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e Non-convex optimization problem: min f(x)
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Introduction

e Non-convex optimization problem: min f(x)
e Fractional Langevin Algorithm (FLA) (Simsekli, 2017):

WA = W — e, V(W) + (n/8)"* ALY,

— {ALf }ken, : a-stable random variables
— a € (1,2]: the characteristic index, ¢, a known constant
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Introduction

e Non-convex optimization problem: min f(x)
e Fractional Langevin Algorithm (FLA) (Simsekli, 2017):

1/«
WHH = W — e, VE(WF) + (n/8)Y ALY,

— {ALf }ken, : a-stable random variables
— a € (1,2]: the characteristic index, ¢, a known constant
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e Generalizes Stochastic Gradient Langevin Dynamics (o = 2)
(Welling and Teh, 2011)
e Strong links with SGD for Deep Neural Networks (Simsekli et al. 2019)
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e Generalizes Stochastic Gradient Langevin Dynamics (o = 2)
(Welling and Teh, 2011)
e Strong links with SGD for Deep Neural Networks (Simsekli et al. 2019)

e Our Goal: Analyze E[f(W*) — f*], where f* £ min f(x)
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Method of Analysis

e Define three stochastic processes:

dXa(t) = —ca VA(Xi(t=))dt + 71 *dL* (1),

dX2(t) = —Cu Z vf(XZ(jn))H[j7],(j+l)n[(t)dt + ﬁ_l/adLa(t)a

k=0
dXs(t) = D7 ((,>(X3(t7)) 9f(Xs(t—))

f)X,'

))/o(x3(t7))dt + B YL ().
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Method of Analysis

e Define three stochastic processes:

dXy(t) = —c, VF(Xy(t=))dt + B~V *dL(t),

AXo(t) = —ca > VEORUM) . 1)n(£)dE + B~ *AL (1),
k=0
Of (X3(t— 1ara
dXs(t) = f’D(X",72 ((,)(X3(t—))w>)/(A>(X3(t7))dt + B7Y@dL(¢).
0X;
— D: Riesz fractional (directional) derivative
— Xj is the continuous-time limit of the FLA algorithm
— Xy is a linearly interpolated version of Wk: Xy(kn) = Wk, Vk € N,

— X3 admits 7 ox exp(—pSf(x))dx as its unique invariant distribution
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Method of Analysis

e Define three stochastic processes:

dXa(t) = —ca VA(Xi(t=))dt + 71 *dL* (1),

dX2(t) = —Cu Z vf(XZ(jn))H[j7],(j+l)n[(t)dt + ﬁ_l/adLa(t)a

k=0
axs(t) = -0 (o0x(e ) )

))/o(x3(t7))dt + B YL ().

— D: Riesz fractional (directional) derivative
— Xj is the continuous-time limit of the FLA algorithm
— Xy is a linearly interpolated version of Wk: Xy(kn) = Wk, Vk € N,
— X3 admits 7 o exp(—/f(x))dx as its unique invariant distribution
e Decompose the error Ef(Wk) — f* as:
[Ef(Xa(kn)) — Bf (X (kn))] + [Ef (Xi(kn)) — Ef(Xs(kn))]
+ [Ef (Xs(kn)) — EfF(W)] + [EF (W) — £]

— W ~ 7 o exp(—Bf(x))dx
— Relate these terms to Wasserstein distance between processes
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Main Result

Main assumptions:
1) Holder continuous gradients: ¢, ||Vf(x) — VI (y)| < M||x — y|”
2) Dissipativity: ¢, (x, Vf(x)) > m||x||**7 — b
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Main Result

Main assumptions:
1) Hélder continuous gradients: ¢, ||Vf(x)

2) Dissipativity: ¢, (x, Vf(x)) > m||x||**7 — b

For 0 <1 < m/M?, there exists C > 0 such that
k1+max{%,’y+7} 1+“qd

= VI < Mlx = y|]

BIF (W)~ <C{k1+"‘ax{w+3}m e
5w
Bb+d «kn Mc;t
T o I+ ﬁ”“(l +7)
1 2e(b+ 2))3r (< +
+ — log (2 A ) d(z
B (dm)2
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1) Hélder continuous gradients: ¢, ||Vf(x)
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— Worse dependency on 1 and k than the case a = 2

— Requires smaller n
Non-Asymptotic Analysis of FLMC for Non-Convex Optimization

Umut Simsekli,  Gaél Richard

Thanh Huy Nguyen,



Additional Results

e Posterior Sampling: sampling from 7 o exp(—8f(x))dx
e Stochastic Gradients:

f(x) £ 120 FO(x)

VF & Vi(x) 2 (Tieq, VFO()) /s

Thanh Huy Nguyen, Umut Simsekli, Gaél Richard Non-Asymptotic Analysis of FLMC for Non-Convex Optimization



Additional Results

e Posterior Sampling: sampling from 7 o exp(—8f(x))dx
e Stochastic Gradients:

f(x) 2 5 X FOx)
VF & Vi(x) 2 (Tieq, VFO()) /s
e For more information/questions, come to our poster #198!

NON-ASYMPTOTIC ANALYSIS OF FRACTIONAL LANGEVIN MONTE
CARLO FOR NON-CONVEX OPTIMIZATION TELECOM
Thanh Huy Nguyen', Unut Simsekli, Gaél Richard SrisTech

1. LTCL, Teécom ParisToch, Université Paris-5
MAIN RE

Theorem 1 Fo

Assumption:

Assumption:
Llo- 1 <

“Assumption: 1) For some 3 € 0,1,

" ,
ks with SGD for Deep Neural Networks 3]
empirical) generalization properties

Thanh Huy Nguyef Umut Si



