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xpnq “ rx1pnq, ¨ ¨ ¨ , xkpnq, ¨ ¨ ¨ , xV pnqs
vpnq “ rv1pnq, ¨ ¨ ¨ , vkpnq, ¨ ¨ ¨ , vV pnqs
ypnq “ ry1pnq, ¨ ¨ ¨ , ykpnq, ¨ ¨ ¨ , yV pnqs

Information spreads from one node to another
Optimal system processes information

zkpnq fi coltrxpnqsk, rS1xpn´ 1qsk, ¨ ¨ ¨ , rSM´1xpn´M ` 1qsku
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Example: Evolution of Temperature over Time 2

1 Instituto Nacional de Meteorologia (INMET), “Normais Climatológicas do Brasil.” http://www.inmet.gov.br/

portal/index.php?r=clima/normaisClimatologicas.

2 M. J. M. Spelta, “Brazilian weather stations.” https://github.com/mspelta/brazilian-weather-stations

#brazilian-weather-stations, 2018.
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A Ñ V ˆ V adjacency matrix
xpnq “ rx1pnq, ¨ ¨ ¨ , xkpnq, ¨ ¨ ¨ , xV pnqs
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Information spreads from one node to another
Optimal system processes information

zkpnq fi col
!
rxpnqsk, rA1xpn´1qsk, ¨ ¨ ¨ , rAM´1xpn´M`1qsk

)
zkpnq , rxpnq, Axpn ´ 1q, ¨ ¨ ¨ , AM´1xpn ´ M ` 1qloooooooooooooooooooooomoooooooooooooooooooooon

information spreading

s‚,k
information spreading

ho “ rho
0, ¨ ¨ ¨ , ho

M´1s Ñ opt. system
ykpnq “ ho ¨ zkpnq ` vkpnq
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opt. system

ψkpn ` 1q “ hkpnq ` µkpnqzkpnqekpnq

hkpn ` 1q “ ř
jPNk

wkjψjpn ` 1q

z´1

zkpnq

Diffusion LMS Algorithm (ATC) – Node k

vkpnq
ykpnq

Adaptation Step

Combination Step

ekpnq

pykpnq“zTk pnqhkpnq

hkpn`1q

ψkpn`1q

ψipn ` 1q ψjpn ` 1q ψℓpn ` 1q¨ ¨ ¨

´

3 R. Nassif, C. Richard, J. Chen, and A.H. Sayed, “Distributed diffusion adaptation over graph signals,” in Proc.

IEEE ICASSP, 2018, pp. 4129-4133
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Proposed sampling mechanism

Modifying the dLMS algorithm 5

Modification: introduction of sskpnq P t0, 1u
$
&
%
ψkpn` 1q “ hkpnq ` sskpnqµkpnqzkpnqekpnq

hkpn` 1q “ ř
jPNk

wkjψjpn` 1q

If sskpnq “ 0:
ykpnq is not sampled
µkpnq, zkpnq and ekpnq are not computed
ψkpn` 1q “ hkpnq
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Calculating sskpnq 6

Introducing skpnq P r0, 1s such that

sskpnq “
#

1, if skpnq ą 0,5
0, otherwise

Js,kpnq “ rskpnqsβskpnq`r1´skpnqs 1
|Nk|

ÿ

iPNk

e2
i pnq

β: introduced to control how much we penalize samplingř
e2
i pnq is large: Js,kpnq is minimized by making

skpnq « 1 Ñ node k is sampledř
e2
i pnq is small: Js,kpnq is minimized by making

skpnq « 0 Ñ node k is not sampled
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Calculating skpnq 7
Auxiliary variable αkpnq such that skpnq “ φ rαkpnqs

PSfrag replacements

φ
“ α

kpn
q‰

αkpnq

0
0

1
2

1

´4 ´2 2 4

By taking BJt,kpnqBαkpnq and applying the gradient method:

αkpn`1q “ αkpnq`µsφ1 rαkpnqs
«

1
|Nk|

ÿ

iPNk

ε2
i pnq ´ βsskpnq

ff

µs: step size
εi: last measurement of ei

AS-dLMS Algorithm
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Choosing β 8

αkpn` 1q “ αkpnq ` µsφ1 rαkpnqs
«

1
|Nk|

ÿ

iPNk

ε2
i pnq ´ β sskpnq

ff

In order for the sampling to cease in the steady state, ∆αkpnq
must be negative

Assuming:
φ1 rαkpnqs statistically independent from eipnq and sskpnq
Ete2

i pnqu « σ2
vi

in steady state

β ą σ2
max fi max

iPV
σ2
vi

β Psσ2
max, 10σ2

maxs Ñ performance preserved
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Choosing µs 9

αkpn` 1q “ αkpnq ` µs φ
1 rαkpnqs

«
1
|Nk|

ÿ

iPNk

ε2
i pnq ´ βsskpnq

ff

Assuming β ą σ2
max, we wish to choose µs such that the sampling

ceases in at most ∆n iterations after the steady state is achieved

µs Ç ξ

β ´ σ2
max

”
ρ1{∆n ´ 1

ı

ξ and ρ: constants that depend on φr¨s
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Simulation Conditions 10

Randomly generated graphs with 20 nodes
Different values of σ2

vk
and µ̃k for each node k

0

5

10

σ
2 v
k

×10−3

1 5 10 15 20

Node k

0

0.5

1

µ̃
k



Simulation results

Comparison with random sampling 11
Random sampling: Vs nodes chosen randomly every iteration
AS-dLMS (β “ 0.03 and µs “ 0.22)

Slightly superior steady state performance
Same convergence rate as dLMS with all 20 nodes sampled
Computational cost: Ò during transient, ÓÓ during steady state
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Different values for β, µs “ 0.22 12
β ą σ2

max “ 0.01
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Ò β, Ó sampled nodes in steady state
β ą 0.01 “ σ2

max Ñ nodes cease to be sampled
β “ 1 Ñ poor performance
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Testing the adjustment of µs (∆n “ 104) 13

µs Ç ξ

β ´ σ2
max

”
ρ1{∆n ´ 1

ı

β µs
0.015 0.88
0.02 0.44
0.03 0.22
1 0.0044
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Nodes cease to be sampled « ∆n iterations after steady state
β “ 1 Ñ poor performance after abrupt change
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Illustrative Example - One Realization 14
β “ 0.03, ∆n “ 5 ¨ 103 Ñ µs “ 0.44

‚: sampled ‚: not sampled
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AS-dLMS ˆ dLMS with all nodes sampled:
‚ Slight improvement in steady state performance
‚ Same convergence rate
‚ Computational cost: Ò during transient, ÓÓ during steady state

Ò β Ó sampled nodes in steady state
ÒÒ β Ñ poor performance even with proper µs
β Psσ2

max,10σ2
maxs

Theoretical result for µs Ñ supported by simulation results
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Conclusions

Choosing µs

Assuming β ą σ2
max, how can we choose µs such that the sampling

ceases in at most ∆n iterations after the steady state is achieved?

Maintaining previous assumptions & considering a linear
approximation for φ1 rαkpnqs

φ1 rαkpnqs« ραkpnq ` φ10,

µs Ç α`

pβ ´ σ2
maxqpφ10 ´ φ1α`q

«ˆ
φ10
φ1α`

˙1{∆n
´ 1

ff
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Comparison with random sampling
Random sampling: Vs nodes chosen randomly every iteration
AS-dLMS (β “ 0.03 and µs “ 0.22)

Slightly superior steady state performance
Same convergence rate as dLMS with all 20 nodes sampled
Computational cost: Ò during transient, ÓÓ during steady state
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Different values for β, µs “ 0.22 (β ą σ2
max)
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Testing the adjustment of µs

µs Ç ξ

β ´ σ2
max

”
ρ1{∆n ´ 1

ı
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