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Figure 1. A demonstration of the LiDAR scene completion examples. Given a sparse LiDAR scan in (a), the model aims to recover
the ground-truth dense scene as in (b). In these examples, scans are from SemanticKITTI [1] and KITTI360 [16] dataset. In both cases,
LiDiff [23], a SOTA LiDAR scene completion method, requires about 30 seconds as in (c). In comparison, our proposed ScoreLiDAR
takes only about 5 seconds in (d), achieving over 5x speedup with improved completion quality indicated by lower Chamfer Distance (CD).

Abstract

Diffusion models have been applied to 3D LiDAR scene
completion due to their strong training stability and high
completion quality. However, the slow sampling speed lim-
its the practical application of diffusion-based scene com-
pletion models since autonomous vehicles require an effi-
cient perception of surrounding environments. This paper
proposes a novel distillation method tailored for 3D Li-
DAR scene completion models, dubbed ScoreLiDAR, which
achieves efficient yet high-quality scene completion. Score-
LiDAR enables the distilled model to sample in signifi-
cantly fewer steps after distillation. To improve comple-
tion quality, we also introduce a novel Structural Loss,
which encourages the distilled model to capture the geo-
metric structure of the 3D LiDAR scene. The loss contains

a scene-wise term constraining the holistic structure and a
point-wise term constraining the key landmark points and
their relative configuration. Extensive experiments demon-
strate that ScoreLiDAR significantly accelerates the com-
pletion time from 30.55 to 5.37 seconds per frame (>5×)
on SemanticKITTI and achieves superior performance com-
pared to state-of-the-art 3D LiDAR scene completion mod-
els. Our model and code are publicly available on https:
//github.com/happyw1nd/ScoreLiDAR.

1. Introduction
Recognizing the surrounding environment accurately and
efficiently using onboard sensors is crucial for the safe op-
eration of autonomous vehicles [13, 14]. Among different
types of sensors, 3D LiDAR has become one of the most

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. A visualization of LiDAR scene completion perfor-
mances with different models on SemanticKITTI [1] dataset. Gen-
erally, our proposed ScoreLiDAR achieves better scene comple-
tion performance and speed trade-off.

widely adopted sensors due to its broader detection range
and higher detection precision [21, 23]. However, driving
scenarios are often complex, and the 3D point clouds col-
lected by LiDAR are typically sparse, particularly in oc-
cluded areas [12, 31]. This sparsity causes a decline in the
ability to understand 3D scenes [3, 23]. Thus, inferring and
completing sparse 3D LiDAR scenes is necessary to provide
a dense and more comprehensive scene representation.

Due to the advantages of strong training stability and
high-generation quality, existing works utilize diffusion
models to complete the 3D LiDAR scenes and achieve out-
standing results [22, 23]. However, the diffusion model of-
ten requires multiple network iterations to obtain a dense,
complete, and high-quality LiDAR scene, which is time-
consuming [10, 45]. Autonomous vehicles require fast
and efficient perception and recognition of surrounding en-
vironments, so the slow sampling speed limits the prac-
tical application of diffusion models. Although existing
works have proposed acceleration methods for diffusion
models [18, 28, 30, 33, 41], due to the differences be-
tween 3D LiDAR scenes and image data—where LiDAR
scenes often contain complex geometric structure informa-
tion—these techniques have not been explored in the accel-
eration of diffusion-based LiDAR scene completion model.

In this work, we propose ScoreLiDAR, a novel distilla-
tion method tailored for 3D LiDAR scene completion diffu-
sion models, which enables efficient and high-quality scene
completion (Fig. 1 and Fig. 2). ScoreLiDAR aims to tackle
the unique 3D distribution alignment challenge in LiDAR
scene completion. By exploiting a bidirectional gradient
guidance mechanism, it allows the student model’s com-

pletion results under sparse point cloud conditions to pro-
gressively approach the multi-step iterative reconstruction
quality of the teacher model. Given a completed scene gen-
erated by the student model, the teacher model predicts the
scene’s score as a gradient to enhance realism, while a de-
signed auxiliary model predicts the scene’s another score
as a gradient to suppress unrealistic completion. The stu-
dent model is then updated according to the difference be-
tween these two gradients. This update drives the com-
pletion process toward more structurally coherent LiDAR
scenes. Finally, we introduce a Structural Loss consist-
ing of a scene-wise term and a point-wise term constrain-
ing the key landmark points and their relative configura-
tion. Prior studies [15, 19, 34, 35] demonstrated that the
bidirectional gradient guidance mechanism can effectively
accelerate 3D rendering speed. In this work, we argue that
a similar approach can be directly applied to the distillation
of diffusion-based LiDAR scene completion models.

Our contribution can be summarized as follows: (1) We
propose ScoreLiDAR, a novel distillation method tailored
for diffusion-based 3D LiDAR scene completion models,
which achieves efficient scene completion. (2) We intro-
duce a Structural Loss to effectively capture the geometric
structure information of 3D point clouds during the distilla-
tion process, which ensures high-quality scene completion.
(3) Extensive experiments show that ScoreLiDAR enables
fast and efficient scene completion while achieving optimal
generation quality compared to the existing models.

2. Related work
3D LiDAR Scene completion 3D LiDAR scene com-
pletion refers to recovering a complete scene from a
sparse, incomplete LiDAR scan in applications such as au-
tonomous driving [31, 38]. Current mainstream LiDAR
scene completion methods include depth completion-based
and Signed Distance Field (SDF)-based approaches. Depth
completion-based methods aim to recover dense depth maps
from sparse depth measurements [8, 36, 39]. These meth-
ods typically leverage deep learning techniques [4, 6] and
can also incorporate guidance from RGB images to achieve
higher-quality completion results [27, 42, 44]. SDF-based
methods represent scenes as voxel grids, with the core idea
of using signed distance fields to complete sparse LiDAR
scenes [12, 31]. These methods are constrained by voxel
resolution, making them prone to losing details within the
scene [5, 23]. In addition, some methods introduce semantic
information to enhance LiDAR scene completion [26, 37].
These methods can generate dense and complete scenes
while providing semantic labels for each point, leading to
broader application potential [32, 40].

Diffusion-based 3D LiDAR scene completion Due to
the strong training stability and high generation quality of
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diffusion models, many methods leverage diffusion mod-
els for LiDAR scene completion tasks [3, 11, 22–24]. The
work of Lee et al. [11] is the first to apply diffusion models
at the scene scale for LiDAR scene completion, enabling
the generation of realistic scenes conditioned on partial ob-
servations from sparse point clouds. Similarly, R2DM [22]
utilizes diffusion models based on distance and reflectance
intensity image representations to generate various high-
fidelity 3D LiDAR scenes. LiDiff [23] indicates that adding
noise to point cloud data at the scene scale leads to a loss
of detail. Therefore, LiDiff proposes operating directly
on individual points and redefines the noise schedule and
denoising processes to generate scenes with richer detail.
Based on LiDiff, DiffSSC [3] further performs semantic
scene completion tasks by implementing denoising and seg-
mentation separately in both the point and semantic spaces.
Moreover, LiDMs [24] constructs the pipeline from the per-
spectives of pattern realism, geometric realism, and object
realism, achieving generation under different conditions.

Due to the slow sampling inherent in diffusion models,
diffusion-based 3D LiDAR scene completion suffers from
slow inference, hindering its application in autonomous ve-
hicles. Thus, this paper proposes a distillation method
for diffusion-based 3D LiDAR scene completion models to
achieve faster and higher-quality completion.

3. Preliminary
3.1. Brief introduction of diffusion models
The diffusion models have two processes: forward diffu-
sion and reverse denoising process [9, 29]. In the forward
diffusion process, given the data x0 ∼ q(x) from the train-
ing distribution, the diffusion model adds different scales of
noise to x0 according to different timesteps t ∈ [1, T ] to ob-
tain noisy data {x1,x2, . . . ,xT }. When T is large enough,
xT approaches to standard Gaussian distribution, namely,
q(xT ) ≈ N (0, I). This process is parameterized by a se-
ries of predefined noise factors βt. By defining αt = 1−βt,
the diffusion process is expressed as [9]:

xt =
√
ᾱtx0 +

√
1− ᾱtϵt (1)

Here ᾱt =
∏T

t=1 α
t, p(xt | x0) = N (

√
ᾱt, (1− ᾱt)I).

During the training, the diffusion model tries to predict
the added noise at different timesteps t. Given the input
x0 and the condition c (optional), the noisy data xt can be
calculated by Eq. (1). The diffusion model ϵθ predicts the
noise according to xt, c, t and is then optimized by calcu-
lating the ℓ2 loss between the predicted and the real noise.

LDM = Et,ϵ

[
∥ϵ− ϵθ(x

t, c, t)∥2
]

(2)

Here θ is the trainable parameter of ϵθ.
In the reverse denoising process, the diffusion model

starts from the timestep T and progressively removes the

predicted noise to obtain a generated sample. The process
of denoising xt to obtain xt−1 can be written as in [9]

xt−1 =
1√
αt

(
xt − 1− αt

√
1− ᾱt

ϵθ
(
xt, c, t

))
+ σtz (3)

Here z ∼ N (0, I). In this process, the number of re-
quired inference steps varies depending on different sam-
pling methods. For instance, DDPM [9] requires 1000
timesteps, while DDIM [29] and DPM solver [17] can re-
duce this to no more than 100 timesteps.

3.2. 3D LiDAR scene completion diffusion models
The 3D LiDAR scene completion diffusion models take the
incomplete scan P = {p1,p2, ...,pN} ( pi ∈ R3) and try to
generate the complete scene G0 = {p0

1,p
0
2, ...,p

0
M}. Given

the input LiDAR scan P and ground truth G, a diffusion
model can be trained to perform 3D LiDAR scene comple-
tion. The noisy scene Gt at timestep t is calculated from the
ground truth G at point level [3, 23],

pt
m =

√
ᾱtpm +

√
1− ᾱtϵt,∀pm ∈ G (4)

Here Gt = {pt
1,p

t
2, ...,p

t
M}. Because the LiDAR point

cloud is sparse, the noisy data retains very little information
about the original data. To generate more realistic point
cloud scenes, the LiDAR scan P can be used as a condition
of the diffusion model [23]. In this case, the training loss of
the diffusion model is given by:

LDM = Et,ϵ

[∥∥ϵ− ϵθ
(
Gt,P, t

)∥∥2] (5)

Then, as described in Sec. 3.1, the completed scene G0

can be generated by progressive denoising from GT . Be-
cause the scale of the LiDAR scene is large and the data
range is different across different point cloud axes, directly
normalizing the entire scene compresses the data into a
smaller range, which potentially leads to the loss of critical
details [3, 23]. To solve this issue, LiDiff [23] modifies the
diffusion process by adding a local noise offset to each point
pm, gradually perturbing the point cloud at each timestep.
For Eq. (1), x0 is set to 0, and xt is added to each point pm,

pt
m = pm +

(√
ᾱt0+

√
1− ᾱtϵt

)
= pm +

√
1− ᾱtϵt

(6)
Due to this special case, the initial noisy scene GT can-

not directly start from standard Gaussian noise in the sam-
pling process. Instead, the LiDAR scan P is used to obtain
GT [23]. Firstly, given the initial incomplete scan P , the
number of the point clouds is increased by duplicating the
original points K times and getting the pseudo dense scan
P∗ = {p∗

1,p
∗
2, . . . ,p

∗
M}, where we assume M = KN .

Then, we calculate the noisy point cloud PT by Eq. (6).
As PT is noisy enough, it can be regarded as GT during
the training. After that, a step-by-step denoising process is
applied to obtain the completed scene G0.
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Figure 3. The overall structure of ScoreLiDAR. (1) The student model generates the completed scene based on the sparse scan. (2)
The sparse scan and noisy completed scene are input to ϵθ and ϵϕ. (3) The predicted score of ϵθ and ϵϕ are used to calculated the KL
divergence. (4) Structural loss is calculated based on the completed scene and the ground truth. (5) The total loss is calculated with KL
divergence and structural loss. (6) The student model is optimized according to the total loss. (7) The diffusion model ϵϕ is updated with
the completed scene.

4. Method
Our goal is to distill a pre-trained 3D LiDAR scene com-
pletion diffusion model into a student model with signif-
icantly fewer sampling steps, enabling efficient and high-
quality scene completion. Firstly, we introduce the distilla-
tion method tailored for 3D LiDAR scene completion diffu-
sion models in Sec. 4.1. Then, we introduce the structural
loss to improve the distillation process with both scene-wise
loss and point-wise loss in Sec. 4.2. Finally, we describe
the optimization procedure of ScoreLiDAR in Sec. 4.3. The
overall structure of ScoreLiDAR is shown in Fig. 3.

4.1. Distillation for 3D LiDAR scene completion
Ideally, the final student model would achieve completion
results comparable to those of the teacher model at a faster
speed. In the 3D LiDAR scene completion scenario, let q0

be the distribution of the ground truth G, and ϵθ be the pre-
trained scene completion diffusion model whose multi-step
generated distribution approximates q0. Let Gstu be the stu-
dent model that can perform efficient LiDAR scene comple-
tion with the generated distribution p0G. ScoreLiDAR aims
to minimize the KL divergence between the distribution of
the teacher model and the generated distribution of the stu-
dent model [35, 43].

min
η

DKL

(
p0G

(
G0; η

)
∥q0

(
G0

))
(7)

Here G0 is the completed scene generated by one-step sam-
pling of Gstu conditioned on P , for simplicity, we omit P
when representing the distribution, η is the trainable param-
eter of Gstu . However, the high-density regions of q0 are
sparse in the data space, so it is hard to directly solve Eq. (7).
According to Theorem 1 in [35], we expand the optimiza-
tion problems in Eq. (7) by minimizing the KL divergence

between two distributions at different noise levels as:

min
η

LKL = Et,ϵ

[
DKL

(
ptG

(
Gt

)
∥qt

(
Gt

))]
(8)

Here t is the timestep controlling the noise level, ϵ is ran-
dom noise, and Gt = {pt

1,p
t
2, . . . ,p

t
M} is the noisy version

of the completed scene G0 at timestep t. The gradient of
Gstu in Eq. (8) is approximated by

∇ηDKL

(
ptG

(
Gt

)
∥qt

(
Gt

))
= Et,ϵ

[
∇Gt log ptG

(
Gt

)
−∇Gt log qt

(
Gt

)] ∂Gt

∂η

(9)

We use the pre-trained diffusion model ϵθ to ap-
proximate −

√
1− ᾱt∇Gt log qt (Gt) as discussed in Sec-

tion 5 of Supplementary Materials (Sec S5). Similarly,
−
√
1− ᾱt∇Gt log ptG (Gt) is approximated by an auxiliary

diffusion model ϵϕ, which is independently trained with the
denoising loss Eq. (5) on generated samples G0. Then, with
the simplification as in [9, 35], the LKL is estimated by

LKL ≈ Et,ϵ

[
∥ϵθ

(
Gt,P, t

)
− ϵϕ

(
Gt,P, t

)
∥22
]

(10)

Thus, the gradient in Eq. (9) is approximated by

∇ηDKL

(
ptG

(
Gt

)
∥qt

(
Gt

))
≈ Et,ϵ

[
ϵθ

(
Gt,P, t

)
− ϵϕ

(
Gt,P, t

)] ∂Gt

∂η

(11)

Intuitively, the orientation of −ϵθ(Gt,P, t) points to the
pre-trained distribution, while that of −ϵϕ(Gt,P, t)
points to the student model’s generative distribu-
tion. Thus, decenting along the bidirectional gradient
[ϵθ (Gt,P, t)− ϵϕ (Gt,P, t)] updates the student model’s
generative distribution toward the pre-trained distribution,
achieving a more accurate completion. Sec S2.1 discusses
the efficiency of the distillation process.
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4.2. Structural loss
Although the distillation process in Sec. 4.1 is effective in
training models [18, 45], we found that directly applying it
to LiDAR scene completion diffusion models leads to loss
of local details and reduced realism. This is because the
point cloud in LiDAR scenes includes complex geometric
information that is not explicitly captured by diffusion mod-
els. Thus, we introduce a structural loss to further refine
the distillation process and improve the completion quality.
This structural loss includes scene-wise loss and point-wise
loss and can help the student model effectively capture ge-
ometric structure information of the 3D point clouds.

Scene-wise loss. In the distillation process mentioned
in Sec. 4.1, the gradient ∇ηDKL in Eq. (11) is well-defined
when t ≫ 0, i.e. the generated samples are totally disturbed
by Gaussian noise. However, ∇ηDKL becomes unreliable
when t is small [43, 45]. This is because the student model
often generates subpar results at the early stage due to the
complexity of the point cloud data. It is easy for the noisy
generated samples to lie outside the training distribution of
the teacher model, causing the unreliable network predic-
tion of the teacher model [43, 45].

To solve this issue, we introduce the scene-wise loss,
which minimizes the distance between the ground truth
scene G and the completed scene G0,

Lscene =
1

|G0|
∑

p0
i∈G0

min
p∈G

∥p0
i − p∥2 (12)

This loss calculates the mean squared error between each
point p0

i in the generated scene G0 and its closest corre-
sponding point p in the ground truth G. It helps the student
model capture the holistic structure, which prevents the op-
timization direction from deviating in the early stages and
enhances training stability. The scene-wise loss enables the
generated scenes to be closer to the ground truth globally,
thereby enhancing the completion quality and fidelity.

Point-wise loss. As seen in Eq. (11), the distillation pro-
cess only constrains the overall distribution of the com-
pleted scene, ignoring the relative positions between differ-
ent points. Directly using the gradient in Eq. (11) to opti-
mize the student model may lead to loss of local details.

Thus, we introduce the point-wise loss to capture the rel-
ative structural information between different points in the
3D LiDAR scene. The point-wise loss calculates the differ-
ence between the inter-point distance matrices of the com-
pleted scene and the ground truth. Due to the large number
of points in the scene, calculating the distance matrix for all
points is computationally intensive. Therefore, we select n
key points to compute the distance matrix with n ≪ M .
Based on the local geometric features of each point, we

choose key points that are critical for representing the struc-
ture of the 3D LiDAR scene. For each point p0

i in the com-
pleted scene G0, we find its K-nearest neighbor, denoted as
the set Ki. Then we select the key points by calculating
their curvature κi. The specific steps are as follows:
• Calculate the centroid p̄0

i of the neighborhood Ki

p̄0
i =

1

K

∑
p0
j∈Ki

p0
j (13)

• Calculate the neighborhood covariance matrix Ci for p̄0
i

Ci =
1

K

∑
p0
j∈Ki

(p0
j − p̄0

i )(p
0
j − p̄0

i )
T (14)

• Perform eigen-decomposition on the covariance matrix Ci
to obtain the eigenvalues λ1 < λ2 < · · · < λm.

• Curvature κi can be calculated using the eigenvalues

κi =
λ1∑m
j=1 λj

(15)

A larger curvature κi indicates greater local shape varia-
tion. Those points with great local variation are typically
located at corners, edges, or endpoints, which tend to shape
the main structure of the scene. Therefore, the top n points
with the highest curvature values are selected as key points.

Given the ground truth G = {p1,p2, . . . ,pM}, we select
n key points (n ≪ M ) from the point cloud to construct
the n × n distance matrix D. The dij ∈ D represents the
pairwise Euclidean Distance between points i and j. Then,
for completed scene G0, we select n points that are closest
to the key points in G as the corresponding key points to
obtain the distance matrix DG. Thus, the point-wise loss is
calculated by

Lpoint = Et,ϵ

[
∥D − DG∥22

]
(16)

The point-wise loss can help the student model capture
the relative configuration of key points and further enhance
the geometric accuracy and detail retention of the com-
pleted scene. This ensures that key objects like cars, traffic
cones, and walls are better completed, which is crucial for
autonomous vehicles to recognize surroundings accurately.

Structural loss. The final structural loss of Gstu is

Lstructural = λsceneLscene + λpointLpoint (17)

Here λscene and λpoint are the weight of scene-wise loss
and point-wise loss.
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Model CD ↓ JSD ↓ EMD ↓ Times (s) ↓
LMSCNet [25] 0.641 0.431 - 0.40
LODE [12] 1.029 0.451 - 1.76
MID [31] 0.503 0.470 - 6.42
PVD [46] 1.256 0.498 - 262.54
LiDiff [23] 0.434 0.444 22.15 30.38
LiDiff (Refined) [23] 0.375 0.416 23.16 30.55

ScoreLiDAR 0.406 0.425 23.14 5.16
ScoreLiDAR (Refined) 0.342 0.399 23.26 5.37

Table 1. The completion performance on the SemanticKITTI
dataset. Colors denote the 1st , 2nd , and 3rd best-performing
model. The sampling time is estimated based on the official code
and the provided checkpoints.

Model CD ↓ JSD ↓ EMD ↓ Times (s) ↓
LMSCNet [25] 0.979 0.496 - 0.38
LODE [12] 1.565 0.483 - 1.64
MID [31] 0.637 0.476 - 6.23
LiDiff [23] 0.564 0.459 21.98 29.18
LiDiff (Refined) [23] 0.517 0.446 22.96 29.43

ScoreLiDAR 0.472 0.444 22.80 4.98
ScoreLiDAR (Refined) 0.452 0.437 23.02 5.14

Table 2. The completion performance on the KITTI-360 dataset.
The meaning of notations is the same as those in Tab. 1.

Model SemanticKITTI KITTI360
CD ↓ JSD ↓ EMD ↓ CD ↓ JSD ↓ EMD ↓

ScoreLiDAR (Refined) 0.342 0.399 23.26 0.452 0.437 23.02
w/o Structural Loss (Refined) 0.419 0.430 24.61 0.549 0.445 24.56

Table 3. Ablation study of the structural loss.

4.3. Optimization procedure
During the training, Gstu and ϵϕ are initialized with the
teacher model ϵθ and optimized alternately. The auxiliary
diffusion model ϵϕ is trained on the completed scene of the
student model with Eq. (5). As for Gstu , we follow the pro-
posed method to select 1

30 of the points from the entire point
cloud as key points for calculating the point distance matrix.
Then, Gstu is optimized with the following objective

Lstu = LKL + Lstructural (18)

We set λscene = 0.5 and λpoint = 0.01 defaultly. The
implementation details are provided in Sec S1.

5. Experiment
In this part, we conduct a series of experiments to evaluate
the effectiveness of the proposed ScoreLiDAR. We com-
pare ScoreLiDAR with advanced models including LMSC-
Net [25], LODE [12], MID [31], PVD [46] and LiDiff [23].
We first evaluate the performance of ScoreLiDAR in scene

Model CD ↓ JSD ↓ EMD ↓ Time (s) ↓
LiDiff (50 steps) [23] 0.434 0.444 22.15 30.38
LiDiff (50 steps Refined) [23] 0.375 0.416 23.16 30.55
LiDiff (8 steps) [23] 0.447 0.432 24.90 5.69
LiDiff (8 steps Refined) [23] 0.411 0.406 25.74 5.92

ScoreLiDAR (8 Steps Refined) 0.342 0.399 23.14 5.37
ScoreLiDAR (4 Steps Refined) 0.326 0.386 23.98 3.23
ScoreLiDAR (2 Steps Refined) 0.403 0.379 - 1.85
ScoreLiDAR (1 Steps Refined) 0.548 0.384 - 1.10

Table 4. Ablation study of different sampling steps on the Se-
manticKITTI dataset.

completion tasks (Sec. 5.1). Secondly, we present the re-
sults of ablation studies showing the effectiveness of the
structural loss and the performances of ScoreLiDAR given
different sampling steps (Sec. 5.2). Finally, we further eval-
uate ScoreLiDAR with the qualitative analysis (Sec. 5.3).

5.1. Scene completion
We validate ScoreLiDAR on SemanticKITTI [1] and
KITTI-360 [16] datasets. The existing SOTA LiDAR scene
completion model LiDiff [23] is chosen as the teacher
model. The student model shares the network architec-
ture with the teacher model and is initialized by the teacher
model. Moreover, we also use the refinement network
in LiDiff [23] to refine the completed scene generated by
the student model. We calculate the Chamfer Distance
(CD) [2], the Jensen-Shannon Divergence (JSD) [20] and
the Earth Mover’s Distance (EMD) [7] to evaluate the sim-
ilarity between the completed scene and the ground truth.
The smaller the value of these metrics, the closer the com-
pleted scene is to the ground truth.

Tab. 1 shows that ScoreLiDAR achieves the optimal per-
formance compared to the existing models in most cases
on the SemanticeKITTI dataset. Compared to the SOTA
method LiDiff [23] with refinement, which takes 30.55 sec-
onds to complete a scene, ScoreLiDAR completes a scene in
just 5.47 seconds (fivefold speedup) yet with 8% improve-
ment in CD, 4% in JSD, and comparable results in EMD.
The reason for the increase in EMD after refinement is the
mismatch in the points numbers between G0 and G, lead-
ing to a higher matching cost. The refinement process op-
timizes local details but alters the global point cloud distri-
bution, extending the overall transfer path. Although LM-
SCNet [25] and LODE [12] have faster completion speeds,
their completion quality is significantly lower. The perfor-
mance of ScoreLiDAR outperforms the teacher model LiD-
iff [23]. This is because ScoreLiDAR introduces a structural
loss with scene-wise term and point-wise term, enabling the
student model to effectively capture geometric structure in-
formation within LiDAR point cloud data during training.
Results on KITTI-360 are shown in Tab. 2. ScoreLiDAR
also achieves optimal performance in most cases and boasts
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Figure 4. Qualitative results on KITTI-360. ScoreLiDAR achieves better completion than LiDiff [24] with fewer sampling steps.

a fivefold speedup with 12% improvement in CD and 2% in
JSD compared to LiDiff [23].

5.2. Ablation study

In this part, we conduct the ablation study to verify the ef-
fectiveness of the structural loss in the training of the pro-
posed ScoreLiDAR. We compared the scene completion
performances of the proposed ScoreLiDAR with a variant
that does not incorporate structural loss. The results are
shown in Tab. 3. The results show that the variant without
structural loss exhibits lower performance in scene com-
pletion on both datasets. However, after considering the
structural loss, the performance of ScoreLiDAR improves
significantly, which achieves better performance on all met-
rics. This supports our discussion in Sec. 4.3, incorporating
structural loss enables the student model to capture the ge-
ometric structure feature of 3D point clouds, thereby facili-
tating the effective distillation of the student model.

Furthermore, we compared the scene completion perfor-
mance of ScoreLiDAR with different sampling steps, and
the results are shown in Tab. 4. It can be observed that as
the sampling steps decrease from 8 to 1, the time required
for ScoreLiDAR to complete a scene also decreases, with
single-step sampling allowing a scene to be completed in
only 1.1 seconds. With 8-step and 4-step sampling, Score-
LiDAR performs better than LiDiff. All metrics decay at

2-step and 1-step sampling, but in JSD ours still performs
better than LiDiff. In summary, although the quality of
scene completion decreases as the sampling steps are re-
duced, it still maintains performance comparable to or bet-
ter than the existing model, achieving better performance
and speed trade-off as in Fig. 2.

In addition, we compared the ablation results about the
terms of structural loss, different keypoint selection meth-
ods, varying numbers of keypoints, and different values of
λscene and λpoint and so on, which are presented in Sec. S4.

5.3. Qualitative analysis

Fig. 4 shows the completed scenes by our proposed Score-
LiDAR and LiDiff [23] on KITTI-360. ScoreLiDAR
achieves completion results with higher quality and greater
fidelity in less time compared to LiDiff. For example, as
shown in Fig. 4(c), in the left region, there should be two
vehicles as in Fig. 4(b), but the scene completed by LiD-
iff only contains one. In contrast, the scene completed by
ScoreLiDAR with only 8 steps in Fig. 4(d) completes two
vehicles and has clearer and more complete vehicle struc-
tures, making it closer to the ground truth.

To further demonstrate the effectiveness of ScoreLiDAR
and the structural loss, we calculate the distance between
the points in the completed scene and their corresponding
points in the ground truth to evaluate the overall differ-
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Figure 5. The qualitative analysis of structural loss. The bar chart shows the distribution of distances between corresponding points in
the completed and ground truth scenes. A higher number of points with smaller distances demonstrates that the completed scene is closer
to the ground truth. The heatmap represents the difference in distance matrices between the completed scene and the ground truth scene.
Smaller values on the heatmap indicate that the completed scene is closer to the ground truth.

ence. We display the calculated results in bar chat in Fig. 5.
ScoreLiDAR has the highest number of points with smaller
distances to their corresponding points in the ground truth.
The results show that the scenes completed by ScoreLiDAR
are closer to the ground truth overall, demonstrating higher
fidelity. Moreover, we selected 36 corresponding key points
from the ground truth and the completed scene using the
method described in Sec. 4.2 and calculated the point dis-
tance matrices D and DG. We then visualized the difference
between D and DG as a heatmap. As shown in Fig. 5, on
both datasets, the difference of point distance matrix be-
tween the completed scene of LiDiff [23] and the ground
truth is the largest, followed by the ScoreLiDAR variant
without the structural loss and the smallest difference is
achieved by ScoreLiDAR. This also indicates that the scene
completed by ScoreLiDAR is closer to the ground truth.

We also conduct a user study to evaluate the performance
of ScoreLiDAR. We used ScoreLiDAR and LiDiff [23] to
complete scenes based on the same input scans and asked
users to choose the scene they believed was closer to the
ground truth. ScoreLiDAR received a 65% user preference
over LiDiff [23]. This indicates that the detail and fidelity
of the scenes completed by ScoreLiDAR more closely re-
semble the ground truth for most users. The details of the

user study are shown in SM.

6. Conclusion

Summary. This paper proposes ScoreLiDAR, a novel
distillation method tailored for 3D LiDAR scene comple-
tion diffusion models based on a bidirectional gradient
guidance mechanism. By introducing the structural loss
with scene-wise term and point-wise term, ScoreLiDAR
trains the student model to effectively capture the holistic
structure and the relative configuration of key points and
achieve efficient and high-quality scene completion.

Limitations. While ScoreLiDAR achieves efficient, high-
quality LiDAR scene completion, its performance is con-
strained by the teacher model. As the performance of the
teacher model improves, so does the capability of the stu-
dent model. Although we conducted a preliminary experi-
ment on the semantic scene completion in the Supplemen-
tary Material, a more comprehensive exploration is still re-
quired. Thus, further exploration is required to find a more
effective method to improve the training process of ScoreLi-
DAR and avoid the limitations of the teacher model, achiev-
ing more efficient semantic LiDAR scene completion.
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