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Abstract

The slow sampling speed of diffusion models hinders their
application in 3D LiDAR scene completion. To address this,
we propose Distillation-DPO, a novel framework that ac-
celerates sampling through score distillation while simulta-
neously enhancing generation quality via preference align-
ment. Distillation-DPO follows a three-step procedure. First,
the student model generates paired completion scenes with
different initial noises. Second, using LiDAR scene evalua-
tion metrics as preference, we construct winning and losing
sample pairs. Third, as our core innovation, Distillation-DPO
optimizes the student model by exploiting the difference in
score functions between the teacher and student models on
the paired completion scenes. This operation performs vari-
ational score distillation of the student model but simultane-
ously encourages the distilled student to prefer the winning
samples over the losing ones. Extensive experiments demon-
strate that Distillation-DPO achieves higher-quality scene
completion than state-of-the-art diffusion models, while ac-
celerating sampling by over 5-fold. To our knowledge, our
work is the first to integrate the preference learning principle
of DPO into the distillation of diffusion models, offering a
new framework of preference-aligned distillation.

Code — https://github.com/happyw1nd/DistillationDPO

Introduction
In recent years, diffusion models have demonstrated excep-
tional performance in different generative tasks (Karras et al.
2022; Zhou et al. 2024; Wang et al. 2023), emerging as a key
paradigm in visual content generation. As their capabilities
continue to expand, diffusion models are increasingly being
applied to more challenging 3D tasks, such as 3D LiDAR
scene completion (Nunes et al. 2024; Ran, Guizilini, and
Wang 2024). Due to occlusions, viewpoint limitations, and
sensor sparsity, LiDAR point clouds are often sparse (Nunes
et al. 2024; Nakashima and Kurazume 2024). Given the ad-
vantage in modeling complex data distributions, diffusion
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models have been regarded as a promising solution for high-
quality point cloud completion. However, achieving high-
fidelity completion typically requires more sampling steps,
resulting in a slow inference process. This inefficiency in
sampling limits their practicality in real-world applications.

Score distillation, as an effective distillation method for
diffusion models, enables a student model to generate new
samples in fewer steps than the teacher diffusion model re-
quires (Luo et al. 2023; Yin et al. 2024a,b). It provides an
effective pathway for accelerating LiDAR scene comple-
tion diffusion models. However, score distillation inevitably
leads to information loss and a decline in quality in the com-
pleted scene during the sampling acceleration process.

Reward models provide a potential way to mitigate the
performance degradation caused by distillation. The reward
model learns human preferences to predict the rating of gen-
erated samples, while existing methods primarily enhance
generation quality by maximizing the rating predicted by
the reward model (Zhang et al. 2025; Xu et al. 2023). How-
ever, the application of the reward model in score distillation
of LiDAR scene completion faces the following challenges.
First, due to the complexity of LiDAR scenes, obtaining
large-scale human-labeled data is challenging. With limited
data, the reward model is easily over-optimized and faces
the issue of reward hacking (Back, Piao, and Kim 2024).
Second, existing methods often use differentiable rewards to
optimize the model (Clark et al. 2024), but commonly evalu-
ation metrics such as IoU (Song et al. 2017) and EMD (Fan,
Su, and Guibas 2017) are non-differentiable and computa-
tionally expensive, difficult to use directly as rewards to op-
timize the diffusion model.

Compared to reward models, Diffusion-DPO (Wallace
et al. 2024; Rafailov et al. 2023) directly optimizes the diffu-
sion model using preference data pairs, eliminating the need
for training an additional reward model and thus mitigat-
ing the issue of reward hacking. Thus, to tackle the above
challenges, we incorporate score distillation with the post-
training of DPO and propose a novel distillation frame-
work dubbed Distillation-DPO for LiDAR scene comple-
tion diffusion models. Distillation-DPO includes an effec-
tive distillation strategy on the preference completed scene
pairs for the first time. Specifically, based on the completed
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Figure 1: An example demonstration of Distillation-DPO for LiDAR scene completion on SemanticKITTI dataset. (a) The input
sparse LiDAR scan. (b) The corresponding ground truth scene. (c) Completion results of the existing state-of-the-art (SOTA)
model, LiDiff (Nunes et al. 2024). (d) Completion results of the proposed Distillation-DPO. Compared to LiDiff, Distillation-
DPO can complete a scene more than 5 times faster while achieving higher completion quality (lower Chamfer Distance).

scene generated by the student model, we use LiDAR scene
evaluation metrics as guidance to construct the win-lose
preference pairs. Then, Distillation-DPO optimizes the stu-
dent model by computing the score function on the student
and teacher models with the pair-wise data. Compared with
state-of-the-art LiDAR scene completion diffusion models,
Distillation-DPO achieves five-fold acceleration for LiDAR
completion while delivering higher-quality completion re-
sults, setting a new SOTA performance (Fig. 1).

Our contributions are summarized as follows: (1) We pro-
pose Distillation-DPO, a novel distillation framework for
LiDAR scene completion diffusion models, which is the
first to perform distillation based on preference data pairs.
(2) Compared to existing LiDAR scene completion models,
Distillation-DPO achieves improvements in both completion
quality and speed.

Related Work
LiDAR Scene Completion
LiDAR scene completion aims to reconstruct sparse LiDAR
scans into dense and complete 3D point cloud scenes (Zhang
et al. 2024). Traditional LiDAR scene completion methods
recover dense depth maps from sparse point clouds (Xu et al.
2019), leveraging guidance from RGB images or bird’s-
eye view images to achieve high-quality completion (Chen
et al. 2019). Some methods represent LiDAR scenes as
voxels and utilize Signed Distance Fields (SDFs) to recon-
struct complete point cloud scenes (Li et al. 2023). How-
ever, the completion quality of these methods is constrained
by the voxel resolution (Nunes et al. 2024). Due to the
high generative quality and strong training stability, many
studies have recently leveraged diffusion models for high-
quality LiDAR scene completion (Cao and Behnke 2024;
Nakashima and Kurazume 2024). Some methods focus on

reconstructing sparse LiDAR scans into dense scans, such
as R2DM (Nakashima and Kurazume 2024), OLiDM (Yan
et al. 2024), and LiDMs (Ran, Guizilini, and Wang 2024).
Other approaches attempt to directly recover complete point
cloud scenes from sparse LiDAR scans, including LiD-
iff (Nunes et al. 2024) and DiffSSC (Cao and Behnke 2024).
To further accelerate completion speed, ScoreLiDAR intro-
duces a distillation method based on structural loss, enabling
fast and efficient scene completion (Zhang et al. 2024).

Diffusion Distillation
Distillation strategies for diffusion models leverage a
teacher-student framework to compress the multi-step
teacher model into student models capable of few-step
or single-step sampling. For example, Knowledge Distilla-
tion (Luhman and Luhman 2021) compresses the complex
generative trajectory of the teacher into the one-step out-
put of the student while maintaining visual fidelity compa-
rable. Building on this, Progressive Distillation (Salimans
and Ho 2021) introduces a stage-wise compression strat-
egy. Through multiple iterations, the sampling steps of the
student model are progressively reduced, ultimately achiev-
ing high-quality outputs with few sampling steps. Recently,
inspired by the variational score distillation paradigm pro-
posed in ProlificDreamer (Wang et al. 2023), score distil-
lation methods have advanced this line of work by directly
aligning the multi-step generative distribution of the teacher
with the few- or single-step distribution of the student. Score
distillation minimizes the discrepancy between the score
function predictions of the two models, effectively enhanc-
ing the student’s generative capability (Wang et al. 2023;
Luo et al. 2023; Yin et al. 2024b). While distillation methods
for diffusion models have demonstrated impressive perfor-
mance in image and video generation tasks, their application
to LiDAR scene completion remains largely unexplored.
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Preference Optimization for Diffusion Models
To generate results that better align with human preferences,
some studies train models based on preference-optimization
methods (Ouyang et al. 2022; Liang et al. 2024; Rafailov
et al. 2023). ImageReward (Xu et al. 2023) proposes the
first general human preference reward model for text-to-
image tasks and directly optimizes the diffusion model based
on human feedback. Subsequent studies leveraged more de-
tailed annotation methods (Liang et al. 2024) and combined
multiple open-source models (Zhang et al. 2025) to obtain
richer human feedback datasets. Additionally, some works
optimize reward feedback learning by integrating multiple
reward models (Guo et al. 2024) or improving training poli-
cies (Zhang et al. 2025). Since obtaining large-scale human
annotations is challenging, some methods have attempted to
train reward models using semi-supervised learning with un-
labeled data (He et al. 2024) or employing hybrid annotation
strategies with AI and human (Mahan et al. 2024). Addition-
ally, Diffusion-DPO (Wallace et al. 2024) is the first to ex-
tend Direct Preference Optimization (Rafailov et al. 2023)
to diffusion models, directly optimizing the model based on
image preferences to eliminate the complex reward model-
ing and improve training efficiency.

Preliminaries
LiDAR Scene Completion Diffusion Model
The goal of the LiDAR scene completion diffusion model
ϵθ is to predict noise based on the given LiDAR sparse scan
P , enabling a step-by-step denoising process from an initial
noisy sample GT to obtain a dense scene reconstruction G0.
In the existing SOTA model LiDiff (Nunes et al. 2024), the
sampling step is often set to 50.

Given an input sparse scan P = {p1,p2, ...,pN} and the
ground truth G = {p1,p2, ...,pM} (N ≪ M), the noisy
point cloud Gt = {p1

t ,p
2
t , ...,p

M
t } can be calculated in a

point-wise manner (Nunes et al. 2024):

pm
t = pm+

(√
ᾱt0+

√
1− ᾱtϵt

)
= pm+

√
1− ᾱtϵt (1)

Here pm ∈ R3 is the point cloud. This diffusion method
is similar to the variance exploding stochastic differential
equation (Song et al. 2021) with the maximum variance con-
trolled. It is adopted because directly applying traditional
noise injection methods like DDPM (Ho, Jain, and Abbeel
2020) would compress the LiDAR point cloud into a smaller
scale than the original cloud, leading to loss of details.

Due to the local diffusion method in Eq. 1, GT can-
not be directly approximated by the Gaussian distribu-
tion. Given a sparse LiDAR scan P , the point in P is
first replicated K times to obtain a dense scan P∗ =
{p1∗,p2∗, . . . ,pM∗}. Then, the initial noisy point cloud
G∗
T = {p1∗

T ,p2∗
T , . . . ,pM∗

T } is calculated by sampling a
Gaussian noise for each pm∗ ∈ P∗ based on Eq. 1. Finally,
a step-by-step denoising process in Eq. 2 is conducted to
generate the completed scene G0.

Gt−1 =
1√
αt

(
Gt − 1− αt√

1− ᾱt
ϵθ

(
Gt,P, t

))
+ σtz (2)

Score Distillation
Score distillation aims to encourage the few-step distribution
of the student model to be close to the multi-step distribution
of the teacher model. Let pη and pθ be the distribution of
the student model and the teacher model, respectively. Score
Distillation aims to minimize the following KL divergence

min
η

DKL (pη (x0) ∥pθ (x0)) (3)

Solving the optimization problem in Eq. 3 directly is diffi-
cult. According to Theorem 1 in Wang et al. (2023), Eq. 3 is
equivalent to the optimization problems over the noisy dis-
tributions in different timesteps t

min
η

Et,ϵ [DKL (pη,t (xt) ∥pθ,t (xt))] (4)

Thus, the gradient to the student parameterized by η is
∇ηDKL (pη,t (xt) ∥pθ,t (xt))

= Et,ϵ [∇xt
log pη,t (xt)−∇xt

log pθ,t (xt)]
∂xt

∂η

(5)

Then, the score ∇xt log pθ,t (xt) can be approximated
by the pre-trained diffusion model ϵθ, and the score
∇xt log pη,t (xt) can be approximated by an auxiliary
model ϵϕ which trained on the generative samples of the stu-
dent model with standard diffusion loss (Wang et al. 2023).
Thus, the gradient in Eq. 5 can be approximated by

∇ηDKL (pη,t (xt) ∥pθ,t (xt))

≈ Et,ϵ [ϵθ(xt, t)− ϵϕ(xt, t)]
∂xt

∂η

(6)

During training, the student model and the auxiliary
model ϵϕ are optimized alternately.

A Brief Introduction of Diffusion-DPO
This part reviews the Direct Preference Optimization in dif-
fusion models (Diffusion-DPO) (Wallace et al. 2024). Let
D = {(c,xw

0 ,x
l
0)} is a dataset, where each data sample

consists of a prompt c and a pair of images xw
0 and xl

0 with
preference xw

0 ≻ xl
0. The image xw

0 and xl
0 are both sam-

pled from a reference distribution pref . To obtain the reward
on the whole diffusion path, r(c,x0) is defined as:

r (c,x0) = Epη(x1:T |x0,c) [R (c,x0:T )] (7)
Here pη is a diffusion model trained to align with the pref-

erences. Then, pη can be optimized by maximizing the fol-
lowing objective

maxpη Ec∼Dc,x0:T∼pη(x0:T |c) [r (c,x0)]
−βDKL [pη (x0;T | c) ∥pref (x0:T | c)] (8)

Compared to traditional DPO (Rafailov et al. 2023), the
objective function in Eq. 8 is defined throughout the diffu-
sion path x0:T , which aims to maximize the reward r (c,x0)
while ensuring that the distributions of pη and pref remain
close. Following Wallace et al. (2024), the objective in Eq. 8
can be further transformed into the following objective:
LDPO−Diffusion(η) = −E(xw

0 ,xt
0)∼D log σβExw

1:T∼pη(x
w
1:T |xw

0 )

xL
1:T∼pη(xl

1:T |xl
0)

[
log

pη(x
w
0:T )

pref (xω
0:T )

− log
pη(xl

0:T )
pref (xl

0:T )

]
(9)
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Figure 2: The overall structure of Distillation-DPO. 1⃝The student model generates the completed scenes with different initial
noise levels λ based on the sparse scan. 2⃝Choosing the winning sample Gw

t and losing samples Gl
t. 3⃝The sparse scan P , the

noisy completed scenes Gw
t and Gl

t are input to ϵθ, ϵwϕ and ϵlϕ, respectively, to get the predicted noise. 4⃝The model ϵwθ and ϵlθ
are optimized on Gw

t and Gl
t, separately. 5⃝The student model is optimized by the DPO gradient.

Here prompt c is omitted for compactness. By approx-
imating the reverse process pη(x1:T |x0) with the forward
process q(x1:T |x0), with some simplification, we have:

L(η) =− E(xw
0 ,xl

0),t,x
w
t ,xl

t
log σ(−βTω(λt)

(∥ϵw − ϵη(x
w
t , t)∥22 − ∥ϵw − ϵref(x

w
t , t)∥22

− (∥ϵl − ϵη(x
l
t, t)∥22 − ∥ϵl − ϵref(x

l
t, t)∥22)))

(10)
Here xi

t = αtx
i
0 + σtϵ

i (i ∈ {w, l}), λt =
α2

t

σ2
t

is the
signal-noise ratio, and ω(λt) is the weighted function.

Method
In this section, we introduce the proposed Distillation-DPO.
Distillation-DPO aims to use pair-wise winning and losing
samples to distill a pre-trained LiDAR scene completion dif-
fusion model into a student model with significantly fewer
sampling steps. This allows the student model to perform
fast scene completion while encouraging its outputs to re-
semble the winning samples and diverge from the losing
ones, thereby enhancing the overall completion quality. The
structure of Distillation-DPO is shown in Fig. 2.

Given a spase scan P = {p1,p2, ...,pN} and the com-
pleted scene G0 = {p1

0,p
2
0, ...,p

M
0 }, we rewrite the opti-

mization in Eq. 3 as

min
η

DKL(pη(G0|P))||pθ(G0|P))− ωEP,G0 [r(G0,P)]

(11)
Here pθ is the pre-trained distribution of the teacher model

parameterized by θ, and pη is the generative distribution of

Gstu parameterized by η. The completed LiDAR scene G0

is generated by Gstu with fewer inference steps based on
the sparse LiDAR scan P . Eq. 11 performs the distillation
and simultaneously encourages the distillated student model
to maximize the reward function, resulting in improved ef-
ficiency and quality. However, directly optimizing Eq. 11
is challenging. This is because the high-density regions of
pη(G0|P) are sparse in high-dimensional spaces (Wang et al.
2023) and the computation is intractable. According to The-
orem 1 in Wang et al. (2023), we extend Eq. 11 into a noisy
optimization over different time steps,
min
η

DKL(pη,t(Gt|P))||pθ,t(Gt|P))− ωEP,t,ϵ [r(Gt,P)]

(12)
Here ϵ is a random noise. pη,t and pθ,t are the noisy dis-

tributions of the student model and the teacher model at
timestep t, respectively. The parameter ω is the weight to
control preference learning. Noisy completed LiDAR scene
Gt = {p1

t ,p
2
t , ...,p

M
t } is obtained with the point-level noise

addition operation in Eq. 1. Using Eq. 12 and some algebra,
the optimization problem can be written as

min
η

EP,G0,ϵ,t[log
pη,t(Gt|P)

pθ,t(Gt|P)
− ωr(Gt,P)] (13)

For Eq. 13, the global optimal solution p∗η is

p∗η,t(Gt|P) =
pθ,t(Gt|P) exp(ωr(Gt,P))

Z(P)

Z(P) = EG0,t,ϵpθ,t(Gt|P) exp(ωr(Gt,P))

(14)

Therefore, the reward function takes the form:

r(G0,P) =
1

ω
log

pη,t(Gt|P)

pθ,t(Gt|P)
+

1

ω
logZ(P) (15)
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Then, based on the Bradley-Terry model (Bradley
and Terry 1952; Wallace et al. 2024), the objective of
Distillation-DPO is

min
η

EP,Gw
t ,Gl

t,t,ϵ

1

ω
[log

pη,t(Gl
t|P)

pθ,t(Gl
t|P)

− log
pη,t(Gw

t |P)

pθ,t(Gw
t |P)

]

(16)
Similarly, Gw

t and Gl
t represent the completed scenes by

the student model Gstu with completion quality Gw
t ≻ Gl

t.
The gradient of Gstu can be calculated as

Grad(η) = EP,Gw
t ,Gl

t,t,ϵ

1

ω
[(∇Gl

t
log pη,t(Gl

t|P)−∇Gl
t
log pθ,t(Gl

t|P))
∂Gl

t

∂η
−

(∇Gw
t
log pη,t(Gw

t |P)−∇Gw
t
log pθ,t(Gw

t |P))
∂Gw

t

∂η
]

(17)
The score ∇Gl

t
log pθ,t(Gw

t |P) and ∇Gl
t
log pθ,t(Gl

t|P) are
approximated by the teacher diffusion model ϵθ. Differently,
the score ∇Gw

t
log pη,t(Gw

t |P) and ∇Gl
t
log pη,t(Gw

t |P) are

approximated by two auxiliary models ϵwϕ and ϵlϕ. ∂Gl
t

∂η and
∂Gw

t

∂η are calculated with automatic differentiation on Gstu .
Therefore, the approximated gradient of Gstu is

Grad(η)

∝ EP,Gw
t ,Gl

t,t,ϵ

1

ω
[(ϵθ(Gl

t, t,P)− ϵlϕ(Gl
t, t,P))

∂Gl
t

∂η

−(ϵθ(Gw
t , t,P)− ϵwϕ (Gw

t , t,P))
∂Gw

t

∂η
]

(18)

To generate winning and losing scenes Gw
0 and Gl

0, we first
introduce a parameter λ when computing GT , which controls
the initial noise scale by

pm
T = pm + λ

√
1− ᾱT ϵT (19)

By default, λ = 1 as Eq. 1. To generate completed scene
Gw
0 and Gl

0 separately based on the same sparse scan P , we
obtain different completion results by using different noise
and adjusting different values of λ. We set λ = 1.1 to obtain
a G′

T different from GT , which is then used to generate G′
0

different from G0. Then, according to the completion quality
metrics such as CD or JSD, we assign the sample with the
higher quality as Gw

0 and another as Gl
0.

During the training process, the student model Gstu and
two auxiliary models ϵwϕ and ϵlϕ are optimized alternately.
The auxiliary models ϵwϕ and ϵlϕ are trained on the completed
scene generated by Gstu with the standard diffusion objec-
tive (Ho, Jain, and Abbeel 2020)

Li
DM = EP,t,ϵ

[∥∥ϵ− ϵiϕ
(
Gi
t ,P, t

)∥∥2] i ∈ {w, l} (20)

Experiments
Model and datasets We use the SOTA 3D LiDAR scene
completion diffusion model LiDiff (Nunes et al. 2024) as the
teacher and train a few-step student model with Eq. 18. LiD-
iff can complete a scene with 50 sampling steps based on the

Model CD ↓ JSD ↓ EMD ↓ Times (s) ↓
LMSCNet 0.641 0.431 - 0.31
LODE 1.029 0.451 - 0.58
MID 0.503 0.470 - 4.94
PVD 1.256 0.498 - 145.39
LiDiff 0.434 0.444 22.15 17.75
LiDiff (Refined) 0.375 0.416 23.16 17.87

Distillation-DPO 0.414 0.419 23.29 3.28
Distillation-DPO (Refined) 0.354 0.387 23.66 3.38

Table 1: The completion performances of Distillation-DPO
with existing models on SemanticKITTI dataset. Bold and
underlined represent the optimal and suboptimal perfor-
mance, respectively. The completion time is calculated
based on the official implementation and released check-
points. Here LiDiff takes 50 NFEs while ours takes 8 only.

Model CD ↓ JSD ↓ EMD ↓ Times (s) ↓
LMSCNet 0.979 0.496 - 0.29
LODE 1.565 0.483 - 0.55
MID 0.637 0.476 - 4.61
LiDiff 0.564 0.459 21.98 17.01
LiDiff (Refined) 0.517 0.446 22.96 17.12

Distillation-DPO 0.533 0.434 22.99 2.97
Distillation-DPO (Refined) 0.497 0.422 23.45 3.09

Table 2: Completion performances on KITTI-360. All pre-
sentation meaning are the same as Table 1.

sparse LiDAR scan. The student model Gstu and the auxil-
iary models ϵwϕ and ϵlϕ are initialized with the pre-trained
LiDiff model, but the student model performs scene com-
pletion with fewer sampling steps. The experiments are con-
ducted on SemanticKITTI (Behley et al. 2019) and KITTI-
360 (Liao, Xie, and Geiger 2022) datasets.

Baselines and metrics Except for the existing SOTA Li-
DAR scene completion diffusion model LiDiff (Nunes et al.
2024), we also choose LMSCNet (Roldao, de Charette,
and Verroust-Blondet 2020), LODE (Li et al. 2023),
MID (Vizzo et al. 2022) and PVD (Zhou, Du, and Wu
2021) as the baselines. We evaluate the performance
of the proposed Distillation-DPO on Chamfer Distance
(CD) (Butt and Maragos 1998), Jensen-Shannon Divergence
(JSD) (Menéndez et al. 1997) and Earth Mover’s Distance
(EMD) (Fan, Su, and Guibas 2017). These three metrics can
provide a comprehensive evaluation of the completed Li-
DAR scene quality from different perspectives.

Evaluation on LiDAR Scene Completion
We first compared the performance of the proposed
Distillation-DPO and existing models in LiDAR scene com-
pletion on the SemanticKITTI and KITTI-360 datasets. Ac-
cording to different settings, Distillation-DPO can perform
sampling with different inference steps. To achieve an opti-
mal trade-off between sampling quality and speed, we chose
the result with 8 sampling steps as the completion output of
Distillation-DPO for comparison with existing models. In
Sec. , we further compare the performance of Distillation-
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Model NFE ↓ CD ↓ JSD ↓ EMD ↓ Time (s) ↓
LiDiff 50 0.434 0.444 22.15 17.75
LiDiff (Refined) 50 0.375 0.416 23.16 17.87
LiDiff 8 0.447 0.432 24.90 3.35
LiDiff (Refined) 8 0.411 0.406 25.74 3.48

Distillation-DPO (Refined) 8 0.354 0.387 23.66 3.38
Distillation-DPO (Refined) 4 0.369 0.389 24.56 1.97
Distillation-DPO (Refined) 2 0.401 0.390 26.01 1.22
Distillation-DPO (Refined) 1 0.601 0.437 28.01 0.82

Table 3: Comparison results of different inference steps on
SemanticKITTI dataset.

Model CD ↓ JSD ↓ EMD ↓
λ = 1.1 (ours) 0.354 0.387 23.66
λ = 1.05 0.358 0.391 23.74
λ = 1.2 0.359 0.404 23.93
λ = 1.5 0.409 0.422 23.71
λ = 2.0 0.382 0.421 24.10

Table 4: Comparison results of different λ value on Se-
manticKITTI dataset. All results have been refined.

DPO under different sampling steps.
The comparison results of Distillation-DPO on the Se-

manticKITTI dataset are shown in Tab. 1. Distillation-DPO
achieves the optimal completion quality except in EMD.
Compared with the SOTA LiDAR scene completion method
LiDiff (Nunes et al. 2024), Distillation-DPO accelerates
the completion speed by over 5 times while achieving im-
provements of 6% and 7% in CD and JSD. As for EMD,
Distillation-DPO incurs less than a 5% performance loss in
EMD compared to LiDiff without refinement, and the loss is
further reduced to under 2% with refinement. This is because
the optimization objective of DPO encourages the model to
focus more on generating locally accurate points, potentially
at the expense of global point cloud uniformity. However,
in autonomous driving scenarios, the reconstruction of fine-
grained objects on the road is often more critical than pre-
serving coarse global structures. Moreover, although LM-
SCNet (Roldao, de Charette, and Verroust-Blondet 2020)
and LODE (Li et al. 2023) offer faster completion speeds,
their completion quality is significantly lower, which is un-
acceptable for safety-critical autonomous driving applica-
tions. The results on KITTI-360 dataset are shown in Tab. 2.
Distillation-DPO also outperforms LiDiff by achieving the
best scene completion (4% improvement in CD and 6% in
JSD) quality with a 5× speedup.

Ablation Study
We conduct a series of ablation studies on the Se-
manticKITTI dataset to prove the effectiveness of
Distillation-DPO. We first show the performance of
Distillation-DPO with different inference steps in Tab. 3.
As the number of inference steps decreases, the completion
time of Distillation-DPO is further reduced. With just one
sampling step, it only takes 0.82 seconds to complete a
scene. However, the reduction in inference steps leads to

Model CD ↓ JSD ↓ EMD ↓
LiDiff 0.375 0.416 23.16
LiDiff∗ 0.368 0.401 22.69
Distillation-DPO 0.354 0.387 23.66
Distillation-DPO∗ 0.343 0.385 23.53

Table 5: Comparison results of using different teacher
models. LiDiff∗ represents the LiDiff model refined with
Diffusion-DPO with boosted performance. Distillation-
DPO∗ represents the Distillation-DPO trained with LiDiff∗.

Model CD ↓ JSD ↓ EMD ↓
Distillation-DPO (CD) 0.354 0.387 23.66
Distillation-DPO (JSD) 0.382 0.405 25.29

Table 6: Comparison results of using different metrics to de-
termine Gw

0 and Gl
0. All results have been refined.

a decline in completion quality. The speed improvement
gained from sampling step reduction is not enough to
compensate for the loss in quality. Therefore, choosing 8
steps by default is a good balance of speed and quality.

Then, we further compare the completion quality of dif-
ferent values of λ (λ = 1.1 by default). As shown in Tab. 4,
when decreasing or increasing λ, the completion perfor-
mance deteriorates. When λ is small, the difference between
Gw
0 and Gl

0 is minimal, making the gradients of the student
model in Eq. 18 small, which leads to unstable training. Con-
versely, when λ is large, the quality of G′

0 generated from G′
T

degrades significantly, causing it to fall outside the distribu-
tion learned by the pre-trained teacher model ϵθ. This mis-
match leads to inaccurate predictions from ϵθ (Zhang et al.
2024), resulting in incorrect gradients for the student model
and ultimately lowering the completion quality.

We also explored the impact of teacher model perfor-
mances on the effectiveness of Distillation-DPO. Theoret-
ically, the final performance of the student model is con-
strained by the teacher model. The better the performance
of the teacher model is, the better the final performance
of the student model would be. Thus, we first fine-tuned
LiDiff (Nunes et al. 2024) using DiffusionDPO (Wallace
et al. 2024) to enhance its performance. Then, we retrained
Distillation-DPO using the fine-tuned model. Results in
Tab. 5 display that as the performance of the teacher model
improves, the student model performance also improves.

Moreover, we conduct experiments by changing the eval-
uation metric for determining Gw

0 and Gl
0 to JSD. The results

in Tab. 6 show that the performance significantly deterio-
rates when using JSD. Since JSD measures the similarity
of point cloud distributions, it requires a large number of
samples to estimate the probability density distribution accu-
rately. However, when comparing and determining whether
a sample is Gw

0 and Gl
0, the metric is computed using only a

single generated sample and its corresponding ground truth.
In this case, JSD becomes inaccurate and may even lose
its practical significance, leading to a performance decline.
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Input Scan

Distillation-DPO (8 steps refined)

Ground Truth

LiDiff (50 steps refined)

Figure 3: Qualitative results on SemanticKITTI dataset.

Model CD ↓ JSD ↓ EMD ↓
Distillation-DPO 0.354 0.387 23.66
One auxiliary diffusion model 0.372 0.418 24.35

Table 7: Ablation study of the auxiliary diffusion models.
All results have been refined.

Model NFE ↓ CD ↓ JSD ↓ EMD ↓
LiDiff 50 0.375 0.416 23.16
Score Distillation 8 0.419 0.430 24.61
Distillation-DPO 8 0.354 0.387 23.66

Table 8: Comparison between Distillation-DPO and tradi-
tional score distillation. All results have been refined.

EMD and IoU can also be used as the evaluation metrics.
However, their computation is expensive, which negatively
impacts training efficiency.

In the default setting, Distillation-DPO employs two aux-
iliary diffusion models ϵwϕ and ϵlϕ to independently ap-
proximate the distributions of Gw

0 and Gl
0. Tab. 7 compares

this setup with a variant that uses a single auxiliary dif-
fusion model to approximate both distributions simultane-
ously. The results show that using only one auxiliary model
leads to degraded performance of the student model. This is
primarily because Gw

0 and Gl
0 follow different distributions,

and a single model fails to accurately capture both, resulting
in inaccurate gradient signals being propagated to the stu-
dent model and ultimately impairing its performance.

Finally, we compare Distillation-DPO with traditional
score distillation methods as in Eq. 6 to validate the ef-
fectiveness of the proposed distillation framework. Tab. 8
shows that the results obtained using score distillation are

even inferior to those of the original teacher model LiD-
iff (Nunes et al. 2024). This is consistent with the statement
in Sec. that directly employing score distillation can accel-
erate the sampling speed while inevitably decreasing the per-
formance. In contrast, the proposed Distillation-DPO distil-
lation framework incorporates guidance from pair-wise win-
ning and losing samples, which not only accelerates sam-
pling but also further enhances completion quality, thereby
achieving efficient and high-quality scene completion.

More ablation study results on KITTI-360 dataset are
shown in Sec.5 of Supplementary Materials (Sec.S5).

Qualitative Comparison
We visualized the scene completion results of Distillation-
DPO and compared them with those of the SOTA model
LiDiff (Nunes et al. 2024), as shown in Fig. 3. Compared
to LiDiff, Distillation-DPO achieves higher scene comple-
tion quality with only 8 sampling steps, surpassing LiDiff’s
results even with 50 sampling steps. Moreover, Distillation-
DPO provides more complete reconstructions of fine details
as shown in the zoomed-in region of Fig. 3.

Conclusion
This paper proposes a novel LiDAR scene completion
diffusion model distillation framework, Distillation-DPO.
Distillation-DPO introduces the constraints of pair-wise
winning and losing samples into the score distillation strat-
egy, enabling effective distillation of LiDAR scene com-
pletion diffusion models. Compared to existing models,
Distillation-DPO achieves new SOTA completion perfor-
mance while improving completion speed more than five
times over existing SOTA models. To our best knowledge,
we are the first to integrate distillation and post-training with
preference and provide insight into preference-aligned diffu-
sion distillation for both areas of LiDAR scene completion
and visual generation.
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