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Figure 1. Overview and example outputs of SAGE. Given an open-ended user request, our system autonomously composes realistic, diverse,
and simulation-ready 3D environments. The generated scenes are directly deployable in modern simulators, supporting embodied tasks such
as Mobile Manipulation and Pick-and-Place. Through agent-driven reasoning, generator orchestration, and multi-level augmentation, the
framework produces interactive environments at scale for robot policy learning.

Abstract

Real-world data collection for embodied agents remains
costly and unsafe, calling for scalable, realistic, and
simulator-ready 3D environments. However, existing scene-
generation systems often rely on rule-based or task-specific
pipelines, yielding artifacts and physically invalid scenes.

We present SAGE, an agentic framework that, given a
user-specified embodied task (e.g., “pick up a bowl and
place it on the table”), understands the intent and auto-
matically generates simulation-ready environments at scale.
The agent couples multiple generators for layout and object
composition with critics that evaluate semantic plausibility,
visual realism, and physical stability. Through iterative rea-
soning and adaptive tool selection, it self-refines the scenes
until meeting user intent and physical validity.

“This work was done while Hongchi Xia was an intern at NVIDIA.

The resulting environments are realistic, diverse, and di-
rectly deployable in modern simulators for policy training.
Policies trained purely on this data exhibit clear scaling
trends and generalize to unseen objects and layouts, demon-
strating the promise of simulation-driven scaling for embod-
ied AI. Code, demos, and the SAGE-10k dataset can be found
on the project page here.

1. Introduction

Embodied Al is on the hunt for data. Unfortunately, while
the web has powered large vision and language models
[2, 37], neither the web nor the real world can resolve the
pressing data needs of embodied agents. Real-world embod-
ied data collection is slow and costly [50], and is fundamen-
tally constrained by the need for interactive environments
[39]. Simulation thus emerges as the natural alternative,
providing scalable, interactive, and low-cost embodied envi-
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Input Methodology Simulation-Ready Output
Framework Method Open- Modali Built-in Scene Grounded Self- Fine-grained Collision w/Physical Simulator-
Vocabulary ty Generation in3D  Improvement Control Check  Attributes Validated
Rule-based Infinigen [38], ProcTHOR [7] X Text v v X X X X X
AN Nata.  DiffuScene [44], Text2Room [15] Text /3D Scene
Driven  ATISS [35], PhyScene [59] X Floor Plan v v X X X X X
CommonScenes [64], EchoScene [65] Scene Graph
LLM/VFMs LayoutGPT [9], LayoutVLM [41], I-Design [3] X X X
Static Holodeck [60], ArtiScene [14], Architect [52] v Text v v X X X
Pipeline  AnyHome [10], Scenethesis [24], GenUSD [23] ¥ (pose-only) v
Agent- SceneWeaver [61] v Text X v v v v X X
based SAGE (Ours) Text (+Image) v v v

Table 1. Comparison of scene generation methods. Our agent-based method uniquely fulfills all criteria, enabling scalable generation of

simulator-validated data essential for robotic applications.

ronments with safety guarantees [28].

To effectively support embodied Al, simulated data must
satisfy four desiderata: (i) Realism: the geometry, appear-
ance, semantic structure, and physics of the simulation
should resemble the real world closely enough that poli-
cies learned in simulation can reliably transfer to reality;
(i1) Diversity: simulation should encompass a wide range of
assets, environments, and tasks to prevent overfitting and sup-
port generalization; (iii) Simulation-readiness: objects and
scenes must be physically stable, interactable, and directly
compatible with modern simulators for large-scale training;
(iv) Task-awareness: simulation environments should adapt
to and facilitate the training of various targeted embodied
tasks. For instance, a data engine should provide various
kitchens for household robots, fire-hazard scenes for rescue
robots, surgical rooms for medical robots, etc.

Unfortunately, existing methods for generating 3D simu-
lated data fall short on one or more of these criteria. While
Real2Sim approaches [17, 54-56] prioritize realism by re-
constructing digital twins from the real world, the high costs
of data capture and reconstruction make them difficult to
scale. In contrast, generative approaches offer a more scal-
able alternative, but still face significant bottlenecks. For
example, rule-based systems [7, 38] ensure physical plau-
sibility but sacrifice flexibility and diversity. Data-driven
approaches [15, 35, 44] improve realism, but their limited
3D training data prevents them from generalizing to new
room types, handling open-vocabulary prompts, or support-
ing fine-grained layout control. Pipelines based on founda-
tion models [9, 41, 60] enable text-driven generation but lack
3D grounding, yielding physically invalid scenes. Perhaps
most importantly, these systems are static: their “computa-
tional graph” is fixed, preventing adaptive reasoning and self-
correction. Recently, a concurrent work, SceneWeaver [61],
takes a step toward agentic scene generation. Yet, it is not
directly deployable in simulation due to missing physical
attributes and the absence of simulator-in-the-loop verifica-
tion. There are still major gaps in (1) physical grounding for
interaction and (2) compatibility with robot simulators, as
shown in Tab. 1.

In this work, we present SAGE, a novel agentic frame-
work for scalable 3D scene generation that produces
simulation-ready environments directly from arbitrary user
prompts. The agent, operating over Model Context Proto-
cal (MCP) [29], adaptively orchestrates generators for floor
plans, structured layouts, and text-to-3D assets, while two
complementary critics provide continuous feedback: a visual
critic for semantic/spatial coherence and a physics critic with
simulator-in-the-loop validation (Isaac Sim [32]) for stability
under gravity and collisions. This closed loop enables self-
correction without hard-coded tool order and yields scenes
that are both realistic and interactable.

We scale these scenes for embodied Al by applying multi-
level augmentation (object configuration, object category,
and layout) to generate diverse yet task-consistent environ-
ments. On top of these scenes, we automatically synthesize
action data with grasp pose proposals [63], collision-aware
Inverse Kinematics (IK) [42], and navigation planning, and
train a Diffusion Policy [4]. Experiments show clear scaling
trends with increasing scene diversity and demonstration
count, and improved generalization to unseen objects and
layouts.

In summary, our contributions are twofold:

* An agentic scene-generation framework that unifies
multiple generators with visual and physics critics under
MCP, enabling adaptive tool use, self-improvement, and
simulator-validated stability. It generates open-vocabulary
scenes with state-of-the-art realism and physical validity.

* An embodied Al data pipeline that automatically gener-
ates unlimited scenes and teacher demonstrations for imi-
tation learning, yielding clear scaling benefits and stronger
generalization to unseen environments.

2. Related Works

3D Indoor Scene Synthesis Early work synthesized in-
door scenes with procedural systems such as ProcTHOR [7]
and Infinigen Indoors [38], assembling layouts via rules and
grammars. This paradigm grounds geometry and scales well
but fixed recipes constrain open vocabulary, fine-grained
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Figure 2. Overview of SAGE scene generation. Our system converts open-vocabulary text prompts into simulation-ready 3D scenes by
orchestrating multiple generator tools and critics. The agent dynamically calls generators (Scene Init, Asset Placer/Mover/Remover) to
construct and refine layouts, while visual and physics critics provide iterative feedback for self-improvement. The visual critic suggests
semantic corrections (e.g., missing or misplaced objects), and the physics critic validates stability via Isaac Sim. For example, after applying
physics critic in the bottom image, the newly added pillows on the bed fall flat. This self-improvement process ends when the agent considers
that the generated scene meets the input user requirements. The resulting scenes can be further scaled via augmentation and used for

embodied policy learning.

control, and self-improvement, and rarely expose physics-
rich attributes beyond hand-coded rules. Data-driven meth-
ods such as ATISS [35] and DiffuScene [44], along with
graph-aware CommonScenes [64] and EchoScene [65], learn
strong spatial priors and yield realistic layouts with neural
3D generators; nevertheless they inherit closed taxonomies,
offer limited object-level levers, and do not attach explicit
physical properties or run simulator-side validation. Mo-
tivated by advances in long-horizon reasoning for LLM
agents [12, 53, 62], recent methods shift to language- or
vision-assisted scene synthesis. Holodeck [60] and Ar-
tiScene [14] leverage LLMs or image intermediaries to
widen semantic coverage and stylistic control; however,
they usually follow static, pre-ordered modules, provide
little self-improvement, have sparse 3D grounding, and
omit physics validation such as collision or stability. Some
works [10, 24] combine LLM planning with vision-guided
refinement under constraints, but the refinement is only on
asset pose. Building further on agent capabilities for iter-
ative decision making and self-reflection [16, 40], agentic
pipelines [23, 61] generate complete layouts and refine them
through feedback. SceneWeaver [61] further leverages tool
use for relation/collision-aware placement. Despite these
advances, orchestration often outweighs end-to-end simula-
tion deliverables: physical attributes are not systematically
attached and simulator-validated outputs are not the default
artifact. Our method SAGE pushes from “semantically plau-
sible” to task-aligned, simulation-ready: we support open-
vocabulary prompts (with optional images), generate scenes
natively, attach object-level physical properties, and perform
in-simulator validation (collision and stability), so outputs
are directly deployable for embodied policy training.

Simulation Environment for Embodied AI In recent
years, numerous simulation benchmark environments have
been developed to provide safe, scalable, and controllable
platforms for evaluating robot learning algorithms before
real-world deployment. LIBERO [25], CALVIN [27] and
SimplerEnv [22] focus on tabletop manipulation tasks such
as pick-and-place and object rearrangement using simple
robotic arm setups. iGibson [20], Habitat [43], BEHAVIOR-
1K [21], ManiSKkill [45], RoboCasa [30], AI2Thor [18], Vir-
tualHome [36], ThreeDWorld [11] extend the scope to home-
scale embodied activities that combine object interaction and
motion planning within complex 3D indoor scenes. Some
recent works also aim to unify and scale up embodied Al
benchmarking. RoboGen [51] combines automatic object
generation and task generation. RoboVerse [13] integrates
multiple simulators and benchmarks to support seamless
transitions across environments. Underlying these platforms
are diverse physics engines such as PyBullet [5], MuJoCo
[47], Isaac Sim [32], SAPIEN [57], Genesis [1], which are
specifically developed for robotics simulation, and Unity
[48], Unreal [8], which are designed for game developments.
While many of these frameworks provide rich, realistic, and
ready-to-use environments for embodied Al, they often re-
quire substantial manual effort for scene and asset creation.
Others rely on procedurally retrieved assets, which can limit
diversity when scaling up. And the simulation is often
only enabled when the creation is complete. In contrast,
SAGE integrates 3D generation frameworks, enabling open-
vocabulary asset creation with high flexibility and minimal
manual intervention. Furthermore, by incorporating sim-
ulation directly into the generation loop, SAGE supports
iterative self correction and improvement.
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3. Method

Given a user demand with a robot task description, our goal
is to generate diverse 3D scenes ready to run embodied
agents in simulation for scalable policy learning. At the core
of SAGE is an agent-driven scene generation framework,
detailed in Sec. 3.1. Based on the feedback from visual
and physical critics, the agent effectively self-improves the
generation with multiple editing operations supported by
scene generator tools. In Sec. 3.2, we describe how scene
generation can be easily scaled up with object-level and
scene-level augmentation, which can then be used for action
generation to train embodied Al policy.

3.1. Agent-driven Scene Generation

SAGE operates under the Model Context Protocol (MCP), a
standardized protocol for seamless interaction with external
tools [29]. In this setup, the agent acts as the MCP client,
while each tool (e.g., layout generator, physics simulator) is
hosted behind an MCP server. The agent takes a chain of
actions to improve the scene until the scene is considered
visually realistic and physically stable. In each iteration,
when the agent identifies the need for a specific capability,
e.g., generating a floor plan or validating physical stability, it
sends a structured request through MCP. The server executes
the corresponding operation, returns the result, which the
agent incorporates as feedback to decide the next action.
This setup enables adaptive, tool-driven scene generation
without hard-coded logic. Fig. 2 summarizes our approach.

3.1.1. Generator

The scene is constructed through a set of generator tools that
the agent dynamically invokes via MCP. Each tool performs
a specific operation — initializing layouts, adding new assets,
or adjusting existing ones — and can be flexibly composed
based on the agent’s reasoning and critic feedback. This
allows for iterative, adaptive scene construction with fine-
grained control over content and structure.

Scene Initializer takes the scene specification as input
and is responsible for generating an empty 3D room (with
only floor and walls). It also outputs a list of proposed
objects, each with a text description, estimated physical
attributes, and placement constraints (e.g., relationship to
other objects, boundaries). The textures of floor and wall are
generated by MatFuse [49], with a size assigned from the
LLM prediction. The object list reflects the scene demands
or robot task descriptions. For example, if the user asks about
learning a task of “pick an apple and place it to a bowl”, the
generator will include the required apple and bowl in the
object list to be returned to the agent.

Asset Placer takes in a text string describing the placement
requirement for a few objects. Its task is to generate and
place these objects into the 3D scene. We generate objects

with TRELLIS [58] given a text description. To make the
object simulation-ready, we also leverage a VLM to estimate
physical properties, including height to rescale the unit-sized
object, mass for physical simulation, and metallic/roughness
values for physics-based rendering (PBR). For each object,
we use an LLM to analyze the input placement condition and
choose one of the three categories: floor, wall, and on-top.
This further guides the placement sequence and constraints
of each placement. We adopt depth first search with collision
avoidance to place the objects to possible location candidates
following the sequence, and choose the placement the best
satisfies the constraints.

Asset Mover locates and moves the object specified in
the input text string. This is achieved by first removing the
object and then reusing the placement planner from the Asset
Placer to reloate the object. Movement instructions typically
come from the visual critic.

Asset Remover removes the object described in the input
text, using LLM-based reasoning to locate the object in the
scene. It is usually called when the critics (described later)
gives feedback to remove an object.

3.1.2. Critic for Self-Improvement

Naively stacking different generators causes error accumula-
tion from individual imperfections. Errors generally fall into
two types: visual artifacts (e.g., missing or misplaced ob-
jects) and physical violations (e.g., instability or collisions).
To mitigate this, we introduce a visual critic that assesses se-
mantic and spatial coherence, as well as a physics critic that
enforces stability and simulator readiness. Together, they
guide iterative self-correction high-quality scene generation.

Visual Critic To evaluate and improve the layout quality
and scene completeness, we introduce a visual critic. The
critic takes the current scene configuration as input, i.e., ob-
ject placements and multi-view renderings (top-down and
four corner views), and proposes new objects to place as well
as adjustments to existing placements. Its feedback is then
incorporated to aid the agent’s decision-making of the most
appropriate generator to invoke next. By integrating these
visual feedback signals, the agent gains a more comprehen-
sive understanding of the current scene state and can decide
which generator to invoke next for optimal refinement.

Physics Critic Beyond visual realism, a generated scene
must also be physically stable and simulation-ready to
support embodied learning. To achieve this, we employ
simulation-in-the-loop validation during generation. After
each object addition, movement, or removal. the scene is
loaded into Isaac Sim [32] to test its physical stability. We
measure the pose change after simulation and reject place-
ments that cause instability or collisions, retaining only can-
didates that preserve global stability. If the generator fails to
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find a stable configuration, the critic reports the failure to the
agent, suggesting alternative actions such as using smaller
objects or adjusting placement target locations. Through this
iterative validation loop, SAGE maintains near-perfect phys-
ical stability, ensuring that the resulting scenes are directly
deployable for downstream embodied learning tasks.

3.2. Scaling the Scene for Embodied Al

To train a robust and generalizable policy, it is not sufficient
to use a single generated scene; instead, we must generate a
diverse set of simulation-ready scenes that follow the user’s
task specification. To this end, we introduce a scene augmen-
tation strategy that systematically expands each generated
environment into numerous variants while preserving task se-
mantics. These augmented scenes are then used to generate
corresponding robot actions via motion planning, followed
by imitation learning to train task-specific embodied policies.

3.2.1. Scene Augmentation

To scale one generated scene into a diverse yet task-
consistent set of variants, we apply (1) task-relevant ob-
ject augmentation (configuration, category) that diversifies
key objects while preserving task semantics, and (2) task-
irrelevant scene augmentation to enrich the rest of the scenes.

Object Configuration-level The pose of ecach task-
relevant object (e.g., the target to be picked, placed on, or
navigated toward) is resampled within the current scene to
create variations in object placement. This process increases
spatial diversity while preserving overall scene semantics.

Object Category-level Given the text description of each
task-relevant object from the generation stage, we employ
an LLM-based text augmentation to produce variations in
geometry and texture (e.g., shape, color, material, or finish)
while maintaining the original object category. We then use
TRELLIS [58] to synthesize corresponding 3D assets from
these augmented descriptions, which are placed into the
scene to enrich visual and physical diversity across instances.

Scene Layout-level While the above augmentations mod-
ify task-related objects, the background environment remains
unchanged. For tasks requiring full-scene exploration or nav-
igation, we introduce layout-level augmentation, where the
background scene, including room geometry and all task-
irrelevant objects, is regenerated through the agent-driven
scene generation. This process produces diverse scene lay-
outs sharing the same task specification, enabling learning
policies that generalize across spatial configurations.

Simulation-ready Validation After each augmentation
step, we call the physics critic to ensure the stability and
physical plausibility of all placements. Object-level physical
properties such as mass and PBR parameters are estimated
by a VLM as before. This guarantees that every augmented

scene remains physically valid and immediately deployable
for policy training.

3.2.2. Action Generation

The generated environments are now ready for downstream
embodied Al tasks. We demonstrate their utility on two
representative tasks, i.e., Pick-and-Place and Mobile Manip-
ulation, and automatically generate large-scale action demon-
strations using established motion planning techniques. This
enables scalable policy learning and highlights the benefits
of simulation-ready scene generation.

Pick-and-Place For grasping actions, we use M2T2 [63]
to generate grasp pose candidates from rendered depth im-
ages. Collision-free trajectories are computed by integrating
Curobo [42] into the motion planning and inverse kinematics
pipeline, ensuring feasible and stable grasp execution.

Mobile Manipulation This task is composed of navigation
with object pick-and-place in between. For the navigation
motions, we adopt RRT [19] for robot path planning, gener-
ating collision-free trajectories between designated start and
target positions.

Failure Modes Motion planning is not always successful,
often due to inaccurate grasp pose predictions, unreachable
target configurations, or unexpected collisions during trajec-
tory execution. We filter out failed examples by performing
collision checks and verifying whether each manipulated
object reaches its expected location.

3.2.3. Policy Learning

Given the large-scale action data generated from motion
planning, we employ imitation learning to train generaliz-
able policies from these demonstrations. Specifically, we
use Diffusion Policy [4] for policy learning. The model
takes as input RGB and depth images from multiple cam-
era views along with corresponding end-effector trajectories,
and outputs continuous actions for next-step execution.

4. Experiments

We evaluate scene generation in Sec. 4.1. In Sec. 4.2, we
demonstrate how scalable scene and action data generated
by our framework improves policy generalization.

4.1. Scene Generation

4.1.1. Setup

Implementation Details SAGE integrates a series of large
foundation models, including LLMs, VLMs, and specialized
generators for 3D objects and background textures. We use
open-source models hosted via self-managed APIs to ensure
reproducibility. Specifically, we adopt gpt-oss-120b [34] as
both the agent LLM and the integrated LLM, and Qwen3-
VL-30B-A3B-Instruct [46] for vision—language reasoning.
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Figure 3. Common and open-vocabulary scene generation comparison. Compared with baselines, SAGE produces more complete scenes
with more realistic layouts on common room types, while following the style prompts more faithfully on open-vocabulary queries.

Roo Visual Physics
Type Method -
#0bj 1 Real. 1 Func. 1 Lay.t Comp. 1 Coll. % | Stab. % 1
Holodeck[60] 285 74 6.8 50 6.1 29.1 51.0
Bedroom SceneWeaver[61] 17.5 9.0 9.7 78 75 31.0 58.8
SAGE (Ours) 483 9.0 10.0 8.0 95 23 99.8
Holodeck[60] 285 6.7 6.1 44 6.2 16.0 73.8
Kitchen SceneWeaver[61] 37.5 8.2 7.7 6.8 72 28.0 67.0
SAGE (Ours) 476 85 9.0 7.8 7.6 0.7 100.0
I ivine Holodeck[60] 340 83 73 57 73 20.8 66.5
Room SceneWeaver[61] 181 85 93 72 68 395 772
SAGE (Ours) 48.8 88 9.5 7.8 74 2.7 100.0
Holodeck[60] 303 7.5 6.7 50 6.5 220 63.8
Average SceneWeaver[61] 24.4 8.6 89 73 72 328 67.7
SAGE (Ours) 482 838 9.5 79 82 19 99.9

Table 2. Scene generation evaluation on common scene types.
Scores averaged across 10 scenes per room type. SAGE consistently
outperforms prior methods across all categories.

Metrics Following [61], we evaluate the visual quality
and physical plausibility with scores averaged across 10
generated scenes per room type. Visual metrics cover Re-
alism, Functionality, Layout, and Completeness based on
GPT-4.1 [33]. Physical validity includes the collision ratio
of 3D object meshes using trimesh [6], and the ratio of sta-
ble objects within Isaac Sim [32]. An object is considered
unstable if its relative translation exceeds 0.2 meter or its
rotation exceeds 8 degrees after 120 simulation steps.

Baselines We compare against two state-of-the-art meth-
ods using their official codebases. Holodeck [60] is LLM-
driven but lacks self-improvement due to its fixed generation
pipeline. SceneWeaver [601] is agent-based yet omits simu-
lator validation, yielding non—simulation-ready scenes.

4.1.2. Experiment Results

Common Types We evaluate SAGE and the baselines on
three common indoor scene types: Bedroom, Kitchen, and
Living Room. Quantitative results are reported in Tab. 2,
with qualitative comparisons in Fig. 3. SAGE achieves the
best results across all metrics, in both visual quality and
physical stability. Holodeck [60] generates fewer objects
with lower realism and functionality, and exhibits frequent
collisions due to its rigid, predefined generation pipeline.
SceneWeaver [61] achieves moderate visual quality but ex-
hibits high collision rates and low stability, mainly due to
its absence of simulator-based validation. As illustrated in
Fig. 5, baseline scenes show displaced or fallen objects after
simulation, whereas SAGE remains fully stable.
Open-Vocabulary Types We further demonstrate the
open-vocabulary generation capability of SAGE across a
wide range of scene types. As shown in Fig. 3 and Fig. 4, our
method successfully generates highly diverse and stylized
spaces (e.g., Gym, Office, Cyberpunk game den, Starry-night
bedroom). Unlike retrieval-based methods, our text-to-3D
object synthesis enables the creation of long-tail, semanti-
cally coherent scenes with faithful adherence to user prompts
and distinctive visual styles.

Ablation Study We conduct an ablation study to assess the
impact of each critic design. As shown in Tab. 3, adding the
visual critic substantially improves visual quality, while the
physics critic greatly reduces collisions from 7.8% to 1.9%
and raises stability to 99.6%. Combining both critics yields
the best overall performance across all metrics, confirming
that visual feedback and simulation-in-the-loop validation
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Figure 4. Additional open-vocabulary generation. SAGE produces diverse, semantically coherent scenes spanning various styles and
functionalities, from Gym and Office spaces to creative themes like “Cyberpunk game den” and “Starry-night bedroom”.

Holodeck [60] SceneWeaver [61]

SAGE (Ours)

Before

After

Figure 5. Stability verification. Generated scenes are loaded into
IsaacSim for physical validation. Both baselines exhibit displaced
objects due to instability, whereas SAGE preserves scene stability
before and after simulation.

Critics Setting Visual Physics
Visual Physics| #0bj 1 Real. 1 Func. 1 Lay.t Comp.t Coll. % | Stab.% 1
X X 353 8.5 92 15 73 7.8 80.3
v X 50.1 8.9 95 8.1 8.1 3.7 84.1
X v 36.8 8.8 9.3 7.7 7.8 19 99.6
v M 53.7 8.9 9.6 8.0 8.2 0.8 100.0

Table 3. Ablation study on critics. Results are averaged over five
scenes for each of three room types. Adding both visual and physics
critics leads to the best results, confirming their joint importance in
scene generation. Best is in bold, second best is underlined.

are complementary and critical for generating realistic and
physically stable scenes.

4.2. Embodied AI Learning

We evaluate whether the diversity of our generated scenes
enables effective scaling by measuring policy improvements
under increasing scene and demonstration counts.

4.2.1. Setup

Implementation Details We study two representative
tasks: (1) Pick-and-Place with a Franka Emika Panda robot,
(2) Mobile Manipulation using a Franka Emika Panda arm
mounted on an Omron LD-60 mobile base [31, 66]. All
action data generation and policy rollout are conducted in
Isaac Lab [28] on NVIDIA L40S GPUs with parallel simu-
lation. Policies are trained via the imitation learning frame-
work Robomimic [26]. Pick-and-Place uses a single model,

whereas the long-horizon Mobile Manipulation is decom-
posed into four sequential policies. Each policy is responsi-
ble for one stage of the task (see task description) and also
predicts a termination signal for stage transition. We report
success rates averaged across three held-out scenes, each
evaluated with 90 random robot spawning poses and object
configurations.

Task Description For Pick-and-Place, the robot must pick
up a mug from the table and place it into a bowl. For Mobile
Manipulation, the robot is initialized at a random position
in the scene. It needs to navigate to a table with a coke can,
pick it up, move to another desk, and place the can on it.

Scene and Action Generation SAGE can automatically
generate large-scale scene and action data starting from the
task descriptions. Object-level and scene-level augmentation
is applied to Pick-and-Place and Mobile Manipulation, re-
spectively. We collect over 28k demonstrations for Pick-and-
Place with 264 unique objects and nearly 50k demonstrations
for Mobile Manipulation across 50 diverse scenes.

4.2.2. Policy Learning

Scaling Trend with SAGE-generated Data As shown in
Fig. 6 and Fig. 7, policy success rates increase with the num-
ber of scenes. Despite that the learned policy only has access
to partial visual observations, it gradually converges towards
the privileged agent which has full access to the entire 3D
scene information. To contextualize performance relative
to task difficulty, we also compare the success rate between
policy rollout and motion planning in Tab. 4. Our results
show that the learned policy achieves success rates approach-
ing those of the underlying motion planner, confirming both
the fidelity of the generated data and the effectiveness of
imitation learning at scale.

Comparison with Baselines Since existing methods rely
on heterogeneous simulation setups and implementations, di-
rectly integrating them into a unified environment is nontriv-
ial. To enable fair comparison, we design two baselines that
mimic the methodology of prior works by removing compo-
nents unique to our framework and substituting them with
their counterparts. As shown in Fig. 7, both baselines im-
prove slowly with scale—achieving less than one-third of the
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Figure 6. Examples and scaling curve on Pick-and-Place. Top lefi: diverse generation. Bottom lefi: example trajectory. Right: success rate
w.r.t. demo/object counts. More diverse object augmentations improve policy success, narrowing the gap to the privileged agent.
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Figure 7. Examples and scaling curve on Mobile Manipulation. Left: task overview. Mid-top: diverse generation. Mid-bottom: example
trajectory. Right: success rate w.r.z. demo/scene counts. Both baselines omit physics critic and replace text-to-3D object synthesis with
retrieval: Baseline 1 mimics SceneWeaver [61]; Baseline 2 further replaces the agent with a fixed pipeline, resembling Holodeck [60].
Diverse SAGE-augmented scenes boost the learned policy’s success and close the gap to the privileged agent, while removing physics critic
and object synthesis degrades performance (Baseline 1). Replacing the agent with a static pipeline further reduces success rate (Baseline 2).

Task Privileged Agent Policy Rollout
Train Test Train  Test
Pick-and-Place 65.3 577 63.4 50.0

Mobile Manipulation  68.4 52.8 546  46.0

Table 4. Comparison of training and test success rates for policy
rollout and motion planning. The learned policy generalizes well
from training to testing, and policy rollout performance approaches
that of the privileged motion planning.

Test Source Succuss Rate (%)

Training

Source Baseline 1 [61] Baseline 2 [60] SAGE
Baseline 1 [61] 132 93 14.4
Baseline 2 [60] 13.5 16.2 13.1
SAGE (Ours) 39.1 24.7 46.0

Table 5. Cross-Evaluation. SAGE policies generalize better on
out-of-distribution scenes. SAGE even achieves higher success
rates on baseline-generated scenes.

final success rate of the policy trained on SAGE-generated
data, even with the same number of demonstrations and
scenes. To further demonstrate the generalizability of our
trained policy, we test on baseline-generated held-out scenes
as in Fig. 7. As the results in Tab. 5, despite a distribution
shift favoring baselines, our trained policies achieve higher
success rates, indicating robust generalization. This compar-
ison highlights that the unique design of SAGE, including
agentic orchestration, physics validation, and text-to-3D syn-
thesis, is critical for generating effective training data. Our

method not only converges significantly faster than the base-
lines but also approaches the performance of the privileged
agent, demonstrating that high-quality, simulation-validated
scenes can efficiently drive policy learning. These results
suggest a promising path toward scalable, simulation-driven
learning for embodied Al.

5. Conclusion

We present SAGE, an agentic framework that turns open-
vocabulary text prompts into simulation-ready indoor envi-
ronments by orchestrating layout and asset generators with
visual and physics critics via MCP. The same pipeline scales
them for embodied learning through multi-level scene aug-
mentation and automatic action synthesis. On two represen-
tative tasks, i.e., Pick-and-Place and Mobile Manipulation,
policies trained purely on our generated data show clear scal-
ing with scene diversity and demonstration count, improving
generalization to unseen objects and layouts.

Limitations and future work. Our current scope empha-
sizes indoor scenes and rigid-body physics, and extending to
outdoor settings as well as articulated and deformable objects
is promising. Action generation presently targets flexible
compositions of pick, place, and navigation. Incorporating
additional tasks is a natural next step. Beyond imitation,
coupling the generator with online RL and real-robot closed-
loop validation could further boost performance.
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