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Problem ' | Subspace families and projections |
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Motivati @ e
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e e Adaptive Distributed Randomized Proximal Subspace Descent - ADRPSD S’C('O'
1: [M] Generate t(ljle first admissiblelseloection S, compute Update the deterministic part of
2: [M] Initialize 2°, ' = prox. (Q, (z°)), £=0, L={0}. . . :
. :W]-] S Ir’nastgi( 0 (27)) 10} SPARSE] selection basing on the sparsity pattern
4. :MZ . e Po—E [P,ot], Q L of the current iterate with respect to the
e 0 ompute Fo = i,60], Wo=Fp ™, all 0 5
5. for k=1,... in parallel do geometric structure of @
Yo 6: [W;] Receive z* from master [SPARSE for some ¢] example of
‘ 7. [W,] Select independently P; ¢
8: [Wi] 4f =Qu(¢* — 7V i (z¥)) projection for 1d-TV
9: [W;] Send P, & (yF) to master [SPARSE]
10: [M] 28 =377 mi (P, er (uF) + (I — Py ex) (2571))
11: [M] z*+! = prox_, (Qe_l ( Zk)) ADRPSD convergence For any € (0,2/(n+ L)|, let the user choose its adaptation strategy so
12: if an adaptation is decided then that:
13: [M] L LU{k+1}, £ £L+1 e the adaptation cost is upper bounded by a deterministic sequence: ||Q,Q,, |2 < ay;
14 :M] e A e e e the inter-adaptation time is lower bounded by a deterministic sequence: k;, — k,_1 > ¢y;
15: W] SR L e [SP ARSE] e the selection uniformity is lower bounded by a deterministic sequence: Anin(Pr) > Ay;
- = | then, from the previous instantaneous rate 1 —ay_, :=1—2yuLX,_1/(pu+ L), the corrected rate for
16: [M, W] Com;;ute P, :1IE [,fi’ee]’ Q,=P,?, and Q, cycle £ writes
I | e (1-Br) = (1 — ar_y)all.
- ‘J' 19: end for Then, we have for any k € |k, k
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Figure 2: £ 5 regularized logistic regression on rcv_1 dataset




