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Abstract

Multi-view 3D object detection has garnered increasing at-
tention, particularly due to its success in autonomous driving
systems. Although multi-view systems possess rich seman-
tic information, their spatial-geometric reasoning capabili-
ties remain limited. Recent studies employ simulated point
cloud generation mechanisms to facilitate LiDAR-camera
multi-modal knowledge distillation, achieving formal struc-
tural consistency. Despite advancements, these methods still
face two main issues: i) alignment challenges caused by dis-
crepancies between LiDAR and camera data, and ii) predic-
tion errors from simulated point clouds that compromise the
semantic information extracted from images during fusion.
To address these problems, we propose adaptive-smooth dis-
tillation to optimize alignment granularity based on feature
discrepancies for improved LiDAR-camera knowledge dis-
tillation. Specifically, this work considers both LIDAR-to-
camera cross-modal distillation and LiDAR-camera fusion to
simulated point cloud-camera fusion multi-modal distillation.
Then, we introduce a heterogeneous fusion module to strate-
gically bias the fusion process toward the extracted camera
features, thereby enhancing the robustness of the fusion fea-
ture. Additionally, soft-weighted response distillation is pro-
posed to facilitate the student model to selectively mimic
the high-quality output of the teacher model. Extensive ex-
periments have demonstrated the superiority of our method,
achieving statistically significant improvements of 4.9% in
mean Average Precision (mAP) and 4.5% in NuScenes De-
tection Score (NDS) over the benchmark.

1 Introduction

3D object detection provides richer spatial information than
2D, with applications in autonomous driving, robotics, and
industrial automation (Song et al. 2024; Mao et al. 2023;
Wang et al. 2023a; Ma et al. 2023). Although LiDAR-based
and multi-modal 3D object detection has achieved notable
progress, persistent challenges remain in high latency, high
cost, and hardware degradation (Huang et al. 2025; Qi et al.
2024; Qian, Lai, and Li 2022). Multi-view 3D object de-
tection has recently garnered significant attention due to its
low cost, low loss, and high resolution (Yang et al. 2025;
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Figure 1: Comparison of different distillation frameworks:
(a) LiDAR-to-camera cross-modal distillation transfers 3D
geometric awareness but faces structural alignment gaps.
(Feature-D and Response-D stand for Feature Distillation
and Response Distillation, respectively.) (b) Multi-modal
distillation aligns teacher and student models using simu-
lated point clouds, yet struggles with input modality dis-
parities. (c) Our adaptive-smooth distillation integrates het-
erogeneous fusion to effectively reduce side effect of input
discrepancies and enhance fine-grained knowledge trans-
fer.(CM A-SD: Cross-Modal Adaptive-Smooth Distillation;
MM A-SD: Multi-modal Adaptive-Smooth Distillation.)

Liu et al. 2023a; Wang et al. 2025). Although the BEV-
based approach offers improved robustness and scalability
for autonomous driving in complex environments (Wang
et al. 2024; Zhang et al. 2023a; Zhu et al. 2023), depth es-
timation errors from multi-view approaches become ampli-
fied during viewpoint transformation. Overall, the 3D object
detection performance achieved by multi-view based meth-
ods still lags behind the LiDAR-based and multi-modal ap-
proaches (Li et al. 2023a; Zhang, Hou, and Yuan 2024).

To bridge this gap, several studies have explored distil-
lation methods to transfer precise 3D spatial information
from the LiDAR point cloud to multi-view camera models,



known as cross-modal distillation (Kim et al. 2024; Jang
et al. 2023; Wang et al. 2023b). Illustrated in Figure 1(a),
BEV feature distillation and response distillation are com-
monly employed as fundamental strategies to facilitate the
student model to mimic both the feature and the output of the
LiDAR teacher model (Marvin et al. 2023; Ji et al. 2024b;
Chen et al. 2023). Nevertheless, these approaches overlook
the challenges posed by the inherent structural differences
between teacher and student models. As depicted in Figure
1(b), SimDistill (Zhao et al. 2024a) simulates point-cloud
features using image features to ensure structural consis-
tency between teacher and student models. However, rigid
feature alignment may lead to overfitting to noise and gradi-
ent instability in the student model when substantial teacher-
student discrepancies arise from heterogeneous input data.
Furthermore, noise inherent in simulated point clouds could
impair multi-modal fusion feature, thereby compromising
subsequent distillation processes and model convergence.

In this paper, we propose an adaptive-smooth distillation
framework incorporating heterogeneous fusion and soft-
weighted response distillation, enabling the student model
to mimic the feature and output of the teacher model in
a soft, stable, and selective manner. As shown in Figure
1(c), to reduce the negative impact of differences in in-
put modality during distillation, we introduce an adaptive-
smooth strategy to align the features in a soft way. This
method dynamically calibrates alignment constraints, relax-
ing them for highly dissimilar cross-modal samples to mit-
igate over-regularization, while intensifying them for sim-
ilar instances to enable high-precision knowledge transfer.
The key is to maintain the student model’s mimicry flexibil-
ity via soft learning. To address unreliable simulated point
cloud features, the student model employs a heterogeneous
fusion mechanism that prioritizes extracted image features
over simulated point clouds during feature fusion. Further-
more, directly mimicking all outputs from the teacher model
may introduce unnecessary noise and thus potentially mis-
lead the student model. To tackle the output noise from the
teacher model, we introduce a soft-weighted knowledge dis-
tillation approach with classification and regression joint-
quality scores to suppress noise while enhancing gradient
allocation to high-confidence predictions. In summary, we
present the key contributions as follows:

* We propose a novel LiDAR-camera distillation frame-
work that mitigates the negative effects of the discrepan-
cies in the predicted features and the extracted represen-
tations while also effectively alleviating the interference
caused by unreliable simulated point cloud features.

* We introduce an adaptive-smoothing distillation frame-
work that modulates alignment granularity through the
assessment of modal discrepancies, thus effectively miti-
gating both misalignment and feature degradation during
knowledge transfer.

* We present a heterogeneous fusion mechanism that al-
leviates noise affects by biasing toward camera features,
alongside response distillation to selectively mimic high-
quality teacher outputs. Our method improves mAP by
4.9% and NDS by 4.5% on the nuScenes benchmark.
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2 Related Work

Multi-View 3D Object Detection With the ongoing ad-
vancement of autonomous driving, multi-view 3D object de-
tection is gaining increasing attention (Lin et al. 2022; Liu
et al. 2022; Zhao et al. 2024b; Wen et al. 2023). The BEV
representation systematically mitigates occlusion and scale
distortion inherent in monocular 3D perception through
multi-view geometric consistency, emerging as the de facto
paradigm for robust environmental understanding in 3D ob-
ject detection.

The BEV-based approach can currently be categorized
into two main types: depth estimation methods and query-
based methods. For depth estimation based methods, such
as LSS (Philion and Fidler 2020), which first design a depth
estimation network to predict the depth of each pixel be-
fore lifting it to the 3D space. Building on this foundation,
BEVDet (Huang et al. 2021) integrates inputs from mul-
tiple cameras to create a unified Bird’s Eye View (BEV)
space, thereby eliminating the need for complex 2D-to-3D
post-processing. In addition, BEVDepth (Li et al. 2023b)
improves the BEV features by explicitly estimating the
depth of the detection loss. Query-based methods gener-
ally work by learning a set of fixed or learnable queries
(Song et al. 2024; Chen et al. 2022). In contrast to purely
attention-based approaches, BEVFormer (Li et al. 2022) in-
troduces a geometry-attention hybrid framework, where ex-
plicit BEV coordinate encoding and implicit cross-view at-
tention jointly optimize the trade-off between prior-based
reasoning and data-driven perception. Additionally, to re-
duce redundant computation, SparseBEV (Liu et al. 2023a)
employs scale-adaptive attention for multi-scale feature in-
teraction and adaptive spatio-temporal sampling for motion-
aware feature selection.

Knowledge Distillation for Multi-View Object Detection
Knowledge distillation enhances the performance of stu-
dent models by transferring knowledge from large, high-
performance teacher models to smaller, less complex stu-
dent models (Shen et al. 2024; Li et al. 2024). Regarding
3D multi-view object detection, cross-modal distillation has
emerged as a prevalent strategy, which leverages LiDAR
point cloud as the teacher model to transfer spatial reason-
ing capabilities to the multi-view student model, thereby en-
hancing the camera model’s ability to infer 3D structures and
geometry information (Huang et al. 2023; Jang et al. 2023;
Hong, Dai, and Ding 2022). As a pioneering framework,
BEVDistill (Chen et al. 2023) emphasizes the foreground
regions by generating Gaussian masks based on the center
of the GT boxes, and it also combines confidence scores
and the IoU of the predicted boxes to select high-value in-
stances. In addition, UniDistill (Zhou et al. 2023) employs
a triple distillation strategy (i.e., feature, relation, and Re-
sponse Distillation) to suppress the background while pre-
serving semantic consistency in the sparse foreground fea-
ture. Next, by dividing the regions, DistilBEV (Wang et al.
2023b) designs the regional distillation to reduce interfer-
ence between the background and the imbalanced samples.
In light of these methods, SimDistill (Zhao et al. 2024a)
adopts a LiDAR-camera multi-modal model as the teacher
and achieves structural alignment between the student and



teacher models through the simulated point cloud.

3 Methodology
3.1 Overview

The overall architecture of our proposed method is shown
in Fig. 2. The image branch extracts image BEV features
from the multi-view images input, while the LiDAR branch
extracts LIDAR BEV features from the LiDAR point cloud
input. Then, the BEV features are fused and fed to the de-
tection head to produce the detection output. In the student
model, due to the absence of LIDAR data, the LiDAR branch
is replaced with a LiDAR BEV feature prediction mod-
ule, following SimDistill (Zhao et al. 2024a). In particular,
we consider three key components in this paper: adaptive-
smooth distillation, heterogeneous fusion, and soft-weighted
response distillation. We first propose the adaptive-smooth
distillation method to adaptively adjust the alignment gran-
ularity to reduce the negative impact of the input heterogene-
ity. Then, we also introduce a heterogeneous fusion module
that dynamically enhances the fusion weight of camera fea-
tures to improve robustness of the fusion feature. Finally,
we employ a soft-weighted response distillation approach
(including regression and classification distillation), which
quantifies output discrepancies between teacher and student
models to selectively calibrate the distillation weights. In
essence, the primary objective is to improve the spatial rea-
soning abilities of the student model. And it will be achieved
through the above strategies while preserving its inherent se-
mantic richness.

3.2 Adaptive-Smooth Distillation

Although the student model has achieved a multi-modal fu-
sion by generating the simulated point cloud to ensure struc-
tural consistency with the teacher model, there is an inherent
discrepancy in their input modalities. Specifically, the stu-
dent model relies solely on camera data, while the teacher
model utilizes both camera and LiDAR data. Due to signifi-
cant disparities in input modalities, employing loss functions
such as MSE to make the student model mimic all features
of the teacher model and enforce strict alignment within
the same feature space may result in the loss of modality-
specific information.

Building on this, we propose an adaptive-smooth distilla-
tion method that addresses the constraints of rigid alignment
through elastic feature correlation between two modals.
The method implements an adaptive distillation mechanism
that allows a degree of spatial misalignment when teacher-
student discrepancy thresholds are exceeded, while enabling
precise optimization when they fall below.

It is critical to clarify that this method is effective for
both: (1) cross-modal alignment between LiDAR point
clouds and simulated point clouds, and (2) multi-modal
alignment of fused features. These two applications dif-
fer only in their input feature. In the multi-modal con-
text, the input features specifically denote the fused em-
beddings, while cross-modal distillation refers to the Li-
DAR or the simulated point cloud features. 7o differenti-
ate this mechanism across distillation stages, we term them
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Multi-Modal Adaptive-Smooth Distillation as MM A-SD and
Cross-Modal Adaptive-Smooth Distillation as CM A-SD, re-
spectively.

Specifically, we first compute the cosine similarity error
between features of two modals, as shown in Equation (1):

<Sia E>
error; =1 — ———— (1)
15 (|1 7]
where S; and T; represent the feature vectors of the i*h sam-

ples from both the student model and the teacher model, re-
spectively. Then, we calculate the dynamic boundary mar-
gin, which is defined as the sum of the mean and the standard
deviation of the relevant errors in Equation (2):

1
/~Lerror + a (2)

2
where fierror denotes the mean of the error distributions, oepor
represents the standard deviation of the error. This integrates
statistical distribution coverage with cognitive uncertainty
modeling, combining the center of error distribution and
variability into the boundary to encompass core error ranges.

Subsequently, we calculate the alignment loss as de-
scribed in Equation (3):

alzgn = B Z{

where M denotes the margin, B indicates the batch size and
e; is the cosine similarity error vector for the i-th sam-
ple. When the error is within margin, indicating minor fea-
ture discrepancies, quadratic loss ensures fine-grained align-
ment. Conversely, for larger errors exceeding the margin, the
loss becomes linear to avoid excessive penalty and allow tol-
erable misalignment.

After that, we also introduce a contrastive loss to further
enhance the distillation process. The contrastive loss helps
the student model develop discriminative features and pre-
vents feature collapse. As shown in Equation (4):

margin = * Oerrors

slledl, if [|es]| < M,

3
||€zH — fM), otherwise, )

1 S
Lcon N Z 10g Z eS” /r % ) (4)
i=1 j=1
where S; ; means the similarity score between the i*"" and j*"

samples from the teacher and student model, when j # 4, is
treated as a negative sample pair. The S;; indicates the simi-
larity score of the 7" sample to its positive sample pair. And
positive samples are defined as the feature pairs of identical
input data from the teacher model and the student model. 7
is the temperature parameters to control the sharpness of the
similarity distribution.

Finally, the adaptive-smooth distillation loss is formulated
as a weighted combination of the alignment and contrastive
loss components. As shown in Equation (5):

+ (1= a)Leon. 5)

The o update mechanism is dynamically modulated via
an Exponential Moving Average (EMA) to harmonize the

EA-SD = a»calign
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Figure 2: The overall architecture of our proposed method. The teacher model is the LIDAR-camera framework, and the student
is the camera-simulated point cloud model. We first propose adaptive-smooth distillation to adaptively adjust alignment gran-
ularity, and also introduce a heterogeneous fusion module that dynamically enhances fusion weights between camera features.
Finally, we adopt soft-weighted response distillation, a soft balancing mechanism that selectively calibrates distillation weights.

weighting between alignment loss and contrastive loss. And
o is updated in Equation (6):

a=(1-=X)apu; +A-r, 6)
where «y,; is the initial value. And the default value is 0.5.
A is the smoothing factor and the value is 0.1. The r is the
ratio of Lgjigs to the sum of Ly, and Le,,. This strategy
adaptively modulates the weighting coefficients based on the
relative magnitudes of task-specific losses, thereby enabling
the model to autonomously regulate the inter-task equilib-
rium throughout training.

3.3 Heterogeneous Fusion Module

To mitigate the side effects of the low-confidence simulated
point clouds on multi-modal distillation, we employ hetero-
geneous fusion during feature fusion in the student model,
giving priority to camera features over simulated point cloud
features instead of applying equal-weight fusion or channel
concatenation fusion.

As depicted in Figure 3, camera features are enhanced
by a dual convolution enhance module integrated with a
channel attention mechanism, which reinforces visual tex-
tures and increases information density. The Simulated Li-
DAR point cloud features is processed through a module that
employs normalization to suppress noise fluctuations and
utilizes the Tanh activation function to compress the value
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range to [0, 1]. This module ensures the stability and pre-
dictability of the simulated LiDAR point clouds.

The porcess of the simulated LiDAR point cloud assess-
ment module is shown in Equation (7):

)

where W} and W2 indicate the weights of the first and sec-
ond convolution layers, ¢ is the sigmoid activation func-
tion and R is the ReLu activation function. This spatially
aware simulated LiDAR point cloud feature modeling gen-
erates a confidence heatmap to guide the allocation of fusion
weights.

Then we calculate the base fusion weight by gate fusion
in Equation (8):

Leong =0 (W2 -R (W} - Xipar)) ,

®)

where Wy is the weight matrix of the convolution layer, ©
denotes the concatenation operation, A is the Average Pool-
ing operation, X/, and X}, represents preprocessed fea-
tures of the camera and the simulated LiDAR, respectively.
This step is to evaluate the optimal ratio of feature fusion.

After that, the average confidence is calculated in Equation

):
B 1 H W
O = W Z Z Lconf(ha ’LU),

Wbase =0 (W?' ‘R (W}‘ ' A(Xclum©X[/lDAR))) )

€))
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Figure 3: The overall framework of the Heterogeneous Fu-
sion Module.

where H x W denotes the global resolution. Then the dy-
namic weight adjustment is performed in Equation (10):

WL‘am [05 + U(ﬁ)(l - C)] . Wbase (10)

where o (f3) is the learnable camera bias parameter. This en-
sures that the fusion weight of the image side is greater than
0.5 and less than 1. The total weight, including the simu-
lated LiDAR point cloud and the camera, is set to 1 to avoid
conflicting weight assignments. The final fusion feature is
shown in Equation (11):

Y}med - Wcam © Xcl'g]n + I/VliDAR © X[IiDARv

Y

3.4 Soft-weighted Response Distillation

To effectively align the outputs of the student model with
the predictions of the teacher model, we propose a filterable
output distillation mechanism called soft-weighted response
distillation. This work is inspired by Unbiased Teacher v2
(Liu, Ma, and Kira 2022), which incorporates the princi-
ple of targeted feature selection. This method strategically
avoids mimicking all outputs of the teacher model through
dynamic weight allocation, thus mitigating negative trans-
fer of the noise output. Firstly, we consider both classifica-
tion and regression aspects to evaluate the teacher’s output
and derive a quality score. Specifically, we obtain the clas-
sification confidence at the corresponding position from the
heatmap and select its maximum value as the classification
score. Due to the high computational complexity of 3D IoU,
we use cosine similarity, which is linearly mapped to the
range [0, 1] using an affine transformation, to obtain the re-
gression score. As shown in Equation (12)

- 1 Zaibi
QReg_ 5 <1+ /T:a? Zbg+€) ) (12)

where a; and b; represent the it" elements of the feature
vectors for the bounding boxes a and b, respectively. And
the linear transformation equation is Sy,qp = (Scos + 1)/2.
Secos 1s the value of cosine similarity. The total quality score
is defined in Equation (13):

0 = (Qei)" X (Qreg) ™, (13)
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where x is the weighting factor, the default value is 0.4.
Then, we calculate the soft weight, as shown in Equation
(14) and Equation (15):

heatmap = O (6 : (Theatmap - 7)) 3 (14)

Oppox = O (/6 . (Tbbox - ’Y)) ’ (15)

where 7jcqtmap and rypo, are the heatmap loss ratio and re-
gression loss ratio, i.e., the ratio of the student model’s out-
put loss to that of the teacher model. § is the parameter to
control the steepness of the sigmoid function, v is the shift
parameter, and o is the sigmoid function.

Then, following SimDistill (Zhao et al. 2024a), the soft-
weighted response loss Ls_wrp is the sum of the regression
1088 Lycg,, i.e., the SmoothL1 loss, and the classification
loss L;s,, which is the quality focal loss (i.e., QFL). As
shown in Equation (16):

»CS-WRD = Eregd + ECISd
= SmoothL1(B”, B%) - oy - Q

+ QFL(CT, CS) * Qheatmap Q7 (16)

where BT and B represent the regression boxes of the
teacher and student model. Similarly, CT and C* denote the
classification prediction by the teacher and student model.
The distillation coefficient o dynamically adjusts based on
relative performance: increasing when the teacher model
outperforms the student and decreasing when the student is
better. This mechanism enables the student model to priori-
tize high-quality outputs from the teacher model while miti-
gating the noise of low-quality outputs.

3.5 'Total Loss
The total loss of our model is defined as in Equation (17):

L =M Lyma-sp + XoLema-sp + AsLs.wrp + Lper, (17)

where {)\i}?:l are the weighting factors. The formulation
includes adaptive-smooth distillation loss, soft-weighted re-
sponse distillation loss, and the original detection loss.

4 Experiments
4.1 Experiment Setting

Dataset and Metrics. As in previous work, we train and
evaluate our method on the large-scale autonomous driv-
ing dataset nuScenes(Caesar et al. 2020), which has ten
classes for the 3D object detection task. The dataset pro-
vides synchronized LiDAR and camera data in 1,000 ur-
ban driving scenarios, with a standardized split of 700 train-
ing scenarios, 150 validation scenarios, and 150 test scenar-
ios. We use the official evaluation metric, mAP and NDS
with five other metrics to measure translation, scale, ori-
entation, velocity, and attribute-related errors, i.e., mATE,
mASE, mAOE, mAVE, and mAAE.

Implementation Detail. We conduct the experiments using
8 NVIDIA GeForce RTX A100 GPUs in PyTorch. We im-
plement BEVFusion (Liu et al. 2023c) as the teacher model;
the image size is resized to 256 x 704 and the voxel size of
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Figure 4: The qualitative comparison of detection results. The top row is the baseline model, which exhibits frequent missed
detections and imprecise bounding box regression, whereas our method is the bottom row And our models can significantly
reduce missed errors and improves localization accuracy against the baseline model. The red arrows indicate missed detection

and blue arrows indicate low-accuracy bounding boxes.

the point cloud is set to (0.075m, 0.075m, 0.2m). The Li-
DAR backbone is VoxelNet, and the camera backbones are
Swin-Transformer and ResNet50. The optimization process
utilizes the AdamW algorithm, with learning rate governed
by a cosine annealing scheduler.The initial learning rate is
configured as 0.0002 to ensure stable convergence during
the training phase. Throughout the distillation pipeline, the
teacher’s weights remain fixed while training the student
network for 25 epochs with a batch size of 24, maintain-
ing identical architectural configurations and data augmen-
tations to SimDistill (Zhao et al. 2024a) for our framework.

4.2 Main Results

A comprehensive evaluation of our proposed method was
performed on the nuScenes validation set. As shown in
Table 1, we classify the benchmarks into the following
three categories: non-distillation-based techniques, cross-
modal distillation-based approaches, and the baseline meth-
ods are employed in our experimental framework. Firstly,
we employ BEVfusion-C (Liu et al. 2023c) as the bench-
mark model in our framework. When employing ResNet50
as the backbone, our method achieves superior mAP com-
pared to all the above approaches, demonstrating improve-
ments of 0.7%, 0.3%, and 4.9% over GeoBEV(Zhang et al.
2025), LabelDistill (Kim et al. 2024), and SimDistill (Zhao
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et al. 2024a), respectively. Despite inherent limitations of
BEVfusion-C (Liu et al. 2023c), the NDS of our method
marginally underperforms the BEVDepth-based method
(e.g., LabelDistill (Kim et al. 2024), et al.), while demonstra-
bly surpassing BEVfusion-C (Liu et al. 2023c) and SimDis-
till (Zhao et al. 2024a) by 7.1% and 4.5%, respectively. Sim-
ilarly, the SwinT backbone architecture yields superior per-
formance, achieving an improvement in mAP and NDS of
3.0% and 5.1% relative to the baseline SimDistill (Zhao
et al. 2024a) method. We also add BEVDepth as a bench-
mark, achieving a 3.7% mAP improvement over LabelDis-
till (Kim et al. 2024) and an increase of 0.7% in NDS for
FSD-BEV(Jiang et al. 2024).

Ablation Studies We conducted comprehensive experi-
ments to evaluate the effectiveness of the individual modules
proposed. The experiment is performed on the NuScenes
validation set using the SwinT backbone, following the con-
figurations specified in Table 1. As shown in Table 2, MM
A-SD and CM A-SD indicate multi-modal and cross-modal
adaptive-smooth distillation, HFM means heterogeneous fu-
sion module, and S-WRD represents soft-weighted response
distillation. We can see that all proposed methodologies
show efficacy, with A-SD (that is, the combination of MM
A-SD and CM A-SD) achieving the most substantial per-
formance enhancements of 2.6% NDS, and S-WRD achiev-



Methods | Backbone | mAP1T NDST | mATE| mASE| mAOE| mAVE | mAAE |
BEVDet" (Huang et al. 2021) ResNet50 29.8 37.9 72.5 27.9 58.9 86.0 24.5
BEVDet4D* (Chen et al. 2023) ResNet50 32.2 45.7 70.3 27.8 49.5 354 20.6
PETRv2" (Liu et al. 2023b) ResNet50 349 45.6 70.0 27.5 58.0 43.7 18.7
BEVDepth™ (Li et al. 2023b) ResNet50 35.1 47.5 63.9 26.7 479 42.8 19.8
BEVStereo™ (Li et al. 2023a) ResNet50 37.2 50.0 59.8 27.0 43.8 36.7 19.0
FB-BEV™ (Li et al. 2023c¢) ResNet50 37.8 49.8 62.0 27.3 44 4 37.4 20.0
SA-BEV™ (Zhang et al. 2023b) ResNet50 38.7 51.2 61.3 26.6 352 38.2 19.9
PolarBEVU™ (Hou et al. 2025) ResNet50 40.1 49.7 56.1 28.5 59.4 38.3 21.3
SOLOFusion™ (Park et al. 2023) ResNet50 40.6 49.7 60.9 28.4 65.0 31.5 20.4
GeoBEV™ (Zhang et al. 2025) ResNet50 41.5 53.5 53.3 26.5 41.9 29.8 21.4
UniDistill™ (Zhou et al. 2023) ResNet50 26.5 37.8 - - - - -
BEVDistill™ (Chen et al. 2023) ResNet50 33.0 45.2 - - - - -
X3KD™ (Klingner et al. 2023) ResNet50 39.0 50.5 61.5 26.9 47.1 34.5 20.3
DistillBEV™ (Wang et al. 2023b) | ResNet50 40.3 51.0 62.3 26.6 46.4 35.7 20.7
VeXKD™ (Ji et al. 2024a) ResNet50 41.2 47.7 - - - - -
FSD-BEV™ (Jiang et al. 2024) ResNet50 41.2 53.8 52.7 25.6 36.3 33.0 20.7
LabelDistill ™ (Kim et al. 2024) ResNet50 41.9 52.8 58.2 25.8 41.3 34.6 22.0
BEVFusion-C(Liu et al. 2023c¢) SwinT 35.6 41.2 66.8 27.3 56.1 89.6 25.9
SimDistill (Zhao et al. 2024a) ResNet50 37.3 43.8 53.1 28.1 61.4 81.2 27.9
Ours ResNet50 42.2 48.3 49.2 27.0 57.1 72.2 22.8
SimDistill (Zhao et al. 2024a) SwinT 40.4 45.3 52.6 27.5 60.7 80.5 27.3
Ours SwinT 434 50.4 48.3 27.2 48.2 67.7 21.0
Ours-BEVDepth SwinT 45.6 54.5 41.5 25.5 51.0 34.3 19.5

Table 1: Comparison on the nuScenes validation set.* represents the non-distillation-based methods, * means the distillation-
based methods, the others indicate the baseline model. The image size is 256 x 704 of all. And the temporal frame is only one.

CMA-SD MMA-SD HFM S-WRD | mAPt NDSt
| 404 453

v 415 463

v 409 469

v 412 463

v 419 470

v v 418 479

v v v 427 49.1

v v v v 434 504

Table 2: Ablation Study on Different Components

ing the most increase in 1.5% mAP. The integration of all
methodologies yields optimal performance, with mAP and
NDS increasing by 3.0% and 5.1%, respectively.

Qualitative Results Figure 4 compares qualitative detection
results between our method and baselines. The experimen-
tal visualization demonstrate that our method effectively re-
duces both missed and erroneous detections while improv-
ing the accuracy of the bounding boxes regression, thus val-
idating the efficacy of the proposed approach.

Sensitive Analysis This paper primarily explores principles
that extend beyond traditional alignment and fusion methods
by refining loss and fusion strategies. Our findings indicate
that parameter variations have a limited impact within cer-
tain thresholds. As shown in Table 3, varying A does not sig-
nificantly affect performance when it falls within the range
of 0.1 to 0.4. The same applies to 7.
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value | mAPt NDSt | mATE |
A=0.1,y=05 | 418 479 | 511
A=02,v=0.5 41.0 47.3 51.9
A=03,7=05 41.5 48.0 51.5
A=04,v=0.5 40.9 47.1 52.1
Y=05,A=0.1 419 470 | 504
v=0.6, \=0.1 41.5 46.5 50.9
v=0.7, \=0.1 41.2 47.2 51.3

Table 3: The sensitive analysis of the A and ~

5 Conclusion

In this paper, we proposed a LiDAR-Camera distillation ap-
proach to improve the efficiency of knowledge transfer from
multi-modal teacher models to student models. In summary,
we introduced an adaptive-smooth distillation framework
with heterogeneous fusion, designed to overcome the lim-
itations of existing simulated point cloud generation meth-
ods, which often suffer from feature misalignment, and the
simulated feature may degrade fused feature quality. Fi-
nally, we employed soft-weighted response distillation to
prioritize high-quality teacher outputs over uniform knowl-
edge transfer. Extensive experimentation on the challenging
large-scale NuScenes benchmark substantiates the efficacy
of our approach. In future work, we aim to enhance the
quality of simulated LiDAR point clouds by using the cross-
attention and contrastive distillation method.
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