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Syria crisis: 28,000 disappeared, say rights
groups
Human rights groups working in Syria say at

least 28,000 people have disappeared after
being abducted by soldiers or militia,
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A A=

min Zf (yi,w ' @;) st |lw|i <8
1=1
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mui)n L(Xw) + ¢(w)

proximal point algorithm (Rockafellar, 1976

A

N
*

Vv

, 1
Wi, *= 1IN L(X’U])‘f—w('UJ)—i‘ %Hw—wtllz
w t

. . . 1
min max (X'w?p> — L (p)+(w?y> — " (y) + o HTU—'thQ
w Py Mt

i?&iﬁ [Hestenes, 1969; Powel 1969]

min L (p) + ¢ (y) —w] (X Tp—y) + |1 X p—y|f

wy — w; — (X p* —y)
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proximal point alg.:

FRE

¥ el el

RUGE: min L7 (0)+ v (w) —w/ (X p—y)+ FIX p—ylf

FOBOS [Duchi&Singer,X009]

Fl » TA [Beck&Teboulle,4009]
(GEWLEE L B D ECIR)

RAE
ADMM

(Alternating Direction
Multiplier Method)

[Glowinski&Marrocco,75;Boyd et.al.,10]

(T BLAEIR)

FHE
DAL

prox. point alg.

(Dual Augmented SpiCyMKL

Lagrangian)

[Tomioka&Sugiyama,2009;
Tomioka,Suzuki&Sugiyama,2011]
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FOBOS (Forward Backward Splitting)

Nesterov (2007), Duchi&Singer (2009), FISTA:Beck&Teboulle (2009)

1
prox. point alg. w1 ¢ min L(Xw) + ¥ (w) + — [|[w — wy||?

21
I ZSUR Y
gi € va(Xw) lw:wt

_ 1
w1 < min (g, w) + Y(w) + —||'w——th2
w 277t

Nt : AT YITMRISTA—4

LIFFRMETHOEFHR (v(w) = C|lw|1) Soft threshold
w!, = sign(w!” — 7g") max[jw” — ng!”| — O, 0] _cw,

O?]t

IEE DR THR/N—RIGHE 19



Proximal Operation

FOBOSIJ LI Mproximal operation TE #H

|
prox(gly) = argmin {w(w) + 5w - al*}  EHEO—H)

w

FOBOS: w41 = PI'OX(’wt — ntgtlmw)

#l:L1/)JLLTDproximal operation (v (w) = C||lwl|;)

_ Soft threshold
prox(q|C|| - ||1) = (sign(g;) max(|g;| — C,0));

c BEHTLORBILIZHBE. THEEDEA ML, =
- BRI OFEE. C
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L(Xw7r) + ¢Y(wr) — [L(Xw*) + ¢p(w*)] < C

« AOMNFMAREZ

L(Xwr) + ¢Y(wr) — [L(Xw") + Y (w™)] < O%

3l -

e X' X ANIERI TR D BN AREEEK

L(Xwr) + d(wr) — [L(Xw") + (w*)] <Cexp(~Tc)

21



: : . I )
proximal point alg.: we+: < min L(Xw) + ¢ (w) + 2—ml\w wy|

N . * * 77
RYGE: o L0 o w) w (X oy LIX ooyl

Wi — wy — (X p* — y¥)

prox. point alg. R
o FOBQOS [puchi&singer,2009] ADMM
Eﬁﬂﬁ (Alternating Direction
FISTA [Beck&Teboulle,2009] Multiplier Method)
(GECLAEE B EEDNERIER) [Glowinski&Marrocco, 75;Boyd et.al.,10]
(L fEE)
prox. point alg.
WXt =R

(Dual Augmented

Lagrangian)
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Dual Augmented Lagrangian

(DAL)

[Tomioka&Sugiyama,20009;
Tomioka,Suzuki&Sugiyama,2011]

(pt+1, yt+1) <—argmin L*(p)+ ¢ (y)

P,y

Wiy < Wy — nt(XTpt—I—l - yt+1)

T

" )
(X p—y)+ 5'||XTP ik

Mt
\

- 1
min L*(p)—{—mmin{w (y)—|—§|y—XT
p y

Wy
pt—
Tt

]

J

[

My (X" p—wi/ne) - Moreau’s envelope

Mlb*/m

=)

L*DNELIEIEE,
pIZBH 9 BNewton;%
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» (i) — RULK

f(w) = F(W*) 2ollw - W*|> %5

1

w — W7 <
fwie = W S

lw: = W7
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S p I CyM KL [Suzuki&Tomioka, 2011]

DALDOMKLAADYLEE

Multiple Kernel Learning (MKL) [Lanckriet et al. 2004]

FIN—TEAHEDE T IN—TEHEBRTOBEREILANIILFZE-
EL=AE.

RILOH—+ LB EE NI BEL =B RS JLRZER {H,, 1M

1 n M M
i, 32 e) + € Dl

=1

Sparse learning ,\7 W=,
Lasso

Group Lasso /\ H—2 L
Multiple Kernel Learning (MKL) **
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SpicyMKL

SpicyMKL is an optimization method of MKL (mutiple kernel Iearning) that scales well against the number of kernels. The software affords hinge, logistic and square losses, and L1-
norm and elasticnet regularization.

Matlah Implementation: SpicyMKL zip (updated 1st Nov. 2010)

SpicyMKL.m is the main function.
- SpicyMKL.m calls normKjmex and HessAughexbias.mex. Please link blas library when compiling these files like

mex -Imwblas normKj.c
mex - Imwblas HesshusMexbias.c

(startup.m contains this code).
demo.m is a demo script.
— The demo code requires SimpleMKL Toolbox in the path.

Examples

kernel weight

[) -5 0
dist=0.01 dist=0.605

DAL

What is DAL?

DAL is an efficient and flexibible MATLAB toolbox for solving the sparsity-regularized minimization problems, which arrises often in machine learning, of the following form:

minglgéze f(Aw) + Ag(w)

http://www.ibis.t.u-tokyo.ac.jp/ryotat/dal/

o DAL is efficient when m<n (m: #samples. n: #unknowns) or the matrix A is poorly conditioned.

Matlaba—F
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CPU tlme v.s. # of kernels
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IDA data set, L1 regularization.



IDA data set, L1 regularization.

CPU time v.s. # of samples
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proximal point alg.:

FRE

¥ el el

A min L (p) + " (y) -

prox. point alg.

FOBOS [puchigsinger,2009]

FISTA [Beck&Teboulle,2009]
(LRI - R B BLIR)

FHE
DAL

(Dual Augmented
Lagrangian)

[Tomioka&Sugiyama,2009;
Tomioka,Suzuki&Sugiyama,2011]

prox. point alg.
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prox. op. M ETE LIZLL V3

prox(al) := argmin { w) + 3w — P}

w

* BEEHYTIL—TEANEL | 5o, ] ©
w) =C W all2 *E -
w) =0 3 g 2 ol
EHE B H - w,
4 _
- pete wg
° ﬁgﬁiﬁi Aw =

«Z 1IE AL BAERIZIG C=B ULV 5 THES [Yuan wg,
| EHRFEOLCHEEHEICT S (LAY) | -
idea: ¥(Aw) = ¢ (w) ZFLProx([) AFH  wg,

b ERIATS. )




min  L(Xw) + ¥(y)

Y
s.t. Aw =1y

43 Bt 31



ADMM

(Alternating Direction Multiplier Method)

o FHE: whkyZFRIFFmIEIL

(Wes1, Y1) - min L(Xw) +9(y) = N (Aw - y) + | Aw -y

)\t+1 — A — nt(A’th - yt—i—l)
« Splitting Technique
wey DB L% 77 B
ADMM
w1 < argmin  L(Xw) — )\tT(Afw —y,) + gHA'w — .||

w

- p
Y1 ¢ argmin P(y) + Ay + Sl Aw 1 —ylf?

. -
(prox(Awir1 — A /p|Yv/p))
Apy1 & Ag — ,O(Awt—I—l — yt—}—l)
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ADMM®MYLEL —k
o TSy iEE MO R B

L(Xwr) + ¥(wr) — [L(Xw*) + (w*)] < C%

o X' X MIER|TROMDELHIEORFEE

L(Xwr) +(wr) — [L(Xw") +(w")] <Cexp(~Tc)
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Search-based Image Annotation

HOSIHE

@ twee!er,n{vbl'%.a&f) 8B40 720-(REEHLTLA LY —
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tweeter_ip ST E
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[_Random_|
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: .4 1
prox. point alg. wes1 ¢ min — > ((y;, z w) +¢(w) + o—|lw — w |’

i1=1

T —FERFITHDTIELL,

2n

t

— DY IIINER-OWEEBFHLTH T ILEETEAE

FOBOS (Forward Backward Splitting) [puchigsinger,2009]

l(w) = g(ytafEtT'w)

ge & Vﬁt ('w,;)

i . 1
wiyq - min (g, w) + Y(w) + —||Jw — wy]?
| w 277t

—DDHY T )L -#RFZ L

RDA (Regularized Dual Averaging) [xiao,09; Nesterov,09]
t

gr = ‘;l;‘ Zg’r
T=1

i B 1
Wil < min (G, w) + Y(w) + -———-—||w||2
w 277t e

M EE (BE) DFHTHEEDFERZEREF
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E%E $ E"JAD M M [Suzuki, ICML2013]
e . min  L(Xw) + zﬁ( )
ADMM + FERMIREL | !

_________________________________________________________________________________________________

o o = = = = e e = e e e e e e e e e e e e e = - - -

_________________________________________________________________________________________________

o o = = = = e e = e e e e e e e e e e e e e = - - -

Air1 — At — p(Awyy g — yt+1)
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T—3: Dyp_q = (iﬂt;yt)f:_ll

« —REDMORREEZK

EDI:T~'1 [E(:B’y) [E(y mTﬁ)T) + U(ﬂJT) o g(ya :-BTW*) o ’QD(W*)”

» 58 1E AlME B 2K

il | -7 — 43 i.i.d. 35

July Sl

F HIl{E 18 [ELipschitziE

WDRASITER

3l
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Pt N fa {40

HEEER : i RAIADMM

AIT—%4 =7 —4 (Adult, a9a
@LIVSVM data sets)

——OPG-ADMM | N oA
—=RDA-ADMM| | |N/|:
——~NL-ADMM

_ _'_OPG_ADMM : : : ‘. . b 4 s\« : : A : A ' ‘ R
| ——RDA ADMM|i: i sl ISR e AT
~~NL-ADMM "= N e Poono at TR R

——RDA E S
~—0PG R A B WO S OB

1 2 3

. 10 10
CPU time (s)

1

10 . 10
CPU time (s)

1,0243% 5T REFIE 15 252 5t
512427 )L 32,5614 )L
BEHEHYTIL—TIEAL ETHEHYYSIIL—FEA{E+ L1IEB{E
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Stochastic Dual Coordinate Ascent

[Shalev-Shwartz&Zhang,2012]

1 T 1
in =S (o) + vt (——X
min i) +0 (~5x0)

1.1ZF5F LZTEIR(1L <i < n)
2. XJtiARIZE&EIL

1 1 Ap;
min —¢; (Ap; + p;) + " (——Xp—X,,; p,)
Ap; N n n

3. LD1,2%#YIRT.

0F DRI T O DSBS AVRES,
Wt Xy TORHE <o (1-°) ;
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