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Federated Learning: Background

> Federated learning has recently become a popular machine learning
training paradigm that enables multiple clients to jointly learn a ma-
chine learning model without sharing their own data.

> Federated learning can be formulized as the following nonconvex op-
timization problem:

. 1O i
min f(x) = ~ ; = Eeo)up, Fi(x;67),

=F;(x)

where we assume F;(x) is the local nonconvex loss function on worker
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Federated Learning: Optimization
» FedAvg (McMahan et al., 2017) is a commonly used optimization
approach to solve the former optimization problem:

Client 4: receives x¢, Al

updates x;} ;- by K steps of SGD
with learning raten;,

Server: receives A% i € [1,m],
updates A, = L 377" AL
updates x;11 = X¢ + Ay

e

obtains Al = x! . — x;. Xi+1

> The key idea of federated optimization is to use the pseudo gradient
Al for aggregation and update.

Pseudo gradient
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Federated Learning: Challenges

> Large communication overhead

> Lack of adaptivity
> Various attempts have been made to solve the challenges individually
or in pairs:
> quantization or compression strategies
> partial participation in training rounds

> adaptive federated optimization



Federated Learning: Challenges

¥’ Quantization or Compression: clients send Q(AL) or C(A?) instead of
Al to the server.

¥ Partial participation: allows part of the clients (usually a small amount)
to participate training process in each round.

v Adaptive federated optimization (e.g., FedAdam): the server updates
global model using A; via adaptive (e.g., Adam) optimizer:

m; = fimy_1 + (1 — B1)Ay, vi = Bave_1 + (1 — B2) A7,
+
X =X —_—.
t4+1 t ﬂ\/‘Tt+ .
% Partial participation settings in adaptive federated optimization.
2 Quantization or compression with adaptive federated optimization.



Motivations and Contributions

Can we simultaneously overcome the challenges through various aspects,
i.e., achieve communication-efficient adaptive federated optimization with

rigorous convergence guarantees?

In this work, we will show that both the gradient compression and the
partial participation can be applied to adaptive federated optimization
for overcoming the existing challenges in federated learning.



FedAMS: Federated AMSGrad with Max Stablization

» The FedAMS framework follows the same momentum m; and vari-
ance vy update rule as FedAdam. In addition, FedAMS provides two
options for max stabilization:

. ~ ~ my
Option 1: vy = max(Vi_1, Vi, €), X1 = X¢ + 77\/—7.
Vi
Option 2: vy = max(Vi_1,Vy), Xer1 = Xt +77f+
€

> FedAMS supports partial participation settings: only a subset S; of

clients participate in the tth round.

i _
Selected client i: receives x¢, Al Server: receives A} i € Sy,

updates x;K with 7, updates A, = % Z?;l A%v
obtains Aj =x; . —X;. x| updates x¢;1 via FedAMS.



FedCAMS: Federated Communication-Compressed

AMSGrad

> FedCAMS compresses the model difference Al to Al via compression

strategy with error feedback:
Al =C(A] +e});el,, = A} + e — Al

Each client sends the compressed ﬁ; to the server.

> FedCAMS is also compatible with partial participation settings by
keeping the stale cumulative compression error for inactive clients.

Selected client ¢: receives xq,

updates x; ;- by K steps of SGD Server: receives Ay, i € Sy,

updates A, = L S Al
X1 updates x;y1 via FedAMS.

with 7, obtains A} = x} r- — %y,
compresses A} to A}



Convergence Analysis: Assumptions

» Smoothness For any x,y € R?, assume that
[F:6) = fily) — (Vily) x —3)] < 5 lx—yIB.
» Bounded Gradient For any x € R? and any £, assume that
IVfix; Ol <G, IVfi(x: )l < Goc-

» Bounded Variances For any x € R, assume that g = V f;(x, £))
has a bounded variance, i.e.,

Vii(x,6D) = V)| < 0%

Eei op,

we also assume the loss function has a global variance bound:

LS IVEG) - VI < o3
i=1



Convergence Analysis for FedAMS

> Under the aforementioned assumptions, by choosing n = ©(v Km)

and 7, = @(ﬁ) the convergence rate for FedAMS under full par-

ticipation settings satisfies

win B[V ) = 0 ).

where T is the total iterations, K denotes the number of local updates,
and m denotes the number of workers.

This matches the result for general federated nonconvex optimization
methods such as FedAdam and SCAFFOLD.
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Convergence Analysis for FedAMS

» Under the aforementioned assumptions, by choosing n = ©(v Kn)
and n = 8(\/%1()' the convergence rate for FedAMS under partial
participation settings (only n of m clients participate in each round)

. _(VE
pin B0l =07 )

> This convergence rate is consistent with the partial participation result

satisfies

of FedAvg in the non i.i.d. case.
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Convergence Analysis: Assumptions (FedCAMS only)

Besides assumptions of Smoothness, Bounded Gradient and Bounded

Variances, FedCAMS needs one more assumption for the compressor C(-).

> Biased Compressor Consider a biased compressor C : R¢ — RY,
there exists constant 0 < g < 1 such that

E[|C(x) —x]] < qlx|., vx € RY.

Several widely used compressors satisfying this assumption such as the

scaled-sign compressor and the top-k compressor.
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Convergence Analysis for FedCAMS

» Under the aforementioned assumptions, by choosing n = ©(vVKm)
and n; = @(\}%g{) the convergence rate for FedCAMS under full
participation settings satisfies

. _of L

> This result matches the rate for the uncompressed counterpart, FedAMS,
wrt. T, K,m

> A larger ¢ (¢ — 1) corresponds to a stronger compression, leading to

a worse convergence due to heavier information loss.
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Experiments
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(a) ResNet-18 (b) ConvMixer-256-8

The learning curves for FedAMS and other federated learning baselines on train-
ing CIFAR-10 data, (a) shows the results for the ResNet-18 model and (b) shows
the results for the ConvMixer-256-8 model. We denote FedAMS for Option 1
and FedAMSGrad for Option 2 in the proposed FedAMS framework.
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Experiments
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(b) ConvMixer-256-8 model

The learning curves for FedCAMS and uncompressed FedAMS on training
CIFAR-10 data on (a) ResNet-18 model and (b) ConvMixer-256-8 model.
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Thank you
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