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Figure 1. Comparison of single-image indoor scene generation. Given a single-view input, including LLM-generated imagery, syn-
thetic datasets, real-world photographs, or cartoon-style renderings (left), even advanced image-to-scene generation methods [2, 11, 16]
frequently suffer from collisions, floating artifacts, misorientations, hallucinations, and unsupported objects. These issues often lead to
unstable or cluttered arrangements, undermining physical plausibility. In contrast, our method, PhyMix, generates physically consistent
and visually faithful 3D scenes with collision-free, grounded, and stable arrangements while preserving high-fidelity object geometry.

Abstract

Existing single-image 3D indoor scene generators often
produce results that look visually plausible but fail to obey
real-world physics, limiting their reliability in robotics, em-
bodied AI, and design. To examine this gap, we introduce
a unified Physics Evaluator that measures four main as-
pects: geometric priors, contact, stability, and deployabil-
ity, which are further decomposed into nine sub-constraints,
establishing the first benchmark to measure physical con-
sistency. Based on this evaluator, our analysis shows that
state-of-the-art methods remain largely physics-unaware.
To overcome this limitation, we further propose a frame-
work that integrates feedback from the Physics Evaluator

into both training and inference, enhancing the physical
plausibility of generated scenes. Specifically, we propose
PhyMix, which is composed of two complementary com-
ponents: (i) implicit alignment via Scene-GRPO, a critic-
free group-relative policy optimization that leverages the
Physics Evaluator as a preference signal and biases sam-
pling towards physically feasible layouts, and (ii) explicit
refinement via a plug-and-play Test-Time Optimizer (TTO)
that uses differentiable evaluator signals to correct residual
violations during generation. Overall, our method unifies
evaluation, reward shaping, and inference-time correction,
producing 3D indoor scenes that are visually faithful and
physically plausible. Extensive synthetic evaluations con-
firm state-of-the-art performance in both visual fidelity and

1

ar
X

iv
:2

60
4.

10
12

5v
1 

 [
cs

.C
V

] 
 1

1 
A

pr
 2

02
6

https://arxiv.org/abs/2604.10125v1


physical plausibility, and extensive qualitative examples in
stylized and real-world images further showcase the robust-
ness of the method. We will release codes and models upon
publication.

1. Introduction
Generating 3D indoor scenes from a single image is a fun-
damental problem in computer vision and graphics, en-
abling applications in embodied AI, AR/VR design, and
large-scale simulation [4, 14]. In these domains, accurate
reconstructions are crucial for enabling physical interaction,
supporting realistic digital content creation, and providing
scalable environments for training and evaluation of robotic
applications [22, 37]. For applications involving physical
interaction, scene reconstructions must extend beyond vi-
sual realism to guarantee physical plausibility [39]. This
means reconstructed scenes should not only appear realistic
but also conform to physical constraints such as collision-
free, support, and stability, which are important for down-
stream applications [24].

There has been steady progress in single-image scene
generation. One line of work [1, 8, 41] uses a sequential
pipeline, generates objects in isolation, then defines a lay-
out to compose the scene, which, due to independently opti-
mized stages, often yields inaccurate layouts. Another line
of work [3, 13, 36, 45] predicts the entire scene as a uni-
fied voxel grid or implicit field, improving global coher-
ence but sacrificing interactivity, since objects and back-
ground are fused into a single representation and cannot
be manipulated independently. Lastly, instead of produc-
ing the objects and layouts separately, [11, 16, 25, 38] at-
tempts to predict both of them jointly. Nevertheless, as Fig-
ure 1 shows, they still struggle with physical plausibility,
frequently yielding collisions, floating objects, and con-
tact violations. As a result, ensuring physical plausibility
in scene remains an open and challenging research prob-
lem. While some recent methods include certain simple
physical constraints, as summarized in Tab. 1, most exist-
ing methods handle physical consistency in an ad hoc man-
ner, for example, simply penalizing collisions or check-
ing whether objects touch the ground. What is still lack-
ing is a comprehensive treatment of physical consistency
that goes beyond isolated losses, together with a system-
atic empirical analysis of how such primitive signals affect
plausibility. To address this gap, we propose a comprehen-
sive Physics Evaluator that systematically covers four as-
pects: Geometric priors, Contact, Stability, and Deploya-
bility. These aspects are further decomposed into a total of
nine measurable constraints. It provides a consistent way
to assess physical plausibility, and its scores align closely
with human judgments of physical plausibility. Because
some of the constraints are differentiable, i.e., Contact and

Stability while others are inherently non-differentiable, i.e.,
Geometric Priors and Deployability, integrating them into
learning pipelines is nontrivial. Accordingly, we develop
mechanisms to incorporate these signals in both training
and inference stages. Motivated by the above observations

Table 1. Comprehensive benchmark of physics-aware capabilities.
We decompose physical consistency into four aspects: Geometric
Priors, Contact, Stability, and Deployability. This unified pro-
tocol informs the design of our PhyMix approach.

Geometric Priors Contact Stability Deployability

Method
Orient-
ation

Scale
robust.

Collis.
free

Ground-
ing

Supp-
ort

Ancho-
ring

Static
stab.

Dyn.
stab.

Reacha-
bility

CAST [41] ✓ ✓ ✓
DepR [43] ✓
PhyScene [40] ✓ ✓ ✓
RoomCraft [44] ✓ ✓
HiScene [5] ✓
Gen3DSR [1]
MIDI [11]
PartCrafter [16] ✓
SceneGen [25] ✓ ✓
CHOrD [31] ✓ ✓ ✓
SAM 3D [2] ✓ ✓
I-Scene [17] ✓ ✓
PhyMix (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

and our proposed Physics Evaluator, we present PhyMix
(Physics-guided Implicit–Explicit Optimization). PhyMix
builds on existing diffusion-based scene generation back-
bones and augments them with evaluator feedback in two
complementary ways: Scene-GRPO (Scene-level Group
Relative Policy Optimization) for implicit optimization dur-
ing training, and TTO (Test-Time Optimizer) for explicit
refinement during inference. Together, these components
combine implicit and explicit strategies to enforce physical
consistency. In particular, Scene-GRPO provides implicit
physics optimization to address the challenge of incorpo-
rating non-differentiable physical constraints into diffusion
training. Because non-differentiable physical constraints
are hard to embed directly, we instead treat evaluator scores
as preference signals, following preference alignment in
large language models to inject our physical constraints, es-
pecially the non-differentiable ones, into the model. For
each input, the model generates multiple candidate lay-
outs that are ranked by the evaluator. The model is then
optimized to assign higher probability to physically feasi-
ble layouts, gradually shifting its sampling distribution to-
ward more physically plausible outcomes. Complementar-
ily, the test-time optimizer explicitly injects differentiable
physical constraints during inference to adjust poses and
resolve remaining violations. Together, these components
unify implicit and explicit optimization under our eval-
uator, substantially improving physical plausibility while
maintaining visual fidelity. Our experiments show that
PhyMix achieves superior physical consistency over prior
methods, with fewer contact and stability failures, more co-
herent geometry, and improved navigability, while main-
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taining state-of-the-art visual fidelity. On the large-scale
3D-FRONT benchmark [6], our method raises the overall
physics score by +20.2% relative to MIDI [11] and +16.6%
relative to PartCrafter [16], improving visual realism and
highlighting the importance of embedding physical guid-
ance into generation. These consistent gains across both
physics and geometry confirm that embedding evaluator-
driven implicit–explicit optimization yields state-of-the-art
single-image 3D scene generation. Our contributions can
be summarized as:
• We introduce a comprehensive physics evaluator that de-

composes physical consistency into four aspects and can
be further categorized into nine measurable physical con-
straints.

• We propose PhyMix, which integrates implicit optimiza-
tion (Scene-GRPO) to incorporate our physical con-
straints, especially the non-differentiable ones, and ex-
plicit optimization (TTO) to further refine differentiable
ones, thereby yielding physically feasible generation.

• Our method outperforms existing approaches on the syn-
thetic 3D-FRONT dataset, improving physical plausibil-
ity while preserving visual fidelity, and it generalizes to
out-of-distribution inputs, including real-world photos,
cartoon-style images, and LLM-generated paintings.

2. Related Work
3D indoor scene generation. Existing approaches to
single-image indoor scene generation can be roughly
divided into three families: step-by-step assembly
pipelines [1, 2, 8, 41, 42], room-scale predictors [3, 13, 14,
36, 45], and unified object–layout generators [11, 16, 17,
25, 38]. As discussed in Sec. 1, each line of work has made
steady progress but still struggles with physical plausibil-
ity. This motivates our focus on systematically incorporat-
ing physical consistency into scene generation.

Physical plausibility in scene. Early layout models like
ATISS [26] and PlanIT [35] judged feasibility mainly by
checking object overlaps. More recent methods intro-
duced additional signals, such as collision-aware losses
in diffusion sampling [40], constraint-based optimization
[31], or metrics for navigability and support [33]. Oth-
ers explored contact losses [41], relation constraints [8], or
reinforcement-style refinements [20]. While these efforts
show incremental gains, they remain ad hoc—focusing on
isolated constraints without a unified treatment of physical
consistency. This motivates the development of a system-
atic evaluator that can cover multiple aspects of physical
plausibility in a systematic way.

Preference-based alignment and test-time optimization.
In large language models, preference-based alignment (e.g.,

DPO [28], ORPO [9], GRPO [30]) has shown strong ability
to guide generation without an explicit critic, and Diffusion-
DPO extends this paradigm to image synthesis [34]. Con-
versely, PPO [29] and AWR [27] assume sequential control
with value functions and stepwise rewards, which are absent
in single-step 3D scene generation; applying them thus in-
troduces unnecessary value estimation and ill-posed credit
assignment. GRPO instead operates directly on ranked
groups of final layouts, providing stable, low-variance up-
dates without rollouts or critics. Unlike pairwise preference
methods such as DPO, it also leverages multiple candidates
per group to obtain richer preference signals. In parallel,
test-time optimization methods refine layouts after gener-
ation. For example, flow-matching models [18, 19, 21],
constraint-based refinement in DiffuScene [13] and In-
structScene [15], or reinforcement-style post-hoc adjust-
ments in HAISOR [32]. These approaches improve results
but remain ad hoc and heuristic. Our method unifies both:
implicit GRPO training and explicit test-time refinement,
both guided by our Physics Evaluator.

3. Are existing 3D indoor scene generators
physically reliable?

3.1. Representative Baselines Across the Method-
ological Spectrum

A central question of our study is: Do existing single-
image 3D indoor scene generators produce layouts that
are physically reliable, or do they only look plausible to
the eye? To investigate this, we evaluate five represen-
tative baselines spanning the three major categories out-
lined in Sec. 1. Step-by-step assembly methods such as
Gen3DSR [1] and REPARO [8] reconstruct objects indi-
vidually and then place them into a scene. Room-scale ap-
proaches like DepR [43] predict the entire layout at once.
Unified object–layout generators, including MIDI [11] and
PartCrafter [16], jointly model geometry and arrange-
ment. Together, these baselines form a representative
testbed for assessing physical reliability in single-image 3D
scene generation.

3.2. Motivation for a Physics Evaluator
Despite impressive progress in visual plausibility and se-
mantic coherence, existing scene generators still produce
layouts with obvious physical errors: as shown in Figure 1,
chairs sink into tables, lamps float above floors, and shelves
collapse without support. Such violations not only break
immersion but also make scenes unreliable for robotics,
embodied AI, and design applications where physical in-
teraction is critical. A key limitation of prior work is the
absence of a standardized way to evaluate physical valid-
ity. While some prior works [12, 46] employ differentiable
rigid-body simulation frameworks to model gravity, iner-
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tia, and inter-object interactions, real physical simulation
remains fundamentally limited to optimizing differentiable
signals: it focuses on multi-step temporal dynamics, incurs
heavy computational cost, and cannot capture many non-
differentiable yet essential static plausibility factors such as
orientation priors, class-level scale consistency, and reacha-
bility. To address this gap, we introduce a Physics Evalua-
tor that systematically measures whether generated scenes
obey physical constraints. It provides both comprehensive
metrics for benchmarking and learning guidance for opti-
mization, offering a unified tool to assess existing methods
and to guide the generation of physically consistent scenes.

3.3. Unified Physics Evaluator
To systematically diagnose the failures observed across
baselines, we introduce a Physics Evaluator that standard-
izes the assessment of physical consistency in single-image
scene generation. These four aspects are organized in a co-
herent progression: starting from geometric priors, which
ensure each object individually satisfies basic geometric
constraints such as upright orientation, category-consistent
size, and plausible aspect ratios; extending to contact,
which evaluates inter-object and object–environment re-
lationships including collisions, floor support, and align-
ment with room walls or canonical axes; further to sta-
bility, which tests whether objects remain well supported
and maintain equilibrium when subjected to simple physics-
based perturbations; and finally to deployability, which ver-
ifies that the resulting layout preserves sufficient free space
and unobstructed regions for navigation and downstream
embodied tasks. These four aspects, together with the clear
and fine-grained definitions of their internal sub-metrics de-
tailed in Appendix, form a unified benchmark for judging
physical plausibility and provide structured signals that can
guide both training and inference, as discussed in Sec. 4.

3.4. Empirical Benchmarking of Physical Consis-
tency

We apply the proposed Physics Evaluator to five represen-
tative baselines, establishing the first systematic benchmark
of physical consistency for single-image scene generation
(see Tab. 2 for details). To validate that these metrics cap-
ture physical plausibility, we conducted a perceptual study
on static scene renderings with standardized viewpoints,
randomized order, and method blinding, details in Ap-
pendix. Raters provided 1–7 Mean Opinion Scores (MOS)
and gave paired A/B preferences for the “more physically
plausible” result. We report the macro-averaged win rate
of Proposed vs. the strongest baseline, counting ties as 0.5.
Our evaluator aligns well with human judgments, confirm-
ing that the metrics faithfully capture physical plausibility.
PhyMix achieves the best performance across both metrics
and user studies as described in Sec. 4. This study high-

Table 2. Benchmarking physical consistency across representa-
tive baselines using evaluator metrics and a perceptual user study.
PhyMix ranks highest in both evaluations, with user preferences
(Overall MOS) strongly aligned with metric scores (Overall Phys-
ical Score).

Metric MIDI PartCrafter Gen3DSR DepR REPARO Ours (PhyMix)

Evaluator: Geometric Priors
Misorientation Rate (%) 7.37 5.82 14.29 11.83 13.95 1.72
Scale Instability Rate (%) 6.41 4.73 12.58 9.85 11.64 1.82

Evaluator: Contact
Collision Rate (%) 7.14 3.88 16.32 9.52 13.55 0.56
Collision Severity (%) 2.72 3.16 7.76 4.37 5.74 0.05
Floating Rate (%)* 33.15 28.39 45.39 37.06 42.46 0.97
Floating Severity (%)* 29.90 23.28 36.47 32.73 36.60 1.10
Unanchored Rate (%) 12.83 9.24 28.15 19.48 25.31 1.80

Evaluator: Stability
Static Instability Rate (%) 22.61 15.84 37.80 34.42 37.04 1.27
Dynamic Instability Rate (%) 24.63 18.92 41.27 36.95 39.72 2.20

Evaluator: Deployability
Unreachable Rate (%) 3.78 2.94 8.67 6.51 7.89 1.01

Overall Physical Score 84.4 88.4 75.1 79.5 76.4 98.6

User Study †
Contact MOS 4.2 4.6 3.1 3.8 3.4 6.9
Stability MOS 4.1 4.8 2.9 3.5 3.2 6.8
Geometric Prior MOS 4.7 5.1 3.6 4.2 3.9 6.9
Overall MOS 4.3 4.8 3.2 3.8 3.5 6.8

Pairwise Preference (win rate)
PhyMix vs. PartCrafter 0.92 (N=200)
PhyMix vs. MIDI 0.96 (N=200)

*”Floating” aggregates grounding and support violations. † Higher MOS
indicates better perceptual quality. Preference values represent the
scene-macro win rate, where ties are counted as 0.5.

lights a persistent gap: existing generators capture visual
plausibility but struggle with reliable physical arrangement.
Building on these findings, we incorporate evaluator feed-
back directly into training and inference to improve physical
plausibility while preserving geometric and visual fidelity.

4. PhyMIX
Motivated by our benchmark findings, we introduce
PhyMix, a framework that leverages feedback from our
Physics Evaluator to enhance 3D scene physical consis-
tency. As shown in Figure 2, given a single RGB image I
and instance masks, our framework is based on a pretrained
scene generator (e.g., PartCrafter [16] or MIDI [11]) to pre-
dict a scene

S = {(zi, ψi)}Ni=1, (1)

where each object is represented by a geometry latent zi
and a pose ψi = (ti, qi, si) in the world frame W . We
then optimize the layout policy πθ(S | I) induced by the
generator with evaluator-driven rewards and penalties, with-
out altering the underlying generator architecture, making
PhyMix compatible with different backbones. Our over-
all objective couples a training-time expectation, combining
evaluator rewards with a training-aligned regularizer, and an
inference-time explicit physical penalty:

max
θ

ES∼πθ(·|I)

[
R(S) + log πθ(S | I)︸ ︷︷ ︸

Scene-GRPO

− ETTO(S)︸ ︷︷ ︸
TTO

]
.

(2)
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Figure 2. Overview of the architecture. The pipeline takes a single image and instance masks as input and outputs physically consistent 3D
scenes. Our PhyMix framework integrates (a) a unified Physics Evaluator that provides (b) implicit training-time rewards (Scene-GRPO)
and explicit test-time guidance (TTO) to inject physical priors.

Here, the term R(S) represents the physics-aware reward,
which aggregates all penalties computed by our Physics
Evaluator, covering four aspects: geometric priors (penaliz-
ing close to the distribution deviations in translation, orien-
tation, and scale), contact, stability, and deployability. This
defines the evaluator-based reward, which ensures the gen-
erated layout satisfies physical feasibility. The log πθ(S | I)
term acts as a training-aligned regularizer, where πθ(S | I)
denotes the layout policy induced by the pretrained scene
generator, parameterized by the learnable weights θ. This
regularizer keeps the optimized layouts close to the distri-
bution learned by the pretrained model. Intuitively, scenes
that better match the generator’s prior receive higher like-
lihood under πθ. This term therefore prevents large devia-
tions from the generator and stabilizes the preference-based
optimization. In addition, ETTO(S) denotes differentiable
physical energy terms applied at inference time, which
explicitly correct residual contact and stability violations.
Overall, this formulation unifies implicit, distribution-level
alignment during training via critic-free GRPO and explicit,
sample-level refinement during inference through test-time
optimization (TTO).

4.1. Scene-GRPO: Implicit Group-Relative Policy
3D Scene Optimization

Overview. Scene-GRPO guides the scene generator toward
physically plausible layouts during training. As illustrated
in Figure 3, For each input, the model generates multiple
candidate scenes, evaluates their physical plausibility, and
updates the generator to favor the more feasible ones. By
relying on relative comparisons rather than absolute scores,
Scene-GRPO provides a stable mechanism for incorporat-
ing physical guidance during training and complements the
test-time refinement introduced later. Candidate Set Gen-

eration. To enable preference-based optimization, Scene-
GRPO compares multiple scene layouts generated under the

Figure 3. Scene–GRPO framework. (i) A group of comparable
candidate scenes is constructed from the current generator and a
stable reference generator with controlled perturbations. (ii) Each
candidate is scored by flow-matching, yielding per-sample losses
ℓ(k). (iii) Physics-aware rewards r(k) are computed by the Physics
Evaluator and converted into groupwise preference weights Ã(k).
(iv) The generator is updated by reweighting the flow-matching
loss according to these preferences, with a KL regularizer aligning
model- and reward-induced preferences for stable optimization.

same input. For each image, we construct a small candidate
set {S(k)}Kk=1, where the superscript k indexes the individ-
ual candidate scene within the sampled group, with varying
degrees of physical plausibility. Candidates are obtained
from two complementary sources. First, we sample scenes
from the current generator, reflecting the model’s typical
outputs. Second, we include reference scenes produced by
a stable reference generator, implemented as an exponen-
tial moving average (EMA) of the current model, and apply
mild perturbations to object poses to create controlled local
variations. Perturbations are applied to object translation,
scale, and rotation within bounded ranges, producing com-
pact candidate groups that remain visually similar while
differing in physical feasibility. This enables meaningful
relative comparison and effective preference-based learning
without requiring explicit value prediction. Flow Match-
ing Scoring. Diffusion-based generators do not provide
explicit likelihoods for individual samples. Following the
flow-matching perspective [18], we approximate the plausi-
bility of a candidate scene using its denoising error: scenes
that better match the learned data distribution incur smaller
prediction errors. Concretely, each scene {(zi, ψi)}Ni=1 is
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encoded into a latent representation h. We add Gaussian
noise ϵ at a randomly sampled time step t and evaluate how
accurately the transformer predicts this noise:

LFM = Et,S,ϵ

∥∥ϵ̂(ht(S), t)− ϵ
∥∥2
2
. (3)

We use the negative denoising error −LFM as a plausibility
score. Within each candidate group, scenes with lower de-
noising error are considered more consistent with the gen-
erator. This score aligns naturally with the model’s training
objective and requires no additional networks or density es-
timation. It therefore provides a simple and stable way to
rank candidates for preference-based learning. We empir-
ically verify in Appendix that it correlates well with true
likelihood rankings. Physics-Aware Reward. To compare
candidate scenes within each group, we define a physics-
aware reward derived from the Physics Evaluator, which
assigns lower scores to scenes that violate physical con-
straints. The reward r(k) aggregates penalties from the four
evaluator aspects introduced earlier: geometric plausibility
(orientation and scale), contact (collision, grounding, sup-
port, anchoring), stability (static and dynamic), and deploy-
ability (reachability). In addition, we include a lightweight
geometric alignment term to prevent excessive deviation
from the reference layout during optimization, penalizing
discrepancies in object translation, rotation, and scale. For-
mally, the reward for a candidate scene S(k) is defined as

r(k) = −
∑
j

∆Pj(S
(k)), (4)

where Pj denotes penalties from the Physics Evaluator.
This formulation establishes the general physics-aware re-
ward R(S) =

∑K
k=1 r

(k). Detailed definitions of the
evaluator components are provided in Appendix. Group-
Relative Objective and Optimization. Given a candidate
set with evaluated rewards, we update the scene generator
using relative comparisons within each group, encouraging
layouts that are more physically plausible. Let ℓ(k) de-
note the per-sample flow-matching loss of candidate S(k),
i.e., a single-sample evaluation of the training objective
LFM(S(k)) in Equation (3). The group-relative advantage
is defined as Ã(k) = r(k)−r̄

std(r) , which indicates whether a can-
didate is physically better or worse than the group average.
We optimize the following objective:

LGRPO =
1

K

K∑
k=1

(
−Ã(k)

)
ℓ(k) +KL(pθ ∥ q) ,

pθ = softmax
(

−ℓ
τ

)
,

q = softmax
(

r
τ

)
.

(5)

The first term reweights the standard flow-matching loss
according to physical preference: candidates with higher

reward (Ã(k) > 0) receive stronger updates, while less
feasible candidates are down-weighted. The KL regular-
izer aligns the model-induced distribution pθ, derived from
flow-matching losses ℓ = {ℓ(k)}Kk=1, with the reward-
induced distribution q defined by evaluator scores r =
{r(k)}Kk=1. τ is a temperature hyperparameter that controls
the smoothness of the induced probability distributions. In
practice, we use candidate groups of size K = 12, and
maintain a slowly updated reference model for stabilization.

4.2. Explicit Test-Time Optimization
While Scene-GRPO improves physical plausibility during
training, residual violations may still occur at inference due
to monocular scale ambiguity and complex object interac-
tions. To address this, we introduce a lightweight test-time
optimization module that explicitly enforces physics during
denoising. We focus on contact and stability, which are dif-
ferentiable and provide reliable gradient signals, while other
factors (e.g., orientation, class-level scale, reachability) are
handled implicitly by Scene-GRPO. At selected timesteps,
each object is decoded into a coarse signed distance field
(SDF) representation and optimized using the following en-
ergy:

ETTO = Ediff + Ereg. (6)

Here Ediff aggregates differentiable physical constraints
consistent with the training rewards, including penalties for
geometry (e.g., overlap, ground contact, wall alignment)
and static stability. The regularization term Ereg stabilizes
gradients (see Appendix). For efficiency, optimization is
applied only at a few denoising stages with a small number
of gradient steps, correcting physical inconsistencies with
minimal overhead.

5. Experiments
5.1. Experimental Settings
We conduct our main experiments on 3D-FRONT [6], fol-
lowing the preprocessing pipeline of MIDI [11], and as-
sess cross-domain generalization on held-out modalities.
PhyMix is implemented on multi-instance single-image 3D
backbones with LoRA-based [10] fine-tuning. We evaluate
physical consistency with our Physics Evaluator (Sec. 3.3)
and 3D quality fidelity using standard scene- and object-
level metrics and compare against representative single-
image scene-generation baselines across four method fami-
lies. The details are in Appendix.

5.2. Comparison with existing works
Quantitative Comparison. Tab. 3 reports results on the
3D-FRONT test set, covering our newly proposed physics
metrics and existing 3D quality metrics. We evaluate
three variants of our method: training-time implicit align-
ment with Scene-GRPO only, explicit test-time optimiza-
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Table 3. Comprehensive evaluation on the 3D-FRONT test set.

(a) Our proposed physics metrics

Method
Coll.
↓

Float.
↓

Unanch.
↓

Stat.
Inst.
↓

Dyn.
Inst.
↓

Misori.
↓

Scale
Inst.
↓

Unreach.
↓

Overall
↑

SAM 3D [2] 8.52 35.6 14.8 26.5 28.2 8.45 7.62 4.90 82.1
PartCrafter [16] 3.88 28.4 9.24 15.8 18.9 5.82 4.73 2.94 88.4
DepR [43] 9.52 37.1 19.5 34.4 37.0 11.8 9.85 6.51 79.5
Gen3DSR [1] 16.3 45.4 28.2 37.8 41.3 14.3 12.6 8.67 75.1
REPARO [8] 13.6 42.5 25.3 37.0 39.7 14.0 11.6 7.89 76.4
MIDI [11] 7.14 33.2 12.8 22.6 24.6 7.37 6.41 3.78 84.4

Ours (+GRPO) 2.32 6.73 3.85 3.33 4.15 2.18 1.95 1.42 96.7
Ours (+TTO) 4.85 8.10 6.10 7.95 8.70 7.35 6.10 3.55 93.2
Ours (+GRPO+TTO) 0.56 0.97 1.80 1.27 2.20 1.72 1.82 1.01 98.6

(b) Existing 3D quality metrics

Method CD-S↓ CD-O↓ F-Score-S↑ F-Score-O↑ IoU-B↑

SAM 3D [2] 0.052 – 61.2 – 0.63
PartCrafter [16] 0.098 – 55.9 – –
DepR [43] 0.104 0.118 52.0 48.4 0.57
Gen3DSR [1] 0.103 0.126 41.7 40.4 0.41
REPARO [8] 0.109 0.134 43.5 44.4 0.40
MIDI [11] 0.072 0.094 57.2 60.0 0.60

Ours (+GRPO) 0.044 0.055 70.5 67.5 0.69
Ours (+TTO) 0.049 0.053 68.5 64.2 0.66
Ours (+GRPO+TTO) 0.038 0.043 75.5 73.2 0.72

tion (TTO) only, and the full framework combining both.
Scene-GRPO alone already improves performance across
all metrics by biasing the distribution toward physically
feasible layouts. TTO alone mainly benefits differentiable
terms such as collision, grounding, and stability, but has
a limited impact on non-differentiable terms such as mis-
orientation, scale, and reachability. When combined, the
two components complement each other: collision and
floating rates drop below 1%, the overall physical score
reaches 98.6, and geometric fidelity also improves with
the lowest Chamfer Distance, highest F-Scores, and best
IoU-B. These results highlight the complementary roles of
distribution-level GRPO alignment and sample-level TTO
refinement, which together consistently outperform exist-
ing baselines. Qualitative Comparison. Figure 4 shows
results of our method PhyMix compared with representative
baselines (MIDI, PartCrafter, SAM3D, Gen3DSR, DepR)
on four styles of inputs. Baselines often exhibit diverse
physical artifacts, including floating furniture, collisions,
unstable or unsupported placements, and hallucinated or
misoriented geometry, highlighted in colored boxes. In con-
trast, our method produces scenes that remain physically
consistent across all input styles, with objects grounded,
stably supported, and free of major collisions, while also
preserving geometry and visual fidelity. This demonstrates
that PhyMix generalizes beyond training distributions and
delivers reliable physics-aware generation in both synthetic
and real-world settings. More comparative experiments are
provided in Appendix.

5.3. Ablation Studies
The ablation study of GRPO and TTO are presented
in Tab. 3: Ours (+GRPO), Ours (+TTO), and Ours
(+GRPO+TTO). Here, we discuss additional ablation as-
pects, including (i) compatibility with different 3D scene
generative architectures, (ii) physics loss components in
test-time optimization, and (iii) the effect of group size in
Scene-GRPO.

Table 4. Ablation studies. For the loss ablation, we report contact
indicators (Collision, Floating, Unanchored), and Static Instabil-
ity. The group size study shows the trade-off among physical con-
sistency and runtime.

(a) Cross-backbone generalization

Backbone
Baseline
Overall↑

Ours
Overall↑ ∆

MIDI 82.0 98.6 +16.9 (20.2%)
PartCrafter 85.9 96.3 +10.4 (16.6%)

(b) Loss ablation

Config Collision↓ Float↓ Unanch.↓ Stat.Inst.↓

Full 0.56 0.97 1.80 1.27
w/o overlap 2.24 0.98 1.92 1.48
w/o ground-zone 0.62 6.18 2.07 1.39
w/o anchoring 0.58 1.02 3.54 1.31
w/o stability 0.57 0.99 1.87 3.11

(c) Effect of size K

K Overall↑ Runtime

2 92.3 1.0×
4 95.5 1.8×
8 97.0 3.2×

12 98.6 4.5×
16 98.5 6.1×

Compatibility with 3D Scene Generative Architectures
To verify that PhyMix is compatible to various 3D scene
generative architectures, we apply Scene-GRPO to two rep-
resentative and most-recent backbones: PartCrafter and
MIDI. As shown in Tab. 4a, our method consistently im-
proves physical plausibility: +16.9 points on MIDI (+20.2%
relative) and +10.4 on PartCrafter (+16.6% relative), with
both exceeding an overall score of 94. This shows that our
approach is not tied to a specific architecture and can be
applied to representative indoor scene generation models.

Physics loss components. Tab. 4b reports results when
removing individual energy terms from our physics evalua-
tor during TTO. Removing the soft overlap energy substan-
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Figure 4. Qualitative comparison on 3D-FRONT, cartoon, LLM-generated, and real images. Colored boxes highlight different physical
errors (see legend, top-left) in baselines. Our method PhyMix produces grounded, stable, and physically consistent layouts with preserved
visual fidelity.

tially increases collisions, the ground-zone term is critical
for avoiding floating objects, and the stability term has the
strongest impact on balance. Together, these results confirm
that all three components contribute complementary bene-
fits.

Group size in Scene-GRPO. We vary the candidate
group size K to examine optimization stability and quality.
As shown in Tab. 4c, performance saturates around K=12,
striking a balance between effectiveness and efficiency.

5.4. Physics Evaluator Validation vs. Rigid-Body
Simulation

To validate the accuracy of the Physics Evaluator, we com-
pare it with a Taichi-based rigid-body simulation on key

physical metrics. We evaluate scenes from the 3D-FRONT
test set [6] using both our evaluator and full physics simula-
tion. As shown in Tab. 5, the results show close agreement
across collision rate, floating rate, and static instability, in-
dicating that the proposed evaluator captures key physical
behaviors. Directly using a physics simulator as the train-
ing reward is impractical due to its high computational cost
and limited differentiability. In contrast, our evaluator pro-
vides a lightweight approximation that is efficient to com-
pute while also supporting additional constraints such as
orientation priors and reachability that are not handled by
rigid-body simulation alone.

8



Table 5. Validation of our Physics Evaluator vs. Taichi rigid-body
simulation and inference-time comparison.

(a) Physics Evaluator validation vs. Taichi rigid-body simulation on key
physical metrics including collision, grounding, and stability.

Metric PhyMix Taichi

Collision Rate (%) 0.56 0.52
Floating Rate (%) 0.97 1.12
Static Instability (%) 1.27 1.45
(b) Inference time comparison (seconds per scene).

Method Time (s)

PartCrafter 151.3
Gen3DSR 234.4
MIDI 67.3
PhyMix(Taichi) 220.0
PhyMix (Ours) 100.0

5.5. Additional Experimental Analyses
To further demonstrate the robustness and generality of our
method, we conduct additional experiments and report the
detailed results in Appendix. These include (i) extended vi-
sual comparisons with existing models across diverse input
modalities; (ii) a detailed computational analysis comparing
our inference cost with baseline models and with physics
simulation; (iii) qualitative failure cases highlighting limi-
tations with deformable objects and complex geometries in
realistic image inputs.

6. Conclusion
We presented PhyMix, a framework for physically con-
sistent single-image 3D indoor scene generation. The
proposed Physics Evaluator decomposes plausibility into
four aspects and nine measurable metrics, serving both
as a systematic benchmark and as guidance for optimiza-
tion. Building on this, PhyMix integrates Scene-GRPO
for implicit distribution-level alignment and test-time
optimization (TTO) for explicit sample-level refinement,
allowing evaluator feedback to be embedded into both train-
ing and inference. Experiments show that this combination
delivers state-of-the-art physical plausibility and geometric
fidelity, with results that align well with human percep-
tual judgments. Limitations are discussed in Appendix.

References
[1] Andreea Ardelean, Mert Özer, and Bernhard Egger.
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Öztireli, and Fangcheng Zhong. Chord: Gener-
ation of collision-free, house-scale, and organized
digital twins for 3d indoor scenes with controllable
floor plans and optimal layouts. arXiv preprint
arXiv:2503.11958, 2025. 2, 3

[32] Jia-Mu Sun, Jie Yang, Kaichun Mo, Yu-Kun Lai,
Leonidas Guibas, and Lin Gao. Haisor: Human-
aware indoor scene optimization via deep reinforce-
ment learning. ACM Transactions on Graphics, 43
(2):1–17, 2024. 3

[33] Hou In Ivan Tam, Hou In Derek Pun, Austin T
Wang, Angel X Chang, and Manolis Savva. Sce-
neeval: Evaluating semantic coherence in text-
conditioned 3d indoor scene synthesis. arXiv preprint
arXiv:2503.14756, 2025. 3

[34] Bram Wallace, Meihua Dang, Rafael Rafailov, Linqi
Zhou, Aaron Lou, Senthil Purushwalkam, Stefano Er-

10



mon, Caiming Xiong, Shafiq Joty, and Nikhil Naik.
Diffusion model alignment using direct preference op-
timization. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition,
pages 8228–8238, 2024. 3

[35] Kai Wang, Yu-An Lin, Ben Weissmann, Manolis
Savva, Angel X Chang, and Daniel Ritchie. Planit:
Planning and instantiating indoor scenes with relation
graph and spatial prior networks. ACM Transactions
on Graphics (TOG), 38(4):1–15, 2019. 3

[36] Yusen Wang, Zongcheng Li, Yu Jiang, Kaixuan Zhou,
Tuo Cao, Yanping Fu, and Chunxia Xiao. Neu-
ralroom: Geometry-constrained neural implicit sur-
faces for indoor scene reconstruction. arXiv preprint
arXiv:2210.06853, 2022. 2, 3

[37] Lik Hang Kenny Wong, Xueyang Kang, Kaixin Bai,
and Jianwei Zhang. A survey of robotic navigation
and manipulation with physics simulators in the era of
embodied ai. arXiv preprint arXiv:2505.01458, 2025.
2

[38] Jianfeng Xiang, Zelong Lv, Sicheng Xu, Yu Deng,
Ruicheng Wang, Bowen Zhang, Dong Chen, Xin
Tong, and Jiaolong Yang. Structured 3d latents for
scalable and versatile 3d generation. In Proceedings
of the Computer Vision and Pattern Recognition Con-
ference, pages 21469–21480, 2025. 2, 3

[39] Tianyi Xie, Zeshun Zong, Yuxing Qiu, Xuan Li, Yu-
tao Feng, Yin Yang, and Chenfanfu Jiang. Physgaus-
sian: Physics-integrated 3d gaussians for generative
dynamics. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,
pages 4389–4398, 2024. 2

[40] Yandan Yang, Baoxiong Jia, Peiyuan Zhi, and Siyuan
Huang. Physcene: Physically interactable 3d scene
synthesis for embodied ai. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 16262–16272, 2024. 2, 3

[41] Kaixin Yao, Longwen Zhang, Xinhao Yan, Yan Zeng,
Qixuan Zhang, Lan Xu, Wei Yang, Jiayuan Gu, and
Jingyi Yu. Cast: Component-aligned 3d scene recon-
struction from an rgb image. ACM Transactions on
Graphics (TOG), 44(4):1–19, 2025. 2, 3

[42] Hong-Xing Yu, Haoyi Duan, Charles Herrmann,
William T Freeman, and Jiajun Wu. Wonderworld:
Interactive 3d scene generation from a single image.
In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 5916–5926, 2025. 3

[43] Qingcheng Zhao, Xiang Zhang, Haiyang Xu, Zeyuan
Chen, Jianwen Xie, Yuan Gao, and Zhuowen Tu.
Depr: Depth guided single-view scene reconstruc-
tion with instance-level diffusion. arXiv preprint
arXiv:2507.22825, 2025. 2, 3, 7, 14

[44] Mengqi Zhou, Xipeng Wang, Yuxi Wang, and Zhaox-
iang Zhang. Roomcraft: Controllable and com-
plete 3d indoor scene generation. arXiv preprint
arXiv:2506.22291, 2025. 2

[45] Xiaowei Zhou, Haoyu Guo, Sida Peng, Yuxi Xiao,
Haotong Lin, Qianqian Wang, Guofeng Zhang, and
Hujun Bao. Neural 3d scene reconstruction with in-
door planar priors. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 46(9):6355–6366,
2024. 2, 3

[46] Yang Zhou, Zongjin He, Qixuan Li, and Chao Wang.
Layoutdreamer: Physics-guided layout for text-to-
3d compositional scene generation. arXiv preprint
arXiv:2502.01949, 2025. 3

11



A. Physics Evaluator
We introduce a unified Physics Evaluator to assess the
physical plausibility of a generated 3D scene. Given a scene
S = {oi}Ni=1 with N objects, the evaluator examines four
complementary aspects of physical consistency: Geometric
Priors, Contact, Stability, and Deployability. These four
aspects are instantiated by nine concrete constraints, cov-
ering object-level validity, object–scene relations, physical
stability, and scene-level usability.

A.1. Geometric Priors
Geometric priors verify whether each object is individually
reasonable in terms of orientation and scale.

Orientation Consistency. Objects are expected to align
with the world’s vertical direction. We measure orientation
inconsistency as

Φorient(S) =

N∑
i=1

(
1−

∣∣n⊤
i g

∣∣) , (7)

where ni denotes the upward direction of object i, and g is
the world vertical axis.

Scale Consistency. Objects should also have category-
consistent size:

Φscale(S) =

N∑
i=1

∥∥log si − log sref
i

∥∥
1
, (8)

where sref
i denotes the reference size of the corresponding

semantic category.

Geometric Prior Score. The geometric prior term is de-
fined as

Φgeom(S) = Φorient(S) + Φscale(S). (9)

A.2. Contact Constraints
Contact constraints evaluate whether objects are placed in
physically valid relation to the floor, walls, and surrounding
objects.

Collision. Objects should not interpenetrate:

Φcollision(S) =
∑
i<j

doverlap
ij , (10)

where doverlap
ij denotes the penetration depth between objects

i and j.

Grounding. Floor-standing objects should rest on the
floor:

Φground(S) =
∑

i∈Ifloor

|hi|, (11)

where hi denotes the vertical gap between the bottom of
object i and the floor plane.

Support. Objects placed on tables, shelves, or other sup-
porting surfaces should remain supported:

Φsupport(S) =
∑
i∈Isup

dsupport
i , (12)

where dsupport
i measures the unsupported distance between

object i and its supporting surface.

Anchoring. Wall-related objects, such as cabinets or
shelves, are expected to remain close to nearby walls:

Φanchor(S) =
∑

i∈Iwall

min
w∈W

∥pi − w∥2, (13)

where pi is the position of object i, and W denotes the set
of wall surfaces.

Contact Score. The contact term is written as

Φcontact(S) = Φcollision(S)+Φground(S)+Φsupport(S)+Φanchor(S).
(14)

A.3. Stability Constraints
Stability constraints evaluate whether placed objects remain
physically stable after scene construction.

Static Stability. An object is statically stable when its
projected center of mass lies inside, or sufficiently close to,
its support region:

Φstatic(S) =

N∑
i=1

dCOM
i , (15)

where dCOM
i denotes the distance between the projected cen-

ter of mass and the support region.

Dynamic Stability. We further test whether objects re-
main stable under short-horizon physical simulation:

Φdynamic(S) =

N∑
i=1

⊮(object i becomes unstable) , (16)

where ⊮(·) is the indicator function.
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Stability Score. The stability term is defined as

Φstability(S) = Φstatic(S) + Φdynamic(S). (17)

A.4. Deployability
Finally, we assess whether the resulting layout remains us-
able for downstream embodied tasks. We compute an oc-
cupancy map on the floor plane and test path connectivity
with an A∗ planner:

Φreach(S) =
1

|P|
∑

(u,v)∈P

(1− ⊮(A∗(u, v) finds a valid path)) ,

(18)
where P denotes a set of sampled point pairs on the floor
plane.

Overall, the proposed evaluator provides a concise mea-
sure of physical plausibility, covering geometric validity,
contact correctness, physical stability, and scene-level nav-
igability.

B. User Study Details
We conduct a perceptual study to evaluate whether the pro-
posed Physics Evaluator aligns with human judgments of
physical plausibility. For each scene, we render outputs
from different methods using identical camera, lighting, and
resolution settings, while keeping method identities fully
blinded.

The study consists of two parts. First, participants as-
sign Mean Opinion Scores (MOS) on a 1–7 Likert scale for
the attributes in our physics evaluator. The Overall MOS
is computed as the average of these three scores. Second,
we perform pairwise A/B comparisons, where participants
choose which of two outputs for the same scene appears
more physically plausible; ties are allowed and counted as
0.5.

Participants were recruited online. Scene order and left-
right placement in A/B comparisons are randomized to re-
duce bias.

For MOS evaluation, we first compute scene-level aver-
ages and then report macro-averaged scores across scenes.
For pairwise comparisons, we report the scene-level win
rate between methods.

Results show strong agreement between human judg-
ments and the Physics Evaluator. Our method achieves
the highest MOS across all attributes and consistently wins
pairwise comparisons against baseline methods, confirming
that the evaluator captures perceptual notions of physical
plausibility.

C. Validation of the Flow-Matching Proxy
In Sec. 4.1, we use the negative flow-matching loss −LFM

(Eq. 3) as a proxy score to rank candidate scenes within

each group. Since diffusion models do not provide tractable
likelihoods, our goal is not to estimate the exact log-
likelihood of a scene, but to verify that this proxy produces
a reliable relative ordering among candidates.

C.1. Why Only Ranking Matters

The GRPO objective operates on groupwise normalized re-
wards. Therefore, the optimization only depends on the rel-
ative ordering of candidates within the same group rather
than their absolute score values. As long as a proxy pre-
serves this ordering, the resulting optimization signal re-
mains unchanged.

C.2. Reference Score

To validate the proxy, we construct a reference score by av-
eraging the negative flow-matching loss across multiple dif-
fusion time steps:

Sref(S) = −Et,ϵ

[
∥ϵ̂(ht(S), t)− ϵ∥2

]
. (19)

Intuitively, this score measures how well the model can
denoise a scene across different noise levels, which reflects
how consistent the scene is with the learned data distribu-
tion.

C.3. Ranking Consistency

We compare the ranking induced by the single-step proxy
used in Eq. (3) with the reference score above. Ranking
agreement is measured using Spearman’s ρ and Kendall’s
τb.

Across scenes of varying complexity, the flow-matching
proxy achieves strong rank consistency with the reference
score, with average Spearman’s ρ exceeding 0.82. This con-
firms that the proxy reliably preserves the within-group or-
dering required by GRPO.

C.4. Discussion

These results justify the use of the negative flow-matching
loss as a simple and efficient proxy for candidate ranking.
It aligns with the model’s training objective, introduces no
additional networks, and provides stable preference signals
for group-relative optimization.

D. Differentiable Physical Penalties for TTO.

To ensure consistency with the Physics Evaluator used in
Eq. (4), the test-time optimizer (TTO) minimizes differ-
entiable surrogate penalties corresponding to the evaluator
terms Pj . During the denoising process, we decode coarse
Signed Distance Field (SDF) grids and compute several dif-
ferentiable physical penalties. The total optimization loss is
defined as
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LTTO = λcolLcol+λgrdLgrd+λancLanc+λstbLstb+λregLreg.
(20)

These terms correspond to differentiable approximations
of the evaluator penalties Pj used in Eq. (4). Specifically,
Lcol penalizes object overlap and penetration, Lgrd encour-
ages objects to rest on the ground, Lanc promotes alignment
with walls or room boundaries, Lstb enforces center-of-
mass stability, and Lreg regularizes the SDF field to main-
tain smooth geometry.

E. Experiment Details and Additional Results
E.1. Dataset details
Our main experiments are conducted on the 3D-FRONT
dataset, using 12K scenes for training and 4.8K scenes for
testing. To better align with our reconstruction and eval-
uation pipeline, we adopt the MIDI [11] preprocessed ver-
sion, where each scene provides a photorealistic rendered
image, instance segmentation masks, and the correspond-
ing camera intrinsics and extrinsics required for rendering-
based evaluation. To assess cross-domain generalization,
we additionally evaluate on three held-out modalities: styl-
ized cartoon-like renderings, real-world indoor scenes, and
LLM-generated text-to-image outputs.

E.2. Implementation Details
Backbone and parameterization. PhyMix is deployed
on multi-instance single-image 3D backbones. Fine-tuning
adopts Low-Rank Adaptation (LoRA) and updates only lay-
out/policy components (global attention blocks, learnable
position tokens, position head), keeping all geometry de-
coders frozen.

Optimization. We train our model using the AdamW op-
timizer [23] with a constant learning rate and a standard
batch size. For Scene-GRPO, we employ a group-relative
policy optimization strategy with a decaying KL-divergence
weight to maintain training stability. To ensure efficient
parallelization across varying instance counts, we sample
scenes with identical asset counts within each training step.

Hyperparameters Setting. Most hyperparameters in our
framework follow standard practice in diffusion-based gen-
eration and exhibit minimal sensitivity. Components such
as the learning rate, optimizer settings, and the TTO sched-
ule use a single unified configuration across datasets and
backbones without category-specific tuning. Among all hy-
perparameters, the only one with notable influence is the
group size K in Scene-GRPO. As shown in Table 4(c) in
the main paper, increasing K stabilizes preference compar-
isons and improves performance until reaching saturation.

All other elements operate robustly under the shared default
setup.

E.3. Evaluation Metrics
We evaluate generated scenes along two complementary di-
mensions: (i) our proposed physical metrics. (ii) existing
3D scene quality metrics, and

Our proposed physical consistency. Physical assess-
ment uses our Physics Evaluator, which reports violation
rates for collision, floating, unanchored, static instability,
dynamic instability, misorientation, scale instability, and
unreachable navigation. These indicators are aggregated
into a weighted overall score as described in the main text.

Existing 3D scene quality metrics. Synthesized assets
are converted into surface meshes and sampled into point
clouds for alignment. We perform rigid registration to
ground truth via FilterReg [7], then compute Chamfer Dis-
tance and F-Score at scene and object levels (CD-S/O, F-
Score-S/O), together with volumetric IoU of asset bounding
boxes (IoU-B), to measure per-object geometric fidelity and
spatial arrangement accuracy.

E.4. Baselines and Settings
We benchmark against representative single-image scene-
generation methods spanning four families: part-aware
generation (e.g., PartCrafter [16]), feed-forward recon-
struction (e.g., DepR [43]), compositional generation (e.g.,
Gen3DSR [3], REPARO [8], SAM3D [2]), and multi-
instance diffusion (e.g., MIDI [11]). For reproducibility, we
use the authors’ released models or recommended configs.

E.5. Extended Visual Comparison with State-of-
the-Art Models

Figure 5 presents visual comparisons with state-of-the-art
single-image 3D scene generation methods, MIDI [11]
and PartCrafter [16]. Across synthetic renders, real pho-
tographs, and stylized inputs, baseline methods frequently
produce physically inconsistent layouts such as floating
objects, collisions, or unsupported furniture. In contrast,
PhyMix consistently generates grounded, collision-free,
and stable scenes while maintaining high visual fidelity.

The lower panel further shows additional PhyMix results
across diverse scene types, highlighting robustness to vary-
ing lighting conditions, furniture styles, and spatial config-
urations.

E.6. Generalization on More Diverse Visual Do-
mains

Figure 6 presents additional results on more diverse in-
put domains. Despite the large variation in texture statis-
tics, shading patterns, and visual abstraction levels, PhyMix
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Figure 5. Extended visual comparison with state-of-the-art meth-
ods. The systematic comparison demonstrates physical violations
in baseline methods versus PhyMix’s consistent physical plausi-
bility, with colored boxes highlighting different error types: yel-
low indicates floating objects, purple shows hallucinated geom-
etry, blue marks unanchored furniture, and red denotes collision
artifacts. Additional PhyMix results showcase robustness across
diverse scene types and input modalities.

Figure 6. Generalization results on more diverse visual domains,
PhyMix consistently preserves plausible object grounding, spatial
support relations, and overall scene stability, while maintaining
strong visual quality under large appearance variations.

consistently produces physically plausible 3D scenes with
grounded objects, coherent support relations, and stable
spatial layouts.

These results demonstrate that our method is not lim-
ited to a narrow visual distribution, but generalizes effec-
tively across highly diverse appearance domains. Even un-
der challenging domain shifts, PhyMix maintains strong

physical consistency while preserving favorable visual re-
alism and structural coherence.

Figure 7. Representative failure cases of PhyMix on challenging
inputs. (a) Colliding pillows caused by ambiguous instance seg-
mentation, where multiple overlapping objects are merged into in-
accurate masks. (b) Floating chair caused by imperfect floor-plane
estimation under occlusion and thin-leg furniture structures.

F. Failure Case Analysis
While PhyMix performs reliably on most scenes, several
challenging cases reveal limitations of the current pipeline.
As illustrated in Figure 7, two typical failure modes arise
from upstream perception ambiguity and geometric as-
sumptions.

First, errors may occur when multiple nearby objects are
not clearly separated during instance segmentation. For ex-
ample, overlapping pillows or cushions may be merged into
imprecise masks, leading to incorrect object boundaries and
subsequent collision artifacts in the reconstructed layout.

Second, floating artifacts can appear when floor-plane
estimation becomes ambiguous in scenes with complex ob-
ject bases or partial occlusions. Furniture with thin legs
or irregular bottom structures may obscure the true floor
boundary, causing slight misalignment between objects and
the estimated ground plane.

G. Limitations and Future Work
Despite the improvements in physical plausibility, several
limitations remain.

(i) Our Physics Evaluator relies on lightweight geometric
and physical indicators (e.g., collision, grounding, and sta-
bility checks) rather than full rigid-body simulation. While
this design enables efficient training and inference, it may
not capture certain fine-grained or long-horizon physical be-
haviors that require detailed simulation.

(ii) The current pipeline assumes reasonably accurate in-
stance masks as input. Performance may degrade when up-
stream perception produces incomplete or ambiguous ob-
ject boundaries.
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(iii) Our experiments focus primarily on indoor envi-
ronments based on existing scene datasets. Extending the
framework to more diverse settings, such as outdoor or
large-scale environments, remains an interesting direction.

(iv) The current framework is designed for scene gen-
erators that maintain explicit object-level representations.
Adapting the approach to generative backbones that repre-
sent scenes as unified fields or implicit volumes remains an
open research problem.

Future work includes incorporating richer physical con-
straints for improved stability modeling, integrating more
robust perception modules to reduce dependence on in-
stance masks, extending evaluations to broader scene do-
mains, and exploring adaptations of the proposed optimiza-
tion strategy to a wider range of generative architectures.
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