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Figure 1. Top-left: A state-of-the-art image-to-3D model like TRELLIS often fails to reconstruct 3D objects that can stand under gravity
even when prompted with images of stable objects (e.g., bottom-left). Top-right: Our method, DSO, improves the image-to-3D model via
Direct Simulation Optimization, significantly increasing the likelihood that generated 3D objects can stand, in physical simulation and in
real-life, when 3D printed (bottom-right). The method incurs no additional cost at test time, and can thus generate such objects in seconds.

Abstract

Most 3D object generators prioritize aesthetic quality, of-
ten neglecting the physical constraints necessary for prac-
tical applications. One such constraint is that a 3D ob-
ject should be self-supporting, i.e., remain balanced under
gravity. Previous approaches to generating stable 3D ob-
jects relied on differentiable physics simulators to optimize
geometry at test time, which is slow, unstable, and prone
to local optima. Inspired by the literature on aligning gen-
erative models with external feedback, we propose Direct
Simulation Optimization (DSO). This framework leverages
feedback from a (non-differentiable) simulator to increase
the likelihood that the 3D generator directly outputs stable
3D objects. We construct a dataset of 3D objects labeled
with stability scores obtained from the physics simulator.
This dataset enables fine-tuning of the 3D generator using
the stability score as an alignment metric, via direct pref-
erence optimization (DPO) or direct reward optimization
(DRO)—a novel objective we introduce to align diffusion
models without requiring pairwise preferences. Our experi-

ments demonstrate that the fine-tuned feed-forward genera-
tor, using either the DPO or DRO objective, is significantly
faster and more likely to produce stable objects than test-
time optimization. Notably, the DSO framework functions
even without any ground-truth 3D objects for training, al-
lowing the 3D generator to self-improve by automatically
collecting simulation feedback on its own outputs.

1. Introduction

Given a single image of an object that is stable under grav-
ity, we consider the problem of reconstructing it in 3D. Re-
cent image-to-3D reconstructors [24, 40, 44, 45, 55, 67, 76,
85–87, 89, 95, 101, 112, 113] have focused on improving
the quality of objects’ 3D geometry and appearance, but not
necessarily their physical soundness. As shown in Fig. 2,
when prompted with an image of a stable object, state-
of-the-art generators like TRELLIS [101] and Hunyuan3D
2.0 [87] often fail to produce a stable object in 3D. The fail-
ure rate is 15% even for objects seen during training and
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increases significantly for new objects, such as the clock
and motorcycles in Fig. 1.

Stability is a common property of natural and man-made
objects and is important in many applications, such as fab-
rication and simulation [35, 59]. It is, therefore, important
to reconstruct 3D objects that satisfy this property.

Previous works on generating physically sound 3D ob-
jects [56, 61, 104] have focused on specific object cate-
gories, such as furniture. More recent methods like At-
las3D [7] and PhysComp [21] tackle a broader range of
object categories. Both methods optimize a 3D model, ei-
ther from scratch [7] or from the output of an off-the-shelf
3D generator [21], using differentiable physics-based losses
that reward stability. To compute these losses, they require
differentiable simulators such as [26, 52], which, despite
continuous improvements, remain slower and numerically
less stable than non-differentiable simulators like [53, 88].
As a result, Atlas3D and PhysComp are slow and suscepti-
ble to local optima and numerical instability.

In this paper, we aim to improve a feed-forward 3D gen-
erator so that it directly outputs physically stable objects
without requiring test-time corrections. A naı̈ve approach
would be to use losses similar to those proposed by At-
las3D and PhysComp for feed-forward training instead of
test-time optimization, but this would still require a differ-
entiable simulator. Instead, inspired by works on aligning
generative models with human preferences [71, 90], we in-
troduce Direct Simulation Optimization (DSO). This simple
and effective approach fine-tunes a 3D generator by align-
ing it with the “preference” provided automatically by an
off-the-shelf physics simulator. With this, we explore three
research questions: (1) How to use this simulation prefer-
ence dataset to fine-tune a 3D generator efficiently; (2) How
to construct such a dataset without requiring ground-truth
3D data; and (3) Whether the fine-tuned generator general-
izes well, outputting physically sound 3D objects from im-
age prompts unseen during training.

Our motivation for using reward optimization is that sta-
bility, like many other physical attributes of an object, is dis-
crete: either an object is stable, or it collapses under gravity.
Stability does not distinguish between unstable states re-
gardless of how close they are to becoming stable, making it
difficult to optimize using techniques like gradient descent.
In contrast, it is easy to determine whether an object is sta-
ble or not using a physics simulator. Hence, we reformulate
the problem as a reward-based learning task, where we re-
ward stable outputs and penalize unstable ones. Inspired by
direct preference optimization (DPO) [71], we propose an
alternative objective, direct reward optimization (DRO), for
aligning diffusion models with external preferences. No-
tably, DRO does not require pairwise preference data for
training.

Our second contribution is to show that we can derive

reward signals solely from generated data, eliminating the
need to collect large datasets of stable 3D objects for train-
ing at scale. We achieve this by generating new 3D assets
using the 3D generator itself. These generated 3D assets are
then evaluated within a physics simulator, classifying them
as stable or unstable. This process allows us to construct a
fully automated self-improving pipeline, where the model
is trained on its own output, assessed by a physics simulator
rather than relying on a large dataset of 3D objects.

We show that, when integrated with either DPO or DRO
as the objective function, our Direct Simulation Optimiza-
tion framework can steer the output of the 3D generator to
align with physical soundness. The final model surpasses
previous approaches for physically stable 3D generation on
existing evaluation benchmarks [21]. It operates in a feed-
forward manner at test time, outperforming heavily engi-
neered solutions like [7, 21] that perform test-time opti-
mization, both in terms of speed and probability of gener-
ating a stable object as output. The model also generalizes
well to images collected in the wild (Fig. 1).

Our experiments show that, in our setting, the proposed
DRO objective achieves faster convergence and superior
alignment compared to DPO, suggesting that it may be a
better candidate for diffusion alignment in general. While
our study focuses on stability under gravity, the reward-
based approach and the self-improving optimization strat-
egy can, in principle, be applied to any physical attributes
that can be assessed via a simulator.

2. Related Work
3D generation and reconstruction. Early 3D generators
used generative adversarial networks (GANs) [20] and var-
ious 3D representations such as point clouds [28, 41], voxel
grids [98, 103, 115], view sets [60, 66], NeRF [4, 5, 13,
63, 75], SDF [17], and 3D Gaussian mixtures [97]. How-
ever, GANs are challenging to train on a large scale in an
‘open world’ setting. This explains why recent methods
have shifted to diffusion models [23, 79], which use the
same 3D representations [9, 51, 58, 62, 77, 83] while im-
proving training stability and scalability. Other approaches
train neural networks [6, 8, 27, 29, 30, 39, 82, 84, 99,
100, 106, 107] to directly regress 3D models from 2D im-
ages. Researchers have also explored scaling 3D recon-
struction models [24, 85, 94] on Objaverse [11, 12], improv-
ing generalization. DreamFusion [68] and SJC [91] lever-
age large-scale image/video generators for 3D generation
using score distillation [29, 40, 55, 68, 91, 93, 116]. The
works of [18, 22, 36, 45, 47, 48, 54, 76, 86, 96, 113] fine-
tune these models for generalizable 3D generation. More
recently, researchers have introduced latent 3D representa-
tions [10, 101, 111] whose distributions can be effectively
modeled by denoising diffusion or rectified flow [1, 42, 46].
CLAY [112] and TRELLIS [101] are among the 3D genera-



tors trained in this manner, producing superior results com-
pared to methods that rely on 2D generation.

These advances have significantly improved the quality
of the geometry and appearance of generated 3D assets, but
not necessarily their physical soundness. This limitation re-
duces their utility in downstream applications like fabrica-
tion and simulation. In contrast, we propose a 3D genera-
tion approach that explicitly optimizes physical soundness,
specifically stability under gravity.
Physically-sound 3D generation. Early studies explored
methods to predict physical properties from images and
videos, such as mass [81], shadows [92], materials [109],
occlusions [110], and support [78]. While effective in pre-
dicting specific physical parameters, these methods do not
generalize directly to 3D reconstruction. Recent works like
Physdiff [108], PhysGaussian [102], and PIE-NeRF [15]
extend physics-based rendering [26] to NeRF [57] and 3D
Gaussian Splatting [32]. These methods focus on mod-
eling the motion of objects rather than their stability un-
der gravity. Similar to our work, Phys-DeepSDF [56],
PhyScene [104], and PhyRecon [61] incorporate explicit
physical constraints in 3D reconstruction. However, these
methods are limited to specific object categories, such as
furniture. More related to our work, Atlas3D [7] and
PhysComp [21] are not restricted to specific categories; in-
stead, they rely on test-time optimization using carefully
designed differentiable, physics-based losses. We address a
similar problem but in a feed-forward manner using reward-
based optimization, avoiding the need for fragile and slow
physics-based losses at test time.
Preference alignment in generative models. The Di-
rect Simulation Optimization (DSO) framework we pro-
pose can be trained using Direct Preference Optimiza-
tion (DPO) [71], a technique initially developed for fine-
tuning large language models. Diffusion-DPO [90] first ex-
tended DPO to vision diffusion models, enabling direct op-
timization of human preferences, and was further extended
by [16, 43]. While various preference alignment approaches
exist [2, 14, 34, 65, 69], DPO has the distinct advantage of
not requiring an oracle to compute the reward signal during
training and avoids the need for reward modeling. Inspired
by DPO, we also propose an alternative objective named
direct reward optimization (DRO), which does not require
pairwise preference data to align the generator.

3. Method

Given a pre-trained diffusion-based 3D generator pref that
takes a single image I as input and generates 3D assets
x0 ∼ pref(x0|I), our goal is to learn a new model pθ that
produces more physically sound generations than pref. We
assume access to an oracle o that, given a sample x0, out-
puts o(x0) ∈ {0, 1}, indicating whether x0 is physically

Figure 2. State-of-the-art 3D generators cannot robustly produce
stable objects. Even when taking images of stable objects in their
training set as input, TRELLIS [101] and Hunyuan3D-2.0 [87]
generate about 30% and 15% unstable assets respectively.

sound. In this paper, we focus on stability under gravity,
where o is computed by a physics simulator to determine
whether a 3D model x0 is self-supporting.

3.1. Challenges of Optimizing Physical Soundness
To improve the physical soundness of the generated sam-
ples, one approach is to fine-tune the model with the fol-
lowing objective:

max
θ

EI∼I,x0∼pθ(x0|I) [o(x0)]

− βDKL [pθ(x0|I)∥pref(x0|I)] , (1)

where I is the empirical distribution of a dataset of im-
age prompts, and β is a hyperparameter trading off the two
terms. The first term encourages the generated object x0

from pθ(x0|I) to be physically sound, while the second
term constrains the distribution to remain close to the base
model to ensure that the generated geometry remains faith-
ful to the input image I .

A key challenge in optimizing Eq. (1) is that the oracle
o is non-differentiable. One approach to address this issue
is to reframe the denoising process as a multi-step Markov
decision process (MDP) [2] and optimize Eq. (1) using rein-
forcement learning (RL) [73, 74]. However, in our setting,
evaluating o is computationally expensive due to the need
to run a physical simulation and the overhead introduced
by decoding latent 3D representations x0 into simulation-
ready assets. The decoding process of state-of-the-art 3D
generators involves querying dense 3D grid points and ex-
tracting a 3D mesh with marching cubes [87, 112], and may
even require inference of another geometry generator [101].
These factors make optimization of Eq. (1) via RL compu-
tationally prohibitive.

3.2. Formulation as Reward Optimization
We aim to reformulate the objective function to be easier
to optimize, specifically eliminating the need to evaluate



Preference Data for Physical Soundness
Renderings / Synthetic 

Images

⋯ ⋯

3D Assets with 
Simulation Preference

Simulation 𝑜

DSO Inference

~𝒳

𝒙!"𝒙!#

Add noise 
𝝐!, 𝝐",⋯

𝒙$# 𝒙$"

max

Unseen Test Images

Generate

Original
𝑝!"#

Fine-tuned
𝑝$

𝔼!~ℐ,	𝒙!~'"(𝒙!|!) 𝑜(𝒙+)
−𝛽𝔻KL 𝑝,(𝒙+|𝐼) ∥ 𝑝ref(𝒙+|𝐼)

⋯

⋯

Figure 3. Overview of Direct Simulation Optimization (DSO). Left: Starting from a set of (potentially synthetic) image prompts, we
task the base model pref to generate 3D models. Each model is augmented with a binary stability label through physics-based simulation
(Sec. 3.3). Middle: Using this dataset, we fine-tune the base model by reinforcing stable samples and discouraging unstable ones. Our
objective formulation enables efficient training via gradient descent without pairwise preferences (Sec. 3.2). Right: At test time, the fine-
tuned model can generate self-supporting objects when conditioned on (out-of-distribution) images of stable objects captured in the wild.

o during training, while still preserving the intended goals
of Eq. (1). This is analogous to the goal of text-to-image
diffusion model alignment in Diffusion-DPO [90]. In both
cases, the reward signal (i.e., evaluation of o by simulation
or by collecting human preferences for [90]) is hard to ob-
tain in a scalable way during training.

Following Diffusion-DPO [90], we can re-parameterize
o(x0) using the optimal reverse diffusion process, modeled
by p⋆θ(x0:T ), that maximizes (a lower bound of) Eq. (1):

o(x0) = βEpθ(x1:T |x0,I)

[
log

p⋆θ(x0:T |I)
pref(x0:T |I)

]
+ β logZ(I),

(2)
for any I ∈ supp(I), where Z(I) is a normalizing term in-
dependent of pθ. The derivation follows [90] and is detailed
in Appendix A.
Direct Reward Optimization (DRO). Given an image
dataset I and 3D models XI corresponding to each im-
age I ∈ I, we can pre-compute o(x0) for each 3D model
x0 ∈ XI to supervise pθ using Eq. (2), via an L1 loss:

L :=EI∼I,x0∼XI

[∣∣∣∣o(x0)− β

(
Epθ(x1:T |x0,I)

[
log

pθ(x0:T |I)
pref(x0:T |I)

]
+ logZ(I)

)∣∣∣∣].
(3)

However, despite L being a function of the trainable pa-
rameters θ, it is intractable because neither Z(I) nor the
expectation over x1:T can be computed efficiently.

To address this issue, we notice that the absolute value of
o(x0) is arbitrary, i.e., we could use another oracle o′(x0) ∈
{l, u} which evaluates to l for unstable x0 and u for stable

x0, as long as l < u in Eq. (1). In this setting, there exists
a choice of β that leads to the same optimum p⋆θ as with the
original oracle o in Eq. (1).

Since we aim to use stochastic gradient descent, which is
local and continuous, to optimize L, we may as well choose
l and u such that, within the training compute budget, the
sum of logZ(I) and the expectation over x1:T is bounded
within ( l

β ,
u
β ). By doing so, we can remove the absolute

value in Eq. (3) and get rid of the terms independent of pθ:

argminL = argminEI∼I,x0∼XI ,x1:T∼pθ(x1:T |x0,I)

[
(1− 2o(x0)) log

pθ(x0:T |I)
pref(x0:T |I)

]
.

(4)

To make sampling tractable, we approximate the re-
verse process pθ(x1:T |x0, I) with the forward process
q(x1:T |x0), following [90]. With some algebra, this yields:

LDRO =− TEI∼I,x0∼XI ,t∼U(0,T ),xt∼q(xt|x0)

[
w(t)(1− 2o(x0))∥ϵ− ϵθ(xt, t)∥22

]
,

(5)

where ϵ ∼ N (0, I) is a draw from q(xt|x0) and w(t) is
a weighting function. LDRO directly encourages the model
to improve at denoising samples x0 with high reward (i.e.,
o(x0) = 1) and to denoise less well samples x0 with low
reward (i.e., o(x0) = 0). We hence dub it direct reward op-
timization (DRO). Different from the DPO formulation [90]
(which we briefly review next), fine-tuning with LDRO does
not require pairwise preference data and does not query the



base model ϵref during training, potentially applicable to
more alignment settings than DPO.
Direct Preference Optimization (DPO). Alternatively,
assuming XI contains both stable and unstable models, we
can use the objective introduced in [90], which relies on
pairwise preference data and minimizes a contrastive loss:

LDPO :=−EI∼I,(xw
0 ,xl

0)∼X 2
I

[
logsigmoid(r(xw

0 )−r(xl
0))

]
,

(6)
where (xw

0 ,x
l
0) is a pair of physically sound and un-

sound 3D models corresponding to the same image I (i.e.,
o(xw

0 ) = 1 − o(xl
0) = 1), and r is a reward model intro-

duced to derive the loss from the Bradley-Terry model [3].
Following the derivation in [90], this simplifies to:

LDPO = − EI∼I,(xw
0 ,xl

0)∼X 2
I ,t∼U(0,T ),xw

t ∼q(xw
t |xw

0 ),xl
t∼q(xl

t|x
l
0)

log sigmoid

(
− βTw(t)

(
∥ϵw − ϵθ(x

w
t , t)∥22 − ∥ϵw − ϵref(x

w
t , t)∥22

−
(
∥ϵl − ϵθ(x

l
t, t)∥22 − ∥ϵl − ϵref(x

l
t, t)∥22

) ))
,

(7)
where ϵw, ϵl ∼ N (0, I) are two independent random

draws. Please refer to [90] for details.

3.3. DSO with Generated Data
We can now fine-tune the generator pθ

1 with Eq. (5) or
Eq. (7) as the objective using stochastic gradient descent.
The final cornerstone of our framework, Direct Simulation
Optimization (DSO), is to obtain a set of images I and their
corresponding 3D models XI∈I . Procuring a large number
of stable 3D objects for training at scale is challenging, es-
pecially if we want multiple different objects for a single
image prompt as in Eq. (7). Instead, we propose a scheme
that leverages the 3D models generated by the generator pref
itself. As illustrated in Fig. 3, we first curate a large, diverse
image dataset I. These images can be either renderings of
existing 3D datasets such as [11, 12], or synthetic images
generated by a 2D generator such as [33, 72]. We then task
the base model pθ to create 3D models XI , taking individual
images I ∈ I as input. These 3D models, subsequently aug-
mented with physical soundness scores via physics-based
simulation, are used to fine-tune the model for enhanced
physical soundness, achieving self-improvement without
relying on 3D ground truths.

1While our presentation in Sec. 3.2 focuses on a DDPM-formulated
diffusion model with discrete timesteps [23], the same approach can be
readily adapted to rectified flow models [1, 42, 46] and other diffusion for-
mulations [31, 80], as their differences primarily lie in the noise schedule
and loss weighting [19].

4. Experiments

We evaluate DSO on the task of generating physically sta-
ble 3D models under gravity and compare it to prior works
that use test-time optimization of physically-based losses
(Sec. 4.2). We assess the ability to generate stable 3D ob-
jects while retaining the fidelity of the 3D reconstruction
(as it would be trivial to make all objects stable by making
them, e.g., cubes). We discuss the effect of DSO on the
generated geometry in Sec. 4.3 and DSO’s scaling behavior
in Sec. 4.5. In Sec. 4.6, we demonstrate how DSO can be
adapted to leverage exclusively synthetic 2D images instead
of renderings of ground-truth 3D models.

4.1. Experiment Details

Model and data. We apply DSO to fine-tune TREL-
LIS [101], a state-of-the-art image-to-3D generator, and
measure its ability to consistently generate self-supporting
3D models before and after optimization. TRELLIS con-
tains two rectified flow transformers: the first generates the
coarse geometry of the 3D object, and the second refines
its fine-grained details. In our experiments, we fine-tune
only the linear layers of the first transformer, as stability
is primarily controlled by the coarse geometry. We use
LoRA [25] to reduce the number of parameters to optimize.
We select TRELLIS because it is a state-of-the-art 3D gen-
erator and is available as open source, but our method is not
specific to this model.

For the training data, we first generate a large num-
ber of 3D models with TRELLIS, conditioned on Obja-
verse [12] renderings. We exclude objects from Objaverse
with unstable ground-truth shapes and filter out low-quality
ones following [101]. Additionally, we include only ob-
jects categorized by GObjaverse [70] as “Human-Shape”,
“Animals”, or “Daily-Used”, as these categories often
feature two-legged shapes and tall, slender structures, mak-
ing them more challenging to stabilize under gravity. We
render 6 images for each of the remaining 13k objects and
generate 4 different models per image, yielding 312k 3D
models in total. We then use the MuJoCo [88] simulator to
conduct physical simulations for each model, starting from
an upright pose on flat ground. We use the tilting angle at
the final equilibrium state to determine stability, based on a
hard cut-off of 20◦: a model x0 is considered stable (i.e.,
o(x0) = 1) if its tilting angle is below 20◦ and unstable
otherwise. During training, we sample models for an image
prompt uniformly at random.
Training. We use AdamW [49] to fine-tune the base model
using LoRA [25] (rank 64) with a batch size of 48 on 4
NVIDIA A100 GPUs. We train two separate models, op-
timizing them using LDRO (Eq. (5)) for 4, 000 steps and
using LDPO (Eq. (7)) for 8, 000 steps, respectively. The β
in Eq. (7) is set to 500. More details can be found in Ap-



Method Stability Geometry

% Stable↑
(% Output↑) Rot.↓ CD↓ F-Score↑

Full evaluation set (65 objects)

TRELLIS [101] 85.1 (100) 14.14◦ 0.0485 73.12
Atlas3D [7] 69.4 (95.4) 32.86◦ — —
TRELLIS + DSO (w/ LDPO) 95.1 (100) 5.42◦ 0.0480 73.62
TRELLIS + DSO (w/ LDRO) 99.0 (100) 1.88◦ 0.0440 76.17

Partial evaluation set (11 unstable objects)

TRELLIS [101] 54.5 (100) 39.18◦ 0.0529 72.48
TRELLIS + PhysComp [21] 80.3 (46.2) 18.14◦ 0.0698 53.73
TRELLIS + DSO (w/ LDPO) 82.6 (100) 16.83◦ 0.0509 73.07
TRELLIS + DSO (w/ LDRO) 95.5 (100) 5.58◦ 0.0520 73.61

Table 1. Quantitative Results. DSO fine-tuned models (using
either LDRO or LDPO) significantly outperform baseline methods
Atlas3D [7] and PhysComp [21] in both physical stability and ge-
ometric quality. Beyond improving the physical soundness of the
base model TRELLIS [101], DSO also slightly improves its geo-
metric fidelity without requiring ground-truth 3D supervision.

pendix B.
Evaluation. We evaluate on the dataset from [21], which
consists of 100 Objaverse [12] objects from plants, animals,
and characters. We exclude the 35 objects whose ground-
truth shape is not self-supporting and render 12 images for
each of the remaining objects, resulting in a final set of 65
objects and 780 images. These objects are removed from
our training set.
Metrics. For quantitative results, we report the following
stability measures: % Output counts the frequency of suc-
cessfully outputting a 3D object, regardless of its stabil-
ity; % Stable counts the percentage of stable assets among
those generated; Rotation angle (Rot. in short) measures
the average tilting angle of generated objects at their equi-
librium state. In addition, to evaluate the mesh geome-
try, we report Chamfer Distance (CD) and F-Score (with
threshold 0.05 [44, 55, 94]). Following common prac-
tices [44, 55, 94], we scale the meshes to fit within the
unit cube and align the generated meshes optimally with
the ground truths using Iterated Closest Point (ICP) before
computing CD and F-Score.
Baselines. In addition to our base model TRELLIS [101],
we consider two baseline methods designed to gen-
erate self-supporting 3D objects: Atlas3D [7] and
PhysComp [21]. Atlas3D is a text-to-3D framework that
combines score distillation sampling [68] with physically-
based loss terms, primarily the magnitude of the object
orientation change at equilibrium, computed via differen-
tiable simulation. PhysComp takes a (volumetric) tetrahe-
dral mesh as input and applies test-time optimization to im-
prove its physical soundness, including its stability under
gravity. This is achieved by encouraging the projection of

the center of mass to be within the convex hull of the con-
tact points. For [7] and [21], we use their official imple-
mentations. For the text-conditioned Atlas3D, we prompt it
using captions of our multi-view renderings, obtained with
GPT-4V [64]. We generate one asset per object in the eval-
uation set. For PhysComp, we task it to optimize the 3D
models generated by TRELLIS. Since the optimization on
our hardware (24-core CPU with 668 GiB RAM in total)
takes significantly longer (on average 15 minutes) than the
80 seconds reported by the authors, we only run it on an 11-
object subset whose renderings lead TRELLIS to generate
unstable 3D models, amounting to 11× 12 = 132 runs. As
the optimization time varies dramatically with mesh com-
plexity, we set a strict time budget of 30 minutes per run.

4.2. Results and Analysis
Quantitative results. Table 1 reports the quantitative re-
sults evaluated for both baselines and our method. Notably,
our DSO fine-tuned TRELLIS (using either LDRO or LDPO)
outperforms all baselines on both physical stability and ge-
ometry fidelity without any test-time optimization.
Qualitative results. Figure 4 presents qualitative compar-
isons with baselines, highlighting cases where our base
model TRELLIS [101] fails to generate self-supporting as-
sets. Atlas3D [7], inheriting the limitations of SDS-based
approaches [68], often suffers from over-saturation and
over-smoothness (a, b, c). While incorporating physics-
based stability loss, its optimization remains unreliable (a)
and can introduce structural artifacts such as extraneous
limbs (b, c). PhysComp [21], which refines TRELLIS out-
puts, does not preserve texture and can distort the original
shape (a), compromising faithfulness to the input image.
The method struggles to stabilize meshes in challenging
scenarios (a) and frequently suffers from numerical insta-
bilities, sometimes failing to generate outputs entirely (c).
In contrast, our final model leverages the strong geomet-
ric prior of TRELLIS while significantly enhancing phys-
ical stability without introducing additional computational
overhead at test time.
Analysis. We note that: (1) Differentiable simulation often
suffers from numerical issues, as reflected by the lower %
Output of [7] and [21], due to the need for differentiable
ODE solving. DSO circumvents this requirement by fram-
ing physical soundness optimization as a reward learning
task (Sec. 3.2) and augmenting 3D models with simulation
feedback before training. (2) Unlike visual quality, physi-
cal stability demands high accuracy, especially in the con-
tact region. While existing efforts to align vision genera-
tors [16, 43, 69, 90, 114] focus on enhancing visual qual-
ity, we show that alignment can also substantially improve
accuracy-sensitive metrics. (3) For our task, LDRO proves to
be a more effective objective than LDPO (Tab. 1) and could
also be beneficial in other diffusion alignment settings, es-
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Figure 4. Qualitative Comparison with baseline methods. Our model can more reliably generate 3D assets that are stable under gravity
and faithful to the conditioning images.

Figure 5. (Lack of) Correlation between geometry reconstruction
quality (Chamfer Distance) and stability (rotation angle).

pecially when access to pairwise preference data is limited.

4.3. Physical Soundness vs. Geometry Quality
Eq. (1) and the other losses in Sec. 3 imply a potential trade-
off between physical soundness and geometric quality, con-
trolled by the parameter β. However, in Tab. 1, DSO fine-
tuned on TRELLIS not only enhances physical stability but
also improves geometric fidelity. This outcome is some-
what surprising, given that TRELLIS was explicitly trained
on (at least some) objects in the evaluation with geometric
losses (e.g., occupancy), whereas our DSO does not directly
supervise the base model with ground-truth geometry.

To investigate this, we generate 800 distinct 3D assets
using TRELLIS and analyze the relationship between their

Method Stability Geometry

% Stable↑ Rot.↓ CD↓ F-Score↑

TRELLIS [101] 85.1 14.14◦ 0.0485 73.12
TRELLIS + SFT 89.5 10.22◦ 0.0440 76.17
TRELLIS + DSO w/ LDPO 95.1 5.42◦ 0.0480 73.62
TRELLIS + DSO w/ LDRO 99.0 1.88◦ 0.0440 76.17

Table 2. Comparison with Supervised Fine-tuning (SFT). SFT
yields faithful geometry, but its samples are less physically stable.

geometric quality (measured by CD) and physical stability
(quantified by the tilting angle at equilibrium), as shown in
Fig. 5. The correlation is not statistically significant, sug-
gesting that improving physical soundness does not need to
compromise geometric quality. If anything, there is a very
slight positive correlation between the two.

4.4. Comparison with Supervised Fine-tuning
To further assess the effectiveness of DSO, we also compare
it with supervised fine-tuning (SFT) in Tab. 2. For SFT, we
fine-tune TRELLIS on the stable subset of our constructed
dataset (i.e., {x0 ∈ X |o(x0) = 1}, consisting of 72k ob-
jects out of the 312k generated in total), using the recti-
fied flow objective [1, 42, 46] with the same hyperparame-
ter configuration as our main training runs for 8,000 steps.
While SFT yields better geometry, its samples are less phys-
ically sound. This suggests that the model prioritizes geom-
etry over physical plausibility, making fine-tuning 3D gen-
erators solely on physically stable objects less effective for



(a) Scaling with training compute. Longer training enhances the phys-
ical stability further, yet excessive training degrades geometric quality.

(b) Scaling with training data. Smaller ( 1
16

of the full dataset) data
achieve comparable results for physical alignment.

Figure 6. Scaling Behaviors of DSO with training compute (left) and data (right).

aligning physical soundness. In contrast, by exposing the
model to both stable and unstable objects, DSO encourages
the model to better focus on physical properties.

4.5. Scaling Behaviors
We study how DSO scales when optimizing LDPO.
Scaling with training compute. Fig. 6a illustrates the pro-
gression of evaluation metrics throughout training. While
longer training further enhances the physical stability mea-
sure, excessive training with DSO significantly degrades ge-
ometric quality. In particular, the model eventually “cheats”
by generating a flat structure beneath the 3D asset as a base
to prevent it from toppling over.
Scaling with training data. In Fig. 6b, we analyze the im-
pact of training data size on model performance. We train 6
models with identical hyperparameters as our main training
run, progressively reducing the amount of data exposed to
each model. The smallest dataset used is only 1

64 of the full
dataset, constructed as described in Sec. 4.1. While train-
ing on extremely small datasets leads to model collapse, we
find that using just 1

16 of the full dataset (equivalent to 19.2k
synthetic 3D models with simulation feedback) already pro-
duces results comparable to our main training run. This sug-
gests that aligning state-of-the-art 3D generators with phys-
ical soundness requires only a modest amount of preference
data. This is promising for aligning other physical prop-
erties, such as 3D scene decomposition [61, 104, 105] and
part articulation [37, 38, 50], for which obtaining positive
samples may be more challenging due to their rarity.

4.6. DSO without Real Data
Our training objective does not rely on ground-truth 3D
data for supervision. Nevertheless, in our main experi-
ments presented in Sec. 4.2, we used Objaverse renderings
as prompts to construct a preference dataset. Here, we show
that access to Objaverse models is not necessary. We sub-
stitute the renderings with object-centric synthetic images
to condition the base model TRELLIS to generate 3D mod-

Method Synth. Loss Stability Geometry

% Stable↑ Rot.↓ CD↓ F-Score↑

TRELLIS [101] — — 85.1 14.14◦ 0.0485 73.12
TRELLIS + DSO ✓ LDPO 93.5 6.92◦ 0.0483 73.40
TRELLIS + DSO ✗ LDPO 95.1 5.42◦ 0.0480 73.62
TRELLIS + DSO ✓ LDRO 97.6 3.17◦ 0.0455 76.05
TRELLIS + DSO ✗ LDRO 99.0 1.88◦ 0.0440 76.17

Table 3. DSO can be trained solely on synthetic data. The resulting
models achieve greater physical soundness than the base model.

els. We then evaluate the physical stability of these gen-
erated models using simulation feedback, assigning a bi-
nary preference label, which we use for DSO fine-tuning.
In more detail, we task GPT-4 [64] to generate 1,000 di-
verse prompts of detailed object descriptions and use them
to prompt FLUX [33], an open-source text-to-image model,
to generate synthetic images. We then obtain a total of 64k
generated 3D assets, on which we conduct physical simula-
tion as detailed in Sec. 4.1. The performance of the model
trained on this dataset is reported in Tab. 3. Despite the
larger domain gap, the fine-tuned model generalizes well
to the evaluation images and is more likely than the base
model TRELLIS to generate stable assets under gravity.

5. Conclusion
We presented DSO, a novel framework for generating phys-
ically sound 3D objects by leveraging feedback from a
physics simulator. Our approach utilizes a dataset of 3D
objects labeled with stability scores obtained from the sim-
ulator, potentially starting from entirely synthetic images.
We fine-tune the base generator using the DPO or DRO ob-
jectives, the latter of which we introduced. The resulting
feed-forward generator is significantly faster and more reli-
able at producing stable objects compared to test-time opti-
mization methods.
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A. Details of the Derivations

From Eq. (1) to Eq. (2). As in [90], we introduce a latent oracle O defined on the whole denoising chain x0:T , such that:

o(x0) = Epθ(x1:T |x0) [O(x0:T )] . (8)

Then, starting from Eq. (1), we have:

max
θ

EI∼I,x0∼pθ(x0|I) [o(x0)]− βDKL [pθ(x0|I)∥pref(x0|I)]

≥max
θ

EI∼I,x0∼pθ(x0|I) [o(x0)]− βDKL [pθ(x0:T |I)∥pref(x0:T |I)]

=max
θ

EI∼I,x0:T∼pθ(x0:T |I) [O(x0:T )]− βDKL [pθ(x0:T |I)∥pref(x0:T |I)]

=βmax
θ

EI∼I,x0:T∼pθ(x0:T |I)

[
logZ(I)− log

pθ(x0:T |I)
pref(x0:T |I) exp(O(x0:T )/β)/Z(I)

]
,

(9)

where Z(I) =
∑

x0:T
pref(x0:T |I) exp(O(x0:T )/β) is a normalizing factor independent of θ. Since

EI∼I,x0:T∼pθ(x0:T |I)

[
log

pθ(x0:T |I)
pref(x0:T |I) exp(O(x0:T )/β)/Z(I)

]
= DKL [pθ(x0:T |I)∥pref(x0:T |I) exp(O(x0:T )/β)/Z(I)] ≥ 0

(10)
with equality if and only if the two distributions are identical, the optimal p⋆θ(x0:T |I) of the right-hand side of Eq. (9) has a
unique closed-form solution:

p⋆θ(x0:T |I) = pref(x0:T |I) exp(O(x0:T )/β)/Z(I). (11)

Therefore,

O(x0:T ) = β logZ(I) + β log
p⋆θ(x0:T |I)
pref(x0:T |I)

(12)

for any I ∈ supp(I).
We can then obtain Eq. (2) by plugging Eq. (12) into Eq. (8).

From Eq. (4) to Eq. (5). Since sampling from pθ(x1:T |x0, I) is intractable, we follow [90] and replace it with q(x1:T |x0):

LDRO :=minEI∼I,x0∼XI ,x1:T∼q(x1:T |x0)

[
(1− 2o(x0)) log

pθ(x0:T |I)
pref(x0:T |I)

]
=minEI∼I,x0∼XI ,x1:T∼q(x1:T |x0)

[
(1− 2o(x0))

T∑
t=1

log
pθ(xt−1|xt, I)

pref(xt−1|xt, I)

]

=minTEI∼I,x0∼XI ,t∼U(0,T ),xt∼q(xt|x0),xt−1∼q(xt−1|x0,xt)

[
(1− 2o(x0)) log

pθ(xt−1|xt, I)

pref(xt−1|xt, I)

]
=minTEI∼I,x0∼XI ,t∼U(0,T ),xt∼q(xt|x0)

[
(1− 2o(x0))

(
DKL [q(xt−1|xt,x0)∥pθ(xt−1|xt, I)]− DKL [q(xt−1|xt,x0)∥pref(xt−1|xt, I)]

)]
.

(13)

Recall that for diffusion models pθ and pref, the distributions q(xt−1|xt,x0), pθ(xt−1|xt, I) and pref(xt−1|xt, I) are all
Gaussian. Therefore, the KL divergence on the right-hand side of Eq. (13) can be re-parameterized analytically using ϵθ.
After some algebra, and removing all terms independent of θ, this yields Eq. (5).

B. Additional Training Details

All hyperparameters are listed in Tab. 4. We did not extensively tune these parameters: the LoRA parameters and the β used
in LDPO follow [43], and the rectified flow noise level t sampling uses the distribution from TRELLIS [101].



Loss formulation LDRO LDPO

Optimization
Optimizer AdamW AdamW
Learning rate 5× 10−6 5× 10−6

Learning rate warmup
Linear

2, 000 iterations
Linear

2, 000 iterations
Weight decay 0.01 0.01
Effective batch size 48 48
Training iterations 4, 000 8, 000
Precision bf16 bf16

LoRA
Rank 64 64
α 128 128
Dropout 0 0

Miscellaneous
Rectified flow t sampling LogitNorm(1, 1) LogitNorm(1, 1)
β in LDPO — 500

Table 4. DSO training details and hyperparameter settings.

Method Alarm clock Motorcycle

% Stable↑ Rot.↓ % Stable↑ Rot.↓

TRELLIS [101] 67.5 14.14◦ 44.4 46.53◦

TRELLIS + DSO 85.0 5.58◦ 58.1 36.75◦

Table 5. DSO enhances the model’s ability to generate assets that re-
main stable under gravity from in-the-wild images of stable objects.

C. Additional Evaluation Details
For evaluation, the 3D models are generated by TRELLIS [101] and DSO fine-tuned TRELLIS using the default setting: 12
sampling steps in stage 1 with classifier-free guidance 7.5 and 12 sampling steps in stage 2 with classifier-free guidance 3.
Under this setting, generating one model takes 10 seconds on average on an NVIDIA A100 GPU. By contrast, Atlas3D [7]
takes 2 hours to generate a model using SDS and PhysComp [21] takes on average 15 minutes to optimize one model output
by TRELLIS on our hardware.

We use MuJoCo [88] for rigid body simulation for evaluation. The 3D models are assumed to be rigid and uniform in
density. We run the simulation for 10 seconds, at which almost all objects have reached the steady state.

D. Additional Results
D.1. Additional Evaluation Results
To demonstrate that the enhanced physical soundness achieved through DSO is not limited to a specific simulation envi-
ronment, we report the evaluation results in Isaac Gym [53] and under perturbations in Tab. 6. For the evaluation under
perturbations, we choose 4 maximum perturbation angles θmax and perform 100 simulation runs with each θmax where the
generated 3D models are initially rotated by a random angle θ ∈ (−θmax, θmax), following Atlas3D [7]. We then report the
average stability rate of the 100 runs. In Tab. 6, TRELLIS post-trained with only MuJoCo feedback via DSO outperforms all
baselines under all simulation settings, showing that the improved physical soundness generalizes well to different simulation
environments.

Method MuJoCo Isaac Gym

w/o perturbation θmax = 0.01 θmax = 0.02 θmax = 0.04 θmax = 0.08 w/o perturbation

Full evaluation set (65 objects)

TRELLIS [101] 85.1 84.8 84.2 82.5 77.2 97.3
Atlas3D [7] 69.4 70.3 70.2 66.3 61.8 88.7
TRELLIS + DSO (w/ LDPO) 95.1 94.8 94.1 92.6 88.0 99.3
TRELLIS + DSO (w/ LDRO) 99.0 98.8 98.6 97.2 93.7 99.6

Partial evaluation set (11 unstable objects)

TRELLIS [101] 54.5 54.0 53.8 48.5 41.5 93.9
TRELLIS + PhysComp [21] 80.3 76.9 76.1 72.6 67.7 83.9
TRELLIS + DSO (w/ LDPO) 82.6 82.0 80.7 77.5 67.5 98.5
TRELLIS + DSO (w/ LDRO) 95.5 95.4 95.0 93.9 85.4 100.0

Table 6. Results evaluated under different simulation settings.



TRELLIS

Ours

Figure 7. DSO fine-tuned TRELLIS (ours) is more likely to generate physically sound 3D objects when conditioned on real-world images
of challenging categories.

D.2. Additional Comparison with Post-Processing Baselines
In Tab. 7, we compare DSO with a naive post-processing baseline that cuts the mesh flat just above the lowest vertex,
following Atlas3D [7]. This method is less effective at stabilizing meshes and significantly degrades geometric quality, as
reflected in the higher Chamfer distance (Tab. 7).

Method Enforcing flat at height z DSO
(Ours)

z = 0.05 z = 0.1 z = 0.15 z = 0.2

% Stable 94.2 90.5 93.2 95.8 99.0
Chamfer Distance 0.0502 0.0537 0.0591 0.0662 0.0440

Table 7. Comparison with post-processing baselines.

D.3. Additional Results on In-the-Wild Images
To assess the generalization of DSO fine-tuned models in generating physically sound 3D objects from real-world images,
we curate a set of 30 CC-licensed images for each category: stable alarm clocks and motorcycles supported by kickstands.
We select these two categories because the base model, TRELLIS, struggles to generate physically stable versions of these
objects. The results are reported in Tab. 5, with randomly sampled examples visualized in Fig. 7. As is evident, DSO
enhances the model’s ability to generate assets that remain stable under gravity from in-the-wild images of stable objects.

E. Additional Discussions
A deeper analysis of DRO vs. DPO. We further analyze the similarities and differences between LDRO and LDPO. Both
losses are monotonic functions of o = ∥ϵw − ϵθ(x

w
t , t)∥22−∥ϵw − ϵref(x

w
t , t)∥22−

(
∥ϵl − ϵθ(x

l
t, t)∥22 − ∥ϵl − ϵref(x

l
t, t)∥22

)
.

In Fig. 8, we plot each loss (left) and its derivative with respect to o (right, log-scale). A key difference is that dLDRO
do is

constant, while dLDPO
do decays exponentially as o decreases. As a result, o tends to plateau during optimization of LDPO. This

leads to faster convergence with LDRO, although extended training may harm performance.

Figure 8. Plots of LDRO and LDPO and their derivatives.



Scaling behaviors when optimizing LDRO. In Sec. 4.5, we analyzed how DSO scales when optimizing LDPO. Here, we
present the corresponding scaling behavior for LDRO. As shown in Tab. 8, performance peaks at 4, 000 training steps, after
which the geometry quality noticeably degrades—consistent with our earlier analysis. Scaling with training data follows a
similar trend to that observed for LDPO in Fig. 6b.

Training steps 2000 3000 4000 5000

% Stable 91.5 96.9 99.0 98.7
Chamfer D. 0.0473 0.0464 0.0440 0.0853

Table 8. Scaling behavior with training compute of LDRO.

F. Limitations and Future Work
DSO’s self-improving scheme relies on the base model generating at least some positive samples, and hence may be less
effective for base models where such samples are rare. DSO opens up new possibilities for integrating physical constraints
into generative models, enhancing their applicability in real-world scenarios where adherence to such constraints is crucial.
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