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Unsupervised Visual Representation Learning with Image Triplets Mining

HE Guo-Cai LIU Xia-Bi
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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 image triplet samples into the Triplet CNN. These image triplets can provide
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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 represen-
tations 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 (NMD) , 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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WO R I 2 19 2 o) i A O R AR 0L KU 5
J3Ah A E T HE B S5 A 2545 Triplet $028 s 8K, =
I AR AT AT TR ORI T R B IR A
I [¥1) P4 I

Y

EENIE

A —
_.-) _-> -
P
A —
b > > g
a H JEBH
s [ > -

Bl 4 ARSCHR g Triplet Higg 0 2% 25 44

4.2 Z3IEN
M4 bk o) BAs . A1t T Triplet fh2H
EIPR BREL. B £ (o) o Triplet #t 4 M 4% R
A Al R R =0 (po p ™ o p DER RS
I CFCpd s fCp s fCp D) A R I B8 3

G AE 27 25 8] A i i

{D<p,p*>—||f<p>—f<p*>llz
Dp.p HO=]rp)—rp .
PR = el A H.  HY FoR58E i =00
YLCHY HS H ) ULERRAE 25 1 o GRS 2 ] 1)
BB /R D (H?”  HY ) L SRR AR 22 18] (Y 1 8 R
D HY H ) ARYEA SCHE B R 2 ) B AR
IS DHY  HY))<<DH” ,H), A A

P 2R e Ly

(8

D(H’ ,H;")
DH? H)+C
Hp CRBIERE k4R 0, LRI C=

L(H?) = (9

0.0001. 4% LH)=0. Fefl]EEH/MED (H

H,") R R D (HY S H D AT LCH™)

SRATRERY /. I BEFRATTE L Triplet #ji 22 (45 1) H A5
<« DHH)

nvrvl-lan D(H" .H")+C

SLoft W b SRR RIS R R B (25 AW

Je Lo IE AR 51ACTE DI w3k 5 76 1t 22 15 2% 119 Il 25
AR R AR S R B e I R AR Y A U
[ 2.

P 0> R AT BE LS BE T B 19 7 3% . X 1
& Triplet i 28 W 25 2E AT Y 2. 72U 95 58 BU B D
P54 i BB AR Ul i Triplet 1 45 1) 38 18 . 42
W% W 4% i i — 1> 42 3 1 2 10 i G AR O TR AR
iR 7s s W4 A T AR B e S O — A IR 4k 19 20 (E

[ 1

+%A Iwl: 10
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et AN HERE R BRET 41 2 1 A SR K xo
5 X % 2 JE KRR R T 5 — 3] 55X 55; (3) ¥ B A B 1%

T VY B B T A A SO AN s TR
PR BE R B HEAT 79250, B g X i i R =
TCHLAZ IR I L AT 1 S5 A B . AL A AR = o L
YR 5 L TR AE R Y R AL 40 2 B0 U L =
T IR AR R )5 . I G Triplet 35 UM 42
2R AR BUR B R AE 71 s e - O T SR A B 0
BTN WA B BATBEAT T 00 RN RIS

5.1 EIHEE
5.1.1 SLIAEE S5 EE4E

S 1 R 1 35 8% 2 . Intel (R) Xeon(R) CPU
E5645 @ 2. 40 GHz, 16 GB N 7%, NVIDIA’ s GeForce
GTX 1080 4TI MRS . 4] Ubuntu 16. 04 4
VEZR G, 1R Python 15 35 SCH0, b 4 W) 48 54 7
HTF TensorFlow™ " sz,

AT 43 0 AE DA R B 4 B R AT T S AT
BB EG B 4 (MNISTEE f1 USPS) , i > 2 M
i 1 % B 4 (COIL-20 Al COIL-1002%) ,
A K B8 42 CUMISTS F1 YTF) . 3 98 BIS 5
P4 (CIFAR-10) , g5 MG 5 45 (SCENE-15)
X ORI R AR AL T B S R RI AR AR B
WA A2 s AR SCO7 ¥R I ARl T X S 2R AR 1 fE B . B
TS0 1A, 26 1 g8 T S50 v SR 09 BT A 4K
PR B AR A RCE BRI/ A B
TR 1R A, oAb R8s 4R 30 AT 1 LA AL B .
(1) H T35 53 B 48 b i S RS A — 80 AR
UMIST BG4 b ER 0 R 56— 3 128 X 128,44
SCENE-15 E& 5 K4 RF 48— 3] 256 X 256
(2) X F YTF Bls 4 . 5 3CHR[ 28 JHh b 2 77 CAH ]

Wl S AT e VA — 16 R BR R R A S 2 4y
(H 0,07 2200 1, DUA I 1 42 19 265 19 111 k.

®1 ZBPERAPBES

LIS SR FEA Bk EHHH
MNIST 2828 60000 10
CIFAR-10 32X 32 60000 10
COIL-20 128128 1440 20
USPS 16X 16 11000 10
COIL-100 128128 7200 100
UMIST 128128 1012 20
YTF 55X 55 10000 41
SCENE-15 256X 256 4485 15

5.1.2 EMBEMSHRIE

e 3.1 Wik, TSR ERE T, A6 H
T— RN ER A e, 7232 2 3 T 7R85 A Bl 42
i A P 5 e R A B U S L X% F CIFAR-10
Byase RGN 2 T R 1 B A 2%
T 2448 K PR A 45 4 1 (R Y [ A R . MINIST
B S 28 o4 P4 110 22 SR X A0 T B B — L I B3
JEE el /N G A Fe A B BB VB L. DL CIFAR-10 2y
Bl 5 W T ARy BRAR e 25 R

®2 BERTHEBESHNESE(HPBENHE KRR
NEEE—x.x].T/FRRE/BEXA

5 e L K¥E #EH . K N
gk R g g WM g gy G0
MNIST 10 F F . . F F F
CIFAR-10 40 0.3 0.3 0.1 0.1 T T 0.1
COIL-20 5 . . 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 F F F
YTF 5 0.05 0.05 T F F
SCENE-15 15 0.1 0.1 T F F

B 5 Cifar-10 S48 £ b A ERE 0 A il i) T 45 R vp 4 — A7 0 26 00 B4 52 TRORHE 4 v 9 181450
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5.1.3 =0HBHS K E
e 34 Frk , AT 0 KB Bk 42
PG = JC L REAR. 22 3 H) T BF 6 A [R]85 96 48 %

T Z 0 8B UM S 454 1R R FATL COIL-100

00 A D ) U8 A 2% 3 T A5 RN B S e e
5 ZEpP.

RI3 ZnAEBAEPHMARBFERRITHZSXERNEEN

LIRS BRE EEEZ LA TN BRI AR E i
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 3-3-3-3-3 1-64-64-64-64-64 64-2

USsPS 2 1 3-3 1-32-64 2

UMIST 5 2 3-3-3-3-3 1-64-64-64-64-64 64-2
COIL-100 5 2 3-3-3-3-3 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

W 3 s, ;T COIL-100 #4446 19 — 43 28
GRMILE 7 207 5 2N ERZE. B HEZ KN
“3-3-3-3-3"FK - IH S M EHE . B ERENE
TR RN Ry 3 X 3. 4 BRRRAE B 4> £y 3-64-64-
64-64-647 ,FH A1 “37F /R COIL-100 %&£ Hp K12 1)
T BB AR RN 45 8 FRUZ 0 46 B R AR AE [
B GRZNERZL Y 1062 1Y 4 A
AT 0 A (padding=1) PR Uk & iz F A5 ) 19 FF
TEE RS 565 A RSTM AL Br i s — B2
IO A6 U2 Z )5 - &8 I max-pooling J2,
max-pooling PAZ K/N R 2X2,5K K 2. W& IG
WZE N eERZ, 2FEEE 248 64 Mg,
B ZEE B )EA 2 ATt X T USPS s 4
HEp K ERME M &E — M ERIZZEHM
max-pooling JZ. & 3 WAl A SCBE T 43 2K pf
25 [ 45 1) S5 AR A Oy T B U D T RS N 2 I 4 1 2
RO N TS AR (A bl 45 B T
g, R B /0 T LA R T RE.

T R R 2 N 2% SR FH B AILA B2 R B (SGD)
J7kHEAT I SR, S B0 . 2 2 ORI SR
L%k epochs, & 4~ mini-batch AJ K /)N batch _size,
Lo {62 5 A » Dropout 2 8 kp. & 5 4 44 iz

A = or JE M 25 (B 2 BUR 15 — B ek 4
B .

R4 ZHEBEMKZINZESHNEE

ELiea ZHE
7 0.01
epochs 3
batch_size 32
A 0.001
kp 0.5

5.1.4 Triplet M#S K E

W 4 5Tk, FATH 3288 2019 = e A
Y% Triplet M2 M 45, FATo AAER 1 Fros 095
LT TSR . 5 RN T A XA [F s 4 ik
P19 Triplet £ BUR 48 19 45 4. H o, MNIST A
USPS %4l 4 v i A8 3¢ S a7 5, FRATTR o5 ik 2 )
251 B 2 Pk e BRoHE 4R X N Triplet 9] 2% ) 5
. Triplet I’ 2% 19 Il 25 W] FF SR D BEATL A6 B2 T B%
(SGD) 2% > J5 . =7 S RAAE 0. 01 3] 0. 1 Z [H]
P RE TR F A2 ) SR B ORI . Sh i T R S ECh
0. 9. L, iFE W 46 2 % 7E 0. 001 F] 0. 005 2 [f] 3 17 4
# , Dropout %4t — & 0. 5. Triplet 1 £ % 2% YI| 25
15 #| 20 epochs . . 2 5 2% R BU(E #a T Fo 2

RS HMNAEHIEREZEMN Triplet BRI LMK LERHIR

itk BRI EELE BB R/ A& BUIE A B E RN LT
MNIST 3 1 3-3-3 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 3-3-3 3-64-128-256 128
SCENE-15 5 1 7-5-5-3-3 3-63-128-192-256-320 128

5.2 BG=nHERLEER
5.2.1 = 04 EEAG
FRATE A SR i = e s e 7 B 5 4R T

ik MEET HOG FRAEIE RO & 04T T HE#K.
(1) BARVCEC. DL B A o A Bl AL
AP R 2 05 - 0k % 5 A1 ARG W

1k
74
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NI LB A D TEAE A S R R e R TR AR A
TREAS.

(2) BT HOG FHEVCE. 1A B HOG
FRAE AR5 5 5 B0 7 8B HOG R AE 22 4] f) 1
2 /N Y BB D TE AR AS S R AR 22 1] IR X A
R A SRR A

FEATIAel T P45 B 4 b A ST SOhR 28 A1 O ik
e A B 1R = e AL A ME B . L =504l (p.p s
P ORNGLEER p 5 p JE T AR S5 0k E Sk
IEREA I IEAEA A R PR s BB p S o
J& T AR5 ) DAy B S B REAS o fil P B A A o R
P, vFAL. O TR PRl =T A R R FRATT AT
SRZ A T AR B s AR S A R AT

Y2 Triplet #1248 /) 2% , B T 415 1 R AE =R (]
K-means JAF AT RIS R RIS EE W4T 0 .

6 A T A LR 2 R i R R R
FLHVCELAISE T HOG RRAE /Y VG L 7E 35 43 B 45 -
A LA B g 0 A AR E R A R R R AR
A SCHR Y O . X UL AR DL RC R EE T HOG
IE 8 DG C 14 7 325425 0 1 A0 A A 7 B L T A S s 1Y)
ZOCA IS B o RE IR 1 AN AR PR AE L BT 42 9
() = JC LA AR BEME | I 76 2R 2% ) b B v, B Tt =
T L AR A (1) 2% ) ] 45 B 3 0 (0 AR AE 2. BRI, AR S
JIT 4 B R = e A2 8 07 12k AT DA A o Aff b DA T
i 2 R 8 80HE 4R 32 40 s IR = e A5 B NI
FoRF I R AN B FS.

Fo6 =M=AZTEAELR
- SOk IEFEARERER P, TREAE R P, NMI
BHILE 3T HOG  Proposed — H#EULH 3T HOG  Proposed — HIEILE 3T HOG  Proposed

COIL-20 55 0.917 0. 960 0.912 0. 984 0. 990 0. 990 0. 764 0. 504 0.778
MNIST 460 0.910 0. 875 0. 905 0. 989 0. 907 0. 991 0.361 0. 160 0.790
CIFAR-10 800 0. 247 0. 262 0.308 0.916 0.926 0. 924 0. 029 0.038 0. 191
USPS 460 0. 940 0. 848 0. 910 0.993 0.910 0. 990 0. 402 0. 056 0. 679
UMIST 35 0.971 0. 960 0. 908 0.976 0. 986 0. 992 0. 760 0.651 0.762
COIL-100 400 0. 882 0. 785 0.715 0.998 0. 992 0.991 0.723 0. 485 0.724
YTF 460 0. 997 0. 989 0. 852 0. 970 0. 993 0. 957 0. 695 0. 658 0. 801
SCENE-15 460 0.298 0.361 0. 547 0.921 0. 955 0. 922 0. 083 0.120 0. 431

S 36 R WIS SC A A 0 e B TR = Jn 4L AZ
TR REAL 1 B TR SCAE B AL 6 ROR T IEREA
FAREA R, 6 () J& I COTL-20 K dfs 5 v 47 48
Y = JCZH 1 IEREAS R ] 43 5 (9 2 — A [ ot A
WG ) A O 5 50— A RS AH LAY 11 1.
6(b)JE N CIFAR-10 ¥ ds 4 b 42 4 th iy =ou 4

(9 SRR A 7S ] AT 12— A B R A R A7
HAR GRS — D BRI R W B
Bl 6 Ca) H JAE JT A A 19 1T 5 45 2 98 BSOS T T 1)
— 2R ARRLE b R AR LAY 5 [ A 3L ] 6 () 5 —
7 S HE BT b 0 1 1B R 5 A BT B trunk” 7R L 5E
R ASAABL Y L 2 2 S s 2 KA ).

(a) COTL-20 %4 £ 1) IEFE AR

(b) CIFAR-10% 4 £ 1) 5 BE A R

6 FZ 4 0 = ou 4l )
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5.2.2 KBRAMS IR T

AT 5. 1.2 I Y A ER AT R
S 55000 MRV 1R X425 4 45 21 9 = S0 L Bl 5 14 52
Wi, W& 7 B, AE MNIST %4 48 B 92 48 74 210 /9
= IUZH Y S DR A A U R 57 45 TR R AR R A 11 R
1L Y0 11 522 W) 50 /1 T L 52 T AR A A o 6 32 P 4R 78 4
PR AR I HUELYE B 82 A, U 0 A AR < IEREARTE
V5 B v 73 A1 B8 D s i 1 0 238 A L SRR AR AR

1.0===== = —==== B gF—————— ]
c;.\e/a\@\<
0.8+
=05l
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e
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}‘__]
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) 5 10
e B
(a) JiEhs
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R _
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ﬁ
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—o—IEFEAR A R
0 ‘ ‘ —o- Gkt ﬁﬁ%
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HiTRUE
(OF 1 &3i8

TRAZ AR I GO R T BB & R AR 2
S0 1L 19 78 A Xk 2~ SRR AR BT 1 2031 19 AN A2 PR AR
FEARTCE . AP 7 P B IEREAS 2 AR G Bk
TR N R H AR I A E AL R /INSE T T
f 23 A1 L. U IET 7 Cad R L e A% AR BEAE 10 B I 5K
TERE AR A 1 30 38 2 de g, Ui W MINIST K dfs £
RNEMR M RALE 10 AN EHERESE L
WHEAT T AR S H L A S TR AR A £ 0 AR OA B
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v
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o
=B

I A R AR e 2RO U 5 3R 2 P T SE AR I
ELSL AR AR A R 2 BR e S BOE W E/N. Eik
RRORRAE 2 0 235 R0 B A SCHR 1 ER = e A7 4
TiELEA ) B EE S T 2 & .
5.2.3  ZIuAIZ T (E

AT A3 A A S g K A T i = oo HAE A O
PRI EE AR, SRR 1T AR R I SR
TR AT m U BEBL R AL ST 0 A] A5 2 e A4S
I TR 3 R R A ER = o 4 B
i K8 JBIR T S Ou A IS R R T SRR o i 4
H FRATIE LTI oM TRE TP S E m X = el AE
Pt FE AN E A R S . R 8(b) . M B H m B
W HG R I  AZ 8 10 kAN R = 50 20 F 1 6 1 B ) 5
R S5 m 8 2 35K E] 10 B, J7 I A6 1 BF
(] DA /)N Ef i 20 o 3T R B A 2. T Ab s IAIEL 8 () T
DLE W W E S50 m W3 K e, iz e n) =4l
() TEFEAS A5 1 58 52 G248 T [ e 34 o) g B A A A ofE
SN AE /NS B PN DR 5 AH 6 AR . el BE mT g0, AR i om
X = A 1E AR A A v R IS [ 91 AR 1 6 &R < A O 1)

800 -

200
O C()II‘:ZO MN‘ISI‘L‘II-‘A‘R—IO L'S‘I’S UM‘IS‘I'(‘()II‘:IOO Y"I'F S(‘l-i‘\ll-i—ls
(a) FHAEHE10k = JCALAIFE R 1) %
1.0
0.8+
ﬁ 0.6 :
X ——USPS p,
H —#- USPS p,
Eodr ~©~MNIST p,
=] —o- MNIST p,
—=YTF p,
0.2F —o- YTF p,
——~UMIST p,
— UMIST p,
0 L L L 1
0 5 10 15 20 25

m
() AR ExT =0 AER 2 150
K 8

T PR 42 R D) AT 2 b R K S B, A R 1]
FARAT T R 1 =TT AL I R AR A R 0 R N S 8
. PRG35 IO P o s TR 4 S B 15 0 R 3 1% S 5L
HEATAUHET. 1B 8Ca) e n T FE M A 25 1 F 45 B 4 1
P2 48— 2 B 1 = 4L FE AR BT T FE A B ). S5
WE m=10, P& B8 48 v B L e B 22 4> Fh 5 &
B TR T RG220 280 45 W 4%, T
10 Y I B3 M PRty 78 = oo 4l . 13 31 10120 4>
(24 10k) EIf& = Jodl. LR a5 R WoR . 78 8 M EE 4
TR 10k A = ST RR AR T FE 1 )R] 35 76 R
G0, T8 AT X LA B S i B R AR S R = o4l ds
PR PR RE Y 32 2 R R R R RO R K, R
RT UG R 6 B8 2 Rk = e 442 Hf A 78 1 2 45
St HE TG KT T 0 L 2 — 25 4 R
T HERBIRETHEEZ M = nAREAR L E T H
W UF AR AR 2% AT = 02 RE A 1 B 5 i ) 1)
KRZIAT T #r. B 8(d) JE /R T 8 USPS,MNIST,
YTE UMIST %4l 46 vp 42 4l A [ % i 19 = o 4 A%
A% 55 BT I RE T (] Y G 3R L AT LA TH AR B R S =

—*USPS
2.0r ——MNIST Q
—=YTF
——UMIST
1.6
=
N 1.2+
=
E
0.8F
0.4+
0 * * d
0 5 10 15 20 25
m
(b) NAZHum F 23810k = 04 A A5 #E
200 T
——USPS
——MNIST
- YTF
160 L—+—UMIST
1201
{
=
=
80F
401
O L — L L L
1000 3000 5000 7000 9000 11 000
=t

(d) 2484 A = Je L BCR PTH FERII (8], m=10

= 07 A B 1 I 83 R A3
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T REA LR AR PR OC AR T DAAF AR 3
$ ) = e H A2 AR 7 2T LAGE T T ORI 4R
5.3 REZW
i FHYIN 245 1 Triplet $f 25 9 45 4 IR A B4
AERYFFAESR R, O 1 3k B 22 45 1 RE IR 2R 7 19 A7 AR
PE JATTE SOR R AE 7 N T SRR )it L DA 2R
e BRI Feom B A RO HEAT M R R 2R A R
FH NMIPYFT ARV i ) 3E 47 PE Ay
NMI(Normalized Mutual Information) .
MIU,V)

v HWU)H V)

Hrh , HO) ERLMIWU V) FEREE B, NMI E

NMIWU,V) = (1D

M ERL0.1], NMI=1 FRRHREE Rk 8 k.
NMI=0 MR RGO R k.
ARI(Adjusted Rand index) .
I—E[RI
ARI = R LR1] (12)

max(RI)-E[RI]
A WS B AU T R — SRS HLEAT A [R] A4 2 5l b
2, B0 8 T AN IR SRS B A A ) B 28 500 s 25 D)
PRIX A B R TE R A R 5 H S bR i s i —

B A A2, R K78 BT A BN B8 s 8 i — 20T
di L. ART i BCE S 2 [ — 1,10, ART B fi
BN IEE R 8 A G R 28, YR AL R 73 SR 2K
B ART FHUEEIE T 0, ARI =1 /R B IX
P k.
5.3.1 ARIREFELRER

AT = AR L HL B4 K-means
FA (KM BRSO BER R K
L (AC-Tink) . Fe AT 23 SR bE 17k o 3R S8 3 LU
Ji 4 LA AE Ry i A R0 DA 2 45 19 3R R AE R i A B Y
BRI, BRLE A HEEAT 5 W BOFEE, L5
GERAER TRy, T LLE B, DL FORAE B
TR R A B SRR A LR AL T DR A R
B0 A By 45 B K-means R R34 NMI Al
ARI ¥4 T 14. 89 %6 Fl 15. 3% L A vE 1 R I %
NMI #1 ARI V3432 F; 14. 3% 1 14. 98 % . i W&
K NMI f1ARI X4 FF T 11,86 % F1 11. 92%.
H UG AT LA 4508 A SO0 B A AR AL e R s B
AR ) R R v R SRR B B KR T
ROR.

R7 FIRINBERTERBEGEABANRERAREEREEZ LHER

. Representation+ KM KM Representation+ SC SC Representation+ AC AC
iR 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
5.5.2 5 AT RHHHIER 3k NMI FI ART V4 (42 918 F HOG 45 8. 05% Fi

R T DR B AR SO T I T AR B R AIE 3R
R R TRATH S GIST.HOG 4§ fE # R i
FPXTEe. SE5 v, AT B K-means 535 AF by 3 U
RRFIE, B 2L GIST,HOG HRAE L K A 3¢ fir 27
FHARAAE RN AVE N ST i A AR R 45 2R
X AR R R B 200 Be ) #EAT 4r A, 3R 8 el
TSR AR R xRl DA R B, GIST Fi HOG 1k
AR T5 1 1 G B8 FFAE A IR 5 X K-means 28
SR B B A RO T AT GIST FRAE Y R 2K
SRR T AT HOG FRAE M R A G55, LRI R

10. 5% s it — 20 A SCIT B 1 5 1 24 45 I R AR 3RR 1Y
RRLEREA T GIST Ml HOG HRE £ R k. 1
GIST 1 B2 45 50 NMI Fl ART {5 #1427+ 43 3
J 8. TY% M 7.6% . HOG $H1E B 245 - NMI
ARI {EF-34R TH 43 5 R 16. 7% F1 18. 1% 5 55 — 7
1]+ A< SCRT 2445 (9 FRAE 22 7R LA AL GIST Rk #il
HOG FfiE B B4R 2. 25 Al 45 . AR 3007 k2
PRI RAE 3278 [ HOG Fil GIST 45 fiF 55 B ) 50 4,
H AR B2 i) R A ) T A S 2 B e S A
TR .
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® 8 FIRKIMFFERTSE GIST.HOG #F4E7E K-means 3B FH XL

- GIST HOG Proposed
HER R IR 4 15 NMI ARI FAIE 2 NMI ARI SR AIE 4t 3 NMI ARI
CIFAR-10 960 0.167  0.159 324 0.097  0.074 256 0,191 0.177
MNIST 960 0.559  0.556 324 0.263  0.149 128 0.790  0.768
COIL-20 960 0.742  0.717 524 0.761  0.712 256 0.778  0.767
COIL-100 960 0.813  0.757 324 0.737  0.669 128 0.724  0.645
USPS 960 0.534  0.527 324 0.464  0.453 128 0.679  0.672
UMIST 960 0.584  0.547 324 0.564  0.527 256 0.762  0.720
YTF 960 0.733  0.726 576 0.763  0.753 128 0.801  0.785
SCENE-15 960 0.326  0.320 524 0.165  0.131 256 0.431  0.388

5.3.3 BT B 8 KRR A A4 L FIRT 40 09 2 BoR Al LB pe A s A

FETR Ok R BT AR 0 O 1 e 0 T B Uy ik
TR Ee. FRATT 3 BT X B T PO AN 2R A5 ] B A A
B 1% 55 18] | 3 i 43 43 B (PCA) %5 [a] . Auto-Encoder
27 2 A5 B I R L P W S 2 R A SC I B A e
J7 5 2 A5 B 1 2R 235 18] CLATR 4 ) 13 FR D 4 25 )
PCA 75 [i] . Auto-Encoder %5 [A] (4% 3C %5 8] 43 5 £
X YA~ 2 (A g ] K-means Bk AT RIS 7ER 9
Hig i 7 MNIST o4 5 b i 52 50 45

£ 9 MNISTHEELINREARRZEFH
K-means B2 4R

R a5 [a] NMI ARI
Original 0. 485 0. 475
PCA 0. 285 0.270
Auto-Encoder 0. 660 0. 630
Proposed 0.790 0.768

WL HE L PCA 25 [1] BU R IR 4 8] o i) 2R 2%
45 % 2% Auto-Encoder 75 1] 1 i R B R I Z AL
TR A6 A5 [A) 5 10 A% 3028 0] R i R R R IR T Auto-
Encoder %5 [A]. J5L K 43 Afr 41 F : K-means 55 75 & 4t Y
18 B T I 1 SR S B v L SR B e A S X R A R
Xof G I T, ORI 8 K B B g S O ) X
REEN—DERHEFE. Auto-Encoder 1584 Y 2 it J2 FI
fiff i J22 52 SR S B e R A 5 1 ok R O R 3K I e A
B P A B A 4 B )22 LA A I 1 4 B L S A oL
A B EL A A S 0 G 5T AR SC T 4R M 1R O TR A A
2R R B LLEE T+ 51 68 o B bR . B R 2k
T T Auto-Encoder FE 55 [H].
5.4 HRLW

T HE— 25l A 2R SRR I UE A AR I RN B
R0 0 03] . FRATT A A T R R 2 R £ R 2k
SVM Jp K Xf 2 D E i 8 i 4700 25 DL 19 AR 1E
FORVER A S35 9 B A SR T 10-38 SCHRIE Y
Tk A R 2 (A5 — PR IR TE N SRy 2 i
R B i FRATT L TRT B M B S B 2 ) S8 IR i

WAREUS T BHA w4 I Sc g 45 1. JAl1 5 %44
P 5 b O R B A A3 S A R AT R E L 3R 10 g i
TR SR, fE B 2 ) e S R —H i RS
“o THECHE S R IRATT A COSE B S5 A 26 8L AlexNet
A B 2 ) 2 1) e A 40 R 45 SR NSE R AT DL I
ATy kA L ME SVM 4y 2K %, 7 UMIST Al
COIL-100 udi4E I C ik 20 95 3R A1 87T A1 H A e 4r
43245 0 78 USPS F1 YTF $tdi 4 F#E T H
T B G 1) B 2 20 D VA I 4 S 2 R A I e B B
AR SCEE SRR 5T H R SR ) W B 2 ) 5 i 4y
G R R E A H IR A ST 2% 2] B bR 2l i e
Wi B Oy 22 0 B )00 M 1 R AR RN I R 2 DU
Or AT 55 0 o A O L IR A B AR S5 5 45
F IR BT AR SO 1 BT 2 AT I R AE 2R 3
A B RN A D RB AR A 5 G 1 i 4y 2 45 R
WA AR S598 AR SO B Hh A 5 Uk S AR I AR AE R
NEA R A .

£10 EFFIBUNBERTOSLTRLER

Ve T TR+ # R +linear %g?/‘j
1 layer NN SVM A4
COIL-20 0. 813 0. 923 0. 99705
MNIST 0.907 0.893 0. 99705
USPS 0.854 0.976 0. 98003
UMIST 0. 860 0. 990 0. 980C10]
COIL-100 0.726 0. 984 0. 963041
CIFAR-10 0.764 0.736 0. 96512
YTF 0.923 0.907 0.967"
SCENE-15 0.856 0. 844 0. 945013
5.5 MRRTAMK

T BAEAS SO B ) 5 1 RE K 1 A B A
SCHY BRG] AR T PCA S i ~J 15 1 [ 1%
Fn B B 4RI 23 ) O R AT AT AR FRAT
SAE MNIST (A 9(a)) ,COIL-100([& 9(b)) ,USPS
(& 9 Cen Bt e bk AT 73R Al AL S8 5 . PCA B
B PIAS F2 1) 3 g B8 05 1], AAIET 9 R 3RATTRT LA 2]
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AR SCRTHE B 5 1 2E AR I R AR 2R B R 1 )
PE. RV b 27 2 8] v []— 28 500 1 A& 4 A B A AR
rh TS [ 288 590 1 T A U0 AR O . T LA Y
F RN EMGAE R R S P A R s B &
AR A R R (D) RS S R,
I FEMG = oo B, AT 48 1 T 2R 42
M=t H R — 5 (DO PCARERERT
—ERNEE BRI W A T —E W
. AN SCHTHE Ry 508 L 45 9 R = ool DA
2 27 1 7 20K 5 AR 28 M ik A BIIG 2 R 45 ). A+
BT B R bR 25 8] A% 46 FR AIE 253 [A) 50 W B R 28
] A SC R 23 [ 47 R 2 1) 25 S kL A /N 22 7
P (5 B B A8 AR SR 43 [ v L) L RO
AR SR B A B A R AE 3R R A 1 B R 2N 4y
Je ), AT DA B0 4 K v RE B THAE .
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AR SCHR T — R T ER = o A e B
WL3E R 2% 21 D5 FF NS ic B 5 52 b B
BRAT EUR IR 2R R T K& ™
2% N TChRiC BG4 & i a2 4 1 Bg = oAl I AL H
FlIG = o4l 2k Triplet 45 B 28 W 4% DL 2% 2] IR
A RRAE 7R . I 7 I HE SR 02 56 4 TC W B 1 e fi
AT B G bR iC (5 B 72 2 A EHR B 4 L R 24T
F5 v, S A 0 R X T IR R A R T RO
B3k 15. 3% s M HFAL GBS AR AE Jy i, 24 15 1 om
WG T 29 12. 7% 1 Pk RE 42 TH, A F 3 A Auto-
Encoder /R %5 [], A 3 7R 45 (0] B A T 45 19 2 51
PE.AE S8, 3 T2 A5 L R L R LA
ek or 2 8% . 8 UMIST, COIL-100 %k 48 % b I 15
THEIRATTIT AN B AT IR A 4 JE 45 B 7 MINIST,
COIL-20 ,USPS.YTF ##li 4 F WA T A5 )
25 . X B8 B WY FRATT P £t A 5 3k W] AR e
1 Hb DA RIS B8 4R v 42 40 R R =0Tl it — 25 A
P =04 28 & WA ALPE (S BT #45 I RPAE R8s B
BL A (0 0 500 T LA sk 1 FE 8 AR 2K o
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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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