, Locomotion [6]
Genesis v v Soft-body, Articulated [291]
PyBullet v X Manipulation, Grasping [288, 289]
Isaac Gym v v RL Training, Manipulation [284]
Isaac Sim v v Photorealistic, Digital Twin | [290, 292]
Isaac Lab v v Robot learning [293]
Orbit v v Interactive Robot Learning [294]
Drake X X Model-based Control [295]
Factory X v RL, Assembly [296]

3.4.3 Hybrid and Self-Supervised Data Acquisition

Hybrid approaches combine simulation and real-world data to leverage the strengths of both modali-
ties. By pre-training policies in simulation and then fine-tuning them on real-world data, researchers can
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Table 3: Benchmarks used in contact-rich tasks

Benchmarks Scalable | Deformable | GPU Tasks References
RoboVerse v v v Manipulation, RL Benchmarks [76]
RoboCasa v v v Household Tasks, Manipulation [297]
RoboSuite v v v Manipulation, RL Benchmarks [298]
ManiSkill v v v Manipulation, RL Benchmarks | [299, 300]
Meta-World v X v Manipulation, RL Benchmarks [301]
OpenAl Gym v X v RL Benchmarks, Manipulation [302]
RLBench v X v Manipulation, RL Benchmarks [303]
Stable Baselines v X v RL Benchmarks, Manipulation [89]
Gymnasium v X v RL Benchmarks, Manipulation [88]
Safety Gymnasium v X v Safety in RL, Manipulation [48]
Robust gymnasium v X v Safety in RL, Robotics [77]
Safe-Control-Gym v X v Safety in RL, Control [46]

achieve better generalization and robustness in contact-rich tasks. This approach allows for the efficient
exploration of a wide range of scenarios in simulation while still adapting to the nuances of real-world
interactions [290]. Self-supervised learning techniques can also be employed to generate additional train-
ing signals from the robot’s own interactions, allowing it to learn from its experiences without requiring
extensive labeled data [6]. For example, robots can learn to predict future states or contact forces based
on their own sensory inputs, creating a form of intrinsic motivation that drives exploration and learning
in contact-rich environments [6]. These hybrid and self-supervised approaches can help bridge the real-
ity gap and improve the robustness of learned policies in contact-rich tasks, enabling them to generalize
better to real-world scenarios. By combining simulated and real-world data, researchers can create more
comprehensive training datasets that capture a wider range of contact scenarios, leading to safer and
more effective policies for robotic manipulation. For instance, researchers may pre-train policies in sim-
ulation and then fine-tune them on real-world data, or use simulated data to augment limited real-world
datasets [290]. Self-supervised learning techniques can also be employed to generate additional training
signals from the robot’s own interactions, allowing it to learn from its experiences without requiring ex-
tensive labeled data [6]. These approaches can help bridge the reality gap and improve the robustness of
learned policies in contact-rich tasks, enabling them to generalize better to real-world scenarios.

3.5 Simulation Environment and Benchmarks

Simulation plays a critical role in the development and evaluation of safe learning algorithms for contact-
rich robotic tasks. These tasks often involve complex dynamics, high-dimensional state spaces, and the
potential for hardware damage, making direct deployment on real robots risky and costly during early
stages of learning. Simulated environments provide a safe, controllable, and repeatable platform to test
algorithms, enabling rapid iteration and the generation of large-scale data without physical wear. [304]
Moreover, standardized benchmarks enable consistent comparison across different approaches, thereby

fostering reproducibility and progress in the field. By utilizing well-defined simulation platforms and
task suites, researchers can more effectively assess safety, generalization, and performance under varied
conditions before transitioning to real-world applications.

3.5.1 Simulation Environment

We group commonly used tools into a richer taxonomy reflecting the physics core, parallelism, sensing
realism, and intended evaluation protocols. We highlight the perspective of contact-rich tasks in this
survey, readers can find more comparative details in [290].

General robotics simulators (ROS-ready). Gazebo [199, 251, 268, 272, 305, 306], Webots [260], Cop-
peliaSim [307], and Drake [217] emphasize sensor realism (RGB-D/LiDAR), ROS control, and plugins
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for actuation/perception. They suit closed-loop, system-level validation, including safety monitors.
Rigid-body dynamics engines. CPU engines such as DART (via robot_dart) [308] emphasize accu-
rate contact, joint limits, and articulated constraints. PyBullet [61, 285, 309-313] remains a widely
used open-source engine with strong community support. MuJoCo, one of the most popular simulators
for contact-rich tasks, is known for its inherent contact modeling and fast simulation speed. It pow-
ers standard benchmarks such as RoboSuite [314] and Safety Gym [315], and is extensively used in
contact-rich manipulation tasks including insertion [129, 195, 197], assembly [127, 202], and surface in-
teraction [132, 175]. Furthermore, it supports research in safe exploration and control [47, 55, 60, 266],
as well as data collection and skill learning [238, 241, 253, 256, 316]. It is also widely adopted in non-
prehensile and articulated object manipulation [218-220, 223], dynamic and locomotion tasks [39, 231],
and complex media interaction [182, 269]. Additional applications span diverse contact-rich scenarios
[317-332].

GPU engines leverage massive parallelism to accelerate data collection for RL. The Isaac ecosystem
is widely adopted, including Isaac Gym and Isaac Sim, along with their modular frameworks like Factory
[296], Orbit [294], Isaac Lab [293], and RoboVerse [76]. These platforms support large-scale training
for contact-rich tasks [113, 186, 333-336]. Recently, MuJoCo MJX [282] has also introduced GPU-
accelerated physics to the MuJoCo ecosystem.

Domain-specific environments. support safety-critical perception/planning; Assistive Gym [309] fo-
cuses on assistive scenarios. Box2D [337] remains useful for 2D contact/control prototyping.
Interfaces and experiment factories. OpenAl Gym-style wrappers [312, 338] standardize observa-
tion/action APIs across engines and tasks; SAI 2.0 [339, 340] and related stacks provide perception-
control scaffolding for contact-rich tasks.

3.5.2 Benchmarks

Standardized benchmarks are essential for quantifying progress in safety, generalization, and contact
robustness. We categorize them into general manipulation suites, contact-intensive benchmarks, and
safety-specific environments.

General manipulation suites. RoboSuite [314] standardizes robot models and canonical tasks (inser-
tion, door opening), serving as a primary testbed for modular design. Meta-World [301] and RLBench
[303] offer multi-task breadth, though often with simplified contact physics. Recently, RoboVerse [76]
and RoboCasa [297] have scaled these to large-scale, scene-level manipulation tasks using foundation
models.

Contact-intensive and generalizable benchmarks. To address the reality gap in contact physics, Man-
iSkill [299] and ManiSKkill2 [300] feature diverse articulated objects and high-fidelity physics for learn-
ing generalizable policies. Factory [296] provides physically accurate assembly tasks (nut-bolt thread-
ing) specifically designed for testing contact-rich policies in Isaac Gym.

Safety-oriented benchmarks. Safety Gym and its successor Safety Gymnasium [48, 315] are the de
facto standards for safe RL, defining constrained navigation and manipulation tasks with hazard maps
and cost signals. Beyond penalty-based safety, Safe-Control-Gym [46] integrates control-theoretic con-
straints (symbolic priors, partial observability) for evaluating certified safety methods. Robust Gymna-
sium [77] specifically targets safety under distributional shifts and adversarial disturbances, critical for
robust sim-to-real transfer.

3.6 Safety Evaluation Metrics

Safe learning works differ from traditional learning works in their primary goals. Traditionally, the
learned models are evaluated for their predictive performance or their task completion success. Some
works also focus on the efficiency of the learning system and generalization to novel situations. Although
the safe learning works are still concerned with these metrics, they add new ones related to safety, such as
a statistic of constraint violations or a cost value. In the case of contact-rich problems, the safety metrics
are usually related to the contact forces.
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Figure 5: The metrics in the contact-rich safe learning literature can be categorized according to their objectives:
Safety, task and efficiency. There are trade-offs between these objectives. The researchers aim to develop safe
systems with a good trade-off for task success and efficiency. Some metrics, such as force, velocity and energy
serve to measure multiple objectives.

In the following, we present and categorize the evaluation metrics used by the relevant works scanned
in our survey. We present the prominent metrics as categorized according to their goals in Fig. 5. The
identified metrics aim to measure the safety, task (success) and efficiency objectives.

3.6.1 Safety, Efficiency and Task Objectives

Safety is usually assessed through the violation of predefined constraints [236, 263] or the value of a cost
function [266]. In physical interaction tasks, it is often quantified through physical metrics such as force,
acceleration and velocity [179, 213]. Control stability and human safety are important subcategories of
the safety objective. Stability can be measured by the convergence rate [57, 138] or the energy flow
of the system [79, 215, 341]. The human safety includes primarily the physical safety of the human in
direct contact tasks like massaging or bathing assistance [35, 116], however, perceived safety concepts
such as trust, predictability and comfort gain importance for the acceptance of robots in social spaces
[64]. A relevant work [69] evaluates the perceived safety through 7-point Likert survey in their dressing
assistance experiments.

The safety objective is the main topic of this survey, however, it cannot be considered in isolation
from the other criteria. The task objective is quantified by the frequency of achieving a success [218]
or the value of a task cost function (i.e., reward) [260]. In some works, the quality of a solution is
assessed by the progress of task completion ([69]: dressing rate, [57]: vegetable slicing progress), size
of the explored space [233], amount of produced output ([203]: ground fine powder), or the tracking
accuracy [116]. [188] defines an instability index to quantify the episode reward deviation between runs.
The efficiency objective is assessed by the energy consumption [222], and time requirements of the data
collection (e.g., teaching) [273], learning a model [202], task execution [234, 260], or computation of
an action or a plan [218, 237]. Since robot hardware is costly, reducing real-world trials by learning in
simulation is preferable [235].

3.6.2 Trade-off Between Objectives

The three objectives (Fig. 5) may conflict in many instances, thus the designers often analyze the trade-
off between these. The trade-off can be measured by a combined metric, such as the ratio of the safe
and successful experiments to constraint violating ones [6, 60]. A safety-efficiency reward function was
proposed by [264] to achieve a good trade-off. On the other hand, [236] and [263] compare the numbers
of successful and violating runs side-by-side instead of directly calculating a ratio between them.
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Figure 6: Three levels of result analyses: Global (high-level), variational (mid-level), and exemplar (low-level).

Machine learning metrics such as prediction accuracy has been used to measure task objectives,
however, it is also relevant in works that use learned models for safety-related predictions [57, 235]. Just
as the learning curves provide insights on the success and efficiency trade-off, some works present the
learning curves of success, violation and their ratio to portray the trade-off between the three objectives
during training [6, 60].

Although shifting the focus to safety can decrease the task performance or learning efficiency, these
objectives can be aligned in the case of physically interpretable metrics such as force and motion track-
ing errors, and energy consumption. Physically meaningful results such as the force-velocity behavior
can provide intuition towards the safety of the system [211, 233]. Tracking the target force without
large deviations in the Lyapunov-based boundaries directly translates to both the control stability and
task achievement quality [138]. On the other hand, learning energy-based stability from data directly
translates to energy efficiency in deployment [79].

3.6.3 Improved Evaluation

The safety aspect of a learning system can be further evaluated through added noise and disturbance.
[116] evaluates the convergence of their trajectory tracking controller under external disturbance. The
noise can be injected in observation-space [186, 218, 238] or action-space [188]. These tests help assess
the limitations and sensing requirements of the systems. [198] evaluate their system under uniformly
sampled simulation parameters, in addition to localization uncertainties. This allows demonstrating the
robustness and generalization capacity of the method.

Most of the metrics can be presented at different levels of detail. In Fig. 6, we define 3 levels of anal-
yses to establish a common understanding and encourage more insightful results: 1. global (high-level)
analyses present aggregated summary statistics such as the maximum force, total number of violations,
or mean (% variance) tracking error over many episodes. 2. variational (mid-level) analyses show the
trends of metrics among many episodes or seeds, such as a learning curve, a histogram of execution
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times, or a scatter plot of success ratio versus force violation. 3. exemplar (low-level) analyses present
descriptive case studies, often real-time measurements from a single episode, such as motion trajectories,
force measurements, or even multi-media material. Going downwards, the amount of detail and depth of
analysis increase; going upwards, the results get more general and memorable. Variational comparisons
allow a more in-depth analysis of the system behavior from temporal, spatial or multi-variate perspective.
Exemplar results can give valuable insights on why and how the method works, or when it fails, without
deriving general conclusions. We recommend providing analyses at all levels for a more comprehensive
communication of the results.

3.7 Safety Abstraction Level

In contact-rich robotic tasks, safety can be embedded at various abstraction levels in the system hier-
archy, ranging from high-level task planning to low-level control, and even spanning across end-to-end
learning architectures. Each level presents different trade-offs between interpretability, reactivity, and
generalizability. This section categorizes learning-based safety approaches by the level of abstraction at
which they operate and discusses their respective advantages, challenges, and applications.

3.7.1 High-Level Planning

At the high level, safety is typically encoded through symbolic reasoning, task graphs, or decision-
making policies that govern long-horizon behavior. Learning-based approaches at this level often involve
hierarchical reinforcement learning (HRL) [342, 343], safe policy search with task constraints [265, 308],
or logic-based planning augmented by learned models [344, 345]. In contact-rich settings, these methods
aim to avoid unsafe task sequences or infeasible contact configurations by reasoning over constraints such
as force thresholds, joint limits, or task success probabilities [346, 347].

For example, shielded planning mechanisms and arbitration graphs can learn to prune unsafe high-
level actions using safety classifiers or predictive models [348—350]. While such methods provide good
interpretability and modularity, they depend heavily on accurate abstractions and may suffer from limited
reactivity to unforeseen contact dynamics during execution. Temporal logic specifications have also been
integrated into diffusion-based planning to satisfy temporally-extended symbolic constraints [351].

Recently, the emergence of LLMs and VLMs has enabled advanced high-level planning capabili-
ties for robotic systems, including in contact-rich tasks. These models can interpret complex task in-
structions, reason about safety constraints from natural language or visual cues, and generate high-level
action sequences or code that proactively avoid unsafe situations [26, 267, 352, 353]. For example,
VLM-enhanced planners can leverage multimodal perception to identify hazardous regions or delicate
objects in the environment, integrating this information into symbolic task planning or policy genera-
tion [25, 70, 354, 355]. This allows robots to adapt their strategies dynamically, ensuring that safety
considerations are embedded from the outset of task execution.

3.7.2 Low-Level Control

Low-level safety control focuses on ensuring safe interactions at the actuation and feedback level. This
includes real-time enforcement of physical constraints such as force, torque, impedance, and stability,
which are especially critical in contact-rich scenarios. Learning-based methods here typically involve
adaptive impedance control, learning CBFs, model-predictive safety filters, or robust policy adaptation
techniques. [200]

Compliant control and impedance learning. A widely adopted strategy is to learn variable impedance
or admittance parameters rather than direct torques [114, 118, 239, 264]. By modulating stiffness and
damping online based on contact feedback, these methods ensure compliant behavior that naturally limits
interaction forces and absorbs impacts [233, 243, 253]. Recent approaches also integrate passivity con-
straints or energy tanks into the learning process to guarantee coupled stability during dynamic contact
[79, 208].
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Safety filters and barriers. To enforce hard safety constraints (e.g., joint limits, friction cones, max-
imum force), Control Barrier Functions (CBFs) and safety filters are often employed as a protective layer
wrapping the learned policy [47, 48, 53]. These mechanisms monitor the control input and minimally
deviate it to maintain the system within a forward-invariant safe set. Model Predictive Safety Filters
(MPSF) extend this by reasoning over a short horizon to prevent inevitable future violations, which is
crucial for systems with inertia or actuation limits [57, 348].

Robust and adaptive safety. For scenarios with significant model uncertainty (e.g., unknown fric-
tion or payload), robust control techniques such as Sliding Mode Control (SMC) or adaptive control are
combined with learning to maintain safety margins [116, 218, 246]. These low-level controllers com-
pensate for disturbances and unmodeled dynamics that might otherwise destabilize a high-level learned
policy.

3.7.3 End-to-End Safety Enhancement

End-to-end methods aim to integrate perception, decision-making, and actuation within a unified model
while embedding safety either implicitly (e.g., through regularization) or explicitly (e.g., via constrained
optimization or safety critics). This includes safe reinforcement learning frameworks that learn both task
policies and safety constraints simultaneously from raw sensory data [54, 202, 356]. For instance, [39]
proposed a neural network-based approach that learns to predict safe actions directly from raw sensory
inputs, such as images and proprioceptive data, allowing the robot to adapt its behavior in real-time to
avoid unsafe actions during contact-rich tasks.

Recently, Vision-Language-Action (VLA) models have emerged as a powerful paradigm for end-
to-end safety enhancement. These models bridge perception, reasoning, and control by learning from
large-scale multimodal datasets that include language instructions, visual observations, and robot actions
[25-27]. Safety is enhanced in VLA systems through several mechanisms: (i) Safety-aware prompting
and grounding: VLA models can be conditioned on safety-specific prompts or rules (e.g., “move slowly
near the glass™) to generate compliant behaviors [70, 267]. (ii) Safety critics and filtering: Auxiliary
safety modules or critics can be trained to evaluate the risk of generated actions before execution, fil-
tering out potentially hazardous commands [75, 353, 355]. (iii) Multimodal alignment: By aligning
visual and linguistic representations with physical safety constraints (e.g., force limits), VLA models
can better generalize safety concepts to novel objects and environments [351, 352, 354]. While these
methods promise scalability and generalization, especially in contact-uncertain environments, they often
suffer from limited interpretability and pose challenges in formal safety verification compared to modular
architectures.

3.74 Hybrid Methods

Hybrid methods combine safety mechanisms across multiple abstraction levels to leverage the strengths
of each [120]. For instance, a high-level planner might filter task options using a safety-aware graph
while a low-level controller enforces contact force constraints through learned CBFs. Alternatively, end-
to-end models may be guided by high-level logic rules or shielded using low-level safety filters during
deployment.

Planlearnfilter pipelines. A highlevel planner (graph, sampling, optimization, or semantic decompo-
sition) proposes nominal contact strategies or intermediate subgoals; a learned policy (often variable
impedance/admittance or residual) generates parameterized actions (pose, force, stiffness); then a run-
time safety layer (CBF / reachability / MPC shield/projection) minimally modifies unsafe commands
while preserving progress [46, 47, 124, 239, 240, 264]. This layering reduces unsafe transients at ap-
proach, impact, and sustained contact phases and limits overconservatism by deferring exact constraint
satisfaction to an online filter.
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Compliant action abstraction + certified projection. Rather than outputting raw torques, hybrid
methods learn action abstractions (desired Cartesian displacements, force targets, diagonal or struc-
tured stiffness gains) that preserve passivity margins and expose explicit hooks for safety modification
[6, 78, 79, 118, 239, 264]. Certified projection (QP with CBF constraints, shield veto, reachability
prechecks) enforces forward invariance or constraint satisfaction without retraining the core policy [46—
48, 240].

Generative/residual policies under safety wrappers. Diffusion or residual RL policies produce can-
didate motions or compliance updates; a safety critic or barriet/MPC layer evaluates predicted force en-
velopes, energy flow, or constraint margins before execution (generatescoreproject) [6, 39, 47, 79, 203,
357, 358]. Residual admittance and stiffness adaptation compensate for unmodeled contact geometry
while the wrapper prevents force spikes [118, 239, 264, 316].

Semantic / VLMVLA hybrid safety. Visionlanguage(-action) and emerging foundation model com-
ponents parse unstructured instructions and scene context into structured constraint objects (force caps,
forbidden surface masks, approach cones) [25-27]. These are handed to the planlearnfilter stack: seman-
tic planner produces goal / sequence; learned variable impedance or residual policy outputs compliant
parameters [75, 355]; runtime CBF / reachability / MPC shield enforces limits; logging layer records vi-
olations for calibration [46, 47, 239, 264]. Multimodal fusion (vision + force) disambiguates occlusions
and anticipates risky contact transitions, while structured prompting and action schema reduce halluci-
nationinduced unsafe commands [25, 26, 39]. This hybridization aligns highlevel semantic intent with
certifiable lowlevel execution, enabling scalable yet physically grounded safe manipulation in contactrich
settings.
Such multi-layered architectures can offer robustness and flexibility, especially in unstructured contact-

rich tasks. However, hybrid methods also introduce complexity in integration and may require careful
coordination to avoid conflicts between safety modules operating at different levels.

3.8 Safety Enforcement Spaces

In safe learning for robotic contact-rich tasks, a central consideration is where safety constraints are
enforced within the control or learning pipeline. Safety can be realized at different levels of the robots
architecture, from the physical interaction interface (task space), to the internal actuation system (joint
space), and even at the policy decision layer. Each of these domains provides distinct opportunities and
challenges for incorporating safety. Task-space enforcement directly regulates end-effector motion and
contact forces with the environment, joint-space methods shape internal robot behavior to avoid unsafe
configurations or torques, while policy-level mechanisms ensure that the agents decision-making respects
safety constraints from the outset. This section categorizes and compares prior works based on the level
at which safety is defined and enforced, highlighting dominant trends, common control strategies, and
emerging hybrid approaches.

3.8.1 Task Space

Many approaches ensure safety directly in the task (Cartesian) space, meaning they constrain the robots
end-effector motion and interaction forces. These methods typically impose limits on end-effector po-
sition, orientation, velocity, or contact force to keep them within safe bounds during contact-rich tasks.
For example, some works explicitly bound the forces and torques at the end-effector to prevent excessive
contact pressures, integrating such constraints into the controller or learning process [233, 234].

By formulating safety at the task level, the robot only executes motions that respect predefined safe
regions and force thresholds in the workspace. A common strategy is to employ impedance or admittance
control in Cartesian space, adjusting the end-effectors stiffness or damping in real time based on feedback
to maintain compliant, gentle contact [112, 176, 203, 223, 235]. This allows the robot to absorb shocks
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and limit forces during manipulation while still following the desired trajectory. Several researchers in-
tegrate these variable impedance frameworks with learning algorithms, so the policy itself can modulate
compliance for safety, for instance, by outputting stiffness parameters or virtual force targets that keep
interactions soft and stable [114, 209, 239].

In reinforcement learning settings, safety constraints in task space are often enforced by penalizing
or stopping unsafe behavior. Episodes might terminate or incur a large cost if the robots force sensor
detects a contact force exceeding a set threshold [186, 188, 189, 305]. Likewise, the action space can be
shaped to avoid dangerous moves. Some methods confine the end-effectors motions to a safe subset of
the workspace or around demonstrated trajectories, preventing the agent from exploring configurations
that could lead to collisions or high forces [113, 199, 236, 262]. Through these measures, task-space
safety approaches directly guard the physical interaction interface of the robot, ensuring that all contact
with the environment or humans remains within safe limits.

Beyond basic compliance and force limiting, formal safety techniques have also been applied at
the task-space level. Control barrier functions and similar safety filters can constrain the end-effectors
position and force within a known safe region at all times, overriding any controller command that would
violate safety limits [68, 226, 258].

Some works derive safe sets from data or models, for instance, learning a set of permissible end-
effector states from demonstrations or via Gaussian processes, and then formulating the task-space con-
troller or planner to keep the robots trajectory inside this safe latent manifold [57, 359].

There are also planning-based approaches that build safety into motion generation. Before execution
or learning, they compute contact-rich trajectories that satisfy contact stability, task unrelated collision
avoidance, and joint limits, so that any subsequent policy learning begins with inherently safe trajectories
[228, 267].

Energy-based methods add another layer of safety by ensuring the robot behaves as a passive system
in task space. For example, adaptive impedance controllers with energy tanks or passivity constraints
guarantee that the robot cannot inject unbounded energy into the environment, thus preventing spikes in
force or unstable interactions [208, 254].

Notably, in humanrobot interaction scenarios, task-space safety often involves maintaining a safe
distance and force relative to humans. Techniques like dynamic safety fields enforce minimum separation
distances and speed limits for the end-effector when a person is nearby, and controllers can be designed
to comply with industry safety standards, e.g. ISO force limits, during physical contact [70, 237, 309].

In summary, by enforcing safety in the task space, these approaches directly regulate the robots end-
effector behavior through keeping contact forces, motions, and interactions within safe, tolerable bounds
to guarantee safe manipulation.

3.8.2 Joint Space

Another line of research enforces safety in the joint (configuration) space, focusing on the robots internal
angles, velocities, and torques. Joint-space safety methods ensure the robots actuators never produce
motions that could be unsafe, thereby indirectly protecting the end-effector and its environment.

One way this is achieved is by augmenting the robots low-level controllers with safety constraints.
For instance, joint-level control barrier functions can impose limits on joint motion or torque. A con-
troller will automatically adjust or saturate commands so that resulting contact forces do not exceed
a strict threshold [213]. Similarly, variable impedance control can be formulated at the joint level
with guarantees of stability. By enforcing that the learned joint stiffness and damping matrices remain
positive-definite (and hence passive), the system maintains Lyapunov stability and safe behavior through-
out contact interactions [221, 225].

Some approaches use adaptive joint-torque controllers that account for external forces. They regulate
joint torques in response to contact feedback, ensuring that sudden impacts are absorbed by the compli-
ance in the joints rather than causing dangerous forces [218, 246]. In reinforcement learning contexts
where policies output joint commands, researchers incorporate joint-space safety by constraining the ac-
tion range and optimizing within safe bounds. For example, an RL policy might be allowed to command
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only small joint movements directly, while larger repositioning actions invoke a motion planner that finds
collision-free joint trajectories, thereby avoiding unsafe jumps in configuration [202].

It is also common to include penalties for approaching joint limits or producing high torques in the
reward function, so the agent naturally prefers to stay within a safe range of motion [261]. In one case, a
policy was trained to perform robotic massage by learning joint-level impedance parameters. To keep the
interaction safe with the human, the algorithm limited joint velocities and forces via compliance control,
effectively bounding the output torque delivered to the person [214]. By prioritizing safety in the joint
space, these methods keep the robots fundamental degrees of freedom under control through preventing
excessive joint speeds or forces, which in turn helps maintain stable and safe interactions at the task
space as well.

3.8.3 Dual-Space Safety Enforcement

While enforcing safety solely in either task space or joint space can already reduce risk, each perspective
has blind spots. Task-space constraints may miss internal joint-limit or actuator issues, whereas purely
joint-space safeguards may overlook subtle but harmful contact patterns at the end-effector.

For this reason, some frameworks combine safety mechanisms in both the task space and the joint
space to provide a more comprehensive safety net. In these approaches, the robot monitors and constrains
its behavior at the end-effector level and at the actuator level simultaneously. For example, a hierarchi-
cal safe control scheme might use a Cartesian impedance controller to ensure compliant, force-limited
contact with the environment, while a parallel joint-space module detects unexpected collisions or ex-
cessive torques and reacts by altering joint commands to dissipate force safely [132]. This dual-layer
design guarantees that even if an unforeseen contact occurs that was not accounted for by the task-space
planner, the joint-space safety reflex can kick in to prevent damage.

Another representative work uses a two-loop control architecture for a robot with flexible joints. An
outer loop regulates the contact force in task space to track a desired force trajectory, and an inner loop
stabilizes the joint motion [211]. Through Lyapunov-based analysis, it is proven that both the force error
and the joint deviations remain bounded, illustrating theoretical safety in both domains. In learning-
based settings, ensuring stability in the joint space can indirectly enforce task-space safety. For instance,
a model-based actorcritic method confines the joint controllers behavior within stability limits using
an analytical model of the robot and environment stiffness. As a result, the end-effector never pushes
beyond safe force limits because the joint controller wont allow an unsafe regime [259]. Even in dynamic
locomotion tasks, a similar philosophy is applied.

One study on robotic hopping ensured the policy respected joint torque and angle limits at all times,
which inherently kept the robots jumping motions stable and prevented falls or hardware stress during
ground contact [231]. By addressing safety at multiple levels, these approaches leverage the strengths
of each domain. The task-space layer handles safe interaction with objects and surfaces, while the
joint-space layer ensures the robots own mechanics remain within secure operating conditions. This
redundancy provides robust safety even under varying uncertainties or if one layers assumptions are
violated.

3.8.4 Policy Spaces

In addition to physical control spaces, researchers have also explored safety in the policy or decision-
making space. That is, integrating safety considerations into the robots learning and planning algorithms
themselves. Rather than hard limits on forces or torques, these methods introduce abstract constraints or
safety-centric objectives that guide the policy toward safe behavior.

One common approach is to formulate the problem as a CMDP, where certain state-action pairs or
outcomes are labeled as unsafe with an associated cost. The reinforcement learning agent must then opti-
mize its policy while satisfying a constraint on this unsafe cost, often via Lagrange multiplier techniques,
to ensure it never exceeds a tolerated risk level [25]. In essence, the policy learns to avoid any behavior
that would trigger the unsafe cost, adhering to safety requirements by design.
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Another strategy is to learn a safety critic or value function that predicts the long-term risk of states
and actions. For example, an algorithm might train a feasibility value function that estimates the proba-
bility of constraint violation for a given situation. The policy is then constrained or adjusted using this
knowledge, selecting only actions that keep the robot in low-risk regions [230]. Along these lines, a
recovery RL framework can learn a special recovery policy that intervenes whenever the agent is near
an unsafe state. If the safety critic signals high risk for the agents intended action, control is handed
over to the recovery policy, which drives the system back to a safe region before returning control to the
main policy [60]. In high-dimensional problems, like vision-based manipulation, some works first learn
a compact latent state representation and define safety in that latent space. For instance, a variational
autoencoder might encode images of the robot workspace into a latent vector, and a learned barrier func-
tion on this latent space separates safe and unsafe states. The RL policy is then trained with an additional
constraint to remain on the safe side of the barrier, even without explicit physical measurements [266].

There are also human-in-the-loop approaches where safety is addressed at a policy level through hu-
man feedback and oversight. In such frameworks, the robots exploration is guided by human evaluators
or pre-defined safety rules. The robot might query a human or use a human-provided value function
to ensure its learned policy aligns with human safety preferences and avoids dangerous actions during
training [270].

Lastly, recent generative approaches ensure safe decision sequences by design. For example, diffusion-
based policy models can be guided to prefer smooth, low-uncertainty action sequences, which reduces
the chance of sudden erratic behavior that could be unsafe [229]. By incorporating safety directly into
the decision-making process, these approaches aim to prevent unsafe commands from ever being chosen,
complementing the lower-level safety controllers. This policy-space perspective ensures that the robots
behavior remains within acceptable risk bounds from the planning stage through to execution, adding an
extra layer of safety on top of physical enforcement.

4 Key Challenges

Despite rapid progress in learning-based methods for contact-rich robotic manipulation, several key chal-
lenges remain before these approaches can be deployed safely and reliably at scale. This section outlines
major open problems, with particular attention to how emerging VLM/VLA-based methods both exac-
erbate and help address these issues.

4.1 Fragile Safety and Stability Guarantees

Learning-based controllers, including those using deep networks and VLAs, often lack formal guarantees
of passivity, stability, and constraint satisfaction under hard contacts [79, 254, 360], which can lead to
unsafe behaviors and hardware damage. While passivity-centric and energy-constrained formulations of-
fer promising directions, integrating them seamlessly with large, expressive policies remains technically
challenging, especially when contact conditions change rapidly or unpredictably.

4.2 Data Scarcity and Biased Supervision

Contact-rich skills require precise force control and tight tolerances, but high-quality demonstrations and
interaction data are expensive, brittle, and difficult to scale compared to standard visionlanguage datasets.
VLMs and VLASs promise better generalization through pretraining, yet they are typically supervised by
weak or indirect signals that do not capture fine-grained contact events, leading to policies that may look
competent visually but fail under subtle force or geometry variations.

4.3 Limited Robustness, Generalization, and Uncertainty Awareness

Learning-based policies for contact-rich manipulation, especially ones trained on narrow task distri-
butions, often overfit to specific layouts, materials, or sensing conditions and degrade sharply under
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distribution shifts. Although VLAs offer broader prior knowledge, current models typically have weak
uncertainty estimation, making it difficult to detect when a contact-rich interaction [25, 361] is entering
an unsafe regime and requiring fallback to safer behaviors or human intervention.

4.4 Safe Exploration Under Physical Risk

Exploration remains the most safety-critical phase: naive probing causes jamming, surface damage, or
tool wear in insertion, polishing, and assembly contexts [6, 46]. Existing constrained and risk-sensitive
reinforcement learning frameworks provide expectation or probabilistic bounds, yet exhibit weakness
under distribution shift. Shielding and action-projection (barrier / reachability / model-predictive) lay-
ers offer hard online guarantees, but typically depend on conservative uncertainty sets, limiting data
efficiency.

4.5 Safe Execution and Performance Trade-offs

Ensuring sustained constraint satisfaction post-training (safe execution) requires balancing responsive-
ness, task efficiency, and physical margin. Variable impedance or admittance policies learned from
demonstrations or reinforcement signals modulate compliance adaptively [6, 239, 264], yet stability mar-
gins under rapid re-tuning are seldom quantified. Runtime safety filters can erode performance through
excessive intervention, while soft filtering strategies risk cumulative force violations. There is insuffi-
cient methodology for joint optimization over (i) violation probability; (ii) force/energy envelopes; and
(iii) efficiency.

4.6 Benchmark and Dataset Limitations

Existing simulation suites and benchmarks provide limited coverage of deformable objects, multistage
processes, toolsupported tasks, and tasks performed in close collaboration with humans. [76, 77, 88].
Public datasets rarely include (i) high-frequency wrench traces aligned with failure annotations; (ii)
rich near-miss episodes essential for shaping recovery policies; or (iii) semantic safety labels (forbidden
regions, fragile surfaces). This scarcity impedes reproducible comparison of violation metrics, recovery
latency, and generalization. Emerging safety-oriented RL frameworks and robust benchmarks partially
address constrained exploration but lack standardized contact-force evaluation protocols [48, 89].

4.7 Safety Risks Specific to VLMs and VLAs

Generalist VLM/VLA policies introduce new safety concerns, such as misinterpreting language instruc-
tions, hallucinating feasible contact strategies, or overconfidently executing plans that violate implicit
safety constraints. Recent work on safety-aligned VL As and failure detection for generalist policies un-
derscores how difficult it is to systematically elicit unsafe behaviors, constrain them during learning, and
verify that contact-rich deployments remain within acceptable risk bounds.

4.8 Human-Robot-Collaboration Safety

Human proximity or direct physical collaboration introduces soft constraints (comfort, predictability)
alongside hard limits (force, speed). For contact-rich tasks near or with humans, operators must be able
to anticipate robot behavior and intervene effectively, yet current learning-based controllers often lack
transparency and interpretable failure modes. Existing safe learning pipelines predominantly encode
physical thresholds while neglecting temporal predictability or trust metrics central to acceptance [362—
364]. Adaptive safety frameworks that integrate ergonomic and standard-driven constraints (e.g., force
envelopes in ISO/TS 15066 of [43]) with learning-enabled modulation are limited. Advanced models,
including VLAs, can in principle explain intentions or request help, but designing interaction protocols,
interfaces, and explanations that are both faithful and useful in high-contact scenarios remains an open
challenge.
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5 Perspectives

Safe robot learning for contact-rich manipulation is entering a phase where systematic advances in data,
evaluation, and architectural composability must complement incremental improvements in algorithms.
We outline key forward-looking directions.

5.1 Standardized Safe-contact Benchmarks

Current suites under-represent multi-stage forceful interaction, deformables, and human-adjacent tasks
[46, 76, 77, 88]. Future benchmarks for safe learning in contact-rich robotics should move beyond
isolated manipulation tasks to suites that stress high-force interactions, tight clearances, and diverse
materials and fixtures. A key opportunity is to design benchmarks where visionlanguage models (VLMs)
and visionlanguageaction (VLA) models must interpret natural language task descriptions and safety
rules, then execute contact-rich skills under explicit constraints on forces, slippage, and failure recovery.

5.2 Safety-aware and Data-efficient Learning Frameworks

Next-generation safe learning frameworks should tightly couple formal safety mechanisms with ad-
vanced function approximators, including VLAs and other large policies pretrained on internet-scale
multimodal data and robot demonstrations. Promising directions include risk-sensitive and constraint-
aware variants of VLA-based controllers, hybrid model-based/model-free schemes that use large models
for high-level decision-making while maintaining certified low-level safety filters, and methods that ex-
ploit language to specify and verify safety conditions during contact-rich interaction.

5.3 Bridging the Sim-to-real Safety Gap

Closing the sim-to-real gap for safe contact-rich behavior will require simulators that expose robots
to realistic contact phenomena while also capturing the perceptual and linguistic variability seen by
VLM/VLA policies. This opens the door to leveraging generative models and large-scale VLAs to
create rich synthetic curricula of tasks, objects, and safety-critical edge cases, followed by safety-aware
adaptation and online refinement on real hardware with strict monitoring of contact forces and failure
modes.

5.4 Multimodal Semantic Grounding

VLM/VLA models enable symbolic specification of scene understanding, semantic reasoning[25-27],
yet robust grounding remains fragile under occlusion and clutter. A promising direction is layered
grounding, which proceeds from scene parsing to affordance and constraint extraction, followed by for-
mal constraint compilation (e.g., CBF/MPC sets), and ultimately runtime conformance validation. In
addition, safetyaware prompting and structured action frameworks can reduce the risk of hallucinated
unsafe plans.

5.5 Human-Centric and Lifecycle-aware Safety

Physical safety envelopes, such as limits on force and speed, are necessary but not sufficient for collab-
orative adoption [2]. Human-centered safe learning frameworks can benefit from language-conditioned
policies that understand instructions, preferences, and corrections expressed in natural language, enabling
non-expert users to shape safe behavior even in contact-rich collaboration. Over the system lifecycle, ad-
vanced models such as VLAs can support continual learning and self-diagnostics, where robots explain
their contact strategies, flag emerging risks, and update policies while preserving guarantees about human
safety and equipment integrity.
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5.6 Scalable Verification for Learning-based Controllers

Diffusion, latent variable, and residual impedance policies challenge classical verification. Abstraction
of action space (e.g., stiffness, damping) into reachable sets. Data-driven certificates, such as learned
barrier functions, need procedures for failure detection and repair to avoid degradation.

5.7 Physically-Aware Foundation Models

Generalist manipulation models often fail to capture the mechanics of physical contact. A promising
direction is to integrate structured physical priors such as friction cones, energy tanks, and passivity
margins into largescale action models to limit unsafe extrapolation. A hybrid generation pipeline: first
planning with a foundation model, then refining under impedance and barrier constraints, formalizes a
planparameterizeenforce paradigm [26, 39]. Building curated datasets that are rich in contact interactions
and include explicit safety annotations is a necessary step toward reliable deployment.

5.8 Open Problems

Key unresolved issues include: (i) certified generalization under simultaneous geometric and material
shifts [17]; (ii) synthesis of minimally conservative multi-contact safe sets; (iii) semantic-to-physical
constraint robustness; and (iv) lifecycle adaptation with formal transient bounds. Addressing these will
hinge on tighter integration of analytical safety structures with data-driven representations and foundation
models.

5.9 Outlook

Future progress will rely on bringing together physically grounded control methods such as impedance
and passivity, formal safety tools including barrier functions and reachability analysis, scalable data
resources like benchmarks and higherlevel semantic reasoning layers. A growing consensus supports
layered planlearnfilterexecute architectures, which provide a practical foundation. Moving toward clear
metrics and standardized safety will be key to enabling reliable deployment of learningbased robotic
systems in complex, contactrich environments.

6 Conclusion

In this survey, a comprehensive overview of safe learning methods for contact-rich robotic tasks has
been presented, with a particular focus on how emerging foundation models reshape the landscape.
Existing approaches have been organized along multiple dimensions, including sensing modalities, data
acquisition strategies, simulation environments, safety evaluation metrics, abstraction levels, and task
mobility contexts, to provide a structured view of the design space for safe contact-rich manipulation.

The survey highlights the central role of multimodal sensing, such as force/torque, tactile, and vi-
sion, in enabling safe and robust behavior under complex contact conditions. Key challenges persist in
data acquisition, safety metrics and certification, modeling of contact-rich interactions, and consistently
enforcing safety constraints from high-level reasoning down to low-level control.

Looking forward, hybrid architectures and advanced learning paradigms offer promising avenues.
Opportunities include combining high-level planning with low-level compliant control, integrating clas-
sical safety mechanisms with learning-based policies, and leveraging VLM and VLA models to interpret
safety requirements, ground them in multimodal observations, and support transparent, human-centered
interaction in contact-rich scenarios.
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