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Multi-granularity Inter-class Correlation Based Contrastive Learning for Open Set Recognition

ZHU Peng-Fei, ZHANG Wan-Ying, WANG Yu, HU Qing-Hua

(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)

Abstract: In recent years, deep neural networks have continuously achieved breakthroughs in the classification task, but they will
mistakenly give a wrong known class prediction when faced with unknown samples in the testing phase. The open set recognition is a
possible way to solve the problem, which requires the model not only to classify the known classes, but also to distinguish the unknown
samples accurately. Most of the existing methods are designed heuristically based on certain assumptions. Despite keeping the
performance increasing, they have not analyzed the key factors that affect the task. This study analyzes the commonalities of existing
methods by designing a new decision variable experiment and find that the ability of model to learn representations of known classes is an
important factor. Then an open set recognition method is proposed based on model representation learning ability enhancement. Firstly,
due to the powerful representation learning capabilities demonstrated by the contrastive learning and the label information contained in
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the open set recognition task, supervised contrastive learning is introduced to improve the modeling ability of the model to known classes.
Secondly, considering that the correlation among the categories is the representation learning at the category level, and the hierarchical
structure relationship among the categories is often presented, a multi-granularity inter-class correlation loss is designed by building the
hierarchical structure in the label semantic space and measuring the multi-granularity inter-class correlation. The multi-granularity
inter-class correlation loss constrains the model to learn the correlation among different known classes to further improve the
representation learning ability of model. Finally, experimental results on multiple standard datasets verify the effectiveness of the
proposed method on open set recognition tasks.

Key words: open set recognition; representation learning; contrastive learning; multi-granularity inter-class correlation; classification
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Train process:

Input: PR A X Yidk=1...n3

Function

¥, < Cluster (vec)

For {XqYi}k=1...n in batch:

1
2
3
4, vec«Word2Vec(yy)
5
6
7 7 < Proj(Enc(x,))
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- -1 exp(Z -2 1T)
Calculation: = P — lo i
for ;L? §|P(i)|pezl3(i) ¢ > exp(z-2,/7)

acA(i)
N
Lcr = _Z 95 IOg ps(S\/; | Xk)
k

L=Loyp+t ALcr
8. End train
9. Test process:
10. Input: JERFEA x.

11. Z < Proj(Enc(x))

12. score«—Classifier(z)

13. R % H 73 4 score TRIMFEA x by = — T AN B AR J2k.
14. End test

MICC BERIAEYIZRBT B, 1 564 20 ) 1 SChR RS A ) BERT 4% # J inl [) 5, Bl J5 A1) T K-means J77A 2644
W RLLRR G, BJE, BENLETAG 2%, TR I SEORT B ) B o ST R (LA (B)) s Z RS R R
(WA (@) 5 K B (W~ 5K(B)). DRI B, xS A AT U2, 2B R o, 3 day A 3k 23 2R 28 3k

4%,
3 XWBEREHM

A% AR AT T 9C0, JEVERE T BORATF S BT S 1 P RE B, ShEW] MICC )
AR, AF MICC AEPTRESEE (IR BR F 1035504 5 ST A eiiE T T W, S0, A SCRh s
REBCELA (0843 REPERE AL 7 T 40, RS0 7 T 8 2 MRt TBU AL R 036
3.1 KT

. VR

AT 54 L4 SR UL T AR5 ) 40 (AUROC) Y A 0 WA 1 B 20 F1 4040248
ARGt 5 0% G TR AP 2 IO PE RIS, 2 2 P IS0 R 2 VPR T R4 TF IR BT 4 o1 )
BL. AUROC {0 LR IE (0L T L S0 S0 A M o, > SR K 0. AUROC (1
AR RSB BUA AR A0 R DR 5 SO 4 o 6 45 LR T WIS YA

%2 AT RS (0274 LA HO b

Jiik ImageNet-crop  ImageNet-resize LSUN-crop  LSUN-resize
SoftMax 0.639 0.653 0.642 0.647
OpenMax!® 0.660 0.684 0.657 0.668
CROSR!*? 0.721 0.735 0.720 0.749
C2AEM 0.837 0.826 0.783 0.801
cepLi* 0.840 0.832 0.806 0.812
MICC 0.917 0.916 0.924 0.892

L L

o RWHE

TESLEG I FEF, MICC B8 4 9 U kB BRI DA B P B 40, 7ESES0 I 2R B B, {84 ResNet-50 1y 4wt
ML, — ZEPE AR G M 4, — R A Gt AR N oy 2588, SR R, BRI N IR 4 E R
512. i fEr, =)W E N 0.5, IIZR4e% 1000 Ml Rer, > i E N 5. Bl ii{k = (Dg=2048)
WU — A s AR s it 78 BB L o 4% ST I B 3 T BB Aug(c), B h AR T BB ik
(AutoAugment) P E B X BEHLIY ) 7 (stacked RandAugment)®*. %} T Word2Vec(-)#i sk, SZE6 b F) 1]
BERTU I A4 il I R SR REA SR A AR 103 [ . AR (Q2)s ARE)H, TeRTABARSHL, W MBS, %
B P RE NT=0.1. 0 F IR IRBIMT S, ASSCRI 22 T3 FL o0 B & RIS 45 O 501 288 43 SRR A 20 31
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R4 BRI, RN T RS i 26 (AUROC) T T B A4 RS 700 A5 34 5 A 4 84T 45 rh R BRI 25

o HmAERIS

ATl B 95 CIFAR10, CIFAR+10, CIFAR+50, ImageNet-crop, ImageNet-resize, LSUN-crop,
LSUN-resize, TinylmageNet.

T TP AAT 55, T B0 U0 BR 2 14 U240 U AR AR, JLRIEHIME R A F SRR,
AR SO R B RENL 7 2O bR AEROE SR AT 5 kR Gy, A2 H ORISR A ZEFE AR, CIFARLO %i#ia 48
CIFAR100 #(#E#EF1 TinylmageNet H4iE 4237 [E 2 ISR A RS2 % 4, DR b A i A 10 48 0 b 47 s
XF CIFARL0 %, BHHLIEHUILUIZRES 6 2tk Sk, AR 4 M ARmAE. X CIFAR+10PUA
CIFAR+50P M 4, 526 v B ML B CIFARLO ic4ig 4 0 I 2R 8 b i1y 4 2648 © 4038, € CIFAR100 i 4 1)
Wb, 2> BIBEHLEEL 10 251 50 2545 4 R 4125, TinylmageNet i & L85 T 200 MR X%, B4
AN S 2% () e S 2 (0], FESEE b, ASCRENUE I I ZR g h 20 BE 0 T ands, HAx 180 HAf R mE. Sk
W, EAIZRVN R B AR AR AR A S R E AR AR 41 LUBIBENLRI Sy, FTAT R BN SRR A ok
FNREMALE.

ImageNet-crop, ImageNet-resize, LSUN-crop, LSUN-resize %4 £ 43 il J& 3 1 % ImageNett VFil LSUN I
AT BT 3R s BRI K/ (L& R CIFARLO B4 48 b UG OR /N 3RAF 11, A SRS 10 000 AMFEA.
S rh, DL CIFARLO Hdls &R MR- ARy C a8 2 de, MRS S aZilalee, Bk 4 B & 71k
R ARGNEMAREE. ARSI 45 A0 5 R BENLRI 23 B 52 56 45 A0 ~F- 2 .
3.2 FFREIRF

TPl MICC A5 201, A SO S 45 15 5 Flusol 10 )5 3L 34T T L4, 1335 SoftMax, OpenMax!),
CROSRM, C2AEBFI CGDLM, %% 2 1 @75 T 145 ImageNet-crop, ImageNet-resize, LSUN-crop, LSUN-resize %1
4 B, MICC 15 13k 5 Fiof BTk 738 FL 438 Horh, 0O sese 45 151 A C2AER Jy ik A
CGDLIM ik ff STk, S0 25 J 45 O AR BT AR SO TR £ 20 50288 20 FERT AR J0 3 1 MAE 55 B vk fg, mT LR IR
SoftMax 7772 2 £ 2% S AH ) 7 S0 1) L A 2 0 AR AE i A A T 220 i 8 %0 2 00 R 0, S 80AE R B SR AT
S rhRIMALE. FET AE (7772 CROSRIEY, C2AELTHT CGDLMYiE i 1 448 4 3 4 22 3] 31 T R MM 2 ke
TR, AHAEAEPI T TH R (1) R FE AR S EM SRS Sai M M RAE R, R ) 25
JEE D R (2) TEOME BRI T HIA T AN S, S O sy 28 Re. MICC RIS He X2 ) U7 v
R0 BRI AR ALPEAS B, B T AT B AN 0 Z0im AR IR g Sy, DR LT R R U R, R 3 AR
PR 2 4R 5 cGDLIY, CROSRIMVHI MLOSRM/ 5 VA I 28 i AT T X LE, A U Hi: MICC BB i 5 2 4
m D, WG, By R .

%3 ORI Jr B S B

Jitdi MICC CGDL CROSR MLOSR
ZHE (k) | 174 170367 423 7165

3.3 KREAZLEHF

A ) S A SCRR[41] R PG AR R, I AUROC PR AR 28 0 A S0 28 ) ol s S, ) I B AR 284 4]
NG B LT C 2 6P . AT SCR AN T S0 3 By kAT AL, 3E G-OpenMaxl®!, OSRCIMEIA
MLOSR™. 2% 4 J&75 T A IR J7¥:7E TinylmageNet, CIFAR10, CIFAR+10 1 CIFAR+50 #ii 4 b i 4 51128 40 1)
SEI A Horh P HOTT VR RS2 Ee 25 551 B CGDLIM T i MLOSRI Tyt Seik. W LLE e AN TG
Jik, MICC SER 45 RAFEAE W AR H, UESE T HATRME. & 4 JEOR T MICC 75 4 R 48~ RE A oA 1) 1507 B,
R A S TR 20 B, D ARG L B e o DB I R S R AR TR A, 5 X
AR P R MIRFEAS ) 20 A, GO BARE QARG AR K o0 A, vT LA e S8R A 5 )1
GRAEREA AT — 8L, R AR REA I e 0 B B b, AL T AR () 5 501254 085 1% (CIFAR10
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B 4E). T AR VR R A AT AT RE B S e W B AN, Az R T SoftMax J5vAEM MICC Jyik. Hrp,
SoftMax J7 72 [ A A2 K5 15 4 96.43%, MICC hy 98.74%, £ WIFTHEH Jyikfews BB S ORISR, Mtz
N, BUA TR T SoftMax 7 ik Ml CGDLIM 5 i T Sl AT A S B AN R B2 A6, HAth 7 92 0l LR 45 40265026
PERE. 8 L TR, MICC 0] [A) I 42 w8 C 02800 28 R0 A 0 28 30 5 () M B, AT fit BE B b it e T JECAE VR 531 i RBL.

XK 4 AFRTTIELEARFIRIAT S5 ) AUROC {8

Jiih CIFAR10 CIFAR+10 CIFAR+50 TinylmageNet

SoftMax 0.677 0.816 0.805 0.577

OpenMax'®! 0.695 0.817 0.796 0.576

G-OpenMax!*”) 0.675 0.827 0.819 0.580

OSRCI! 0.699 0.838 0.827 0.586

MLOSRL¢! 0.845 0.895 0.877 0.718

cebpLi 0.890 0.928 0.915 0.762

MICC 0.936 0.963 0.964 0.855

CIFAR+10 CIFAR+50 TinylmageNet

814 FMUBIER A o EMMGTERT | o1 FMBBIEESH
Coxwirkas | Y EmMBERaE EEat-brand E g

e EMBVSEHAT | o, cmxigaas | O SEESIEI PR

e & = ® B ®
8 g ® 3 B a
F— I Y

» n & = & B! ) © o L]

B4 FEARSAETE
34 HELXI
AR AT S S FHE AT MICC B 5% 38 43 T 458 780 8 e A 5% i)
o Plain: ARE AU B SLHLIAL SRS M4 SEHERI Y, DL ResNet-50 1B AW B4, —EoEEE
M5 258% 28 XU B8 BV A 4 2k ok B, SoftMax 29 B o o 2 9 B vk S AR i, sz, ol
D3 B AT % 500 IR, B K/ NEE R 512, SR E A 0.8;
o Supcon: MaBFbb A SRR, FLSTEL S35 Sk [34]. U ik B RN I R 4y W AP AT, R AR
ResNet-50 1 4 i a4, — 2L VP4 AE Wt M 4%, — 2 AR AE 7 258, DA E
Xof Ll 32 I BURAE BB s A, 2R3 1 000 ¥k, BRI B 512, 2% X F&E 4 0.5,
RETSEXT A FEB AT USSR, YIZR5e 4 100 Ik, FdE bk (batch size) K/NEE N 512, 3R EHEN 5.
%5 RN TAREGR P4 AL . M BT Ll a2 SIS R RUA SCRE AR CIFARLO, CIFAR+10, CIFAR+50,
TinylmageNet 2455 F 1) SE 50 45 L.

# 5 MR A R H R 4R LY AUROC 1
Jj¥k  CIFAR10 CIFAR+10 CIFAR+50 TinylmageNet

Plain 0.850 0.904 0.901 0.838
Supcon 0.907 0.963 0.961 0.841
MICC 0.936 0.964 0.964 0.855

P g R, vl .

(1) W b ) ik AT BAAE ) B 1 A S E AR R, I A T 20 i O AN IS AR R A R
VBRIl

(2) 2 R0 FEZSAH DGR 5% ek BRI H 2000 B2 J2 0 s (W AH DG PEAG IR I ZRm 2%, $2 T T A2 (0 AT 45 R B
KR TR AT S, A SCER BTSSR G OC R R ER TR CL AR MR R e ), AR Tk
LIESPEIPS
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(3)  ZHIFESAHIFMERI L KT CIFAR+10 Fil CIFAR+50 #7147 B8, %I CIFAR10 F1 TinylmageNet 3714 4
W, HRENAET: CIFAR+M 3250 AN AN AT 438, 8ot b, LB S B2 R X R, i
CNREH S 2, R ERY .

SoFF55 2.2 AR SO R AR B S SR T T s B AT T RO

1
2o =121, ©
b, lzll, AR R = 2 0 Jad. R 6 R T AR H IR FE AL & 1 F Fpunorm 15256 45 A0 L (O T- A ]
(A, e SR B TE 507 ST B S s W A AT 55 3R ). W LB, SR ) 6 1 AN [ Y B0 i A 28 ) 4T 45
I PSS T AR IR A IR AE R R, H R TR A R O AE, DA SO 2.2 1 S IR RN
I 5 (1 — YO HE N ek AR
F 6 AFE R WP A TR S5 45 R L

75(23 r I2-norm
Plain 0.860 0.851
MICC 0.935 0.938

35 SN

ARAT RS S P H LI S EOEAT AR, B 5 R T AN RV B 20 B N R ALY AUROC i 171k 4T 2%
P, P R o KR R B, RIS AUROC fi. 4Tt E 2k h CIFARLO Hdlifk Lseih4h iR, Wt sk h
CIFAR+10 #t#li4k barih gt |, WMk . MMM EL N CIFAR+S0 HidE Lsrih &, RO ELN
TinylmageNet % ¥ 85 Sz 45 5 ATLLRIL: 5T CIFAR+10 FI CIFAR+50 541 Sz, 43 F AR [ (I 254, ik
AR A RL P 2 5 B BT Pk RS R AN B 8, BN SR Bk, LR R R e S R B R b K,
%J - CIFAR10 1 TinylmageNet, £§78 K B 8 5%, AUROC {H 745 B B, R B S B0k 2 A (t=2) B 70 2 1
i, Pk, ASCERss s 98 iz s E AT R Re LA

098] T s sas s
0.94
0.92 \/
0.90
=== TinylmageNet
0.88 —— CIFAR10
----- CIFAR+10
080 e _zio_CIFAR450
2 3 4

5 OR[EFHRLE S50 N MICC ) AUROC {E #r ¥l

XTI 2 ik, TR AT A SLRE AT T 0. (B 6 s 2 L CIFARLO cdia R (K — 241 52 46 O 41,
ATV R 200 B 1) 2 4 4 R 7 S5 B (B LR 23 LI SRAE A 6 28, JLAx 4 R RFNSEAEA), JLr, 6 K2k 7y
ARHL B ML T M RAE ATLORBL: K 6 I8 RIS AR o HEURE RE S0 D S (RERLEE AR 2E D 0)
=B LR EERR2E G 1), BIPEJZ 2 MUK IO J2 R 4 M I (B 3(0)IT7R), SNSRI ZR A A ) 22 57 de
R, REWS BB BI N G B AR RERE 2 S0 T ARAE 2 2531 1) PR AR S A L RUREDAE B2 R0 1) f 22 S ME A L. 181 B vk
(T2 Bk 5N B S, 5t DR T REAE T 2 (RHDRE BE SR BON BT 5T\ T 3 2 4i0kE B R A 6, e ikl
PR JERDRE 2 fF L 34k, St b Bode AR 2 4 SR B AL O 3R 7, REA LR A 25 10 T8 SUAR B AT e s M i
R RE IR AR, I3t FRORDRE B ) R REAS AN BT A 1 L, SRR R 28R
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» PESHSEEE P
o T YA
g i!'"ﬁ&ﬁﬁ?ﬂ“ﬂiiﬂnl*W@o
v B .
- deEEEanEn 99.9% 2 Q (e ¢e e

() S50 m 1 YIS M A (b) HIEPIE 3 FHURL NI () MIERMIZ 4 JERURL LI i 2
Z R R R A ) (a=1, 1=3) EREER (=1, t=4)

16 AN [ RIS 2K 50 K 1 J2= 20 4 s T

HbR: Of Hlbe: 2

4 BESRE

AR SCA ) T TR AR S5, PR T — Bl 18 22 WL B AN Sk oS L s 23 Uik, G, IRREIF M T 3%
Wi A 551 RE 1A G B S R IR 3%, R BUAE 20 22 2 (R R AR R AL 37 AT A Dy gl SRR BEREAT R AN R0 B T i% 418,
FINT R I BER,  B LR R R 7R 22 2 Re s, L AEREA G0 b V8 SCRRIE 27 20, 3 s B2 () TR
EVUNPERE. e, 2% BB A IO 2 IR B IR A 2], P T AN 0 22 R BESRAN OGP K bR
B, R INGRRE AR 2578 SCE B KA SC PR HEAT (L, 30 P2 8 AN [ 28 500 1) 14 22 WL FEAH G, A A B8 20 2 ) 3]
A SRS TR % AR IR AR R 7. AR SCHEAT TR SES, UEWI T3 58 2 1 2 iy e e K PR RO Pk R, )
I, AHLETAT 00 F g b 25 2805 b T S8R, B TR 5 L i T S B 3 s R R R DG AR R0 K B
2, ARSI I%, AR AR Al WA RZR S I AR 10 20 015 )2 4 45 K 0 T TP TR RUMAT: 55 (K0 5
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