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Pros and Cons of Distributed
First order methods

Compressed methods

@ very well investigated already

@ Provably benefit from compressed communication
€ Rates depend on the condition number

@ Hard to find optimal stepsizes

Examples: QSGD, DCGD,
DIANA, ADIANA, MARINA



Pros and Cons of Distributed
First order methods

Compressed methods

@ very well investigated already

@ Provably benefit from compressed communication
€ Rates depend on the condition number

@ Hard to find optimal stepsizes

Examples: QSGD, DCGD,
DIANA, ADIANA, MARINA

Local methods
@ Not that well understood

@ Very limited communication avoidance effect Bad for heterogeneous data
€ Rates depend on the condition number

@ Hard to find optimal stepsizes



Second Order Methods to the Rescue?

Existing second order methods suffer from at least one of these issues:

€ Communication cost is high (communication of Hessian matrices)
© Rates depend on the condition number
@ Often no problem with stepsize selection



Second Order Methods to the Rescue?

Existing second order methods suffer from at least one of these issues:

€ Communication cost is high (communication of Hessian matrices)
© Rates depend on the condition number
@ Often no problem with stepsize selection

GO AL Develop a communication-efficient distributed Newton-type method
whose (local) convergence rate is independent of the condition number

@ cCan provably benefit from communication compression

@ Rate is independent of the condition number € Good rate for local convergence only
@ No issue with stepsize selection

© New nature of local steps
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The Problem: Local and Global Functions
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The Problem: Local and Global Functions
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Newton’s method
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NEWTON-STAR: Local Quadratic Convergence
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NEWTON-STAR: Local Quadratic Convergence
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NEWTON-STAR: Summary

g = g (VQF( ))_1 V F(2")

Local quadratic convergence rate independent
of the condition number

° Cheap O(d) communication cost

0 The Hessian at the optimum in unknown
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V2F(x

Structure of the Hessian
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Structure of the Hessian

Rank-1 matrices formed from the training data vectors
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NEWTON-LEARN

Desire: Communication-
efficient “approximation”
of the Hessian

.

i (H"‘j)_1 VF(z")

1 n 1 m
ko § , § , ke T

i=1 i=1 |

~ V2 fi(ah)

16



NEWTON-LEARN

Desire: Communication-
efficient “approximation”
of the Hessian

.

Wish list:

o 1 — ¢l(a ) as k — oo

i (H"‘j)_1 VF(z")

1 n 1 m
ko § , § , ke T

i=1 i=1 |

~ V2 fi(ah)

16



NEWTON-LEARN
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NEWTON-LEARN

Desire: Communication-
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Learning Mechanism in NEWTON-LEARN
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Learning Mechanism in NEWTON-LEARN

Compression operator (e.g., sparsification such as Rand-R)
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NEWTON-LEARN: Local Linear Convergence
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NEWTON-LEARN: Local Linear Convergence
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NEWTON-LEARN: Local Linear Convergence
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Further results

Convergence
Rate
Method result | type rate independent of the Theorem
condition number?
NEWTOI\(JiZ.)rAR (NS) Tey1 < cri local quadratic v 2.1
MAXATgEﬂI}?nT iMN) Tyl < cri local quadratic v D1
NEWTON-LEARN (NL1) o) < o7l local linear v 3.2
Algorithm 1 Tht1 < cOFr), local superlinear v 3.2
NEWTON-LEARN (NL2) ®f < 05 0f local linear v 3.5
Algorithm 2 Tep1 < cﬁgrk local superlinear v 3.5
A < ¢ global sublinear X 4.3
CUBIC-NEWTON-LEARN (CNL) A < cexp(—k/c) global linear X 4.4
Algorithm 3 Cbg < 65‘@2 local linear v 4.5
Thiyl < cegrk local superlinear v 4.5

Quantities for which we prove convergence: (i) distance to solution r, :=

‘.rk —az*

2
k ;
q)r; = + Cq E\:l:l E;lzl

tion value suboptimality Ay := P(z*) — P(z*)

||Ik .

(ii) Lyapunov function

(hfj — hij(x*))? for ¢ = 1,2,3, where h;;(z*) = g:i;(a;';-:r') (see (5)); (iii) Func-

f constant ¢ is possibly different each time it appears in this table. Refer to the precise statements of the theorems for the

exact values.
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Further results

NL2: handles the
non-regularized case A =0
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Experiments: comparison with
Newton’s method
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Experiments: comparison with
ADIANA, DINGO, BFGS
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The End
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