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Optimization Problem Algorithm Specific algorithms
min _Z filx (), Algorithm 1 Generalized JacSketch (GJS) Algorithm 2 SEGA with arbitrary sampling
TERI M 1. Parameters: Stepsize a > 0, random projector S and unbiased sketch U/

Require: Stepsize o > 0, starting point 2° € R?, random

». Initialization: Choose solution estimate z° € R? and Jacobian estimate J' € R4x" _
sampling L C {1,2,...,d}

3: for £k =0,1,... do

« [ "R - R is M smooth and convex: Set ' = 0
4. Sample realizations of S and U, and perform sketches SG(z*) and UG (x")
OjVij(x)ij Ll ) . . | _ _ for k=0,1,2,... do
5: J¥=JV = S(J" — G(z")) update the Jacobian estimate via (2) "
RIS R . losed and | | Sample random L" C {1,2,...,d}
« ) R — {+o00} is a proper, closed and convex 6. gt =1JFe+ 1Y (G(g;k) _ J/f) e construct the gradient estimator via (1) Set WFH — Bt 4 Z (V f( ) nh)
. e . _ € )€
rei;lilamzer admitting a cheap proximal operator - okl — proxw(:ek — agh) serform the proximal SGD step k k i
- f =23, fjis 0 quasi strongly convex s end for g" = h"+ ZE% ( f( ¥) = hie;
2" = prox,, (" — ag”)
Oracle end for
Conver ence rate S eclal cases
5 b Algorithm 3 TSAEGA [NEW METHOD]
def . . , , , . .
G(z) = [Vfi(x), Vfo(x),...,Vfu(r)]: Jacobian matrix Single convergence theorem, tightest known rate in SAGA [1]: recovers best known results Input: ' € R? # parallel units 7', each owning set
. Oracle can be accessed via: UG(z), SG(x) every special case (many new rates in special cases for of indices N; (for 1 < t < T), distributions D; over
= JacSketch 2] More general + better rate T |
ydxn dxn . . 0 known methods; many new methods as well). subsets of NV;, distributions D; over subsets coordinates
« U R — R - random linear operator, identity in ! . LSVRG: Arbitrary sampling + prox |
expectation « Let M : R — R¥" he linear operator such that , , d], stepsize a
) ] - e = SEGA |3|: Better rate under arbitrary sampling 70—
« S RY" — R*™ - random projection operator, (MX);]' = M;X j tor any X € R , | | |
| - y ; | = Extensions of algorithms from [4] — arbitrary sampling for k=0,1,... do
possibly correlated with « Let B : R — R be a linear operator (to be . |
e - . ly for theory) such that with steps and conjectured ISEAGA. fort =1,...,T in parallel do
. g . b 5 | - Many more: Sample R; ~ Dy; Ry € Ny, Ly ~ Dy; Ly C |d]
multiplication (SAGA [1], JacSketch [2] ), left have: L ,
. . . . ) 1 2 20{ 9 Choice of random operators S and U/ defining Algorithm|1| Algorithm Obse rve v Lt f ] ('ZU ) for ] ~ Rt
matrix multiplication (SEGA [3]), their (1 — ao) HBMJ”XH > —E [ UXell } i — e S— P T Mo o[ s Vifi(e¥) i jeRLicL
. . n ST S S sk B TETy )\ X It ) € it € Ly
Comblnatlon (ISAEGA) and many more cf??}(wp- pi = % deza inp p; = & 4 SEGA basicvariantofSEiGA][Q'l H.1 Set Jk+1 — e | |
. . . . i(—‘,ZL coe, TX wWp. pr ieZL pl—ic,, c.,gTXW.p. PL 5 SEGA SEGA [9] with AS and prox H.2 7 Jk . OtherWISe
« Different choices of U, § yield different methods. - {o - - Txen T . - . bJ
X e N E—— _ | Send J/y " — Jk '\, to master > Sparse
_ {2{ ::i::_p X _ngLjejeij.p. PR 8 LSVRG LSVRG [14] with AS and prox ? end for
Variance reduction (unbiased) {g e Fx il W (Juz ( =l ”) o (Sienee™) (75 = 19 (Syem ejejr))> )
X _EZR cjej | WP PR = il.x :E ; —° 10 | LSVRG-inv NEW K2 il 2 2
. . . T " = prox, (" — «
Given sequence J* which estimates G(x*) such that . P 2 S it | svmco-iny NEW s Iy PTOX g")
' ) . N = X 'EZR ejej | Wp. PR erL pl_f* e; " Xwp. pr 12 RL NEW L.l en or
limy 00 J* = G(2*), unbiased variance reduced gradent For GJ3 \;ve have IE ; b SR T S e T T W =
. . k * k —_ * IiI.JXI.Rw.p. PLPR Iy, p_lji_l ) ox I.pwp prLpr | 14 SAEGA NEW M.1
is the following: H (‘] G(x ))H ' '{o' p— & E ;g 3 | References
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