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Abstract. Current progress in physical intelligence largely relies on
scaling monolithic Vision-Language-Action (VLA) models, yet real-world
policy data remain fragmented across scenes and tasks. This mismatch
limits transfer, exacerbates catastrophic forgetting, and impedes contin-
ual improvement. A modular design that shares dynamics while special-
izing skills is therefore a promising paradigm.

We introduce EVOWORLD (EvOW), a world-model-centric framework
for skill orchestration and iterative self-evolution. In EvOW, VLAs form
an expandable library of pluggable experts. A high-level router selects
experts conditioned on scene and task, while an action-conditioned video
world model provides a shared dynamics prior for rollout-based planning.
The world model provides counterfactual rollouts to score candidate ex-
perts, while selected experts execute in the grounded scene to generate
trajectories for verification. A vision-language evaluator delivers seman-
tic scoring and diagnostic tags, enabling targeted updates to the world
model, router memory, or specific experts rather than global retraining.
This closes an automated loop that jointly improves grounding, routing,
and skill refinement without manual task engineering. Experiments show
that EVOW enables automated task-to-policy synthesis with competi-
tive success rates and consistent iterative gains in the evaluated settings,
while producing valid and diverse trajectories that support evaluation
and skill refinement.

Keywords: Vision-Language-Action Models - World Models - Expert
Routing - Robot Manipulation - Continual Skill Refinement

1 Introduction

Physical intelligence is increasingly required to follow open-ended user intent
rather than a fixed list of benchmark tasks [, 4, I0]. To meet this demand,
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Fig. 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 mono-
lithic 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 archi-
tecture that separates reusable physical dynamics from modular task-specialized skills,
(2) scene-aware dynamic routing that maps task instructions and grounded observa-
tions 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.

the field has largely trended toward scaling monolithic Vision-Language-Action
(VLA) models and diffusion-style policies to capture a broad spectrum of robotic
behaviors [5,[7,25]. Large-scale datasets such as DROID and Open X-Embodiment
have further fueled this progress by providing broad task and visual coverage [&,
24d]. However, monolithic scaling can obscure the mismatch between reusable
physical dynamics and task-specific execution strategies, leaving pervasive real-
world data silos under-addressed.

Current generalist control approaches rely predominantly on training large
VLA models or flow-based policies on heterogeneous, massive data sources to
achieve broad manipulation coverage [3-8, 7,20, 25, 28, &5]. By treating diverse
robotic experiences as tokens in a shared transformer-style backbone, these meth-
ods aim to absorb both physical dynamics and task-execution patterns through
scale [3-8,20,25). This paradigm assumes that a single, sufficiently large network
can generalize across embodiments and environments via a shared latent space.
Monolithic methods can face practical limitations under fragmented scene dis-
tributions and long-horizon compounding errors [2,26]. In practice, robotic data
remain distributed across labs, embodiments, and collection protocols [R, 11, 24],
making continual updates to a single policy costly and vulnerable to forget-
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ting when new task families are introduced. Moreover, without explicit feasibil-
ity verification during rollout, these systems can drift semantically and become
physically inconsistent in open-world settings [2, 26,30, 44].

We identify the root of these challenges in the lack of fundamental decou-
pling between universal physical dynamics and specialized, task-specific exe-
cution strategies [I5-18,87]. While the underlying laws of physics are largely
invariant across scenarios, the "skills" required for manipulation are diverse and
highly context-dependent [8,20,25,28]. Current paradigms lack an explicit map-
ping mechanism to route task semantics to the most suitable algorithmic spe-
cialist, forcing a single network to resolve competing gradients from disparate
domains [40,47]. We argue that physical intelligence should treat the world model
as a shared dynamics module while maintaining policies as modular, pluggable
skills that can be updated independently [I&,37].

We propose EvoWorld (EvoW), a world-model-centric framework for task-
to-policy automation that enables continuous skill evolution [IR,B87]. Unlike
monolithic approaches [3,20,25,28], EvoW separates shared physical grounding
from task-level execution. It treats VLAs as modular components in an expand-
able library. The framework operates through a principled pipeline: (i) anchoring
the task in a high-fidelity physical scene via semantic retrieval, (ii) performing
counterfactual simulation using an action-conditioned video world model [30,44],
(iii) routing the task to the optimal VLA expert through a scene-aware scheduler,
and (iv) driving a closed-loop self-evolution cycle via Vision-Language Model
(VLM) diagnosis. This design allows the system to refine the world model and
retrain specific skills without re-initializing the full system.

Experiments demonstrate that EvoW significantly outperforms monolithic
baselines [, 20,25, 28] in success rates, particularly when operating across di-
verse and fragmented data silos. By leveraging the world-model-driven closed
loop, the system achieves continuous compounding improvements across evolu-
tionary iterations, validating the effectiveness of VLM-based failure diagnosis
and expert routing. The results confirm that decoupling dynamics from skills
not only mitigates catastrophic forgetting but also enables a more efficient, au-
tomated path toward open-ended physical intelligence. We summarize our key
contributions as follows:

e Paradigm: We propose a principled world-model-centric formulation that
disentangles universal physical dynamics from task-specialized skills, shifting
the focus from policy scaling to world-model-driven orchestration.

e Method: We implement the EvoW framework, which operationalizes this
decoupling through retrieval-grounded scene construction and a VLM-driven
diagnostic loop that enables autonomous, closed-loop self-evolution.

e Validation: Extensive experiments across data silos verify the necessity of
expert routing and self-evolution, demonstrating that EvoW achieves com-
pounding performance gains without the overhead of full-system retraining.
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2 Related Works

Scaling policies and data. Generalist VLA policies such as RT-1, RT-2, and
OpenVLA demonstrate strong instruction-following behavior through scale [@,5,
235]. Industrial foundation efforts (e.g., GROOT N1) further push this direction
with larger model and data pipelines [28]. In parallel, large real-robot datasets,
including Open X-Embodiment, DROID, and RH20T, broaden scene and task
coverage [R, 1, 24]. However, most of these pipelines remain monolithic, where
updates are largely global and specialist selection at deployment time is limited.
Under fragmented data silos, this often leads to interference and higher continual-
update cost.

Manipulation policies and structured primitives. Beyond model/data
scaling, manipulation research focuses on control structure, including end-to-
end visuomotor learning, reinforcement learning, and imitation learning [23, 27,
35]. Structured formulations such as Transporter Networks and CLIPort im-
prove compositionality and sample efficiency in multi-step tasks by introducing
stronger inductive bias for spatial reasoning and action decomposition [34,42].
Recent dexterity-oriented works further extend policy capacity under richer em-
bodiment and contact settings [23,45]. However, these methods are typically op-
timized within fixed policy-training pipelines and still lack a diagnosis-guided,
module-specific refinement loop that can coordinate grounding, routing, and
world-model updates.

Grounding and memory for embodied reuse. Grounding and memory-
based approaches improve generalization by reusing prior trajectories, grounded
plans, and contextual cues [83]. Their core strength is efficient reuse under re-
curring task patterns. Yet, in many settings, grounding is not tightly coupled
with verifiable rollout generation and failure attribution. As a result, these ap-
proaches are less suited to autonomous task-to-policy iteration when scenes and
task semantics shift together in open-ended real-robot settings.

‘World models for long-horizon control. World models support imagined
rollouts for planning and policy improvement [[5-17]. Recent latent-action and
video-prediction models improve rollout horizon and perceptual realism [I2, I3,
39]. Other studies investigate tighter coupling between world models and control
policies [G,21,22]. A core challenge remains long-horizon robustness: compound-
ing prediction errors and semantic drift still accumulate over time [2,26].

Automated task generation in simulation and our position. RoboGen
shows that closed-loop task generation can scale quickly in simulation [38]. For
real-robot deployment, additional constraints are necessary: real-scene ground-
ing, expert routing at deployment, and diagnosis-guided correction. EvoW ad-
dresses this gap by combining grounded initialization, task/scene-aware routing,
and targeted diagnosis-guided updates in a world-model-centric loop, with ex-
plicit decoupling between shared dynamics and task-specialized skills.

Taken together, existing lines of work provide strong components but not
an integrated mechanism that jointly addresses grounded scene initialization,
deployment-time expert selection, and diagnosis-driven evolution under open-
ended real-robot distributions. This motivates our design of EvoW as a closed-
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Fig. 2: EvoWorld pipeline overview. (1) Task Generation: construct candidate
task specifications for each round. (2) Contextual Scene Anchoring: select a se-
mantically 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.

loop system that links these modules through a unified world-model-centric ob-
jective, so that policy improvement is both targeted and scalable rather than
globally retrained at every iteration.

3 Method

This section describes EvoW through three components: the problem formula-
tion, the modular architecture, and the diagnosis-driven closed-loop optimiza-
tion. The design couples Contextual Scene Anchoring, Strategic Routing, and
Action-conditioned World-model Rollouts to support continuous task-to-policy
evolution.

3.1 Notations and Problem Setup

We formalize open-ended task-to-policy synthesis as a language-conditioned de-
cision process. Let ¢ denote a natural language task instruction (e.g., Pick up
the green object and put it in the bowl). At each timestep ¢, o; represents the
visual observation and a; the executed action. An interaction episode of hori-
zon H is defined as a trajectory 7 = (09, ag,...,0n), consisting of the initial
grounded state and subsequent state-action pairs. To address the limitations of
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monolithic scaling in fragmented environments, EvoW decomposes this process
into universal dynamics and specialized control:

A Universal Video World Model (pg): This module captures transferable
environmental dynamics across diverse scenarios. Given the action-conditioned
latent transition, it is formulated as:

Zt41 ™~ p0(2t+1 | Ztaat)y Ot41 = D(Zt+1)7 (1)

where F encodes observations into a latent space z; = E(o;), and D decodes
predicted future states back into the observation manifold.

A Modular Skill Library (IT): This library aggregates task-specific execution
strategies optimized for distinct task families. It is defined as a collection of M
specialized VLA experts:

1I = {WTYL}%=17 ag:t+H ~ ﬂ'm(' | Otvg)v (2)

where a high-level Strategic Router ¢ scores experts conditioned on the instruc-
tion, grounded scene, and experience memory M:

m* = argmax g(m | £, 00, M). (3)

This world-model-centric decomposition allows physical dynamics to be shared
as a universal prior, while policy capacity is allocated through modular special-
ization and MLLM-driven routing. As illustrated in Figure B, this architectural
decoupling enables EvoW to bypass the constraints of real-world data silos and
achieve continuous self-improvement through an introspective diagnostic loop.

3.2 Overview

The goal of EvoW is to establish a world-model-centric framework that enables
autonomous skill acquisition and recursive self-improvement across fragmented
data silos. Unlike monolithic VLA paradigms that entangle physical dynamics
with task policies, EvoW uses a decoupled architecture where a universal Video
World Model captures shared dynamics and Modular Skills act as pluggable
experts. As illustrated in Figure B, the EvoW pipeline operates through four
coordinated phases:

Phase 1: Task Generation. The cycle begins with the formulation of open-
vocabulary task specifications. Rather than relying on a static benchmark, EvoW
adaptively constructs candidate instructions to explore the capabilities of the
current skill library, ensuring that the evolution process remains open-ended
and diverse.

Phase 2: Contextual Scene Anchoring. To bridge the gap between ab-
stract instructions and physical reality, we perform Contextual Scene Anchoring
(Grounding). Given a task, we leverage an offline experience manifold D (e.g.,
the DROID dataset) to extract a semantically aligned initial state og. We employ
a contrastive embedding space to compute the similarity between the instruction
and visual candidates, sampling an initial grounded state.



EvoWorld 7

Phase 3: Strategic Routing and Imaginative Simulation. Upon anchoring
the scene, a high-level Skill Router queries the internal memory to select the most
suitable VLA expert m,, from the skill library. The selected expert interacts
with the action-conditioned world model. The world model performs rollouts
7 = {09,01,...,0m} by predicting latent dynamics z;41 ~ po(- | 2t,a:) and
decoding them into observation space. This allows the system to evaluate the
physical consequences of the expert’s actions before real-world execution.
Phase 4: VLM Diagnosis and Recursive Evolution. The final phase closes
the loop with diagnosis. A Vision-Language Model (VLM) evaluates the simu-
lated rollout and performs fine-grained credit assignment, categorizing failures
into World-Model Failure, Policy Failure, or Task-Scene Mismatch. These diag-
nostic tags trigger targeted updates in the following loop.

3.3 Contextual Scene Anchoring

To bridge the gap between abstract linguistic intent and executable physical
behavior, EvoW adopts a Contextual Scene Anchoring paradigm. The core ob-
jective is to initialize a semantically aligned real-world observation, thereby con-
straining the subsequent simulation to a physically plausible manifold rather
than generating outcomes in a vacuum.

We define an offline experience manifold D = {(0;,&;)}Y.,, where each entry
represents a high-fidelity snapshot of real-robot interaction consisting of an ob-
servation o; and its associated auxiliary context &;. Given an open-vocabulary
task specification ¢, we first project the language instruction and the visual can-
didates into a shared latent embedding space:

er =P (0), o, = P0(0:), (4)

where @;, and @ denote pre-trained dual encoders optimized for cross-modal
alignment. To ensure diverse yet relevant initialization, we ground ¢ by sam-
pling an initial state op from the distribution p(i | £), formulated as a semantic-
similarity-based Softmax:

exp({er, €o,)/Tgnd) (5)

oo ~p(i| €)= ,
A SN exp((er, €0,)/Tana)

where Tgnq is a temperature parameter controlling the exploration-exploitation
trade-off during grounding.

Once the initial observation oy is anchored, an Action-Conditioned Video
World Model performs counterfactual simulation. The process begins by encod-
ing o into a compressed latent space zg = E(o0g). The system then generates
a temporal rollout 7 = {og,01,...,0y} through recursive latent transitions:
zt+1 ~ Po(zex1 | 2zt,a¢) and 0411 = D(z441), where pg models the stochastic
transition dynamics conditioned on the predicted action a; from the selected
VLA expert, and D decodes the latent states back into pixel space.

This hierarchical factorization explicitly disentangles Scene Grounding from
Dynamics Prediction. By anchoring the simulation in a real-world experience
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manifold D, EvoW mitigates the compounding errors and semantic drift that
can affect long-horizon generative models. This helps the world model provide a
stable and physically consistent substrate for policy evaluation and autonomous
skill evolution.

3.4 Strategic Routing and Imaginative Simulation

Given the fragmented nature of real-world robotic data, a single monolithic
policy often suffers from catastrophic forgetting and performance degradation
across diverse embodiments. To circumvent this, EvoW treats each specialized
VLA as a modular expert ,, within a library {m,,}M_,  where each expert is
optimized for specific task families or physical constraints. The core challenge
then shifts to Strategic Routing: mapping an open-vocabulary instruction ¢ and
a grounded observation oy to the most compatible expert.

To facilitate this mapping, we instantiate the router with a Multi-modal
Large Language Model (MLLM). The MLLM acts as a high-level reasoning mod-
ule that uses semantic knowledge to evaluate compatibility between task require-
ments and VLA expert descriptions. To enable continuous self-improvement, the
router is conditioned on a long-term Experience Memory M, defined as:

m* = argmax q(m | £,09, M),
m

o (6)
M = {(€0h,m" iy, k)L

where each entry captures a historical interaction consisting of the task ¢, the
initial state o, the selected expert index m, the VLM score 7y, and the diagnostic
failure type k.

The routing process operates on a dual-mode logic of Exploration and Ex-
ploitation:

Exploration: For unfamiliar task-scene pairs with low semantic density in M,
the router encourages diversity by sampling from a broader categorical distribu-
tion, allowing the system to discover new "scene-expert" correspondences.

Exploitation: For recurrent contexts, the MLLM synthesizes historical suc-
cess/failure cues from M to generate memory-weighted logits, effectively biasing
the selection toward experts with proven reliability in similar manifolds.

To further validate the routing decision, for each candidate expert m,, iden-
tified by the MLLM, the world model generates an imagined rollout 7, . The
router then computes an imagined-rollout score that reflects the predicted task
consistency of the expert’s trajectory. The final expert 7~ is selected by max-
imizing the joint probability of semantic compatibility and simulated success,
grounding execution in both high-level intent and low-level physical feasibility.
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3.5 VLM Diagnosis and Recursive Evolution

Algorithm 1 EvoW closed-loop routing and self-evolution

Require: Task set £, offline experience manifold D, expert library IT = {m,}M_,,
video world model pp, MLLM-based router ¢, VLM evaluator ¥, experience memory
M, success threshold §.
Ensure: Verified trajectory set 7A', updated skill library I7, and refined memory M.
1: T« 0

2: for each round do

3: (Stage 1: Task Generation) Sample or construct task specification ¢

4: (Stage 2: Contextual Scene Anchoring) Ground initial scene op from D
conditioned on ¢

5: (Stage 3: Strategic Routing & Imaginative Simulation) Select m* «+

argmax,, g(m | £,00, M) and expert m,+; run world-model rollout for candidate
scoring; execute selected expert to obtain trajectory 7

6: (Stage 4: VLM Diagnosis & Recursive Evolution) Evaluate (ry, k)
(1,4, M) and update M < M U{(¢, 00, m", 7y, k)}

7 if r4 > 6 then

8: T« T U{(r,4,00,m",ry)}
9: else

10: if kK = TSM then

11: Update grounding module
12: else if kK = PF then

13: Update routing and/or selected expert
14: else

15: Update world model

16: end if

17: end if

18: end for

19: return ’7A', Y

To achieve continuous self-improvement while avoiding the cost and forgetting
risk of global retraining, EvoW uses VLM-based diagnosis for fine-grained credit
assignment. After the routed VLA expert m,, generates a trajectory 7, the eval-
uator ¥ compares the outcome with the task specification ¢ and the grounded
initial state. Formally, the evaluation is defined as:

(ry, k) =¥(1,4,,M), ry€l0,1], ke {TSM,PF, WMF}, (7)

where 7, is a continuous success score and k denotes the categorical failure
attribution. Specifically, Task-Scene Mismatch (TSM) identifies misalignments
in initial semantic grounding; Policy Failure (PF) indicates suboptimal control
outputs from the VLA; and World-Model Failure (WMF) signals a divergence
between predicted dynamics and real-world physical constraints. EvoW then
applies targeted updates based on a predefined reliability threshold J, so that
only the identified module is refined while stable components remain fixed:
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Verified Experience Accumulation (r, > ¢): High-confidence trajectories
are integrated into the verified trajectory set, serving as high-fidelity demonstra-
tions for future self-imitation learning and router calibration.
Semantic Grounding Refinement (x = TSM): If the failure stems from an
irrelevant initial scene, the system updates the Router’s memory M to refine the
semantic-to-scene grounding manifold, preventing the recurrence of analogous
grounding errors.
Modular Policy Plasticity (kx = PF): For policy-induced failures, the system
retrains the specific VLA expert 7,,-. The diagnostic feedback acts as a corrective
signal for aligning the expert with successful task executions.
Dynamics Grounding Refinement (x = WMF): When the simulation fails
to capture valid physics, the world model’s dynamics parameters are updated
using the discrepancy between the rollout 7 and the physical ground truth,
improving dynamics prediction.

This targeted evolutionary strategy allows EvoW to bypass the "one-size-
fits-all" training bottleneck, achieving continuous compounding improvements
in success rates through recursive, module-specific plasticity.

4 Experiments

In this section, we evaluate EvoW along four dimensions: (1) skill-level perfor-
mance, including single-skill success rates (SR), iterative policy improvement,
and compositional long-horizon tasks; (2) task diversity and scene validity,
measuring whether generated tasks remain diverse while preserving grounded
executability; (3) generative quality, evaluating the visual fidelity and tem-
poral consistency of imagined trajectories under large-scale rollouts; and (4)
real-robot validation, checking whether the gains transfer beyond imagined
rollouts.

4.1 Experimental Setup

To isolate the contributions of our method, we keep VLA backbones, world-
model data sources, and evaluation splits fixed across compared variants. We
sample tasks from skill families and use grounded initial scenes anchored to a
shared offline repository. Across all compared variants, we fix the rollout hori-
zon, task split, scene split, and trajectory budget per task. We first compare base
policies and routed variants under identical initialization, and then run iterative
refinement with matched update budgets per round to analyze cumulative im-
provements under a controlled setting.

The benchmark skill space contains five representative manipulation fami-
lies, denoted as S;—Ss: S; (Pick-and-Place), Sz (Tool-Use), S5 (Reorientation),
Sy (Deformable-Object Manipulation), and Ss (Articulation). Comprehensive
implementation details—including pre-training configurations, VLM-evaluator
fine-tuning procedures, episode statistics, and rollout curation methods—are de-
ferred to Appendix, Experimental Details.
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Table 1: Policy success rates across five representative skill families and four VLA
backbones, comparing base policies with EvoW routing. Values are reported as success
rates. EvoW™ denotes our method, and Gain(1%) is computed relative to the corre-
sponding base policy average.

Backbone Setting Sy Sa Ss3 Sy Ss Avg  Gain(1t%)

Base 0.38 0.24 0.18 0.28 0.20 0.256 -
GROOT-N1.6 EvoW* 0.48 0.50 0.46 0.42 0.48 0.468 182.8%
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 0.412 177.6%
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 0.460 162.0%
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 0.452 171.2%

pick up orange object on table Push cube with brush Rotate bottle Open drawer

GROOTNLS
PLoS

Success Rate (%)
«
3

PO
PLOfast

100 500 2000 100 500 2000 100 500 2000 100 500 2000

Fig. 3: Task-level refinement trends. Iterative updates consistently raise success
rates, and variance bars indicate that gains are stable across runs.

4.2 Skill-Level Performance

We first investigate whether the routing mechanism independently enhances pol-
icy success under fixed model and data constraints, followed by an analysis of the
cumulative benefits from iterative refinement. Table O details the static SR com-
parisons between the baseline and routed variants across four VLA backbones
and the five skill families.

Ablation Results. As shown in Table 0, routing with EvoW consistently
improves success rates across all four backbones. Averaged over backbones, SR
increases from 0.259 to 0.448 (absolute +18.9 points, relative +73.0%). Per-
backbone relative improvements range from +62.0% to +82.8%, indicating that
the gain is stable rather than concentrated on a single backbone.

Policy Improvement Over Iterations. Figure B reports SR trends over re-
finement iterations on representative tasks. SR improves across tasks, indicating
that diagnosis-conditioned updates in Stage 4 reduce recurrent failure patterns
over time. The combined visualization in Figure B and qualitative rollouts in
Figure @ further show more stable multi-step execution in later iterations.

These results are consistent with the formulation that expert selection con-
tributes immediate performance gains under fixed backbones, and diagnosis-
conditioned refinement yields additional improvements over successive rounds
by reducing recurrent execution failures.

Compositional Long-Horizon Tasks. Single-skill metrics cannot fully
capture robustness under cross-skill transitions. We therefore evaluate compo-
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Fig. 4: Qualitative examples from our refinement loop. For each base policy shown
in the top row, the bottom row presents the corresponding imagined rollouts in the
grounded world model.
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Fig. 5: Visualization of compositional long-horizon tasks. Early and late stages
involve different skills, and success requires completing the full task sequence.

sitional long-horizon tasks that chain two or three skills from S1-S5. Results.
Figure B reports full-success and partial-success SR on 10 procedurally generated
compositional tasks. Full-success SR requires completing all sub-goals with sta-
ble rollout—execution consistency, while partial-success SR requires completing at
least one sub-goal without instability. Routed variants consistently improve the
feasible SR range across backbones, especially under the full-success criterion,
indicating better cross-stage coordination when tasks require skill switching.
Task definitions and per-task statistics are provided in Appendix, Compositional
Long-Horizon Tasks.

4.3 Task diversity and scene validity

Beyond execution success, it is critical that EvoW can scale task generation while
strictly adhering to grounding constraints to preserve scene validity. Table &
benchmarks the language and scene diversity of our generated tasks against ex-
isting simulation environments, including RoboGen [38]. We report complemen-
tary metrics widely used for text and visual diversity analysis: Self-BLEU [29],
Sentence-BERT similarity [82], ViT similarity [9], and CLIP similarity [31].
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Fig. 6: Compositional long-horizon evaluation under full-completion and partial-
completion criteria. Routed variants expand the performance envelope across
backbones, indicating improved cross-stage robustness.

Table 2: Task and scene diversity comparison under executability constraints. The
metrics indicate that EvoW preserves competitive diversity while maintaining scene
validity for grounded deployment according to Self-BLEU and CLIP metrics.

Metric EvoW RoboGen Behavior-100 RLBench MetaWorld ManiSkill2 GenSim
Number of tasks 100 106 100 106 50 20 70
Task Description — Self-BLEU | 0.281 0.284 0.299 0.317 0.322 0.674 0.378
Task Description — Embedding Similarity (SentenceBert) | 0.312 0.165 0.210 0.200 0.263 0.194 0.288
Scene Image — Embedding Similarity (ViT) | 0.337 0.193 0.389 0.375 0.517 0.332 0.717
Scene Image — Embedding Similarity (CLIP) | 0.754 0.762 0.833 0.864 0.867 0.828 0.932

As shown in Table B, EvoW achieves the lowest Self-BLEU and CLIP simi-
larity and remains competitive on ViT similarity. EvoW is weaker on Sentence-
BERT similarity, which is expected because grounded executability constraints
reduce free-form language variation. This trade-off is expected in our setting:
the generated tasks are intended for physically realizable rollouts rather than
unconstrained textual diversity.

4.4 Generative quality

We assess whether EvoW’s architectural improvements translate to higher-fidelity
rollout generation in terms of both visual appearance and temporal consistency,
compared with representative world-model baselines such as WorldGym (WPE),
IRASim, and Ctrl-World [i4,80,44]. We use FID [I9] and FVD [B6] as standard
image- and video-level fidelity metrics.

Ablation Results. Figure @ shows that EvoW achieves lower FID and FVD
than the compared baselines. The larger relative gain on FVD indicates stronger
temporal consistency over long-horizon rollouts. Under view-conditioned set-
tings, EvoW remains better than Ctrl-World for both third-view and wrist-view
comparisons, consistent with improved rollout stability.
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Fig.7: Generative-quality comparison under a view-conditioned setting. EvoW
achieves lower FID and FVD than the compared baselines in this setup. The larger
reduction on FVD is consistent with improved temporal coherence, and view-matched
expert outputs are associated with more stable rollout dynamics. Red and yellow stars
mark EvoW in different views, with yellow indicating the best value under each metric.

Fig. 8: Qualitative temporal-consistency comparison for long-horizon rollouts. EvoW
better preserves object identity, contact continuity, and motion progression across
frames, consistent with stronger long-horizon world-model stability.

Qualitative evidence in Figure B is consistent with these quantitative trends:
EvoW better preserves object identity and contact progression across time, while
baseline rollouts more often show collapse behaviors such as object disappearance
and broken motion continuity. Overall, EvoW improves both video-level fidelity
and long-horizon temporal stability.

4.5 Real-world validation

To examine whether the observed gains transfer beyond imagined rollouts, we
conduct a real-robot study on a Franka arm using the GRO0T-N1.6 backbone.
The evaluation covers five representative manipulation tasks with 20 hardware
trials per task under matched task and scene initialization.

As shown in Figure B, EvoW improves the average real-world SR from 29% to
70% over the monolithic Base, and all evaluated tasks show a positive gain. These
hardware results are consistent with the simulated evaluations and indicate that
scene-aware routing and diagnosis-driven updates support grounded deployment
beyond world-model rollouts.

5 Conclusion

We present EVOW, a framework that maps open-ended task semantics to verified
training trajectories and executable manipulation policies. EvoW grounds each
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Fig. 9: Real-world validation on a Franka arm. Left: five-frame rollouts for open lid,

pick on, pick two, wipe board, and fold towel. Right: SR over 20 trials per task; EvoW
improves every task over Base.

task in task-consistent real-world scenes, synthesizes scene-consistent episodes
with a decoupled world model, and closes the loop via VLM-based routing and
verification. This design decouples shared dynamics from task-specialized skills
and enables targeted updates through failure diagnosis.

Our results indicate that scene grounding and automated VLM feedback
are complementary for scaling open-ended manipulation, yielding reliable task
execution and continual improvement over iterations. Future work includes (i)
expanding and curating the anchor repository to better match open-ended tasks,
(ii) improving long-horizon world-model fidelity with uncertainty-aware rollout
and filtering, and (iii) strengthening routing, verification, and failure attribution
with task-aware critics and calibrated confidence signals.
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