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Abstract: The shared vector chain-supported vector machine (SVC-SVM) can solve multiple concept drift problems as
well as related problems, and it shows attractive performance in multi-task concept drift classification. However, in
many practical scenarios, the concept drift dataset is usually large, and its high computational cost severely limits the
generalization ability of the SVC-SVM. To overcome this shortcoming, a novel classifier termed shared vector chain-
core vector machine (SVC-CVM) is proposed for large scale multi-task concept drift dataset, considering the asymptot-
ic linear time complexity of the core vector machines. This classifier has the merit of asymptotic time complexity and in-
herits the good performance of SVC-SVM in solving multi-task concept drift problems. Furthermore, the effectiveness

and rapidness of the proposed method is experimentally confirmed on large-scale multi-task concept drift datasets.
Keywords: multi-task; large-scale dataset; concept drift; core vector machines; linear time complexity

RS B R 2017-12-13. R4 M AR B 83 : 2018-04-17. B & T EHLE B R LR, Rk
EL£WA: HEARB%EELTH (61300151);7T55 44 A H 7 4F By f < PN R 3 925 2L
7 %ﬁIﬁE(BiZOJOOOI); (Iﬁﬁg%ﬂﬁﬁakﬁﬁﬁ ki%{ﬂﬂﬁ%\ EE%F;_]‘%\ ﬂimmﬁi%\ )QJE/JILE.\
IR (20177SIG282); 11704 M A% A SR BL 4 0 52 100 H W 28 W dos BT A7 T B B, X e e R
(18KJB520048).
EAEIEE: 9% H. E-mail: shiyz@wxit.edu.cn. Free e im EAWT AL 1 o i A RRAE 2 bl o B


mailto:shiyz@wxit.edu.cn

+ 936 ¢ O R

S 1 513 4

(51 R R S A W B @ | B e BN & T s e SN I = N
SRS Y A A [l o 1) () 1717 9% 12 VR A%, R A AR R
Rl AR RS p W oY B E e B R s i
TR TS MR AT R A R B
SRS i R o 0k AR R F Y A USRS T R
IR o MEA RS E A i b 1 B 220 P 300
HBAR 2L, PRI T e A Bl R 408 B 220) 1) — S 0 4 e 4
HEAE MY S AT 2R DR ER XS A 2
FrfEr TAE R L5 T sh i sk e gk, 1
K — € W R O (X TR P9 B B AT A
2011 4, Grinblat 55" % Crammer 55 7 £ 1T 5
2z 2] e R LA S 2 R IR AE SR g, S T
) 1 3 07 S F45 1) b B 9 ok SR AR 4
2% o Shi UL T 8 R AR O L S HE )
ALk, TR A 2R RE W R, BRI R
TE T JHX 8 A ™ R Rl ) A

F A 0 A R AR () R AN S AIKSE Y B
[, a0 HEAS SARAE B AR FE S L X 22 Fh A4 1 I
BOE T BE 2 RS 5 RH AR 3k T Y R AN I B A
— E B9 B 5 AH AT X1 32 I R 2 A H R
85 o R 22N HH DG G SR RS ) ] B A, 2 4 L
s T] 5 B A 3500R B, BEXT AR B A £ AR T o
o= 4B S R ) ALY (shared vector chain sup-
ported vector machines, SVC-SVM) Jy 4 i3 Xf 4
KM VT (0] P (] A, A7 S B T T T A4
AUz AR PR o H T A e ) B3 vk sk ) 42 2%
B, BRI T A B i 2R K A S IR T 1Y
N B8 T o

PAE C A REAE BT AR, £ Bl 28 F 17
% E B BRI, 2S5 MSERR LD
Aof ) 42 2% B AR A9 Ok B 22 . SVC-SVM J7 ik
A AL S RS [ P o5 — SVM [l 403 B[]
B E B hom), Kb A AR &, R H
SMO(sequential minimal optimization) "'*'J7 1 3 3K
fift, Fo 5 2% B AT B 0>, fH SVC-SVM J5 i 475
SRICTE NAS T KA S E R S S . AR
TEF AR —FoE B SRR 2 ) ik, bR T e
FF SVC-SVM J7 ik BI040 J e A, SCREAE T
X AT 55 kRS KA B ZE i B B i 5
B[R] RE

S5 I U0 A R A VI R A 1 F 5T S U,
ASCHE W T R AL ] 5 AL (shared vector
chain core vector machines, SVC-CVM) J5i%, {3
T B (core vector machine, CVM) Bt
5 T SVC-CVM Jr ik iy i sk . findg SVC-
CVM J5 i BA LT R

1) T X Z2AE 55 B IR R [ R, SVC-CVM

J7 V5T ST SR A B A SR AL B TA-SVM
K ITA-SVM J7 i

2)SVC-CVM F iRk T 5 SVC-SVM J5 ik
] 9 2 15, BB 22 4 M A IR A% ) 0 =2 38 2 1)
RAEET Y, FAE MR L, SVC-CVM J7ik
5 SVC-SVM J5 i 4H 245

3)SVC-CVM J5 i 1] LU % cvM #ig " i3
HPL R AR AR, LAAL B 22 AT 55 MR A AL v R
K IA) L, B[R] & A% B 4 O(n) o

I AR B AL X 5 5

TEME SR U9 O 1, AL S8 I 5 2 B A
A, KRR R . TA-SVM Fil
ITA-SVM J7 X} Jm f L A Fn 22 Jmy Ak E A7 1 4L
s, WU T RAFIIRICR
1.1 BRESBMIERSEFE

TA-SVM!" 5 ¥ J2 ITA-SVM" 97 B 1 %of £ 2
G BN 55 WE SIS 0 25 (B TS Ta]
I 7 SR B 1) T 50 98 45, TA-SVM 5 ¥ fE AL 4% 1
AR RN, AR T4 ZE A% X RE A5 O T Hb
Ak, DRI 24 B AH @8 -4 e A 2 ) Y 25 =, LS
A AR AT (1) Ok

T T-1
min ) Risk () +1 ) d(fiu. ) (1)
t=1 t=1

Ao 5 1 WO /IR, £ T KR
55 2 WON A JRACT, d(f, OB PIAS T 0 2
a2z 2200, DRIE T i pe E A A ik s A2
XT R B OLAL 5 4 SR A AR A T AR 7 PR 5 o
12 SVC-SVM &R E3HE

R T R — 25 RS A DA S IR RS B R A
WEMARGEE, WE DR 2 BB,
e AT K ASH RS IR R R R 4R, BT
FEECHE T b i Bt i T A4 s B I SR 4 1) -4
WA W, A FEIRE T BRI m A
A EAE S I B ()i = 1,2, .n), n = KX
Txm, iC filefk(k= 1,2, KYMESESL 11 = 1,2, -,
T) B 20 08 53 S H | w, Oy 55 o) 220 () FE B2 2R & v
FORTES 1 20 I 2 00 5T 55 fu Z [ 1) 25
o M) 2 AT 55 M AL 4 2 i Hh R i BE R
] ST SVC-SVM W R H AT i 1 =X (2) Sk

1 T /l T-1

. 2 2
mmﬁ;nw,u + ﬁ;an —wilf+
ZT:

t=1

T T-1
s min ) w4 35 AL 390 min > lw,y - w8
=1 =1

@)

ST

K n
Wl +C > L(fiox.3)
k=1

i=1



5 6 1 PR, S F T AL i LA 24T 55 S R B P A 2 + 937 »
LA R A AR I Z L R p 22 R L E B

AR, A 2% A BB TR (L
Bs min >N P24 45 1T 9 7 ] — i 2 F A
900 R AR 30 5 B SR A 2 4 8 S
S R P Ty 35 2 E 5 6 I A 6 B
Lo,y B SR8 AR B SCRR[1ST00 1 52, T 78
F| SVC-SVM J7 i B X IE = .

1
max a'l- EaTHa S.t.

Kb HoAY RS ) B S8 g, Bk
RIE AT LAS AR DESCHR[15]. MK (3) mITAL, SVC-
SVM J5 i % Z2 A~ M VB % [ () Pof A, JHL o {1
[i) R0 A A% 233 18] R ) g — A S 5 ) AL, 240K
JH A8 7 2R SR i e T R [R) R, AR R
] &2 2% BE Ry (), BIVE SR T SMO' 'y ik of 3R fi
SVC-SVM (1) %l [n] &1, i H 52 4% B B R o),
ATHBR J2: TC Ik AR 32 1 B AR, 3 LM 25 T %o B 5K
Az 35 R B RS A K A g 7 5

AEREHEL OB EV R EF &

21 H£EXREHZOEEN

Y F SVC-SVM Jr ik FE 4t X Z AT 55 M I8
TSI 2 s B 3k i () 5 2% O v, A SC A
CVM!"™ Iy B %, - T 5 SVC-SVM 5 i 7E 72k
M BEARALL, H 7 B0 5 45 K A 37 s i SRE AT R
HALFERY SVC-CVM F k. SVC-CVM ik %
T SVC-SVM Jr ik AR, 1 gt — 20 Pkt
R, AN SR SCHR[17-18]F9 77 %) SVC-SvMt™
) B br eRECRS VR AR AL, SR FHE 5 B 2k pR AR, 38 i
e FAF 20T LUH CVM J5 bR i 1) g X

PR B ((ey)li=1.2, - )P & A n DR BT
Hor 4 % KA Bl o, B4 EoHs o i £odl
T AN sF [P 2R 46 19 7 B His SR AL o 7 AR A
ZI5 | AFEA S B, 05 e 2] 45 A B i =
BT w55 e 20 55 A BN T ) DR R Ay
fuor IFIC PR SRS L R 2 Y 2 R, =
fawio PAT xnfilE, FFERIREE A 52/ NS
/I [A] B 8, Py = Y HAY j e p, 5 IRUE
H 0. RAkxnHiFE, HTRRSE SRR ET
ST EAELE, Y HALY j e re MRy, = 1, 75 WX
R0, QRIERAILZmEZ BN TT
R, S B g 2 R R A AR ) A )
i, BI2Y HA Y |s—1 = IRAQ, =1, THIEH 0,

SVC-CVM J7#: 1) H bR R &R

>0 3)

2
min = Z(thu +b)+

ZZ Ol =w,IP + (b, = b))+

(vall + ) - p+—Z§
st yi(Ow, o) so(x)+<b+dtk<,)>)>p &
i=1,2,-
K (4) F I S vy« duo 1] %i‘%%?ﬁm\ﬁﬁilﬁ?
B4 kIS TRR S . T IRt (4) i
8 ) A .

“4)

NYSRr={ ¥

D=1
TTM?:M

1 T
J=— P+ b7+
5T 21 (lwII”+ ;)

ZZ Oulllw, = w,IF + (b= b))+
o \ )
Y

5>

! Z Z(vanz ) —p+ s ;ff—
a3 (ov

i=1

1 KKT 5 F, J BT AERT, A

+ ka(i))T‘P(xi) + (b, + dtk(i))) —pt f,)

b e ady
KA -
ﬂzOzC{-‘»—a-:f:a-/C
e ©)
—O——1+Za zZa =1
=L (6) ﬁ/ﬁc (5) J”'Jﬁ
1 n
J=JW+JV+J,,+J£,—E 2 a; 7
.
1 T ) ﬂ, T T .
Jw=ﬁ;nw,n +—Z‘J;Qtsnw,—wsu - N

Z @iyW (i)

=1
T K
JV%ZZuv[kn —Zay,vtk@)so(x) ©
T T
h= 2TZubn %ZZanb ~b,JP —Zay, "

(10)
7 T K n
szzzzdtzk_ a/iyidtk(i) (11)
=1 k=1 i=1
N
aJ 1
oW, :O—th 2 Qts(wt s)_jezp:ajyj‘p(xj)
45



2y

1
Jo+J,+J, - EaT(I/C)a
AR A,

K
7=3 Z Z = Y gt
t=1 k=1 i=1

© 938+ B OB R & ¥ W %1345
£
7 w;+ /lz le(wt W ) ZajijO(xj) oJ
J&P (97 =0=yvu— Za/i)’iSD(xi) =V = 1/)’Zai)’i90(xi)
0 U M b jeru er
= | A+AB00IT, s=1 G
CT) -A04/T,  s#t y & & L
BERE [ RT3, T E L ; Wl _Zlaiyivtk(f)‘)p(xi) =
- 1o vo(x l v
Wi zj: M“(”a/jyj ¢(x;) (12) _Z Z Z Qi) Vi Yikn Yk (H P X)) (X)) =
t=1 k=1 i,jepx
LA —%a’T ((RTR//lz)®K® Y)a
lwP = oM iy (x)e(x;) an
Z Z Z () ( ) _[Jj[jﬁ
Hinh J=— laT((PTM“P)®K® Y)a-
72P) = ZMH(!)M;(]) 1
i EaT((G//lz)®K® Y)a+
W (12) AT Jyhh_%aTUﬂDa+dH:
1
an P = Z M7 P) aiayye(x)p(x;) = o) —5@" (P'M'P+G/y)eKoY)a+
1
p ((PT “P)eK&Y)a Iyt di=zat(d[C)a
i et A =
r aJ
ZZ Qullw, ~w,F = Z Q.SZ< o~ M)x o bt s Z Qulb,=b)+ )y,
=1 s=1 JEPK
(M ll(]) 55(1))0' @;y; y/‘p(x )‘P(xj) = aJ
—=0= ydtk_zaiyi =dy = 1/720’0’1
ZMZ ML D, ZM@MMQV (14 Oy o -
F I ] £
@@, y;y jp(X; )so(x.,) = 1
Za,T((PTM—l(D_Q)M—IP)®K®Y)Q, J:—E(ZT((PTM_IP+RTR/)/)®K®Y>(1’—
Ao Q EXTFREE M, HadxI fsEkE D N o (P'M'P+R'R/y)®K)a- %aT I/C)a
{ ZQ*’ t=s 1 ; T 71 T
D.=! 4 J=-za (P"M'P+R'R/y) ® K&(Y +E)+1/C)a
0, t#s
JE G [v) RO ) of {14 i) T :
(12). (13) fRA (S)ﬁ Jjéﬂnl'ﬂﬂﬂ?}ﬁful‘ﬂﬂﬁﬂ?
| & max — —a"Ha st. a>0,a'1=1 (18)
Jy == ||w I’ a7 Qtsllwt w,llP- *
- 1 _ H=P'M'P+R'R/y)®K®(Y+E)+I/C  (19)
a/,-yiw,,v(p(x[) = _GT (PTM 2P)®K®Y a+
Z ! 21 ( ) s) KRR
Lo ((PM (D-QM ' P)eKaY) Y=y'yy=[ny -yl
"((P"M ' P)@K®Y)a = Sbant=ih ke LE
“f = H I, SVC-CVM 77 i h AR & T 245K
—WWWMWme%f P It , AL X8 ] AT A Y A% 25 | P i 5 — A
Wty (7) 7T SVM [0l 7] DLR R R 7 25 ok SR fifk, LBk i []
Jz—la’T((PTM_'P)®K®Y)a+ ﬂ:f“j?O(#), Tﬁ%xﬁlﬁiﬂ?fﬁﬂﬁﬁﬂ%‘ .
2 (16) R SCE A4 SVC-CVM. B9 PR3 SR i 712 o

22 Bl EE

SR Be /VEL % BK (minimum enclosing ball,
MEB) & — g ), 55 4 T 5K i — 4>
R, sk (20) Frs



%6

g rh, e BT R AL AT 55 S AR R P 73 26 * 939

maxa'diag(K)—a'Ka st. a>0, a"1=1 (20)

AH:e=[aia, - ]/ Lagrange ¥, K, =
[k(x;, x,)] = [¢(XI)T¢(XJ)]j‘7$Z%E % diag(K)%%i? %
JE I K Y S5 X A 20 2R A L) — 4k )

Tsang 275 SCHR[17-18]17R 35 i, JE AN (20) 1)
U TRl R, G0 SR R X A OT R N R R,
W] 25 %5 Ay F oK flf MEB [n] 80, Al 7] £ Bl oK
MEB [l B (1 3T DL f 75 Bk 05 361, B T A0 1)
 HL (core vector machines, CVM), 7 Ab R R HIAR %L
P £ B A 20 2 py 1) A 4R B . X B =k
(20) Ay AL AR, RO PR R TC R AN
i, AT DU A% O B 5 i R AT SR i, 3 I R
L5 A% A3 8] T A AR AR R ()R S I — A8 1) 4
Ji£5, € RFEATEIHHESR TR R d(x) = [ ¢(x) 6, 17,
SR 5 SR AR AR T REAE 25 18] b 1 e /ML 3 3K o i n]
LT

max " (diagK + A) — " Ka
@ (21)
st. a=0, a'1=1
K A= (8 - 8] = 04N TIHIE (20) el
FECHE &, KB Q- UE minTFIEA:
max a"(diagK + A —nl)—a"Ka
s.(tl. >0, a'1=1
Krh:neRNH P A ECHEE, HWEN T HRIE
o RECHAET Y .
2.3 SVC-CVM WHREE %

i 38 8 7 1 ok R fi% SVC-CVM B, R
fif B 18] 52 4= BE S o(n), X F 24T 55 ME I3 A8 KM
BB A ok U, JEAH Y KRBT IR RS o X st
(18) F1=X (22), BT EA MUAIERX, Fik, SVC-
CVM J7 % Al LAFI A% O 1) s AL 75 K K i . Al
PLKEC (18) M b il 'Sy

max a"(diag(H) +A-nl) - o"Ka
’ st. =0, a'1=1

X — R MEB [, HHA = —diag(H) + 71,
3 A 3 Y TR B E, T RVRIIEA > 0.

SVC-CVM B3 i AN 245 55 ST K
A E AL S, DRI e n  AFSEG
WAL RS R E R e, T T4 IR

Hi T SVC-CVM 5 ik 2 5L T A% 0 AR BB 1Y
PRI T 7 47 38 53 v Yy ek ] 5 25 (B &2 24 BE s, AT A2
% SCHR[17-18], 13 BIAHIC L 18

PEBT 1 X T 45 2 Wik e, H SVC-CVM .1k
R OEBEN LR Bk AR S -
ORI R E ERE o) .

WM BARAE S, B/ BRI EE

1) WA O RS o, S/ DL BRAPE AR R FI TR

(22)

(23)

e, TR BRI EL = 1

2) # A SRR & FEBR B, (1 +&)R) M
57y

3) #R B L o Rz 1Y e IR I AR
%, 01S,,,=S,Ux;

4) X H A% O B2 R AT SR A, A5 B8 I 2R AR
Rt+1§FHEPII:A\Ct+l? ﬁE%ﬁ*ﬂE%ﬁa’s

5) TR oL B A S S EE R

PR 2 X T 45 7€ WL iR 2% e, SVC-CVM 5.
TR R 4 B RN OWN e +1/%) o

6)r=t+1,%2;

7) Ze kN Gk, 3R R A AR S, AU &
o,

W ZOES,, AUE R e

3 LA A AT

AKX SVC-CVM J5 3k iF 47 55 18 56 31F
SLE KN SVC-CVM J7 i 1Y 43 R MERE % . SVC-
CVM 5k () i [A] PR BE WA 5 Tl Je F o X LA 4
BE SRR H R R, ) WEHEGI AL
[i5) B o S R -7 B 2k R LA I, SVC-CVM 552
AR T RIFM 42568715 2) B SVC-CVM
J7 V5 WA B R G A A R A . A
SCH AN T AR BT S5 SR BT U R AT
BRI 8 A 7 IRAE SR R R A S X SRR
A DTA-SVM 7" 2)ITA-SVM J7 =1,
3)SVM-SVM J7#:". ol T % Fe i 2 WL, A5 52
55 v B P 1) B AR B S ) 1 A S BRG) LR
# TA-SVM ! 2863055 ) MATLAB R2013a,
1E & 4 Windows7, 8 GB N7 & 3.30 GHz #3/i5
AhEEER
3 EWigE

SLE W RS TR SN S HAER T
7

F1 WAL FERBESEH

Table1 Methods and parameters used in experiments

XHHEE REXSR SRAR T 28
TA-SVM &SR W o) C,o.1
ITA-SVM  FHEEER i okl C.o,4
SVC-SVM  ZHME&IER  HE e Cody
SVC-CVM  ZMEEK BOEHEAR Codyes

AR SO S7 AR SR [R] 20 A1 O I 2R 4R L B kS
XA A 10 21, 24T 10 RE 2 505, LIRS I
U SUNER e P SN W s S Gyt ay e il



© 940 « O R

S 1 513 4

WA BB, BT I T4, R 56 4
PAFE LN RIS HRE TR BN S
O I 4 A ABE, I ) FH I 3t 4 ok AR A5 4% T 1R 1)
PERE . 7N SR FH WA 3k 7 v ok SR IR S50

W5 8 2 B - TR BN B 4R 10 A B s 4R DS, AR
1 ™ME 55 Task,, Task, FHa £ A& 500, %
FETF AL A3 AR 2 450 J7 R (- 1,104, P2 Z A
NP R AR, ISR S B e . T
T (475 ] 5 v, Task, BYIZE | 5030 | X 508
X (24) HE R

v1 (@) = cos(2mi/500), v, (i) = sin(2wi/500)
y; = sign(xv(i)), 1 <i<500

HE4E DS, A 2 ME S5 Task, 2040 W
Task, F5 70 5B B4 e 2 — 22 1 FA BE - (r € (2,4, 6,8, 10})
JEBENLAE G, LIARTI MY Task, 55 Task, R AAH G

4 TA-SVM J5 ik v 7 fuff FH A4 v 307 0 A% s 42
0 B SE DS, FEYES 1 NE S5 Task,, Kok g
LB P, 5 n(n = 500080 5, BN
SR P RRIE AR AE G218 A8 4k . Task, M2 5
UE . P80 2 (25) B = ol 57 AE B, DS,
WAL B ) — AT RS S e 4 Task,, H 44 H]
Ferh (25) AR, X r £ 0, DUREATE 5 22 8] i 22
Sk

2t 2t
X, = i -n+0.2y, +¢&,(1 —r)><sin(—7t -n+0.2y,)+¢&,
n n

25)
Kh:r=12n, e . JRNTHER O, FEH
o =011 1E& A, Yoo~ ytzf'eilﬂ’ﬂ Fﬁﬂf??ﬂ , IR
FRIER B 44 . DRI A R R
B AE Task, 5 Task, FFH M e 22 70, 4 Task,
(A AR AR 2 (11) P G 28 — R T B A 4
3, S 80 ok RSB Task, 822
Task, 90w &5 F2 B2, Horbr €{0.05,0.1,0.2,0.3} ¢
1 DS, . DS, " 50 bR 2 e — i Bl AL
e 4 DU I di , 19 30 80 4 DS, . DS, H
T SVC-SVM J7 i 7E M & S5 F S 40 2508 T o
B 4E DS,. DS, Hi DS,, DS, % 4 i kR bt
S AR 2] EATH T SVC-CVM vk By Bk
BF[R] &2 2 B SC 00 T AR SE 2 2 i
3.2 SVC-SVM Hi4r FEiEaE
A F 5 3 T HE £ DS, 1 DS, KWL SVC-
CVM J7 kW43 2568 71, I 76 W & B 45 DS,
DS, %K SVC-CVM J7 i 78 M35 414 F B MEBE
B X B R 4R DS, AR P8 SCHR 13100 S ms, AT
M7 A B 10 LI ZRAE MR AR B Tk B i 2
B YGRS o AR AR 0 ST R, SEER A AR

24

b S 30Fn AR 3 G A B B o A% R Bk FH B
Bt d T Wi o 24 W0 A R B i
Task,. Task, & 8 H N [6] 1) et 25 A B2 0, SR AS4%
D7 AR A & AL £ i Task, | Task, 9528
K B BV ¥IME Average, B J5 5045 Il R A 3L
TH 10 WIB 17 )5 19T 35 53 J0KS B B bm ofE 22 10 SR AE
1,
F2 XEETAMEESE

Table 2 Description of artificial dataset

BERE TR 4, (155 Rl R
DS, 500
ANl
DS, 500 A B, (155 AR IR A 1k
DS, 500 DS, A 2% ~ 10% FEE
DS, 500 DS, A 2% ~ 10% FEE
DSs 500 ~ 30 000 BHANNR DS, )RR R

DSy 500 ~ 30 000 BAHANNK DS, HHRAE

S RECIEYEEET R Iy~

1) 7EBE4E DS, b, ANV R A% 8 2 46
PERZ, M2 TS5 A B8 R B I, P ) 5K g
ZAME TR 0] LY SVC-SVM, SVC-CVM J5 ¥
TEAE %5 Task, Fll Task, b B 200 F 2 7 oK fif B4
M 2 TE R 1] B 1Y) TA-SVM I ITA-SVM J7 3, i
7~ T U] SR A 22 AT 55 A TR RS IR B A 35 -

2) bl Z AT 55 22 1) i 25 R BE B 384 hn, AR X
T ST R A BT 55, URIRISK ff 5 vk B P 532

3) ANE R m PR R, EAETE
55 1] 9 J B B2 2, FH 3 38 O oK i i SVC-SVM
%0 AR SRR B SVC-CVMAY 4 251k e #B Ak
WAL

Ko 5 BT A K 4R DS, 2 IR R A B9S2 T
2, SR8 B P MME S Task,. Task, 2 I HASE K
Tr BB P, ORI R BE . BN TR 4%
YIZREE LT 10 WAB 1T 5 A K34 43 2K B2 b e
EiCRAER 3 LF 4,

m2e 3 Mg 4 a] LIAS 3 4R wigg.

D) 7E T BUE 45 DS, b, AR
Wik e 2R A%, D Ia) oK i 2 SR RS (Rl Y
SVC-SVM, SVC-CVM J5 ¥ RS0 T4l 57 R figg 2
A TE RS 6] J5 ) TA-SVM J5 75 K ITA-SVM )
%, SR DS, s ue g RAHRL

2) >R AR sk A B, R AT S5 1) 1) i
B, SVC-CVM 5 SVC-SVM J5 ¥ 143 25 g
SR



5% 61 Srgerh, S5 BT A0 ) SR ALY 24T 55 A G R RS B P 2R © 941 -
TA-SVM —¢— SVC-SVM TA-SVM  —e— SVC-SVM
—o-- ITA-SVM —s— SVC-CVM --o-- ITA-SVM —— SVC-CVM
975 975 1
97.0 + 97.0 r
. 96.5 | . 96.5 |
5 960 5 2007
E955| E 955
= 95.0 = 95.0 r
94.5 945
oL : ‘ s s s ; 94.0 ‘ .
94 00 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
TAES IRl s TAES5 T
(a) Task, >R RHTZ (b) Task, IR =it
TA-SVM —— SVC-SVM TA-SVM --o-- ITA-SVM
-©-- ITA-SVM —¥— SVC-CVM ——SVC-SVM —— SVC-CVM
98.0 1 98.0 1
97.5 975 |
= 97.0 et 97.0
96.5 96.5 |
96.0 . . . . . - ’ 96.0 . 2
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
ARSI TSRS it
(c) Task, LR HEIER (d) Task, >R JHZMER
B1 mEBTHHEEDS, LEMSEBREZREHETHRE S EMERE
Fig.1 Classification accuracies on DS, with different diversities of data stream
R3 BFEEDS, ERASHZNEAENEHHEEE
Table 3 Classification accuracies on dataset DS, with Gaussian kernel
. ANTFMAL ) 7 G
I Task
r=0.05 7=0.1 =0.2 =0.3
TA-SVM 98.25+0.32 98.26+0.23 98.13+0.14 97.64+0.21
ITA-SVM Task 98.33+0.21 98.40+0.12 98.17+0.18 97.82+0.19
as
SVC-SVM 1 98.65+0.08 98.60+0.12 98.30+0.14 97.92+0.13
SVC-CVM 98.64+0.08 98.62+0.08 98.27+0.14 97.91+0.16
TA-SVM 98.38+0.09 98.43+0.14 98.38+0.22 98.38+0.18
ITA-SVM Task 98.49+0.11 98.50+0.09 98.48+0.16 98.45+0.18
askK,

SVC-SVM 98.77+0.04 98.69+0.09 98.61+0.09 98.55+0.17
SVC-CVM 98.71+0.06 98.66+0.04 98.57+0.10 98.54+0.11
R4 BIREDS, ERAGUZNEFTENEHSEEE
Table 4 Classification accuracies on dataset DS, with Linear kernel

; NI s i
Tk Task
r=0.05 =0.1 =0.2 =0.3
TA-SVM 97.92+0.39 97.76+0.50 97.70+0.26 97.30+0.49
ITA-SVM Task 97.80+0.23 97.7140.19 97.46+0.39 97.05+0.31
as
SVC-SVM 1 98.36+0.06 98.17+0.13 97.89+0.20 97.55+0.29
SVC-CVM 98.31+0.10 98.15+0.13 97.82+0.21 97.56+0.35
TA-SVM 98.04+0.39 98.12+0.21 97.85+0.83 97.92+0.36
ITA-SVM Task, 97.91+0.25 97.86+0.18 97.90+0.21 97.77+0.27
SVC-SVM 98.48+0.11 98.30+0.11 98.31+0.14 97.98+0.30
SVC-CVM 98.44+0.13 98.27+0.16 98.23+0.15 98.03+0.29
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Table 5 Classification accuracies on dataset DS; with Different kernel

NIRRT R 53 SN

ik Kernel
2 4 6 8 10
TA-SVM 96.24+0.13 94.09+0.24 92.08+0.34 90.03+0.30 87.88+0.38
ITA-SVM 96.27+0.12 94.01+0.14 91.86+0.26 89.71+0.38 87.40+0.27
SVC-SVM Gauss 96.41+0.08 94.35+0.13 92.34+0.18 90.24+0.16 88.14+0.22
SVC-CVM 96.42+0.28 94.40+0.14 92.37+0.40 90.42+0.16 88.25+0.39
TA-SVM 95.73+0.30 93.64+0.38 91.48+0.56 89.42+0.43 86.98+0.79
ITA-SVM ) 95.40+0.19 93.13+0.17 90.95+0.25 88.78+0.40 86.47+0.37
SVC-SVM binear 96.04+0.09 93.98+0.20 91.93+0.18 89.83+0.21 87.65+0.30
SVC-CVM 95.94+0.43 93.99+0.24 91.89+0.22 89.73+0.42 87.51+0.55
R6 BIREDS, LEFEERRRETHENSEXEE
Table 6 Classification accuracies on dataset DS, with Different kernel
R IR P K K
7k Kernel
2 4 6 8 10
TA-SVM 92.39+0.50 90.17+0.27 88.15+0.82 86.00+0.61 83.94+0.56
ITA-SVM 93.12+0.31 90.88+0.26 88.62+0.50 86.65+0.33 84.43+0.47
SVC-SVM Gauss 94.17+0.35 92.16+0.32 89.77+0.33 87.81+0.48 85.83+0.40
SVC-CVM 94.07+0.33 91.91+0.38 89.66+0.35 87.68+0.25 85.63+0.69
TA-SVM 93.96+0.39 91.76+0.32 89.57+0.41 87.65+0.47 85.73+0.51
ITA-SVM ) 93.99+0.42 91.66+0.33 89.48+0.56 87.58+0.41 85.37+0.56
SVC-SVM binear 94.89+0.43 92.78+0.33 90.73+0.37 88.72+0.58 86.70+0.45
SVC-CVM 94.95+0.34 92.88+0.28 90.62+0.39 88.63+0.38 86.54+0.30
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Fig.2 Performance on DS;
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Table 7 Classification accuracies with different dataset size of DS %

Bl TA-SVM ITA-SVM SVC-SVM SVC-CVM
500 97.40+0.34 97.65+0.27 98.30+0.16 98.36+0.18

1 000 98.31+0.12 98.48+0.14 98.63+0.08 98.63+0.08
1500 98.53+0.09 98.61+0.11 98.69+0.06 98.67+0.07
3000 98.73+0.07 98.77+0.08 98.81+0.05 98.80+0.05

6 000 98.81+0.05 98.85+0.06 98.89+0.03 98.88+0.04
10 000 98.83+0.04 98.88+0.04 — 98.91+0.03
20 000 — — — 98.93+0.02
30 000 — — — 98.94+0.02

xS HHIFEHE DS, LLUAFHBFEEFR T EAENTHINEMNERITEE

Table 8 Training time with different dataset size of DS s
Bt TA-SVM ITA-SVM SVC-SVM SVC-CVM

500 0.194+0.010 0.187£0.012 5 0.470+0.011 3.587+1.512

1 000 1.092+ 0.047 0.976+0.073 7 7.177+0.587 7.485+3.379

1500 4.794+0.328 3.861+0.178 7 27.958+ 1.457 15.481£7.193
3000 74.483+3.523 56.893+3.257 8 225.199+ 11.843 36.439+ 14.452
6 000 612.2134£27.575 524.879+39.363 2 1 874.750+106.262 135.923+ 74.687
10 000 2 519.897+90.988 2 192.208+64.052 8 — 296.321+183.391
20 000 — — — 753.458+287.496
30 000 — — — 1 266.967+453.862

D MNE 7Rl LA, fEEIEE DS, b, BEE 24, AL TS R A A S AL (R 8 TA-SVM
YIRBE A3, & ko ZktEez it 5 ITA-SVM Jrik.
&, Hdh SVC-SVM Fl SVC-CVM 1443 25 P fig AH 2) N 8 ] LIE H, ZEAUE4E DS, I, 44 ds
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IEEE Conference on Computer Vision and Pattern
Recognition (CVPR 2019)

CVPR is the premier annual computer vision event comprising the main conference and several co-located work-
shops and short courses. With its high quality and low cost, it provides an exceptional value for students, academics and
industry researchers.

Overview

The Doctoral Consortium provides a unique opportunity for students, who are close to finishing or who have re-
cently finished their doctorate degree, to interact with experienced researchers in computer vision. A senior member of
the community will be assigned as a mentor for each student based on the student's preference or similarity of research
interests. All students and mentors will attend a Doctoral Consortium meeting/luncheon, giving the students an oppor-
tunity to discuss their ongoing research and career plans with their mentor. In addition, each student will present a
poster, either describing their thesis research or a single recent paper, to the other participants and their mentors.

Eligibility

Students must be conducting research in computer vision and be within 6 months (before or after) of graduating
with their doctoral degree. Applicants must not have attended a doctoral consortium previously (at ICCV, ECCV or CVPR).

Submission Guidelines

Students that meet the eligibility requirements should submit an application via CMT (link announced at a later
date). The applicant must submit the following as a single pdf file (preferred) or a zip/rar file including multiple PDFs.

1. The applicant's CV.

2. A two-page research statement summarizing the applicant's research and progress to date.

3. The title and author list of the poster that will be presented at the consortium, which may or may not be presen-
ted at CVPR as well.

4. A signed note from their advisor confirming the date of graduation and stating his/her availability as a mentor.

5. The first and last names and email addresses for 7 potential mentors, ranked from most to least preferred. Note
that there is no mentor list provided; you simply have to identify researchers from industry or academia whose work is
relevant to yours, or whose feedback you think would be particularly useful to you for a different reason. Do not list
your own advisor as a mentor.

Please ensure that all five pieces of information are included in the application. Incomplete applications will be re-
jected.



