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Abstract

This work studies the effect of combination poli-
cies on the performance of adaptive social learn-
ing. We proved that in the slow adaptation
regime, combination policies with a uniform Per-

ron eigenvector will provide the smallest steady-
state error probability. Moreover, we estimate
he adaptation time of adaptive social learning in
he small signal-to-noise regime and show that in
his regime, the influence of combination policies
on the adaptation time is insignificant.

Introduction

Adaptive social learning (1| is an inference process
over multi-agent networks. The basic setup of a so-
cial learning network of /N agents is:

e Local observations: & ; € X}, for each agent £ at
each time instant 2

e Local likelihood models: {Lx(:|f)} parameterized

by a hypothesis 6

e Finite hypothesis set: © = {6y,...,0y_1}

e Global inference task: learning the true state 6*
in © that best explains the local observations.

To infer the true model using adaptive social learn-
ing, each agent k holds a local belief vector py ;,
which represents a probability mass function over
the set of hypotheses ©. The adaptive social learn-
ing (ASL) algorithm [1] is described by:
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['he combination policy A = |a| satisfies
Al = 1, ap >0, WA Nk (3)

and ag, = 0 for £ ¢ N}, where 1 denotes the N-
dimensional vector of all ones. The Perron eigenvec-
tor m of matrix A has strictly positive entries,

Ar=7, 1'n=1,7,>0, VW =1,2,...,N. (4
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Learning Performance of the ASL Algorithm

e Steady-state learning accuracy: In the
slow adaptation (i.e., with small 0) regime, the
steady-state error probability p;. of agent k decays
exponentially with 1/9:

Pr = 6—@/5’ (5>

where the notation ~ denotes equality to the lead-
ing order in the exponent as 0 goes to zero. The
decaying rate @ is also called error exponent.

o Adaptation ability: The adaptation time T,4sp 01
the adaptive social learning is defined as the critical time
instant ¢ after which the instantaneous error probability
pi.; of agent k decays with an error exponent (1 —¢€)® for
some small € > O:

Dri < 6—%[(1—6)@4—0(5)] (6)

—_ )

where the notation O(9) signifies that the ratio O(6)/6
stays bounded as 0 — O.

s

o Error Exponent: Let x; ;(0) = log LLszfg/j |'(|92’;)

0
d is expressed as

where Age(t;0) = S0 Ap(mit; 0).

N

and A(t;0) = log Elexp(txy ;(0))]. The error exponent

dr ¢ (7)

Role of the Combination Policy

The maximum error exponent of the steady-state
is uniform, i.e.,

1
—1 € argmax ¢ s.t. 1'r=1land 7, >0, V/=1,2... N. (8)

N

error probability is achieved when the Perron eigenvector

Consider the uniform initial belief condition and the small signal-to-noise ratio (SNR) regime |2|, then the

adaptation time T,4,, can be approximated as

log(1 —+/1—¢) )

Tadap ~

for any combination policy:.

Consider a 10-agent network. The agents will perform a O T e atochastic matri
social learning protocol with 3 hypotheses and Laplacian
likelihood models. We consider 5 left-stochastic combina-

tion policies and 5 doubly-stochastic ones. The
mance of adaptive social learning under different

nation policies is investigated, both for the stationary and

non-stationary environments.
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Concluding Remarks

e The largest error exponent can be achieved when
the Perron eigenvector is uniform. Therefore, a
doubly-stochastic combination policy will be
beneficial for improving the steady-state learning
accuracy.

e 'The combination policy plays a minor role in the
adaptation time of the adaptive social learning
when the SNR between hypotheses is small. It is
then reliable to employ a combination policy with
better steady-state learning accuracy in the small

SNR regime.

e The results obtained in this work are based on
the assumption that the likelihood model of the
true state is accurate. The optimal combination
policies for the generalized likelihood models have
been established in our extended version [3].
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