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Abstract

Cross-modal knowledge distillation has drawn much attention to camera-based bird’s-
eye-view (BEV) models, aiming to narrow the performance gap with their LiDAR-based
counterparts. However, distilliing knowledge from a LiDAR-based teacher is not easy
due to the discrepancy between sensor modalities. In this work, we introduce DualD-
istill, a unified cross-modal knowledge distillation framework to address this challenge.
We propose an attention-guided orthogonal alignment (AOA) to align student features
with the teacher’s representations while preserving useful information. This alignment is
integrated into a multi-scale feature distillation with adaptive region weighting scheme.
In addition, we introduce a cross-head response distillation (CRD) to enforce consistency
in BEV representations by comparing the predictions of the teacher and the aligned stu-
dent. We evaluate our method on the nuScenes dataset. Comprehensive experiments
show that our method significantly improves camera-based BEV models and outper-
forms recent cross-modal knowledge distillation techniques. The code is available at
https://github.com/Gaeun-Kimm/DualDistill.

1 Introduction
Camera-based bird’s-eye-view (BEV) representations have gained significant attention in au-
tonomous driving, from conventional perception systems [15, 21, 23, 34] to recent planning-
oriented end-to-end systems [13, 38]. Leveraging the cost-effectiveness and rich semantic
information of camera sensors, numerous attempts focus on learning accurate BEV repre-
sentations from multi-view camera images to unify spatial and semantic information in sur-
rounding environments. However, despite remarkable progress, a considerable performance
gap remains between camera-based and LiDAR-based BEV models [3, 35] in several down-
stream tasks such as detection, tracking and planning, primarily due to the inherent loss of
geometric fidelity during the image formation process.
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Figure 1: An overview of mAP and NDS improvements on the nuScenes [2] validation set.
DualDistill achieves notable gains over its baseline [21] and outperforms the state-of-the-art
DistillBEV [33], demonstrating the effectiveness of DualDistill.

Therefore, many studies [5, 6, 16, 18, 33, 39] have explored cross-modal knowledge
distillation [12], where a LiDAR-based teacher model transfers precise geometric cues to
a camera-based student. A common strategy is response-level distillation [27, 37], which
treats the teacher’s predictions as pseudo-labels. However, this approach can be suboptimal,
as it relies solely on final outputs without fully exploiting the teacher’s internal knowledge.
An alternative is feature-level distillation [19, 33], where the student mimics the teacher’s
intermediate representations. However, feature-level distillation across modalities remains
challenging due to the intrinsic differences between sensors: LiDAR provides accurate but
sparse geometry, whereas cameras offer dense semantic context. Consequently, the LiDAR
model may not serve as an ideal teacher [18], highlighting the need for proper alignment be-
tween student and teacher representations to balance the student’s and the teacher’s strengths.

In this work, we present an unified cross-modal knowledge distillation algorithm for 3D
object detection, called DualDistill, to tackle the challenge of aligning camera and LiDAR
BEV features. First, we propose an attention-guided orthogonal alignment (AOA) module
that samples student features for distillation and transforms them into the teacher’s space
while preserving the student’s inherent structure. To achieve this, AOA consists of a cross-
attention projector and an orthogonal projector. Second, we integrate our AOA into a multi-
scale feature distillation framework. In addition, we adopt an adaptive region weighting
to distill knowledge from the imperfect teacher based on its importance. Third, we intro-
duce cross-head response distillation (CRD), which enforces consistency by comparing the
teacher’s detection head output using the aligned student’s BEV feature and the teacher’s
own BEV feature. We evaluate our method on the standard nuScenes [2] benchmark. Exten-
sive experiments demonstrate that our approach significantly enhances camera-based BEV
models, surpassing recent cross-modal knowledge distillation methods.

Our main contributions are outlined as follows:

• We propose attention-guided orthogonal alignment, which preserves the student’s in-
herent feature structure while transforming it into the teacher’s space, thereby mitigat-
ing modality-specific differences.

• We present cross-head response distillation to enhance cross-modal consistency by
comparing the predictions of the shared detection head using both the teacher’s and
the aligned student’s BEV representations.
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• We introduce DualDistill, a framework that integrates AOA into multi-scale feature
distillation and CRD into response-level distillation, enabling effective cross-modal
knowledge transfer between camera and LiDAR modalities.

• The proposed DualDistill signi�cantly improves the camera-based BEV models and
outperforms recent state-of-the-art methods in cross-modal knowledge distillation on
the nuScenes dataset.

2 Related Work

2.1 Camera-Based BEV Representation for 3D Object Detection

A camera-based bird's-eye-view (BEV) representation is a top-down feature map derived
from multi-view images, encoding both spatial structure and semantic information of driv-
ing scenes. Due to its representational advantages, several studies [9, 14, 15, 23, 29, 30, 34]
have explored camera-based BEV representations. LSS [30] lifts image features into 3D
space. BEVDet [15] optimizes feature alignment and data augmentation. BEVFormer [23]
and its extension [34] incorporate spatial and temporal consistency. BEVDet4D [14] aggre-
gates multi-frame information to capture temporal dependencies. SOLOFusion [29] con-
structs historical BEV features to enhance temporal modeling. VideoBEV [9] alleviates the
computational cost of SOLOFusion with recurrent modeling.

Some approaches [20, 21, 22] have explored incorporating additional depth supervision
to enhance camera-based BEV representations. For instance, BEVDepth [21] introduces ex-
plicit depth supervision to improve BEV features. BEVStereo [20] utilizes temporal cues
to �lter out irrelevant depth candidates, selects the most probable ones to reduce compu-
tational cost, and re�nes them using the Expectation-Maximization (EM) algorithm [28].
BEVNeXt [22] enhances depth quality by integrating color cues and expands the recep-
tive �eld to capture broader spatial context in dynamic 3D scenes. Despite these advances,
camera-based methods still lag behind LiDAR-based approaches [3, 4, 35]. As a result,
knowledge distillation [12] has emerged as a promising direction for further improving
camera-based BEV perception.

2.2 Cross-Modal Knowledge Distillation for 3D Object Detection

Cross-modal knowledge distillation [8, 17, 32] transfers knowledge across sensor modali-
ties, allowing a model trained on one modality to guide another. For example, early work [8]
transfers supervision from labeled RGB images to unlabeled depth and optical �ow, show-
ing that mid-level features from a source modality can guide learning in a target modality.
Subsequent studies extended this idea to heterogeneous settings. VGSR [17] distills visual
knowledge into speak recognition models, and XKD [32] bridges audio and video modalities
via domain alignment.

In autonomous driving, numerous cross-modal knowledge distillation methods [5, 6, 16,
18, 19, 33] have been proposed to improve camera-based student models by leverage depth-
aware supervision from LiDAR-based teacher models. MonoDistill [6] aligns LiDAR signals
with RGB images and transfer the spatial cues to the monocular 3D detector. BEVDistill [5]
extends this to multi-camera 3D object detection by projecting features into the BEV space,
which allows natural alignment between camera-based and LiDAR-based representations.
TiG-BEV [16] proposes the target inner-geometry learning to alleviate the BEV feature gap
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Figure 2: An overall architecture of DualDistill.

between two modalities. X3KD [19] introduces a cross-modal and cross-task knowledge dis-
tillation framework for LiDAR to camera knowledge distillation. DistillBEV [33] introduces
a region decomposition strategy to balance feature transfer across spatial regions. LabelD-
istill [18] mitigates the adverse effects of LiDAR supervision due to different sensor natures
by integrating aleatoric uncertainty-free features from ground-truth labels.

3 Proposed Method

Figure 2 provides an overview of DualDistill, where the student is a camera-based model
and the teacher is a LiDAR-based model. First, we propose the attention-guided orthogonal
alignment (AOA) to address the discrepancy between sensor modalities. Second, we present
the multi-scale feature distillation (MFD) based on the adaptive region weights [33] to ef-
fectively distill the teacher's representations. Third, we introduce the cross-head response
distillation (CRD) to enforce consistency in the teacher's predictions across both the aligned
student's and teacher's BEV representations. Finally, we train the student by simultaneously
minimizing the detection loss, the multi-scale feature distillation loss, and the cross-head
response distillation loss.

3.1 Attention-Guided Orthogonal Alignment

LiDAR-based models are not ideal teachers due to the inherent limitations of LiDAR sensors.
Although LiDAR point clouds provide accurate depth information, their low resolution and
lack of color reduce effectiveness in certain scenarios. Thus, successful knowledge distilla-
tion between camera and LiDAR modalities requires selectively transferring useful informa-
tion while preserving critical student features. The AOA module addresses this by aligning
student BEV features with teacher features via cross-attention and orthogonal projectors.

Cross-attention projector. Let Fs 2 Rcs� hs� ws andFt 2 Rct � ht � wt denote the BEV rep-
resentations of the student and teacher, wherec, h, andw indicate the number of channels,
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height, and width. We introduce learnable query embeddingsQ 2 Rcs� hs� ws that serve as
feature samplers to extract relevant student features for comparison with the teacher's repre-
sentations. Cross-attention is applied between the query embeddings and the student's BEV
features, followed by layer normalization, a feed-forward network, and bilinear interpola-
tion to ensure spatial alignment with the teacher's BEV features. Therefore, the output of the
cross-attention projector̃Fs! t 2 Rcs� ht � wt is given by

F̃s! t = Upsample (FFN(LN(Attn (Q;Fs;Fs)))) (1)

whereAttn (�; �; �), LN(�), FFN(�), andUpsample (�) denote window-based attention [24],
layer normalization [1], feed-forward network, and bilinear interpolation, respectively.

Orthogonal projector. The orthogonal projector [26] aligns the student's BEV features
with those of the teacher while preserving their structural consistency. To enforce the or-
thogonality constraint, we re-parameterize the learnable projection matrixP using the matrix
exponential, implemented via Padé approximation [11]:

P̃ = argmin
P

kPTP� IkF (2)

wherek � kF denotes the Frobenius norm, andP̃ is the resulting orthogonal projection ma-
trix. The aligned student BEV featuresFs! t 2 Rct � ht � wt are then obtained by multiplying
P̃ with the cross-attention projector's output,i.e., Fs! t = P̃F̃s! t . Orthogonal projection is
particularly effective for cross-modal distillation, as it preserves the inner product of the stu-
dent features. This helps maintain their structure and mitigates imperfections in the teacher
model.

3.2 Multi-Scale Feature Distillation

Adaptive region weighting is widely used to distill BEV representations between camera-
and LiDAR-based models. It identi�es informative regions where the student should mimic
the teacher and scales the penalty on feature discrepancies according to regional signi�cance.
Following prior work [33], we estimate region importance from region categories and salient
pixels, and use them to de�ne the multi-scale feature distillation loss.

Category-aware region weights. The BEV space is divided into four categories: true
positive (TP), false positive (FP), true negative (TN), and false negative (FN). TP and FN
contain objects, while FP refers to regions where the teacher assigns high con�dence, and
TN is considered relatively less important. We assign distinct weights to each category.
Speci�cally, the category-aware region weightC at pixel(i; j) is de�ned as

C(i; j) =

8
>><

>>:

a
NTP+ NFN

; if (i; j) 2 TP or FN
b

NFP
; if (i; j) 2 FP

g
NTN

; if (i; j) 2 TN

(3)

whereNTP;NFN;NFP;NTN denote the number of pixels in each category, anda ;b and g
control their relative importance.
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Saliency-aware region weights. We also consider the response magnitudes of both student
and teacher models. Given their BEV features, we compute the mean absolute values across
channels and normalize them via softmax. The teacher's saliency-aware region weights are
de�ned asSt = NFt � softmax (F̄t=w), whereF̄t is the mean absolute feature map,w is
a temperature parameter, andNFt denotes the number of BEV pixels, ensuring consistent
scaling. The student's weightsSs are computed in the same way, and the �nal saliency-aware
region weights are obtained by averaging:S= 1

2(St + Ss).

Multi-scale feature distillation. A multi-scale feature distillation loss encourages the stu-
dent to imitate the teacher's representations across multiple layers while focusing on infor-
mative regions. LetF(n)

s! t andF(n)
t denote the aligned student and teacher BEV features at

scalen 2 f 0;1;2g. As shown in Figure 2,n = 0;1 correspond to intermediate BEV features,
andn = 2 represents the �nal BEV feature before the task head. We align the intermediate
featuresF(0)

s , F(1)
s using the AOA module, while the �nal featureF(2)

s is mapped via a lin-
ear projection. As done in [33], we use a linear projection atn = 2 since both teacher and
student already capture similar task-level semantics. We compute the feature difference as
D(n) = F(n)

t � F(n)
s! t , and apply category-aware weightsC(n) and saliency-aware weightsS(n)

to obtain the loss:

L mfd =
2

å
n= 0






 C(n) � S(n) � D(n)








F
(4)

where� denotes element-wise multiplication, andC(n) , S(n) are reshaped for broadcasting.
These weights highlight discrepancies in important regions while suppressing less critical
ones.

3.3 Cross-Head Response Distillation

Cross-head response distillation transfers the teacher's depth-aware knowledge to the student
by comparing their predictions using a shared detection head. As illustrated in Figure 2, the
aligned student BEV featureF(2)

s! t is fed into the pre-trained teacher headHeadt (�) to pro-
duce cross-head predictions,i.e., Ps! t = Headt (F

(2)
s! t ). The teacher predictions are obtained

from its own BEV features. However, low-con�dence predictions from the teacher can in-
troduce noise and hinder learning. To mitigate this, we re�ne the teacher logits via entropy
minimization [7], resulting inPt = Headt (F

(2)
t )=t , wheret is a temperature parameter to

amplify con�dent predictions and suppress uncertain ones. Finally, we de�ne the cross-head
distillation loss as

L crd = L det(Pt ;Ps! t ) (5)

whereL det is detection loss of BEVDepth [21], consisting of classi�cation and bounding
box regression terms.

3.4 Training Objective

Our training objective comprises three loss functions:

L = L det(Pgt;Ps) + L mfd + L crd (6)
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wherePgt denotes the ground-truth detection boxes andL det is the detection loss [21] to pe-
nalize the discrepancy between predictions and ground-truth. Also,L mfd is the the multi-
scale feature distillation loss in (4), andL crd is the cross-head response distillation loss
in (5).

4 Experiments

In this section, we describe the experiment setup including dataset, evaluation metrics, and
implementation details. We compare our method with state-of-the-arts. We then perform
ablation studies to analyze our DualDistill.

4.1 Experimental Setup

Dataset and metrics. We perform experiments on the nuScenes dataset [2], which contains
1,000 driving sequences with 3D object annotations at 2Hz. It includes 1.4M annotated
object instances across 40K keyframes, captured by six cameras and a 32-beam LiDAR.
We primarily use mean average precision (mAP) and nuScenes detection score (NDS) as
evaluation metrics.

Implementation details. We use BEVDepth [21] as the student model with ResNet-50
and ResNet-101 backbones [10] pre-trained on ImageNet [31]. We adopt CenterPoint [35]
and MVP [36] as teacher models. We train the student for 24 epochs with a batch size of 32
using the AdamW optimizer [25] with a weight decay of 0.01. The learning rate is initialized
to 2� 10� 4 and decayed by a factor of 0.1 at epochs 16 and 22. Unless otherwise speci�ed,
the input resolution is set to 256� 704, and we follow the data augmentation strategies
in [15, 21]. We emprically set our hyperparameters toa = 6 � 10� 3;b = 4 � 10� 2;g =
6� 10� 2;w = 0:5 andt = 0:1:, respectively.

4.2 Main Results

Table 1 compares our method with recent state-of-the-art techniques [16, 18, 19, 33] in cross-
modal knowledge distillation. Using the CenterPoint teacher, our method signi�cantly out-
performs the baseline, BEVDepth [21], improving mAP and NDS by 5.4 and 3.9 points with
ResNet-50, and by 4.3 and 2.1 points with ResNet-101. With the MVP teacher, the gains
are even larger: 6.4 and 4.4 points with ResNet-50, and 5.4 and 2.8 points with ResNet-
101. Note that these performance gains require 15% additional training-time parameters in
the distillation modules (BEVDepth: 53.2M vs. ours: 61.5M), which are discarded after
training, keeping inference-time parameters and computation identical to the baseline. In
addition, our method achieves competitive or superior results compared to existing meth-
ods, ranking second with ResNet-50 and �rst with ResNet-101. Notably, while LabelDistill
shows limited scalability with larger backbones, our method maintains strong and consistent
performance.

A comparison with DistillBEV [33], which adopts adaptive region weighting for multi-
scale feature distillation, highlights the effectiveness of AOA and CRD. In Table 1, our
method consistently outperforms DistillBEV across different backbones and teacher mod-
els. When we use CenterPoint teacher, mAP and NDS improve by 1.5 and 0.8 points with
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Model Base Teacher Img Size mAP" (D) NDS " (D)

CenterPoint [35] – – – 56.4 64.8
MVP [36] – – – 67.1 78.0

Backbone: ResNet-50

BEVDepth [21] – – 256� 704 35.1 47.5

TiG-BEV† [16] BEVDepth CenterPoint 256� 704 36.6 (+1.5) 46.1 (–1.4)
X3KD [19] BEVDepth CenterPoint 256� 704 39.0 (+3.9) 50.5 (+3.0)
DistillBEV [33] BEVDepth CenterPoint 256� 704 39.0 (+3.9) 50.6 (+3.1)
LabelDistill† [18] BEVDepth CenterPoint 256� 704 41.9(+6.8) 52.8(+5.3)
Ours BEVDepth CenterPoint 256� 704 40.5 (+5.4) 51.4 (+3.9)

DistillBEV [33] BEVDepth MVP 256� 704 40.3 (+5.2) 51.0 (+3.5)
Ours BEVDepth MVP 256� 704 41.5 (+6.4) 51.9 (+4.4)

Backbone: ResNet-101

BEVDepth [21] – – 512� 1408 41.2 53.5

TiG-BEV [16] BEVDepth CenterPoint 512� 1408 44.0 (+2.8) 54.4 (+0.9)
X3KD [19] BEVDepth CenterPoint 512� 1408 44.8 (+3.6) 55.3 (+1.8)
DistillBEV [33] BEVDepth CenterPoint 512� 1408 43.6 (+2.4) 53.6 (+0.1)
LabelDistill† [18] BEVDepth CenterPoint 512� 1408 45.1 (+3.9) 55.3 (+1.8)
Ours BEVDepth CenterPoint 512� 1408 45.5 (+4.3) 55.6 (+2.1)

DistillBEV [33] BEVDepth MVP 512� 1408 45.0 (+3.8) 54.7 (+1.2)
Ours BEVDepth MVP 512� 1408 46.6 (+5.4) 56.3 (+2.8)

Table 1: Comparison to other LiDAR-guided cross-modal knowledge distillation strategies
on the nuScenes [2] validation set. The best results are depicted in bold and the second-
best results are underlined. Our method is highlighted in gray. † denote methods without
CBGS [40].

ResNet-50, and by 1.9 and 2.0 points with ResNet-101. In MVP teacher setting, the gains
are 1.2 and 0.9 points with ResNet-50, and 1.6 and 1.6 points with ResNet-101.

Figure 3 illustrates qualitative results of DualDistill and BEVDepth baseline. In Figure 3,
our method successfully identi�es distant objects that the baseline fails to capture and avoids
misclassi�cations such as containers for vehicles, as indicated by the red arrows. Addition-
ally, it achieves more precise localization, re�ning object positioning and depth estimation
compared to the baseline, as indicated by the green arrows.

4.3 Ablation Study

Distillation strategy. Table 2 (a) reports the performance under different combinations of
distillation strategies. Compared to BEVDepth baseline (i.e., without MFD and CRD), ap-
plying MFD improves mAP and NDS by 5.3 and 3.8 points, respectively. This shows that
MFD enables the student to better mimic the teacher's BEV representations while preserv-
ing structural consistency and enhancing feature transfer through adaptive region weighting.
Adding CRD yields an additional gain of 1.1 mAP and 0.6 NDS by transferring depth-aware
knowledge and improving the student's depth reasoning. These results con�rm the effective-
ness of both distillation strategies, as their combination yields signi�cant improvements over
the baseline.

Alignment strategy. Table 2 (b) evaluates alignment strategies at intermediate distillation
layers. We compare our proposed AOA with the projection block in DistillBEV [33], which




