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Abstract

Synthesizing an editable 3D scene from a sin-
gle RGB image is central to content creation,
embodied-agent data generation, and AR/VR,
yet remains challenging to achieve both high-
fidelity reconstruction and convenient interac-
tive editing. Existing geometry-based pipelines
produce high-quality 3D results but are typi-
cally hard to refine without rerunning the full
process, while LLM-driven procedural systems
enable interactive tool use but are mostly text-
driven and lack precise metric 3D understand-
ing from images. We present SceneLM, a
language-model-based framework that grounds
3D scene synthesis in visual evidence by re-
covering an executable metric 3D layout di-
rectly from a single image. Given an RGB
image (and camera intrinsics when available),
SceneLM outputs a JSON-form layout specify-
ing each object’s category, 3D center, size, and
discretized yaw, and then deterministically exe-
cutes this layout with a tool suite to instantiate,
place, and edit objects for iterative refinement.
To train metric layout recovery at scale, we cu-
rate five datasets covering diverse indoor, out-
door, and tabletop scenes and convert heteroge-
neous 3D annotations into a unified instruction-
tuning format. To improve numerical stability
and metric accuracy while preserving the text
interface, we augment autoregressive JSON
generation with a lightweight geometry pre-
diction branch and dual supervision. Exper-
iments show that SceneLM substantially im-
proves single-image 3D layout estimation over
strong open and proprietary MLLM baselines,
and yields higher-quality end-to-end scene gen-
eration in geometric consistency, physical plau-
sibility, semantic alignment, and realism.

1 Introduction

Synthesizing an editable 3D scene from a single
RGB image is a long-standing goal with broad
impact in content creation, embodied-agent data
generation, and AR/VR. It offers a direct path to

instantiate diverse 3D scenes from everyday visual
inputs. However, it remains difficult to simulta-
neously achieve high-fidelity scene synthesis and
convenient, interactive editing.

Existing approaches largely fall into two cate-
gories. Geometry-based reconstruction and gen-
eration methods leverage explicit structures (e.g.,
layouts, scene graphs, intermediate geometric rep-
resentations) to enable high-quality synthesis (Fang
et al., 2025; Wang et al., 2025a; Feng et al., 2025;
Yang et al., 2025d; Bokhovkin et al., 2025; Liu
et al., 2025; Yang et al., 2025c; Kalischek et al.,
2025; Huang et al., 2025; Yu et al., 2025; Schwarz
et al., 2025; Xia et al., 2025; Hou et al., 2025;
Yao et al., 2025a,b; ?). However, these pipelines
are often hard to edit: correcting an unsatisfac-
tory output typically requires rerunning the whole
pipeline, which limits iterative refinement. In con-
trast, LLM-driven procedural systems enable
language-conditioned planning and tool use, mak-
ing scene construction interactive and composi-
tional (SongTang et al., 2025; Zhang et al., 2025;
Hao et al., 2025; Bucher and Armeni, 2025; Sun
et al., 2025b; Deng et al., 2025; Yang et al., 2025a;
Sun et al., 2025a). Yet most of these systems re-
main text-driven. Since language is inherently am-
biguous, it rarely specifies a unique, metric layout,
and metric 3D geometry is typically handled as an
external component. Using images as input can
ground generation in visual evidence and reduce
linguistic ambiguity, but it requires recovering pre-
cise object-level 3D geometry from a single view.
Current VLMs generally provide only coarse 3D
cues or relative spatial relations for monocular 3D
reasoning and grounding (Cho et al., 2024; Man
et al., 2025; Wang et al., 2025b; Yang et al., 2024;
Mao et al., 2025), which can support conversational
3D grounding. However, these signals remain in-
adequate for executable scene construction that re-
quires precise metric layouts with accurate centers,
sizes, and orientations.
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Geometry-Based 3D Scene Generation

Limitation: Hard to edit & Non-semantic

Traditional VLM-driven 3D Scene Synthesis

Limitation: VLMs struggle with 
precise 3D estimation

Ours: SceneLM

Advantage: Precise 3D Layout Estimation 
& Editable Scene Generation

“Generate a cozy bedroom.” “Generate a scene from this picture.”

…

Limitation: Text control is ambiguous

“What are the 3D coordinates of 
the bed in this room?”

Coordinates: [1.2, 3.5, 1.0]. ❌

Input image Precise 3D LayoutSceneLM

Tool callingEditable 3D Scene

Figure 1: Teaser. (Left) Geometry-based pipelines reconstruct 3D structure from multi-view images but are difficult
to edit. (Middle) Text-driven VLM approaches suffer from ambiguous prompts and unreliable metric 3D localization.
(Right) SceneLM takes a single image, predicts a precise 3D layout (oriented boxes), and calls tools to synthesize
an editable 3D scene.

To address the aforementioned issues, we pro-
pose SceneLM, a language-model-based frame-
work for editable 3D scene synthesis from a single
RGB image. Given an input image (and camera in-
trinsics when available), SceneLM precisely recov-
ers an object-centric metric 3D layout by predicting
each object’s category, 3D center, size, and orien-
tation yaw. To endow language models with this
capability, we curate five large-scale datasets span-
ning diverse indoor, outdoor, and tabletop scenes,
and cast heterogeneous 3D annotations into a uni-
fied, training-friendly instruction format that di-
rectly supervises metric layouts. Building on the
predicted layout, we further develop a tool-based
scene editing pipeline: SceneLM can invoke a set
of deterministic scene-editing tools to instantiate
assets, place them in 3D, and iteratively edit either
the layout JSON or the resulting scene. Extensive
experiments validate SceneLM on (i) single-image
3D layout estimation and (ii) end-to-end single-
image 3D scene generation, demonstrating consis-
tent improvements over strong open and proprietary
MLLM baselines in metric localization accuracy,
geometric consistency, and overall scene quality.

The key contributions are:

• We propose SceneLM, which recovers precise
metric 3D bounding boxes from a single RGB
image for executable scene construction.

• We curate five large-scale datasets covering
diverse scene types and convert 3D spatial
annotations into an instruction-tuning format
that is scalable and extensible.

• We introduce a tool-based scene synthesis

and editing pipeline that executes predicted
layouts to generate editable 3D scenes and
supports iterative refinement via explicit oper-
ations.

• We demonstrate state-of-the-art perfor-
mance on single-image 3D layout estimation
and improved end-to-end 3D scene generation
quality under standard metrics.

2 Related Work

We group related work into two directions: (i)
geometry-based 3D scene generation and recon-
struction, which leverages explicit structure for
high-quality synthesis, and (ii) LLM-driven proce-
dural 3D scene synthesis, which enables language-
conditioned planning and tool use.

2.1 Geometry Based 3D Scene Generation

Geometry-based methods generate 3D scenes with
explicit geometric representations and intermediate
layout structures. For indoor generation, SPATIAL-
GEN performs layout-guided 3D indoor scene syn-
thesis (Fang et al., 2025), and HLG constructs
rooms via hierarchical layout generation (Wang
et al., 2025a). CasaGPT targets interior design by
predicting cuboid arrangements and assembling
scenes (Feng et al., 2025). MMGDreamer in-
troduces a mixed-modality graph for geometry-
controllable 3D indoor generation (Yang et al.,
2025d). SceneFactor studies factored latent 3D dif-
fusion for controllable 3D scene generation through
disentangled components (Bokhovkin et al., 2025).

Beyond indoor scenes, controllability has also
been explored for outdoor and urban settings. Con-
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trollable 3D Outdoor Scene Generation via Scene
Graphs leverages scene graphs to guide the syn-
thesis process (Liu et al., 2025). UrbanGen stud-
ies compositional and controllable neural fields
for urban generation, focusing on factorized struc-
ture for large-scale outdoor environments (Yang
et al., 2025c). A related stream builds 3D scenes
from limited views by introducing intermediate
representations such as panoramas or multi-plane
structures. CubeDiff repurposes diffusion-based
image models for panorama generation (Kalischek
et al., 2025), and DreamCube generates 3D panora-
mas via multi-plane synchronization (Huang et al.,
2025). WonderWorld studies interactive 3D scene
generation from a single image (Yu et al., 2025),
and A Recipe for Generating 3D Worlds From
a Single Image explores complete world synthe-
sis from single-view input (Schwarz et al., 2025).
ScenePainter and BloomScene further explore se-
mantically consistent or lightweight structured 3D
Gaussian Splatting pipelines for cross-modal scene
generation (Xia et al., 2025; Hou et al., 2025).

However, these geometry-based pipelines are
typically end-to-end and hard to edit. Unsatisfac-
tory results often require rerunning the pipeline
or regenerating the scene, which hinders iterative
refinement.

2.2 LLM-driven Procedural 3D Scene
Synthesis

Recent research increasingly leverages LLMs and
VLMs to generate 3D worlds by producing pro-
grams, action sequences, or structured plans that
are executed by a renderer, asset library, or sim-
ulator. UnrealLLM and The Scene Language
frame scene construction as code generation, us-
ing language to produce executable programs or
explicit procedures (SongTang et al., 2025; Zhang
et al., 2025). Beyond direct execution, several ap-
proaches focus on high-level reasoning and hierar-
chical planning. MesaTask formulates task-driven
tabletop scene generation via explicit 3D spatial
reasoning (Hao et al., 2025), while ReSpace em-
ploys LLMs to support controllable scene synthesis
and editing with preference alignment (Bucher and
Armeni, 2025). Hierarchically-structured indoor
scene synthesis further explores open-vocabulary
scene planning using pre-trained LLMs (Sun et al.,
2025b). VLM-based systems also incorporate
structured search and planning, such as global-
local tree search, to iteratively refine indoor scene
generation (Deng et al., 2025). Recent systems

further adopt agentic designs that incorporate self-
reflection and tool orchestration. SceneWeaver pro-
poses an all-in-one 3D scene synthesis agent with
an extensible toolset and iterative refinement (Yang
et al., 2025a). Beyond single agents, 3D-Generalist
targets vision-language-action learning for craft-
ing 3D worlds with self-improvement signals (Sun
et al., 2025a).

However, existing LLM-based 3D scene synthe-
sis is still largely text-driven. Since language is
inherently ambiguous, it rarely specifies a unique,
metric layout. Using images as input can ground
generation in the visual evidence and reduce this
ambiguity, but it requires the model to recover
object-level 3D geometry from a single view. Re-
cent works have explored empowering VLMs to
predict object-level 3D representations directly
from monocular images. Cube-LLM studies infer-
ring object-level 3D representations from monoc-
ular images using language-guided visual reason-
ing (Cho et al., 2024), while LocateAnything3D in-
troduces chain-of-sight prompting for 3D localiza-
tion (Man et al., 2025). N3D-VLM and LLMI3D
further explore endowing VLMs with coarse 3D
perception from a single view (Wang et al., 2025b;
Yang et al., 2024).

Despite these efforts, current methods often re-
cover only coarse 3D cues or relative spatial re-
lations. This is sufficient for conversational 3D
grounding, but inadequate for executable scene con-
struction that requires precise 3D layouts.

3 Methods

3.1 Task Formulation

We study single-image editable 3D scene synthesis,
formulated as metric 3D layout estimation followed
by tool-based scene synthesis (Fig. 2). Given an
RGB image I and camera intrinsics K, SceneLM
predicts an object-centric metric 3D layout L as a
structured JSON list:

L =
[
{class, center, size, yaw_bin}

]M
i=1

(1)

Here class denotes the semantic category of each
object, center∈ R3 and size∈ R3 specify the
3D box center and dimensions in millimeters, and
yaw_bin is a discretized yaw label with 15◦ per
bin.

The predicted layout L serves as an executable
intermediate representation. We design a tool suite
that deterministically translates L into function
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Object=“table”, center=[67,22,104]
size=[51,99,37], yaw=21

(b) SceneLM Architecture(a) Input a single image (d) Tool-Based Scene Synthesis (e) Results of 3D scene
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Here’s the editable 
3D scene.

Generate a scene 
from this picture.

Figure 2: Framework overview. SceneLM recovers a metric 3D layout from a single image and executes it to
synthesize an editable 3D scene. (a) Input image (with intrinsics). (b) SceneLM combines a SigLIP-2 encoder,
a geometry-aware head, and a Qwen-VL-2B-Instruct LLM, trained with dual supervision to improve 3D layout
accuracys. (c) The layout is an object list with center (mm), size (mm), and yaw. (d) SceneLM invokes tools for
asset generation and scene assembly. (e) Final editable 3D scene.

calls for object generation, scene arrangement, and
scene editing, producing an editable 3D scene S:

S = T (L). (2)

Edits are applied by updating the layout fields and
re-executing the corresponding tool calls, enabling
iterative refinement without rerunning the full gen-
eration pipeline.

3.2 3D Layout Estimation from 2D Image
Challenge. Current VLMs mostly capture coarse
relations (e.g., left of, near) and struggle to infer
accurate 3D layout from a single image. Without
explicit projective reasoning, their predictions are
often inconsistent with perspective cues and camera
intrinsics. Yet editable 3D scene synthesis requires
object-level metric layouts with precise centers,
sizes, and orientations that are directly executable
by downstream tools.

SceneLM for layout estimation. As shown in
Fig. 2(b), SceneLM predicts an executable metric
3D layout from an RGB image I and intrinsics K.
We use SigLIP-2 ViT (Tschannen et al., 2025) to
encode I into patch features V ∈ RN×C , and a
lightweight vision projector compresses V into M
visual tokens Tv ∈ RM×d aligned with the LLM
hidden size d. The visual tokens are concatenated
with the text prompt and decoded by Qwen-2B
(Bai et al., 2023) into a JSON list, where each
object is represented by (category, center_mm,
size_mm, yaw_bin) (Fig. 2(c)).

Geometry head for metric learning. Autore-
gressive JSON training relies on next-token predic-

tion and can produce numerically unstable metric
fields, especially orientations. To explicitly enforce
metric correctness without changing the text inter-
face, we attach a differentiable geometry head on
the last-layer LLM hidden states. For each object,
we extract an object-specific hidden vector ho (e.g.,
at a dedicated anchor token in the target sequence)
and predict

(ĉ, ŝ, ŷ) = MLP(ho), (3)

where ĉ, ŝ ∈ R3 denote center/size in millimeters,
and ŷ is a 24-way yaw_bin classification with 15◦

per bin. This branch is auxiliary: at inference the
model still outputs only JSON text.

Dual supervision. We jointly optimize language
validity and metric accuracy:

L = LCE + λLgeom. (4)

LCE is the standard autoregressive cross-entropy
on the JSON string. Lgeom applies Huber loss to
(c, s) and cross-entropy to y:

Lgeom = Huber(ĉ, c) + Huber(ŝ, s) + CE(ŷ, y).
(5)

This dual supervision stabilizes metric fields (e.g.,
yaw modes) and improves downstream execution,
while preserving the original JSON-generation be-
havior.

Executable output. The generated JSON lay-
out (Fig. 2(c)) is parsed into a metric 3D layout
and will be executed by our scene-editing tools to
instantiate, place, and edit objects.
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3.3 Data Preparation and Learning Strategy
Data preparation. A key challenge is the ab-
sence of a unified, executable supervision for-
mat for monocular metric 3D layout across di-
verse real-world scenes. We therefore curate a
heterogeneous training corpus spanning indoor en-
vironments (Omni3D (Brazil et al., 2023), SUN
RGB-D (Song et al., 2015), ARKitScenes (Baruch
et al., 2021), Hypersim (Roberts et al., 2021)), out-
door driving scenes (KITTI (Geiger et al., 2013)),
and multi-object tabletop scenes (Objectron (Ah-
madyan et al., 2021)). Despite dataset-specific an-
notation conventions, each sample is normalized
into a consistent image-conditioned 3D layout rep-
resentation consisting of an RGB image, camera in-
trinsics, and per-object metric 3D bounding boxes.
Each object is parameterized by center, size, and
yaw.

To align with instruction-tuned VLM training,
we serialize each sample into the LLaMAFac-
tory message format (Fig. 3). The prompt
provides the RGB image and intrinsics K =
(fx, fy, cx, cy) and requests an executable JSON
array of all objects. The target follows {category,
bbox3d{center_mm, size_mm, yaw_bin}},
where metric values are encoded as integer mil-
limeters to ease tokenization and reduce floating-
point artifacts. Since continuous angle regression
is unstable in autoregressive decoding, yaw is dis-
cretized into 24 bins (15◦/bin), i.e., yaw_bin∈
{0, . . . , 23}.

Learning strategy. Training uses token-level
cross-entropy on the target JSON sequence to en-
courage syntactically valid and complete struc-
tured outputs. However, language-model super-
vision alone often produces numerically plausi-
ble yet geometrically inconsistent layouts. To ex-
plicitly enforce metric accuracy while preserving
the original JSON generation interface, we attach
a lightweight geometry head (MLP) to the last-
layer hidden states to predict per-object {ĉ, ŝ, ŷ}
for center_mm, size_mm, and yaw_bin. The ge-
ometry head is supervised with a robust regression
loss for center/size and a classification loss for yaw,
and the overall objective is:

L = LCE + λgeomLgeom.

3.4 Tool-Based Scene Synthesis
As illustrated in Fig. 2(d–e), the predicted JSON
layout L = {ℓi}Mi=1 is directly executed to con-
struct an editable 3D scene. We decouple asset

creation from scene assembly. For each object ℓi,
we first obtain a canonical 3D asset using an ex-
ternal generator (e.g., Hunyuan3D) conditioned on
its category (and optional text attributes). We then
instantiate the asset and apply the metric transform
specified by L (center, size, and yaw_bin), pro-
ducing a coherent scene that supports subsequent
edits by updating object transforms.

To robustly bridge structured outputs and tool
execution, we use a tool-using agent to convert B
into deterministic function calls. The agent parses
the JSON, retrieves tool signatures, and executes
a sequence of operations to create, place, and edit
objects. This design makes failures inspectable and
enables iterative refinement through explicit layout
updates.

We expose a compact API aligned with
Fig. 2(d), including 3d_object_generation,
scene_arrangement, and object_replacement,
and additionally support standard scene-
editing utilities such as get_tools_info,
add_object, set_transform, remove_object,
replace_object, query_scene, and
export_scene. Our SceneLM can further
invoke these tools to edit either the metric 3D
layout JSON or the instantiated scene directly.

4 Experiments

4.1 Implementation Details

We start from the official Qwen3-VL-2B-Instruct
checkpoint, with a SigLIP-SO400M ViT vision en-
coder (24 layers, patch size 16) and the default
visual projector. We fine-tune on 4× NVIDIA
A800 (80GB) in BF16 for 20 epochs, using max
sequence length 2048 and micro-batch size 1 with
gradient accumulation 16. We attach a two-layer
MLP geometry head to the last-layer hidden states
to predict per-object center_mm, size_mm, and 24-
way yaw_bin (15◦/bin). The geometry head is ini-
tialized with N (0, 0.02) weights and zero biases.
For supervision alignment, we anchor each object
at the first digit token following "yaw_bin": in
the ground-truth JSON and optimize a dual objec-
tive L = LCE + 0.5Lgeom, where Lgeom applies
SmoothL1 to center/size and cross-entropy to yaw
classification.

4.2 3D Layout Estimation from a Single
Image

We evaluate the layout estimation module in our
pipeline (Fig. 2(b–c)), which predicts an executable
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{
"images": [".../image.jpg"],
"messages": [

{
"role": "user",
"content":

"<image>
Task: Monocular 3D detection. Camera intrinsics: fx=..., fy=..., cx=..., cy=...
Output ALL objects as a JSON array. Units: millimeters (integers).
Schema: [{\"category\":\"...\",\"bbox3d\":{\"center_mm\":[x,y,z],\"size_mm\":[w,h,l],\"yaw_bin\":0}}]
Rules: sort by category; return ONLY valid JSON.
size_mm: [width, height, depth] in millimeters. yaw_bin: 0-23 (15° per bin)
Example output:
[{\"category\":\"chair\",\"bbox3d\":{\"center_mm\":[500,200,2000],\"size_mm\":[600,800,600],\"yaw_bin\":12}}]

"
},
{
"role": "assistant",
"content":
"[{\"category\":\"sofa\",\"bbox3d\":{\"center_mm\":[...],\"size_mm\":[...],\"yaw_bin\":...}}, ...]"

}
]

}

Figure 3: Unified LLaMAFactory-format training sample (two-column friendly). In practice, the instruction can
include more detailed constraints (e.g., category list, ordering rules, unit conventions, and failure cases); we show a
simplified template for illustration.

Methods Volumetric IoU↑ Collided Pairs↓ CLIP Score↑ FID↓
SceneGen 0.35 0.23 0.72 42.6

Qwen3-VL-30B-A3B-Instruct 0.39 1.39 0.80 29.1

Ours (SceneLM) 0.53 0.37 0.85 20.8

Table 1: Single-image 3D scene generation (Fig. 2(a–e)). We evaluate geometric agreement (Volumetric IoU),
physical plausibility (Collided Pairs), semantic alignment (CLIP Score), and realism (FID).

metric 3D layout (a set of 3D bounding boxes)
from a single RGB image. Evaluation Metrics.
Following SpatialLM (Mao et al., 2025), we use
the 3D IoU between two boxes, defined as the
intersection-over-union of their volumes. A pre-
dicted box is treated as a true positive if its IoU3D

with a ground-truth box exceeds a threshold τ ,
with one-to-one matching between predictions and
ground truth. We then report F1@IoU3D=τ for
τ ∈ {0.25, 0.5}, where F1 = 2 · Precision·Recall

Precision+Recall ,
Precision = TP

TP+FP , and Recall = TP
TP+FN .

Baselines. We compare against Qwen3-VL In-
struct models at different scales (2B/8B/30B-A3B),
prompted to output the same JSON-form 3D layout.
For open models, we uniformly sample 1,000 test
images across the five benchmarks. We addition-
ally report results from two proprietary MLLMs
(GPT-5.2 and Gemini 3 Pro) on a 100-image subset
due to API cost.

Results. As shown in Table 2, SceneLM
achieves the highest F1 at both IoU3D thresholds
while using a 2B backbone. Notably, the gain is
larger at IoU3D=0.5, indicating more accurate met-
ric recovery of object extent and pose. In contrast,
scaling Qwen3-VL improves F1@0.25 but yields
limited improvement at F1@0.5, suggesting that
next-token supervision on JSON alone does not

reliably enforce precise 3D geometry. Proprietary
MLLMs outperform open baselines, yet remain
below SceneLM on both metrics.

4.3 3D Scene Generation from a Single Image
Evaluation Metrics. Following SceneWeaver and
SceneGen (Yang et al., 2025b; Meng et al., 2026),
we report Volumetric IoU (↑), Collided Pairs (↓),
CLIP Score (↑), and FID (↓).

Volumetric IoU measures the volumetric overlap
between the synthesized scene occupancy and the
reference, capturing geometric agreement.

Collided Pairs counts the number of object pairs
whose 3D bounding volumes intersect beyond a
small tolerance, reflecting physical plausibility.

CLIP Score evaluates image-text alignment be-
tween the rendered scene and the conditioning de-
scription (or reference caption), measuring seman-
tic consistency.

FID compares the distribution of rendered im-
ages to real images in a deep feature space, where
lower values indicate more realistic renderings.

Baselines. We compare with SceneGen (Meng
et al., 2026), a feed-forward single-image 3D scene
generation model, and the open MLLM baseline
Qwen3-VL-30B-A3B-Instruct, prompted to output
the same executable layout JSON and executed
with the same toolchain for fair comparison.
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Methods Param F1@0.25↑ F1@0.5↑
Gemini 3 Pro – 43.5 22.3

GPT-5.2 – 47.3 29.2

Qwen3-VL-2B-Instruct 2B 18.2 12.4

Qwen3-VL-8B-Instruct 8B 26.2 10.8

Qwen3-VL-30B-A3B-Instruct 30B 41.5 23.6

Ours (SceneLM) 2B 58.5 36.1

Table 2: Single-image 3D layout estimation (Fig. 2(b–c)). We report F1 at IoU3D thresholds 0.25 and 0.5. GPT-5.2
and Gemini 3 Pro are evaluated on 100 images due to API cost.

Quantitative Results. As shown in Table 1,
SceneLM achieves the best overall performance
across all metrics. In particular, it substantially
improves geometric consistency, increasing Volu-
metric IoU from 0.35/0.39 to 0.53, while also deliv-
ering the strongest semantic alignment (CLIP score
0.85) and the most realistic renderings (FID 20.8).
Compared with Qwen3-VL-30B-A3B-Instruct ex-
ecuted with the same toolchain, the gains suggest
that accurate, metric layout prediction is critical for
downstream scene assembly and rendering quality.
For Collided Pairs, SceneGen attains the lowest
value (0.23) largely because it often synthesizes
fewer objects and misses small instances, which
reduces the chance of inter-object intersections.
In contrast, SceneLM reconstructs more complete
scenes, and still maintains a low collision rate
(0.37), indicating improved physical plausibility
despite generating richer object sets.

Qualitative results. Fig. 4 shows that Qwen3-
VL-30B-A3B-Instruct, when paired with our ex-
ecution tools (Sec. 3.4), often outputs incomplete
JSON layouts and imprecise metric boxes; the re-
sulting scenes exhibit missing objects, distorted
scales, and occasional interpenetrations after place-
ment. SceneGen typically generates reasonable
placements for the objects it synthesizes, yet it
frequently drops small or secondary instances, pro-
ducing sparse reconstructions (e.g., tabletop items).
In contrast, SceneLM recovers a more complete
object set and more consistent 3D boxes, yield-
ing scenes that better match both the content and
spatial arrangement of the input while remaining
directly editable.

4.4 Ablation Study

Setup. We ablate key design choices in the layout
estimation stage of SceneLM (Fig. 2(b–c)), while
keeping the backbone, prompts, training data, and
optimization hyperparameters fixed. Evaluation
is conducted on 1,000 images uniformly sampled

Variant F1@0.25↑ F1@0.5↑
Ours (SceneLM) 58.5 36.1
w/o GeomHead + dual supervision 47.6 28.4

w/o yaw_bin (24) 44.1 25.1

Qwen3-VL-2B + JSON CE 18.2 12.4

Table 3: Ablations on single-image 3D layout estima-
tion.

Tuning F1@0.25↑ F1@0.5↑
LoRA 51.3 32.7

Full 58.5 36.1

Table 4: Comparison between LoRA and full fine-tuning
for SceneLM on single-image 3D layout estimation.

from the test splits of our five datasets, using F1 at
IoU3D thresholds 0.25 and 0.5. In Fig. 2, module
(b) denotes the image-to-layout predictor (VLM
with our geometry-aware heads), and (c) is its exe-
cutable output: a JSON list of per-object category,
center_mm, size_mm, and yaw_bin.

Results. Removing the GeomHead and dual su-
pervision reduces F1 to 47.6 at IoU3D=0.25 and
28.4 at IoU3D=0.5. The larger gap at IoU3D=0.5 is
consistent with the role of the geometry branch
in improving high-precision metric localization.
Disabling yaw discretization further lowers F1 to
44.1/25.1, which highlights orientation as a domi-
nant failure mode under pure autoregressive JSON
learning; treating yaw as a 24-way classification
target provides a more stable supervision signal.
The plain Qwen3-VL-2B trained with JSON cross-
entropy reaches only 18.2/12.4, which indicates
that language-only supervision does not yield ac-
curate monocular 3D layouts without explicit geo-
metric constraints.

4.5 Full Fine-tuning vs. LoRA

We further compare LoRA and full fine-tuning un-
der the same backbone, prompts, data, and evalua-
tion protocol. Full fine-tuning yields consistently
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Figure 4: Qualitative comparison on single-image 3D scene generation. We compare SceneLM with Qwen3-VL-
30B-A3B-Instruct executed using our toolchain (Sec. 3.4) and SceneGen. Qwen30B+Tool often misses objects
and produces inaccurate box sizes/poses, which can lead to interpenetrations after instantiation. SceneGen yields
plausible placements for generated instances but frequently omits small or less salient objects, resulting in sparse
scenes. SceneLM produces more complete layouts with more consistent metric geometry, leading to more faithful
and editable reconstructions across indoor, outdoor, and tabletop scenes.

higher F1 at both IoU3D thresholds, suggesting
that precise metric 3D layout prediction benefits
from updating the full model capacity rather than
a low-rank adaptation. In practice, LoRA remains
a viable choice when compute or memory is con-
strained, but full fine-tuning provides the best ac-
curacy for executable scene synthesis.

5 Limitations

To comply with the ACL policy, we summarize the
limitations of this work. First, SceneLM relies on
camera intrinsics for metric layout recovery; when
intrinsics are unavailable, we use default parame-
ters, which may bias the estimated absolute scale
and object sizes. Second, the final scene quality is
bounded by external asset generation and execution
(e.g., asset fidelity, scale alignment, and collision
handling), and the model may still output invalid
or incomplete JSON in complex scenes. We note
that these limitations are acceptable in our evalua-
tion setting and do not prevent normal usage under
typical conditions.

6 Conclusion

We present SceneLM, a language-model-based
framework for editable 3D scene synthesis from a

single RGB image. SceneLM grounds generation
in visual evidence by recovering an executable met-
ric 3D layout as a JSON list of object categories
with metric centers, sizes, and orientations, and
deterministically executing it with a tool suite to in-
stantiate, place, and edit objects. To equip language
models with accurate monocular 3D perception, we
introduce a geometry prediction branch with dual
supervision and curate five large-scale datasets that
convert heterogeneous 3D annotations into a uni-
fied instruction-tuning format. Extensive experi-
ments show that SceneLM improves single-image
3D layout estimation and yields higher-quality end-
to-end scene generation in geometric consistency,
physical plausibility, semantic alignment, and real-
ism. We believe SceneLM’s image-grounded met-
ric layout prediction, tool-based scene synthesis,
and the accompanying datasets provide a promis-
ing foundation for scalable 3D scene understanding
and generation from everyday images. Future work
will support richer interactive editing with long-
horizon refinement, and enable one-click export to
embodied simulators such as Habitat for embodied-
agent training and evaluation.
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