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Abstract
Embodied foundation models now allow robots to act on open-ended instructions, yet success on long-
horizon physical tasks also depends on the runtime around the model, which organizes the task, invokes
skills, guards execution, and retains experience. Digital agent research treats this runtime, known as
the harness, as a first-class design object that can be engineered and even improved from experience,
since the same model can perform very differently under different harnesses. Such harness designs do
not carry over directly, because physical execution is embodiment-specific, partially observed, time-
constrained, and often irreversible, which also makes experience costly to learn from. Embodied AI
systems increasingly build similar runtimes, yet the field still lacks a unified view of them. This survey
treats the physical agentic harness as a research object in its own right. We define it as the runtime
system that maintains task and execution state for an embodied foundation model and mediates the
model’s interaction with the physical world through one or more physical bodies. We then review over
200 works and organize them by six functional responsibilities: task orchestration, digital resources,
embodied capabilities, execution governance, digital-physical interaction, and persistent evolution.
This organization offers a common lens for comparing methods across communities, making explicit
how model decisions reach physical execution and how grounded evidence flows back. The reviewed
benchmarks and applications provide limited evidence of individual runtime contributions, particularly
the effects of execution governance and sustained gains from persistent evolution. We close with open
problems in model-harness co-design, capability composition, real-time decision making, distributed
execution, and continual improvement from physical experience.
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Figure 1 Functional overview of the Physical Agentic Harness. The harness links an embodied foundation model to
the physical world through five interacting responsibilities within a task. Persistent evolution uses assessed execution
experience to revise runtime support retained for later episodes.
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1 Introduction

Embodied foundation models have substantially expanded what robots can do from open-ended instructions.
They now span vision-language-action models (VLAs) [1, 2, 3, 4], embodied reasoning models [4, 5, 6, 7],
world models [8, 9], and world action models (WAMs) [10, 11, 12], and robot systems increasingly combine
several of them [5, 13]. Whichever model is used, each call returns an output such as actions, a plan, or a
predicted future, based on the context available at that moment. On short, well-specified tasks this output
can be close to the whole task, whereas on long-horizon physical tasks it covers only one decision within a
longer process.

Carrying a task through that process requires sustained interaction with the physical world. After each
operation, the robot has to check what actually changed, keep its task state consistent with the scene, and
decide whether to continue, retry, or replan [14, 15]; when several robots share a task, the same state has to
stay consistent across bodies. Systems that add closed-loop feedback, failure explanation, or failure detection
around existing models report clear gains in task success [14, 16, 17]. Long-horizon reliability depends on
both model capabilities and the organization of this interaction.

In digital-agent research, this surrounding runtime is increasingly described as the harness [18, 19, 20]. It
maintains context and execution state, exposes tools, and manages calls and their results. The model supplies
learned task capabilities; the harness organizes their use under current execution conditions. This boundary
is functional: runtime decisions can themselves use learned models, and the division can change with the
model and its interfaces. Changing the harness alone can improve the performance of a fixed model [18, 21].
Self-Harness illustrates this complementarity: the fixed base model proposes harness revisions, which undergo
regression testing before adoption [22].

Physical execution places additional demands on this model–harness relationship. In isolated software en-
vironments, candidate harnesses can be compared through repeated, resettable trials [20]. A robot acts
through body-specific interfaces and relies on partial observations. The scene may change during inference,
so the runtime must relate proposed actions to evidence that remains valid when they execute [15, 23]. Failed
actions may also leave effects that cannot be undone; retrying then requires reassessing the resulting physical
state [14].

The cost of physical experience limits how broadly deployment failures can be covered through training [24, 25].
Runtime checks and recovery offer a way to address some failures without retraining the base policy, provided
the deviation is detectable and an appropriate capability is available. Harness VLA illustrates this approach
by coordinating a frozen VLA with memory and analytic primitives [26]. Missing physical capabilities may
still require learning, and runtime revisions also need validation. The two approaches can reinforce each
other: Guava uses a shared harness to collect interaction data and train a compact model [27]. Comparisons
therefore need to account for the physical trials required to develop and validate each change.

Robotics has addressed parts of this problem for decades, under different names and in different communities.
Three-layer architectures separate deliberation, sequencing, and reactive control [28], skill frameworks make
preconditions and required resources explicit [29], and runtime-assurance systems monitor physical state and
switch to safe controllers when needed [30]. Foundation-model systems extend these ideas with tool use,
programmatic skills, and feedback-based replanning [31, 32, 14]. More recently, several embodied systems
have begun to describe their runtime as a harness or a robot operating layer, using it to manage bodies and
skills, close inspection loops, or revise its own support from experience [33, 27, 26, 34, 35, 36, 37], and Lee et al.
[38] describe robot middleware as a harness for Physical AI. These lines of work tackle overlapping problems,
yet they use different vocabularies, draw the system boundary in different places, and are rarely compared
with one another. Comparing these mechanisms requires a definition that separates runtime support from
model capabilities and makes the physical conditions of execution explicit.

Harness-oriented embodied systems are appearing quickly, and recent studies increasingly compare runtime
designs around fixed models [39, 40, 41]. Their protocols differ in capability libraries, privileged information,
retry budgets, and adaptation costs, so the resulting gains require a common basis for interpretation. Exist-
ing reviews cover neighboring ground, including robot learning and embodiment adaptation [42, 43], world
action models [44], externalized resources in digital agents [45], and harnesses for large language model (LLM)
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agents [46]. Building on these perspectives, we use runtime responsibility as the unit of comparison. This
connects mechanisms from robot architectures, skill frameworks, runtime assurance, and foundation-model
agents through the physical execution problems they address. Our focus is how task state, capability inter-
faces, and outcome checks work together under embodiment and timing constraints, and how revisions to
this support are evaluated across episodes.

We define the Physical Agentic Harness as the runtime system that maintains task and execution state for
an embodied foundation model and mediates the model’s interaction with the physical world through one or
more physical bodies. The definition applies across software architectures and organizes the literature by six
functional responsibilities: task orchestration, digital resources, embodied capabilities, execution governance,
digital–physical interaction, and persistent evolution.

These responsibilities connect execution within a task to revision across episodes. Task orchestration uses
model proposals and observed outcomes to manage task progress. It draws on digital resources for information
and computation, and on embodied capabilities for perception and action. Execution governance constrains
the physical use of those capabilities and assesses their outcomes. Digital–physical interaction carries autho-
rized operations to devices and returns evidence for governance and task reassessment. These exchanges form
a task-level feedback loop whose implementation can vary across systems. Persistent evolution uses assessed
experience from this loop to revise support retained for later episodes. It can affect any of the other five
responsibilities and may include human-guided updates. Figure 1 summarizes these relationships around the
embodied foundation model.

We review over 200 works, using benchmarks and applications to assess evidence for the six responsibilities.
Figure 2 provides an overview of representative systems and works across these responsibilities, alongside the
benchmarks and applications covered in the survey. The groupings are non-exclusive, and including a work
does not imply that it implements a complete harness.

This organization supports two linked comparisons: how runtime mechanisms connect model decisions to
physical execution, and what the reported experiments establish about those mechanisms. We examine the
information, capabilities, and execution conditions changed by each comparison, so that a whole-system
gain is distinguished from evidence for an individual runtime contribution. Our review of the evaluation
literature shows that harness comparisons need to examine runtime behavior alongside task outcomes [47], and
that recent fixed-model and governance comparisons establish benefits within specific protocols [39, 40, 41].
The remaining gaps concern attribution across interacting components, generalization beyond development
conditions, and sustained physical improvement under independent outcome assessment [48, 49]. These gaps
frame the open problems we discuss: model–harness co-design, capability composition, real-time decision
making, distributed execution, and continual improvement from physical experience.

The rest of this survey is organized as follows. Section 2 defines the Physical Agentic Harness and draws its
runtime boundary. Sections 3–8 then follow the six responsibilities in Figure 1, from task orchestration to
persistent evolution, and Section 9 relates them to evidence from benchmarks and applications. Section 10
discusses open problems and Section 11 concludes.

2 Definition and Scope of the Physical Agentic Harness

Physical execution creates requirements for coordination that help define the Harness boundary. The six
responsibilities in Figure 1 organize these requirements; Figure 2 maps the reviewed literature to them.

Review Methods

Literature Scope We include work that explains a mechanism relevant to at least one Harness responsibility
or supplies evidence for its evaluation. Classical robotics work provides technical foundations; its inclusion
does not imply that it is itself a foundation-model Harness. Studies confined to digital environments are
used as methodological comparisons and are identified as such. The coverage is not an exhaustive systematic
review. A targeted full-text update checked on 9 November 2026 covers 36 priority studies, including earlier
omissions and recent preprints. The update date identifies when this selected corpus was checked; it does
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Representative Systems & Frameworks
Show-Harness [33] GUAVA [27] Harness VLA [26] uni-robot-agent [187] Auriga [105] AMP1 [211]
InstAgent [40] BioAgent [228] SERA [39] Thea [89] SpatialHarness [104] DynaHarness [73]
REA [72] SafeHarness [41] FastHarness [163] ENPIRE [199]

Representative works across six functional responsibilities

Sec. 3  Task Orchestration
Task structuring

PDDL-ART [57] SUN Programs [61]
MistyPilot [59] Neurosymbolic agents [58]

Subtask management
Inner Monologue [14] ContextFlow [55]
BATON [75] Physical Agentic AI [54]
APEX-MR [76] IndoorR2X [77]

Task recovery
REFLECT [16] RoboBRIDGE [82]
FLARE [83] AgentChord [84]

Sec. 4  Digital Resources

KnowRob [86] Hydra [88]
RoboMemory [92] HELM [93]

DINO-WM [95] SpatialHarness [104]
Habitat [97] Auriga [105]

Code as Policies [32] PRoC3S [110]
SayPlan [112]

RoboHarness [116] RILaaS [117]
FogROS2 [118] RoboECC [119]
Kairos [121]

Sec. 5  Embodied Capabilities

ConceptFusion [126] VLMaps [127]
AnyGrasp [125] A2-MEAS [150]

ACT [135] Diffusion Policy [136]
RT-2 [1] OpenVLA [2]
π0.5 [139] TinyAstral [151]

SkiROS2 [29] AEROS [152]
ECM Contracts [148] EmbodiedSkills [65]
SayCan [31] VoxPoser [130]

OK-Robot [128] ASPIRE [153]

Sec. 6  Execution Governance
Action admission

ROSClaw [156] LabGuard [157]
ETA [155] SafeHarness [41]

Supervision & intervention
SOTER [30] AESOP [15]
BT-Agent [162] FastHarness [163]

Outcome acceptance & audit
Agentic grasp loop [161] PhyAgentOS [56]

ROSClaw [156] ETA [155]

Sec. 7  Digital–Physical Interaction

ECP [185]

Octopus Protocol [169]HoloAgent-0 [177]
RAI [176]EVA-Client [171]

uni-robot-agent [187]Embodied.cpp [183]

VLA-RAIL [186]

tf [51] Digital-twin sync. [194]
GaussTwin [103]

Sec. 8  Persistent Evolution

OnEvoMemory [208] RoboArchitect [219]
SERA [39] InstAgent [40]
Harness distill. [218] HarnessPAI [220]
ReSYNC [214] GaP [222]
Teach and Grow [203] Robo-COP [49]
BioAgent [228] Q-Planning [227]
CarryOn [159] FastHarness [163]

ICAN-Deploy [206] HarnessX [235]
EmbodiedGovBench [236]

Sec. 9  Evaluation & Applications

LIBERO [243] RoboDojo [258] RoboCasa365 [245]
CodeActionBench [253] RobotWorld [254] RoboQuest [255]
Embodied Playground [256] EmbodiedSkillBench [257] CoCoBench [47]

MeMoREval [94] RoboValue [166] RoboTwin 2.0 [247]

OK-Robot [128] Thea [89]
Coscientist [264] SPINE [265]
AutoRT [25] ENPIRE [199]

Knowing the situation

Predicting outcomes

Computing solutions

Resource selection & serving

Perception & action interfaces

Action capability implementations

Capability management

Composition & adaptation

Device binding & interface schemas

Action dispatch & feedback

Spatial & temporal alignment

Interface reconfiguration

Evolution process

Evolution methods

Self-evolution
ENPIRE [199]

Representative benchmarks Representative applications

Physical Agentic AI [54]

RoboArchitect [219] World Action Agent [133]

ADM-Planner [91]

CaP-X [108]
Agent as Policy [109]

Robo-Harness K1 [129] VIA [132]
World Action Agent [133]

CommitFlow [160] MIRA [164]

RegenHarness [165]

KnowBody [193]

SimEX [221]RoboBRIDGE [82]

RoboColosseum [259] RobotAgentBench [242] SEAR [48]

TAMPAgent [62] LOGIV [63]

REA [72] DynaHarness [73]

MeMoREval [94]
HITCH [149]

RoboValue [166]
CarryOn [159]

SEAR [48]

Flex-RSI (sim.) [241]

BioAgent [228]
Self-Building Labs [229] AMP1 [211]

Figure 2 Overview of representative systems, frameworks, and research organized around the six functional responsi-
bilities of the Physical Agentic Harness, together with representative benchmarks and applications. Individual works
may span multiple responsibilities; their inclusion does not imply implementation of the complete harness.

not establish an exhaustive search cutoff for the earlier manuscript. Inclusion requires a relevant runtime
mechanism, a controlled comparison, or an evaluation protocol; training-centric and digital-only studies
are used only for the boundary or methodological comparison they support. For experimental claims, we
distinguish fixed-model comparisons from changed controllers or training, simulation from hardware, and
development feedback from independent evaluation. Preprints are cited as such; retention, task progress, and
cumulative recovery are not treated as interchangeable with held-out task success.

2.1 Physical Requirements of Runtime Coordination

Physical execution requires the runtime to connect each proposed operation to the conditions under which it
can proceed. The first question is whether a capability can be used with the available robot and workspace.
A manipulation skill may depend on a particular sensor configuration or control interface. Its description
must expose these requirements so that the runtime can assess a concrete request [31, 50].
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The assessment also depends on the context of each observation. An object pose must be interpreted through
a coordinate transform related to the robot [51, 52]. Its acquisition time matters because the object may
move while the model is computing [15]. The runtime should retain frame and timestamp metadata and
obtain an updated observation or another valid state estimate when existing evidence is incomplete or stale.

The runtime must relate each operation to the dependencies of the wider task. Skill selection and feedback-
based planning distinguish a proposed action from evidence that its required effect occurred [31, 53]. As an
illustrative example, consider a robot transferring a prepared sample to an instrument. Measurement can
begin only after the sample reaches the required position; issuing the transfer command does not establish
that condition. More generally, multi-robot execution must account for shared resources and dependencies
between operations [54].

Task readiness and execution permission require separate decisions. An operation may fit the workflow
and remain physically feasible while violating a safety constraint. Runtime checks must therefore determine
whether it may start under the applicable limits [30]. Those limits can remain relevant after execution begins,
so new evidence may require supervision or intervention [15].

The runtime must also decide how to continue after an operation ends. A failed or interrupted operation
may already have changed the sample or its surroundings. Recovery must use the state left by that attempt
instead of assuming that the action had no effect [14, 53]. Retaining outcome information allows the runtime
to identify which parts of the task remain valid and which require reassessment.

These requirements determine the state and coordination functions in the definition below.

2.2 Definition and Runtime Boundary

Definition. A Physical Agentic Harness is the runtime system that maintains task and execution
state for an embodied foundation model. It coordinates the resources and capabilities used during
a physical task and mediates the model’s interaction with the physical world through one or more
robot bodies.

The runtime can also interact directly with task-relevant instruments and environmental devices through
managed physical interfaces.

Here, an embodied foundation model is a foundation model used for reasoning, perception, or action in a
physical agent. We use Base Model for the model whose task-directed behavior the Harness supports. It can
be a language or vision–language model invoking robot capabilities, or a model that generates robot actions.
A separate planning model and action model are therefore not required. Other models can also be managed as
resources or capability implementations. For each comparison, the Base Model and any separately managed
models must be identified consistently, so that a change in system description does not reclassify the same
weight update as a Harness-only change.

State management provides continuity across model invocations and capability calls. Task state describes the
workflow and its progress, including responsibility for individual subtasks. Execution state links operations
to their reported status and observed outcomes. Together, these records allow later decisions to account for
earlier execution. The distinction describes how runtime information is used; it does not require separate
data structures.

Mediation connects a model proposal to the support needed for physical execution. Digital resources provide
information and computation. Embodied capabilities expose callable perception and action implementa-
tions. The Harness coordinates their use for the current task and applies the relevant execution constraints.
Observations then update the context used by the model and by other runtime components.

A component contributes a Harness function through task-state management, coordination of resources or
capabilities, or mediation of physical execution. For a managed capability, this support can include its callable
interface, implementation selection, invocation state, and execution checks. One component can implement
both a learned mapping or control law and this surrounding support; the mapping or control law supplies the
capability being managed. Its location in the robot software stack does not determine which role it performs.
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Harness-managed state can persist beyond the current episode. An episode begins when a task goal is accepted.
It ends when the final outcome for that goal is accepted or the task is terminated. Accepting an individual
operation or subtask does not by itself end the episode. Updates used only within this interval support
the current episode. Persistent Evolution concerns revisions to runtime support retained for later episodes,
not ordinary log storage. These episodes may repeat the same task or involve different tasks; persistence
across episodes does not by itself establish generalization to new task types. Retention establishes availability,
adoption establishes later use, and improvement requires evidence of benefit; a revision can be studied without
already demonstrating improvement. Section 8 examines these distinctions.

2.3 Functional Responsibilities of the Physical Agentic Harness

The first five responsibilities distinguish the organization of a task, its information and computation, its
callable behaviors, its execution constraints, and its device exchanges. Persistent Evolution examines how
this support changes across episodes. We use these categories as one analytical organization of the literature.
They allow implementations to combine responsibilities or distribute a responsibility across services, with
execution order determined by task dependencies. The exchanges in Figure 1 illustrate these relationships
without requiring every interaction to pass through the Base Model.

Task Orchestration maintains the workflow that relates operations to the task goal. It establishes subtask
dependencies and conditions for progress, assigns responsibility, and uses observed outcomes to coordinate
execution. When a required condition no longer holds, it selects a continuation that preserves valid progress
and revises the workflow if needed. The resulting task requirements guide the use of Digital Resources and
Embodied Capabilities.

Digital Resources supply information and computation for these task requirements. The Harness may retrieve
maintained information, invoke a tool, or use a predictive model or simulator to examine a candidate solution.
It must select resources that apply to the current task and provide the computing capacity needed to use
them. Results should be retained with the context needed for later interpretation.

Embodied Capabilities expose callable perception and action implementations for physical execution. Their
descriptions identify the sensing, control, and operating conditions required by an implementation. Capability
management matches these requirements to the current request and prepares the selected implementation for
use. Composition and adaptation can broaden its use while keeping the relevant conditions explicit. Physical
actuation remains subject to Execution Governance.

Execution Governance determines whether and how a proposed physical operation may proceed. Admission
grants permission under specified constraints. It does not settle whether the operation remains acceptable
after execution begins. Supervision can therefore lead to intervention when new evidence warrants it. At
closure, outcome acceptance assesses whether the observed effect satisfies the relevant criteria.

Digital–Physical Interaction carries authorized operations to the Physical World and returns observations and
execution outcomes to the runtime. It maintains the device bindings, command and observation interpreta-
tions, and references needed to associate feedback with the operation that produced it. This responsibility
connects the Harness to physical execution and supports the reassessment performed by Task Orchestration
and Execution Governance.

Persistent Evolution uses assessed execution experience to revise components retained for later episodes.
These revisions can affect the other five responsibilities, including settings used in Digital–Physical Interaction.
Adoption occurs when a later episode uses the revision. Evaluation and version management relate later
behavior to the revision that was actually adopted. Human participation may remain part of this process,
while self-evolution concerns how much of the update process is automated.

These responsibilities interact through shared task context and execution evidence. Discovery, resource
preparation, and device binding may precede action admission. Authorization constrains physical dispatch,
and changes to the assessed configuration can require reassessment. The section order follows these functional
relationships; actual execution can revisit them as conditions change.
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3 Task Orchestration in a Physical Agentic Harness

Task Orchestration maintains the workflow and execution responsibility of a physical task. It records active
subtasks, their assigned executors, and the conditions for starting and completing each stage. Observations
and assessed outcomes update this state as execution proceeds. Changes in the body or environment can
invalidate a dependency, require reassignment, or change the remaining procedure [55, 54, 56]. The task-level
choice of what to attempt remains distinct from permission to execute an operation and acceptance of its
observed outcome.

Physical changes determine how much of the task remains valid after an unexpected outcome. A completed
operation may establish conditions for several later stages; a disturbance may affect one stage or a shared
object used by multiple branches. Task Orchestration identifies these dependencies and preserves progress
whose supporting conditions still hold [55]. Assignment and coordination then connect the revised task state
to available executors, their timing, and shared resources [56, 54].

Task Structuring describes the stages and their dependencies. Subtask Management tracks progress, as-
signments, handoffs, and concurrent execution. Task Recovery seeks a feasible continuation after failure or
interruption, revising the workflow when necessary. These are functional responsibilities within orchestration;
an implementation may combine them in an executive, planner, or distributed runtime.

Figure 3 summarizes this view of task orchestration.
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Figure 3 Overview of Task Orchestration in a Physical Agentic Harness. Task Structuring converts a task into an
executable workflow, Subtask Management maintains progress and coordinates executors, and Task Recovery detects
and localizes failures, selects a recovery strategy, and resumes or revises execution. Dashed feedback paths show how
workflow invalidation, subtask failures, and execution inconsistencies return the task to a valid execution state.

3.1 Task Structuring

Task structure relates subtasks to the overall physical goal. It records their entry conditions, expected effects,
dependencies, and completion criteria. A Base Model may propose this structure, while Task Orchestration
retains it and uses observations to assess transitions. Subtask management then assesses whether current
evidence supports the transition and assigns a ready stage to an executor.
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Existing approaches represent such structure at different levels of formality. Language-based agents decom-
pose instructions into semantically meaningful subgoals, whereas symbolic and neurosymbolic approaches
expose predicates, action schemas, and state transitions. PDDL-ART constructs task-specific PDDL do-
mains and problems from demonstrations and natural-language descriptions, then refines them through
syntactic checks, semantic validation, and execution feedback [57]. Neurosymbolic embodied agents ground
goal-relevant predicates into a symbolic initial state and use a PDDL transition model to constrain executable
continuations [58]. These approaches illustrate that decomposition must be accompanied by conditions ex-
plaining when the resulting subtasks are applicable and what their execution should establish. Recent multi-
agent systems such as MistyPilot make sensor-triggered skill binding and task-state management explicit in
a physical social robot [59].

Dependencies also extend beyond sequential ordering. A subtask may require several predecessors, alternative
branches may depend on observations acquired later, and some conditions must remain valid throughout an
interval of execution. Zaman et al. [60] compile temporal specifications into automata and embed their guards
into action schemas, allowing ordering, invariance, and liveness requirements to constrain task and motion
planning. SUN Programs uses typed executable programs, predicates, and transition guards to encode task
semantics [61]. Such representations make task-wide constraints explicit without requiring the high-level
workflow to prescribe every local control decision.

Task structuring also maintains the relevance of this structure as execution unfolds. A changed observation
need not trigger a new decomposition: it may only change a subtask’s arguments or executor. Structural
revision becomes necessary when evidence contradicts a dependency, invalidates a required subgoal, or changes
the feasible continuation. ContextFlow illustrates this distinction through scoped updates that can retain a
stage while changing its executor or preserve a validated prefix while repairing an unsupported suffix [55]. We
use this distinction to separate ordinary subtask management from workflow-level repair, discussed further
in Section 3.3.

TAMPAgent makes geometric uncertainty explicit in this process: the language model proposes a partial
belief-space plan, while task-and-motion planning and perception tools bind constraints before execution [62].
Its feasibility checks are conditional on the planning model and tool estimates, rather than guarantees about
unmodeled physical effects. LOGIV instead tracks causal dependencies between symbolic conditions, checking
execution evidence and repairing the affected plan suffix while retaining still-valid progress [63]. These
approaches place checks between a proposed symbolic step and its execution, with the result conditional on
the modeled constraints and available observations.

The workflow may take the form of a symbolic plan, task graph, state machine, behavior tree, or executable
program. For the Harness, the key property is whether it exposes the relationships required to inspect, ad-
vance, and revise the task. Task structuring provides the workflow structure maintained during the task;
subtask management instantiates it through evidence-grounded state updates, execution assignments, hand-
offs, and coordination.

3.2 Subtask Management

Subtask management maintains the execution state, responsibility, and coordination of the subtasks within
the overall workflow. Here, a subtask is a semantically meaningful stage with a local objective and condi-
tions for entry, continuation, and completion. It may invoke one capability, compose several capabilities, or
require multiple executors. The distinction from Section 3.1 is one of runtime responsibility: task structuring
organizes the overall task, whereas subtask management determines what is currently supported, who should
act, how responsibility is transferred, and how interdependent activities proceed.

Subtask State and Progress Subtask state records how a workflow stage is instantiated at a particular
point in execution. It identifies whether the subtask is ready, active, completed, blocked, or no longer valid,
together with its grounded arguments, assigned executor, and supporting observations. Together, these
records define the current task frontier: established outcomes and supported continuations. Progress reflects
assessed changes in task-relevant state. Elapsed time, issued commands, and local termination do not by
themselves establish completion. Updated subtask state also supplies context for subsequent model proposals.
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Maintaining this state requires evidence to be preserved and revised across subtask boundaries. Inner Mono-
logue incorporates success detection and scene descriptions into planning feedback, allowing later decisions
to reflect earlier physical outcomes [14]. ContextFlow relates the active stage to runtime evidence, remem-
bered context, and the delegated executor [55]. Its task-frontier perspective makes disagreement among these
sources an explicit orchestration problem. Complementing these mechanisms, Wang et al. [64] characterize
long-horizon difficulty through the need to retain previously observed state, explore hidden state, and revise
information that has become outdated, rather than through action-sequence length alone.

Execution status and semantic completion must remain distinct. PhyAgentOS evaluates execution sessions
against evidence-grounded acceptance criteria and returns success, failure, or replan verdicts [56]. Here, an
execution session records an attempt against a stated objective; the term does not identify a device connection.
EmbodiedSkills similarly checks an active subgoal using fresh post-action observations before selecting the
next semantic route [65]. At the orchestration level, these verdicts determine whether the subtask can be
accepted and its successors reconsidered. An insufficiently supported outcome may instead require continued
execution, additional observation, or recovery.

Partial observability further separates missing evidence from demonstrated failure. Tanaka et al. [66] main-
tain an evidence state containing exploratory subgoals, observed facts, and retained findings, and distinguish
proceeding from further evidence acquisition or halting. Ojha et al. [67] treat newly discovered objects as
replanning events, combining reconstructed visible state with completed-action history before revising the
remaining sequence. Consequently, subtask progress can involve resolving uncertainty or revising stale as-
sumptions without immediately advancing to another stage. Previously completed outcomes remain reusable
only while the conditions needed by subsequent subtasks are still supported.

Executor Selection and Assignment Executor selection assigns a ready subtask to a robot, instrument,
or other executor that can operate under the current conditions. Applicability checks establish whether a
candidate can perform the operation; availability and existing commitments determine when it can take
responsibility. The assignment records the objective, grounded context, expected outcome, and conditions
under which responsibility begins and ends.

Classical multi-robot task allocation provides foundations for this decision. Gerkey et al. [68] distinguish
allocation problems by the numbers of robots required per task, tasks supported per robot, and the temporal
scope of assignment. Korsah et al. [69] extend the analysis to complex tasks with interdependent utilities,
schedules, and constraints. In the present hierarchy, these allocation mechanisms apply to the subtasks
produced by the overall workflow, including subtasks requiring a team rather than a single robot.

Selection depends on both subtask requirements and execution context. A candidate must have an applicable
capability and be available when needed; location, workload, communication status, resource access, and
existing commitments can also affect feasibility. Assigning an executor to one subtask may delay another or
reserve an object needed elsewhere. These interactions couple executor assignment to scheduling.

Centralized approaches can select assignments and schedules over a shared state, whereas distributed ap-
proaches combine local evaluations through communication, auctions, or consensus. Choi et al. [70], for
example, combine bidding and consensus to resolve conflicting assignments. Assignment can also remain
provisional before execution begins. Garces et al. [71] consider scheduled and online requests together with
compatibility, routing, service order, and time windows; their policy can wait or reconsider assignments that
have not started. The methods differ in when an assignment becomes committed and which decisions remain
revisable.

REA treats executor choice as a budgeted routing problem, using route memory and boundary judgments
to decide whether to escalate between available executors [72]. Its 37-task aligned subset uses the same
policy files as the baselines. In a separate judge-gating comparison, additional checking improves completion
while increasing time per successful episode. DynaHarness separates slow semantic proposals from a faster
deterministic controller with bounded execution leases [73]. Because the system relies heavily on analytic
skills, attributing its gain to improved use of the frozen VLA requires accounting for their contribution.
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Subtask Handoff Subtask handoff connects successive stages or transfers responsibility for an ongoing
stage. A stage transition requires a physical state suitable for the next capability, even when the same robot
performs both stages. A replacement executor needs the objective and completion criteria, together with
grounded arguments and validated progress. Relevant observations and unresolved conditions inform its next
decision. The assignment record identifies when responsibility changes. The handoff must also account for
operations still active under the previous assignment.

A transfer within a subtask need not alter the high-level workflow. ContextFlow preserves a valid semantic
stage while assigning it to an executor better matched to the current context [55]. This separates executor
replacement from replanning: a new execution carrier can inherit the same objective and validated progress.
Across successive subtasks, the central question instead concerns compatibility between the predecessor’s
outcome and the successor’s entry conditions.

Local success does not guarantee this compatibility. Rui et al. [74] identify semantic handoff failures in which
a skill satisfies its own termination condition but leaves the next skill unable to proceed. Navigation may,
for example, make a target visible without placing it within manipulation reach. BATON addresses related
transition problems through handoff-aware memory: handoff transitions restore entry conditions disturbed
by a preceding subtask, while lookahead transitions choose strategies whose outcomes can be inherited by a
successor [75]. Handoff can therefore require physical preparation as well as transfer of task information.

These conditions are checked before accepting the transition. The receiver’s context should preserve the
source and timing of observations, active constraints, and unresolved outcome assessments. If the physical
starting state is unsuitable, the handoff can remain pending, request preparation, transfer responsibility
elsewhere, or enter recovery. Stopping the previous executor alone does not establish readiness for the next
stage.

Execution Coordination Execution coordination manages dependencies between concurrent operations.
Robots and instruments may share objects, tools, or workspaces, so their timing must preserve the conditions
required by each subtask. Observed progress determines when a dependent stage becomes ready and when
a shared resource can be released.

Coordination can involve predecessor constraints, synchronization points, mutual exclusion, and shared-object
handoffs. Physical Agentic AI expresses ordering, synchronization, resource dependencies, completion condi-
tions, and execution invariants through workflow contracts [54]. CoCoBench distinguishes sequential ordering,
mutual exclusion, and handoff coordination, and shows why aggregate task success can obscure duplicated
work, ordering violations, resource contention, and unsynchronized transfers [47]. These relations require
coordination across subtasks even when each executor performs its assigned operation correctly.

Asynchronous execution allows a subtask to proceed once its own dependencies are satisfied, without requiring
every executor to reach a common global step. APEX-MR postprocesses multi-robot task and motion plans
for asynchronous execution under uncertainty and evaluates the resulting coordination in cooperative assem-
bly [76]. IndoorR2X dispatches dependency-ready task nodes to available robots in parallel and integrates
completion events, collisions, and external-device updates through asynchronous monitoring [77]. These
mechanisms link local completion events to the readiness of dependent subtasks while avoiding unnecessary
global synchronization.

Shared resources, including passages and computational services, require ordered acquisition and release to
prevent conflicting use and circular waiting. Chakravarty et al. [78] jointly formulate constrained resource
assignment and continuous temporal ordering, making reservations part of the evolving schedule. When
communication is intermittent, coordination may additionally rely on local commitments and later reconcili-
ation. Cegarra et al. [79] use connectivity-aware graph extension and stable area partitions for decentralized
exploration under communication and layout changes. Such mechanisms do not require every executor to
possess a continuously complete global state.

The Zeno Research report on Zeno-1 [80] supplies a supplementary, non-peer-reviewed example. The report
describes a shared policy operating independently on each robot using local observations and interaction
memory. It illustrates coordination inside an embodied policy; it does not establish a general workflow-
construction or task-allocation mechanism.
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Coordination combines explicit workflow relations with local adaptation inside capabilities. The Harness
manages the cross-subtask obligations left to it by each executor and reports invalid dependencies, resource
conflicts, or failed handoffs to task recovery.

3.3 Task Recovery

Task recovery identifies a feasible continuation from the physical state left by execution. An unmet outcome,
unavailable executor, or invalid handoff can affect one subtask or several dependent branches. Diagnosis iden-
tifies that scope so recovery can preserve progress whose supporting conditions still hold. Task Orchestration
then chooses whether to retry, reassign, replan, suspend, or terminate.

Failure Detection and Localization Failure detection asks whether the conditions needed by the active
stage or a successor remain supported. The completion and handoff checks above supply possible triggers. An
unexpected observation can instead reveal missing evidence without invalidating the workflow, so diagnosis
must distinguish an unsupported conclusion from a contradicted condition.

Diagnosis can require execution history rather than a single terminal observation. REFLECT converts
multisensory robot experience into hierarchical summaries and uses progressive failure explanation to support
corrective planning [16]. This provides a way to relate an observed failure to earlier actions or unsatisfied
subgoals. For orchestration, such explanations are useful when they identify which task assumption should be
reconsidered. The explanation remains a diagnosis whose causal claims require verification against execution
evidence.

Monitoring can also identify violations during execution or anticipate impending ones. Code-as-Monitor
formulates reactive and proactive failure detection as spatiotemporal constraint checking and uses VLM-
generated code to evaluate those constraints [81]. The generated checks make the monitored condition
inspectable. At task level, the detected condition identifies the subtask or dependency that needs repair.

Detection and diagnosis also have different timing requirements. RoboBRIDGE uses a lightweight success
check during execution and invokes detailed diagnosis when a failure is detected with sufficient confidence [82].
This separates frequent monitoring from less frequent recovery reasoning. Retaining the detected condition
and its context can reduce the need to repeat full task-level reasoning at every control step.

Localization then determines the smallest task region whose validity is no longer supported. ContextFlow
frames this as misalignment among the active stage, evidence, memory, and delegated execution, and distin-
guishes a valid stage with an unsuitable executor from an unsupported workflow suffix [55]. Extending that
distinction to a general task graph, we separate the failed action or executor from the subtasks that depend
on its outcome. A disturbed shared object can invalidate several branches, whereas an unrelated completed
branch may remain usable. Localization follows affected conditions and dependencies, preserving any later
stages that remain valid. Its output is a repair scope, a record of still-valid progress, and the evidence needed
to reassess the remaining task.

Recovery and Resumption Recovery selection should match this scope. Additional sensing is appropriate
when the obstacle is uncertainty; retry or parameter adjustment may suffice when the subtask and its entry
conditions remain valid. Reassignment can address an unsuitable executor without changing the objective.
Broader disruption can require physical state restoration, local workflow repair, or replanning. The alterna-
tives are selected according to the failure scope. For example, a known-invalid entry state requires repair
before retrying.

RoboBRIDGE makes recovery scope explicit through four targets: retrying the current primitive, regen-
erating its trajectory while retaining the plan, replanning from current perception, and forcing renewed
perception before replanning when scene state is unreliable [82]. These operations distinguish failures of local
execution from failures of planning context. ContextFlow provides a complementary task-state view by pre-
serving validated progress while refining a stage, transferring its executor, or repairing only the unsupported
suffix [55].

Physical state restoration requires a different intervention from issuing the same action again. FLARE
distinguishes Retry behavior for execution deviations from Reset skills for states that the ordinary task policy
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cannot handle. It trains retry behavior with perturbation-and-bridging data and uses an online multimodal
monitor to arbitrate between task execution and object-centric reset skills [83]. This runtime choice seeks a
task-valid configuration from which execution can resume.

Recovery can also be prepared before failure occurs. AgentChord augments a nominal task graph with
anticipated failure modes, executable triggers, recovery nodes, and connections back to feasible downstream
nodes [84]. This connects recovery construction to the high-level workflow while enabling local responses
during execution. Precompiled branches reduce the need to synthesize every repair after a violation, but they
remain conditional on the failure modes and constraints they represent; unmodeled situations still require
diagnosis or escalation.

A corrective action completes recovery only when its result supports re-entry. The Harness reassesses the
available evidence and obtains an updated observation or a valid state estimate where needed. This reassess-
ment determines which prior outcomes remain valid. Before resuming, the runtime reconciles assignments
and resource commitments and checks the entry conditions of the chosen continuation. Execution may re-
sume within the same subtask, from another valid stage, or along a revised branch. PhyAgentOS records a
replan as a child session while preserving the original attempt and its evidence [56]. Both outcomes remain
available for review, so later success does not erase the earlier failure.

Recovery requires a feasible continuation with satisfied prerequisites. Where none can be established, the
runtime must suspend execution or request human assistance.

Recovery demands also differ from nominal task execution. LIBERO-RECOVER compares responses to
resulting failure states in simulation, distinguishing retry and adaptation from object-state and environmental
recovery [85]. Section 9.2 discusses what this protocol reveals and the limits of its evidence.

The reviewed mechanisms differ in the task state they retain and the scope they can revise. Assignment
methods change responsibility, handoff methods assess successor readiness, and workflow repair preserves
or replaces task structure. These differences explain why success on a single capability call is insufficient
to assess orchestration. The next section examines the information and computation that support these
decisions.

4 Digital Resources in a Physical Agentic Harness

Digital Resources provide information and computation for decisions made during a physical task. We use
Digital Resource for maintained information, a predictive model or simulator, an executable digital function,
or computational capacity that the Harness can access and use. Robot knowledge infrastructures and work
on externalized agent resources illustrate support beyond a model’s current input [86, 45]. These roles can
overlap: a map can answer a query, initialize a simulator, or supply a planner.

We compare resources through the decisions their interfaces support. Their internal algorithms matter when
they change what the runtime can query or what evidence a result supplies. Resource selection and use define
the Harness role in this comparison. Sections 4.1–4.3 cover knowing the situation, predicting outcomes, and
computing solutions. Compute infrastructure supports all three and is discussed with resource selection and
execution in Section 4.4. Figure 4 summarizes resource types and their lifecycle. Task Orchestration uses
their results to manage the workflow; authorization of operations with physical consequences remains an
Execution Governance responsibility.

4.1 Digital Resources for Knowing the Situation

State Representation and Maintenance Maintained state lets later decisions query information beyond
the current model input. Its organization determines which questions can be answered efficiently. KnowRob
combines semantic knowledge and inference with access to robot and external data, allowing task-specific
information to be derived on demand [86]. Three-dimensional dynamic scene graphs instead organize spatial
relationships among objects, agents, places, and rooms [87]. Hydra incrementally constructs such a hierarchy,
separating rapid local updates from room inference and corrections after revisiting a place [88].
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Figure 4 Digital resources in a Physical Agentic Harness. Maintained information (A), predictive models and sim-
ulators (B), and computational tools (C) support task decisions. The shared lifecycle coordinates resource use and
evidence retention, with feedback guiding resource reselection and service recovery.

The runtime consequence is a difference in how a query is grounded and refreshed. A spatial hierarchy lets
a request address an object or room without processing every past sensor measurement. KnowRob-style
inference can derive an answer from several records and their relations. That answer depends on its sources
even if it is not stored as a separate fact. Hydra’s incremental updates instead expose how a maintained
spatial representation changes as observations arrive. In either case, a later query may need new evidence,
but the affected part of the resource is different.

Current estimates and historical records require different update rules. Thea separates resident context, re-
freshed observations, and accumulated task records; source and freshness information accompany its scene
representation [89]. PhyAgentOS preserves attempts in inspectable state and conditions knowledge consoli-
dation on assessed outcomes [56]. The former controls what enters each model invocation, while the latter
also separates an attempted operation from knowledge accepted for reuse.

A new observation can replace an old estimate of an object’s location without erasing the evidence that
supported an earlier action. Conversely, a historical execution record remains useful for diagnosis even when
it no longer describes the current scene. ROSBag MCP makes historical robot data accessible through tools
for querying and analyzing recorded ROS messages [90]. Retrieval must preserve whether a record describes
current conditions or past behavior.

How state is refreshed also affects the scope of replanning. ADM-Planner separates relatively stable workspace
knowledge from changing object state and retrieves a bounded context for the planner [91]. An observation
can then invalidate the remaining plan without requiring the system to rebuild all workspace knowledge. Its
large simulation study uses a policy surrogate; live language-model tests and physical demonstrations provide
a narrower check of the complete planning loop. This separates evidence about memory maintenance from
evidence about the deployed model’s decisions.

Memory, Provenance, and Evidence Write-back Memory methods trade representational detail
against the cost of retrieving useful context. RoboMemory separates spatial, temporal, episodic, and
semantic information so that each store can be updated and queried for its own role [92]. HELM takes a
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narrower approach around a frozen VLA: it retrieves visually relevant keyframes from the ongoing episode
to guide long-horizon control [93]. Its experiments show diminishing returns from adding more retrieved
frames. Hierarchical scene representations reduce a different cost by retaining objects and relationships after
detailed metric data are discarded [87].

These choices also retain different kinds of evidence. A retrieved keyframe preserves visual context, while an
object-level representation makes relations easier to query but may discard details needed for a later visual
judgment. Selecting relevant evidence remains necessary as the store grows; HELM’s results concern that
selection within an episode.

Execution feedback changes which records remain useful. HELM associates episodic memory with verification
and recovery, whereas PhyAgentOS gates consolidation using outcomes [93, 56]. A keyframe may help resume
the current task without changing support for a later task. Retained lessons or revised retrieval rules raise
the separate adoption and improvement questions examined in Section 8.

Memory comparisons also need to control what can be observed after retrieval. MeMoREval supplies a com-
mon prior experience, then evaluates memory-conditioned answers and action plans without new observations
during the request [94]. This isolates memory modality more directly than a full feedback loop, although
its spatial records use simulator-derived information and its action plans cannot repair themselves during
execution. SERA instead retains revised planning guidance around frozen planning and action models, with
the selected harness evaluated on new instances of the same tasks [39]. Its runtime history summary is
updated within an episode and reset between episodes. The two settings test different properties: recalling
earlier evidence and using retained guidance during renewed interaction.

4.2 Digital Resources for Predicting Outcomes

Predictive resources examine candidate operations before physical execution. Learned world models estimate
future states, simulators provide repeatable interaction environments, and digital twins relate a model to a
particular apparatus. The distinction concerns how a test is constructed and what its result represents.

Learned World Models Learned world models support action comparison, but they expose different
decisions to the surrounding runtime. DINO-WM predicts visual features under candidate actions and
optimizes action sequences without reconstructing complete future images [95]. WorMI retrieves and aligns
replaceable world models to the dynamics encountered at test time [96]. These studies expose two runtime
choices: searching actions within a predictive model and selecting the model for that search.

Their usefulness depends on which physical effects the prediction represents. A feature prediction may be
sufficient to compare candidate motions without reconstructing an image. It may be insufficient for a question
that depends on a contact or force effect absent from that representation. Similarly, selecting a model for
familiar dynamics does not establish that its prediction remains applicable after the scene changes. The
Harness supplies the initial state and candidate actions and can revise its model selection as new observations
arrive; the selected model computes the prediction.

Simulators and Digital Twins Explicit simulators make experiments repeatable through controlled ini-
tialization and reset. Habitat combines scenes, sensors, and task interfaces for embodied experiments [97].
MagicSim builds executable worlds from declarative specifications and supports batched interaction, realiz-
ing high-level commands through controllers, skills, and planners [98]. Their test interfaces and execution
semantics make these environments reusable across experiments.

Controlled initialization permits candidates to be compared from a common state, while reset makes repeated
trials possible. Batched execution changes the cost of exploring alternatives. MagicSim’s use of controllers
and skills also matters to the interpretation of a test: issuing a high-level command is different from directly
editing the simulated state. A resource used for planning or regression testing therefore needs an execution
interface whose effects can be related to the operation under study.

Generative simulation expands the range of test conditions through learned visual dynamics. UniSim learns
action-conditioned video generation from heterogeneous data, while Veo-based evaluation generates multi-
view video under varied scene conditions [99, 100]. These methods reduce reliance on manually constructing
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every environment. They provide a different test substrate from an explicit simulator, where state transitions
and object properties are directly represented.

Digital twins and procedural models offer more specific control over the represented apparatus. Alita uses a
semantic-enhanced, multi-layer digital twin with feedback interfaces for manipulation replanning and human
control [101]. Procedura generates editable assemblies with named parts and machine-checkable relations,
then checks connectivity and articulation before producing simulation assets [102]. Alita links a maintained
model to operation; Procedura makes the construction and validation of an asset explicit. Both add structure
needed to reason about movable parts and their constraints.

Maintained twins can also correct their predicted state using observations. GaussTwin combines physics-
based prediction of rigid and deformable object states with visual correction against camera images [103].
The correction uses calibrated camera configurations to update the simulated objects. This updates the
represented scene, while calibration supplies the reference relationships needed to interpret the images.

Resource selection depends on the test being constructed: controlled rollouts require an interaction interface,
visual predictions require checks on their physical consistency, and apparatus-specific tests require an appro-
priate model and assets. Procedura contributes to asset preparation; governing execution requires additional
runtime mechanisms.

SpatialHarness maintains a synchronized spatial scene and supplies selected virtual views and object-pose
information for fine manipulation [104]. Its four-task Franka comparison improves completion from 11/60
to 50/60 trials under the augmented interface. This supports the tested spatial-support package, which
includes scene construction and additional information; policy-query counts alone do not measure its total cost.
Auriga uses candidate-motion previews and execution receipts to connect proposed manipulation programs
to geometric and observed evidence [105]. Its component ablations support particular checks on selected
simulated cases. The RoboCasa evaluation supplies rendered-depth maps and task-success predicates, while
its RoboDojo setting withholds simulator depth. These information conditions and paused simulation limit
conclusions about real-time hardware operation.

Interpreting Predictive Evidence A prediction supports a decision only within the conditions repre-
sented by its model. Initial state, dynamics, and test duration determine the scope of a simulated result. For
generated video, visual plausibility can coexist with inconsistent contact, views, or long-term state [99, 100].
Assessing these resources requires identifying the modeled effects and checking their assumptions against
current observations.

4.3 Digital Resources for Computing Solutions

Computational resources turn task information into candidate solutions. Direct calls, generated programs,
and constraint-based search expose different intermediate results and failure signals.

Tool Invocation and External APIs A direct tool call delegates a bounded computation to an external
implementation. Toolformer studies learned decisions about when and how to call tools, while ReAct uses
returned observations to revise subsequent reasoning and actions [106, 107]. These digital-agent studies
provide methodological precedents for resource access. In a physical task, either pattern can retrieve a record
or request a route, but the caller still needs to interpret the result before acting on it.

The tool’s completion status determines what that result establishes. A planner that establishes infeasibility
under the supplied constraints gives a reason to change the candidate or its assumptions. A timeout leaves
the planning question unresolved; it can motivate another computation without showing that the physical
operation is infeasible. Retaining both the returned value and completion status lets the caller distinguish
an infeasible candidate from an unresolved computation.

Programmatic Composition Generated programs make dependencies among calls explicit. Code as
Policies combines perception outputs, geometric computations, and exposed control functions through code
with branches, loops, and generated helpers [32]. The program exposes how an intermediate value affects
later calls, whereas a sequence of independent invocations leaves that relation to the caller. Programs can
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mix digital computations with physical skills; the function invoked determines which execution conditions
apply.

The available primitives and feedback determine how a coding agent can revise that program. CaP-X com-
pares action abstractions and feedback configurations, showing that the code interface itself affects manipu-
lation performance [108]. Agent as Policy uses live programs and physical feedback to revise behavior during
real-robot manipulation [109]. Its trials permit recovery within fixed time and interaction budgets, while
human intervention ends an autonomous trial.

Constraint-based composition adds an explicit search criterion. PRoC3S searches continuous program pa-
rameters and uses constraint violations to guide revision [110]. Meta-Optimization and Program Search
combines language-guided constraint selection with parameter and trajectory optimization [111]. SayPlan in-
stead connects hierarchical scene-graph search to path planning and simulation checks [112]. Their interfaces
determine which part of a candidate can be revised after a failed check.

For the surrounding runtime, these representations help determine the scope of a correction. In parameterized
programs, a failed constraint can motivate a new continuous parameter while leaving the program structure
intact. A missing operation or unsuitable dependency instead requires a structural change. The solver
performs the search within its encoded problem. The Harness can retain its result, supply revised inputs, or
request a different computation when the problem assumptions no longer apply.

Solver Verification and Reusable Results Solver verification is bounded by the encoded problem and
its assumptions. PRoC3S makes constraint satisfaction central to candidate search, while SayPlan checks a
plan against its scene representation [110, 112]. If that representation is outdated, successful computation
can still yield an unsuitable physical proposal. For comparison across methods, the relevant questions are
which assumptions are explicit and which intermediate failure can trigger a local revision.

Reusing such a result also requires knowing what has changed since it was computed. A route can cease
to apply after an obstacle moves even though the planner returned normally. An intermediate geometric
calculation may remain usable if only a later parameter search failed. As a synthesis of the methods above,
preserving the relation between inputs, checks, and returned status supports selective recomputation. This
allows the runtime to identify which computation needs to be repeated, with record formats adapted to each
tool.

4.4 Using Digital Resources: Selection, Execution, and Feedback

Selection and Preparation Resource retrieval narrows the support exposed to a model before requests
are executed. ToolLLM retrieves candidate tools from API documentation, while scalable cloud tool access
uses a semantic–lexical gateway to select a bounded set and preserve session routing [113, 114]. Task-aware
provisioning additionally expands a task-specific configuration after a failed self-check [115]. These digital-
service studies differ in whether selection is a one-time retrieval step or a decision revisited during execution.

Descriptions can also capture applicability beyond an API signature. RoboHarness uses policy cards and
policy-specific memory to describe robot policies and their outcomes [116]. The policies are embodied capa-
bilities, but their searchable descriptions illustrate the resource needed to compare candidates. Selection can
be revisited when the current decision requires inputs or evidence that the chosen resource cannot supply.

Selection is followed by preparation of a particular request. For retrieval, this can mean choosing a compact
state view; for simulation, it means supplying an initial state and candidate actions. A generated program
additionally depends on the tools and libraries available to its calls. Missing inputs require further retrieval,
and an unavailable implementation may require another resource. These preparation failures leave the original
computation unresolved.

Compute Allocation and Serving Compute placement determines when a selected resource becomes
usable. RILaaS exposes authenticated model services and distributes requests across edge and cloud servers
under changing load [117]. FogROS2 moves selected ROS 2 computations to cloud resources through deploy-
ment and networking support [118]. RoboECC instead partitions a model between edge and cloud and adapts
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the split to bandwidth [119]. The first two methods place whole requests or services; RoboECC changes the
division of computation within one model.

A remote processor can reduce inference time while increasing the time needed to obtain a usable answer.
Input transfer, queuing, and result delivery remain on the request path. RoboECC’s bandwidth-dependent
partitioning responds to this coupling within a model, whereas service placement changes where a larger
computation runs. The comparison is therefore sensitive to workload and communication conditions. Placing
a slow planning request remotely also does not imply that a time-critical controller can use the same execution
arrangement.

Scheduling within a processor addresses a different bottleneck from service placement. KerColle overlaps
GPU work from concurrent VLA requests at kernel level [120]. Its GPU-architecture simulations measure
compute throughput; assessing closed-loop robot response would also require checking whether returned
actions arrive before their supporting observations become stale.

Robot-aware scheduling adds the timing of physical execution to this compute problem. Kairos adjusts
executed action horizons using inference confidence and schedules robots with attention to computation-
induced waiting [121]. The scheduling objective accounts for when the next result remains useful to the
robot. Batching and action-horizon selection can consequently affect each other even when the model and
hardware are unchanged.

Shared serving systems separate model-specific behavior from reusable execution support. PhyAI retains
model-specific input, solver, cache, and output logic above shared kernels and memory-management ser-
vices [122]. Z-Infra separates environment and model workers, batches compatible requests, bounds queued
work, and returns asynchronous results through session identifiers [37]. The former emphasizes support for
heterogeneous model implementations; the latter makes concurrency and session lifecycle explicit.

Service Monitoring and Feedback Failure handling depends on what the serving system can observe.
RILaaS uses monitoring to adapt request distribution, whereas Z-Infra uses leases, heartbeats, and lost-session
notifications to expose worker and session failures [117, 37]. Load imbalance can justify redistribution, but a
lost session first leaves the status of its work unresolved.

The response also depends on whether the original work can still be identified. A worker failure may leave
an outstanding session whose completion is unknown, while overload can leave a valid request waiting in
a queue. Rerouting must preserve the association between the returned result, the request, and its inputs.
Otherwise a late result from the original worker can be mistaken for evidence about a replacement request.

Across these methods, resource quality and service availability are separate sources of failure. Another server
may resolve an unavailable computation without correcting stale inputs or an unsuitable predictive model.
A mismatch in inputs or model applicability calls for resource reselection; a service fault calls for execution-
status handling.

5 Embodied Capabilities in a Physical Agentic Harness

Embodied Capabilities expose callable perception and action implementations for physical tasks. Their
operating conditions depend on the robot body, sensors, control interface, and workspace [123, 24]. A runtime
description connects these conditions to the task requests an implementation can support [31, 124, 32]. The
Harness uses that description to select and prepare a capability.

Figure 5 relates capability implementations to their runtime management. We first distinguish perception and
action interfaces and compare representative action implementations, then examine capability management,
composition, and adaptation.
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Figure 5 Overview of embodied capabilities in a Physical Agentic Harness. Callable perception implementations
produce task-relevant estimates and affordances; action implementations produce candidate behavior. Representative
implementations include analytic primitives, learned policies, generalist VLAs, and world-conditioned action models.
These forms can overlap within a system. Runtime management describes, matches, and activates implementations.
Composition, adaptation, and boundary conditions determine how capabilities remain usable and reusable.

5.1 Perception and Action Interfaces

An Embodied Capability is a callable perception or action function associated with a robot embodiment. Its
interface exposes the inputs, outputs, and operating conditions needed to use it. A perceptual capability
returns a task-relevant estimate or affordance. An action capability produces behavior for execution, such
as a navigation command or manipulation sequence. The distinction follows the exposed function: a grasp
detector can return candidate poses or be incorporated into a capability that executes a grasp [125]. A VLA
can internally perform perception and grounding while presenting an action interface to the Harness [1, 2].

Perception connects task language to measurable conditions and possible actions. ConceptFusion combines
open-set multimodal features with 3D maps, while VLMaps grounds language in a spatial representation [126,
127]. Their outputs let a task refer to an object or location through a representation that other components
can query. Affordance methods further relate an observation to an available behavior. AnyGrasp estimates
grasp poses from observed geometry [125]. These functions differ from storing the resulting estimates, which
is a Digital Resources role.

Using a language-grounded target for grasping requires selecting a grasp candidate appropriate for both that
target and the robot. OK-Robot makes this integration concrete by joining open-vocabulary perception,
navigation, and grasping in household tasks [128]. Its composition illustrates why the interface between
estimates and actions matters alongside the quality of each model.

Robo-Harness K1 makes task-relevant perception directly queryable by a robot-use agent [129]. Its tools
expose calibrated depth, persistent visual anchors, spatial measurements, and grasp hypotheses to an existing
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VLM. The agent can request geometric evidence when an image alone does not resolve the next action. The
principal change is the geometric evidence available to the existing model through its interface. Its simulation
comparisons evaluate the resulting robot-use system; they do not isolate every perceptual tool from the
accompanying memory and execution feedback.

The usefulness of a perceptual output depends on its context. An object location needs a reference frame,
and its acquisition time affects whether it can still support an action. Affordances also depend on the current
body and environment rather than being permanent object properties. VoxPoser and SayPlan illustrate how
spatial representations and feedback ground task decisions [130, 112]. Uncertainty and validity information
help the Harness decide whether an estimate is sufficient or another observation is needed.

An action interface can delegate low-level tracking to a robot-specific controller. ViNT predicts relative
navigation waypoints, which the controller tracks on the selected robot [131]. Unlike a perceptual estimate,
this output specifies a desired motion.

The separation between waypoint prediction and tracking also limits what can be inferred from a shared
model interface. The same type of waypoint output can be used on different robots while each controller
realizes it under its own motion constraints. The model output is therefore only one part of the deployed
capability. Its operating conditions include the checkpoint, controller, and interpretation of the output.

An interface can also separate preparing a motion from executing it. VIA lets an agent inspect and edit a
gripper target in a visual 3D interface before an explicit waypoint-execution call [132]. World Action Agent
similarly exposes contact-oriented views and editable action proposals, with planning feedback before execu-
tion and visual correction afterward [133]. VIA emphasizes visual target specification, whereas World Action
Agent adds rehearsal within a longer manipulation process. Both evaluate these interfaces in simulation,
where inspecting a proposal remains distinct from testing its eventual physical effect.

Action interfaces also introduce a temporal commitment. A controller call, an action chunk, and a long-
horizon skill expose different opportunities for reassessment. Completion of inference or command delivery
is distinct from completion of the intended physical effect. The runtime therefore needs to know what the
implementation reports, when it can be interrupted, and which observations support its completion criterion.
These questions apply across the implementation families below.

5.2 Action Capability Implementations

Action implementations expose different opportunities for runtime selection and supervision. The comparison
below asks what behavior an invocation commits to and when feedback can change that behavior. It also asks
which operating conditions are exposed to the caller and which remain implicit in the implementation. We
use analytic skills, learned action sequences, generalist policies, and world-conditioned generation to examine
these differences. These groups overlap within systems: a generalist policy may produce action chunks and
use predicted future states. The action algorithms supply the capabilities; their invocation, execution records,
and external checks supply the Harness support discussed here.

Analytic Primitives and Reusable Skills Analytic implementations expose operations such as inverse
kinematics, trajectory tracking, or grasp execution. Skill frameworks combine such operations with precon-
ditions, resources, and completion conditions. SkiROS2 and behavior-tree methods provide representations
through which a task executive can inspect and compose these behaviors [29, 134]. This structure makes some
assumptions explicit before invocation. It does not guarantee success when geometry or contact conditions
change, and the interface must distinguish internally checked conditions from those monitored elsewhere.

Preconditions, hold conditions, and postconditions let the executive reason about invocation, continued
execution, and outcome at skill level. Skill frameworks and behavior trees make these relationships inspectable
without requiring the executive to reproduce every controller update. The controller still generates motion;
the surrounding support uses the conditions to select, monitor, or replace the invocation. A failed condition
can localize the operation requiring attention and leave unaffected task stages intact.
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Learned Action Chunks and Diffusion Policies Learned policies can predict a sequence of future actions
while committing only part of it to execution. ACT uses temporal ensembling to combine overlapping action-
chunk predictions, while Diffusion Policy generates actions through conditional diffusion and replans after
executing a prefix [135, 136]. Combining predictions and choosing the executed interval are separate design
choices that can coexist. Neither choice alone specifies how an external runtime can interrupt the controller.

The invocation interface determines which part of this sequence the Harness can still revise. A prediction
horizon longer than the executed interval leaves actions that may be replaced after new observations, if the
controller exposes that operation. The runtime therefore needs to relate each sequence to its supporting
observation and distinguish pending actions from committed execution. Changing the latter may require a
controller-level intervention. This distinction also separates failure to produce the next sequence in time from
failure of the physical action already underway. The end of a generated sequence still requires a separate
assessment of the intended task effect.

Generalist Policies and Vision-Language-Action Models Generalist policies broaden the instructions
and tasks supported by one implementation. RT-1 learns multi-task robot control, RT-2 incorporates vision–
language pretraining into action generation, and Octo and OpenVLA provide models that can be adapted
to particular robot settings [137, 1, 138, 2]. The π0 family uses flow-based action generation and extends
task coverage through heterogeneous training data [3, 139]. For runtime use, the relevant comparison is
which observation and action conventions each deployment supports. A policy that accepts many language
instructions does not automatically support a new camera configuration, controller, or robot body.

Task selection and deployment selection therefore remain different runtime decisions. An instruction selects
behavior within a supported policy interface. Deployment selection requires checking whether a checkpoint
and adapter support the current robot. This assessment must account for the available observations and the
controller that will interpret the outputs.

An implementation profile supplies the evidence for that deployment choice. It relates input conventions
and action interpretation to the tasks and embodiments on which the implementation was evaluated. As a
runtime abstraction, it can distinguish several deployments of one checkpoint without assuming that their
reliability is identical. The profile supplies runtime information about supported use; the policy implements
the learned mapping. If the action-generating foundation model is itself the Base Model, the Harness still
provides its surrounding invocation and execution support. A separate task-reasoning model is not required.

Some action models are explicitly designed to receive structured guidance from an agent. 2AM converts agent-
side memory into subtask language and spatial hints for an otherwise episode-stateless action model [140].
AR-WAM instead conditions execution on a target box and operation token, leaving longer-horizon memory
and recovery to the agent [141]. Both rely on compatible action-model training; their interfaces are not
interchangeable additions to any frozen policy.

World-Conditioned Action Generation Some implementations use predicted state evolution directly in
generating an action. Predictive approaches such as UniPi connect anticipated visual outcomes to planning,
while unified world-model approaches study prediction together with decision making [142, 143]. In this
setting, the predicted future is an intermediate representation used to construct behavior. The runtime
question is how that representation becomes an executable action for the available body.

Cascaded and joint approaches place the prediction at different points in action generation. A cascade can
predict a visual future before decoding actions; a joint model couples future observations and actions within
its generative process. GR-2, Unified Video Action Model, and DreamZero provide examples of connecting
future-state modeling to action generation [144, 145, 10]. This internal organization does not alone determine
what a caller can inspect. An interface that returns only actions gives the Harness different evidence from
one that also exposes the predicted trajectory. The exposed outputs determine whether the runtime can use
the prediction as evidence.

The functional distinction is how the prediction is used at invocation. A model queried for a counterfactual
outcome acts as a Digital Resource. An implementation that turns predicted evolution into robot behavior
provides an action capability; one system can expose both roles [146].

21



When a predicted trajectory is exposed, it can support a comparison with later observations. Its interpretation
depends on the conditioning observation, prediction horizon, and mapping to the robot’s actions. The
surrounding runtime can use a discrepancy to request a new prediction or reassess a pending operation. If
the prediction remains internal, that particular check is unavailable through the interface. In either case,
execution evidence is still needed to determine what actually occurred.

Across these implementations, capability granularity determines what the Harness can select and supervise.
Narrow skills can expose geometric tolerances or controller states; broader learned policies often rely more on
empirical applicability conditions. Hierarchical systems combine several granularities rather than choosing
one for every task [13]. Capability descriptions can preserve these differences while supporting substitution
at a common task interface [147, 148].

The management problem that follows is to preserve these interface differences during reuse. A model can
be exposed through several task-specific capabilities with different goals and termination tests. Conversely,
a longer capability can combine learned behavior with explicit control primitives. The same model family
can therefore support different execution units. Selecting a unit also selects its feedback and intervention
conditions. Capability management records those conditions for each concrete request.

Recent whole-body and corrective interfaces make the role of training explicit. HITCH connects language-
model proposals to whole-body planning and a learned tracking controller; its real G1 tests use a trained
vision-language model and tracker [149]. A2-MEAS combines an action model with a learned correction
interface and bounded diagnostic retries [150]. Their results depend on the trained interfaces used in each
evaluation. TinyAstral similarly distinguishes improvements from a revised harness around fixed models from
the performance of a student subsequently trained on harness-mediated trajectories [151]. These designs
expose capability contracts worth comparing while requiring separate accounting for interface engineering
and model training.

5.3 Capability Management

Capability management connects an available implementation to a concrete invocation. Description records
supported conditions, matching assesses the current request, and activation prepares an instance. Embodied-
Skills links executable skills to prerequisite checks, outcome verification, and recorded execution events [65].
Such mechanisms make a capability inspectable across use, although individual systems may combine the
management stages.

Describing Capabilities as Runtime Contracts A capability description relates an API to its physical
operating assumptions. Industrial Robot Skills and SkiROS2 describe typed parameters, resources, and
procedural conditions. AEROS and ECM Contracts extend runtime descriptions to compatibility, recovery,
and governance concerns [50, 29, 152, 148]. Their schemas cover different subsets of these conditions.

Stable implementation metadata also differs from invocation state. Supported sensors, action parameteri-
zation, and software dependencies describe an implementation. Object bindings, current observations, and
available resources describe a particular use. Keeping that distinction permits an observation update without
redefining the capability. It also helps compare implementations that satisfy the same task request through
different adapters or control assumptions.

Observable status gives this description meaning during execution. A timeout leaves the intended effect unre-
solved, whereas a verified failure supplies evidence that the effect was not achieved under the tested condition.
An interruption can leave a partially completed operation whose outputs are still relevant. These distinctions
connect the contract to the physical state left by a call. They are especially important when substituting
implementations: identical function names do not ensure identical stopping behavior or completion evidence.

Matching Capabilities under Embodiment Constraints Matching relates task relevance to present
feasibility. ProgPrompt conditions planning on available actions and objects, while SayCan combines language
relevance with estimates of skill affordance [124, 31]. Feedback and scene representations provide further
evidence about whether a candidate applies now [14, 130, 112]. A missing required sensor or incompatible
action format can exclude an implementation. Physical prerequisites still need to be satisfied even when a
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capability is highly relevant to the instruction. Expected latency or past performance can rank candidates
that remain feasible.

Incomplete evidence creates a different result from established incompatibility. An occluded target may
require additional perception rather than immediate rejection of the capability. Conditions can also change
between matching and invocation. Matching can therefore be revisited when an observation or resource
assumption changes.

Activating and Instantiating Capabilities Activation prepares the selected implementation for a con-
crete request. It grounds arguments and configures the required resources and feedback channels. Generated
programs in Code as Policies and feedback-based execution in Inner Monologue illustrate ways to connect
selected functions to task-specific inputs [32, 14]. Device discovery and binding can occur during this prepa-
ration. We call the information describing the prepared operation a capability proposal ; its representation
can vary across implementations. Execution Governance assesses physical dispatch using that information
and the applicable constraints.

Grounding connects this preparation to a specific execution. An abstract object reference must resolve to the
target used by the selected implementation, and a pose must be interpreted through the active observation
and action adapters. Code as Policies exposes some of these dependencies in generated calls, while Inner
Monologue uses feedback to revise the context in which actions are selected. Retaining the implementation
and grounding context lets later status be attributed to that instance. Without this association, a correct
result from an earlier invocation can be confused with completion of the current request.

Preparation can fail without any physical action occurring. An unavailable model service or incompatible
adapter is therefore different from a failed grasp. After dispatch, feedback must refer to the configuration that
produced the operation. If a change of implementation, target, or adapter invalidates admission assumptions,
the affected proposal requires reassessment.

5.4 Capability Composition and Adaptation

Composition connects functions through both their outputs and their physical operating conditions. OK-
Robot integrates recognition, navigation, and grasping, while Thea organizes callable tools around physical
feedback [128, 89]. Harness VLA combines a frozen action policy with external support for contact-rich
execution, and RoboBRIDGE adds adapters, monitoring, and replanning around pretrained policies [26, 82].
These systems illustrate different levels at which a capability can be composed with other mechanisms.

Composition also depends on the successor conditions discussed in Section 3.2. A reusable capability interface
exposes those conditions so that orchestration can assess them against the state produced by the previous
call.

Intermediate outputs determine how much of a composition can be reused after failure. A grasp failure does
not necessarily invalidate the map used to reach the object. A changed object pose can, however, invalidate
several downstream motions grounded in the previous estimate. This is the capability-side reason to preserve
dependencies between outputs and their consumers. Task-level recovery can use these dependencies to retain
valid results and repeat only the affected invocations.

Adaptation changes an implementation or its interface for a deployment. Adapters translate conventions
across platforms; separately managed policies can be specialized to new observations or actions, as illustrated
by Octo and OpenVLA [138, 2]. Calibration changes instead affect the references maintained through Digital–
Physical Interaction. These adjustments can support reuse, but their validity depends on the tested body
and conditions. Preparing an existing implementation for the current task differs from retaining a revised
component for later episodes.

Interface adaptation and policy specialization also change different assumptions. An adapter can translate
a supported observation or action convention without altering the policy weights. Fine-tuning changes the
learned behavior and therefore requires evidence for the revised deployment. Policy reuse therefore requires
empirical validation of the adapted deployment, as illustrated by Octo and OpenVLA. If an adaptation
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changes the conditions exposed by the capability, its callers may need to be reassessed even when the task-
level name remains unchanged.

Reusable compositions can themselves enter a capability library. ASPIRE repairs and validates code-as-policy
skills, while EmbodiSkill distinguishes a defect in stored skill guidance from a lapse during execution before
applying revisions [153, 154]. These mechanisms connect composition to Persistent Evolution. Their reuse
still depends on preserving the constituent assumptions and the scope of the validation. The next section
examines how proposed behavior is admitted and supervised once such capabilities are invoked.

6 Execution Governance in a Physical Agentic Harness

Execution Governance decides whether and under what constraints a physical action may proceed. It also
determines whether the observed outcome meets the criteria for acceptance. Task and capability context,
applicable constraints, and execution evidence support both decisions. Task Orchestration uses the resulting
status to manage the workflow, while Digital–Physical Interaction supplies device-grounded observations and
carries admitted commands.

The candidate may be a tool call, an action chunk, a policy command, or an executable program. Governance
applies at the granularity at which the runtime can inspect a candidate and enforce the resulting decision
on its physical execution, so admitting a program does not imply that every internal step has the same
gate. The relevant context may include a capability contract, target and parameters, preconditions, current
body or environment state, live telemetry, authority state, or an outcome record. A capability catalog,
fixed serializer, or transport bridge may support this path. The governance function is the decision that
constrains execution or assesses an outcome for acceptance. Before or during execution, such decisions can
allow, modify, or block an action [155, 156, 157]. Some runtimes also defer or stop an action when conditions
remain unresolved [155, 158].

Governance can be analyzed around three decision points in the action lifecycle. Before execution, it checks
whether a proposed action may start. During execution, it monitors the action and can intervene or transfer
control. At closure, it determines whether the observed outcome satisfies the acceptance criteria. Audit
fields may be written throughout the lifecycle and used to support closure and subsequent decisions. These
decision points can be combined within a runtime and revisited as execution changes [30, 15, 158]. A system
may connect them through a shared execution record.

6.1 Governance State and Executable Constraints

Governance state is the information that a runtime can inspect when deciding about a physical action. It may
include the requested capability and arguments, target and intended effect, current body and environment
state, preconditions, physical limits, permissions, freshness, uncertainty, authority, and available recovery
options. A check becomes operational when its result constrains execution or determines whether an observed
outcome is accepted. Before or during execution, it can permit, modify, defer, or block an operation; at
closure, it can leave an outcome unresolved until the required evidence is available. A diagnostic contributes
to governance when a runtime decision consumes it.

Some systems expose governance state through the tool interface. ROSClaw gives its validator a typed man-
ifest, allowlist, velocity bounds, and normalized observations before a ROS call is published [156]. LabGuard
instead compiles laboratory rules into an executable representation and checks live chemical and kinematic
state [157].

Other representations make authority and evidence obligations explicit. ETA keeps tool identity, side effects,
fresh-observation obligations, and trusted receipts under host control [155]. The runtime-governance frame-
work also represents telemetry, intervention state, and recovery conditions [158]. These fields connect an
individual check to the conditions under which execution may continue.

These representations differ in how much they depend on current evidence. Static type and permission rules
can govern if an online decision consumes their result. State-dependent checks may additionally require a
current observation, a valid endpoint, a non-stale execution context, or a feasible recovery condition. Keeping
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Figure 6 Execution Governance organizes a physical action around three decision points. Before execution, action
admission determines whether and how a candidate starts. During execution, supervision reads live evidence and
intervention changes the running action or transfers control. After execution, outcome acceptance compares intended
and observed effects and preserves audit evidence. A shared governance state supplies the capability contract, intent,
authority, physical limits, live state, and recovery options used across these decisions. The arrows indicate analytical
relations rather than a mandatory one-way execution sequence.

these cases separate lets the survey distinguish syntactic correctness, physical feasibility, policy compliance,
and human authorization. The comparison here concerns the information consumed by a check and its effect
on physical execution, where the source reports those details.

6.2 Before Execution: Action Admission

Action admission assesses a candidate before physical dispatch. The checks and the resulting decision are
distinct: a candidate may pass some interface checks while still lacking permission or sufficient evidence to
start.

Permission and Constraint Checks Admission checks use this state to test whether a particular request
can proceed. ROSClaw checks a call against configured command restrictions before publication, while
LabGuard evaluates its permissibility under the current laboratory state before dispatch [156, 157]. A request
that still conforms to its interface can fail a state-dependent check after the environment changes.

Admission can also depend on whether the evidence required by a check is available. ETA prevents a new
world-changing call while fresh-observation obligations remain unresolved [155]. The runtime-governance
framework relates capability metadata to policy context and current telemetry [158]. These checks distinguish
a request that violates a known constraint from one whose permissibility cannot yet be established. The
following decisions determine how each case affects dispatch.

SafeHarness separates route admission from contact execution, checking obstacle geometry and carried-object
clearance before motion [41]. Its SafeLIBERO experiments report task success, collision avoidance, and their
conjunction separately. In the matched GPT-5.5 comparison, safe success increases from 31.3% with model-
and-skills support to 73.1% with the full harness over 320 simulated episodes. The collision proxy is obstacle
displacement, so this result does not certify all contact hazards or model errors. CarryOn shows why violation
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reduction must be assessed alongside completion: in its LIBERO-Safety comparison using a safety-fine-tuned
π0.5 policy, violations decrease from 52.6% to 6.1%, while violation-free completion changes only from 25.3%
to 25.6% [159].

Admission Decisions and Escalation The result of a check determines how the proposed operation
changes. ROSClaw allows conforming calls or blocks them with a structured rationale. LabGuard’s SafeFilter
additionally supports modifying an action before execution [156, 157]. Admission mechanisms therefore vary
in whether they reject a request or permit a modified action.

Other mechanisms preserve an unresolved decision. ETA blocks further dispatch until observation obligations
are discharged and can force a safe stop [155]. The runtime-governance framework defines accept, reject, defer,
and escalate outcomes [158]. Deferral leaves a condition to be resolved; escalation transfers the decision to
an additional review path. The existence of that interface should be distinguished from a demonstrated live
takeover.

6.3 During Execution: Supervision and Intervention

Runtime Supervision Once an action has started, runtime supervision maintains an active execution
state, reads telemetry or progress signals, and evaluates whether the current mode remains valid. Missing,
stale, or delayed evidence becomes governance-relevant when it triggers a control decision about continuation,
pause, stop, or recovery.

Controller-level supervision monitors whether a safe execution mode remains available. SOTER uses safe
regions and reachability conditions to decide when an advanced controller should no longer remain active [30].
AESOP addresses the additional delay of language-model reasoning. Its fast anomaly monitor triggers slower
intervention selection while a receding-horizon controller preserves feasible recovery options [15]. The formal
result depends on the modeled dynamics, recovery-set invariance, and latency bound.

Task-relevant supervision uses a different level of state. RoboBRIDGE tracks the active primitive, perception,
and monitor confidence to detect failures that require stopping and diagnosis [82]. PhyAgentOS uses session
state, heartbeats, and verification to identify stalled or semantically failed execution [56]. These checks can
expose failures that a low-level controller does not represent. Their effectiveness still depends on what the
monitor can observe and which physical interventions it can request.

Supervision can also check a physical prerequisite before permitting a dependent action. CommitFlow verifies
semantic commitments during VLA execution and applies local correction when a prerequisite is unmet [160].
It rechecks the corrected state and preserves unaffected progress. The base policy remains frozen, but the
verifier and correction components are trained. Simulation and hardware trials evaluate whether this check-
and-correct loop enables the original policy to continue.

The Physical Agentic Loop illustrates a narrower, physical-task-specific version of the same pattern. A
Watchdog maps gripper effort, closure, micro-lift, and timeout signals to structured outcome labels, and a
bounded policy uses the label and attempt history to finalize, retry, reselect, ask for clarification, or terminate.
Its Stretch experiments provide direct hardware evidence for this execution-state path, with automatic retry
exercised for selected failure classes. The evidence concerns monitorable, bounded recovery around one grasp
primitive [161].

BT-Agent represents execution through behavior trees whose preconditions and periodic guards can stop
action independently of the language-model actor [162]. Its physical Spot trials retain operator approval for
motion. The reported median 19ms intervention interval measures issuance of a zero-velocity command after
local acceptance, not the time until the robot physically stops. FastHarness changes review frequency using
retained experience, reducing language-model supervision on familiar stages while retaining error-triggered
review and audits [163]. Its four-task simulation study supports a review-cost tradeoff, but missed failures
and the short evaluation sequences preclude a claim of reliable long-term supervision.
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Intervention and Control Transfer Execution-time intervention applies an explicit control effect to the
active physical action or to the authority that controls it. It may constrain, pause, hold the robot’s position,
stop, replace the active command, or transfer the active control path. Updating workflow progress alone
is not an execution-time intervention. Outcome acceptance is a separate governance decision, discussed in
Section 6.4. The scope of intervention authority must be stated explicitly. A Harness may veto or redirect a
policy action while a downstream controller, hardware interlock, or independent emergency stop retains final
actuator authority.

Controller switching and task-level recovery affect execution through different mechanisms. SOTER disables
the advanced-controller output path and permits its return only after a recovery condition is reached [30].
AESOP selects among bounded recovery options while accounting for the time needed to choose one [15].
Their guarantees depend on the controller and timing assumptions used in the analysis.

RoboBRIDGE and PhyAgentOS connect stopping or cancellation to broader recovery decisions [82, 56]. Stop-
ping or cancellation changes the active action or its authority; orchestration then selects the task continuation.
A stop request also depends on downstream control semantics; issuing it does not establish an instantaneous
physical halt.

MIRA separates rapid interruption from the slower interpretation of a person’s new request [164]. Its full-
duplex interaction system limits committed behavior to a short prefix and uses a fast speech-triggered in-
terruption path alongside deliberative turn arbitration. This lets a robot respond to an interruption before
deciding how the task should continue. The reported interruption latency ends at abort-command dispatch,
so it must not be interpreted as the time until physical motion stops.

Transfer to a human or another service changes who may issue or hold execution authority. The runtime-
governance framework defines escalation and takeover interfaces. ROSClaw’s independent “/estop“ path
illustrates stop authority, not authority transfer. An implemented transfer interface and an exercised live
takeover-and-return trial should therefore be reported separately [158, 156].

6.4 Closing Execution: Outcome Acceptance and Audit

An interface-level success status does not necessarily establish that the intended physical effect occurred. Out-
come acceptance is the runtime decision that combines the intended effect, current or refreshed observations,
device- or environment-native signals, and explicit acceptance criteria. An audit record preserves the pro-
posal, checks, interventions, and outcome as evidence used to close the current action and support subsequent
decisions. Acceptance of an action outcome informs task progress; Task Orchestration determines whether
that outcome satisfies the dependencies of the wider workflow. The audit record contributes to governance
when a decision uses it to constrain execution or assess the outcome for acceptance.

Outcome checks differ in the evidence they use and in what follows an unresolved result. ETA combines a
host-attested receipt with fresh observation obligations that can block the next world-changing call [155]. The
Physical Agentic Loop uses telemetry and attempt history to assess a grasp, while PhyAgentOS evaluates
the session objective against refreshed state and action–observation history [161, 56]. A PhyAgentOS replan
verdict creates a child session, preserving the original attempt. ROSClaw’s append-only records instead
support within-trial diagnosis by linking observations, calls, admission decisions, and outcomes [156]. Their
evidential scope ranges from physical-outcome assessment to diagnosis of the execution trace.

RegenHarness makes the separation between observation and accepted progress explicit [165]. Its commit
gate checks evidence associated with the current task and configuration before advancing accepted state.
An unresolved result remains uncommitted and can trigger bounded recovery. The mechanism addresses
premature acceptance of progress; it still depends on the underlying observations being sufficient to establish
the physical effect.

The evaluator itself also requires validation. RoboValue tests learned execution judgments using instruction
changes, forward/reverse trajectory replay, recurrent visual states, and matched successful or failed recovery
trajectories [166]. Reverse replay probes progress tracking without requiring a physically executable reverse
trajectory. Its success-accuracy metric ranks successful against unsuccessful trajectories; it is neither the
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robot’s success rate nor calibrated acceptance at a deployment threshold. The results show that favorable
progress correlation can coexist with weak instruction grounding or recovery assessment. Such offline eval-
uator evidence supports choosing diagnostic tests, but does not establish the closed-loop safety benefit of
deploying that evaluator.

Evidence Limits The scope of governance evidence depends on both the enforced constraint and the test
setting. ROSClaw exercises configured interception on TurtleBot3, with additional Go2 and G1 confirmation
runs, whereas LabGuard tests its state-conditioned filter in simulation [156, 157]. ETA evaluates host-side
checks in LIBERO and supplies qualitative UR5e recordings. The runtime-governance study tests synthetic
policy violations in Gazebo UR5e simulation [155, 158]. The grasp loop and PhyAgentOS add limited physical
validation of their decision paths [161, 56]. Formal assurance results further depend on modeled dynamics,
state information, and timing. The resulting evidence is limited to the tested enforcement paths and the
assumptions of each analysis.

The verifier itself is part of this evidence limit. The survey No Free Checker distinguishes the availability
and cost of a check from the credibility of its verdict [167]. A check that arrives too late cannot support
the same intervention as an immediate one, even if its eventual judgment is more accurate. Comparisons
therefore need independent outcome evidence as well as the runtime verdict and its arrival time.

The next section examines the device interfaces through which these decisions take effect and execution
evidence returns. Section 9 compares evaluation settings across the Harness responsibilities.

7 Digital–Physical Interaction in a Physical Agentic Harness

Digital–Physical Interaction is the Harness responsibility that connects an authorized operation to the phys-
ical interface that realizes it and returns evidence from that exchange. It preserves the binding, interface
semantics, and spatial and temporal references needed to relate a command to its observations. The interface
may be implemented through middleware, a service, or device-side software [168, 38]. Within these layers,
Harness functions are identified by the binding and interpretation support they provide.

In this section, a physical interface is a runtime-visible interface through which the embodied system ex-
changes commands or observations with the physical task. It can expose robot sensors and actuators and,
when the task depends on them, external instruments or environmental devices [169, 170]. The runtime
resolves a logical capability invocation to a concrete endpoint and an interpretation, then dispatches the
admitted operation and associates the returned status and observations with that invocation. Task Orches-
tration still selects the continuation, and Execution Governance still determines permission and outcome
acceptance. Preparation can occur before admission, but a change in binding or interpretation requires the
affected operation to be reassessed before dispatch.

We use interaction session for the record of one device exchange. It stores the selected endpoint, schemas, and
reference configuration needed to interpret the exchange. This record differs from the objective-level execution
session discussed in Section 3.2. Keeping the two records separate allows the runtime to distinguish a change
in task progress from a change in the interface used to carry out one operation [56, 89]. Figure 7 summarizes
these responsibilities.

7.1 Resolving Operations to Physical Interfaces

A capability request is logical until the runtime resolves it to an interface that can interpret and execute
it. Discovery identifies candidate endpoints, compatibility checking examines their semantics, and binding
selects the access path used for the exchange. EVA-Client separates robot backends, inference strategies, and
transport middleware, allowing these parts of the interface to vary independently [171]. RIO uses replaceable
real-time I/O components across robot configurations [172]. Such designs reduce platform-specific coupling,
but a shared API remains valid only when the device assumptions behind it are preserved.

Middleware and device-side runtimes provide the transport, scheduling, and hardware abstraction on which
an exchange depends. XBot2, for example, combines hardware abstraction with real-time and non-real-time
components [173]. The ROS 2 real-time literature studies timing and scheduling at these lower layers [174].
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Figure 7 Digital–Physical Interaction as a device-grounded bidirectional process. The Harness runtime maintains
logical roles, capability invocations, authorized actions, and interaction-session state. Device-side software and physical
devices carry out authorized operations and return observations. Their placement does not by itself determine whether
they perform a Harness function. Endpoint bindings and shared schemas connect the action and observation paths.
Spatial and temporal alignment preserve their interpretation, while recovery restores the interaction through rebinding,
recalibration, or resynchronization.

These mechanisms constrain when a request can be carried out and what feedback can be returned. They
therefore supply execution support used by the Harness, while the Harness retains the binding and evidence
needed for the task-level decision.

Discovering and Binding Devices Discovery identifies equipment and the capabilities it exposes. The
candidate set may include robot sensors and actuators as well as instruments that affect the physical task.
Identity, availability, and reachability answer different questions: a known endpoint may be busy, discon-
nected, or temporarily unavailable. Descriptions must also expose usable semantics, since structural identi-
fiers alone do not explain how an operation should be interpreted [175].

Binding resolves a logical request to a device and endpoint, then records the configuration used for the
exchange [176, 177]. A device replacement or endpoint change can invalidate that record even when the
logical capability name stays the same. Trust and authority checks may restrict which endpoints or capability
packages can be bound [178]. The final decision to permit a physical operation remains part of Execution
Governance.

When several endpoints advertise the same operation, binding selects the access path and its interpretation
rules. The device behind that path can reconnect or be replaced under the same endpoint name. Keeping the
device identity separate from the access path lets the runtime distinguish these cases. Otherwise, observations
from the replacement may be interpreted using assumptions retained from the previous device.

Agreeing on Schemas and Session State Schema compatibility concerns what a command or observa-
tion means. Types and argument names provide only part of this meaning; units, coordinate frames, controller
conventions, and error semantics also affect interpretation [179, 180]. The same model checkpoint can pro-
duce different commanded motions under different action unnormalization and controller settings [181]. An
interface check must therefore cover the path to the controller, including the adapter configuration. A unified
API reduces repeated implementation work, but it does not establish this compatibility by itself [182, 183].
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The interaction session retains the selected binding and interpretation rules during use. It also associates
calibration and timing references with the exchange [56, 89]. Industrial telemetry shows why numeric values
or local identifiers alone can be insufficient: reconstructing OPC UA data can lose engineering units and
encounter identifiers that change across sessions [184]. Device identity and session identity therefore serve
different purposes. Preserving both supports comparison across reconnection or configuration changes without
assuming that a session-local identifier remains stable.

7.2 Dispatching Operations and Interpreting Evidence

Once an operation has been admitted, the action path translates it into the format expected by the selected
endpoint. The feedback path returns execution status and measurements that can be interpreted under the
same binding and schema. Perceptual capabilities may then turn measurements into task-relevant estimates;
transporting a sensor value does not by itself establish the meaning or success of an action.

From Authorized Operations to Device Commands Dispatch translates the admitted operation into
the command format expected by the selected endpoint. Adapters may convert parameter conventions or
map a common API to platform-specific instructions [185, 179]. The execution unit may be a discrete call
or an action stream. VLA-RAIL, for example, dispatches action chunks asynchronously [186]. A receipt or
execution handle identifies the submitted work for later status queries. If rebinding or parameter conversion
changes an assumption used during admission, the affected operation requires reassessment before dispatch.

Discrete calls and action streams expose different execution status. A discrete operation may return an
identifier through which completion is queried. With a stream or sequence of chunks, some behavior may
already have executed while later commands remain pending. The interface must report status at the
execution unit it exposes. A received message establishes communication progress; it does not by itself
establish how much physical behavior has occurred.

The uni-robot-agent harness makes observations, calibration, and robot state part of a consistent snapshot
and uses request identifiers to deduplicate execution [187]. An operation with uncertain physical completion
blocks further execution until recovery establishes its status.

Its real-robot evaluation uses task-rubric scores, which should not be reported as binary episode success rates.

From Device Feedback to Runtime State Device feedback describes execution status and observed
conditions. Its interpretation depends on the source, acquisition time, and relation to the originating invoca-
tion [156, 171]. Normalization can expose a common observation format while retaining these references [188].
Execution traces provide further associations between calls and returned evidence [189, 190]. These records
support task progress assessment and governance decisions. Missing or delayed feedback must remain explicit,
since an absent update gives no assurance that the physical state stayed unchanged.

Normalization is useful only when it preserves the information needed by the consumer. Replacing acquisi-
tion time with arrival time hides the delay between sensing and processing. Associating feedback with the
originating invocation also separates a late result from evidence about the currently active operation. Trace
and session records preserve these associations for task-progress and outcome assessment.

7.3 Maintaining Spatial and Temporal Reference

Commands and observations remain meaningful only while their reference conventions apply. Spatial align-
ment relates a target or measurement to the relevant device. Temporal alignment establishes when infor-
mation was acquired and whether it still supports the pending decision. Units, calibration, and controller
conventions are part of the same interface state because each can change the physical meaning of an otherwise
unchanged request.

Units and Spatial Alignment Unit conversion must preserve the intended physical quantity across the
interface. Action normalization, sign conventions, and controller units can otherwise change the motion
produced by an apparently unchanged request. Protocol-level unit types make some mismatches checkable
before dispatch [180]. The active conversion settings therefore belong with the configuration used to interpret
the operation.
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Coordinate transforms relate sensor measurements, robot motion, and task targets. Transform infrastructures
and joint spatial–temporal calibration provide established mechanisms for maintaining these relationships [51,
52]. More recent methods address asynchronous sensing and online estimation under changing conditions [191,
192]. For the Harness, the relevant question is whether the transform used by a command remains valid for
the observation that supports it. A stored world frame does not supply the time-dependent pose of a moving
sensor or establish that its calibration remains applicable.

Transform lookup and calibration address different parts of this problem. A system such as tf represents
relationships between frames for downstream queries [51], whereas calibration estimates the parameters that
make those relationships physically meaningful. Normal robot motion calls for an updated pose, not nec-
essarily new calibration. A changed sensor mounting or reference configuration can instead invalidate the
calibrated relationship even when transform lookup still succeeds. Know Your Body illustrates the comple-
mentary case in which queryable relations between commanded motion and functional points are revised
from interaction feedback [193]. If such revisions are retained for later episodes, they enter the Persistent
Evolution questions discussed in Section 8.3.

Timing and Observation Validity Interpretable timing requires known relationships between timestamps,
including uncertainty about clock offsets, delays, and ordering [52, 194]. Clock offsets concern how timestamps
relate, transport delay concerns when a measurement becomes available, and callback or execution order
concerns when software processes it. Correcting one does not automatically correct the others. Deterministic
ROS 2 execution addresses scheduling semantics, while temporal calibration addresses relationships between
sensing streams [195].

Observation validity depends on the physical decision being supported. A recent reading can be incomplete,
while an older observation may remain adequate for a slowly changing quantity. Inference can also introduce
a gap between the observation used to decide and the state encountered during action [196, 197]. When
freshness or alignment is uncertain, the interface should expose that uncertainty so the requesting component
can obtain new evidence or reassess execution. Digital twins provide a setting in which observations update a
maintained representation [198]. GaussTwin, for example, uses calibrated camera views to correct simulated
object states [103]. Such state correction does not by itself change the calibration or the surrounding map.

7.4 Recovering from Interface Faults

An interface may become unusable even when the logical capability and task objective remain valid. The
fault can concern connectivity, an adapter, calibration, or timing. Interface reconfiguration restores a usable
exchange by producing a revised configuration and evidence that the configuration applies. This is a current-
episode recovery mechanism. A revision retained for later episodes belongs to Persistent Evolution, discussed
in the next section.

Detecting and Locating Interface Faults Receipts, endpoint status, observation timestamps, and session
records help locate an interface fault [82, 89]. A missing receipt leaves delivery or acknowledgment uncertain;
it does not establish that no physical action occurred. Additional status or physical observations may be
needed before the attempt can be interpreted. Schema errors suggest an adapter problem, while inconsistent
spatial or temporal references suggest calibration or timing faults. Perceptual misinterpretation and an
invalid task plan require different responses and should not automatically trigger interface replacement.

Diagnosis can remain unresolved: a mismatch between the commanded target and returned observation
may originate in the spatial mapping or in physical execution. Status and observation records narrow the
investigation but may leave several plausible causes.

Repairing the Interface Rebinding changes the device or access path. Adapter reconfiguration repairs
command interpretation, while recalibration and resynchronization address invalid reference relation-
ships [192]. Some calibration procedures require physical motion, which remains subject to action admission.
Restoring a connection does not justify repeating an earlier invocation whose physical outcome is unresolved.

31



Validating the Updated Interface Validation checks the part of the exchange affected by the repair:
endpoint identity and schema after rebinding, command interpretation after adapter changes, or spatial and
timestamp relationships after calibration and timing repairs. Restored network access alone does not establish
that an interrupted physical action succeeded. The execution record should preserve the failed attempt and
the configuration change so later assessment can distinguish their effects [56, 189].

The resulting evidence is passed back to the other Harness responsibilities. Execution Governance reassesses
affected permissions, and Task Orchestration uses the observed state to select a continuation. Persistent
Evolution concerns interface settings or other runtime support that are retained for later episodes.

8 Persistent Evolution in a Physical Agentic Harness

Persistent Evolution concerns revisions to Harness-managed components that remain available beyond the
current episode. Retention means that a change persists; adoption means that a later episode uses it; im-
provement requires evidence of a benefit under stated conditions. A later episode may repeat the same task,
so retained use and generalization to new task types require separate evidence. Temporary retries and re-
connection remain current-run mechanisms. This section examines retained runtime support and separately
managed components. The update target determines whether a change belongs to Harness evolution or Base
Model training. A managed action policy can be revised as a capability, while another foundation model
remains the Base Model. When the action policy is itself the Base Model, changing its core weights is a
model update; changing its surrounding memory or execution support is a Harness update. Joint approaches
can involve both.

8.1 Targets of Persistent Evolution

A retained revision can affect any of the other five responsibilities. The following targets identify what
changes, without requiring a separate module for each responsibility.

Task Orchestration Saved workflows can change step order, skill routing, or handoff and recovery condi-
tions. Replanning only the current task is distinct from retaining a revised procedure for later use.

Digital Resources Experience can revise reusable memory, predictive models, or retrieval rules. For ex-
ample, a recurring failure can motivate a retrieval rule used in later episodes; merely saving its observation
does not establish such a revision.

Embodied Capabilities A library can acquire a new skill or replace an implementation, policy, or adapter.
Changes to the required inputs or action conventions can also affect callers and downstream capabilities.

Execution Governance Stored constraints, monitoring rules, and acceptance criteria can change. An
intervention affects current execution; a retained rule changes how future operations are assessed.

Digital–Physical Interaction Experience can motivate a revised binding, calibration procedure, or com-
mand interpretation that is retained for later episodes. Routine state refresh and reconnection during the
current exchange do not establish this change.

8.2 Evolution Process

Figure 8 links four activities from execution feedback to later use. Development tests help construct a
candidate, separate evaluation tests its behavior beyond the development examples, and release controls
determine where it becomes active. The ordering and extent of these activities depend on the component
and its risks.

Collecting and Interpreting Feedback Feedback becomes useful for revision when an observed outcome
can be related to the component that may have caused it. A failed grasp can reflect perception, execution,
or unsuitable task guidance, so a failure label alone does not select the update target. Thea uses evaluator-
approved outcomes to consolidate lessons, while ENPIRE gives coding agents rollout and verification results
for repeated physical experiments [89, 199].
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Figure 8 Three complementary views of Persistent Evolution. The top panel shows how Self-Evolution automates
selected process activities, with recursive self-improvement (RSI) also revising the procedure that produces future
updates. The middle panel connects feedback, component revision, evaluation, and version management, with later
execution providing feedback for further revisions. The bottom panel summarizes seven groups of methods that
support revision and evaluation. The outer frame represents shared safeguards across all three panels, including
human approval when required, independent evaluation, and safety constraints. Individual systems may implement a
subset of these functions and select deployment controls according to their risks.

Zeva clears its online memory between episodes; Remember Smarter and AGM also use execution history to
support current-task progress [200, 201, 202]. They illustrate episode-local support, whose persistence would
need to be established separately.

Revising Harness Components Revisions may need to change several support components together.
Teach and Grow links reusable skill blocks with structured experience memory in LIBERO [203]. A skill
update that expects a new memory representation requires a compatibility check with the reader that supplies
it. The candidate evaluation therefore covers the change and its affected dependencies, whether generated
manually or automatically.

Evaluating the Revised Harness Update evaluation asks whether a candidate achieves its intended
change and whether previously supported behavior regresses. The intended change may repair a failure,
add a reusable skill, or revise how evidence is retrieved. Tests of that objective need to be accompanied
by regression and compatibility checks, including tests beyond the development examples. EmbodiedSkills
supplies typed execution checks and recovery traces in simulation, whereas REFACTOR-VLA evaluates
library abstractions on offline LIBERO data [65, 204]. The latter’s reward-based check is inactive when
reward annotations are unavailable. These studies provide evidence from simulated execution checks and
recovery traces, and from offline library evaluation, respectively. Neither establishes subsequent physical
adoption of a revision.
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The evaluation unit also depends on what the revision changes. Replacing a skill implementation can affect
the states supplied to its successors even if the replacement succeeds in isolation. A revised memory reader
can change the evidence supplied to an otherwise unchanged policy. Testing only the edited component would
miss these interactions. Update evaluation therefore includes dependency compatibility, with performance
claims limited to the tasks tested.

Managing Harness Versions Version management connects an adopted component to the evidence used
to select it. Qin et al. evaluate gated promotion and rollback for versioned skill modules in robosuite [205].
Their gate blocks injected regressions but also rejects some clean candidates, while the rollback detector misses
some deployed regressions. The observed false rejections and missed regressions limit the reliability of these
release controls. ICAN-Deploy separately examines capability identity and deployment mechanics in bridge
tests [206]. AgenticRobotics links versioned evidence and approval in simulated LIBERO-10 campaigns [207].
Because a capability name can remain stable across changes, tracking the actual implementation and its
dependencies is necessary to interpret later behavior.

Systems can use deployment controls to limit exposure to a candidate; the reviewed implementations vary in
which controls they provide. Shadow deployment compares candidate decisions on live inputs without granting
it robot control. Canary deployment limits candidate-controlled execution to selected tasks or robots, and
promotion expands that scope after review. Shadow comparisons leave the physical consequences of candidate
actions untested, whereas canary operation incurs those consequences within its permitted scope.

Rollback restores a compatible configuration for future execution; it cannot undo the physical effects of earlier
actions. A restored skill may also require a compatible memory reader or adapter. Subsequent failures must
therefore be interpreted against both the active version and the physical state left by prior execution. The
reviewed version-management studies provide limited evidence of this complete process over sustained physical
operation.

8.3 Evolution Methods

Revision methods can be compared by the object they change and by the support used to generate or validate
that change. We first examine methods for memory, skills, workflows, and managed policies. We then discuss
search, human and fleet feedback, and governance checks that can support several revision targets. A method
can combine several of these update targets and supporting mechanisms.

Memory and Knowledge Evolution Memory evolution revises guidance that can be reused in later
episodes. Thea consolidates successful task lessons into durable memory and tool-specific experience used in
later sessions [89]. Its sessions can each contain several tasks. PhyAgentOS checks knowledge before cross-
session reuse, but a child session may continue an unfinished goal [56]. Such continuation remains within the
same episode under our definition in Section 2.2. Cross-episode adoption requires use after the earlier episode
ends. These systems describe physical implementations of retention and reuse, but their task demonstrations
do not isolate the cumulative benefit of every retained lesson.

Know Your Body retains a different kind of knowledge: relations used to interpret robot motion and reusable
experience derived from interaction [193]. Revising a body estimate can require checking experience that
depended on the old estimate before reusing it. This links persistent knowledge revision to the spatial
interpretation discussed in Section 7.3. Its physical experiments include progress across successive successful
trials, but those curves are conditioned on success and do not establish an unconditional improvement in
success rate.

Controlled studies examine changes to reusable content and to the mechanisms that select it. OnEvoMemory
updates its value estimator and memory-selection modules around a frozen policy; episode-local memory is
distinct from these learned revisions, evaluated after a round of adaptation on manipulation benchmarks [208].
ABot-AgentOS instead turns diagnosed retrieval and answering failures into structured assets that affect
only later data splits, with evolution evaluated on embodied question-answering and question-answering
benchmarks [209]. Harness VLA combines task-specific reference traces with general rules derived from
failure analysis; its few-shot LIBERO and RoboCasa evaluations test this guidance on held-out seeds [26].
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DreamLedger retains execution histories used to decide whether to rely on world-model predictions, evaluated
in simulation and Franka tabletop experiments [210].

The revised object determines how reuse can be evaluated. A task-specific trace can be checked on new
executions of the same task, whereas a general rule calls for tests beyond the case from which it was derived.
For a revised selection mechanism, the question is whether it retrieves more applicable evidence, even if the
stored records are unchanged. Histories used to assess predictions instead need to be tested through the
resulting decisions to trust or reject those predictions. Evaluation must therefore measure how the revised
content or selection mechanism changes later decisions.

SERA supplies a controlled example of retained guidance: its selected harness improves RoboMME success
from 44.38% to 51.38% across 800 test episodes, with planning and action models fixed [39]. The test
uses new instances of the same task set, and development can use privileged diagnostic traces that are
unavailable at runtime. InstAgent compares initial and evolved experience libraries after freezing both for
physical evaluation [40]. Its three model-specific comparisons improve from 34/40 to 38/40, 31/40 to 38/40,
and 28/40 to 34/40 successes; the paper’s significance tests against its no-memory condition should not
be reassigned to these initial-versus-evolved contrasts. AMP1 separately studies task-specific practice and
memory accumulated across a task sequence [211]. The scope of its reuse evidence depends on best-of-five
practice selection in one protocol and a single continual-task ordering in the other.

Skill and Program Evolution Skill revision can change either an executable implementation or the guid-
ance used to invoke it. Lifelong Robot Library Learning builds composable library entries through demon-
strations and exploration [212]. EmbodiSkill distinguishes defects in textual guidance from execution lapses
before editing a skill, whereas PRACTICE maintains skill cards through explicit library operations [154, 213].
Editing skill guidance leaves the underlying controller unchanged.

Code-level methods instead revise the operation itself. ASPIRE repairs code-as-policy candidates and re-
tains repair patterns, with some real-robot evaluation; ReSYNC derives reusable concepts and skills from
recovery [153, 214].

Skill1 and SkillRL supply related learning-based library mechanisms in digital settings [215, 216].

Exploration can also produce reusable support before a downstream task is specified. Playful Agentic Robot
Learning builds a library of executable skills through agent-directed play, then freezes it for downstream
evaluation [217]. World Action Agent instead converts video or human teaching into multimodal skill guidance
through an edit-and-review process [133]. Its library is constructed on source tasks and frozen before testing
on other simulated task settings. Their downstream tests measure reuse of fixed code or guidance libraries;
the libraries remain unchanged during testing.

Recursive Harness Distillation uses a stronger teacher to revise guidance for a smaller agent around a frozen
action policy [218]. Its physical evaluation improves from 28/75 successes for the action policy to 48/75
with the refined playbook, after task-specific policy fine-tuning and separate physical-playbook adaptation.
This comparison does not test zero-shot transfer of the simulation playbook. RoboArchitect searches exe-
cutable harness code and persistent memory, allowing the resulting agent to bypass the VLA through direct
control [219]. Its aggregate combines benchmark-specific success and progress measures, so that aggregate
should not be labeled a single success rate. HarnessPAI also retains executable support and failure–repair
experience [220]. Its evaluation protocols must be distinguished: reported LIBERO-family seeds include
development seeds, whereas its robosuite protocol separates development and evaluation seeds. SimEX
freezes an adapted toolbox for subsequent tests after simulation search and a limited hardware-adaptation
phase [221]. Interpreting these results requires identifying the retained artifact and the tests kept separate
from its development.

Workflow and Orchestration Evolution Workflow evolution changes how capabilities are connected
across tasks. GaP searches workflow graphs in simulation before physical demonstrations, while Don’t Drop
the BATON retains information about skill handoffs in simulation [222, 75]. Graph search changes the
procedure; retained handoff information changes how a transition is prepared. RoboHarness links policy-
specific experience to orchestration, and Embodied Lifelong Learning accumulates planning experience in
simulation [116, 223]. HyMeS couples executable-memory updates with constraint-rule revisions around a
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frozen policy, evaluated in simulation and limited SO-101 trials [224]. These approaches expose different
dependencies between the revised workflow and the skills it calls.

A workflow revision can give an unchanged skill a more suitable starting state by altering call order, branching,
or handoff context. Later gains may therefore arise from how the skill is used, with its learned behavior
unchanged.

Policy and Parameter Adaptation Learning methods can revise action implementations that a Harness
manages. To study such a revision as Persistent Evolution, the managed component and its retention across
episodes must be identified; claims about later use additionally require adoption evidence. Self-Improving
Robots updates a visuomotor policy through physical practice [225]. We include it here as a method for
revising an action implementation. RISE instead uses imagined rollouts from a compositional world model
for policy updates and reports gains on three real-world manipulation tasks [226]. It supplies a different
source of update experience. For both studies, the cited evidence concerns policy improvement under the
tested conditions. Their role in a Harness depends on which component is managed and whether the revised
implementation is retained for later episodes; a benefit from reuse must be demonstrated in those later
episodes.

Q-Planning separates a frozen action-proposal policy from an updated value function [227]. The value
function weights candidate action chunks to form the executed action. Behavior can therefore change while
the proposal policy’s weights remain fixed. If an updated policy is itself the system’s Base Model, its weight
change remains model adaptation under our definition. Its surrounding evaluation and adoption process can
still provide Harness support, but the two contributions require separate evidence.

Robo-COP couples policy updates with memory revision and checkpoint-dependent reconciliation [49]. It
evaluates frozen configurations after deployment-time learning, with controls for frozen policies and fixed
schedules. Its physical comparison improves mean success from 38.3% to 50.0% over three tasks, with the
gain concentrated in one task; the joint result does not isolate memory revision alone. BioAgent similarly
couples skill acquisition with reusable protocol support, while Self-Building Labs constructs digital-twin and
device support under human preparation and oversight [228, 229]. Their physical demonstrations substantiate
these specific update targets.

The following approaches support several revision targets through candidate search, human and fleet feedback,
or checks on adoption.

Search and Simulation for Evolution Search explores alternative prompts, code, workflow structures,
or parameter settings before selecting candidates for further testing. SHAPER optimizes textual skills and
executable supporting code while keeping its planner and executor frozen in simulation [36]. Zetta combines
failure clustering, replay, regression and held-out tests with versioned switching in simulated benchmarks [37].
DINO-WM and Habitat provide predictive or interactive environments that can support candidate screen-
ing [95, 97]. They provide testing resources; demonstrating later use of a selected revision additionally
requires adoption evidence. Search can exploit simulator errors or evaluator shortcuts, so screening results
require checks under the conditions relevant to physical use.

Human- and Fleet-Guided Evolution Demonstrations, corrections, takeovers, and shared robot experi-
ence help select and produce revisions. Robot Learning on the Job and Fleet-DAgger turn human assistance
into later policy updates [230, 231]. Multi-Task Interactive Robot Fleet Learning studies assistance across
tasks, while AutoRT coordinates tasks and supervision [232, 25]. Learning while Deploying reports shared
replay and deployment benefits across sixteen AGIBOT G1 robots [233]. Assistance allocation and data
collection supply experience for updates, whose adoption must be tracked separately. Reusing experience
across robots also requires checking the configurations and task conditions under which it was collected.
An apparent fleet-wide benefit must therefore be distinguished from improvement on the robots and tasks
contributing most of the data. Providing training evidence and authorizing release are separate roles, as
discussed in Section 8.4.

36



Contract- and Governance-Guided Evolution Contract-based methods make candidate compatibility
and adoption conditions explicit. ECM Contracts formalizes versioned interfaces, and Governed Capability
Evolution adds sandboxing, gated activation, monitoring, and rollback [148, 234]. Harnessing Embodied
Agents connects these concerns to policy-constrained runtime execution [158]. HarnessX isolates harness
variants in digital-agent settings [235]. EmbodiedGovBench examines governance and upgrade safety [236].
Their contribution is to constrain which revisions may be adopted and under what conditions, with physical
safety requiring evaluation in the intended setting.

8.4 Self-Evolution

Self-Evolution automates activities that produce, test, and retain revisions for later operation. Its scope is
the automation of the update process across the targets described above. Automation can cover only part of
that process, and human approval can remain necessary before physical use.

Automation Scope Self-Harness automates revisions to the runtime around a fixed model [22]. Execution
traces supply recurring failure patterns, and the same model proposes bounded harness edits to address
them. A fixed evaluator tests candidates before adoption. Its experiments on Terminal-Bench-2.0, SWE-
bench Verified, and AppWorld concern digital execution support. The held-out split participates in the
adoption gate, so it is not an independent final test.

ENPIRE instead uses coding agents to edit policy and training code through repeated real-robot trials [199].
Its relevance here is the automated experiment process that tests successive candidates and feeds physical
results back to the coding agent. The policy changes and the support that organizes their evaluation are
distinct contributions. The demonstrated automation is confined to this update loop within the prepared
task environment.

Harness Continual Learning studies revisions to interfaces, memory, capabilities, and routing in non-physical
experiments [237]. It supplies a methodological comparison for updates to runtime support, with a different
validation setting. A retained change may also remain unused, as the distinction between updating and
benefit in Harness Benefit makes explicit [238]. An automated revision therefore needs evidence of later
adoption before it can explain later behavior.

Several recent systems automate narrower update loops. DynaHarness retains revised execution support but
relies strongly on its analytic capability library; FastHarness retains experience for scheduling supervision [73,
163]. CarryOn’s later recovery rounds accumulate additional successful recoveries from the original failed
cases [159]. Those cumulative results include renewed attempts and are not independent success estimates for
a frozen updated harness. SEAR explicitly compares reusable libraries and budgeted development, including
cases where incorrect verifiers propagate through retained experience [48].

Human Oversight Human participation depends on the stage. A person may supply corrective experience,
approve a physical trial, or authorize wider use of a candidate. Supervision during operation is a different
role from approval of the update. These arrangements can coexist with automated candidate generation and
testing. Their scope determines which parts of a reported self-evolution loop actually operate without human
decisions.

Recursive Self-Improvement Recursive Self-Improvement (RSI) revises the procedure that produces fu-
ture updates, such as its search strategy or evaluator. Repeated component revisions under an unchanged
updater do not establish this additional capability. HiSME studies joint evolution of task skills and a meta-
skill in BFCL-v3 and MineDojo, while Harness-R1 trains an updater using patch outcomes in WebShop,
ALFWorld, and DBBench [239, 240]. These methodological examples remain to be validated on physical
systems. RegenHarness proposes an evidence-gated revision process with regression checks and release com-
parisons for a physical robot runtime [165]. Its hardware cases exercise execution and evidence handling, but
the paper does not report controlled longitudinal results for recursive self-improvement. For physical systems,
evaluating an updater revision requires observing its effects on subsequent update cycles.

Flex-RSI makes the recursive distinction operational by allowing the improver’s instructions and update
artifacts to change alongside the executor [241]. Its mixed digital and simulated-robotics experiments provide
evidence for that editable architecture. However, enabling the entire improvement process does not isolate
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the causal benefit of modifying the improver, and validation gains are distinct from final hidden-test gains.
InstAgent, Recursive Harness Distillation, and RobotAgentBench also use recursive terminology, but the
evidence discussed here primarily concerns repeated program, tool, or guidance revision [40, 218, 242]. Under
this survey’s stricter definition, repeated artifact improvement alone is insufficient evidence that a revised
updater improves subsequent update cycles.

9 Evaluation and Applications of Physical Agentic Harnesses

Evaluation provides evidence about how the six Harness responsibilities support physical tasks. Task bench-
marks measure behavior under specified conditions, while application studies show how runtime mechanisms
work together in a particular setting. Both can involve simulation or hardware; neither label alone establishes
deployment maturity. The bottom panel of Figure 2 highlights representative benchmarks and applications
examined in this section. We distinguish benchmarks of task competence from tests that expose coordination,
recovery, or governance decisions, then examine applications on physical devices.

9.1 Task and Capability Benchmarks

Task benchmarks provide controlled settings for comparing the behavior of an embodied system. LIBERO
varies spatial arrangements, objects, goals, and task sequences to study knowledge transfer and lifelong robot
learning [243]. RoboCasa broadens simulated manipulation to kitchen activities, including composite tasks.
RoboCasa365 extends this setting with more tasks and environments for studying generalization [244, 245].
These environments support comparisons of capability selection or execution support when the underlying
policy is held fixed. LIBERO’s transfer and retention measures address learning across task sequences,
whereas kitchen benchmarks emphasize success across task and environment variations.

Bimanual manipulation adds dependencies between the motions of two arms. RoboTwin tests these dependen-
cies through object handovers and tasks where the arms must avoid mutual interference [246]. RoboTwin 2.0
broadens evaluation to 50 simulated tasks and compares policy success under clean and domain-randomized
conditions [247]. These scores assess bimanual task performance and robustness, but do not isolate the
contribution of Harness coordination.

Long-horizon activities expose dependencies that short manipulation trials may omit. BEHAVIOR-1K defines
everyday activities in OmniGibson, whose simulation includes rigid and deformable objects and liquids [248].
Such tasks require intermediate physical conditions to remain suitable for later steps. EmbodiedBench instead
compares vision-driven agents across environments with different planning and action demands [249]. The
former supplies detailed activity and physics settings; the latter helps compare how multimodal models use
observations and available actions. Comparisons between models need to hold the observation and action
interface fixed, because that interface determines the information and operations available to each model.
When interface design is itself under study, it becomes the comparison variable; the underlying task, model,
and other execution conditions need to be controlled or their differences reported.

CaP-X makes this interface dependence an explicit evaluation variable [108]. Its CaPBench compares cod-
ing agents across action abstractions, feedback forms, and single- or multi-turn execution. The resulting
task-success comparisons show that additional feedback is not uniformly useful: its form and the available
primitives affect whether the agent can turn it into a correction. This setting complements task-diversity
benchmarks by examining how a fixed agent’s behavior changes with its execution interface.

Hardware benchmarks address a different source of uncertainty: whether an evaluation setup captures the
conditions encountered by a physical robot. RADAR measures task success and translational error under
changes in objects, robot initialization, sensing, and instructions [250]. VLA-REPLICA provides a low-
cost setup and tests policies under in-distribution and out-of-distribution conditions [251]. These studies
complement simulation by testing physical variability and repeatability. RADAR stresses variation within
an instrumented setup; VLA-REPLICA tests reproduction on a separately constructed SO-101 setup, using
a subset of tasks with high original success rates.
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Reproducibility also depends on the software implementing an evaluation. vla-eval separates model serving
from isolated benchmark environments and records the configuration used for each run [252]. Its repro-
duction study traces discrepancies to preprocessing and action-interpretation choices that can otherwise be
mistaken for model differences. The reported framework integrates fourteen simulation benchmarks, with
cross-codebase reproduction checks on three. This evaluation infrastructure makes the experimental interface
inspectable and repeatable; physical deployment lies outside the reported study.

Recent benchmarks expose additional parts of the agent–robot interface. CodeActionBench hides verifier out-
comes while allowing direct calls and generated programs through the same robot API; repeated attempts use
one fixed scene per task [253]. RobotWorld broadens embodiment and task coverage, but its reported compar-
ison has one episode per model–task pair and pauses physics during model reasoning [254]. RoboQuest tests
information-seeking manipulation with a physical submission action, distinguishing missing evidence from an
action that was attempted and failed [255]. Embodied Playground combines goal, rule, and physical-validity
checks; its analysis also identifies incomplete disclosure of rules or thresholds in many failed episodes [256].
These scores therefore require interpretation against the information actually supplied to the agent.

EmbodiedSkillBench compares skill provision under a common interface and shows that additional skills
need not help every model [257]. On its fixed Clean100 setting, replacing native control with skill-only ex-
ecution raises GPT-5.6-sol success from 11% to 63%, but reduces GPT-6-astra success from 92% to 61%,
while reducing execution cost in both cases. When GPT-6-astra retains native control and can select skills
through Agent-Directed Reuse, success reaches 85%; the restriction on available control therefore matters to
the comparison. These are model-specific comparisons on one evaluated seed, not evidence that either richer
libraries or direct control is uniformly preferable. RoboDojo complements simulation with standardized phys-
ical manipulation trials and explicitly separates binary success from partial-progress score [258]. Its separate
simulation and hardware suites cover complementary tasks, leaving direct transfer untested. RoboColosseum
adds distributed physical comparisons across sites and embodiments; paired open-track comparisons and the
separate fine-tuning track answer different questions [259]. Neither a shared task nor shared demonstration
data alone ensures identical model-training or inference conditions.

9.2 Benchmarks for Coordination, Recovery, and Governance

Coordination benchmarks differ in how they separate task completion from cooperative behavior. PARTNR
evaluates simulated household collaboration with spatial and temporal constraints and agents with different
capabilities [260]. It reports success and percent completion of task propositions; simulation steps and task
offloading further reveal whether cooperation reduces work. Its comparisons vary planning, perception, and
skill execution, making the source of an improvement dependent on the configuration being compared.

CoCoBench fixes a high-level skill executor and scores allocation, precedence, mutual exclusion, and handoff
behavior separately [47]. Its construct scores measure reference-relative execution time, ordering violations,
resource contention, and buffer handoff behavior. In the centralized image-observation protocol, Claude
Haiku 4.5 completes 89.4% of the 218 allocation instances but obtains a coordination score of 0.48, showing
that completion can coexist with inefficient allocation. These episodes use task-specific, oracle-calibrated
skill-step budgets, with budget exhaustion counted as failure; the construct score assesses the execution trace
rather than another success rate. This diagnostic separation complements PARTNR’s broader task-level
collaboration analysis.

Recovery evaluation changes the initial condition instead of only the task instruction. LIBERO-RECOVER
begins with states left by failed manipulation attempts and measures whether the original task can subse-
quently be completed [85]. Its retry, action-adaptation, object-state, and environmental-recovery categories
distinguish how much of the execution context must change. The resulting score concerns recovery from
those simulated failure states, whereas ordinary nominal-initialization trials combine failure avoidance and
recovery. RoboRecover extends same-state comparison across RoboTwin and LIBERO by replaying action
prefixes to reconstruct execution deviations [261]. Its scenarios combine natural policy failures with action-
perturbed and human-constructed cases. It reports original-task recovery success overall and by task stage
and deviation type, exposing differences hidden by nominal-start success. Replay gives compared policies
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a matched recovery point, while the sampled failure distribution and renewed interaction budget define the
scope of the score.

REBOOT complements these simulated recovery settings with phase-annotated physical assembly data [262].
It provides nominal demonstrations and expert recovery trajectories on a bimanual WidowX AI platform. Its
policy evaluation measures task success and where execution fails, distinguishing alignment and engagement
errors that a binary outcome merges. The released recovery data supports subsequent policy development,
but the paper leaves the choice of how to train on those corrective segments open. Its contribution is physical
failure analysis and data for recovery supervision; a general recovery controller remains to be validated.

Safety benchmarks separate instruction completion from acceptable behavior. SafeAgentBench varies explicit,
implicit, and long-horizon hazards, measuring rejection, execution, and success under goal-based or language-
model judgments [263]. For hazardous instructions, a high completion rate can indicate unsafe compliance.
Its long-horizon analysis further distinguishes completed-and-safe plans from completed-but-unsafe plans, so
the relevant outcome depends on the instruction category and evaluator.

EmbodiedGovBench tests a different boundary: whether runtime decisions respect authorization and recovery
conditions under perturbations [236]. Its measures include unauthorized invocation, recovery containment,
drift detection, and upgrade-related permission violations. The reported instantiation covers part of the pro-
posed framework and uses simplified comparison systems; its aggregate governance weights are not empirically
calibrated. These limitations matter when interpreting its scores as evidence about a specific enforcement
mechanism.

RobotAgentBench compares planner, executor, and verifier combinations in randomized household scenarios
and includes a matched simulation–hardware subset [242]. Its scenario progress and recovery measures do
not reduce to whole-task success. Its iterative tool-refinement setting also differs from a frozen, indepen-
dently tested final harness. SEAR evaluates retained skills and programs under explicit development budgets
and separate tests, while reporting both simulation and a smaller physical suite [48]. Its findings include
propagation of incorrect self-written verifiers, motivating outcome checks independent of the evolving agent.
Flex-RSI supplies a related evaluation setting in which both executor and improver artifacts may change, but
its mixed digital and simulated-robotics results are not evidence of physical deployment [241].

Table 1 compares the settings and measurements. Their scores answer different runtime questions and cannot
be ranked on a common performance scale.

Table 1 Representative benchmarks and evidence boundaries. Comparisons distinguish information access, adaptation
and test separation, and physical validation where reported. Success, progress, recovery, and evaluator scores retain
their protocol-specific meanings and are not ranked across benchmarks.

Benchmark Setting and
target

Comparison and
protocol

Main measures Evidence limit

LIBERO
[243]

Simulated
manipulation
and transfer

Spatial, object, goal,
and task-sequence
changes

Forward / negative
backward transfer;
success-curve AUC

Transfer scores depend
on task order and
learning protocol

RoboCasa /
RoboCasa365
[244, 245]

Simulated
kitchen
manipulation

Task and
environment
diversity

Task success across
test conditions

Success depends on
task split and
environment variation

RoboTwin /
RoboTwin 2.0
[246, 247]

Simulated
bimanual
manipulation

Task and object
variation; clean vs.
randomized scenes
in 2.0

Task success by
task and test
condition

Depends on policy and
training data; does not
isolate Harness
contributions

BEHAVIOR-1K
[248]

Long-horizon
simulated
activities

Tasks with varied
objects and physical
state changes

Task success and
goal completion

Goal predicates and
modeled state changes
define completion
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Table 1. Cont.

Benchmark Setting and
target

Comparison and
protocol

Main measures Evidence limit

EmbodiedBench
[249]

Vision-driven
agents in
simulated
environments

Models, tasks, and
action demands

Task success across
environments

Observation and action
interfaces differ across
environments

CaPBench
[108]

Coding agents
for simulated
manipulation

Action abstraction;
feedback; single- or
multi-turn use

Task success by
interface setting

Results depend on
available primitives
and feedback access

RADAR
[250]

Real-robot VLA
generalization

Physical and
sensing changes;
spatial tasks

Task success;
translational error

Instrumented
outcomes cover the
selected spatial tasks

VLA-REPLICA
[251]

Reproducible
real-robot
manipulation

Distribution shifts;
independently built
setups

Task success under
in- and
out-of-distribution
conditions

Reproduction tests a
selected
high-performing task
subset

PARTNR
[260]

Household
collaboration in
Habitat

Planning,
perception, skills,
and partner
configuration

Success; percent
completion; steps;
task offloading

Completion metrics
are agent-agnostic;
efficiency needs
separate measures

CoCoBench
[47]

Team planning
in AI2-THOR

Team size;
centralized or local
planning;
communication

Success; four
trace-based
coordination scores

Fixed skill executor;
scores require
construct-relevant
events

LIBERO-
RECOVER
[85]

Simulated
manipulation
after failure

Failure states
requiring different
recovery scopes

Original-task
completion after
recovery

Scores depend on the
sampled failure states
and recovery budget

RoboRecover
[261]

Recovery in
RoboTwin and
LIBERO

Replayed deviations;
task stage;
deviation type

Overall and
stage–type
recovery success

Filtered failure
distribution; fresh
budget after replay

REBOOT
[262]

Physical
precision
assembly

Assembly /
disassembly; policy;
failure phase

Task success;
phase-level failure
counts

Controlled setup;
recovery-training
design remains open

SafeAgentBench
[263]

Hazardous
instructions in
simulation

Explicit and
implicit task
hazards

Rejection;
goal/LLM success;
completed-and-safe
plans

Metric interpretation
differs for safe and
hazardous instructions

EmbodiedGov-
Bench
[236]

Governance
perturbations in
simulation

Authorization, drift,
recovery, upgrades,
and override

Unauthorized calls;
drift detection;
recovery
containment

Partial scope;
simplified baselines;
uncalibrated score
weights

RoboDojo
[258]

42 simulated and
18 hardware
manipulation
tasks

Separate sim /
hardware suites;
repeated
standardized
physical trials

Binary success and
partial-progress
score; simulation
aggregates by
capability
dimension

Not a paired
sim-to-real transfer
test; human reset and
physical scoring
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Table 1. Cont.

Benchmark Setting and
target

Comparison and
protocol

Main measures Evidence limit

CodeAction-
Bench
[253]

25 simulated
dual-arm tasks

Hidden verifier;
common API and
budgets; three
attempts on each
fixed scene

Attempt success;
task coverage;
completion-claim
accuracy; cost

One scene per task;
vendor-harness
comparisons may also
change the model

RobotWorld
[254]

84 simulated
tasks across
embodiments

Task-specific
sensing / control
contracts; one
episode per
model–task pair

Binary task
success;
interactions and
wall time

Physics pauses during
reasoning; no
repeated-trial
uncertainty estimate

RoboQuest
[255]

Information-
seeking mobile
manipulation in
simulation

Ten tasks; 50
instances each;
hidden task
information and
physical submission

Submitted-task
success; partial
progress;
attributed failure
types

Information
acquisition and motor
execution differ;
isolated-skill success is
not full-task success

Embodied
Playground
[256]

Long-horizon
simulated agentic
tasks

EP100 under four
conditions per task;
reported runs use
L3 privileged
observations

Pass@1 / Pass@2;
goal, rule, and
physical-validity
checks

Incomplete disclosure
of rules or thresholds
affects failure
interpretation

EmbodiedSkill-
Bench
[257]

Skill use on 100
simulated
LIBERO-Pro
cases

Common interface;
native control,
skill-only execution,
retrieval, or
agent-directed reuse

Task success;
accepted action
calls; tokens and
elapsed time

Single evaluated seed;
skill benefit depends
on the model and
execution restrictions

MeMoREval
[94]

53 memory-
dependent tasks
in four simulated
worlds

Shared prior
experience; no new
observation during
requests

Task, question,
and action success;
memory write /
read cost

Simulator-derived
spatial records; action
plans execute without
feedback repair

RoboValue
[166]

Offline value
judgments on
simulated and
real trajectories

Separate zero- /
one-shot tracks;
environment and
embodiment shifts

Outcome ranking;
instruction
grounding;
progress, failure,
and recovery
judgments

Value-model metrics
are not robot success
or closed-loop safety
guarantees

RobotAgent-
Bench
[242]

Household
simulation and
matched
hardware subset

Planner / executor /
verifier
combinations;
separate iterative
tool refinement

Task scores;
scenario progress;
recovery and
stagnation

Different score
meanings; iterative
refinement is distinct
from frozen final-test
evaluation

RoboColosseum
[259]

Distributed
physical
evaluation across
sites and
embodiments

Paired open-track
comparisons;
separate
demonstration-
based fine-tuning
track

Difficulty-
calibrated ranking;
task success and
progress

Coverage differs across
systems; shared data
does not equal
matched training
compute
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Table 1. Cont.

Benchmark Setting and
target

Comparison and
protocol

Main measures Evidence limit

SEAR /
Flex-RSI
[48, 241]

Retained support
in SEAR;
editable executor
and improver in
Flex-RSI

Development
budgets and
separate tests;
SEAR also includes
a small hardware
suite

Post-development
task-specific scores;
reuse and update
comparisons

Mixed metrics and
scopes; Flex-RSI is
digital / simulated, not
a hardware RSI
demonstration

9.3 Applications in Physical Environments

Physical applications expose dependencies among mechanisms that benchmarks often study separately. Even
a competent skill can receive an unsuitable target or leave an outcome that the runtime misjudges, causing
later operations to start under obsolete assumptions. The studies below illustrate these dependencies in
different environments. Their evidence ranges from controlled hardware trials to field operation, with different
roles for human preparation and supervision.

Household Manipulation Household tasks require perception and action to agree on objects that were
not specified in advance. OK-Robot combines open-vocabulary object localization, navigation, and grasping
on a mobile manipulator, with evaluation in real homes [128]. Its integration shows why individually capable
models still depend on consistent representations and reachable targets. The system relies on an initial
environment scan, and its static map limits adaptation to subsequent scene changes.

Thea makes outcome evaluation part of tool execution, connecting scene-graph context to retry and continu-
ation decisions [89]. Its main comparison uses Astribot S1 and holds the decision model and underlying tools
fixed across Thea, CaP-X, and SayCan [108, 31]. Across single-object, multi-object, and navigation-plus-
manipulation tasks, the reported advantage grows with task complexity; the study uses 20 trials per method
at each of the first two levels and 15 at the third. The unspecified common retry cap limits this result to
a qualitative architecture comparison; it cannot establish single-attempt policy reliability. The study also
explores AgileX Cobot Magic and Unitree G1; these extensions are distinct from the primary architecture
comparison.

AMP1 studies a minimal manipulation interface with geometric tools and executable programs, reporting
104/108 successful real-robot trials with robot-error recovery and 94/108 without that recovery [211]. Its five-
minute execution budget excludes model reasoning time, and collision checks are available tools rather than
mandatory admission gates. The result establishes manipulation performance under those conditions; real-
time safety would require enforced checks and full latency accounting. InstAgent studies retained program
experience across G1, Go2, and ALOHA, with the initial and evolved experience libraries both frozen before
the measured trials [40]. This evaluates reuse of revised experience around fixed models and skills, with the
experience library held constant during testing.

Laboratory Automation Laboratory tasks connect model reasoning to devices whose interfaces and oper-
ating conditions are explicitly documented. Coscientist combines GPT-4 with documentation retrieval, code
execution, and experimental automation [264]. It uses laboratory APIs and an Opentrons liquid handler
to carry out experiments, including chemical reaction studies. The runtime contribution lies in connecting
a proposed experiment to executable device instructions and then using experimental results in subsequent
decisions. This provides a concrete application of Digital Resources and device-grounded execution without
requiring a humanoid or mobile robot.

The automated reasoning loop does not cover every material transfer. Coscientist’s integrated chemical setup
required manual plate transfer, even when the system selected experimental conditions [264]. Autonomy in
this setup is therefore interrupted at the plate-transfer stage. BioAgent extends this setting with teachable
skill packages and bounded recovery for two long-horizon laboratory protocols [228]. In the source paper’s
Table II, with 50 runs per task and condition, enabling the reported recovery mechanism raises completion
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from 27/50 to 33/50 on one protocol and from 20/50 to 29/50 on the other. Skill teaching, policy adapta-
tion, and evaluation-time recovery remain distinct contributions; new recovery skills are not learned during
those evaluation runs. Self-Building Labs combines experiment planning, digital-twin construction, device
interfaces, and safety checks in physical chemistry demonstrations [229]. Human preparation and supervision
remain part of those demonstrations, and its cross-workstation robot coordination is shown in simulation
rather than demonstrated as an autonomous physical laboratory network.

Inspection and Field Operation Inspection systems connect navigation and scene interpretation to a
response outside the robot. HROS implements a quadruped inspection application with localization, motion
planning, multimodal analysis, and alarm reporting [35]. Its residential-property experiments evaluate the
deployed navigation and inspection loop. The architecture also describes memory and controlled updates,
but those descriptions do not by themselves establish long-term improvement.

RegenHarness builds on the HROS setting with explicit evidence gates and demonstrates warehouse and
closed-route quadruped cases [165]. It examines when observed events can advance accepted task state and
how unresolved evidence affects continuation. Its evaluation covers the recorded inspection sequence and a
navigation circuit, with repeated operation across deployments still untested. Its proposed update process is
discussed separately in Section 8.4.

Field operation introduces uncertainty about both the environment and the resources available for reasoning.
SPINE has been deployed on air and ground robots for language-guided missions in large, unstructured
environments [265]. The reported deployments require exploration and navigation under sensor and compute
constraints. The robot must acquire planning context while operating, and the associated work on smaller
onboard models addresses the compute limits of these missions.

Multi-Robot Operation and Physical Experimentation Multi-robot systems use shared operation for
different purposes. AutoRT organizes foundation-model-guided data collection across mobile manipulators,
combining autonomous behavior with human supervision and teleoperation [25]. Physical Agentic AI instead
assigns typed skills to mission stages and enforces cross-robot constraints before dispatch [54]. Its comparisons
use Gazebo execution and mocked hardware adapters; two G1–Go2 demonstrations show direct handover and
coordinated delivery.

ENPIRE uses multiple robots to test revisions through reset, rollout, verification, and policy-code improve-
ment [199]. Its environment-construction stage uses human feedback before the resulting interfaces support
automated experimentation. In real-world Push-T, increasing the fleet from one to eight agent-controlled
YAM stations reduces the reported time to a normalized score of 1.0 from roughly five to two hours under
shared environment interfaces, reward functions, and reset mechanisms. This is a time-to-target comparison,
not a single-attempt success rate; the study also finds lower per-robot utilization and disproportionately
higher token costs as the fleet grows. Prepared reset and verification facilities therefore enable faster experi-
mentation while remaining part of its cost and operating assumptions.

SimEX constructs a reusable toolbox through simulation and then revises it using a small physical adaptation
budget [221]. Its reported hardware test contains three YAM tasks with ten evaluation trials each, after
five adaptation trials per task. The reported adaptation budget is approximately ten minutes of physical
interaction per task; it excludes the full simulation search, reasoning, and reset cost. Robo-COP instead
updates both orchestration memory and policy parameters, testing frozen post-adaptation configurations [49].
The uneven gains across three physical tasks support joint adaptation within that protocol; isolating the effect
of memory revision requires further controls.

Evaluation must distinguish what a metric measures from what a comparison can establish. CoCoBench ex-
poses coordination costs that completed tasks can hide, while LIBERO-RECOVER tests continuation from
failed states rather than success from nominal initialization [47, 85]. These protocols expose specific difficul-
ties, but the scores alone do not establish the benefit of a runtime mechanism. Thea provides a more direct
comparison of execution organization by holding the decision model and underlying tools fixed [89]. SERA
and InstAgent add fixed-model comparisons with selected experience or guidance frozen before measured
evaluation; SafeHarness adds a matched runtime comparison with an explicit safe-success metric [39, 40, 41].
Task-level success can therefore provide evidence about a Harness design. Thea’s retry conditions still limit

44



interpretation as single-attempt reliability. Robo-Harness K1 illustrates the remaining attribution problem:
its richer interface changes perception tools together with memory, motion support, and completion feed-
back [129]. A whole-system gain therefore cannot be assigned to one added tool without a corresponding
controlled comparison.

Hardware applications provide evidence about integrated operation under the reported physical conditions.
Table 2 identifies the platforms, preparation, and human support that define this scope. ENPIRE demon-
strates repeated physical experimentation under prepared reset and verification interfaces [199]. It does not
by itself establish that retained revisions improve arbitrary later tasks. The handoff analyses in Section 3.2
likewise show why successful individual capabilities can leave an invalid continuation. These findings con-
nect the mechanism comparisons to unresolved questions about composition and sustained improvement.
Interpreting either requires outcome evidence independent of the runtime verdict being assessed; a more
permissive evaluator must not count as better physical execution. The next section also draws on the timing
and distributed-execution dependencies identified in the preceding sections.

Table 2 Physical application studies and the conditions supporting their claims. Hardware tests, demonstrations, hu-
man preparation, and simulated extensions are distinguished; no row implies implementation of all six responsibilities.

System and task Physical
platform

Runtime mechanism Validation scope
and human role

OK-Robot:
household
pick-and-drop
[128]

Hello Robot
Stretch mobile
manipulator

Object localization,
navigation, and grasp
integration

Real-home trials; human-guided
initial scan; static-map dependence

Thea: object
collection and
delivery
[89]

Astribot S1;
Cobot Magic and
G1 extensions

Scene context, tool
composition, and
outcome evaluation

Quantitative architecture
comparison on S1; additional
platform demonstrations; human
outcome annotation and task-level
user interaction

Coscientist:
chemical
experiments
[264]

Opentrons liquid
handler and
analytical
instruments

Documentation-guided
code and experimental
feedback

Physical experiments; manual plate
transfer in the integrated chemical
setup

HROS / Argos:
property inspection
[35]

Vbot quadruped
with LiDAR and
cameras

Navigation, image
analysis, and alarm
reporting

Residential-property trials; alerts
and corrections handled by human
reviewers; no longitudinal update
evaluation

SPINE:
language-guided
field missions
[265]

UAVs and ground
robots

Planning with
exploration and
constrained compute

Reported outdoor missions; operator
intervention frequency not reported

AutoRT: fleet data
collection
[25]

Mobile
manipulators

Task generation,
allocation, and
supervision

Physical fleet collection with human
oversight and teleoperation

Physical Agentic AI:
handover and
delivery
[54]

Unitree G1 and
Go2

Typed skills and
cross-robot dispatch
checks

Two hardware demonstrations;
quantitative comparisons use
simulation or mock adapters; human
requester, intervention rate not
reported
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Table 2. Cont.

System and task Physical
platform

Runtime mechanism Validation scope
and human role

ENPIRE:
policy-improvement
experiments
[199]

Bimanual YAM
stations, up to
eight

Automated reset,
verification, rollout,
and code revision

Repeated physical trials; human
feedback constructs the task
environment before automated
improvement

AMP1: general
manipulation
[211]

Franka arms;
three rigs

Minimal SDK,
geometric tools,
programs, and
robot-error recovery

Twelve tasks, 108 trials per
condition; 104/108 with
controller-error recovery, 94/108
without; five-minute budget excludes
reasoning

InstAgent:
heterogeneous
collaboration
[40]

Unitree G1, Go2,
and ALOHA

Behavior trees and
retained program
experience

20 tasks and three models; initial /
evolved libraries frozen before
testing; prepared skills and human
task interaction

BioAgent:
laboratory protocols
[228]

Monte 02
dual-arm robot

Teachable skill packages
and bounded recovery

Two protocols, 50 runs per protocol
and condition; human teaching and
protocol review; no new
recovery-skill learning during
evaluation

Self-Building Labs:
chemistry
automation
[229]

Laboratory robots
and scientific
instruments

Digital twins, device
APIs, workflow and
safety checks

Physical chemistry demonstrations
with human setup and supervision;
cross-workstation robot coordination
is simulated

SpatialHarness: fine
manipulation
[104]

Franka FR3 Synchronized spatial
scene, virtual views,
and pose information

Four tasks, 60 trials per condition;
11/60 to 50/60 successes for the full
spatial package; setup cost not
captured by policy-query counts

BT-Agent: onboard
task execution
[162]

Boston Dynamics
Spot

Behavior trees, shared
state, and independent
guards

Five tasks, three trials each; 11/15
completions; human-approved
motion and manually corrected map;
command latency is not physical
stopping time

SimEX: toolbox
adaptation
[221]

YAM robot Simulation-built
toolbox and
physical-feedback repair

Three tasks, ten final trials each;
26/30 successes after five adaptation
trials per task; human resets and
prior simulation search

10 Open Problems and Research Directions

The reviewed systems expose dependencies across Harness responsibilities that remain difficult to manage. A
skill may finish without preparing its successor, and a useful revision may invalidate assumptions elsewhere
in the runtime. The following directions examine these dependencies and the evidence needed to assess their
effects on physical execution.

Model–Harness Co-design Model–Harness co-design concerns which behavior is learned by the model and
which is organized explicitly by the runtime. Guava explores workflow and interface design alongside training
a compact model [27]. Harness VLA instead uses external guidance to extend a frozen action policy [26].
These choices affect where task knowledge is stored and where execution can be corrected. The division also
depends on what information the model can use. In 2AM and AR-WAM, structured agent guidance is paired
with action-model training [140, 141]. An interface that works with an adapted model may therefore be
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unsuitable for an arbitrary frozen policy. AMP1 and EmbodiedSkillBench show that the benefit of interface
assistance depends on the model and on whether the interface restricts the actions available to it [211, 257].
TinyAstral separates harness selection around a fixed teacher from subsequent student training, whereas
A2-MEAS and HITCH train action or tracking interfaces that the surrounding agent uses [151, 150, 149].
Robo-COP changes policy weights alongside orchestration memory [49]. Factorial comparisons of model,
interface, and adaptation budget could help attribute these gains.

Comparisons should separate interface changes from model adaptation wherever the interfaces remain com-
patible. Holding the model and available capabilities fixed can help isolate a runtime change outside the
capability library. When the library itself is changed, the comparison should report that change and its
preparation cost. When adaptation is required, matched training data and compute budgets can help identify
its additional contribution. Such studies should examine where errors are detected and corrected, alongside
final task performance. Tests under changed observations or task conditions could then establish whether
the chosen division remains effective beyond its original setting.

Reliable Capability Composition Reliable capability composition depends on the states passed between
successive skills. Semantic handoff analyses show that a skill can meet its own completion condition while
leaving the next skill unable to start reliably [74]. BATON addresses these transitions through transition-
aware memory [75]. The remaining difficulty is to determine which physical conditions matter for a particular
transition and whether the available evidence establishes them. For example, a pose estimate may appear
acceptable while contact or object support remains unsuitable. Compatible invocation interfaces alone cannot
establish readiness for the next skill.

Continuous skill chains provide a basis for learning these conditions. Successor skills could be trained on
states actually produced by their predecessors. Transition checks could identify when another observation or
a preparatory action is needed. Such checks should distinguish an unsuitable physical state from insufficient
evidence about that state. Evaluation should preserve the states left by preceding skills and account for the
cost of any corrective action. Resetting each skill to a valid initial state would remove the dependency that
the method is intended to address.

Timely Decisions under Physical Uncertainty Runtime decisions need evidence that remains usable
when the resulting action takes effect. Observation timing therefore needs to be considered alongside reasoning
latency and the duration of committed actions. AESOP accommodates slow reasoning within a fast control
process [15]. Kairos coordinates inference scheduling with executed action horizons [121]. These mechanisms
address different parts of the delay between observing a state and acting on it. More reasoning can improve a
proposal while allowing its supporting evidence to become stale. A longer action interval can reduce waiting
for inference but delay correction at the model level, even when lower-level feedback continues.

The research problem is to choose these time scales jointly as physical uncertainty changes. An additional
observation or a longer reasoning interval is useful only if its expected benefit justifies the delay. This trade-off
should be studied within the interruption limits of the invoked capability. Evaluation needs to relate decision
quality to evidence age and the time until an intervention takes physical effect. When an intervention deadline
is shorter than model latency, local protection must remain available while reasoning continues. The resulting
system also needs a way to reconcile the model’s eventual response with any intervention already taken.

Cross-Robot and Distributed Execution Distributed execution requires the runtime to determine which
execution assumptions remain valid when computation or task responsibility moves. Moving inference to
another service can leave the robot and task owner unchanged. Kairos illustrates how shared serving depends
on the robot’s execution process [121]. If a service changes or communication is interrupted, a returned
result may no longer match the robot’s current state. Research is needed on how to associate results with
the observations and requests that produced them, and when to reject or recompute them. Tests should
include delayed responses and interrupted communication, with physical continuation assessed alongside
service recovery.

Transferring a subtask to another robot introduces constraints on embodiment and execution authority.
Physical Agentic AI makes robot-specific skills and dispatch conditions explicit [54]. A transfer protocol must
additionally account for operations still active under the previous assignment. Updating the task owner does
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not resolve actions still running on the original robot. An open question is how to transfer valid progress while
obtaining new evidence for conditions that the receiving robot cannot inherit. Evaluation should examine
whether transfers avoid conflicting actions under communication loss and differences in device semantics.

Sustained Improvement from Physical Experience Evaluating sustained improvement requires track-
ing later benefits alongside regressions in previously supported behavior. SHAPER studies skill and Harness
revision in simulation [36]. ENPIRE supports repeated hardware experiments through prepared reset and
verification facilities [199]. Recent studies add more explicit separation between development and evaluation:
SERA tests new instances of the same tasks, Recursive Harness Distillation freezes the refined playbook
before evaluation, and SEAR tests inherited support after budgeted development [39, 218, 48]. These re-
sults establish bounded forms of reuse; they do not yet show sustained gains across arbitrary task sequences,
changing hardware, and repeated releases. A revision can repair its motivating failure while disrupting a skill
transition that previously worked. Limited physical trial budgets make such regressions difficult to detect
before adoption.

One direction is to select regression trials using the dependencies affected by a revision. This can focus
testing on likely failures, but it should be supplemented with independent tests outside the update-selection
loop. Otherwise, the procedure can overlook interactions absent from its dependency records. Longitudinal
evaluation should track whether gains survive later episodes and further updates. Reuse on the same task and
transfer to new tasks should be reported separately. When the evaluator also changes, outcome assessment
needs an independent reference to distinguish better execution from more permissive judgments. The cost of
maintaining this evidence is part of the improvement process and should be reported with its gains.

11 Conclusion

This survey defines the Physical Agentic Harness through six runtime responsibilities and uses them to
compare over 200 works across robot architectures, skill frameworks, runtime assurance, and foundation-
model systems. The comparison traces how model decisions reach physical execution and how observed
outcomes inform later decisions in both single-robot and multi-robot systems.

The evidence now includes controlled improvements from selected runtime changes around fixed models,
alongside broader comparisons that change skills, information access, or training. The central evaluation
problem is to identify which mechanism helps under which physical conditions. Comparisons need to identify
the intended change and control the other relevant conditions. Changes to capability libraries, observation
access, retry budgets, or development costs must be reported, with task success distinguished from progress,
cumulative recovery, and safe completion. For persistent evolution, frozen post-adaptation tests support
bounded reuse, while sustained improvement requires evidence that retained revisions remain useful through
later tasks and updates. Revising the updater itself raises a further question: whether that revision improves
subsequent update cycles under independent evaluation.
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