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Abstract

Current progress in physical intelligence largely relies on001
scaling monolithic Vision-Language-Action (VLA) models,002
yet real-world policy data remain fragmented across scenes003
and tasks. This mismatch limits transfer, exacerbates catas-004
trophic forgetting, and impedes continual improvement. A005
modular design that shares dynamics while specializing006
skills is therefore a promising paradigm. We introduce007
EvoWorld (EvoW), a world-model-centric framework for008
skill orchestration and iterative self-evolution. In EvoW,009
VLAs form an expandable library of pluggable experts. A010
high-level router selects experts conditioned on scene and011
task, while an action-conditioned video world model serves012
as the cognitive core for rollout-based planning. The world013
model provides counterfactual rollouts to score candidate014
experts, while selected experts execute in the grounded015
scene to generate trajectories for verification. A vision-016
language evaluator delivers semantic scoring and diag-017
nostic tags, enabling targeted updates to the world model,018
router memory, or specific experts rather than global re-019
training. This closes an automated loop that jointly im-020
proves grounding, routing, and skill refinement without021
manual task engineering. Experiments show that EvoW en-022
ables automated task-to-policy synthesis with competitive023
success rates and iterative improvement trends over itera-024
tions, while producing valid and diverse trajectories that025
support evaluation and skill refinement.026

1. Introduction027

Physical intelligence is increasingly required to follow028
open-ended user intent rather than a fixed list of benchmark029
tasks [1, 4, 10]. To meet this demand, the field has largely030
trended toward scaling monolithic Vision-Language-Action031
(VLA) models and diffusion-style policies in order to cap-032
ture a broad spectrum of robotic behaviors [5, 7, 25]. Large-033
scale datasets such as DROID and Open X-Embodiment034
have further fueled this progress by providing unprece-035

dented task and visual coverage [8, 24]. Despite this, a po- 036
tential misalignment between universal physical dynamics 037
and highly task-specific execution strategies has been par- 038
tially overlooked in the pursuit of monolithic scaling, leav- 039
ing the challenge of pervasive real-world data silos some- 040
what under-addressed. 041

Current generalist control approaches rely predomi- 042
nantly on training large VLA models or flow-based policies 043
on heterogeneous data to achieve broad manipulation cov- 044
erage [3–5, 7, 25, 28], treating diverse robotic experiences 045
as tokens in a shared backbone and assuming that a single, 046
sufficiently large network generalizes across embodiments 047
via a shared latent space. In practice, however, monolithic 048
methods face limitations under fragmented scene distribu- 049
tions and long-horizon compounding errors [2, 26]: robotic 050
data remain distributed across labs and protocols [8, 24], 051
making continual updates costly and vulnerable to forget- 052
ting; and without explicit feasibility verification, these sys- 053
tems drift semantically in open-world settings [30, 44]. 054

We identify the root of these challenges in the lack of 055
decoupling between universal physical dynamics and task- 056
specific execution strategies [15, 18, 38]. The laws of 057
physics are largely invariant across scenarios, while the 058
“skills” required for manipulation are diverse and highly 059
context-dependent [3, 25, 28]. Current paradigms lack an 060
explicit mapping that routes task semantics to a suitable spe- 061
cialist, forcing a single network to resolve competing gradi- 062
ents from disparate domains [40, 41]. We argue that a more 063
rational architecture treats the world model as a universal 064
cognitive foundation while maintaining policies as modu- 065
lar, pluggable skills updated independently [18, 38]. 066

EvoWorld (EvoW) is proposed as a world-model- 067
centric framework for task-to-policy automation that en- 068
ables continuous skill evolution. Unlike monolithic ap- 069
proaches [3, 20, 25, 28], EvoW separates shared physical 070
grounding from task-level execution and treats VLAs as 071
modular components in an expandable library. The frame- 072
work operates through a principled pipeline: (i) anchoring 073
the task in a high-fidelity physical scene via semantic re- 074
trieval, (ii) performing counterfactual simulation using an 075
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Figure 1. Motivation and system overview of EvoW. Left: current embodied-learning pipelines face three structural bottlenecks: (1)
fragmented embodied data silos with long-tail task/scene distributions, (2) interference and gradient conflict in monolithic policy scaling
that induce catastrophic forgetting, and (3) the lack of a diagnosis-guided feedback loop for iterative refinement. Right: the proposed
framework resolves these bottlenecks via three coupled components: (1) a dynamics–skill decoupled architecture that separates reusable
physical dynamics from modular task-specialized skills, (2) scene-aware dynamic routing that maps task instructions and grounded obser-
vations to the most suitable expert policy, and (3) a VLM-driven self-evolution loop that scores outcomes, identifies failure causes, and
feeds diagnostic signals back to world-model adaptation and skill updates.

action-conditioned video world model [30, 44], (iii) routing076
the task to the optimal VLA expert through a scene-aware077
scheduler, and (iv) driving a closed-loop self-evolution cy-078
cle via Vision-Language Model (VLM) diagnosis. This de-079
sign allows the system to autonomously refine the world080
model and retrain specific skills without re-initializing the081
entire intelligence substrate.082

Experiments demonstrate that EvoW outperforms mono-083
lithic baselines [3, 25, 28] in success rates, particularly084
across fragmented data silos, and achieves compounding085
improvements over iterations through VLM-based failure086
diagnosis and expert routing. We summarize our key con-087
tributions as follows:088

• Paradigm: we propose a principled world-model-centric089
formulation that disentangles universal physical dynam-090
ics from task-specialized skills, shifting the focus from091
policy scaling to world-model-driven orchestration.092

• Method: we implement the EvoW framework, which op-093
erationalizes this decoupling through retrieval-grounded094
scene construction and a VLM-driven diagnostic loop that095
enables autonomous, closed-loop self-evolution.096

• Validation: extensive experiments across data silos ver- 097
ify the necessity of expert routing and self-evolution, 098
demonstrating that EvoW achieves compounding perfor- 099
mance gains without the overhead of full-system retrain- 100
ing. 101

2. Related Work 102

Scaling policies and data. Generalist VLA policies such as 103
RT-1, RT-2, and OpenVLA demonstrate strong instruction- 104
following behavior through scale [4, 5, 25], and industrial 105
foundation efforts (e.g., GR00T N1) push this direction with 106
larger model and data pipelines [28]. In parallel, large real- 107
robot datasets including Open X-Embodiment, DROID, 108
and RH20T broaden scene and task coverage [8, 11, 24]. 109
However, most pipelines remain monolithic, where updates 110
are largely global and specialist selection at deployment is 111
weak. Under fragmented data silos, this often leads to in- 112
terference and higher continual-update cost. 113

Manipulation policies and structured primitives. Be- 114
yond model/data scaling, manipulation research focuses on 115
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control structure, including end-to-end visuomotor learn-116
ing, reinforcement learning, and imitation learning [23,117
27, 35]. Structured formulations such as Transporter Net-118
works and CLIPort improve compositionality and sample119
efficiency in multi-step tasks via stronger inductive bias for120
spatial reasoning and action decomposition [34, 42]. Recent121
dexterity-oriented works further extend policy capacity un-122
der richer embodiment and contact settings [43, 45]. Still,123
these methods are typically optimized within fixed policy-124
training pipelines and lack a diagnosis-guided, module-125
specific refinement loop coordinating grounding, routing,126
and world-model updates.127

Grounding and memory for embodied reuse. Ground-128
ing and memory-based approaches improve generalization129
by reusing prior trajectories, grounded plans, and contex-130
tual cues [33]. Their core strength is efficient reuse under131
recurring task patterns, yet in many settings grounding is132
not tightly coupled with verifiable rollout generation and133
failure attribution. As a result, they are less suited to au-134
tonomous task-to-policy iteration when scenes and task se-135
mantics shift together in open-ended real-robot settings.136

World models for long-horizon control. World mod-137
els support imagination-based rollouts for planning and138
policy improvement [15–17]. Recent latent-action and139
video-prediction models improve rollout horizon and per-140
ceptual realism [12, 13, 39], and other studies investigate141
tighter coupling between world models and control poli-142
cies [6, 21, 22]. A core challenge remains long-horizon ro-143
bustness: compounding prediction errors and semantic drift144
accumulate over time [2, 26].145

Automated task generation and our position. RoboGen146
shows that closed-loop task generation can scale quickly147
in simulation [37]. For real-robot deployment, additional148
constraints are necessary: real-scene grounding, expert149
routing at deployment, and diagnosis-guided correction.150
EvoW addresses this gap by combining grounded initial-151
ization, task/scene-aware routing, and targeted diagnosis-152
guided updates in a world-model-centric loop, with explicit153
decoupling between shared dynamics and task-specialized154
skills.155

3. Method156

In this section we delineate the EvoW framework across157
three strategic dimensions: a formal problem formula-158
tion, the modular architectural design, and a diagnosis-159
driven closed-loop optimization. Our approach emphasizes160
how Contextual Scene Anchoring, Strategic Routing, and161
Action-conditioned World-model Rollouts are synergisti-162
cally coupled to facilitate continuous, autonomous task-to-163
policy evolution.164

3.1. Notations and Problem Setup 165

We formalize open-ended task-to-policy synthesis as a 166
language-conditioned decision process. Let ℓ denote a nat- 167
ural language task instruction (e.g., “pick up the green 168
object and put it in the bowl”). At each timestep t, ot 169
represents the visual observation and at the executed ac- 170
tion. An interaction episode of horizon H is a trajectory 171
τ = (o0, a0, . . . , oH). To address the limitations of mono- 172
lithic scaling in fragmented environments, EvoW decom- 173
poses this process into universal dynamics and specialized 174
control: 175
A universal video world model (pθ): acting as the system’s 176
cognitive engine, this model captures transferable environ- 177
mental dynamics. The action-conditioned latent transition 178
is 179

zt+1 ∼ pθ(zt+1 | zt, at), ot+1 = D(zt+1), (1) 180

where E encodes observations into a latent space zt = 181
E(ot), and D decodes predicted states back into the ob- 182
servation manifold. 183
A modular skill library (Π) aggregates task-specific exe- 184
cution strategies as a collection of M specialized VLA ex- 185
perts: 186

Π = {πm}Mm=1, at:t+H ∼ πm(· | ot, ℓ), (2) 187

where a high-level Strategic Router q maps the grounded 188
scene and instruction to the optimal expert πm∗ based on 189
the experience memoryM: 190

m∗ = argmax
m

q(m | o0, ℓ,M). (3) 191

This world-model-centric decomposition allows physical 192
dynamics to be shared as a universal prior, while policy 193
capacity is allocated through modular specialization and 194
MLLM-driven routing. As illustrated in Figure 2, this archi- 195
tectural decoupling lets EvoW bypass real-world data silos 196
and achieve continuous self-improvement through an intro- 197
spective diagnostic loop. 198

3.2. Contextual Scene Anchoring 199

To bridge the gap between abstract linguistic intent and 200
executable physical behavior, EvoW adopts a Contextual 201
Scene Anchoring paradigm whose objective is to initialize 202
a semantically aligned real-world observation, thereby con- 203
straining the subsequent simulation to a physically plausible 204
manifold rather than generating outcomes in a vacuum. 205

We define an offline experience manifold D = 206
{(oi, ξi)}Ni=1, where each entry represents a high-fidelity 207
snapshot of real-robot interaction with observation oi and 208
auxiliary context ξi. Given an open-vocabulary task spec- 209
ification ℓ, we project the language instruction and visual 210
candidates into a shared latent embedding space: 211

eℓ = ΦL(ℓ), eoi = ΦO(oi), (4) 212
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Figure 2. EvoWorld pipeline overview. (1) Task Generation: construct candidate task specifications for each round. (2) Contextual
Scene Anchoring: select a semantically aligned real scene from offline experience. (3) Strategic Routing and Imaginative Simulation:
score candidates via world-model imagination, route to a suitable VLA expert, and execute the selected expert. (4) VLM Diagnosis and
Recursive Evolution: use success score and failure type to trigger targeted module updates rather than global retraining.

with ΦL,ΦO pre-trained dual encoders optimized for cross-213
modal alignment. To ensure diverse yet relevant initializa-214
tion, we ground ℓ by sampling an initial state o0 from a215
semantic-similarity-based softmax:216

o0 ∼ p(i | ℓ) = exp(⟨eℓ, eoi⟩/τg)∑N
j=1 exp(⟨eℓ, eoj ⟩/τg)

, (5)217

where τg controls the exploration–exploitation trade-off218
during grounding.219

Once o0 is anchored, the action-conditioned video world220
model serves as the primary cognitive engine for counter-221
factual simulation. Encoding o0 into z0 = E(o0), the sys-222
tem generates a temporal rollout via recursive latent tran-223
sitions zt+1 ∼ pθ(zt+1 | zt, at) and decoding ot+1 =224
D(zt+1). This factorization explicitly disentangles scene225
grounding from dynamics prediction, mitigating the com-226
pounding errors and semantic drift that typically plague227
long-horizon generative models.228

3.3. Strategic Routing and Imaginative Simulation229

Given the fragmented nature of real-world robotic data, a230
single monolithic policy often suffers from catastrophic for-231
getting and performance degradation across diverse embod-232
iments. To circumvent this, EvoW treats each specialized233

VLA as a modular expert πm within a library {πm}Mm=1, 234
where each expert is optimized for specific task families 235
or physical constraints. The core challenge then shifts to 236
Strategic Routing: mapping an open-vocabulary instruction 237
ℓ and a grounded observation o0 to the most compatible ex- 238
pert. 239

We implement the strategic router via a Multi-modal 240
Large Language Model (MLLM) that leverages its seman- 241
tic knowledge to evaluate the compatibility between task re- 242
quirements and the functional descriptions of VLA experts. 243
The router is conditioned on a long-term Experience Mem- 244
ory: 245

πm∗ = q(ℓ, o0,M), M = {(ℓi, oi0, πim, yi, κi)}Ni=1, (6) 246

where each entry captures task ℓ, initial state o0, selected 247
expert πm, performance score y, and diagnostic failure type 248
κ. 249

The routing process operates in a dual-mode logic of 250
exploration and exploitation. Exploration: for unfamil- 251
iar task–scene pairs with low semantic density in M, the 252
router encourages diversity by sampling from a broader cat- 253
egorical distribution to discover new “scene–expert” cor- 254
respondences. Exploitation: for recurrent contexts, the 255
MLLM synthesizes historical success/failure cues fromM 256
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Algorithm 1 EvoW closed-loop routing and self-evolution

Require: Task set L, manifold D, expert library Π, world
model pθ, router q, evaluator Ψ, memoryM, threshold
δ.

Ensure: Verified trajectory set T̂ , updated Π, refinedM.
1: T̂ ← ∅
2: for each round do
3: (S1) sample task ℓ
4: (S2) ground o0 from D conditioned on ℓ
5: (S3) select πm∗←q(· |ℓ, o0,M); rollout-score can-

didates; execute πm∗ to obtain τ
6: (S4) (rψ, κ) ← Ψ(τ, ℓ,M); update M ← M∪
{(ℓ, o0,m∗, rψ, κ)}

7: if rψ≥δ then
8: T̂ ←T̂ ∪{(τ, ℓ, o0,m∗, rψ)}
9: else if κ=TSM then

10: update grounding module
11: else if κ=PF then
12: update routing and/or selected expert
13: else
14: update world model
15: end if
16: end for
17: return T̂ ,M

into memory-weighted logits, biasing selection toward ex-257
perts with proven reliability in similar manifolds. To further258
solidify the decision, for each candidate expert πm identi-259
fied by the MLLM, the world model generates an imagined260
rollout τπm . The router computes an imaginative-rollout261
score that reflects predicted task-consistency, and the final262
expert πm∗ maximizes the joint of semantic compatibility263
and simulated success, ensuring execution is grounded in264
both high-level intent and low-level physical feasibility.265

3.4. VLM Diagnosis and Recursive Evolution266

To achieve continuous self-improvement while avoiding267
the cost and forgetting of global retraining, EvoW im-268
plements an introspective diagnosis mechanism leveraging269
the cross-modal reasoning of VLMs. This stage performs270
fine-grained credit assignment, pinpointing the bottleneck271
within the decoupled architecture. Upon executing a routed272
expert πm that yields trajectory τ , the VLM evaluator Ψ273
contrasts the actual outcome with the task specification ℓ274
and the initial physical grounding:275

(rψ, κ) = Ψ(τ, ℓ,M), rψ∈ [0, 1], κ∈{TSM, PF, WMF},
(7)276

where rψ is a continuous success metric and κ a categori-277
cal failure attribution: Task–Scene Mismatch (TSM) flags278
semantic-grounding errors; Policy Failure (PF) flags subop-279
timal control from the VLA; World-Model Failure (WMF)280

flags divergence between predicted dynamics and physical 281
reality. EvoW then orchestrates targeted updates above a 282
reliability threshold δ: 283

Verified experience accumulation (rψ ≥ δ): high- 284
confidence trajectories are integrated into the verified trace 285
set as high-fidelity demonstrations for self-imitation and 286
router calibration. 287

Semantic grounding refinement (κ = TSM): the system 288
updates router memory M to refine the semantic-to-scene 289
grounding manifold and prevent recurrence of analogous 290
grounding errors. 291

Modular policy plasticity (κ= PF): autonomous retrain- 292
ing is triggered for the specific VLA expert πm∗ using the 293
diagnostic feedback as a corrective signal. 294

Dynamics grounding refinement (κ = WMF): when the 295
simulation fails to capture valid physics, world-model pa- 296
rameters are updated using the discrepancy between τ and 297
the physical ground truth. 298

This targeted evolutionary strategy allows EvoW to by- 299
pass the one-size-fits-all training bottleneck and achieve 300
continuous compounding improvements through recursive, 301
module-specific plasticity. The full procedure is summa- 302
rized in Algorithm 1. 303

4. Experiments 304

We evaluate EvoW along three dimensions: (1) skill-level 305
performance (single-skill SR and iterative policy improve- 306
ment); (2) task diversity and scene validity; and (3) gen- 307
erative quality of imagined trajectories. 308

4.1. Experimental Setup 309

To isolate the contributions of our method, we keep VLA 310
backbones, world-model data sources, and evaluation splits 311
fixed across compared variants. We sample tasks from 312
skill families and use grounded initial scenes anchored to 313
a shared offline repository. Across variants, we fix the roll- 314
out horizon, task split, scene split, and trajectory budget per 315
task. We first compare base policies and routed variants 316
under identical initialization, then run iterative refinement 317
with matched update budgets per round. 318

The benchmark covers five representative manipula- 319
tion families S1–S5: S1 (Pick-and-Place), S2 (Tool-Use), 320
S3 (Reorientation), S4 (Deformable-Object Manipulation), 321
and S5 (Articulation). 322

4.2. Skill-Level Performance 323

We first study whether routing alone enhances policy suc- 324
cess under fixed model and data constraints, then analyze 325
cumulative benefits from iterative refinement. Table 1 re- 326
ports static SR across four VLA backbones and the five skill 327
families. Routing with EvoW consistently improves suc- 328
cess rates: averaged over backbones, SR rises from 0.259 to 329
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Table 1. Policy success rates across five skill families and four VLA backbones. EvoW⋆ denotes our routed variant; Gain(↑%) is relative
to the corresponding base average.

Backbone Setting S1 S2 S3 S4 S5 Avg Gain(↑%)

GR00T-N1.6
Base 0.38 0.24 0.18 0.28 0.20 0.256 –
EvoW⋆ 0.48 0.50 0.46 0.42 0.48 0.468 ↑82.8%

PI-0.5
Base 0.32 0.14 0.24 0.18 0.28 0.232 –
EvoW⋆ 0.48 0.28 0.38 0.44 0.48 0.412 ↑77.6%

PI-0
Base 0.40 0.22 0.26 0.32 0.22 0.284 –
EvoW⋆ 0.62 0.38 0.40 0.40 0.50 0.460 ↑62.0%

PI-0-fast
Base 0.38 0.18 0.26 0.24 0.26 0.264 –
EvoW⋆ 0.66 0.38 0.44 0.36 0.42 0.452 ↑71.2%
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Figure 3. Task-level refinement trends. Iterative diagnosis-driven
updates raise SR; variance bars indicate stable gains across runs.

0.448 (absolute +18.9 points, relative +73.0%), with per-330
backbone relative gains spanning +62.0% to +82.8%, indi-331
cating the gain is stable rather than concentrated on a single332
backbone.333

Figure 3 reports SR over refinement iterations on repre-334
sentative tasks. SR improves across tasks, indicating that335
diagnosis-conditioned updates in Stage 4 reduce recurrent336
failure patterns over time. These trends are consistent with337
the formulation: expert selection contributes immediate338
gains under fixed backbones, while diagnosis-conditioned339
refinement yields additional improvements over successive340
rounds.341

4.3. Task Diversity, Scene Validity, and Generative342
Quality343

Beyond execution success, EvoW must scale task genera-344
tion while preserving scene validity, and its imagined roll-345
outs must remain visually faithful and temporally consis-346
tent.347
Diversity vs. executability. Compared with simulation348
generators including RoboGen [37], RLBench, MetaWorld,349
ManiSkill2 and GenSim, EvoW achieves the lowest Self-350
BLEU [29] and CLIP image similarity [31], with competi-351
tive ViT similarity [9]. EvoW is weaker on Sentence-BERT352
similarity [32], which is expected because grounded exe-353
cutability constraints reduce free-form language variation.354
This trade-off is acceptable: tasks are intended for phys-355
ically realizable rollouts rather than unconstrained textual356
diversity.357
Generative quality. Against world-model baselines358
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Figure 4. Generative-quality comparison under a view-
conditioned setting. EvoW achieves lower FID and FVD than
the compared baselines; the larger reduction on FVD is consis-
tent with improved temporal coherence.

(WorldGym, IRASim, Ctrl-World) [14, 30, 44], we report 359
FID [19] and FVD [36]. Figure 4 shows that EvoW achieves 360
lower FID and FVD than the compared baselines; the larger 361
relative gain on FVD indicates stronger temporal consis- 362
tency over long-horizon rollouts. Under view-conditioned 363
settings, EvoW remains better than Ctrl-World for both 364
third-view and wrist-view comparisons, consistent with im- 365
proved rollout stability and better preservation of object 366
identity and contact progression across frames. 367

5. Conclusion 368

We presented EvoW, a framework that maps open-ended 369
task semantics to verified training trajectories and exe- 370
cutable manipulation policies. EvoW grounds each task 371
in task-consistent real scenes, synthesizes scene-consistent 372
episodes with a decoupled world model, and closes the loop 373
via VLM-based routing and verification. This design de- 374
couples shared dynamics from task-specialized skills and 375
enables targeted updates through failure diagnosis. Scene 376
grounding and automated VLM feedback are complemen- 377
tary for scaling open-ended manipulation, yielding reli- 378
able execution and continual improvement over iterations. 379
Future work includes (i) expanding the anchor repository, 380
(ii) uncertainty-aware long-horizon rollouts and filtering, 381
and (iii) calibrated routing/verification with task-aware crit- 382
ics. 383
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