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Communication COHlplGXity Algorithm 1: Federated Learning with Newton Sketch (FedNS)

First-order methods (e.g. FedAvg & FedProx) O(l / t) (’)( M ) Input: Feature mapping ¢ : RY — R | start point wy, the Input: Feature mapping ¢ - Ed — RM, start point wy,
. 5 termination iterations 1" and the step-size /.. accuracy toler ance 0 >E" llﬂe‘ﬁﬁf{-’h parameters (a,b),
Distributed Newton’s Methods O(log 1 / If) O(M ) Output: The global estimator w7-. threshold sketch sizes 1 and 722, and the decrement

parameter 7.
Output: The global estimator w1 .
1: Local machines: Compute the local feature mapping
data matrix ¢(X ;). Initialize and k; = ;.
2. fort=1.--- .1 do
3:  Local machines: Sample the sketch matrix S; =

R**™i from the SRHT. Compute local sketch square
root Hessian Xp, \ = S;VQL(DJ:: uu*t)”2 and local
gradients g ;. Upload them to the global server (1).
4. Global server: Compute the global Hessian matrix

E—D,t — Zm ETI—;j?ATPj?}l + AVQ{I(“IU{;), the

J7=1 N
global gradient gp, ;, = ZT’ZI %Qﬂj, . and the ap-

—~— 1

1: Local machines: Compute the local feature mapping

: o : . , data matrix o(X ).
Note: The computational complexities are computed in terms of regularized least squared loss to obtain a 0-accurate 5 fort — 1 to T( do |

solution, i.e., L(w;) — L(wp x) <. M is the number of model parameters. 3:  Local machines: Sample the sketch matrix S €

R¥*7i from the SRHT. Compute local sketch Hes-
sian matrices Yp, ) = SEV2L(D;3 w;)'/? and local
gradients g, ,. Upload them to the global server (1).
4:  Global server: Compute the global Hessian matrix

IT m N mamT

Hp, = ijl ~ Xp, AT D, +A\V2a(wy) and the
m
j=1

& Existing federated learning algorithms:

— First-order methods: Low communication burdens but slow convergence.

— Second-order methods: Fast convergence but high communication burdens.

global gradient gp ; = )
global estimator

: : : “2gp . and update the
© Motivation: How to take advantage of both first-order and second-order algorithms, such that the federated N TPt

algorithms can achieve low communication burdens and fast convergence. )

wy =wi— — pHp, gp proximate Newton step Aw; = —H p, gp ,. Com-

pute the approximate Newton decrement

Contributions: We propose a federated Newton sketch method, named FedNS, which shares both first-order and

second-order information across devices, i.e., local gradients and sketched square-root Hessian. and communicate it to local machines (J).

5: end for Mw,) = g;t.&wt.

¥ 1) On the algorithmic front. FedNS: a simple federated method with Newton sketch. FedNDES: a

\ 2 3 e G
communication-efficient Newton-type federated algorithm with line-search. If A(w:)” < 70 return the model w;. Otherwise send

Aw; and \(w;) to local workers.

Local machines: Line search from g 1: while

L(D;,wi+p;Aw) > L(D;, wi)+ap; A(w, ), then

(t; < by Send pi; to the global server.

6:  Global server: Let 1 = minje,, pj. Update the
global estimator

¥ 2) On the statistical front. Convergence analysis for two federated Newton sketching algorithms: FedNS o Local sketch Hessian 5:

and its line-search variant FedNDES. These methodologies delineate not only super-linear convergence rates T _ §.V2[(D 1/2
but also entail a small communication complexity. Dj,A — ~j (Dj,wy)™ "~

l

e (lobal sketch Hessian

Preliminaries Experiments we = w1 + pAwe.
m .
~ 1 If M(w¢) > n, set k = . Otherwise, set k = ma.
- J T 2 t 1, 1 3 2
cod-rna covtype HD,t — Z NTDJ-,ATDJ',A + AV O‘(wt)° Communicate the global model w; and the sketch
| T _ | Tpeeava | j=1 | :;ii‘e k to local machines ().
wp ) = argmin —FedNL — FedNL /: end for
FedNew FedNew
—FedNS | —FedNS |
— FedNDES — FedNDES
10710} 10710} .
w W Comparison
e Centralized Newton’s Method - 50 100 0 50 100
umber of communication rounds Number of communication rounds
1 : SUSY phishing Heterogeneous . . Communication | Total communication com-
Wiy = Wy — /LHD L 9D 45 with ~redivg — redavg Related Work setting Sketch size k£ | Iterations ¢ per round plexity
, —FedNewton _ \—FedNewton ! q
gp i = VL(D,w;) + AVa(wy), TRedhL —FednL FedAvg (Li et al. 2020c; Su, Xu, y B o (1) O(M) O(AL)
— T27(D A2 —FedNS —FedNS and Yang 2021) 0 0
7‘[7),,5 =V ( ,’wt) + AV Oz(’wt). 0 — FedNDES o — FedNDES FedProx (Li et al. 2020a; Su, Xu, Y B O (l) O(M) O(M)
10710 ~ 10710 ~ and Yang 2021) 0 0
e Newton’s Method with Partial Sketchin 0 50 100 0 50 100 DistributedNewton (Ghosh, Maity, _ O (loo L O(M O(M loo X
5 Number of communication rounds Number of communication rounds and Mazumdar 2020) 8 ( - 5) ( ) ( 05 5)
VZL(D wy) = LocalNewton (Gupta et al. 2021) X — O (log 1) O(M) O(M log )
? e _ 1 1
SV2,(D 1/2\T (V2 (D 1/2 e There is significant gaps between the convergence FedNL (Safaryan et al. 2022) v O (loglé) O(M) OM 210g ;)
( (D, we) %) (D, w) /7). speeds of our proposed methods FedNS, FedNDES SHED (Fabbro et al. 2022) v _ OU% 3) . I O(M 2) :
o FedNewton Vi — O (__og_og 3) O(M~) O(M=loglog 5)
and the existing Newton-type FL methods. P — i S oala D TON S (i lonlos 1
e Federated Newton’s Method (FedNewton) FedNs (Algorit m ) vV } (;-quog? (kM) (kM log log §)
e The proposed FedNS and FedNDES converge FedNDES (Algorithm 2) % . O (loglog5) | O(kM) O(kM loglog )

Note: The computational complexities are computed in terms of regularized least squared loss to obtain a d-accurate solution, i.e., L(w;:) —
L(wp x) < 4. The convergence analysis for FedAvg is provided in (Li et al. 2020c; Su, Xu, and Yang 2021) and that for FedProx is provided
in (Li et al. 2020a; Su, Xu, and Yang 2021).

nearly to FedNewton, while FedNew and FedNL
converge slowly closed to FedAvg.

e FedNDES converges faster than FedNS and the final
predictive accuracies of FedNDES are higher.

e The proposed algorithms achieve faster convergence with relatively small communication burdens.




