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[Abstract]

In this paper, we propose Multi-Scale Feature Knowledge Distillation for 3D Object Detection
(M3KD), which extracting knowledge from the teacher model, and transfer to the student model
consider with multi-scale feature map. To achieve this, we minimize L2 loss between feature maps at
each pyramid level of the student model with the correspond teacher model so student model can
mimic the teacher model backbone information which improves the overall accuracy of the student
model. We apply the class logits knowledge distillation used in the image classification task, by
allowing student model mimic the classification logits of the teacher model, to guide the student model
to improve the detection accuracy. In KITTI (Karlsruhe Institute of Technology and Toyota
Technological Institute) dataset, our M3KD (Multi-Scale Feature Knowledge Distillation for 3D Object
Detection) student model achieves 30% inference speed improvement compared to the teacher model.
Additionally, our method achieved an average improvement of 1.08% in 3D mean Average Precision
(mAP) across all classes and difficulty levels compared to the baseline student model. Furthermore,
when integrated with the latest knowledge distillation methods such as PKD and SemCKD, our
approach achieved an additional 0.42% and 0.52% improvement in 3D mAP, respectively, further

enhancing performance.
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Fig. 2. Multi-Scale Feature Knowledge Distillation for 3D Object Detection (M3KD) Framework
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2. Knowledge Distillation
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Fig. 3. Explanation of Coordinate Order from Feature Map

III. Methodology
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Table 1. 3D object detection accuracy (APty, AP3p) on Car class comparison on KITTI validation dataset
( and Blue are highest and second-highest AP scores of all student models, respectively.)
Car APy (1) Car AP3p (1) .
B e D GEeE (Easy Norm. Hard) (Easy Norm. Hard) Time (1)
ResNet-50 Teacher (Vanilla) 27.41% 21.14% 17.48% 19.13% 14.69% 12.42% 61.9 ms
Student (Vanilla) 26.17% 18.74% 15.07% 17.71% 13.19% 10.43% 47.7 ms
PKD [9] 26.98% 19.39% 15.71% 19.31% 13.60% 11.19% 47.7 ms
ResNet-18
SemCKD [10] 24.25% 18.34% 14.91% 17.15% 12.57% 10.42%
M3KD (Ours) 47.7 ms
Table 2. 3D object detection accuracy (APsp) on pedestrian, cyclist class comparison on KITTI validation
dataset ( and Blue are highest and second-highest AP scores of all student models, respectively.)
Pedestrian AP3p (1) Cyclist AP3p (1) .
BeiEldanz D GEeE (Easy Norm. Hard) (Easy Norm. Hard) Time ({)
ResNet-50 Teacher (Vanilla) 6.85% 5.58% 458% 4.38% 2.48% 2.57% 61.9 ms
Student (Vanilla) 7.05% 5.09% 3.94% 2.70% 1.52% 1.29% 47.7 ms
PKD [9] 3.59% 2.01% 1.54% 47.7 ms
ResNet-18
SemCKD [10] 8.33% 5.84% 4.79%
M3KD (Ours) 7.38% 5.61% 451% 3.55% 2.02% 1.83% 47.7 ms
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Table 3. 3D objecet detection accuracy (mAPsp) on
Car, Pedestrian and Cyclist classes comparison on
KITTI validation dataset

( and Blue are highest and second-highest

mAP scores of all student models, respectively.
“Avg.” represents average across all difficulty
levels. “Va.” represents Vanilla model. all score unit

is percentage (%))

KD method (Easy m?\l?fnw(.“ Hard.) Avo.
Teacher (Va.) 10.12 7.58 6.52 8.07
Student (Va.) 9.15 6.60 5.22 6.99
PKD 10.82 7.37 6.01 8.07
SemCKD 10.14 7.03 5.96 7.71
M3KD (Ours) 10.41 7.55 6.25 8.07

2. Comparison Result
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ou 45 B2t A m(Metrics) 2= Bl W20 X, 7 &
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Table 4. Ablation study on KITTI validation dataset. Each loss applied separately, expressed with circle.

(“Back” represents used backbone; R-50 and R-18 are ResNet-50 and ResNet-18 respectively. Orange and
Blue are highest and second-highest AP scores of all R-18 student models, respectively. “Avg.” represents
average across all difficulty levels. all score unit is percentage (%))
Back | Method | Lyp| Lk (Easycar l\?::r[;\.( T )Hard) (EasyPed.NAt;liirtlw.(TLard) (Easycyc. l\foi?\.( T )Hard) Avg.
Vanilla 19.13 14.69 12.42 6.85 5.58 458 438 2.48 2.57 8.07
R0 M3KD O O 19.45 14.82 12.46 7.68 5.79 474 4.10 2.27 242 8.19
Vanilla 17.71 13.19 10.43 7.05 5.09 3.94 2.70 1.52 1.29 6.99
O 1995 1458 1219 7.85 6.00 4.64 3.34 1.85 1.93 8.04
M3KD O 18.11 13.13 10.86 9.00 6.42 5.28 3.89 2.07 2.02 7.86
O O 7.38 5.61 4,51 3.55 2.02 1.83 8.07
R 1931 1360 1119 | 957 650 529 | 359 201 154 | 807
PED O O 19.59 14.53 12.20 8.91 6.32 4.90 5.65 2.1 2.19 8.49
17.15 12.57 10.42 8.33 5.84 4.79 4.93 2.68 2.68 7.71
Semckd
O O 19.80 14.05 11.79 8.34 5.97 474 4.25 2.59 2.50 8.23
o AT 3 ARFE F45t0], ms (Millisecond)2 57 & AT 0pA|o.2 [A| FeA0A mAPy & 57
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9ix] A5 2eA0] A% 2A12 Uehd Table 12 2
M AQsH= M3KD 7|foz shsst wdlo] PKD,
SemCKDZ &t stAl ol tfjd] XF=R} 22 A9] easy
ol =9o] APy /5014 0.66%, 3.39% = $R|1E 27
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[¢]

OIA

O
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i
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3. Ablation Studies
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mAPsp7} 6.99%0114 8.04% =2 S7tsl HA|IAQl Holwef
Z2j20] APyl ol gl 2 srelg 4 9lct. o]
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0.506

Fig. 4. KITTI Qualitative Results Examples. We visualize M3KD and PKD methods on the KITTI validation dataset. The
orange, yellow, and green boxes in the image represent the 2D and top view projections of the predicted 3D bounding
boxes of M3KD, PKD, GTs, respectively. Points side of boxes are 3D loU and top view loU points. The radius difference

between two adjacent white circles is 5 meters.
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4. Qualitative Results
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V. Conclusion
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