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Distilling Dense Object Detector via Masked Feature Exchange
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Abstract

Knowledge distillation for object detection has attracted attention to apply in various applications. However, most studies aim to
mimic intermediate feature without considering contextual information. In this paper, we propose context-based knowledge
distillation framework to transfer the feature of the teacher. In order to contain contextual information in the feature, we employ
confidence-based mask that extracts foreground feature from the teacher's perspective. The mask is applied to the teacher and the
student features, exchanging them to account for the foreground-background gradient gap. Finally, we use bidirectional KL
divergence loss to bridge the contextual gap between the teacher's foreground features and the student's background features.
Through various experiments, we demonstrate that our method achieves comparable result with state-of-the-art methods.
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Table 1. Performance evaluation of various mask methods

A AF 2AY e FART LE YN SGD &
Ejetel 4 ALgaglon, 27]

3.75E-3°]t}, §-2]= E3F 8epoch} 11epochol 0.1 H]&9]
step decay 35 A ARESTH

x7

814+ & (Learning Rate)<

2. Au}

npA7) Ak . B o glo| A= npAy] vPHES B35 B AW
Age] a3 A5 S oy mad g 49 2
32 AEaATh E 1904 No mask W& v} glo] &

HISl 59 0E sl U skl olFol

o)
7)< 83, All random HJE'S% oA °1 BE QY

4059 vlgE viaFo]l FalEth GT-Bbox 2
ground-truth bounding box& 7|Wto.2 Ay = E}ii% 0]
23}, Confidence W< A|etal= AlF] M 7]uk npA
7 WS 9udttt. No mask HH] BG random?»‘r All

Mask strategy mAP AP50 AP75 APS APM APL
No mask 417 60.9 444 247 451 54.4
BG random 41.9 61.1 44.8 254 451 54.6
All random 42.0 61.1 45.1 25.0 45.6 54.5
GT-Bbox 423 61.2 454 257 46.2 55.2
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Table 2. Comparisons with state-of-the-art KD methods in anchor-free detector

Method mAP AP50 AP75 APS APM APL
2xTeacher [13] 42.5 61.8 45.8 253 46.7 54.7
Student 38.8 58.4 414 232 42.3 50.4
FGD [17] 41.6 61.1 443 253 45.2 54.0
PGD [16] 41.9 61.2 445 241 45.3 55.0
PKD [1] 42.0 61.2 45.0 243 45.6 55.2
Ours 42.0 61.1 451 246 45.9 54.7
3xTeacher [13] 43.3 62.4 46.7 26.1 474 55.4
FGD [17] 418 61.1 446 25.0 453 54.4
PGD [16] 423 61.6 453 251 45.8 55.9
PKD [1] 42.2 61.4 453 252 46.0 55.2
Ours 42.3 61.3 455 261 46.1 54.7
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Table 3. Comparisons with state-of-the-art KD methods in anchor-based detector

Method mAP AP50 AP75 APS APM APL
2x Teacher [13] 449 63.1 49.2 28.3 49.6 56.8
Student 39.6 57.7 43.0 24.0 43.1 51.1
FGD [17] 43.2 61.3 46.9 257 47.2 55.6
PGD [16] 434 61.6 47.3 26.7 47.3 56.3
PKD [1] 43.6 61.7 47.4 26.2 47.6 56.4
Ours 44.0 62.1 48.0 26.1 48.1 57.2
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