DualDistill: A Unified Cross-Modal Knowledge Distillation Framework
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Cross-Modality Knowledge Distillation (CMKD) Fs¢ = Attn(Q, Fs, Fs)

+ Method to transfer knowledge from a teacher in one ° Orthogonal projector preserves the student’s inherent feature structure while

modality to a student in another, injecting modality cues transtorming it into the teacher’s space
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. Multi-Scale Feature Distillation (MFD)
Main Idea & Challenge

 MEFD aligns BEV representations between camera and LIDAR models with

* Distill LIDAR geometric priors into a camera-based student . . o . .
adaptive region weighting, distilling knowledge from an imperfect teacher

during training
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rich semantic cues Camera . Student * CRD enhances cross-modal consistency by comparing predictions of the

shared detection head from teacher’s and aligned student’s features

Experiments on nuScenes 3D Object Detection

Model Base Teacher MAPT (A) NDST (A) 47 |_MAP
ContorPoint - i 6.4 648 15 |t 35
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Backbone: ResNet-50 N D
BEVDepth - - 35.7 47.5 e | e | B
TiG-BEV BEVDepth CenterPoint 36.6 (+1.5) 46.1 (-1.4) 35 [~
X3KD BEVDepth CenterPoint 39.0 (+3.9) 50.5 (+3.0) ResNet-50 ResNet-101 ResNet50  ResNet101 0 T ResNet-50 ResNet-101 ResNet-50 ResNet101
Distill BEV BEVDepth CenterPoint 39.0 (+3.9) 50.6 (+3.1) Baseline (BEVDepth) DistillBEV W DualDistil % teacher: CenterPoint B teacher: MVP
LabelDistill BEVDepth CenterPoint 41.9 (+6.8) 52.8 (+5.3) MED CRD MAPT NDS 1
Ours BEVDepth CenterPoint 40.5 (+5.4) 51.4 (+3.9) 351 47 5
DistillBEV BEVDepth MVP 40.3 (+5.2) 51.0 (+3.5) Y 20.4 513
Ours BEVDepth MVP 41.5 (+6.4) 51.9 (+4.4) J J 41.5 51.9

Backbone: ResNet-101
BEVDepth _ ] 412 535 Alignment mAPT NDST
TiG-BEV BEVDepth  CenterPoint | 44.0(+28)  54.4(+0.9) Upsample-Convx3 4.0 01.3
X3KD BEVDepth  CenterPoint | 44.8(+36)  55.3 (+1.8) AOA 41.5 519
DistillBEV BEVDepth CenterPoint 43.6 (+2.4) 53.6 (+0.1) Labels CRD temperature mAP1T NDS?T
LabelDistill BEVDepth CenterPoint 451 (+3.9) 55.3 (+1.8) GT - 40.3 511
Ours BEVDepth CenterPoint 45.5 (+4.3) 55.6 (+2.1) 1.0 409 515
DistillBEV BEVDepth MVP 45.0 (+3.8) 54.7 (+1.2) Teacher 0.5 41.2 51.9
Ours BEVDepth MVP 46.6 (+5.4) 56.3 (+2.8) 0.1 41.5 51.9




