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l Introduce

knowledge distillation + object detection

< foreground-background class imbalance

Distill the whole feature may introduce much noise because
of the imbalance between the foreground and background.

‘ distillation area |

mAP mAR

< only focus on foreground [ fg bg split |
RetinaNet |, 374 539
. . . Res101-Res50 v % 39013 55.6
Considering that background regions are useless or even X 100 358
harmful for distillation. voovoox | 389 55
v v v 394 56.1




l Introduce

Spatial attention ~ Channel attention
5

< The difference between student’ s attention and
teacher’ s attention in the foreground is quite significant.

=) focal distillation

focal distillation calculates the attention of different pixels and channels in
teacher’ s feature, allowing the student to focus on teacher’ s crucial

pixels and channels. d ’
. . Figure 1. Visualization of the spatial and channel attention map
O lt ) genel‘ally aCknOWledged that the relatlon between from the teacher detector (RetinaNet-ResNeXt101) and the stu-
different objects contains valuable information in object LR
detection.
=) global distillation focal distillation + global distillation

we utilize GcBlock to extract the relation between different pixels and then
distill them from teachers to students.
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Figure 2. An illustration of FGD, including focal distillation and global distillation. Focal distillation not only separates the foreground and
the background, but also enables the student network to better pay attention to the important information in the teacher network’s feature
map. Global distillation bridges the gap between the global context of the student and the teacher.



l Focal Distillation
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l Focal Distillation

feature loss Lfea =« T Y Y M; ;Si i A7 ;AR (Fiij — f(Fff:i,j))E
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attention loss L., = v (I(47, A2) + (A, AT))

focal loss Ltocal = Lea+ Lat



l Global Distillation

N2
glObal loss Lgfubai =\ Z (R(FT) _ R(Fb)) Teacher Student
i k CxHxW Context Modeling
R(F) =F + Wya(ReLU(LN(Wor (Y —x,—==F))) - ™™™y ™)
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Wk, Wv1l and Wv2 denote convolutional layers, LN }lLta(ye:rl:I;rm ReLU ||
denotes the layer normalization, Np is the number of pixels i oil X1y |
in the feature and A is a hyper-parameter to balance the = i \ X ﬁ)*—l _conv (':X1)sf I Wiz
loss. RCXHXW RCxHxW vansform

Global Distillation

Figure 4. The Global Distillation with GeBlock. The inputs are
the feature maps from the teacher’s neck and student’s neck, re-

spectively.
Overa" IOSS L= Lm'iginaf + Lfm:a.f + Lgiﬂbaf



I Experiments

Method | mAP  APg APy APg
RetinaNet-Res101(T) | 38.9 21.0 428 524
RetinaNet-Res50(S) | 374 20.6 40.7 49.7
FGFI [31] 38.6 214 425 515
GID [0] 39.1 228 431 523
Ours 39.6 229 437 536
Ours T 39.7 220 437 536
RCNN-Res101(T) 39.8 225 436 528
RCNN-Res50(S) 384 215 421 503
FGFI [31] 39.3 225 423 522
GID [6] 402 227 440 532
Ours 404 228 445 535
Ours T 405 226 447 532
FCOS-Res101(T) 408 242 443 524
FCOS-Res50(S) 385 219 428 486
GID [0] 420 256 458 542
Ours 421 27.0 460 54.6
Ours T 427 212 465 555

Table 2. Results of different distillation methods with different
detection frameworks on COCO dataset. T and S mean the teacher
and student detector, respectively. FGFI can only be applied to
an anchor-based detector. T means using inheriting strategy. We
train the FCOS with tricks including GloULoss, norm-on-bbox
and center-sampling which is the same as GID.

Teacher | Student mAP APs APy AP, | mAR  ARs ARy ARy
RetinaNet-Res50 37.4 20.6 407 49.7 53.9 331 577 702

RetinaNet | FKD [3Y] 39.6(+2.2) 227 433 525 | 56.1(+2.2) 368 60.0 72.1
ResNeXt101 =~ Ours 40.4(+3.0) 234 447 541 | 56.7(+2.8) 376 615 724
Ours{ 40.7(+3.3) 229 450 547 | 56.8(+2.9) 365 614 728

Cascade | Faster RCNN-Res50 | 38.4 215 421 503 52.0 326 558  66.1
Mask RCNN | FKD [39] 41.5(+3.1) 235 450 553 | 54.4(+2.4) 340 582 699
ResNeXt101 = Ours 42.0(+3.6) 238 464 555 | 55.4(+3.4) 355 60.0 70.0
RepPoints-Res50 38.6 225 422 504 55.1 349 594 703

RepPoints | FKD [39] 40.6(+2.0) 234 446 530 | 56.9(+1.8) 373 609 714
ResNeXt101 =~ Ours 41.3(+2.7) 245 452 540 | 58.4(+3.3) 39.1 629 742
Oursf 42.0(+3.4) 240 457 556 | 58.2(+#3.1) 378 622 733

Table 3. Results of more detectors with stronger teacher detectors on COCO dataset. T means using inheriting strategy, which can only be

applied when the student and teacher have the same head structure.



| Ablation

Method | ReinaNet ResX101-Res50 Method | ReinaNet ResNeXt101-Res50
Local ) v ) v Spatial attention - v - v
Lgtobal } ) v v Channel attention - - v v
mAP 374 | 40.2 40.2 404 mAP 374 | 400 397 40.2
APg 20.0 | 22.8 229 234 APg 20.0 | 22.3 22.0 22.8
AP, 40.7 | 440 443 447 AP 40.7 | 44.0 435 44.0
APy, 49.7 | 540 534 54.1 AP, 49.7 | 53.6 534 54.0
mAR 539 | 56.2 564 56.7 mAR 539 | 56.1 558 56.2
ARg 33.1 | 36.8 37.3 37.6 ARg 33.1 | 36.5 35.7 36.8
AR, 577 1 603 605 615 AR s 577 | 60.2 599 60.3
AR, | 702|723 722 724 ARL 02721 718 723

) o ) Table 5. Ablation study of the spatial and channel attention mask.
Table 4. Ablation study of focal and global distillation.



| Ablation

Methods | mAP APgs APy AP
baseline 384 215 421 503
Non-Local | 39.8 227 43,1 523
GeBlock | 41.5 234 46.0 553

Table 6. Comparison of different global relation methods on Faster
RCNN ResNeXt101-Res50. Here we train the student just with

global distillation.

T 03 05 08 1.0 12

mAP | 40.1 404 404 40.2 400
mAR | 564 56.7 56.6 565 564

Table 7. Ablation study of temperature hyper-parameter 1' on
RetinaNet ResNeXt101-Res50.



I Visualization

Teacher Student Student with FGD
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Figure 5. Visualization of the spatial and channel attention mask from different detectors. Each pixel in the channel attention mask means
a channel. Teacher detector: RetinaNet-ResNeXt101. Student detector: RetinaNet-ResNet50
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