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Continuous-Time Distributed Learning
for Collective Wisdom Maximization

Luka Baković, Giacomo Como, Fabio Fagnani, Anton Proskurnikov, Emma Tegling

Abstract—Motivated by the well established idea that collective
wisdom is greater than that of an individual, we propose a novel
learning dynamics as a sort of companion to the Abelson model
of opinion dynamics. Agents are assumed to make independent
guesses about the true state of the world after which they engage
in opinion exchange leading to consensus. We investigate the
problem of finding the optimal parameters for this exchange,
e.g. those that minimize the variance of the consensus value.
Specifically, the parameter we examine is susceptibility to opinion
change. We propose a dynamics for distributed learning of the
optimal parameters and analytically show that it converges for all
relevant initial conditions by linking to well established results
from consensus theory. Lastly, a numerical example provides
intuition on both system behavior and our proof methods.

I. INTRODUCTION

The idea of considering a multitude of opinions to form
an accurate description of a phenomenon or come up with a
solution to a problem is rather commonplace in today’s society.
This concept permeates everything from the very practical
elements of society, as the principle underlying democratical
pluralism, to the folklore, where expressions such as two heads
are better than one are commonplace. Scientific inquiry into
this question is considered to have started with Galton’s Vox
Populi [1] where it was discovered that the median guess on a
numerical value taken from a large population is surprisingly
close to the ground truth. One could attempt to write this off
as a simple experiment demonstrating that sampling a large
number of independent measurements increases the accuracy,
but the phenomenon itself is much deeper than that. Namely,
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human opinions are not completely independent of one another
but instead evolve and depend on the opinions of those one
comes in contact with. The study [2] demonstrates that not
only do more complicated effects come into play, they can
also be harmful to the overall wisdom the group displays.
Specifically, they show that social power plays a crucial role.
This makes sense, as influential individuals are by definition
those who have a greater say or whose opinion matters
most. Mathematically, this is closely related to the concept of
centrality studied in, for instance, [3] and [4]. Certain nodes
in graphs enjoy privileged positions due to either having a
large number of connections or being connected to the right
nodes. Their influence on certain dynamical systems defined
over those graphs is then proportional to their centrality. The
two concepts have been analyzed in parallel ever since the
beginnings of the field of opinion dynamics, but most notably
in Friedkin’s work [5]. A complementary concept present in,
amongst others, Abelson’s model [6] and Taylor’s model [7] is
that of an individual’s susceptibility to opinion change or self
confidence. Instead of just relying on the graph centralities,
these models also consider the fact that some individuals are
less likely to listen to others in general - regardless of their
centrality. Situations where these parameters are dynamic have
also been considered, some examples being [8] where the
social influence graph evolves, or [9] in which the authors
concatenate models with differing levels of stubbornness.
Finally, [10] considers a nonlinear model dealing with polar
opinion evolution, where one of the key components are the
dynamical susceptibilities to persuasion which are functions
of the agents’ current beliefs.

We begin our analysis by considering a group of agents
taking independent guesses on the value of some ground
truth. We then suppose that the agents partake in an opinion
exchange according to the Abelson model. The first question
we then pose is related to the model parameters governing
the exchange – how openly should the agents communicate if
they want to maximize the ”good” effect of crowd wisdom?
Mathematically speaking, which susceptibility parameters re-
sult in the least possible variance of the group’s final guess
from the ground truth. After answering this question, we move
on to proposing a dynamical system defined over the same set
of agents which converges to this optimal parameter set. Our
work draws inspiration from some of the authors’ previous
work [11], which examines the optimal self-confidence values
in the discrete scenario of French-DeGroot [12] by considering
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it as a game and studying the Nash equilibria. A similar
setup is considered in [13] where the possibility of growing
communities is also investigated.

A. Contributions and paper outline

This paper proposes a novel family of susceptibility adap-
tation dynamics for the Abelson model. Assuming that agents
connected in a graph make independent guesses on the value of
a ground truth, we calculate the optimal set of susceptibilities,
i.e. the one leading to a crowd estimate that has the smallest
possible variance from the ground truth. The dynamical system
is then defined as one where each agent moves away from
the derivative of a local utility function. The set of fixed
points of the system is shown to be exactly the set of optimal
susceptibilities, and the system is shown to converge to a point
in the set for all relevant initial conditions. Finally, a numerical
example provides intuition both on the problem and the proof
methods used.

The model is introduced in Section II, along with the main
result of the paper. The whole of Section III is dedicated to
analytically proving all of the building blocks of the main re-
sult. A numerical example is presented in Section IV. Finally,
conclusions and future work are discussed in Section V.

II. PROBLEM SETUP

A. Notation

Vectors are considered as columns in Rn. The symbol 1
denotes the vector of all ones and its dimension is implied
by the context. When applying inequalities to vectors, they
are interpreted element-wise. For example, writing z > 0
indicates that every component of the vector z is positive.
For a vector z ∈ Rn, the symbol [z] denotes a n×n diagonal
matrix with diagonal z1, ..., zn. For a function f : R → Rn,
the symbol f(∞) is used to denote limt→+∞ f(t) whenever
the limit exists. Summation indices are assumed to run over
the set {1, ..., n} unless specified otherwise.

B. The Model

Consider a social network modeled as a finite directed
weighted graph G = (V, E ,W ), whose node set V = {1, ..., n}
represents agents that are connected by a set of directed links
E ⊆ V × V . Every link (i, j) ∈ E has a weight Wij > 0
representing the strength of the direct social influence exerted
by agent j on agent i and, by convention, we set Wij = 0
for every (i, j) ∈ V × V \ E . Given a matrix W , let L[W ] =
[W1] − W denote the corresponding (weighted) Laplacian
associated with W .

Assumption 1. The graph G is strongly connected.

Assumption 1 is equivalent to the irreducibility of W . A
classical result from Perron-Frobenius theory [14] states that
under such an assumption there exists a unique left eigenvector
µ in Rn of the Laplacian such that

L[W ]⊤µ = 0, 1⊤µ = 1, µ > 0. (1)

The elements of µ are also known to represent the eigenvector
centrality.

Every agent i ∈ V is characterized by a scalar opinion
xi ∈ R and a positive parameter zi ∈ (0,∞) representing her
susceptibility to opinion change. We will stack the suscepti-
bility values of all the agents in a vector z to be referred to as
the susceptibility profile. We shall denote by Z = (0,+∞)n

the set of susceptibility profiles.
The agents all observe noisy versions of a common state of

the world θ in R. Specifically, every agent i in V observes a
noisy quantity

xi(0) = θ + ξi

where ξi is a zero-mean random variable with positive finite
variance σ2

i in (0,+∞). We assume that ξi and ξj are
uncorrelated for all i ̸= j.

Aiming to achieve a better estimate than what they initially
observed, the agents enter a discussion with their neighbors
in G. For every t ∈ R+ and i ∈ V , the opinion evolution is
described by the distributed averaging dynamics

ẋi(t) = zi
∑
j

Wij(xj(t)− xi(t)). (2)

These dynamics (with zi = 1 for all i) were first considered
by Abelson [15] and later rediscovered in control theory as a
continuous-time consensus algorithm [16]. In our model, each
agent is featured by the susceptibility coefficient zi, deter-
mining (along with the influence weights Wij) the effective
influence rates between i and the other individuals. The smaller
zi > 0 is, the more reluctant the individual i becomes to
opinion change. The case if zi = 0, excluded in this work,
corresponds to a stubborn individual who retains her initial
opinion.

The following result will be used to motivate the rest of our
model, with the proof being delayed until the Appendix.

Proposition 1. The Abelson model (2) converges, for ev-
ery initial condition xi(0) = θ + ξi with Var[ξi] = σ2

i and
susceptibility vector z in Z , to a consensus. Furthermore,
the consensus value is a random variable with mean θ and
variance

v(z) := Var[xi(∞)] =

∑
j

µj

zj

−2∑
k

µk
2σ2

k

z2k
. (3)

Clearly, the choice of z directly affects the consensus value
of the system, with different z vectors resulting in more or
less variance in the final result. Suppose then that we have
a system planner wishing to minimize v(z). Assuming either
knowledge or estimation [17] of every µi and σi, the system
planner’s best choice is outlined in the following result, proved
in the Appendix.

Proposition 2. Let σ2 be the column vector containing en-
tries σ2

1 , ..., σ
2
n. Then, for every susceptivity profile z in Z ,

v(z) ≥

(∑
k

1

σ2
k

)−1

(4)



with equality if and only if

z ∈ Z∗ :=
{
α[µ]σ2 : α > 0

}
.

Proposition 2 states that the minimum of the consensus
variance v(z) over all susceptibility profiles z in Z is achieved
on Z∗ ⊂ Z . The optimal value can be better interpreted in
terms of the so-called expertise (or precision), defined as the
inverse of the variance. In fact, Proposition 2 implies that, for
every z∗ in Z∗, we have

1

v(z∗)
=
∑
k

1

σ2
k

,

i.e., the optimal group’s expertise (“collective wisdom”) is the
aggregate of the single agents’ expertises.

The existence of a system planner with knowledge of every
µi and σi is quite a strong assumption, so the question of
investigating alternatives presents itself naturally. What if each
agent instead had knowledge of these parameters only in a
certain neighborhood, and worked to minimize the variance?
To answer this question, we introduce a family of continuous-
time susceptibility dynamics as follows. Consider a second
social network modeled as a finite directed weighed graph
G = (V, E ,W ). The agent set is the same as before, the
possible difference being the links and their weights, see also
Figs.1–2.

Assumption 2. The graph G is strongly connected and has a
self-loop at every node, that is, W ii > 0.

The assumption that Ḡ contains self-loops at each node
is natural here, as the new graph describes information flow
instead of opinion formation. The learning policy proposed
below assumes that each agent i is aware of her own parame-
ters πi, σi along with parameters of some neighbors, and these
neighbors need not be the individuals who influence agent i’s
opinion in the system (2).

The agents communicate over the second network with
the goal of finding susceptibility parameters that lower the
variance of the opinion-dynamical consensus value. Each agent
minimizes a cost function corresponding to the variance in her
neighborhood using the following distributed learning policy

zi(0) > 0, (5a)

żi(t) = −∂ui

∂zi
(z(t)), (5b)

ui(z) =

∑
j

W ij
µj

zj

−2∑
k

W ik
µk

2σ2
k

z2k
. (5c)

The cost functions ui are local analogues to the global variance
function (3). The centralities µi refer to the social network G,
providing information on the structure of the opinion model
to the susceptibility dynamics. The following results are the
main contribution of this paper.

Proposition 3. The set of optimal susceptibility vectors Z∗

exactly comprises the positive equilibria of system (5b).

Theorem 4. For every initial condition z(0) > 0, the solution
to system (5b) exists, is unique, and remains strictly positive
(i.e., z(t) > 0 for all t > 0). Moreover, every such solution
converges to a point in Z∗.

Specifically, this means that our distributed algorithm man-
ages to find the system optimal solution previously mentioned
in Proposition 2, without each agent having global knowledge
of every µi and σi. A knowledge of these parameters in some
local neighborhood is sufficient, as long as the underlying
graph is strongly connected. Section III is devoted to proving
all of the components of this result.

III. ANALYSIS

The analysis of the distributed learning policy (5b) is based
on a change of variables that effectively reduces it to a non-
linear consensus algorithm over a static graph. Specifically, we
introduce the substitution z 7→ y, where

yi :=
µiσ

2
i

zi
, i ∈ V. (6)

Obviously, yi > 0 if and only if zi > 0.

The learning dynamics in the new variables

We first express the utility function (5c) in the new vari-
ables:

ui(y) =
Ai(y)

B2
i (y)

,

where the functions Ai(y) and Bi(y) are defined as

Ai(y) :=
∑
j

W ij

y2j
σ2
j

, Bi(y) :=
∑
j

W ij
yj
σ2
j

∀i ∈ V.

A straightforward computation yields

∂ui

∂yi
=

2W ii

σ2
i

yiBi(y)−Ai(y)

B3
i (y)

=
2W ii

σ2
i

yi
∑

j W ij
yj
σ2
j

−
∑

j W ij

y2j
σ2
j

B3
i (y)

=
2W ii

σ2
iB

3
i (y)

∑
j

W ij
yj
σ2
j

(yi − yj).

(7)

By using the chain rule

∂ui

∂zi
=

∂yi
∂zi

∂ui

∂yi
= −µiσ

2
i

z2i

∂ui

∂yi
= − y2i

µiσ2
i

∂ui

∂yi
,

the learning dynamics (5b) shapes into

ẏi =
∂yi
∂zi

żi = −
(
∂yi
∂zi

)2
∂ui

∂yi
= − y4i

µ2
iσ

4
i

∂ui

∂yi

=
2y4iW ii

µ2
iσ

6
iBi(y)3

∑
j

W ijyj
σ2
j

(yj − yi)

=
∑
j

mij(y) (yj − yi).

(8)



Here the nonlinear coupling functions are found as

mij(y) :=
2y4i yjW iiW ij

µ2
iσ

6
i σ

2
j

(∑
k

W ik
yk
σ2
k

)−3

∀i, j ∈ V. (9)

Notice that, for every y > 0, the coupling weight mij(y) is
positive if and only if W̄ij > 0.

The proof of Proposition 3

Notice first that if z∗ ∈ Z∗, then by definition there exists
α > 0 such that

µ1σ
2
1

z∗1
= · · · = µnσ

2
n

z∗n
=

1

α
.

Denoting by y∗ the new coordinates corresponding to z∗, one
proves that z∗ ∈ Z∗ if and only if y∗ is a consensus vector,
that is, y∗ = c1 for some c > 0.

Proposition 3 can be restated as follows: a vector y∗ >
0 is an equilibrium of (8) if and only if it is a consensus
vector. This result follows directly from Assumption 2 and (9).
Indeed, the equations (8) can be written in compact form as

ẏ = −L[M(y)]y,

where the Laplacian matrix corresponds to the matrix M(y) =
(mij(y)). Hence, for every y > 0, the graph associated with
L(y) inherits its strong connectivity from the graph of matrix
W . Hence, y∗ is an equilibrium if and only if y∗ ∈ kerL(y∗),
and this kernel is coincident with the set of all consensus
vectors.

The proof of Theorem 4

Notice that as long as the solution y(t) remains strictly
positive, the dynamical system (8) constitutes a special case
of the nonlinear averaging dynamics examined in [18]. Using
the notation from [18], our case corresponds to a time-invariant
interaction digraph, denoted by Ḡ, and the scalar states of the
nodes yi ∈ R, satisfying the time-invariant dynamics

ẏi = f i(y) =
∑
j

mij(y) (yj − yi).

Obviously, aij(y) are positive and locally Lipschitz in Z =
(0,∞)n. Theorem 3.6 in [18] implies that if a closed convex
set A contains yi(0) for every i ∈ V , then it contains every
coordinate yi(t) of the solution1 for all t ≥ 0. Applying
this result with A = [mini yi(0),maxi yi(0)], we deduce that
the solution y(t) remains uniformly positive, bounded, and
globally defined for all time. Reverting to the original variables
z, this implies that each component remains positive and upper
bounded, ensuring that the solution exists for all t ≥ 0.

Applying Theorem 3.8 from [18] to the closed and convex
set S = [mini yi(0),maxi yi(0)] yields that the solution y(t)
exhibits asymptotic agreement:

lim
t→∞

|yi(t)− yj(t)| = 0 ∀i, j ∈ V. (10)

1In [18], such a set A is referred to as “positively invariant”; in ODE theory,
one typically states that the subset of the state space An is forward invariant.
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Fig. 1: The social network graph G

In fact, this implies a stronger fact: each yi(t) converges
to a common limit. Indeed, since the function y(t) is uni-
formly bounded, a sequence tk → +∞ exists such that
y(tk) converges; (10) then guarantees that the limit must be
the consensus vector: y(tk) −−−−→

k→∞
y∗ = ζ1 for ζ ∈ R.

Moreover, [18, Theorem 3.7] implies that consensus vectors
are Lyapunov (weakly) stable equilibria of (8). That is, for
every ε > 0 there exists δ ∈ (0, ε) such that, once the solution
y(t) enters the open δ-ball Bδ(y∗) := {y : ∥y − y∗∥} < δ,
it remains in the open ε-ball Bε(y∗). Hence, for k being so
large that y(tk) ∈ Bδ(ζy∗) and t > tk, the solution y(t) stays
in Bε(y∗). Since ε > 0 can be arbitrary, we prove that, in
reality, y(t) −−−→

t→∞
y∗ = ζ1. Recalling that y(t) is uniformly

positive, we have ζ > 0. Returning to the variables z, one has

zi(t) −−−→
t→∞

z∗i :=
µiσ

2
i

ζ
,

and the ultimate vector of susceptibilities z∗ belongs to Z∗.

Remark 1. While the limit z∗ = limt→∞ z(t) is not explicitly
known, the proof of Theorem 4 implies that mini yi(0) ≤ y∗i =
µiσ

2
i /z

∗
i ≤ maxi yi(0). This gives a simple yet conservative

estimate of the fixed point found by the distributed algorithm.

IV. NUMERICAL EXAMPLE

To illustrate the behavior of our dynamical system, we
construct2 a network of n = 6 agents connected as per Fig-
ure 1, with all edge weights equal to 1. The vector of agents’
variances σ2 is set to [1, 1.1, 1, 1.2, 1.1, 1] and the centrality
vector µ = [1/8, 3/16, 1/8, 1/4, 3/16, 1/8]. Agent 4 is the
most central, but they also have the highest variance on
their measurement of the ground truth. If susceptibilities were
uniformly distributed, the noisy agent would have more impact
on the steady-state value compared to the agents with lower
variances.

The graph G used for susceptibility optimization is shown
in Figure 2, with all link weights once again being set to 1.
The bar graph is an interesting example for our model as one
would intuitively expect the bottleneck between nodes 3 and 4
to affect an algorithm attempting to find the globally optimal
solution. Nevertheless, due to the dynamics essentially being
an averaging system, the performance is optimal meaning that

2All simulations were computed in MATLAB using the ode45 and ode23s
solvers. Code is available on request from the first author.
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Fig. 2: The susceptibility optimization graph G

the variance is minimized. The scalability of such algorithms
depends on local complexity of the graph, since every agent
only sees their own neighborhood. Therefore, large graphs do
not present a problem as long as they are sparse.

Figure 3 shows the dynamics in the yi variables. There, the
system converges to a consensus. This is an illustration of the
character of the points in the optimal set - they are the ones
where each agent’s susceptibility to change is proportional
to its variance and its centrality. Both of these observations
make intuitive sense. Agents with high variances benefit from
taking other opinions into account, reducing their variance.
Those with high centrality contribute disproportionately to the
consensus value and should also mediate this effect through
their susceptibility.

Furthermore, the simulation hints at the decreasing convex
hull of states mentioned in the proof of Theorem 4, as one
can clearly see that maxi∈V yi is monotonically decreasing
whilst mini∈V yi is monotonically increasing throughout the
dynamics. The exact same dynamics are examined in Figure 4,
using the original variables zi from Equation 6. This system
no longer necessarily converges to a consensus. Instead, a
dissensus is the common end result and groups are only formed
in situations where agents match each other in both centrality
and their individual opinion variance.

V. CONCLUSIONS

We have proposed a distributed continuous-time dynamical
system in which agents learn the optimal variance reducing
susceptibilities for the Abelson model. By linking our work
to the non-linear consensus literature, we provide analytical
results showing that the fixed points of the system are exactly
equal to the globally optimal susceptibilities, and that the
system converges to a point from the optimal set for all
relevant initial conditions. Finally, our numerical example
serves to provide intuition on the proof methods by examining
the state evolution in different coordinates.

There exist several possible directions for future work. First,
one could let the noise variables ξi affecting the initial guesses
be correlated. This is a small change making a big difference
to the analysis and significantly complicating the utility func-
tions ui. One could say it would make the modelling scenario
more realistic, as e.g. geographically close agents tend to be
affected by the same type of environmental, educational or
informational influences. Second, one could further generalize
the problem by considering also the optimal graph weights for
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Fig. 3: In the variable yi(t) = µiσ
2
i /zi(t) the agents reach

consensus. This serves as an illustration of the fact that an
optimal susceptibility configuration is an egalitarian one where
each agent listens to others in direct proportion to their own
variance and their own centrality.

0 100 200 300 400 500

1

1.5

2

t
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Fig. 4: Quantities zi(t) for each agent do not necessarily reach
consensus. Here, the agents converge to a dissensus with three
groups. The groups form when agents have matching values
for both µi and σ2

i .

reducing variance and not just the susceptibilities. Finally, a
direction that the authors are already pursuing is the analysis of
a system where the opinion dynamics evolve in parallel to the
susceptibility dynamics. Due to different convergence speeds
of the two system components x and z, the analysis is far from
trivial as the opinion dynamics do not in general converge
to the optimal consensus value even if the susceptibility
components do still converge to the previously defined set Z∗.
We hope to further analyze this issue by introducing separate
timescales for the two systems.
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APPENDIX

A. Proof of Proposition 1

It is known that the Abelson model (2) converges to consen-
sus whenever the graph corresponding to the Laplacian matrix
L([z]W ) is strongly connected3 [14], [19]. This condition is
guaranteed by Assumption 2, recalling that z > 0. The vector
of (identical) final opinions can be found as follows

lim
t→∞

x(t) = (w(z)⊤x(0))1,

where w(z) is the normalized left eigenvector of the Laplacian
L([z]W ), corresponding to the eigenvalue 0. One can show
that w(z) is proportional to the vector [z]−1µ, that is,

w(z) =
1∑

j µj/zj
[z]−1µ.

Hence the final opinion of each agent is

lim
t→∞

xi(t) =
1∑
j

µj

zj

(
[z]−1µ

)⊤
(θ1 + ξ)

=
1∑
j

µj

zj

(
µ⊤[z]−1θ1 + µ⊤[z]−1ξ

)

= θ +

∑
k

µk

zk
ξk∑

j

µj

zj

.

Here µ is the left eigenvector of W defined in (1). From this
form it is clear that xi has the expectation θ and the claim
about the variance follows from the fact that ξi, ξj are assumed
to be uncorrelated for all i ̸= j.

B. Proof of Proposition 2

Denote
νi :=

µi/zi∑
j µj/zj

.

Then, obviously, the equalities hold as follows:

υ(z) =
∑

j
ν2j σ

2
j ,∑

j
(νjσj)σ

−1
j =

∑
j
νj = 1.

Using the Cauchy-Schwarz inequality, one has

υ(z)
∑

j
σ−2
j =

∑
j
(νjσj)

2
∑

j
σ−2
j ≥ 1,

which inequality is strict unless the two vectors are parallel:
µiσi/zi = νiσi = cσ−1

i for some scalar c > 0. Hence, zi =
αµiσ

2
i for all i, where α = c−1 > 0, i.e., z ∈ Z∗.

3In reality, consensus in the Abelson model requires only quasi-strongly
connectivity (the existence of a directed spanning tree) [19], whereas strong
connectivity is used in this paper to guarantee that µi > 0.




