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Federated Learning

Decentralized learning with unshared local data

Local client (device):

1 Get global model parameters

2 Train model parameters with local private data
3 Send updated parameters to the server
Server:

1 Receive updates from clients

2 Aggregate local updates for a better global model
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Clients: D

Local data: E



Multi-Model Federated Learning

(Google example) Multiple FL models are running on your phone.

Keyboard prediction Predicting text selection Speech model
A
AN Sounds good. Let's meet at 350 Third Street, o
root £ : Cambridge |ater then Hi, how can | help you?

4 Source: federated.withgoogle.com




Multi-Model Federated Learning
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Local data: E

Single-model federated learning
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Speech Model:

Multi-model federated learning



Multi-Model Federated Learning

X
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Problems we may have erverz
Server communication cost /I\
Clients: D D D D D

Model 1:
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Multi-model federated learning




Multi-Model Federated Learning

Problems we may have Server

Server communication cost
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. Clients: D D
Assumptions:
Model 1:
1. Partial client participation/communication
Model 2: &l
2. Each client can only send 1T model to the server
Model S:

Multi-model federated learning




Multi-Model Federated Learning

Problems we may have Server

Server communication cost
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. Clients: D D
Assumptions:
Model 1:
1. Partial client participation/communication
Model 2: &l
2. Each client can only send 1T model to the server
Model S:

Questions:

: Multi-model federated learnin
How to sample clients? How to sample models? S
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MMEL Optimal Variance-Reduced Sampling

Idea: the client with higher gradient norm can provide
more informative updates.

In Round t
Server o=

e
Nl

Client i D
FL models E}u E}u




MMEL Optimal Variance-Reduced Sampling

Idea: the client with higher gradient norm can provide
more informative updates.

In Round t
Server o=

=

D D D 1. Upload gradient norms

(based on current local models)

Client i D
FL models E}u E}u
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MMEL Optimal Variance-Reduced Sampling

Idea: the client with higher gradient norm can provide
more informative updates.

In Round t
Server o=

=

D D D 2. Probability

feedback

1. Upload gradient norms
(based on current local models)

Client i D
FL models E}u E}u
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MMEL Optimal Variance-Reduced Sampling

Idea: the client with higher gradient norm can provide
more informative updates.

In Round t

Server
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1. Upload gradient norms
(based on current local models)
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MMEL Optimal Variance-Reduced Sampling

Idea: the client with higher gradient norm can provide
more informative updates.

In Round t

Server

i

i

i

1. Upload gradient norms
(based on current local models)
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MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update

d. N
|y 2207 = di UL

-
i€EA- Ps); i=1

S S N
s.t. pgj; = 0, szli <1, Zngu =m Vi,s
s=1 =1

S=
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T: global round number
[: client index

s: model index

m: expected number of
active clients

d; s: dataset size ratio



MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update 1: global round number

i: client index
s: model index
_ m: expected number of

S N active clients
di S

. T T |12 d; .: dataset size ratio
i > Ea., || D 22U, - disUll
p

slif g—q i€AL s ps|z’ i=1
Sampling Probability distribution -

Stps|z20 ZPS|ZS1 Zzpsh_m Vi, s

s=1 1=1
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MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update 1: global round number

Zt 1Vf@s( zST) I: client index
Cllent i update (gradient) s: model index

_ _ m: expected number of
S N active clients
di,s

. T T |12 d; .: dataset size ratio
i > Ea., || D 22Ul - disUll
p

. P.i; t: local epoch number
slif g=1 icA, L8l i=1

Sampling Probability distribution

Stps|z20 ZPS|ZS]‘ Zzpsh_m Vi, s

s=1 1=1
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MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update

S
min Z]EATS
{pSIi} s—1

Sampling Probability distribution
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T: global round number
Zt 1Vf@s( zST) i: client index

Cllent i update (gradient) s: model index

- m: expected number of
active clients
d UT ”2 d; s: dataset size ratio
'L S Z S 1, s

t: local epoch number

Full part|C|pat|on update

Stps|z20 Zpshgl Zzpsh_m Vi, s

s=1 1=1
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MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update 1: global round number

Zt 1Vf@s( zST) I: client index
Cllent i update (gradient) s: model index

fampled update _ m: expected number of
S d N active clients
. 1,8 T 1T T 112 d; .: dataset size ratio
{mln} ]E-AT 8 || UZ s diasUi,S || o
Pl ’ ’

. D t: local epoch number
s|i s=1 i ’LGAT . Sl’& 1=1

A s: set of active clients
Sampling Probability distribution Full part|C|pat|on Undate

Stps|z20 Zpshgl Zzpsh_m Vi, s

s=1 1=1
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MMEFL Optimal Variance-Reduced Sampling

Minimizing the variance of update 1: global round number

Zt 1Vf@s( zST) I: client index
Cllent i update (gradient) s: model index

fampled update _ m: expected number of
S d N active clients
. 1,8 T 1T T 112 d; .: dataset size ratio
{mln} ]E-AT 8 || UZ s diasUi,S || o
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. D t: local epoch number
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MMEFL Optimal Variance-Reduced Sampling

Closed-form solution of the problem - 1: global round number
Uly = 30 Vfis(wls) : client i
i,s — 2ut=1 VY Ji,s\W; 5 7 [: client index
s: model index
m: expected number of

U’ o T
(m _ N + k:) ||’c z,s]\|/|IT if 1 = 1, 2, e ’k, active clients | |
Pl = - =13 (5) d; s: dataset size ratio
s|i U] |l ifi=k+1.---.N t: local epoch number
M7 ’ o A, s set of active clients
~ S ~
whete |07, = [[di U7 | and M7 = S5, O We
reorder clients such that M < M7 , for all 7, and k is the
k T
. . Y
largest integer for which 0 < (m — N + k) < ZJX/}T L,
A k

20 Proof: https://tinyurl.com/mmflos




MMFL Optimal
Variance-Reduced
Sampling
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T: global round number
[: client index

s: model index

m: expected number of
active clients

d; s: dataset ratio

t: local epoch number

Algorithm 1 MMFL optimal variance-reduced sampling

1: Input: expected active client number m, clients: 1,2,3,---, N, models: 1,---,S,

learning rate n-

2: Initialization: The global model weights w} for each model
3: for global round 7 =1,---,7 do

4: for each client ¢ = 1,--- , N, in parallel do
5: for each model s =1,---,5 do
6: wil,s = w,
7 for local epochst=1,--- , F do
s Wit =l — 0, Vi,
9: end for
10: record weights difference U, s = Zf;l Vi (wf,s
11: Send ||U; s|| to the server
12: end for
13: end for
14: At server:
15: Receive ||U; s|| for all clients and all models
16: ps|i=ClientSampling({||U;,s||}) using the closed-form solution
17: Select clients by p;|;, obtain the set of active clients for each model: A~
18: for each model s =1,---,5, in parallel do
19: Request U; s from clients ¢ € A g
20: Server aggregation: wl ™' = wl —n, Ez‘eAT,s Zi—’ljUi,s
21: Broadcast wl ™! to clients
22: end for Minimize its variance
23: end for




MMEFL optimal variance-reduced sampling

{p7} = Ara,+  Ars > GT,-++ ,GT, -+ ,G%
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MMEFL optimal variance-reduced sampling

Sampling probability distribution
{p7i} = Ara, o Ars > GT,--+ ,GT,+ ,G%
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MMEFL optimal variance-reduced sampling

Sampling probability distribution
{p7} = Ay, Ars > GT,-++ ,GT,-+ ,GE

Set of active clients for each model

T+ _ T — diys 7.
Wg = Wg MNr Z’iEAT,s Pali Uz,s
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MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model

{p7i} = Ara,+  Ars > GY,-++ ,GT, -+ ,GE

Set of active clients for each model

T+l _ T di,s 7.
'LUS _ ws 77’7' ZieA’r,s p3|z U’L,S
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MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model The optimal model weights wg
{p7i} = Ara,+  Ars > GY,-++ ,GT, -+ ,GE O

Set of active clients for each model

T™+1 _ 7 d;, s )
'LUS E— ws 77’7' ZieA’r,s p3|z U’L,S

26




MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model The optimal model weights wg

{pli} = Ar1,o  Ars =+ G-+ ,GT, - G5 /,
/

Set of active clients for each model ,/ Full participation update

N

-
E d’i,SUi,s
=1

T™+1 _ 7 d;, s )
'UJS E— ws ,’7’7' ZieAT,S pslz U’L,S
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MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model The optimal model weights wg
{p§|i}_)AT,l7“'7AT,S_)G?[-7“'7G;7“'7G7S: /,
Set of active clients for each model ,’/FuII participation update
/
// idi,SU;—s
1=1

’7'+1 - T divs 2
'UJS E— ws ,’7’7' ZieAT,S pslz U’L,S

Possible sampled updates

di,s
- Z’I.’E‘AT,S pS|’i 7/’8
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MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model The optimal model weights w;
{pgﬁ}_)AT,l,...’AT,SﬁGI,...,G;,...,Gg /,
Set of active clients for each model ,’/FuII participation update
’ N
/// Zdi,SU;,-s
w§+1 =wg; — Nr ZieAT,s zi_’lj.Ui,S /// i=1
? I‘ //
Lo, Sampled update

/
/7 7
di,s

1,8
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MMEFL optimal variance-reduced sampling

Sampling probability distribution ~ Sampled update for each model The optimal model weights wg

{pli} = Ar1,o  Ars =+ G-+ ,GT, - G5 /,
/

Set of active clients for each model ,/ Full participation update

N

-
E d’i,SUi,s
=1

T™+1 _ 7 d;, s )
'UJS E— ws ,’7’7' ZieAT,S pslz U’L,S

Sampled update
di,s

iE'ATaS pSl’L ¢S
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MMEFL optimal variance-reduced sampling

Sampling probability distribution

Sampled update for each model
{p5it = Arpy -

The optimal model weights wy
7AT,S_)G?[-7“'7G;7“'7G7S: /,
/
Set of active clients for each model

,/ Full participation update

d. /// ZdiaSUz?,-s
'w;_'i'l = Ws —Nr ZiEAT,s ﬁUi,S ,// =
A
: ;/// v wit!
| ,'// // Sampledq update
HlTln ZE'ATS H Z zSUZTS Zdzs 7:3”2 ll/l////_ g Z’I:EAT,S ﬁ 8
pL:} icAn . a8

Try to decrease this angle
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Preliminary experiments

Experiment settings: Average Accuracy over 5 Models

N=120 (total clients)

0.5 4

m=12 (expected active clients)

o
F ey
1

5 models (all Fashion-MNIST classification,
with different non-iid level)

Accuracy
©
w

—— MMFL optimal sampling

52.6% data belongs to 10% clients 02{ [ ---- Random
------- Round robin

E=5 (local epoch number) e B B 8 0% 5 0%
Num. Global Iterations
5 random seeds
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One more step

Computing the gradient norm is too expensive on T: global round number

the client side. i: client index
= S Vfie(w for) s: model index
Cllent i update (gradient) m: expected number of

Sampled update active clients
g - ; %\ 7 d; : dataset ratio
: t: local epoch number
- § : § : LSTrrT 2 : T |12
{IILln} ]E-AT,S || : U’l:,S o di,sUi’s ||
p

slidf g—1 i€A s ps|z’ i=1
Sampling Probability distribution

Full part|C|pat|on update

s.t. pgj; 2 0, Zpshgl ZZpslz—m Vi, s

s=1 1=1
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One more step

Computing the gradient norm is too expensive on 1: global round number
the client side. i: client index

S: model index
Client i loss value m: expected number of

Sampled update active clients
g - ; %\ 7 d; : dataset ratio
: t: local epoch number
- § : § : LSTrrT 2 : T |12
{IILln} ]E-AT,S || : U’l:,S o di,sUi’s ||
p

slidf g—1 i€A s ps|z’ i=1
Sampling Probability distribution

Full part|C|pat|on update

s.t. pgj; 2 0, Zpshgl ZZpslz—m Vi, s

s=1 1=1
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One more step

Computing the gradient norm is too expensive on 1: global round number
the client side. i: client index

s: model index
Client i loss value m: expected number of

Sampled update active clients
g - P N 7 d; : dataset ratio
: t: local epoch number
- § : § : ©S rrT E : T 12
{rq_ln} E-A‘r,s || : U’l:,S T diasU’i,S ||
p

slidf g—1 i€A s ps|z’ i=1
Sampling Probability distribution

Full part|C|pat|on update

s.t. pgj; 2 0, Zpshgl ZZPSI%_m Vi, s

s=1 1=1
In single-model FL,

they believe this is just an approximation of the gradient norm...
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N
One more step min F = 3" d; o fi.s (w,)

i=1
Using loss is in fact The optimal model weights wg
optimizing another ,
thing... /
/
/
/
/
/
/
”
7/
/7 W;'+1
~ “Sampled update
d’i,s

,L.GAT,S pslz Z,S
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N
One more step min F = 3" d; o fi.s (w,)

i=1
Using loss is in fact The optimal model weights wg
optimizing another  The optimal model weights wg’ [
thing... Objective estimator @) O p
: d; !
min F! = Z %fi,s(ws) /!
° ieAT,s ps|z // .

T+1

v

~ Sampled update
d’i,s .

i€AT,s pgp; 8
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N
One more step min £ = 3" d; o fi.s (w,)

i=1
USiIZIg _|0_SS is in fact The optimal model weights wg
optimizing another  The optimal model weights wg’ [
thing... Objective estimator @) O p
. d; !
min F! = Z :’S fi,s(ws) /!
° 'iEAT,s p8|’b // .
/
S d N : / //
: i,8 2 I v
min S Ea, I Y % g S d g R O
ps|’i s=1 iEA’T’,S pSl'I, gill | II / // T+1
I AR
S S N 1,7 L7 _
I, -
s.t. pg); 2> 0, szlz <1, Z szlz =m Vi,s 1, 3~ ~-~" Sampled update
s=1 s=1 i=1 S di,s 7.
i€ATs pgp; 8
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One more step min £ = 3" d; o fi.s (w,)

Using loss is in fact Theoptimal model weights wg

optimizing another  The optimal model weights wy’

thing... Objective estimator\ @ Minimize this area

S d N
. 'I:,S T T 2
min E Ea, . |l E —Jfis— E dis is
”'
~ Sampled update
dis 17,
i€Ar,s Py U°
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Experiment results

Experiment settings:
N=80 (total clients)
m=16 (expected active clients)

4 models (Fashion-MNIST, MNIST, EMNIST,
Fashion-MNIST)

E=1 (local epoch number)

5 random seeds

40

0.45 A

0.40

0.35 A

Accuracy

0.20 A

0.15 A

0.10 A

Average Accuracy over 4 Models

0.30 A

0.25 A

—— gradient-norm
—— loss value

6 260 460 660 860 10b0 12b0 14b0
Num. Global Iterations




Related Work

Optimal Sampling for Federated Learning (single-model)

N: The number of clients. m: expected number of active clients per round

mln]EAt Z sz Zdvfz

{ri} iC A

st.0<pt<1 Vi, Zpﬁzm
i=1

The closed-form solution can be deduced by optimizing a Lagrangian function.

[2] Chen, Wenlin, Samuel Horvath, and Peter Richtarik. "Optimal Client Sampling for Federated Learning." Transactions on Machine Learning Research (2022).
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Related Work

Optimal Sampling for Federated Learning (single-model)

N: The number of clients. m: expected number of active clients per round

_ 1Tl £ — -
ot = (m—N + k) SN ifi=1,2,--- ,k, 0
1 ifi=k+1,---,N.
where ||U;| = ||d:Us]|, di = ns/ Zj.vzl n; (n; is the number of samples for client

i), and U; is an unbiased estimator of V f;. Reorder clients to guarantee 1Ui|| <
|Uii1]|| for all 4, and k is the largest integer for which 0 < (m — N 4+ k) <
> TS

AR is the probability of sampling client ¢ for the current round.
k . 2

[2] Chen, Wenlin, Samuel Horvath, and Peter Richtarik. "Optimal Client Sampling for Federated Learning." Transactions on Machine Learning Research (2022).
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