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Learning with Augmented Class by Exploiting Unlabeled Data AAAI 2014

Open-Category Classification by Adversarial Sample Generation IJCAI 2017

Streaming Classification with Emerging New Class by Class Matrix Sketching AAAI 2017
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LAC ( learning with augmented class ) [a%
aE—MIGEIEE D = {(zi,4)}L,, 2 € R, y, €Y ={1,2,...,K}. 5(E%%
KEFERIEENRIN BRFNAREA RS —NTHEESE Do = {i, 1i }3,

y €Y ={1,2,...,K,K+1,...,M}, M > K . AFEE/ISNERERMNZIRE , B
FREESI—MER f(z): X —» Y ={1,2,...,K,novel} , novel ¥~ = BFHIEE , B
RS/ THIERKS -

f* = argming B ) p,err(y, f(z)) Hp H E—MRRTE , err ELAGRE :

_[I(f@) #y),  yeY
er’r’(y, f(;;«;)) - {I(f(:ﬂ) + novel), y¢y




LACU#ZZE ( LACU Framework )

“x A

\\\\\m!h’,‘/'//
e NS AT
8- &
1952 \\§

%, S
77 | s
IS

|
4 U A |y

%

A

ETSXERS 0T |, BRI —LEEMERIFMCRIE B o LUBIT KEfEs R K s, Fl
HX S —seen classfiEfthseen classesht , FRIFCEIEH AT LR BIHAE T2 AEfRaYS 2588,
REE/IMEIX S22 7 BINETEXIES (augment risk ) |, TEIXLESEEGR/NIEESERIICR
IEXERIBE

f(z) € H Bo3E880R%, (. (f, D) Rill&EFER ENERIRK , L,(f, D,) 2RISR
FEfRAS RERYREK . (. (f, D) 2FBiRk (augment loss ) |, &ML ERNENRFIARAS
oA A AR, FELACUIEZRG |, i)IIE5H5EENBRREE

Iﬁl?ﬂl”f”% +Cleh(faD) +02€u(f:Du) + CSEa(fJD) (3)




LACU-SVM

{kiEZ o 3EFone-vs-restfUsRES , FTELACU-SVMe |, = ( 3) B EHRIT K R, 8X5—
PN WEFERENLEFER ( positive , y; = 1 ) EfaI WMEZFERARIES ( negative,

yi=—1). f(z) = w'(z) + b TREMHEE.

EtnicEdEAvhinge loss £, (f, D) 79 :

h(f,D) = Zmax(()l v f(z;))

AT IREESRIRCEIRIORNER DRSS | €Y 4 (f, Du) IO HEES ESEERABIEEE
FEEERTIRARZ A

L(f,D) = Y max(0,1-|f(z))
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PAMLACU-SVMER ( 3 ) PRIBIRREER | AEEAIEHBIRRE
min || flf3, + C1én(f, D) + Cabu(f, Du) | stEE—REH -

milllyif(mi) —miny; < —A\

icl icl
XE )\ > 0 E— SRS AROFREIEERNREE | BEEE— N IRE LN THE
i - miny; f(z;) + A <y, f(z;),Vje I, (4)

ielt

REqit , 8F £.(f, D,) #$a3%3#rhinge lossBirREIARTTEZR. M (Collobert et
al.2006 ) ,x3FRhinge lossETLUEITII FAZRLL

max(0,1 — |z|) = Rs(z) + Rs(—2) + constant

XE R;(z) = min(1 — s,maz(0,1 — 2)) EESEAN s € (—1,0] Byramp loss, BEAJLIE
FTE A Mhinge lossfi= |, BFI2E R (z2) = H1(z2) — Hs(2) . HEF H,(z) = maz(0,s — z2)
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mingJ(0) = J1(0) + J2(0) (5)

s.t. min,_p+y; f(zi) + A <y f(z;),Vjel™

O IER SF IEED SR
2 %<+ ) fle) <+ ) v (6
L U1=L+1 L= yi = +lfor L+1<:<L+U
L+2U
J1(6) = I £, + Crta(£, D) + Co Y Hiyif(w:) yi=—1for L+U+1<i<L+2U
i=L+1
L+2U TriU+i = Ty forl <1 < U
J2(8) = —Cy > H,(yif(z:))
i=L+1

CCCP ( concave-convex procedure ) 0.+1 = argming(J;(0) + J;(6;) - 6), (7)



The Concave-Convex Procedure (CCCP) ( NIPS2003)
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Theorem 1: i§ E(z) E— 1 8EEXRE , #EH O B(@) BR. BBARASEEESBA— 1D

0z0T

EREFI— U2, WTRE -

Theorem 2 : EE—GLERE E(Z) (BTR) . EFXA E(Z) = Fuez (T) + Eeqre (%)
,ﬁ_EP Euez (Z) 1 Eggve (Z) SBIROREFIMEE. IBATTLIRTREHBEEIERCCCPEE
by 2 VEByep (B = =V B (&) - FFECCCPEILUIRREERE E(Z) BHER

J&h%ﬂ‘ﬂi% . B AT LA ZI &/ IMER B R
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Theorem 3 : i& E(Z) = By (&) + Eeave(2)  HF 7 MREMAR Zcﬁ‘ z = o

{c'},{a"} B4R, B4 3t TUSH—RIIEERE B, () Hﬂ%rﬁﬁf

— - aEcon —:
E, (;z:Hl) — By (3 t+1 +Z$t+1 o f {y‘)\ chmtﬂ —a,}

HepiutgpAAREy {\.} EINEMELIER,
mingJ(0) = J1(0) + J2(0) (5) 0.1 = argming(J;(0) + J5(6;) - 0), (7)

XN F BRI BiRREEER 7 — Mad— N e, (FEAER (4) 85— =/IMA
AVIENIm, ATMEXNORE |, FTECCCPIEZRE S TiER iR, & t+ 1K EF— 1 E

EEV = min,_;+y; f(x;|0;) FKLE min, -+ y; f(2;|0441) -



E A
g
A X

? § %
Zy<
7,/71952 Ny
%, &
& T

! (8)
maxXe CTa — EaTGa,

( ; 1<01,].§‘3SL '
OE%CL-;'<OQ—,BZ',L—I—ISZSL+2U
M = Yy = >O

<0:aL—I—2U—I—2_ -

e N S A |
Q; =~ U,

LaT1=0




Given a training dataset D = {(x;, ¥y;)}i—,x; € R%y; €Y ={1,2, ...,K}. In the
test phase, we need to predict the categories of an open dataset D, = {(x;,¥;,)};2, Vi €Y, =
{1,2,..,K,K+1,.., M}, M > K

The goal of OCC isto learn amodel f(x): X - Y' ={1,2, ..., K, novel}

(1) = ), yey
err(y, f(x)) = {I(f(x) #novel), ye&vY

Then the problem will be easily solved by standard supervised learning

f7=argmin regBip -5l (v # f (%))

ASG tries to find an instance that is close to the seen class instances, but is
recognized as unseen class by the discriminator.



Py (x; D, D7) denote the probability of x to be positive by the discriminator,

For class k, denote the current generated samples as D, , which is empty initially. The
objective that a generated sample does not belong to the seen class is

arg min, Pp(x; Dy, D;; U {x})

To generate boundary samples, we further require that the generated samples are
close to the seen class data.

Py (x, D) = max{0,arg min,scp dist(x,x") — Cy}
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However, we want the generated samples to be scattered around the boundary
Therefore, we force the generated samples to be different.

P,(x, Dy ) = max{0, C, — arg min, - dist(x,x")}

arg min, Pp(x; Dy, Dy U {x}) + A1 P;(x,Dy) + A,P,(x, Dy,)
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(c) clecision‘ boundaries

. o2
(b) original and generated data

a) true classes and training data
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ENX1 : £255H ( Global Sketching(GS) ) 45EIEEUEE
D = {(zi,y:)}"{, @i € Ry, eY={1,2,...,¢c} .

LBEEN G c R g< m B G TNTEBMNUERM D c R4 |, BiLAHRE
GI'G~D'D -

EX2 : BEFEE ( Local Sketching(LS) ) 45— 1 E09EEE D1, Do, ..., D, ,

D; ={(z,y)ly=1i}",i € {1,2,...,c} . BHEEAR

L={L,Ly,...,L.},L; € R I, <« n; . B%EAE L, i’\F D; € R4 , {BIBEA
#E L L; =~ D] D;




Algorithm 1 Initialize Class Matrix Sketching

Input: D € R™*9 .
Output:
l:

2
3:
4

6:

o0

10:

11:
12:
13:
14:

input gobal data. Dy, D>

D, €

R™>*4 _input local data G € R9¥d, [, € Rli*d _q]|
Zeros matrix

G and L =

{Li1. Lo

L.}

(+ + Construct Sketchlng(D G)

cfor 1 =1,....cdo
L; + Construct Sketching(D;. L;)
. end for

Construct Sketching(A, C)
# A€ Rv*d C g Rv*d

cfor 1 =1
Insert 4 into a zero valued row of '
if C' has n}o zero valued rows then
U, X, V]« SVD(C)
5 — 2
Y ¢ max /(X2 —

deQ

w do

O« 2vT

end if
end for
return C
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LE—NURER 2 , C — Mas(z) FE— " =irE y € {1,2,...,¢,newclass} . &

newclass,ify(zx) < threhold (1)

. C—-M =
o as(z) {j,j = max;p;(z), othwise (2)

/

Fe{1,2,...,c}, ¥() BRUEELRE , o(-) DENTHENRE , FREOLEES

BT,

1% [-]i. Tr—NEEIE 4y, 17. REENS
Y(z) = max < z,[Gl;. >,Vii e {1,2,...,9} (3)

threshold = argmin Q (4) .@% ZQ (5) Q = {¥(z1),¥(x2),..,¢¥(zmn)}
k=1
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7 = arg min, |o(V'*/) — o(V"9")| . HF o) BiREE

| : A 0.15;
0.61The value of V HClass New cluss The value of SD,
0.0
(.34 2 . -.
Known class 0.05)
0.0 ' 0 - . . 0.00 - . - .
0 1500 3000 o 1500 3000 0 1500 ~ 3000

Ordered 1nstances Ordered instances Ordered instances

(a) V curve. (b) Class distribution.  (¢) SDyi curve.

¢i(x) = max < z,|L;];. >,Vi,j
i€{1,2,..,¢c},j€4{1,2,...,n;} (6)
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Toward Open Set Recognition PAMI 2013

-~ ™ Specialization
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(a) Base Linear 1-vs-Set Machine (b) Generalization (c) Specialization

Fig. 4. Example of linear 1-vs-set machine showing the (a) base slab for both the 1-class and binary formulations, where the second class is only
considered in the latter case, (b) the generalization, and (c) the specialization operators. Blue refers to generalization, red for specialization, and gray

for the base linear 1-vs-set machine.
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Detection of a New Class in a Huge Corpus of Text Documents through Semi-Supervised

(a) (b)

Learning ICACCI 2016
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® Labeled Documents, Class 2 % Unlabeled Documents
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