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The Problem




The Problem

Hessians are Lipschitz continuous

IV2fi(z) — V2 fi(y)|| < L||lz — y||

- 2" order smooth
non-convex

r ERA \

of 1~ ,
min ¢ f(z) d:fEZfz'(ﬁ)
1=1

Strongly convex for some p > 0 and for any z,y € R?

f(z) = f(y) +(Vf(z),z —y) + &llz — y*



Distributed Implementation of Newton’s method




Distributed Implementation of Newton’s method

< COmMMmunication issue

V2 fi(x®) — d? floats




Newton’s Method
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Newton’s Method

1 n
.’L’k—l_l - CCk . ; ZEVsz(xk)

Can be computed locally Can be computed locally

Expensive to communicate: O(d2) Easy to communicate: O(d)

Q O(d) communication cost per round

Hessian Lipschitz constant

L
|t — 2| < = ||la* — 2|

Local quadratic convergence rate 9
independent of the condition number H Local quadratic rate

Strong convexity constant

0 Implementability in practice



NewtonMethod
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m“ Rustem Islamov, Xun Qian and Peter Richtarik

Distributed second order methods with fast
. rates and compressed communication,
Adobe /CML 2021.

The unique minimizer of f(x)




The unique minimizer of f(x)

NewtonMethod

\‘ Rustem Islamov, Xun Qian and Peter Richtarik Can NOT be CompUted IocaIIy Can be ComPUted |Oca“y
- Distributed second order methods with fast
. rates and compressed communication,
Adobe /CML 2021. : D 2 :
Slngle communication of O(d ) Easy to communicate: O(d)

0 O(d) communication cost per round

Hessian Lipschitz constant

Q Implementability in practice I

k+1 * k *
Local quadratic convergence rate Hx — & ” < Z,u ||£B — 4 ”
independent of the condition number Local quadratic rate

Strong convexity constant
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Learning the Optimal Hessian Matrices

Newton Star

Clﬁk_l_l
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Learning the Optimal Hessian Matrices

Newton Star

I (

mmarn the optimal Hessians V2 @) in communication efficient manner:

(HHF — V2f;(z*) as k — oo |(i1)HF T — HF is compressed

—1

_ 1N k
ES R N (n ;) V£ (z")
= z* — @_1Vf(xk)
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FedNL: Two Options for Updating the Global Model

Option 1 Option 2

kel _ ok GHk}m)_l v £ () kL _ (Hk ml)—lvf(xk>

Projection onto the cone

of positive definite
E[ES
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FedNL: Hessian Learning Rate Options

HH = Hy + acy' (V2 f;(z") — Hy)
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FedNL: New Hessian Learning Technique

HA = 1Y 1 oCF(V2f(2h) — )

*

Greedy sparsification (Top-K) Random sparsification (Rand-K)
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FedNL: Local Convergence Theory

1
k 2 0 2
|=" — 2" @ 5xll=” — |

Local (fixed) linear rate
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FedNL: Local Convergence Theory

1
k 2 0 2
|=" — 2" @ 5xll=” — |

Local (fixed) linear rate

w81 {31

Local linear rates

ok p*

HY — V2f;(z*) for all i € [n]

Constant depending on
the choice of the
compressor and stepsize
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FedNL: Local Convergence Theory

ok p*

HY — V2f;(z*) for all i € [n]

d

1
k 2 0 2
|=" — 2" @ 5xll=” — |

Local (fixed) linear rate

w81 {31

Local linear rates

Constant depending on
the choice of the

compressor and stepsize

”xk+1 . x*“2 . 1 k D HO
< - _
2% — %2 A g “+ 1Bz ) @2

Local superlinear rate
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Experiments: Regularized Logistic Regression

Regularization parameter Training data points

min { Zfz —||£L‘||2} filz) = %Z log (1 + exp(—b; a;giv))

j=1

where {a;;, bij} jcm) are data points at the i-th device. The datasets were taken from LibSVM library
|Chang and Lin, 2011|: ala, a9a, w7a, w8a, and phishing.
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Experiments: FedNL vs Gradient-Type Methods
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Experiments: FedNL vs DINGO
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(c) w8a, A=10"3 (d) phishing, x =104



Experiments: FedNL vs NEWTON-LEARN (NL)
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Thank you



