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Unsupervised visual representation learning with image triplets mining

HE Guo-Cai LIU Xia-Bi

(Beijing Lab of Intelligent Information, School of Computer Science, Beijing Institute of Technology, Beijing 100081)

Abstract Feature representation is one of the key problems in the field of computer vision, good feature
representation can improve the performance of machine learning algorithms. Deep learning is one of the best
methods of learning visual representation at present. The supervised method can provide rich features for
classification and recognition algorithms. However, due to the massive growth of visual data and the high cost of
manual annotation, unsupervised learning of visual representation has gradually received more attentions. This
paper presents an unsupervised deep learning method based on image triplets mining for learning visual
representation of images. Our method consists of two stages: mining image triplets and learning feature
representation of images. Specifically, first, we constructed a convolutional neural network (CNN) for binary
classification, then we sampled data from original datasets for the binary classification. The first class of data was
obtained by data augmentation. We performed a series of visual transformation to an image and yielded some
images which made up the first class of data. And we randomly sampled data from the remaining images as the
second class of data. We used these two class of data to train a CNN and utilized the characteristic of soft-max
activation function to mine a large number of image triplets from original image dataset. An image triplet consists
of an image, an image which is similar to it and an image which is dissimilar to it. Second, we designed a Triplet
CNN, which consisted of three channels of CNN and the three channels shared parameters. And then we fed the
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image triplet samples into the Triplet CNN. These image triplets can provide supervisory information to Triplet
CNN for representation learning. We used the appropriate triplet loss to optimize the Triplet model. After the
completion of training of the Triplet CNN, we input all images of the original dataset to the Triplet model and can
obtain the visual representations of all images from the dataset. In the entire algorithm process, our method
definitely exploited no annotation information. In order to evaluate the proposed method, we applied the feature
representations learned by our method to the applications of clustering and classification on the commonly used
image datasets. In the clustering tasks on multiple image datasets, the effect of the learned representation on
benchmark clustering algorithms is averagely up to 15.3% in normalized mutual information (NMI), and
compared with the traditional visual feature mining method, the performance of the proposed method has also
achieved an improvement of about 12.7% in NMI. For the classification, based on the learned feature
representation, we just used shallow classifiers. We still obtained competitive performance when compared with
the best classification results on several benchmark datasets, and in another part of benchmark datasets, we got the
best results that we know so far. According to the visualization results of the features of several datasets, we can
also see that the feature representation learned by our method have good discriminability. The results of

experiments convincingly demonstrate that the method we proposed is effective.
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$w%ﬂ%%%m@%M%ﬁﬁi Wl NT%

ARG RN Rk, RATIAT T R
ﬁ%%o
51 LWgE
5.1.1 SEE A S 54

SO () R 3R 85 /2 . Intel(R) Xeon(R) CPU
E5645 @ 2.40GHz, 16 GB 4%, NVIDIA's GeForce
GTX 1080 HAT T IiE#s. 1 Ubuntu 16.04
VER %, BERFH Python 15 3 52T, #4845 &
1T TensorFlow!* =23,

BAVHIE L PB4 kAT 755 AT
B R G B4 (MNISTCURI USPS), A2 #1
YR S B 4E (COIL-20 A1 COIL-10082),
BN NREIRAE (UMISTEYR YTR), HSRES %
P4 (CIFAR-10P*), 375 15 404 45 (SCENE-15),
XU R AR ARER A T BRSNS S, R
B2, ASONEIFRERXEIEGFREER, R
FF SR P . 38 1 gyt T SEat A SR 1 T A 5
WENGEE, BRFEREE. BBKAD. A%
BWfER 1B, Aah, R ERAT T DU AL
H: 1) BT E T EG RS A 8L AN
1% UMIST E1E A BRI RF i — 21 128%128, H%
SCENE-15 E[{&F EE IR 4 — 3] 256%256;
2) 4T YTF $dfse, 53cmklh ab sy XA,
Y NGHET, T 41 B AREEE, NG
Xt 5% 2 Jek UG R SE 4e— B 55555 3) KA Eg
Hm AT IR A — 1L, B ERBAR R3]
ER0, H2ENT, LA FRITFAE LI,

1 KEhFERANEEREE

Hin e S TNAN AR FoHH

MNIST 28x28 60000 10
CIFAR-10 32x32 60000 10
COIL-20 128x128 1440 20

USPS 16x16 11000 10
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COIL-100 128x128 7200 100 P 5 AT A R AR et AR A UEVE . X T
UMIST 128x128 1012 20 CIFAR-10 #(#li%E, HEUEENZEFHRK, Hx
YTF 55%55 10000 41 EEBLSE 2%, o 2 G K MR AR et A 0 HUE TG
SCENE-15 256x256 4485 s FHS, MNIST HE 2  N EEI 2 AR  BUN,

— S, DT P N PR A B 1 B (T
5.1.2 EHgE R S5 E -
R A BL CIFAR-10 J9f5l, [ 5 d1jRR T 44 EHR A s
WS 3.0 WA, AT ARIERLET,, RAME

W7 —RAN R EBA . £3R 2 o T EE M
*2 EFETHRBESHNEEE. HhEM8E x RRBEERE[-x x], T/F &Rr2/EXHA

B3 RN Jiefe KR EHER 2 A LLY7) IR ST A N
MNIST 10 F F 0.1 0.1 F F F
CIFAR-10 40 0.3 0.3 0.1 0.1 T T 0.1
COIL-20 5 0.1 0.1 F F T F F
USPS 10 F F 0.1 0.1 F F F
COIL-100 5 0.1 0.1 0.1 0.1 T F F
UMIST 10 0.1 0.1 0.1 0.1 F F F
YTF 5 0.1 0.1 0.05 0.05 T F F

SCENE-15 15 0.1 0.1 0.1 0.1 T F F




EESKE

ST R = T T I 0 e )

B w3V P S
TP ey e NI ISR

R, B, M e g
) i DA S
Rl T ARSERE

K5 cifar-10 $ofi 4 LA EGAR B K R, Hop A7 S e M) BEGOR SR M 4R h N B4R

5.1.3 =S E

W 3 HPTIR, AT 2 KBRS K2
JEEG = e ke . R 3 B T8 AS A B s A2 15
T 50 KBRS 4 41 >RFRATTEL COIL-100
AR, VLIRS IR & S, e
RS 2 L.

W 3 o, FF COIL-100 G4 — /3%
GRMKZILE 72, 715 BENERE. BRZA/D
“3-3-3-3-37 Rondfs S ANEBRE, BMEREM
B KN R 3x3. BREMLEEANBAN
“3-64-64-64-64-647, H.rh “3” FKIX COIL-100 %L
FEFEEMIEIES, HRFREEHENGRE

HAFHEEI AN BRZERERRSKE N 1, X
GBI ER AT 0 AT (padding=1), {RIEGH
BEAIIMREE RS SR MA RS MR . Brix
E—MEREUSNENEREZE, #nE
max-pooling JZ, max-pooling FI#Z K/NA 2x2, K
N 2. MBMEMZAEEELZ, 2EEE A
64 ML, FERHEA 2 MHEIT. AT
USPS #ilate, H BB MR G — M
JE 2 JE¥s I max-pooling 2. HI% 3 AT&1, A
T 50 RPN W 28 R A R BN AT B, D T 8EAS
FUHEZYS SN2 6 (=S 4 N - T P (& 2
WX 2% 55 5y TR 2, RIS 98> 1k fA (1) mT R

®3 ZRAZEREPHMARBBERRIT N2 X ERME LN

I S B SRR BN BRURHIE A8 SHEREE T

MNIST 3 2 3-3-3 1-32-64-64 64-2
CIFAR-10 4 2 3-3-3-3 3-64-64-64-64 64-2
COIL-20 5 2 3-3-3:33 1-64-64-64-64-64 64-2
USPS 2 1 3-3 1-32-64 2
UMIST 5 2 3-3-3:33 1-64-64-64-64-64 64-2
COIL-100 5 2 3-3-3:33 3-64-64-64-64-64 64-2
YTF 4 2 5-3-3-3 3-64-64-64-64 64-2
SCENE-15 5 2 7-5-5-3-3 1-64-64-64-64-64 64-2

— ﬁ\%%iﬂ:{ }Hﬂ Z0 I—J Q%ZQ)EH Bﬁ*ﬂﬁgﬁp —F V(SGD) 4% epochs  batch_size 5 kp

L
TIE#AT NG, HESHAHE: FA0Ey, %k
ZHE 001 3 32 0.001 0.5

& epochs, > mini-batch [)2K/)N batch_size, L,

ENEZ %4, Dropout Z4§ kp. #-EHREEXT R[] —

TR SRR — B ER 4 oI .
T4 ZHEBENEINESBSHNIESF

5.1.4 Triplet 4 S 450% &

WIEE 4 RTR, FRATVRI 248 2 = oA
Ik Triplet M2 M %% . A1 AITER 1 B R
£ BT TSR, RS PR T AN AN A BE SR 1R
T Triplet Z AR M 28 [ 2544 . Horf, MNIST 1 USPS
A R BB T, FRATS S 2% 1)
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ek, T H B E SR XS B Triplet (4% I B8 7% . Triplet
WA 2% I 2 [T R FHBEATLBR FE T B (SGD) )07
o WIRZESIRERAE 0.01 B 0.1 Z A%, 3R

X RCRI NS . SR TS HON 09, LIk

AL A AE 0.001 # 0.005 2 [8]3H1T %, Dropout
ZH 45— 0.5. Triplet &M ZEIZE 15 F] 20
epochs, HZHKRBEETIE.

RS5 EINTEHIBEEED Triplet BIRPE M EEDRIR

FIGES A SEER BRUZRA BRURFAE 2 AEREM AT
MNIST 3 1 3-33 1-32-64-128 128
CIFAR-10 4 1 3-3-3-2 3-64-128-256-320 256
COIL-20 5 1 3-3-3-3-3 1-64-128-192-256-320 256
USPS 2 1 3-3 1-64-128 128
UMIST 5 1 7-5-3-3-3 1-64-128-192-256-320 256
COIL-100 5 1 3-3-3-3-3 3-64-128-192-256-320 128
YTF 3 1 3-33 3-64-128-256 128
SCENE-15 5 1 7-5-5-3-3 3-63-128-192-256-320 128

52 BG=TAZESIRER
5.2.1 = o i E A

FATHG A SCHR ) = e 2 9 7 ik 5 E 4T
Jic 5 1AL T HOG HEAE DUFE 7 y2:3047 1 L.

OHEHZILE: UEMGEIRIE AR, BENLIERE
FiyEG G, ERESRTEG R 2 N T
KIMEAE N IEREA, B EE B 55 K 1 U AE N ke
PN

@#:T HOG HFEVLEE: ¥R BB % 1) HOG
FHIE, AJEIFHESMTEIE HOG FRIEZ H 1IRR
PE 29 5N EURAE N IEREAS, RRAE 2 AT RR B 8 A
K EUGAE N AFEA .

FAE G Hidis 4 L S AE AR R
Rk ERB=cHMMERE. L=71d

et el HEGpSptE A, W

HSZIEREA, fH IER A B HER E VP0G H - Bp S

poIRTAFSE], WOARSEGREA, [ AR

HERP VG . N VIR = e B R, Al

8 =42 40 7 V545 3 ) = Ju AR & AE A [F] 25 A
NUIZE Triplet £ W25, JET 4G RHMER R, £
H K-means SERBEVEFAT RIS, X RIEE HtAT
i

F 6 U TATELSLIREE K. iz m, R
EHEBEILIAMEET HOG Rk VLA AE 5 7 # s 5
AT m AR, (HR AR IR G R AA
WASCHR A T X UL ELHEILEC A3 T HOG
FEAE B VT EC O T VA28 B RE A BT B, TTA SR
(1) = JC 288 705 B R AT G AR IR, FTd2
P = O HREATE X, MR R I, T
M = TC A A I 27 2] W15 31 T b R AR R O
I, ASCRTRE I EUE = o288 77 v v LB T
it 1t A TG s 255 LR B 2 rh 42 0 H R = e HAS
B IR IR S IR A B B S .

F 6 Z=M=BIZHESALE
EICEES B NMI
IEFEARIER P, SR AP,
HELR 3T HOG  Proposed — EEILE HF HOG  Proposed  H#%EILEC 2T HOG  Proposed
COIL-20 55k 0.917 0.960 0.912 0.984 0.990 0.990 0.764 0.504 0.778
MNIST 460k 0.910 0.875 0.905 0.989 0.907 0.991 0.361 0.160 0.790
CIFAR-10 800k 0.247 0.262 0.308 0.916 0.926 0.924 0.029 0.038 0.191
USPS 460k 0.940 0.848 0.910 0.993 0.910 0.990 0.402 0.056 0.679
UMIST 35k 0.971 0.960 0.908 0.976 0.986 0.992 0.760 0.651 0.762




AT R SE BT MR = To A28 1 0 W B R 5 )
COIL-100 400k 0.882 0.785 0715 0.998 0.992 0.991 0.723 0.485 0.724
YTF 460k 0997 0.989 0.852 0.970 0.993 0957 0.695 0.658 0.801
SCENE-15 460k 0.298 0361 0547 0.921 0.955 0.922 0.083 0.120 0.431
IR AR H LB G =iz SOREAORE], BT ARG EE G, HR

Tk pe AL A HER s UG R . B 6 R T IERE
AFGFEA RG] . B 6(a)fE M COIL-20 it tiz
i 1) = e IERE AR, BRI — AN B
i EIE, HREGESE - EGAHEUNEG.
@ammMcmmuoﬁﬁ%¢h%$Mﬂﬁ@m

KBRS N EEARUNEGR. MR, K
6(a) HIHEFTARC B S Bl E G AR T /-3
Al ABALSE BRI FIFEHL, & 6(b)sE 1T
FIHE TR IC A B S B EE “trunk” FERLGE L
FEAHARURT, (EPIE S

SRS EIAH ] o

K6 #3Etm=J o R"Hl: (a) COIL-20 FHRLENIIEFEAIRG; (b) CIFAR-10 4L 1) GURE A7 5

5.2.2 BB HURME B

FHFRAT AT 5.1.2 TREIR IS B AR e
VE S50 0 BUAE Y B % 2 98 43 21 19 = o0 4H s 26 (1)
S, Wi 7 fian, fE MNIST #d4E b, 129818
B = J0 20 1 3L 58 AARE A A U 2 52 2% R AR 4
VB BB VG 2w AN, 1SS IEFE AR A v 2 52 ]
BAR AR BUEVE R R . SR R AT R
IEFEARLE RGP AT ARG, IERRAH L R
ATUR. EGRHEERN GOEF T BUR, Fih&
AN 1 2 00 ) (1) 78 A0 6] 27 3T $7RE AR B 75 28 331
A PGS AEFE AR TE R . BRI 7 B SEIEREA

HHEG, R4f Sk T 3SR A R AE HARK A
B KRANETH AT DL Wl 7, hed
FZAE 10 B FOSC IEAEA AR OA B By, U3
W] MNIST %4 £ 7 28 3 R O LR 2045 10 JE 7
Ao FEH RIS BT T BURTESER, fERSE
IEFEAREHERIA B R, SRR HRSH I E
5K 2 FITAMEMGL, HSR AR ERER 2 EBAR
BSUCEEUN . LR BURESCIR AR UL, AL
& i B R = oo 24 5 IR A R B B R T
REEHER .
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(d) BYY)AH

K7 MNIST sk Fiods = el s R 5 X R EERSHH KR, KERMEREL D B R IEFEA SR AR A A e

5.2.3 = oIz 1]

T ARATT 2 B 5 S B B R T ) = o AL 2 I
SRR RERE. SEEVE 1, BTN EE,
R 53R M, HEAT m R BEHLRAE i m] 15 21
m A=JcdH, @A HEBEIOEY 7SR G = od
FigE. K8 R T = JuH i 5L R 4y
e iR, JATEE SIS 7 7 EER S E m X =0

Az BT HER R AR . LRI 8(b), HBHL
m IZHHE RIS, F23 10k S B = s HPriEAE R
Al RIEHCRFE, SHem 5 2 HORE 10 I, B
FE I [E] /N B ORGE R RBP4k, A
8(c)M VA, BEEZHL m iZHE R, Frziii
= TRHRIEREA B MR B8 P RS, XN R
A HER AL N N RPN RS E . ik mr A,
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i

A m X = G2 IE AR AT R AN [V FEI OE R
v 7] T SE AR A2 A RS, )T 2t K S m,
e T 3R i = oo IERE AR R, U
INSEEme BRI EEE N A, AR SRS LR
BZSHOHATIT . K 8(a)Rar T FEM R 56 T %
4 4L A0 — 2 B 1) = 0 2 RE AR B I RE 1 B
B SEOSHEE m=10, MEEIEEFPREPLIER 22
AP B, FT AT BRI 7 K 2
2%, P 10 VORI EEEGEY =0l 15
F 10120 /> (£y 10k) EME =JudH. SLE s R BoR,
768 MRS, 238 10k D= Je4REA g FEMY
IR S407E E RD ) o 388 3 6o b 4% B 42 fA s ]

s oM = JUHAZ IR A MERE I E R R 2 BT
JGTFEE S, KRG EG AR ARG 2k =t
Py Is EE, MK AR E . 2k
—B o, EEELT, ERBIEETNTEEZN
SRR DL S I (R ER R, AT =0t
HFEAR R EE SBEFCREAT T 01 B 8(d)fe
78 T fE USPS. MNIST. YTF. UMIST ##54 h42
A FEE W = oA S Pl R TR B OC R, w]
DLE HEFEMR 5 = n i A E 2R MK
KFZo HILTTUARH, ASCHH M=o 2498 7772
Al DAIE T K a4 .

800 -

600 -

Aib A 1)1 RS

_Hullnallnl

COIL-20 MNIST CIFAR-10 USPS UMIST COIL-100 YTF SCENE-15
Ktk

(a) FHHEEE 10k = JCA T2 )% b

=)

—*—USPS | |
—6—MNIST
—8—YTF

—V—UumIsT

(b) RRZH m FH40 10k =TeALH I 3 4

1 ::ngffigffEE:&:=,_@__:::y

08

o
o
T

—#—USPSp,
—% USPSp,
—o—MNIST p, |
—0- MNISTp

B R A 2

o
~

—=—YTF pp
02} —o— YTF Py
——UMISTp,
—v- UMISTp |

L L L L
0 5 10 15 20 25

(c) I m (B = TEALIE 2 (B

200

T
—k— USPS
—©— MNIST
—8—YTF

—¥— UMIST

160

I 6]/

80

40+

0 L L L L
1000 3000 5000 7000 9000 11000
m

(d) $298 A8 [ = Je 4L B FTE RERO B ], m=10
B 8 = O P BRI 1) Y AE 4T
53 B3RSt
5 I ZRIF 1 Triplet #2590 2% 32 BUEEAS B4
BEMRFIER IR . N T AE AT 215 FR I R 1A 2
P, FRATE SRR R N TR R B, DLHAE
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TR EWRINRRE R T &, RRLR
A FH NMIPRT ARIPOHE AT A7
NMI (Normalized Mutual Information):

MI(U,V)

JAony

Hr, HUERRR, MIUV)EREEE. NMI

NMI (U,V) =

BUEYEE N [0, 1], RMi = L3RR HRRE RIL P B

ff, FMI = 0NFORBRE R =
ARI (Adjusted Rand index):
RI - E[RI]
ARI = ,
max (RI)—E[RI]

A EUE R T A — SR 2R H R A A R A 2
PRZE, B JE T AR RS H R A AN E 2K A0 br
25, WK PIANECHE AR SRR A5 R 5 B bRiE
B8 A (12) H1, RIRIRFTA B EdE sk

(12)

T S IR . ARL BBUETEFEIZ[-1, 1], ARI
BB BN IR R SRR A R AL ZE . BB 2

KL, ARL FJHUEEILT T 0; ARl = LRRRK

SR B etk
5.3.1 ANARBFE LIRS
AR = Fh I UHE R, FF K-means
KEBKM). il R EEPSO), BRERE
7 (AC-link). FRAT2r HI%F b 7 3ok TS B0 LU
4t EURAE v i N R DL 2443 19 3R R AR i N I 1 3R
KR BIRSLR S HIBAT S Ik, BUFME, i
SERER T HEIH . PTLLER], DEHRRIERRERN
FEMER LN, T4 FAL T AR 6 B
BAE NSNS B, K-means EEEIEN NMI Fl
ARI “FEIRTE 14.89%F1 15.3%, ARt RRE L
NMI A1 ART P8 14.3%F01 14.98%, HEERER
S5 NMI ATARI PR T T 11.86% 41 11.92%.
AT DR 4518 AR BRNME RN EE R
TP, b SRR L A ORI TR

®7 FIBIMHERTSREEGEAMANESEEERLE L FAEEE

BimE Representation+KM KM Representation+SC SC Representation+ AC AC
NMI ARI NMI ARI NMI ARI NMI ARI NMI ARI NMI ARI
CIFAR-10 0.191 0.177 0.064 0.030 0.122 0.119 0.067 0.033 0.113 0.102 0.061 0.045
MNIST 0.790 0.768 0.485 0.402 0.767 0.756 0.475 0.451 0.783 0.753 0.662 0.611
COIL-20 0.778 0.767 0.766 0.747 0.727 0.697 0.622 0.617 0.710 0.672 0.512 0.488
COIL-100 0.724 0.645 0.706 0.639 0.727 0.664 0.592 0.573 0.726 0.646 0.711 0.652
USPS 0.679 0.672 0.485 0.470 0.640 0.635 0.575 0.560 0.632 0.623 0.579 0.568
UMIST 0.762 0.720 0.609 0.579 0.748 0.718 0.611 0.601 0.764 0.724 0.643 0.586
YTF 0.801 0.785 0.744 0.733 0.746 0.709 0.703 0.609 0.834 0.825 0.798 0.788
SCENE-15 0.431 0.388 0.106 0.098 0.410 0.379 0.096 0.034 0.452 0.437 0.099 0.090

5.3.2 5 N T AHRFERT Bl sz o L NMI AT ART PEAME 5351 = F HOG 1 8.05% A1

N T DR 0 AR SO T R BT SRR R AE
FoRBIFRIE, AT H S GIST. HOG FHiEER R
HATRT . RS0, FRATERE K-means 5LVEME N5
HERSEVE, /3B LA GIST. HOG 454E LA KA ST
EAFMRHERNME R R B EIE RN, LRSS
FXFEARHER R A B S AT b . R 8 Al
W7 seaG e R, @ AT BUA B, GIST 1 HOG
PERIETS AL AR DA IE IR ST, % K-means 5
REEH B IR R, 1WHET GIST FREM R
REERMTHET HOG FHEMIRBLE R, HEAKE

10.5%; #—2, ACFFRH LS8 FRHIER R
(P3R4 BB T GIST Ml HOG ¥R ER R T,
GIST HHIE R 2545 5 NMI A1 ARIE-FI$E T+ 50 58
8.7%H1 7.6%, L HOG FFEZRIL5 L NMI AT ARI
PR TN 16.7%F1 18.1%; H—J71H, &
SCHT AT BRHAIE R IR EUAA 2000 GIST HRIE AT HOG ¥
TERAEARMLERE . 25 LA, ASCH 5445 14
fIEZR 7~ HOG F1 GIST HAiE 5 B 5 14, H {4k
JE R A R T B 5 B2 3L e e BRI R

AL o

< 8 FIFIIMFFERSTS GIST. HOG F{EFE K-means B3 FHIXTEL

LAETE S GIST

HOG Proposed
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A2 NMI ARI A2

CIFAR-10 960 0.167 0.159 324
MNIST 960 0.559 0.556 324
COIL-20 960 0.742 0.717 324
COIL-100 960 0.813 0.757 324
USPS 960 0.534 0.527 324
UMIST 960 0.584 0.547 324
YTF 960 0.733 0.726 576
SCENE-15 960 0.326 0.320 324

NMI ARI FHAT 4 R NMI ARI
0.097 0.074 256 0.191 0.177
0.263 0.149 128 0.790 0.768
0.761 0.712 256 0.778 0.767
0.737 0.669 128 0.724 0.645
0.464 0.453 128 0.679 0.672
0.564 0.527 256 0.762 0.720
0.763 0.753 128 0.801 0.785
0.165 0.131 256 0.431 0.388

5.3.3 5H B To B e 3R 7R 73 [ E

PRk, K TrE S e R e B 7
HEAT X B . FRATTA BT b T USR], B
WHEUE S 18] FE R BT (PCA) 2 [H] . Auto-Encoder
5 15 B A 22 e B S 7 1R FN AR ST $ H B T e
BT 2143 B )RR 23 (AN (BA R 29 0l T PR iR 4
[#]. PCA %%[a]. Auto-Encoder Z¥[A]. AICZ¥[HE]).
3 AEIX YA 73 (8] HH 48 A K-means 595 ET R R,
E3R 9 5 T MNIST £ida4E L ryseib b iR,

9 MNIST ##EE Lk 4 M REIRFTIEFAY K-means

REER
TR NMI ARI
Original 0.485 0.475
PCA 0.285 0.27
Auto-Encoder 0.660 0.63
Proposed 0.790 0.768

I A, PCA ZFIA] L R 46 25 (8] v i SR 2
gER A, Auto-Encoder 75 8] W [ SRR R I EAR T
el TPV N el 1 S R S S/ 7 e
Auto-Encoder (], JRH AT 1R K-means H.i2:
S MY R T ER B B R R B, SRR S E X R
AR, WP REEES G, HARRUEEBROR, HgEE
BEEE N BRI — N IREHK . Auto-Encoder Fi7Y
HI A 2 AR 2 R S B g AL AR IS i 2, 9F
A Ak R B PR A A\ A5 2 650 J2 5 AT RH G 1 2
B, ASAHAL A\ B s B A ) gt . A ST
H I D7 VR AE 2 SRR R R ) DL T H0 e 1 o B
br, B RRRIMT Auto-Encoder Fn =¥ [H]
54 AL

T — P i I Ay SR SIS I UE AR R R B
BRI . FRATIAL 2 52 A 8 I 2 RN 26
SVM 73 K455 2 AR AT 70 28 . LS A5 [ RFAE
BN AN, RA 10-52 IR UER)
JHEMR D BHE R . (AR 182, gk

TR, RATHERHIE RS HEEE IS, &
A AT SR RAE A e mskeg, RE
i, ORISR T HAE S sk ai . Jdas
SR O R R R BT R, 3£ 10
A TR, R IR R A,
RS OO R 2 HIATE SR 21 2R AL
AlexNet [EFIME ML I HRAEDREE R WK
ATLVE M, KSR G SVM o 28dR, 18
UMIST #1 COIL-100 ##4E b 405 2 HRFATHT AN
H AT BP0 7 2R a5 3L, 76 USPS Ml YTF $dadE L%
T H AT R B ) Tk R R, R HE
BHm e EARSCEE RS T H Al s i i) e T
ERREER, JERSTW T : AR5 BAs g
I TG B 77 N o) B FI MR ER R, IRA
72 DLy AT S5 I HER A A B4R B Ar . 5250
SR BIR, T AL AN IER R, /]
FER BN KA MR A 5 I RaE R .
RLEAS tH DL R 258 AR SO 3R H 7V 545 IR IE R
~EA R
T 10 ETFFIBIMNBIRTHN LWER

EAEITE S R+ ZX7~+ linear B2

1 layer NN SVM g R

COIL-20 0.843 0.923 0.9978%
MNIST 0.907 0.893 0.9975%
USPS 0.854 0.976 0.9801%%
UMIST 0.860 0.990 0.9801%
COIL-100 0.726 0.984 0.96311
CIFAR-10 0.764 0.736 0.9651%

YTF 0.923 0.907 0.967*

SCENE-15 0.856 0.844 0.945141

55 MRERTAMML
N T BAEA SC T ) 75 1 R A BB RN 3
BB T, JATAA PCA K5 21131
BRI 2 4RI A vh I AT AL . R
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(a)

(b)

©

B9 HFERRE PCA AIALAL: (a) MNIST-test;
(b) COIL-100; (c) USPS
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Background

Recently, the representation learning has attracted a lot of
attention in the fields of machine learning, computer vision,
natural language processing (NLP), and etc. So Bengio and
Lecun started the International Conference on Learning
Representations (ICLR) in 2013. There are two types of
representation learning methods, i.e., the supervised and the
unsupervised. To our knowledge, the supervised strategy has
been studied more thoroughly than unsupervised one. However,
much more data are unlabeled in applications, the unsupervised
representation learning should be explored more.

This paper focuses on unsupervised learning of visual

representation. We propose a novel unsupervised deep learning
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method to solve the representation problem of static images.
There are two stages involved in our method. Firstly, we use
the convolutional neural network (CNN) to mine triplet
samples from image datasets in an unsupervised manner. Then,
these image triplets are used for training the Triplet CNN to
obtain visual representations. Through careful experiments, we
show that the proposed unsupervised method for learning
visual representation is effective.
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