HATHH 10 ¥ 8 # 2 & £ X ¢ 3 4 Vol.47,No.10

20174 10H JOURNAL OF UNIVERSITY OF SCIENCE AND TECHNOLOGY OF CHINA QOct. 2017

B G :0253-2778(2017)10-0799-09

EREXRLAE: RRCERAEREXETHDG
K OB REEY

QATBEHRF AR EHRE SRR MHRER 210023; 2.8 7 KEHEHIR2E5HEARR, MIHRER 210023)

HE. ABRAZENAPHILEGEATHIRMARRERITEERH, ERVHEZTORSTHREAA
fF8, AmAB TR ZARED. A, LEETUAKXRZEALET. AN REXICHRA LB
LR, XA AR MAZEE S, AR EERRRILS A THEREAEBRAZML T
LA B, EBEARFRILARE, ERRERILAA p BB ESBERKROHEARE, REHBF
ZRGFEA, ERRERILETAAES A A BB ERNLGER, LTALBH—FWNEH —
RRAFRBETHEERRKLSIR, FREREY, MILERILSFTERALMBRXILET &, £
REKILARGET Z45e9 -4, DEN-MR £ £ 48 £ 7% £ # ResNet 89 — A 474, 48 ResNet,
DFN-MR A& S0 A Bt E MBS 3B AN BELTHRERNS. RFLLBAHRE, B4
DFN-MR #F KA 2 9 A REAAERRRILASBHRT KA 1 o9 B REGEM, T AL WA ML
BERERZ.
K. ERAWEML; Lo E; MBER; HEFT L
FESES. TP183 XEAFRIREG . A doi: 10.3969/j.issn.0253-2778.2017.10.001
SIAM . ke, BB, EIRE I A BT A W LU BB A T [, o [ B2 4% R K 22231, 2017, 47
(10) :799-807.

ZHANG Hao. WU Jianxin. Ensemble max-pooling: Is only the maximum activation useful when

pooling[ J]. Journal of University of Science and Technology of China, 2017,47(10):799-807.

Ensemble max-pooling :
Is only the maximum activation useful when pooling
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Abstract: The pooling layer in convolutional neural networks performs subsampling on the basis of the
local correlation principle, reducing the data size while keeping useful information in order to improve
generalization, and effectively increase receptive fields simultaneously. The winner-take-all strategy is used
in classical max-pooling, which will affect the generalization of the network sometimes. A simple and
effective pooling method named ensemble max-pooling was introduced, which can replace the pooling layer
in conventional convolutional neural networks. In each pooling region, ensemble max-pooling drops the
neuron with maximum activation with probability p, and outputs the neuron with second largest

activation. Ensemble max-pooling can be viewed as an ensemble of many basic underlying networks, and it
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can also be viewed as the classical max-pooling with some local distortion of the input. The results achieved

are better than classical pooling methods and other related pooling approaches. DEN-MR is derived from

ResNet, compared with which it has more basic underlying networks and avoids very deep networks. By

keeping other hyperparameters unchanged. and replacing each convolutional layer in DFN-MR with a

tandem form, i.e., a combination of an ensemble max-pooling layer and a convolutional layer with stride 1,

it is shown to deliver significant gains in performance.

Key words: convolutional neural network; pooling layer; network ensemble; data augmentation

0 5|5

B 2 ) 4% (convolutional neural networks)
FETT BALISE S Aty — SE S R B A T 8 3 1 B SR
— A B MM HERZ LA ZE
(pooling layer) (4 4% 2 | I 40 M W01 pRE A Fr 4l
A a0 A 2 BT R A OGP R B AT
KFE S FEW DB 0 W E R A AR R, A
By T4z Akt J1 Rl 0 G )2 AT DL SR e 8z
HY (receptive field).

ZMRERICER—TEEN SR 515
HRIC A DX 3l 50 (A e A 8 T 0k 0 Dy i L R B
HABUE B K Y R 28 0615 B s — J2 ) AL 8 09 B
JEE T Ry I DX 3l P HE A %) ot 22 5 ) 4 22 >
SR A BT 3 B el #3812 (winner-take-all) 1 3¢
W T BE 4 1 X 245 S BE AR I i vz A R AR

AL — R 0 T 5 IR e Y B v 14 Y
BTk RN E R RIC A . 5 &l i KIC G 7 ik
Fo AR LR R A IR A AR T A SR R A X3
B R e KA B9 B FE B A 310 A D3, 4 i K
LA DBER p b 55 — Ry 2o I 20T, fF B4
Jry B A DRI, i 2 AR 55 0 A o R A S 1

A W KA A T LA A 22 A L il v 1 I 45 1) 4R
BRI 1 R YR 3 AR 23 7 45 R R A X e A ]
B A 28 T o BCAF Y T AR X 2 Y F 5 4 L o X —
DR FEREE M4 UZ 2 ERERILE S
Ff, AT fiE A R Al v A I 265 55 B LS B0 3 . £
e RACAS B A] LASR A Ry — Fh i A2 1 — 2 ]l E 28
TR RILE N2 ZERRKRICGERESH,
X Y Ja FR TR 22 B30 H LAAS B9800 38 .

T3, 3T Bk BR 3% 4% %) ResNet [ 4% &5 #45 p
RS T 48 A5 4 2 — , ResNet 1] LLEAEZ A
N T U T ) 2 il Vs o DO 4% 4 T L B R R TR A
P 26 2 — A B4 32 1Y ) 4% DFN-MR (deeply fused
networks-merge and run)J& % F ResNet % 1115 3

B HAE PR R Al P A 19 205 0 1 A2 B8 22 19 [] I 25 4

T A B DR S O 4 B TR A A A R 2% K
47 H ResNet B 47 fIRL . ResNet FIl DEFN-MR
HE A HNE G 2 EATHE KR 2 & BUZ kK
B ARG 2% ) K /N A SC ) DEN-MR H5 | A 85 Bl R KT
B I IE I T A I HASCR
1 HFESRTFRERLERE

AW 0, sr,  RNILEEHT—1
FILE XA H « €ER £ — D RFILE
DIy i L 2 FRATAE & iy 2 X2 LA = I
n=4, 0% 4 Ma A RANCE 53—

TAVBEAETAE — DXL, 2, s n ) BUHES =
s

L) 22 Ty 22 Tap == °°* 22 Trid D

WA G 7 B S R ORI A A &
KICERTEENL A X BN, S0 5 R A
2 TR Ry i R

a :ma?{J',v — X 2(1) (2)

bR B R R (D) B T8 R
AL I R BRI 2 B S A B 348
5 Ho il L B

SR SR BT B X B 1 A R 2 T 4 6
A 2 MR 1 TR
2 CEERER

S 1R T B S B R 7 28 3L 1 % B 22 1
SR LEH R IR A J2 0 D M 7 3R B R R A
BAE 2, A5 15 TR A A 1 30 2 2 7E 28 S A
25 [0 4% v B A

25 W) B BN 2 R 450 T 2 A B BUZ AN & )2
ST A B AT T 3 BUR A 224~ 4 B ok 28
SRR A B 22 Jo) B AT L H S O /N
A5 2 R I R A R 0 DG TR . s BUR
H 7 28 ek Al R O BB R I A R B AL



% 10 40 ERFERILA: RRILANRAZKMAA RS 801

A )2 FE T R BB A 56 v R 6 B A R AT SR A, i
FE Ul B i 0y R OR B A S BB 2 MR
PRBLFE VLR P 5 I

— 5 T LA 2 AT LA/ R AiF e S5 8 25 () /)N
FF R IS 2 BURR AE X Js) A7 ¥ 1 SO AR 2. A 2 B2
R —ANRE IS . 6 05 B 0 B R e At R E
FIAST O B REE LG Z M T X — 5k
HEAT W SRAE S DA /D RR A B 5 19 25 (R R /N S 2 A5
iY== =11 N e = N R AN T
S s TR RN 2 B 3 09 R i X Jeg 350 2 B B AN
BB, M S ECBCE AT AR A N X —
PR L 7 G NniA B T THZ Ak RE .

55— S IR R T LA SR R Rz B T —
D 3X3BRZEZE N 2. M2k — 4~ 2X 2170
ARREZER 2, FREEN L ESH 20
BERER 2 W% 0] LA S & A2 5 T
&S TH LA L S5 3R A FH 9 488 /0N 8% 32 17 1) AR Ak L TR
JE G B 2 W 25T DL A 8l 2 K8z B B RRAE 1T
feft P R R A7 W 11 AR i 2 TR 4 R i 48 T 4% A BT AR
SR S e E R F 2 —.

3 MxXIME

3.1 HENCEARZELCLEE
ML E TR E— e, Y5
HRIC A DXk 0 A 26 JE L Ho R — A e L AR
KA AT MR LA & A I — Bl bLIS .
BEMLIC A 0 i 2 AR 9 45 o, B9 AR X B0 K
INRFETRF] L B

s Vi Y

a=x;,W.p.p;, = 2::11).
A wop. BRI R,
e RALA KRG BBl R A iy B AR A
— B R A SRR R S AR A R AR A X O
i AVESRIE (dropout) AL 3R, B DAMESR p X #ig A 28
JUEE PO B A HL R LSRN SRR
NCECE w.p.p:=p (1 —p) (5
0, w.p.p"
%’[ (1) s X x(2) a"'?«h(i—né%ﬂﬁifﬁﬁrj‘ v%ﬁﬂﬂ% Ln(i)e
3.2 ResNet #1 DFN-MR
AR K A V2 TAE G T30 B 4 9 4 AU
2 P24 454 . ResNet " & H o i — SRR L AR B
R I%E 12 1) A7 76 1 15 U1l 2k ResNet A8 15+ 43 i 8%, IF
LRI AT o0 2% PR 3 A5 B LT 2T ResNet 2544
A LA AE 22 A7 [ TR B 1 66 At 85 7 0 2% ) 4 i, G

HR R S 50 1 1) At TR T I 245 A B T 3k G I s ) A
BE TR
SCHRL6 1% B - ResNet T 4 i iy JIR 28 4% T4
F1%) 5 il P 7 I 45 TT R 2 5 ) A T % R R i % )
M S 25 63 3K b TS ) 5 Al VS A X 2 A 4 X S Ak
A7 A2 RO R, A I 2 T A 42 S0 1 P g
I, SCHRL6 3 H —Ff DEN-MR M4, HoA 221
FER T AE W 25 K 1 L [R) A ol S0 1 AR TR Y I 2 1 B O
3 S IAE T DEN-MR ) HE REL T ResNet.
4 EHHEKXNLCA
4.1 HEHERKRCAERE
oy A 28 M i A5 T 1% ok 5 8 Iz Y i g L R
SCHR MR Y B BEATL M 0 B T E B 7 L R
R A LR R A X 5 R AR T A R R
AR AN S WA T 84 REILE
DT EISSPNENUEEFSINCR: SR (Il an
TEN R B B, 78 A JR I DX I, 48 e KA
G LA p B EORE R A R BRI A DI R il
JeAE g L HD
u— Ty o W.pl—p 6)
Xriz) s W.D. P
K, p J&— AT AR T R 2 8 o 2 U 7R
AN JRy TR A DB a1 = DAAE 85 0 20 A R R A 5
9 XS BEAS YN RAE A B Jmy I A DI, SR A
HMSE A AR R ZE S AL R R R, S 2 s RS
189 I 1) A 48 2ok A A AR, 33 A Bl Ay i 1Y 110 bl 22 T 0
o B 5 — )2 1) i) A% 1 R R 2
TEMR B BE L an 2R 4k 22458 1] 5 (6) rh BE B 1 I
072 2% A0 A 2 e Bl R 1 A 0 4% 1 P E
R DRI o FAT T390 0 A SR o 2 90 30 B 1 ol AL A oy
By S @ BXF o A 2o BYSMALH.
a=U—plx. T pxr.c» D)
42 EHEXRLCEENEEN
B v AL 5 AT LU A 22 A i il 7 1 ) 45 0 4
I I IR 18 4 Y32 ARORF A s 1 JRy B8 T 5 DX 3% A
B R O3 A HEAT — YRR DT AR I R R 25 R AE 45 R
ICA DG A [R] 0 P28 50 3 AH Y T 2028 I 4% 1) i
FEGEH 8 SCHY — A7 A Al R 48 78 D 3k e
B 38 ol A A R R A 1 5 =X FRATTAS B i A
LAV A W0 2% 19 - 4 1 LA
MICAZMIL R DX H XW i, X AT EE Y
LAl AE M 48 HH
N — 9DHW (8)



802 TEAFHAREFR

47 &

AP AR R AR A DX oA IR R BEER — R #
2800 2 PPk MR AL A XA B H )2 DHW  H
BUE IR/ BRI/ T3 7 A 45

HRAMEEGAH L RERRKRILARE P
[ BILE RS R D, X H KXW, B}, 7] Be i 5L b
BB AA

N = HzD[H/W; _ Zéjlnzmwz (9
PG 22 B2 B e A A T2 1 HE B A RO 3 iy 2 i
TETE R 28 B ECH .

43 EHRALCAESHEY %

B KILA e B UGE R SIL A3 58] — 0
AR E e 3 K Y T R s i T B T TS &
R BCHE D™ 70 BB 1R T 7 B A B8 K ) 48 i e K
A AT DL PR A — Rl A 2 — R SR B AR T4
S5 KA A 3 B KRR 1 AR 7 T8 4 A b i) 23X
ol B T 28 2 AL T SCaik [ 10 ] o 8 1 B R A8, O
£ MNIST $dli g0 F WS 7R3 4f B8R

H 4% )2 X R I A X 8 O 2 Y R AR S ST
1. 24 2 248 R KA 2 HE S L X RE Y SR BT A2
HH RUAR B3 .
44 EREALCEZH

B A R A AT B BT A TR o ST HE 2R A
Fe KA A Z WA o 18 A i AR A A5 2. e T
L ERRRKIEEZRAGIATAOENERIOTE A

SR B A aE T A L S K B, 7E NVIDIA K-80
L BT Caffel R M 45 45 F9 5 K aE4R 1 000 IR
TH B2 89 05 =X il 40 U KO 5 19 45 - 1
T 6] £5 1 B 1] & 5.18031 ms., i 4 JT) 48 i KiC &
1) I 2 S 141 i ) 4% 4% B[] J2& 5.28989 ms. A [b 28 L
B KAC A 5 B KA AL i 1.9%.

5 &EBmKXICAES DFN-MR

2 ML)l 2 ) 2 B AR 2 BT i R 5 U T O T
AT R BE A 9 3%, B AlexNet ), VGGNet ™
A5 25 L) 246 3 Ao 9 P T T B I 1 S HORT LAAT AL,
P TH IR 1) e TR BE . N 265 TR L I 4 o B b B
Z ARG, R 2 5 2 RE I T . ResNett i i
I B SR 92 235 ¥ R 1 R ik DA R P 4% AR A A L
ok 114 i) R

MR B 2F 2T B f B SR B ResNet 1] D)ok 7 1 45
BINr IEARAIR AT . ResNet (WLE 1¢a)) AT LA
B S b T B — B 22 43 S A 4% CILEEL 1(h))
ANIE) 43 3R] LAAE 8] 2 3R 47 45 B Rl & (FE ResNet
s AR D, X F 2 2 S RlA 26 T DL L
AR 22 BRI A N 48 B AR B CILEL 1 (o)) P 1 X
SIAEF I AE N 4% Z A P 2 MG ECH,
EATH RS )2 B 4% S 50 1y BE Sk
(14 ] A 1 B

Bl 1 ResNet EHRNAZHEWRE
Fig.1 The mixing of exponential branching paths of ResNet



% 10 & ERRKXILE: RRILANRARXMEA AD 803

SCHRL6 ] %2 IR R 11 FE Atk 78 A6 I 45 B T R 1
FHF 42 100G 9 45 550 B Ah L % 35 R 1 i 7Y BTk 3T S 2
B KA o ST 2% 53 i JH Al A4 4 8 0 6% S B A 4 Y 45
SEAZ BN FE N — AN G A I 2% N T AR S D D
B Ath VR T X 45 500 E 7R 3l G Bl R AV E I 45 X
PR T ).

DFN-MR F1 ResNet — #f, &B ] DL Jig I i, — Fh
227 SRR 45 ] DL R AR 22 35 il 98 A ) 2% 1
£E A HE ResNet 45# , DEN-MR () &Rl 15 78 ) 4%
BH W £ [ AT DEN-MR 378 H 3 3 bl 755 78 )9 28 %F
VA D) 45 1) R i 22 ) 5 0 B T 52 e, SIS B 8k
BRI ff HE 4 1L ResNet HUiS T 47 19 1 AE
P

FT 3l ResNet F1 DEN-MR () & fill % 78 %
2% —Fh 2R ) W 45 . ResNet #1 DEN-MR H #5
BAHAICEE ENTHE KN 2 898 B2k BFEAK
23RN ARG M b, BRI G R R K 2
{14 3 A2 AR T AR /)N A A1 Bk 5 A KN ARIE A 2 AT
DAAT 548 e %32 BT, DT FE B 53 S M 4 v I B TR
BRI KR 2 WERZ 4, Wi, ®ATH DEN-
MR KRy 2 ERIZBCN 2 X2 L& E BB
KN 1 B BUZ 5.

6 LIig

A4 CIFAR-10,CIFAR-100 fil ImageNet =
B AT 0
6.1 CIFAR-10—C& A kL

CIFAR-10 % #4574 5§ 10 250, b
50 000/ YINZEEUEFT 10 000 AN 3% B 45 . 15 5K 18 1%
KN 32X 32 X3, EA KA 5 000 I 5

S H S R AR SO Y Y R KA L
FIORH O6 TAE , SE86 32T Caffel !, i B9 R 2% WL 3% 1.
SEAE AT A 0.9 W sh & W BEHLERE T B 7 ik b1y
A A8 0.003 189 KA 302 9. 2 > H50 40 4 sk 25 1)1 2k
LR BAE L B 0 07 AT BAR D 58 U Rtk
17 300 % W HEF S F K 0.003, HAE I Zhad 12 b oA
W 3% e, EL ) BAMEL AR 1/100. 523645 51 L3¢ 2, 45 %
VAR 3 A AT 43 .

BRICARFZER KAWL FHILAIAR
A # 28 SC AR X B A A A TR) B T R . B AR A e
2o FHAEF /NE AR Bt RIC A 2 B ML AT A L
B T S5 KA o 8 W ) B s RIS ol 4 iR

®1 AT AFAR-10 HiEE EILMIC ST R & 51
Tab.1 The network used to compare different

pooling methods on CIFAR-10 data set

2 uEdAR RN AL AN 0-HT b
convl 5X5 32 1X1 2X2
pooll 3X3 — 2X2 0X0
conv2 5X5 32 1X1 2X2
pool2 3%3 - 2%2 0%0
conv3 5X5 64 1X1 2X2
pool3 3X3 — 2X2 0X0

fc4 — 64 — —

fcb — 10 — —

®2 AREILEFAELER 1 ML, CIFAR-10
Tab.2 The results of different pooling methods on CIFAR-10

dataset, using the network described in Tab.1

HRiC
T2 IR ALK
LRSS
max-pooling 15.25%  0.00%
average pooling 16.20% —6.23%
ensemble max-pooling (p=0.05) 15.51%  —1.70%
ensemble max-pooling (p=0.1) 15.14%  0.72%
ensemble max-pooling (p=0.2) 15.07% 1.18%
ensemble max-pooling (p=0.3) 14.28% 6.36 %0
ensemble max-pooling (p=0.4) 14.27%  6.43%
ensemble max-pooling (p=0.5) 14.62%  4.13%
ensemble max-pooling (p=0.7) 14.89%  2.36%
stochastic pooling 15.81% —3.67%
max-pooling dropout/stochastic 15.22%  0.20%
max-pooling (» =0.05)
max-pooling dropout/stochastic 15.17%  0.52%
max-pooling (p=0.1)
max-pooling dropout/stochastic 14.97%  1.84%
max-pooling (p=0.2)
max-pooling dropout/stochastic 16.50%  —6.96%

max-pooling (p=0.3)

max-pooling dropout/stochastic
_ 25.93% —67.18%
max-pooling (p=0.4)

max-pooling dropout/stochastic
. not converge  —
max-pooling (p=0.5)

max-pooling dropout/stochastic
. not converge -
max-pooling (p=0.7)
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Fig.2 Training and testing loss of ensemble max-pooling
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Tab.3 The comparisons of introducing pooling

into DEN-MR and other related works

AR 5 DFEN-MR

HEL A1 EH
AT
DFN-MR 56 5.50% 0.00%
DFN-MR  ( classical max-
) 56 5.44%  1.14%
pooling)
DFN-MR ( ensemble max-
56 5.13% 6.82%

pooling, p =0.05)

DFN-MR ( ensemble max-
) 56 4.62% 16.00%
pooling, p =0.1)

DFN-MR  ( ensemble max-
} 56 5.06% 7.95)%
pooling, p =0.2)

DEN-MR ( ensemble max-

56 4.69% 14.77%
pooling, p =0.5)
ResNet " 110 6.61% —20.19%
ResNet!" 110 6.41% —16.54%
ResNet (pre-activation) ™ 164  5.46% 0.72%
ResNet (pre-activation) ] 1001 4.62% 16.00%
ResNet (stochastic Depth)™ 110 5.23%  4.91%

ResNet (stochastic Depth)H7 1202 4.91%  10.73%
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Tab.4 The network used to compare different

pooling methods on CIFAR-100 data set
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FrARAl  AEE 0,001 Y ASUAR 308 . 2 A R0 40 42 U 25 DIl
YRR RS (EL A B AR 0 J7 AU AT e 9 58 L DI 4R 3L
HEAT 327 R WIIR 2 RO 0.1, AU Rl B R
Wi ek, BRI WG (E ) 1/100. 5080 25 WK 5, 5%
2 B Mk A 2 AL, BRIV G T 0 A [ ) I 265 45 4
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&5 ARICEFEER 3 ML, CIFAR-100
Tab.5 The results of different pooling methods on CIFAR-100

data set,using the network described in Tab.3

LERIC
F A IR G
AR X M
max-pooling 49.57% 0.00%
average pooling 47.60% 3.97%
ensemble max-pooling (p=0.05) 47.27% 4.64%
ensemble max-pooling (p=0.1) 45.58% 8.05%
ensemble max-pooling (p=0.2) 44.,02% 11.20%
ensemble max-pooling (p=0.3) 43.58% 12.08%
ensemble max-pooling (p=0.4) 43.75% 11.74%
ensemble max-pooling (p=0.5) 43.67% 11.90%
ensemble max-pooling (p=0.7) 43.28% 12.69%
stochastic pooling 46.60% 6.00%
max-pooling dropout/stochastic
) 46.91%  5.37T%
max-pooling (p=0.05)
max-pooling dropout/stochastic
_ 46.94 % 5.31%
max-pooling (p=0.1)
max-pooling dropout/stochastic
P ) & qrop 52.90%  —6.72%
max-pooling (p=0.2)
max-pooling dropout/stochastic
pooting drop 58.97% —18.97%
max-pooling (p=0.3)
max-pooling dropout/stochastic
_ 67.24%  —35.65%
max-pooling (p=0.4)
max-pooling dropout/stochastic —47.11%
P . g arop 72.92% '
max-pooling (p=0.5)
max-pooling dropout/stochastic
81.78%  —64.98%

max-pooling (p=0.7)
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6.4 ImageNet =8

ImageNet ¥ 85 0T A 1 000 A5, I
1 280 0004~ Yl R4 A1 50 000 4~ Ko ik 2 His.

LG IETF Caffer™ 5t Ho B A 2 CaffeNet''.
CaffeNet /27 Caffe F 1% T AlexNet' 5L 5,
P& FER X B 7E T CaffeNet JH# T AlexNet H
A5 2 I — 2 BT, 98/ T N A7 TT 4. CaffeNet
BRI AR 25 310 000 K, /ML HE KRN E 256,15
FMHT 1 RS IR RN 43.096%, BT 5 45 IR KN
19.97%.

AN I T CalfeNet Tl 25457 1 1) i i
S5 R R L0 ZR 200 000 WKL BT HR 2 2] RN
0.001, %kid 50 000 WA, 24~ KER LA 10, I
B2 B

FF CaffeNet 7E ImageNet | 0550 45 5 0L 2%
6.%F b4 B fe KL A F1 CalleNet T Il 2545 #4 1] LA
A B R KA R BE L n] DA A L K
TR A WS A 2 Y SR R e M T Ak 22 I R0 A p 1Y
BUME R 4 i ROE & W S8 B 45 R 10 T 5 4
CaffeNet S8, XL IHE SR KIL GBS p B
A BT Y 3 L DX [

#& 6 EH T CaffeNet 7£ ImageNet A IIH & R
Tab.6 The fine tuning results on ImageNet based on CaffeNet

5 CaffeNet Fil|
R R

HE A

(HT 1/Tr 5)

YRARR 4 AR X ek
= (F 1/80 5)

CaffeNet pre-trained

model

ensemble max-pooling

(p=0.05)

ensemble max-pooling

(p=0.1)

ensemble max-pooling

(p=0.15)

ensemble max-pooling

(p=0.3)

ensemble max-pooling

(p=0.5)

ensemble max-pooling

(p=0.7)

43.10%/19.97%

42.11%/19.19%

41.97%/19.14 %

42.05%/19.23%

42.22%/19.25%

12.25%/19.33%

42.28%/19.40%

0.00%/0.00%

2.30%/3.93%

2.60%/4.18%

2.43%/3.70%

2.03%/3.61%

1.95%/3.21%

1.88%/2.87%

6.5 ImageNet Bl

T ARUE SE 5 A AT B 7R T T USRI, BR TR
CaffeNet W 4& iy 28 MUIC 5 J2 0ok XF B B 4R 8
RICEJRIN KA B S Bk £ il 2R 48 £ /Nt i
KN 2 2] ARG AT I A SR W, A s 0l 3R 55
PREE MR CaffeNet Il ]9 — 2. B 9248 i
14 7 2 R 5 AT 8 AN A2 et FRATT g S Y A A

LI ZERWER 7. RR T AT LA, A 4R —
AT CaffeNet, i B 4 B i KL 4 1A RCPE A xF
p ARG X ]

*& 7 ETF CaffeNet 7€ ImageNet FRIEFIIGFER

Tab.7 The training from scratch results

on ImageNet based on CaffeNet

Yj CaffeNet Fiill
L5 ALY (14 A X 2
3 CRIT 1/ 5

R A

LAY o
CREY 1/81 5)

CaffeNet pre-trained
43.10%/19.97% 0.00%/0.00%

model

ensemble max-pooling

42.69%/19.19% 0.94%/2.20%
(p=0.05)

ensemble max-pooling

42.37%/19.14% 1.68%/2.50%
(p=0.1)

ensemble max-pooling

42.61%/19.23% 1.13%/2.53%
(p=0.15)

ensemble max-pooling

42.81%/19.69% 0.65%/1.41%
(p=0.3)

ensemble max-pooling

42.71%/19.67% 0.89%/1.51%
(p=0.5)

ensemble max-pooling

42.85%/19.81% 0.58%/0.80%
(p=0.7

7 #ig

AR SCHE T — B A B UL A i ROl 4
B FRAL A AT T AR AT 46 B U 28 I 2% 19310
A2 FRAT1E CIFAR-10 Fl ImageNet 344 4 [ #47
S A Ll 2 B A R AR AR I A i S R K
LA TR BUS TR RUR B T 17 ResNet #fi7E
DFN-MR ™ 5] A SE B KIC A 4% 1 1 2 A 1
HiE.

AR TAE T, FATDHE 78 TR A I 45 1 2 A B0
6T LB Wt R G T 1 B A A S ) 5% 42 A e
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