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Abstract

Flow-based 3D generation models typically require dozens
of sampling steps during inference. Though few-step distilla-
tion methods, particularly Consistency Models (CMs), have
achieved substantial advancements in accelerating 2D dif-
fusion models, they remain under-explored for more com-
plex 3D generation tasks. In this study, we propose a novel
framework, MDT-dist, for few-step 3D flow distillation. Our
approach is built upon a primary objective: distilling the
pretrained model to learn the Marginal-Data Transport. Di-
rectly learning this objective needs to integrate the velocity
fields, while this integral is intractable to be implemented.
Therefore, we propose two optimizable objectives, Velocity
Matching (VM) and Velocity Distillation (VD), to equiva-
lently convert the optimization target from the transport level
to the velocity and the distribution level respectively. Velocity
Matching (VM) learns to stably match the velocity fields be-
tween the student and the teacher, but inevitably provides bi-
ased gradient estimates. Velocity Distillation (VD) further en-
hances the optimization process by leveraging the learned ve-
locity fields to perform probability density distillation. When
evaluated on the pioneer 3D generation framework TREL-
LIS, our method reduces sampling steps of each flow trans-
former from 25 to 1-2, achieving 0.68s (1 step x 2) and 0.94s
(2 steps x 2) latency with 9.0x and 6.5x speedup on A800,
while preserving high visual and geometric fidelity. Experi-
ments demonstrate that our method significantly outperforms
existing CM distillation methods, and enables TRELLIS to
achieve superior performance in few-step 3D generation.

Code — https://github.com/Zanue/MDT-dist
Project Page — https://zanue.github.io/mdt-dist

Introduction

Flow-based 3D generation models (Xiang et al. 2024; Zhao
et al. 2025; Yang et al. 2024; Li et al. 2025; Wu et al.
2024, 2025; Chen et al. 2025b; Ye et al. 2025; Zhang et al.
2024b) have exhibited remarkable abilities in synthesizing
intricate 3D representations from image prompts. However,
during inference they typically require dozens of iterative
sampling steps, posing significant computational barriers to
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practical applications such as large-scale 3D content gen-
eration for embodied intelligence simulation (Wang et al.
2025) and real-time interactive editing workflows in graph-
ics systems. Although few-step diffusion distillation meth-
ods, particularly consistency models (CMs) (Song et al.
2023; Wang et al. 2024; Lu and Song 2024), have achieved
substantial advancements in accelerating 2D diffusion mod-
els, their extension to the 3D generation area remains under-
explored. The only related work recently is FlashVDM (Lai
et al. 2025), which adopts a few-step distillation framework
mainly derived from the previous Phased Consistency Mod-
els (PCM) method (Wang et al. 2024).

3D generation presents inherently greater challenges than
its 2D counterpart. Unlike 2D images sampled from a con-
tinuous color space, 3D representations, e.g., meshes and
3D Gaussians (Kerbl et al. 2023), are discrete and sparsely
structured in 3D space. 3D models also contain richer geo-
metric and textural details at a finer granularity. Moreover,
in latent-space generative frameworks such as Latent Diffu-
sion models (LDM) (Rombach et al. 2022), the dimension
of the 3D latent space is typically higher than that of the 2D
latent space. These fundamental differences indicate that 3D
generation faces more difficulties and challenges than 2D
generation, and thus has stricter requirements on few-step
acceleration techniques.

To address these challenges, we propose a novel frame-
work, MDT-dist, for few-step 3D flow distillation. Our
method is built upon a primary objective: distilling the pre-
trained 3D flow model to learn the marginal-data transport.
CMs have a similar optimization target, but are limited by
the consistency constraint which enforces consistency be-
tween adjacent time steps to indirectly learn the target. We
instead propose two novel loss functions, Velocity Matching
(VM) and Velocity Distillation (VD), to pursue the primary
objective in a more direct way. Directly learning the primary
objective needs to integrate the velocity fields, but this inte-
gral is intractable to be implemented. Therefore, VM and
VD equivalently convert it to tractable objectives respec-
tively. In VM, the optimization of the primary objective is
converted into optimizing its time derivative, with the error
in the primary objective bounded by the error in the VM loss.
Specifically, VM learns to stably match the velocity fields
between the student and the teacher. However, it inevitably
contains a term involving the derivative of the network out-



put. This term cannot be efficiently back-propagated and is
therefore detached, leading to biased gradient estimates. VD
further enhances the learning of the marginal-data transport
by matching the marginal distributions between the student
and the teacher. It leverages the velocity fields learned by
the student and the teacher as measure to perform probabil-
ity density distillation. We evaluate our methods on a state-
of-the-art 3D generation framework TRELLIS (Xiang et al.
2024). Our approach reduces the inference steps of each flow
transformer from 25 to just 1-2 and the latency from 6.1s to
0.68s and 0.94s on A800, while preserving high visual and
geometric fidelity. Extensive experiments demonstrate that
our method significantly outperforms existing CM distilla-
tion methods, and makes the distilled TRELLIS model sur-
pass FlashVDM (Lai et al. 2025), enabling fast 3D content
generation beneficial for various downstream tasks.
Our contributions are as follows:

* We develop a novel few-step flow distillation framework
MDT-dist for better 3D generation acceleration.

* We propose two novel optimization objectives, Velocity
Matching (VM) and Velocity Distillation (VD), to jointly
enable effective few-step distillation.

* We distilled TRELLIS to achieve a sweet balance be-
tween generation speed and quality. Our method reduces
sampling steps of each flow transformer from 25 to 1-2,
achieving 0.68s (1 step x 2) and 0.94s (2 steps x 2) la-
tency with 9.0x and 6.5x speedup on A800.

Related Work

3D Generation Models. Early 3D generation meth-
ods (Jain et al. 2022; Lin et al. 2023; Shi et al. 2023; Raj
et al. 2023; Gao et al. 2025; Liu et al. 2023; Long et al. 2023)
are mainly based on 2D diffusion models (Rombach et al.
2022), generating 3D assets by iteratively prompting 2D dif-
fusion models to optimize 3D representations (Mildenhall
et al. 2020; Kerbl et al. 2023). DreamFusion (Poole et al.
2022) and Score Jacobian Chaining (SJC) (Song et al. 2020)
first introduce Score Distillation Sampling (SDS) to gener-
ate 3D assets using pretrained 2D diffusion models. Prolific-
Dreamer (Wang et al. 2023) and other methods (Liang et al.
2023; Sun et al. 2023; Zhao et al. 2023) further improve SDS
to achieve better generation results. Some methods (Yi et al.
2023; Tang et al. 2023; Yi et al. 2024) incorporate shape pri-
ors to significantly reduce generation time. Methods (Gupta
et al. 2023; Shen et al. 2024; Li et al. 2023; Hong et al.
2023; Tang et al. 2024; Xu et al. 2024; Zhang et al. 2024a)
like LRM (Hong et al. 2023) and LGM (Tang et al. 2024)
build native 3D generative models by pretraining on large-
scale 3D data, enabling feed-forward generation of 3D as-
sets without optimization. Some native 3D generation meth-
ods (Xiang et al. 2024; Zhao et al. 2025; Yang et al. 2024; Li
et al. 2025; Wu et al. 2024, 2025; Chen et al. 2025c¢; Ye et al.
2025; Chen et al. 2025a; Zhang et al. 2024b; Li et al. 2024)
further introduce flow matching into the 3D generation field.
However, generating high-fidelity 3D assets with 3D diffu-
sion models requires a relatively large number of sampling
steps during inference, which both increases users’ queuing
time and raises computational costs. FlashVDM (Lai et al.
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2025) shortens the generation time through efficient decoder
design and few-step distillation, but it can only generate the
shape without appearance. We apply our method to TREL-
LIS (Xiang et al. 2024) to reduce the number of sampling
steps for the two stage flow transformers, enabling the fast
generation on both shape and appearance.

2D Generative Models. 2D generative modeling has pro-
gressed from variational autoencoders (VAEs) (Kingma and
Welling 2013; Rezende, Mohamed, and Wierstra 2014) to
generative adversarial networks (GANs) (Goodfellow et al.
2020). VAEs map data distributions to latent Gaussian
spaces via Evidence Lower Bound (ELBO) optimization but
often yield blurry outputs. GANs employ adversarial train-
ing to produce high-fidelity images but suffer from insta-
bility and mode collapse. Diffusion models have since be-
come a dominant paradigm: denoising diffusion probabilis-
tic models (DDPM) (Ho, Jain, and Abbeel 2020) formalize
iterative denoising as a Markov process; score-based gener-
ative modeling (Song et al. 2020) unifies diffusion under the
framework of stochastic differential equations (SDEs); flow
matching (Lipman et al. 2022; Liu, Gong, and Liu 2022;
Tong et al. 2023) learns velocity fields for direct ODE-based
generation and often requires fewer steps than diffusion. An
important topic on diffusion models is acceleration by re-
ducing the number of sample steps. Denoising diffusion im-
plicit models (DDIM) (Song, Meng, and Ermon 2020) ac-
celerate generation through non-Markovian updates. DPM-
Solver (Lu et al. 2022) further reduces sampling steps by
employing higher-order ODE solvers. Consistency models
(CMs) (Song et al. 2023) enable single-step sampling by
enforcing consistency across sampling trajectories. Variants
such as phased consistency models (PCM) (Wang et al.
2024) and Trigflow(sCM) (Lu and Song 2024) improve sta-
bility through phased training strategies and continuous-
time formulations, respectively. In contrast to consistency
models, our method is derived without the consistency con-
straint and serves as a novel few-step distillation framework.

Background
Diffusion Models

Diffusion models (Ho, Jain, and Abbeel 2020) learn to gen-
erate data by iteratively denoising samples from Gaussian
noise distribution. The framework defines a fixed forward
diffusion process and a learned reverse denoising process.
Given a data sample g ~ Qgar, the forward diffusion pro-
cess gradually adds the Gaussian noise and produces a se-
ries of noised samples {x; }7_;, conditioned on the time step
t. This induces a sequence of marginal distributions ¢; (),
i.e., the noised distribution at time . The reverse process is
parameterized by a neural network with learnable parame-
ters 6, which learns to generate the denoising direction. Dur-
ing the reverse process, the generated marginal distribution
ph () is expected to be matched with g, ().

Flow Matching. Flow matching (FM) (Lipman et al.
2022; Liu, Gong, and Liu 2022; Tong et al. 2023) learns
to map noise to data distribution by estimating a Probabil-
ity Flow Ordinary Differential Equation (PF-ODE) process.



It defines a continuous-time dynamical system with a learn-
able velocity field vy (-, t),t € [0,1], which can be used to
construct a time-dependent diffeomorphic map ¢,,

(@) = v (@), 1),
¢o(z) =z,

which subsequently defines a push-forward ¢, transforming
a density over time

Ph(x) = [®,]-po(x) = po(¢~" (@) |det Vo, ' ()| )
In this way, the velocity field vy(-,t) is said to generate a
probability path p}. The velocity field is optimized by mini-
mizing the conditional flow matching loss

ey

Lerma(0) = Evma,z 00 (1= D)o + t2,1) = (2 = o) I°] -

3

3D Generation Models

Our method builds upon TRELLIS (Xiang et al. 2024), a re-
cent high-quality 3D asset generation framework. In TREL-
LIS, a 3D asset is implicitly represented by a structured la-
tent variable (SLAT) S, which is composed of sparse voxels
and features:

132,

S = {(fivpi)}iLzh
4

where p; is the coordinate of the i-th voxel, and f; is the
corresponding feature. C' denotes the feature dimension, NV
denotes the voxel resolution, and L denotes the number of
active voxels which is much smaller than N3. SLAT can
be decoded into different 3D representations such as 3D
Gaussians (Kerbl et al. 2023), meshes and NeRFs (Milden-
hall et al. 2020). For generation, two flow transformers are
trained to generate coordinates and features of SLAT sepa-
rately. During inference, the two models both take 25 sam-
pling steps by default.

fiERcv ple{oalvaNf

Marginal-Data Transport Distillation
Primary Objective
Given a noise sample z ~ A/(0, I), our target is to learn a
neural network ¢, to generate Ty ~ ¢qaa Within few-step

forwards. Taking one-step generation as an example, ¢, is
expected to satisfy

minEa, - [D (y(2), 2 — 20)] 5)
where D(-,-) represents a distance metric such as MSE
or Kullback-Leibler Divergence, and 6 represents learnable
model parameters. This formulation aims to transport the
noise distribution to the data distribution directly. However,
from the experiences of VAEs (Kingma and Welling 2013)
and GANs (Goodfellow et al. 2020), it is well known that
directly learning data distribution from noise distribution is
a challenging task and easily leads to unstable optimization
issues such as posterior or mode collapse. Therefore, we in-
stead force ¢y to learn the transport from the marginal dis-
tribution g; (;) to the data distribution ggy, for any diffusion

13855

time step t:

D%iﬂ Et 2,z [D (tpg(Tt,t), T — T0)] (6)
where ¢ is used for normalization, ; = (1 — t)xo + tz.
With the guidance of a well-pretrained 3D flow model, we
can approximate ¢;(x;) using its learned reverse marginal
distribution, and approximate the data distribution qg,, us-
ing the generated teacher distribution. The transport from
ph () to po is fot vg(x,,7)dT, thus our primary objective
is formulated as

Ltpn‘mary (0) =

t
IneinEt,mo,z |:D <t¢9($t7t)u/ 'Upretrain(m‘rﬂ—)d'r)] y
0
(7N

where Vprerain denotes the velocity fields predicted by the
pretrained teacher model.

Velocity Matching

Note that the primary objective in Eq. 7 cannot be di-
rectly optimized, since the integral fot Uprem-n(:cT,T)dT is
intractable. We differentiate the objective function with re-
spect to ¢ and turn it to be

mein ]Et,:r,o,z [D (UG (wh t)7 vpretrain(a:h t))] 5 ®)
depg (@4, t)
dt

Here wg (x4, t) is the derivative of t¢py (4, t) with respect to
t, which actually represents the velocity fields. Intuitively,
Eq. 7 supervises ¢, by the transport from the marginal dis-
tribution to the data distribution, and Eq. 8 converts it to be
a supervision on its derivative, i.e., the velocity supervision,
to learn student velocity fields matched with the teacher ve-
locity fields.

Now Eq. 8 is tractable and can be directly used for super-
vision. Given a data sample @y ~ qga, We replace D(-,-)
with the MSE metric and define our velocity matching loss
as

ug(xs, t) = Pglas,t) + 1t 9

d¢9 (mtv t) _
dt

2
Opeain(@e, )| - (10)

['VM(G) = IneinEt,wU,z [

‘cﬁg(a}t,t) +t

We provide a detailed proof in Appendix to demonstrate
that, the error in the primary objective Lprimary (¢) is bounded
by the error in the velocity matching loss Lym(6). There-
fore, we can effectively learn the primary objective through
optimizing the velocity matching loss.

In practice, we accelerate the convergence by discretely
approximating the derivative item

d¢9 (wtv t)

1
1L ~ A (Pg(xs,1) — Pp(Ti—nr,t — At)),
(11)

where T;_ A+ = T+ — Vpremain (T4, t) At, At is a small con-
stant value and we set it to be 1e — 2. The gradient of the



pre vpre(xt7 t)

by P

Po(z’.1)

[’VM Velocity Matching Learnable
LVD Velocity Distillation Frozen
LVM
‘ Gaussian noise
vpre vpre(-x;ﬂ t)
LVD
$g  Poxi, 1)

Figure 1: The primary objective of our framework is to learn the transport from the marginal distribution to the data distribution.
Based on it we propose two optimization objectives: velocity matching and velocity distillation. Velocity matching directly
supervises @, via matching the velocity fields between the student and teacher (Eq. 10), while velocity distillation indirectly
supervises ¢, via matching the marginal distributions between the student and teacher (Eq. 14).

term ¢g(xs—ns,t — At) is expected to be detached, since
solving it requires computing two-order derivative which
is computationally expensive. When training, we stop the

gradient of the derivative term %f“t) rather than only
¢p(1—ar,t — At). This operation makes ¢, (x4, t) to learn
more consistent with vprelrain(wt, t), achieving a more stable
optimization process.

Velocity Distillation

Though Eq. 10 serves as a tractable objective, we clarify that
with only the velocity matching loss the student model ¢,
cannot be optimized well. An inherent flaw in the velocity
matching loss is that both the continuous and discrete for-
mulation of ¢, (x¢,t) cannot be back-propagated properly.
Therefore, the optimization of Eq. 10 provides a biased gra-
dient estimate.

We revisit our primary objective from the perspective of
score distillation (Poole et al. 2022; Wang et al. 2023). Since
the student and teacher model have the same target dis-
tribution qg.a, We can equivalently convert the constraint
on the marginal-data transport into the constraint on the
marginal distribution. Then the primary objective turns to
minimize the Kullback-Leibler divergence between the stu-
dent marginal p}, and the marginal ¢, (note we approximate
the real marginal with the teacher marginal):

min B, [Dxr (ph | at)] (12)
which is the objective of our velocity distillation. Specifi-
cally, a sample ' = 2’ — ¢,(2’) is first synthesized from
a noise sample 2z’ ~ N(0,I). Then =’ is diffused with
z" ~ N(0,I) to obtain «; = (1 — ¢)x’ + tz". The gra-
dient of the training objective can then be written as
VeE: [Dxw (0 || )]
=Ky 2 20 [Vo (log ph(a;) — log i (x})) |
ox;
a0 |-
(13)

=Bz 2 | (Var logph(;) — Var log ge(x))
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ProlificDreamer (Wang et al. 2023) points out that
Ve logpp(x;) and Vg logg(x;) represent the
score (Song et al. 2020) of the noisy prediction and
the noisy real data respectively. Here we use the student
velocity fields wug(x},t) to replace —Vg logpj(x}),
and the teacher velocity fields Vpreimain(},t) to replace
—Vg: log gi(x;). A detailed proof of the rationale for this
choice can be found in Appendix. Substituted with Eq. 9,
the gradient of our velocity distillation loss is formulated as

d¢9 (w27 t) _

dt
ox,
’Upretrain(w;v t)) (9701:} - (14
Intuitively, Eq. 14 performs probability density distillation
which serves as a soft supervision. It applies ug(x},t) —
Upretrain (X7, t) as a criterion to measure the discrepancy be-
tween the teacher and student marginals, and indirectly op-
timizes ¢, through optimizing ;.

VoLyn(6) = Eywren | = (g(a), 1) + ¢

Optimization

Our velocity matching loss and velocity distillation loss are
complementary. While both are d erived from the primary
objective, velocity matching provides partially right gradi-
ent estimates, improving the performance of ¢, (-, ) for all
the time steps ¢. Velocity distillation further utilizes the op-
timized ¢, (-, t) as a criterion for measuring distribution dis-
crepancy, enhancing the one-step performance of ¢,. Our
final loss function is formulated as

Lwvptdist = Lvm + ALyp,

where )\ is a hyper-parameter and we set it to be 1.0.

15)

Relation to Prior Work

Velocity matching and velocity distillation are both de-
rived from our primary objective. Velocity matching is re-
lated to consistency models (Song et al. 2023) and Mean-
Flow (Geng et al. 2025), but still has essential differences.



. Appearance Geometry
Method Inference Steps Inference Time (s) FDincep | FDginovs | ULIP; 1

LGM" - 5 26.31 322.71 -
3DTopia-XL" 25 5 37.68 437.37 -
Ln3Diff* 250 8 26.61 357.93 -
TRELLIS" 25 x 2 - 9.35 67.21 -

TRELLIS 25 x 2 6.1 11.80 65.24 39.53

FlashVDM 5 1.30 - - 3791

Ours 1x2 0.68 18.09 164.2 36.88

2x2 0.94 14.16 110.9 39.11

Table 1: Quantitative comparison on LGM (Tang et al. 2024), 3DTopia-XL (Chen et al. 2025c), Ln3Diff (Lan et al. 2024), and
our teacher model TRELLIS (Xiang et al. 2024). * denotes that the metrics are from TRELLIS, which are measured on the
subset of the Toys4K dataset (Stojanov, Thai, and Rehg 2021), and the inference time comes from their original paper. The
other reported inference times measured by us are based on evaluations performed on an NVIDIA A800 GPU.

FlashVDM
5 Steps (1.30s)
Geometry Only

Condition
Images

TRELLIS
25 Stepsx2 (6.1s)

Ours
1 Stepx2 (0.68s)

Ours
2 Stepsx2 (0.84s)

Figure 2: Qualitative results of FlashVDM (Lai et al. 2025), the teacher model TRELLIS (Xiang et al. 2024), and our method.
Since FlashVDM does not generate the appearance of 3D assets, we compare with FlashVDM only on geometry.

Consistency models are derived from the consistency con-
straint between adjacent time steps. Compared with con-
sistency models, our objective learns ¢, (¢, t) more con-
sistent With Uprerain (T4, t), leading to more stable optimiza-
tion. MeanFlow needs two time variables as model input,
thus being not suitable for distilling a pretrained 3D flow
model. Differently, our method is motivated by learning
the marginal-data transport, and is designed to distill a pre-
trained flow model.

Velocity distillation is related to Score Distillation Sam-
pling (SDS) (Poole et al. 2022) and Variational Score Dis-
tillation (VSD) (Wang et al. 2023). SDS and VSD both try
to measure the student and teacher marginals with the score,
i.e., the gradient of the log probability density. SDS only
uses the added noise as the student score, leading to a single-
point Dirac distribution estimation (Wang et al. 2023). VSD
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finetunes an additional diffusion model €4 to learn the stu-
dent distribution, resulting in additional memory cost and
further learning errors. Instead, our method only learns one
model to be both the generator and the distribution measure,
being both low-cost and accurate.

Experiments

Datasets. For training, we use around 500K 3D assets
from the Objaverse (XL) (Deitke et al. 2023), ABO (Collins
et al. 2022), 3D-FUTURE (Fu et al. 2021), and HSSD
datasets (Khanna* et al. 2023). For evaluation, we use all
the 3,218 3D assets from the Toys4k dataset (Stojanov, Thai,
and Rehg 2021).



Condition TRELLIS Ours TRELLIS Ours
Images 2 Stepsx2 2 Stepsx2 1 Stepx2 1 Stepx2

Figure 3: Qualitative results with and without distillation during few-step inference.

Condition cM PCM sCM Ours
Images

Figure 4: Qualitative comparison on CM (Song et al. 2023), PCM (Wang et al. 2024), sCM (Lu and Song 2024) and ours. Our
method exhibits the most complete and fine-grained geometric and visual details.

\ FDincepd FDginov2d ULIPT 2024). Apart from LGM, all others are based on 3D diffu-
oM 20.06 1945 34.62 sion. The results are shown in Table 1.
PCM 19.53 189.5 34.96 Non-diffusion-based Method. We compare our method
sCM 19.29 186.0 35.04 with LGM (Tang et al. 2024), one of the most influential
Ours 18.09 164.2 36.88 non-3D-diffusion-based 3D generation methods. Compared
to LGM, our approach distills an end-to-end 3D diffusion
Table 2: Quantitative comparison on CM (Song et al. 2023), model, which has stronger 3D awareness, improves both ap-
PCM (Wang et al. 2024), sCM (Lu and Song 2024) and ours. pearance and geometry quality of the generated 3D assets,

and reduces inference time.

ACVM ACVD ‘ FDincep\J/ FDdimsz, ULIPIT NOIl-diStIi]lled 3(]1) Dlilffdlls:i)’on (livlf?thods. V\l/le Cflll‘therl c(;)m-
are with non-distilled 3D diffusion methods, includin

x x| 2026 195.6 34.62 I3)DTopia-XL (Chen et al. 2025¢), Ln3Diff (Lan et al. 20245%

v X 18.42 172.0 35.99 and the teacher model TRELLIS (Xiang et al. 2024). Af-

v v 18.09 164.2 36.88 ter distillation, our method reduces the two 3D flow trans-

i ) formers of TRELLIS from 25 steps each (50 steps total) to 1

Table 3: Ablation studies on our proposed two loss func- and 1 steps (2 steps in total), achieving high-quality 3D gen-

tions. eration in just 0.68s. We achieve comparable performance

on appearance metrics (FDjncep, FDginov2) and the geometry

metric (ULIP;) compared with the teacher model when the

Quantitative Comparison number of inference steps is 4. Compared to Ln3Diff and

3DTopia-XL (Chen et al. 2025¢), our method outperforms

it in both appearance and geometry evaluations with fewer
than 12X the inference steps and inference time.

Since methods for distilling 3D diffusion models remain
scarce, FlashVDM (Lai et al. 2025) is one of the few. We
also compare against non-distilled methods (LGM (Tang
et al. 2024), 3DTopia-XL (Chen et al. 2025¢), Ln3Diff (Lan Distilled 3D Diffusion Method. Compared to the recent
et al. 2024)) and the teacher model TRELLIS (Xiang et al. distilled 3D-shape diffusion model FlashVDM (Lai et al.
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Images

W/o Distillation Condition

Only VM Loss

Ours

Figure 5: Qualitative results of ablation studies on our pro-
posed two loss functions.

2025), we evaluate only its geometry metric (ULIPy), since it
does not generate appearance. We use the officially released
code of FlashVDM and evaluate it with the default configu-
ration. Our method and FlashVDM complete inference in a
similar number of steps. On the geometry metric ULIP;, our
method outperforms FlashVDM.

Qualitative Comparison

Qualitative Comparison with Other Methods. We
present a visual comparison of the results in Fig. 2. The
results show that our method can generate high-quality
3D assets with both geometry and appearance. Since
FlashVDM (Lai et al. 2025) does not generate appearance
for 3D assets, our comparison with FlashVDM mainly fo-
cuses on geometry. Compared to FlashVDM, our method
generates geometry with more details and better consistency
with the conditioned images. Compared with the teacher
model TRELLIS (Xiang et al. 2024), our method generates
comparable 3D assets.

Comparison with CM methods. We conduct qualita-
tive and quantitative comparison with three CM methods:
CM (Song et al. 2023), PCM (Wang et al. 2024), and
sCM (Lu and Song 2024). The results are shown in Fig. 4
and Table 2. As the basic consistency model, CM performs
the worst. Due to the multi-phase design, PCM learns more
stably and achieves a better performance than CM. sCM uti-
lizes a continuous format of CM, which eliminates the dis-
cretization errors, thereby performing better than the other
two CM methods. Derived from a different objective, our
method largely outperforms all the CM methods, with more
complete and fine-grained geometric and visual details.
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Ablation Study

Velocity Matching. The quantitative results of the abla-
tion study on VM are in Table 3. It can be found that di-
rectly applying VM to finetune TRELLIS improves both the
geometric quality and the visual quality. In Fig. 5, applying
VM significantly reduces the unwanted extra geometry gen-
erated by the model, while partially restoring the missing
and incomplete geometric structures. Moreover, compared
to the generation result of the non-distilled model, the dis-
tilled model exhibits enhanced geometric fidelity, particu-
larly in fine structures such as the shape of car windows and
the overall body geometry.

Velocity Distillation. The quantitative results of the abla-
tion study on VD are in Table 3. With the help of VM, VD
is capable of learning the geometry better. In Fig. 5, VD fur-
ther eliminates the unwanted extra geometry and addresses
the remaining incomplete regions in the geometry.

Joint Optimization. In Table 3, joint optimization with
VM and VD achieves the best performance, demonstrat-
ing the complementarity between the two loss functions. In
Fig. 3, under the joint effect of the two loss functions, both
geometry and visual quality are significantly improved com-
pared to the TRELLIS baseline. Our method significantly
addresses the remaining incomplete regions in the geometry
and improves the details.

Conclusion

We present a novel framework MDT-dist for few-step flow
distillation in 3D generation. By formulating a primary ob-
jective as modeling the transport from the marginal distribu-
tion to the data distribution, our approach provides a more
direct solution to few-step generation, in contrast to con-
sistency models that rely on consistency constraints on the
adjacent time steps. To effectively optimize this objective,
we introduce two optimization objectives: Velocity Match-
ing (VM), which converts the optimization target from the
transport level to the velocity level, enabling tractable and
stable matching of velocity fields between the student and
the teacher, and Velocity Distillation (VD), which converts
the optimization target from the transport level to the distri-
bution level, leveraging the learned velocity fields to perform
probability density distillation. When applied to TRELLIS,
our method reduces sampling steps from 25 to 1-2 while
preserving high geometric and visual fidelity. Experiments
demonstrate that our approach significantly outperforms ex-
isting consistency distillation techniques, and achieves new
state-of-the-art performance in few-step 3D generation.

Limitations and Future Work. Our method still requires
a large amount of conditional images and geometric data to
conduct few-step distillation training. While images are rel-
atively easy to collect, high-quality geometric data is much
more scarce and expensive, making the few-step 3D gener-
ation distillation costly. A possible solution is to eliminate
the dependence on geometric data and take only conditional
images as input, which reduces the cost and further scales
up the distillation by leveraging abundant online images.
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