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Abstract

Embodied agents depend on more than the capabilities of a language, vision-language, or action model. They
require a runtime that grounds observations, coordinates executable capabilities, monitors outcomes, and
manages intervention when physical execution diverges from a plan. This survey examines embodied agentic
harnesses as this runtime control plane. We distinguish four logical responsibilities—reasoning, runtime
governance, skill execution, and hardware interfacing—and separate essential execution services from optional
prediction, persistent memory, and adaptation mechanisms. A contract-based formulation connects skill
preconditions, resource ownership, interruption, postconditions, and trace collection without assuming that every
system implements an identical stack. We organize the literature by mechanisms rather than publication period:
grounding and composition, state and memory, scheduling and coordination, verification and recovery, and
adaptation. Complementary descriptors record the execution interface, intervention timescale, adaptation target,
and evidence setting. The synthesis connects LLM and agent foundations, VLA policies, world models, and
predictive-action models to affordance-based planning, programmatic control, memory-guided orchestration,
agent operating systems, and evolving runtime critics. It distinguishes operational harnesses from infrastructure
for robot learning and deployment. We further distinguish semantic task verification, invocation authority, and
physical safety assurance, which require different evidence. The resulting synthesis identifies execution
contracts, compositional evaluation, bounded adaptation, and explicit human authority as priorities for reliable
long-horizon physical intelligence.

Keywords: Embodied intelligence; Agentic harness; Runtime architecture; Skill orchestration; Memory;
Execution contracts; Runtime assurance; Cross-embodiment control

Chapter 1 Introduction and Scope

1.1 From model capability to system reliability

Language and vision-language models support instruction interpretation and task reasoning, while learned action
policies provide embodied execution capabilities [1-5]. These contributions address different parts of a robotic
system. A VLA may generate actions from multimodal inputs; a world model predicts consequences or supports
planning. Neither category alone specifies how a deployed agent should arbitrate competing goals, invalidate
stale observations, determine whether an action succeeded, or transfer control after a failure [6—8].

Foundation-model research explains why broad pretraining can supply transferable representations while also
propagating shared weaknesses into downstream applications [9, 10]. Multimodal foundation models extend this
capability to visual interpretation and tool-mediated assistance [11, 12]. Agent surveys examine how perception,
planning, memory, and action are assembled around these models [13, 14]; embodied-Al surveys add the
constraints of robot morphology, physical interaction, and sim-to-real transfer [15, 16]. An embodied harness
occupies the intersection: it turns model outputs into accountable execution and returns grounded evidence to
subsequent decisions.

This distinction becomes consequential over long horizons. A plausible instruction can refer to an unreachable
object; a locally successful grasp can leave the next policy outside its operating distribution; and a completed



software call can correspond to an unfinished physical task. Affordance grounding in SayCan, executable
programs in Code as Policies, and assertions in ProgPrompt address complementary parts of this gap [2, 17, 18].
Memory-guided orchestration and explicit execution sessions address the same gap at system level [19-21]. The
common problem is maintaining correspondence between intentions, observable state, and executable
capabilities throughout interaction.

Physical action also changes the meaning of recovery. Rolling back software state cannot restore a dropped
object or undo a collision. Conversely, not every foundation-model robot is open loop: feedback can exist within
the policy, the planner, or an external runtime. The analytical question is where feedback enters, what it can
change, and which failures remain outside its authority. This survey therefore examines runtime mechanisms
and their interfaces instead of treating the presence of a large model as evidence of an unsafe or open-loop
architecture.

1.2 Definition and boundaries

We define an embodied agentic harness as the runtime control plane that mediates between an agent's proposals
and embodied execution by maintaining execution-relevant state, governing capability invocation, and returning
monitored outcomes and intervention signals. Its minimal functional boundary includes an execution interface,
lifecycle management, and a feedback path. These functions can be implemented in one process or distributed
across services; they need not form a separately named software package.

Persistent memory, learned prediction, code generation, and online adaptation are optional mechanisms within
this definition. Requiring all of them would exclude useful harnesses and conflate a reference architecture with
a universal implementation. Likewise, the harness can request a stop or install a controller-level constraint, but
physical stopping and low-level stabilization belong to the mechanisms actually connected to the robot. An
LLM judgment is not itself a certified safety interlock [22-24].

We include both integrated runtimes and methods that supply a clearly identifiable runtime mechanism.
Behavior trees and task-and-motion planning are architectural foundations rather than complete foundation-
model harnesses [25-28]. ACT and Diffusion Policy are execution policies, while ROS 2 supplies middleware
infrastructure [4, 5, 23]. Roadmaps and critical reviews inform conceptual boundaries but are not experimental
systems [8, 29]. Table 1 fixes these distinctions before the method comparison.

This is a focused narrative review of mechanisms and their interfaces, with robotic manipulation as the main
empirical setting and navigation, multi-robot systems, and general language agents used where they clarify
transferable principles. We distinguish research systems from surveys and conceptual proposals, and cite
preprints as preprints. The comparisons establish reported design choices and evidence boundaries; they do not
constitute a pooled meta-analysis or a complete census of all embodied-Al methods.

Table 1. Boundaries of the surveyed components

Component Primary responsibility Boundary and examples
. Propose goals, plans, code, or action Proposal quality does not establish execution correctness
Reasoning model OPOSE & p p quality
units [1-3, 17].
. Govern invocation and execution State, contracts, lifecycle, coordination, monitoring [21,
Harness runtime
feedback 30, 31].

ACT and Diffusion Policy are action components, not

Skill or policy Implement executable behavior complete harnesses [4, 51.

Predict consequences or support Optional service; predictions require uncertainty handling

World model planning [6-8].



Component Primary responsibility Boundary and examples

Middleware and . ROS 2 provides infrastructure; timing assurance depends
Communicate, control, and actuate

hardware on deployment [23].

Assurance Physical constraints, permissions, and semantic outcomes

Constrain or verify a specified property

mechanism require different checks [22, 32, 33].

1.3 Failure modes and survey contributions

Three recurring failures motivate the organization of this review. Grounding failures arise when semantic
references, geometric state, and executable parameters disagree. Coordination failures arise when state becomes
stale, asynchronous tasks contend for the same actuator, or a policy handoff violates the receiving policy's
preconditions. Assurance failures arise when a process return, a model's confidence, or an authorization decision
is treated as proof of physical success or safety. Persistent memory can reduce repeated mistakes, but stale or
unsupported memory can also reproduce them [20, 30-33].

The survey contributes a responsibility-based architecture, an execution-contract formulation, a mechanism-
based taxonomy, and an evaluation framework. Chapter 2 defines interfaces and assumptions; Chapter 3 relates
physical constraints to intervention mechanisms; Chapter 4 compares methods within a unified classification;
Chapter 5 discusses implementation choices; Chapter 6 examines evidence and unresolved challenges; and
Chapter 7 synthesizes the research agenda. The taxonomy is an analytical framework, not a claim that its
categories are mutually exclusive or that the surveyed systems implement all proposed services.

1.4 Relationship to neighboring surveys

The surrounding literature can be read along three complementary axes: learned capability, agent organization,
and execution responsibility. LLM surveys primarily describe pretraining, adaptation, utilization, and evaluation
[10]. Reviews of chain-of-thought and agentic reasoning explain how intermediate reasoning, search, tool use,
and feedback extend a single model invocation [34, 35]. These mechanisms can improve the proposal process,
but a reasoning trace is neither a robot-state estimate nor an execution record. The present survey follows the
proposal through admission, physical action, verification, and recovery.

Agent taxonomies provide useful but differently scoped organizing principles. Li groups agent workflows
around tool use, planning, and feedback learning, while Luo et al. connect agent construction, collaboration, and
evolution [36, 37]. Proposed levels of Al agents organize broad capability progression [38]; the critique by Xing
et al. instead questions whether externally assembled competence constitutes internalized agency [39]. We treat
these as analytical positions rather than settled maturity standards. Our use of agentic describes an interactive
execution system and does not assert consciousness, endogenous goals, or a universal hierarchy of autonomy.

VLA surveys offer several views of the policy side of this system. Ma et al. cover model components, control
policies, and higher-level planning [40]; Zhong et al. organize interfaces by action-token representation [41];
Shao et al. distinguish monolithic and hierarchical architectures [42]; and Zhang et al. compare autoregressive,
diffusion, reinforcement-based, and hybrid approaches [43]. Kawaharazuka et al. connect models to hardware,
data collection, and deployment [44]. These views motivate our execution-interface descriptor, but they do not
determine the runtime mechanism: the same policy family can be deployed with different memory, scheduling,
and recovery designs.

World-model surveys likewise classify different objects. Zhu et al. connect video generation, driving, and
autonomous agents, whereas Ding et al. distinguish representations of the current world from prediction of future
dynamics [45, 46]. Li et al. analyze functionality, temporal modeling, and spatial representation, and Hou et al.
emphasize coupling to robot policies, learned simulation, and evaluation [47, 48]. Sun et al. examine modular,
sequential, and unified integration with action and navigation; Tan et al. distinguish planning, action generation,



data synthesis, and simulation roles [49, 50]. A prediction service must therefore be identified by its role in the
deployed loop, rather than inferred from the phrase world model.

Harness surveys make the external execution system an explicit research object. He et al. propose control, agency,
and runtime as a decomposition; Meng et al. describe execution, tool, context, state, lifecycle, and evaluation
components; and Li et al. make observability and governance explicit in a seven-layer taxonomy [51-53].
Externalization and code-centered surveys explain how memory, skills, protocols, and executable artifacts
structure this infrastructure [54, 55]. Guo et al. connect harness design to task completion, while Dong et al. link
external harnesses with model optimization across long horizons [56, 57]. Our extension concerns the physical
boundary: action irreversibility, observation age, embodiment-specific feasibility, and recovery that must itself
be executed and checked.

Table 2 locates this review relative to these neighboring surveys. It is a comparison of scope, not a ranking of
survey quality. Model learning, system construction, and deployment governance remain coupled research
problems; distinguishing their evidence makes that coupling easier to analyze.

Table 2. Scope of neighboring surveys and the embodied harness perspective

Literature perspective

LLM and agent surveys [10, 13, 14, 36]

VLA architecture and action interfaces
[40-42, 44]

World models and robot learning [46—
48]

Predictive action and WAM surveys
[49, 50, 58, 59]

General agent harnesses [51-53, 56]

Memory, skills, and long horizons [57,
60-62]

This embodied harness review

Organizing question

How are models, tools, planning, and
feedback assembled?

How is multimodal input converted into
executable behavior?

What is predicted and how is prediction
used?

How are future representations coupled
to action?

How is persistent execution controlled
and observed?

What persists and how is it reused or
revised?

How do composed capabilities remain
accountable during physical interaction?

1.5 Model families and their runtime implications

Contribution to this review

Background for the reasoning and interaction
loop.

Policy interface and embodiment
assumptions.

Predictive-service role and evidence
limitations.

Training versus deployment; latent versus
rendered futures.

Runtime services and governance boundaries.

Freshness, provenance, commitments, and
lifecycle.

Contracts, intervention timing, recovery, and
causal evaluation.

The distinction between a policy and a harness should not imply that policies are necessarily memoryless or
incapable of temporal reasoning. The n0 family illustrates how flow-based action generation, heterogeneous co-
training, semantic subtask prediction, and richer context conditioning can change the scope of an executable
model [63-65]. Reviews of VLA post-training and reinforcement learning show further routes for adapting
perception, task understanding, and embodied behavior [66, 67]. The appropriate boundary is operational: which
decisions are learned inside the model, which are managed by the surrounding system, and how failures cross
that boundary.

World action models (WAMSs) make predictive information useful for action generation, but definitions vary
across surveys. Wang et al. emphasize joint future-state and action modeling and distinguish cascaded from joint
architectures [58]. Shen et al. also include latent futures and video-generation-free predictive action reasoning
[59]. We therefore use WAM as a predictive-action category and explicitly record the predicted variable, action



coupling, and deployment regime. It is not a successor stage that automatically replaces VLAs, nor does a video
backbone by itself establish action-conditioned causal validity.

This distinction matters in concrete systems. Motus unifies multiple understanding, prediction, and action
modes; mimic-video uses video-derived latent representations with an action decoder; and DreamZero jointly
models future video and actions [68—70]. Cosmos Policy includes actions, future observations, and values
within a video-model formulation, while LingBot-V A couples frame prediction and policy execution with
observed feedback [71, 72]. These are different ways to construct a capability that the harness may invoke.
Their internal predictive computation should not be counted again as an independent external verification
mechanism.

Other designs weaken the link between predictive training and explicit imagination at deployment. VLA-JEPA
uses future latent targets during pretraining; Being-HO.7 aligns a deployable prior with a training-only future-
informed branch; and Fast-WAM retains video co-training while omitting future generation at inference [73—
75]. BagelVLA instead interleaves linguistic reasoning, visual forecasting, and action generation [76].
DreamDojo provides an action-conditioned robot world model that can support simulation, evaluation, or
planning [77]. Thus, the architecture must record whether prediction is an offline learning signal, a callable
planning service, or part of the executing policy.

Figure 1 summarizes these relationships. Learned representations and policies supply capabilities; the harness
decides how capabilities are invoked and how evidence changes the next decision. The division is logical:
implementations may share networks, processes, or middleware, provided the corresponding responsibilities
and assumptions remain identifiable.

Interpret goals and observations Map context to robot actions Predict / simulate / score
Propose plans or programs May include internal prediction Optional at deployment

Harness runtime
State - contracts - admission - scheduling - -
Outcome checks - recovery - traces

LLM / VLM VLA / predictive-action policy World-model services

F 3

Invoke Observe / verify
A

Robot and environment
Execute bounded actions and return measured outcomes

Figure 1. Model capabilities and the embodied execution loop. Dashed links denote optional prediction or experience
services; the lower loop returns measured outcomes. A WAM may implement the policy, the predictive service, or both.
The diagram is an author synthesis of model, agent, and runtime distinctions [13, 40, 47, 58, 59, 78].

Chapter 2 Architecture and Execution Contracts

2.1 Four logical responsibilities

The reference architecture separates reasoning, runtime governance, skill execution, and hardware interfacing,
as illustrated in Figure 2. These are logical responsibilities, not four independent physical processes or fixed
frequency bands. A VLM may choose fine-grained semantic actions, a VLA may operate as a callable primitive,
and a conventional controller may execute the resulting command. The location of model inference therefore
does not uniquely determine a system's architectural category [19, 79, 80].

The reasoning responsibility interprets goals and proposes plans, programs, or action units. The harness
responsibility manages context, invocation contracts, task state, scheduling, outcome monitoring, and escalation.
The execution responsibility implements bounded capabilities through learned policies, motion planners, or



feedback controllers. The hardware and middleware responsibility transports commands and measurements and
implements device-facing control. Timing guarantees depend on the complete deployment, including scheduling,
communication, drivers, and actuators; selecting ROS 2 alone does not establish hard real-time behavior [23].

The placement of the harness is itself debated. Lee et al. argue that robot middleware is positioned to coordinate
control, computation, and communication, proposing output projection, execution isolation, and transfer to a
baseline [78]. This is compatible with a logical runtime responsibility distributed through middleware, rather
than requiring an additional monolithic process above ROS 2. Their proposed deployment profile is an
architectural direction, not evidence that every middleware installation already enforces model-output or timing
constraints.

Reasoning
Goals - plans - programs - action proposals

Pt

Harness runtime

Optional services »l State - contracts - scheduling - verification Across interfaces
Persistent memory l T Authority
I Provenance
Prediction Skill execution le Traces

Learned policies - planners - feedback control

|

Hardware and middleware
Sensors - actuators - device protection

Downward: proposals and commands  Upward: observations and status

Figure 2. Four logical responsibilities and their information flows. Optional memory and prediction support the runtime;
authority, provenance, and traces span interfaces. Logical layers do not specify deployment processes or frequencies.
Author synthesis [17, 21-23, 30, 31].

The architecture also contains cross-cutting concerns. Authorization constrains which actor may invoke a
capability; provenance links state estimates to observations; hardware health can narrow the feasible action
envelope; and trace collection supports debugging and evaluation. These concerns should be expressed at the
interfaces they affect. Assigning all of them to a single central block would obscure which component can
enforce a decision and what happens when that component becomes unavailable.

2.2 A functional decomposition of the harness

For comparison, we use the descriptive tuple H= (O, L, M, P, V, K, G, E, D). O denotes observation and state
handling; L lifecycle and scheduling; M persistent memory; P optional predictive services; V outcome and
constraint evaluation; K the skill registry and invocation contracts; G intervention and authorization rules; E
embodiment interfaces; and D diagnostics and execution traces. This decomposition organizes responsibilities.
It is not a complete mathematical state space, an implementation checklist, or a proof of reliability.

The tuple extends prior harness decompositions by making embodied state, capability contracts, and intervention
responsibilities explicit [51-53]. It should not be read as nine independent modules. For example, AEROS
organizes capabilities into installable modules under a persistent agent and a policy-separated runtime, while
Harnessing Embodied Agents emphasizes admission, monitoring, recovery, and human override [81, 82]. Both
fit several entries of the tuple; comparison should examine the implemented interfaces and the reported
simulation setting rather than reward a system for matching the number of components.

The distinction between K and the underlying policy library is essential. The harness records what a capability
accepts, requires, returns, and allows during interruption; the skill implementation generates the physical
behavior. Similarly, E specifies how a task-level or semantic command is grounded for a particular robot,



while the resulting trajectory remains subject to robot-specific feasibility and feedback control. World models
support P when their predictions are useful, but predictive uncertainty prevents P from subsuming V or G [6—
8, 22].

O and M have different lifetimes. A timestamped estimate used to execute the current action belongs to O;
reusable spatial knowledge, interaction history, and capability experience belong to M. Scene-graph perception
provides a structured basis for environmental state [83, 84]. ABot-AgentOS extends the persistent side with
source-grounded multimodal graph memory [31], while PhyAgentOS exposes session state through structured
files [21]. The storage format does not establish correctness: provenance, freshness, and conflict handling
determine whether the state is actionable.

Persistent state includes more than retrieved memories. The always-on-agent literature also identifies task
ledgers, permissions, commitments, provenance, and mutation histories as behaviorally consequential state
[62]. For a robot, an interrupted placement task may need both a remembered goal and a fresh estimate of
whether the gripper still holds the object. The first survives a session boundary; the second must be measured
again. Treating both as an undifferentiated context buffer hides this distinction.

2.3 Skill contracts and lifecycle semantics

We represent a skill invocation contract as C = (I, P, R, B, Q, X, T). I specifies typed inputs; P preconditions;
R resources and authority; B execution bounds; Q observable postconditions; X interruption and recovery
behavior; and T the required trace. This is a proposed common description for comparing implementations, not
an assertion that all surveyed systems expose this exact schema. A capability may bind a learned primitive,
generated program, motion planner, or deterministic semantic-action interpreter [17, 30, 79, 80].

The word skill also spans different abstractions. In general language-agent systems it may denote a package of
instructions, code, and resources loaded on demand [61]. In robotics it may denote a policy or controller with
physical preconditions and termination behavior. A portable textual package therefore does not imply portable
motor behavior. The invocation contract connects these uses by specifying the callable artifact, required
observations, execution authority, and observable result, while leaving embodiment-specific realization to the
implementation.

An illustrative lifecycle is PROPOSED — ADMITTED — RUNNING — VERIFYING — SUCCEEDED, with
explicit transitions to REJECTED, FAILED, CANCELLED, or ESCALATED. Admission requires current
evidence for preconditions and resources. Completion of the underlying process triggers verification rather than
automatic success. An interrupted action must relinquish resources only after reaching the contract's interruption
condition, and a resumed action must revalidate its preconditions. Physical interruption can require holding an
object or decelerating before ownership is transferred.

ProgPrompt embeds assertions into situated task programs [18]; Thea makes outcome evaluation available
through exit-code semantics [32]; EmbodiedSkills explicitly separates proposal, prerequisite checking, bounded
execution, and outcome verification [79]. These mechanisms can be compared through the same lifecycle despite
using different program representations. Their shared contribution is making execution status observable and
actionable rather than treating an issued command as a completed subgoal.

2.4 Three distinct verification questions

The first question is whether a proposed action is relevant and executable in the estimated state. Affordance
scores and task-and-motion constraints inform this question [2, 27, 28]. The second is whether the caller is
authorized to invoke it: typed authority and evidence-dependent guards address permission rather than dynamics
[33]. The third is whether physical execution remains within a specified operating envelope. A controller-level
safety filter can address this question under explicit model, sensing, and feasibility assumptions [22]. These
checks may be composed, but their conclusions are not interchangeable.



For a state estimate X and candidate command u, an illustrative admission predicate is A(X,u) = P(X,u) A Auth(u)
A Fresh(X) A Resource(u). Physical constraints can be expressed separately as c¢ij(x,u) < 0 for each monitored
bound. For example, a torque bound is |ti| — Ti,max < 0. Under partial observation, evaluating these predicates at
an estimate is evidence for admission, not proof that all possible physical states are safe.

Runtime intervention additionally requires a model of what can still be prevented. Detection latency,
communication delay, braking behavior, and available fallback actions jointly determine whether a response is
timely. Outcome verification has a different role: it asks whether the intended postcondition was achieved. LLM-
based plan reviewers can reject or escalate proposals [24], but an accepted plan does not certify collision
avoidance. Figure 3 makes these distinct decision points explicit.

Propose }—> Admit > Execute % Verify —
Y Y Y

1

1

! Reject or refresh Interrupt safely )

1 . . Success — continue
| Stale state / missing Controller confirms

1

|

1

1

1

authority or resource hold or cessation

Resense / recover/
replan / escalate

% Failure or unknown

Bounded retry returns to admission

Permission, physical protection, and postcondition evidence are different checks.
Figure 3. Execution lifecycle with rejection, interruption, and outcome branches. A failed or unknown outcome returns to
admission only within the allowed recovery budget. Protection is enforced by the relevant controller or hardware path.
Author synthesis [18, 22, 25, 32, 33, 79].

Chapter 3 Physical Constraints and Runtime Responses

3.1 Irreversibility and bounded intervention

A physical action may be irreversible even when its software invocation is cancellable. The harness therefore
needs admission checks before commitment, monitoring during execution, and outcome checks afterward. A
predictive rollout can help compare candidate actions, but model error can invalidate its forecast. Independent
actuator limits, protected operating regions, and an application-specific stopping strategy remain necessary
where the deployment requires them [22, 85, 86].

Object-centric manipulation reviews distinguish affordance perception, policy learning, and task-oriented
reasoning, while broader manipulation taxonomies separate planning representations from learning-based
control [87, 88]. This explains why semantic correctness is insufficient at contact: an instruction can identify
the correct object yet omit friction, grasp stability, or reachable approach geometry. Runtime checks should be
attached to the physical dependency actually needed by the next action, with uncertainty carried forward when
that dependency cannot be observed.

Recovery should be selected according to the observed failure and remaining feasible actions. A failed
perception check may justify resensing; a failed grasp may justify restaging; excessive contact force may
require a controller-mediated release or stop. An unconditional retract command can itself be hazardous in
constrained contact. We therefore treat recovery as another contracted capability, with its own preconditions,
budget, and outcome criteria. Success rates and recovery delays must be measured for a stated task and
hardware configuration, rather than assigned universally to the harness abstraction.



3.2 Asynchrony and shared physical resources

Reasoning, perception, and motor control operate at different and often variable timescales. Observation
buffers should retain timestamps, coordinate frames, and validity intervals; proposals should record the state
version on which they depend. At dispatch, the runtime can accept the proposal, refresh its grounding, or reject
it because the scene has changed. Merely increasing planner throughput does not solve stale-state execution.

Spatial understanding provides another source of mismatch. Work on 4D reconstruction distinguishes static
geometry, dynamic scenes, interaction, and physical constraints [89]; spatial-reasoning reviews separate
perceptual recognition from geometric reasoning and embodied use [90, 91]. The SIBench analysis reports
gaps between basic perception and harder spatial understanding and planning [92]. For a harness, the
implication is to preserve coordinate frames, object identities, and temporal provenance rather than treating a
fluent visual description as an interchangeable substitute for actionable state.

TypeGo combines asynchronous planning with typed subsystem arbitration, preemption, and speculative skill
streaming [30]. Behavior-tree execution supplies a different form of reactive orchestration through repeated
condition evaluation [25, 26]. The common comparison is how each approach handles event arrival,
cancellation, and resource ownership. Speculation reduces waiting only when queued actions remain valid;
reactive ticks improve responsiveness only when the required observations and interruptible actions are
available.

A useful latency budget separates observation age, reasoning time, queueing, dispatch, and actuator response.
Mean task latency and worst-case interruption delay answer different questions. Designs should state what
happens when a budget expires: continue a bounded local policy, enter a hold condition, stop through the
controller, or escalate. No universal frequency threshold separates a harness from a controller because both
responsibilities may contain multiple loops.

Figure 4 shows why admission must use current state rather than the state available when reasoning began.
The critical event is a violated dependency, such as a moved object or a changed resource owner, not the
elapsed time alone. A fresh but irrelevant observation does not resolve that mismatch.

Planner { Reason from state v1 ] [ Proposal based on v1 arrives ]

Check dependencies

A

Runtime [ Accept fresh state v2 } [ Reject stale proposal; refresh ]

Cancel request

Controller [ Continue bounded local control } —{ Acknowledge interruption ]

Time — Schematic only: lane spacing does not specify latency or frequency.

Figure 4. Asynchronous execution can invalidate a proposal before it arrives. A proposal derived from v1 must be
checked against updated state v2; cancellation is distinct from acknowledged interruption. Illustrative timeline, not
measured timing data [25, 26, 30, 93].

3.3 Contact dynamics and policy handoffs

Contact-rich manipulation couples fast local feedback with slower task decisions. ACT and Diffusion Policy
provide learned execution mechanisms [4, 5], while task-and-motion planning reasons about feasibility across
symbolic and geometric choices [27, 28]. A harness can combine such components, but successful
composition depends on the state produced at their boundaries, not simply on a compatible function signature.

Harness VLA uses a frozen VLA for retryable contact-rich phases and analytic primitives for complementary
operations, learning the operating range of this fixed library through execution experience [19]. RoboHarness



instead emphasizes routing among heterogeneous policies and using retrieved experience to make handoffs
compatible with the next policy [20]. Both expose a compositional failure mode: individually competent
components can fail when one leaves an unsuitable initial state for another. Evaluation should therefore
measure transition failures separately from failures within a skill.

Figure 5 separates the exit condition of one skill from the entry condition of the next. The harness can repair
the transition through a contracted restaging action, but must not label every such repair as recovery of the
underlying policy. This distinction also determines which failure rate should be reported [19, 20].

Compatible
Skill A completes Check Skill B Skill B executes
Measured exit state Entry conditions Monitor its own bounds
T
T 7 "Mismatch T~ T T T T T
A !
1
Restage or select another skill [
Pose - grasp - contact mode @ |- - - - ——— - I
Resources - policy version Recheck after restaging

Within-skill failure Transition failure
A or B fails while executing its task A succeeds but leaves B outside its valid range

Figure 5. Policy handoff as a compatibility problem. A successful exit from skill A may violate entry conditions of skill
B; restaging must itself be verified. Within-skill and transition failures require separate evaluation. Author synthesis [4, 5,
19, 20, 27].

3.4 Distribution shift and embodied uncertainty

Domain and dynamics randomization improve transfer by exposing perception or control models to variability
during learning [85, 86]. Runtime mechanisms address a different stage: detecting when current conditions are
inconsistent with the assumptions under which a capability was admitted. Relevant signals include unexpected
object motion, failed postconditions, repeated retries, sensor disagreement, or changes in robot capability.
These signals can trigger a conservative action, a new observation, or a change of plan; they do not imply that
the distribution shift has been solved.

Prediction and memory are complementary but fallible resources. A world model extrapolates consequences
from learned dynamics; retrieved experience supplies precedents for related conditions. Neither should silently
override current contradictory measurements. The architecture should preserve uncertainty and allow
abstention when available evidence does not support a physical commitment. Table 3 relates these physical
constraints to the corresponding runtime decisions and remaining limitations.

Table 3. Physical constraints mapped to runtime decisions

Constraint Runtime response Residual limitation
s Preconditions, monitored execution, bounded A software rollback cannot undo physical damage
Irreversibility
recovery [22, 85, 86].
Timestamped state, admission refresh, resource  Speculative actions can become stale; interrupt
Asynchrony

ownership latency requires measurement [25, 30].

. . Compatible APIs do not establish compatible
Contact and handoffs ~ Local feedback, restaging, transition checks operating distributions [4, 5, 19, 20].
Prediction and memory can share incorrect

Distribution shift Detect mismatches, resense, abstain, or replan assumptions [6, 7, 85, 86].



Chapter 4 A Unified Taxonomy of Methods

4.1 Classification principles

We classify contributions by the runtime problem they address, using five non-exclusive mechanism families:
grounding and executable composition; state and memory; scheduling and coordination; verification and
recovery; and adaptation. A system can instantiate several families. This avoids conflating a representation,
such as code, with a storage mechanism, such as memory, or an update process, such as self-evolution.
Publication date is not a classification dimension.

Four descriptors complement this mechanism view. The execution interface records whether the system
invokes skills, generates programs, routes policies, or interprets semantic action units. Intervention timing
records whether decisions occur before a skill, during execution, between rollouts, or across deployment
sessions. The adaptation target records what changes—context, memory, code, critic, policy weights, or robot
configuration. The evidence descriptor records whether the contribution is a conceptual synthesis, a software
or simulation study, a physical demonstration, or an assurance result under stated assumptions. These
descriptors are analytically separable, but no statistical independence or exhaustive partition is claimed.

A paper is assigned a primary mechanism according to its central runtime contribution and can receive
secondary descriptors. Constituent policies and middleware are classified as supporting components, not
promoted to complete harnesses. Unreported timings remain unreported; benchmark success is not converted
into a safety label. Table 4 applies these rules to representative foundations and integrated systems using the
same columns.

Figure 6 provides a reading map for the taxonomy. Mechanism families answer what a contribution does; the
four descriptors specify how, when, what changes, and where the evidence applies. A method may appear in
several discussions while occupying one row in the comparison table.

Classify mechanisms first; describe each method along four further dimensions

Grounding and composition J [

SayCan [2] - Code as Policies [17] - RoboHarness [20]

State and memory

Scene graphs [83, 84] - Reflexion [94] - ABot [31]

Behavior trees [25, 26] - TypeGo [30] - Ludi [93]

Verification and recovery

ProgPrompt [18] - CBFs [22] - Thea [32]

Adaptation

Self-modeling [95] - ASPIRE [96] - SHAPER [97]

| W U S U S

[

[ )
[ Scheduling and coordination } [
[ )
[ )

}

Intervention timing ‘
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Figure 6. Mechanism families and complementary descriptors. Examples indicate representative contributions, not
exclusive memberships or a ranking. Foundations, components, and integrated runtimes must retain their different
evidence boundaries [2, 17, 20, 22, 25, 30-32, 83, 93-97].

4.2 Grounding and executable composition

SayCan grounds candidate skills through task relevance and affordance estimates [2]. Code as Policies
expresses behavior through generated programs calling perception and control APIs [17], while ProgPrompt
incorporates environmental state and assertions in program-like plans [18]. These approaches differ in the



representation used to connect intent and action, not in whether they belong to separate historical generations
of harnesses.

The same mechanism family accommodates heterogeneous-policy routing in RoboHarness [20], bounded
capability invocation in EmbodiedSkills [79], and semantic action interpretation in Show-Harness [80]. These
systems place responsibility at different boundaries: selecting an appropriate executor, specifying an execution
lifecycle, or grounding discrete model decisions into local robot actions. A semantic interface can support fine-
grained VLM decisions, so “harness” should not be restricted to a slow planner above an otherwise
autonomous VLA.

The design tradeoff is between expressive freedom and enforceable execution structure. Generated code offers
compositional flexibility but requires restricted APIs and runtime checks. A fixed skill interface narrows
behavior but makes preconditions, termination, and resource use easier to specify. An embodiment-specific
interpreter provides a stable vocabulary while retaining robot-specific implementation work. The relevant
measure is how well the interface supports correct composition under perturbation, not how much code or how
many skills it exposes.

Executable programs can also become a reusable skill substrate. ASPIRE combines code-as-policy execution
with trace-based diagnosis, repair, validation, and a persistent skill library [96], extending the composition
problem illustrated by Code as Policies [17]. RoboClaw couples learned policy orchestration with forward and
inverse action pairs for collection and recovery [98]. These approaches differ in what is reused—a
programmatic skill or a learned behavior and its recovery partner—but both require explicit conditions for the
next invocation.

Multimodal code generation broadens this family beyond text-only program synthesis. RoboCodeX
decomposes instructions into object-centric manipulation units within a tree-structured code-generation
framework, whereas RoboPro learns policy-code generation from video-derived supervision [99, 100]. CaP-X
studies coding agents through a shared manipulation environment and exposes sensitivity to the abstraction
level of the available primitives [101]. Together with Code as Policies, these works show that program quality
must be interpreted relative to the perception APIs, motion primitives, feedback, and designer knowledge
supplied by the execution environment [17].

Guava systematically varies workflow, observation space, and action space, emphasizing iterative perception—
reasoning—action, semantic action abstractions, and multimodal observations [102]. This complements Show-
Harness and Thea: all expose robot behavior through an interface, but the abstraction and feedback available to
the model differ [32, 80]. VLAs-as-Tools adds invocation-aligned policy training and in-execution progress
feedback, while Cortex aligns higher-level plans with a canonical skill interface and execution constraints
[103, 104]. These systems connect orchestration to the behavior of the executor, so any comparison must
disclose both interface design and policy adaptation.

Graph-as-Policy provides a further executable representation: GaP composes perception, planning, and control
nodes from a modular skill library, rehearses variants in generated simulation, and refines graph structure and
parameters [105]. This extends the composition question from generating a sequence of calls to selecting
dependencies and branching behavior. Its reported robotic evaluation differs from generic natural-language
harnesses, whose interpreted policies have been assessed on coding, terminal, and computer-use tasks [106].
The transferable idea is an inspectable execution specification; physical validity still requires grounded robot-
side evidence.

4.3 State and memory

Scene graphs organize spatial entities and relationships for embodied reasoning [83, 84]. Reflexion illustrates
how linguistic feedback can modify subsequent decisions without weight updates [94], although its agent
results do not by themselves establish robotic reliability. Within embodied runtimes, graph memory, execution



traces, and explicit session state serve different purposes and should not be collapsed into a single “persistent
memory” capability.

ABot-AgentOS emphasizes persistent, source-grounded multimodal memory and isolated execution context
[31]. Thea uses scene graphs as context [32], while PhyAgentOS separates explicit session state from
cognitive planning [21]. Harness VLA and RoboHarness use experience to inform primitive applicability and
policy transitions [19, 20]. Their common question is which remembered evidence is relevant to the next
decision, but their stored objects and retrieval targets differ.

Memory introduces a consistency problem as well as a capacity problem. A remembered object location may
conflict with a fresh observation; a successful trace may depend on a tool or policy version that has changed.
Useful evaluations should perturb stale facts, retract incorrect entries, and test whether provenance permits
correction. Improvements from more context should be distinguished from improvements attributable to
storage structure, retrieval, or a better underlying perception model.

The conflict-resolution path in Figure 7 connects this representational comparison to execution. Memory can
suggest an applicable skill or handoff preparation; current observations must still establish whether the
suggestion is relevant. When evidence is insufficient, the runtime should preserve an unknown state and obtain
more information rather than silently choosing whichever source is most convenient.

The agent-memory survey by Huang et al. separates memory substrates, cognitive roles, and the subject whose
experience is represented [60]. This makes distinctions within embodied memory more precise: a visual
keyframe supports episode retrieval, a scene graph supports spatial relations, a successful program supports
procedural reuse, and a task ledger supports commitment tracking. Their value depends on the query and
decision they serve, not simply on the amount stored.

HELM links episodic keyframe retrieval to a learned state verifier and a controller for rollback and replanning,
with evidence on long-horizon manipulation benchmarks [107]. ViReSkill instead stores successful replanned
action sequences for subsequent reuse, and the human-in-the-loop framework of Meng et al. turns corrections
into reusable skills supported by retrieval [108, 109]. These mechanisms complement ABot-AgentOS and
ASPIRE: they differ in whether the reusable unit is an observation, a plan, a corrected program, or a structured
memory entry [31, 96]. Learned verification and remembered success remain fallible; rollback must be
interpreted according to what the underlying environment can physically restore.

Timestamp - frame - uncertainty
Object pose measured now

Source - age - policy version

Current observation
Prior pose or successful handoff

Retrieved experience

Check consistency and relevance
Does remembered evidence still apply?

Consistent and applicable Conflict or insufficient evidence

Use as context; retain provenance Resense / revise memory / abstain
Recheck at dispatch Do not overwrite evidence silently

Figure 7. Current observations and persistent experience have different evidentiary roles. Conflict requires an explicit
resolution step; a retrieved precedent is not automatically valid in the current scene. Recommended design synthesized
from state and memory mechanisms [19-21, 31, 32, 83, 84].

4.4 Scheduling and coordination

Behavior trees provide structured reactive composition [25, 26], whereas an operating-system-style runtime
can expose concurrent task processes and resource arbitration [30]. These approaches are not exclusive: a tree



can implement a skill inside a scheduled task. The distinction concerns the unit being coordinated and the
semantics of interruption, rather than a presumed low-versus-high control frequency.

Session management in PhyAgentOS [21] and multi-turn interaction in Ludi 0.1 [93] extend coordination
beyond sequential task execution. Human clarification, interruption, and goal revision can change the active
commitment while the robot is moving. A runtime must reconcile this change with physical state: replacing a
conversational goal does not automatically cancel all pending commands or make the current action
immediately interruptible.

Multi-agent coordination adds another boundary to the same category. General LLM multi-agent surveys
organize role assignment and communication; embodied multi-agent reviews additionally examine perception,
planning, communication, and feedback across physical participants [110—112]. GenSwarm provides a
concrete code-policy generation and deployment system for multiple robots, while the MARS Challenge
separates multi-agent planning and robotic execution in its evaluation setting [113, 114]. Multiple reasoning
roles are not equivalent to multiple independently acting robots. A harness must make shared-resource
ownership, message freshness, and responsibility for joint failure explicit in either case.

4.5 Verification and recovery

Assertions in ProgPrompt and structured fallback in behavior trees make execution contingencies explicit [18,
25, 26]. Physical barrier-function methods operate at a different level, constraining control under mathematical
assumptions [22]. Plan-level LLM verification [24], Thea's outcome evaluation [32], and Edge Skillguard's
evidence-dependent invocation authority [33] address distinct propositions. Their inclusion in one mechanism
family makes these differences visible rather than implying equivalent assurance.

A complete comparison asks what is checked, when it is checked, who enforces the result, and which failures
can escape the check. The same model proposing and judging an action can share errors; a sensor-based
predicate can depend on uncertain calibration; a correct permission decision can still admit a physically
infeasible action. Recovery evaluation should therefore report false acceptance, false rejection, intervention
cost, and residual failure, in addition to eventual task completion.

Verification artifacts also differ in what they establish. Agents4PLC checks generated industrial-control code
against specifications, providing an example of executable verification during program construction [115].
FATE audits scene attributes and simulated task feasibility and repairs task or scene proposals, addressing
curriculum construction rather than certifying a deployed manipulation plan [116]. Skill-RM organizes
heterogeneous reward-evaluation criteria through reusable skills, but its language-agent evaluation results do
not establish physical outcome accuracy [117]. These examples motivate recording the proposition checked,
the source of evidence, and the point in the lifecycle at which a result can affect behavior.

4.6 Adaptation and deployment support

Adaptation is classified by the artifact that changes. Reflexion updates verbal context [94]; damage-adaptive
robotics changes behavior using feedback about altered physical capabilities [95, 118]. SHAPER optimizes
reusable skills and external harness structure while keeping the base model frozen [97]. Zetta evolves runtime
critics and recovery skills across distinct execution and update loops [119]. These mechanisms are
complementary but cannot be summarized by one “self-evolving” label.

RHO optimizes executable neurosymbolic policy repositories through rollout feedback [120], while ASPIRE
retains validated programmatic skills discovered through interaction [96]. ENPIRE couples policy
improvement with verified physical resets and agent-driven changes to robot learning infrastructure [121].
RoboClaw also links collection, learning, and execution through paired forward and recovery actions [98].
Relative to verbal context updates [94] and harness-artifact optimization [97, 119], these systems make the
object of adaptation and the cost of obtaining new embodied experience especially important. They should be



compared by update target and deployment mode, not grouped together solely because they use the term
agentic.

Surveys of self-evolution distinguish the object, timing, and mechanism of adaptation, while agent-adaptation
research separates changes to the agent from changes to its tools [122, 123]. Xiang et al. extend the discussion
to model-environment co-evolution; Jiang et al. emphasize experience becoming memory, skills, and
feedback; and Ren et al. study how experience drives controlled changes across agentic systems [124—126].
These perspectives support the adaptation-target descriptor and caution against treating all forms of
improvement as weight learning or, conversely, as training-free harness evolution.

SkillsCrafter addresses continual language-conditioned manipulation through mechanisms for preserving and
aggregating learned skill knowledge [127]. DreamTeam optimizes external workspace artifacts in an
interactive abstract-game environment [128]. These occupy different points in the taxonomy from SHAPER,
RHO, and ENPIRE: the changed artifact and the source of feedback differ, even where all methods iterate on
experience [97, 120, 121]. A useful comparison therefore asks what persists, how candidates are validated, and
whether gains transfer to held-out tasks rather than relying on a shared self-improvement label.

Deployment support requires its own descriptor. SPINE organizes robot profiling, debugging, repair, and
validation workflows [129]. This can improve the readiness of the execution stack, but it should not be
counted as evidence that a robot can mechanically repair itself during a mission. Likewise, policy adaptation
within an orchestration framework must be distinguished from improvement caused by the harness itself [79].
The taxonomy records both the runtime mechanism and the object of change.

Research and deployment harnesses should also be visible in the comparison. HARBOR structures simulation
reinforcement-learning workflows with staged execution, persistent artifacts, validation gates, and parallel
trials [130]. Nautilus builds adapters and validated workflows across policies, benchmarks, and robot
platforms [131]. Articraft supplies a constrained programming interface and validation feedback for articulated
asset generation [132]. These systems support robot learning and evaluation rather than necessarily mediating
every action during a mission. Their contribution is better measured through reproduction success, engineering

effort, artifact validity, and resulting policy performance, with physical deployment assessed separately.

Table 4. Unified comparison by mechanism and execution boundary

Work or foundation

SayCan [2]

Task and motion
planning [27, 28]

Code as Policies [17]

RoboCodeX; RoboPro
[99, 100]

ProgPrompt [18]

Show-Harness [80]

Primary mechanism and
interface

Grounding; affordance-weighted
skill selection

Grounding; symbolic and
geometric feasibility

Composition; generated programs
over APIs

Composition; multimodal policy-
code generation

Composition and checks; situated
task programs

Grounding; discrete semantic
action interface

Intervention or adaptation
target

At skill selection; pretrained
skill set

Plan search and refinement

Program structure and
parameters

Training and program
synthesis

Plan assertions and contingent
execution

VLM decisions with robot-
specific interpretation

Evidence boundary

Physical tasks; affordance is
not a safety proof.

Planning foundation; depends
on models and
representations.

Embodied control; code
validity differs from physical
validity.

Model and runtime both
shape the generated behavior.

Task execution evidence; no
universal safety certificate.

Zero-shot and fine-tuned
variants; distinguish their
evidence.



Work or foundation

CaP-X; Guava [101,
102]

EmbodiedSkills [79]

VLAs-as-Tools; Cortex
[103, 104]

RoboHarness [20]

Harness VLA [19]

GaP [105]

RoboClaw [98]

Scene graphs [83, 84]

ABot-AgentOS [31]

HELM [107]

ViReSkill; lifelong
code skills [108, 109]

Thea [32]

Behavior trees [25, 26]

TypeGo [30]

PhyAgentOS [21]

Primary mechanism and
interface

Composition; interfaces and
closed-loop feedback

Composition; contracted skill
lifecycle

Grounding; aligned skill/policy
invocation

Composition and memory;
heterogeneous policy routing

Composition and memory; frozen
VLA plus fixed primitives

Composition; graph-structured
robot programs

Orchestration and recovery;
learned policies with paired
actions

State; spatial entities and relations

Memory and lifecycle; context-
isolated skills

Memory, verification, and
recovery

Memory and adaptation;
successful/corrected skills

State and verification; tools and
scene-graph context

Coordination; reactive control
structure

Scheduling; tasks and typed
subsystems

Coordination; session-centered
execution

Intervention or adaptation
target

Action abstraction and
observation design

Orchestration and optional
policy adaptation

Policy training, progress
feedback, and task transitions

Capability choice and handoff
preparation

Operating-range knowledge
and restaging

Graph structure and parameters

Collection, learning, execution,
and inverse recovery

Environmental representation

Graph memory and gated
runtime assets

Episodic retrieval, learned
verifier, replanning

Stored plans or programs

Outcome evaluation through
exit semantics

Condition evaluation and
fallback

Preemption, arbitration, and
speculative planning

Explicit state and execution
acceptance

Evidence boundary

Compare scaffolding,
interaction budgets, and any
model training.

Separate harness effects from
adapted-policy gains.

Separate executor alignment
from high-level orchestration.

Long-horizon execution;
transition compatibility is
central.

Perturbed manipulation tasks;
no policy weight update.

Simulation rehearsal and
reported physical tasks;
library assumptions matter.

Physical tasks; reset
feasibility is part of the
system.

Perception foundation, not a
complete agent runtime.

Benchmark subset and
memory evaluations; not
universal reliability.

Long-horizon manipulation
benchmarks; verifier is
learned.

Distinguish autonomous
feedback from human
corrections.

Task-outcome evidence
differs from physical safety.

Architectural foundation;
behavior depends on leaf
implementations.

Early robot prototype;
measured responsiveness is
not a hard deadline proof.

Decoupled planning and
execution; no general safety
proof.



Work or foundation

AEROS; Harnessing
Embodied Agents [81,
82]

Ludi 0.1 [93]

GenSwarm [113]

Control barrier
functions [22]

Agentic Harnesses [24]

Edge Skillguard [33]

Reflexion [94]

ASPIRE [96]

SHAPER [97]

RHO [120]

ENPIRE [121]

Zetta [119]

SPINE [129]

HARBOR; Nautilus
[130, 131]

Primary mechanism and
interface

Coordination and governance;
modular capabilities

Interaction and coordination;
dialogue with robot capabilities

Coordination; multi-robot code
policies

Physical assurance; control
constraints

Verification; LLM plan-review
layer

Authority; typed invocation
policy

Memory and adaptation; verbal
feedback

Composition and adaptation;
code-as-policy skill library

Adaptation; skills and external
harness

Adaptation; search over
executable policy repositories

Adaptation; verified resets and
rollout-driven improvement

Verification and adaptation;
critics and recovery

Deployment support; profiling
and debugging

Deployment and learning
workflow support

Intervention or adaptation
target

Admission, monitoring, and
recovery

Clarification, interruption, and
goal revision

Policy generation and
deployment

Controller-level intervention

Accept, reject, or escalate
before execution

Evidence-dependent
permission checks

Context across trials

Trace-driven repair and
validated reusable skills

Rollout-driven artifact
optimization

Policy code and harness
structure during optimization

Policy plus robot learning
infrastructure

Action-time checks and gated
updates

Configuration diagnosis,
repair, validation

Training pipelines, adapters,
validation gates

Evidence boundary

Reported controlled
simulation; policy
compliance is scoped.

Social embodied interaction;
explicit model and runtime
roles.

Multiple robots require
shared-state and resource
checks.

Guarantees depend on stated
dynamics and feasibility
assumptions.

Learned judgment, not formal
dynamics verification.

Edge control-plane testbed;
not a general manipulation
benchmark.

General agent mechanism;
robotic transfer needs
separate evidence.

Simulation and real-robot
evidence; track task and
embodiment scope.

Frozen model; environment
interaction still required.

Benchmark-dependent
deployment modes; include
search cost.

Real-world loops; distinguish
retries from single-trial
success.

Simulation task evidence;
distinguish execution and
update loops.

Deployment workflows, not
autonomous mechanical self-
repair.

Research workflow results
differ from mission-time
control.



4.7 What the comparison establishes

The unified matrix shows that memory, generated code, reactive coordination, and adaptation commonly
coexist. It also shows that a narrow mechanism can provide stronger evidence for a specific property than a
broad runtime provides for overall reliability. A controller-level constraint and a rich memory system answer
different questions, so neither should receive a universal superiority score.

Synthesis papers frame the implementation comparison by clarifying model capability, infrastructure, and
environmental coupling [8, 29]. The broader survey literature links these distinctions to action representation,
predictive modeling, and harness engineering [41, 47, 53, 58]. Their role is conceptual; surveys and roadmaps
are not counted as implemented harnesses or additional experimental baselines.

The expanded literature reveals two orthogonal distinctions. First, model-centered methods modify the
capability available to the robot, whereas runtime methods modify how a capability is used; hybrid systems do
both [40, 58, 103]. Second, an operational harness governs task execution, while a research harness governs
data, training, adaptation, or evaluation workflows [130, 131]. These distinctions refine the same mechanism
taxonomy rather than introduce a separate category for recently published work. Each comparison should
identify the controlled loop before attributing a gain to the harness.

Chapter 5 Implementation and Compositional Design

5.1 Executable representations and restricted interfaces

Behavior trees, finite-state machines, generated programs, and session-based executors are alternative
representations of control flow. Behavior trees expose SUCCESS, FAILURE, and RUNNING and support
reusable reactive composition [25, 26]. Code as Policies uses program synthesis over available APIs [17]. A
review should not assume that all model output is compiled into XML or that a valid program is a physically
valid plan.

Software-agent work helps explain why representation matters. OPENDEV organizes terminal tasks through
routing, context management, persistent memory, and explicit execution phases [133]. The governance
framing of Kim and Hwang emphasizes machine-enforceable constraints on generated artifacts [134], and
code-as-harness research connects executable artifacts to reasoning, action, and verification [55]. For a robot,
the analogous benefit is inspectability of the program and its dependencies. The stronger physical obligation is
to validate that an admissible program invokes capabilities whose assumptions hold in the current world.

An implementation should validate the chosen representation before admission: referenced capabilities must
exist; inputs must satisfy type and range requirements; resource claims must be explicit; and execution must
have termination and interruption semantics. Syntactic validation cannot determine whether a grasp is feasible
or whether a command is authorized. Those decisions require the state, capability contract, and authority
checks described in Chapter 2.

For example, “place the mug on the tray” can be decomposed into object grounding, approach, grasp,
transport, release, and outcome verification. Each transition requires observable evidence. A successful
gripper-close call alone does not establish that the mug is held. If the grasp fails, the appropriate response may
be resensing or restaging before another attempt; repeated retries consume a bounded budget. This is an
illustrative engineering pattern, not a performance claim about one surveyed system.

5.2 Predictive services and runtime critics

World models offer a way to estimate action consequences without physically executing every candidate [6,
71. Their usefulness depends on the predicted variables, horizon, uncertainty, and computational cost. A latent
representation may reduce inference cost, but a visually plausible rollout or a compact latent state does not
necessarily preserve collision geometry, contact force, or rare failure events. No uniform sub-50 ms or sub-20
ms guarantee follows from using a latent model.



A runtime can use prediction to rank candidates, identify likely failure, or request additional sensing.
Admission should still be conditioned on current evidence and independent constraints appropriate to the
application. Runtime critics provide another source of intervention signals: Zetta explicitly separates action-
time governance, rollout-level proposals, and validation-gated updates [119]. Predictive models and critics
should be evaluated for calibration, missed hazards, and intervention timing rather than only for average task
success.

World-model support can enter at several different points. Video Prediction Policy uses predicted visual
representations for action learning, and Cortex 2.0 evaluates candidate futures before acting in reported
industrial manipulation tasks [135, 136]. DreamDojo can act as a learned environment for prediction and
policy evaluation, while Cosmos Policy couples action, state, and value prediction [71, 77]. These roles require
different interfaces: a latent feature supplied to a policy is not the same object as a scored trajectory exposed to
the planner.

Table 5 separates representative predictive-action designs by what happens at deployment. The comparison
also explains why a requirement that every WAM render future video would exclude latent or training-only
predictive approaches. Conversely, removing explicit rollout at inference does not make a learned policy an
external harness. The runtime still needs measured feedback, invocation contracts, and a policy for handling
predictions that disagree with observations [59, 74, 75].

Table 5. Predictive information and deployment regimes
Representative design Predictive information Deployment and harness implication

Record the feature/policy boundary;

Video-derived predictive latent features R .
prediction is not an independent outcome

VPP; mimic-video [69, 135] condition action decoding.

check.
DreamZero; Motus [68, 70] Coppled v1deo/a.1cqon generation or State which mode executes and which outputs
switchable predictive modes. are exposed to the runtime.
R Actions coupled to future state/value Report planning configuration, observed
Cosmos Policy; LingBot-VA [71, 72] prediction or causal frame prediction. feedback, and inference scheduling.
Interleaved language reasoning and Account for computation inside the policy
Bagel VLA [76] . L ) . R . .
visual prediction guide action. before attributing runtime gains.

VLA-JEPA; Being-H0.7; Fast-WAM Future-informed training; deployment Separate training signal from an online
[73-75] need not render future observations. predictive service.

Validate the service for its
planning/evaluation role and target robot
setting.

Action-conditioned simulation or scored

DreamDojo; Cortex 2.0 [77, 136] candidate futures

The evaluation target should follow the intended use of the prediction. World-model surveys distinguish
physical consistency, state understanding, and downstream decision utility from visual fidelity [47, 48]. The
agentic-world-modeling perspective extends this reasoning across physical, digital, social, and scientific
environments, whose governing constraints differ [137]. For embodied execution, a realistic-looking future is
useful only insofar as its action conditioning, uncertainty, and latency support the decision being made.
Prediction error and planning benefit should therefore be measured separately.

The choice of simulation infrastructure also shapes what can be tested. Platforms such as Isaac Gym, MuJoCo,
and Orbit support controlled experimentation [138—140], but simulated reset and privileged state can make
recovery and verification easier than on hardware. Results should state whether the harness receives
information unavailable to a deployed robot and whether evaluation includes sensing and actuation delays.



The simulator—world-model distinction also matters. Physical simulators expose an explicit modeled
environment, while learned world models approximate transitions from data; surveys emphasize their
complementary roles in training and evaluation [141]. Neither source of synthetic experience establishes real-
world reliability on its own. Evaluation should disclose contact assumptions, observation access, reset
procedures, and whether the same learned model generates both training experience and test outcomes, since
this can hide shared modeling errors.

5.3 State freshness and interruption

Asynchronous proposals should carry a state version, creation time, applicable scene assumptions, and an
expiry policy. Dispatch can rebind object references, recompute a trajectory, or invalidate the proposal. A
simple pose offset is insufficient when the target identity, contact mode, obstacle layout, or resource owner
changes. Jacobian-based local correction is meaningful only within its kinematic and control assumptions; it is
not a general remedy for delayed reasoning.

A cancellation protocol should distinguish requested cancellation, acknowledged interruption, and verified
cessation or transfer of action. The controller may need to complete a bounded segment before pausing.
Pending actions associated with an obsolete goal must be invalidated, and resumed tasks must reacquire
resources. TypeGo's scheduling design makes resource coordination explicit [30]; interaction-rich systems
such as Ludi 0.1 motivate testing interruption under changing human intent [93].

5.4 Embodiment interfaces and portability

A common interface can stabilize the relationship between reasoning and execution without making robot
bodies interchangeable. A task-space pose, a semantic action unit, and a learned policy invocation each hide
different assumptions about reachability, sensing, end-effectors, and contact. Middleware transports these
requests, but embodiment-specific implementations must supply the corresponding behavior [4, 5, 23, 80].

Portability should be decomposed into interface reuse, implementation reuse, and behavioral transfer. Reusing
an API across two robots establishes only the first. Replacing a policy behind an unchanged contract requires
revalidating its preconditions, timing, and postconditions. A useful cross-embodiment experiment reports
which adapters, demonstrations, calibration procedures, and policy parameters changed, instead of reporting a
shared interface as evidence of zero-cost transfer.

Human-video pretraining changes the source of transferable knowledge without removing the embodiment
interface. Being-HO0.5 uses a unified action space and embodiment-aware modeling, while EgoScale studies
transfer from large-scale egocentric human data to dexterous manipulation [142, 143]. A harness consuming
these capabilities should record the target embodiment, action parameterization, calibration, and adaptation
data. Reported transfer within a study is evidence about that recipe and evaluation set, not a guarantee that any
robot exposing the same API can execute the same physical skill.

5.5 Governed updates and traceability

Persistent improvement requires a separation between proposing and deploying a change. A trace should
record the goal, observation provenance, capability and policy versions, verification decisions, interventions,
and outcome. Candidate memory edits, generated skills, or critics can then be tested against both targeted
failures and retained tasks. Figure 8 illustrates this update discipline as a design recommendation.

A physical reset is an experimental intervention, not a free database operation. Paired recovery actions in
RoboClaw and reset verification in ENPIRE make this dependency explicit [98, 121]. A failed reset changes
the initial conditions of the next rollout; excluding its time or human assistance can overstate autonomous
improvement. The software promotion loop and the physical reset loop in Figure 8 must therefore be reported
separately.



SHAPER and Zetta place adaptation in external execution artifacts [97, 119], while ABot-AgentOS uses gated
promotion of runtime assets to later evaluation splits [31]. Their comparison motivates reporting update cost,
regression, retained competence, and evaluation separation. Frozen model weights do not imply a fixed
system, and training-free adaptation can still require substantial rollouts. A rollback mechanism can restore a
software artifact; it cannot undo physical harm incurred during exploration.
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! Physical reset and verification Reject candidate Promote version
Restore a feasible start state Keep prior version Only after acceptance
Budget time and interventions Record failure evidence Monitor deployed behavior

Software rollback restores artifacts; physical reset requires its own evidence.

Figure 8. Two coupled loops for improvement: artifact validation and physical reset. Rejected candidates retain the
previous software version; restoring the physical start state requires a separately checked action. Recommended synthesis,
not a claim that every system implements all steps [31, 96-98, 119-121].

Chapter 6 Evidence and Open Challenges

6.1 Evaluating the contribution of the harness

An end-to-end success rate combines model quality, policy competence, perception, scene difficulty, and
runtime design. To attribute a gain to the harness, comparisons should hold these factors constant where
possible. Useful ablations remove or replace a specific mechanism—memory retrieval, handoff preparation,
outcome verification, or recovery—while preserving task budgets and execution capabilities. If the lower-level
policy is also adapted, the result measures a joint system change [79].

Two additional baselines help separate the sources of a gain. CaP-X varies the supplied abstractions and
feedback, exposing the contribution of designer scaffolding; HELM compares memory, verification, and
recovery components in long-horizon execution [101, 107]. A model-harness comparison should likewise
report performance under a fixed model with changing runtime, and a fixed runtime with changing model.
Interaction limits, retries, sensor access, training data, and any learned verifier must be accounted for in both
conditions.

Evidence settings should remain explicit. TypeGo reports an early physical prototype [30]; Edge Skillguard
evaluates authority guards on an edge control-plane testbed [33]; simulation benchmarks in SHAPER and
Zetta support claims within their respective task distributions [97, 119]. These results cannot be placed on one
numerical leaderboard without aligned tasks, resources, and definitions of success. Table 6 gives a common
reporting structure without inventing unreported measurements.

Table 6. Evaluation dimensions and necessary controls
Dimension Report Control or diagnostic

Fix base model, policy, sensors, and task

Task competence Success, partial completion, horizon, task diversity budget



Dimension

Report

Control or diagnostic

Separate transition failure from within-skill

Composition Handoff failure and entry-condition violations failure
. . False acceptance, false rejection, unknown .
Verification p L Use independently grounded outcome labels.
outcomes
Detection delay, recovery success, retry and .
Recovery . . Y y Ty State recovery budget and human assistance.
intervention cost
o Observation age, tail latency, interrupt Measure full deployment; do not infer from
Timing .
acknowledgment nominal rates.
. Update cost, retained competence, regression, Separate proposal, validation, and evaluation
Adaptation
transfer data.
Authority Unauthorized admission and revocation behavior Test adversarial claims and stale authorization.

State sensor, dynamics, controller, and

Physical assurance : :
operating assumptions.

Constraint violations and intervention envelope

Figure 9 makes causal attribution explicit. A comparison with a stronger model, a newly trained policy, or a
larger retry budget cannot by itself isolate the harness contribution. Report aligned task budgets and provide a
fixed-policy comparison when policy adaptation is also part of the system [79, 121].

Fixed task set, model, policy, observations, hardware, and interaction budget

A A A

Baseline runtime ’ ‘ Full harness ‘ ‘ One mechanism removed

A A A

Independent scoring and comparable budgets
Success - false acceptance - handoff failure - latency - retries - human assistance

If policies also change, report a joint-system result and a separate fixed-policy comparison.

Figure 9. Evaluation that isolates the contribution of a runtime mechanism. Compare aligned baseline, full-system, and
ablated conditions with independent outcome scoring. Changes in policy weights or interaction budget require additional
controls. Recommended protocol [20, 30, 79, 97, 119, 121].

6.2 Reliability across the full lifecycle

Long-horizon reliability depends on failure detection and containment as well as local competence. Evaluation
should include stale context, incorrect memory, interrupted actions, conflicting tasks, policy handoff
mismatch, and loss of a required service. A runtime that succeeds after many hidden retries may impose
unacceptable time, energy, or contact costs. Tests should therefore expose retry budgets and human
intervention rather than absorbing them into an opaque success percentage.

Long horizon should be specified through coupled decisions and state dependencies rather than elapsed time
alone, as emphasized by the long-horizon-agent survey [57]. A lengthy repetition of one independent pick-and-
place action differs from a sequence in which an early choice constrains later reachability or resources. Skill-
evaluation surveys further motivate measuring reuse, transfer, regression, and the effect of evolving libraries,



in addition to episode success [144]. A persistent benchmark should therefore test whether the robot retains
valid commitments while discarding stale assumptions across episodes and sessions.

Retry semantics need equal care. The ENPIRE project distinguishes pass@8 performance with in-context
retries from single-trial success [121]. A survey should retain that denominator and interaction protocol instead
of presenting the number as pass@! or as independent best-of-eight sampling. More generally, report initial-
attempt success, eventual success within the stated budget, total attempts, and reset or human-intervention
cost.

Semantic verification also needs an independent reference. When a model both acts and scores its own
success, correlated errors can inflate measured reliability. Trace-grounded scoring, held-out human
assessment, or independent sensors can help, but each has limitations. “Unknown” should remain an available
outcome when observations do not determine whether a postcondition holds. The broader distinction between
bounded demonstrations and justified delegation remains central to world-acting systems [29].

6.3 Hardware health and deployment adaptation

Hardware condition can change the feasible operating envelope through temperature, wear, sensor drift, or
actuator damage. Work on damage adaptation and continuous self-modeling provides evidence that robots can
adjust behavior to altered capabilities under particular experimental conditions [95, 118]. Incorporating such
capabilities into an agent runtime requires reliable diagnosis, capability updates, and a decision about when to
stop or request maintenance.

Software debugging and mechanical resilience should be separated. SPINE's deployment workflows address
profiling and integration problems [129]. A diagnostic repair of a configuration is not equivalent to restoring a
damaged actuator. The harness may reduce demand or choose another feasible capability, but “self-healing”
should not imply that safe operation is guaranteed after arbitrary hardware degradation. Evaluations should
specify the fault class and whether continued operation is permitted.

6.4 Authority and human interaction

A goal, a suggested plan, and permission to actuate are distinct objects. Edge Skillguard treats authority as a
typed property checked against state and evidence [33]. LLM-based reviewers can provide an additional
accept, reject, or escalation path [24]. Human-facing systems also need clarification and revision mechanisms:
Ludi 0.1 links dialogue and embodied behavior in continuing interaction [93]. These contributions should be
evaluated together at the authority boundary while retaining their different enforcement mechanisms.

Agent-security surveys identify risks introduced by tool use, mutable memory, autonomy, and communication
with external information sources [145, 146]. In an embodied system, retrieved instructions or scene text may
enter the same reasoning context as trusted task constraints. The design implication is to preserve their
provenance and keep observation content from silently changing execution authority. This addresses an
information-flow problem; controller-level protection is still needed for physical constraints that cannot be
enforced by a language-agent permission check.

Personalization creates a related persistence problem. Personalized-agent surveys connect user profiles and
memory to planning and action [147]. In a shared robot, a remembered preference may inform how a task is
performed, but it should not override current consent, resource ownership, or a newly issued stop. Interaction-
aware systems such as Ludi 0.1 make dialogue part of the ongoing execution context [93]; evaluating them
requires both task outcomes and correct handling of revised or conflicting human instructions.

Physical safety limits are application- and contact-dependent; a single force threshold does not establish
compliance with an entire robot-safety standard. This survey therefore does not equate a harness feature with
regulatory certification. Traceability can support investigation and accountability, but logs require integrity
protection and cannot by themselves guarantee prevention. Authority revocation, policy updates, and human
override should be tested under realistic communication and actuator delays.



6.5 Interoperability and research priorities

Interoperability requires agreement on capability semantics as well as message formats. Promising common
elements include typed inputs, resource ownership, observation provenance, interruption acknowledgment,
postcondition evidence, and versioned traces. These elements should be validated across multiple execution
stacks before being presented as a universal embodied operating-system standard. Existing middleware and
Agent OS prototypes supply implementation experience, not proof that a single standard has already emerged
[21, 23, 30, 31].

The central open problem is compositional assurance: under what assumptions can individually characterized
components be combined while retaining useful reliability properties? Progress requires shared failure
taxonomies, reproducible perturbations, tests of update regression, and explicit timing and authority contracts.
Predictive models may improve planning and risk estimation [8], but their benefits should be demonstrated
alongside uncertainty handling and the physical mechanisms that implement intervention.

Navigation and driving provide useful tests of the scope of these conclusions. Foundation-model navigation
surveys emphasize embodied planning and grounding, while driving-oriented VLA surveys add tightly
coupled motion, real-time decision making, and domain-specific evaluation [ 148, 149]. The contract and
evidence principles can transfer across these domains, but the concrete action bounds, fallback behaviors, and
validation requirements differ. Manipulation success should therefore not be presented as evidence of general
embodied reliability.

Chapter 7 Conclusion and Research Agenda

7.1 Synthesis

Embodied agentic harnesses organize the boundary between decisions and physical consequences. Across
affordance grounding, programmatic control, structured reactive execution, memory-guided orchestration, and
evolving critics, the recurring design requirement is an explicit account of state, capability, execution, and
feedback [2, 17-20, 25, 119]. These mechanisms are best understood as complementary components rather
than mutually exclusive generations of methods.

The architecture in this survey separates logical responsibilities while allowing implementations to distribute
them differently. Its contract formulation distinguishes capability invocation from policy internals, and its
taxonomy separates the runtime mechanism from intervention timing, adaptation target, and evaluation
evidence. This resolves an otherwise misleading comparison between a memory system, a code generator, a
low-level controller, and an integrated Agent OS.

Viewed against the broader literature, model progress and harness progress are complementary. LLMs and
multimodal models expand interpretation and reasoning; VLA and predictive-action models expand the
available behavior and anticipatory representations; the harness structures their use over time [10, 11, 40, 58,
59]. A model may internalize some planning, memory, or verification functions, reducing the external work
required, while still needing interfaces to state, resources, and measurable outcomes. This makes the allocation
of responsibilities an empirical design choice rather than a fixed hierarchy of model families.

The most consequential distinction is between deciding that an action is useful, deciding that it is authorized,
observing that it succeeded, and establishing that it satisfies a physical safety condition. Progress in one does
not automatically establish the others [22, 24, 32, 33]. A reliable embodied system must connect these

decisions through enforceable interfaces and explicitly state the assumptions that remain outside the harness.

7.2 Research agenda

A practical agenda begins with reproducible execution contracts and shared evaluation protocols. Capability
interfaces should expose preconditions, resources, bounded execution, interruption, and outcome evidence.
Benchmarks should then isolate which runtime mechanism contributes to performance, test stale-state and



handoff failures, and report intervention cost alongside success. This makes comparisons across planning,
memory, scheduling, and verification systems more meaningful [2, 18, 20, 30, 79].

Adaptation requires a second line of evidence: improvements should survive held-out tasks, preserve prior
competence, and respect authority and physical constraints. External memory and program updates can
improve a frozen model's behavior, but they still change the deployed system and require validation [31, 94,
96,97, 119, 120]. Verified resets and recovery partners further determine whether repeated physical learning
can proceed without hidden human support [98, 121]. Hardware-aware operation and cross-embodiment reuse
should similarly be judged by explicit transfer and fault conditions rather than architectural labels [80, 95, 118,
129].

A further priority is to study the interface between predictive learning and runtime assurance. Future-aware
representations can improve policies even when no future is rendered at deployment [73—75]; explicit
predictive services can support planning and evaluation when they are sufficiently calibrated and timely [71,
77]. Comparisons should determine which errors require better learned capabilities and which require better
admission, state management, or recovery. This connects the WAM research agenda to compositional
execution without treating model prediction as a substitute for observed evidence.

The field's long-term objective is sustained, accountable physical autonomy. The reviewed work supports
concrete advances in grounding, orchestration, and feedback, while leaving open the reliability of their
composition in changing environments. Treating the harness as a measurable set of execution responsibilities
provides a basis for that progress without assuming that richer models, more memory, or additional generated
skills alone resolve the physical and organizational limits of delegation [8, 29].
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