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Common carbon footprint benchmarks
in Ibs of CO2 equivalent

Roundtrip flight b/w NY and SF (1

passenger) | 1,984
Human life (avg. 1 year) I 11,023
American life (avg. 1 year) - 36,156

US car including fuel (avg. 1 lifetime) RPLN)

Transformer (213M parameters) w/

neural architecture search 626,155

Chart: MIT Technology Review * Source: Strubell et al. « Created with Datawrapper
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procedure FL+HC
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> On server
Initialise wq
for each round ¢ € [1,n]| do
Wy41 < FEDERATEDLEARNING(w;, K)
end for
W < Wi41
for each client £ € K do
Aw" < CLIENTUPDATE(k, w)
end for
C < HierarchicalClustering Algorithm(Aw, P)
for c € C do > In parallel

> In parallel

Wep < W
for each round t =1,2,... do
We t4+1 < FEDERATEDLEARNING(w, ¢, K.)
end for
end for

17: end procedure
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: end procedure

: procedure FEDERATEDLEARNING(w;, K) > On server
19:
20:
21:
22:
23:
24
25:

m < max (a - K, 1)
S; < (random set of m clients)
for each client k € S; do
wf, ; < CLIENTUPDATE(k, wy)
end for
k

K g
Wil ¢ D pe1 BWE
end procedure

> In parallel

procedure CLIENTUPDATE(k, w) > On client &
B < (Split Py, into batches of size B)
for each local epoch ¢ from 1 to E do
for batch b € B do
w +— w — NV L(w;b)
end for
end for

return w to server



Client Selection
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Network Traffic (MB)
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1: Initialization in Protocol 1.

2: Client Filtering : The server applies Stratified-
based filtering to select clients according to their metadata,
avoiding communications with irrelevant clients.

3: Resource Request : The server requests resource
information from the filtered clients.

4: Multi-criteria Client Selection : Based
on the clients responses, the server uses Multi-Criteria
selection approach to determine a maximum of [K x C]
clients to participate in the remaining steps.

5: Distribution : The server disseminates the global
model parameters to the selected clients.

6: Update and Upload in Protocol 1.

7: Aggregation : The server averages the parameters,
when more than 70% of the requested updates are received.
8: All steps but ITnitialization are iterated as in
Protocol 2.



Client Selection
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Client Selection

1: Initialize: 6,0 ;
2: for episode 1=1 to N do

12:
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for iteration t=1 to T do

Select action a according to the e-greedy policy;
Execute action a and observe reward r and next state s’;
Store experience e =< s, a,r,s’ > in M,
Select Ny, experiences ey =< Sk, G, Tk, S}, > from M;
for k=1 to N do
Determine o™ = arg max,/c 4 Q(s},,a’;0);
Calculate yi, = r +vQ (s}, a™™;07);
end for

_ 2
Define L(0) = N%, ki (yk — Q(sk, ak; 9)) ;

Perform a gradient descent step on L(8) to update 0;
Reset @~ = 0 in every N~ iteration;

end for

16: end for



0.74 1

0.72 1

0.70 1

0.68 1

0.66 4

0.64 4

0.62 -

0.60

Reducing Model Updates
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Reducing Model Updates
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Data generation Model distillation
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Decentralized Training

BrainTorrent:
A Peer-to-Peer
Environment
for
Decentralized
Federated
Learning

# Clients Scans/client

Avg. Dice over Clients Aggregated Model

FLS BrainTorrent FLS BrainTorrent
5 4 0.812 0.851 0.845 0.863
7 3 0.753 0.837 0.843 0.861
10 2 0.792 0.807 0.842 0.850
20 1 0.570 0.578 0.687 0.728
Pooled Model 0.866




%
%
al Vg
C2 e~ gt C5 e~
o0 - *. o0
s8] I~ 7 8830

e

\ A |
CB-O C4~O C3O
8320 8320 8320

Cy
o

/(j)
90 OO

128

- = — — -9 Aggregated Model Sharing
1y |ndividual Model Sharing

~————p Local Training
— Ping Request

(b) BrainTorrent: P2P serverless Federated Learning




Initialize N clients models, C = {C4,...,Cn} with random weights;

Initialize N version vectors V = [v',..., v"] with all zero entries;
for round rin 1, 2, ... do

Randomly select a client ¢ from {1,...,N};

Vold < Vi;

Vnew < ping_request(C; — C);

W+ LW* ;

forje{l,...,i—1,i+1,...,N} do
if v, > v/, then

‘ Receive updated W’ and a; from Cj ;
end

W — W + %Wj :
end

W* < FineTune(W, D;) ;
Increment v*(4);

end



Compression Schemes

Sparsification Quantization




Compression Schemes
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input: initial parameters W

output: improved parameters WV

init: all clients C;, i = 1, .., [Number of Clients] are
initialized with the same parameters WW; <— V. Every
Client holds a different dataset D;, with
{y : (z,y) € D;}| = [Classes per Client] of size
|D;| = @i| U;j Dj|. The residuals are initialized to zero
AW, R;, R < 0.

fort=1,.,7T do

do

for i € I, C {1,..,[Number of Clients]} in parallel

Client C; does:

msg < downloadgs_, ¢, (msg)
AW < decode(msg)

AZ/VZ +— R; + SGD(WZ', D;, b) - W;
AW; STCpup (~AW1,)

13
14
15
16

17

18

19
20
21

22
23
24
25

e msg; « encode(AW;)

e uploade, ,5(msg,)
end
Server S does:

® gatherci_)S(Ai/Vi), 1€ Ly

® A}/V +— R+ ﬁ ZiEIt AW’L
AW « STC,, . (AW)
R+ AW — AW

W« W+ AW

msg < encode(AW)
broadcasts_,¢, (msg), i =1,..,M

end
return YV
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input: flattened tensor 7' € R", sparsity p
output: sparse ternary tensor 7% € {—u, 0, u}"
k < max(np, 1)

v < top,(|T)

mask < (|7'| > v) € {0,1}"

T™asked « mask ® T

p e} T, [Tkl

return 7 < pu x sign(T™asked)



Compression Schemes
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FedPAQ: A Communication-Efficient Federated
Learning Method with Periodic Averaging and
Quantization



: for k=0,1,--- , K —1do
server picks r nodes S; uniformly at random
server sends X; to nodes in Sk
for node ¢ € S, do

fort=0,1,--- ,7—1do
compute stochastic gradient
Vfi(x) = VU(x,€) for a & € P°
ot L 0~ s o)
end for
send Q(x,(:),r — Xx,) to the server
12: end for |
13: server finds xp11 < X+ = D ies, Q(x,(:)T — Xx)
14: end for
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