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Background

* Federated Learning (FL)
v' Training machine learning models using data owned by various devices
v Privacy requirements: only share model parameters or model updates instead of raw data

Federated learning

B B0 [ Training data

5% Trained model

Various devices

i Compute local gradient T
@ Upload local i / Download
gradient global gradient
T XTI to update the
w_ model

(3) Aggregate gradients
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=4 Background

* Challengesin FL
v'Communication stragglers: Devices may have intermittent connectivity to the server

Federated learning

An area with poor
Internet coverage

CA - 8

)

TR 7

Server P
1

Missing information from the stragglers
- Degraded learning performance
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Existing efforts to evade the stragglers in FL
* Fully decentralized FL framework [W. Liu, 2022; T. Vogels, 2022; Y. Lu, 2023]

AN

Large Communication Overhead
is Unsustainable for Decentralized Learning!

Ring Topology: Devices Communicate Only
with Their Neighbors

Laptop =

L 9 ngh Energy Use I ° Larger Carbon Footprint }
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Existing efforts to evade the stragglers in FL

= Semi-decentralized FL framework

= A framework in between traditional FL and fully decentralized FL [Y. Guo, 2022; M. Yemini,
2023; H. Wang, 2024]

o Peer-to-peer communication among devices
= |t allows two types of communication {

Communication between devices and the server

(3) Transmit local gradients to some others; Perform local aggregation

(2) Compute
local gradients

= (D Broadcast the global model

) Receive and aggregate messages from the non-stragglers
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Existing efforts to evade the stragglers in FL
= Semi-decentralized FL framework:
To fully evade the negative impact of the stragglers--Gradient coding

| }

Device 1 Device 2 Device 3

g, + g; + g3 (from any 2)

The same performance can be attained as if there were no stragglers
s stragglers and N devices: Transmitting Ns vectors in each round » High communication overhead
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* There are N devices and a central server. Each device owns a dataset D;,i = 1, ..., N.
* Objective --- to learn a model parameter vector minimizing the total training loss

N
X :mgﬁgf(x)=mgmmz—1:ﬁ(x)

xeR? =
« fi(x):R% > R is the local loss function associated with D;: f;(x) = Egp, F(X,$)

(3) Transmit local gradients to some others; Perform local aggregation

(2) Compute
3 A<= ® )= — -
| — = local gradients

Intermittently available links ------ >
I; ~ Bernoulli(1 - p), for deivce i in round ¢
(1) Broadcast the global model

(4) Receive and aggregate messages from the non-stragglers
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= The proposed method:
- Communication-efficient semi-decentralized FL (COFFEE)

In each round t:

Broadcast the global model xt to all devices
® g



The proposed method: COFFEE




KTHQL% The proposed method: COFFEE
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Iteration 1

“Communication-optimal” means: Each device i obtains the
average of the local gradients computed by itself and its ng
previous neighbors under the minimal communication

[teration 0

overhead

Zgw

D 3
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Device 2

Dewce 1
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Non straggler  Straggler  Non straggler Non straggler

Straggler  Non straggler
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s} The proposed method: COFFEE

Non straggler  Straggler  Non straggler Non straggler Straggler  Non straggler
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2} Advantages of COFFEE: An intuitive comparison

Ty
GC in Semi-decentralized FL COFFEE

. : Sharing information in a
Sharing information S :
communication-optimal manner
based on GC i
towards achieving consensus

Vv N

Device 1 Device 2 Device 3 Device 1 Device 2 Device 3
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N7
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» The global gradient can be exactly recovered at the « The global gradient can be approximately recovered
server. at the server.

« sstragglers and N devices: Transmitting Ns vectors « Reduced communication overhead in each round
in each round > High communication overhead
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Assumption 1. The stochastic gradients are unbiased with bounded variance:

o, cn, (€)=, (x ) B, oo, | [V (x') - &

-

]SO’z,Vi

Assumption 2. The overall training loss is L-smooth:

f(x)<f(y)+(Vf(y).x-y)+=|x-y

Assumption 3. The heterogeneity among the local training data is bounded:

2

HVf, (x)—%\fo(x) < Bt ViVx

2
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{25} Theoretical analysis

3). Based on
Assumptions 1-3, by setting v = % wzth e>0, forT >

2
((—ILL;[;)_N e -121) e2 — 1, COFFEE converges as

1 ¢ &
71 2 E(197GI;3)
t=0
f( 0) _f*
eVT +1— 2L _ L2

N 9D
LN 3> LNo? L 2
+ as + sap)nar) T 2O
L L )
\/T -+ 1 — _(lé‘_PW — 55

where [* is the minimum value of the overall training loss.
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Decreasing value of p »
enhanced learning performance
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Training loss

Numerical results

+ Logistic regression problem based on the MNIST dataset

140 H !

160 H*

——COFFEE, p=0.7|

Varying straggler’
probabilities p
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Communication overhead

Sustainability Benefits

j
Lower Energy
Consumption
Less data transfer
= Less electricity use

Reduced

Carbon Emissions
Lower energy use

= Smaller carbon
footprint

Conserves
Resources

Less demand on
1/ network and
computing resources

© @

More
Sustainable
Al

Good for people
and the planet!

COFFEE reduces the
communication burden
significantly compared with the
baseline.

Rationale: COFFEE adopts a
communication-efficient way for
information sharing among the
devices
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C. Li, M. Xiao and M. Skoglund, "Communication-Efficient Semi-

Decentralized Federated Learning in the Presence of Stragglers,” in [EEE

Transactions on Communications, vol. 73, no. 12, pp. 13999-14013, Dec.
2025.
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