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» Conclusion

Federated Learning (FL) has emerged as a de facto machine learning area and received rapid
Increasing research interests from the community. However, catastrophic forgetting caused by data
heterogeneity and partial participation poses distinctive challenges for FL, which are detrimental to
the performance.

To tackle the problems, we propose a new FL approach, dubbed as GradMA (Gradient-Memory-
based Accelerated Federated Learning), which takes inspiration from continual learning to both
correct the server-side and worker-side update directions as well as take full advantage of server’s rich
computing and memory resources. Furthermore, we elaborate a memory reduction strategy to enable
GradMA to accommodate FL with a large scale of workers.We then analyze convergence of GradMA
theoretically under the smooth non-convex setting and show that its convergence rate achieves a linear
speed up w.r.t the increasing number of sampled active workers. At last, our extensive experiments on
various image classification tasks show that GradMA achieves significant performance gains in
accuracy and communication efficiency compared to SOTA baselines.



» GradMA

® Correcting gradient for the worker side

Algorithm 2 Worker_Update(x', x, n;, 1)

1: Setqm[{—m mg)—m.

.fur*r—[]l I—ldu

3 ol ‘G’ft( ) )= o

4 G [? fi( (-;]. )(aif.fi(m) - :13,;] _,{t-) o G(ﬂz* + q{ )

5- = QP,(g+ ,GTF )s — ) (1)
6: {jl _:1}() M g,E_i}_ _zq—lvft( T— 1)"'37.2?](1( ) T,H(m‘g'i _m5)+g:

7: end for
8: Qutput: :I?( ),




» GradMA

® Correcting update direction for the server side

Algorithm 3 Sewer_l.]pdate[[dﬂl., i € S, my, D, 1, (.
Ba, buf, new_buf)

: diy1 = -lq Eﬁ:&:t dEEl, My = i + diya. 1
: for c(i) € buf do ‘ -
(1) / diy1 = g Z diﬁbﬂh-ﬂ = iy +diqq,

[

3 ific &, then .
s DIi] < G2 Di] + Efl,r.‘[i] ¢ new_buf 1eSt @

. i . . i .

dijl.,r:{i] € new_buf DIi] + { ﬁED[ﬁ] ‘|' d;{1,1 €S ,

50 elseifi ¢ S then B2Dlil,i ¢ S

b: D[i] + B2 Dli]. M1 = QP (ﬂ’lz+1;D)?iﬂL+1 = Ly — T,lg’ﬁh+1-
7:  end if 9

8: end for

9: M1 = QP (M, D), 1 = T — 1gMgya.

10: Dutput: Dﬁ Tii1. Tﬁf+]‘
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» GradMA

Algorithm 4 mem_red(m, S, ¢, D, buf, new_buf)

1: fori € Sdo

2:  if ¢(i) € buf then

3 c(i) < (i) + 1.

4:  elseif ¢(i) ¢ buf then

5: if Length(buf) = m then
6

.

8

9

® A Practical Memory Reduction Strategy

old_buf = {}.
for k € buf do
if k£ ¢ S then
: old_buf + old_buf U {c(k)}.
10: end if

11: end for

12: Discarding ¢(i’) with the smallest value from
old_buf and set ¢(i") = 0.

13: Discarding D[i’] from memory state D,

14: end if

15: c(i) + e(i) + 1.

16: buf < buf U {c(i)}.

17: new_buf < new_buf U {c(i)}.

18:  end if

19: end for

20: Output: ¢, D, buf, new_buf




Assumption 1 (Global function below bounds). Set f* =
inf,cpa f(x) and f* > —cc.

Assumption 2 (L-smooth). Vi € [N], the local functions

f; are differentiable, and there exist constant L. > () such

that for any x,y € R", |V fi(x) = Vfi(y)| < Lz —y].

Assumption 3 (Bounded data heterogeneity). The degree
of heterogeneity of the data distribution across workers can
be quantified as |V f;i(z) — V f(x)||*> < p?, foranyi € [N]
and some constant p = ().

Assumption 4 (Bounded optimal solution error for QP,).
Given gm = V/fi(x) (see Alg. 2), then there exists £; > ()
such that ||g'" — g@||? < £2.

Assumption 5 (Bounded optimal solution error for QP

Given 35 € [0,1) and m (see Aig 3), then there exnh

£g > 0 such that |m —m||? < —4- - .Hz

» Convergence Results for GradMA

-)

Theorem 1 Assume Assumptions 1-5 exist. Let 1, <
e Myt < e PSSV  390 1202 12 +
1600 5L1* M9 = TL(B,S(N 1)1AN(5_1)) i

641, L(14401% ] Lz} N_S 1
. (1—p51)2 : S(N—-1) < 1. Forallt € [[]j... T —

1], the following relationship generated by Alg. 1 holds:

jTZ E[Ivs@?] < 2

— B) ([ (z0) — f*)
IngmT

+ Cief + (3'253 + C3p?,

where the expectation IE is w.r.t the sampled active workers
per communication round, and C; = 8 + 3201 Qm L? +

64ln,m L(14+400°y7 L*) N—S§ C, — 201, L n
, =B’ S(N-1)> ¥2 = (1-p1)2(1—p=2)In
{l—ﬁz]lzn?’ CS - Cl -8



» Convergence Results for GradMA

Theorem 1 Assume Assumptions 1-5 exist. Let 1, <

1 , (1—51)%S(N—-1) 9 2
ooz o' S TLG (V1) ran(s—T) 9nd 3201777 L7 +

. 2 2.9 ,
ﬁ4h;qm{_,1{_1;l4}ﬂzf l) SfN__ﬁl} <1l Forallte[0,---,T — Corollary 1 Assume Assumptions 1-5 exist. We set m =
1], the following relationship generated by Alg. 1 holds: T“lLI’ Ng = ‘;:, g = T% s and £, = % For

(B1S(N—1)+AN(S-1))? (b+(b2+1280)%%)?
1 2] 81— B)(f (o) — [*) 1> ma {160, RS S
T ; IE [”vf(-'rt)" ] < TngnT ‘ where b = (l_ﬁlifﬁﬁ_ﬁgn?{N_l} in Theorem I, we have:
+ Ch1e7 + Cgig + C3p?, = 705 )
7 E [IVf(2,)]?] = (WJFI)
where the expectation IE is w.r.t the sampled active workers —0 :
per communication round, and C; = 8 + 3201 Qm L? +

64ln,m L(14+400°y7 L*) N—S§ C, — 201, L n
(1—pB1)2 S(N—-1)” Y2 — ([1—-p51)2(1—PBa)Im

o Ca = C1—8



» Empirical Study

® Datasets

MNIST, CIFAR-10, CIFAR-100 and Tiny-ImageNet
® Our methods

GradMA, GradMA-W (for Worker_Update()), GradMA-S (for Server_Update())
® Baselines

FedAvg;

FedAvg’s improvements on worker side (FedProx, MOON, FedMLB, Scaffold);

FedAvg’s improvements on server side (FedAvgM, MIFA, MIFAM);

FedAvg’s improvements on server side and woker side (FedProxM, FedMLBM, MOONM,
Feddyn, MimeL.ite).



» Compara

tive Exp

Table 1. Top test a

eriments

curacy (%) overview given different FL scenarios.

MNISTHMNM, 5 — 10 MNIST+NN, w — (L0 CIFAR-104 Lenet-5, 5 — 10 CIFAR-1004VGG-11, w — 0.1 Tiny-Imagenett Resnet20, (w, ‘.u‘:l
Alg.s w10 w01 w00 §_5 550 w10 w01 w001 §-5 §.10 5§50 (0.01,5) (1.0,5) (1.0, 10)
FedAvg 98224005 97.114039 46194129 | 49656388 683244.16 | 69.481828 47864526 20974373 | 6024037 61221016 64784043 | 7504032 41804055 42904012
FedProx  98.164009 97191031 46821096 | 49.894367 67971427 | 71.581466 4R631492 20404385 | 55041071 612560090 64601027 | 7514046 41821029 42581069
FedMLB O8.31-L0e  97.26-L0.40 54534039 | ST224307 68444326 | 602840656 48004404 20814326 | 53.80L0.16 50204027 64064030 | 798034 428340013 43501080
MOON Q8 18-H0L12 97 114031 46264135 S0394E516 687540450 | TLI14T794 48844516 19304309 | 555374034 605EH060 64484042 ) 7704038 41680022 42 804054
Scaffold  97.634037 93944118 S0864746 | 19974488 49544208 | 53334663 35914214 15554133 | 32224092 34724080 45704076 | 7204033 40964023 43.0240.30
GradMA-W 98151010 97014023 63341375 | 6539409 65131254 | 72330384 50251394 (8991406 | 56431051 61384011 64961036 | 9981022 43681023 44571045
FedAvgM 082010018 9720030 53774032 | 57874364 6TBOLESSE | 7T0L044LT720 51014446 21024352 | 55854H028 61324029 64884025 16964108 41914023 425710014
MITFA OR.02-L0.12  96.E8H056 66924253 5604 L3902 S2R44b480 | TL41E581  S5060E11.87 23784204 | 50374102 5874042 64714031 S8.ER4H033 414240022 428340013
MIFAM 98024015 96904044 67154223 | 55284605 53354684 | 73484137 S2134071 24174124 | 49304086 S8914024 64614033 | 12014032 41944006 43174009
GradMA-S 98381009 97351028 74524171 | 75934097 69.091383 | 78761196 64.601587 28411243 | 59081043 63231022 65631035 | 20931149 48831106 49.6510.72
FedProxM 08260008 97134034 545040079 | 58594458 60000442 | TRO0LELGL 512245014 21804372 | 5563031 631540012 647810000 | 182304079 379840010 452710019
FedMLBM 9826400016 97354030 61,1241 .48 6LI2E4.17 6GRTREEIZE | TAT0A62 4000582 21534203 | 53014078 6044034 6485100018 | 17320082 446240032 451840027
MOONM Q82 -H01Y 97T04-H042 625344801 S5TO8455] 6RE2H443 | 73964411 50064H6.14 200094300 | 56.004025 62064019 65374007 | 16.784H095  4243-4H039 42 784046
Feddyn 97924012 96034046 59394229 | 65364520 ST6844.30 | 749414248 41934322 17944352 | 52954163 SBASL018 61714025 | 17804095 44374057 44864015
MimelLile Q819007 9710031 548641336 | S14L405 69414415 | 77984148 532740169 200734333 | 5800051 63204049 64684033 | 8204020 41054021 41560018
GradMA O8.39-L004 97344035 TTOTHIZS | TSS14H1d 66684307 | TO9240.59 65914510 30814178 | S9.47-H058 6d49-H047  65.6810.25 | 23524132 49290086 S0.54-H0.56
(a) CIFAR-10, w=1.0,5=10 (b} CIFAR-10, w=0.1,5=10 (c) CIFAR-10, w=0.01,5=10
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» Ablation Study

{a) CIFAR-10, w=10.01, 5=10

(b} Tiny-Imagenst, @ =001, 5=5

{a) MNIST, w=0.01,5=10
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