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ABSTRACT

Robot manipulation remains difficult not because robots lack action labels such as pick, place,
and insert, but because these labels under-specify the world state—object configuration, contact
mode, metric tolerance, termination condition, and expected effect—on which a physical interaction
succeeds. The bottleneck is therefore not the guantity of action labels in training data, but the world-
state understanding a system brings to physical interaction. This survey develops PraxisWorld,
an object-centric world-action model that recasts manipulation from a direct language-to-action
mapping into a unified world state —action interface — state transition paradigm. PraxisWorld rests
on four commitments: objects as anchors, world state as the substrate, atomic skills as executable
interfaces, and state transition as the verifiable basis that links perception, prediction, planning,
control, and recovery. In this view a world model does not merely predict future pixels or latent states;
it explicitly represents object-centric world-state transitions through a unified atomic-skill framework,
revealing whether a method exposes verifiable physical interfaces or hides them inside an end-to-end
monolithic policy. We formulate an object-centric skill descriptor K = (R, S, X,C, I, 7, 8,A,E)
as the executable interface of this model, and review more than 180 works through four stages:
definition and discovery, learning and anchoring, composition and orchestration, and execution and
recovery. Composition then becomes verifiable state-transition matching rather than language-level
concatenation: a chain is physically executable only when the object state produced by one skill
satisfies the initiation condition of the next (A; = I,). We analyze JEPA-style and action-conditioned
world models as concrete instances of this transition interface, include a small Meta-World diagnostic
probe of object-state interface gates, and identify open problems in learning compositional interfaces,
unifying semantic/metric/tactile state, modeling contact-rich transitions, and benchmarking the
full object-centric skill chain. The aim is to move manipulation from behavior imitation toward
composable, verifiable, and recoverable physical interaction.

Keywords Robot manipulation - World-action model - Object-centric perception - Atomic skills - State-transition
interfaces - Skill composition - Vision-language-action models - World models - Survey

1 Introduction

Embodied Al becomes consequential when an agent can act in the physical world, and robot manipulation is the setting
where this requirement is most unforgiving. A household, service, or industrial robot must not only parse instructions
and recognize objects, but also establish contact, regulate force, maintain object identity through occlusion, and verify
whether an intended state change has occurred. The everyday tasks that motivate embodied intelligence, such as
preparing food, packing groceries, assembling furniture, sorting laundry, and performing laboratory procedures, are
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Same verb, different physics

GRASP(rigid block) GRASP(cloth) GRASP(fragile glass)

Fig. 1: Same verb, different physics. The semantic label grasp hides different contact topologies, force regimes, and
failure modes across a rigid block, deformable cloth, and fragile glass. PraxisWorld treats the object-state transition
behind the verb, rather than the verb alone, as the unit of definition, learning, composition, and verification: each skill is
read as a world interface that consumes and produces object state.

therefore not single behaviors. They are organized sequences of smaller physical interactions whose validity depends
on the objects being acted upon.

Modern robot learning has made striking progress on short-horizon and language-conditioned behavior. Vision-language-
action (VLA) models transfer web-scale semantic knowledge to robot control (Brohan et al., 2023a), flow-matching
action heads support broad visuomotor policies (Black et al., 2024a), and recent generalist policies show impressive
cross-task and cross-embodiment behavior (Physical Intelligence et al., 2025, 2026). As scaling laws reshaped language
and vision, it is tempting to expect that scaling action-labeled demonstrations will, by itself, deliver reliable manipulation.
Yet a persistent gap remains between producing a plausible action and manipulating reliably across object instances,
contact regimes, perturbations, and long horizons. The issue is not only model capacity or data volume. A semantic
label such as grasp, place, or insert does not specify the world state in which the action is valid, the contact mode it
must establish, the tolerance it must satisfy, or the object-state effect on which the next action depends. Fig. 1 illustrates
this under-specification for a single verb: the label stays fixed while the required contact regime, force profile, and
failure mode change with the object. The bottleneck, in other words, is less the guantity of action labels than the
world-state understanding a system can bring to each interaction.

Human behavior offers a useful way to frame this gap. People usually do not solve complex physical tasks as flat
streams of motor commands. They decompose goals into subgoals, reuse familiar interaction units, monitor intermediate
states, and repair local failures before continuing. Cognitive models of resource-rational planning make this observation
precise: people choose decompositions that trade off task utility against the cost of planning (Callaway et al., 2022;
Correa et al., 2023). At the perceptual-motor level, human interaction is also object-centered: objects are tracked
as persistent entities (Spelke, 1990; Kahneman et al., 1992; Pylyshyn, 2001), possible actions are constrained by
affordances (Gibson, 1979), and motor skill improves as perception, contact, and correction become tightly coupled
(Fitts and Posner, 1967). This is not a claim that robots should copy human cognition directly. It motivates a structural
principle: reusable manipulation units should be grounded in persistent objects and their physical transitions, not only
in verbs.

This survey develops that principle into a world model for action. We call the resulting framework PraxisWorld: an
object-centric world-action model that recasts manipulation from a direct language-to-action mapping into a unified
paradigm of world state — action interface — state transition. PraxisWorld rests on four commitments. Objects are the
anchors to which interaction is bound; world state, decomposed into semantic, metric, and tactile/contact attributes, is
the substrate on which transitions are defined; atomic skills are the executable interfaces through which an agent reads
and writes that state; and state transition is the verifiable basis that connects perception, prediction, planning, control,
and recovery. The name is deliberate: praxis is informed, purposeful action, and a manipulation system becomes
reliable only when knowing, embodied in the world model, and acting, embodied in the skill interface, are the same
object rather than two loosely coupled modules.

The executable interfaces in PraxisWorld are what we call atomic skills. An atomic skill is not simply the shortest
possible motion segment or the smallest language token. It is a reusable object-conditioned transition that a planner can
call, a controller can execute, and a verifier can check. The same verb grasp denotes different physical problems for a
rigid block, a deformable cloth, a plastic bag, and a fragile beaker; insert changes character across loose pegs, tight
connectors, and flexible cables; place differs radically between a broad tabletop region and a high-precision fixture.
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Fig. 2: PraxisWorld at a glance. The survey is organized as a world-action model rather than as a catalog alone: human
behavioral organization motivates the object-centric paradigm; the descriptor makes the world interface explicit; the
four-stage lifecycle of definition and discovery, learning and anchoring, composition and orchestration, and execution
and recovery turns world state into callable, verifiable transitions; and recent world-model methods are analyzed as
estimators of the missing transition model A.

These differences live in object state, geometry, material, contact topology, force, tolerance, and embodiment. They
cannot be recovered from the verb alone.

The central claim of this survey is that atomic skills should be represented as object-centric world interfaces with
explicit composition semantics. By object-centric, we mean that a skill is bound to persistent object instances and
conditioned on semantic, metric, and tactile/contact state. By world interface, we mean that the skill exposes when it
can start, how it terminates, and what object-state effect it is expected to produce, so that the world model can predict
that effect and a verifier can check it. Composition then stops being the concatenation of action names and becomes
verifiable state-transition matching: the predicted effect of one skill must satisfy the initiation condition of the next.
This effect-to-initiation test, written A, |= I; throughout the survey, is the difference between a language-level sequence
such as “pick then insert” and a physically valid manipulation chain. In short, PraxisWorld does not rename actions; it
gives actions a world interface.

This positioning also clarifies the type of survey we aim to write. The paper is not merely a catalog of works that
already use the term atomic skill, nor is it a method paper claiming a new implemented system. It is a framework survey:
PraxisWorld is a unifying lens for comparing several lines of manipulation research that are often discussed separately,
including options, task and motion planning, affordances, movement primitives, VLAs, tactile manipulation, and world
models. For each method family we ask which parts of the world-action interface it exposes, hides, or leaves unlearned,
and whether those parts are sufficient for reliable skill composition.

The survey makes four contributions. First, it reframes the literature around the evolution from monolithic policies,
symbolic operators, and affordance models toward an object-centric world-action model, in which skills are interfaces
to predicted world-state transitions. Second, it formulates a compact descriptor K = (R, S, X, C, I, m, 8, A, E) that
serves as the executable interface of this model, making object role bindings, skill type, semantic/metric/tactile state,
contact topology, initiation, policy, termination, effect, and embodiment explicit. Third, it reviews more than 180 works
through the four stages of the PraxisWorld lifecycle: how skills are defined and discovered; how they are learned
and anchored to object state; how they are composed and orchestrated into task-oriented chains; and how execution
and recovery close the loop. Fourth, it analyzes recent JEPA-style and action-conditioned world models, including
LeWorldModel, V-JEPA 2-AC, WorldVLA, VLA-JEPA, and AtomVLA, as concrete instances of the world-action
model that supply the predicted effect A, and includes a small Meta-World diagnostic probe that tests whether an
explicit object-state gate can detect and recover from perturbed skill-boundary transitions (Maes et al., 2026; Assran
et al., 2025; Cen et al., 2025; Sun et al., 2026a,b). Fig. 2 summarizes how these contributions map onto the rest of the
survey and highlights the world-action question that connects the sections.

The rest of the survey is organized as follows. Section 2 explains why robot manipulation has developed toward
an object-centric world-action model. Section 3 defines the model and its atomic-skill interface, and compares the
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formulation to options, TAMP, affordances, and VLAs. Section 4 reviews the four-stage skill lifecycle. Section 5
interprets current methods, systems, benchmarks, and world models as transition-interface estimators through this
framework, and reports a small simulation probe of object-state interface gates. Section 6 identifies open problems and
testable hypotheses, and Section 7 concludes.

2 History and Motivation: From Behavioral Organization to a World-Action Model

The idea of an object-centric world-action model did not appear fully formed. It is the result of several traditions
trying to solve the same manipulation problem at different levels of abstraction: how to turn continuous interaction
with objects into reusable, verifiable units that can support planning, learning, and recovery. This section traces that
evolution, not as a chronology of names, but as a sequence of pressures that pushed the field from action labels toward
skill interfaces defined over world state.

2.1 Behavior as Decomposition and Reuse

Human task performance is flexible because behavior can be decomposed and recomposed. In everyday physical tasks,
a person does not solve every motion from scratch; they reuse units such as reaching, grasping, aligning, pouring,
wiping, fastening, and checking. The relevant unit is not always a fixed motor program. It depends on task complexity,
object properties, and planning cost. For simple interactions, behavior may appear nearly direct and reactive. For
complex manipulation, decomposition becomes explicit: subgoals are selected, intermediate states are monitored, and
local failures trigger repair.

Recent cognitive models make this intuition precise. Resource-constrained planning work argues that exhaustive
lookahead is infeasible for humans, so people adopt planning strategies that balance performance with cognitive cost
(Callaway et al., 2022). Task-decomposition work further shows that people choose subgoals that reduce planning cost
while preserving task utility (Correa et al., 2023). For robotics, the lesson is not that a robot should imitate a specific
human algorithm. It is that long-horizon behavior needs a structured intermediate level between raw actions and task
goals. Atomic skills, understood as the executable interfaces of a world-action model, occupy that level.

2.2 From Temporal Abstraction to Physical Interfaces

Hierarchical reinforcement learning introduced temporal abstraction as a formal answer to this need. The options
framework defines an option by an initiation set, an intra-option policy, and a termination condition (Sutton et al., 1999).
Option-Critic showed that such components can be learned end-to-end (Bacon et al., 2017). This line gives atomic
skills a crucial formal property: a skill is not merely a segment of action but a callable unit with boundaries.

However, generic options do not by themselves solve manipulation. An initiation set represented in abstract state space
does not necessarily encode whether a cup is graspable, whether a connector is aligned, whether contact is stable, or
whether the available gripper can realize the required force. The move from options to object-centric skills is therefore
a move from temporal abstraction to physical interfaces defined over world state. The skill must specify the object state
and contact regime under which the option is meaningful.

2.3 From Symbolic Operators to Perceptual Grounding

Task and motion planning (TAMP) supplies the complementary view. Classical operators specify preconditions, effects,
and geometric constraints, and a plan is valid when each effect satisfies the next precondition (Garrett et al., 2021;
Zhao et al., 2024). This is exactly the discipline that long-horizon manipulation needs, and it is the discipline that a
world-action model must recover at the level of perceived state. A symbolic pick operator can create the condition
holding(object), which enables a later place or insert operator.

The limitation is that hand-coded symbolic predicates rarely match the perceptual and contact uncertainty of learned
manipulation. The precondition aligned(peg,hole) is not a single Boolean fact; it depends on pose uncertainty, clearance,
compliance, chamfer geometry, force limits, and tactile evidence. Object-centric atomic skills inherit the precondition—
effect logic of TAMP but require these interfaces to be grounded in multimodal world state rather than only in symbolic
labels.

2.4 From Affordances to Object-State Transitions

Affordance and Object—Action Complex (OAC) research already moved toward this view by tying actions to object
properties and predicted effects. Affordances describe possibilities for action relative to the agent and environment
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Fig. 3: The atomic-skill interface of the world-action model. The descriptor turns a skill from a semantic action name
into a physically grounded world interface. Perception estimates semantic, metric, and tactile/contact world state; the
policy acts under embodiment constraints; termination monitors success, failure, abort, or re-entry; and the predicted
effect A is the world-state transition that the next skill’s initiation interface I must accept.

(Gibson, 1979), and robotic affordance learning models object—action—effect triples from interaction (Montesano et al.,
2008). OACs bind objects, actions, effects, and verification into reusable sensorimotor units (Kriiger et al., 2011).
These ideas are close conceptual ancestors of the object-centric world-action model: they already treat the predicted
object-state effect, rather than the action label, as the thing worth representing.

What has changed is the scale and architecture of modern robot learning. Large VLAs, diffusion policies, tactile
foundation models, and world models can learn powerful policies and representations from broad data (Brohan et al.,
2023a; Chi et al., 2023; Huang et al., 2025a; Cen et al., 2025). But unless their learned units expose object-state
transitions, they remain difficult to compose, verify, debug, or transfer. The modern problem is therefore not to abandon
affordances or OACs, but to reconnect their object-action-effect discipline with current neural policies inside an explicit
world-action model.

2.5 Why a World-Action Model Now?

An object-centric world-action model has become timely because three trends now meet. First, generalist policies
provide broad semantic and visuomotor competence, making reusable skills plausible at scale—from early robotics
transformers and open generalist policies (Brohan et al., 2023b; Octo Model Team et al., 2024; Kim et al., 2024) to
flow-based VLAs (Brohan et al., 2023a; Black et al., 2024a; Physical Intelligence et al., 2025). Second, multimodal
grounding methods increasingly expose the metric and tactile variables that semantic labels omit, turning “world state”
from a slogan into measurable quantities (Qu et al., 2025; Huang et al., 2025a; Yu et al., 2025b). Third, world models,
including JEPA-style predictive architectures, provide a natural mechanism for estimating the effect of candidate actions
or skills before execution (Cen et al., 2025; Assran et al., 2025; Maes et al., 2026; Sun et al., 2026a). These three trends
are now crystallizing into an explicit World Action Model literature that unifies state prediction with action generation,
and that has already produced its first surveys (Wang et al., 2026; Zhang et al., 2025d).

The convergence suggests a revised survey question. Rather than asking only which architecture performs best on a
benchmark, we ask which parts of the object-centric world interface each method makes explicit: the world state it
conditions on, the policy it executes, the initiation and termination interfaces it exposes, the transition it predicts, and
the recovery path it enables when the observed effect does not match the intended one.

3 Formulation: The Object-Centric World-Action Model

This section defines the object-centric world-action model and the atomic-skill descriptor that serves as its executable
interface. The model has two coupled parts: a world state defined over persistent object instances, and a skill interface
that reads that state, acts on it, and predicts the resulting transition. It is a survey formulation rather than a claim that all
systems must implement the same data structure. Its purpose is diagnostic: it reveals which parts of the world interface
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Fig. 4: World-state transitions under skill execution. A skill’s effect A is read out as a transition over semantic-metric
object state « and contact topology c. For pick-and-place, the object may move from a free state on a support surface, to
an in-hand grasped state, and then to a released state on a target object. The post-state of one skill is the world state
against which the next skill’s initiation interface I is tested.

are explicit, learned, latent, or absent in each method family. Fig. 3 is the visual anchor for this section: it shows how
perception, policy, embodiment, termination, and predicted effect are tied together by the descriptor.

3.1 The Object Skill Descriptor

Definition 1 (Object-centric atomic skill). An object-centric atomic skill is a reusable object-conditioned transition
module
K = (R7S7X7C7I77T?ﬂ7A’E)7
X = (Xsema Xmeta Xtac)-

Here R binds object instances to roles; .S is the skill type; X is the object state decomposed into semantic, metric,
and tactile/contact attributes; C' is contact topology; I is the initiation interface; 7 is the closed-loop policy; 3 is the
termination and re-entry function; A is the expected object-state effect; and F specifies embodiment.

ey

Object and state grounding. R : O — L., maps concrete object instances to roles such as source, target, tool, or
container. S is the skill type, such as grasp, insert, pour, or wipe. Xqen, captures category, function, and language-level
affordance; X,,c¢ captures pose, geometry, spatial relation, clearance, and tolerance; and X, captures force, friction,
compliance, slip, and material/contact evidence. For articulated objects, Xt must also encode part-wise pose, joint
state, and kinematic constraints; category-level articulated pose perception methods such as CAPER++ make these
variables explicit through a root-part/constrained-part hierarchy and SE(3) manifold tracking (Zhang et al., 2026b). C
describes contact topology, including contact patch, normals, constraints, and mode changes (Cutkosky, 1989).

Interfaces. [ is the initiation interface: the object, contact, and embodiment conditions under which the skill can be
called reliably. f3 is the termination and re-entry function: it determines success, failure, abort, retry, or re-entry into
another skill. A is the expected effect model, predicting the distribution of post-states over object state and contact
topology. The triple (I, 8, A) is the core of composability. Without it, a learned policy may act well in isolation but
cannot be safely chained or repaired. Fig. 4 shows the same idea on a concrete state stream: each skill is read not only
as a command, but as a transition from one object/contact state to the next.

Policy and embodiment. 7 is the closed-loop policy conditioned on object state, contact state, history, and parameters.
E specifies the manipulator, gripper, sensor suite, controller class, and embodiment constraints. The same object-state
transition may transfer across embodiments, but the policy and initiation set often change when the body, gripper, or
sensors change.

3.2 Atomicity as a Physical Criterion

Atomicity is not unique. A segment can be atomic under one criterion and composite under another. A pick can be
atomic as a language token, but it may include approach, contact, grasp closure, lift, slip correction, and verification.
An insertion can be atomic as a planner operator, but it includes alignment, compliant search, contact, seating, and
force confirmation. A diffusion action chunk can be atomic as a trajectory sample, but it may hide which object-state
predicate has changed (Chi et al., 2023; Zhao et al., 2023).

The object-centric criterion resolves this ambiguity operationally:

An atomic skill is a single reusable object-conditioned state transition whose initiation, termination,
and effect are separable, identifiable, and reusable across tasks.
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Table 1: Axes for characterizing atomicity in manipulation skills, plus the object-centric view adopted in this survey.

Axis Definition of atomicity Sem. Tact. Met. Typical use
Contact mode A skill is atomic within a single contact Partial ~ Yes  Partial Hybrid dynamics and
configuration or contact-mode segment. contact-rich manipulation
(Cutkosky, 1989; Garrett et al.,
2021)
Gripper state A skill spans an open—close or No Partial No  Demonstration segmentation
close—open gripper-state interval. and boundary detection
(Gutierrez and Beksi, 2026)
Object relation A skill changes one relation such as on,  Yes No Partial Scene-graph planning and
inside, or attached. symbolic effects (Garrett et al.,
2021)
Planner operator A skill is one symbolic operator with Yes No Partial TAMP and classical planning
preconditions and effects. (Garrett et al., 2021; Zhao
et al., 2024)
Learned token A skill is a discrete code or latent token Implicit No  Implicit VLA tokenization and learned
from trajectories. skill libraries (Brohan et al.,
2023a; Ma et al., 2024)
Semantic label A skill is a verb or verb-object phrase Yes No No Language planning and
such as pick mug. instruction following (Brohan
et al., 2023a; Haresh et al.,
2024)
Process spec. A skill is a process with temporal, force, Partial ~ Yes Yes  Assembly, insertion, wiping,
or state-change constraints. and pouring (Kriiger et al.,

2011; Garrett et al., 2021)

Object-centric A skill is an object-conditioned Yes Yes Yes Object-state transformation,
transition module whose identity interface matching,
depends on object attributes, contact, verification, and recovery

interfaces, effects, and embodiment.

This definition does not force all skills to be short. It forces them to expose a transition that can be tested. If a candidate
unit lacks an observable initiation condition, a termination condition, or an effect model, it may still be useful for
imitation or compression, but it is not yet a composable object-centric skill.

Table 1 restores an important distinction: the literature calls many different units “atomic”, but under different criteria.
This survey adopts the object-centric criterion because it is the one that makes downstream composition and verification
testable.

3.3 Relation to Existing Formalisms

Table 2 previews the comparison by asking which components of K each family usually makes explicit; the paragraphs
below explain the trade-offs behind the entries. We assign the marks by a consistent rule: ® means the component is
named and used as an explicit, inspectable variable in the method’s interface, loss, or planning state; o means it appears
only implicitly, as a learned or latent representation, or only for some tasks; and — means it is absent or delegated to an
external module. The marks describe the typical form of each family rather than any single system, and are intended as
a diagnostic reading aid rather than a quantitative score.

Options provide (I, 7, 5) and thus formalize temporal abstraction, but they typically omit persistent object variables,
contact topology, effect models, and embodiment constraints (Sutton et al., 1999; Bacon et al., 2017). Object-centric
skills can be read as physically enriched options whose initiation and termination are stated over object state and contact.

TAMP operators provide preconditions, effects, and geometric constraints (Garrett et al., 2021; Zhao et al., 2024).
They offer the clearest composition discipline, but their predicates are often hand-designed and symbolic. Object-centric
skills preserve the precondition—effect idea while asking how such interfaces can be learned, perceived, and verified.
PDDLStream and related approaches make the same point operationally: symbolic skeletons become useful only when
streams or samplers can certify the continuous geometric conditions that make an operator callable (Garrett et al., 2020).

OAC:s and affordances bind objects, actions, and effects (Kriiger et al., 2011; Montesano et al., 2008). They are
the closest conceptual ancestor. The present formulation extends this tradition with modern multimodal perception,
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Table 2: Representative method families compared by object-centric skill components. e: usually explicit; o: partial,
implicit, or task-dependent; —: usually absent or external.

Family X 7 1 154 A E Main gap

Options / HRL o ° ° ° o o Object state and effects are weak or latent

TAMP ° o ° ° ° o Learned perception and policy robustness are limited

OAC/ . o o o ° o  Less connected to modern VLA and diffusion policies
affordances

Semantic VLAs o ° o o o o  Geometry, contact, termination, and effects are hidden

Spatial VLAs ° ° o o o o  Metric grounding improves, but interfaces remain implicit
Tactile VLAs . ° o o o o  Contact grounding improves, but coverage is hardware-limited
Diffusion policies o . o o o o  Skill boundaries and effects are usually latent

Movement o . o o o o  Object semantics and composability are often external
primitives

World models o o o o ° o Predictive effects exist, but often as pixels or latent states rather than

object predicates

learned policies, tactile grounding, cross-embodiment transfer, and VLA/world-model integration. Beyond a change of
application domain, the descriptor adds three structural commitments to the classical OAC: it factors world state into
separable semantic, metric, and tactile/contact components with an explicit contact topology C, rather than a single
attribute set; it treats the effect-to-initiation link as a probabilistic, learnable compatibility test A; = I; (Eq. 4) instead
of a symbolic precondition match; and it represents recovery as re-entry into the same interface graph (Eq. 7) rather
than as separate error handling. These commitments are also what keep the model falsifiable in practice: a method
either exposes a testable A — [ relation or it does not, and the diagnostic probe in Section 5 shows that this distinction
is measurable rather than merely descriptive.

VLAs and diffusion policies provide powerful 7 but usually hide I, 3, and A inside learned representations (Brohan
et al., 2023a; Chi et al., 2023; Black et al., 2024a). The formulation is useful precisely because it distinguishes behavioral
competence from exposed compositional structure.

Movement primitives and learned action chunks provide compact executable policies—from dynamical and prob-
abilistic movement primitives (Ijspeert et al., 2013; Paraschos et al., 2013) to learned action chunks (Zhao et al.,
2023)—but often treat object semantics, contact verification, and chain-level effects as external annotations rather than
as part of the primitive itself (Gutierrez and Beksi, 2026).

4 The Four-Stage Lifecycle of the World-Action Model

The descriptor in Section 3 becomes useful when connected to the lifecycle of a manipulation system. We organize
that lifecycle into four stages: defining and discovering the skill, learning and anchoring it to object state, composing
and orchestrating it with other skills, and closing the loop through execution and recovery. The four stages are not
separate topics; they are one pass through the same object-centric world-action model, traced from world state to
verified transition. Fig. 5 follows the lifecycle from input state and embodiment through skill discovery, anchoring,
composition, and closed-loop execution and recovery.

4.1 Stage I: Definition and Discovery

Skill definition asks what counts as an atomic skill. Skill discovery asks how such units are found from language,
demonstrations, interaction, or cross-embodiment data. The two questions are coupled but distinct. A segmentation
algorithm can cut a trajectory into neat pieces without discovering reusable skills; a language model can propose
plausible step names without grounding them in physical transitions.

In the object-centric view, a candidate unit qualifies as a skill only if four criteria hold. First, it must have transition
separability: executing the unit changes object state X or contact topology C' in a measurable way. Second, it must
have interface testability: initiation and termination can be checked at runtime. Third, it must have parameter
identifiability: variation across instances can be explained by roles, geometry, force, tolerance, or embodiment. Fourth,
it must have reuse potential: the transition recurs across objects, scenes, tasks, or embodiments.

Language-guided methods provide strong proposal mechanisms. Systems such as AAS, Manual2Skill, DeCo, and
Gentle Manipulation use language or VLMs to identify candidate steps and skill hierarchies (Tabakov et al., 2026;
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Fig. 5: Four stages of the object-centric world-action model. The framework merges skill definition and discovery,
learning and anchoring, composition and orchestration, and execution and recovery into a single lifecycle. The descriptor
K =(R,S,X,C,I,m j,A, E) connects the stages, while the interface test A; |= I, explains both forward chaining
and recovery re-entry.

Tie et al., 2025; Chen et al., 2026; Zhou et al., 2026). Their weakness is that a plausible label does not determine the
physical transition. The phrase align connector might refer to reducing pose error, establishing compliant contact,
changing cable deformation, or orienting a keyed part. Object-centric discovery requires deciding which of these
transitions is actually present.

Unsupervised and demonstration-based methods search for recurring structure in trajectories. BUDS, LOTUS, LOKI,
AtomSkill, KISA, SymSkill, and related methods discover latent segments, symbols, or skill boundaries from behavior
(Zhu et al., 2022; Wan et al., 2024; Zhu et al., 2026, 2025; Kou et al., 2024; Shao et al., 2025). This line builds on
foundational skill-discovery and decomposition work: skill chaining and skill trees construct reusable skills from
demonstration and experience (Konidaris and Barto, 2009; Konidaris et al., 2012), CompILE segments trajectories
into composable latent skills (Kipf et al., 2019), and play- and relay-style methods learn reusable behaviors from
unstructured interaction (Lynch et al., 2020; Gupta et al., 2019). They become object-centric only when clusters align
with recurring object effects rather than merely with velocity, gripper aperture, visual saliency, or demonstrator style.
Contact- and object-state-based methods are more physically aligned because they use force, tactile, or object-relation
changes to define boundaries (Mao et al., 2024b; Johannsmeier et al., 2025; Chen et al., 2025b). Cross-embodiment
discovery adds another test: if a transition is preserved across human hands, parallel-jaw grippers, and dexterous hands,
it is more likely object-defined than embodiment-specific (Xu et al., 2023; Kim et al., 2025; Wan et al., 2025). SBD-style
boundary discovery and GSL-style object-centric hierarchies illustrate the difference between useful segmentation and
object-centric discovery: a boundary caused by prediction error is useful only when it corresponds to a change in X, C,
I, or B (Deng et al., 2025; Zhao et al., 2025a).

This criterion can be written as an evaluation objective rather than as a single prescribed algorithm:

min }Z Z ||At — Aj||/2't‘7c + )\Linterface(lj7 ﬁ]) @

4 AT ) .
(= {m) & =

The first term asks whether segments assigned to the same type produce consistent object/contact effects; the second
asks whether the proposed unit has testable boundaries. Language supplies candidate names, unsupervised learning
supplies recurring latent structure, contact events supply physically meaningful boundaries, and cross-embodiment
recurrence tests whether the transition is defined by the object rather than by one actuator.

4.2 Stage II: Learning and Anchoring

Once a candidate skill type .S exists, it must be parameterized as a policy m grounded in object state. The key point is
that perception is not merely upstream of the skill. It is part of the skill definition. X, determines which object and
action family are relevant; X ¢ determines pose, geometry, clearance, and tolerance; Xy, determines whether contact
has occurred, whether slip or jam is present, and whether force is acceptable.

Semantic grounding is now highly developed. RT-2 casts robot actions as token sequences inside a VLM (Brohan
et al., 2023a); FAST, VQ-VLA, ActionCodec, and UniAct improve action tokenization and cross-embodiment action
representation (Pertsch et al., 2025; Wang et al., 2025; Dong et al., 2026b; Zheng et al., 2025). These methods narrow
the skill hypothesis space, but they do not by themselves specify physical validity. A token for insert does not encode
peg diameter, hole pose, chamfer geometry, allowable force, or jam recovery.

Metric and spatial grounding make this physical content more explicit. Spatial VLA, PointVLA, DepthVLA, SpatialBot,
SG-VLA, SP-VLA, AlphaSpace, and MetricAnything each expose part of X ,¢;: egocentric 3D structure, point-cloud
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Fig. 6: Composition as effect-to-initiation matching. A task goal is decomposed into candidate skills, but an edge is
valid only when the predicted effect A; of one skill satisfies the initiation interface /; of the next. On effect mismatch,
recovery is re-entry into the same interface graph from the observed abnormal state rather than a separate engineering
patch.

geometry, depth, relative pose, spatial priors, or metric scale (Qu et al., 2025; Li et al., 2026a; Yuan et al., 2025; Cai et al.,
2024a; Tu et al., 2026; Ye et al., 2026; Dao et al., 2025; Ma et al., 2026). For articulated objects, CAPER++ shows a
complementary perception-side route: joint-centric pose estimation and tracking recover root-part pose, constrained-part
joint states, and temporally coherent SE(3) increments, turning object geometry into a structured state that a skill
interface can inspect (Zhang et al., 2026b). Tactile and force-aware methods expose X, and C'. Tactile-VLA, TacVLA,
ForceVLA, OmniVTLA, VTLA, Sparsh, and UniTouch show how tactile images, force—torque signals, and cross-sensor
tactile embeddings can be integrated into policy learning (Huang et al., 2025a; Zhang et al., 2026a; Yu et al., 2025b;
Cheng et al., 2025; Zhang et al., 2025b; Higuera et al., 2024; Yang et al., 2024).

Policy parameterization determines how these signals are used. Action chunks provide temporal stability but require
effect checks at chunk boundaries (Zhao et al., 2023). Diffusion policies represent multimodal trajectories but should
organize modes by equivalent object effects rather than by action-space similarity alone (Chi et al., 2023; Huang et al.,
2026a; Liang et al., 2024). Discrete skill codes and atomic VLAs compress the action or skill space, but their codes
must preserve the state variables that define the transition (Zhang et al., 2026c; Sun et al., 2026b; Hao et al., 2026).
Expert routing naturally resembles skill libraries when each expert specializes in a transition type over X and C' (Reuss
et al., 2025; Tang et al., 2026). The common diagnostic question is whether the learned representation preserves the
information needed for I, 3, and A. Action chunks and diffusion policies can be excellent controllers while still hiding
the effect they produce. Discrete codes and atomic VLAs can become genuine skill vocabularies only when a code
corresponds to a reusable transition rather than to a statistically convenient action fragment. Expert routing is most
compatible with the object-centric view when experts specialize by transition type, such as support establishment,
containment, insertion, sliding, or deformable alignment, instead of by scene identity alone.

4.3 Stage III: Composition and Orchestration

Composition is the central bottleneck. It is not enough for each skill to succeed alone. The post-state of one skill must
land inside the initiation interface of the next. For skills K; and K;, define the interface triple

Ji = (Li, Bi, D). 3)
The compatibility condition is
Kinj<:>( ,I?)r N (2, e) € I;] > 7. 4)

This equation expresses the core idea of the survey: a chain edge is not just temporal adjacency between names; it is a
verified object-state relation. Fig. 6 expands this compatibility check into a full decomposition, execution, mismatch,
and recovery loop.

Language-level planners, such as SayCan, Code as Policies, VoxPoser, SayPlan, Inner Monologue, and ELLMER, are
effective at proposing candidate sequences (Ahn et al., 2022; Liang et al., 2023; Huang et al., 2023; Rana et al., 2023;
Huang et al., 2022; Mon-Williams et al., 2025). Planner-integrated and hierarchical systems, including RoboMatrix, Hi
Robot, PSL, SPIRE, TASP, and MOSAIC, connect high-level proposals to lower-level skills (Mao et al., 2024a; Shi
et al., 2025; Dalal et al., 2024; Zhou et al., 2024; Hedegaard et al., 2025; Mishani et al., 2025). Affordance-grounded
planners make initiation conditions more explicit through object affordances or scene-graph relations (Birr et al., 2024;
Jiang et al., 2024; Yu et al., 2025a). Across these systems, the object-centric question is the same: does the selected
next skill’s I actually hold in the current object state?

Composition structures differ in how naturally they expose interfaces. Sequential chains are easy to generate but brittle.
DAGs expose partial order but often lack feedback. Behavior trees encode success, failure, fallback, and retry, making
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Fig. 7: Seven composition families for atomic skills. Sequential chains, DAG plans, behavior trees, skill graphs,
temporal logic, AND—OR graphs, and learned chains differ less in expressive power than in how explicitly they expose
the interface triple (I, 8, A).

them well aligned with (. Skill graphs can store reusable A — I edges. Temporal logic provides formal composition
semantics if propositions are grounded in object state. AND—OR graphs capture alternative decompositions, as in
TMP-IDAN (Karami et al., 2025). Diffusion and learned chains generate flexible long-horizon rollouts but usually keep
boundaries latent. Hierarchical VLAs can show impressive emergent composition but often do not expose reusable
interfaces. Fig. 7 and Table 3 organize these alternatives by the kind of graph they use and by how explicitly they expose
object state, recovery, and A — I edges.

Sequential chains remain the most common form because they match language plans and script-like task descriptions.
SayCan-style iterative selection is representative: an LLM proposes the next skill and a learned value function
scores whether the current state affords it (Ahn et al., 2022). In object-centric terms, the edge should be a A — [
compatibility check rather than only temporal precedence. DAG plans, including DAG-Plan, LiP-LLM, and RoboPARA,
expose partial order and parallel dependencies, but usually provide weak feedback when execution changes the state
unexpectedly (Gao et al., 2024; Obata et al., 2024; Duan et al., 2026).

Behavior trees are especially aligned with /3 because control flow is defined by success, failure, fallback, and retry.
BTGenBot, HBTP, and Code-BT show how natural-language task descriptions can be converted into executable tree
structures, but the predicates in the tree must still be grounded in object state for the tree to serve as a verifiable skill
graph (Izzo et al., 2024; Cai et al., 2024b; Zhang et al., 2025¢). Skill graphs and knowledge-graph planners, such as
HP-KG and GSC, are natural carriers for reusable libraries because an edge can store an empirical A — [ relation
(Zhou et al., 2025b; Tian et al., 2024). Temporal-logic methods such as Skill Machines, SELP, and LTLDoG offer
strong formal semantics, but their guarantees depend on whether each proposition can be perceived and verified in the
metric/tactile world (Tasse et al., 2022; Wu et al., 2024; Feng et al., 2024a).

Learned composition methods attack the same interface problem from the policy side. ChainedDiffuser and DOPPLER
generate long-horizon plans through diffusion-style rollouts, while GPC and FDP compose policy distributions through
score combination (Xian et al., 2023; Feng et al., 2024b; Cao et al., 2026; Liu et al., 2025a). These methods are flexible,
but they become object-centric composition only when generated segments expose checkable initiation and effect
variables. Hierarchical VLAs, including Long-VLA, LiLo-VLA, SkillVLA, and 7y 7, provide the strongest current
evidence that composition can emerge implicitly under scale (Fan et al., 2025; Yang et al., 2026a; Zhai et al., 2026;
Physical Intelligence et al., 2026). The limitation is not behavior but inspectability: the model may compose useful
subtasks without exposing the reusable interface that made the next subtask physically callable.

Several algorithms target the boundary between composed skills directly. T-STAR regularizes terminal states so that
the next skill can start; SCaR adds intra-skill and inter-skill regularization; SeqVLA uses completion-aware transition
signals; and MuST estimates continuous progress for long-horizon switching (Lee et al., 2021; Chen et al., 2024; Yang
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Table 3: Comparison of task-oriented skill composition forms. e: usually explicit; o: partial or implicit; —: usually
absent.

Form Nodes Edges Obj. Recovery? I/A? Key papers Limitation
state?
Sequential Ordered skills  Next-step order o - o SayCan; Code as Simple but brittle; weak
chains Policies; Inner branching and recovery
Monologue (Ahn

et al., 2022; Liang
et al., 2023; Huang

etal., 2022)
DAGs Partial-order =~ Dependency o o o DAG-Plan; Captures ordering;
skills LiP-LLM; weak feedback
RoboPARA (Gao

et al., 2024; Obata
et al., 2024; Duan

et al., 2026)
Behavior trees  Condition- Tick/control o—e ° o—e BTGenBot; HBTP; Good recovery;
action nodes  flow Code-BT (Izzo et al., engineering-heavy

2024; Cai et al.,
2024b; Zhang et al.,

2025¢e)
Skill graphs ~ Reusable skill Reachability o ° o HP-KG; GSC (Zhou Natural for libraries;
nodes et al., 2025b; Tian edge semantics often
et al., 2024) vague
Temporal logic Propositions Formal o ° e*  Skill Machines; Verifiable; hard
constraints SELP; LTLDoG grounding (*if

(Tasse et al., 2022;  propositions are
Wau et al., 2024; Feng object-centric)
et al., 2024a)

AND-OR Decompositions Refinement o ° o TMP-IDAN (Karami Captures alternatives;
graphs et al., 2025) exponential branching
Diffusion / Latent Learned rollout o o o/~  ChainedDiffuser; Flexible generation;
learned chains segments DOPPLER (Xian weak explicit interfaces

et al., 2023; Feng

et al., 2024b)
Hierarchical  Language Planner routing o o o/~ Long-VLA; Powerful behavior;
VLA subgoals LiLo-VLA; composition often

SkillVLA (Fan et al., implicit

2025; Yang et al.,

2026a; Zhai et al.,

2026)

et al., 2025; Gao et al., 2025). These works can be read as attempts to reduce the A — I gap: they make the terminal
state of one skill more predictable, or make the next initiation easier to satisfy. Reasoning and subgoal-generation
methods such as ECoT, CoT-VLA, CoA-VLA, FlowVLA, CoTDiffusion, SuSIE, and WorldVLA are similarly useful
when they infer candidate interfaces rather than only producing explanations (Zawalski et al., 2024; Zhao et al., 2025b;
Li et al., 2025a; Zhong et al., 2025; Ni et al., 2024; Black et al., 2024b; Cen et al., 2025).

4.4 Stage IV: Execution and Recovery

Execution closes the loop. A composed plan matters only if the robot can preserve, verify, and repair the intended
object-state transitions in the real world. Closed-loop execution should track the predicted trajectory of (X, C), not
only end-effector motion. For contact-rich manipulation, this includes force signatures, slip, deformation, support,
containment, insertion depth, and latch engagement. Formally, the policy is a closed-loop controller conditioned on the
intended transition:

ag ~ Wi(at \ X, Cyhe, 05), 9o = Di(wg, ¢4). 5

The execution metric is therefore not action similarity alone. A robot may follow a demonstrated trajectory while failing
to seat a connector, maintain a stable grasp, or establish the correct support relation; conversely, a different trajectory
may succeed if it realizes the same object-state transition.
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Verification is effect-mismatch detection:
d(Zps1, xf}ﬁ) + de (G, Cf}ﬁ) <e (6)

If the observed post-state differs from the predicted effect, the system should not blindly advance to the next skill.
It should update the current object state, classify the boundary through [, and re-enter the interface graph from the
abnormal state. Recovery is therefore not an add-on; it is composition from a failed or unexpected state. This can be
written as ordinary skill selection from an abnormal state:

Knext = arg gl%)[{: Pr[(ityétv 6) c I]] U(Ajag)a (7)

where L is the skill library and U estimates expected progress toward the task goal.

Recent systems show partial versions of this loop. Failure-detection and recovery methods such as FailSafe, RoboFAC,
I-FailSense, ARMOR, RAMA, Rational VLA, RACER, ConditionNET, and recovery chaining identify, classify, or
repair execution errors (Lin et al., 2025; Ye et al., 2025; Grislain et al., 2025; Qi et al., 2026; Song et al., 2025; Dai et al.,
2024; Sliwowski and Lee, 2025; Vats et al., 2025). Human-in-the-loop systems such as HIL-SERL and RoboCopilot
provide practical recovery channels in real robots (Luo et al., 2025; Wu et al., 2025). Hi-WM moves this loop inside a
learned world model, caching intermediate states and supporting rollback and branching so that a single failure state
can spawn multiple human-guided corrective trajectories (Li et al., 2026d). Online adaptation and RL refinement
methods such as DPPO, SimpleVLA-RL, STARE-VLA, SC-VLA, TT-VLA, and VLA-RL improve execution after
deployment, but their reward or correction signal is most useful when it tracks the intended object-state effect rather
than generic task success alone (Ren et al., 2025; Li et al., 2026b; Xu et al., 2025; Liu et al., 2026b,a; Lu et al., 2025a).
Perturbation benchmarks and robustness studies, including LIBERO-Plus, RobustVLA, and Eva-VLA, show why this
matters: viewpoint shifts, pose perturbations, slippery surfaces, and unexpected contacts perturb different variables in
K and should induce different re-entry decisions (Fei et al., 2025; Zhang et al., 2025c¢; Liu et al., 2025b). Generalist
policies such as 7y 7 use subtask language, metadata, and generated subgoal images as steering signals, functioning as
an implicit prompt-level substitute for explicit I, 3, and A (Physical Intelligence et al., 2026). The remaining gap is to
expose these variables as reusable, verifiable interfaces rather than leaving them internal to a monolithic policy.

5 Understanding Current Methods Through the World-Action Model

The object-centric world-action model changes how current methods should be read. Instead of sorting work only by
architecture, we ask where each method sits in the world-action loop: what world state it sees, what transition it predicts
or executes, what interface it exposes, and what failure it can detect. This section applies that lens to real-world systems,
benchmarks, data, and recent world-model methods.

5.1 Generalist Robot Systems

Large generalist systems internalize increasingly large parts of the skill chain. 7y and 7y 5 show that flow-based VLA
policies can scale across tasks and embodiments (Black et al., 2024a; Physical Intelligence et al., 2025). ¢ 7 extends
this line with a large vision-language backbone, a flow-matching action expert, video history, metadata-conditioned
prompting, and generated subgoal images from a lightweight world model (Physical Intelligence et al., 2026). The
reported behaviors are important for this survey because the model can compose skills seen in separate contexts and
transfer to an unseen URSe bimanual platform. In our terms, this is evidence that A — I compatibility can emerge
implicitly under scale. The limitation is that the interface remains hidden: the system does not expose the postcondition
that made the next subtask callable. The example is concrete. 7 7 is steered by subtask language, episode metadata,
and generated subgoal images, and reports behaviors such as loading a sweet potato into an air fryer by composing
experience from related but separately observed skills. For this survey, such behavior is important not because it proves
that explicit skill libraries are unnecessary, but because it reveals what a successful implicit interface looks like: each
subtask and generated subgoal image acts as a low-resolution proxy for an expected object-state transition. The missing
step is to expose that proxy as a reusable A that another planner, verifier, or recovery module can inspect.

Task-specific and industrial systems expose different parts of the chain. MT3 decomposes manipulation into alignment
and interaction phases and obtains broad task coverage with limited human demonstration time (Dreczkowski et al.,
2025). HIL-SERL uses human-in-the-loop reinforcement learning for reliable real-world improvement (Luo et al.,
2025). IndustReal and AutoMate make contact and assembly structure more explicit (Tang et al., 2023, 2024). These
systems are less open-ended than generalist VL As, but they often provide stronger object-state, contact, and verification
structure. This contrast is central: broad policies tend to hide interfaces, while narrower assembly systems often expose
them. HAMSTER and related mobile manipulation systems sit between these extremes: they broaden task coverage
and embodiment diversity, but still rely heavily on learned internal representations rather than declared skill interfaces
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Table 4: Representative real-world systems read through the object-centric skill descriptor. e: explicit; o: partial or
implicit; —: usually absent.
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(Li et al., 2025¢). The comparison in Table 4 should therefore be read as a diagnostic map, not a leaderboard. Different
systems are strong at different links of the object-centric chain.

5.2 Benchmarks and Data

Benchmarks reveal what the field is actually optimizing. LIBERO and CALVIN stress long-horizon language-
conditioned manipulation and compositionality (Liu et al., 2023; Mees et al., 2022). RLBench and ManiSkill3 provide
broad simulated task families (James et al., 2020; Tao et al., 2025). RoboCasa targets household manipulation (Nasiriany
etal., 2024). ClevrSkills isolates compositional reasoning over well-specified skills (Haresh et al., 2024). FurnitureBench
stresses real-world assembly and long horizons (Heo et al., 2025). RAMA and related failure benchmarks stress rejection
and recovery (Song et al., 2025). LIBERO-Plus is especially useful for this survey because it shows how quickly VLA
performance can degrade under realistic perturbation dimensions, including object layout, viewpoint, and sensor noise
(Fei et al., 2025). Such drops are not only robustness failures; they are evidence that semantic skill labels are insufficient
when the interface variables in K move out of distribution.

No current benchmark fully spans the object-centric chain. Semantic compositional benchmarks under-stress force,
slip, and tight tolerance. Assembly benchmarks stress contact and precision but have limited cross-object and cross-
embodiment diversity. Failure benchmarks stress verification and recovery but rarely combine this with rich tactile
contact and long-horizon composition. Recent efforts such as VLA-Arena, ManipArena, and ManiSkill-ViTac reduce
the gap by adding safety, reasoning-oriented evaluation, and vision—tactile coverage (Zhang et al., 2025a; Sun et al.,
2026¢; Li et al., 2024). The key missing benchmark unit is not a single task but a chain with observable interfaces:
the dataset should record whether each intermediate object-state transition occurred, which initiation condition failed,
and what recovery route was available. Without this information, a benchmark can report success rate but cannot tell
whether the system failed at discovery, grounding, composition, execution, verification, or recovery.

Data have the same issue. Large robot and egocentric datasets provide scale, but object-centric skills require more
than state-action pairs. The data should preserve object identity, contact evidence, skill boundaries, and observed state
transitions. Egocentric human data are valuable because they capture object-centered perception—action coupling at
close range (Kareer et al., 2024; Hoque et al., 2026; Generalist AI Team, 2026). Large-scale cross-embodiment corpora
such as Open X-Embodiment aggregate manipulation data across many robots and laboratories (Open X-Embodiment
Collaboration, 2024), and cross-embodiment data such as XSkill and UniSkill test whether a transition persists when the
body changes (Xu et al., 2023; Kim et al., 2025). The key question is whether the dataset supports reconstructing R, X,
C, I, 8, and A, even when they are not explicitly annotated. GEN-0 and GEN-1 style egocentric pretraining are relevant
here because they preserve the actor’s closed perception-action loop around persistent objects rather than separating
semantic labels from action traces (Generalist Al Team, 2025, 2026). Other recent data and representation efforts
point to complementary missing variables: EgoDex and EgoMimic emphasize dexterous human-object interaction;
XSkill and UniSkill stress cross-embodiment recurrence; tactile and visuotactile datasets stress contact evidence; and
world-model datasets stress observed transitions (Kareer et al., 2024; Hoque et al., 2026; Xu et al., 2023; Kim et al.,
2025; Higuera et al., 2026). The object-centric survey question is whether these sources can be aligned into a shared
state space rather than remaining separate semantic, metric, tactile, and transition corpora.

5.3 JEPA-Style World Models as Transition Interfaces
World models are central to PraxisWorld: they supply the predicted transition A on which every interface check depends,

and the effect model is precisely the weakest part of most current skill systems. In this survey, JEPA is not treated as a
separate category from world models. It is a major world-modeling route in which prediction is performed in a learned
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Fig. 8: World models as transition-interface estimators. JEPA-style latent predictors and action-conditioned world
models are useful for this survey because they target the weakest variable in many skill frameworks: the predicted effect
A. The open challenge is to align latent or visual futures with explicit object-state, contact, termination, and initiation
interfaces that a planner can verify.

representation space rather than only in pixel space. For manipulation, the important question is therefore not whether a
model predicts pixels, latent embeddings, or action-conditioned rollouts, but whether the prediction can be converted
into the object-state transition needed by a skill interface.

A useful manipulation world model should estimate how object state and contact topology will change under candidate
actions or skills:

p9($t+1:t+H»Ct+1:t+H, At:tJrH | Ty, Cty X¢, Kivat:t+H)~ (8)

This model becomes a transition interface only after its prediction can be tested against I; and 3;. In the descriptor
notation, the current state (X, C;) and candidate skill K; produce a predicted effect A;; the next edge is valid only if
that effect satisfies the initiation interface of the next skill. Fig. 8 places recent JEPA-style and action-conditioned world
models in this role. Their value for composable manipulation is not future generation by itself, but the ability to supply
checkable evidence about object state, contact, tolerance, and termination.

LeWorldModel. LeWorldModel (LeWM) is a recent representative of the JEPA-style world-modeling direction
(Maes et al., 2026). It trains a stable end-to-end joint-embedding predictive world model from raw pixels using a
next-embedding prediction loss plus a Gaussian latent regularizer. The paper reports a small ~15M-parameter model
that can be trained on a single GPU in a few hours, plans up to 48 x faster than foundation-model-based world models,
and remains competitive across several 2D and 3D control tasks. It also reports that the learned latent space encodes
physical quantities and responds strongly to physically implausible events. For our framework, the importance of
LeWM is not that it solves robot manipulation by itself. It shows that stable, efficient latent transition prediction can
be learned without relying on a frozen foundation encoder or pixel reconstruction, making it a plausible substrate for
learning A.

V-JEPA 2-AC. V-JEPA 2 moves JEPA-style world modeling closer to robot manipulation (Assran et al., 2025). The
model is pretrained on internet-scale video and then post-trained as an action-conditioned latent world model using
less than 62 hours of DROID robot video (Khazatsky et al., 2024). The authors deploy V-JEPA 2-AC zero-shot on
Franka arms in two labs for reaching, grasping, and pick-and-place with image goals, without environment-specific data
collection or task-specific reward. In object-centric terms, V-JEPA 2-AC is closer to a manipulation-relevant A model:
it scores candidate action rollouts by predicted progress toward a visual goal. However, its output is still primarily latent
or image-goal based, not an explicit predicate over object state, contact, tolerance, and termination.

WorldVLA, VLA-JEPA, and AtomVLA. WorldVLA integrates action generation and world-model prediction in
one autoregressive VLA, using future-image prediction to improve action generation (Cen et al., 2025). VLA-JEPA
adopts a JEPA-style latent world model for VLA pretraining and reports gains on LIBERO, LIBERO-Plus, SimplerEnv,
and real-world manipulation tasks (Sun et al., 2026a; Liu et al., 2023; Fei et al., 2025; Li et al., 2025b). AtomVLA
decomposes demonstrations into atomic subtasks and uses a predictive latent world model to score candidate action
chunks against subtask goals, reporting strong LIBERO and real-world results (Sun et al., 2026b). Together, these
systems form a natural bridge from LeWM-style latent transition learning to VLA manipulation. They suggest a
concrete way to combine world models with the object-centric descriptor: a VLA proposes a subgoal or candidate
action chunk, the world model predicts the future state or latent effect, and an interface module checks whether the
predicted state is compatible with the next intended transition. In this role, the world model supplies A, while the skill
descriptor supplies the variables that make A inspectable.

The emerging World Action Model (WAM) literature. A fast-growing 2026 line of work makes this world-action
coupling explicit under the name World Action Models: models that target a joint distribution over future states
and actions rather than actions alone. Two recent surveys map this territory, one on world models for manipulation
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broadly (Zhang et al., 2025d) and one proposing the WAM taxonomy directly (Wang et al., 2026), and a wave of
systems instantiate it. STARRY jointly denoises future spatio-temporal latents and actions (Tian et al., 2026); an
action-regularized world model adds an inverse-dynamics objective so that latent transitions stay action-relevant (Han
and Yilmaz, 2026); the World-Value-Action model couples prediction with a trajectory value function for implicit
long-horizon planning (Li et al., 2026c); and event-centric models such as EA-WM and the open-source WALL-WM
organize learning around object-state-changing events, such as reaching, contact, grasping, lifting, and placing, rather
than fixed action chunks (Yang et al., 2026b; X Square Robot, 2026). A robustness study reports that such world-action
models degrade less than reactive VLAs under perturbation (Zhang et al., 2026d), which is consistent with the central
claim of this survey: exposing a predictive transition interface, rather than memorizing observation-to-action maps, is
what makes manipulation robust and recoverable. The work closest to our formulation is OA-WAM, which decomposes
the scene into per-object slots with a persistent address separated from time-varying content, so that an instruction can
be bound to which object independently of what it currently looks like (Liu et al., 2026¢). Object-centric atomic skills
can be read as the interface-level counterpart of this representation: where OA-WAM resolves object identity inside the
world model, our descriptor exposes the initiation, termination, and effect interfaces (I, 3, A) that make the predicted
transition checkable. The distinction worth drawing is therefore not whether to build a world-action model, since the
field is converging on that, but whether its transitions are exposed as verifiable object-state interfaces (A; = I;) that
support composition and recovery, or left implicit inside a monolithic joint model.

Physics-grounded and object-centric world models. A complementary route makes the predicted effect A explicit
by grounding prediction in object state and physics rather than only in latent video features. Object-centric world
models predict per-object futures: FOCUS and a slot-based language-guided world model organize prediction around
object slots rather than whole frames (Ferraro et al., 2025; Jeong et al., 2025), while latent-feature predictors such
as DINO-WM plan directly on pre-trained visual features (Zhou et al., 2025a). Particle- and graph-based neural
dynamics learn material-adaptive object interactions, can be driven from dynamic 3D Gaussian tracking, and extend to
multi-object, multi-material scenes (Zhang et al., 2024a,b; Huang et al., 2025b, 2026b). A further line ties generative
4D object dynamics and contact physics to the same representation: neural object kinematics turn a static shape into a
simulatable 4D asset (Geng et al., 2026), physically-aware human—object interaction generation enforces contact-driven
momentum transfer through material-point simulation (Benishu et al., 2026), and scalable Gaussian world models
predict future object states under candidate actions (Lu et al., 2025b). For object-centric skills, the value of these models
is that their predictions are already expressed over object state and contact—exactly the form an initiation interface I
can test.

The survey-level conclusion is cautious but useful. World models are not automatically object-centric. Pixel futures
can be visually plausible while missing contact, force, or hidden state. Latent futures can improve planning while
remaining uninterpretable. But JEPA-style world models are one of the most logical and influential directions for this
survey because they attack the exact missing variable A. The next step is to turn latent or visual predictions into explicit
object-state effects that can be checked against initiation interfaces.

5.4 A Diagnostic Simulation Probe: Object-State Interface Gates

The framework above suggests a simple experimental question: when the object state at a skill boundary changes
unexpectedly, is it enough to continue executing the planned action suffix, or should the system first check whether
the next interface is still callable? To make this question concrete without introducing a new learned policy, we ran
a small diagnostic probe in Meta-World V3, a MuJoCo-based manipulation benchmark with scripted expert policies
(Yu et al., 2020; Todorov et al., 2012). This probe is not intended as a full benchmark or a new method. Its purpose is
narrower: to test, in simulation, whether an explicit object-state gate can expose a transition mismatch that is invisible
to an open-loop action suffix.

We evaluate three Meta-World tasks: basketball, bin-picking, and shelf-place. For each task, we first roll out the public
scripted expert policy and record a nominal action trajectory and object-state stream. At a fixed transition point, we
perturb the manipulated object in the simulator by a random planar displacement of 0—12 cm and use a 4 cm tolerance
as the transition gate. We then compare six continuations over 30 seeds per task. Nominal expert replay replays the
recorded trajectory without perturbation. Perturbed open-loop suffix applies the perturbation but continues the originally
recorded action suffix, representing a chain that assumes the previous effect A; still satisfies the next initiation interface
1;. Semantic gate checks only the semantic/task-level interface X ; because the perturbation preserves object identity
and task label, it behaves like the open-loop suffix. Object-state gate, verify only checks the metric object-state interface
Xmet and rejects the transition if the mismatch exceeds tolerance, but does not attempt recovery. Object-state gate +
recovery uses the same gate and, when the transition is rejected, re-queries the scripted expert policy in closed loop.
Oracle feedback recovery always re-queries the expert policy after the transition and serves only as an upper bound on
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Table 5: Diagnostic Meta-World probe over 90 simulated rollouts. The ablation separates label-level continuation,
semantic gating, object-state verification, state-gated recovery, and an oracle feedback upper bound.

State

Continuation Interface used Suﬁ/cess mismatch Alg/rm Re;;ect
(%) (%) (%) (%) Mismatch
(cm)
Nominal expert replay - 80.0 0.0 0.0 0.0 0.0
Perturbed open-loop - 21.1 72.2 0.0 0.0 6.1
suffix
Semantic gate Xsem 21.1 72.2 0.0 0.0 6.1
Object-state gate, verify Xmet 18.9 72.2 72.2 72.2 6.1
only
Object-state gate + Xmet, A = T 54.4 72.2 72.2 0.0 6.1
recovery
Oracle feedback recovery  always closed loop 55.6 72.2 0.0 0.0 6.1
m= Nominal me Openioop s CSTEC mm EE GRS v fesanack
100 4
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Before transition After perturbation Open-loop final Recovery final

Fig. 9: A small Meta-World object-state interface probe. Top: per-task success rates for nominal replay, open-loop
continuation, semantic gating, verify-only object-state gating, state-gated recovery, and oracle feedback. Bottom: an
upright top-view example in which the object is displaced at the skill boundary; continuing the old action suffix fails,
while the same expert policy can recover when the mismatch is detected and control is re-queried in closed loop.

what feedback recovery can achieve in this setup. Thus the comparison separates semantic gating, metric verification,
recovery, and an oracle feedback reference.

Table 5 reports the aggregate result over the 90 rollouts (3 tasks x 30 seeds) and Fig. 9 shows the per-task breakdown
and an example rollout; we report Wilson 95% confidence intervals on the pooled success rates. The nominal expert
succeeds in 80.0% of rollouts (95% CI [70.6, 87.0]). After object-state perturbation, blindly continuing the action suffix
drops success to 21.1% ([14.0, 30.6]). Because the perturbation is drawn and applied identically across continuations
and before they diverge, the raw state-mismatch rate (72.2%) and its mean magnitude (6.1 cm) describe the disturbance
itself; they are therefore shared across all perturbed rows, and only success, alarm, and reject vary with the continuation
strategy. The semantic gate is identical to the open-loop suffix by construction: a label-level interface that inspects only
object identity and task label cannot, in principle, observe a metric displacement that preserves both. The verify-only
object-state gate detects and rejects 72.2% of transitions (18.9% success, [12.1, 28.2]), showing that verification alone
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can expose unsafe continuation but, by aborting, cannot complete the task. Adding closed-loop recovery raises success
to 54.4% ([44.2,64.3]); the improvement over the open-loop suffix is unambiguous (433.3 points, with 30 of 90
rollouts recovered and none lost), and the residual gap to the 55.6% oracle feedback reference ([45.3, 65.4]) is a single
rollout (49 versus 50 of 90), i.e. within the noise of this sample. This does not prove that our descriptor is a complete
algorithm, and the probe deliberately exercises only the metric interface X,,o; on non-contact-rich tasks. It does show
that a minimal A; — I; check can make the difference between treating a disturbed transition as an ordinary action
suffix and treating it as a recoverable interface failure.

The probe also clarifies the role of future world models in this framework. Here, the expected transition state is recorded
from a scripted expert trajectory, which makes the interface check deliberately simple. In a learned system, a JEPA-style
or action-conditioned world model could supply the expected future object state instead. The same gate would then
compare a predicted or observed A; against the next initiation condition I; and decide whether to continue, replan, or
recover. This is the practical meaning of converting visual or latent prediction into an object-state transition interface.

To support scrutiny and reuse, the probe code, scripted-policy rollouts, and per-seed results are released as supplementary
material. The experiment is fully deterministic—it fixes the Meta-World V3 task seed and a per-episode random seed
for the perturbation—and an independent re-run reproduces every reported number exactly.

5.5 What the World-Action Model Adds

The world-action model does not require every method to implement the full tuple K. It asks a sharper set of review
questions. For a VLA, which parts of X are visible to the policy, and where are I, 3, and A hidden? For a diffusion
policy, are multimodal trajectories organized by equivalent object effects? For a TAMP system, are preconditions and
effects grounded in perception rather than hand-coded symbols? For a world model, does prediction correspond to
object-state transition or only to image similarity? For a benchmark, which links of the chain are actually tested?

This lens also resolves the ambiguous status of the survey itself. The paper is not merely a catalog of existing atomic-skill
papers, because the object-centric world-action model is partly a unifying proposal. Nor is it a method paper, because it
does not claim a new implemented algorithm. It is a framework survey: it reviews existing work by asking how each
method contributes to a physically grounded world-action loop and where the loop still breaks.

6 Open Problems and Testable Hypotheses

The object-centric world-action model clarifies which problems remain open. The main gaps are not isolated architectural
weaknesses; they are missing links in the world-action loop.

6.1 Learning Interfaces from Data

The hardest open problem is learning I, 3, and A directly from interaction data. Hand-coded preconditions do not scale,
but monolithic policies hide the boundaries needed for composition. A useful data-driven interface learner must infer
when a skill is callable, when it has succeeded or failed, and what object-state distribution it produces. This requires
datasets where object identity, contact events, and transition effects can be reconstructed. This problem cuts across all
four stages. For discovery, the system must tell whether a proposed segment has a stable effect rather than merely a
stable appearance. For learning, the policy must preserve the variables needed to monitor progress. For composition,
the effect of one skill must be represented in the same state space as the initiation condition of the next. For recovery,
abnormal post-states must be represented as valid starting points for repair skills rather than as out-of-distribution
failures.

Hypothesis H1. For matched policy capacity and single-skill success, systems with explicit learned I/3/A interfaces
should fail less often in deep chains than systems with only language-level subgoals. LIBERO, CALVIN, and ClevrSkills
provide partial testbeds, but stronger tests should include contact, occlusion, and recovery (Liu et al., 2023; Mees et al.,
2022; Haresh et al., 2024).

6.2 Unified Semantic, Metric, and Tactile State

Most current systems treat semantic, metric, and tactile grounding as separate capabilities. Object-centric skills require
a shared state space in which object category, geometry, pose, compliance, friction, contact mode, and force limits
constrain the same callable transition. This is especially important under occlusion. A robot cannot verify that an object
has been inserted, latched, folded, or poured correctly if it loses object identity or lacks tactile evidence for hidden
contact. Recent perception methods suggest partial remedies: video amodal segmentation hallucinates the occluded

18



PraxisWorld: Object-Centric World-Action Model

extent of objects across frames (Chen et al., 2025a), and occlusion-robust reconstruction recovers complete, physically
simulatable object geometry from partial views (Dong et al., 2026a); integrating such object-completion signals into the
skill interface, so that X and C' remain defined under occlusion, is an open problem. The difficulty is not only sensor
fusion. Semantic state must preserve persistent object identity, metric state must preserve pose and tolerance under
camera changes, and tactile/contact state must describe hidden physical events that vision may not observe. The field
has strong semantic VLAs, improving spatial VLAs, and emerging tactile VLAs, but object-centric skills require these
streams to agree on the same object instance and transition boundary.

Hypothesis H2. On insertion, assembly, deformable manipulation, and pouring, systems that jointly use X,¢; and
Xtac should outperform semantic-only systems under perturbations in geometry, friction, compliance, and visibility.
FurnitureBench and ManiSkill-ViTac are natural starting points (Heo et al., 2025; Li et al., 2024).

6.3 World Models over Object-State Transitions

World models should be evaluated by whether they predict manipulation-relevant transitions, not only by video realism
or latent rollout stability. LeWorldModel, V-JEPA 2-AC, WorldVLA, VLA-JEPA, and AtomVLA each point toward
predictive transition modeling (Maes et al., 2026; Assran et al., 2025; Cen et al., 2025; Sun et al., 2026a,b). The open
question is how to align latent predictions with object-state predicates that can be used for composition and verification.
Several related directions make the same point from different angles: image-editing subgoal methods generate visual
futures, JEPA-style world models predict representation futures, and action-conditioned world models score candidate
rollouts. The missing object-centric step is to convert these futures into interface variables: which object changed,
which contact mode changed, whether a tolerance has been met, and whether the next skill is now callable.

Hypothesis H3. World models that predict object-state A should improve long-horizon manipulation more than models
trained only for generic pixel or latent prediction. A controlled test would compare no world model, pixel future
prediction, latent future prediction, and object-state transition prediction under the same downstream VLA or planner.

6.4 Recovery as First-Class Composition

Recovery is often treated as an engineering patch. In object-centric skills, recovery is the same problem as composition:
after an unexpected state, find a skill whose initiation interface accepts that state and whose effect moves the system
back toward the goal. This requires failure classifiers, state estimators, and skill libraries that include repair transitions,
not only nominal task steps. This reframing changes what must be learned. A retry policy is not enough if the object
has slipped, jammed, deformed, moved out of view, or entered the wrong contact mode. The system must classify the
post-failure state, decide whether the original skill remains callable, and choose a repair skill whose own initiation
interface matches the abnormal state.

Hypothesis H4. Systems whose recovery policies are represented as re-entry into an explicit interface graph should
recover from contact-rich failures more reliably than systems that use only retry or human intervention. The test should
include slip, partial insertion, occluded placement, deformable-object mismatch, and wrong-object interaction.

6.5 Benchmarks for the Full Chain

The field still lacks a benchmark that simultaneously stresses long horizons, object identity, metric precision, tactile
grounding, verification, recovery, and cross-embodiment transfer. Without such a benchmark, progress will remain
fragmented: VLA benchmarks will reward semantic generalization, assembly benchmarks will reward precision, tactile
benchmarks will reward contact sensing, and failure benchmarks will reward recovery in isolation. The next generation
of benchmarks should evaluate the entire object-centric skill chain. Concretely, such a benchmark should annotate
or reconstruct intermediate object-state transitions, not just final success. It should include perturbations at each
interface: wrong object identity, shifted geometry, hidden contact, force mismatch, partial completion, and recovery
from abnormal states. It should also report chain depth, interface exposure, recovery success, and cross-embodiment
transfer separately, so that a method is not rewarded for solving only the easiest link of the chain.

7 Conclusion

This survey argues that reliable robot manipulation requires more than large policies and semantic action labels.
It requires an object-centric world-action model, PraxisWorld, in which atomic skills are the executable interfaces
over world state: reusable transition units whose object state, contact topology, initiation condition, policy, ter-
mination, effect, and embodiment constraints can be learned, composed, verified, and repaired. The descriptor
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K= (R,SX,C, 1,7, [3,A, E) is the interface of that model and a common language for comparing options, TAMP,
affordances, VLAs, diffusion policies, tactile methods, world models, benchmarks, and real-world systems.

The main message is that manipulation should be modeled as world state, action interface, and state transition, and
that composition is therefore a physical interface problem. A skill chain is valid only when the predicted effect of one
skill lands in the initiation interface of the next (A; = I;), and recovery is re-entry into the same interface graph after
mismatch. Recent JEPA-style and action-conditioned world models make this direction especially timely: they are
concrete instances of the world-action model that predict future latent or visual states, but the field still needs to align
those predictions with explicit object-state transitions (Maes et al., 2026; Assran et al., 2025; Cen et al., 2025; Sun
et al., 2026a,b). Bridging that gap is a concrete path from behavior imitation toward manipulation systems that are
composable, verifiable, and recoverable across long-horizon physical interaction.
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