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0 The proposed objective function

C

min A(X:) — (We +W:)O (P.X, 2
{I’{fiup;s.}i:r:lﬂifrg ;( “ ( ) [: S ) ( )||F

2
+ o (B) + A[Willy) + As | Wsllw

t

E}] {t): 1_|_E_t,'

o (Pi) =7||P|p + 0| PiXil7

O (t) = sign (t) Shrink; (t)
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= Numerical Solution

C

v min S (A = (Ws + W) @i
tad Ty XL [ S!i':=1

+ @ (P) + X Willy ) + As [[Wsl|7
s.1. @ﬁi==E3(Iﬁﬁﬂj,i:=iLiL...,C?
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0 Solve the following minimization problems iteratively:

@ mmZuA — (Ws + W;) ®il|7 + As|Ws 13
®  min|A(X;) - (Ws + W) Bi[[3 + Ai| Wil

o min [A(X)—(Ws + Wi) @il 5 + ¢ (P)

s.t. (I}E' — 9 (PiXt-)
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1 Minimization - 1

C

min ) [A(X:) = (Ws + W) ;|7 + Asl[Wsl|3
1=1
ddws
oW =0 =
o —1
Wi = (Z(A(X) W,®,) ) (Z@ ®T+AE,I)
=1 i=1
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1 Minimization - 2

min [ A (X;) — (Ws + Wa) @il|5 + X[ Wil
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2
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1 Minimization - 3

min ||A(X;) — (Ws + W) ®4[|7 + ¢ (P)

s5.1. §p¢==E3(f%AﬂJ

min [[A(X;) — (Ws + W) iy + ¢ (P)

st. &;=0(Q;),Q: = PX;

SHHEFARKLEEGRY R T UM



¥ )Our work

0 The augmented Lagrangian function:

] N 7 r un2 f |
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0 With the ADMM, the minimization can be solved by
the following three subproblems:

"V = argmin |4 (X;) — (Ws + W;) &;|%

1
+ gnrbi e (QE”) + =071}
p
| 1
Pl_““:' = argpmmgHQEt} — P X + —PUE{E}”%

I

+7|1Pi|7 + 012X 7
: 1
Q" = argming @ — 6 (Q:) + U1
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Our work

0 Overall Algorithm

Input: Training data set {X;}} | .self-projected operator
A regularization parameters v, &, A, As p mitial random
Wi gw ™ pl® "o | pl® — pl™ — 0, iteration

number T, imitial & = D.i_l
Repeat
1. Calculate matrix W5 with Eq.(10);
2. Calculate matrix I-V{':k_'_l] for each task with Eq.(12);
Jfor t=0t0T —1do, (: =1,2,...,C)
Update '11,E=+1:' in subproblem in Eq.(16):
Update -P;'“+1} in subproblem in Eq.(17);
Update Q_z'-:t"_l:' in subproblem in Eq.(18);
Update Lagrangian multipliers:
U1(=+1j _ Ui{cj +p (¢g¢+1) = (QEHHJ)
IUE[:+1:| _ Ué:t:' +p (Q?—H} o Pz-“_l_llx-z')
end for
4. For each i, ®* 1) . T pik+l . pT,
QY 7
S. E+—k+1;
Until convergence
Output: W2 {W>*, P*1%




1 Classification Criterion

[, = argmin || A (z,) — (Wg + W;) © (Px,)||7

i

Xy [ Vo AW, ) Zym exp{ |A(x%, )= (W, +W,)x,
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01 Experimental results

Extended YaleB WSU-HOS-G  WS5U-HOS-R

SRC
CRC
ProCRC
NNGR

Ours with ©4
Ours with &4

05424047
07.2340.35
093.25+1.28
02.3241.43

096.985+0.28
97.080.48

92.87+1.56
96.424-0.66
95.87+1.93
95.47+1.40

98.63+1.29
98.79+0.23

719.85+£2.79
83.62+0.93
88.89+0.62
82.86+1.33

90.63L1.23
89.80+0.88
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1 Scene Classification

Scene-15
SPM 79.9540.27
LLC 719.81+0.35
LLCDC 80.300.62
LLCDCSIFT 82.40=0.35
Ours with ©4 82.23+0.49
Ours with &4 81.51+0.54
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0 Convergence Analysis

w107 Convergence curve of YaleB
‘-5 T T
4+ ¥
|
asl |
. |
2 sl |
5 |
=
2 25} |
g |
g 2t |
B |
Sast |
5 |
L] S
|
0.5} |
0 5 10 15 20
Iterafion steps

SHHEFARKLEEGRY R T UM



0 JUANE L 2S5 F X ER

N ETFAASETHEE A KB

0 SRR ] LA AR Y 0 )

EFSELLTHERSL



0 AR DL IR By TAE:

(1) BEETF;
(2) LMy FRAZEAR

(3) # & EINEMRAERN H T HEeMwES;

SHHEFARKLEEGRY R T UM



Thank you for your
attentions!

AT ZE5FAWHEES X



