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Survey on the Sparse Learning of Probabilistic Graphical Models

LIU Jian-Wei CUI Li-Peng LUO Xiong-Lin

(Research Institute of Automation, China University of Petroleum , Beijing 102249)

Abstract A probabilistic graphical model obtained by sparse learning retains the important
information of the original probabilistic graphical model’s structure and the structure of the
graphical model after sparse learning is very simple. In addition, the sparse learning can simulta-
neously achieve the learning of the structure and parameters of the graphical model, so the sparse
learning for the probabilistic graphical models has been a research hotspot in recent years and the
graphical lasso is the first method for the sparse learning of probabilistic graphical models. This
paper summarizes various methods of the sparse learning of probabilistic graphical models, including
sparse learning using L, norm penalty, unbiased sparse learning, sparse structure learning and
multi-task sparse learning for probabilistic graphical models. Finally, the paper also proposes the

meaningful future research directions for sparse learning of probabilistic graphical models.

Keywords probabilistic graphical models; sparse learning; structure and parameters; graphical

lasso; precision matrix; machine learning
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Ravikumar % A" F Ly i 8050 2% 2 — b
FEBR Y L5 JR 0] I ) 48—y /R A R B AL 37 b B AL A2
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IEES ) AHE S BIE S 2 (non parametric
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Vg v 307 T 1o PR R HE T Sy 2 2 B S T 1 TR R
ARG AT Ly e85 0 He 2R 47 7 i 4k 2% 2] . Voorman
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penalty) tr(@) , iZ ] BRELIY 5 SR © 19 2%
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5 22 7 D FEAE B Ll R L S T AT
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JEAEM B Lo 88T s T 3 i T Lo g4y
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2.2 MEEREBNLTEBRLZES

2.2.1 SCAD K#£%

SCAD {i} Jy Fan % AM“ 48 iy 3R 31, B A
fliit Tt 1 SR AL AR B ER
L JE5es 8k SCAD 71 4 15 2 5 A s i 7k Fn G
TRt T4 SCAD &R . B A (1), SCAD
P& R SR Ak 1 ) 78

O =argmax log|@| —1r (@) —>) > p.. (|6, D
00 i=1j=
o (5)
Hrp 0, B 60 T 174 j 51T R . SCAD
ik

P (10 =2 I(\&\gg)_._w

— 1<\@\>x>}

(6)

HPA=0,a>2,1CH) HI/REE. 24 a=cohf,
SCAD FiigtiB 46 LB i) SCAD B ER
FURAE N A B B K. 5S4, Abegaz B NN iR
SCAD §i v i F B 18] F¢ 51 4% & 455 AY (time series
chain graphical models) ) #i 55 L 22 > H.
2.2.2 HENEER

B 7 SCAD BB RSN, A &R 254
— A EA TR R E R, C (D, A
INSESE SIS IR

p P
O =argmax log| @ —1r(S@) —A > > w, |6, | (D
0>0

i=1j=1

;H\:EF’ AZ=0,P yﬂ%*ﬂﬁiﬁ\%ﬁkuzl/‘@u ‘yyﬂiy
F.7>0,0, HOHMHRE O hE i 175 7 51 Ic
.Y P<N W4 @ Ny FE A Pb Jy 2 56 1 11 390 1 B
M P=N W4 0 AR E BRI [ SN EE %

BERUSR A AS T b o3 AP (1) SRAFREA V) 7 2296

@ Network-based clustering with mixtures of Lj-penalized
Gaussian graphical models: An empirical investigation.
http://arxiv. org/abs/1301. 2194, 2013, 1, 10
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MEs AN R BRI 0; (2) FIFLSE (D h g2
O WiEME w; =1/]0; |7 SRG KM, HIEN
KEZM THE 0 PR ITEM 0, 4 H A w /N
(ACE X TR @ BN TR 0, % H e
KR ACEE o DT/ IN X6 TG 1) A 248 (&1 45 70 v o B2 30
MY AT S 0 O T AN H 2 00 A A Y o B 2 52 BTG A £
I, 534k Peterson 48 NV 6 A A & B & & % X
1815 P 4% (metabolic networks) #5477 B b2 > .
2.2.3 N LmEER

HANREEREL, A& EERBEA T
e e A T DL R om M B RGBT Z
UG B Al IR 20 oK B2 1 rh R X A oo &R 1Y T
BRI T 23 % T I A T B iz 3K S8 5 5 0 A
XA TC 3R R 43 XoF 48 B B 43 A L % 2 OO B Al
N T (IR B R E R VAL SN RE R A RS
KL VIS [ 38 0 & R AE H e 5 o0 A vh 25 kG
JEHE AN [ oG 3R 43 B AS (6] (9 ACER BRI DL i3 3
T N P AR AT L BT A A . Wong 48 AN g A
T A J2 R DL A SR Xof R B 1] A R AT A 8 Ak
2] AEABATT R L L i S 5 B O Jeffreys SR
XA TC E B S5 /3 fii (non-informative prior distri-
bution) . AT i 5 1 4 258 [ A€ 284 A it A 2 ~] v it 2L
A SCHAIE J5 ¥ 18 45 1] 98 2 Hnd [n) 3L, O B 48 i
22 U DL SR A v i i 30 Ak 1 2 B AR R R RO
JE N A B AT 9 JE R . Orchard % X ©F]
GWishart 43 fi (GWishart Distribution) {F 5 4¢ ¥
O AT ARG ) e R 5 A R % U5 i (Hamiltonian
Monte Carlo) #47 Rff2: .
2.2.4 WENEER

T3Ab s Ly Ju RSN 38 T o bR BE 2% 1 5= . TR
TCHR B W 2% rp R85 5 ml R BULA Y U % )
BT A ORI ) HAR 275 AR %, T HLIC AR BE K
25 R A B A IR E UL fy T L
Xof AR 230 PR AR 25 S T 0 K ) R R A TR Y
U HA P AR A i D RE T Lin 4 A
A6 L RO B R U5 D 1og<§@u +e ). K

e —IE B, JF HAR B a0 4 2 0 B R AL A )
BN T — R PR L BOE W4k (reweighted L,
regularization) [A) B, X 575 45 18 51 A9 AL R A B
HE LA A A 2 Y KT A FER ST AN RO
AT A 7 A 7 ) e B
2.2.5 NS

KO REERRMT L. B8

HA Mg v {52 A5 B /9 i 2 A il 3. Ly JE %
i} BOA i Ak T A SR Sy HEP G T R v ) 10
R0t [ A5 A R ) 51 5 A LA T 0 AR it 0/
T JEE F) 11 T Xt A B 0 3R it o A KRR B T 11 3
R B 2 R AT AT RS A O 0 RER A TR B A
IFil 0 2R B A% 41 09 A B R/ AT 1 An A Y BT 3 Y
SCAD EIE#R . A& AT F L DM 7 0 4 P4 2 R A
LA SR,
2.3 HEERBENEHBERLES
2.3.1 L jufdlaimEER

Lo BB ERAPIF. —F o Lo,
BAHSMEERY S —Foh Lo s W EE
KL B D Lo JERC S5 1 BB R EOR AR
[ia) Ly

® —argmax log|@| —tr(S®)—
©>0
A max{|@;|:G.)EG,) (8)
g=1

;H\:EF’ZmaX{ ‘@;/ ‘ : (i,7) EG;,}% L., T@%&‘Eﬂ?%‘:{
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IRFER WGP TR AT LS RGE S RS
MEEs 2T Lu s B, 2 (D, Ly, 85
A ER N

(;):ar%fr;ax log|®@| —1r(SO®) —

ZH{‘@I',;":“?]')GGg}Hz 9
g=1

HAD 10, |G EG Y2 H Loy FEHET . Fm
;=1

Jext o G, PR ITR AT LRGSR 5 R
e AT Lo s . L WA S W ER
(14§ H 2 DR O A I Ay BEARE SR PR B Y o R 2 i A Dy —
BRI AFAE B IR K AL S B R &
WHEN RS 0 Py 2MITR R m A
GG b FEOL WA HEER LA S
R B wh o0 3R 802 M AT M B A AR, Cheng
AE NN Lee 8 N L. i K020 25 14 [ 4 % BT
FIREA BEALAS i A i 22 53 Aii A AL AE 38 i A
BB A 1R A ML R AT B op gk AT 45 0 AL

¥

Bayesian inference in sparse Gaussian graphical models.
http://arxiv. org/abs/1309. 7311, 2013, 9, 27

@ High-dimensional mixed graphical models. http://arxiv.
org/abs/1304. 2810, 2013,4,9
Learning the structure of mixed graphical models. http://
amstat. tandfonline. com/doi/abs/10. 1080/10618600. 2014.
900500 #. VHmNS_mSwpM, 2014,4,4
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(RIS ARE 4 (R Y ep g A5 R R 22 S 3y L D
B AN ORI P S — A~ 22 4k Bl AL 1) 5 17 A 2 B Bl
BUAE L ) Ly, JU L S5 0 PRI 3 SRR 1 [ Ry
(;):ar%ggax log|@| —tr(S®) */12 16 |- (10)

Sorh @, R SR R 0 ME R b 1R
L RIMEEE SR OV GRS ey

P47 F % (Frobenius J5 %0 1z 5, 188 55 4>
FRCR B EAT LY BUz 5 HAE Dy 52 BUKS Ji 46 B
)R i A CRY 2 5 B k). Leo 0 2041 45 10 K &
REGWIREY i T WA 28 M S Z 6 7 A
B ST SE T H O B A OC 2R 8 (partial canonical
correlation) J& 75 2 &, T fii #t AU AH ¢ RBOZR B A EF
SCEAEAN T T 22 8 R 1T RN 3 AR B rp X By 1 T R B
SR WU T 22 8 Tk Y R R 2R R AT 1) R
27 27 0] R4 A 1 KGR I 1) B it Ak 2 ] (] J.
2.3.3 Wi EEER

Honorio 88 A" 4 17 31 F0 45 g5 () 5 7 5% 1)
XU i B B 2R SR i ] 22 28 A AR BTG 1) AR 38 [ A
R rp 30 A AE i 5 50 5 00 (] B 340 A 15 TG 1] AR 46 [ A 7Y
i FUR — /NS 4 B 1T R A A A A ELARR 1Y)
K FR FFAEIARIED 0 CEB 4319 s AR 2 IS 1Y, RIER
PS4 1 s g At 4 S T SR S A AE A RO O R
GRA AR . R T IRS7 0975 50 U o ARG 2 40 B
@ XN AT RIS 8 J6 FR BR 6 A o R AR E A A
FEXT A IT R 2T 0. 1 anhn 18] 2 Ca) i 7 A e
TG BE R REAIA 4 A5 8 ny any o Bl mg, Forpy
Sony 5 HAM 3 AT AR s By Z [BIER S A TE S AH
& DU6F VL A BE A B QN & 2 (b)) iR, o XO3ROR
X WAL E B TCRAEE 0 R X WA TR N E.
E N2 (D) XU it ] 2 2R SR 1) ) it hy
@:arginax log|@| —tr(S®)—A, O], —2.|06],.,

. (11

Hrp 24, 2>0,4,20,8 MFEAY Jr 225 H:, H

p
||@||l-(1:2 ”@,19'" 2B, -150;.i0153Oip ”(1 (12>
i=1

n,om, ny 0

n, n,

X 0 X X
n 0 0 0 0
n, X 0 X X
ny nooxX 0 X X

(a) Jora LR [
B 2

(b) FEERE

Lt o) e A se M et . | o] ., %%
XPRGFERLE @ WA @ 47 H bR X £ 26 o0 R A HoAth 423
AEXT AL TT R A ) s AT L s Es B, HAE
R A IRSE T A B SE LY SRR . AR A A
KADHE A, =0, WAL RLAS 2 50 6 K& R h—
PR GR GO0 R S M m B E R 44
KAD R A, =0, W A] LA 2] XU 65 K& RN 7
—FRRIR 0L : RS EER B 2.1 5
AN EIEER. LA S KB RAEAR T
R 5 N AT W T B — AN H A
20 v i A i [R) IS A 7 IR ERE I % S PR O R
Kl EZRZE ALK E R — MR ke .
2.3.4 R HEER

TEA SAETE T o Ak 25 [ A5 780 v A 4R 1) 15 a5 22 1)
AR LA B e PR e 0 E 77 7 5 1k 2 2T B
A B AR B A A 1Y A5 =2 8] 3 A M Honorio 45
N o 32 1) R0 Y X R B M v R AR T B 2 %
PEAT AR DA 27 2 H0 A 238 LSS AR v ) B A A 0 e e
TR Ly Y55 58 8RR B 1 A SO % 7 R AR R
IR ER. E A (D /A HE R R
1) 5] & Ay

©@=argmax log|@| —1r(S®) —
0>0

A ”@”1*/\2 ”D®@H1 (13)
Hrp 2,>0,4,>0,
DXO=J(D)-(DO) (14)

Horr o7 52 B4 3R R 4B B Z ) X R o0 2 Y AH ofe B
(A°B);;=a;b,;.J (D) XM D ) Iverson $f 5
B X T DAL T AT 5 AT R R U
Iverson fi S8BT H J,(D)=[d,;,=0]. ZESH T
BARS SCH YA D TR d,; =0 B J(D) H
JLE T, (D=1, %0 J,(D)=0. %% D B 5EJ
P (1) # AR EBE AL 5 om 5795 50 n AR
LHBEDRE it d,, =1 M d,=—1,[RE45%
P A TR 2H R 05 (2) ¥ 55 (1) 25 h iy 5
I3 A AR AR 5 i W B AN RS DL %07 5 Br |
SRR B I T A A8 T R 2 25 EAT AR L BB A 7E S
PR A2 2T 1 ) B 489 75 MR 2% PRI ASE 7R v A 48 1
Z [a] k.
2.3.5 INGEE T

WA i A2 > N B B R Y 2 ] h 2 &
S HE TR S A 5 4 R Ak (I 45 4 Ak i —
A Ml T PRI R 4 s A 2 2T v i BT R B
F I A BE RS A8 0 0 R DU RR  Tn) A HE 52
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IR AR 1) 235 R s A 2 T . AR 36 [T A 8 1) 45 4 7 i
27 27 TR R 45 74 Ak 1% 53 oR 550, 25 480 Ak 1Y 570 R 4R
SR 8RR R A ) 0 AR BT, G D B O SR e R R 4
ELAT S0 B Ak 25 480 SR )5 K 2% W B A 25 R A R e
55 Lgﬂéﬁl.ﬁ(ﬁﬁ’ﬂﬁ‘ﬁ BRI 2 T 2R AT 5 A B Ak

2] B R AT AR — R WIS A RN N
fﬁ%tﬂﬁﬁﬁﬂﬁg(Group Lasso)™ (4l Z [a] JL & &
B 40 £ & (overlap Group Lasso)M Fl ) 45 #4 20
£ % (tree-guided Group Lasso)M ) & (H 5x s 4k
T4 H A B ASE 78 S O B X6 [T O A B 1) I AN 5 B g
PRI 1) 25 R0 B it Ak 27 2T 5 R RN B S A 45 1 5%
LAt 25 ¥4 £k ) ) eR IS | A 30 HE 23 TR S TR 1 A i b 2
> v AR A R RS OT 1)
2.4 BMEERIENSESHRLFES

i K D m R E AR X, - X e
RYP o N O& T4 kA TG 1) i 26 [ B 730 X0
MIREARLL P ABENLAZ 4. 2 0 =2 fRERE £
ANTC 1) AR 2 P AR XY PR 25 B 30 0 I

OV, @ X B B A I R
=1, oo, K. AR 4 B R A HR 2 A0 B0 57 19, H [A])
— TG ] HE 23 A R X 0 ) 4 P A A St il 57 [ A3
A -
X0, e ,xf\f;?NN(llk,Ek) (15)
HARBE =0, 55 R A>T 0] 8 58 B AR X i A AR
RN S, 4 {(0)={0", .0}, Hif
0", .0 FIEEMME, T AR RS E LW
Sal EA AT LS EER.
2.4.1 ZEFMMEGEER
ZALS WA EERY BST R B L
S0 P A 5104 (pairwise fused penalty) B9 20
B B HIE5) AT 55 W P il 14 22 R 5K ik 1Y) )
B
{@)= argmax {ZNk[log\(Dw | —tr(SPO@" ) —

0 0o i1

L@ (@) =200 =0T} A6

Hdr2,>0,4,>0, A

K P Pl
o @H=>> > ey (17
k=1 j=2 i=1
RS K SRS R A Lo 3 5T A O s B
Wi B+ 3 — I
K K—1 P

</«>)_’27k2122‘@u>
Sk W TG 5 5 o B A8 S A A ] 530 B X 17 R BE A

B @ =X LAY ARl A i i 4 4 o B4 £ RS [

@, (0 — 0| (18)

B T 17 RS BE A I @ =X (R T & L I 7E [
— .
2.4.2 ZEFAITAGEER

Yang & N (WA SCES 2 v i O) F A 7 fil
G 2R R BB HT 2 S mm e 5
ZAE S IR E B R AR AR 2 A B2 E
BT 22 (B2 AT 7 1 o X A &0 1 T A R e Jin A T il

4 51Hs) (sequential fused penalty). B8R (15) .4

1554 e Tl 28 28 K ik 1) 1) ity

(@)= argmax {ZNkDOg 10 | —1r(SP @) —

O 0 w0 i m1
/\] @1 (@,(]” )_/\zéz (@E;HFD -
:/H\:EFI Al>09A2>O E_

o)1) a9

~

K P —
22 e | (20)
k=1 ,:);

ALy e B HAE O S8

@1 (@(k)

s KA A B B
o L i 5 93 — I

@2(@,’(jk+l) @(k))zi i i ‘@(1’+]) (1’) ‘ (21)

A TRl Eﬁ,,\1'/Efﬁi71';@@$ﬁé‘f$ﬂ’ﬂ%$l§”‘%*”
Z5K — 3. 53 Ah, Zhang % N O A A T LA 0
WA 1L B AT 24T 55 W i o7 ) A X BROSE g
(controlled experiments) Ht, 24 Ft b 57 56 2 {rf 7% f),
A P ASE TR 1) 25 ¥ 1 4 & A 8 4k, Zhang 5§ AR L,
TR B A T R 51 R X R 48 A Y ) 455 4 A8 4k
HEAT R A2 2] o Ly 0 50 S B ASE A A i Ak 2
2] A Y Rl SR MR R A R 1Y) S5 A R S EO R —
S (A P U 7] 52 50 2% 1 1 1 1 A4 [T RS TR 1 45
ST 0 A2 1k
2.4.3 ZLSFAGHWEER
ZAEFHEMEEER LTS L, 04

IR A& BN A5) . AT 55 4 4540 18 7 8 OR il
(14 I 8

{(;)}: argmax {ZNﬁ(log‘@W ‘ — 1 (SP @P) —

o .. @uw\o =1

L3 16% | -1 10l (22)
k=1

Hp 4, >0,2,0, Ell 0" | ks K W B 4 B
(g L 96 %5050 ,/\1’Eﬁﬁj~77@iﬁ‘ﬁiﬁﬁ¥ Y0, Hh L.,

SR &l H@Hu:EZ 2@5,“2 .3 (22) 8 Lo,
j=2 i=1 k=1

@ Learning structural changes of Gaussian graphical models in
controlled experiments. http://arxiv. org/abs/1203. 3532,
2012,5,15
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e BT TG 1) ] T R A — P R R S M R A
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SCHRAE £ HOR MR S A AL A AR R R O ik
(Block Coordinate Descent Method) . JE ¥ i N 5
B 0% (Inexact Interior-Point Method, IIPM) | ##
B8 B 7 1Y (Projected Subgradient Method) .
wob A FR b B DY (Greedy Coordinate Ascent
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Approximation) . & 8 7o ] ] 81 £ 2 % N 1) P Ak 0] A
SEBR b XA T A E AR [R]E (logdetermi-
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SDP) . fH (T 3% [n] A3 11 02 v 4 2 2 8 = 4E 1,
PRI % &t i 2F 5 B R SR 55 1 (e SDPT3P Al
SeDuMi*™) FEANIE F. B X2 ) 8, SCHR[55 145 T
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FH T Ak 1 e 24 g MR 5% 1 A5 0 A i 1 27 ~J 1) @8, Duchi
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S L SR T I TR 1 3 SR Aol LK fi ] R 2 Ak
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DA T R B 3 U 95 B B A~ Al b B [ B 4 Ho Ay 43
AR BR AR ASAZ PR R BT AL T Ak ). SRS ]
H ) 2 AR R T I B 0 SR fip MR 23 PRI TR i b 2 )
Xof o FA) A A i) R 5 K S A B R P R AR AT
FEE @ 3 OFF B2 R B Ry X R RE B L 26 AT SR @ 4]
HrOGE A ] o B R B R B b ) oAt 2 BT R
[ Ef s FOOC TR B HE MR b i 268 @ AT RIS ¢ B SR A
TRIR] . 8K %7 Bk 2 5 10 2 dE A AL 1) il 4% Ak Ry
25 T SR W AR AE AL A ) R, SCHRCS T 25 s 1) SR At v
30y TG 1) MR 25 PR A5 R 1) A g A 2 >0 X8 I 4 A Ak TR R
Tk R Z 4R AR IR AL O B UOR R — > Lk
DU Ak m) 280, AT DL 2 R B 3R (Lasso) 1Y 4% w28
25 (G0 S5 /N A TT DA 830980 SR SR A 3% Ly 1E ) Ak ) 71,

R A5 T A 2 02 15 31 A0 R R 4 o T R AR 2
PRI U HAE IE W1k 2 B0 32k 7 o 8/ 16 B0 i)
Xof R BT B R R R )l X R £ i AR
TR AEAE - 45 5 2 B 36 B0 50 A7 55 40 W O 1 ot
BT IR E. PRIt SCBRL6 1 v 25 T A DOk B i BRI
Xof TR TR A4 7 1 5 490 T LR A 3 RS R R I 0
< O e e (S N < I B N 1l e i
OYPRAREANAE L DT L A X FRORG B2 A B 5 Ak A X RO
JEEAR B, (B AR AR T B B 1k 2 S fiff ARE 23R 1 455 784 s
Al 39 X6F 17 A 1G4 T 88 i ) 32 6 ik SCik [ 62 ]
PR )R 2H AR AR T AR SR T Bl 2 I T AR S 3
S M EAT B 5 2% ) . Scheinberg &5 AU 42 Hy — Fh 57
DARE EF R B EESE L FERER
(4 {6 Ak 1) B5K f# - AN 4% Friedman % AW 41 A6 k5 T
RS A0 Duchi %5 AW (9 35 7 Bk B Bk 6 A0k
TR SR St A8 P 0 100 A5 53 A0 i Rk A A R AR
Fp LS TR R A B P A — A £ 00 R B A X R
Ak X A 0 Z SR AF A AL 7] B A% Friedman 25 A9 4H
A T A SRR IR AR R 3k A B 9 RS B B+ X R
FR— 1 F1— 5 SR g e Ak 1) . 52 85 1) T 1k 4

2R il B R ) — b B Ak — R OK i
AL IR R A
min f(x)+g(z) (23a)
s.t. Ax+Bz=c¢ (23b)

Hrf xeR ,zER",AER""",BER""",cER", 5
HoRa R R% B H R
L(x.,z.y)=f(x)+gz)+y" (Ax+Bz—c)+

gwa+By—cM (24)
SR A A

x*"'=argminL,(x,z",y") (25)

' =argminL,(x*"',z,y") (26)

Yl =y 4 o(Ax"T +Bz" T —o) 27
ot p=>0. Scheinberg % A7 2ty — i 58 B 4k 1
M5 ¥ %5 e B b — T 58 5 ] 3 1 Y B
D1 5 28 Oy 1) 3 - 1k AN [R) Z A AE T %7
T A U 3% AN S 7 2 T AR o e B g () B 4 —
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A —Br &I IS — LI 2 A T H B Gk AR
SRR 0 7 o] RS L AT B X . Hisieh %8 AP 1 —
Fh —¥GE L (Quadratic Approximation) B ¥, % 7
BRI EE G 7 UG AL AR 5 vk R AR AR T B Y R
R, L ST = B 2 i e I Ok R A ) A Y
H AR BB AT Z U AR 9K 5 R A bR T R D7 125 A
Armijo KLU 7355 5 B 4 50T K3 7 1) DS W07
2ok By i HOBA 8 e P IS (superlinearly
convergent) fJ4F .

HC Al AR 3 PRASE B A 55 A 2 2T 6 I Y 06 A 1) e )
SRAFFRATT TR, Ye % AN QF %4> Bregman Jy
1 (Split Bregman Method) " 3K i &8 43 7% £ A 7] Wi
KB Rz s 5] AR B A2 & i e i o0 A8 3 A
CIRUNEE SO E R ARV & eletab o NS - DR I P i
LSS B . Lia A5 NS S 0k U ] A %k i Y
G A 5] R3S A7 L 5% A6 S — 22 90 A L 3 B50E 0 Ak
(reweighted L, regularization) [A] {5 , 2k J5 ) i MM
B 39 (Majorize- Minimization algorithm) 3R fi# %
5] R, 32 5 SR il — 22 47 0 AL [ R8O it it H
Frft Al la) @, Yang 48 N (WA SCHS 2 SO @) I
R RG2S AT MA B ER SR
S T VR R R B85 B R Bk i ek, AT T e IR
T WA I R ) e L 5 R R SRR A AE W T
PR i) RO« — g 5 U 3 P B o T B O o) 2% 5 B0 SR
JEARE s — R BUE LRI R E R . RO
JE AR AN B b R TR B R 2 R HOR R ER
BEUCEACE H 5 R B AT T B R ZOR A BLE 1) B
U B Yk AR H bR oR BT BE B AT, O B 45 G H
1 Barzilai-Borwein 25 1< of e £ 1% #5520 B L 1E
A FE R 2D KL G AR R M R Rk aE ] T 8O D IR
TR RSS2 R 5 7 ik R ¢
Bt SCHR TP O A7 A AR 5 L B 1 i A o > 6T L 1Y
DAL TR) Y SR i Sk 26 2 s, (B AR 48 Y 2
SCAD B & ZAE I A A A5 T R 5 A e 20 H
PreR g b i SCAD i bR 80 a0F 7 Jm) 38 £k 3 o1t
(Local Linear Approximation, LLA) , H {A& 5t 3 5k
RAEC AL wolf SCAD B AL po () AT
IRl KB AR
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—‘wo‘)

(28)
/ o .
Hf pia () =g —paa (). 5350 DUREST A 38 0 1

B AR R A 3 2R 55 A {7 A (Gibbs sampling)
7 SCHRL24 T rb AT 228 07 1) 3fe 1 35 5K i 24T 55

w, |) (| w

PG EERMZAE S AWK ER. M L.
B ER MR FEEF T HRE 78 E
TR SCER 1T H ) 4 A B R B SR R A 1 TG
WEIEER. (A H 02 B 15 8 B 2 R 0 K i
FIF T 4R 38 3% 3 77 3% (neighborhood selection
method) 1% J7 5 16 W A7 =2 455 8 s i A 27 T I AR IR
Hg B B AL AS B AR S S o T R A B B LS B
Ve AR & BV AL N R B R R g X T — & 41 [l
VAR AR 0 75 e R 95 i) AL 2% BV R A AN 3 UK.

K2 NEHPRHHOMBEEERBBRLZINRBEE

M i 2%~ U5 SRk
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% G RN TT i YGE RE

R BEHLE AP 2 K J) Bregman Jr ik

B EARERER 2] A BR T B
PR EER A Bk B Oy ik
SCAD FIER JR R e M R A+ 2 A AR R BRI
SR EESE S FA R T N RS
DU B 3 Y E B R A WAl B (Gibbs sampling) J7
WEMEER MM 53
Lo A HEER SOETHEE
Le  JERCA S M EEER 480 FRAER
XA o B R 20 A BR R BRI
JR L EEER 20 AL B R BRI
ZESHHMAERER LHITMFETFIE
ZESHEIFMGRER EREMER
LA S5 LMK ER AER T I AL AR BR R R G
3 MEEEIBERLEINKBEEINES
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@ Efficient latent variable graphical model selection via split
Bregman method. http://arxiv. org/abs/1110. 3076, 2011,
10,13
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Background

Probabilistic Graphical Models and sparse learning are
two hot topics in bioinformatics, machine learning and artificial
intelligence. Therefore, the joint of the two topics arouses
people’s great interests in recent years. The sparse learning
of the probabilistic graphical models can greatly simplify the
structure of the probabilistic graphical models, improve the
probabilistic graphical models” generalization ability and
retain the important information simultaneously. The sparse
learning of the probabilistic graphical models is gradually
expended from the simple L,-norm penalty sparse learning of
the Gauss undirected graph to the structure sparse learning,
unbiased sparse learning, multi-task sparse learning and
many other probabilistic graphical models such as directed
acyclic graph, Ising model and Poisson undirected graph.

In this paper, we offer a detailed survey of the sparse

learning of the probabilistic graphical models. We point out
the motivations and characteristics of the different methods of
sparse learning. Furthermore, we summarize the algorithms
of the optimization problems in the sparse learning of the
probabilistic graphical models and point different algorithms’
advantages and disadvantages. In the end, we point the
remaining problems in the field of the sparse learning of the
probabilistic graphical models and give the meaningful
directions of the future research.
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