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Two-pass AUC optimization

LUAN Xun, GAO Wei
(National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China)

Abstract: The area under an ROC curve (AUC) has been an important performance index for class-imbalanced learning,
cost-sensitive learning, learning to rank, etc. Traditional AUC optimization requires the entire dataset to be stored be-
cause AUC is defined as pairs of positive and negative instances. To solve this problem, the one-pass AUC (OPAUC) al-
gorithm was introduced previously to scan the data only once and store the first- and second-order statistics. However, in
many real applications, the second-order statistics require high storage and are computationally costly, especially for
high-dimensional datasets. We introduce the two-pass AUC (TPAUC) optimization to calculate the mean of positive and
negative instances in the first pass and then use the stochastic gradient descent method in the second pass. The new al-
gorithm requires the storage of the first-order statistics but not the second-order statistics; hence, the efficiency is im-
proved. Finally, experiments are used to verify the effectiveness of the proposed algorithm.

Keywords: machine learning; AUC; ROC; one-pass learning; online learning; ranking; stochastic gradient descent; stat-

istics

12k ROC TR (FiFk AUC) S2HLE 242 SIREE W2 2 T I, 1B e ]
B PR, T TR TRE 10° 2 2. X AUC MRS LA M2 20 i
AR S AR IBURE ] F R REELEIE L 70 FAFIBE SR, 25 AUC B0 T
%o BN, FEMCEYR R ISR h, B DB BREERRI L K HLAR A ) o EDULIT E, AUC

W EL 8 2017-06-24. P94t R EI 83 20180408, P T — T ) SRS N SRl mh L 2R B HE A

EETE: R AP ETR2EIL ST H (61503179); 1T
e (BK20150586). SAE Z AL

B {=1EH: ¥ J#. E-mail: gaow@lamda.nju.edu.cn. T AUC W) 32 R, BB TR 2401k



mailto:gaow@lamda.nju.edu.cn

396 - HOE R

&
Y

S ¢

13 %

AUC > J7 3k, i i L7k | e~
boosting k"', LIRS FREE LN, Xk
T EAERRE NN ZRER AR, BRAE B AT 7 B4
s 2, D HHE DA e KRS 27 2 155 . AE3RIR
75T, AGARWAL F1 ROTH"45 i T 1Ak AUC 7]
Sf S VR FE A S I B 454, T GAO Al ZHOU™
MARAEAR A MELh T Rl ) PR TR 4

BT RIBL AUC tifb24 ), ZHAO 1
2011 4R Atk AUC FELR 24 > Bk, O ik
B T4 Bh A7 o, BREALRBUEREAR S FUREAR . Il
BIAFAt 28 0 R/ INS Bt FUB 3 DA 2, R U AR 7
FHF KA e SR ks T i #5dis . ik, GAO
2B 2013 AR LML AUC Y858 2% 5 J7 i, %
SR AT o DR — Ik, A — B S B st
ik AUC 242,

FE SRR P A ST g R KIS
PSR A ST R TT R . B, A SCHR R T —Fh
B AUC Wik 2% > 5% TPAUC (two-pass
AUC optimization), 1575 T3 ECHE WG ik - 57—k
G IE SRR A, B i i RE LR BE i A T
ifk AUC -2, Bk A a5 66— st
o, MR EAAAE g, DA R R Ak
R, I JE AR G I S IR TR A R

1 TPAUC # 3] ¥ &%

BN 23 18] x ¢ ROy 43 i R FEAS I A A 25
(B Rl g 4 25 (), AR SCOQE A R m i, TR&A
Y={+1,-1}, B D FRalbxxy LIEEMRE
It RGBS R

S ={(x1,y1), (%2, ¥2), -+, (X, Y}

Hrp AN SRR A AR 7341 p b ST [8) 53 A7 RAE T
o HE—BORIEN S, X - R—1 L AH PR AL
HIEREA S FRRELS , AUC(f,8)E LA

1
I () > fp)+ S 1) = £(x)]

Z T Ts- M

P 1L AE s R, W SA e O B, HaR [RE N
1, &R 05 T T TR IGETIE | I
A BIFEANEL
HAZAL AUC AR T NP MERIE, M
BOTE AT, FELBRRN T, —Fpm] 17 a0 5 2
WA R (1) AT — A O pR AL
L(f.S) = Z l(f(x;)—;gf})il[)’; >yl
A 1R — ROBE—ESEM™N R AL, & R E
FEFEE I RN . Hinge 512K PR%L . Logistic 5125 P

2

G, TR REUE LT X IEREA TR EAZ
(], 2 A R B SR Ay < oot 5 A Rt 2 BRI (paair-
wise surrogate loss)”

ST AUC Bk~ > k", AR SCR Al
AN R R, BITERC (2) A

If(x) = f(x) = (1= f(x) + f(x))?

N L, AHREAEA SBCA T, Hoh IERE

KECNT., HREARECHT., LS RECH
- p 23]

i#j

KHIw) = (1= w,x,) + (w,x,))’, G i AR5

iryi=1 iyi==1

VEIE . GOREBIRG Bh oy 22 50

Si= Ti Zx[xiT, S, = Ti Z xx!
*iy=1 T iy=—1

L T B TE R 5 60K B 9 50

1 1
C;—ZT—ZX;, C;ZT— X
+ -

iyi=1 iy;=—1

R e ik L ow) T LA HE— AT L S h
Lw)= " Lw)/T (3)

My, = 18,
L(w)=1+w,x,—c:) [T, +{w,c:—c;) = 2w, c; — ;)

My, =-10f, F
L(w)=1+w.x,—c;) [T_+{w,c;—c:) = 2w, c; — i)

2 FEAERA sRECH I A IE I, AR 1B AR R
UG o ASSOR L RE R RE R, R

w,=w,—nVL W, )

A5 3056 Tw, 0906 B R 2, M B 5 w3 =X
(3) L w)yFRIBA HHER ST

PRI, A SO AR AN TR A6t DI 5 22 3 R S AN
S, A FH 4 EHer ey, T EIA] #4700 AUC 2%
2o AITENZO RS 28R — gt &, A
o2 B et i, Rk S A A R R R
o). [, %A e Flep B RN FEA 23 [ IE
AN B IR, FESE 1 YR Dy O A AT A
IR 3k D A P 3k

ATy B EEA AR T LA W0 5 1 2Dk
I8, GETFIEREAR M REAR Y (e Fler; 56 2 Dl
T3 ¥ R ) BB TS BB BE, SRS I FHEEHL
o 2T A1 B w52 U4 AUC 1977, JFAESE
B ARSI ASCR |



% 3 1]

2553, 4 Al AUC PRI I B0k

*397-

2 S IRF

ARSCRE AR LS A e 4 A S 0 5
UERT 7R B RO, Ferh 8 bR i Ecs 4 7001k
diabetes . fourclass. german, splice. usps. letter, ma-
gic04 ., a9a, EE M h AL M 768~32 561 A~
S, FEARLERE LN 8~256, JITA s A YRR
FRRHIERN[-1, 11, 22738 R e 72 SR P 432 1)
A, BEAILREZ %) o M2

TPAUC FIE 7 2 RS Hn FEN LS8
BB 9 (271,279,275, 2,4} o 1 SRR AR 3 o
VIR A, SH s EEE S I 2R kAT
TAT A IR E . PeE SHUR, FHEN A B
HEAT 5 3 FLAfT A8 SUHIE, FIX 25 IR AS R4 1H
VE Ry B 2 A 4

ASCHES T AR 5 Rk
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A4, B8 245 F OAMseq. OAMgra, Online Uni-
Exp LA & Online Uni-Squ,

AT 8 A dER B AR A, 43 1R real-
sim, rcv, rev1v2, sector, sector.lvr, news20, ecmI2012
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% 1 TPAUC TE{R4EHIBE FIEBEER
Table 1 Comparisons of TPAUC on low-dim. datasets

G/ S diabetes fourlcass german splice usps letter magic04 a%a
TPAUC 0.8411 0.8309 0.798 1 09151 0.9713 0.8115 0.8319 0.900 5
OPAUC 0.8309 0.8310 0.797 8 09231 0.962 0 0.8114 0.838 3 0.900 2
OAMseq 0.8254 0.830 6 0.774 7 0.859 4 0.9310 0.754 9 0.823 8 0.8420
OAMgra 0.829 5 0.8295 0.772 3 0.886 4 0.934 8 0.760 3 0.8259 0.857 1
Online Uni-Exp 0.8215 0.828 1 0.790 8 0.893 1 0.953 8 0.8113 0.8353 0.900 5
Online Uni-Squ 0.825 8 0.829 2 0.789 9 09153 0.956 3 0.805 3 0.834 4 0.894 9
2 TPAUC FES4EiEE F AL
Table 2 Comparisons of TPAUC on high-dim. datasets
Bl real-sim Icv revlv2 sector.lvr sector news20 ecml2012 news20.b
TPAUC 09753 0.990 3 0.976 5 0.996 6 0.9237 0.891 0 0.962 0 0.640 1
OPAUC 0.974 5 0.980 2 0.963 3 0.996 5 0.929 6 0.884 0 0.963 0 0.640 6
OAMseq 0.984 0 0.988 5 0.968 6 0.996 5 09163 0.854 3 0.9200 0.6314
OAMgra 0.976 2 0.9852 0.960 4 0.9955 0.904 3 0.834 6 0.965 7 0.6351
Online Uni-Exp 0.991 4 0.990 7 0.9822 0.996 9 0.9215 0.888 0 0.9820 0.634 7
Online Uni-Squ 0.992 0 0.991 8 0.981 8 0.966 9 0.920 3 0.887 8 09530 0.623 7
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