#Anonymous

001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025

026

027
028
029
030
031
032
033
034
035

#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 framework
for offline embodied data generation. Given a single real-
world RGB image and a user query, SCENE2DEMO con-
structs an interactive simulated scene and generates ex-
ecutable task configurations, multi-view execution videos,
and offline robot-learning datasets. SCENE2DEMO uses
a structured multi-module workflow via an object-action
graph, representing task generation through object-centric
configurations and action transitions. Failed or incom-
plete executions are further refined by feedback agents
that inspect visual rollouts and revise action flows through
sequence modification or parameter adjustment. Across
102 automatically generated primitive scene-task pairs,
SCENE2DEMO achieves a 71.6% execution success rate;
on four representative long-horizon tasks, self-evolution im-
proves both task success and subtask-level execution quality
over primitive-only execution, and comparisons with Robo-
Gen and GenSim2 show stronger task planning and exe-
cution performance under automated data-generation set-
tings. Finally, behavior cloning policies achieve 96.0%
and 92.0% success on two representative tasks, validat-
ing that the generated data can support downstream pol-
icy learning. Our project page is available at https :
//scene2demo—anon.github.io/. This paper has
been under submission.

1. Introduction

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

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

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

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

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

076 cation or parameter adjustment, while reusing the primi- erated demonstrations achieve 96.0% success on opening a 108
077 tive action library as the executable action interface. This refrigerator and 92.0% success on picking up a glass, show- 109
078 closed-loop design follows the broader idea of combining ing that the generated data can support downstream policy 110
079 reasoning, acting, feedback, and memory in agentic work- learning. 111
080 flows [27, 32, 37]. Our contributions are threefold. First, we introduce 112
081 A Kkey part of SCENE2DEMO is its graph-grounded task SCENE2DEMO, a self-evolving framework that converts a 113
082 formulation. Instead of allowing an LLM to freely decom- real-world image and a user query into executable embodied 114
083 pose a long-horizon instruction, we constrain the decompo- task data. Second, we formulate task generation through an 115
084 sition using symbolic definitions of simple tasks, complex object-action graph, improving the stability and executabil- 116
085 tasks, action flows, and inter-task transfers. In the object- ity of long-horizon decomposition. Third, we introduce a 117
086 action graph, this means that a long-horizon instruction is visual-feedback-driven self-evolution mechanism that uses 118
087 represented as a compositional path: intra-task edges ex- step-wise inspection and task-level supervision to revise 119
088 ecute each simple task, while inter-task transfer edges en- failed action flows. 120
089 sure that the terminal state of one subtask can serve as the

090 valid initialization of the next. This constraint is impor- 2. Related Works 121
091 tant in practice: repeated unconstrained LLM decompo-

092 sition may produce inconsistent subtask structures for the Generative video models and physics simulators. Gen- 122
093 same user query, while robot execution requires stable and erative video models have made rapid progress in visual 123
094 parseable task units. In our repeated decomposition study, prediction and interactive scene synthesis [3, 18, 33]. How- 124
095 SCENE2DEMO consistently decomposes the same instruc- ever, recent studies suggest that video generation models 125
096 tion into the same executable subtasks, while unconstrained can still produce physically inconsistent results and may 126
097 baselines produce varying subtask counts. fail to generalize physical laws beyond training-like scenar- 127
098 We evaluate SCENE2DEMO as an automated embod- ios [12, 16]. For robot interaction data, physics simulators 128
099 ied data generation engine. Across 102 primitive scene- remain a more direct substrate because they provide explicit 129
100 task pairs, SCENE2DEMO achieves a 71.6% execution states, collision handling, and action-conditioned transi- 130
101 success rate. On four representative long-horizon tasks, tions. Simulators and benchmarks such as iGibson [13], 131
102 self-evolution improves complete-task success and subtask- ThreeDWorld [8], Genesis [41], ManiSkill [28], OmniGib- 132
103 level execution quality over primitive-only execution. Di- son [14], and IsaacGym [21] support embodied interaction 133
104 rect comparisons with RoboGen and GenSim?2 further show and robot learning in physically grounded environments. 134
105 that SCENE2DEMO achieves stronger task planning and ex- SCENE2DEMO follows this simulation-based direction, but 135
106 ecution performance under automated data-generation set- focuses on automatically generating executable task data 136
107 tings. Finally, behavior cloning policies trained on 100 gen- rather than proposing a new simulator. 137
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Automated scene, task, and demonstration generation.
Recent work has explored using foundation models to re-
duce the manual effort of robot scene, task, and data gen-
eration. RoboGen generates tasks, scenes, rewards, and
supervision for automated robot learning [31], while Gen-
Sim2 scales robot data generation with multimodal and rea-
soning LLMs [10]. Other works generate or reconstruct
embodied simulation environments from language, real-
world images, or 3D scans, including Holodeck, ReGen,
GRS, EmbodiedGen, MetaScenes, and Digital Cousins [5,
23, 30, 35, 38, 42]. These works provide important tools
for creating realistic or interactive simulation substrates.
SCENE2DEMO leverages interactive scene construction as
the substrate for a multi-agent workflow that generates, ex-
ecutes, inspects, and revises embodied task data.

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

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

3. Method

Given a real-world RGB image X, and a user query I,
SCENE2DEMO first constructs an interactive simulated

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

3.1. Scene-Conditioned Simulation Substrate

The simulation substrate reconstructs an interactive scene
from a single real-world RGB observation. Let S denote
the universal physical state space of the environment, where
each element s, € S represents a possible relationship be-
tween objects at time 7. Given the real-world input image
Xo € REXWX3 'the scene construction pipeline outputs a
simulated initial state Sy C S as Sy ~ p(S | Xo; €g), where
€o denotes the reconstruction error inherited from the scene
construction pipeline. See Appendices A.1 and A.2.3 for
scene generation details and state-definition examples.

3.2. Modules 2-3: Symbolic Task Interface

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

Object roles. For each simple task, we denote the target
object as o; and the two support objects as 05, and os,. The
target object o; is the object directly manipulated or oper-
ated by the robot. The first support object o5, specifies the
precondition of the target object, while the second support
object os, specifies the desired relation after execution. For
tasks that only change the state of o, itself, one or both sup-
port objects may be null.

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

Sinit(otaosl)a Sgoal(otaOSQ) cs. (1)

And we write S = sinit(T) or S |= Sgoa1(T') when the
global state S (see Appendix B.1) satisfies the correspond-
ing BDDL-style predicate.

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

[Simple Task] A simple task 7" is defined as T =
<0ta Osy 5 Osq 5 Sinit 5goa1>-

Module 2 is responsible for decomposing a user query
into one or more simple tasks and assigning the object roles
(0,05, , 0s,) for each subtask. Module 3 then instantiates
the logical boundary of each subtask by generating BDDL-
style predicates for sini¢ and sgoal-
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Complex long-horizon task. A complex long-horizon
task is represented as an ordered sequence of simple
tasks. This definition constrains Module 2 to produce
a parseable task sequence rather than an unconstrained
natural-language plan.

[Complex Long-Horizon Task] A complex long-horizon
task 7 is defined as 7 = {11, T5,..., Tk}, K > 2. Fora
single simple task, we also use 7 = {77 }.

3.3. Module 5: Action Flow and Action Transfer
Planning

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

Action flow for simple tasks.
by an action flow:

m(T)={a1(01 | T),a2(02 | T),...,a,(0n | T)}, (2)

where each a; is an atomic primitive selected from the prim-
itive action library, and 6; denotes its task-conditioned pa-
rameters, such as the target object, support objects, navi-
gation targets, or continuous control values. The primitive
action library contains navigation, base movement, end-
effector operations, and other task-conditioned primitives,
serving as the executable interface shared by the initial plan-
ner and the self-evolution stage.

Since the action flow is generated by an LLM/VLM
module, we model it as a sample from a conditional dis-
tribution m ~ pp(mw | T;€1), where €1 denotes generation
error in action flow planning.

A simple task T is executable if there exists at least one
action flow 7 such that P(sgoa1 | Sinit, 7) > 0. This condi-
tion means that the primitive sequence can move the subtask
from its initial state to its goal state while preserving the ir-
relevant parts of the scene state.

A simple task 7" is executed

Action transfer between subtasks. For a complex long-
horizon task 7 = {T1,...,Tk}, Module 5 must also en-
sure that consecutive subtasks are logically connected un-
der the global task context. Unlike intra-task action flows,
the transition between two consecutive simple tasks 7}, and
T},+1 involves a semantic and physical context shift, which
we call an action transfer:

ex =e(Tr, Ty | T)

(3)
= {0eaa(0%) | T, asan (0450 1 T}

Here, a.,q denotes the terminal action of subtask 7}, and
astary denotes the initial action of subtask 7j.;. Their pa-
rameters are conditioned not only on the local subtasks, but

also on the global task 7T, so that the transfer remains con-
sistent with the overall long-horizon objective. The action
transfer does not necessarily correspond to an additional
physical operation; instead, it encodes whether the termi-
nal state of one subtask can serve as the valid initialization
of the next subtask.

We model the action-transfer sequence E =
{61,...,6}(_1}3.8 K1

E~pr(E|Tie) =[] prien | Toecried), &)
k=1

where e, = {e1,...,ex_1} denotes previous transfer de-
cisions. This formulation avoids treating each transfer as
an isolated local decision and reflects that transfer planning
should remain globally consistent across the full task se-
quence. Thus, the success of a long-horizon task depends
on both intra-task execution feasibility and globally consis-
tent inter-task transition planning.

3.4. Object-Action Task Graph and Compositional
Reachability

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

Universal object-action graph

Invalid action a, for o;
ag = LIFT_UP (0;)

t (N

“Put the cup into

the refrigerator”

ih
V4
T, : “Open refrigerator”

T, “Pick up cup”

T : *Place in refrigerator”

T,: “Close refigerator” o "Cup’ o “Refrigerator’ % (0)

Figure 2. Universal object-action graph.

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

G=WE&), Y=0xAxNT, )

where £ C V x V represents physically or semantically fea-
sible transitions between object-action-time configurations.
The temporal dimension denotes the relative order inside a
subtask rather than a global timestamp.

Compositional reachability. Given areconstructed scene
state .Sy, the universal graph G induces a scene-specific sub-
graph Gg, C G over the objects available in the scene and
the primitive actions supported by our action library. On
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this subgraph, Proposition B.1 provides a sufficient con-
dition for compositional reachability. Specifically, for a
validly decomposed long-horizon task 7, if each simple
task admits at least one executable primitive action flow
and adjacent subtasks have compatible boundary condi-
tions, then there exists a witness trajectory composed of
intra-task action flows and inter-task transfers that reaches
the final goal with non-zero probability.

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

3.5. Graph-Based Task Generation

Given the user query I, the simulated scene Sy, and the orig-
inal RGB image X, the task-generation workflow produces
a structured task sequence 7 ~ pa(T | I,So, Xo;€s3),
where €3 denotes the uncertainty introduced by task under-
standing and decomposition.

The pipeline contains five role-specialized modules.
Module 1 expands the user query into a scene-grounded task
description. Module 2 decomposes the expanded task into
simple tasks according to the symbolic definitions above.
For each simple task, Module 3 generates a BDDL-style
configuration that defines sini¢ and sgoa1. Module 4 adjusts
the scale of manipulable objects when the reconstructed as-
set size is incompatible with the robot gripper. Module 5
maps each simple task to an initial action flow and checks
the inter-task transfers between consecutive subtasks.

3.6. Self-Evolution for Task Progression

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

Robotic Safety Inspector. At evolution iteration 7, for
each subtask T}, € T, the current action flow 7, (7}) is ex-
ecuted in simulation, and multi-view video frames are col-
lected as visual feedback. Let C C {Global, Head, Wrist }
denote the set of camera views, and let py be the frame sam-
pling interval. Let xz’,lj € RHXWX3 'if action a; takes time
t;, the image sequence for the j-th action from view c is

c,L; o . tf]
axk,j > ’ LJ min (lrpg—‘ 76> (6)

The Robotic Safety Inspector analyzes execution lo-
cally. To provide temporal context, we use a look-

c __ c,1
Xk = (ackyj,...

#Anonymous
back window p;. For the j-th action, the inspector ob- 362
serves the multi-view frames corresponding to actions 363
{@max(j—py,1)s -+ a;j}. Let 364
Xy = { Xty Kb} o (D 36
and X{ = Uljzl(T’“)‘ Xy, ; denote the complete visual ob- 366
servation for the subtask. The inspector outputs a step-wise 367
critique m, ; ~ pg(m | X,gyj; €4), where ¢4 denotes the 368
uncertainty of VLM-based visual diagnosis. 369
Robotic Task Supervisor. At evolution iteration 7, let 370
m; = {mrﬁj}ljzl(T’”")‘ denote the sequence of step-wise 371
critiques for the current action flow @, (T%). We de- 372
fine the evolution history before iteration 7 as Ho, = 373
{(7:(Ty), ms,7i11) Y1y , 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
(Fr1(Th)s Fri1) ~ Poup (- | 72 (Th)smr, X5, T Hars€a)
®) 381
where 7,1 denotes the supervisor’s global textual expla- 382
nation for the revision. The revised action flow 71 (T%) 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 Hery1 = Her U 386
{(#+(Tx), mr, 7r11)}, which helps the supervisor avoidre- 387
peatedly trying previously failed configurations. The self- 388
evolution loop repeats until the goal condition Sgoa1(7}%) 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 (75: open/close) and rigid-object manipulation (7g: 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: 77: “Put the glass into the refrig-
erator”, 7o: “Put the apple into the refrigerator”, 73: “Put
the apple into the bowl”, T;: “Put the cup on the table”.

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

Category Count  Success SR (%)
Ts : Open/Close 36 24 66.7
Ts : Pick/Place 66 49 74.2
Total 102 73 71.6

As summarized in Table 1 and Figure 5(a), our method
achieves a 71.6% overall success rate, with 66.7% suc-
cess on articulated-object operations and 74.2% success
on rigid-object manipulation. This result verifies that the
generated task configurations and primitive action flows
are executable across diverse reconstructed scenes. The
scene generated examples and experiment details see Ap-
pendix C.3.

4.2. Task Execution and Baseline Comparison

We report the main metric as SR / Subtask-Level Score.
SR measures complete-task success, while the subtask-level
score provides a diagnostic measure of partial execution
quality under each system’s own subtask definition and
evaluator. The exact number of evaluated demonstrations
or episodes for each method is provided in Appendix C.4.
Detailed long-horizon task breakdowns and generated task
configurations are provided in Appendix C.5.

Table 2 shows three main findings. First, self-
evolution consistently improves long-horizon execution
over primitive-only planning. Second, compared with
RoboGen and GenSim?2 under automated data-generation
settings, SCENE2DEMO achieves stronger complete-task
success on the four representative long-horizon tasks, while
also showing competitive subtask-level execution quality.

Third, on simple task categories, SCENE2ZDEMO remains
competitive: it achieves 66.7% on T; and 74.2% on Tg,
while GenSim?2 is stronger on Open/Close but weaker on
Pick/Place.

4.3. Detailed Self-Evolution Performance

To further analyze the role of self-evolution, we retain the
per-task detailed results on long-horizon tasks, including
task success rate (SR), evolution success rate (ESR), and the
average number of iterations for successful executions. For
T1 and T3, we compare Gemini-3-Flash, GPT-5.2, and the
open-source model Qwen3-VL (Specifically, all Qwen3-VL
experiments use gwen3-vl-235b-22a-thinking); for others,
we use Qwen3-VL. We set a strict failure condition: if any
subtask exceeds 5 evolution iterations, the entire episode is
marked as failed.

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

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

4.4. Repeated Decomposition and Ablation Studies

We also analyze the design choices and generation cost
of SCENE2DEMoO. First, we study repeated decomposi-
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Table 2. Main task execution comparison. Each cell reports SR / Subtask-Level Score (%).

Method Ti Tz Ts Ta Ts Ts
M1: Ours (Primitive) 0/50 0/50 40/70 0/50 66.7/66.7 742/74.2
M2: Ours (Prim+Evo) 40/84 30/79 70/93 70/85 - -
M3: GenSim?2 (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
MS5: RoboGen (Prim+RL) fail fail fail fail success success

Subtask 1: open refrigerator (success)

approach converge grasp open ungrasp navigate

Subtask 3 (success)
(After 3 evolutions for subtask 3)

Subtask 1 Subtask 2

navigate base left base forward

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

Subtask 1 Subtask 2 Subtask 3

Subtask 2: pick up glass (success)

L

approach

turn right

Subtask 3: put glass into refrigerator

] 3 3
J Iy
navigate base forward

converge lift up ungrasp

Subtask 4: close refrigerator

TR R

EEF forward lift down ungrasp

Subtask 4 (success)

L A B R

navigate approach converge grasp close ungrasp

Figure 4. Detailed Action Display of Self-Evolution. We take the task 77 (Glass—Refrigerator) as an example. The task is always

LIS

decomposed into four subtasks: “open refrigerator”, “pick up glass

tion consistency. As shown in Figure 5(b), for the same
instruction (73: “put the apple into the refrigerator”),
SCENE2DEMO consistently decomposes the task into the
same executable subtasks across repeated runs, while un-
constrained baselines produce varying subtask counts. This
result supports our claim that symbolic task definitions im-
prove decomposition stability.

Second, we analyze the wall-clock time of
SCENE2DEMO. As shown in Figure 5(c), a simple
task without self-evolution takes about 2 minutes. For
long-horizon tasks, initial action-flow generation takes
35s—1m20s, simulator execution takes 22s—1m30s per sub-
task, and a single evolution iteration takes 1m19s—2m57s
using Qwen3-VL. A complete long-horizon demonstration
typically takes about 15-30 minutes including all itera-
tions. Because SCENE2DEMO is an offline data generation
engine, the full self-evolution loop only needs to find a
successful action configuration once, after which domain
randomization can rapidly generate diverse demonstration.

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

CLITS
s

put glass into refrigerator”, and “close refrigerator”.

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

4.5. Downstream Policy Learning

Finally, we evaluate whether the generated demonstrations
can support downstream policy learning. We train behav-
ior cloning policies using 100 expert demonstrations au-
tonomously generated by SCENE2DEMO, with randomiza-
tion on target-object scale and rotation to improve data di-
versity. The policy uses a PointNet encoder for point clouds,
fuses the point-cloud features with proprioceptive states,
and applies a 4-layer Causal Transformer followed by an
action MLP to predict 10-DoF actions (7-DoF arm/gripper
and 3-DoF mobile base). For details, see Appendix C.8.
On two representative tasks, the learned policies achieve
96.0% success (24/25) on Open Refrigerator and 92.0%
success (23/25) on Pick Up Glass. We emphasize that this
experiment is not intended to claim a new policy-learning
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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
Gemini-3-Flash 10 100 0 | 100 - 0 |30 30 177|100 100 0.7 | 30 2.3
T GPT-5.2 10 100 0 | 100 - 0 |30 30 2 1667 667 10 |20 35
Qwen3-VL 20 100 0 | 100 - 0 |45 45 88.9 66.7 05| 40 3.1
75 | Qwen3-VL | 10 [100 O |[100 100 03 |40 40 18| 75 667 0.7 | 30 23
Gemini-3-Flash 10 100 O 70 625 16| - - - - - - | 70 1.6
Ts GPT-5.2 10 100 0 50 167 02| - - - - - - |50 0.2
Qwen3-VL 10 100 O 50 167 04| - - - - - - | 50 0.4
T: | Qwen3-VL | 10 [100 0 |70 60 10| - - - - - -] 70 1.0

(a) Generalization Across Scenes
Simulated Scene Simulated Scene 11

(b) Repeated Decomposition Study

(c) Wall-clock Time Analysis
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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. (¢) 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 p;. Ablations are conducted on task 77.

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

5. Conclusion

We introduced SCENE2DEMO, a self-evolving framework
for embodied data generation. Given a real-world RGB im-
age and a user query, SCENE2DEMO constructs an inter-
active simulated scene and generates executable task con-
figurations and offline robot-learning datasets. The core
of SCENE2DEMO is an object-action graph formulation
that connects object-centric task states through primitive
action edges and inter-task transfer edges, together with
a feedback-driven self-evolution mechanism for revising
failed executions. The generated data can further support
downstream imitation learning, showing the practical value
of SCENE2DEMO as an offline data generation engine.
There are several limitations to the current framework.
First, SCENE2DEMO is constrained by the capability of
the primitive action library and the IK-based controller. At
present, the executable action space mainly covers Open/-

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

This work aims to support scalable and reproducible em-
bodied Al research by automatically generating executable
robot interaction data in simulation. By producing task
configurations, action traces, execution videos, and offline
learning datasets, SCENE2DEMO may reduce the man-
ual effort required to construct embodied training data and
make robot-learning experiments easier to inspect and re-
produce. Since all demonstrations are generated and refined
in simulation, the framework can also help identify unsafe
or failed behaviors before real-world deployment. How-
ever, the quality and diversity of the generated data depend
on the underlying scene reconstruction tools, simulation as-
sets, primitive action library, and VLM feedback quality.
We therefore encourage careful validation before using such
generated data in real-world robotic systems.

A. Implementation Details

A.1l. Simulated Scene Generation Details

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

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

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

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

ManiAgent [36] directly estimates the 3D coordinates of
real objects from RGB images using Florence-2, and then
employs AnyGrasp to estimate the 6-DoF pose of the target
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position and plan the path. In contrast, our work estimates
the 3D coordinates of each object from RGB images while
reconstructing the entire simulated environment. It retains
advanced scene attributes, such as spatial object layout Sy,
key semantics, and physical visibility, which offers advan-
tages such as maintaining global physical consistency and
preserving the state of complex long-horizon tasks.

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

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

A.2.1. Semantic Expansion

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

» User Keyword (Z): This can be a specific object name
(e.g., “refrigerator”, “cup”), a specific action (e.g., “pick
up the cup”), or a high-level abstract instruction requiring
reasoning (e.g., “put the cup in the refrigerator”, “clean
the room™).

* Scene Configuration (scene_json): A JSON file con-
taining the ground-truth metadata of the reconstructed
scene, including object IDs, 3D coordinates, and bound-
ing boxes. This is essential for grounding semantic con-
cepts to specific simulation assets (e.g., mapping “cup” to
the unique ID glass_0).

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

Output:

e Task Name (fask_name): A strictly formatted string
where all objects are replaced by their unique scene IDs
(e.g., “put glass_0 into cabinet_0").

¢ Detailed Task Description (task_message detail): A
step-by-step narrative of the task logic generated by the
model. For example: “This is a kitchen scene. There is
a cup (glass_0) on top of a cabinet (cabinet_0). The goal
is to place the cup inside the cabinet. The robot must first
open the cabinet door, approach the cup, grasp it, lift it
up, navigate to the cabinet, and place it inside...”

A.2.2. Subtask Decomposition

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

Input: The task_name and
from A.2.1, along with the scene_json.
Output: A sequential list of subtask configurations

(JSON). For a complex task T = {T,Ts,..., Tk}, each

subtask configuration contains:

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

 Description: Detailed instructions specific to this sub-
task.

* Target Object ID (0;): The primary object being manip-
ulated.

* Support Object ID (o5, ,05,): The two support objects
are associated with the state definitions in the task: the
first support object o, specifies the initial state relative to
the target object (e.g., the table supporting the cup), while
the second support object o5, specifies the goal state rel-
ative to the target object (e.g., the container receiving the
cup), they all extracted from the scene_json.

¢ BDDL Category: The specific object category mapped
to the OmniGibson asset library, used for subsequent
BDDL file generation.

task_message_detail

A.2.3. Subtask Instantiation

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

1. BDDL Generation (Initial State and Success Detec-
tion) We utilize the Behavior Domain Definition Lan-
guage [14] (BDDL) to define the initial state (sjp;;) and suc-
cess criteria (Sgoa) for the simulation. The LLM generates
a BDDL file based on task-specific templates.

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

* sinit: inroom(robot, kitchen), ontop(glass_0, table_0).
* Seoai:  open(fridge.0), inside(apple.0, bowl_0), or
not(ontop(cup_0, table_0)).

2. Object Size Adjustment (Physical Feasibility) To en-
sure objects are graspable by the robot’s parallel gripper
(maximum width ~ 0.06m, depending on the robot size
parameters), we dynamically adjust object scales based on
their bounding box extents defined in scene_json. We clas-
sify objects into two types:

* Type A (Fixed/Articulated Fixtures): Objects such as
refrigerators, cabinets, microwaves, ovens, drawers, dish-
washers, and tables. These are operated via handles or are
static supports.
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* Type B (Manipulable Items): Objects such as cups,
glasses, apples, bottles, boxes, bowls, and knives. These
must fit inside the gripper.

For type A, no scaling is applied, and return scale factor
S = 1.0. For type B, we calculate the minimum dimension
on the horizontal plane: dmin = min(bbox,, bbox,). If
dmin > 0.06m, we compute a scaling factor S such that
S X dmin ~ 0.05m (ideal grasping width). Otherwise, S =
1.0.

3. Action Flow Planning with Primitive Action Library
Module 5 maps each simple subtask 7" to an executable ac-
tion flow using a primitive action library. Formally, the out-
put action flow is defined as

m(T) ={a:(0; | T)}i, ©)
where each a; is an atomic primitive selected from the li-
brary, and 6; denotes its task-conditioned parameters. These
parameters may include the target object o;, support objects
0s, , 0s,, Navigation targets, joint limits, or continuous con-
trol values such as distances and angles. This notation re-
flects that primitive actions are not restricted to the target
object alone, but may also involve support objects or scene-
level navigation goals.

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

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

(ID, params), (10)
where ID indexes a primitive such as NAVI-
GATE_TO_SUPPORT, MOVE_BASE_FORWARD, GRASP,
or ARTICULATE_OPEN, and params stores the required
object references or continuous control values. Thus, a
format such as {“ID”: value} should be interpreted as a
primitive-ID-to-parameter mapping, not as an object-ID
mapping.

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

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

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

* CONVERGE: Finely align the end-effector with the target
handle or object centroid.

* GRASP: Close the gripper to grasp the target object.

e UNGRASP: Open the gripper to release the currently held
object.

* RETREAT: Move the end-effector away from the target to
a safe retreat pose.

* NAVIGATE _TO_TARGET: Move the robot base near the
target object oy.

* NAVIGATE_TO_SUPPORT: Move the robot base near the
support object, typically os,.

3.2. End-Effector Translation.

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

e LIFT_EEF _UP: Lift the end-effector vertically upward.

e LIFT_ EEF_ DOWN: Move the end-effector vertically
downward.

MOVE_EEF_FORWARD: Move the end-effector forward.
MOVE_EEF_BACKWARD: Move the end-effector back-
ward.

MOVE_EEF _LEFT: Move the end-effector to the left.
MOVE_EEF _RIGHT: Move the end-effector to the right.

3.3. Mobile Base Translation and Rotation.

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

* MOVE_BASE_FORWARD: Move the robot base forward.

* MOVE_BASE_BACKWARD: Move the robot base back-
ward.

* MOVE_BASE_LEFT: Move the robot base left by holo-
nomic sliding.

* MOVE_BASE_RIGHT: Move the robot base right by holo-
nomic sliding.

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

e TURN_BASE_LEFT: Rotate the robot base counter-
clockwise.
* TURN_BASE_RIGHT: Rotate the robot base clockwise.

3.4. Articulated-Object Interaction.

These primitives interact with articulated objects such as
doors, drawers, and refrigerators. The parameter specifies
normalized joint limits or physical joint limits, represented
as {“ID”: [min_limit, max_limit]}. We also allow None as
the parameter value, in which case the default solver limits
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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 Si(r]fi)t’ which satisfies the symbolic initial 1037
condition Sipnit(T%). 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 #.(T%), 1044
we capture RGB frames from multiple camera views C 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 X,f’ ; containing the current 1052
action and the previous p; action steps. We use p; = 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 7, (7}), the inspector re- 1057
ceives the action description and the local visual context 1058
X,SJ, and outputs a step-wise critique m, ;. 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-
ject displacement, failed grasps, or unsafe motions occur
during execution.

The output m., ; is a concise textual diagnosis of the cur-

rent action step. The full critique sequence for the current
|77 (Th)]

attempt is denoted as m, = {m. ;},Z;" "', consistent with

the notation in the main text.

A.3.3. Task-Level Revision by the Robotic Task Supervi-
sor

The Robotic Task Supervisor performs global action-flow
revision. It receives the current action flow 7 (T%), the step-
wise critique sequence m.,, the complete visual rollout X¢,
the task context 7, and the evolution history H ... The
history follows the definition in the main text:

Her = {(7:(Tk), mi, Fi1) Yo »

where each record stores a previously evaluated action flow,

its step-wise critiques, and the supervisor’s revision reason.

The supervisor prompt enforces three reasoning steps:

1. Root Cause Analysis: identify the earliest failed or
risky step, rather than only describing the final failure.

2. Action-Flow Revision: revise the primitive sequence,
tune action parameters, or modify navigation waypoints
based on the diagnosis.

3. Library Constraint: ensure that the revised action flow
only uses valid primitives from the primitive action li-
brary in Appendix A.2.

The supervisor outputs a revised action flow 7, 1(T%)
and a global textual explanation 7, 1. After each failed at-
tempt, the history is updated with the evaluated action flow,
its critiques, and the revision reason. This memory prevents
the supervisor from repeatedly trying previously failed con-
figurations.

A.3.4. Algorithm Summary

Algorithm A.3.4 summarizes the complete self-evolution
procedure. The key implementation detail is that every can-
didate action flow is executed after resetting the simulator
to the saved initial state S‘i(fi)t of the current subtask.
[h] [1] Input: Initial action flow 7o(T%), subtask
Ty, task context 7, camera views C, saved subtask ini-
. a(k) . . L. .
tial state S} ;;, max iterations Tma.x Initialize evolution
history Heg < 0 7 = 0 to Tmax Reset simulator to
Si(fi)t Execute 7.(7}) in simulation and capture visual
rollout X ,S success condition sgoai (T%) is satisfied Output:
7. (Ty) Terminate Initialize critique sequence m, < )

each action step j in 7 (T)) Construct sliding-window
visual context X£; mr; < VIMinspector (a5, X5,

m.append(m ;) (Tr1(Th)s Pri1)
VLMSupervisor (’ﬁ-‘r (Tk)v mr, Xga Tv H<T) H<T+1
Her U{(7(T}), mr, 7r+1)} Output: Failure

<
e
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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 NT denote the discrete temporal 1128
order within a simple task. We define a universal directed 1129
graph 1130
G=(V¥), Y=0xAxNT, (1) 1131
where £ C V x 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
Sp, we instantiate a scene-specific object-action graph: 1137

Gsy = (Vsy:€s9) C G Vsy = Osy X Aprim x N,

(12) 1138
where Og, contains the objects present in the reconstructed 1139
scene, and Apyrim is the primitive action library. The global 1140
state at time 7 is the aggregate of all object-pair relations in 1141
the scene: 1142
Sr ={s:(0i,05)}oi,0;3cos, CS- (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 7}, 1146
the action flow corresponds to a sequence of intra-task 1147
edges in the task-specific object-action slice required by 1148
Ty.. Following the notation in the main text, we write 1149
w(Ty) = {a:;(0; | Tk)}i*,, where each primitive action 1150
a; 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 7. 1154
For two consecutive subtasks 7} and 7.1, the action 1155
transfer e, = e(Ty, Tk+1 | T) corresponds to an inter-task 1156
edge that links the terminal context of T}, to the initial con- 1157
text of T}41. To describe this context switch, we introduce 1158
the augmented state 1159
S;i- £ STJrAT = {ST+AT(0'£7Oj)}{oi,o_j}cos(), (14) 1160
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where A7 > 0 is a small temporal margin. We use S |=
sinit(T') and S’ |= sg0a1(T") to indicate that the global state
S satisfies the symbolic initial or goal predicate of task 7.
For a valid task decomposition, the transfer from T}, to T},
should satisfy

P(S;—Z ): Sinit (Th41) | St = Sgoal(Tk);ek> > 0. (15)

This probability does not mean that the physical scene must
change discontinuously. Instead, it measures whether the
terminal context of one subtask can be validly interpreted
as the initialization context of the next subtask. A more
detailed interpretation is provided in Appendix B.2.

Compositional reachability. The following proposition
gives a sufficient condition for long-horizon feasibility. It
applies to a validly decomposed task sequence whose ad-
jacent subtasks satisfy the required boundary compatibility.
We keep the notation 7 = {T1,...,Tk} for consistency
with the main text, where the braces denote the ordered sub-
task list generated by Module 2.

[Global Reachability via Hierarchical Composition] Let
T ={T1,...,Tk} be a validly decomposed long-horizon
task in the scene-specific graph Gg, C G. Assume the fol-
lowing conditions hold:
1. Primitive Completeness. For every simple task T}, if
the current global state satisfies its initial predicate,

S3 . E sinit(Th), (16)
then there exists an action flow
e = 1(Tx) = {a:(0: | Tr) };%y (17)

such that the subtask goal can be reached with positive prob-
ability:
S+—

Tk—1"

P(S5 = sgout(Th) | ™) >0 (8)
2. Locality of Primitive Effects. For each action flow
T, object-pair relations that are irrelevant to 7}, remain un-
changed unless explicitly affected by the primitive action.
3. Connectivity of Context. For every pair of consecutive
subtasks T} and T}, their boundary predicates are com-
patible. That is, after completing T}, there exists an action
transfer

€L ::e(Tk,1k+4 ‘77

such that the next subtask can be initialized with positive
probability:

P(S;i; ): Sinit(Tk+l) | S‘rk ': Sgoal(Tk);ek) > 0. (20)

19)

Then there exist an action-flow sequence

M= {nrg:7m ~pp(r|T; 61)}kK:1 e2y)
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and a transfer sequence 1204
E={ep:ep~prle| Tie) i) (22) 1205

that induce at least one witness trajectory 1206
=(S,,5t,8.,,8%,....5) (23) 1207

with positive joint probability: 1208

P(T| Sy, IIE) =

(24) 1209

K K-1
11 PGS 1S5 ome) T P(SH | Sever) >0,
k=1 k=1

where the base case is defined as S;Z £ S,. Consequently,

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

P(S‘I‘K ): Sgoal(TK) ‘ So,H,E) > P(F | S07H’E) > 0.
(25)
This proposition is a structural guarantee rather than
an empirical success guarantee. It states that if Module
2 produces a valid decomposition with compatible sym-
bolic boundaries, Module 3 instantiates checkable initial
and goal predicates, and Module 5 finds action flows and
transfer links satisfying the above assumptions, then the
resulting task admits a feasible witness trajectory on the
scene-specific object-action graph. The self-evolution stage
improves the empirical realization of these conditions by
correcting failed primitive sequences or adjusting their pa-
rameters. The proof is given in Appendix B.3.

B.2. Probabilistic Interpretation of Action Transfer

This section clarifies the probability used for action transfer.
The transfer edge e, = e(T), Tx+1 | T) does not necessar-
ily correspond to an additional physical action. Instead, it
represents a semantic and physical compatibility check be-
tween the terminal state of 7}, and the initial predicate of
Tyt

Given a completed subtask T}, the next subtask T}
is valid only if the post-subtask state can satisfy the initial
predicate required by Tj1. We therefore define the transfer
condition as

P(S} | sinit(Thr1) | Sz, E Sgoal(Th), ex) > 0. (26)

Here Sjk denotes the state after a small transition margin
following the completion of T},. This notation captures the
fact that the same physical scene may be reinterpreted under
a new task context.

When the object sets of T}, and T}, are disjoint, this
compatibility often reduces to checking that the objects re-
quired by T}41 remain in valid initial conditions. When the
object sets overlap, for example when an object is picked
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in T}, and placed in Ty, we do not rely on background
invariance. Instead, the compatibility is checked directly
through the boundary predicates:

STk ': Sgoal(Tk)a Sj—l ': Sinit(Tk+1)-

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

B.3. Proof of Proposition B.1

We prove the claim by constructing one feasible witness tra-
jectory. By Primitive Completeness, for each subtask T}
whose initial predicate is satisfied by S:—LN there exists an
action flow 7, such that

P(S7 b= sgout(Th) | S3_,.mk) > 0.

27)

(28)

By the Locality of Primitive Effects assumption, the execu-
tion of 75 does not invalidate unrelated object-pair relations
required by subsequent subtasks unless such relations are
explicitly modified by the task. Thus, the local transition of
each subtask can be embedded into the global scene state
with positive probability.

Next, by Connectivity of Context, for each adjacent pair
(Tk, Tx+1), there exists a transfer edge ey, such that

P(S} = sinit(Thr1) | Sz, E Sgoal(Th), 1) > 0. (29)

This ensures that the terminal context of 7}, can serve as a
valid initialization context for Tj 1.

Combining these local execution transitions and transfer
transitions yields a witness trajectory

L= (S5}, ...,5). (30)
By the chain rule along this specific trajectory,
P(T| Sy, ILE) =
€29

K K-1
LIPS 1S5 ome) T POSE | Snven).
k=1 k=1

Each factor is strictly positive by Primitive Completeness
and Connectivity of Context. Since the product contains
finitely many strictly positive terms, we have

P(T"| So,1II, E) > 0. (32)

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

P(S;x = Sgoal(Tx) | So, 11, E) > P(T' | Sy, I, E) > 0.
(33)

Therefore, the validly decomposed long-horizon task is

compositionally reachable under the stated assumptions.

16

#Anonymous
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 C {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-
quentially. To ensure safe interaction, we initialize the robot
at a fixed offset distance relative to the target object before
the start of any task execution.

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

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

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

To address this, we define the convergence offset as a
function of the robot’s scale. In our experiments, we use
a unified hyperparameter: Jofrsee = 0.14 X s, where s =
0.7. This adaptive value ensures that the gripper positioning
remains consistent relative to the scaled robot body.

C.3. Scalable Scene Generation Statistics

In this section, we provide detailed statistics on the dataset
construction, visualize the generated environments, and
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evaluate the success rates of the autonomously generated
atomic tasks.

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

1. Source Image Generation: We utilized Qwen3-Max
and Seedream4.5, a state-of-the-art generative model, to
synthesize 34 high-quality real-world reference images.
To cover the most common household manipulation set-
tings, we prompted the model to generate diverse lay-
outs. The distribution includes:

* 16 Kitchens: Focusing on complex articulated objects
like refrigerators, ovens, microwaves, and cabinets.

¢ 10 Bedrooms: Focusing on wardrobes, drawers, and
bedside tables.

¢ 8 Others (Study Rooms, Workshops, etc.): Focusing
on tables, shelves, and miscellaneous clutter.

2. Simulated Scene Reconstruction: Using the recon-
struction pipeline [5], we extracted semantic and geo-
metric information from these 34 images.

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

Automated Task Proposal.

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

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

Visualization of Simulated Scene.

We visualize a subset of the generated pairs in Figure 7.
The top row displays the reference real-world images gen-
erated by Qwen3-Max or Seedream-4.5, while the bottom
row shows the reconstructed interactive simulated scenes
in OmniGibson. Despite the domain gap, our framework
successfully preserves the semantic layout (e.g., the relative
position of the fridge and table) and functional affordances
(e.g., the graspability of handles), providing a solid founda-
tion for task execution.

Evaluation of Atomic Task Generation.

To validate the effectiveness of our Graph-Based Task
Generation mechanism, we evaluated the execution success
rate on the 102 generated Scene-Task pairs.

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

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

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

« Efficiency: This result demonstrates that SCENE2DEMO
can serve as a low-cost, high-throughput engine for gen-
erating large-scale, high-quality demonstration data with-
out human annotation.

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

C.4. Additional Details for Main Task Execution
Comparison

This section provides additional details for the main task
execution comparison in Table 2, including the number of
evaluated demonstrations or episodes and the definitions
of success rate (SR) and Subtask-Level Score. We use
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“episode” to denote a distinct evaluated task instance or
scene-task configuration, and “demo” to denote one rollout
under that episode.

Evaluation counts. Table 4 summarizes the exact number
of evaluated demonstrations or episodes for each method
and task. For 71-7;, we evaluate representative long-
horizon tasks. For T5 and Tg, we evaluate primitive task
categories, where T corresponds to Open/Close tasks and
Ts corresponds to Pick/Place tasks.

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

Method T T2 Ts Ta Ts Ts

10 (10x1) 10 (10x1) 10 (10x1) 10 (10x1) 36 (1x36) 66 (1x66)
20(20x1) 10 (10x1) 10 (10x1) 10 (10x1) - -
GenSim2 (primitive) 20 (20x1) 20 (20x1) 20 (20x1) 20 (20x1) 80 (20x4) 80 (20x4)
RoboGen (primitive) 10 (10x1) 10 (10x1) 10 (10x1) 10 (10x1) 40 (10x4) 40 (10x4)
RoboGen (prim+RL) 1 1 1 1 1 1

Ours (primitive)
Ours (prim+Evo)

For GenSim2 and RoboGen, all evaluations are exe-
cuted using their native automated pipelines. For Robo-
Gen (prim+RL), we evaluate one task-specific RL run for
each task as a reference solver setting. The evaluated Robo-
Gen+RL tasks are: 77 Put the bottle into the refrigerator,
T2 Put the mouse into the refrigerator, 73 Put the mouse
into the bowl, 7, Put the bottle on the table, 75 Open Mi-
crowave, and 7g Pick Bottle.

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

1 E D,

SR = ——— Z Z 1[Success, ;] x 100%.  (34)
Yiem1 De 2T

For our long-horizon tasks 7;—74, each task is evaluated
in one fixed scene-task episode with multiple demos, e.g.,
10x1 means 10 demos in one episode. For our primitive
task categories 75 and 75, we evaluate many scene-task
episodes with one demo each, e.g., 1x36 for Open/Close
and 1x66 for Pick/Place. For complex long-horizon tasks,
a demo is counted as successful only if all subtasks are suc-
cessfully completed.

Subtask-Level Score. Besides complete-task SR, we re-
port a Subtask-Level Score to measure partial execution
quality. Since SCENE2DEMO, GenSim2, and RoboGen de-
fine and evaluate subtasks differently, this second metric
should be interpreted as a diagnostic subtask-level measure
rather than a strictly identical mathematical quantity across
all systems.
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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.

1495 For SCENE2DEMO, each long-horizon task is decom- pleted while later subtasks fail, leading to non-zero subtask- 1518
1496 posed into a fixed sequence of symbolic subtasks. We com- level scores even when complete-task SR is 0%. 1519
1497 pute the Subtask-Level Score as the average conditional It is worth noting that, although 75 and 7 are treated as 1520
1498 success rate over these subtasks. Let K be the number one-subtask primitive categories in our evaluation, Robo- 1521
1499 of subtasks. For subtask 7}, we compute its success rate Gen may still decompose the corresponding tasks into mul- 1522
1500 among the demos that reach 7};: tiple subtasks. Therefore, RoboGen’s Subtask-Level Score 1523

and SR can differ even on 75 and 7. 1524

> 1[Reach; x]1[Success; k]
0 dSR(T}) = = ’ —.
1501 CondSR(T}) S~ 1[Reach; ] (35)

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

1502 The Subtask-Level Score of SCENEZDEMO is then In this section, we provide a granular breakdown of the gen- 1527

1K eration and instantiation process for the four representative 1528
SubtaskScoreSCENE2DEMO % Z CondSR(Ty) x 100%. complex long-horizon tasks (7; to 74). We detail the inter- 1529
k=1 mediate outputs of our pipeline, from semantic expansion 1530

1503 (36) to action flow planning, to demonstrate the reliability and 1531
1504 This metric measures how reliably each local subtask can be logical consistency of SCENE2DEMO. 1532
1505 executed once its precondition is reached. For our primitive

1506 task categories 75 and g, each evaluated task contains one C.5.1. Visual Overview of Examples Scenarios 1533
1507 subtask, so the Subtask-Level Score is identical to SR. To intuitively present the experimental setup, Figure 8§ visu- 1534
1508 For GenSim2, we use its native progress evaluator. Gen- alizes the four tasks using a structured grid. Each complex 1535
1509 Sim?2 defines task-specific success criteria and maintains a long-horizon task will display real-world picture, simulated 1536
1510 progress vector over these criteria; the reported score is the reconstruction scene, main target object, main support ob- 1537
1511 average completion value returned by its native evaluator. ject, and the user keyword. 1538
1512 For RoboGen, because the generated task structure is not

1513 fixed and may contain both primitive and RL-type subtasks, C.5.2. Semantic Expansion Results 1539
1514 we compute the ratio of completed generated subtasks to all Upon receiving the user keyword, scene configuration, 1540
1515 generated subtasks for each episode and then average across and observation, the VLM performs Semantic Expansion. 1541
1516 episodes. In the primitive-only RoboGen setting, RL sub- While the exact phrasing may vary slightly across differ- 1542
1517 tasks are disabled, so early primitive subtasks may be com- ent demo runs due to the probabilistic nature of VLMs, the 1543
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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.
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semantic intent remains strictly consistent with the user’s
instructions. The following are representative outputs for a
single demo of each complex long-horizon task:

T1: Put the glass into the refrigerator

"task_activity_name": "
open_the_refrigerator_and_put_the_glass_ir

"
’

"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

1549 T>: Put the apple into the refrigerator

"task_activity_name": "
open_the_refrigerator_and_put_the_apple_ir

"
’

"task_detail _message": "This is a
modern kitchen scene. The initial

1550
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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."

T4: Put the cup on the table

"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."

C.5.3. Subtask Decomposition

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

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

T1: Put the glass into the refrigerator
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"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
T>: 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.",

}I
"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 1lift it off the table_0.",

}I
"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.",

}I
"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
1576 T3: Put the apple into the bowl

"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.",

}I
"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.",

T4: Put the cup on the table

"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

1lift it off its current

surface.",

}I
"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.",

C.5.4. Object Size Adjustment

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

Detailed Scaling for 7; and 7;. In complex long-
horizon task 1, the target object sequence for each sub-task
involves [refrigerator_0: 1.0, glass_0: 0.37, glass_0: 0.37,
refrigerator_0: 1.0].

For fixed fixtures like the refrigerator, the scale is set
to 1.0 to maintain the room’s layout. For the manipulable
glass_0 object, a scaling factor of 0.37 was determined in
sub-tasks 2 and 3 to ensure the glass diameter was easy to
grasp. Finally, we selected the first occurring scaling factors
for the refrigerator and the glass, which are 1.0 and 0.37 re-
spectively, and applied these scaling factors.

In complex long-horizon task 2, the target object se-
quence for each sub-task involves [refrigerator_0: 1.0, ap-
ple_0: 0.35, apple_0: 0.4, refrigerator 0: 1.0]. And we se-
lect 1.0 and 0.35 for the refrigerator and the apple respec-
tively

Detailed Scaling for 7; and 7;. In complex long-
horizon task 3 and 4, the target object sequence for each
sub-task is [apple_0: 0.42, apple_0: 0.42] and [glass_0: 0.4,
glass_0: 0.4]. So we use the first occurring scaling factors
0.42 and 0.4 for T3 and 7T, respectively.

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

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

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

Tasks | Subtask Index | Initial State | Target State

1 (not (open refrigerator_0)

(ontop glass_0 table_0)

(inside glass_0 gripper)
(open refrigerator_0)

(open refrigerator_0)
(not (ontop glass_0 table_0))
(inside glass_0 refrigerator_0)
(not (open refrigerator_0))

T1: Glass—Fridge

(not (open refrigerator_0)
(ontop apple_0 table_0)

2

3

4

1 (open refrigerator_0)
2

3 (inside apple_0 gripper)
4

1

2

1

2

(not (ontop apple_0 table_0))
(inside apple_0 refrigerator_0)
(not (open refrigerator_0))

T>: Apple—Fridge

(open refrigerator_0)

(ontop apple_0 cabinet_0)
(inside apple_0 gripper)

(not (ontop apple_0 cabinet_0))

Ts: Apple—+Bowl ‘ (inside apple_0 bowl_0)

(ontop glass_0 cabinet_0)
(inside glass_0 gripper)

(not (ontop glass_0 cabinet_0))

Ts: Cup—Table (ontop glass_0 table_0)

C.5.6. Initial Action Flow

The mapping of high-level subtask definitions to ex-
ecutable primitive sequences is a critical step in the
SCENE2DEMO pipeline. While visual keyframes of these
executions are omitted here for brevity, comprehensive
video demonstrations of the initial and evolved policies for
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all tasks are available on our project page (as linked in the
Abstract).

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

C.6. Performance of Self-Evolution

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

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

Evolution of Task 7; (Put the glass into the refrigera-
tor). The evolution process of Task 77 is shown in Table
7. Subtasks 1 and 2 were successfully completed on the
first attempt. However, subtask 3 (place the glass) required
two iterations of improvement. Initially, the robot collided
with the open refrigerator door, causing the door to close
and preventing the subsequent tasks from being executed.
Therefore, the VLM adjusted the base movement path. Af-
ter one iteration, the glass was released too high and too far
back, so the VLM adjusted the robot arm’s extension range
to ensure safe placement in the correct position. Subtask
4 (close the refrigerator) required one iteration of improve-
ment to ensure the refrigerator door was completely closed.

Evolution of Task 7, (Put the apple into the refrigera-
tor). Table 8 show the evolution results. Subtask 3 failed
initially because the robot could not reach the deep shelf.
The evolution process involved significant adjustments to
the base position and rotation (TURN_BASE) over 3 itera-
tions to achieve a valid kinematic configuration for place-
ment.

Evolution of Task 73 (Put the apple into the bowl). This
evolution details is in Table 9, which required precise posi-
tioning to ensure the apple landed inside the bowl rather
than hitting the rim. Subtask 2 evolved twice: first to adjust
the approach angle via TURN_BASE, and second to fine-
tune the release height.
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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)

APPROACH — CONVERGE — GRASP — ARTICULATE_OPEN — UNGRASP
NAVIGATE_-TO_-TARGET — APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)
NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) - MOVE_EEF_FORWARD(0.1) — UNGRASP
NAVIGATE_TO_TARGET — APPROACH — CONVERGE — GRASP — ARTICULATE_CLOSE(0.0, 0.5) — UNGRASP

APPROACH — CONVERGE — GRASP — ARTICULATE_OPEN(0.0, 0.7) — UNGRASP — RETREAT
NAVIGATE_TO_TARGET — RETREAT — APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)
NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) - MOVE_EEF_FORWARD(0.1) — UNGRASP
NAVIGATE_-TO_-TARGET — APPROACH — CONVERGE — GRASP — ARTICULATE_CLOSE(0.0, 0.7) — UNGRASP

APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)
NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) - MOVE_EEF_FORWARD(0.1) — LIFT_EEF_DOWN(0.3) — UNGRASP

APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)
NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) — MOVE_EEF_FORWARD(0.1) — LIFT_EEF_DOWN(0.3) — UNGRASP

T

T2

R S N e Bl S

Ts

o —

Ta

[\S]

Table 7. Evolutionary Trajectory for Task 7;: “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)
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

NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.3) - MOVE_EEF_FORWARD(0.45) — MOVE_EEF_FORWARD(0.2)
— LIFT_LEEF_DOWN(0.3) — UNGRASP

0 NAVIGATE_TO_TARGET — APPROACH — CONVERGE — GRASP — ARTICULATE_CLOSE(0.0, 0.5) — UNGRASP

NAVIGATE_TO_-TARGET — APPROACH — CONVERGE — GRASP — ARTICULATE_CLOSE(0.0, 0.6)
— MOVE_EEF_FORWARD(0.1) — UNGRASP

1670 Evolution of Task 7, (Put the cup on the table) Similar

1671 to 73, Table 10 shows that placing a cup on a specific spot remains open throughout, and
1672 on the table required adjusting the robot base’s orientation no collision or .
1673 (TURN_BASE) to reach the target zone. environmental change is

observed during this step.",
"Step 1 observation (4 frames)":

1674 VLM Reasoning Process. To illustrate the decision- "The robot base moves
1675 making capability of the Self-Evolution mechanism, we romrEee, Uofs meres Eomee
1676 provide the raw reasoning outputs for Task 7; in the box the refrigerator. During
.. . .. this motion, the robotic arm
1677 below. This includes the step-wise critiques m.- and the fi- . .
K i collides with the open
1678 nal Global Supervisor reasoning. refrigerator door, causing
1679 First, subtask 3 underwent two iterations, and the output it to swing shut partially,
1680 of all iterations are: which alters the environment
and obstructs access to the
refrigerator compartment.",
"iter_1": { "Step 2 observation (2 frames)":
"VLM-Observation": ({ "The robot performs the
"Step 0 observation (4 frames)": UNGRASP action while its arm
"The robot base navigates is positioned near the now
to the support (refrigerator partially closed
), positioning itself near refrigerator door. No
the open refrigerator door. further collision occurs,
The refrigerator door but the glass is not placed
1681 1682
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Table 8. Evolutionary Trajectory for Task 72: “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 ‘

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)
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

3 NAVIGATE_TO_SUPPORT — MOVE_BASE_BACKWARD(0.3) - MOVE_EEF_FORWARD(0.4) — TURN_BASE_LEFT(45)

— MOVE_EEF_FORWARD(0.2) — UNGRASP

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 73: “Put the apple into the bow!l”. The placement subtask (Subtask 2) required 2 iterations

to prevent collision with the bowl’s rim.

Subtask | Iter |

1 ‘ 0 ‘ APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)

0 | NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) — MOVE_EEF_FORWARD(0.1) — LIFT_EEF_DOWN(0.3) — UNGRASP

NAVIGATE_TO_SUPPORT — MOVE_BASE_BACKWARD(0.15) — MOVE_EEF_FORWARD(0.4) — TURN_BASE_LEFT(15)

2 — MOVE_EEF_FORWARD(0.1) — LIFT_EEF_DOWN(0.4) — UNGRASP

NAVIGATE_TO_SUPPORT — MOVE_BASE_BACKWARD(0.3) - MOVE_EEF_FORWARD(0.2) — TURN_BASE_RIGHT(20)

2 — MOVE_EEF_FORWARD(0.25) — LIFT_EEF_DOWN(0.4) — UNGRASP
inside the refrigerator due positioning itself so the
to the obstructed access arm can reach the open door.
caused by the doors position No collision occurs, and
The environment remains the refrigerator door
unchanged during this step." remains open; the
b environment status is
"reason": "During the execution of unchanged. ",

"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

"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 7.: “Put the cup on the table”. Subtask 2 required 2 iterations, heavily relying on base

rotation to align with the table surface.

Subtask | Iter |

1 o]

APPROACH — CONVERGE — GRASP — LIFT_EEF_UP(0.2)

0 NAVIGATE_TO_SUPPORT — MOVE_BASE_FORWARD(0.4) - MOVE_EEF_FORWARD(0.1) — LIFT_LEEF_DOWN(0.3) — UNGRASP

NAVIGATE_TO_SUPPORT — TURN_BASE_RIGHT(60) - MOVE_EEF_FORWARD(0.4) - MOVE_EEF_FORWARD(0.1)

2 — LIFT_EEF_DOWN(0.3) — UNGRASP
5 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 navigates to the
, but the glass is not refrigerator, positioning
visible inside the itself beside the open door
refrigerator, indicating it without hitting any
was not placed successfully. obstacles. The environment
No collision occurs, and remains unchanged during
the refrigerator door this step; the refrigerator
remains open; no door stays open, and no
environmental changes are unintended movements or
observed." collisions occur.",
b o "Step 1 observation (1 frames)":
"reason": "The task failed because "The robot arm extends

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

"
LI

"new_sequence": [18, {"15": 0.3},
{"13": 0.45}, {"9": 0.2}, {"8":
0.3}, 5]
}
1685
1686 Next, here are the output results for subtask 4:
"iter_1": {
"VLM-Observation": {
"Step 0 observation (5 frames)":
"The robot successfully
1687
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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.",
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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."
}I
"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.
this,
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,
{"1i9": [0.0, 0.6]1},
5]

To correct
we should extend the

2, 3

{V"9¥s @1},

C.7. Failure Details and Analysis

C.7.1. Performance Variance across VLM Architectures

We conducted a comparative study on the self-evolution
performance of three VLMs: Gemini-3-Flash, GPT-
5.2, and Qwen3-VL (specifically, the open-source model
gwen3-vl-235b-22a-thinking). While all models demon-
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strated reasoning capabilities, their evolution strategies ex-
hibited distinct characteristics:

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

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

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

C.7.2. Case Studies on Persistent Failures

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

Case 1: Kinematic Obstruction in Task 7; (Glass —
Fridge). Figure 9 shows the first 4 iterations of subtask
3 (placing the glass into the refrigerator), which ultimately
failed after 5 iterations. The visual record shows the robot
attempting to extend its arm deep into the refrigerator.

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

Case 2: Precision Placing in Task 73 (Apple — Bowl).
Figure 10 depicts a failure in Subtask 2 (Place apple into
bowl). The challenge here is fine-grained spatial alignment.

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

Iter 4

Figure 9. Failure Analysis for 7; 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 73 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 plan
offline based on static visual feedback, the VLM cannot rely
on real-time continuous servoing. This results in an oscil-
lation where the robot either adjusts too little (incremen-
tal trial-and-error) or modifies parameters too aggressively,
missing the target window.

C.8. Downstream Policy Learning

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

Policy architecture. Figure 11 illustrates the policy ar-
chitecture. The policy takes point clouds and proprio-
ceptive states as input. The point cloud input contains
3D coordinates (z,y,z) and an end-effector mask. Be-
fore encoding, we apply point-cloud randomization, includ-
ing downsampling to 1024 points, translation perturbation
within £0.04m, and Gaussian noise with standard deviation
o = 0.005. The randomized point cloud is then encoded
by a PointNet encoder composed of an MLP sequence and
global max pooling.

The proprioceptive input contains the end-effector po-
sition, end-effector quaternion, gripper state, and mobile-
base state. We normalize the proprioceptive vector and fuse
it with the PointNet feature. The fused feature is linearly
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projected and combined with positional encoding. We use
a causal Transformer with time window 7' = 10, 4 lay-
ers, hidden dimension 512, 8 attention heads, and dropout
0.1. The Transformer output is passed to an action MLP to
predict a 10-DoF action, consisting of 7-DoF arm/gripper
control and 3-DoF mobile-base control:

ar =[Ax, Ay, Az, Ary, Ary, Ar,

(37
Ggripper Axbasea Aybase» Aebase] .

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

Domain randomization. We apply domain randomiza-
tion during data generation to obtain more diverse and
robust demonstrations. Specifically, for each generated
demonstration, we perturb the target-object scale along the
XYZ dimensions with a scale noise of £0.10. For tasks
involving articulated-object interaction, such as opening a
refrigerator, we additionally perturb the target-object orien-
tation around the z axis within £7/12. These perturbations
force the policy to learn from varied object geometry and
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Point Cloud Randomizer

(7 v +  Down Sample 1024 pts
« Translation +0.04m
Gaussian Noise 0=0.005

Point Cloud PointNet Encoder

(x, y, z + EEF mask) MLP Sequence

Max Pool (Global)

Normalization

Y Feature

Fusion

Proprioception
(eef_posx3, eef_quatx4,
gripperx2, base_statex3)

Linear Projection

r A \
t—9

Position

@ Encoding

{ \
Action 1 Arm ' Mobile Base |
1
Output : | Abase :
N | x3 !
(— Gripper | :
| Aposx3 Arotx3 T 1 | (x,y,yaw) '
L I\ _______________________________ /I
Action MLP Causal Transformer
7 * 8heads
Dim 512
512 N— Dropout 0.1
512
X 4
Time Window T = 10 A

t—1

t

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-
ministic scene layout.

During policy evaluation, we apply the same domain-
randomization setting as in data generation. In particular,
the XYZ dimensions of the target objects are perturbed with
scale noise 4-0.10, and the target-object rotation around the
z axis is perturbed within +7 /12 when applicable. This
evaluation setting verifies that the learned policies retain ro-
bustness under object-scale and pose variations.

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