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JEMHIRIN & BMERTE, BWEER OB TR M2 R DEERMETH 5. ZOREIC
WY LHERRGEE S5 72 DDOFREE LT, BRSNS GIFRSEEE 2 W@t I hTnd. K
12, BOREOMFZEAERIC LY, HIBRERMME & HIBREHE 2 Fr o B MERTREIX, 585 € Y 2 7 BIsun KR
LEVEDY RO Z DAL MRS TE Y, REBBEmAMITEOB A & M HIRIN & BMURTE
T 27 TR —FREEEINTWS. KETE, SRR - HIREREDRESEY 2 T O AR
SPFEEY 25 BBRERFOZ L 2R, ZOHEEZANT, Lo-HIFATE B/MERTEIZ T 3 5 FLIR
FPTEMT VTV XA L% 25, £72, IOTEMRHNEZROMEL LT, FEEXORFIIOVTOH
L EY 2 T BBOMHHIIRE N7z BuMURTEE E 2, Z ORBIZT 2 EARE P SR A Bl ik O FER{RaE
525,

1 BA

fRDIEE T DIRTFESIZOWT ORI 2R DRE LI, B4 REHTHNS [1,7. 20 LS54

MR, UIEFUIERL RO &S s miilf s Muig e U Ttk h 3 (10, 11, 12] :

m)i(r;iﬂ@i]ze l(x) subject to supp(x) € F. (1)
772U, [d={1,...,d} BHRTFOBEATHY, supp(x) C [d] 1F x DIFELRFEFORFEEGTH S (ML
N, x D9 K= b 2Ipg) . FC2d 3R LTHAESINDI I R— M OEATHS. 0L ICibIND
B % 72 AT REREIRIE, IS e B, 1 Rl R IGEBNMS WTEER HWBEKTH v,
Bk DI BRAR M & HIRSERE M A 29, B (1) i L ULIELIFAVW S 2 BodifbFike LT, $HgA
BEIZEDS DD H 5. BMFEEIZHE I 2 AR AREOFE T, 0 &5 3FIEE iterative hard
thresholding (IHT) [3, 13] * hard thresholding pursuit (HTP) [9, 20] £ W ZHTELFEINT VD, —
# T, Elenberg & DIEDHIZE [8] 12X > T, & (1) »SBHI N HEEBIE

F(S) :=1(0) — suprgl(l)ggsl(X) (2)

PHELEEY 2T 6] 2RO LEVHLNITR>TED, BRED &S REABBEKRIIINT 5 FHED,
I (1) KN TR2EERT Tu—FD—D2L LTHEHINT WS,

ARTIEEY, LLOESEE F() WRLETV a5 UL TRL, BETYa5M 4 $ALTW3
ZLEMERT S, I EHAWT, M (1) AHIRENME - GIREEEORIRCTREMHLSE, F() %
EVa FBMTIELML THRRILT 27ZITTHIRVWENESNS Z %, ME (1) 1295 fixed-parameter
tractable (FPT) ZELHGAMT L TY AL AR TE S Z L 2RT. IZ, ME (1) OIS EALEY 2
TG 2l SR Eb>0ICEk-2TF={SC[d|GOS)<b} DE>IHETI2LEE2E25. ZOME



1F lo- RN ERUMEREZ B 7 S A2 R LTWE., ZOXIBRYR— DL EY 2 SN EEL2 RO K
BRI LT, Millifbe L TOERMUCEDI SR TONT WS [1,2]. —AT, Eidok>ic
JemEaELfEE UL TERMEI NI AT D WT ORI D RD 572, RIETE, G() BFHEEY 25
ERio TWALEIZHEE L, AfREP IHT OMMRGEE 5 A 5.

2 #fm

AETIE, [d OBHEEEXS R TOLSBRXFEY v ) ZIKTHRRL, [d OBEHEHIDIZ j 2 H
W5, E7z, WAEE Y Cld 2 LIFUIENIC j LIRET 5. [d LOEABEIE F® G DE5ITKX
FTEL BRonEEEKR P 2d SR RO S, TC[d 2L, F(T|S)=FSUT)-F(S) &
EHET S, AHTIE, PHRECHMOAEREXS. Thbb, LED S, TC[d L, F(T|S) >0
BOMDHLDDAREEZL. TEDOSCT L j¢TITRL, FG|S)>FG|T) ¥ROID2LE F() &
FZEVaATITHDEEY, F(IS)SFG|T)DBHEODLE F() MMBEEYVaAITHDILED.

wiZ, R (2) CEHSINBEAEK F() IZOWTHIT 2. F() BEFTHY, F(D) =0 2T,
NTIE, RO S e F o UBEUE F(S) DRI d 122V TOLIEARRM (ML N poly(d) Fiffl & 3l d)
TITZ25 LIRET B.

AETIE, X7 MUE xRy DX BRTFONLFTIL, AT MUIHIZ 0 & HL. FED S C [d]
xR IZHL, xs € RS 1F S KEENBZRFICHIET BRADAN SRS x DEHRZ MLEERTE
DR N

FLEV2ASUHEBEETY 25 HREGEK F: 2 SR OBFHEV25M - FEET V2 5HIETH
T, BHEVa T FEEY 2 THEPEINDEARTA—REAVTERINDS. UC[d L k>0%%
NENERBOEEINMAEA L ERBEL TS, ZOLE, F() DFLET 2Ty, CHEEEY T
o Bup BEAFD &S ICERINS.

o in Yies FUIL) B i Yies FG L)
Uk = — e Uk = — e
LS:Lns=¢,  F(OSIL LS:Lns=0, F(©SIL)
LCU,|S| <k LCU,[S| <k

72720 0/0 =1 &ART. £z, ek = ming<p Yk Bk = maxpy<p fur LEET S, FFEED
5, FED U,k LTy €[0,1] BEO Bug € [1k] BELDNLD. F7z, ERMPSAEOU CU &
E<EZDWTyup <yw BEE Bk > Burp DEDIND. v40=1%5IX F() 3HEETV2TITHY,
Baa=17%5RF() BEY27TH5. yyg=Pia=1%5E F() REV 2 THME A5,

HIRRAR M HIRTBM HAEEINSE Q C R x R 2352 5nizd & T, M TRERIEK
L:RM 5 R A pg-HlBRGRY, vo-HIRTFETH S L1E

By x5 < i(y) = 1) = (Vilx).y = x) < Sty — I3 3)

BETO (x,y) € QIHLTHIIOI L 25D, EEM no, vo EZNZTNHIRRMYER, BIREEEK
LIEEND, 22T, ' CQTHEEOIE, uo > po BEFvg <wvo HEEY LD & S ICHIBRIRMEL -
HIRFHEREZED D I LW TELRUCHEETS. UFTIE, Q=% = {xy) | Ixlo <k, |ylo <
ki, lx —yllo < ko) 122WTR (3) BROIZEDEE, () & gy - FIHIRN B & 1, 1, -HIRTIETH 2
EEDITILITT D, Ez, = kg V= Upy SEHT D
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3 HIRREROME - FIRFIBMETFL T2 5H - BEETY 1 FHORBRK

EAMBF() B (2) TERINTWE LTS, ZOLE, 8| KB L5, F() DHEV 2T
& 1() OEIREMER L SIRTHEROLE VT FASIIAS 2 A TES (OB &% 7
T). E7z, BEOVERBRSERIC BV TR OTEAE A, WO FHEEROLIZ X 5T F() OB
EVITHOERBBONS ZERMSATVS [4]. AWIETRES, 1() BEBREMIT BT 5 MMM
DTN R VA TH > Th, WY L TORERIER IR T EE 2 o TV 34 51E, F()
DEEV 2T By O ERIESNE L AR U,

EE 1 (HEV2SHOFRIZ B »5DHIH). FEDOUC[d & ke s L, R (2) TEHSND
F() DHEYV 2Ty, O FREEEV 2S5 by O ERETAEN, I() OBIERMES - HIREE
EREAVTIRO L S ITRE 5.
HU+k > HU|+k Buk < VIU|+k,k < M.

Hul+1 HU|+k

B0k = Vuk/pupee > 1 EHIREAR 2 05 [11]. WIS 2L, HINBIROHIREAEEDYN S
WIEY, BB (1) 1323 <<khsd. /T, FEVaIh - BEVSHIBESERF() 0TV a5H
BADESERLTBY, wyr x 1RO FS L) =Y, FU L) &b, ThoDREEF, KRS
HBOBIRH S RIFE (1) OBWPT XL, BARBRKAMMEDR NPT I DL ESY 2RBL T
5. ZDZrhs, HIREME sy PNEVRSE, F() 2EYVa 7RI L > TEML, Z0O#RE
SNBABERKITEI LT, HEIBRERVMEERL I LN TES. ZOLS BFHRIFANS—ARE L
D X MR Tl oblivious support selection [8] £ IEXNTH Y, EH 1 ZHVIEL, ZOFEIHTEU D
RIEMRE O NS,

W,k 2 ,
Yul+1,1 Y|ul+k

% la. F() 3 (2) TEEINTWVWSH LU, S=argmaxrer ) o7 F(j), S* =supp(x*) & 5. 7272
U x* XM (1) OREMRTHS. %7, k= max{|S|,|S*]} LT 5. DL,

1 1
F(S)>——> F(j) = F(3)
Bo,is| JXE; Bo,Is| ],EXS;
70,5+ | " H1 Hs| " 1 .
> 2= _F(S*")> ——F(S") > —F(S
= Ba,s 572 Vis| V1 57) 2 K1Kk %)

WO D., B, 5 e > 01T/ UT kike <14+e BEOIDRSIE, x = argminsupp(x,)gsl(x/) [
I(x) <I(x*) +€(l(0) — I(x)) %Zhi7=7.

T ORERITRE 2 BRI UTEAS 2 2 e AT E S, BIRIE, ([d,F) A% baA FThuE, F() %
S 2 EY 2 7SR AEMRIKIZ &L > TIRARIETE S [14].

3.1 (-ERAERMEBBEICE T 2EIR FPTEM 7T Y X A

Algorithm 1 GLIR FPT Z{7 V3 X L

1: SingleRun() % T [MIFE4TL, ZOHTHMBEBMENRKR L 252 LT 5.
2: function SingleRun()
3: So < 0)
for:=1,...,k do
§E[A\Si—1 & F(j | Si_y1) [THBIT DHER TR,
S;i+S,_1U {]}

7: return S;,

> ¢




AHITIE, LA fo-HlFAH & R/AMERIBEIZ 3 B ER FPT M7 L T XAIZDOWTEZ .

minimize [(x) subject to ||x[o < k. (4)
x€RI[9]

Z OMBEIZ I NP HEETH O [16], BEEFEOZHARMMEOBERIGE (13, 17] &, k DEP TSI KE
W GEITL o TidEEME x* OILOESBMEDREN) T2 FHELTEHLINDE I EMZLALTH
5. kBT B0E & BT IR OTLRE 2 ER T 2 R HEL LTI, 280 HR— MEiRkT
TN D50, ZOFHEET Q(dF) Lo TUE S, BLNTIE, parametrized complexity [5] D# X 512
BEOWT, dIZDOWTOEREED poly(d) &7 X5 uFHEEMRET I L2 EA 5. BAEMIZIE, d B4t
DAN (OD—H) p ZEE/XT A —& (fixed parameter) & A7 L, FHED g(p) - poly(d) £7xd &%
fixed-parameter-tractable 7V TY XL (FPT 73V X4) %235, 72720, g() lEp iZ20ToD
FIEFTRE LB TH 5.

TNITVZLDT AT T, p-HEFReR ST Y 2 I BBUR AT T BER FPT £l 7L TY X
L8] DEDIZEDTNT WS, £TIZOT7 ) IV ALY 5 %, AROBLHEEY a5 OH/EETY 2
7 REAMBORRHEDL A ITHET 5.

minimize F(S) subject to |S| < k. (5)
SCld]

Z ORFFEIZH L, Algorithm 1 %#MH3 5. Algorithm 1 IXFLIRAMIE SingleRun() % T [IFEFTL, 55
NROPTRREOBAEH DTS, ZOTNTY XL, B NOELURGELSE SN,

T 2 (18] DIEIR). F() BEEVa Ty, LBEEVaTH By 2F>oTW0WBEL, S* 2[# (5) I
X9 B 3T 5. D e >0 1L, Algorithm 1 ® T

Bra 1+ek, 4
T>|(—=-——)"1logé
N [(’ka,k € ) log W

BT RS, HASNMS EF(S) > (1+)F(S*) — eF([d]) 207< L bR 16 Tilirz .

E 51T, Algorithm 1 ZEITUTRONZME S & U, x = argming,,,qncs [(x) ZF# (4) TN 5
fre Lz &, TH 1,2 25U FOBRMESNS.

% 2.a x* ZME (1) T IREMRE U, Lnin = mingepa l(x) &5 5. £72, p = (k, ok, i1,
Vkt1,1:Vd, €,0) ZEENT A =R ARG, ZOLE, Algorithm 1 ZAVT |xllo < k 8LV I(x) <
I(x*) 4 e(l(x*) — Inin) ZWE72 91 x 2HEE 1 — 0 TEHHETES. 727U, Algorithm 1%

Vi+1,1 Vq 1+6k 1
O [(Btht . 2 Z T g5 k-d) = g(p) - d

U( Hok  Mky1 € ) log W ) 9(p)
[H] F(-) DfE%FHIIS 5.

F(-) OBEIBUEFHIEIE poly(d) BITIT A2 Z L 2 EL TWA 7o, Algorithm 1 1% O(e) =T LR %
R TEIH TE % g(p) - d x poly(d) = g(p) - poly(d) RO 7L T XL ke >TWn5.

4 BRELEY 1 IHIKME &KIMERERE

HEEK G2 SR %2 G0) =0 22 THFALETY 2 SR L, G(supp(x)) HArED ERME N
LB k5% x e R KOZBUMEITEAE X5, ZOL5%, ¥ R-MIOVWTHEY 2 T 4EE
o 72, MM B0~ BBTHTHNS (1. MFTH p=maxeq GU) £F5. 22T, G() H
LREL O REV § 2 EOMRIEHEIIEDP SHICETAABETH 5720, p FHINOLREL N TH S & A
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Algorithm 2 &A%
1: U+ [d,S+0
2: while U # () do

3: J < argmax; ¢y %
4: if GSU{j}) <c+pthen

5: S« Su{j}
6: U<+ U\{j}

7: return S

RUTEW. INEZFERLT, Hi0EREEZHS c>0 ZHVTce+p FHL ZDEE, M REME
WA RND &S izEMLTE 5.

minin[ndi]ze I(x) subject to G(supp(x)) < c+ p. (6)
x€R!

Lo-HIFI E B/MEDXRTIE, HEOAN—AROIEELHHAE LY L DL BN 2D Z L 2FH LT,
TUTY ZLOHBEFLCOVTHRT DI EDBLV[13,17]. TOZLE2BEXT, UFTIEc* <c+p
Zliifed o ZEEL, X = argmingauppe)y<e- [(X) ZHKOME BARLTT VTV XLOMRFETS.
Fiz, k= |xo LEHETB. R TIRIROEHLDH Y > TWB EIET 5.

RE 1. £TO je[d & GG) <c* %ii7=7.

ZOIEETES § 1k supp(x*) ILEENRND, HOLUDIAMDKRETES j 24 LIZEHE R
i, ZOREIEERTHS. IhoD&MADE LT, M#E (6) IC/RT2EMEL IHT IZDOWTHER 5.

4.1 BE
X (2) TEHEINZ F() ZHVWT, ROEIBRHELEY 2 7EBOBAMEEEEZ 5.

masxcil[cg]ize F(S) subject to G(S) < c+ p.

Z ORTEIZX LT Algorithm 2 29 5. Algorithm 2 (&5 7H v ZHl# FOHRFE T Y 2 T BIHRK
LRI T 2 EMRIEL (15, 19] %2, BB EY 2 TBIBHRI OB EIHRL 23D UTHS Z M TE
5 (272U, —MOFEEZPPRMELTVWD) . ZOAMEIZDWTIL FOEEURIEA R Y 32D,

T 3. SETNLVITVXLDHALL S* :=supp(x*) LEHETS. F(-) WEEVaTh v, 8B, G()
PEBEY 2T By ZRORSIE,

F(S) > (1 —exp (—”Sv’“* : i)) F(S*)
Bok- c*
NS RIVASN

COREEER L LY, HE (6) CHLTROBREIESNG,

% 8.a. FH 3 LABRDOEMADKD > TWBE L, x = argming,  ncsl(X), k=S| & 5. I(:) »
Wi - TR 23D vy 1 1 -BIBRSE 22 5 1F, 1(x) < I(x*) +exp (—l,,‘f:lkl T Ben ) (1(0) — 1(x¥)) B Y 5L
D, KT, RO e>0 ZEELZEE,

V41,1 log Z(O) - l(X*)

c> C*ﬁ@?k*
Hk+k* €

WD L0751, U(x) <I(x*) +e LB,



Z DFERIE, Lo-HHIN E RMERTBIZN T 2 ARGEDRER (17 2 BHFAL E Y 2 7 BIBHHRI 05 & 2 HRER
ULizbDE LTRBZENTES (272U, HIOERED c4p DIETERASTWE o, 5Eem
LTI W) .

4.2 THT

Algorithm 3 THT

VIR xo e R Z25ED 5.
: fort=0,1,...,7 do

gt + Xt — nNVI(x;)
X1 < Pe(gt)

=W

5: return xr

WU, WREAFEIZIED K FE (IHT) 28 (6) [C#EHT2Z L &2F 2 5. Lo-Hlff & /M-I
$5 IHT [13] L ERKIZ, Algorithm 3 (XA N & RATFREMEIRAN DLV B LU CTMEERT 5. 7
72U, R (6) DRIIFEPHLEY 2 SEM G() TEoTHEALNTWEED, TNEEELEHFEA
T v 7 (Algorithm 3 D P.(g;)) 2 ZABMENRHD. ZTI T, ZOFEATY TEARIKICL->TES
Y ERERD. BNZIE, BB FS) = |(g)s|2 L HE G(S) < c+p IZRF LT Algorithm 2 %3247
LTS 2V, j €SB (xp1); % (2); U, j¢SAOF 0TS, EHIHSID
WEAT Y TORLKEE 2T E 5720, THT IZD2WTHU NORGRELEIFLN 5.

EIE 4. k= maxpo<i<r |X¢]|0, w = maxpo<i<r ||gell2 £ 5D, () IFEH "D TTRETH Y, popsp--
HUBRERIY, vopyp--HICTEH TH D LIET S, £72, G() BBEV2ATH Bype ZRDOLETS. 35
Zn=—— &35, ZDH,

Vak+k*

2
6246%k*C@ﬁ@> +2g%ﬁJ%<ﬁ)+p
' H2k+ k> 2¢

Thsioid,

1 pogqrs k4 k>
sl < (1 g+ B2 ) oy o B
2 Vopgk~ 2y

BRALT B, 7272, (= L (1+ 1. H2k+k*)maxsgd]{uvux*)su? |G(S) < c+pand |S| <k} TH

Vok+k* V2k4k*
5. RHZ

T>o. btk X0 =Xl
H2k+ k> €
B9 T IZD2WT, [xr —x*|2 < 3&20% A Y LD,
LEHOBIE, ¢ BHHRERMEE L D061F, FHIREERYET I LT, x* & O 2tk 2%

H2k4k*

DREETHILTED LWV ZLEERLTWS. FHZ, Xmin = argming g 1(x) ?% G(supp(Xmin)) < ¢*
B2 OIE =0 DK LD,

5 F&oH

ARTIE, ETHOGRN & BMERBIC R T 2 EAEBRAEMEEZE X, TR H KB
BRERME - BRI R RO 51, FONTEABBIIPLEY 2T BEE V2 IMERDOZ L 21l
Al ZOMEEZRAWT, L-HINERMEBIZN S 28N FPT GG T VTV X L2527 35
12, HBY R = S DOWTOHRFELEY 2 T E HWTRE I NS &S5 MUl E 2, £ 0RBEIC
WY AL THT OBGRREE S A 7.
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