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Algorithm 2 Bayesian FL with Over-the-Air Posterior Aggre-
gation

1: Initialize:
t+0

1, 2, + Random initialization
2: BS dlstnbutes o and 3 to all devices

3: while convergence criterion is not met do
// Phase 1: Update global covariance matrix

4 for each device k € IC in parallel do

5: Py diag(; )

6: for i =1to I do

i P < Pk — MV pLlr (e, o)

8: end for

9: Compute A,

10: Optimize power allocation {plm)}m_l

11: Form {x(m)}N1 with (30) and transmit them
12: end for

13 BS reconstructs A, from {y(”l }i:?:l

14: Pry1 =P+ 6ﬂtAPt

15:  BS distributes X, = diag(pprl)71 to all devices

/ Phase 2: Update global mean vector

16: for each device k € K in parallel do
17 Vyk = Elé2£+l”i
18: for i =1 to I do
19: Vik < Vik — HV,,Lk (UL,’iH dmg(E;rll))
20: end for
£510 Compute the normalized update vector A, ,
y (ng) | Nit+N2
22: Optimize powe}:\? d]]i\:)Cdtan {p )
23: Form {x(nz)} l+ * and transmit them
24; end for " NN
T i 2
5. BS reconstructs A, from {¥:"™ }n2=N1+1
26: Viyl =V + 514 Aut
27 BS distributes pe, 4 = 144 to all devices
28: Bi=t 41
29: end while
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