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Structured Sparse Learning Convergence Analysis

Given M(M) = {w : supp(w) € M}, the structured sparse Define the Bregman divergence of f as : o — 90
learning problems can be formulated as Br(w, w') = f(w) — f(w') — (VF(w'), w — w') Simulation Dataset: Upper Right: Probability of recovery on 5101
? ? ® |
IR Two assumptions in M (M) Each entry synthetic dataset. The probability of recovery 50-8‘5
min F(w):=- Z fi(w), where i | vmX;; ~ N(0,1) is a function of number of observations m. 5067
weM (M) f,(w): [B-Restricted Strong Smoothness Supp(w*) is generated . ! oft: The lef | ' S04l
F(w): a-Restricted Strong Convexity v random walk ower Lett: [he left part flustrates the Z o0l
F(w) is a convex loss such as least square .. . . y rd estimation error as a function of epochs for 2V
9 ' we @ Efficient Approximated projections: Entries of w* from different choices of b. When b — 180. it 20012
logistic loss, . .. 7 e P(-, M) with approximation factor c ' - ’ |
M(M) models structured sparsity such as ™ 52 @W o PE-) MH§ with aggroximation factor CH .\//\V/e(iojhlt)ed Graph Model degenerates to GRAPHIHT (the dashec 5101
connected subgraphs, dense subgraphs, and wy @ @ T T 5 P line). The right part shows the estimation 2 084
subgraphs isomophic to a query graph, ... error as a function of iterations for different = ] e
"Theorem 1 (Linear Convergence) Let w' be the start point\ choices of 5 067 0 ;'—e—g}toIH}EHT """"""""""""""""""""""""
- . . . 04l L [#Crap B I T
Previous Work and choose 1; = 7, then wi™™! of Algorithm 1 satisfies _77 , =047 |E—GraphStolHT | ¢
i ; o > Lower Right: Robustness to noise €. The £ 024 1 E N N U N
@ i Ee,|[[w ™ — w?|| < &7 w® — w’|| = number of observations required is a function S — _ -
where n, 7 € (0,2//3) and of different block sizes. 0 50 100 150 200 2500 50 100 150 200 250
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Figure: Weighted Graph Model M = {S : |S| < 3, S is connected } Hegde
et al. (2015a).
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Graph Sparse Linear Regression

To solve above problem under sparsity constraint, Nguyen et al. Given a design matrix X € R™? and corresponding observed
(2017) proposed Stochastic Iterative Hard Thresholding

(STOIHT). At time t, STOIHT choose &; from [n] with BRI R 0 X0 60 900 T b b
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Number of Observations Required

noisy vector y € R™ that are linked via the linear relationship

probability pe, and project w' onto a subspace y = Xw +é, e S
~ 2 - * - . .
Wil — P(w! — 0V (wh), ), where € ~ N (0, 0°1,,). T(_) estimate w*, consider the least Real image dataset: _— ; . "
o e def square loss and formulate it as [HT (Blumensath and Davies, 2009) ACE 1Ot 11510 ext
where the orthogonal projection P(-,I) is de :njd as  Fw 12,,: i x ; STOIHT (Nguyen et al., 2017) oy
= ' _ . arg min W) .= — — BW — VB , :
P(w,T) E:Lgég(lr? |lw — w'l||5 supp(w)EM(M) n < o'm NIHT (Blumensath and “)awes, 2010) T
Why stochastic? where m observations have been partitioned into n blocks, COSAMP (Needell and Tropp, 2009) iISiIEIHT
_1_ _ GRAPHIHT (Hegde et al., 2016) + WGM —6—CoSaMP
Less computation per-iteration Algorithm K RA.PH O A _ (Hegde et al, ) _E_gizgﬁgtzsla&\%})
Two issues of STOIHT GRAPHIHT (1+ c7) (\/5 — QF) AEVZ) E’;{Pe.”r;'e"tla.' Settm(;g_ls- d - oonsh)
: t al.
Cannot handle graph-structured constraint 24/2(1-0) eol2€d Teal IMAges HeeCe €t al.,
GRAPHSTOIHT (1+ ¢ (\ /=2 ) _ |
Ideally, Vf:,(w') also needs to be in a subspace 4 Ll b+ 1) of IHT-based in {0.2,0.4,0.6,0.8;

b of STOIHT-based in {m/5, m/10}
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Our Algorithm x of GRAPHIHT is controlled by (9(\/5 - 2(1 + ¢7)) while for Tune b and 1 on 100 observations. >
The hybird of Nguyen et al. (2017) and Hegde et al. (2016). GRAPHSTOIHT,  is controlled by O(v/d - 3v/2(1 + ¢7)). To A used here is Gaussian matrix E
Algorithm 1 GRAPHSTOIHT obtain Kk < 1, ) < 0.0527 for GRAPHIH'T while 0 < 0.0142 for Two experimenta| conclusions: %3
. Input: n,, F(-), My, My GRAPHSTOIHT. The gap between th.e two K is mainly due to SGD-based methods are more stable al o soooeddod N
2. Initialize: w” and t = 0 the randomness introduced in our algorithm. Capture the graph-structured sparsity 15 20 25 30 3515 20 25 30 3515 20 25 30 3.5
3 for t=0,1.2....do o _ Oversampling ratio m/s Oversampling ratio m/s Oversampling ratio m/s
4+ Choose ft from [n] with prob pe Graph Sparse LOngth RegreSSIOH Breast Cancer Dataset:
B Given a dataset {Xx;, yj}",, the graph logistic regression is : e : : .
5. bt = P(V£,(w?), My) RN thi foli)wml rOnger: g g 295 samples W.Ith 78 positives (metasta.t.lc) and 217 negatives Conclusion and Future Work
6 witl = P(w! — n,bt, M7) &P (non-metastatic) provided in Van De Vijver et al. (2002). We proposed GRAPHSTOIHT.
7. end for | m/n , PPl network with 637 pathways is provided in Jacob et al. (2009). . |t enjoys a linear convergence property.
8. Return wi™! supj(rm%)g]/\l/r;( M) Z Z W) _”WH Four (!//°> mixed norm-based algorithms: Two real-world applications.
1_ . . . . .
Why projection b* = P(Vf,(w'), My) 7 where h(w, i;) = log(1 + exp( —Y; - <x,j, w))). Problem above il IZZAEHWAY e pathwahys 7> 8IOUPS In futu.re, It WO‘fld be interesting to see if one can apply the variance
Both of them solve the same has an important application on gene pathway analysis. If each él/E_ ATHWAY USZS pathways as groups reduction techniques such as SAGA (Defazio et al., 2014) and
o X o] e aiaaaes sample a; is normalized, then F(x) satisfies A-RSC and each 1' 2DGE HSes US€ edges as groups SVRG (Johnson and Zhang, 2013) to GRAPHSTOIH'T.
grOJec.tlo.n T)ro he.m - oo . f(x) satisfies (o + (1 + 1/)0max)-RSS. The condition of & < 1 is (* /{*-EDGE uses use edges as groups
Space and dual Space %04 )\ > & GgRAPHSTOIHT BRCA2, CCND%, CDKN1A, ATM, AR, TOP2A (!51! 0.715 COde & Dtasets
> ST : A+ n(1 4+ 1)0pmax/4m — 250° GRAPHIHT  ATM, CDKN1A, BRCA2, AR, TOP2A 0552  0.714 Code & Datasets can be found at GitHub:
' (-PaTH BRCA1, CDKN1A, ATM, DSC2 061.2 0.675 . .. .
SMOVE SOME NOBy GIrecHons with probability 1 — pexp( O maxV/4), where STOTHT MKI67, NATL, AR, TOP2A 059.6  0.708 https://github.com /baojianzhou/graph-sto-iht
at the first stage (*/(?-EDGE CCND3, ATM, CDH3 051.4 0.705 Email: bzhou6®alb d
Omax = Amax(z E[al ) and v > 1. (-EDGE CCND3, AR, CDH3 039.9  0.698 mail. bzhoubalbany.edu
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