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We consider the following minimization problem:

min f(x)
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Assumption 1 The objective function f has coordinatewise Lipschitz gradient, — o n ) Bigi o k:(gﬁlf.,}{ IV I @))€
with Lispchitz constants L4, ..., L, > 0. Moreover, f is bounded from below by (mmi 5_) 1 - o (mini p_ ) €

f(xy) € R. That is, f satisfies
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Theorem 2 Let Assumption 1 be satisfied. Choose o, = — s
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Algorithm 1 Stochastic Three Points Method with Importance Sam- o 2
pling (STP1s) K > , then
Initialization

Choose initial iterate xg € R"™, stepsize parameters v, .
probabilities p1,...,p, > 0 summing up to 1.

L; where o >
flzy) < f(z+te;) < fx) + Vif(x)t + 7152

for all x € R™ and t € R, where V; f(x) is the ith partial derivative of f at x.
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Theorem 3 Let Assumption 1 hold and be satisfied. Choose o, =

For k=0,1,2, ... |
o and sufficiently small t. If

1. Select 7, = ¢ with probability p; > 0 ;

2. Choose stepsize «;, proportional to 1/v;, k> 8.ROn. <1 _ i) ,then E [f(fb"k)] _ f(x*) <e.
3. Let vy = xp + age;, and z_ = x, — age;, HLL; % ¢ 7o

1. mpyr = argmin{f(zy), f(24), f(2_)}

Theorem 4 Let Assumption 1 hold for A-strongly conver f. Choose a;, =

, Uniform Sampling Importance Importance Sampling flzpttes, )= f(or) and a suﬁicz’ently small t. [f
Assumptions on f . . . tvi,
Complexity Sampling Complexity [NEW]
V2ron? L V' L; 4N/2r ( i—1 \/L_'L)2 maxX; ﬁ 2 L) — X
None : 263 L Pi = n VL, - €2 k > " pi log( (f( 0) f( *))) ,then E[f(ﬂ%)] . f(33*> < e.
None 4\/§ron2L D; = L; 4\/57“0”(2?;1 L’i) >\ €
2 = 7L £2

Convex, Ry < 00 8R8n2L (% — %) D; = vfi I 8R(2)n Z?zl L; (% — %) def
A-strongly convex %log (%0) D; = ”ji I %\1 Li log ("’?0) ro = f(CIZ'()) o f(ﬂf*) Ry = maxi'?{H‘/E - 'CB*HOO : f(x) < f($0)} < 00

Squared SVM Loss

Ridge Regression
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Continuous Control Experiments:
Fixed Step Size  Adaptive Step Size
Threshold ~ STP  STP;s  STP  STPis  ARS(VI-t) ARS(V2-t) NG-lin TRPO-nn
Swimmer-v1 325 320 110 200 90 100 427 1450 N/A
Hopper-v1 3120 3970 2400 3720 1870 51840 1973 13920 10000
HalfCheetah-v1 3430 13760 4420 5040 2710 8106 1707 11250 4250
Ant-v1 3580 107220 43860 96980 26480 H&133 20800 39240 73500
Humanoid-vl1 6000 N/A 530200 N/A 296800 N/A 142600 130000 UNK
(a) Swimmer - v1 (b) Hopper - vl (c) Half Cheetah - v1 (e) Humanoid - v1
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