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ABSTRACT

Recent advances in autonomous driving have greatly promoted the development of 3D object detection. Never-
theless, state-of-the-art 3D detectors usually require large-scale networks and heavy computational costs, which
severely restrict their deployment on resource-limited onboard platforms. Knowledge distillation (KD), which
transfers knowledge from a high-capacity teacher model to a compact student model, has become an effective
solution for improving the efficiency of 3D detection while maintaining high accuracy. This paper presents a
comprehensive review of knowledge distillation methods for 3D object detection in autonomous driving. We
first summarize the mainstream paradigms of 3D object detection, including LiDAR-based, camera-based, and
multi-modal fusion frameworks, together with the fundamental categories of knowledge distillation. Then, exist-
ing KD-based 3D detection methods are systematically reviewed from three representative perspectives: LIDAR-
to-LiDAR, LiDAR-to-camera, and multi-modal-to-single-modal distillation. The characteristics, advantages, and
limitations of different distillation strategies are analyzed and compared in detail. Finally, we discuss the major
challenges and open issues in current KD-based 3D object detection, and outline several promising directions for
future research. This survey aims to provide a concise yet comprehensive reference for the design and deploy-
ment of efficient 3D perception systems in autonomous driving. We also provide a continuously updated project
homepage to support ongoing research in this area here.

1. Introduction

Positioning System) [3] offers global positioning to support localization
and multi-frame alignment, while IMU (Inertial Measurement Units)

Autonomous driving has drawn substantial interest from both
academia and industry in recent years. Among its core percep-
tion modules, 3D object detection [1,2] plays a pivotal role, as il-
lustrated in Fig. 1. By integrating data from multiple sensors, in-
cluding LiDAR, cameras, radar, GPS, and IMU, autonomous driv-
ing systems can accurately estimate the three-dimensional position,
size, and orientation of surrounding objects. Specifically, LiDAR
provides high-precision 3D point clouds to capture spatial struc-
tures, cameras supply rich texture and semantic information to en-
hance object recognition, and radar excels at detecting moving ob-
jects over long distances and under adverse conditions. GPS (Global

* Corresponding author.

[4] provides vehicle pose and motion compensation to improve tem-
poral detection and tracking stability. Through complementary multi-
sensor fusion [5,6], the system can achieve robust and high-accuracy
3D object detection in complex scenarios, providing reliable geometric
and dynamic cues for downstream tasks such as localization, tracking,
motion prediction, and planning.

Driven by the rapid development of deep learning and multi-sensor
perception technologies, remarkable progress has been achieved in
LiDAR-based [7,8], camera-based [9,10], Radar-based [11,12], and
multi-modal fusion [13,14] 3D object detection. Although techniques
such as data augmentation [15] can further improve detection accuracy,
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\begin {align}&\mathit {precision} = \frac {TP}{TP + FP}, \label {Xeqn1-1}\\ &\mathit {recall} = \frac {TP}{TP + FN}, \label {Xeqn2-2}\\ &\mathit {AP} = \int _{0}^{1} p(r) dr. \label {Xeqn3-3}\end {align}


\begin {equation}\begin {aligned} \mathit {mAP} = \frac {1}{N_{classes}} \sum _{c=1}^{N_{classes}} \frac {1}{N_{dist}} \sum _{d=1}^{N_{dist}} AP(c,d), \end {aligned} \label {Xeqn4-4}\end {equation}


\begin {equation}\begin {aligned} \mathit {NDS} = \frac {1}{10} \left [ 5 mAP + \sum _{mTP \in TP} \big (1 - \min (1, mTP)\big ) \right ], \end {aligned} \label {Xeqn5-5}\end {equation}
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Fig. 1. The process of 3D object detection (3DOD) in autonomous driving scenarios based on different sensors.

the pursuit of higher precision often results in increasingly complex net-
work architectures, consuming substantial computational and memory
resources for only marginal performance gains. This significantly lim-
its the feasibility of deploying these models for efficient real-time in-
ference on resource-constrained in-vehicle platforms. As a result, how
to achieve an effective trade-off between detection accuracy and com-
putational efficiency has become a fundamental challenge for practi-
cal autonomous driving systems. In this context, knowledge distillation
[16-18] has emerged as a promising model compression paradigm, en-
abling lightweight 3D detectors to inherit the representational power of
large-scale teacher models while maintaining high efficiency, thereby
motivating a comprehensive review of its recent advances in 3D object
detection.

Knowledge Distillation (KD), originally introduced by Hinton et al.
[19] in 2015 for image classification [20,21], has since developed into
a versatile framework for transferring knowledge across models. Begin-
ning in 2017, KD was extended to 2D object detection tasks [22-26],
and in 2020, it was first applied to 3D object detection [27]. Since
then, an increasing number of KD-based methods have been proposed
for 3D detection [27-29], as illustrated in Fig. 2. Researchers have
further extended KD to a wide range of emerging detection tasks, in-
cluding small-object detection [30,31], remote sensing object detection
[32,33], incremental object detection [34-36], weakly supervised de-
tection [37,38], and 3D object detection [39,40]. To tackle the unique
challenges in these domains, various innovative mechanisms have been
proposed, such as incorporating task-specific priors [41,42]; leveraging
complementary information across different modalities [43,44]; adopt-
ing multi-teacher frameworks [45,46]; and designing self-supervised
feature extraction strategies [47,48]. KD has proven particularly effec-
tive in promoting the design of lightweight models [29,49], enabling
compact student networks to retain the representational power of large
teacher models while significantly reducing computational and memory
requirements.

Overall, knowledge distillation (KD) has been widely adopted in 3D
object detection for designing lightweight models and has gained in-
creasing attention. With advances in algorithms and sensor technolo-
gies, KD has emerged as a key paradigm to tackle the inherent challenges
of 3D detection in autonomous driving, including limited computational
resources, real-time processing, and multi-modal data fusion. Neverthe-
less, a comprehensive review of this emerging field is still lacking. To
address this, this survey, for the first time, systematically presents KD-
based 3D detection methods, summarizes their evolution and contri-
butions, and highlights critical challenges and promising directions for
future research.

The main contents of this paper are as follows. Section 3 introduces
the datasets related to 3D object detection in autonomous driving. In
Section 4, we present an overview of the paradigms in 3D object detec-
tion, including LiDAR-based 3D object detection (Section 4.1), camera-
based object detection (Section 4.2), LiDAR-camera fusion approaches
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Fig. 2. The temporal intersection of knowledge distillation with 2D and 3D
object detection.

(Section 4.3) and end-to-end autonomous driving (Section 4.4) . Sec-
tions 3 and 4 together provide readers with a comprehensive under-
standing of 3D object detection before introducing knowledge distilla-
tion. Next, in Section 5, we provide a detailed overview of the types
of knowledge distillation in 3D object detection. Subsequently, we re-
view and analyze knowledge distillation methods for 3D object detection
from three perspectives: LiDAR-to-LiDAR (Section 6), LiDAR-to-Camera
(Section 7), and LiDAR-based multi-modal to single-modal (Section 8).
Section 9 then offers a comprehensive discussion of the current chal-
lenges and prospective research directions in 3D object detection. To
better highlight the novelty and unique contributions of this survey, we
present a systematic comparison with existing related surveys across
several key dimensions, including research scope, taxonomy structure,
datasets, inclusion of knowledge distillation, model efficiency and mem-
ory consumption, and future research directions, as shown in Table 1.
The structural arrangement of this paper is illustrated in Fig. 3.

2. Datasets and metrics
3. Datasets and metrics

In deep learning research, high-quality datasets have always played
a foundational role, just as large-scale image datasets such as Ima-
geNet [71], COCO [72], Cityscapes [73], and others [74,75] have sig-
nificantly advanced the fields of image recognition and understanding.
The advancement of 3D object detection technologies similarly relies
on larger-scale, more diverse, and more precisely annotated datasets
[54-60,64-66,68,70,76], which are essential for addressing the com-
plex and dynamic perception challenges encountered in real-world ap-
plications such as autonomous driving. Against this backdrop, this sub-
section provides a systematic overview of the mainstream benchmark
datasets for 3D object detection widely used in the autonomous driving
domain, with the aim of offering a solid data foundation and a valuable
reference for subsequent methodological innovations and performance
evaluation.
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Table 1

A comprehensive comparison of autonomous driving surveys across 2DOD (2D Object Detection), 3DOD (3D Object Detection), BEV (Bird’s Eye View),
robustness, end-to-end systems, Vla (Vision-Language-Action), CP (Collaborative Perception), AD (Autonomous Driving), data Cov. (Datasets coverage), KD
(Knowledge Distillation), Eff./ Mem. (Efficiency / Memory Analysis), and F.Work (Future Work).

Title Year Scope Taxonomy Data Cov. KD Eff. /Mem.  F. Work
Multi-modal 3D Object Detection in Autonomous Driving:
A Survey and Taxonomy [50] TIV2023 3DOD Task-based Low No Yes/No Yes
3D Object Detection for Autonomous Driving: A Comprehen-  1JCV2023 3DOD,Fusion Task-based Extensive No Yes/No Yes
sive Survey [1]
Multi-modal 3d object detection in autonomous driving: a  1JCV2023 3DOD, Fusion Modality-based =~ Low No Yes/No Yes
survey [13]
When object detection meets knowledge distillation: A sur-  TPAMI2023  3DOD,2DOD System-level - Yes  No/No Yes
vey [51]
Robustness-aware 3d object detection in autonomous driv-
ing:
A review and outlook [2] TITS2024 3DOD, Robustness Task-based Low No No/No Yes
A survey on vision-language-action models for autonomous  ICCV2025 End-to-End AD
driving [52]

VLA Method-based Low No No/No Yes
Progressive Bird’s Eye View Perception for
Safety-Critical Autonomous Driving: A Comprehensive Sur- Arxiv2025 BEV, CP
vey [53]

Safety-critical AD System-level Extensive No No/No Yes
Ours 3DOD, BEV

End-to-End AD,VLA System-level Extensive Yes Yes/Yes Yes
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Fig. 3. Structural framework of the paper. ‘3DOD’

3.1. KITTI

The KITTI [54] dataset is a milestone multi-modal benchmark in
autonomous driving. It was collected using a vehicle equipped with a
64-beam LiDAR, four cameras, and a GPS/IMU system, and provides
synchronously captured stereo images. The dataset was collected us-
ing professional sensor platforms across more than 20 urban scenarios
and contains 7481 training frames and 7518 testing frames. Each frame

Respond Distillation

Early Fusion
Middle Fusion
Late Fusion

— Cross-modal fusion 3DOD—E

\ From 3DOD to End-to-End Autonomous Driving

tion

Relation Distillation

Pruning-based KD
Homogeneous Model Distillation{
Quantization-based KD

Heterogeneous Model Distillation

LiDAR to Monocular Image —(
LiDAR to Stereo Image

Depth Distillation with KD

BEV Projection-based KD

Multi Scale Feature KD
LiDAR to Multi-View Image

KD from L-C Fusion to L Output-Level Respond KD

KD from L-C Fusion to C

: 3D Object Detection,‘L’: LiDAR,‘C’: Camera.

is equipped with precise calibration parameters and annotated 2D/3D
bounding boxes covering eight object categories, including vehicles and
pedestrians. Detection difficulty is further categorized into Easy, Mod-
erate, and Hard levels based on object occlusion and size.

In terms of task design, KITTI defines three sub-tasks: 2D Detection
(2D bounding boxes in images), Bird’s Eye View (BEV) Detection, and
3D Detection (3D bounding boxes), with each task evaluated using Av-
erage Precision (AP). During evaluation, KITTI applies category-specific
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The widely used datasets for 3D object detection in driving scenarios. L’ , ’C’ and 'R’ denote LiDAR, Camera and Radar, respectively. We
provide a detailed overview of the datasets, including the year of collection, number of LiDAR channels, number of cameras, number of
frames, number of scenes, scene duration (s), adverse Weather / Night Scenes, number of object categories, and collection locations.

Dataset Sensor Year LiDAR-C Camera-N Frame Scenes Duration Weather Diversity Classes Location
KITTI [54] L+C 2012 64 4 15k 50 — No/No 8 Germany
ApolloScape [55] L+C 2018 1 6 20k 53 - No/No 6 China
H3D [56] L+C 2019 64 3 27k 160 60-120 No/No 8 USA
PandaSet [57] L+C 2020 64 6 14k 179 10-15 Yes/Yes 28 USA
KITTI-360 [58] L+C 2020 64 6 80k 11 - No/No 19 Germany
A2D2 [59] L+C 2020 64 6 12.5k 361 - No/No 38 Germany
OpenLane [60] L+C 2022 32 1 200k 1000 20 No/No 14 China
V2V4Real [61] L+C 2023 32 7 20k 67 - No/No 5 USA
TUMTraf-V2X [62] L+C 2024 64 5 7k 10 - No/No 8 Germany
AGC-Drive [63] L+C 2025 128 5 120k 14 10 No/No 13 China
NuScenes [64] L+C+R 2019 32 6 40k 1000 20 Yes/Yes 23 USA,Sg
Waymo [65] L+C+R 2019 64 5 230k 1150 20 Yes/Yes 4 USA
Argoverse [66] L+C+R 2019 32 9 46k 366 15-20 Yes/Yes 15 USA
Cirrus [67] L+C+R 2021 128 3 6.2k - - No/No 8 USA
ONCE [68] L+C+R 2021 40 7 15k 1000 20 Yes/Yes 5 China
ZOD [69] L+C+R 2023 128 1 100k 1473 20 Yes/Yes 16 Europe
Argoverse2 [70] L+C+R 2023 32 7 250k 1000 15-30 Yes/Yes 30 USA

IoU thresholds to determine predictions: a predicted box is considered
a True Positive (TP) if its IoU with a ground-truth (GT) box exceeds the
threshold and the GT has not yet been matched; otherwise, it is counted
as a False Positive (FP), while undetected GTs are counted as False Neg-
atives (FN). This strict evaluation protocol establishes a standardized
benchmark for comparing subsequent 3D detection methods. Precision
and recall are defined as follows:
TP

ision= —1P 1
precision TP T FP ( )
recall = L, 2)
TP+ FN
1
AP = / p(rydr. 3
0
3.2. NuScenes

The NuScenes [64] dataset, released by Motional (formerly nuTon-
omy), is a large-scale multi-modal benchmark for autonomous driving,
collected in Boston and Singapore under diverse urban and weather con-
ditions. NuScenes is currently one of the most widely used dataset in
autonomous drive. It contains 1000 driving scenes of 20 seconds each,
with keyframes at 2 Hz, and integrates data from six surround-view cam-
eras, one 32-beam LiDAR, five millimeter-wave radars, and IMU/GPS,
enabling comprehensive multi-sensor perception.

NuScenes provides 3D bounding box and attribute annotations for
23 object classes. Unlike KITTI, it evaluates detection performance using
both accuracy and multiple error metrics, including mATE (mean Aver-
age Translation Error), mAOE (mean Average Orientation Error), mASE
(mean Average Scale Error), mAVE (mean Average Velocity Error), and
mAAE (mean Average Attribute Error), which are further combined into
the NDS (NuScenes Detection Score). Mean Average Precision (mAP)
remains the fundamental metric for quantifying the trade-off between
detection precision and recall, and, together with multi-dimensional er-
ror measures, forms a more comprehensive evaluation framework for
assessing 3D object detection performance. Owing to its rich annota-
tions and rigorous evaluation protocol, NuScenes has become a widely
used benchmark for 3D object detection and multi-modal perception re-
search.

1 Nelasses 1 Nyist
mAP = ——— Y AP(c,d), 4
classes =] dist g=1
NDS =L |smap+ > (1=min(l,mTP))|, 5
10

mT PET P

where N,,,...s denotes the twenty-three evaluation object classes and
N, represents the four distance thresholds used to assess the average
precision under different levels of strictness.

3.3. Waymo open dataset

The Waymo Open Dataset [65], collected and annotated by Waymo
autonomous vehicles, is a high-quality, large-scale multi-modal dataset
covering diverse driving scenarios from urban to suburban environ-
ments. It contains 798 training scenes and 202 validation scenes, each
lasting 20 seconds, captured using five LiDAR sensors and five pinhole
cameras. The dataset provides 2D and 3D bounding box annotations for
four object categories: vehicles, pedestrians, cyclists, and traffic signs.

In terms of evaluation, Waymo adopts Average Precision (AP) as the
core metric, similar to KITTI, but further introduces APH (Average Preci-
sion weighted by Heading), which accounts for heading prediction accu-
racy, providing a more comprehensive assessment of detection perfor-
mance. In addition, Waymo supports research on domain adaptation,
enabling knowledge transfer from source domains to target domains
where annotations are limited or unavailable, thereby alleviating the
challenge of insufficient large-scale labeling. Owing to its scale, sensor
configuration, and evaluation framework, the Waymo Open Dataset is
among the largest and most influential benchmarks for 3D object detec-
tion research.

3.4. Other datasets

In addition to the aforementioned mainstream datasets, a number
of emerging autonomous driving datasets [55-62,66,68,70,76] have re-
cently gained recognition in the research community. For example, Ar-
goverse [66] provides rich annotations, including 3D bounding boxes,
object trajectories, and map-based contextual information, along with
multi-modal sensor data; it covers diverse urban driving scenarios with
varying weather, lighting, and traffic conditions, providing a challeng-
ing and realistic environment for autonomous driving research. ONCE
[68] is a large-scale multi-modal perception dataset designed for au-
tonomous driving research, covering over 100 hours of real-world driv-
ing scenarios across urban roads, highways, and complex traffic envi-
ronments, with diverse traffic conditions and weather. PandaSet [57],
developed for autonomous driving and robotic perception research, is a
multi-modal open 3D dataset collected with the Panda automotive plat-
form. It covers diverse scenarios including urban roads, highways, and
suburban areas, covering approximately 100 km of driving trajectories.
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Fig. 4. Examples of image-point cloud pairs and ground-truth 3D bounding
boxes in KITTI [54] and nuScenes [64].

TUMTraf-V2X [62] is a cooperative perception dataset from the Tech-
nical University of Munich, supporting 3D object detection and track-
ing in V2X scenarios. It includes synchronized multi-sensor data from
vehicle-mounted and roadside LiDAR, cameras, GPS, and IMU, with
over 30,000 annotated 3D bounding boxes across diverse traffic con-
ditions, enabling evaluation of cooperative perception algorithms for
autonomous driving. OpenLane [60] provides multi-view camera data
with accurate 3D lane annotations under diverse driving conditions. Ow-
ing to its realistic scenes and high-quality annotations, it has become an
important benchmark for 3D lane perception in autonomous driving.
To illustrate the differences in information captured by various sensors,
Fig. 4 presents the monocular images and corresponding LiDAR point
clouds from the KITTI dataset, multi-view images and point clouds from
NuScenes, radar data, as well as high-definition (HD) map information.
These datasets jointly promote the development of autonomous driving.
Table 2 summarizes the currently available open-source autonomous
driving datasets along with their key attributes.

3.5. Safety and system-level evaluation metrics

Beyond conventional detection accuracy metrics such as AP, mAP,
and NDS, evaluating autonomous driving systems in real-world scenar-
ios requires a more comprehensive set of metrics that capture system-
level safety, robustness, and deployment efficiency. First, robustness-
related metrics [77] are essential for assessing model performance under
challenging conditions, including sensor corruption, adverse weather,
and domain shifts. These metrics evaluate the stability of perception
systems when inputs are degraded due to noise, occlusion, or envi-
ronmental variations, as well as their generalization ability under sim-
to-real transfer settings. Second, for multi-agent and infrastructure-
assisted scenarios, V2X cooperative perception gain has become an
important metric, measuring the performance improvement achieved
through information sharing among vehicles and roadside units. In
addition, perception-to-planning consistency is critical for evaluating
whether perception outputs can reliably support downstream decision-
making in closed-loop driving systems. Third, system-level efficiency
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metrics such as latency, frames per second (FPS), memory consump-
tion, and energy cost are crucial for real-world deployment, especially in
resource-constrained onboard systems. These metrics directly reflect the
practicality of deploying large-scale perception models in real-time au-
tonomous driving applications. Finally, safety-critical evaluation [78],
including failure case analysis and closed-loop driving performance, is
increasingly important to ensure that perception errors do not propagate
into unsafe planning behaviors. Overall, these metrics provide a more
holistic evaluation framework that goes beyond detection accuracy and
better reflects real-world autonomous driving requirements.

3.6. Discussion

The development of autonomous driving datasets exhibits three no-
table characteristics. First, dataset sizes have grown rapidly, with the
number of samples in mainstream benchmarks rising from approxi-
mately 15,000 frames [54] to over 230,000 frames [65]. Second, 3D
datasets provide far fewer annotated instances compared to 2D datasets.
For example, the 2D dataset ImageNet [71] contains 1.4 million anno-
tated images, whereas widely used 3D datasets such as ONCE [68] and
Argoverse [66] contain only 417k and 993k annotations, respectively,
highlighting a substantial gap between 2D and 3D data resources. Third,
data collection is increasingly oriented toward multi-modal [76], high-
density [63], and long-sequence recordings [69]; under such data char-
acteristics, the spatiotemporal alignment [79] across different modali-
ties becomes more challenging, and the substantial redundancy in con-
tinuous scenes further complicates the understanding of complex driving
environments.

Moreover, the object classes in these datasets are limited and often
imbalanced. As shown in Fig. 5, the proportions of vehicles, pedestri-
ans, and cyclists vary substantially across datasets. Small-object cate-
gories are typically underrepresented, whereas large-object categories,
such as cars, constitute the majority of annotations. Consequently, cur-
rent 3D object detection models tend to exhibit suboptimal performance
on small objects, largely due to these inherent dataset limitations.

4. 3D object detection paradigms

The core task of 3D object detection can be formally defined as fol-
lows: given a sensor or multi-modal sensor input stream S from an au-
tonomous driving scenario—typically comprising LiDAR point clouds,
RGB images, or other complementary modalities—the goal is to learn
a mapping function f,,, : S — B, where B denotes the set of predicted
3D bounding boxes along with their corresponding semantic class labels
[80,81].

B = fdet(S)’ (6)
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Table 3
LiDAR sensor vs. Camera sensor. "FOV" stands for field of view, and "FPS" represents frames per second.
Type LiDAR/Image Format FOvV FPS Cost Advantage Disadvantage
Velodyne HDL-64 binary float 360° 10Hz R Pr§01§e 3D ) Sensitive to
matrix geometric information bad weather
. " low cost Lack of
Color camera png format 60° -90 15Hz $255 Rich semantic information depth information
5 . lowest cost Lack of
Gray camera png format 60° - 90 20Hz $134 High frame rate depth information
class in {Car,Ped,Cyc} g 4 clouds into denser feature representations, achieving efficient and accu-
(X,%,2) . S = rate 3D detection. Pointformer [97] innovatively introduces the Trans-
Y .~ h e € former mechanism, providing long-range dependency modeling capa-
~ - 1 \/' 'y i bilities for point cloud processing. 3DSSD [95] designs a fusion-based
/;; < sampling strategy that combines feature and geometric space, better pre-
: . serving representative points while avoiding interference from excessive
Camera modality heading angle : 6 LIDAR modality background points. Point-GNN [96] models point clouds as graph struc-

Fig. 6. 3D detection results in autonomous driving. The camera and LiDAR
samples are from [1].

where B = {x,y,z,1,w, h, 0, class} is the collection of 3D objects in N sce-
narios, fy,, is a 3D object detection model, {x, y, z} is the 3D center coor-
dinate of the predicted detection box. {/, w, h} denote the length, width,
and height of the cuboid, respectively, while 0 represents the heading
angle of the cuboid on the ground plane. The variable c/ass indicates the
category of the 3D object, such as car, pedestrian, or cyclist. As shown
in Fig. 6, sensor inputs can be broadly categorized into LiDAR point
clouds and images. Table 3 provides a detailed comparison between Li-
DAR sensor and Camera sensor. Notably, due to the large number of Li-
DAR sensor brands—such as Velodyne, Ouster, Hesai, RoboSense, and
Livox—their performance and prices vary significantly; therefore, Only
the price of the camera sensor is reported, which is sourced from [13]. In
this section, we provide a brief overview of commonly used algorithms
[82-87] corresponding to these two types of sensors.

4.1. LiDAR-based 3D object detection

LiDAR-based 3D object detection [88-93] has long been a key re-
search focus in autonomous driving. Below, we briefly review exist-
ing LiDAR-based 3D detection methods, including point-based (Sec-
tion 4.1.1), voxel-based (Section 4.1.2), and point-voxel fusion ap-
proaches (Section 4.1.3). A chronological summary of these methods
is illustrated in Fig. 7.

4.1.1. Point-based 3D object detection

Traditional point-based methods generally consist of three main
stages: sampling, feature learning, and final prediction, as illustrated
in Fig. 8(a). The sampling stage aims to select representative subsets
of points from raw point clouds, with commonly used strategies in-
cluding farthest point sampling (FPS) [114], random sampling (RS)
[93], density-based sampling (DS) [118], and voxel-based sampling (VS)
[7]. The sampled points are subsequently fed into a feature learning
network—such as multi-layer perceptrons (MLPs) [119], transformers
[120], or graph convolutional networks (Graph CNNs) [121]—to ex-
tract discriminative feature representations. Finally, a prediction head
[108] is employed to perform tasks such as 3D object detection and ob-
ject localization.

Notable examples include PointNet [80], which first enabled direct
deep learning modeling of unordered point cloud data; its enhanced ver-
sion, PointNet + + [119], effectively captures local geometric structures
through hierarchical feature extraction. SFD [122] converts sparse point

tures and employs Graph Neural Networks (GNNs) to enhance feature,
addressing the limitations of traditional point cloud methods in local
neighborhood modeling.

Due to the need to process a large amount of unordered point cloud
data, point-based methods typically require substantial computational
resources, which poses significant challenges when handling large-scale
datasets.

4.1.2. Voxel-based 3D object detection

To reduce computational cost and memory consumption while en-
abling efficient large-scale 3D scene processing, voxel-based 3D object
detection methods provide a structured representation for feature ex-
traction and bounding box prediction by discretizing unordered point
clouds into regular 3D voxel grids, as shown in Fig. 8(b). Two common
types of voxel-based methods are voxel grid-based [89,102] and pillar
grid-based [123,124] approaches. After voxelization, the encoded vox-
els are fed into feature learning networks [116] for representation ex-
traction, and the learned features are typically projected onto the bird’s-
eye view (BEV) [89,91] plane for final prediction.

The pioneering work VoxelNet [125] first enabled end-to-end voxel
feature learning, significantly improving detection performance. Sub-
sequently, PointPillars [123] introduced a pillar-based voxel repre-
sentation, converting 3D convolutions into efficient 2D convolutions
and greatly accelerating inference. SECOND [88] effectively reduced
the computational cost of conventional 3D convolutions by employing
sparse convolutions. To further optimize both accuracy and efficiency,
Voxel R-CNN [7]designed a voxel Rol pooling operation, which substan-
tially enhanced detection precision while maintaining real-time perfor-
mance. In recent years, driven by breakthroughs in Transformers for
visual tasks and the demand for lightweight designs, several novel ap-
proaches have emerged. CenterPoint [102] represents objects as center
points (keypoints) rather than traditional boxes or voxel sets, simpli-
fying modeling complexity and improving efficiency. FocalFormer3D
[126] incorporates the identification and mining of hard-to-detect sam-
ples into a multi-stage detection training process, enhancing the model’s
attention to challenging instances and recall.

Voxel-based methods effectively reduce computational cost while en-
hancing the ability to model local point cloud structures, and have be-
come the mainstream approach in 3D object detection.

4.1.3. Point-voxel-based 3D object detection

Hybrid point-voxel-based [8,94,114-117] 3D object detection
achieves significant performance improvements by leveraging the com-
plementary properties of point clouds and voxels, the framework is il-
lustrated in Fig. 8(c).
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Fig. 8. LiDAR-based 3D detection architectures include point-based, voxel-based, and point-voxel fusion-based methods.

For example, STD [94] proposes an innovative two-stage detection
framework: the first stage generates initial candidate boxes from point
features, while the second stage refines these boxes using voxel fea-
tures. PV-RCNN [8] combines the computational efficiency of voxel-
based CNNs with the geometric fidelity of point features through a
carefully designed multi-scale feature fusion mechanism, significantly
improving detection performance. SA-SSD [113] introduces an effi-
cient deformable operation that aligns the classification confidence
with the predicted bounding boxes, enhancing the fusion efficiency and
thereby improving detection accuracy. VP-Net [116] treats voxel rep-
resentations as points and effectively integrates the structural infor-
mation of voxels with point-level features, enabling efficient fusion of
point cloud and voxel features. This allows the network to better cap-
ture fine-grained spatial information. Although point-voxel fusion meth-
ods achieve superior performance, they often suffer from high train-
ing costs and strong dependencies, which has led to a decreasing num-
ber of studies in this direction. LargeKernel3D [104] decomposes large
convolutional kernels into multiple small spatial regions with shared

weights, reducing parameter count. Unlike conventional channel-wise
weight sharing, spatial weight sharing better captures spatial relation-
ships. During inference, these spatially partitioned convolutions are re-
combined into standard convolutions, maintaining computational effi-
ciency. Point-Voxel-based 3D detection combines point-level geomet-
ric detail with voxel-based structural efficiency, achieving a balance
between accuracy and efficiency. However, it introduces additional
computational complexity and potential quantization errors due to
voxelization.

4.1.4. Analysis

LiDAR-based 3D object detection methods can be categorized into
point-based, voxel-based, and point-voxel-based approaches. Point-
based methods preserve fine geometric details and achieve high accu-
racy but suffer from high computational cost and limited scalability due
to irregular data processing. Voxel-based methods improve efficiency
through structured representation and convolutional operations, but in-
troduce quantization errors and lose fine spatial information. Point-
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A comprehensive performance analysis of LIDAR-based 3D object detection methods across multiple datasets. We report the inference time as originally reported
in the respective papers, along with AP| (%) for 3D car detection on the KITTI test benchmark, mAP (%) and NDS scores on the NuScenes test set, and Level
1 (L1) and Level 2 (L2) mAP on the Waymo validation set. We sort these methods by publication year and group them according to the type of sensor input.

Method Type Year Inference
Time (ms) KITTI Car NuScenes Waymo Vehicle Contribution
Easy Mod. Hard mAp NDS L1 L2

PointRCNN [92] Point CVPR2019 100 85.94 75.76 68.32 - - - - 3D proposals from point

STD [94] Point ICCV2019 80 86.61 77.63 76.06 — — — — Proposal Generation

3D-SSD [95] Point CVPR2020 38 88.36 79.57 7455 426 56.4 - - Single stage frame

Point-GNN [96] Point CVPR2020 640 88.33 79.47 7229 - - - - Introduce graph structure

Pointformer [97] Point CVPR2021 - 87.13 77.06 69.25 53.6 - - - Take transformer into 3D

TA-SSD [98] Point CVPR2022 12 88.34 80.13 75.04 - - - - Not all points are equal

SVGA-Net [99] Point AAAI2022 - 87.33 80.47 75.91 - - - - Spherical Voxel Grouping

MSF [100] Point CVPR2023 8 - - - - 80.65 75.46  Motion-guided Sequential Fu-
sion

Ptt [101] Point CVPR2024 64 - = = - 81.32 75.71 Trajectory with point

SECOND [88] Voxel Sensors2018 50 83.13 73.66 66.20 - - - - 3D sparse convolution

CenterPoint [102] Voxel CVPR2021 70 58.0 65.5 76.7 68.8 Center-based framework

Voxel R-CNN [7] Voxel AAAI2021 40 90.90 81.62 77.06 - - 75.5 66.5 Voxel Rol Pooling

PillarNet [103] Voxel ECCV2022 - - - - - 74.2 65.5 Efficient voxel feature encoder

VoxelNeXt [89] Voxel CVPR2023 66 89.10 80.35 76.99 66.0 71.4 83.2 76.0 Completely sparse voxel pro-
cessing

LargeKernel3D [104] Voxel CVPR2023 14 - - - - 78.0 69.8 Spatial-wise Partition Convo-
lution

SAFDNet [105] Voxel CVPR2024 - - - 66.3 71.0 81.9 76.5 Adaptive Feature Diffusion

SEED [106] Voxel ECCV2024 - - - 66.2 71.2 79.7 71.8 Deformable Grid Attention

VoxelMamba [91] Voxel NelPS2024 12 - - 67.5 71.9 80.8 72.6 Group-Free serialization strat-
egy

LION [107] Voxel NelPS2024 — — — 68.0 72.1 80.3 72.0 Linear RNN

Re-VoxelDet [108] Voxel WACV2024 - - - 64.6 70.5 78.7 73.3 Multi-view Voxel Backbone

SAFDNet [105] Voxel CVPR2024 - - - - 68.3 72.3 81.9 76.5 Fully Sparse Architecture

SparseDet [109] Voxel TGRS2024 - 90.79 81.17 78.11 66.7 71.9 - - End-to-End Sparse Framework

LISO [110] Voxel ECCV2024 - - - - - - - - Self-supervised 3D detection
framework

UniMamba [90] Voxel CVPR2025 - - - - 68.5 72.6 80.6 72.2 Voxel serialization

PV-RCNN [8] P.+V. CVPR2020 80 90.25 81.43 76.82 — - 77.5 68.9 Combine point with voxel

SPVNAS [111] P.+V. ECCV2020 - 87.81 78.43  74.85 - - - - Sparse voxels + lightweight
point branches

CT3D [112] P.+V. ICCV2021 - 87.83 81.77 77.16 - - 76.3 69.0 Channel-Wise Decoding Mod-
ule

SA-SSD [113] P.+V. CVPR2020 40 88.75 79.79 74.16 - - - - Structure-Aware Single-Stage
detection

PV-RCNN + + [114] P.+V. 1JCV2023 - 90.14 81.88 77.15 - - 79.2 70.6 Sectorized  Proposal-Centric
Sampling

APVR [115] P.+V. TAI2023 91.45 82.17 78.08 58.6 65.9 - - Lightweight Point-Voxel char-
acterization

VP-Net [116] P.+V. TGRS2023 59 90.46  82.03  79.65 - - - - Internal association modeling

Pvtransformer [117] P.+V. ICRA2023 - - - - - 84.8 77.3 Transformer in pooling

voxel-based methods balance accuracy and efficiency by combining
both representations, while increasing model complexity. Overall, these
methods reflect a trade-off between representation fidelity and computa-
tional efficiency. Table 4 provides a comprehensive summary of existing
representative LiDAR-based 3D detection methods. For each method, we
also highlight its most notable contribution.

4.2. Camera-based 3D object detection

Cameras are among the most widely used sensors in autonomous ve-
hicles. With the rapid advancement of 2D object detection techniques,
researchers have progressively extended these methods to 3D percep-
tion, leading to a variety of image-based approaches [82,127,129,132,
133,137] for 3D object detection. As a result, camera-only 3D detection
can achieve competitive performance at a relatively low cost, benefit-
ing from high-resolution images and advanced neural network archi-
tectures. In some certain tasks [86,143,147], it can even outperform
LiDAR-based methods. In the following, we explore 3D object detection
algorithms under different camera configurations, including monocular-
based (Section 4.2.1), stereo-based (Section 4.2.2), and multi-view-
based (Section 4.2.3) methods. Meanwhile, Fig. 9 presents a chronolog-

ical overview of representative camera-based 3D object detection meth-
ods.

4.2.1. Monocular-based 3D object detection

Monocular cameras provide dense semantic information in the form
of pixel intensities, capturing rich shape and texture cues within a scene.
Such visual cues can be further leveraged for 3D object detection. Al-
though monocular systems inherently lack explicit depth information,
they are inexpensive, easy to deploy, and have become indispensable
sensors in autonomous driving. Consequently, an increasing number
of studies have focused on advancing monocular 3D object detection
[82,83,127-130,132-134] in recent years.

For instance, Mono3D [148] leverages geometric priors, especially
ground truth information, to generate class-specific 3D candidate re-
gions. These candidates are then evaluated using semantic and posi-
tional features and subsequently fed into a CNN for classification and
bounding box regression. Mono3D + + [149] utilizes a deformable wire-
frame frame to precisely characterize vehicle shape and pose. Simul-
taneously, a 3D bounding box model is constructed as a coarse shape
representation to improve robustness against unstable or inaccurate
2D features , achieving a balance between precision and robustness.
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Fig. 9. Chronological overview of the Camera-based 3D object detection methods.
Table 5

A comprehensive performance analysis of camera-based 3D object detection methods across dif-
ferent datasets. The inference time and performance accuracy as originally reported in the re-

spective paper.

Method Type Year Inference
Time (ms) KITTI Car ‘ NuScenes

Easy Mod. Hard mAP NDS
MonoDIS [127] Mon ICCV2019 100 10.3 7.9 6.4 30.4 38.4
MonoPair [82] Mon CVPR2020 60 13.0 9.9 8.6 - -
PatchNet [128] Mon. ECCV2020 400 15.6 11.1 10.1 - -
MonoDTR [129] Mon CVPR2022 37 21.9 15.3 12.7 - -
MonoDETR [130] Mon ICCV2023 38 25.0 16.4 13.5 - -
OBMO [131] Mon. TIP2023 - 22.7 15.7 13.2 - -
MonoCD [132] Mon CVPR2024 36 25.5 16.5 14.5 - -
Monowad [133] Mon. ECCV2024 - 28.1 20.3 16.9 = -
FD3D [83] Mon AAAI2024 40 25.3 17.1 14.5 43.1 48.5
MonoDGP [134] Mon CVPR2025 - 26.3 18.7 15.9 - -
MonoTAKD [28] Mon CVPR2025 - 27.9 19.4 16.5 - -
Stereo R-CNN [135] Ste. CVPR2019 420 47.5 30.2 23.7 - -
OC-Stereo [136] Ste. ICRA2020 350 55.1 37.6 30.2 - -
LIGA-Stereo [84] Ste. ICCV2021 350 81.3 64.6 57.2 - -
SNVC [137] Ste. AAAI2022 - 78.5 61.3 54.2 - -
StereoDistill [138] Ste. AAAI2023 - 81.6  66.3 57.3 - -
DETR3D [139] M.V. PMLR2022 - - - - 41.2 47.9
BEVDepth [140] M.V. AAAI2023 - - - - 52.0 60.9
BEVStereo [141] M.V. AAAI2023 - - - - 52.5 61.0
FB-BEV [85] M.V. CVPR2023 225 - - - 53.7 62.4
BEVNeXt [142] M.V. CVPR2024 227 - - - 55.7 64.2
RayDN [143] M.V ECCV2024 - - - - 56.5 64.5
DualBEV [86] M.V. ECCV2024 - - - - 55.2 63.4
G-DETR4D [144] M.V TIP2024 - - - - 54.1 62.0
CorrBEV [145] M.V CVPR2025 - - - - 56.2 64.0
DysSS [87] M.V. CVPR2025 - - - - 57.4 65.3
GeoBEV [146] M.V. AAAI2025 - - - - 57.9 66.2

MonoDIS [127] decouples different parameter groups in 2D and 3D de-
tection losses, thereby avoiding interference between multiple regres-
sion tasks and complex weight tuning, which enhances training stability
and convergence speed. MonoPair [82] introduces pairwise spatial rela-
tionships, leveraging adjacent objects to assist the detection of occluded
targets and thereby improving robustness. Monotta [150] proposes a
novel dynamic threshold mechanism to adaptively screen trusted tar-
gets, maintaining the flexibility and robustness of the adaptation pro-
cess. However, it is fundamentally limited by depth ambiguity and lack
of explicit geometric cues, resulting in lower accuracy and weaker ro-
bustness compared to LiDAR-based methods, especially in complex or
occluded environments.

4.2.2. Stereo-based 3D object detection

Compared with monocular cameras, stereo cameras provide more
accurate depth estimation, thereby enabling higher detection accuracy.
However, this advantage comes at the cost of substantially increased
computational complexity and system overhead. Despite these chal-

lenges, some studies continue to explore stereo-based 3D object de-
tection [84,136-138,151], aiming to balance depth accuracy with ef-
ficiency and practicality.

For example, 3DOP [81] formulates 3D proposal generation as an
energy minimization problem, producing diverse and accurate candi-
date boxes while effectively handling occlusions and scale variations.
Stereo R-CNN [135] enhances proposal quality by linking multi-scale
features from the left and right images and aligning Rols across views,
enabling precise 3D box reconstruction. TLNet [152] establishes geo-
metric correspondences between stereo image regions through 3D an-
chors, allowing efficient 3D localization without relying on dense depth
maps. IDA-3D [151] further simplifies the stereo-based pipeline by pre-
dicting the depth of 3D box centers in an end-to-end manner using only
RGB inputs and 3D labels. BEVStereo [141] improves depth estimation
for moving objects via dynamically selected matching intervals and a
temporal-stereo module. Finally, VCD-A [153] incorporates LiDAR as
a depth prior and adopts a trajectory distillation strategy to refine ob-
ject motion, benefiting both static and dynamic target detection. Cur-
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Fig. 10. Chronological overview of the LiDAR-camera fusion 3D object detection methods.

rently,research on stereo-based 3D object detection remains relatively
limited. And although it incurs substantially increased computational
cost, its performance still falls behind that of multi-view-based 3D de-
tection methods.

4.2.3. Multi-view-based 3D object detection

Multi-view data, arranged in a surround-view configuration, pro-
vide reliable depth information, enabling multi-view-based methods
to achieve significantly superior performance compared with other
approaches. Significantly, LSS [9] introduces a pioneering “Lift—
Splat-Shoot” paradigm to address BEV perception tasks using multi-
view cameras. This approach consists of three core steps: Lift—
performing depth prediction at the pixel level to project multi-view
image features into a 3D frustum with discretized depth bins; Splat—
unprojecting the 3D frustum into a unified bird’s-eye view (BEV) plane,
thereby achieving an end-to-end transformation from image features to
BEV features; and Shoot—conducting downstream perception tasks di-
rectly on the generated BEV feature map. This paradigm has since be-
come the foundation for numerous subsequent studies.

For example, BEVDet [10] adopts the LSS paradigm, incorporating
task-specific data augmentation and optimized NMS to enhance gen-
eralization and detection accuracy. BEVDepth [140] leverages LiDAR-
provided ground-truth depth to supervise the depth prediction module,
improving depth estimation. BEVDistill [154] addresses the challenge
of cross-modal feature transfer by unifying LiDAR and camera features
in the BEV space and employing a teacher—student framework for high-
precision localization. SparseBEV [147] introduces an end-to-end sparse
query detector with single-stage decoding and self-attention for effi-
cient multi-scale feature aggregation, eliminating the need for dense
BEV maps. FB-BEV [85] combines forward and backward projection to
lift 2D features to 3D and refine BEV features via depth, enhancing fea-
ture density and accuracy. BEVHeight [155] regresses pixels to ground
height rather than depth, achieving distance-independent detection and
simplifying optimization. DualBEV [86] proposes a unified 2D-3D fea-
ture transformation framework with probabilistic correspondence met-
rics to improve efficiency and accuracy. GeoBEV [87] enhances BEV fi-
delity through radial-Cartesian sampling, improving spatial resolution
and geometric structure preservation.

Multi-view-based 3D object detection [85,87,139,141-143,146] has
emerged as a major research direction. By exploiting geometric con-
straints across different views, these methods effectively reconstruct the
spatial structure and achieve detection accuracy comparable to LiDAR-
based approaches.

4.2.4. Analysis

In summary, Camera-based 3D object detection can be categorized
into monocular, stereo, and multi-view methods. Monocular approaches
are cost-efficient but suffer from depth ambiguity and limited robust-
ness. Stereo methods improve depth estimation using binocular geom-
etry, yet rely on accurate calibration and degrade in challenging vi-
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sual conditions. Multi-view methods provide better spatial coverage
and higher accuracy but incur higher computational cost. Overall, these
methods reflect a trade-off between cost, accuracy, and efficiency. Ta-
ble 5 systematically summarizes the progress of these methods across
different datasets.

4.3. LiDAR-camera fusion 3D object detection

LiDAR-camera fusion for multi-modal 3D object detection has be-
come a key component of modern autonomous driving perception sys-
tems. LiDAR point clouds provide precise 3D geometric information,
enabling accurate estimation of object size, position, and orientation. In
contrast, camera images offer rich color, texture, and semantic cues,
which effectively complement LiDAR data—particularly in scenarios
with sparse point clouds or geometrically similar objects. By integrating
these complementary modalities, fusion-based methods [15,157-163]
significantly enhance detection accuracy and robustness. Fusion strate-
gies are typically categorized into early fusion (Section 4.3.1), middle
fusion (Section 4.3.2), and late fusion (Section 4.3.3). A chronological
overview of representative LIDAR-camera fusion-based multi-modal 3D
detection methods is presented in Fig. 10. We illustrate the specific im-
plementations of these three fusion strategies in Fig. 11.

4.3.1. LiDAR—camera early-fusion for 3D object detection

Early fusion [120,157,158,164-166] refers to the integration of raw
or minimally preprocessed data from different modalities—typically Li-
DAR point clouds and camera images—at the initial stage of sensor data
processing. This approach generates a unified, enriched data represen-
tation, which is then fed into a single detection network.

For example, Complexer-YOLO [167] extends the YOLO-style detec-
tor to LiDAR point clouds, achieving a balance between accuracy and
real-time performance by using semantically segmented points to re-
duce redundancy and eliminate costly proposal-generation procedures.
PointPainting [14] adopts a sequential fusion strategy that projects Li-
DAR points onto the image plane and appends semantic probability vec-
tors from image segmentation, forming a semantically enriched point
cloud for downstream 3D detectors. MMF [168] integrates LiDAR ge-
ometry with image semantics to improve detection accuracy, while Fu-
sionPainting [120] performs independent 2D/3D semantic segmenta-
tion and fuses the resulting features at the voxel level. F-PointPillars
[164] applies a multi-stage fusion pipeline that uses 2D detections to
generate frustums and refines them with LiDAR points, preserving both
semantic cues and geometric details. EA-LSS [169] generates sparse
multi-view depth maps from point clouds, densifies them via expansion,
and fuses them with edge maps under weighted supervision, leading to
more accurate depth estimation and more effective multi-modal fusion.

In recent years, early fusion-based methods have been increasingly
supplanted by middle- and late-fusion strategies due to their limited
flexibility in handling heterogeneous modalities and high computational
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Fig. 11. Architecture of LiDAR-camera fusion 3D detection. LSS module is from [156].

cost arising from operating directly on raw or low-level feature align-
ment. In particular, early fusion requires strict temporal and spatial syn-
chronization and often suffers from noise amplification when combining
unprocessed sensor inputs, which makes it less robust in complex real-
world driving scenarios.

4.3.2. LiDAR—camera middle-fusion based 3D object detection

Middle fusion [158,159,165,173,175,176,187-192] is the most
widely adopted and flexible multi-modal fusion strategy. Its core idea
is to first process each modality using its dedicated feature extraction
network to obtain high-level feature representations. These modality-
specific features are then deeply fused through various mechanisms—
such as learnable fusion convolution [193], graph structure [144], or
cross-modal transformers [187]—to achieve effective information inte-
gration. By combining features at a semantically rich stage while pre-
serving modality uniqueness, middle-level fusion offers a favorable bal-
ance between robustness and fine-grained interaction, making it a dom-
inant paradigm in multi-sensor perception.

For example, PointFusion [194] proposes a general multi-modal
framework in which image features extracted by a CNN and point cloud
features obtained via PointNet are jointly fused for 3D bounding box
prediction. TransFusion [175] introduces a Transformer-based fusion
mechanism with soft association, reducing the dependence on strict cal-
ibration and improving robustness under degraded image quality or sen-
sor misalignment. DeepFusion [195] ensures accurate spatial alignment
between LiDAR and image features during data augmentation by revers-
ing geometric transformations, making it compatible with most detec-
tion architectures while boosting performance. BEVFusion [176] uni-
fies LiDAR and camera features in a shared bird’s-eye view (BEV) space
with minimal architectural changes, enabling seamless multi-modal fu-
sion. This approach preserves complementary geometric and seman-
tic information from both modalities and supports a range of 3D per-
ception tasks, including detection and segmentation, while maintain-
ing computational efficiency. GraphAlign [196] and GraphAlign+ +
[197] formulate multi-modal feature fusion as a graph matching prob-
lem for 3D object detection, where cross-modal features are modeled
as graph nodes to explicitly capture correspondences for more accurate
alignment. GraphAlign+ + further enhances fusion quality by improv-
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ing graph construction and matching strategies, resulting in more ro-
bust and discriminative feature integration in complex driving scenarios.
GaussianPretrain [198] introduces a unified 3D Gaussian representation
for visual pre-training in autonomous driving, which encodes multi-view
inputs into a compact 3D Gaussian scene model to enhance spatial un-
derstanding and downstream perception performance.

Currently, most methods employ Transformers [199], attention
mechanisms [112], or BEV alignment [156] to facilitate deep fea-
ture interaction [130], with a particular emphasis on spatial alignment
[79] and adaptive weighting [120] to improve detection performance
for small or occluded objects. Consequently, mid-level fusion has be-
come the dominant paradigm for multi-modal 3D detection, finding
widespread application in autonomous driving and robotic perception.

4.3.3. LiDAR—camera Late-fusion based 3D object detection

Late fusion [179,185,186] processes each modality through an in-
dependent branch and combines their outputs using a fusion network
at the prediction stage. This strategy better leverages the strengths of
modality-specific architectures while avoiding the alignment challenges
arising from cross-sensor discrepancies.

CLOCs [162] performs fusion at the detection-result level, offering
high flexibility and compatibility. It can be integrated with nearly any
existing network architecture without retraining or structural modifi-
cation, while incurring negligible computational overhead—making it
well suited for practical deployment. Fast-CLOCs [163] builds upon
CLOCs by introducing a more efficient fusion pipeline that further im-
proves both 3D detection accuracy and runtime performance. Pai3D
[184] utilizes an image instance segmentation model to obtain 2D masks
and semantic labels, which are projected onto the point cloud to gener-
ate initial 3D instance priors. Each LiDAR point is assigned an instance
ID and semantic label, after which the method refines projection errors
and extracts more precise geometric cues to estimate accurate 3D in-
stance centers.

Due to their strong robustness, late-fusion methods continue to serve
as the mainstream paradigm in multi-sensor fusion frameworks. How-
ever, their ability to capture fine-grained feature interactions is lim-
ited, and they are often combined [179,186] with middle fusion ap-
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A comprehensive performance analysis of LiDAR-Camera fusion 3D object detection methods across different datasets. We categorize the fusion
methods into three types and report the GPU versions used for training and the inference time and performance accuracy as originally reported in

their respective papers.

Method fusion Stage Year Inference
Time (ms) GPU KITTI Car NuScenes Waymo Vehicle

Early Middle Late Easy Mod. Hard mAp NDS L1 L2
F-PointNet [170] v CVPR2018 - - 81.20 70.39 6219 - = = =
F-ConvNet [171] v IROS2019 - - 85.88 76.51 68.08 - - - -
RoarNet [172] v IROS2019 100 - 8395 75.79 67.88 - - - -
PointPainting [14] v CVPR2020 - - 82.11 71.70  67.08  46.4 58.1 - -
PointAugmenting [15] v NeIPS2021 542 V100 - - - 66.8 71.0 67.41 62.70
MVP [157] v NelPS2021 - V100 - - - 66.4 70.5 - -
EPNet+ + [158] v TPAMI2022  — V100 91.37 81.96 76.71 - - - -
PPF-Det [166] v TITS2024 29 Titan X 89.51 84.46 78.91 - - - -
MSF [165] v TGRS2024 63 V100 - - - 68.2 716 - -
AVOD [159] v IROS2018 100 Titan X 81.94 71.88 6638 - - - -
ContFuse [173] v ECCV2018 60 82.54 66.22 64.04 - - - -
MMF [168] v CVPR2019 80 86.81 76.75  68.41 - = - -
3D-CVF [174] v ECCV2020 75 1080Ti 89.20 80.05 73.11 52.7 623 - -
TransFusion [175] v CVPR2022 265 V100 - - - 68.9 71.7 - -
BEVFusion [176] v ICRA2023 119 3090 - - - 70.2 729 - -
LoGoNet [177] v CVPR2023 - - 92.04 85.04 84.31 - - 83.21 75.84
FSF [178] v TPAMI2024 141 3090 - - - 70.6 740 - -
GraphBEV [79] v ECCV2024 141 A100 - - - 71.7 73.6 - -
SparseLIF [179] v ECCV2024 A100 - - - 71.2 74.6 - -
DAL [180] v ECCV2024 3090 - - - 71.5 740 - -
IS-Fusion [181] v CVPR2024 - - - 73.0 752 - -
EVT [182] v ICCV2025 - 3090 - - - 72.1 74.6 - -
MambaFusion [183] v ICCV2025 - A100 - - - 72.7 75.0 - -
CLOCs [162] v IROS2020 150 1080 Ti 88.94 80.67 7715 - - - -
Fast-CLOCs [163] v WACV2022 125 3080 89.11 80.34 76.98 63.1 68.7 - -
Pai3d [184] v ECCV2022 - Tesla P40  — - = 64.7 68.4 - =
LT3D 4 ICLR2023 - - - - - 64.7 68.4 - -
Sparsefusion [185] v v ICCV2023 - A6000 - - - 72.8 70.4 - -
SparseLIF [179] v v ECCV2024 - - - - - 71.2 746 - -
ViKLENet [186] v v CVPR2025 15 3090 91.20 86.04 81.18 68.7 - - -

proaches to enhance perception performance rather than being used in
isolation.

4.3.4. Analysis

Currently, Multi-modal 3D object detection can be categorized into
early, middle, and late fusion. Early fusion enables strong cross-modal
interaction but is sensitive to noise and computationally expensive. Late
fusion is efficient and flexible but fails to fully exploit cross-modal corre-
lations. Middle fusion achieves a better balance by integrating interme-
diate representations and has become the dominant paradigm in BEV-
based methods due to its superior trade-off between accuracy and ef-
ficiency. Table 6 provides a summary of representative LiDAR-camera
fusion methods for multi-modal 3D object detection.

4.4. From 3D object detection to end-to-end autonomous driving, world
models, and VLA

Traditional autonomous driving systems are built upon modular per-
ception pipelines, where 3D object detection serves as a key component
for scene understanding, typically followed by separate prediction and
planning stages relying on intermediate representations such as bound-
ing boxes or BEV features. Recently, a paradigm shift toward end-to-end
autonomous driving has emerged [200-208], enabling joint optimiza-
tion of perception and decision-making and reducing error accumulation
across modules. Within this trend, world models learn predictive rep-
resentations of environment dynamics for simulation and long-horizon
planning, while VLA models further unify perception, reasoning, and
action within a single framework. Representative works include Guide-
Flow [202], which introduces constraint-guided flow matching for safe
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and feasible trajectory generation; GAIA-2 [209], a controllable multi-
view diffusion-based world model for realistic driving scene simula-
tion; and failure-aware VLA learning [203], which improves robustness
through explicit learning from failure cases.

4.4.1. Analysis

Overall, this evolution from modular perception to end-to-end driv-
ing, world models, and VLA reflects a shift toward unified, foundation-
model-driven autonomous driving systems. Compared with traditional
modular pipelines, which decompose perception, prediction, and plan-
ning into independent stages and rely heavily on intermediate repre-
sentations such as bounding boxes or BEV features, unified paradigms
reduce error accumulation across stages and enable joint optimization
of perception and decision-making. In addition, they allow richer mul-
timodal reasoning and global trajectory optimization, improving gener-
alization in complex and long-tail driving scenarios. However, these ad-
vantages come at the cost of significantly increased data requirements,
as large-scale multimodal pretraining becomes essential for robust per-
formance. Moreover, the high computational and memory overhead of
foundation models limits real-time deployment on onboard systems,
while their end-to-end nature reduces interpretability and makes safety
validation more challenging compared to modular systems with explicit
intermediate states.

4.5. Discussion

Camera-based methods provide low-cost and high-resolution seman-
tic information but suffer from depth ambiguity and environmental sen-
sitivity, while LiDAR-based methods offer accurate 3D geometry but
are limited by sparsity and high cost. Multi-modal fusion addresses
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Fig. 12. Top-10 methods on the KITTI, NuScenes and Waymo dataset. The hor-
izontal axis represents the specific methods, while the vertical axis represents
the mean average precision.

these limitations by exploiting complementary information, achieving
improved robustness and accuracy. Beyond fusion, recent end-to-end
autonomous driving methods jointly optimize perception, prediction,
and planning, reducing reliance on intermediate representations but
introducing challenges in interpretability and deployment. More re-
cently, VLA systems further integrate perception, reasoning, and action
into a unified framework, enhancing decision-making capability while
requiring large-scale data and high computational resources. Overall,
autonomous driving paradigms are evolving from sensor-level fusion
to end-to-end systems and VLA, reflecting a trade-off between perfor-
mance, efficiency, and deployability.

Fig. 12 presents the top-performing methods on the three benchmark
datasets, and we only include methods that provide links to accessible
paper codes. Notably, the top 10 entries on both the KITTI [54] and
NuScenes[64] leaderboards are all multi-modal fusion approaches, and
two fusion-based methods also appear among the leading approaches
on the Waymo [65] leaderboard. This highlights the substantial per-
formance gains enabled by cross-sensor fusion. However, these im-
provements come at the cost of increased computational demands and
greater deployment complexity. This trend has driven the development
of lightweight designs, making knowledge distillation [29,210-212] a
promising strategy for balancing accuracy and efficiency in future 3D
detection frameworks.
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5. Knowledge distillation methods

Knowledge distillation [129,213,214] is regarded as a typical
paradigm of “Have both fish and bear’s paw.” Its core idea lies in trans-
ferring the knowledge in a large-scale teacher model to a lightweight
student model, enabling the student to achieve performance comparable
to, or even surpassing, the teacher while maintaining low computational
and storage costs.

This property is particularly crucial for LIDAR-based 3D object de-
tection, where models typically rely on high-resolution voxelization
[8], complex 3D backbone networks [175], and dense multi-scale fea-
ture interactions [149], resulting in excessive parameter redundancy,
high inference latency, and prohibitive deployment costs on resource-
constrained platforms such as in-vehicle edge devices. Compared with
2D vision tasks [22], 3D object detection [102] additionally requires the
regression of high-dimensional geometric attributes and must cope with
challenges including severe point cloud sparsity, non-uniform spatial
distributions, and substantial variations across sensor configurations,
which impose more stringent demands on feature representation ca-
pacity and training stability. By leveraging knowledge distillation, the
structured spatial perception ability [211], global contextual informa-
tion [25], and inter-class discriminative [215] knowledge embedded
in teacher models can effectively guide the learning process of stu-
dent models, thereby mitigating the performance degradation of low-
capacity networks [49,216] in complex 3D scenes. Moreover, knowledge
distillation can be combined with other model compression techniques,
such as pruning [49] and quantization [217], to further enhance the per-
formance and deployment efficiency of student models. Consequently,
developing effective knowledge distillation strategies tailored to 3D ob-
ject detection has become a critical research direction for improving
detection accuracy, robustness, and practical deployability. Knowledge
distillation in 3D object detection is generally categorized into three
major paradigms: feature distillation (Section 5.1), relation distillation
(Section 5.2), and response distillation (Section 5.3). In this chapter, we
provide a detailed exposition of the distinctions among these paradigms
and present extensive illustrative figures to facilitate a clear understand-
ing for readers.

5.1. Feature distillation

Feature distillation [16,28,129,193,218-222] is among the most
widely adopted knowledge distillation strategies in 3D object detection.
Unlike output-level distillation [213,223], which only aligns the final
predictions of the student and teacher models, feature distillation op-
erates on intermediate representations, allowing the student to capture
richer, more detailed supervisory signals. Specifically, feature distilla-
tion guides the student model to align with the teacher’s feature maps
across multiple levels of abstraction, including semantic [224], spatial
[18], and geometric cues [129]. This multi-level alignment enables the
student to learn fine-grained structural and contextual information, im-
proving the capacity of its feature representations.

In 3D object detection tasks, feature distillation techniques can be ap-
plied to various representation spaces, such as voxel grids [225], bird’s-
eye view (BEV) feature maps [28], and multi-scale features [222]. By
transferring knowledge at the feature level, student models can effec-
tively capture the spatial structures and semantic characteristics of ob-
jects, leading to significant improvements in detection accuracy. For
example, BEV feature distillation [193,226] allows the structured ge-
ometric information to be conveyed directly in the task-critical bird’s-
eye view space, enabling student models to more efficiently learn scene
layout and geometric cues. Multi-scale [227,228] feature distillation en-
ables students to simultaneously acquire semantic and fine-grained in-
formation across different feature levels, enhancing their ability to rep-
resent objects of varying sizes and improving robustness in complex sce-
narios. Masked feature distillation [221,229] enables explicit focus on
task-critical regions, thereby avoiding interference from redundant or
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Fig. 14. Different types of relational distillation.

noisy information in global features. This allows the student network
to prioritize learning the most discriminative structural representations
within its limited feature capacity. Overall, feature distillation is effec-
tive because it aligns intermediate representations between teacher and
student models, enabling the student to learn rich semantic and struc-
tural information beyond final output supervision, thereby improving
representation quality, generalization ability, and robustness, especially
in complex scenarios. Fig. 13 illustrates five representative feature dis-
tillation techniques commonly used in 3D object detection frameworks.

5.2. Relation distillation

Relation distillation [17,82,213,221,222,230,230,231][17,82,82,
213,221,222,230,230,231] is a knowledge transfer strategy that extends
beyond direct feature imitation. Its objective is not only to reproduce
the teacher model’s intermediate representations, but also to explicitly
guide the student in capturing the structured relationships [232] among
objects or spatial locations within a scene. By emphasizing the rela-
tional information embedded in feature maps, relation distillation en-
ables the student to model the interdependencies between entities—an
ability that is essential for understanding complex environments.
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Specifically, relation distillation typically aligns similarity matrices
[213,231], adjacency graphs [211] or linear correlation [82,230] be-
tween the teacher and student models. For example, graph relation dis-
tillation [79,211] explicitly models the structured dependencies among
objects or feature elements, leveraging graph-topological constraints to
enhance the student network’s ability to understand global scene rela-
tionships. Angle relation distillation [216,230] constrains the angular
distribution between feature vectors, enabling the student to better pre-
serve the teacher’s discriminative geometric structure and thereby im-
prove inter-class separability and intra-class consistency. Interlayer rela-
tion distillation [222,228] captures the cross-scale dependencies across
different levels of the teacher network, allowing the student to jointly
learn shallow and deep associations, which leads to richer hierarchical
semantic representations. Overall, relation distillation is effective be-
cause it captures structural dependencies between features or instances,
allowing the student model to learn higher-order contextual relation-
ships beyond individual feature alignment, thereby improving its ability
to model global structure, inter-object interactions, and scene-level con-
sistency. We introduce six commonly used relational distillation strate-
gies, as illustrated in Fig. 14, each of which models the relationships
between teacher and student features or outputs from a different per-
spective.
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5.3. Respond distillation

In 3D object detection, response distillation [16,17,28,213,219,221—
223] primarily focuses on transferring knowledge from the output layer
of the teacher model to the student model. By guiding the student to
align with the teacher’s predictions on classification and bounding box
regression. Response distillation provides task-specific supervision that
directly reflects the detection objectives. This allows the student model
to learn how to produce more accurate and reliable outputs, effectively
improving detection performance. Response distillation generally com-
prises two types: regression distillation and classification distillation, as
illustrated in Fig. 15.

In classification distillation [219,230,233], the student model is
trained to mimic the soft label predictions of the teacher model, which
typically contain more nuanced information than hard one-hot la-
bels.Hard labels [234] are the conventional one-hot annotations, where
each sample is assigned a single class with a probability of 1, and all
other classes are assigned 0, providing a clear but coarse supervision sig-
nal. In contrast, soft labels [219], typically generated by a teacher model
in knowledge distillation, encode a probability distribution over all
classes, capturing the relative similarities and uncertainties among cat-
egories. By leveraging soft labels, student models can learn richer inter-
class relationships and subtle patterns absent in hard labels, thereby im-
proving generalization and enabling more stable training, as illustrated
in Fig. 15(a). In contrast, regression distillation [26,49,210,235] focuses
on transferring knowledge related to the positional offsets of bounding
boxes, including object locations, dimensions, and orientations. By guid-
ing the student to minimize the discrepancies between its predicted off-
sets and those of the teacher, regression distillation enables the student
model to achieve more precise 3D localization, thereby improving de-
tection accuracy, as illustrated in Fig. 15(b), where the decimals indicate
the predicted scores for each class (Car, Pedestrian, Cyclist).

5.4. Discussion

In summary, knowledge distillation leverages complementary strate-
gies, including feature, relation, and response distillation, to enhance
student model performance. Feature distillation aligns intermediate rep-
resentations to capture semantic and structural information, relation
distillation models dependencies among features or instances to learn
contextual relationships, and response distillation transfers teacher out-
puts to guide decision-level learning. Together, these strategies form a
comprehensive framework for 3D object detection, often used in com-
bination to enable lightweight models to achieve performance close to
teacher models while significantly reducing computational cost. From
an information fusion perspective, knowledge distillation can be viewed
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as an implicit fusion mechanism that integrates heterogeneous knowl-
edge within a unified learning process. Different distillation levels cor-
respond to hierarchical information aggregation, from representation
alignment to decision fusion. Unlike explicit multimodal fusion operat-
ing on structured inputs, distillation performs fusion in latent space via
teacher-student transfer, enabling more flexible and efficient integration
and improving generalization and robustness in 3D perception tasks.

6. LiDAR-to-LiDAR knowledge distillation for 3D object detection

In LiDAR-to-LiDAR knowledge distillation, the teacher model is typ-
ically a parameter-heavy network [8,14,114,236] that achieves high
performance at the cost of increased inference time, whereas the stu-
dent model is usually a more compact network [88,89,91,102,123] with
faster inference but lower accuracy. The goal of knowledge distillation
is to transfer as much knowledge as possible from the teacher to the stu-
dent, improving the student’s performance while maintaining a reduced
parameter count. Depending on whether the teacher and student share
the same architecture, the distillation process can be broadly categorized
into homogeneous model distillation (Section 6.1) and heterogeneous
model distillation (Section 6.2). A chronological overview of LiDAR-to-
LiDAR knowledge distillation methods for 3D detection is illustrated in
Fig. 16.

6.1. Homogeneous model distillation

In homogeneous distillation, the teacher and student networks typ-
ically share the same architecture. For example, SECOND [88] —
lightweight SECOND or PV-RCNN [8] — lightweight PV-RCNN. In such
cases, the design of distillation strategies is relatively straightforward, as
the teacher and student maintain identical architectural configurations
at each stage, with the primary difference lying in the depth or width
of the networks. Depending on how the student model is constructed,
homogeneous distillation can be categorized into pruning-based distil-
lation [29,80,125,211,212,216,237,238] and quantization-based distil-
lation [217,239,240].

6.1.1. Pruning-based distillation

The pruning-based distillation paradigm represents a typical two-
stage model compression strategy. In the first stage, the original high-
performance teacher model undergoes random [211] or conditional
pruning [212], in which redundant channels [216], convolutional ker-
nels [29], or even entire network layers [49] are removed to derive a
lightweight student model architecture. While pruning substantially re-
duces model complexity and accelerates inference, it often results in a
noticeable drop in detection performance. To mitigate this issue, the
second stage incorporates knowledge distillation [233], where the un-
pruned full teacher model serves as the knowledge source to guide the
pruned student model in recovering performance. This two-stage pro-
cess enables achieving high compression ratios and significant inference
speedups while preserving as much detection accuracy as possible, as il-
lustrated in Fig. 17.

For example, in random pruning, PointDistiller [211] and H2RKD
[216] reduces the number of channels in the teacher’s feature maps
to one-half or one-quarter of the original size, substantially decreas-
ing the network parameters and FLOPs, and then employs knowledge
distillation to recover performance. InstKD [233] further demonstrates
this idea on the KITTI dataset: by reducing the channel width of SEC-
OND [88] by half, the model size is reduced by 75.5% and the FLOPs by
74.5%, while the distilled student still achieves 66.83% mAP, surpass-
ing its teacher model.RDD [235] reduces the number of network layers
while simultaneously minimizing the differences between teacher and
student features and logits in the proposal regions, effectively narrow-
ing the representation gap. This significantly decreases the performance
gap and improves the accuracy of lightweight models, achieving notable
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Fig. 17. Architectures of two widely used pruning-based distillation methods
for 3D object detection.

mAP gains on benchmarks such as nuScenes while substantially reduc-
ing FLOPs.

In conditional pruning, the student model selectively removes cer-
tain network layers based on predefined criteria—for example, pruning
layers with smaller weight magnitudes or discarding layers with larger
parameter counts. Specifically, Mul-prune [212] estimates the impor-
tance of each voxel and employs an importance-sampling module to
discard less informative voxels when constructing the student model.
The distilled knowledge from the teacher is then transferred to the stu-
dent, effectively eliminating redundant computation while preserving
essential structural features. EFD [238] computes the importance of net-
work channels via a softmax-based weighting scheme and progressively
adjusts a pruning threshold to reduce the number of parameters.

Pruning-based distillation combines network pruning with knowl-
edge transfer to build lightweight 3D detection models. By removing
low-contribution weights or channels, these methods reduce param-
eters and speed up inference. As shown in Table 7, a well-designed
teacher-student framework can even enable the student to outperform
its teacher. However, their effectiveness depends on carefully designed
pruning and distillation strategies, as overly aggressive pruning [29] can
degrade feature representation and performance.
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Fig. 18. Architectures of quantization-based distillation methods for 3D object
detection.

6.1.2. Quantization-based distillation

The core idea of quantization is to reduce the numerical precision of
a neural network, thereby decreasing model size, accelerating computa-
tion, and lowering energy consumption. Specifically, the original 32-bit
floating-point (FP32) representations of weights and activation tensors
are converted to lower-precision formats, such as 8-bit integers (INT8),
or even more aggressive 4-bit and 2-bit representations. To mitigate the
accuracy degradation caused by quantization, knowledge distillation is
often employed, wherein the student network learns from the teacher’s
knowledge to recover performance, as illustrated in Fig. 22.

LiDAR-PTQ [239] presents a post-training quantization frame for
LiDAR-based 3D object detection. It employs a customized loss func-
tion to measure the discrepancy between predictions before and after
quantization, ultimately selecting the most suitable quantization thresh-
olds and incorporating knowledge distillation to enhance the accuracy
of the quantized model. QD-BEV [217] proposes a view-guided distil-
lation framework that integrates quantization during training to simu-
late low-precision computation and mitigate performance degradation.
Dqs3D [240] utilizes voxel-level dense matching to align teacher and
student predictions, generating richer pseudo-labels and stronger train-
ing signals. Additionally, it compensates for misalignment caused by
quantization through a point-to-voxel discretization closure rule, ensur-
ing teacher-student consistency in the quantized view and improving
both efficiency and accuracy.

Quantization-based distillation [217,239-241] accelerates 3D object
detection while maintaining accuracy. Quantization reduces numerical
precision—for instance, by using lower-bit weights and activations—
to decrease memory usage and computational cost, whereas distilla-
tion transfers knowledge from a high-precision teacher to guide the
low-precision student. Through this combination, efficient deployment
on resource-constrained devices is achieved while minimizing perfor-
mance loss. However, its effectiveness depends on careful calibration
of the quantization levels and distillation design, as overly aggressive
quantization can degrade feature representations and detection accu-
racy Fig. 18.
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Table 7
Evaluation of model efficiency analysis of pruning-based distillation on KITTI
dataset. ‘T”: Teacher model, ‘S’: Student model, ‘F’: FLOPs, ‘P’: Parameters, ‘mAP”:
mean average precision..
Model F(G) P(M) Car Ped. Cys. mAP(1)
T SECOND [88] 69.8 5.3 88.9 58.1 69.9 72.3
S + PointDistiller [211] 17.8 1.4 88.6 58.1 72.9 73.2
+H2RKD [216] 17.8 1.4 88.0 59.2 71.8 73.0
T  PointRCNN [92] 1049 4.1 86.7 645 74.6 753
S + PointDistiller [211] 13.7 0.5 85.7 67.2 72.3 75.1
+H2RKD [216] 4.6 0.4 86.7 68.2 71.8 75.8
T Pointpillars [123] 34.3 4.8 88.1 51.8 65.0 68.3
S + PointDistiller [211] 17.8 1.4 89.0 52.8 65.8 69.2
+H2RKD [216] 4.6 0.4 88.4 53.0 67.7 69.6
it to maintain efficient detection performance even with sparse point
Teacher I © cloud inputs. Furthermore, it incorporates multi-level feature alignment,
Ft t . which aligns the feature representations of teacher and student mod-
1 F3 /—> t/ 8 P

(Heteroid
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backbone Distillation || Distillation ||Distillation
P 1 B

Student
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Fig. 19. A universal framework for heterogeneous distillation in 3D object de-
tection.

6.2. Heterogeneous model distillation

This represents a specialized form of knowledge distillation. In con-
ventional homogeneous distillation, the teacher and student models typ-
ically share similar network architectures [211]. Heterogeneous distilla-
tion, on the other hand, refers to scenarios where the teacher and student
networks have fundamentally different structures. When knowledge
needs to be transferred from one architecture (e.g., a large transformer-
based model [117] or a two-stage detector [114]) to a substantially dif-
ferent architecture (e.g., a voxel-based sparse model [102] or a single-
stage detector [113]), homogeneous distillation often fails, making het-
erogeneous distillation necessary. However, due to architectural differ-
ences between the teacher and student, the intermediate feature maps
differ significantly in dimensions, scale, and levels of semantic abstrac-
tion, rendering direct alignment infeasible. This constitutes the core
challenge of heterogeneous knowledge distillation.

For example, the teacher model PV-RCNN [8] generates multi-scale
voxel features and keypoint features, whereas the student model Point-
Pillars [164] produces only single-scale pillar feature maps. In this sce-
nario, applying L1 or L2 losses directly between these features is infea-
sible due to the lack of feature correspondence. A common solution is
to use convolutions [242] to align the intermediate feature maps before
applying the loss for knowledge transfer. Alternatively, output-based
distillation [49] transfers knowledge at the final detection results, avoid-
ing the discrepancies in intermediate network structures, since the final
outputs are consistent, as illustrated in Fig. 19.

Specifically, CaKDP [49] proposes a novel approach that introduces
a category-aware distillation strategy by analyzing the discrepancies
between teacher and student models. This method adjusts the distilla-
tion targets and transfers the knowledge from a two-stage detector to
a single-stage student model, thereby alleviating the limitations of the
teacher. It not only enhances the performance of the student model but
also opens up new research directions for compression and distillation
across heterogeneous architectures. D2S [242] introduces a dense-to-
sparse distillation strategy that transfers the teacher model’s knowledge
obtained under dense point cloud inputs to the student model, enabling
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els across different layers, thereby strengthening the student’s ability to
learn from the teacher. PixelKD [243] proposes an innovative distilla-
tion paradigm, termed Pixel Distillation, which addresses the limitations
of traditional distillation methods in handling input size variations and
architectural heterogeneity. It extends knowledge distillation to the in-
put level, while breaking architectural constraints and enabling flexible
cost control. As shown in Table 8, heterogeneous distillation demon-
strates excellent performance both in terms of model compression and
accuracy improvement.

6.3. Discussion

In 3D object detection, LiDAR-to-LiDAR knowledge distillation has
emerged as a crucial approach for enhancing the performance of
lightweight models. Current studies primarily focus on two scenar-
ios: homogeneous distillation [211,216] and heterogeneous distillation
[49,242]. Homogeneous distillation transfers intermediate features and
detection responses between structurally similar networks, offering rel-
atively stable and straightforward strategies. In contrast, heterogeneous
distillation involves teacher and student models with distinct architec-
tures, requiring feature alignment, projection transformations, or re-
lational modeling to bridge representational gaps. Although heteroge-
neous distillation faces greater challenges in loss design and knowledge
transfer, it demonstrates stronger potential for performance improve-
ment. Looking forward, with the rapid development of Transformer-
based models [117], sparse convolution networks [178,185], and multi-
modal fusion [179] frameworks in 3D detection, LIDAR-to-LiDAR distil-
lation is expected to become increasingly diverse. Future research will
not only need to address cross-representation alignment but also in-
tegrate emerging techniques such as self-distillation [228], contrastive
learning [246], and semi-supervised learning [110] to further improve
the accuracy and generalization of lightweight models. We have col-
lected representative knowledge distillation (KD) methods applied in
LiDAR-to-LiDAR scenarios and briefly summarize their corresponding
contributions, as shown in Table 9.

7. LiDAR-to-camera knowledge distillation for 3D object
detection

In 3D object detection, LiDAR-based detectors [89,91,102] typically
achieve higher performance than image-based methods [16,156,247]
because they have access to dense and highly accurate geometric in-
formation. Camera sensors, however, are more practical in real-world
applications due to their low cost, low power consumption, and ease of
deployment. Yet, image data inherently lacks reliable depth cues, which
limits the accuracy of camera-based 3D detectors. To bridge this per-
formance gap, extensive research has explored cross-modal knowledge
distillation [17,154,219,221,226,248], where a LiDAR detector serves



W. Yan et al. Information Fusion 138 (2027) 104706
Table 8

Evaluation of model efficiency analysis of heterogeneous distillation methods

on KITTI dataset. ‘T”: Teacher model, ‘S’: Student model..

Scheme F(G) P(M) Car Ped. Cys. mAP(1)
T  Voxel-RCNN [7] 81.6 11.0 84.9 57.7 73.7 72.1
SECOND [88] 80.7 5.3 81.3 52.9 65.8 66.7
S + PointDistiller [211] 45.7 3.0 81.3 50.6 66.4 66.1
+ CaKDP [49] 30.2 1.5 82.7 60.4 72.1 717
T PV-RCNN [8] 93.1 13.1 84.2 57.6 72.3 71.4
Centerpoint [102] 97.9 5.8 83.4 57.5 70.8 70.6
S + PointDistiller [211] 43.2 3.1 86.5 58.5 69.3 68.7
+CaKDP [49] 39.5 1.8 80.5 59.1 70.2 69.9
LIDAR-to-Mono CMKD Stereodistill MonoSIM ODM3D MonoTAKD
(Hong et al.) (Liu et al.) (Han et al.) (Zhang et al.) (Liu et al.)
e | TDAR-to-Stereo Monoskd BEV-LGKD Fsd-bev MonoSG LGM3D CMAE-3L
(Wang et al.) et ¢ g et al. (Gao et al.) (Sanchez et al.) ng e
LIDAR-to-multi-view
* * * * >
2021 2023 2024 2025
LIGA-Stereo [ig-be FD3D Monolig MonoSTL TiGDistill-BE
(Guo et al) tal.) (Hekimoglu et al) \J, (Ding et al.) et 3
MonoDistill HSRD MonoOcc E
(Chong et al.) ingne : : 1 (Yan et al.) (Zheng et al.)

Fig. 20. Chronological overview of the LiDAR-to-camera konwledge distillation for 3D object detection.

Table 9

Performance of different methods from LiDAR-to-LiDAR knowledge distillation for 3D object detection. We sort these methods by publication year and present the
float operations (FLOPs) and number of model parameters (Para.) for each, along with a brief summary of their respective contributions.

Method Type Year FLOPs
@ Para.
™) KITTI Car NuScenes Contribution

Easy  Mod. Hard mAP  NDS
SparseKD [29] homo. NeIPS2022 20.5 1.4 - 64.21 - 53.0 40.2  Key position distillation and teacher-guided initialization
ItKD [210] homo. CVPR2023 - - - - - 53.9 41.3 Interchange distillation mechanism compression
PointDistiller [211] homo. CVPR2023 45.6 4.8 88.9 76.9 73.6 56.4 65.1 Local graph convolution modeling compression
Mul-prue [212] homo. ICIP2023 - - - 78.5 - - - Multi-dimensional pruning strategy compression
RDD [235] homo. I1CCvV2023 36.0 2.8 - 68.2 - 54.0 62.1 Representation disparity-aware distillation
H2RKD [216] homo. MM2024 45.8 4.6 87.9 76.8 73.9 56.3 65.7 Combine homogeneity and heterogeneity
InstKD [233] homo. TIV2024 39.0 3.3 895 78.3 75.1 52.7 61.8  Instance-Aware Knowledge Distillation
Apa-Cloud [244] homo. RA-L2025 - - - 80.8 - - - Adaptive hierarchical framework compression
CaKDP [49] hete. CVPR2024 30.2 1.5 - 82.4 - - - Category-Aware knowledge distillation
CLEAN [245] hete. TPAMI2025  27.3 1.3 - 83.1 - - - Category-Aware Network Pruning

as the teacher network to transfer structured geometric information to
a camera-based student network. Camera-captured image data can be
categorized into monocular, stereo, and multi-view images. Although
the core idea of distillation remains the same across these settings, the
distillation strategies differ. Therefore, we review LiDAR-to-monocular
(Section 7.1), LiDAR-to-stereo (Section 7.2), and LiDAR-to-multi-view
(Section 7.3) distillation methods separately. Fig. 20 presents a detailed
chronological overview of the various LIDAR-to-Camera knowledge dis-
tillation methods that have been proposed for 3D object detection.

7.1. LiDAR to monocular image

In LiDAR-to-monocular image 3D object detection, the core objective
of distillation is to transfer depth information from the LiDAR model
to the monocular model, thereby compensating for the inherent lim-
itations of depth perception in monocular images. Common distilla-
tion strategies include using depth distillation via LiDAR depth maps
[156,218,249,250] and BEV projection distillation [213,226,230,251].
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7.1.1. Depth distillation via LiDAR depth maps

Monocular images inherently lack explicit depth cues, making
monocular 3D object detection highly ill-posed and susceptible to depth
ambiguity. In contrast, LIDAR sensors provide precise and reliable geo-
metric and depth measurements. Using LiDAR as the teacher in a distil-
lation framework enables the transfer of depth-aware structural knowl-
edge, thereby substantially enhancing the monocular detector’s capabil-
ity to infer accurate 3D geometry.

For example, MonoDistill [218] projects LiDAR points onto the im-
age plane to produce image-like feature maps, and a LiDAR-based de-
tector with the same architecture serves as the teacher. Subsequently,
knowledge distillation is employed to guide the student model in learn-
ing depth-aware spatial representations, thereby enhancing its detection
capabilities. MonoSTL [249] tackles the negative transfer issue in cross-
modal distillation, particularly under severe depth ambiguity in monoc-
ular images. It adaptively samples contextual nodes and dynamically
predicts hybrid depth-aware filter weights and affinity matrices to fuse
multi-scale depth cues with image context. CaDDN [156] proposes the
categorical depth distribution approach, which predicts a discrete depth
probability distribution for each pixel instead of directly regressing con-
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tinuous depth. This method enables more robust handling of depth un-
certainty and spatial geometry, allowing monocular 3D detection net-
works to leverage reliable depth information and thereby significantly
improve 3D object localization performance.

7.1.2. BEV projection-based distillation

In 3D object detection, existing knowledge distillation strategies pri-
marily focus on the Bird’s-Eye-View (BEV) representation [28,213,219,
226,230,252], as BEV naturally places all objects within a unified and
well-structured Euclidean coordinate system, providing an ideal and ef-
ficient intermediate representation for knowledge transfer. Within the
BEV space, object scale, location, and spatial relationships are accurately
preserved, enabling the precise geometric and semantic priors learned
by the teacher model to be conveyed to the student model in a clearer
and more structured manner.

MonoSKD [213] introduces a BEV-level distillation scheme based on
the Spearman rank correlation coefficient to alleviate cross-modal dis-
crepancies in monocular 3D detection. By focusing on the relative order-
ing of features rather than their absolute values, it achieves more robust
cross-modal alignment and avoids the pitfalls of strict feature matching.
A relaxed distillation strategy further tolerates moderate discrepancies
between teacher and student feature spaces, improving training stabil-
ity and robustness. SHRD [230] introduces a cross-modal distillation
framework that transfers high-order geometric structures such as points,
lines, and planes from LiDAR to the monocular detector in BEV space. By
conveying these structural cues, SHRD substantially strengthens spatial
perception, particularly improving performance on non-rigid categories
such as cyclists. X3KD [226] reduces the depth and spatial representa-
tion gap between camera-only students and LiDAR-based teachers. Af-
ter projecting features into BEV space, the student is guided by LiDAR-
derived representations, and adversarial learning is incorporated to en-
force BEV consistency. This combination leads to more depth-aware and
LiDAR-aligned BEV features for monocular 3D detection.

7.1.3. Analysis

LiDAR-to-monocular knowledge distillation improves monocular 3D
detection by transferring geometric priors from LiDAR teachers. Exist-
ing methods mainly adopt depth-based or BEV-based distillation. Depth
distillation provides direct geometric supervision but is limited by lo-
cal consistency and depth discretization noise. BEV distillation enforces
global spatial alignment in a unified top-down space, but introduces
additional projection complexity and potential information loss. Over-
all, depth distillation emphasizes local accuracy, while BEV distillation
focuses on global consistency, reflecting a trade-off between simplic-
ity and structural completeness. As shown in Table 10, the camera-
based monocular 3D object detection methods achieve substantial per-
formance improvements after applying knowledge distillation.

7.2. LiDAR to stereo image

LiDAR-to-stereo knowledge distillation [84,138] is a technique that
enhances stereo 3D perception by combining binocular visual informa-
tion with accurate geometric priors provided by LiDAR. The core idea is
similarly to leverage a pretrained LiDAR teacher model to provide reli-
able depth supervision and spatial structural knowledge to the stereo
image student model. However, stereo 3D detection relies on high-
quality calibration of the dual cameras, including precise baseline mea-
surements, intrinsic and extrinsic parameters, and synchronized image
frames. In public datasets such as KITTI [54] and NuScenes [64], anno-
tated stereo data are relatively scarce, whereas monocular and LiDAR
data are more abundant. Consequently, research on stereo-based 3D ob-
ject detection has received comparatively less attention, though some
studies have addressed this area.

For example, LIGA-Stereo [84] extracts high-level geometry-aware
features from a LiDAR teacher—such as object boundaries and surface
normals—to enhance the stereo student’s geometric representation. To
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Table 10

Performance improvement of camera-based detectors via
knowledge distillation on the KITTI dataset: average BEV and
3D detection at IoU 0.7.

Method Modality =~ Teacher  APgg, APy,
CaDDN [156] C - 18.91 13.41
+CMKD [219] C L 23.10 16.99
+ADD [16] C L 23.58 16.81
+Monocd [132] C L 22.81 16.59
+MonoTAKD [28] C L 27.76 19.43

compensate for the limited semantic supervision inherent in indirect
3D guidance, an auxiliary 2D detection head is introduced to provide
explicit semantic cues, thereby improving overall performance. Stere-
odistill [138] narrows the performance gap between stereo and LiDAR
by introducing a cross-modal distillation framework. The teacher’s 3D
bounding boxes are decomposed into sub-components, and distillation
is applied only when they align with ground truth, increasing valid pos-
itive samples and simplifying student learning.

LiDAR-to-stereo distillation transfers geometric priors from LiDAR
to stereo representations, but suffers from modality gap and difficult
cross-modal alignment. Moreover, stereo inputs are sensitive to calibra-
tion errors and low-texture regions, further limiting effectiveness. Con-
sequently, this paradigm remains relatively under-explored compared
to LiDAR-to-monocular or BEV-based distillation methods.

7.3. LiDAR to multi-view image

LiDAR to multi-view distillation [17,18,18,140,169,193,217,222,
223,226,227,232,253,254] is a key technique in 3D object detec-
tion. It leverages a LiDAR teacher model with rich geometric fea-
tures to provide cross-modal geometric and semantic supervision for
the multi-view image student model. Current approaches typically em-
ploy view-transformation modules—such as LSS-based methods [9] or
Transformer-based BEV generators [255]—to encode multi-view images
into a unified BEV representation, followed by multi-level alignment
with the BEV features produced by the LiDAR teacher. This alignment
mainly involves multi-scale feature distillation [222,230] and output-
level respond distillation [221].

7.3.1. Multi-scale feature distillation

Multi-scale distillation is a hierarchical knowledge transfer mecha-
nism that guides a lightweight student model to mimic the feature rep-
resentations of a larger teacher model across multiple levels—including
low-level details, middle-level structures, and high-level semantics—
thereby enabling more comprehensive and fine-grained knowledge
transfer. This strategy proves particularly effective in the context of
multi-view data.

For instance, DistillBEV [222] presents a cross-modal distillation
framework where the student learns multi-scale BEV features from a
LiDAR teacher, improving geometric perception under image-only in-
put. Distillation is performed across scales and with temporal fusion,
enabling the student to capture essential spatio-temporal cues from
multi-view BEV representations. FSD-BEV [227] eliminates the need
for a pre-trained teacher by employing a joint teacher—student back-
bone. The teacher branch, guided by LiDAR hard labels, focuses on fore-
ground feature learning to bridge modality gaps. Sparse point clouds are
supplemented with pseudo-points generated from ground-truth boxes,
and multi-scale foreground features are fused via a feature pyramid for
enhanced detection. CMAE-3D [228] introduces a self-supervised ap-
proach combining contrastive learning and masked autoencoding to ad-
dress foreground-background imbalance and uneven point cloud den-
sity. Representative regions are selectively masked to enhance atten-
tion, while multi-scale latent feature reconstruction captures high-level
semantics and suppresses redundant low-level details, improving repre-
sentation efficiency.
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Fig. 21. Frame of knowledge distillation from LiDAR to camera for 3D object detection.

7.3.2. Output-level respond distillation

Output-level distillation refers to training the student model using
the final predictions of the teacher model as supervision, including class
probabilities [17] and bounding box locations [221]. By aligning the
outputs of the teacher and student, the student model can learn the
teacher’s decision patterns and spatial distribution information, thereby
improving prediction accuracy.

FD3D [220] introduces learnable queries to locate key regions in
the teacher model’s predictions and generate masked features, address-
ing noise and misleading teacher signals in multi-camera BEV-based
3D detection. This enhances the student’s representations in critical re-
gions, improving both accuracy and efficiency. STXD [17] proposes a
structure- and temporal-aware cross-modal distillation framework that
maximizes classification similarity by correlating teacher and student
predictions across channels, thereby strengthening the student’s struc-
tural representation capability. UniDistil [221] leverages shared detec-
tion exemplars in the BEV space to enhance single-view detectors. It
computes the linear relationships between teacher and student BEV fea-
tures relative to multiple levels of ground truth, promoting consistent
and accurate knowledge transfer and improving single-view 3D detec-
tion performance.

7.3.3. Analysis

In the field of 3D object detection, LiDAR to multi-view image knowl-
edge distillation has emerged as an important approach for enhanc-
ing the performance of vision-based multi-view detectors. Compared to
monocular or stereo methods, multi-view images provide richer spatial
information and broader viewpoint coverage. By introducing a LiDAR
teacher model, depth estimation and spatial understanding can be fur-
ther improved. Nevertheless, this research direction still faces challenges
such as data scarcity and high computational complexity. For instance,
almost all multi-view image-based 3D detection methods are evaluated
on the NuScenes [64] dataset, as other sensors do not provide multi-view
image data.

7.4. Discussion

In 3D object detection, knowledge distillation from LiDAR to camera
models has become a key approach for enhancing image-based percep-
tion. Existing methods primarily focus on guidance with LiDAR depth
information and aligning image features with LiDAR features in the BEV
space. These approaches benefit from the strong geometric supervision
provided by LiDAR, enabling more accurate depth reasoning and im-
proved spatial consistency in image-based representations. We summa-
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rize these methods in Tables 11 and 12 and categorize the knowledge
transfer approaches into four types: depth guidance, feature distillation,
relation distillation, and response distillation. This taxonomy helps bet-
ter illustrate the focus of each method, as shown in Fig. 21.

8. Multi-modal to single-modal knowledge distillation for 3D
object detection

In 3D object detection, knowledge distillation from a multi-modal
teacher [168,176]—typically fusing LiDAR and camera features—to
a single-modal student (e.g., camera-only [128,129] or LiDAR-only
[89,125]) has emerged as an effective approach to enhance the stu-
dent model’s perception capabilities. By leveraging the multi-modal
teacher, the student can simultaneously acquire complementary knowl-
edge, including visual semantics, precise geometry, and depth priors.
This allows the student to overcome the inherent limitations of single-
modal inputs in spatial understanding and depth perception, signifi-
cantly improving accuracy and robustness in 3D detection tasks. Com-
mon approaches distill a LiDAR-camera fused multi-modal teacher into
a LiDAR-based student (Section 8.1) or camera-based (Section 8.2), en-
abling the student to utilize multi-modal knowledge to optimize single-
modal perception performance.

8.1. LiDAR-camera fusion to LiDAR

Although LiDAR-based [114,116] 3D object detection inherently
achieves strong performance, it still lags behind multi-modal fusion
approaches [14,171]. However, multi-modal methods incur higher
floating-point computation and introduce additional redundant model
parameters. Therefore, some studies focus on distilling knowledge from
multi-modal fusion models into single-modal LiDAR models for 3D ob-
ject detection.

VeXKD [248] focuses knowledge distillation on BEV feature maps, ef-
ficiently transferring semantic features from multi-modal teachers (e.g.,
LiDAR-Camera fusion) to single-modality student models (e.g., image-
only). This avoids complex cross-modal feature-level alignment, simpli-
fying the distillation process and making it easily adaptable to different
tasks and model architectures. These methods demonstrate the effective-
ness of BEV-level knowledge distillation in multi-modal 3D detection.
MonoTAKD [28] designs a powerful camera-based temporal attention
model and introduces cross-modal residual distillation to transfer spatial
information from a LiDAR teacher model to the student. Through this
dual-modality distillation, the camera-based student simultaneously ac-
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Table 11

Information Fusion 138 (2027) 104706

Performance of different methods from LiDAR-to-Camera knowledge distillation for 3D object detection. We sort these methods by publication year and group
them according to the type of sensor input. The performance metrics on different datasets are reported based on the camera-based detectors as presented in the

original papers.

Method Publish Year Teacher Student Modality Backbone (Camera) Depth Distillation category KITTI Car NuScenes Waymo
Modality guidance
Feature Relation Respond Easy Mod. Hard mAP NDS L1 L2
Monodtr [129] CVPR2022  LiDAR Mono. GUPNet [256] v v v 219 153 12.7 - — - —
MONODISTILL ICLR2022 LiDAR Mono. GUPNet v v 229 16.0 13.6 - - - -
[218]
DID-M3D ECCV2022 LiDAR Mono. GUPNet v 244 16.2 137 - - 20.6 19.3
[257]
CMKD [219] ECCV2022 LiDAR Mono. CaDDN v v 25.0 169 153 - - 145 129
MonoSKD ECAI2023 LiDAR Mono. GUPNet v v 284 17.3 15.0 - - - -
[213]
MonoNeRD ICCV2023 LiDAR Mono. CaDDN [156] v 227 17.1 156 - - 31.1 29.2
[258]
ADD [16] AAATI2023 LiDAR Mono. CaDDN v v 256 16.8 13.7 - - - -
Occupan- CVPR2024  LiDAR Mono. DLA34 [259] 4 255 17.0 147 - - 28.9 27.2
cyM3D [252]
MonoTAKD CVPR2025 LiDAR Mono. CaDDN v v 279 194 165 - - - -
[28]
Tig-BEV [193] Arxiv2022 LiDAR Mul-view. ResNet-101 v v - - - 44.0 544 - -
Distillbev ICCV2023 LiDAR Mul-view. ResNet-101 v v - - - 45.0 547 - -
[222]
STXD [17] NeIPS2023  LiDAR Mul-view. BEVFormer [255] 4 4 - - - 46.5 55.5 - =
FD3D [220] CVPR2023  LiDAR Mul-view. BEVFormer 4 v/ - - - 31.0 43.0 - -
Unidistill CVPR2023 LiDAR Mul-view. ResNet-50 v v v - - - 29.6 393 - -
[221]
EA-LSS [169] CVPR2023 LiDAR Mul-view. ResNet-50 v - - - 334 441 - -
SA-BEV [260] ICCV2023 LiDAR Mul-view. BEVDepth [261] v - — — 36.5 483 - —
BEV-LGKD T-IV2024 LiDAR Mul-view. ResNet-18 v - - - 30.5 425 - -
[18]
Fsd-bev [227] ECCV2024 LiDAR Mul-view. ResNet-101 v v - - - 48.8 589 - -
LgGp [223] 1JCV2025 LiDAR Mul-view. ResNet-50 v v - - - 384 49.1 - -
MemDistill ICCV2025 LiDAR Mul-view. ResNet-50 v - - - 425 531 - -
[253]
Table 12

A multi-dimensional comparison of knowledge distillation methods for 3D object detection in autonomous driving perception.

Method  Publish Year Teacher Student Student Deployment cost Distillation space Distillation target Robustness setting
Modality ~Modality = Backbone
Para. FLOPS FPS image point voxel BEV query Feature Relation Logit geometry temporal Sensor Fail. Noise
ItKD CVPR2023 LiDAR LiDAR Centerpoint 20.5 1.4 42.7 v v v v v
[210] [102]
Point- CVPR2023 LiDAR LiDAR Centerpoint 45.6 4.8 - v v v 4 v
Distiller
[211]
RDD ICCV2023 LiDAR LiDAR Centerpoint 36.0 2.8 - v v v v
[235]
H2RKD MM2024 LiDAR LiDAR Centerpoint 45.8 4.6 - v v v
[216]
InstKD TIV2024 LiDAR LiDAR Centerpoint 39.0 3.3 - v v v v
[233]
CaKDP CVPR2024 LiDAR LiDAR Centerpoint 30.2 1.5 - v v v v v
[49]
CLEAN TPAMI2025 LiDAR LiDAR Centerpoint 20.5 1.0 - v v v v v v v
[245]
Mono- CVPR2025 LiDAR Camera CaDDN 413 - v v v v
TAKD [156]
[28]
MembDis- ICCV2025 LiDAR Camera BEVDepth - - v v o/ v v v
till [253] [140]

quires visual knowledge and 3D spatial cues, significantly enhancing its

detection performance.

8.2. LiDAR-camera fusion to camera

In 3D object detection, using a LiDAR-camera fused model [158,
165,175,176,179,180] as the teacher for a single-camera [131,144-146,
179] student model is a key strategy for enhancing image-based percep-

21

tion. Through the multi-modal teacher, the student can learn not only
visual semantic features but also precise geometric and depth informa-
tion provided by LiDAR, thereby compensating for the shortcomings of
monocular or multi-view images in spatial perception and depth under-
standing.

For instance, SimDistill [254] proposes a multi-modal knowledge
distillation framework for BEV 3D object detection, where a LiDAR-
Camera fused teacher guides a single-modality student. By leveraging
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the rich geometric and semantic information encoded in the multi-
modal teacher, the student learns to replicate both spatial structure and
object-level semantics in BEV space using intra-modal, cross-modal, and
fusion distillation strategies. VeXKD [248] introduces a flexible frame-
work in which a multi-modal teacher fuses LiDAR and camera features
in BEV space and transfers this knowledge to a single-sensor student.
A modality-general fusion module bridges modality gaps, and a BEV
query-guided mask focuses distillation on key regions, enabling the stu-
dent to capture rich geometric and semantic cues without additional
inference cost.

8.3. Discussion

Looking ahead, LiDAR-based multi-modal knowledge distillation to
other modalities is expected to become increasingly important for 3D
object detection, particularly as autonomous driving systems seek to
balance perception performance with deployment efficiency. Future re-
search may focus on more effective cross-modal feature alignment, ro-
bust distillation strategies for sparse or distant point clouds, and adap-
tive knowledge transfer that accounts for varying sensor quality and en-
vironmental conditions. Overall, this direction holds promise for bridg-
ing the gap between high-performance multi-modal perception and
practical, low-cost sensor deployment [262].

9. Open challenges and future directions

In this section, we discuss the challenges faced by knowledge distil-
lation and autonomous driving, as well as potential solutions, aiming to
provide useful guidance for designing more effective distillation strate-
gies and lightweight model architectures.

9.1. Feature differences of cross-modal distillation

Currently, knowledge distillation is mainly performed between
LiDAR-LiDAR or LiDAR-Camera modalities. As multi-modal fusion be-
comes mainstream, distillation scenarios are expected to grow more
complex, involving heterogeneous sensors such as LiDAR, Camera,
Radar, and Event Cameras. For instance, RadarDistill [11] uses LiDAR-
derived depth to mitigate radar limitations, while Ev-3DOD [189] fuses
LiDAR with event camera data to address temporal gaps. However, the
intrinsic modality gap—determined by sensor hardware—poses a fun-
damental challenge, making effective cross-modal knowledge transfer
an ongoing problem. Two promising strategies may help overcome this
challenge. First, instead of directly eliminating modality discrepancies,
they can be circumvented by projecting all modalities into a unified rep-
resentation space—such as BEV [217], voxel [211], or other intermedi-
ate feature spaces [216]—and then performing knowledge distillation
efficiently within this shared space. Second, if modality differences fun-
damentally limit distillation effectiveness, the modalities themselves can
be unified. This can be achieved via generative distillation approaches,
for example, by using diffusion models [263] to synthesize pseudo-
LiDAR point clouds from images, or by leveraging NeRF [264] or 3D
Gaussian Splatting [265] to reconstruct multi-view representations from
LiDAR data.

9.2. Limited capacity of the student model during distillation

In 3D object detection, teacher models typically use larger, more ex-
pressive architectures, such as multi-modal fusion networks [248] or
two-stage detectors [49], while student models are often lightweight
one-stage networks [233] with reduced capacity. This architectural gap
makes it challenging for the student to fully absorb the teacher’s high-
dimensional or multi-modal knowledge. Moreover, limited student ca-
pacity can lead to rapid early decreases in distillation loss—“surface
convergence”—before effectively learning from the teacher.
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Table 13

The influence of adverse weather conditions on detection [7]
performance on Waymo Open dataset. Precision and Recall are
reported at IoU thresholds of 0.3, 0.5, and 0.7.

Weather Precision Recall

0.3 0.5 0.7 0.3 0.5 0.7
Sunny 46.8 44.8 346 873 841 69.7
Rainy 33.6 32.3 27.3 832 80.0 66.7
Degradation  -13.2  -125  -7.3 -4.1 -4.1 -3.0

Fig. 22. Various factors affecting autonomous driving in real-world environ-
ments.

To address this, selective distillation [266] transmits only critical
channels or regions, enabling focused learning of the most informative
knowledge. Dynamic distillation [234] adaptively weights transferred
knowledge at each iteration, mitigating surface convergence. Progres-
sive distillation [262] decomposes the teacher’s knowledge by difficulty
and importance, allowing the student to gradually learn representa-
tions and decision-making capabilities from simple to complex and from
lower- to higher-level features.

9.3. Robust perception under adverse weather conditions

Most existing 3D object detection methods are developed and eval-
uated under relatively favorable conditions, such as clear weather and
sufficient illumination. However, in real-world autonomous driving sce-
narios, perception systems are frequently challenged by adverse con-
ditions, including rain, snow, fog, nighttime low-light environments,
strong illumination variations (e.g., glare and overexposure), and dense
traffic congestion, all of which degrade perception reliability through in-
creased noise, occlusions, and incomplete geometric structures as shown
in Fig. 22.

As summarized in Table 13, LiDAR and camera modalities are highly
sensitive to weather and illumination variations, whereas radar-based
sensing offers a more robust alternative due to its invariance to lighting
conditions and resilience to atmospheric interference. In particular, 4D
radar [267-270] provides both spatial and velocity information, making
it well-suited for long-range and low-visibility scenarios. Consequently,
radar-camera and radar-LiDAR fusion have emerged as effective direc-
tions for improving robustness in multi-modal 3D perception. Within
this context, knowledge distillation [271] offers a lightweight strategy
for enhancing robustness by transferring knowledge from teacher mod-
els trained under adverse or multi-condition settings.

Overall, extending current multi-modal fusion frameworks to radar-
enhanced and collaborative perception settings holds significant poten-
tial for improving robustness and reliability in complex real-world driv-
ing environments, where radar provides complementary geometric and
motion cues, and collaborative perception enables multi-agent informa-
tion sharing to mitigate individual sensor limitations.
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9.4. Toward more interpretable and theory-grounded distillation

Although current knowledge distillation methods for 3D object de-
tection have achieved significant progress, their interpretability remains
limited. Future research should focus on developing a more rigorous
and systematic theoretical foundation for 3D spatial knowledge trans-
fer, particularly in cross-modal and cross-domain distillation scenarios.
This includes quantitatively analyzing the knowledge representations
of teacher and student models in high-dimensional feature spaces, the-
oretically modeling cross-modal feature alignment, and mathematically
characterizing information loss and model capacity constraints during
distillation. Establishing such a comprehensive theoretical framework
can not only improve training stability but also enhance the student
model’s ability to understand and absorb knowledge from the teacher,
thereby substantially increasing the interpretability of the distillation
process.

9.5. Distillation from large language models

Large language models (LLMs) [272,273] provide strong capabili-
ties in semantic reasoning, world knowledge encoding, and high-level
scene understanding, offering new opportunities for 3D object detec-
tion in autonomous driving. Beyond traditional visual or geometric su-
pervision, LLMs can serve as external knowledge sources that enrich
perception models with contextual reasoning, such as scene-level se-
mantics, object relationships, and driving intent understanding. In fu-
ture research, a key direction is to effectively distill such high-level se-
mantic and reasoning knowledge from LLMs into LiDAR-, camera-, and
multi-modal perception models. This is fundamentally different from
conventional feature-level distillation, as it requires bridging heteroge-
neous representations between language-based reasoning spaces and ge-
ometric perception spaces. To achieve this, it is necessary to develop ef-
fective cross-modal alignment strategies that can map language-driven
semantic knowledge into structured 3D representations such as BEV or
object-level embeddings. In addition, selective distillation mechanisms
will be critical to extract task-relevant reasoning signals while filtering
out irrelevant or overly abstract knowledge from LLMs. Overall, distil-
lation from LLMs represents a promising direction toward integrating
semantic reasoning with 3D perception, enabling autonomous driving
systems to move beyond pure geometric understanding toward more
human-like scene interpretation and decision-aware perception.

9.6. Distillation for efficient deployment

Knowledge distillation plays a critical role in bridging the gap be-
tween high-performance models and real-world autonomous driving de-
ployment. By transferring knowledge from large teacher models to com-
pact student networks, it enables significant reductions in computational
cost, memory footprint, and energy consumption, while retaining com-
petitive perception performance. More importantly, knowledge distil-
lation transforms the deployment paradigm of 3D perception systems.
Instead of relying on heavy models that are difficult to deploy on edge
devices, distilled student models can achieve real-time inference under
strict latency constraints, making them suitable for onboard autonomous
driving platforms. From a system perspective, this enables a seamless
transition from algorithm development to practical deployment, where
high-capacity models guide the design of lightweight yet effective per-
ception networks. As a result, knowledge distillation provides a scal-
able pathway toward real-time, energy-efficient, and safety-critical au-
tonomous driving systems operating reliably in complex real-world en-
vironments.
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9.7. World models and vision-language-action systems for autonomous
driving

Traditional autonomous driving systems are built on modular
pipelines, where perception, prediction, and planning are decoupled
and rely on intermediate representations such as bounding boxes, BEV
features, or trajectories. Such systems are largely reactive and lim-
ited in modeling long-term action consequences. In contrast, future au-
tonomous driving shifts toward more holistic intelligence. World models
[203] enable prediction of future environment dynamics, allowing the
system to simulate possible outcomes before action execution, thereby
supporting proactive planning in complex scenarios. Building on this,
Vision-Language-Action (VLA) systems [206] integrate semantic reason-
ing and natural language understanding into decision-making, enabling
direct mapping from high-level instructions to executable actions. Com-
plementary foundation models further enhance generalization through
large-scale multimodal pretraining. From a knowledge distillation per-
spective, these paradigms shift the focus from low-level feature trans-
fer toward high-level reasoning, planning, and policy transfer for more
adaptive autonomous driving.

10. Conclusion

This paper provides a systematic review of 3D object detection tech-
niques in autonomous driving and their integration with knowledge dis-
tillation. We begin by introducing the core sensors in autonomous driv-
ing perception systems and their significance for 3D detection tasks, an-
alyzing the strengths and limitations of different modalities, including
LiDAR, camera, and LiDAR-camera fusion. Next, we focus on three main
directions of knowledge distillation in 3D object detection: first, distilla-
tion between LiDAR-to-LiDAR models, including both homogeneous and
heterogeneous distillation, which serves as an effective means for model
compression and enhancing the performance of lightweight models; sec-
ond, distillation from LiDAR models to camera models, representing
an important approach to significantly improve detection performance
while reducing sensor costs; and third, distillation from LiDAR-camera
fused models to single-modal (LiDAR or camera) models, providing a
key method to further optimize single-modal perception capabilities. Fi-
nally, we review the open challenges in applying knowledge distillation
to 3D object detection and provide an outlook on its future development
directions.
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