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* Challenge

» need high quality input data to perform well, and the performance drops
significantly on degraded

» down sampling is often performed for computational and statistical reasons

» an adaptive framework can also benefit application domains where acquiring high
resolution data is particularly expensive.

» how to perform this selection automatically and efficiently
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Contribution

» we show that we can use only about 40% of full HR images without
any significant loss of accuracy——save in the order of 100,000
dollars.

» PatchDrop performs well on traditional computer vision benchmarks.

» generate hard positive training examples to boost the accuracy of
CNNs on ImageNet and fMoW by 2-3%.

* Problem statement and Proposed solution
* Experiments



| Background and Motivation
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| Problem statement
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| Proposed Solution

HR Classifier
Low Resolution fp: x fcl
Image Policy Network orErnl L iy :@ - e _.____ﬂ: _j
R x O = — k=il |
. LF\ [ ] gg Reward . - \_ _I_).
o S B N —rg ; : High Resolution x %
! ] O 6« Sampled Patches @ _
s “Uf FED T L
Q18 J Optional \_ | R Classifi N
patches s
@/'
a]_ P P 32
mi(ailzr,6,) = [ sp* (1 —5,)0 720,
| | p:]. o h'rn I
prediction vector Scl _A@/P)Sd + (1= 5/P)sy;
\@ = fpl21;0p)- number of sampled patches

. 8, € [0,1].—— sigmoid function




| Training

0, 0.
!
REINFORCE method

}
Vo,J = E[R(ay,az2,y)Vy, logmg (az|z)].
!

R(a;.aq,y)— advantage function

reduce the variance

P
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| Training

N

Input: Input(X;, Y,C) X, = {z},z7,...,7;

for k + O0to K, do

CI s A

Sp—a+(1—s,)(1—a)

ay ~ m(a1sp) Pre-training the Classifier:

i =zp () a1

as z ,9h . .
3 ci(eh' 0cl) Pre-training the Policy Network:

Evaluate Reward R(a;,as,y)

by < 0, + V0,
end
for k «+ 0to K5 do Finetuning the Agent and HR Classifier (Ft-1) :
| Jointly Finetune 6", and 6,, using f"
end
for k < 0to K3 do Finetuning the Agent and HR Classifier (Ft-2) :

| Jointly Finetune 6", and 6, using f" and f/,
end




| Experiment

Figure 4: Policies learned on the fMoW dataset. In columns 5 and 8, Ft-2 model does not sample any HR patches and the LR
classifier is used. Ft-1 model samples more patches as it does not utilize LR classifier.



| Experiment

average number of sampled patches

Acc. (%) @ Acc. (%) Acc. (%)
(P) (Ft-1) (Ft-2)

LR-CNN 61.4 0 614 0 614 0
SRGAN[19] 62.3 0 623 0 623 0
KD [40] 63.1 0 63.1 0 63.1 0
PCN [55] 63.5 0 635 0 635 0
HR-CNN 67.3 16 673 16 673 1

Fixed-H 77 7 633 6 649 6
Fixed-V 483 7 632 6 647 6
Stochastic ~ 29.1 7 571 6 636 6
STN [31] 46.5 7 618 6 648 6
PatchDrop 534 7 671 59 683 5.
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| Experiment

CIFARIO CIFAR100 ImageNet

Acc. (%) Acc. (%) Acc. (%) S Acc. (%) Acc. (%) Acc. (%) S Acc. (%) Acc. (%) Acc. (%) S

(Pt) (Ft-1) (Ft-2) (PtFt-1,F-2) (Pt (Ft-1) (Ft-2) (PtLFt-1,Ft-2)  (Py) (Ft-1) (Ft-2) (PLFt-1,Ft-2)
LR-CNN 75.8 75.8 75.8 0.0.0 55.1 55.1 55.1 0.0.0 58.1 58.1 58.1 0.0.0
SRGAN[1Y] 78.8 78.8 78.8 0.0.0 56.1 56.1 56.1 0.0,0 63.1 63.1 63.1 0.0,0
KD [40] 81.8 81.8 81.8 0.0.0 6l.1 61.1 61.1 0.0.0 624 62.4 624 0.0.0
PCN [40] 833 833 83.3 0.0.0 62.6 62.6 62.6 0.0,0 63.9 63.9 639 0.0.0
HR-CNN 923 923 92.3 16,16,16 69.3 69.3 69.3 16,16,16 76.5 76.5 76.5 16,16,16
Fixed-H 71.2 83.8 85.2 98,7 48.5 65.8 67.0 9.10.10 48.8 68.6 704 10,9.8
Fixed-V 64.7 834 85.1 9.8.7 46.2 65.5 67.2 9.10.10 48.4 68.4 70.8 10,9.8
Stochastic 40.6 82.1 83.7 9.8.7 27.6 63.2 64.8 9.10.10 38.6 66.2 684 10,9.8
STN [21] 66.9 85.2 87.1 98,7 41.1 64.3 66.4 9.10,10 58.6 69.4 714 10,9.8
PatchDrop 80.6 91.9 91.5 8.5,7.9.,6.9 57.3 69.3 70.4 9999.1 60.2 74.9 76.0 10.1,9.1,7.9

HR
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Figure 6: Policies learned on ImageNet. In columns 3 and 8, Ft-2 model does not sample any HR patches and the LR
classifier is used. Ft-1 model samples more patches as it does not use the LR classifier.



I Experlment decrease the run-time complexity of local CNNs(BagNet)
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Acc. (%) g Acc. (%) S Run-time. (%)
(Pt) (Ft-1) (ms)

BagNet (No Patch Drop) [I] 85.6 16 85.6 16 192 CIFARI0 (%) CIFARI00 (%) ImageNet (%) {MoW (%)
CNN (No Patch Drop) 92.3 6 923 le 77 (ResNet32) (ResNet32) (ResNet50) (ResNet34)
Fixed-H 67.7 10 86.3 2 98 No Augment. 92.3 69.3 76.5 67.3
Fixed-V- 68.3 10 86.2 2 B CutOut[5] 935 70.4 76.5 67.6
Stochastic 491 10 23.1 9 98 Fatch[}mp 93.9 71.0 78.1 69.6
STN[19] 67.5 10 B6.8 Q9 112

BagNet (PatchDrop) 77.4 95 927 85 098




