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Extracting Fusion Features of Deep Convolutional Neural Networks Trained on
Different Large-scale Datasets
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We have developed feature extraction methods from multiple pre-trained CNNs
for transferring the learned representation to various image recognition tasks. First, we have shown
that the orthonormalization of the weights of a fully connected layer improves the performance when
transferring them to various tasks. We have extracted the localized feature maps of the
orthonormalized fully connect layer from two CNNs, and fused them with bilinear pooling. The
proposed fusion features achieved comparable or better performance compared with the fusion features
of the top convolutional layers with a smaller computational cost. We have also developed a method,

which conducts discriminative pooling of the convolutional features with training data of a target
task.



X C—19,. F—19—1. Z—19 (58)

1. WFZEBRMA LA DA 5

I, EEEA=2—7 03y MCNN)DEBRRHESH CHEHEZED TWD. KEDOEET
—Z 2LV EE &= CNN X, EGFICE2MED T 3 /OB E MO CIEMIZITZ,
H R HPROE =7 EORRMEOBMBA S E BEART 57 E, RFEEARMEIC LA X
NIHEDTND. L LN G, CNN BNEWHEREEZ BET 5720121, FRHICE T EB X DK
BOT_NATEXEEF —F 2L L, FOAFIZITHYICEVER LS 2T 5.
ZO5RERT 572, ImageNet 72 & O KB /2T — 2 <X—Z(DB) T Sz CNN ©
O N B X A7 ~OFFEE L LTiEHAT 25 CNN FHiER L W) 77 e —F R ER
SNz, 2T 7 —F TiE, CNN OFEIIIF R ED T XNAT — 2 23 50, IHLO
X 27T, CNN XV flit 3 2 FHEUC BB B D8 4 o 7L % W TR U 7=k 25 % i
HT50HRT, BgER#EEIT ). FHE AT LA O X 27 OWENEET 255101385
WHEREZ BT 2728, KRE BAZGEICITHFHE Y OMRENE L.

—HRICEMG R ORI R IL, HEOBWMEDOET Y THHZ EnZ . B, EEND
FONRBREHATHIXLELBHIAERT LH2 A7 THIUL, BEOMKFECE &R L & 20K
PERFRH R TH D, T2, BORERIFEHR E OB —MROFEFRICB N TH, WIRTECHR A
R EDNR=YRZ OO EOBHOEWHEN DRSNS, 20 XK 5 ICEHEREN%
BE&S DB S 1D /RO @RS 72785k 21E, H—0 DB 7658 vz CNN FHE O A Tl
+oThdEEZLND.

ZOMBEIZHRT B 7, FIREZRIRY B8 efla 2 5 E Rl DB 2 H\5 Z & Tl
MAEAm EEgs2enEZ 55, LML, CNN T 1000 LD LTI TH->TH 100
T RCBNL D T~ IR RE L B OB A SLETH Y, 150 CNN TEEOM &% S84
Dl FHEEMOE CTHEERNTIZARW. 72, P LAEEBEL T IV 0B L
CNN I8 E 2 LS WO HELH D, - T, k¥ A7 BEOBH O KHFAE DB T
AR CNN 228 L, ZNOERBY A7 |\TEHT D Z &8, FREME, BEHTEZE LV,
LN LR BIEkOIZETlE, —oOKHHL DB T%#E & /- CNN Lok # 2 7 12/
T 5 Z LI, CNN £ D5 E DB DA L W o mHMR A Hika R, %o DB
THE I N 72 ONN OFFEEREITIT & A ERgT STz,

2. WO HB

ARFZETIE, B3O KRHE DB T8 & 7- CNN Z@ta L, Bpd % 27 OB+ 5
FEERRET D, BT )R, F— AR & ORI &2 A 7 ~EcHATRe e LH Y 722 it
AR FEE BT

3. WD ik
AHFZEHIR Tk, #HE CNN OFSICHELE R LUTO 3 HEhard 5.

(1) £ CNN 7 & Bifd9~ 2 R o FEAlR
O AEOMAEDE

CNN O, —MRIIREIE SRR DR Z — v (o D0k Y), FgiE Emk o
—rv (B EOBMMS) 2T 5. B CNWN ) DREO T ORS & it 3 58
A, fEHx @O CNN THItH T 2R oI TN ENAIE L e b X 27 ORI EZ M EXE %
HArBEbhEEHET 5.

@ RfE LA Eof s

CNN DEF LTI, HEOHBICEHABERMNT LORE. SEABITRES R D T
Y OEWHAEDOERE KM LTV, ZoREAEO M N2 BB ICRE/L L TRIGSIT D
HAFIC £ 0, RIEL S h - Rkt & 7 2 U OB WA & BT I\ 7= B3 A OV RE % 2EAT 3 5.

(2) e T DBH%E
250 CNN LT 2, FETF v 2 OMBERBR L LR 2MEe T N2 L, dRF 27
TOFFENMERED M E2AT 5. LUTD A, B D 2 F¥EOHBARR A2 AT 2.
A g O R (LE T O
2 ODFHE~ v T T ERL AR IGERIE 7 — U 7 (BP) [T 2@+ 5.
B. 18] i 44 T D AR B
B [ R TR A SRR L7212, BP ~ A L7eb D& fffid 2.

(3) B D 2 A 7 DR T — 2\ HS < B o sk
S AT TOFEBT 22 NDE LT, MEFZA7IIx L TEYER R hb 5
RIS,



4. WFFERE
(1) CNN 7 & HUAS9 2 e oD w kAl
O FHEEOMARE DY
LLUFD A B DF A7 IZBWTHNREDOMAE YO ZIT - 7.

A, EEERRIZ A T

AN OEENC T 5B AR 7 T 2% &1 DB & LT, 99 EO bR ITHE & 1 EOS &
DY T A%&ETe Cultural, 61 FXED B MR HEED 7 T A %4 WIDER, 40 FEXEO A\ W{THE)
DU T A&ETe Action, 17 FHO NSRBI RNIBETRD 7 7 A %5 T Phrase & M\ 7z,
FERMIRDO DB & LT, 200 FIEHDED 7 T A& ETe CUB AW, Hitaxtg e L= DB & L
T, 6TFEEOBRNY 7 A% ETe Indoor Z W, 2 DOKHEHEL DB ImageNet &N Places T
K x B SN2 ON D SRS ZRIE Uz, il L7 R S a2 892 SWHIC K 0 akBl L7z, $efEEo
CNN #8318 2 3l L 72N, REAY 72815 D ResNetb0 DfE R &~
B. W ATHINMRES AT

125-500 ALLF DN DG B Rl— ANz RIET 5 4 >0 A 7 M AYA DB % 74 /H DB
(W=, BUED R KB D NIRE DB T D MSMT17 TH238 L7 ResNet50 (23 < /=X
—ZXE7 /L (PCB) & 7=, PCB 2Dl L7 el xt LC, BRBERH 254 7k XQDA %3 i
L TR L7z, Z oG EFE O EY 2RI 5720 O M 217V, EHESE
MVA2019 CRARFEREIT- 7.

BI1IZH# A7 A DFERZRT. CNN O g ORFEE KIEFEE 7 — Y > 7 (GAP) IZ X WEEFE L
7-%#, ImageNet & Places DB THF¥ SN 7=FH A HRE L T35, Action DB TiZ, ik ENE A
ZJ& (Convb_x) DEFEN R B OFRERTH 5. JEHOFEM A 7 3V 2%+ % CUB DB T,
ImageNet (Z351F % Convb_x & Places (Z351F B KJE (Conv2_x—Conv_4_x) DRAEGHOENKE TH
5. > 450 DB TiX, Action DB ERIERDAER L2 o7. ZNOHOFEEL Y, AMOIEENC
B2 27 7 AT 2120, GFATOEWERD THN0 L7250, F—EE&OFEMARr T I
O TIE, BATOEL-VIER I Y L2 72 B OEREZ ST 572D DK L~V RN
BHaheBbohsd. 20X )72 A7 B TORFHOE L IVEROFIMEOZERICL Y, BOMEA
ALBICHEIMEDBENNELZEEZ NS,

2 A7 B CIIEEMR AT BOER~ODFEEDAEEZZ B, —D20 CNN 22 bHiH L7 IKfE
LEBOBBOMBAE ORI EHEZR Uz, [EESS&H# ICPR2020 O F I, i L7
ETOROEEN R b ADREOMRELY LAlD Z L &R LTz,

Action CuB

©
o

]
60 -
2 2
© 60 1 © 50
s J S40+
£ 40 E
) I - Places Conv2.x - %307 B + Places Conv2.x .||
S I + Places Conv3_x P [ + Places Conv3.x |
& 20 [ + Places Conv4 x |+ & [ + Places Convé_x
Il + Places Conv5_x 10k I + Places Conv5.x |
[ + Places FC [ + Places FC
0
Conv2 x Conv3 x Convd x Convb x FC Conv2.x Conv3.x Conv4dx Conv5 x FC

ImageNet Layer ImageNet Layer

K1 BOMBE OO, HEhR~7 InageNet DB TH¥E X7z ONN D4 & OB LT
KM T 7 Tt Places DB THE S48 ORHE A A U 72 F 8= 085k

A, JRTEL L= &R A oA

EREABICE Y FHIEND 7 7 AOBEWMAOERAZBEZRICRHELSED 7 T AFE L~ »
7 (CAM) [2] 245 & U CRIF L7288 oMieE X A7 A TRl L7-. CAM OFHEF ¥ /L DRI
ik ONN 0228 7 F 2B HkHE L, %< O CON #1E Tlie EALE 2 IA B ORI T v 1V DRI
X b Bz 1E, ResNet50 @ Convb_x J&DHHETF v 1r1-$ 2048 1% L C, ImageNet D
7 AT 1000 TH D

I B RSB ORBITFEE X AT DU T AREFET MVICKHET 523, Bied s T A3k
BEOWSEERGEDT0, THUHIXAEWICHEZ RS, ZO[EmMICE Y, CAM CTHIH S35 55
1%, 7 7 ARERT MAODEORITTEOHDBERE L TH LI, EiedZ A7 TR 21T 5 B
OIRHMERE 2D TN D, ZOMBEE R T S 720, FFiFEE 7 7 A0RERT MLV ERRE
S (SVD)IZ X 0 IEMIE A L & it U 72 Fefi 2 B 38 U 7. B o585k & BRI IC B 2 &%
MIRU2021 i, Z Oz ®RET .



SVD-CAM
shoeshop shed

2 [FA— 2 7 & (shoeshop/shed) (Zx%}9~ % CAM

ImageNet Places
SVD-CAM CAM_

[ 3 CAM D422 T A DHEKHE D -1

[X] 2 |Z Places DB T8 &7z CAM O flz~k3. Z OFITIE, SVD-CAM (X% < DT 7 A
THETHEEDON IR TOPTREDORE I 2FOMEEEAD S8, AN&ZThNFEOWE
DENLIR E~NTIRERMEEIFR L CND. 2F T A8 LT HR Z T 5720, CAM O sHE %
05 A TEBE LT b D& 3~ SVD-CAM I%, EfEN T\ Ml &2 B2y CAM L 0 &
SRV FRZ A2 OJED CEVMEZ R OIS L, F72, R EOFELMION
TW5., ZOMHAIE, Places THFEHENZETINVCTHETHY, B2 lEikT 242 27 %4
LEET A TH-TH Y TARERY MAOEREBERED, ANoWiRse X0 R L TR %
T AL R A ToT- 2 LRI ENS.

FZLICEB L OB LR~ » T OF ¥ RVIEHZ IR 7 — U > 77 (GAP) & VT4
FE LT a2 W -2 227 A DA RZ 77T, GAP ORTEMEIZ LV, CAM % GAP THE/RL- b
DONEFEATE (FC) Izt L, [RIARIZ SVD-CAM IZ GAP i L CHEMB L= b 0, IERERI L
L7=2%56 8 (SVD-FC) ~%}Hitnd~ 5. FCJg & i L C SVD-FC Jg DR #IE 42T D DB Ca\ O ilaki:
BEAEZRLTWAD., FCEDOERRY MVORFREEZ T LIz 24, WTHOET L 50%DIK
JET 80%LL LD REF HRICEFEL TRV, bW RTICHREENRET LTz, X v IiES
HEAALEFT > TV WEA, DEOEBEEZ R LM ThH 72720, 2z L7 SVD-FC
IZFC X0 b VR Z R LTz L& 2 b, i BB Z0ARE (Convb_x) DFFM & Hilz LT,
SVD-FC IZ I+P DA, IRt M 1/3 LA F T H. SVD-FC 1Z Convb_x ITXF LT, OREVMERET
HDHN, TOET, HRKOMEEZZERL TWDLET VI LT, 2TDDBTO.7T% L FTHo
7=.

7 1 ResNet50 DA% DRH# A GAP 1T & ¥ 4R AE L 72 FHOFB R, 1, PIT T L ImageNet,
Places DB THHFE SNI-ET AN LR, P+LITZN S ZMFE LI b DAIRT.
T, BTRENEN1EHR, 2FHICREOE, KF*IFHETREDET LV ERT.

Cultural WIDER Action Phrase CUB Indoor
Layet —1—p 1yp T P ITFP[ T P TfP| T P ITfP[ T P TfP[ T P T{P
Conv2x | 23.0 21.4 22.3%|225 21.8 25.2%|20.6 20.0 22.6%| 18.6 183 20.7%| 7.7 7.2 18.8%[30.6 28.7 31.0%
Conv3_x |40.2 359 39.6*|30.7 28.7 42.6*|33.3 29.0 30.7*|33.6* 30.4 32.0 | 129 10.8 33.2%|48.0 42.8 46.8*
Conv4 x | 66.3 62.6 67.6% |45.0 42.4 45.9%|65.9 537 63.4*|67.0% 562 64.5 |34.4* 21.1 293 |69.7 673 71.3*
Conv5_x | 67.5 64.5 71.8%|49.0 48.3 52.3*|79.3 64.1 80.1*| 77.5 67.8 78.8%|66.5% 24.1 63.6 |76.0 849 85.4*
FC |63.9 57.2 68.4*|46.7 449 50.3*|77.5 60.7 78.5%| 76.5 63.6 77.3*|63.4* 19.9 60.9 |73.8 84.3* 83.5
SVD-FC | 67.0 61.7 71.1% |48.5 46.5 51.7%|79.0 63.1 80.0% | 77.4 67.0 78.6* |66.1* 222 63.4 |75.7 85.1* 85.1*

(2) @hE X DBR%E

WG 7 — U o 7 BP) [1]12 % L THF5I1-8 7 —IERUE (MPN) [3] 458 /) L 7= MPN-BP % CNN 4%
DI NIRRT ¥ FVBAECTH D Z L BN D, WPN DAL ¥ 27 BIZH T 5 F B
FA#CCREAT L, IEEE Trans. on PAMI T3 L 723 3C? Appendix (2% L7z,

BP D AR ITCEUT AT FHEAT ¥ RN DT D 2 feDA— X —THINT 5. £ Z T, #2175
FHR[4] 2 My, BP ORGE &R H R TTEOBIET 2 D =2 2737 R BP[5] (CBP) 125 L
“C MPN % i Jl Al 62 & L 7= MPN-CBP Z el & (2 N 5. MPN-CBP O e — Y — 033 E
TE, TNERTOLRMET 5000 L#HET 525, FMdlHOFH R, MPN-CBP (2 AJ)§ 5 Fi¥
< v T ORHERT ¥ FNIRTENARTTFT 5.



£ T, HiIHi> SVD-CAM & MPN-CBP D AT~ v 7 & LTHIVY,  ATIHREET v rVikon kK
PIELSIA B, BB HEL T E A MPN-CBP TS L7-Hi%z FV =% 2 7 A OGS
ZFR2ITRT. H1OKRLET S Z LT, MPN-CBP IZ L% I+P D&Y, GAPIZX WiEHh
2RO AR X D S AN RREEAIETH D Z E R TE 5. MPN-CBP [ZA T 58 &
L T SVD-CAM I%, Convb_x XV & EWVERENFRIZETH S, 728 Convb_x DRFEITKE LT 1/3 FREE
DIRTTETIH D I+P DEAETIE, SVD-CAM % AU 7= MPN-CBP I, Convs_x Z W2 E12% LT
2002 REACH HHIRF R 23 B 20> o 72

SVD-CAM % MPN-CBP O A JICEBE AW 584, 3. (2)A. EE T O R — DAL EIC I T 5 FE B 5t
Ji L, SVD-CAM (Z GAP % 3@ T L 7= SVD-FC {Zxf L C MPN-CBP Z ¥ 4 5434, 3. (2)B. AT
OFENC KT 5. SVD-FC (%, Cultural & WIDER THZh TH-7-. T HIE, HHRASTER
B FE T EOH), @SN R AR T XA THhDH 0, BENTHEELTWD
BEWREHROLERERPEN THLIT-DEEZLND. FOMDT —X T, SVD-CAM NEZT
HY, ZIIIFFICCB TH TH-o7-. BEEWNIC/NE RS BOFEMEZ#N T2 2 27
ThoCUBIE, [FA—ONEIZEE LIt Rz BERD, A ThrodbtBE1on5.

# 2 ResNet50 D% & DR % MPN-CBP (2 & 0 SR L I- M ORRIE. P+ IL, P, I DHET L
MO U S F v p LA dRE L=~ > 7% MPN-CBP D A1 & LT\ 5.

Cultural WIDER Action Phrase CUB Indoor
Layer T P T+P[ 1 P T+P[ 1 P TP 1 P TFP[ 1 P T+P| 1 P T+P
Conv2x |49.7 46.8 50.0¥ |33.3 32.6 3417|347 33.4 354%| 337 325 345%| 21.6 199 22.1% [48.8 46.1 49.4%
Conv3.x |61.5 584 60.2%|39.4 38.6 38.8%|48.6 44.7 47.0% |48.8* 45.1 482 |34.9* 292 334 |60.8 593 62.1*
Conv4_x |68.4 652 67.4%|43.5 41.8 42.4%|72.6 59.7 68.4*|73.8* 62.7 69.3 |61.8* 383 524 |73.5 71.6 73.8*%
Convi_x |69.9 67.6 72.6%|482 482 50.8%|80.5 67.2 81.3*| 78.4 70.8 79.3%|72.8% 33.1 70.4 |75.8 85.1% 84.5

CAM | 68.7 64.1 71.9%|48.4 479 50.9%|79.7 64.7 80.1* |79.2%* 68.6 79.1 |71.2%* 292 69.4 745 84.7* 84.0
SVD-CAM | 70.2 67.3 73.1% |48.4 48.8 51.4%|80.4 67.0 81.3*| 78.6 71.0 80.0% |72.4* 329 714 |754 853 85.7*

FC 67.8 622 71.8*|50.2 48.6 52.9%|77.3 59.7 77.6%|79.1* 64.5 789 |64.5% 205 60.7 |75.9 84.7% 83.6
SVD-FC |69.8 66.0 73.5%|51.0 49.8 53.6%|79.3 63.3 79.6%| 79.2 68.5 79.6%|67.0% 237 639 |76.8 854 85.2%

(3) RS D & A 7 DB T — & 2RI U= Feischh tH o ek

DX A7 OFET — 22 HNT, FREFLET VDD EIIALE O RS HBIE I
FET D HIEERRE L, ¥ A7 B~wA Lz, MBI E R~ v T HEEIECT 7 A 28 A
L, 8o 30 5L bomdfb 2 EH Lz, ZhIT, BB E XQDA & B8 DR
ORI LY, FEHERET NV ENY L TNVOFET 22N T T 7 A v Fa—= T LT
X0 L EREE A NWIRA R A K TR IR A RN TR . O RRE A ERA
% ICPR2020 THEF L7-.

Baseline: PCB [Sun et al., 2018] trained on (source/target) dataset
100

/ Source dataset: MSMT17
st as art ar i Target datasets: VIPeR
B — 00000 o o sty sum of 74 SIERRESRERARES
L EEEEE — g |\ distances 8

3 ZERER ﬂﬂﬂﬂﬂ s 5 g
—>, ISR s arinsz A ari 2 ol A0 E —— 53.0% PCB (souroe) Training time

RS —A000L ol .= - W e

-] _.I] I] I] [I u_, AT e Ll 64.3% AvgP+pad +XQDA arge
—1 EEE e [ 42.5 sec (CPU) 312 sec (GPU)
K weight K feature K distance metrics 70
map pairs  vectors (XQDA [Liao et al 2015] ) 5 10 15 20 25

Rank

X4 Ff: BEETNV(C-DPCF). FH: 774, v F a2—=2 27 (PCB(target)) & DLl

<BIH SRR

[1] T.-Y.Lin, A.RoyChowdhury, S.Maji, Bilinear convolutional neural networks for
fine—grained visual recognition, IEEE Trans. on PAMI, vol.40, no.6, pp.1309-1322,
2018.

[2] B.Zhoug, A.Khosla, A.Lapedriza, A.Oliva, A.Torralba, Learning deep features for
discriminative localization, In CVPR2016

[3] P.Li, J.Xie, Q.Wang, W.Zhuo, Is second-order information helpful for large-scale
visual recognition, In ICCV2017

[4] M.Gou, F.Xiong, O.Camps, M.Szanier, MoNet: Moments embedding network, CVPR2018.
[5] Y.Gao, 0.Beijbom, N.Zhang, T.Darrell, Compact bilinear pooling, In CVPR2016



1 1 0 0

Tetsu Matsukawa, Takahiro Okabe, Einoshin Suzuki, Yoichi Sato 42

Hierarchical Gaussian Descriptors with Application to Person Re-ldentification 2020

IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI) 2179 2194
DOI

10.1109/TPAMI .2019.2914686

3 0 2

Tetsu Matsukawa, Einoshin Suzuki

Kernelized Cross-View Quadratic Discriminant Analysis for Person Re-ldentification

Sixteenth International Conference on Machine Vision Applications (MVA 2019)

2019

Tetsu Matsukawa, Einoshin Suzuki

Convolutional Feature Transfer via Camera-specific Discriminative Pooling for Person Re-ldentification

in 25th International Conference on Pattern Recognition (1CPR2020)

2021

ConvNet

(MIRU2021)

2021







