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Federated Learning

Aggregation

Server

| Local Update | | Local Update | | Local Update |

loss function
t
GD: Wi < WG — U V F (WG, €k ),Vk = WG = Agg(wl,.. . ,WK)
~~~ ~~

learning rate training batch
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Wireless Federated Learning

Device k: Py (transmission power), hy (wireless channel to server)

Agg(Wy, Wa, ..., W) w2 Y Agg(wy, Wy, ..., W)

og
a) "Orthogonal” Strategy: Computation after communication b) "Over-the-Air" Strategy: Joint computation and communication
K
P2P: y¥ = \/Pihcwy, Vk MAC: y = § 'V Prhiewy
k=1
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Over-the-Air Federated Learning

» CSIT-aware over-the-air federated learning

» Requires perfect Channel State Information at Transmitter
(CSIT) and power control for each device

Pk y 1
7 K~ R W= W
k=1

channel inversion K

» Blind over-the-air federated learning
> Requires a server equipped with a large antenna array

Nant K *
Nant— 00 Zn:l (Zk:l hk,n) Yn 1

K
1yew- N. Ep— W, = W
Y15 s YN equalization KNore K kgl k G
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Motivation

» Weighted over-the-Air Federated Learning (WAFel)

» Eliminates the need for prior knowledge and power control
» Operates efficiently in scenarios with a single-antenna server
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Aggregation

> Fixed aggregation with equal weights in each iteration t of
standard federated learning:

1 K
WGt = ;%'25:: Wi t-
k=1

Over-the-air schemes have consistently used this aggregation
method, despite the presence of interference and noise.

» Proposed weighted aggregation in each iteration t of WAFelL:

K
WGt = E Qp tWk t,
k=1

where ay ; > 0 is the weight corresponding to device k, and
the weight vector oy = a1, .. ., aK,t]T, such that 1T oy = 1.
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WAFeL - System Model

» Server with a single antenna

> K devices with a single antenna

» Devices have no CSIT

» Server has Channel State Information at Receiver (CSIR)

Minimal requirements in any wireless system
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WAFeL - Transmission Scheme

» Each model parameter vector wy = [wy 1, ..., kas]T undergos
normalization as

& — Wk — )
Ok

)

_1ys 2 _1ys 2
where = <> 7wy and o = ¢ > ;i (wk,;j — pk)” are the

mean and variance of model parameters.
» (uk,ok) are shared with the server.

» The device k transmits
Xy = \fPWk,

where P is the transmission power.

Consistent power transmission
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WAFeL - Transmission Scheme

» The received signal at the server is

K
y= Z\/ﬁhk\l_\lk + z,
k=1

2

where z is AWGN, where each entry has variance .

» Real-valued representation:

Y = VPHW + Z,

where W = [y, ..., wk]' and
~[mtrl] #= Bt 2= i)
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WAFeL - Aggregation Scheme

» The server uses an equalization vector b € R?*! to estimate as

K
1
wg = — b'Y + ;akule

equalized signals

artificially added mean to ensure unbiasedness

» The estimation error:
K
wg = Z asz +
k=1

——
desired weighted aggregation

(bTH — (a0 a)T> W + 1

JP

. N——
channel mismatch error AWGN error

b'Z,

~
effective estimation error

where o = [01,...,0k]" and (@ ® )" = [107, ..

. ,aKaK].

10/18



WAFeL - Aggregation Scheme

» The optimal equalization vector is
1 -1
T _ TT T
bopt—(Oé@G') H (SNRI2+HH > s

where SNR = 5.

» The estimation MSE:

-1
MSE(a) = sa ' diag(o) (IK + SNRHTH> diag(o)a.
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WAFeL - Convergence Analysis

» Assumption 1 (Lipschitz-Continuous Gradient):

L
F(wz) < F(wi) + VF(w) " (wo — wy) + 2 f[w — wi %,
IVF(w2) = VF(wy)[| < Lflwz —wil,
where L > 0 is the Lipschitz constant.
» Assumption 2 (Gradient Variance Bound):
2

E {|IVF(wi, ) — VF(wi)|?} < .

where |€x| = B, the batch size, and aé denotes the gradient
variance constant.
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WAFeL - Convergence Analysis

Let n < % and a; as the weight vector for each round t €
{0,..., T — 1}, then the convergence rate of WAFeL under
Assumptions 1 and 2 is

T-1
1 2 (F(wg,0) — F(w"))
— E F( < 2
T-1
L
+ T Te(ou),
n t=0

2
_ .29 2
Ti(at) =1 B |t || + MSE¢(ext).
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WAFeL - Convergence Analysis

» Under a; = +1 for each round t € {0,..., T — 1} and
error-free transmission:

1.\ zagl_

learning aspect
—— N cOmmunication aspect

2 ) 1
Tiad) - 7= % (loal? - )+ WSEad)
—_———

mse
mismatch
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WAFeL - Weight Selection

a: =arg min_||a|/? < mismatch
a>0\{0}
subject to
-1
MSE,(a) = o diag(o) <IK n SNRHtTHt> diag(os)ax < th,

1T =1 + due to averaging

No physical constraints on selecting aggregation weights
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WAFeL - Weight Selection

Algorithm
Initialize \(9) and a(®) = %1
Iterate .
Update al) = GO here G:(\) = Ix +

1T G, (A0-1))-11"
Miag(os) (Ix + SNRHtTH,_L)f1 diag(o).
Update A0 = AU +

t (aU)Tdiag(at) (I + SNRH;FHt)f1 diag(o:)al) — th).
Until | (o diag(o) (Ix + SNRH{ H,) ™ diag(or)ax — th) | < .

Complexity order:

0 (K?)
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WAFelL - Experiments
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Figure: MNIST dataset
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» Orthogonal: Avoids interference using K times more resources
» BAA: Employs power control with perfect CSIT
» GBMA: Compensates for the channel phase only

BAA: G. Zhu, Y. Wang, and K. Huang, "Broadband analog aggregation for low-latency federated edge learning," |IEEE
Trans. Wireless Commun., vol. 19, no. 1, pp. 491-506, Jan. 2020.
GBMA: T. Sery and K. Cohen, "On analog gradient descent learning over multiple access fading channels," IEEE Trans.

Sig. Process., vol. 68, pp. 2897-2911, 2020. 17/18



Conclusions

> We proposed a new over-the-air federated learning scheme that
focuses on optimizing aggregation weights.

» This scheme not only achieves significantly higher performance
but also minimizes complexity and resource requirements.

» It provides a promising learning approach with potential appli-
cations that can be further explored in various setups.

Thank you!
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