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Fig. 1: SceneOrchestra is a trainable orchestration framework that outputs full tool-
call trajectories to generate 3D scenes, optimized for efficiency and quality. Building
on initial tool-call trajectories generated using an existing method, we train Scene-
Orchestra in two phases leveraging supervised fine tuning (SFT), direct preference
optimization (DPO), and model distillation techniques. At inference time, Scene-
Orchestra outputs efficient tool call trajectories that generate high quality scenes in
one shot.

Abstract. Recent agentic frameworks for 3D scene synthesis have ad-
vanced realism and diversity by integrating heterogeneous generation
and editing tools. These tools are organized into workflows orchestrated
by an off-the-shelf LLM. Current approaches typically adopt an exe-
cute–review–reflect loop: at each step, the orchestrator executes a tool,
renders intermediate results for review, and then decides on the tool
and its parameters for the next step. However, this design has two key
limitations. First, next-step tool selection and parameter configuration
are driven by heuristic rules, which can lead to suboptimal execution
flows, unnecessary tool invocations, degraded output quality, and in-
creased runtime. Second, rendering and reviewing intermediate results
after each step introduces additional latency. To address these issues, we
propose SceneOrchestra, a trainable orchestration framework that opti-
mizes the tool-call execution flow and eliminates the step-by-step review
loop, improving both efficiency and output quality. SceneOrchestra con-
sists of an orchestrator and a discriminator, which we fine-tune with
a two-phase training strategy. In the first phase, the orchestrator learns
context-aware tool selection and complete tool-call trajectory generation,
while the discriminator is trained to assess the quality of full trajectories,
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enabling it to select the best trajectory from multiple candidates. In the
second phase, we perform interleaved training, where the discriminator
adapts to the orchestrator’s evolving trajectory distribution and distills
its discriminative capability back into the orchestrator. At inference, we
only use the orchestrator to generate and execute full tool-call trajec-
tories from instructions, without requiring the discriminator. Extensive
experiments show that our method achieves state-of-the-art scene quality
compared to previous work.

Keywords: Scene Synthesis · Tool Orchestration · Agentic Framework

1 Introduction

3D scene synthesis plays a crucial role in advancing virtual reality, embodied
AI and robotic simulation [37, 46]. As these fields evolve, natural language has
emerged as a powerful interface for scene specification, offering intuitive control
over complex generation processes [3–6,10,13–15,23,31,35,40,42]. The ability to
efficiently synthesize high-quality 3D scenes from textual descriptions not only
democratizes content creation, but also opens new possibilities for personalized
virtual experiences and adaptive simulation environments.

Previous 3D scene synthesis approaches can be roughly grouped into three
categories: 1) rule-based methods [4, 31] that rely on hand-crafted constraints
for layout and object placement, 2) data-driven methods [15, 28, 36, 41] that
learn generative priors from curated scene datasets, and 3) LLM/VLM-powered
approaches [3,5,6,10,23,35,42] that leverage foundation models for semantic un-
derstanding. Each paradigm demonstrates specific strengths: rule-based methods
ensure physical validity, data-driven approaches capture realistic scene distribu-
tions, and LLM/VLM-based methods offer flexible controllability. However, they
remain fundamentally monolithic (only a single approach), unable to simultane-
ously achieve realism, fine-grained controllability, and physical reliability [40].

This limitation has motivated the development of SceneWeaver [40], an agen-
tic framework that integrates multiple heterogeneous tools within a feedback-
driven paradigm. SceneWeaver iteratively invokes different tools to refine the
scene and renders intermediate results after each step to guide subsequent tool
selection. While this iterative approach produces high-quality outputs compared
to earlier techniques, it suffers from two critical issues. 1) Next-step tool selec-
tion is guided by heuristic rules. Specifically, an off-the-shelf LLM [1] acts as the
orchestrator, selecting the next-step tool and its parameters based on manually
summarized use cases. This heuristic-driven strategy often leads to suboptimal
execution flows, unnecessary tool invocations, degraded generation quality and
increased runtime. 2) The feedback loop requires rendering and reviewing inter-
mediate results after each step, which introduces additional overhead. On aver-
age, SceneWeaver requires 1.5 hours per scene on a single A6000 GPU, severely
limiting its practical scalability.

To address these limitations, we propose SceneOrchestra, a trainable tool or-
chestration framework that directly predicts complete tool-call trajectories from
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user instructions. This design eliminates heuristic, step-by-step tool selection
and avoids the costly execute–review–reflect loop with repeated rendering and
review. Specifically, SceneOrchestra comprises two fine-tuned LLMs [39], an or-
chestrator and a discriminator. And we train the orchestrator and discriminator
in two phases, 1) independent training and 2) interleaved training.

For independent training, we first collect tool-call trajectories as training
data by running SceneWeaver [40] multiple times per training instruction, pro-
ducing diverse execution sequences. We train the orchestrator with a curriculum
that combines stepwise and full trajectory-level supervision. Stepwise training
enables the orchestrator to perform local context-aware tool selection, while
trajectory-level training guides the model to generate full trajectories for global
planning. In addition, we use supervised fine-tuning (SFT) [27] to learn basic
prediction capabilities, and direct preference optimization (DPO) [30] to enable
the orchestrator to self-evolve via preference learning. Meanwhile, we train the
discriminator to rank trajectories according to generation quality and efficiency.

After the first phase, the trajectory distribution generated by the fine-tuned
orchestrator deviates from the original distribution, since DPO pushes it towards
higher quality trajectories. Hence, we employ interleaved training to adapt the
discriminator to this updated distribution, and then distill its improved ranking
ability back into the orchestrator. This procedure alternates between two steps.
First, the orchestrator samples multiple trajectories for each user instruction in a
training set. We then execute and rank the trajectories to fine-tune the discrim-
inator. Second, the orchestrator samples multiple trajectories for a new set of
training instructions, and the updated discriminator ranks them without execu-
tion. We then use these rankings to construct preference pairs for trajectory-level
DPO fine-tuning of the orchestrator, further improving its trajectory generation.
Repeating this cycle progressively distills the discriminator’s ranking capability
back into the orchestrator. Finally, for inference we only invoke the orchestrator
to generate complete tool-call trajectories from user instructions and execute
them end to end.

In summary, our contributions are as follows:

– We propose a trainable tool orchestration framework for efficient agentic 3D
scene synthesis. It consists of an orchestrator that predicts complete tool-call
trajectories from user instructions and a discriminator that selects the best
trajectory among multiple candidates.

– We introduce a two-phase training strategy. We first train the orchestrator
and discriminator independently to obtain initial trajectory generation and
ranking capabilities. We then perform interleaved training to adapt the dis-
criminator to the orchestrator’s evolving trajectory distribution and distill
its assessment capability back into the orchestrator.

– Extensive experiments show that our approach achieves state-of-the-art gen-
eration quality.
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2 Related Work

3D Indoor Scene Synthesis. Early works in 3D indoor scene synthesis mainly
rely on procedural rules and handcrafted priors. Systems such as ProcTHOR [4]
and Infinigen Indoors [31] construct large-scale indoor scenes through rule-based
procedural pipelines, which enable scalable scene creation. However, these ap-
proaches are highly dependent on manually designed heuristics, which offer lim-
ited flexibility for open-ended scene generation. With the availability of large 3D
datasets, data-driven models have been proposed to learn scene layouts directly
from data. Autoregressive and diffusion-based models, such as ATISS [28], Dif-
fuScene [36], and Text2Room [15], generate object arrangements by modeling
spatial relationships between scene elements. Moreover, PhysScene [41] extends
this paradigm to more realistic and interactive environments. Despite improved
realism, these approaches typically still lack semantic controllability.

Recently, large language models (LLMs) and vision-language models (VLMs)
have been explored for structured scene generation. Methods such as Layout-
GPT [5], I-Design [3], AnyHome [6], and Holodeck [42] leverage LLMs to generate
structured scene layouts from open-world textual instructions. Other works inte-
grate language with visual feedback or optimization, including LayoutVLM [35],
ArticScene [10], and SceneThesis [23]. While these methods improve semantic
alignment and controllability, generating physically consistent indoor scenes re-
mains challenging. To this end, recent work starts using agentic pipelines to
ensure both semantic alignment and physical grounding.

Agentic Scene Synthesis. Scene synthesis relying on a single generative tech-
nique often struggles to simultaneously achieve realism, physical validity, and
fine-grained controllability [40]. Hence, recent work [17, 40, 44] is building on
agentic workflows that integrate multiple tools to improve generation quality
and control. Specifically, SceneWeaver [40] introduces an execute–review–reflect
loop: at each step, it selects and executes a tool, renders the intermediate result
for review, and then selects the next tool based on heuristics to iteratively re-
fine the current output. However, there are two limitations: 1) heuristic-based
next-tool selection cannot guarantee an optimal execution flow, which may de-
grade quality and increase runtime; and 2) rendering and reviewing intermediate
results at each step introduces additional latency. To address these issues, we
propose a trainable orchestration framework that optimizes the execution flow
and eliminates the step-by-step review loop, achieving higher quality in less time.

In addition, SceneSmith [29] and SAGE [38] are concurrent works that also
adopt agentic workflows. Compared to SceneWeaver [40], they integrate more
powerful tools, but their orchestration still relies on off-the-shelf LLMs. In con-
trast, we explicitly fine-tune an orchestrator for improved tool calling and global
planning, distinguishing our approach from these techniques.

Agentic Reinforcement Learning. Recent work has explored reinforcement
learning (RL) techniques for training agentic systems that interact with envi-
ronments through tool use [12, 18, 22, 43]. Offline RL methods learn from pre-
collected datasets without requiring additional environment interaction [7, 19–
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21], enabling safe learning from logged data. In contrast, online RL approaches
continuously interact with environments to collect new data [11,32–34], allowing
policies to adapt based on real-time feedback. In the context of agentic sys-
tems [45], offline training often relies on demonstrations and preference data.
Supervised fine-tuning (SFT) [24, 27] initializes the policy by imitating expert
demonstrations, while Direct Preference Optimization (DPO) [30] further re-
fines it using pre-collected preference data. More recent online methods such
as GRPO [34] perform real-time policy optimization by continuously collecting
trajectories and updating policies based on immediate environment feedback.
However, such online methods are impractical in our setting, where executing
a single rollout takes over one hour, making real-time policy updates infeasible.
Therefore, we adopt SFT and DPO in our approach.

3 Method

SceneOrchestra consists of two fine-tuned LLM components based on Qwen3 [39]:
an orchestrator and a discriminator. The orchestrator learns to generate com-
plete tool-call trajectories from instructions, while the discriminator learns to
select the optimal trajectory from multiple candidates. Our training proceeds in
two phases, as shown in Fig. 2. In the first phase, we train both components in-
dependently to develop initial trajectory generation and assessment capabilities.
In the second phase, we employ interleaved training that adapts the discrimina-
tor to the orchestrator’s evolving trajectory distribution and distills its assess-
ment capability back into the orchestrator. During inference, the orchestrator
directly generates a full tool-call trajectory and executes it end-to-end within
SceneWeaver’s [40] framework, without requiring the discriminator.

3.1 Preliminaries

We employ two complementary techniques to fine-tune our models in the first
phase: supervised fine-tuning (SFT) and direct preference optimization (DPO).

Supervised Fine-Tuning (SFT). SFT [24, 27] adapts a pretrained language
model (we use Qwen3 [39]) to a target task by learning from demonstrations.
Given training data DSFT = {(xi, yi)}Ni=1 containing input-output pairs, SFT
maximizes the likelihood of generating correct outputs:

LSFT(θ) = −E(x,y)∼DSFT [log πθ(y|x)] (1)

where πθ denotes the model parameterized by θ. This establishes basic task-
solving capability and output format alignment.

Direct Preference Optimization (DPO). DPO [30] improves upon SFT by
learning from comparative feedback. Given a preference dataset DDPO containing
triplets (xi, y

w
i , y

l
i), where output ywi is preferred over yli, DPO optimizes:

LDPO(θ) = −E(x,yw,yl)∼DDPO

[
log σ

(
β log

πθ(y
w|x)

πref(yw|x)
− β log

πθ(y
l|x)

πref(yl|x)

)]
(2)
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Fig. 2: Training Paradigm. Our training consists of two phases. In the indepen-
dent training phase, we train the orchestrator and discriminator separately to develop
their initial capabilities. The orchestrator undergoes four stages: 1) stepwise SFT, 2)
trajectory-level SFT, 3) stepwise DPO, and 4) trajectory-level DPO, learning context-
aware tool selection and complete trajectory generation. Meanwhile, the discriminator
learns to select the optimal trajectory from multiple candidates. In the interleaved
training phase, we adapt the discriminator to the orchestrator’s evolving trajectory
distribution, then distill this discriminative capability back into the orchestrator. This
enables inference with only the orchestrator, eliminating the need for the discriminator.

where πref is the reference model, β controls the sharpness of the preference
signal, and σ is the sigmoid function. This encourages the model to favor higher-
quality outputs ywi while staying close to the reference model.
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3.2 Independent Training

To obtain complete tool-call trajectories for training, we first construct a train-
ing instruction set S1. We then run SceneWeaver [40] multiple times for each
instruction to generate diverse tool trajectory rollouts. For step t in each rollout
i, we record its quality score Q(i,t) and cumulative runtime T (i,t).

Quality Score. For quality assessment, we adopt the evaluation metrics from
SceneWeaver [40], which consist of physical and visual-semantic components.
We use GPT-4.1 [25] as the evaluator to compute these scores. Physical metrics
include the number of objects in the scene (N (i,t)

obj ), number of out-of-boundary

objects (N (i,t)
ob ), and number of collided object pairs (N (i,t)

col ). The physical score
is computed as Q

(i,t)
phy = N

(i,t)
obj − α(N

(i,t)
ob + N

(i,t)
col ), where α is a penalty co-

efficient. Visual metrics evaluate visual realism (S(i,t)
real ), functionality (S(i,t)

func),
layout correctness (S(i,t)

lay ), and scene completeness (S(i,t)
comp). The visual score is

Q
(i,t)
vis = (S

(i,t)
real + S

(i,t)
func + S

(i,t)
lay + S

(i,t)
comp)/4. The overall quality score combines

both components:

Q(i,t) = λQ
(i,t)
phy +Q

(i,t)
vis (3)

where λ balances physical and visual quality.

Composition Score. We use a composition score to jointly consider generation
quality and efficiency:

C(i,t) = Q(i,t) − γT (i,t) (4)

where γ is a coefficient that balances quality and time cost.

Orchestrator. In this phase, the orchestrator is trained in four stages: 1) step-
wise SFT, 2) trajectory-level SFT, 3) stepwise DPO, and 4) trajectory-level
DPO. Each stage initializes from the checkpoint of the previous stage, which also
serves as the reference model for DPO training. Stepwise training predicts the
next tool call given the instruction and the execution history, teaching the model
context-aware tool selection. Trajectory-level training, in contrast, requires the
model to generate a complete trajectory conditioned only on the instruction.
Since language models generate outputs token-by-token, stepwise training natu-
rally provides a foundation for trajectory-level training. In addition, we first use
SFT to establish the desired output format and basic prediction ability, and then
apply DPO to further improve trajectory generation through preference learn-
ing. All SFT and DPO stages consistently employ their respective optimization
objectives discussed above (Equations 1 and 2).

In the following, we detail the training data construction process for each
stage, with the goal of curating a high-quality data set from the initial tool call
trajectories obtained using SceneWeaver [40].
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Stepwise SFT. In this stage, we focus on teaching the orchestrator basic
context-aware tool selection ability. For each rollout i, we identify steps where
the composition score increases significantly. Specifically, consecutive steps where
C(i,t)−C(i,t−1) > τ1, with τ1 being a threshold. We then construct stepwise SFT
training pairs {xs, ys}, where xs consists of the instruction, available tool list,
and execution history, and ys is the next tool call.

Trajectory-level SFT. In this stage, we aim to teach the orchestrator complete
trajectory prediction ability and align its output format for inference. For each
rollout i, we randomly truncate the trajectory at step t and evaluate its quality
using the composition score C(i,t) at that step. If C(i,t) > τ2, where τ2 is a
predefined threshold, we consider it a high-quality trajectory and keep it. We
then construct trajectory-level SFT training pairs {xt, yt}, where xt contains the
instruction and available tool list, and yt is the complete trajectory up to step t.

Stepwise DPO. For this stage, we aim to enhance the orchestrator’s next
tool selection ability by comparing alternative tool choices under the same ex-
ecution history. For each rollout i, we first identify steps with significant com-
position score changes—consecutive steps where |C(i,t) − C(i,t−1)| > τ1. Since
the orchestrator has acquired basic prediction capability from the previous two
stages, we feed the execution history of these selected steps to the fine-tuned
orchestrator to predict alternative tools and their parameters. We then execute
the predicted tool and obtain its composition score C

(i,t)
pred, which we compare

with the original tool’s score C
(i,t)
orig . If the score difference exceeds threshold τ3

(|C(i,t)
pred − C

(i,t)
orig | > τ3), we construct a DPO training triplet (xs, y

w
s , y

l
s), where

xs contains the instruction, available tool list, and execution history; yws is the
chosen tool (with higher score); and yls is the rejected tool (with lower score).

Trajectory-level DPO. To improve the orchestrator’s ability to generate com-
plete trajectories, we leverage pairwise comparisons between different execution
sequences derived from the same instruction. Specifically, for each instruction,
we obtain two rollouts i and j through random sampling, and truncate each at
independently chosen steps ti and tj . The resulting trajectories are evaluated us-
ing their composition scores C(i,ti) and C(j,tj). When the score gap is larger than
threshold τ4 (|C(i,ti)−C(j,tj)| > τ4), we form a DPO training triplet (xt, y

w
t , y

l
t),

where xt specifies the instruction and tool list, ywt represents the superior tra-
jectory (higher score), and ylt represents the inferior one (lower score).

Discriminator. The orchestrator learns a conditional distribution over high-
quality trajectories and samples from it during inference. However, this does not
guarantee optimal trajectory selection, as the orchestrator lacks explicit trajec-
tory classification or ranking capability. To address this limitation, inspired by
GAN [8], we introduce a discriminator that we train to perform trajectory-level
assessment through SFT. Specifically, for each instruction, we sample multiple
truncated trajectories from its rollouts, and compute their composition scores
as in Eq. 4. The trajectory with the highest score is designated as the best. We
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then construct discriminator SFT training pairs {xd, yd}, where xd contains the
instruction, available tool list and a set of candidate trajectories, and yd is the
index of the best trajectory.

3.3 Interleaved Training

After independent training, the orchestrator and discriminator have developed
basic trajectory generation and assessment capabilities. However, the trajectory
distribution generated by the orchestrator evolved since we employed DPO to
improve over the original distribution. Specifically, the fine-tuned orchestrator
induces a trajectory distribution that differs from the original SceneWeaver [40].
We address this distribution shift through interleaved training, which adapts
the discriminator to the orchestrator’s evolving generation distribution, and then
distills its updated discriminative capability back into the orchestrator to further
improve trajectory quality.

Interleaved training alternates between two stages shown in Fig. 2. At first,
the orchestrator samples and executes multiple trajectories for each training in-
struction, denoted S2 in Fig. 2. We then select the best trajectory based on
composition scores (Eq. 4), construct discriminator training data {xd, yd} as in
the first phase, and fine-tune the discriminator. Second, the orchestrator gener-
ates multiple candidates for each new instruction, denoted S3 in Fig. 2. Then
the updated discriminator directly identifies the best trajectory without time-
consuming execution. This provides preference signals (xt, y

w
t , y

l
t) that we use for

trajectory-level DPO training of the orchestrator. While these two stages could
be repeated in principle, we perform one interleaved training phase in practice.

Finally, at inference time the discriminator is no longer needed and the or-
chestrator generates complete trajectories and executes them end to end.

4 Experiments

4.1 Experiment Setup

Settings. Following SceneWeaver [40], we use the template-based prompt "De-
sign me a <room_type>" as test instructions. We evaluate on 10 room types: 5
unseen types (bedroom, living room, kitchen, gym, restaurant) that never appear
in training, and 5 seen types (bathroom, children room, meeting room, office,
waiting room) that appear in training but with different instructions. Specifically,
training instructions provide detailed specifications of object counts, positions,
layouts, etc. While test instructions use only the generic template. For each in-
struction, we generate 5 scenes and report the average metrics. In addition, we
also use complex instructions to test model’s fine-grained control ability.

Baselines. Following SceneWeaver [40], we compare against state-of-the-art
LLM-powered 3D scene synthesis methods that support open-vocabulary queries:
LayoutGPT [5], Holodeck [42], and I-Design [3]. We also include SceneWeaver it-
self as a baseline. Note that the difference between our method and SceneWeaver
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Fig. 3: Qualitative comparison with baselines on both seen (bathroom, meeting
room) and unseen (bedroom, gym) room types. Our method achieves higher visual
realism, more plausible layouts, and richer details.

lies solely in the tool-call trajectory generation—we use the same tool implemen-
tations from SceneWeaver’s framework.

Metrics. For a fair comparison, we strictly follow the same evaluation protocol
as SceneWeaver [40]. The metrics are organized into two categories: physical met-
rics and visual-semantic metrics. Physical metrics are directly computed from
the generated scene geometry, including the average object count (#Obj), num-
ber of out-of-boundary objects (#OB), and collided object pairs (#CN). For
visual-semantic metrics, each scene is evaluated by providing GPT-4.1 [25] with
the instruction and a top-down rendered view. These metrics assess perceptual
quality across four dimensions: visual realism (Real.), functionality (Func.), lay-
out correctness (Lay.), and scene completeness (Comp.).

Implementation Details. We use Qwen3-4B-Instruct-2507 [39] as the base
model for both the orchestrator and the discriminator. All SFT and DPO train-
ing is conducted using the LLaMAFactory framework [47], and we adopt LoRA [16]
for parameter-efficient fine-tuning. We use GPT-4 [1] to generate the training
instructions, which are then manually checked and filtered. These instructions
provide detailed descriptions of indoor scenes, including object counts, object po-
sitions, layouts, and other scene-level constraints. We further apply instruction
rephrasing as a form of data augmentation during training.
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Table 1: Quantitative comparison with baselines on seen and unseen room types.
We use the template-based instruction "Design me a <room_type>". For each room
type, all methods are executed five times and the results are averaged. Overall, our
method achieves the best performance on nearly all metrics.

Method Bedroom (Unseen) Living Room (Unseen)

#Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑

LayoutGPT [5] 6.8 1.2 1.6 7.2 8.4 6.2 4.2 8.4 0.8 2.0 6.4 6.6 5.4 3.8
Holodeck [42] 28.8 0.0 34.4 8.0 8.6 6.4 6.0 32.0 0.0 10.2 8.8 9.2 7.4 8.0
I-Design [3] 8.8 0.0 0.0 7.8 9.0 7.2 5.2 9.0 0.0 0.0 7.4 8.2 6.6 4.8
SceneWeaver [40] 13.6 0.0 0.0 8.8 9.0 7.4 6.6 16.0 0.0 0.0 8.8 8.6 7.8 7.4
Ours 15.4 0.0 0.0 9.0 9.2 8.0 8.2 18.6 0.0 0.0 9.2 9.4 8.0 8.6

Method Kitchen (Unseen) Gym (Unseen) Restaurant (Unseen)

#Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑

LayoutGPT [5] 8.6 1.6 2.0 5.8 6.4 5.0 3.8 4.4 0.8 0.0 5.4 4.4 5.8 2.4 9.4 1.4 2.2 3.6 3.4 4.8 2.4
Holodeck [42] 19.6 0.0 3.2 6.6 5.8 6.0 4.0 24.2 0.0 4.8 9.2 9.4 7.2 6.6 31.0 0.0 7.8 4.8 3.6 4.2 3.4
I-Design [3] 10.4 0.0 0.0 6.2 6.6 5.6 3.4 11.8 0.0 0.8 8.4 8.8 7.2 6.0 27.2 0.0 0.0 4.8 4.6 5.0 3.2
SceneWeaver [40] 32.4 0.0 0.0 9.0 8.8 7.4 7.8 21.2 0.0 0.0 8.8 9.2 7.2 7.6 71.4 0.0 1.4 8.2 7.4 6.8 6.0
Ours 34.8 0.0 0.0 9.2 9.2 7.6 8.0 27.6 0.0 0.0 9.2 9.2 8.0 7.8 78.2 0.0 0.0 8.6 8.0 7.8 7.4

Method Bathroom (Seen) Children Room (Seen) Meeting Room (Seen)

#Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑

LayoutGPT [5] 7.4 1.2 0.8 8.2 9.0 6.8 5.4 8.6 1.4 1.0 4.8 5.0 5.2 3.0 8.4 1.2 1.6 5.4 5.2 5.0 3.0
Holodeck [42] 12.4 0.0 1.4 8.0 7.4 6.6 5.4 17.8 0.0 3.6 7.8 8.4 6.6 6.0 29.2 0.0 3.4 8.8 9.0 7.4 7.2
I-Design [3] 8.4 0.0 0.0 7.6 8.4 7.0 4.8 8.8 0.0 0.0 6.8 7.8 6.0 4.8 17.2 2.6 0.4 6.6 6.8 5.8 4.4
SceneWeaver [40] 12.0 0.0 0.0 9.0 9.2 7.4 8.2 16.0 0.0 1.0 9.2 9.2 7.2 8.4 26.4 0.0 0.0 8.6 8.2 7.0 7.6
Ours 14.2 0.0 0.0 9.2 9.4 8.0 8.0 19.6 0.0 0.0 9.4 9.2 7.8 8.6 31.2 0.0 0.0 9.0 9.0 8.2 8.4

Method Office (Seen) Waiting Room (Seen) Average

#Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑

LayoutGPT [5] 8.4 0.6 0.6 6.6 7.2 5.6 3.8 7.4 1.0 0.6 6.8 6.8 5.6 3.8 7.8 1.1 1.2 6.0 6.2 5.5 3.6
Holodeck [42] 36.2 0.0 10.8 7.8 7.2 5.6 5.6 30.8 0.0 6.6 8.4 9.0 6.6 6.0 26.2 0.0 8.6 7.8 7.8 6.4 5.8
I-Design [3] 9.8 0.0 0.0 7.2 8.4 6.6 4.6 11.4 0.0 0.0 6.6 7.2 5.8 4.2 12.3 0.3 0.1 6.9 7.6 6.3 4.5
SceneWeaver [40] 35.2 0.0 0.0 8.8 8.0 6.8 7.4 26.2 0.0 0.0 8.8 9.0 7.4 7.6 27.0 0.0 0.2 8.8 8.7 7.2 7.5
Ours 38.6 0.0 0.0 9.2 8.8 7.6 8.2 32.6 0.0 0.0 9.2 9.2 8.0 8.0 31.1 0.0 0.0 9.1 9.1 7.9 8.1

4.2 Experimental Results

We first report quantitative comparisons with baselines in Tab. 1. The evalu-
ated room types fall into two categories: unseen room types that never appear
in the training instructions, and seen room types that appear in training, but
with different instructions. Overall, our method achieves the best performance
on almost all metrics for both seen and unseen room types. Specifically, although
Holodeck [42] sometimes generates scenes with more objects than ours, it often
suffers from collisions, as its physical and geometric constraints are weak and
the placement is closer to random. Our method also significantly outperforms
SceneWeaver, despite using the same set of tools. This demonstrates that our
fine-tuned orchestrator learns more effective tool selection and complete trajec-
tory generation, thereby improving the overall tool-call execution flow.

We further provide qualitative comparisons in Fig. 3. LayoutGPT [5] pro-
duces poor physical layouts, such as tables and chairs intersecting each other,
while Holodeck [42] and I-Design [3] often yield unrealistic arrangements. Sce-
neWeaver [40] produces generally plausible results but still exhibits subtle in-
consistencies, such as a toilet placed next to a bathtub in a bathroom or a floor
lamp positioned awkwardly beside a chair in a meeting room. In contrast, our
method generates layouts that are consistently coherent and realistic.Beyond generation quality, we also report the runtime of different methods
in Tab. 2 (Detailed generation times for each room type are provided in the
supplementary). LayoutGPT [5], Holodeck [42], and I-Design [3] are relatively
fast because they are monolithic approaches. However, this efficiency comes at
the cost of lower generation quality. SceneWeaver [40] achieves higher-quality re-
sults by integrating multiple tools, but it is much slower. In contrast, our method
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Table 2: Average generation time comparison (minutes). We report the average
generation time across all room types. All methods run on a single A6000 GPU. Mono-
lithic methods are much faster than agentic approaches, since agentic methods always
invoke multiple tools. By optimizing the execution flow and removing the step-by-step
review process, our method substantially reduces the runtime of agentic generation.

LayoutGPT [5] Holodeck [42] I-Design [3] SceneWeaver [40] Ours

Time (min) ↓ 2.4 12.4 6.1 91.0 39.7

SceneWeaver

Ours

Instruction

"Generate a meeting room 

with a rectangular conference 

table at the center, 

surrounded by multiple 

chairs. Place a tall cabinet, a 

small side table, and a potted 

plant along the back wall ."

"Design a garage with a car 

parked at the center, two 

bicycles leaning against the 

back wall, and a workbench 

along the side wall."

"Create a laundry room 

with two front-loading 

washing machines side by 

side against the back wall, a 

countertop with a folding 

area directly opposite, a 

drying rack with hanging 

garments in the corner."

Fig. 4: Qualitative comparison on complex instructions. Our method follows
instructions more faithfully and produces more realistic layouts. Please zoom in for
better visualization.

optimizes the execution flow and removes the step-by-step review process, sig-
nificantly reducing runtime while further improving generation quality.
Comparison on Complex Instructions. In addition to template-based in-
structions, we further evaluate our method and SceneWeaver on 70 complex
instructions, each involving an unseen room type. These complex instructions
specify object counts, positions, spatial relationships, and overall layout, provid-
ing a strong test of the model’s fine-grained control capability during generation.
We report the quantitative results in Tab. 3, where each instruction is executed
three times and the results are averaged over all instructions. We observe that
even on the more challenging complex instructions, our method consistently
outperforms SceneWeaver on both physical and visual metrics. We also provide
qualitative comparisons in Fig. 4, showing that our method follows complex
instructions more faithfully and produces more plausible, realistic layouts.4.3 Ablation Studies
Ablation Study on Training Strategy. To demonstrate the effectiveness of
our two-phase training strategy, we evaluate the following variants:
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Table 3: Quantitative comparison on complex instructions. Our method con-
sistently outperforms SceneWeaver, even on more challenging instructions.

Method #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ Time (min) ↓

SceneWeaver [40] 24.3 0.2 0.4 8.2 7.6 6.7 7.3 82.6
Ours 27.6 0.1 0.2 8.6 8.3 7.2 7.7 46.9

– Orchestrator without DPO training : the orchestrator is trained only with
stepwise SFT and trajectory-level SFT (first row in Tab. 4).

– Orchestrator without Stepwise Training : the orchestrator is trained only with
trajectory-level SFT and trajectory-level DPO (second row in Tab. 4).

– Orchestrator without Discriminator : we train the orchestrator with stepwise
SFT, trajectory-level SFT, stepwise DPO, and trajectory-level DPO, but
remove the discriminator (third row in Tab. 4).

– Independent Training Only : we perform the full independent training but
skip interleaved training. At test time, the orchestrator samples multiple
trajectories for each test instruction, and the discriminator selects the best
one for execution (fourth row in Tab. 4).

As shown in Tab. 4, DPO training, stepwise training, the discriminator, and
interleaved training all contribute positively to the final results. Specifically, DPO
training enhances the orchestrator’s ability to predict full trajectories through
preference learning; stepwise training equips the orchestrator with context-aware
tool selection capabilities; the discriminator possesses explicit ranking ability to
select the optimal trajectory from multiple candidates; and interleaved training
allows the discriminator to adapt to the orchestrator’s evolving trajectory dis-
tribution while distilling its discrimination capabilities back to the orchestrator.
Note that we do not evaluate an “Orchestrator without trajectory-level training"
variant (i.e., S-SFT + S-DPO) because, in this setting, the orchestrator can only
learn next-step tool selection without acquiring the ability to predict complete
trajectories, which is inconsistent with our inference process.

Table 4: Ablation study on training strategy. S-SFT: stepwise SFT; T-SFT:
trajectory-level SFT; S-DPO: stepwise DPO; T-DPO: trajectory-level DPO; Disc.: dis-
criminator; Inter.: interleaved training. All results are based on generic template-based
prompts. Each component contributes positively to the final results.

Setting S-SFT T-SFT S-DPO T-DPO Disc. Inter. #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑

w/o DPO ✓ ✓ 24.9 0.0 0.2 8.0 7.5 7.0 7.0
w/o Stepwise ✓ ✓ 26.2 0.0 0.1 8.2 8.0 7.3 7.2
w/o Discriminator ✓ ✓ ✓ ✓ 27.6 0.0 0.0 8.4 8.4 7.5 7.4
Indep. only ✓ ✓ ✓ ✓ ✓ 29.7 0.0 0.0 8.8 8.7 7.7 7.8
Full ✓ ✓ ✓ ✓ ✓ ✓ 31.1 0.0 0.0 9.1 9.1 7.9 8.1

Ablation Study on Orchestrator. To further validate the necessity of or-
chestrator fine-tuning and demonstrate the efficiency of our training strategy,
we compare against off-the-shelf LLM orchestrators. Specifically, we evaluate
GPT-5.5 [26], Gemini-3.1-Pro-Preview [9] and Qwen3-4B-Instruct-2507 [39] in
an in-context learning setting [2]. By providing these models with extensive
instructions paired with high-quality, complete trajectories (sourced from our
trajectory-level SFT training data), we enable the models to learn the map-
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ping between instructions and high-quality trajectories. We then feed each test
instruction and ask the model to predict the full tool-call trajectory.

Table 5: Ablation study on orchestrator. We use off-the-shelf LLMs as orchestra-
tors in an in-context learning setting, but they perform far worse than our fine-tuned
orchestrator. All results are based on generic template-based prompts.

Method #Obj ↑ #OB ↓ #CN ↓ Real. ↑ Func. ↑ Lay. ↑ Comp. ↑ Time (min)↓

GPT-5.5 [26] 24.2 0.0 0.3 8.1 7.7 7.1 7.4 45.3
Gemini-3.1 [9] 20.7 0.0 0.2 8.1 7.6 7.0 7.3 40.9
Qwen3 (w/o Finetune) [39] 18.2 0.3 0.3 7.7 7.1 6.9 7.0 43.6
Ours 31.1 0.0 0.0 9.1 9.1 7.9 8.1 39.7

The results in Tab. 5 show that, even when provided with a large number of
example pairs in the context, these models still struggle to learn how to gener-
ate high-quality trajectories. In contrast, our fine-tuned models acquire strong
trajectory generation and discrimination capabilities, leading to a substantial
improvement in generation quality.

4.4 User Study

To further validate our evaluation metrics with human judgments, we conduct a
user study on generated scene quality. We randomly collect 30 generated scenes
from our method and the baselines, and ask 16 participants to rate them on a 1–
10 scale across four dimensions: realism, functionality, layout, and completeness.
The scoring criteria are the same as those used by the judge model (GPT-4.1 [1]).
As shown in Tab. 6, our method achieves higher human scores than all baselines
across all dimensions. We also conduct an additional pairwise user study to
evaluate human preferences in terms of generation quality and diversity. Our
user study received an IRB exemption from our university, and all participants
provided informed consent. Please refer to the supplementary for details.

Table 6: Human rating results. Human participants rate generated scenes on a 1–
10 scale across realism, functionality, layout, and completeness. Our method achieves
the highest scores across all dimensions.

Method Real. (Human) ↑ Func. (Human) ↑ Lay. (Human) ↑ Comp. (Human) ↑

LayoutGPT [5] 3.01 2.97 2.84 3.25
Holodeck [42] 5.57 5.78 5.29 5.88
I-Design [3] 4.73 4.98 4.33 4.64
SceneWeaver [40] 6.72 6.83 6.41 6.57
Ours 7.60 7.99 7.46 7.76

5 Conclusion

We propose a trainable orchestration framework for efficient agentic scene syn-
thesis. It consists of an orchestrator and a discriminator. The orchestrator per-
forms context-aware tool selection and predicts complete tool-call trajectories,
while the discriminator ranks trajectories and selects the best one from multiple
candidates. We further introduce a two-phase training strategy. In the first phase,
we train the orchestrator and discriminator separately to align their output for-
mats and build initial generation and discrimination abilities. Specifically, the or-
chestrator is trained in four stages: stepwise SFT, trajectory-level SFT, stepwise
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DPO, and trajectory-level DPO. And the discriminator learns trajectory-level
assessment via SFT. In the second phase, we perform interleaved training: the
discriminator first adapts to the orchestrator’s evolving trajectory distribution
and then distills its discrimination capability back to the orchestrator, eliminat-
ing the need for the discriminator at inference time. Extensive experiments show
that, compared to the state-of-the-art [40], our method produces higher-quality
results while significantly reducing execution time.
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