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Figure 1: Schematic of VIPSCENE. Conditioned on text or image prompts, VIPSCENE generates scenes by
leveraging the commonsense priors of video generation models for scene layout and object placements. From
the generated video, we reconstruct the 3D scene and extract individual objects. The final scene is synthesized
by replacing detected objects with high-quality 3D assets from an object database.

Abstract

Automating the expert-dependent and labor-intensive task of 3D scene synthesis
would significantly benefit fields such as architectural design, robotics simulation,
and virtual reality. Recent approaches to 3D scene synthesis often rely on the
commonsense reasoning of large language models (LLMs) or strong visual priors
from image generation models. However, current LLMs exhibit limited 3D spatial
reasoning, undermining the realism and global coherence of synthesized scenes,
while image-generation-based methods often constrain viewpoint control and in-
troduce multi-view inconsistencies. In this work, we present Video Perception
models for 3D Scene synthesis (VIPSCENE), a novel framework that exploits the
encoded commonsense knowledge of the 3D physical world in video generation
models to ensure coherent scene layouts and consistent object placements across
views. VIPSCENE accepts both text and image prompts and seamlessly integrates
video generation, feedforward 3D reconstruction, and open-vocabulary perception
models to semantically and geometrically analyze each object in a scene. This
enables flexible scene synthesis with high realism and structural consistency. For
a more sufficient evaluation on coherence and plausibility, we further introduce
First-Person View Score (FPVSCORE), utilizing a continuous first-person perspec-
tive to capitalize on the reasoning ability of multimodal large language models.
Extensive experiments show that VIPSCENE significantly outperforms existing
methods and generalizes well across diverse scenarios.
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1 Introduction

(a) (b) (c)

Figure 2:Diverse Synthesized Environments.From text prompts,VIPSCENE generates (a) a bookstore and (b)
a children's room. From an image prompt (c),VIPSCENE synthesizes a corresponding outdoor scene. Across
settings, objects are semantically aligned with the prompts and arranged in physically plausible layouts.

Recent advancements in 3D scene synthesis have sparked signi�cant interest across multiple domains,
including gaming [22], augmented reality [1, 50], and robotics [6, 69]. Deep learning-based methods
have enabled the automatic generation of 3D scenes; however, they are limited by the insuf�cient
diversity of available datasets. Recent progress in language and image generative models [2, 18, 53–
55, 11, 37] has further expanded the possibilities for synthesizing more diverse and plausible 3D
scenes. A crucial step in this progress is the generation of spatially coherent layouts, which serve as
the foundational structure for building lifelike 3D environments.

Despite impressive progress, existing methods still face notable limitations in generating real-
istic layouts. One promising direction involves leveraging multimodal large language models
(MLLMs) [ 69, 48, 9, 27, 8, 4, 3]. Among them, pure large language models (LLMs), which typically
translate linguistic priors into layout constraints, often produce incomplete spatial speci�cations and
treat scene synthesis as an optimization problem, which can result in the loss of spatial common-
sense [69]. Vision-language models (VLMs)[18, 30] attempt to address this issue by incorporating
visual context to enhance spatial reasoning. However, their reliance on �xed image viewpoints
limits their ability to generalize to 3D layout understanding [48, 34]. Alternatively, image-based
approaches [60, 15] adopt speci�c viewpoints and apply recurrent inpainting strategies to directly
exploit visual priors for commonsense layout generation. These methods, however, often suffer from
hallucinations and spatial inconsistencies due to viewpoint dependency and the iterative nature.

Moreover, existing automated evaluation protocols often overlook spatial inconsistencies and unre-
alistic layout distributions. Metrics such as CLIPScore [13] and VQAScore [28], based on VLMs,
typically rely on a single top-down view [69, 60]. This perspective can obscure important object
details and impede accurate semantic interpretation (see Fig. 7), thus hindering effective assessment
of layout coherence. Additionally, top-down views are also likely underrepresented in VLM training
data, further reducing their ability to interpret such perspectives. Consequently, these metrics alone
can not reliably re�ect scene generation quality (see Tab. 2).

In this work, we approach the problem from two complementary perspectives: 3D scene synthesis
and evaluation, with a focus on commonsense reasoning and spatial coherence. For scene synthesis,
we introduceVideo Perception Models for 3D Scene Synthesis(VIPSCENE), which leverage rich
visual priors from video generation models to capture coherent scene layouts and object placements
across views. As shown in Fig. 1, conditioned on either a text or image prompt or both,VIPSCENE
�rst generates an egocentric video of a scene, based on which the feed-forward 3D reconstruction
recovers global geometry and open-vocabulary perception segments object instances. The instances
enable a large-scale asset retriever to substitute editable 3D assets, followed by a global optimization
step to re�ne object poses, ensuring physical plausibility and avoiding collisions.VIPSCENE enables
the generation of realistic, semantically faithful, and spatially coherent 3D scenes (see Fig. 2).
Complementing this, we also propose a novel evaluation protocol, theFirst-Person View Score
(FPVSCORE), which leverages advanced MLLMs like GPT-4o [18] and Gemini [53, 54] to assess
generated scenes. A virtual camera captures 360° �rst-person views, which are concatenated into
visual summaries and analyzed by MLLMs through structured prompts. This approach offers a
more interpretable and human-aligned evaluation of layout realism, spatial consistency, and semantic
�delity. Experiments show thatVIPSCENE surpasses state-of-the-art baselines across standard
metrics, while FPVSCOREoutperforms existing metrics and aligns closely with human judgments.
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In summary, our contributions are threefold:(i) We presentVIPSCENE, a novel approach for realistic
3D scene synthesis that leverages video-based commonsense layout understanding, enriched with
semantic and geometric cues obtained through consistent 3D reconstruction and perception.(ii)
We introduceFPVSCORE, a �rst-person view-based evaluation protocol that leverages MLLMs for
more comprehensive, interpretable, and human-aligned assessment of spatial coherence and semantic
�delity. (iii) We show thatVIPSCENE outperforms state-of-the-art baselines across all metrics,
demonstrating the effectiveness of video-grounded priors and a modular decomposition pipeline for
generating physically plausible 3D scenes.

2 Related Work

Indoor 3D Scene Synthesis. Indoor 3D scene synthesis has gained attention for applications in
robotics [72, 32] and augmented reality [1, 50]. Existing methods generate scenes from language [51,
69, 48, 39, 10], graph-based instructions [71, 73, 26], or images [17, 60], producing either object-level
layouts [71, 70] or complete mesh scenes [15, 47]. However, models trained from scratch often suffer
from dataset biases [71, 73, 67, 51]. Recent work thus leverages foundation models for broader
generalization. While large language models (LLMs) can capture inter-object commonsense from
text, they often yield incomplete or ambiguous spatial layouts due to the lack of visual grounding [9,
69, 4, 3, 68]. In contrast, vision-language models (VLMs) incorporate visual cues to enhance
spatial reasoning, but their reliance on �xed viewpoints limits their ability to infer holistic 3D scene
layouts [48, 8]. Image-based approaches [60, 15, 29] attempt to exploit commonsense visual priors
for scene layout generation, but those based on single or multi-view images often struggle with
limited viewpoint coverage and inconsistent spatial alignment across views. In this work, we leverage
large-scale pre-trained video diffusion models [33] to generate long-horizon clips from textual or
image conditions, ensuring consistent viewpoints while enriching visual details.

Video Models. Building on the success of image synthesis [38], recent research has shifted toward
video generation, which introduces challenges like temporal consistency and dynamic content
modeling. Early efforts mainly relied on GAN-based frameworks [56, 43] that, while producing
plausible results in controlled settings, often suffered from mode collapse and temporal incoherence.
Recent approaches have extended diffusion models to the video domain [14, 65], leveraging their
robustness to generate temporally coherent sequences. With the rise of Diffusion Transformers
(DiT)[35], methods now produce highly consistent photorealistic videos[21, 25, 31, 42, 33, 19],
revolutionizing applications in �lm, robotics, and other downstream tasks. In this work, we employ
advanced video models to synthesize scenes with consistent views and broad viewpoint coverage,
providing a strong foundation for generating 3D scenes with coherent layouts.

3D Geometric Reconstruction. Early approaches primarily focused on Structure from Motion
(SfM) techniques, where keypoint detection and matching formed the basis for estimating camera
poses and sparse point clouds [44, 45]. More recently, learning-based approaches [57, 49, 52, 58, 64],
including DUSt3R [59] and MASt3R [23], aim to eliminate iterative optimization and complex
post-processing by directly performing multiple 3D tasks through a feedforward network. These
methods typically integrate data-driven priors to mitigate ambiguities that classical techniques
encounter, demonstrating strong generalization capabilities. In this work, we rely on Fast3R[64] for
3D reconstruction, and MASt3R[23] for tracking of objects from the generated video.

3 Method

The goal ofVIPSCENE is to generate a realistic and physically plausible 3D scene from a user-
speci�ed prompt. Formally, given an image- or text-prompt,VIPSCENE generates a 3D scene
S = f o1; : : : ; oN g, where each objectoi = ( ci ; si ; l i ; � i ) is represented by its categoryci 2 C, size
si 2 R3, positionl i 2 R3, and orientationoi 2 R around the gravity axis. Conditioned on the prompt,
VIPSCENE �rst generates a �rst-person view video of a 3D indoor scene, leveraging commonsense
knowledge on scene layout as well as object placements embedded in the video generation model.
From this video, we employ recent 3D reconstruction and visual perception models to recover the
full 3D scene geometry and decompose it into its individual objects (Sec. 3.1). The scene is then
recomposed by retrieving the most similar 3D assets from an object database. To ensure physical
plausibility and resolve collisions, an additional optimization step re�nes object placements (Sec. 3.2).
The overall framework is illustrated in Fig. 1, and a detailed algorithm is included in Algorithm 1.
In summary,VIPSCENE effectively integrates commonsense knowledge into generated 3D scenes,
capturing both the input prompt semantics and the physical plausibility of spatial layouts.

3



3.1 Scene Understanding

Scene Reconstruction. Given an input prompt, a conditional video generator (Cosmos [33])
produces a high-�delity video. For 3D reconstruction, we �rst sample frames at 2 fps, yielding
f I 1; : : : ; I T g, where each frameI j 2 R3� H � W for j = 1 ; : : : ; T , representing diverse views of
the scene. Trained on web-scale videos, the generator captures commonsense layout priors and
spatial relationships, naturally extending the perceptual �eld beyond image-based methods like
Architect [60]. Next, we process all unposed frames in parallel using a multi-view 3D reconstruction
method to produce the 3D scene reconstructionR, implemented with Fast3R [64]. For metric 3D
reconstruction, we estimate metric depth for each frame using the monocular predictor UniDepth [36],
and rescale the reconstructed scene accordingly.
Object Detection. Next, we aim to detect all 3D objects in the reconstructed sceneR. While
off-the-shelf 3D object detectors are a natural choice, we found them to perform poorly on the noisy
reconstructed point cloudR, leading to inaccurate object categorization and size estimation, as shown
in Fig. 8. Instead, we adopt an image-based approach. Speci�cally, we apply Grounded-SAM [41] to
detect and segment objects of interest independently in each frame, and then use MASt3R [23] to
track and associate 2D detections across frames using its strong multi-view pixel-correspondence
estimation capabilities. In this way, we can assign a unique identi�eri to each object in the 3D scene.
Speci�cally, for an objecti in framet, we store its binary 2D object maskM i

t . We then use the masks
across all views,M i

1; : : : ; M i
T , to extract the corresponding points from the reconstructed point cloud

R. Given the high degree of noise inR, we propose an adaptive erosion scheme that �lters out
artifacts while preserving the object geometry. Speci�cally, we apply morphological erosion to each
binary object maskM to suppress edge noise, with the erosion strength scaled by object size: larger
objects undergo more aggressive denoising, while smaller objects are subject to gentler erosion. This
allows us to obtain a clean and accurate point cloudPi for each objecti .

3.2 Scene Assembly

3D Asset Retrieval. In this stage, the goal is to replace the object point cloudsPi with actual 3D
assets. Towards that end, we pick the most similar asset from a large-scale object database based on
estimated object properties. Speci�cally, we extend beyond prior approaches (e.g., Holodeck [69])
that rely primarily on visual similarity, textual relevance, and size similarity. Instead, we additionally
adopt a point cloud registration-based retrieval strategy to identify the most suitable asset candidates.
Given an object point cloudPi , we �rst estimate its orientation� i . We apply Principal Component
Analysis (PCA) to compute the principal axes and use the direction of greatest variance to approximate
the orientation. A tight bounding box is then aligned with� i , from which positionl i and sizesi are
derived. As PCA cannot distinguish between0 and� , each object yields two symmetric poses. For
each candidate asset, we compute a rigid transformationT = [ R jt ], with rotationR 2 R3� 3 and
translationt 2 R3, by minimizing:

[R � ; t � ] = argmin
R ;t

X

q2 Q j

�
min
p2 P i

kR q + t � pk2
�

+ I SO(3) (R ); (1)

wherep is a point in the object's point cloudPi andq is the closest point in the candidate assetQj .
The termI SO(3) (R ) ensures that the rotation matrixR remains within the special orthogonal group
SO(3) as de�ned in [74]. To solve this optimization problem, we use the Iterative Closest Point
(ICP), initialized with the estimated poses. To identify the most suitable asset for each object, we
select the candidate with the lowest root mean square error (RMSE), resulting in a scene composed
of geometrically well-aligned assets. This step ensures accurate geometric alignment of the assets.
Object Pose Re�nement. To address potential collisions caused by size mismatches between
retrieved assets and objects, we introduce an optimization step to re�ne object placements in a
physically plausible manner. This ensures that objects avoid overlap, stay within room boundaries (if
speci�ed), and remain close to their initial position. We de�ne the total loss as a weighted sum of
three losses, the position lossL p, the overlap lossL o, and the optional boundary lossL b:

L total = L p + � oL o + � bL b; (2)

where� o and� b are weighting parameters, and the individual loss terms are de�ned as:

L p =
nX

i =1

jl i � lorig
i j22; L o =

X

i 6= j

Area(BBoxi \ BBoxj ) ; L b =
NX

i =1

Area(BBoxi n Room) :

4



The position lossL p encourages minimal deviation from the objects' original locationsl . The overlap
lossL o penalizes intersecting object pairs based on the area of their bounding boxes. The boundary
lossL b penalizes any part of an object that lies outside the room bounds, if provided. During
optimization, object positions are iteratively updated along the gradient ofL total until convergence.
The process terminates once overlap and boundary violations are eliminated or when no signi�cant
improvements are observed. This results in a collision-free, spatially coherent scene layout.

4 First-Person View Score – FPVSCORE
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Figure 3:Illustration of First-Person View Score. Rather than relying on asingle top-down view, our metric
uses asequence of �rst-person viewimages for each generated scene(left). A multimodal language model
(MLLM) then analyzes and ranks the sequences based on multiple evaluation criteria(right).

User studies remain the gold standard for evaluating the quality of generated 3D scenes, as they
accurately re�ect human judgment. However, they are expensive, time-consuming, and dif�cult to
scale. Recent works [69, 60] have exploredautomatedevaluation using vision-language models
(VLMs) like CLIP [40] and BLIP [24], which assess how well atop-downrendering aligns with a
given text prompt. For example, CLIPScore[13] computes the cosine similarity between the text
encoding of the prompt and the image encoding of the rendered image.

Yet, top-down views may be underrepresented in the training distributions of VLMs, potentially
limiting their ability to interpret such inputs accurately. Capturing the full scene layout, including
�ne-grained geometry and object semantics, in a single image embedding is inherently dif�cult.
These views may also obscure key visual details, further reducing alignment �delity. As a result, the
scores produced by these metrics are often unreliable and hard to interpret meaningfully.

Instead, we introduce an alternative evaluation protocol, called FPVSCORE, that uses multiple�rst-
personviews, which better re�ect the training distributions of foundation models and offer improved
scene coverage. Crucially, rather than using a single similarity metric, we exploit the perceptual and
reasoning capabilities of multimodal models such as GPT-4o [18] and Gemini [53, 54] to rank the
outputs of 3D scene generation models and to explain the rationale behind each ranking.

Metric Details and Prompt Design. Fig. 3 illustrates our �rst-person view metric. For each scene,
a virtual camera is placed at the center and simulates a 360-degree rotation, rendering frames at
30-degree intervals to ensure comprehensive coverage and suf�cient overlap. These frames are
horizontally concatenated to form a compact visual summary. To enable consistent comparison across
methods, we stack the summaries for all scenes and input them into the multimodal large language
models (MLLMs) simultaneously, avoiding inconsistencies that could arise when evaluating them
in isolation. Building on prior work in multimodal model-based 3D object assessment [61], we
design a structured prompt to enable comparative evaluation of scene generations. As illustrated
in Fig. 3, the prompt comprises three key elements: (1) task-speci�c instructions de�ning the multi-
scene comparison goal, (2) a clear list of evaluation criteria, and (3) formatting guidelines to ensure
consistent output. The prompt guides the model to assess scenes along dimensions such as semantic
correctness, layout accuracy, and overall coherence. We further instruct the model to justify its ratings
with brief explanations, enabling veri�cation of its reasoning and increasing trust in the evaluation.
This design facilitates a more holistic, interpretable, and scalable evaluation protocol for 3D scene
generation, addressing the limitations of traditional top-down metrics by aligning more closely with
human-like reasoning patterns (see Tab. 2).
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5 Experiments

Experimental Details. We utilize Cosmos [33] for video generation and adopt Fast3R [64] for
3D reconstruction. For open-vocabulary segmentation, we employ Grounded-SAM [41], and
UniDepth [36] is applied for monocular depth estimation. For comparison with baselines, we
follow prior work [69] and evaluate on four types of scenesliving room, bedroom, bathroom, and
kitchen. We ask GPT-4o [18] to produce 25 text prompts for each room type. Each prompt consists
of a description of a room type and the desired items. Based on these prompts, we generate 100
rooms using each method under evaluation. We set� o = � b = 10. Consistent with prior work,
Holodeck [69], we retrieve 3D models from a high-quality subset of Objaverse [7] to ensure realistic
and diverse object representations in the scene. Please refer to the appendix for more details.

Baselines. We compare our method with the most recent state-of-the-art approaches for 3D scene
synthesis: Holodeck [69] is a comprehensive system that integrates LLM-based scene generation
with optimization steps to jointly produce room layouts and object placements. Architect [60] is
a generative framework that creates interactive 3D scenes through diffusion-based 2D inpainting,
relying on visual priors extracted from single images.

Metrics. To evaluate the quality of generated scenes, we report scores using the proposed �rst-
person view metricFPVSCORE (Sec.4) and other automatic metrics used in prior work [60]: (1)
CLIPScore [13], which measures image-text similarity via CLIP embeddings; (2) BLIPScore, which
evaluates image-caption alignment using the matching head of BLIPv2 [24]; (3) VQAScore [28],
which uses a visual question answering model to score how likely an image depicts the given caption;
and (4) GPT-4o Ranking [18], which prompts GPT-4o to rank top-down rendered views.

User Study. We conduct a user study to compare scenes generated by our method against baseline
approaches. Participants are shown a 360-degree video captured from the center of each scene,
along with a top-down rendered image, allowing them to assess both global structure and �ne details.
Thirty graduate students rated the scenes on a 3-point scale (1 = lowest, 3 = highest) across three
criteria: Prompt Adherence (PA),“To what extent does the generated scene align with the input
prompt?”, Layout Correctness (LC),“Are the object placements physically plausible and functionally
sensible?”, and Overall Preference (OP).

5.1 Quantitative Results

Tab.1 presents quantitative results comparing ourVIPSCENE to the Holodeck[69] and Architect [60]
baselines. We report 2D image-based metrics using both �rst-person and top-down views, along with
user study outcomes.VIPSCENE outperforms both baselines across all metrics. The user study, our
most reliable evaluation, indicates thatVIPSCENE better captures prompt semantics, produces more
realistic scene layouts, and is the overall preferred method. This trend is also re�ected in our proposed
�rst-person view metric across three different VLMs (Gemini 2.0, GPT-4o, GPT 4.1). Top-down
view scores offer a much less clear picture. According to these metrics, performance across methods
is nearly indistinguishable, a �nding not supported by the more reliable user study. This supports
our intuition that top-down view metrics are poorly suited for evaluating 3D scene generation; we
examine this further in Sec. 5.3. Another notable �nding from our study is that Architect generally
underperforms compared to Holodeck on the 100 generated scenes. This contrasts with the results
reported in [60], but is partially supported by the qualitative examples in Fig. 4, which illustrate that
Architect often produces unusual and sometimes impractical object placements.

Method First-Person View Scores User Study Top-Down View Scores

Gemini 2.0" GPT-4o" GPT 4.1" PA" LC" OP" CLIP" BLIP" VQAScore" GPT-4o"

Holodeck [69] 1.92 2.02 1.94 2.31 2.06 2.0529.17 51.27 81.43 1.98
Architect [60] 1.77 1.62 1.76 2.05 1.94 1.9829.95 49.72 78.34 1.90
VIPSCENE (Ours) 2.32 2.45 2.43 2.52 2.51 2.3929.98 54.36 82.13 2.12

Table 1: First-Person View, User Study, and Top-Down View Scores.We report scores across different
evaluation metrics. For First-Person View Scores and GPT-4o-based metrics, we report average ranking where 3
is the best and 1 is the worst. Prompt Adherence (PA), Layout Correctness (LC), Overall Preference (OP).
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Figure 4:Qualitative Results.We present top-down and close-up views of ourVIPSCENE, comparing it against
Holodeck [69] and Architect [60] (columns)across four room types(rows). In the �gures, Holodeck clearly
leaves large areas unused while over-cluttering others, whereas Architect produces implausible arrangements
that are impractical and rarely seen in real environments.VIPSCENE generates room layouts that are overall
more realistic and natural.
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Figure 5:Image Prompting and Scene Realism.Left: Examples of image-based prompting: given an input
image,VIPSCENE generates a video and reconstructs a full 3D scene. Note that based on the information from
the �rst frame, the generated video can plausibly hallucinate objects beyond the original �eld of view, such as the
white sofa near the observer in the living room or the side window in the bedroom.Right: Additional detailed
comparison of scene layouts. Unlike Holodeck [69] (top), which handles object placement and window layout
separately, our method(bottom)jointly reasons about their spatial relationships, avoiding window occlusions
and yielding more coherent, realistic arrangements.
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