
#Anonymous #Anonymous

2026 Submission #Anonymous. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

SCENE2DEMO: Self-Evolving Embodied Data Generation via Object-Action
Graph

Anonymous submission

Paper ID Anonymous

Abstract

We present SCENE2DEMO, a self-evolving framework001
for offline embodied data generation. Given a single real-002
world RGB image and a user query, SCENE2DEMO con-003
structs an interactive simulated scene and generates ex-004
ecutable task configurations, multi-view execution videos,005
and offline robot-learning datasets. SCENE2DEMO uses006
a structured multi-module workflow via an object-action007
graph, representing task generation through object-centric008
configurations and action transitions. Failed or incom-009
plete executions are further refined by feedback agents010
that inspect visual rollouts and revise action flows through011
sequence modification or parameter adjustment. Across012
102 automatically generated primitive scene-task pairs,013
SCENE2DEMO achieves a 71.6% execution success rate;014
on four representative long-horizon tasks, self-evolution im-015
proves both task success and subtask-level execution quality016
over primitive-only execution, and comparisons with Robo-017
Gen and GenSim2 show stronger task planning and exe-018
cution performance under automated data-generation set-019
tings. Finally, behavior cloning policies achieve 96.0%020
and 92.0% success on two representative tasks, validat-021
ing that the generated data can support downstream pol-022
icy learning. Our project page is available at https:023
//scene2demo-anon.github.io/. This paper has024
been under submission.025

1. Introduction026

Embodied robot learning requires interaction data that is ex-027
ecutable, physically valid, and structured enough for down-028
stream training. In this paper, we study an offline em-029
bodied data generation problem: given a real-world scene030
image and a user task query, how can a system automati-031
cally produce executable robot task data? The desired out-032
puts include an interactive simulated scene, task execution033
configurations, primitive action flows, multi-view execu-034
tion videos, and observation-action datasets. Our goal is035

to build an automated data generation engine that provides 036
reusable data for imitation learning, reinforcement learning 037
from demonstrations, and world model training. 038

We propose SCENE2DEMO, a self-evolving framework 039
for embodied data generation via an object-action graph. 040
The input is a single RGB scene image and a user query, 041
such as “pick up the glass”. We use an existing scene con- 042
struction pipeline, following Digital Cousins [5], to recon- 043
struct interactive simulated scenes from real-world observa- 044
tions. On top of this scene substrate, SCENE2DEMO gen- 045
erates structured task definitions, BDDL-style configura- 046
tions [14], object-size adjustments, primitive action flows, 047
execution videos, and robot-learning datasets. 048

The first stage of SCENE2DEMO is graph-based task 049
generation through five role-specialized modules. The 050
object-action graph provides the abstraction behind this 051
stage: nodes encode object-action-time configurations, 052
while edges represent either primitive action transitions 053
within a subtask or transfer links between consecutive sub- 054
tasks. Module 1 expands the user query into a scene- 055
grounded task description. Module 2 decomposes the task 056
according to our symbolic task definitions. For each simple 057
subtask, Module 3 generates the task configuration, Module 058
4 adjusts object size when needed to satisfy gripper con- 059
straints, and Module 5 plans an initial action flow from a 060
primitive action library. This design is inspired by recent 061
automated robot data generation systems such as Robo- 062
Gen [31] and GenSim2 [10], but differs in two aspects: it 063
separates the generation process into inspectable modules, 064
and it constrains task decomposition using symbolic defini- 065
tions rather than relying only on unconstrained LLM out- 066
puts. 067

The second stage is self-evolution for failed or incom- 068
plete subtasks. After the current action flow is executed 069
in simulation, the Robotic Safety Inspector analyzes the 070
current primitive action and recent multi-view frames to 071
produce step-wise critiques. The Robotic Task Supervisor 072
then aggregates these critiques with a longer-horizon video 073
context, the current action flow, and previous iteration his- 074
tory. It revises the action flow through sequence modifi- 075
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Figure 1. An introduction of our pipeline.

cation or parameter adjustment, while reusing the primi-076
tive action library as the executable action interface. This077
closed-loop design follows the broader idea of combining078
reasoning, acting, feedback, and memory in agentic work-079
flows [27, 32, 37].080

A key part of SCENE2DEMO is its graph-grounded task081
formulation. Instead of allowing an LLM to freely decom-082
pose a long-horizon instruction, we constrain the decompo-083
sition using symbolic definitions of simple tasks, complex084
tasks, action flows, and inter-task transfers. In the object-085
action graph, this means that a long-horizon instruction is086
represented as a compositional path: intra-task edges ex-087
ecute each simple task, while inter-task transfer edges en-088
sure that the terminal state of one subtask can serve as the089
valid initialization of the next. This constraint is impor-090
tant in practice: repeated unconstrained LLM decompo-091
sition may produce inconsistent subtask structures for the092
same user query, while robot execution requires stable and093
parseable task units. In our repeated decomposition study,094
SCENE2DEMO consistently decomposes the same instruc-095
tion into the same executable subtasks, while unconstrained096
baselines produce varying subtask counts.097

We evaluate SCENE2DEMO as an automated embod-098
ied data generation engine. Across 102 primitive scene-099
task pairs, SCENE2DEMO achieves a 71.6% execution100
success rate. On four representative long-horizon tasks,101
self-evolution improves complete-task success and subtask-102
level execution quality over primitive-only execution. Di-103
rect comparisons with RoboGen and GenSim2 further show104
that SCENE2DEMO achieves stronger task planning and ex-105
ecution performance under automated data-generation set-106
tings. Finally, behavior cloning policies trained on 100 gen-107

erated demonstrations achieve 96.0% success on opening a 108
refrigerator and 92.0% success on picking up a glass, show- 109
ing that the generated data can support downstream policy 110
learning. 111

Our contributions are threefold. First, we introduce 112
SCENE2DEMO, a self-evolving framework that converts a 113
real-world image and a user query into executable embodied 114
task data. Second, we formulate task generation through an 115
object-action graph, improving the stability and executabil- 116
ity of long-horizon decomposition. Third, we introduce a 117
visual-feedback-driven self-evolution mechanism that uses 118
step-wise inspection and task-level supervision to revise 119
failed action flows. 120

2. Related Works 121

Generative video models and physics simulators. Gen- 122
erative video models have made rapid progress in visual 123
prediction and interactive scene synthesis [3, 18, 33]. How- 124
ever, recent studies suggest that video generation models 125
can still produce physically inconsistent results and may 126
fail to generalize physical laws beyond training-like scenar- 127
ios [12, 16]. For robot interaction data, physics simulators 128
remain a more direct substrate because they provide explicit 129
states, collision handling, and action-conditioned transi- 130
tions. Simulators and benchmarks such as iGibson [13], 131
ThreeDWorld [8], Genesis [41], ManiSkill [28], OmniGib- 132
son [14], and IsaacGym [21] support embodied interaction 133
and robot learning in physically grounded environments. 134
SCENE2DEMO follows this simulation-based direction, but 135
focuses on automatically generating executable task data 136
rather than proposing a new simulator. 137
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Automated scene, task, and demonstration generation.138
Recent work has explored using foundation models to re-139
duce the manual effort of robot scene, task, and data gen-140
eration. RoboGen generates tasks, scenes, rewards, and141
supervision for automated robot learning [31], while Gen-142
Sim2 scales robot data generation with multimodal and rea-143
soning LLMs [10]. Other works generate or reconstruct144
embodied simulation environments from language, real-145
world images, or 3D scans, including Holodeck, ReGen,146
GRS, EmbodiedGen, MetaScenes, and Digital Cousins [5,147
23, 30, 35, 38, 42]. These works provide important tools148
for creating realistic or interactive simulation substrates.149
SCENE2DEMO leverages interactive scene construction as150
the substrate for a multi-agent workflow that generates, ex-151
ecutes, inspects, and revises embodied task data.152

LLM/VLM agents and workflow-based reasoning. Re-153
Act couples reasoning traces with environment actions [37],154
Reflexion improves agents through verbal feedback and155
episodic memory [27], and AutoGen organizes multi-156
ple customizable agents through conversation-based work-157
flows [32]. In robotics, SayCan grounds language planning158
with feasible robot skills [1], Code-as-Policies represents159
robot policies as language-model-generated programs [17],160
and CaP-X benchmarks Code-as-Policy agents that com-161
pose perception and control primitives [7]. Recent robotic162
agent frameworks also explore using LLMs and VLMs for163
general robotic manipulation [36]. SCENE2DEMO follows164
this modular workflow perspective, but grounds it in offline165
embodied data generation, while the shared primitive action166
library serves as an executable interface.167

Self-evolution, failure correction, and policy learning.168
Self-evolution in SCENE2DEMO is related to feedback-169
driven robot execution and VLM-guided failure correction.170
Inner Monologue shows that LLM planners can incorpo-171
rate environment feedback for embodied planning [11],172
while recent VLM-based systems detect, explain, or cor-173
rect manipulation failures through visual reasoning, con-174
straint monitoring, or visual-symbol guidance [6, 39, 40].175
LLM/VLMs have also been used for reward design, task176
supervision, and self-evolving embodied agents [19, 20,177
29]. After self-evolution, SCENE2DEMO stores success-178
ful demonstrations for downstream learning. This con-179
nects to demonstration-generation systems such as Mimic-180
Gen, SkillMimicGen, and MoMaGen [9, 15, 22], as well as181
behavior-cloning and visuomotor policy learning methods182
such as RT-1 and Diffusion Policy [2, 4].183

3. Method184

Given a real-world RGB image X0 and a user query I ,185
SCENE2DEMO first constructs an interactive simulated186

scene using an ACDC-based reconstruction pipeline [5], 187
and then generates executable robot task data through two 188
stages: graph-based task generation and self-evolution. The 189
first stage contains five role-specialized modules: task un- 190
derstanding, task decomposition, BDDL configuration gen- 191
eration, object size adjustment, and action-flow planning. 192
The second stage contains two feedback agents: a Robotic 193
Safety Inspector and a Robotic Task Supervisor. 194

3.1. Scene-Conditioned Simulation Substrate 195

The simulation substrate reconstructs an interactive scene 196
from a single real-world RGB observation. Let S denote 197
the universal physical state space of the environment, where 198
each element sτ ∈ S represents a possible relationship be- 199
tween objects at time τ . Given the real-world input image 200
X0 ∈ RH×W×3, the scene construction pipeline outputs a 201
simulated initial state S0 ⊂ S as S0 ∼ p(S | X0; ϵ0), where 202
ϵ0 denotes the reconstruction error inherited from the scene 203
construction pipeline. See Appendices A.1 and A.2.3 for 204
scene generation details and state-definition examples. 205

3.2. Modules 2–3: Symbolic Task Interface 206

This interface directly connects Module 2, which decom- 207
poses a user query into simple subtasks, and Module 3, 208
which turns each subtask into initial and goal conditions. 209

Object roles. For each simple task, we denote the target 210
object as ot and the two support objects as os1 and os2 . The 211
target object ot is the object directly manipulated or oper- 212
ated by the robot. The first support object os1 specifies the 213
precondition of the target object, while the second support 214
object os2 specifies the desired relation after execution. For 215
tasks that only change the state of ot itself, one or both sup- 216
port objects may be null. 217

The initialization and termination states are defined as 218
functions of these object roles: 219

sinit(ot, os1), sgoal(ot, os2) ⊆ S. (1) 220

And we write S |= sinit(T ) or S |= sgoal(T ) when the 221
global state S (see Appendix B.1) satisfies the correspond- 222
ing BDDL-style predicate. 223

Simple task. A simple task is the basic unit produced by 224
Module 2 and instantiated by Module 3. 225

[Simple Task] A simple task T is defined as T = 226
⟨ot, os1 , os2 , sinit, sgoal⟩. 227

Module 2 is responsible for decomposing a user query 228
into one or more simple tasks and assigning the object roles 229
(ot, os1 , os2) for each subtask. Module 3 then instantiates 230
the logical boundary of each subtask by generating BDDL- 231
style predicates for sinit and sgoal. 232
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Complex long-horizon task. A complex long-horizon233
task is represented as an ordered sequence of simple234
tasks. This definition constrains Module 2 to produce235
a parseable task sequence rather than an unconstrained236
natural-language plan.237

[Complex Long-Horizon Task] A complex long-horizon238
task T is defined as T = {T1, T2, . . . , TK}, K ≥ 2. For a239
single simple task, we also use T = {T1}.240

3.3. Module 5: Action Flow and Action Transfer241
Planning242

Module 5 maps symbolic task definitions into executable243
primitive-action programs. It contains two coupled respon-244
sibilities: intra-task action-flow planning, which executes245
each simple task, and inter-task action-transfer planning,246
which connects consecutive subtasks in a long-horizon task.247

Action flow for simple tasks. A simple task T is executed248
by an action flow:249

π(T ) = {a1(θ1 | T ), a2(θ2 | T ), . . . , an(θn | T )}, (2)250

where each ai is an atomic primitive selected from the prim-251
itive action library, and θi denotes its task-conditioned pa-252
rameters, such as the target object, support objects, navi-253
gation targets, or continuous control values. The primitive254
action library contains navigation, base movement, end-255
effector operations, and other task-conditioned primitives,256
serving as the executable interface shared by the initial plan-257
ner and the self-evolution stage.258

Since the action flow is generated by an LLM/VLM259
module, we model it as a sample from a conditional dis-260
tribution π ∼ pF (π | T ; ϵ1), where ϵ1 denotes generation261
error in action flow planning.262

A simple task T is executable if there exists at least one263
action flow π such that P (sgoal | sinit, π) > 0. This condi-264
tion means that the primitive sequence can move the subtask265
from its initial state to its goal state while preserving the ir-266
relevant parts of the scene state.267

Action transfer between subtasks. For a complex long-268
horizon task T = {T1, . . . , TK}, Module 5 must also en-269
sure that consecutive subtasks are logically connected un-270
der the global task context. Unlike intra-task action flows,271
the transition between two consecutive simple tasks Tk and272
Tk+1 involves a semantic and physical context shift, which273
we call an action transfer:274

ek =e(Tk, Tk+1 | T )

=
{
aend(θ

(k)
end | T ), astart(θ

(k+1)
start | T )

}
.

(3)275

Here, aend denotes the terminal action of subtask Tk, and276
astart denotes the initial action of subtask Tk+1. Their pa-277
rameters are conditioned not only on the local subtasks, but278

also on the global task T , so that the transfer remains con- 279
sistent with the overall long-horizon objective. The action 280
transfer does not necessarily correspond to an additional 281
physical operation; instead, it encodes whether the termi- 282
nal state of one subtask can serve as the valid initialization 283
of the next subtask. 284

We model the action-transfer sequence E = 285
{e1, . . . , eK−1} as 286

E ∼ pT (E | T ; ϵ2) =
K−1∏
k=1

pT (ek | T , e<k; ϵ2), (4) 287

where e<k = {e1, . . . , ek−1} denotes previous transfer de- 288
cisions. This formulation avoids treating each transfer as 289
an isolated local decision and reflects that transfer planning 290
should remain globally consistent across the full task se- 291
quence. Thus, the success of a long-horizon task depends 292
on both intra-task execution feasibility and globally consis- 293
tent inter-task transition planning. 294

3.4. Object-Action Task Graph and Compositional 295
Reachability 296

The above symbolic definitions can be viewed as a path- 297
planning problem over an object-action task graph. This 298
graph formulation clarifies the sufficient conditions under 299
which a decomposed long-horizon task can be composed 300
from executable primitive-action segments. 301

Universal object-action graph

𝒙 (𝓞)𝑜𝑖: “Cup” 𝑜𝑗: “Refrigerator”…

𝒕 (ℕ+)

…

𝑻𝟐
𝑻𝟏: “Open refrigerator” 

𝑻𝟐: “Pick up cup” 

𝑻𝟑 : “Place in refrigerator” 

𝑻𝟒: “Close refrigerator” 

𝑻𝟑

𝑻𝟏

…

𝑎0

Invalid action 𝑎0 for 𝑜𝑗

𝑎0 = LIFT_UP (𝑜𝑗)

… …

…

“Put the cup into 

the refrigerator”

Figure 2. Universal object-action graph.

Universal object-action graph. Let O denote the set 302
of all manipulable objects, A denote the universal set of 303
atomic actions, and N+ denote the discrete temporal order 304
within a simple task. We define a universal directed graph 305

G = (V, E), V = O ×A× N+, (5) 306

where E ⊂ V×V represents physically or semantically fea- 307
sible transitions between object-action-time configurations. 308
The temporal dimension denotes the relative order inside a 309
subtask rather than a global timestamp. 310

Compositional reachability. Given a reconstructed scene 311
state S0, the universal graph G induces a scene-specific sub- 312
graph GS0 ⊂ G over the objects available in the scene and 313
the primitive actions supported by our action library. On 314
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this subgraph, Proposition B.1 provides a sufficient con-315
dition for compositional reachability. Specifically, for a316
validly decomposed long-horizon task T , if each simple317
task admits at least one executable primitive action flow318
and adjacent subtasks have compatible boundary condi-319
tions, then there exists a witness trajectory composed of320
intra-task action flows and inter-task transfers that reaches321
the final goal with non-zero probability.322

This result completes the theoretical view of our graph-323
based task generation pipeline: Module 2 proposes sym-324
bolic subtasks with compatible boundaries, Module 3 in-325
stantiates checkable initial and goal predicates, and Module326
5 searches for executable action flows and transfer links.327
The full scene-specific graph construction, proposition, and328
proof are provided in Appendix B.329

3.5. Graph-Based Task Generation330

Given the user query I , the simulated scene S0, and the orig-331
inal RGB image X0, the task-generation workflow produces332
a structured task sequence T ∼ pG(T | I, S0, X0; ϵ3),333
where ϵ3 denotes the uncertainty introduced by task under-334
standing and decomposition.335

The pipeline contains five role-specialized modules.336
Module 1 expands the user query into a scene-grounded task337
description. Module 2 decomposes the expanded task into338
simple tasks according to the symbolic definitions above.339
For each simple task, Module 3 generates a BDDL-style340
configuration that defines sinit and sgoal. Module 4 adjusts341
the scale of manipulable objects when the reconstructed as-342
set size is incompatible with the robot gripper. Module 5343
maps each simple task to an initial action flow and checks344
the inter-task transfers between consecutive subtasks.345

3.6. Self-Evolution for Task Progression346

The initial action flow may fail due to imperfect scene re-347
construction, object-size mismatch, navigation offsets, or348
accumulated errors in long-horizon execution. To handle349
these failures as much as possible, SCENE2DEMO intro-350
duces a self-evolution mechanism.351

Robotic Safety Inspector. At evolution iteration τ , for352
each subtask Tk ∈ T , the current action flow π̂τ (Tk) is ex-353
ecuted in simulation, and multi-view video frames are col-354
lected as visual feedback. Let C ⊂ {Global,Head,Wrist}355
denote the set of camera views, and let p2 be the frame sam-356
pling interval. Let xc,l

k,j ∈ RH×W×3, if action aj takes time357
tj , the image sequence for the j-th action from view c is358

Xc
k,j =

(
xc,1
k,j , . . . , x

c,Lj

k,j

)
, Lj = min

(⌈
tj
p2

⌉
, 6

)
.

(6)359
The Robotic Safety Inspector analyzes execution lo-360

cally. To provide temporal context, we use a look-361

back window p1. For the j-th action, the inspector ob- 362
serves the multi-view frames corresponding to actions 363
{amax(j−p1,1), . . . , aj}. Let 364

XC
k,j =

{
Xc

k,max(j−p1,1)
, . . . , Xc

k,j

}
c∈C

, (7) 365

and XC
k =

⋃|π̂τ (Tk)|
j=1 XC

k,j denote the complete visual ob- 366
servation for the subtask. The inspector outputs a step-wise 367
critique mτ,j ∼ pE(m | XC

k,j ; ϵ4), where ϵ4 denotes the 368
uncertainty of VLM-based visual diagnosis. 369

Robotic Task Supervisor. At evolution iteration τ , let 370

mτ = {mτ,j}|π̂τ (Tk)|
j=1 denote the sequence of step-wise 371

critiques for the current action flow π̂τ (Tk). We de- 372
fine the evolution history before iteration τ as H<τ = 373
{(π̂i(Tk),mi, r̂i+1)}τ−1

i=0 , where each record stores a previ- 374
ously evaluated action flow, its step-wise critiques, and the 375
supervisor’s revision reason. 376

The Robotic Task Supervisor aggregates the current ac- 377
tion flow, the current critiques, the visual rollout, the task 378
context, and the previous evolution history to produce a re- 379
vised action flow: 380

(π̂τ+1(Tk), r̂τ+1) ∼ psup
(
· | π̂τ (Tk),mτ , X

C
k , T ,H<τ ; ϵ4

)
,

(8) 381
where r̂τ+1 denotes the supervisor’s global textual expla- 382
nation for the revision. The revised action flow π̂τ+1(Tk) 383
may change the primitive sequence, adjust action param- 384
eters, or modify navigation waypoints. After each failed 385
attempt, we update the history as H<τ+1 = H<τ ∪ 386
{(π̂τ (Tk),mτ , r̂τ+1)}, which helps the supervisor avoid re- 387
peatedly trying previously failed configurations. The self- 388
evolution loop repeats until the goal condition sgoal(Tk) is 389
satisfied or the maximum number of iterations is reached. 390

4. Experiments 391

We evaluate SCENE2DEMO as an automated embodied 392
data generation engine. Our experiments answer: (1) 393
whether the generated primitive scene-task pairs are exe- 394
cutable, (2) whether self-evolution improves complex long- 395
horizon task execution, (3) how SCENE2DEMO compares 396
with existing automated data-generation pipelines, and (4) 397
whether the generated demonstrations provide useful data 398
for downstream policy learning. 399

4.1. Experimental Setup 400

We first evaluate primitive task generation on 102 automati- 401
cally generated scene-task pairs reconstructed from 34 real- 402
world scenes. These tasks include articulated-object oper- 403
ations (T5: open/close) and rigid-object manipulation (T6: 404
pick/place). We then evaluate long-horizon execution on 405
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Figure 3. Graph-Based Task Generation with Self-Evolution. For details, see Appendix A.2,A.3.

four representative tasks: T1: “Put the glass into the refrig-406
erator”, T2: “Put the apple into the refrigerator”, T3: “Put407
the apple into the bowl”, T4: “Put the cup on the table”.408

Table 1. SR on 102 automatically generated scene-task pairs.

Category Count Success SR (%)

T5 : Open/Close 36 24 66.7
T6 : Pick/Place 66 49 74.2

Total 102 73 71.6

As summarized in Table 1 and Figure 5(a), our method409
achieves a 71.6% overall success rate, with 66.7% suc-410
cess on articulated-object operations and 74.2% success411
on rigid-object manipulation. This result verifies that the412
generated task configurations and primitive action flows413
are executable across diverse reconstructed scenes. The414
scene generated examples and experiment details see Ap-415
pendix C.3.416

4.2. Task Execution and Baseline Comparison417

We report the main metric as SR / Subtask-Level Score.418
SR measures complete-task success, while the subtask-level419
score provides a diagnostic measure of partial execution420
quality under each system’s own subtask definition and421
evaluator. The exact number of evaluated demonstrations422
or episodes for each method is provided in Appendix C.4.423
Detailed long-horizon task breakdowns and generated task424
configurations are provided in Appendix C.5.425

Table 2 shows three main findings. First, self-426
evolution consistently improves long-horizon execution427
over primitive-only planning. Second, compared with428
RoboGen and GenSim2 under automated data-generation429
settings, SCENE2DEMO achieves stronger complete-task430
success on the four representative long-horizon tasks, while431
also showing competitive subtask-level execution quality.432

Third, on simple task categories, SCENE2DEMO remains 433
competitive: it achieves 66.7% on T5 and 74.2% on T6, 434
while GenSim2 is stronger on Open/Close but weaker on 435
Pick/Place. 436

4.3. Detailed Self-Evolution Performance 437

To further analyze the role of self-evolution, we retain the 438
per-task detailed results on long-horizon tasks, including 439
task success rate (SR), evolution success rate (ESR), and the 440
average number of iterations for successful executions. For 441
T1 and T3, we compare Gemini-3-Flash, GPT-5.2, and the 442
open-source model Qwen3-VL (Specifically, all Qwen3-VL 443
experiments use qwen3-vl-235b-22a-thinking); for others, 444
we use Qwen3-VL. We set a strict failure condition: if any 445
subtask exceeds 5 evolution iterations, the entire episode is 446
marked as failed. 447

In addition to the main success-rate improvements, Ta- 448
ble 3 reveals that self-evolution is most useful for later sub- 449
tasks, where long-horizon execution accumulates naviga- 450
tion and placement errors. For example, later subtasks such 451
as transporting and precise placing often require multiple 452
correction iterations, while early subtasks such as opening 453
or pickup are usually solved with initial planning. This ob- 454
servation is consistent with the qualitative evolution exam- 455
ples in Figure 4. 456

Detailed experimental results can be found in Ap- 457
pendix C.5,C.6. Failures in the later stages mainly stem 458
from situations such as objects falling or getting stuck at 459
the edges, and these situations are usually difficult to cor- 460
rect within a few steps. For detailed failure analysis, see 461
Appendix C.7. 462

4.4. Repeated Decomposition and Ablation Studies 463

We also analyze the design choices and generation cost 464
of SCENE2DEMO. First, we study repeated decomposi- 465
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Table 2. Main task execution comparison. Each cell reports SR / Subtask-Level Score (%).

Method T1 T2 T3 T4 T5 T6

M1: Ours (Primitive) 0 / 50 0 / 50 40 / 70 0 / 50 66.7 / 66.7 74.2 / 74.2

M2: Ours (Prim+Evo) 40 / 84 30 / 79 70 / 93 70 / 85 – –

M3: GenSim2 (Primitive) 0 / 73 5 / 78 55 / 91 0 / 68 100 / 100 38.8 / 82.1

M4: RoboGen (Primitive) 0 / 50 0 / 46.5 0 / 50 0 / 50 0 / 50.2 0 / 42.8

M5: RoboGen (Prim+RL) fail fail fail fail success success

Subtask 1: open refrigerator (success) Subtask 2: pick up glass  (success) Subtask 3: put glass into refrigerator

approach converge grasp open ungrasp navigate approach converge lift up navigate base forward ungrasp

navigate base left base forward turn right EEF forward lift down ungrasp
… …

ungraspclosenavigate approach converge grasp

…

Subtask 4: close refrigerator

Subtask 3  (success) 

Subtask 1 Subtask 2

Subtask 4  (success) 

… …

Subtask 1 Subtask 2

…

Subtask 3

(After 3 evolutions for subtask 3)

(After 2 evolutions for subtask 4)
Previous subtask not execute again

Figure 4. Detailed Action Display of Self-Evolution. We take the task T1 (Glass→Refrigerator) as an example. The task is always
decomposed into four subtasks: “open refrigerator”, “pick up glass”, “put glass into refrigerator”, and “close refrigerator”.

tion consistency. As shown in Figure 5(b), for the same466
instruction (T2: “put the apple into the refrigerator”),467
SCENE2DEMO consistently decomposes the task into the468
same executable subtasks across repeated runs, while un-469
constrained baselines produce varying subtask counts. This470
result supports our claim that symbolic task definitions im-471
prove decomposition stability.472

Second, we analyze the wall-clock time of473
SCENE2DEMO. As shown in Figure 5(c), a simple474
task without self-evolution takes about 2 minutes. For475
long-horizon tasks, initial action-flow generation takes476
35s–1m20s, simulator execution takes 22s–1m30s per sub-477
task, and a single evolution iteration takes 1m19s–2m57s478
using Qwen3-VL. A complete long-horizon demonstration479
typically takes about 15–30 minutes including all itera-480
tions. Because SCENE2DEMO is an offline data generation481
engine, the full self-evolution loop only needs to find a482
successful action configuration once, after which domain483
randomization can rapidly generate diverse demonstration.484

Third, we conduct ablation studies on visual feedback485
and temporal context. As shown in Figure 5(d)(e), We in-486
vestigate the impact of camera-view combinations and the487
look-back window p1 used in the self-evolution mecha-488
nism. The camera-view ablation evaluates different subsets489

of {Global,Head,Wrist}, and the context-window ablation 490
varies the amount of recent action history. Consistent with 491
the original findings, the standard and full multi-view set- 492
tings achieve the best overall performance, while using only 493
a single view leads to more failures. We also observe that in- 494
creasing the look-back window from p1 = 1 to p1 = 2 does 495
not improve performance and may even degrade complete- 496
task success, while also increasing VLM input length and 497
inference latency. Therefore, we use p1 = 1. 498

4.5. Downstream Policy Learning 499

Finally, we evaluate whether the generated demonstrations 500
can support downstream policy learning. We train behav- 501
ior cloning policies using 100 expert demonstrations au- 502
tonomously generated by SCENE2DEMO, with randomiza- 503
tion on target-object scale and rotation to improve data di- 504
versity. The policy uses a PointNet encoder for point clouds, 505
fuses the point-cloud features with proprioceptive states, 506
and applies a 4-layer Causal Transformer followed by an 507
action MLP to predict 10-DoF actions (7-DoF arm/gripper 508
and 3-DoF mobile base). For details, see Appendix C.8. 509

On two representative tasks, the learned policies achieve 510
96.0% success (24/25) on Open Refrigerator and 92.0% 511
success (23/25) on Pick Up Glass. We emphasize that this 512
experiment is not intended to claim a new policy-learning 513
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Table 3. Self-Evolution Performance on Complex Long-Horizon Tasks.

Tasks VLM Demos Subtask 1 Subtask 2 Subtask 3 Subtask 4 Complete Task
SR Iter SR ESR Iter SR ESR Iter SR ESR Iter SR Iter

T1
Gemini-3-Flash 10 100 0 100 – 0 30 30 1.7 100 100 0.7 30 2.3

GPT-5.2 10 100 0 100 – 0 30 30 2 66.7 66.7 1.0 20 3.5
Qwen3-VL 20 100 0 100 – 0 45 45 2.7 88.9 66.7 0.5 40 3.1

T2 Qwen3-VL 10 100 0 100 100 0.3 40 40 1.8 75 66.7 0.7 30 2.3

T3
Gemini-3-Flash 10 100 0 70 62.5 1.6 – – – – – – 70 1.6

GPT-5.2 10 100 0 50 16.7 0.2 – – – – – – 50 0.2
Qwen3-VL 10 100 0 50 16.7 0.4 – – – – – – 50 0.4

T4 Qwen3-VL 10 100 0 70 60 1.0 – – – – – – 70 1.0
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Figure 5. Comprehensive Evaluation and Ablation Studies. (a) Automatically generated 102 primitive scene-task pairs. (b) Repeated
decomposition study on the same user query. (c) Wall-clock time analysis of SCENE2DEMO. Bars show average time with the observed
range. (d) Ablation on visual input views for self-evolution. (e) Ablation on the context window p1. Ablations are conducted on task T1.

method; rather, it verifies that the data is directly usable for514
downstream imitation learning.515

5. Conclusion516

We introduced SCENE2DEMO, a self-evolving framework517
for embodied data generation. Given a real-world RGB im-518
age and a user query, SCENE2DEMO constructs an inter-519
active simulated scene and generates executable task con-520
figurations and offline robot-learning datasets. The core521
of SCENE2DEMO is an object-action graph formulation522
that connects object-centric task states through primitive523
action edges and inter-task transfer edges, together with524
a feedback-driven self-evolution mechanism for revising525
failed executions. The generated data can further support526
downstream imitation learning, showing the practical value527
of SCENE2DEMO as an offline data generation engine.528

There are several limitations to the current framework.529
First, SCENE2DEMO is constrained by the capability of530
the primitive action library and the IK-based controller. At531
present, the executable action space mainly covers Open/-532

Close, Pick/Place, and mobile-base navigation, and does 533
not yet support fine-grained manipulation such as folding 534
clothes or other dexterous tasks. Future work may intro- 535
duce stronger RL-based agents or learned low-level con- 536
trollers to expand the action library and handle more com- 537
plex manipulation skills. Second, our scene construction 538
stage relies on the Digital Cousins pipeline [5], so failures 539
may come from imperfect scene reconstruction or miss- 540
ing interactive assets, such as microwave assets that sup- 541
port both opening and button pressing. Future work can 542
explore stronger scene reconstruction and asset-grounding 543
methods to improve the robustness of the simulation sub- 544
strate. Third, our self-evolution mechanism is still an early 545
closed-loop implementation and depends heavily on the vi- 546
sual reasoning ability of the underlying VLM. A promis- 547
ing direction is to build a skill documentation library from 548
successful tasks, where reusable correction strategies and 549
action patterns are stored and retrieved to strengthen the 550
feedback agents’ ability to diagnose and repair future fail- 551
ures. 552
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Impact Statement767

This work aims to support scalable and reproducible em-768
bodied AI research by automatically generating executable769
robot interaction data in simulation. By producing task770
configurations, action traces, execution videos, and offline771
learning datasets, SCENE2DEMO may reduce the man-772
ual effort required to construct embodied training data and773
make robot-learning experiments easier to inspect and re-774
produce. Since all demonstrations are generated and refined775
in simulation, the framework can also help identify unsafe776
or failed behaviors before real-world deployment. How-777
ever, the quality and diversity of the generated data depend778
on the underlying scene reconstruction tools, simulation as-779
sets, primitive action library, and VLM feedback quality.780
We therefore encourage careful validation before using such781
generated data in real-world robotic systems.782

A. Implementation Details783

A.1. Simulated Scene Generation Details784

This section presents the complete process of simulated785
scene generation described in Section 3.1, which follows786
the reconstruction method of [5]. Given a single real-787
world RGB observation, the scene generation pipeline re-788
constructs an interactive simulated scene while preserving789
semantic affordances and object states. The pipeline is as790
follows:791

1. Real-world Extraction: Obtain data and information792
from the real world, input the camera’s internal parame-793
ter matrix K and a single RGB image X , and output a set794
of object representations including object labels, masks,795
point clouds, etc., for the subsequent creation of simu-796
lated scenes. The main methods include observing and797
extracting objects (using LLM, GroundedSAM-v2 [26]),798
followed by depth estimation (DepthAnything-v2 [34])799
and extracting point clouds, etc.800

2. Assets Matching: Hierarchical search is conducted on801
the asset dataset BEHAVIOR-1K [14]. Through the CLIP802
and DINOv2 models [24, 25], the most suitable assets are803
matched for each object. This step outputs the virtual804
assets and snapshots corresponding to each cousin in the805
corresponding direction.806

3. Simulated Scene Generation: Improve the details such807
as asset location determination and scene physical sta-808
bility (for example, use LLM to determine whether to809
install objects on the wall). And based on the Omni-810
Gibson platform [14], simulation scenes are generated,811
providing physical simulation and rendering including812
object states, etc.813

ManiAgent [36] directly estimates the 3D coordinates of814
real objects from RGB images using Florence-2, and then815
employs AnyGrasp to estimate the 6-DoF pose of the target816

position and plan the path. In contrast, our work estimates 817
the 3D coordinates of each object from RGB images while 818
reconstructing the entire simulated environment. It retains 819
advanced scene attributes, such as spatial object layout S0, 820
key semantics, and physical visibility, which offers advan- 821
tages such as maintaining global physical consistency and 822
preserving the state of complex long-horizon tasks. 823

A.2. Implementation Details of Graph-Based Task 824
Generation 825

In this section, we provide a comprehensive breakdown of 826
the Graph-Based Task Generation pipeline, corresponding 827
to the left component of Figure 3 in the main paper. This 828
process utilizes Large Language Models (LLMs) or Vision- 829
Language Models (VLMs) to autonomously translate vague 830
user commands into executable, physically grounded task 831
specifications. The pipeline consists of three sequential 832
stages: Semantic Expansion, Subtask Decomposition, and 833
Task Instantiation. 834

A.2.1. Semantic Expansion 835

The goal of this stage is to ground a potentially vague user 836
query into a precise scene context. 837

Input: 838
• User Keyword (I): This can be a specific object name 839

(e.g., “refrigerator”, “cup”), a specific action (e.g., “pick 840
up the cup”), or a high-level abstract instruction requiring 841
reasoning (e.g., “put the cup in the refrigerator”, “clean 842
the room”). 843

• Scene Configuration (scene json): A JSON file con- 844
taining the ground-truth metadata of the reconstructed 845
scene, including object IDs, 3D coordinates, and bound- 846
ing boxes. This is essential for grounding semantic con- 847
cepts to specific simulation assets (e.g., mapping “cup” to 848
the unique ID glass 0). 849

• Scene Observation (Optional): An RGB image of the 850
scene. If provided, a VLM is employed for visual rea- 851
soning; otherwise, an LLM processes the textual JSON 852
data. 853
Output: 854

• Task Name (task name): A strictly formatted string 855
where all objects are replaced by their unique scene IDs 856
(e.g., “put glass 0 into cabinet 0”). 857

• Detailed Task Description (task message detail): A 858
step-by-step narrative of the task logic generated by the 859
model. For example: “This is a kitchen scene. There is 860
a cup (glass 0) on top of a cabinet (cabinet 0). The goal 861
is to place the cup inside the cabinet. The robot must first 862
open the cabinet door, approach the cup, grasp it, lift it 863
up, navigate to the cabinet, and place it inside...” 864

A.2.2. Subtask Decomposition 865

This stage breaks down the long-horizon task into a se- 866
quence of atomic simple tasks, bridging the definition in 867
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Section 3.2 of the main paper.868

Input: The task name and task message detail869
from A.2.1, along with the scene json.870

Output: A sequential list of subtask configurations871
(JSON). For a complex task T = {T1, T2, . . . , TK}, each872
subtask configuration contains:873

• Subtask Name: The atomic activity (e.g., “Open Cabi-874
net”, “Pick up Cup”).875

• Description: Detailed instructions specific to this sub-876
task.877

• Target Object ID (ot): The primary object being manip-878
ulated.879

• Support Object ID (os1 , os2 ): The two support objects880
are associated with the state definitions in the task: the881
first support object os1 specifies the initial state relative to882
the target object (e.g., the table supporting the cup), while883
the second support object os2 specifies the goal state rel-884
ative to the target object (e.g., the container receiving the885
cup), they all extracted from the scene json.886

• BDDL Category: The specific object category mapped887
to the OmniGibson asset library, used for subsequent888
BDDL file generation.889

A.2.3. Subtask Instantiation890

For each decomposed subtask, we perform three parallel891
instantiation steps to ensure execution feasibility: BDDL892
Generation, Object Size Adjustment, and Action Flow Plan-893
ning.894

1. BDDL Generation (Initial State and Success Detec-895
tion) We utilize the Behavior Domain Definition Lan-896
guage [14] (BDDL) to define the initial state (sinit) and suc-897
cess criteria (sgoal) for the simulation. The LLM generates898
a BDDL file based on task-specific templates.899

This module takes the subtask configuration as input, in-900
cluding the target object and support-object categories, and901
outputs a standard .bddl file. Here are some example902
predicates:903

• sinit: inroom(robot, kitchen), ontop(glass 0, table 0).904
• sgoal: open(fridge 0), inside(apple 0, bowl 0), or905

not(ontop(cup 0, table 0)).906

2. Object Size Adjustment (Physical Feasibility) To en-907
sure objects are graspable by the robot’s parallel gripper908
(maximum width ≈ 0.06m, depending on the robot size909
parameters), we dynamically adjust object scales based on910
their bounding box extents defined in scene json. We clas-911
sify objects into two types:912

• Type A (Fixed/Articulated Fixtures): Objects such as913
refrigerators, cabinets, microwaves, ovens, drawers, dish-914
washers, and tables. These are operated via handles or are915
static supports.916

• Type B (Manipulable Items): Objects such as cups, 917
glasses, apples, bottles, boxes, bowls, and knives. These 918
must fit inside the gripper. 919

For type A, no scaling is applied, and return scale factor 920
S = 1.0. For type B, we calculate the minimum dimension 921
on the horizontal plane: dmin = min(bboxx, bboxy). If 922
dmin > 0.06m, we compute a scaling factor S such that 923
S × dmin ≈ 0.05m (ideal grasping width). Otherwise, S = 924
1.0. 925

3. Action Flow Planning with Primitive Action Library 926
Module 5 maps each simple subtask T to an executable ac- 927
tion flow using a primitive action library. Formally, the out- 928
put action flow is defined as 929

π(T ) = {ai(θi | T )}ni=1, (9) 930

where each ai is an atomic primitive selected from the li- 931
brary, and θi denotes its task-conditioned parameters. These 932
parameters may include the target object ot, support objects 933
os1 , os2 , navigation targets, joint limits, or continuous con- 934
trol values such as distances and angles. This notation re- 935
flects that primitive actions are not restricted to the target 936
object alone, but may also involve support objects or scene- 937
level navigation goals. 938

We define a library of 21 atomic primitives in the Ba- 939
sicSkill class, covering navigation, base movement, end- 940
effector (EEF) operations, articulated-object interaction, 941
and other task-conditioned primitives. This library serves 942
as the executable interface shared by the initial action-flow 943
planner and the self-evolution stage. During self-evolution, 944
the Robotic Task Supervisor can revise the primitive se- 945
quence, replace unsuitable primitives, or tune primitive pa- 946
rameters while remaining within the valid action library. 947

Each primitive action is represented by an integer prim- 948
itive ID and a structured parameter dictionary. The ID de- 949
notes the primitive type rather than an object identifier. For 950
example, an action can be represented as 951

(ID, params), (10) 952

where ID indexes a primitive such as NAVI- 953
GATE TO SUPPORT, MOVE BASE FORWARD, GRASP, 954
or ARTICULATE OPEN, and params stores the required 955
object references or continuous control values. Thus, a 956
format such as {“ID”: value} should be interpreted as a 957
primitive-ID-to-parameter mapping, not as an object-ID 958
mapping. 959

We categorize the 21 atomic primitives according to their 960
parameter requirements and functional domains. This cat- 961
egorization distinguishes between context-aware primitives 962
that rely on the underlying solver for pose determination 963
and parameterized primitives that allow explicit tuning dur- 964
ing self-evolution. 965
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3.1. Parameter-Free Context-Aware Actions.966

These actions do not require explicit numerical param-967
eters. They rely on the underlying motion planner, object968
state, and task context to determine the target pose or inter-969
action target.970

• APPROACH: Move the end-effector to a pre-grasp or pre-971
interaction approach pose.972

• CONVERGE: Finely align the end-effector with the target973
handle or object centroid.974

• GRASP: Close the gripper to grasp the target object.975
• UNGRASP: Open the gripper to release the currently held976

object.977
• RETREAT: Move the end-effector away from the target to978

a safe retreat pose.979
• NAVIGATE TO TARGET: Move the robot base near the980

target object ot.981
• NAVIGATE TO SUPPORT: Move the robot base near the982

support object, typically os2 .983

3.2. End-Effector Translation.984

These primitives move the end-effector along a specified985
direction. The parameter is a continuous distance value in986
meters, represented as {“ID”: distance in meters}.987

• LIFT EEF UP: Lift the end-effector vertically upward.988
• LIFT EEF DOWN: Move the end-effector vertically989

downward.990
• MOVE EEF FORWARD: Move the end-effector forward.991
• MOVE EEF BACKWARD: Move the end-effector back-992

ward.993
• MOVE EEF LEFT: Move the end-effector to the left.994
• MOVE EEF RIGHT: Move the end-effector to the right.995

3.3. Mobile Base Translation and Rotation.996

These primitives control the mobile base relative to the997
robot’s current heading. For translation primitives, the pa-998
rameter is a distance in meters, represented as {“ID”: dis-999
tance in meters}.1000

• MOVE BASE FORWARD: Move the robot base forward.1001
• MOVE BASE BACKWARD: Move the robot base back-1002

ward.1003
• MOVE BASE LEFT: Move the robot base left by holo-1004

nomic sliding.1005
• MOVE BASE RIGHT: Move the robot base right by holo-1006

nomic sliding.1007

For rotation primitives, the parameter is an angle in de-1008
grees, represented as {“ID”: angle in degrees}.1009

• TURN BASE LEFT: Rotate the robot base counter-1010
clockwise.1011

• TURN BASE RIGHT: Rotate the robot base clockwise.1012

3.4. Articulated-Object Interaction.1013

These primitives interact with articulated objects such as1014
doors, drawers, and refrigerators. The parameter specifies1015
normalized joint limits or physical joint limits, represented1016
as {“ID”: [min limit, max limit]}. We also allow None as1017
the parameter value, in which case the default solver limits1018

are used. 1019
• ARTICULATE OPEN: Execute an opening motion for a 1020

revolute or prismatic joint. 1021
• ARTICULATE CLOSE: Execute a closing motion for a 1022

revolute or prismatic joint. 1023

A.3. Implementation Details of Self-Evolution 1024
Mechanism 1025

This section provides implementation details of the Self- 1026
Evolution Mechanism in Figure 3. The main text describes 1027
the mathematical formulation of the Robotic Safety Inspec- 1028
tor and the Robotic Task Supervisor. Here, we focus on the 1029
practical execution protocol, the VLM prompt logic, and the 1030
reset mechanism used during iterative refinement. 1031

Resetting before each evolution attempt. A failed ex- 1032
ecution may irreversibly alter the scene, such as dropping 1033
an object, pushing it out of reach, or leaving the robot in 1034
an invalid configuration. Therefore, before evaluating each 1035
revised action flow, we reset the simulator to a saved sub- 1036
task initial state S̄

(k)
init, which satisfies the symbolic initial 1037

condition sinit(Tk). This ensures that different candidate 1038
action flows are evaluated from the same subtask boundary 1039
state, making the self-evolution process reproducible and 1040
preventing later attempts from being affected by previous 1041
failed rollouts. 1042

A.3.1. Visual Data Pre-processing 1043

For each action step in the current action flow π̂τ (Tk), 1044
we capture RGB frames from multiple camera views C ⊂ 1045
{Global,Head,Wrist}. The Global View provides a static 1046
scene overview, the Head View captures the robot-centered 1047
perspective, and the Wrist View focuses on fine-grained ma- 1048
nipulation near the end-effector. As defined in the main 1049
text, each action-level visual sequence is uniformly down- 1050
sampled to at most 6 frames, and the inspector receives a 1051
sliding-window visual context XC

k,j containing the current 1052
action and the previous p1 action steps. We use p1 = 1 by 1053
default in the main experiments. 1054

A.3.2. Step-wise Critique by the Robotic Safety Inspector 1055

The Robotic Safety Inspector verifies each primitive action 1056
locally. For the j-th action in π̂τ (Tk), the inspector re- 1057
ceives the action description and the local visual context 1058
XC

k,j , and outputs a step-wise critique mτ,j . The prompt 1059
asks the VLM to check three aspects: 1060

• Motion Verification: whether the robot movement 1061
matches the intended primitive action, such as whether 1062
the base reaches the target region or the end-effector 1063
moves in the expected direction. 1064

• State Contrast: whether the intended state transition oc- 1065
curs by comparing the beginning and ending frames, such 1066
as whether the object is actually grasped or placed. 1067
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• Anomaly Detection: whether unintended collisions, ob-1068
ject displacement, failed grasps, or unsafe motions occur1069
during execution.1070

The output mτ,j is a concise textual diagnosis of the cur-1071
rent action step. The full critique sequence for the current1072

attempt is denoted as mτ = {mτ,j}|π̂τ (Tk)|
j=1 , consistent with1073

the notation in the main text.1074

A.3.3. Task-Level Revision by the Robotic Task Supervi-1075
sor1076

The Robotic Task Supervisor performs global action-flow1077
revision. It receives the current action flow π̂τ (Tk), the step-1078
wise critique sequence mτ , the complete visual rollout XC

k ,1079
the task context T , and the evolution history H<τ . The1080
history follows the definition in the main text:1081

H<τ = {(π̂i(Tk),mi, r̂i+1)}τ−1
i=0 ,1082

where each record stores a previously evaluated action flow,1083
its step-wise critiques, and the supervisor’s revision reason.1084

The supervisor prompt enforces three reasoning steps:1085
1. Root Cause Analysis: identify the earliest failed or1086

risky step, rather than only describing the final failure.1087
2. Action-Flow Revision: revise the primitive sequence,1088

tune action parameters, or modify navigation waypoints1089
based on the diagnosis.1090

3. Library Constraint: ensure that the revised action flow1091
only uses valid primitives from the primitive action li-1092
brary in Appendix A.2.1093
The supervisor outputs a revised action flow π̂τ+1(Tk)1094

and a global textual explanation r̂τ+1. After each failed at-1095
tempt, the history is updated with the evaluated action flow,1096
its critiques, and the revision reason. This memory prevents1097
the supervisor from repeatedly trying previously failed con-1098
figurations.1099

A.3.4. Algorithm Summary1100

Algorithm A.3.4 summarizes the complete self-evolution1101
procedure. The key implementation detail is that every can-1102
didate action flow is executed after resetting the simulator1103

to the saved initial state S̄
(k)
init of the current subtask.1104

[h] [1] Input: Initial action flow π̂0(Tk), subtask1105
Tk, task context T , camera views C, saved subtask ini-1106
tial state S̄

(k)
init, max iterations τmax Initialize evolution1107

history H<0 ← ∅ τ = 0 to τmax Reset simulator to1108

S̄
(k)
init Execute π̂τ (Tk) in simulation and capture visual1109

rollout XC
k success condition sgoal(Tk) is satisfied Output:1110

π̂τ (Tk) Terminate Initialize critique sequence mτ ← ∅1111
each action step j in π̂τ (Tk) Construct sliding-window1112

visual context XC
k,j mτ,j ← VLMInspector

(
aj , X

C
k,j

)
1113

mτ .append(mτ,j) (π̂τ+1(Tk), r̂τ+1) ←1114
VLMSupervisor

(
π̂τ (Tk),mτ , X

C
k , T ,H<τ

)
H<τ+1 ←1115

H<τ ∪ {(π̂τ (Tk),mτ , r̂τ+1)} Output: Failure1116

B. Theoretical Supplement 1117

This appendix provides additional theoretical details for the 1118
graph-based task formulation used in SCENE2DEMO. We 1119
first present the object-action task graph and the composi- 1120
tional reachability proposition. We then provide a proba- 1121
bilistic interpretation of action transfer as stochastic func- 1122
tional switching, followed by the proof of Proposition B.1. 1123

B.1. Object-Action Task Graph and Compositional 1124
Reachability 1125

Universal object-action graph. Let O denote the set of 1126
all theoretically manipulable objects,A denote the universal 1127
set of atomic actions, and N+ denote the discrete temporal 1128
order within a simple task. We define a universal directed 1129
graph 1130

G = (V, E), V = O ×A× N+, (11) 1131

where E ⊂ V×V represents physically or semantically fea- 1132
sible transitions between object-action-time configurations. 1133
The temporal dimension denotes the relative order inside a 1134
subtask rather than a global timestamp. 1135

Scene-specific graph. Given a reconstructed scene state 1136
S0, we instantiate a scene-specific object-action graph: 1137

GS0 = (VS0 , ES0) ⊂ G, VS0 = OS0 ×Aprim × N+,
(12) 1138

whereOS0
contains the objects present in the reconstructed 1139

scene, and Aprim is the primitive action library. The global 1140
state at time τ is the aggregate of all object-pair relations in 1141
the scene: 1142

Sτ = {sτ (oi, oj)}{oi,oj}⊂OS0
⊂ S. (13) 1143

This formulation allows us to describe both local subtask 1144
transitions and global scene consistency. 1145

Intra-task and inter-task edges. For a simple task Tk, 1146
the action flow corresponds to a sequence of intra-task 1147
edges in the task-specific object-action slice required by 1148
Tk. Following the notation in the main text, we write 1149
π(Tk) = {ai(θi | Tk)}nk

i=1, where each primitive action 1150
ai may be parameterized by target objects, support objects, 1151
navigation goals, or continuous control values. These intra- 1152
task edges represent executable primitive transitions that 1153
move the scene toward the symbolic goal predicate of Tk. 1154

For two consecutive subtasks Tk and Tk+1, the action 1155
transfer ek = e(Tk, Tk+1 | T ) corresponds to an inter-task 1156
edge that links the terminal context of Tk to the initial con- 1157
text of Tk+1. To describe this context switch, we introduce 1158
the augmented state 1159

S+
τ ≜ Sτ+∆τ = {sτ+∆τ (oi, oj)}{oi,oj}⊂OS0

, (14) 1160
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where ∆τ > 0 is a small temporal margin. We use S |=1161
sinit(T ) and S |= sgoal(T ) to indicate that the global state1162
S satisfies the symbolic initial or goal predicate of task T .1163
For a valid task decomposition, the transfer from Tk to Tk+11164
should satisfy1165

P
(
S+
τk
|= sinit(Tk+1) | Sτk |= sgoal(Tk), ek

)
> 0. (15)1166

This probability does not mean that the physical scene must1167
change discontinuously. Instead, it measures whether the1168
terminal context of one subtask can be validly interpreted1169
as the initialization context of the next subtask. A more1170
detailed interpretation is provided in Appendix B.2.1171

Compositional reachability. The following proposition1172
gives a sufficient condition for long-horizon feasibility. It1173
applies to a validly decomposed task sequence whose ad-1174
jacent subtasks satisfy the required boundary compatibility.1175
We keep the notation T = {T1, . . . , TK} for consistency1176
with the main text, where the braces denote the ordered sub-1177
task list generated by Module 2.1178

[Global Reachability via Hierarchical Composition] Let1179
T = {T1, . . . , TK} be a validly decomposed long-horizon1180
task in the scene-specific graph GS0

⊂ G. Assume the fol-1181
lowing conditions hold:1182
1. Primitive Completeness. For every simple task Tk, if1183
the current global state satisfies its initial predicate,1184

S+
τk−1

|= sinit(Tk), (16)1185

then there exists an action flow1186

πk = π(Tk) = {ai(θi | Tk)}nk
i=1 (17)1187

such that the subtask goal can be reached with positive prob-1188
ability:1189

P
(
Sτk |= sgoal(Tk) | S+

τk−1
, πk

)
> 0. (18)1190

2. Locality of Primitive Effects. For each action flow1191
πk, object-pair relations that are irrelevant to Tk remain un-1192
changed unless explicitly affected by the primitive action.1193
3. Connectivity of Context. For every pair of consecutive1194
subtasks Tk and Tk+1, their boundary predicates are com-1195
patible. That is, after completing Tk, there exists an action1196
transfer1197

ek = e(Tk, Tk+1 | T ) (19)1198

such that the next subtask can be initialized with positive1199
probability:1200

P
(
S+
τk
|= sinit(Tk+1) | Sτk |= sgoal(Tk), ek

)
> 0. (20)1201

Then there exist an action-flow sequence1202

Π = {πk : πk ∼ pF (π | T ; ϵ1)}Kk=1 (21)1203

and a transfer sequence 1204

E = {ek : ek ∼ pT (e | T ; ϵ2)}K−1
k=1 (22) 1205

that induce at least one witness trajectory 1206

Γ = (Sτ1 , S
+
τ1 , Sτ2 , S

+
τ2 , . . . , SτK ) (23) 1207

with positive joint probability: 1208

P (Γ | S0,Π, E) =

K∏
k=1

P (Sτk | S+
τk−1

, πk)

K−1∏
k=1

P (S+
τk
| Sτk , ek) > 0,

(24) 1209

where the base case is defined as S+
τ0 ≜ S0. Consequently, 1210

the marginal probability of reaching the final goal is lower 1211
bounded by this witness trajectory: 1212

P (SτK |= sgoal(TK) | S0,Π, E) ≥ P (Γ | S0,Π, E) > 0.
(25) 1213

This proposition is a structural guarantee rather than 1214
an empirical success guarantee. It states that if Module 1215
2 produces a valid decomposition with compatible sym- 1216
bolic boundaries, Module 3 instantiates checkable initial 1217
and goal predicates, and Module 5 finds action flows and 1218
transfer links satisfying the above assumptions, then the 1219
resulting task admits a feasible witness trajectory on the 1220
scene-specific object-action graph. The self-evolution stage 1221
improves the empirical realization of these conditions by 1222
correcting failed primitive sequences or adjusting their pa- 1223
rameters. The proof is given in Appendix B.3. 1224

B.2. Probabilistic Interpretation of Action Transfer 1225

This section clarifies the probability used for action transfer. 1226
The transfer edge ek = e(Tk, Tk+1 | T ) does not necessar- 1227
ily correspond to an additional physical action. Instead, it 1228
represents a semantic and physical compatibility check be- 1229
tween the terminal state of Tk and the initial predicate of 1230
Tk+1. 1231

Given a completed subtask Tk, the next subtask Tk+1 1232
is valid only if the post-subtask state can satisfy the initial 1233
predicate required by Tk+1. We therefore define the transfer 1234
condition as 1235

P
(
S+
τk
|= sinit(Tk+1) | Sτk |= sgoal(Tk), ek

)
> 0. (26) 1236

Here S+
τk

denotes the state after a small transition margin 1237
following the completion of Tk. This notation captures the 1238
fact that the same physical scene may be reinterpreted under 1239
a new task context. 1240

When the object sets of Tk and Tk+1 are disjoint, this 1241
compatibility often reduces to checking that the objects re- 1242
quired by Tk+1 remain in valid initial conditions. When the 1243
object sets overlap, for example when an object is picked 1244
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in Tk and placed in Tk+1, we do not rely on background1245
invariance. Instead, the compatibility is checked directly1246
through the boundary predicates:1247

Sτk |= sgoal(Tk), S+
τk
|= sinit(Tk+1). (27)1248

Thus, action transfer acts as a semantic gatekeeper that1249
determines whether the output context of one subtask can1250
serve as the valid input context of the next.1251

B.3. Proof of Proposition B.11252

We prove the claim by constructing one feasible witness tra-1253
jectory. By Primitive Completeness, for each subtask Tk1254
whose initial predicate is satisfied by S+

τk−1
, there exists an1255

action flow πk such that1256

P
(
Sτk |= sgoal(Tk) | S+

τk−1
, πk

)
> 0. (28)1257

By the Locality of Primitive Effects assumption, the execu-1258
tion of πk does not invalidate unrelated object-pair relations1259
required by subsequent subtasks unless such relations are1260
explicitly modified by the task. Thus, the local transition of1261
each subtask can be embedded into the global scene state1262
with positive probability.1263

Next, by Connectivity of Context, for each adjacent pair1264
(Tk, Tk+1), there exists a transfer edge ek such that1265

P
(
S+
τk
|= sinit(Tk+1) | Sτk |= sgoal(Tk), ek

)
> 0. (29)1266

This ensures that the terminal context of Tk can serve as a1267
valid initialization context for Tk+1.1268

Combining these local execution transitions and transfer1269
transitions yields a witness trajectory1270

Γ = (Sτ1 , S
+
τ1 , . . . , SτK ). (30)1271

By the chain rule along this specific trajectory,1272

P (Γ | S0,Π, E) =

K∏
k=1

P (Sτk | S+
τk−1

, πk)

K−1∏
k=1

P (S+
τk
| Sτk , ek).

(31)1273

Each factor is strictly positive by Primitive Completeness1274
and Connectivity of Context. Since the product contains1275
finitely many strictly positive terms, we have1276

P (Γ | S0,Π, E) > 0. (32)1277

Because reaching the witness trajectory implies reaching1278
the final goal predicate, the marginal probability of final-1279
task success is at least the probability of this witness trajec-1280
tory:1281

P (SτK |= sgoal(TK) | S0,Π, E) ≥ P (Γ | S0,Π, E) > 0.
(33)1282

Therefore, the validly decomposed long-horizon task is1283
compositionally reachable under the stated assumptions.1284

C. More experimental results 1285

C.1. The Details of Three Camera View 1286

In our Self-Evolution mechanism, the VLM receives visual 1287
feedback from a set of cameras I ⊂ {Global, Head, Wrist}. 1288
Each perspective offers distinct information density and 1289
spatial context, contributing differently to the planning and 1290
verification process. 1291

1. Global View (Static Scene Overview): This view cor- 1292
responds to the original perspective of the real-world in- 1293
put image. Since real-world photos lack intrinsic camera 1294
parameter matrices, we estimate these parameters during 1295
the simulated scene reconstruction process to align the 1296
simulation camera with the original photo’s pose. This 1297
view provides the most comprehensive understanding of 1298
the task execution, capturing the relative positions of the 1299
robot, the target object, and the support surface simulta- 1300
neously. It is the primary source for checking task com- 1301
pletion logic. 1302

2. Head View (Robot-Following): This camera is 1303
mounted virtually above the mobile base and moves syn- 1304
chronously with the robot. It serves as an approximation 1305
of a “third-person” view bound to the agent. This per- 1306
spective allows for clear observation of the robotic arm’s 1307
pose, joint configurations, and gripper status (open/- 1308
closed). However, it lacks global environmental con- 1309
text. As shown in our ablation study Figure 5 (d), re- 1310
lying solely on this view degrades performance in tasks 1311
requiring affordance reasoning—for example, it is of- 1312
ten impossible to determine the opening direction of a 1313
refrigerator door from this angle, leading to navigation 1314
failures. 1315

3. Wrist View (End-Effector Camera): Fixed to the 1316
robotic arm’s wrist, this camera looks directly at the 1317
gripper’s target. Its field of view is extremely limited, 1318
capturing only the immediate interaction area. While 1319
theoretically useful for fine-grained verification (e.g., 1320
checking if a cup is level), it offers almost no utility for 1321
the coarse trajectory planning and semantic reasoning re- 1322
quired in our graph-based generation. Consequently, as 1323
indicated in Figure 5 (d), adding this view provides neg- 1324
ligible performance gains for our task, as the global and 1325
Head views provide sufficient information. 1326

C.2. Robot System and Execution Details 1327

Robot Configuration and Control. We employ a 1328
FrankaMounted robotic arm equipped with a mobile base 1329
for all experiments. The agent perceives the environment 1330
through on-board RGB-D sensors. Motion planning is gov- 1331
erned by an Inverse Kinematics (IK) controller. For each 1332
primitive action defined in the graph, the system first cal- 1333
culates the target coordinate and pose for either the mobile 1334
base or the End-Effector (EEF). The IK controller then gen- 1335
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Global View Head View Wrist View Global View Head View Wrist View

Figure 6. Visual Comparison of Camera Perspectives. The figure is divided into two task scenarios. Left (Columns 1-3): The task “Put
the cup into the refrigerator”. The Global View reveals the arm reaching inside the fridge, though the specific arm posture is occluded.
The Head View clearly shows the robot’s joint state and the open fridge door. The Wrist View captures the close-up of the cup within the
gripper. Right (Columns 4-6): The task “Place the apple into the bowl”. The Global View shows the overall layout, but depth ambiguity
makes it hard to judge if the apple is perfectly over the bowl. The Head View compensates for this by showing the alignment relative to the
base. However, since the gripper is in mid-air, the Wrist View captures mostly empty space, providing little actionable information.

erates a continuous motion path to reach these targets se-1336
quentially. To ensure safe interaction, we initialize the robot1337
at a fixed offset distance relative to the target object before1338
the start of any task execution.1339

Scale Adaptation. A challenge inherent to monocular 3D1340
reconstruction is the ambiguity of absolute scale. Since the1341
scene dimensions are estimated from a single image, the1342
physical size of the reconstructed environment may vary1343
from real-world norms. This discrepancy necessitates a1344
rescaling of the robotic agent to match the simulation’s af-1345
fordances. Through empirical testing, we uniformly set the1346
robot scale factor to s = 0.7. While this setting works for1347
the majority of our generated scenes, we observed a few1348
failure cases still stemming from scale mismatch.1349

Grasping Hyperparameters. The precision of the CON-1350
VERGE primitive, which moves the gripper to the final1351
grasping position, is highly sensitive to the distance offset1352
parameter. This offset dictates how far the gripper stops in1353
front of the target coordinate.1354

If the offset is set too low, the gripper extends too far1355
forward. For tasks like “Pick up object from table”, this1356
often causes the gripper to collide with the object or grasp it1357
too high, leading to instability. If the offset is set too high,1358
the gripper may stop prematurely, resulting in “grasping air”1359
failure where the fingers close without contacting the object.1360

To address this, we define the convergence offset as a1361
function of the robot’s scale. In our experiments, we use1362
a unified hyperparameter: δoffset = 0.14 × s, where s =1363
0.7. This adaptive value ensures that the gripper positioning1364
remains consistent relative to the scaled robot body.1365

C.3. Scalable Scene Generation Statistics1366

In this section, we provide detailed statistics on the dataset1367
construction, visualize the generated environments, and1368

evaluate the success rates of the autonomously generated 1369
atomic tasks. 1370

To ensure the diversity and realism of our evaluation en- 1371
vironment, we constructed a dataset of 102 unique interac- 1372
tive scenarios. The generation process follows a hierarchi- 1373
cal pipeline: 1374

1. Source Image Generation: We utilized Qwen3-Max 1375
and Seedream4.5, a state-of-the-art generative model, to 1376
synthesize 34 high-quality real-world reference images. 1377
To cover the most common household manipulation set- 1378
tings, we prompted the model to generate diverse lay- 1379
outs. The distribution includes: 1380
• 16 Kitchens: Focusing on complex articulated objects 1381

like refrigerators, ovens, microwaves, and cabinets. 1382
• 10 Bedrooms: Focusing on wardrobes, drawers, and 1383

bedside tables. 1384
• 8 Others (Study Rooms, Workshops, etc.): Focusing 1385

on tables, shelves, and miscellaneous clutter. 1386
2. Simulated Scene Reconstruction: Using the recon- 1387

struction pipeline [5], we extracted semantic and geo- 1388
metric information from these 34 images. 1389

3. Variation Augmentation: To further expand the 1390
dataset, we generated 3 unique variations for each real- 1391
world reference by randomizing the top-3 matched as- 1392
sets from the BEHAVIOR-1K dataset (e.g., matching 1393
a “fridge” in the image to three different interactive 1394
fridge models in simulation). This resulted in a total of 1395
34× 3 = 102 simulation environments. 1396

Automated Task Proposal. 1397

Unlike manual task design, our framework leverages the 1398
Graph-Based Task Generation module (detailed in Ap- 1399
pendix A.2) to autonomously populate these scenes with 1400
valid tasks. 1401

For each of the 102 scenes, we employ a VLM to 1402
analyze the spatial layout and propose a context-aware 1403
keyword (e.g., “cup”, “open fridge”). The system then 1404
expands this keyword into a full task definition tuple 1405
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⟨task name, task message⟩. This automated pipeline en-1406
sures that the generated tasks are not only semantically1407
aligned with the visual scene but also grounded in the avail-1408
able physical assets. Consequently, we obtained 102 dis-1409
tinct Scene-Task Pairs, serving as a reliable benchmark for1410
evaluating the robustness of our method.1411

Visualization of Simulated Scene.1412
We visualize a subset of the generated pairs in Figure 7.1413

The top row displays the reference real-world images gen-1414
erated by Qwen3-Max or Seedream-4.5, while the bottom1415
row shows the reconstructed interactive simulated scenes1416
in OmniGibson. Despite the domain gap, our framework1417
successfully preserves the semantic layout (e.g., the relative1418
position of the fridge and table) and functional affordances1419
(e.g., the graspability of handles), providing a solid founda-1420
tion for task execution.1421

Evaluation of Atomic Task Generation.1422
To validate the effectiveness of our Graph-Based Task1423

Generation mechanism, we evaluated the execution success1424
rate on the 102 generated Scene-Task pairs.1425

Since the primary goal here is to assess the feasibility of1426
the generated tasks and the robustness of the graph-based1427
planner, these tasks are primarily simple tasks (atomic prim-1428
itives) such as “Open Refrigerator” or “Pick up Cup”. For1429
this experiment, we disabled the Self-Evolution mechanism1430
and relied solely on the initial open-loop plan generated by1431
the graph solver.1432

As shown in Table 1, our method achieves an overall suc-1433
cess rate of 71.6% across 102 tasks. By analyzing our ex-1434
perimental results, the following conclusions can be drawn:1435

• Feasibility: The high success rate confirms that our re-1436
construction method and affordance-graph planning ef-1437
fectively bridge the sim-to-real gap, producing physically1438
feasible task definitions.1439

• Efficiency: This result demonstrates that SCENE2DEMO1440
can serve as a low-cost, high-throughput engine for gen-1441
erating large-scale, high-quality demonstration data with-1442
out human annotation.1443

• Role of Self-Evolution: The failure cases (approx.1444
28.4%) were mostly due to edge cases (e.g., kine-1445
matic singularities in very narrow corners). This justi-1446
fies our framework’s design: using the efficient Graph-1447
Based generator for the vast majority of data production,1448
while reserving the computationally more expensive Self-1449
Evolution mechanism as a specialized agent to solve com-1450
plex, long-horizon, or failure-prone edge cases.1451

C.4. Additional Details for Main Task Execution1452
Comparison1453

This section provides additional details for the main task1454
execution comparison in Table 2, including the number of1455
evaluated demonstrations or episodes and the definitions1456
of success rate (SR) and Subtask-Level Score. We use1457

“episode” to denote a distinct evaluated task instance or 1458
scene-task configuration, and “demo” to denote one rollout 1459
under that episode. 1460

Evaluation counts. Table 4 summarizes the exact number 1461
of evaluated demonstrations or episodes for each method 1462
and task. For T1–T4, we evaluate representative long- 1463
horizon tasks. For T5 and T6, we evaluate primitive task 1464
categories, where T5 corresponds to Open/Close tasks and 1465
T6 corresponds to Pick/Place tasks. 1466

Table 4. Exact number of evaluated demos and episodes for each
method and task. Each cell reports all demos as demos/episode ×
episodes.

Method T1 T2 T3 T4 T5 T6

Ours (primitive) 10 (10×1) 10 (10×1) 10 (10×1) 10 (10×1) 36 (1×36) 66 (1×66)
Ours (prim+Evo) 20 (20×1) 10 (10×1) 10 (10×1) 10 (10×1) – –
GenSim2 (primitive) 20 (20×1) 20 (20×1) 20 (20×1) 20 (20×1) 80 (20×4) 80 (20×4)
RoboGen (primitive) 10 (10×1) 10 (10×1) 10 (10×1) 10 (10×1) 40 (10×4) 40 (10×4)
RoboGen (prim+RL) 1 1 1 1 1 1

For GenSim2 and RoboGen, all evaluations are exe- 1467
cuted using their native automated pipelines. For Robo- 1468
Gen (prim+RL), we evaluate one task-specific RL run for 1469
each task as a reference solver setting. The evaluated Robo- 1470
Gen+RL tasks are: T1 Put the bottle into the refrigerator, 1471
T2 Put the mouse into the refrigerator, T3 Put the mouse 1472
into the bowl, T4 Put the bottle on the table, T5 Open Mi- 1473
crowave, and T6 Pick Bottle. 1474

Success rate. For each task, the success rate is computed 1475
by averaging over all evaluated rollouts. Let E be the num- 1476
ber of evaluated episodes and De be the number of demos 1477
evaluated in episode e. Then SR is computed as 1478

SR =
1∑E

e=1 De

E∑
e=1

De∑
i=1

1[Successe,i]× 100%. (34) 1479

For our long-horizon tasks T1–T4, each task is evaluated 1480
in one fixed scene-task episode with multiple demos, e.g., 1481
10×1 means 10 demos in one episode. For our primitive 1482
task categories T5 and T6, we evaluate many scene-task 1483
episodes with one demo each, e.g., 1×36 for Open/Close 1484
and 1×66 for Pick/Place. For complex long-horizon tasks, 1485
a demo is counted as successful only if all subtasks are suc- 1486
cessfully completed. 1487

Subtask-Level Score. Besides complete-task SR, we re- 1488
port a Subtask-Level Score to measure partial execution 1489
quality. Since SCENE2DEMO, GenSim2, and RoboGen de- 1490
fine and evaluate subtasks differently, this second metric 1491
should be interpreted as a diagnostic subtask-level measure 1492
rather than a strictly identical mathematical quantity across 1493
all systems. 1494
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(1) Open Refrigerator (2) Open Cabinet
Under The Microwave

(3) Open The Bottom
Cabinet

(4) Open Cabinet
Under Cup (5) Open Refrigerator (6) Open Cabinet

Under The Orange
(7) Open The Left

Cabinet
(8) Pick Up Water

Bottle On The Counter
(9) Open Cabinet

Under The Microwave
(10) Pick Up Water
Bottle On The Table

(11) Pick Up Black Die
On The Table

(12) Pick Up Glass On
The Table

(13) Pick Up Half
Apple

(14) Pick Up Red
Apple From Cabinet

(15) Pick Up Apple On
The Table

(16) Pick Up Apple On
The Nightstand

(17) Pick Up Teddy
Bear On The
Nightstand

(18) Pick Up Half
Apple From
Nightstand

(19) Pick Up Bottle Of
Medicine On The Table

(20) Pick Up Bottle Of
Medicine On The Table

Figure 7. Visualization of 20 Representative Scene-Task Pairs. Top Row: Real-world reference images generated by Qwen3-Max
or Seedream-4.5. Bottom Row: Reconstructed interactive simulation environments. Each column corresponds to a specific atomic task
proposed by the VLM, demonstrating our framework’s ability to generate diverse household scenarios.

For SCENE2DEMO, each long-horizon task is decom-1495
posed into a fixed sequence of symbolic subtasks. We com-1496
pute the Subtask-Level Score as the average conditional1497
success rate over these subtasks. Let K be the number1498
of subtasks. For subtask Tk, we compute its success rate1499
among the demos that reach Tk:1500

CondSR(Tk) =

∑
i 1[Reachi,k]1[Successi,k]∑

i 1[Reachi,k]
. (35)1501

The Subtask-Level Score of SCENE2DEMO is then1502

SubtaskScoreSCENE2DEMO =
1

K

K∑
k=1

CondSR(Tk)× 100%.

(36)1503
This metric measures how reliably each local subtask can be1504
executed once its precondition is reached. For our primitive1505
task categories T5 and T6, each evaluated task contains one1506
subtask, so the Subtask-Level Score is identical to SR.1507

For GenSim2, we use its native progress evaluator. Gen-1508
Sim2 defines task-specific success criteria and maintains a1509
progress vector over these criteria; the reported score is the1510
average completion value returned by its native evaluator.1511
For RoboGen, because the generated task structure is not1512
fixed and may contain both primitive and RL-type subtasks,1513
we compute the ratio of completed generated subtasks to all1514
generated subtasks for each episode and then average across1515
episodes. In the primitive-only RoboGen setting, RL sub-1516
tasks are disabled, so early primitive subtasks may be com-1517

pleted while later subtasks fail, leading to non-zero subtask- 1518
level scores even when complete-task SR is 0%. 1519

It is worth noting that, although T5 and T6 are treated as 1520
one-subtask primitive categories in our evaluation, Robo- 1521
Gen may still decompose the corresponding tasks into mul- 1522
tiple subtasks. Therefore, RoboGen’s Subtask-Level Score 1523
and SR can differ even on T5 and T6. 1524

C.5. Performance of Example Complex Long- 1525
Horizon Tasks 1526

In this section, we provide a granular breakdown of the gen- 1527
eration and instantiation process for the four representative 1528
complex long-horizon tasks (T1 to T4). We detail the inter- 1529
mediate outputs of our pipeline, from semantic expansion 1530
to action flow planning, to demonstrate the reliability and 1531
logical consistency of SCENE2DEMO. 1532

C.5.1. Visual Overview of Examples Scenarios 1533

To intuitively present the experimental setup, Figure 8 visu- 1534
alizes the four tasks using a structured grid. Each complex 1535
long-horizon task will display real-world picture, simulated 1536
reconstruction scene, main target object, main support ob- 1537
ject, and the user keyword. 1538

C.5.2. Semantic Expansion Results 1539

Upon receiving the user keyword, scene configuration, 1540
and observation, the VLM performs Semantic Expansion. 1541
While the exact phrasing may vary slightly across differ- 1542
ent demo runs due to the probabilistic nature of VLMs, the 1543
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glass 0 refrigerator 0 apple 0 refrigerator 0 apple 0 bowl 0 glass 0 table 0

“Transport a
glass into a
refrigerator”

“Place an
apple into a
refrigerator”

“Transfer an
apple into a

bowl”

“Place a cup
onto a table”

Figure 8. Visual Overview of Complex Long-Horizon Tasks. Row 1: Pairs of real-world reference images and reconstructed simulation
environments. Row 2: Close-up views of the main target object and support object matched from the simulation environments. Row 3:
The user-provided keywords that seed the autonomous task generation process.

semantic intent remains strictly consistent with the user’s1544
instructions. The following are representative outputs for a1545
single demo of each complex long-horizon task:1546

T1: Put the glass into the refrigerator1547

"task_activity_name": "
open_the_refrigerator_and_put_the_glass_into_the_refrigerator
",

"task_detail_message": "This is a
kitchen scene, and there is a
glass_0 on the table_0, and there
is a refrigerator_0 on the left
side. The task we need to
accomplish is to put the glass_0
on the table_0 into the
refrigerator_0. The robot needs to
perform a sequence of actions.

First, the robotic arm needs to
approach the handle of the
refrigerator_0 and rotate to open
it. Second, pick up the glass_0
from the table_0 and place it
inside the refrigerator_0. Finally
, close the refrigerator_0."

1548

T2: Put the apple into the refrigerator1549

"task_activity_name": "
open_the_refrigerator_and_put_the_apple_into_the_refrigerator
",

"task_detail_message": "This is a
modern kitchen scene. The initial

1550

condition is that there is a
half_apple (apple_0) resting on
top of a breakfast_table (table_0)
, and a refrigerator (
refrigerator_0) is positioned to
the right side of the scene,
mounted against the wall. The task
we need to accomplish is to put

the apple_0 into the
refrigerator_0. The robot needs to
perform a sequence of actions:

First, approach the refrigerator_0
and open its door by grasping and
rotating the handle. Second, pick
up the apple_0 from the table_0.

Third, carefully place the apple_0
inside the refrigerator_0.

Finally, close the refrigerator_0
door to complete the task."

1551

T3: Put the apple into the bowl 1552

"task_activity_name": "
pick_up_apple_and_put_into_bowl",

"task_detail_message": "This is a
modern kitchen scene. The initial
condition is that there is an
apple_0 resting on the countertop
of cabinet_0, and a bowl_0 placed
on the wooden table_0 in the
foreground. The task we need to
accomplish is to pick up the
apple_0 from the countertop and

1553
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place it into the bowl_0. The
robotic arm must first approach
and grasp the apple_0 while it is
stationary on the cabinet_0
surface. Then, without releasing
the apple_0, the arm must move it
over to the bowl_0 on the table_0
and gently release it inside the
bowl_0. No container needs to be
opened or closed as both objects
are accessible and unobstructed."

1554

T4: Put the cup on the table1555

"task_activity_name": "
put_the_glass_on_the_table",

"task_detail_message": "This is a
modern kitchen scene. The initial
condition is that there is a
glass_0 (water_glass) currently
located near the cabinet_0, not
yet on the table_0. The task we
need to accomplish is to place the
glass_0 onto the table_0. The

robotic arm needs to perform the
following steps: First, approach
and grasp the glass_0 from its
current position. Second, lift and
move the glass_0 toward the

table_0. Third, carefully place
the glass_0 onto the surface of
the table_0, ensuring it is stable
and properly positioned. No other
objects need to be moved or

manipulated during this task."

1556

C.5.3. Subtask Decomposition1557

A defining characteristic of SCENE2DEMO is its structured,1558
graph-based decomposition. By modeling the task space1559
as transitions between simple sub-tasks, we ensure that the1560
decomposition is deterministic across hundreds of demos.1561
Regardless of visual variations in the scene, the logical steps1562
required to satisfy the complex goal remain invariant.1563

Due to space limitations, this document only shows the1564
names and descriptions of each sub-task within the complex1565
long-horizon tasks. Information such as target objects, sup-1566
port objects, and BDDL names, which are included in the1567
output configuration file, are not presented here. The fol-1568
lowing are representative outputs for a single demo of each1569
complex long-horizon task:1570

T1: Put the glass into the refrigerator1571

"sub_task_1": {
"task_activity_name": "

open_refrigerator",
"task_detail_message": "First, the

robotic arm needs to approach
the handle of the
refrigerator_0 and rotate to
open it.",

...
},
"sub_task_2": {

"task_activity_name": "
pick_up_glass",

"task_detail_message": "Second,
pick up the glass_0 from the
table_0. The robotic arm needs
to navigate to the glass_0,
approach it, grasp it, and lift
it from the table_0.",

...
},
"sub_task_3": {

"task_activity_name": "
put_glass_into_refrigerator",

"task_detail_message": "Third,
place the glass_0 inside the
refrigerator_0. The robotic arm
needs to navigate to the

refrigerator_0, move forward
while holding the glass_0, and
ungrasp to place it inside the
refrigerator_0.",

...
},
"sub_task_4": {

"task_activity_name": "
close_refrigerator",

"task_detail_message": "Finally,
close the refrigerator_0. The
robotic arm needs to approach
the handle of the
refrigerator_0 and rotate to
close it.",

...
}

1572

T2: Put the apple into the refrigerator 1573

"sub_task_1": {
"task_activity_name": "

open_refrigerator",
"task_detail_message": "First,

approach the refrigerator_0 and
open its door by grasping and

1574
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rotating the handle.",
...

},
"sub_task_2": {

"task_activity_name": "
pick_up_apple",

"task_detail_message": "Second,
pick up the apple_0 from the
table_0. The robotic arm needs
to navigate to the target
apple_0, approach it, grasp it,
and lift it off the table_0.",

...
},
"sub_task_3": {

"task_activity_name": "
put_apple_into_refrigerator",

"task_detail_message": "Third,
carefully place the apple_0
inside the refrigerator_0. The
robotic arm needs to navigate
to the refrigerator_0, move
forward, and release the
apple_0 inside the
refrigerator_0.",

...
},
"sub_task_4": {

"task_activity_name": "
close_refrigerator",

"task_detail_message": "Finally,
close the refrigerator_0 door
to complete the task. The robot
needs to navigate to the

refrigerator_0, get close to
the handle, and rotate to close
the door.",

...
}

1575

T3: Put the apple into the bowl1576

"sub_task_1": {
"task_activity_name": "

pick_up_apple",
"task_detail_message": "The robotic

arm must first approach and
grasp the apple_0 while it is
stationary on the countertop of
cabinet_0. The target object

is apple_0, and the support
object is cabinet_0 as the
success condition is that the
apple_0 is no longer resting on

1577

the cabinet_0 surface.",
...

},
"sub_task_2": {

"task_activity_name": "
put_apple_into_bowl",

"task_detail_message": "Then,
without releasing the apple_0,
the arm must move it over to
the bowl_0 on the table_0 and
gently release it inside the
bowl_0. The target object
remains apple_0, but now the
support object is bowl_0, as
the success condition is that
the apple_0 is inside the
bowl_0.",

...
}

1578

T4: Put the cup on the table 1579

"sub_task_1": {
"task_activity_name": "

pick_up_glass",
"task_detail_message": "First, the

robotic arm must locate and
pick up the glass_0 from its
current position (near the
cabinet or floor level). The
robot needs to approach the
glass_0, grasp it securely, and
lift it off its current

surface.",
...

},
"sub_task_2": {

"task_activity_name": "
put_glass_on_table",

"task_detail_message": "Second, the
robotic arm must move the

glass_0 toward the table_0 and
gently place it on the tabletop
, ensuring stability. The robot
should navigate to the table_0

, lower the glass_0 onto its
surface, and release it
carefully.",

...
}

1580

C.5.4. Object Size Adjustment 1581

To bridge the gap between reconstructed visual assets and 1582
physical robot constraints, we implement a dynamic scal- 1583
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ing module. For each subtask, the system identifies the tar-1584
get object and applies a scaling factor calculated from its1585
bounding box extents relative to the robot’s parallel gripper1586
width (≈ 0.06m).1587

Detailed Scaling for T1 and T2. In complex long-1588
horizon task 1, the target object sequence for each sub-task1589
involves [refrigerator 0: 1.0, glass 0: 0.37, glass 0: 0.37,1590
refrigerator 0: 1.0].1591

For fixed fixtures like the refrigerator, the scale is set1592
to 1.0 to maintain the room’s layout. For the manipulable1593
glass 0 object, a scaling factor of 0.37 was determined in1594
sub-tasks 2 and 3 to ensure the glass diameter was easy to1595
grasp. Finally, we selected the first occurring scaling factors1596
for the refrigerator and the glass, which are 1.0 and 0.37 re-1597
spectively, and applied these scaling factors.1598

In complex long-horizon task 2, the target object se-1599
quence for each sub-task involves [refrigerator 0: 1.0, ap-1600
ple 0: 0.35, apple 0: 0.4, refrigerator 0: 1.0]. And we se-1601
lect 1.0 and 0.35 for the refrigerator and the apple respec-1602
tively1603

Detailed Scaling for T3 and T4. In complex long-1604
horizon task 3 and 4, the target object sequence for each1605
sub-task is [apple 0: 0.42, apple 0: 0.42] and [glass 0: 0.4,1606
glass 0: 0.4]. So we use the first occurring scaling factors1607
0.42 and 0.4 for T3 and T4 respectively.1608

C.5.5. BDDL Generation (Initial State and Success De-1609
tection)1610

The BDDL generation stage defines the logical boundaries1611
of each subtask. The Table 5 shows the representative initial1612
and target (goal) states of the BDDL definitions for these1613
four complex long-horizon tasks, and we also show the rep-1614
resentative outputs for a single demo.1615

Table 5. Initial and goal states for the sub-tasks of our complex
long-horizon tasks

Tasks Subtask Index Initial State Target State

T1: Glass→Fridge

1 (not (open refrigerator 0) (open refrigerator 0)
2 (ontop glass 0 table 0) (not (ontop glass 0 table 0))
3 (inside glass 0 gripper) (inside glass 0 refrigerator 0)
4 (open refrigerator 0) (not (open refrigerator 0))

T2: Apple→Fridge

1 (not (open refrigerator 0) (open refrigerator 0)
2 (ontop apple 0 table 0) (not (ontop apple 0 table 0))
3 (inside apple 0 gripper) (inside apple 0 refrigerator 0)
4 (open refrigerator 0) (not (open refrigerator 0))

T3: Apple→Bowl 1 (ontop apple 0 cabinet 0) (not (ontop apple 0 cabinet 0))
2 (inside apple 0 gripper) (inside apple 0 bowl 0)

T4: Cup→Table 1 (ontop glass 0 cabinet 0) (not (ontop glass 0 cabinet 0))
2 (inside glass 0 gripper) (ontop glass 0 table 0)

C.5.6. Initial Action Flow1616

The mapping of high-level subtask definitions to ex-1617
ecutable primitive sequences is a critical step in the1618
SCENE2DEMO pipeline. While visual keyframes of these1619
executions are omitted here for brevity, comprehensive1620
video demonstrations of the initial and evolved policies for1621

all tasks are available on our project page (as linked in the 1622
Abstract). 1623

Detailed definitions and physical implementations of 1624
each atomic primitive (e.g., APPROACH, CONVERGE, AR- 1625
TICULATE) are provided in Appendix A.2.3. Table 6 sum- 1626
marizes the deterministic initial action sequences generated 1627
by our graph-based planner for the four representative com- 1628
plex long-horizon tasks before any self-evolution iterations. 1629

C.6. Performance of Self-Evolution 1630

In this section, we present the step-by-step evolution trajec- 1631
tory for the four representative complex long-horizon tasks. 1632
The Self-Evolution mechanism plays a crucial role in cor- 1633
recting execution failures caused by geometric uncertain- 1634
ties or kinematic constraints that are difficult to resolve with 1635
open-loop planning. 1636

We report the evolutionary process for one representative 1637
demonstration of each complex long-horizon task. Tables 7, 1638
8, 9, and 10 detail the changes in the action flow across it- 1639
erations. The “Iter 0” row represents the initial open-loop 1640
plan generated by the graph solver. Subsequent iterations 1641
show how the VLM refined the sequence by adjusting pa- 1642
rameters or inserting new primitives. 1643

Evolution of Task T1 (Put the glass into the refrigera- 1644
tor). The evolution process of Task T1 is shown in Table 1645
7. Subtasks 1 and 2 were successfully completed on the 1646
first attempt. However, subtask 3 (place the glass) required 1647
two iterations of improvement. Initially, the robot collided 1648
with the open refrigerator door, causing the door to close 1649
and preventing the subsequent tasks from being executed. 1650
Therefore, the VLM adjusted the base movement path. Af- 1651
ter one iteration, the glass was released too high and too far 1652
back, so the VLM adjusted the robot arm’s extension range 1653
to ensure safe placement in the correct position. Subtask 1654
4 (close the refrigerator) required one iteration of improve- 1655
ment to ensure the refrigerator door was completely closed. 1656

Evolution of Task T2 (Put the apple into the refrigera- 1657
tor). Table 8 show the evolution results. Subtask 3 failed 1658
initially because the robot could not reach the deep shelf. 1659
The evolution process involved significant adjustments to 1660
the base position and rotation (TURN BASE) over 3 itera- 1661
tions to achieve a valid kinematic configuration for place- 1662
ment. 1663

Evolution of Task T3 (Put the apple into the bowl). This 1664
evolution details is in Table 9, which required precise posi- 1665
tioning to ensure the apple landed inside the bowl rather 1666
than hitting the rim. Subtask 2 evolved twice: first to adjust 1667
the approach angle via TURN BASE, and second to fine- 1668
tune the release height. 1669
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Table 6. Initial action flows for the sub-tasks of our representative complex long-horizon tasks

Tasks Subtask Initial Action Flow (Pre-evolution)

T1

1 APPROACH→ CONVERGE→ GRASP→ ARTICULATE OPEN→ UNGRASP
2 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)
3 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ UNGRASP
4 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ ARTICULATE CLOSE(0.0, 0.5)→ UNGRASP

T2

1 APPROACH→ CONVERGE→ GRASP→ ARTICULATE OPEN(0.0, 0.7)→ UNGRASP→ RETREAT
2 NAVIGATE TO TARGET→ RETREAT→ APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)
3 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ UNGRASP
4 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ ARTICULATE CLOSE(0.0, 0.7)→ UNGRASP

T3
1 APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)
2 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ LIFT EEF DOWN(0.3)→ UNGRASP

T4
1 APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)
2 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ LIFT EEF DOWN(0.3)→ UNGRASP

Table 7. Evolutionary Trajectory for Task T1: “Put the glass into the refrigerator”. Subtasks 1 and 2 succeeded initially. Subtask 3
required 2 iterations to correct placement height and depth. Subtask 4 required 1 iteration to fully close the door.

Subtask Iter Action Flow

1 0 APPROACH→ CONVERGE→ GRASP→ ARTICULATE OPEN→ UNGRASP

2 0 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)

3

0 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ UNGRASP

1 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.3)→MOVE EEF FORWARD(0.45)→ UNGRASP

2 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.3)→MOVE EEF FORWARD(0.45)→MOVE EEF FORWARD(0.2)
→ LIFT EEF DOWN(0.3)→ UNGRASP

4

0 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ ARTICULATE CLOSE(0.0, 0.5)→ UNGRASP

1 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ ARTICULATE CLOSE(0.0, 0.6)
→MOVE EEF FORWARD(0.1)→ UNGRASP

Evolution of Task T4 (Put the cup on the table) Similar1670
to T3, Table 10 shows that placing a cup on a specific spot1671
on the table required adjusting the robot base’s orientation1672
(TURN BASE) to reach the target zone.1673

VLM Reasoning Process. To illustrate the decision-1674
making capability of the Self-Evolution mechanism, we1675
provide the raw reasoning outputs for Task T1 in the box1676
below. This includes the step-wise critiques mτ and the fi-1677
nal Global Supervisor reasoning.1678

First, subtask 3 underwent two iterations, and the output1679
of all iterations are:1680

"iter_1": {
"VLM-Observation": {

"Step 0 observation (4 frames)":
"The robot base navigates

to the support (refrigerator
), positioning itself near
the open refrigerator door.
The refrigerator door

1681

remains open throughout, and
no collision or

environmental change is
observed during this step.",

"Step 1 observation (4 frames)":
"The robot base moves

forward 0.45 meters toward
the refrigerator. During
this motion, the robotic arm
collides with the open

refrigerator door, causing
it to swing shut partially,
which alters the environment
and obstructs access to the
refrigerator compartment.",

"Step 2 observation (2 frames)":
"The robot performs the

UNGRASP action while its arm
is positioned near the now

partially closed
refrigerator door. No
further collision occurs,
but the glass is not placed

1682
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Table 8. Evolutionary Trajectory for Task T2: “Put the apple into the refrigerator”. Subtask 3 underwent 3 iterations, introducing
base rotation and finer arm control to navigate the apple onto the fridge shelf.

Subtask Iter Action Flow

1 0 APPROACH→ CONVERGE→ GRASP→ ARTICULATE OPEN(0.0, 0.7)→ UNGRASP→ RETREAT

2 0 NAVIGATE TO TARGET→ RETREAT→ APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)

3

0 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ UNGRASP

1 NAVIGATE TO SUPPORT→MOVE BASE BACKWARD(0.3)→MOVE EEF FORWARD(0.4)→MOVE EEF FORWARD(0.2)→ UNGRASP

2 NAVIGATE TO SUPPORT→MOVE BASE BACKWARD(0.3)→MOVE EEF FORWARD(0.4)→ TURN BASE LEFT(45)
→MOVE EEF FORWARD(0.2)→ UNGRASP

3 NAVIGATE TO SUPPORT→MOVE BASE BACKWARD(0.3)→MOVE EEF FORWARD(0.4)→ TURN BASE LEFT(45)
→MOVE EEF FORWARD(0.3)→ LIFT EEF DOWN(0.2)→ UNGRASP

4 0 NAVIGATE TO TARGET→ APPROACH→ CONVERGE→ GRASP→ ARTICULATE CLOSE(0.0, 0.7)→ UNGRASP

Table 9. Evolutionary Trajectory for Task T3: “Put the apple into the bowl”. The placement subtask (Subtask 2) required 2 iterations
to prevent collision with the bowl’s rim.

Subtask Iter Action Flow

1 0 APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)

2

0 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ LIFT EEF DOWN(0.3)→ UNGRASP

1 NAVIGATE TO SUPPORT→MOVE BASE BACKWARD(0.15)→MOVE EEF FORWARD(0.4)→ TURN BASE LEFT(15)
→MOVE EEF FORWARD(0.1)→ LIFT EEF DOWN(0.4)→ UNGRASP

2 NAVIGATE TO SUPPORT→MOVE BASE BACKWARD(0.3)→MOVE EEF FORWARD(0.2)→ TURN BASE RIGHT(20)
→MOVE EEF FORWARD(0.25)→ LIFT EEF DOWN(0.4)→ UNGRASP

inside the refrigerator due
to the obstructed access
caused by the doors position
. The environment remains
unchanged during this step."

},
"reason": "During the execution of

’put_glass_into_refrigerator’,
the robotic arm collided with
the open refrigerator door
while performing ’
MOVE_BASE_FORWARD’, causing the
door to close partially and

blocking access to the
compartment. Therefore, before
’MOVE_BASE_FORWARD’, the
following step should be added:
’MOVE_BASE_LEFT 0.3m’ to clear
the door swing path.",

"new_sequence": [18, {"15": 0.3},
{"13": 0.45}, 5]

},
"iter_2": {

"VLM-Observation": {
"Step 0 observation (4 frames)":

"The robot base navigates
toward the refrigerator,

1683

positioning itself so the
arm can reach the open door.
No collision occurs, and

the refrigerator door
remains open; the
environment status is
unchanged.",

"Step 1 observation (3 frames)":
"The robot base moves left

by 0.3 meters, repositioning
the arm slightly away from

the refrigerator door. No
collision occurs, and the
refrigerator door remains
open; no environmental
changes are observed.",

"Step 2 observation (4 frames)":
"The robot base moves

forward by 0.45 meters,
bringing the arm closer to
the refrigerator. No
collision occurs, and the
refrigerator door remains
open; no environmental
changes are observed.",

"Step 3 observation (2 frames)":
"The robot opens its

1684
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Table 10. Evolutionary Trajectory for Task T4: “Put the cup on the table”. Subtask 2 required 2 iterations, heavily relying on base
rotation to align with the table surface.

Subtask Iter Action Flow

1 0 APPROACH→ CONVERGE→ GRASP→ LIFT EEF UP(0.2)

2

0 NAVIGATE TO SUPPORT→MOVE BASE FORWARD(0.4)→MOVE EEF FORWARD(0.1)→ LIFT EEF DOWN(0.3)→ UNGRASP

1 NAVIGATE TO SUPPORT→ TURN BASE RIGHT(60)→MOVE EEF FORWARD(0.4)→MOVE EEF FORWARD(0.1)
→ LIFT EEF DOWN(0.3)→ UNGRASP

2 NAVIGATE TO SUPPORT→ TURN BASE RIGHT(60)→MOVE EEF FORWARD(0.4)→MOVE EEF FORWARD(0.2)
→ LIFT EEF DOWN(0.3)→ UNGRASP

gripper to release the glass
, but the glass is not
visible inside the
refrigerator, indicating it
was not placed successfully.
No collision occurs, and

the refrigerator door
remains open; no
environmental changes are
observed."

},
"reason": "The task failed because

after moving the base forward,
the robotic arm did not extend
far enough into the
refrigerator to place the glass
inside before releasing it.

The UNGRASP action occurred
while the gripper was still
outside the refrigerator
compartment. Therefore, after ’
MOVE_BASE_FORWARD’, the
following steps should be added
: 1. ’MOVE_EEF_FORWARD 0.2m’ to
extend the arm into the

refrigerator, and 2. ’
LIFT_EEF_DOWN 0.3m’ to lower
the glass to a safe placement
height inside the refrigerator
.",

"new_sequence": [18, {"15": 0.3},
{"13": 0.45}, {"9": 0.2}, {"8":
0.3}, 5]

}

1685

Next, here are the output results for subtask 4:1686

"iter_1": {
"VLM-Observation": {

"Step 0 observation (5 frames)":
"The robot successfully

1687

navigates to the
refrigerator, positioning
itself beside the open door
without hitting any
obstacles. The environment
remains unchanged during
this step; the refrigerator
door stays open, and no
unintended movements or
collisions occur.",

"Step 1 observation (1 frames)":
"The robot arm extends

toward the refrigerator
handle in a controlled
manner, maintaining
clearance from surrounding
objects. No collision occurs
, and the refrigerator door
remains open without any
unintended movement or
environmental change.",

"Step 2 observation (1 frames)":
"The robot arm finely

adjusts its position to
align precisely with the
refrigerator handle, showing
no contact with surrounding
objects. The refrigerator

door remains open and
stationary, with no
environmental changes or
collisions observed.",

"Step 3 observation (1 frames)":
"The robot gripper

successfully closes around
the refrigerator handle
without colliding with any
surrounding objects. The
refrigerator door remains
open and stationary, with no
unintended environmental

changes observed during the
grasp.",

1688
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"Step 4 observation (6 frames)":
"The robot arm attempts to

close the refrigerator door
by pulling the handle, but
the door does not fully shut
and appears to be

obstructed or misaligned. No
collision with surrounding

objects is observed, but the
environment status changes

partially the door moves
slightly but fails to reach
a fully closed position,
indicating an incomplete
articulation.",

"Step 5 observation (2 frames)":
"The robot opens its

gripper to release the
refrigerator handle, with no
contact or collision

observed. The refrigerator
door remains partially open
and does not move further
during ungrasping,
indicating that the failure
to fully close occurred
prior to this step."

},
"reason": "The failure occurred

during the ’ARTICULATE_CLOSE’
step. Although the robot
successfully grasped the handle
and attempted to close the

door, the door did not fully
shut, likely due to
insufficient pulling force or
misalignment in the
articulation range. To correct
this, we should extend the
articulation range slightly
beyond 0.5 and add a small
forward motion of the EEF
before ungrasping to ensure
full closure.",

"new_sequence": [17, 1, 2, 3,
{"19": [0.0, 0.6]}, {"9": 0.1},
5]

}

1689

C.7. Failure Details and Analysis1690

C.7.1. Performance Variance across VLM Architectures1691

We conducted a comparative study on the self-evolution1692
performance of three VLMs: Gemini-3-Flash, GPT-1693
5.2, and Qwen3-VL (specifically, the open-source model1694
qwen3-vl-235b-22a-thinking). While all models demon-1695

strated reasoning capabilities, their evolution strategies ex- 1696
hibited distinct characteristics: 1697

• Qwen3-VL (Conservative Strategy): This model tends 1698
to be conservative in its modifications. Its proposed 1699
changes often involve minimal adjustments, such as 1700
tweaking a single parameter or adding just one or two 1701
atomic actions. While this ensures stability, Qwen3-VL 1702
frequently fails to identify “stuck” situations, where the 1703
robot is physically blocked but not in collision, resulting 1704
in minor updates that do not resolve the root cause. 1705

• Gemini-3-Flash (Aggressive Strategy): Gemini-3-Flash 1706
exhibits a more aggressive and perceptive reasoning style. 1707
It is often capable of identifying subtle geometric con- 1708
straints, such as the robot arm grazing the edge of a fridge 1709
door. Consequently, it proposes significant modifications, 1710
such as changing a movement parameter from around 1711
0.3m to around 0.8m. However, given the offline nature of 1712
our evolution mechanism (where the VLM cannot inter- 1713
actively query state during reasoning), these large-scale 1714
parameter jumps sometimes degrade accuracy, causing 1715
the robot to deviate from the correct target position. 1716

• GPT-5.2 (Redundant Strategy): GPT-5.2 shows a ten- 1717
dency to over-complicate solutions. It frequently stacks 1718
new actions onto the existing sequence rather than refin- 1719
ing the current ones. This often leads to a “death spiral” 1720
where the action sequence grows to over 10 steps. As the 1721
sequence length increases, the probability of cumulative 1722
execution error rises, making success increasingly diffi- 1723
cult despite valid high-level logic. 1724

C.7.2. Case Studies on Persistent Failures 1725

Qualitative inspection of failure cases reveals that errors are 1726
rarely due to high-level logic. Instead, they stem from low- 1727
level kinematic constraints, such as the robotic arm reach- 1728
ing a singularity when confined against the fridge side, or 1729
the hard-coded action primitives lacking the reflexivity to 1730
compensate for minor grasping errors. 1731

Case 1: Kinematic Obstruction in Task T1 (Glass→ 1732
Fridge). Figure 9 shows the first 4 iterations of subtask 1733
3 (placing the glass into the refrigerator), which ultimately 1734
failed after 5 iterations. The visual record shows the robot 1735
attempting to extend its arm deep into the refrigerator. 1736

As observed in the figures, the root cause is not the arm 1737
extension parameter, but the base positioning. The robotic 1738
arm link is physically blocked by the left side of the refrig- 1739
erator frame, preventing the arm from extending fully. This 1740
type of collision is subtle and difficult for the VLM to per- 1741
ceive from the standard camera views. 1742

Case 2: Precision Placing in Task T3 (Apple→ Bowl). 1743
Figure 10 depicts a failure in Subtask 2 (Place apple into 1744
bowl). The challenge here is fine-grained spatial alignment. 1745

As shown in the iteration history, the VLM struggles to 1746
calculate the exact spatial offset required to center the grip- 1747
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Iter 1 Iter 2 Iter 3 Iter 4

Figure 9. Failure Analysis for T1 Subtask 3. Despite 4 rounds of evolution (Iter 5 also failed), the robot consistently fails to insert the
glass. The root cause, visible in the Head View, is that the lower link of the robotic arm collides with the left wall of the refrigerator,
preventing the end-effector from advancing. This kinematic constraint is difficult for the VLM to diagnose from 2D images, as it requires
a subtle backward adjustment of the mobile base to clear the singularity, which is a correction that iterative parameter tuning failed to find.

Iter 1 Iter 2 Iter 3 Iter 4

Figure 10. Failure Analysis for T3 Subtask 2. The robot struggles to align the apple directly above the bowl. Over 4 iterations, the VLM
attempts to correct the drift, but lacks the precision to calculate the exact offset. The open-loop nature means the VLM oscillates between
over-correcting (moving too far left) and under-correcting, failing to find the ”sweet spot” within the limited iteration budget.

per over the bowl. Since our method generates the next plan1748
offline based on static visual feedback, the VLM cannot rely1749
on real-time continuous servoing. This results in an oscil-1750
lation where the robot either adjusts too little (incremen-1751
tal trial-and-error) or modifies parameters too aggressively,1752
missing the target window.1753

C.8. Downstream Policy Learning1754

We further evaluate whether the demonstrations generated1755
by SCENE2DEMO can be directly used for downstream1756
policy learning. We train behavior cloning (BC) policies1757
on expert demonstrations autonomously generated by our1758
pipeline. This experiment is not intended to introduce a1759
new policy architecture; instead, it serves as a validation1760
that the generated observation-action data is executable, di-1761
verse, and suitable for standard imitation learning.1762

Policy architecture. Figure 11 illustrates the policy ar-1763
chitecture. The policy takes point clouds and proprio-1764
ceptive states as input. The point cloud input contains1765
3D coordinates (x, y, z) and an end-effector mask. Be-1766
fore encoding, we apply point-cloud randomization, includ-1767
ing downsampling to 1024 points, translation perturbation1768
within±0.04m, and Gaussian noise with standard deviation1769
σ = 0.005. The randomized point cloud is then encoded1770
by a PointNet encoder composed of an MLP sequence and1771
global max pooling.1772

The proprioceptive input contains the end-effector po-1773
sition, end-effector quaternion, gripper state, and mobile-1774
base state. We normalize the proprioceptive vector and fuse1775
it with the PointNet feature. The fused feature is linearly1776

projected and combined with positional encoding. We use 1777
a causal Transformer with time window T = 10, 4 lay- 1778
ers, hidden dimension 512, 8 attention heads, and dropout 1779
0.1. The Transformer output is passed to an action MLP to 1780
predict a 10-DoF action, consisting of 7-DoF arm/gripper 1781
control and 3-DoF mobile-base control: 1782

at =[∆x,∆y,∆z,∆rx,∆ry,∆rz,

agripper,∆xbase,∆ybase,∆θbase].
(37) 1783

Training setup. Each policy is trained using 100 demon- 1784
strations generated by SCENE2DEMO. We use one 1785
NVIDIA A800 GPU, batch size 1024, and train for 200 1786
epochs. Each epoch samples 102400 training samples. We 1787
use the AdamW optimizer with an initial learning rate of 1788
4 × 10−4. The learning rate follows a linear decay sched- 1789
ule. The BC objective minimizes the prediction error be- 1790
tween the policy action and the expert action generated by 1791
our pipeline. 1792

Domain randomization. We apply domain randomiza- 1793
tion during data generation to obtain more diverse and 1794
robust demonstrations. Specifically, for each generated 1795
demonstration, we perturb the target-object scale along the 1796
XYZ dimensions with a scale noise of ±0.10. For tasks 1797
involving articulated-object interaction, such as opening a 1798
refrigerator, we additionally perturb the target-object orien- 1799
tation around the z axis within ±π/12. These perturbations 1800
force the policy to learn from varied object geometry and 1801
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Figure 11. Policy architecture for downstream behavior cloning. The policy encodes randomized point clouds with a PointNet encoder,
fuses the point-cloud feature with proprioceptive states, and predicts 10-DoF robot actions using a 4-layer causal Transformer and an action
MLP.

pose configurations instead of overfitting to a single deter-1802
ministic scene layout.1803

During policy evaluation, we apply the same domain-1804
randomization setting as in data generation. In particular,1805
the XYZ dimensions of the target objects are perturbed with1806
scale noise ±0.10, and the target-object rotation around the1807
z axis is perturbed within ±π/12 when applicable. This1808
evaluation setting verifies that the learned policies retain ro-1809
bustness under object-scale and pose variations.1810

Results. The generated demonstrations can support ef-1811
fective downstream imitation learning. With 100 gener-1812
ated demonstrations, the BC policy achieves 96.0% suc-1813
cess rate on Open Refrigerator with 24 successful trials1814
out of 25, and 92.0% success rate on Pick Up Glass with1815
23 successful trials out of 25. These results show that1816
SCENE2DEMO does not only produce visually plausi-1817
ble rollouts, but also generates action-observation trajec-1818
tories that can be consumed by standard policy-learning1819
pipelines.1820
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