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Sparse Bayesian Learning Using Adaptive LASSO Priors

BAI Zong-Long' SHI Li-Ming® SUN Jin-Wei'

Abstract To improve the recovery accuracy of sparse signal, we study on sparse Bayesian learning (SBL) al-
gorithm using adaptive least absolute shrinkage and selection operator (LASSO) priors. First, a hierarchical
Bayesian framework is built for Bayesian model. Each elements of the weights is assigned with hierarchical priors,
resulting in adaptive LASSO priors. Compared with other priors, the proposed adaptive LASSO priors encourage
sparsity more efficiently and all the variables in the proposed model can be updated using close form solution. Thus,
a SBL algorithm using adaptive LASSO priors is proposed. Second, the space alternating approach is integrated in-
to the proposed algorithm to reduce the computational complexity by avoiding matrix inverse operation. In this
way, the parameters can be updated efficiently and a fast SBL algorithm using adaptive LASSO priors is proposed.
The accuracy performance of the proposed algorithms are verified using numerical simulations versus different size
of measurement matrix and single snapshot direction-of-arrival (DOA) estimation, respectively. The experiments
show that the root mean square error (RMSE) of the proposed adaptive LASSO priors based SBL method is lower
than state-of-the-art methods. Besides, the RMSE of proposed fast algorithm is slightly lower than the proposed ad-
aptive LASSO priors based SBL method but achieves lower computational complexity performance.
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Adaptive LASSO priors
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Fig.1  The factor graph of the proposed SBL framework
using adaptive LASSO priors
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Eﬁ%ﬁ<;>
LHBH () = 2 :
B S var(n;) = ‘:l—';
End For
TS (p) = 5
PR ¢ = L
End While
32 HRERE
RIS HCEF A, R E 2R R AT
WS g W T EHBES. Nilt— DRI E I E
B, ASCRH BTN SH g AT £ g
FOC R M BB R T, RIE (21), & g 1)
Xof B AL A s T R
Inq(g:) = Eg@\g0) [ In (p(2lg, p)p(gIN))] + g0 =
1

)@ Al — a)'

old
lla

(x — A; (g;) — aigi) + g} <>\Zl>9i) + g1

(34)
L& = — A; (g;), IFRAI (34) A
Ing(g;) = — %(95‘( (p)alla; + (A1) git

(o) Blaigi + (p) glald:) + o2 (35)

Hrh, a; RMEFHE A RS 5 F &, A ZWEHE
BE A Z2B% a; G HIFERE, g0, cgi M cgio R HIZEL
gi B &L AR (35), g MU RLo A s i 4
Aii, RS HER AR

i = (p) o?alls (360)

o? = ((p)alla; + (A7)~ (36b)

o, p Mo? palRRnABEg MHERM T 2. I
HTQEgM%éﬁﬁ%A%%Tﬁu 11, p2y -+,
pun|T M S = diag{o?}, H 02 = [0?, 03, ---, 03"

Rﬁﬁ%%%ﬁ%%ﬁﬁ%%&l%*
alLASSO-SBL HiL KX HI/E TS5 g M H, B
M= (36) B (24) AT H, HASHEH M
WA . PO LR ALE T S50 g It 7 %
R 3 iR G TR R SR S L, AT PR AR
S TE T 208 TR g AFICER Z M5 Z 5,
T CAZE DI B0 B A 180 [l AR SR IS 0, PO SR
G RS 5 R A S PR, AR T, T
SCHO PR R R R FaLASSO-SBL #14:.

Bk 2. FaLASSO-SBL 5yk4hCHS

BN BN ERIE o, WEHEE A; R EZ KM
B RKIEARIREL Tinax FIFRARIE AR K OV IR ZE emax -
W: REES g MUIE p RIFE =
Wtz g MBE p T ES LESHEN, 0, p;
WHIEWITIZH a, b, ¢, d, WA ENEIL T W
£, B 1079 WIIBIENRREL = 0, R E e = 1.
While i < Imax and e > emax do
FOREARIRE i =i+ 1;
BRI AR R pold = g
For i=1:N do
S pi = (p) o?alla;;
BHSH oF = (o) alfai+ (A7) 7

EHBH () = Vo 4 L

EHBH (N =

TS (n;) = ‘;—1

EHSH Var(ns) = 5

End For

HFHSH (p) = &

ﬁﬁ%ﬁm% e= ””mrld”l;
End While

3.3 EBEEIHEESW

ARSI A B R R Al B R vk s A R Al
HIMTHSERE, JFHAERERMN M < N) Fi#t4745)
#r. 7F aLASSO-SBL &k, iS4 g W u i)
THHERENOMN), BHisH g th i 2N
HHEHENOMN?), EFHSE p it EE 4%
HNOMN). frbh, R RER ST E R RN
O(MN?). %tF FaLASSO-SBL ik, E# %% g
(BB RN 7 ZAE BRI R AR AN O(MN),
HBH p M HEE R E N OMN), FiERRIENRK
BATHE S E N OMN). SCHR [16] 32 11 SBL
BRI R OERMTHE R 228 O(MN?), STk [18]
PG A BESEVE TR 8 O(MN?), SCHR [25]
RHEMEETEEE N OWN), SCHR [19] 12
A LASSO 4c5: SBL BARITHHE N O(MN?).
TR A BT AT A SRR Y aLASSO Bkt e 4
FE 5 HAT 24 SBL HE M B EA T —2
%, FaLASSO HiEMHEE AT Z2HEIEN
THHERE.

4 {HELL

AT A S IR 56 UF 4 ) aLASSO-SBL
1 FaLASSO-SBL Sk PERE. 15 E 52564 Bl &%
SAEE SR (¢ =2) MEMESHR (¢=1)TF
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Fig.4  Results for one-dimensional signal recovery
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Fig.6 RMSE of different algorithms with the complex-
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Table 1  Time consumptions of different algorithms

SAEf SR AT

Hik I (s) Hik FI (s)
FastLaplace 0.11 FastSBL 1.54
aLASSO 1.94 GAMP-SBL 0.51
FastSBL 0.40 MFOCUSS 0.21
GAMP-SBL 0.07 HSL-SBL 3.16
FaLASSO-SBL 0.26 FaLASSO-SBL 0.74
aLASSO-SBL 0.98 aLASSO-SBL 2.33

FH ] 5 AT, S0 SEAEAE SR, il &3 M =
50 B, BT B SRR MR M > 60 B, AR SCHE
H ) aLASSO-SBL [1H i 4 52 Efff A T HoAth 5
%, R AEM RN (60 < M < 90) FHEE %%
R T HEHFEAHERT. Pl H % FaLASSO-
SBL H: KR EAT L T aLASSO-SBL HiEA —
SEFEE AR, (H 2K 1 fios, FaLASSO-SBL
BV S A B BAK T aLASSO-SBL 1% M4
5 f1# 1, FastLap-SBL HiEA GAMP-SBL &
EIE B AR SCHE 9 FaLASSO-SBL &4
P, (HRAT T VK E A HER] B LA SO H A BV

Wi 6 Fros, X TRMEGESBR, rg 5iEE
MEHL 70 < M < 90 B R B Wk ORI AT, 72 &
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FaLLASSO-SBL kM bt F HoAth B ik B A AR
RMSE. 7EMl &% M = 40 I, Frf EiE R 2 RO
B2, fFEMEE M > 60 B, HSL-SBL Hik 5 AL
P& 1 BV AR R ) A Pk R ROR, (H & HSL-
SBL Sy AE I8 H/h T 60 B H BLAS B Sk i 1
Jt DL JG V2 o o AE M < 60 B R 45 5. R EE HSL-
SBL Hk, A MEIERE R . R 6
ME L, N TEERFSBEA, MFOCUSS HikAM
GAMP-SBL B3k #)1H 58 B FE A SCHE HH ) FaLA-
SSO-SBL Sy FE R, {455 Pk 5 M HER R T A
R A, JRIE MFOCUSS B 7E I — 1L A
TIEPEA A G I e M PR ; GAMP-SBL & —
5T Student-t Je40 I PRE SBL Hi%k, HANBLET
THECR R, (EER S T HAG 5K E B R IK T
FHT Student-t 54 1 SBL & k.

R PIAEAR SO H H) alLASSO-SBL 5
ENT Y T MBI S PERE, AT W0 0 S5
X FSE S SR (E5 KE®RE N 2000, FEFIC
FECRE N 100, W2 FHCE TG A 100 F 350, [A]
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I sE AN 7 MK 8 .
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