PVANet

PVANet2 Object Detectiong O 28X 2 5t7| fot HERIO|CL
PVANet Detectiong & Uf= R-CNN A ZO|A Xt Y 2|F(ROI Pooling, RPN)2 ALESIERZ
R-CNN A Eof Cist 2| FEEH A|ZSHCE

R-CNN Series

J — Selective | Crop &l Store all region feats fro===oo=-o==ns 1
o Search q-:ﬁ Resize | CNN ||
R-CNN | > }Jfl, = :ﬁ > Cache [ : !
o |
Ll L) I=========== H
(. w— Selective —— 1 crop | A rol = N = I_____._______l|
SR Ly BN e N e
it | {1 Gl > > || el e 1
S - pamny | el ettt o
|2 W S| - - . 1= H
[ CNN }

I 4 — 1

= ~ ~
o, ] j re (e L Cregesson |,
R-CNN > 7> | — — e | ] :

Layer

Region Proposal I

Network (RPN)

£ 7szmm -

R-CNN2 O|O|X|0f CH8H CPUAOIA Selective SearchES ZTISHsiCt d2{™H N7t =g st <
X|(EEA) 2F 20007HE & &1 1 20007HS] EHE JHEEOZ CNNO| LO{A FeatureS

=
StCt O] SVMR2ZE C(lassification2 St Regressorg St&oilA HfA Q(X[E =FBICL

Fast R-CNNEZ OXHIHX| 2 Selective Search& ZISHCE T12{Lt Feature Map2 &7 2IsiA CNN
2 oF |0k AZXICH O|F ROI Poolinge &8 2f2t2| Region=0l| CHSHA FeatureO| CHYH EEE
ZFEICH CNN #XE MZSIEH Feature Map2 Input ImageOf CHoHA ZH2to| @{X|of Cist
B2E =8 E EESHD 7| WE0f o2gh 20| 7ttt 2|1 Fast R-CNNFE{= Softmax
£ SOl Z429| classOll CHt ProbabilityE TotCt.

Faster R-CNN2 GPUXO|A Region Proposalg & = RACt O|Z2 RPNO|2tE HERINA Z
ABICE RPN2 Feature Map2 E1 0= 20| X7t AUS BSHA| K| F5t= HERAZtDL M2st
M EICE 7|EQ| Selective SearchELCh 2 A|ZHE ZHEO[ QUL O|= 0= Fast R-CNN2| #XE

(HE LY.

O

-



R-CNN Series
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Design Principles

* Deep but Narrow
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Design Principles

* Modified Concatenated ReLU
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¢ Inception
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Design Principles

* Hyper-feature Concatenation
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Hyper-feature concatenation Multi-scale representation and its combination are proven to be
effective in many recent deep learning tasks [6, 12, 13]. Combining fine-grained details with highly
abstracted information in the feature extraction layer helps the following region proposal network
and classification network detect objects of different scales. However, since the direct concatenation
of all abstraction layers may produce redundant information with much higher compute requirement,
we need to design the number of different abstraction layers and the layer numbers of abstraction

Hyper-feature carefully.
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* Modified concatenated ReLUT oF B2 0f| A 0F AE235H ;Fcamre),fapm HEolRE=12 Inputoﬂ ke Lal\'crg'” Aok LERLEE

Name Type Stride Output Residual mCRelLU Inception #params  MAC
#1x1-KxK-1x1 #1x1 #3x3 #5x5 #pool  #Hout

convl_1 7x7 mCReLU 2 X3 X-16-X 24K 397™M
pooll1 | 3x3 max-pool 2 264x160x32

conv2_1 CReL. 264x160x64 (6] 24-24-64 11K 468M

3x3 mCReLU 264x160x64 (o) 24-24-64 9.8K 414M

3x3 mCReLU 264x160x64 o 9.8K 414M

3x3 mCReLU 2 32x 8 (&) 44K 468M

3x3 mCRel.U o 39K 414M

3x3 mCReLU () 39K 414M

3x3 mCReLU 32x80x 128 () 8-48-128 39K 414M

conv4_l Inception 2 66x40x256 (o) 64 128 256 247K 653M

conv4.2 Inception 66x40x256 ) 64 256 205K 542M

conv4_3 Inception 66x40x256 o 64 256 205K 542M

convd 4 Inception 66x40x256 o 64 256 205K 542M

convs_l Inception 2 3 384 () 64 128 384 573K 378M

convS2 Inception () 64 384 418K 276M

convS.3 Inception (6) 64 384 418K 276M

convS_4 Inception 33x2(lx38-l (8} 64 384 418K 276M
downscale | 3x3 max-pool 2 66x40x 128

upscale 4x4 deconv 2 66x40x384 6.2K 16M
concat concat 66x40x768

convf Ix1 conv 66x40x512 393K 1038M

Total 3K T9RM
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Results

* Classification (ILSVRC 2012)

¢ HEbFE AlexNet0| 3 B 22, B I GoogLeNet0| 3 B =

Model top-1 err. (%) top-5err. (%) Cost (GMAC)
AlexNet [14] 40.7 18.2 0.67
VGG-16 [15] 28.07 9.33 153
GoogLeNet [5] - 9.15 15
ResNet-152 [8] 21.43 5.71 11.3
PVANET 27.60 8.84 0.6

* Detection (VOC 2007)

* mAP > 80, FPS > 20, PVANerZ compressZ 2= T d50| 2 Lh&

Model Proposals  Recall (%) mAP (%) | Time (ms) FPS
PVANET 300 99.2 84.4 485 20.6
200 98.8 84.4 422 237

100 97.7 84.0 40.0 25.0

50 95.9 83.2 26.8 373

PVANET+ 200 98.8 84.9 46.1 217
PVANET+ compressed 200 98.8 84.4 31.9 313
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* Detection Computational cost
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PVANet 278 84.2 § 79 HEFCNE ResNet101
=78
PVANet (compressed) 125 83.7 77 Faster R-CNN +
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X 75
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