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Abstract
We study a model of Bayesian agents in social networks who learn from the actions of their
neighbors. Most results concerning social learning in networks have been achieved either in
‘herd behavior’ models, where each agent acts only once, or in models where agents are not
Bayesian and use rules of thumb, or are boundedly rational. Models of Bayesian agents who
act repeatedly have posed two related problems: (1) they have proved notoriously difficult to
analyze; and (2) the calculations required of interacting Bayesian agents often seem intractable.
We consider a set of Bayesian agents who are attempting to iteratively estimate an unknown
‘state of the world’ s from their initial private signals, and the past actions of their neighbors in
a social network. When private signals are independent conditioned on s, and when the social
network graph is a tree, we provide an algorithm for the agents’ calculations with running time
that is exponentially lower than what is currently known.
We use this algorithm to perform the first numerical simulations of interacting Bayesian
agents on networks with hundreds of nodes, and observe rapid learning of s in some settings.
Keywords: social learning, Bayesian agents, computational efficiency, convergence, algorithm,
dynamic cavity method.
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Introduction

The importance of social learning in networks has been demonstrated in a wide variety of settings
(e.g., adoption of agricultural technology in Ghana [9] and Mozambique [6], choice of contraceptives
by European women [19]). Accordingly, understanding mathematical models of social learning by
Bayesian agents has been a goal of theoretical economics for the past few decades (cf., Goyal [15]).
Typical models in this context assume a pure information externality; agent payoffs depend only
on the action they choose and an underlying ‘state of the world’, and not on the actions of others.
Agents observe the actions of their ‘neighbors’, but do not observe payoffs ex interim. Typically,
all agents have the same utility function. Each agent receives a private signal that contains noisy
information about the state of the world. Agents choose actions to maximize expected payoff, given
their own private signal and their observations of the actions chosen by others.
Fully Bayesian models have two advantages over models that assume ‘bounded rationality’ and
prescribe thumb rules for agent behavior: First, any bounded rationality approach is bound to
involve a somewhat arbitrary decision of which heuristics the agents use. Second, a game theoretic
∗
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analysis of strategic players is possible only if the players choose actions that are optimal by some
criterion. Hence game-theoretic analyses of learning on networks (e.g., [25]) often opt for the more
difficult but fully Bayesian model.
Much progress has been achieved in models where Bayesian agents act sequentially, such as the
herd behavior models of Banerjee [7], Bikhchandani, Hirshleifer and Welch [8], Smith and Sørenson
[27] and Acemoglu et al [2]. Here, the interaction is not bidirectional: each agent acts only once,
taking into account the actions of her predecessors. In comparison, our understanding of Bayesian
agents who act repeatedly is much more limited. Gale and Kariv [13] consider Bayesian agents
on a network who repeatedly choose actions. They show, in the spirit of Aumann’s Agreement
Theorem [4], that agents on a network converge to the same action under some conditions1 . Related
work by Rosenberg, Solan and Vieille [25] and Ménager [20] sheds more light on the phenomenon
of agreement on actions and the conditions in which it arises.
However, the following questions remain essentially unanswered:
(I) What action do the agents converge to, e.g., what is the distribution of this consensus action?2
(II) What are the dynamics of such interactions, e.g., what is the rate of agreement/convergence?
There has been a parallel development of non-Bayesian models of reasoning for social learning
and social experimentation3 , e.g., those of Ellison and Fudenberg [12], Bala and Goyal [5], and
DeGroot [10]. Such modelling approaches appear to be driven by two primary motivating factors
(see, e.g., [12], [5]): (i) Real agents may not be Bayesian. (ii) The desire to “keep the model
mathematically tractable” [5], and also computationally tractable4 ; since Bayesian models seem to
lack these properties. This leads us to another open question in the context of Bayesian agents who
act repeatedly:
(III) Are the computations required of the agents feasible?
We consider a model that features repeated bidirectional interaction between fully Bayesian
agents connected by a social network. Our model is a specialization of the model of Gale and
Kariv [13]. We consider a group of Bayesian agents, each with a private signal that carries information on an unknown state of the world s. The individuals form a social network, so that
each observes the actions of some subset of others, whom we call her neighbors. The agents must
repeatedly choose between a set of possible actions, the relative merit of which depends on the state
of the world s. The agents iteratively learn by observing their neighbors’ actions, and picking an
action that is myopically optimal, given their information. Thus, the interaction between agents is
not strategic, and is characterized by information externalities.
Even in the simple case of two states of the world, binary private signals and two possible
actions, the required calculations appear to be very complicated. A naı̈ve dynamic programming
algorithm5 is exponential in the number of individuals. Since at iteration t one may consider only
agents at distance t, then in graphs of maximum degree d (on which we focus) the number of
1

A gap in the proof of Gale and Kariv’s agreement theorem was recently pointed out [21]. However, recent works
[25, 22] establish similar results in more general settings.
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In fact, convergence is not always obtained [25]. The exact conditions under which convergence occurs are not
known.
3
Social experimentation settings are closely related to social learning settings: Here agents can observe (noisy)
payoffs received by themselves and their neighbors for different actions, and can use the results of these ‘experiments’
to learn.
4
Mathematical and computational tractability often go together, e.g., see [16].
5
Although this algorithm seems to be well known, we could not find a complete description of it in the literature
and hence supply it for completeness in Section 4.
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individuals to consider is O(min(n, dt )), and the computational effort required of each individual
t
to compute their action at time t is t2O(min(n,d )) . Obviously, this grows very rapidly. As Gale and
Kariv remark [13], “The computational difficulty of solving the model is massive even in the case
of three persons.” This prevents them from even simulating networks with more than three nodes.
We describe a novel algorithm for the agents’ calculation in our model, when the social network
graph is a tree or nearly a tree. This algorithm has running time that is exponentially smaller than
the naı̈ve dynamic program, reducing the computational effort to 2O(min(n,td)) .
Using our algorithm we are able to run numerical simulations of the social learning process. This
extends the work of Gale and Kariv [13], who simulated the process for three agents, to much larger
networks6 . We use our algorithm to investigate questions (I) and (II): We numerically evaluate the
probability that the agents learn the optimal action, and its progress with time. We observe rapid
learning of the optimal action in certain previously unexplored settings: We consider a model with
two possible states of the world and two corresponding actions (‘votes’), so the agents are in effect
trying to estimate the state of the world and revealing their estimates to their neighbors. The social
networks in these analyses were chosen to be d-regular (infinite) trees, i.e., trees in which each node
has d neighbors. The simulations suggest that, on regular trees, the number of iterations needed
under Bayesian learning to estimate s correctly with probability 1 −  is O(log log(1/)).
We conjecture that the error probability under Bayesian updates is no larger than the error
probability under a different ‘majority’ update rule, in which agents adopt the opinion of the
majority of their neighbors in the previous round. Our numerical results support this conjecture.
We prove that for the majority update rule, the number of iterations needed to estimate s correctly
with probability 1− is O(log log(1/)), for regular trees of degree at least five7 . Our conjecture then
implies, again, that the number of iterations needed to estimate s correctly with probability 1 − 
is O(log log(1/)). Thus, assuming the conjecture, the computational effort required of Bayesian
agents drops from quasi-polynomial in 1/ (using the naı̈ve dynamic program) to polynomial in
log(1/) (i.e., polylogarithmic in 1/), making Bayesian learning computationally tractable. Thus,
our results shed new light on question (III), suggesting a positive answer in the case of tree graphs.
Our algorithmic approach works provided the local neighborhood of a node is tree structured
(see Section 5.3). The restriction of the discussion to tree or tree-like social networks certainly
excludes many natural settings that tend to exhibit highly clustered social graphs. However, in some
cases artificially constructed networks have no or few loops by design; these include some highly
hierarchical or compartmentalized organizations, as well as some physical communication networks
where redundancy is expensive, and the least expensive connected network is a tree. Furthermore,
the fact that this non-trivial class of networks does not present a major computational hurdle for
fully Bayesian calculations may in itself be somewhat surprising.
Besides computational issues, another difficulty of the Gale and Kariv model is that it requires
the social graph to be common knowledge. A possible alternative to this is a modified model
that allows the agents to know only their own neighborhoods and the distribution from which the
rest of the graph was picked. We pursue this for a standard model of random graphs and show
that our computational approach extends to this case (see Section 5.3.2). We also consider that
nodes may not all be ‘active’ in each round, and that nodes may observe only a random subset of
active neighbors. We show that these features can be handled when ‘inactive’ edges/nodes occur
independently of each other and in time.
A key technique used in this paper is the dynamic cavity method, introduced by Kanoria and
6

In each of our numerical analyses, agents receive information (directly or indirectly) from hundreds of distinct
nodes.
7
This result could be of independent interest. Majority dynamics is a reasonable model of social learning with
bounded rationality. It is also relevant in other contexts like consensus in distributed systems[24].
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Montanari [17] in their study of ‘majority updates’ on trees, a model also motivated by social learning. This technique is a dynamical version of the cavity method of statistical physics and appears
promising for the analysis of iterative tree processes in general. The key idea is the following: In
a dynamical setting on a tree graph, there is correlation in the trajectories of neighbors of a node
due to a nodes own past actions. The dynamic cavity method allows to exactly account for these
correlations. In this work, we use this method for the first time to give a new algorithmic result,
enabling efficient computation by nodes. This is in contrast to the case of majority updates, where
the update rule is computationally trivial. Our algorithmic and analytical approach leveraging
the dynamic cavity method may be applicable to a range of iterative update situations on locally
treelike graphs.
Our algorithm may be of interest beyond its computational implications. The form of the
Bayesian posterior belief that we obtain for trees (see Section 5), appears closely related ‘weighted
average’ type heuristic update rules [10, 11] that have been studied before. This suggests an
interesting direction for further study: What if agents on a loopy graph depart from rationality
only in assuming that their neighborhood is treelike? The heuristic update rule they employ is
then identical to the one we obtain. Thus, our work may suggest new ‘almost rational’ heuristic
update models for study on general loopy graphs. This is discussed in more detail in Section 8.2.

1.1

Outline of the paper

We describe and discuss our model in Section 2. We state our main results in Section 3. Section 4
presents a naı̈ve dynamic programming algorithm. Section 5 presents our main contribution: a dynamic cavity method based algorithm for tree graphs, along with a proof of correctness and analysis
of running time. Section 5.3 extends our algorithm in various directions. We prove our convergence
results in Section 6. Section 7 discusses our conjecture regarding convergence (Conjecture 3.6) and
presents numerical results. We conclude with a discussion in Section 8.

2

Model

The model we consider is a simplified version of the model of social learning introduced by Gale
and Kariv [13]. We first give a minimal mathematical description of our model, postponing a
discussion on knowledge assumptions and rationality. For ease of exposition, we make use of a
simple model that captures the essential features of the problem. In Section 2.1, we motivate our
model in the context of rational agents, state our knowledge assumptions, and explain how some of
our simplifications are merely cosmetic. The scaling regime we consider is described in Section 2.2.
Finally, Section 2.3 compares our model with other models, including that of Gale and Kariv [13].
Consider a directed graph G = (V, E), representing a network of agents, with V being the set
of agents and E being the social ties between them. A directed edge (i, j) indicates that agent i
observes agent j. (In most of this paper, we study the special case of undirected graphs, where
relationships between agents are bidirectional.)
Agents attempt to learn the true state of the world s ∈ S, where S is finite. Each agent i
receives a private signal xi ∈ X , where X is finite. Private signals are independent conditioned on
s, i.e.,
Y
P [s, x1 , . . . , xn ] = P [s]
P [xi |s] .
i∈V

In each discrete time period (or round) t = 0, 1, . . . , the agents choose must choose an action
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σi (t) ∈ S, which we call a ‘vote’8 . Agents observe the votes cast by their neighbors in G. Thus,
at the time of voting in round t ≥ 1, the information available to an agent consists of the private
signal she received initially, along with the votes cast by her neighbors in rounds up to t − 1. In
each round, each agent votes for the most likely state of the world that she currently believes is
most likely, given the Bayesian posterior distribution she computes.
We denote by ∂i the neighbors of agent i, not including i, i.e., ∂i ≡ {j : (i, j) ∈ E}. We
use σit ≡ (σi (0), σi (1), . . . , σi (t)) to denote all of agent i’s votes, up to and including time t. We
t−1
call σi ≡ (σi (0), σi (1), . . .) the ‘trajectory’ of votes at node i. Denote by Fit ≡ (xi , σ∂i
, σit−1 ) the
t−1
information available to agent i prior to voting in round t. Here σ∂i denotes the votes cast by
nodes in ∂i up to round t − 1. Note that this doesnot include her neighbors’ votes at time t.
The vote σi (t) is chosen as arg maxs∈S P s Fit . We assume a deterministic tie-breaking rule.
To differentiate the random variable σi (t) from the function used to calculate it, we denote the
function by gi (t) : X × |S|t|∂i| → S, so that
t−1
σi (t) = gi,t (xi , σ∂i
)

For convenience, we also define the vector function git that returns the entire history of i’s votes up
to time t, git ≡ (gi,0 , gi,1 , . . . , gi,t ), so that
t−1
σit = git (xi , σ∂i
).
0

t −1
In case of a deterministic tie-breaking rule, σi (t0 ) is a deterministic function of (xi , σ∂i
), so we
t−1
t
can take Fi = (xi , σ∂i ).

2.1

Discussion of our Model

The decision rules can be interpreted/motivated as follows. Suppose P [s], P [x|s] and G are common
knowledge. Suppose that, for each state of the world s, action σ has utility one when the state of
the world is s = σ, and zero otherwise. Then, the action that myopically maximizes the expected
utility corresponds to the maximum a posteriori probability (MAP) estimator of the state of the

world. This leads to the decision rule we consider, with σi (t) being chosen as arg maxs∈S P s Fit .
We would like to emphasize that we only restrict the ‘action’ space A to S (thus calling actions
as ‘votes’), with this simple “1 if you vote correctly, 0 otherwise” utility function, for simplicity of
presentation. Indeed, our main computational result, Theorem 3.2, and its extensions in Section
5.3, admit a trivial generalization to the case of a general finite action space A and a general
common utility function U : A × S → R. Section 5 includes a precise description of why this is the
case.
A natural objection to such a model of behavior is that the agents should want to maximize
the discounted sum of their future utilities, instead of making the myopic optimal choice. Gale
and Kariv [13] deal with this by assuming a continuum of agents at each node, so that no one of
them can hope to influence the future by their choice of votes. We can do the same here: Then
{σi (t)} and {Fit } form a weak perfect Bayesian equilibrium (cf. [13, Definition 1]) for the right
utility function (see above).
Rosenberg, Solan and Vieille[25] consider a model with fully rational agents -one per nodemaximizing the discounted sum of payoffs. In this setting strategic behavior arises, and so they
study the properties of the model’s Nash equilibria. They extend to this model many agreement
8
We choose to use “vote” rather than the more usual “act” since, in this simplified model, the set of actions and
the set of states of the world are identical, so choosing an action is equivalent to picking a possible state of the world
as a guess for the true s.
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results (e.g., those of Gale and Kariv [13], Parikh and Krasucki [23] and Sebenius and Geanakoplos [26]) that were previously known to apply to myopic agents. Our results apply only to the
myopic model, which can be thought of as a stepping stone towards the strategic model, being a
special case corresponding to discount factor 0.

2.2

Scaling regime

A major objective of this work is to examine whether the computations required of agents in this
model of Bayesian social learning can be efficiently performed. In defining a problem of efficient
computability, it is important to distinguish between parameters that are ‘fixed’ and parameters
that ‘scale’; also termed the scaling regime. The goal, then, is to obtain a reasonably slow growth
in computational effort needed as the scaling parameters become larger, while treating the fixed
parameters as constants. We treat the cardinalities of the sets S, A and X as fixed9 , whereas the
scaling parameters are the number of agents n ≡ |V |, and the number of iterations t. Later, in
Section 3, we argue that since agents are trying to learn s, an alternative scaling parameter to t is
1/, where  > 0 is the desired probability of error. We will be interested in how the computational
effort increases as n grows, and as t or 1/ grow. Such a scaling regime is of much interest with
the emergence of massive online networks, where non-expert agents interact on a variety of issues,
and individual agents are expected to have limited private information, and typically choose from
a (relatively) small set of available actions.
Our choice of scaling variables is in contrast, for instance, to the work of Aaronson on the
complexity of agreement [1]. Aaronson focuses on the case of two agents, and allows the set of
possible private signals to grow, aiming to reach agreement with minimum communication and
computational cost. In our case, the objective must clearly be the computational cost, since the
‘protocol’ is defined by the model itself, leading to a fixed communication cost.

2.3

Comparison with other models

The model presented above is a special case of the Gale-Kariv model [13], which we refer to as the
GK model henceforth.
In the GK model there is an all-encompassing ‘state of nature’ ω ∈ Ω, the agents have a set of
possible actions A, and the utility of the actions is a general function U : A × Ω → R. The utility
functions of all agents are the same. The agents receive general private signals (x1 (ω), . . . , xn (ω)).
We specialize the GK model as follows:
• We reduce ω to (x1 , . . . , xn , s), where xi ∈ X is agent i’s private signal and s belongs to a given
(finite) set S. We restrict the utility function to depend only on s and a, i.e., U : A × S → R.
In particular, U does not depend directly on the xi ’s.
• We demand that the xi ’s be conditionally independent of each other, given s.
• We demand that S, X and A be finite sets with bounded cardinalities.
Our choice of a ‘state of the world’ s and conditionally independent private signals, with a
utility function dependent only on s and a, is typical in herd behavior models (e.g., Banerjee [7]
Bikhchandani, Hirshleifer and Welch [8], Smith and Sørensen [27]). It is also the basis of the model
of boundedly-rational agents on social networks studied by Bala and Goyal [5]. Nevertheless it is
important to note that our first and second assumptions represents an important specialization of
the GK model. The third assumption corresponds to our choice of scaling regime (cf. Section 2.2).
9

Most of this work also treats the maximum degree d of the network as a fixed parameter.

6

Our assumptions play a crucial role in the efficient approach we develop to enable the computation of Bayesian posteriors. As discussed above, we allow the number of agents n to scale. Hence,
one might expect a general utility function that depends on all private signals to cause a computational burden that grows exponentially in n, just to enumerate the different utility functions
possible. Our assumption 1 above eliminates this difficulty. Similarly, dependent private signals
might lead to the problem of summing over exponentially many different possibilities.
While we know of no formal computational hardness results for Bayesian calculations on social
networks, we conjecture that the removal of any of the first two assumptions, or the consideration
of general graphs (i.e., not tree or tree-like graphs), makes the agents’ calculations #P hard. A
proof of this conjecture would be a natural complement to this work.

3

Main results

We make use of the following notations:
• For positive valued functions f1 , f2 , we write f1 (z) = O(f2 (z)) or f1 (z) ∈ O(f2 (z)) as z → ∞,
if there exist C < ∞ and z0 < ∞ such that f1 (z) ≤ Cf2 (z) for all z > z0 .
• For positive valued functions f1 , f2 , we write f1 (z) = Ω(f2 (z)) or f1 (z) ∈ Ω(f2 (z)) as z → ∞,
if there exist C > 0 and z0 < ∞ such that f1 (z) ≥ Cf2 (z) for all z > z0 .
The qualifier “as z → ∞” is often omitted for brevity. In this work, z corresponds to the scaling
variables n, t or 1/ (or combinations of these, e.g., in O(min(n, td)) the scaling parameter is
min(n, td)). The constant C may depend on fixed variables like |S|, |X |, and the maximum degree
d. We adopt the convention that C should not depend on the network G. We remark that O(·) and
Ω(·) are the only asymptotic notations that we use. For instance, ω is not used as an asymptotic
notation.

3.1

Efficient computation

To the best of our knowledge, the literature (e.g., [13, 25, 22]) does not contain an explicit description of an algorithm to compute the actions chosen by agents in our model. However, it seems that
a dynamic programming algorithm that performs this computation is well known. The proposition
below states the computational complexity of this algorithm.
Proposition 3.1. On any graph G, there is a dynamic programming (DP) based algorithm that
t
allows agents to compute their actions up to time t with computational effort t2O(min(n,(d−1) )) ,
where d is the maximum degree of the graph.
The algorithm leading to Proposition 3.1 is described in Section 4. This proposition provides
the baseline or benchmark that we compare our other algorithmic results to. In particular, we do
not consider this algorithm a major contribution of this work.
A key advantage of the DP algorithm is that it works for any graph G. The disadvantage,
of course, is that the computational effort required grows doubly exponentially in the number of
iterations t.
Our main result concerns the computational effort needed when the graph G is a tree10 . We
show that computational effort exponentially lower than that of the naive DP suffices in this case.
10
A tree graph, in this work, refers to a graph that contains no loops. This is sometimes called a ‘forest’ in the
literature.
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Theorem 3.2. In a tree graph G with maximum degree d, each agent can calculate her actions up
to time t with computational effort t2O(min(n,td)) .
The algorithm we use employs a technique called the dynamic cavity method [17], previously
used only in analytical contexts. A full description of the algorithm and analysis leading to Theorem
3.2 is described in Section 5.
An apparent issue is that the computational effort required is exponential in t; typically, exponentially growing effort is considered as large. However, in this case, we expect the number
of iterations t to be typically quite small, for two reasons: (1) In many settings, agents appear
to converge to the ‘right’ answer in a very small number of iterations [13]. In Section 3.2 below,
we argue that if  is the desired probability of error, then the number of rounds required should
be only O(log log(1/)), leading to computational effort of only polylog(1/). Having obtained an
approximately correct estimate, the agents would have little incentive to continue observing their
neighbors actions and updating their beliefs.11 (2) In many situations we would like to model,
we might expect only a small number (e.g., single digit) number of iterative updates to occur,
irrespective of network size etc. For instance, voters may discuss an upcoming election with each
other over a short period of time, ending on the election day when ballots are cast.

3.2

Convergence

Since an agent gains information at each round, and since she is Bayesian, then the probability that
she votes correctly is non-decreasing in t, the number of rounds. We say that the agent converges if
this probability converges to one, or equivalently if the probability that the agent votes incorrectly
converges to zero12 .
We say that there is doubly exponential convergence to the state of the world s if the maximum
single node error probability maxi∈V P [σi (t) 6= s] decays with round number t as

max P [σi (t) 6= s] = exp − Ω(bt ) ,
(1)
i∈V

where b > 1 is some constant.
The following is an immediate corollary of Theorem 3.2.
Corollary 3.3. Consider iterative Bayesian learning on a tree of with maximum degree d. If we
have doubly exponential convergence to s, then computational effort that is polynomial in log(1/)
(i.e., polylogarithmic in 1/) suffices to achieve error probability P [σi (t) 6= s] ≤  for all i in V .
Note that if weaken our assumption to doubly exponential
convergence in only a subset Vc ⊆ V

of nodes, i.e., maxi∈Vc P [σi (t) 6= s] = exp − Ω(bt ) , we still obtain a similar result with nodes in
Vc efficiently learning s.
Remark 3.4. If computational effort grows only polylogarithmically in an approximation parameter
(like  here), this is typically considered as very efficient. Even poly(1/) computational effort is
considered reasonably efficient, with the corresponding scheme being called a “fully polynomial time
approximation scheme”.
We are handicapped by the fact that very little in known rigorously about convergence of
iterative Bayesian learning in this sense (cf. questions (I) and (II) in Section 1). Nevertheless, we
11

Thus, 1/ serves as an alternative scaling parameter to t.
Note that this notion of ‘convergence’ differs greatly from the ‘agreement on actions’ sense in which the term is
sometimes used.
12
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provide the evidence for doubly exponential convergence on trees: We study a situation with two
possible states of the world and two possible private signal values. First, on a regular directed tree
we show that except for the case of very noisy signals, we have doubly exponential convergence if
the degree is at least five. Second, we state a conjecture and show that it implies doubly exponential
convergence of iterative Bayesian learning also on undirected trees. We provide numerical evidence
in support of our conjecture.
3.2.1

Directed trees

We consider an infinite directed d-ary tree. By this we mean a tree graph where each node i has
one ‘parent’ who observes i and d ‘children’ whom i observes, but who do not observe i. Learning
in such a tree is much easier to analyze (than in an undirected tree) because the trajectories of the
d children are uncorrelated conditioned on s.
Proposition 3.5. Consider a directed d-ary tree, binary s ∼ Bernoulli(1/2), and binary private
signals that are independent identically distributed given s, with P [xi 6= s] = 1 − δ for some δ ∈
(0, 1/2). For any symmetric tie breaking rule (e.g., “follow your private signal”), we have
h
i
(2)
P [σi (t) 6= s] = exp − Ω (d/2)t .
Proposition 3.5 is proved in Section 6.
3.2.2

Bayesian vs. ‘majority’ updates

We conjecture that iterative Bayesian learning leads to lower error probabilities (in the weak sense)
than a very simple alternative update rule we call ‘majority dynamics’[17]. Under this rule, the
agents adopt the action taken by the majority of their neighbors in the previous iteration (this is
made precise in Definition 6.2). Our conjecture seems natural since the iterative Bayesian update
rule chooses the vote in each round that (myopically) minimizes the error probability. We use σ
bi (t)
to denote votes under the majority dynamics.
Conjecture 3.6. Consider binary s ∼ Bernoulli(1/2), and binary private signals that are independent identically distributed given s, with P [xi 6= s] = 1 − δ for some δ ∈ (0, 1/2). Let the majority
dynamics (cf. Definition 6.2) be initialized with the private signals, i.e., σ
bi (0) = xi for all i ∈ V .
Then on any infinite regular tree, for all t ≥ 0, we have
P [σi (t) 6= s] ≤ P [b
σi (t) 6= s] .

(3)

In words, the error probability under iterative Bayesian learning is no larger than the error probability under majority dynamics, after the same number of iterations.
In Section 6, we show doubly exponential convergence for majority dynamics on regular trees:
Theorem 3.7. Consider binary s ∼ Bernoulli(1/2), and binary initial votes σ
bi (0) that are independent identically distributed given s, with P [b
σi (0) 6= s] = 1 − δ for some δ ∈ (0, 1/2). Let i be
any node in an (undirected) d regular tree for d ≥ 5. Then, under the majority dynamics,
h

t  i
P [b
σi (t) 6= s] = exp − Ω 12 (d − 2)
.
d−2

when δ < (2e(d − 1)/(d − 2))− d−4 .
9

Round
0
1
2
3
4

Bayesian
0.15
2.66119 · 10−2
7.61832 · 10−4
2.83839 · 10−7
1.41065 · 10−12

Majority
0.15
2.66119 · 10−2
1.67525 · 10−3
8.37462 · 10−6
2.48525 · 10−10

Table 1: Error probability on a regular tree with d = 5 and P [xi 6= s] = 0.15, for (i) Bayesian and (ii)
majority updates. The agents break ties by picking their original private signals.

Thus, if Conjecture 3.6 holds:
• We have doubly exponential convergence for iterative Bayesian learning on regular trees with
d ≥ 5, implying that for any  > 0, an error probability  can be achieved in O(log log(1/))
iterations with iterative Bayesian learning.
• Combining with Corollary 3.3), we see that the computational effort that is polylogarithmic
in (1/) suffices to achieve error probability 1/.

This compares favorably with the quasi-poly(1/) (i.e., exp polylog(1/) ) upper bound on
computational effort that we can derive by combining Conjecture 3.6 and the naı̈ve dynamic program described in Section 4. Indeed, based on recent results on subexponential decay of error probability with the number of private signals being aggregated [18], it would be natural to conjecture
that the number of iterations T needed to obtain an error probability of  obeys (d−1)T ≥ C log(1/)
for any C < ∞, for  small enough. This would then imply that the required computational effort
using the naı̈ve DP on a regular tree of degree d grows faster than any polynomial in 1/.
Since we are unable to prove our conjecture, we instead provide numerical evidence for it in
Table 1. Further numerical results are presented in Section 7, along with a discussion of the
difficulties in proving Conjecture 3.6. All computations leading to our numerical results are exact
(modulo finite precision arithmetic), and were performed using the dynamic cavity equations. The
results are all consistent with our conjecture over different values of d and P [xi 6= s].
We would like to emphasize that several of the error probability values could be feasibly computed only because of our new efficient approach to computing the decision functions employed
by the nodes. For instance, with d = 5, computing the decision function at iteration 3 using the
dynamic program (cf. Proposition 3.1 and Section 4) would require enumeration over 280 ∼ 1024
possibilities, which is infeasible even on state-of-the-art supercomputers. With our approach, we
are able to compute the decision function at iteration 3 and even at iteration 4, on a desktop
machine. This aggregates information from the ∼ 400 nodes within 4 hops of a given node.
Figure 1 plots decay of error probabilities in regular trees for iterative Bayesian learning with
P [xi 6= s] = 0.3, where the agents break ties by picking their original private signals. Each of the
curves (for different values of d) in the plot of log(− log P [σi (t) 6= s]) vs. t appear to be bounded
below by straight lines with positive slope, suggesting doubly exponential decay of error probabilities
with t.
The empirical rapidity of convergence, particularly for d = 5, 7, is noteworthy.

4

A Simple Algorithm: Proof of Proposition 3.1

t−1
A sign of the complexity of evaluating the Bayesian decision function git (xi , σ∂i
), is that even the
brute-force solution approach to it is not trivial. We therefore describe it here.
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Figure 1: Error probability decay on regular trees for iterative Bayesian learning, with P [xi 6= s] =
0.3 (cf. Section 7). The data used to generate this figure is presented in Table 3.
One way of thinking of the agents’ calculation is to imagine that they keep a long list of all
the possible combinations of private signals of all the other agents, and at each iteration cross
out entries that are inconsistent with the signals that they’ve observed from their neighbors up to
that point. Then, they calculate the probabilities of the different possible states of the world by
summing over the entries that have yet to be crossed out.
This may not be as simple as it seems. To understand which private signal vectors are ruled out
by the observed actions of neighbors, an agent “simulates” the network for every possible private
signal vector: Each agent calculates the function git for every other agent i and every possible set
of observations by i. We formalize this below.
Let x ∈ X n be the vector of private signals (xi )i∈V . The trajectory of i, denoted by σi , is
a deterministic function of x. Assume then that up to time t − 1 each agent has calculated the
trajectory σit−1 (x) for all possible private signal vectors x and all agents i. This is trivial for
t − 1 = 0.
t = σ t (y). We denote this set of
We say that y ∈ X n is feasible for i at time t if xi = yi and σ∂i
∂i
n
t
t
feasible private signal vectors by Ii (xi , σ∂i ) ⊆ X . To calculate σit (x), one observe that for all i, xi
t−1
, we have
and σ∂i




t−1
P s|Fit ∝ P [s] P xi , σ∂i
|s
X


= P [s]
P x=y s
t−1
y∈Iit−1 (yi ,σ∂i
)
and


t−1
gi,t (xi , σ∂i
) = arg max P s|Fit
s∈S

h i
by definition. We use the standard abusive notation P [xi ] instead of P [xi = yi ], P σjt instead of
h
i
P σjt = ωjt , etc.
It is easy to verify that using the equations above, the ‘simulation’ can be advanced from t − 1
to t with additional computational effort O(n|X |n ). Thus, the calculation of σit (x) for all i and
x requires total effort O(tn|X |n ). This leads to an upper bound of t2O(n) for this method. Note
that up to time t an agent need only consider agents at distance at most t, so on a graph with
11

t

maximum degree d, we obtain a bound of t2O((d−1) ) . This improves the bound above for ‘large’
graphs, i.e., graphs for which n > (d − 1)t for relevant values of t. Thus, we obtain the result stated
in Proposition 3.1.
We call this algorithm ‘the naı̈ve dynamic program’.

5

The Dynamic Cavity Algorithm on Trees

In this section we develop the dynamic cavity algorithm leading to Theorem 3.2. We present the
core construction and key technical lemmas in Section 5.1. In Section 5.2, we show how this leads
to an efficient algorithm for the Bayesian computations on tree graphs, and prove Theorem 3.2.
We extend our results in various directions in Section 5.3.
Assume in this section that the graph G is a tree with finite degree nodes. For j ∈ ∂i, let
Gj→i = (Vj→i , Ej→i ) denote the connected component containing node j in the graph G with the
edge (i, j) removed. That is, Gj→i is j’s subtree when G is rooted at i.

5.1

The Dynamic Cavity Method

We consider a modified process where agent i is replaced by an inert agent who takes a fixed
sequence of actions τi = (τi (0), τi (1), . . .), and the true state of the world is assumed to be some
fixed s. Furthermore, this ‘fixing’ goes unnoticed by the agents (except i, who is inert anyway)
who perform their calculations assuming that i is her regular Bayesian self, and that s was drawn
randomly according to P [s]. We denote by Q [A||τi , s] the probability of event A in this modified
process.
Remark 5.1. We emphasize that the modified process with an ‘inert’ agent is a theoretical construct we use to derive an efficient implementation for the iterative Bayesian decision rules. Our
algorithm does not involve actual replacement of nodes in the network.
This modified process is easier to analyze, as the processes on each of the subtrees Vj→i for
j ∈ ∂i are independent: Recall that private signals are independent conditioned on s, and the inert
agent ensures that the subtrees stay independent of each other. This is formalized in the following
claim, which is immediate to see:
Claim 5.2. For any i ∈ V , s ∈ S and any trajectory τi , we have
 t
 Y  t t 
Q σ∂i
τi , s =
Q σj τi , s .

(4)

j∈∂i

(Since σjt is unaffected by τi (t0 ) for all t0 > t, we only need to specify τit , and not the entire τi .)
Now, it might so happen that for some number of steps the ‘inert’ agent behaves exactly
t−1
as may be expected
of a rational player. More precisely, given σ∂i
, it may be the case that

t−1
t
t
τi = gi xi , σ∂i . This event provides the connection between the modified process and the
original process, and is the inspiration for the following theorem.
t−1
Theorem 5.3. Consider any i ∈ V , s ∈ S, t ∈ N, trajectory τi and σ∂i
. For any xi such that
P [xi |s] > 0, we have
 t−1


 t−1


t−1
t−1
P σ∂i
s, xi 1 τit = git xi , σ∂i
= Q σ∂i
τi , s 1 τit = git xi , σ∂i
.
(5)
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Proof. We couple the original process, after choosing s, to the modified processes by setting the
private signals to be identical in both.

t−1
Now, clearly if it so happens that τit = git xi , σ∂i
then the two processes will be identical
up to time t. Hence the probabilities
of events measurable up to time t will be identical when

t−1
multiplied by 1 τit = git xi , σ∂i
, and the theorem follows.
Using Eqs. (4) and (5), we can easily write the posterior on s computed by node i at time t, in
terms of the probabilities Q [·||·]:




t−1
P s|Fit ∝ P [s] P xi , σ∂i
|s
 t−1

= P [s] P [xi |s] P σ∂i
|s, xi
i
Y h
= P [s] P [xi |s]
Q σjt−1 σit−1 , s
(6)
j∈∂i

t−1
t−1
(Recall that
 σti is a deterministic function of (xi , σ∂i ). Also, note that if P [xi |s] = 0, we simply
obtain P s|Fi = 0. Eq. (6) deals with the non-trivial case P [xi |s] > 0.)


Remark 5.4. A naı̈ve (and incorrect) method to estimate the posterior P s|Fit would be to treat
the trajectories of the neighbors hand xi as
i being independent conditioned on s, leading to the estimate


Q
t−1
t
P̃ s Fi ∝ P [s] P [xi |s] j∈∂i P σj s for posterior beliefs13 . Eq. (6) gives us a variation on this
estimate that is exact on trees. In other words, it provides the right way to ‘combine’ information
from neighbors to compute the Bayesian posterior on s.

The decision function, defined as before, then follows from the posterior:


t−1
) = arg max P s|Fit .
gi,t (xi , σ∂i

(7)

s∈S

As mentioned earlier, we assume there is a deterministic tie breaking rule.
Remark 5.5. Suppose, instead, that the action set A is distinct from S, and the agents have some
common utility function U : A × S → R. Eq. (7) changes to
X 

t−1
gi,t (xi , σ∂i
) = arg max
P s|Fit U (a, s) ,
(8)
a∈A

s∈S

and all results in this section remain unchanged.
The naı̈ve DP in Section 4 admits a similar trivial extension.
We are left with the task of calculating Q [·||·]. The following theorem is the heart of the
dynamic cavity method and allows us to perform this calculation:
Theorem 5.6. For any i ∈ V , j ∈ ∂i, s ∈ S, t ∈ N, τit and σjt , we have
h

i
X
X


t−1
Q σjt τit , s =
P [xj |s] 1 σjt = gjt xj , (τit−1 , σ∂j\i
) ·
t−1 xj
σ1t−1 ... σd−1

·

d−1
Y

h
i
Q σlt−1 σjt−1 , s ,

(9)

l=1

where the neighbors of node j are ∂j = {i, 1, 2, . . . , d − 1}.
13

Thus, the logarithm of this estimated belief is a linear combination of information from neighbors. This has
motivated some of the heuristic updates rules studied in the literature [10, 11].

13

We mention without proof that the recursion easily generalizes
h
i to the hcase of airandom tiet
breaking rule; it is a matter of replacing the expression 1 σj = · · · with P σjt = · · · , where this
probability is over the randomness of the rule. Eq. (6) continues to be valid in this case.
The following proof is similar to the proof of Lemma 2.1 in [17], where the dynamic cavity
method is introduced and applied to a different process.
Proof. In the modified process, the events in the different branches that i sees are independent.
We therefore consider Gj→i only, and view it as a tree rooted at j. Also, for convenience we define
σit ≡ τit ; note that the random variable σit does not exist in the modified process, as i’s trajectory
is fixed to τi .
Let x be the vector of private signals of j and all the vertices up to a depth t in Gj→i (call this
t ). For each l ∈ {1, . . . , d − 1}, let x be the vector of private signals of V t−1 .
set of vertices Vj→i
l
l→j
Thus, x = (xj , x1 , x2 , . . . , xd−1 ).
The trajectory σjt is a function -deterministic, by our assumption- of x and τit . We shall denote
t (x, τ t ). This function is uniquely determined by the
this function by Fj→i and write σjt = Fj→i
i

t−1
t .
update rules glt xl , σ∂l
for l ∈ Vj→i
We have therefore


 X
t
P [x|s] 1 λt = Fj→i
(x, τit ) .
(10)
Q σjt = λt τit , s =
x

We now analyze each of the terms appearing in this sum. Since the private signals are independent
conditioned on s, we have


P [x |s] = P [xj |s] P [x1 |s] P [x2 |s] . . . P xd−1 s .
(11)
t (· · · ) can be decomposed as follows:
The function Fj→i


t
1 λt = Fj→i
(x, τit ) =

X



 d−1
Y 
t−1
t−1
)
1 σlt−1 = Fl→j
(xl , λt−1 ) .
1 λt = gjt (xj , σ∂j

(12)

l=1

t−1
σ1t−1 ...σd−1

Using Eqs. (11) and (12) in Eq. (10) and separating terms that depend only on xi , we get


X
X


t−1
Q σjt = λt τit , s =
P [xj |s] 1 λt = gjt (xj , σ∂j
·
t−1 xj
σ1t−1 ... σd−1

·

d−1
YX
l=1 xl



t−1
P [xl |s] 1 σlt−1 = Fl→j
(xl , λt−1 ) .

The
immediately by identifying that the product over l in fact has argument
i
h recursion follows
t−1
t−1
Q σl
σj , s .

5.2

The Agents’ Calculations

We now have in place all we need to perform the agents’ calculations. At time t = 0 these
calculations are trivial. Assume then that up to time t each agent has calculated the following
quantities:
h
i
1. Q σjt−1 τit−1 , s , for all s ∈ S, for all i, j ∈ V such that j ∈ ∂i, and for all τit−1 and σjt−1 .
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t−1
t−1
2. git (xi , σ∂i
) for all i, xi and σ∂i
.

Note that these can be calculated without making any observations – only knowledge of the graph
G, P [s] and P [x|s] is needed.
At time t + 1 each agent makes the following calculations:
h
i
1. Q σjt τit , s for all s, i, j, σjt , τit . These can be calculated using Eq. (9), given the quantities
from the previous iteration.
t ) for all i, x and σ t . These can be calculated using Eqs. (6) and (7) and the the
2. git+1 (xi , σ∂i
h i
i ∂i
t
t
newly calculated Q σj τi , s .

Since agent j calculates git+1 for all i, then she, in particular, calculates gjt+1 . This allows her
to choose the (myopic) Bayes optimal action in rounds up to t + 1, based on her neighbors’ past
actions. A simple calculation yields the following lemma.
Lemma 5.7. In a tree graph G with maximum degree d, the agents can calculate their actions up
to time t with computational effort n2O(td) .
In fact, each agent does not need to perform calculations for the entire graph. It suffices for
node i to calculate quantities up to time t0 for nodes at distance t − t0 from node i (there are at
0
most (d−1)t−t such nodes). A short calculation yields an improved bound on computational effort,
stated in Theorem 3.2.
Proof of Theorem 3.2. Consider an agent j, who wants to determine her own decision function up
to round t, i.e., she wants to determine gjt ( · , · ). The computation is performed in t steps, that we
number 0, 1, . . . , t − 1. Step 0 involves the following: (i) Evaluate
gi0 (xi ) = arg maxs∈S P [s|xi ] for

0
0
all i at a distance at most t from j. (ii) Evaluate Q σi τk , s for all k at distance at most t − 1
from j, for all i ∈ ∂k, and for all σi0 , τk0 , s, using Eq. (9).
For any 1 ≤ t0 ≤ t − 1, step t − t0 proceeds as follows. Consider
any agent i at
h
i distance at
t−t0 −1
t−t0 −1
0
most t ≥ 1 from j. Suppose that we have already computed Q σl
τi
, s for all such
0

0

i, for all l ∈ ∂i, and for all possible σlt−t −1 , τit−t −1 , s. Then we can use Eqs. (6) and (7) to
0
t−t0 −1
t−t0 −1
compute git−t (xi , σ∂i
) for all hpossible xi , σ∂i
. Using these values, for any k at a distance
i
0
0
t−t0
t−t0
0
t − 1 from j, we can compute Q σi
τk , s for all i ∈ ∂k, for all σit−t ,τkt−t , s, using Eq. (9).
0

0

The computational effort involved is bounded by C(d − 1)t |S|d(t−t )+1 |X | for the
h computation
i of
0
0 +1)
t−t0
t−t0
t−t0
t
(d+1)(t−t
τk , s ’s.
gi ( · , · ) ’s and bounded by C(d−1) |S|
|X | for the computation of Q σi

Here d is maximum degree, and C = C(d) < ∞ is a constant. Thus, step t − t0 requires effort
0
bounded by 2C td for some C 0 = C 0 (d, |S|, |X |) < ∞. This bound also holds for step 0. Thus, the
0
overall computational effort is bounded by t2C td = 2O(td) .

5.3

Dynamic Cavity Algorithm: Extensions

Our algorithm admits several extensions that we explore in this section: Section 5.3.1 discusses
random graphs, Section 5.3.2 relaxes the assumption that the entire graph is common knowledge
and Section 5.3.3 allows nodes/edges to be inactive in some rounds.
But first we mention some straightforward generalizations:
It is easy to see that dynamic cavity recursion (Theorem 5.6) does not depend on any special
properties of the Bayesian update rule. The decision rule gi,t : X × S |∂i|t → S can be arbitrary.
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Thus, if agent i wants to perform a Bayesian update, he can do so (exactly) using our approach
even if his neighbor, agent j, is using some other update rule14 .
Remark 5.8. The dynamic cavity recursion can be used to enable computations of agents even if
some of them are using arbitrary update rules (provided the rules are common knowledge).
Our algorithm is easily modified for the case of a general finite action set A that need not be
the same as S, associated with a payoff function U : A × S → R, as described in Remark 5.5. In
fact, the action set and payoff function can each be player dependent (Ai , Ui respectively: Eq. (8)
admits a trivial generalization), provided these are common knowledge.
We already mentioned that there is a simple generalization to the case of random tie breaking
rules.
Instead of having only undirected edges (corresponding to bidirectional observations), we can
allow a subset of the edges of the tree to be directed. In this case, the same algorithm works with
suitably defined neighborhood sets ∂i. In other words, our result holds for the class of directed
graphs lacking cycles of length greater than two (length two cycles are simply undirected edges).
Agents may receive private signals in rounds later than round 0. This can be incorporated into
our computational approach provided that conditioned on s, the private signals are independent for
different agents and across time. Let xi,t beQthe private
signal
received by agent i just before round


t
0
t. Then in Eq. (6), P [xi |s] is replaced by t0 =0 P xi,t s , and there is an analogous replacement
for P [xj |s] in Eq. (9).
The computations of agent i up to round t only depend on a ‘ball’ of radius t around node i,
i.e., the neighborhood of node i up to depth t. For our algorithm to work at node i up to round t,
we only need the ball of radius t around node i to be a tree.
It should also be possible to use our dynamic cavity approach to enable efficient Bayesian
computations in a social experimentation setting (see, e.g., [12, 5]), where (noisy) payoffs are
observed in each round by agents and their neighbors. However, we do not pursue this extension
here, since it would require us to introduce a new model.
5.3.1

Random graphs

Consider a random graph on n nodes drawn from the configuration model15 with a given degree
distribution. It is well known that such graphs are locally tree-like with high probability(see, e.g.
[3]). More formally, for any t < ∞, we have


lim P Bit is a tree. = 1 .
(13)
n→∞

Since node calculations up to time t depend only on Bit , it follows that with high probability
(w.h.p.), for an arbitrarily selected node, the tree calculations suffice for any constant number of
iterations.
5.3.2

Learning without Knowledge of the Graph

Here we consider the situation where nodes do not know the actual graph G, but know some
distribution over possibilities for G. This is potentially a more realistic model; the assumption the
14

Such settings have been proposed, for instance, in [22], where the network consists of a mixture of Bayesian and
non-Bayesian agents.
15
In the configuration model, one first assigns a degree to each node, draws the appropriate number of ‘half-edges’
and then chooses a uniformly random pairing between them. One can further specify that a graph constructed thus
is ‘rejected’ if it contains double edges or self-loops; this does not change any of the basic properties, e.g., the local
description, of the ensemble.
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graph structure is common knowledge may be considered a weakness of the model of Gale and
Kariv. We address this issue here, showing that our algorithm can be modified to allow Bayesian
estimation in this case as well.
Let G ≡ Gn be a random graph of n nodes constructed according to the configuration model
for a given (node perspective degree) distribution. Denote the degree distribution by ρV , so that
ρV (d) ≡ probability that a randomly selected node has degree d.
Now, in this ensemble, the local neighborhood up to distance D of an arbitrary node v with
fixed degree dv converges in distribution as n → ∞ to the following (‘local weak convergence’, see
[3]): Each of the neighbors of node v has a degree drawn independently according to the ‘edge
perspective’ degree distribution ρE , defined by:
dρV (d)
0
0
d0 ∈N d ρV (d )

ρE (d) = P

Further, each of the neighbors of the neighbors (except v itself) again have a degree drawn
independently according to ρE (d), and so on up to depth D. Call the resulting distribution over
trees TdDv .
Now suppose that agents are, in fact, connected in a graph drawn from the ensemble Gn with
degree distribution ρV , independent of the state of the world s and the private signals {xi }. Suppose
that each node u knows the distribution ρV and its own degree du , but does not know anything
else about Gn .16 Further, suppose that this is common knowledge. Now in the limit n → ∞, an
exact Bayesian calculation for a node v up to time t depends on ρV via Tdtv . Since nodes know only
their own degree, there are only ∆ different ‘types’ of nodes, where ∆ is the size of the support of
ρE (d). There is one type for each degree. This actually makes computations slightly simpler than
in an arbitrary known graph.
Fix state s. Take an arbitrary agent i. Replace it with an ‘inert’ agent following hthe vote trajec-i
tory τi . Now fix some ∂i (ensure ρV (|∂i|) > 0). Choose arbitrary j ∈ ∂i. Define Q σjt = ωjt τit , s
as the probability of seeing trajectory σjt = ωjt at node j in this setting. This probability is over
h
i
the graph realization (given ∂i) and over the private signals. Note here that Q σjt = ωjt τit , s is
the same for any i, ∂i and j ∈ ∂i.
Eqs. (4), (6) and (7) continue to hold w.h.p.17 for the same reasons as before.
The dynamic cavity recursion, earlier given by Eq. (9), becomes
h

i
X
X

 X
t−1
Q σjt τi , s =
ρE (d)
P [xj |s] 1 σjt = gjt xj , (τit−1 , σ∂j\i
)
·
d∈N

t−1 xj
σ1t−1 ... σd−1

·

d−1
Y

h
i
Q σlt−1 σjt−1 , s .

(14)

l=1

in the limit n → ∞, due to local weak convergence (see above). We have written the recursion
assuming the neighbors of j are named according to ∂j\i = {1, 2, . . . , d − 1}.
We comment that there is a straightforward generalization to the case of a multi-type configuration model with a finite number of types. Nodes may or may not be aware of the type of each
of their neighbors (both cases can be handled). For instance, here is a simple example with two
types: There are ‘red’ agents and ‘blue’ agents, and each ‘red’ agent is connected to 3 ‘blue’ agents,
16

Other ‘knowledge’ assumptions can be similarly handled, for instance where a node knows its own degree, the
degree of its neighbors and ρV .
17
We need the ball of radius t around i to be a tree.
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whereas each ‘blue’ agent is connected to either 5 or 6 ‘red’ agents with equal likelihood. In this
case the degree distribution itself ensures that nodes know the type of their neighbors as being the
opposite of their own type. Multi-type configuration models are of interest since they allow for a
rich variety ‘social connection’ patterns.
Remark 5.9. Our algorithm suggests a heuristic update rule that can apply to general graphs.
Consider any random graph model with some degree distribution that is common knowledge. The
model can include many short loops but suppose agents perform their computations as though their
neighborhood (beyond immediate neighbors) is a tree drawn according to the edge perspective degree
distribution, and this is common knowledge. The computations and updates employed are then
exactly as described above.
We discuss this further in Section 8.2.
5.3.3

Observing random subsets of neighbors

We may not interact with each of our friends every day. Suppose that for each edge e, there is a
probability pe that the edge will be ‘active’ in any particular iteration, independent of everything
else. Let ae (t) ∈ {∗, a}, be an indicator variable for whether edge e was active at time t (a denotes
‘active’). Now, the observation by node i of node j belongs to an extended set that includes an
additional symbol ∗ corresponding to the edge being inactive. Thus, there are (|S| + 1)t+1 possible
observed trajectories up to time t. Our algorithm can be easily adapted for this case. The modified
‘inert’ agent process involves fixing state of the world s, trajectory τi and also (aij (t))j∈∂i for all
times t. The form of posterior on the state of the world, Eq. (6), remains unchanged. The cavity
t−1
recursion Eq. (9) now includes a summation over the possibilities for (at−1
1 , . . . , ad−1 ). The overall
complexity remains 2O(td) .
The case where node v becomes inactive with some probability pv in an iteration, independent
of everything else, can also be handled similarly. A suitable formulation can also be obtained
when both the above situations are combined, so that both nodes and edges may be inactive in an
iteration.

6
6.1

Proofs of convergence results
Directed trees: Proof of Proposition 3.5

Lemma 6.1. Consider the setting of Proposition 3.5. The error probability at any node i at time
t is bounded as
P [σi (t) 6= s] ≤ δt ,
where δ0 ≡ δ and we have a recursive definition

δt0 ≡ P [Binomial(d, δt0 −1 ) ≥ d/2] .

(15)

Proof of Lemma 6.1. We proceed by induction on time t. Clearly, the error probability is bounded
above by δ0 at t = 0. Let S = X = {−1, +1} for convenience (we already assumed s and xi are
binary). Note that, by symmetry, the error probability P [σi (t) 6= s] does not depend on s or on i.
Suppose, P [σi (t) 6= s] ≤ δt . Consider a node j making a decision at time t + 1. Let the children of
j be 1, 2, . . . , d. Define σ
ej , the opinion of the majority of the children, by
!
d
X
σ
ej (t + 1) = sgn
σl (t) ,
l=1
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where sgn(0) is arbitrarily assigned the value −1 or +1. The ‘error-or-not’ variables [σl (t) 6= s]
are independent identically distributed (i.i.d.), with P [σl (t) 6= s] ≤ δt by the induction hypothesis.
Hence,
P [e
σj (t + 1) 6= s] ≤ P [Binomial(d, δt ) ≥ d/2] = δt+1 .

(16)

Since the agent j is Bayesian, she in fact uses the information (xj , σ1t , . . . , σdt ) to compute a
MAP estimate σj (t + 1) of the true state of the world. Clearly, P [σj (t + 1) 6= s] ≤ P [e
σj (t + 1) 6= s].
Using Eq. (16), it follows that P [σj (t + 1) 6= s] ≤ δt+1 . Induction completes the proof.
Proof of Proposition 3.5. For a symmetric tie breaking rule and δ < 1/2, it is straightforward to
establish that δt ≡ P [σi (t) 6= s] is monotonic decreasing in t, and converges to 0. It follows (by an
argument similar to the one used in the proof of theorem 3.7 below) that we have doubly exponential
convergence to the true state of the world:

− log P [σi (t) 6= s] ∈ Ω (d/2)t .
implying that O(log log(1/)) rounds suffice to reduce the error probability to below .

6.2

Majority dynamics: Proof of Theorem 3.7

In this section we study a very simple update rule, ‘majority dynamics’. We use σ
bi (t) ∈ {−1, +1}
to denote votes under the majority dynamics.
Definition 6.2. Under the majority dynamics, each agent i ∈ V chooses her vote in round t + 1
according to the majority of the votes of her neighbors in round t, i.e.


X
σ
bi (t + 1) = sign 
σ
bj (t)
j∈∂i

Ties are broken by flipping an unbiased coin.
Let s ∈ {−1, +1} be drawn from a uniform prior and nodes receive ‘private signals’ σ
bi (0) that
are correct with probability 1 − δ, and independent conditioned on s. We consider an undirected
d regular tree. The analysis in this case is complicated (relative to the case of a directed tree) by
dependencies which have to be carefully handled. Our analytical approach here is again closely
related to the dynamic cavity method.
Lemma 6.3. Consider the setting in Theorem 3.7. Let i and j be adjacent nodes in the tree. Then
for all (b
σit−1 , σ
bjt−1 ) ∈ {−1, +1}2t
h
i
P σ
bi (t) = −1|b
σit−1 , σ
bjt−1 , s = +1 ≤ δt

(17)

where δt is defined recursively by δ0 ≡ δ, and
δt ≡ P [Binomial(d − 1, δt−1 ) ≥ d/2 − 1]

(18)

Proof. We proceed by induction. Clearly Eq. (17) holds for t = 0. Suppose Eq. (17) holds for some
t. We want to show


P σ
bi (t + 1) = −1 | σ
bit , σ
bjt , s = +1 ≤ δt+1 ,
(19)
19

for all (b
σit , σ
bjt ) ∈ {−1, +1}2(t+1) .
Let l1 , l2 , . . . , ld−1 be the other neighbors of node i (besides j). We will show that, in fact,
h
i
t−1
P σ
bi (t + 1) = −1 | σ
bit , σ
bjt , σ
blt−1
,
.
.
.
,
σ
b
,
s
=
+1
≤ δt+1 ,
(20)
ld−1
1
for all possible ξ ≡ (b
σit , σ
bjt , σ
blt−1
,σ
blt−1
,...,σ
blt−1
).
1
2
d−1
We reason as follows. Fix the state of the world s and the trajectories σ
bit and σ
bjt . Now this
induces correlations between the trajectories of the neighbors l1 , . . . , ld−1 , caused by the requirement
of consistency with the majority rule at node i, but only up to time t − 1. If we further fix σ
blt−1
,
m

then σ
blm (t) (and σ
blm at all future times) is conditionally independent of σ
blt 0 m0 6=m . Thus, we
m
have18


P [b
σlm (t) = −1| ξ, s = +1] = P σ
blm (t) = −1| σ
blt−1
,σ
bit−1 , s = +1 ,
m
and therefore, using the induction hypothesis
P [b
σlm (t) = −1| ξ, s = +1] ≤ δt

(21)

for all m ∈ {1, 2, . . . , d − 1}. Also, the actions σ
bl1 (t), . . . , σ
bld−1 (t) are conditionally independent of
each other given ξ, s = +1. We have
σ
bi (t + 1) = sgn(b
σj (t) + σ
bl1 (t) + . . . + σ
bld−1 (t)) ,
with sgn(0) being assigned value −1 or +1 with equal probability. This yields
P [b
σi (t + 1) = −1 | ξ, s = +1] ≤ P [Binomial(d − 1, δt ) ≥ d/2 − 1]
from Eq. (21) and conditional independence of σ
bl1 (t), . . . , σ
bld−1 (t). Thus, we obtain Eq. (20).
t−1
t−1
Eq. (19) follows by summing over σ
blt−1
,
σ
b
,
.
.
.
,
σ
b
.
l2
ld−1
1
Proof of Theorem 3.7. By applying the multiplicative version of the Chernoff bound19 to Eq. (18)
we have that
δt+1 ≤ e(d−2)/2−(d−1)δt (2δt (d − 1)/(d − 2))(d−2)/2
Dropping the term e−(d−1)δt , we obtain
1

δt+1 ≤ (2eδt (d − 1)/(d − 2)) 2 (d−2) .

(22)

This is a first order non-homogeneous linear recursion in log δt . If it were an equality it would
yield



t
d−2
log δt = log δ +
log[2e(d − 1)/(d − 2)] 12 (d − 2)
d−4
d−2
−
log[2e(d − 1)/(d − 2)] ,
d−4
18

A alternate argument can be constructed using the modified process with an inert agent, mirroring the reasoning
used in the proof of Theorem 5.6.

E[X]
exp η
19
P [X ≥ (1 + η)E [X]] ≤ (1+η)
. We substitute E [X] = δt (d − 1) and 1 + η = (d/2 − 1)/[δt (d − 1)].
1+η
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Round
0
1
2
3
4
5
6

Bayesian
0.15
6.075 · 10−2
1.57158 · 10−2
2.99170 · 10−3
3.39853 · 10−4
2.72958 · 10−5
2.21981 · 10−6

Majority
0.15
6.075 · 10−2
2.95136 · 10−2
1.59849 · 10−2
9.15458 · 10−3
5.46501 · 10−3
3.35117 · 10−3

Table 2: d = 3, P [xi 6= s] = 0.15
and so
− log δt ∈ Ω



1
2 (d

t 
− 2)
,

(23)

as long as
− log δ <

d−2
log[2e(d − 1)/(d − 2)] .
d−4

Theorem 3.7 is non-trivial for d ≥ 5. The upper limit of the ‘noise’ δ for which it establishes
rapid convergence approaches (2e)−1 as d grows large (see also the discussion below for large d).
Convergence for large d
We present now a short informal discussion on the limit d → ∞. We can, in fact, use Lemma
6.1 to show convergence is doubly exponential for δ < 1/2 − c/d for some c < ∞ that does not
depend on d.
Here is a sketch of the argument. Suppose δ = 1/2 − c1 /d. Then, for all√
d > d1 where d1 < ∞,
there exists c2 < ∞ such that P [Binomial(d − 1, δ) ≥ d/2 − 1] < 1/2 − c2 / d. This can be seen,
for instance, by coupling with the Binomial(d − 1, 1/2) process and using
√ an appropriate local
central limit theorem (e.g., see [17, Theorem 4.4]). Thus, δ1 < 1/2 − c2 / d. Further, c2 can be
made arbitrarily large by choosing large enough c1 . Next, with a simple application of the Azuma’s
inequality, we arrive at δ2 < c3 (where c3 → 0 as c2 → ∞). Now, for small enough c3 , we use the
Chernoff bound analysis in the proof of Theorem 3.7 and obtain doubly exponential convergence.

7

Further numerical results and discussion on Conjecture 3.6

Table 2, together with Table 1 above, contrast the error probabilities of Bayesian updates with
those of majority updates. All cases exhibit lower error probabilities (in the weak sense) for the
Bayesian update, consistent with Conjecture 3.6. Table 3 contains the data plotted in Figure 1.
Also for these parameters, we found that the Bayesian updates showed lower error probabilities
than the majority updates (compare with Table 4).
The running time to generate these tables was less than a minute on a standard desktop machine.
We did not proceed with more rounds because of numerical instability issues which begin to appear
as error probabilities decrease.
We now discuss briefly the difficulties in proving Conjecture 3.6. Order the possible private
signals by the implied likelihood ratio of s, with higher xj corresponding to s = +1 being more
likely. We say a learning rule with successive rounds of ‘voting’ is monotonic if the following
occurs: If some x leads to σi (t) = 1, then increasing xj in x for some j ∈ V leaves σi (t) unchanged.
21

Round
0
1
2
3
4
5
6
7

d=3
0.30
0.216
0.134038
7.77755 · 10−2
3.79502 · 10−2
1.71209 · 10−2
5.73294 · 10−3
1.59587 · 10−3

d=5
0.30
0.16308
5.07053 · 10−2
4.06495 · 10−3
1.61786 · 10−5

d=7
0.30
0.126036
1.1966 · 10−2
3.67884 · 10−6

Table 3: Error probabilities for Bayesian agents with P [xi 6= s] = 0.3, for regular trees of different degrees
d. This data is displayed in Figure 1.
Round
0
1
2
3
4
5
6
7

d=3
0.30
0.216
0.170489
0.146010
0.130070
0.119647
0.112267
0.107006

d=5
0.30
0.16308
0.0733673
0.0215952
2.61093 · 10−3

d=7
0.30
0.126036
0.0232861
2.99165 · 10−4

Table 4: Error probabilities for agents using majority updates with P [xi 6= s] = 0.3, for regular trees of
different degrees d.

One might expect most reasonable learning rules, including iterative Bayesian learning, to satisfy
monotonicity. For instance, there is a simple proof that the majority rule is monotonic [17].
However, it turns out that iterative Bayesian learning is not always monotonic20 ! It is not very
surprising, then, that it is hard to prove convergence of Bayesian learning to the ‘right’ answer,
even in simple settings. Controlling the rate of convergence, as in Conjecture 3.6, is even harder.
Despite non-monotonicity, it is tempting to hope for a direct proof of Conjecture 3.6, by showing
inductively (in time) that iterative Bayesian learning is always at least as good majority dynamics. The difficulty that arises here is that though iterative Bayesian learning minimizes the error
probability at a node, given the available information, this is not the case if we condition on the
state of the world. After conditioning on the state of the world, iterative Bayesian learning does
better than majority dynamics on some nodes, and worse on others. It is very hard to control the
difference between the two processes beyond a small number of iterations, making a direct proof of
Conjecture 3.6 difficult.

8

Discussion

We presented a new algorithmic approach that questions the belief that fully Bayesian computations for agents interacting on a social network are computationally intractable. The chief drawback
is that our approach does not seem amenable to graphs with short loops, though many real networks possess this feature. A significant open question suggested by our results is: What is the
‘computational boundary’ between networks where exact Bayesian calculations can be efficiently
20

Elchanan Mossel and Omer Tamuz, private communication.
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performed, and networks where this is not possible? In particular, can graphs with a few short
loops be handled at some additional computational cost?

8.1

Relation to Aaronson’s work on the complexity of agreement

The work most closely related in spirit to the present one is that of Aaronson on the complexity of
agreement [1]. In that work, as in this one, the author started out aiming to establish complexity
theoretic ‘hardness’: “communication complexity might provide a fundamental reason for why
. . . people could agree to disagree . . . this was our conjecture when we began studying the topic”, but
instead discovered an efficient procedure to achieve the objective in question under some conditions.
We briefly describe Aaronson’s work next and compare it to our own.
Aaronson investigated the question of whether Aumann’s classic theorem on agreement [4] is
supported by an efficient procedure by which agents with a common prior can reach agreement. In
that setting, the ‘communication protocol’ itself is unspecified, and the objective is to formulate
an efficient communication protocol, along with an efficient computational procedure to implement
this protocol, so as to facilitate agreement between agents. The scaling variables chosen are the
number of bits n of private information, and the inverse ‘error probability’ 1/. Aaronson shows
that agreement can be achieved after a ‘conversation’ of reasonable length (that does not depend
on n) in the case of two interacting agents, and also in the case of more than two agents on
a strongly connected network. Further, he shows that for two agents, the computational effort
required to adequately ‘simulate’ this conversation is again independent of n ([1] does not establish
a computational bound for networks of three or more agents). Given a desired error probability
, the conversation length required grows as poly(1/), whereas the bound on computational effort
grows as exp(poly(1/)).
There are several evident differences with the current work. First, the ‘communication protocol’
is specified implicitly by the model itself in our problem. Thus, the single objective for us is to
minimize computational effort. Second, our scaling regime is very different, in that we let the
number of nodes n grow large (whereas Aaronson focusses on the two agent case), but demand that
private signals of agents belong to a finite set. In other words, we study the effect of large network
size on computational difficulty, whereas Aaronson focusses on the effect of a large amount of private
information21 . In terms of dependence of computational effort on ‘error probability’, our bound
of polylog(1/) on computational effort (assuming Conjecture 3.6) is doubly exponentially smaller
than the bound of exp(poly(1/)) obtained by Aaronson as evidence of ‘efficient computability’22 .
In the spirit of Aaronson’s approach [1] to simulating a conversation between Bayesian agents
using limited computations, it may be possible to develop a Monte Carlo sampling based version of
the naı̈ve dynamic program (Section 4) that is much more efficient. The chief additional difficulty
would be in handling the effects of network structure, since Aaronson only deals with the case of
two agents. This is an interesting direction of future study.

8.2

The Bayesian calculation on trees as a heuristic on general graphs

Our algorithm for trees, which allows exact posterior calculations, can also be used as a heuristic
on general loopy graphs (hereafter ‘our heuristic’), for instance in the case described in Remark 5.9.
Our heuristic involves ‘belief’ updates that are similar in some ways (cf. Remark 5.4 and the footnote there) to previously suggested thumb rules for learning when agents are subject to ‘persuasion
bias’, e.g., [10, 11, 14]. DeMarzo, Vayanos, and Zwiebel [11] present a detailed argument suggesting
21
22

Interestingly the bounds obtained are independent of n in both works, for n large.
Of course, a direct comparison is somewhat unfair since the problems being addressed are quite different.
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the prevalence of persuasion bias in society, meaning that agents tend to ignore repetition in the
information they receive. There are multiple possible reasons for the repetition of information,
including: (i) the same neighbors’ actions may be repeatedly observed, (ii) the neighbors’ actions
are affected by past actions of the agent herself, (iii) there may be loops in the network, causing
dependence in the information received from different neighbors.
Simple heuristics such as majority rules do not correct for (ii), the effect of ones own action on
ones neighbors. Our heuristic takes both (i) and (ii) into account, but neglects the effects of loops.
In particular, it allows exact posterior computations on trees. Arguably, repetition of information
due to loops in the network may be the aspect that agents find most difficult to incorporate into
their computations. With this is mind, it seems that our heuristic or similar heuristic update rules
may be of interest to investigate on general graphs. They could capture the behavior of agents who
are rational in every respect except in accounting for loops in the network. Thus, our work may
suggest new directions to pursue in the context of understanding “... how the theory changes if
the bounded rationality takes a more general form (perhaps with full rationality being a limiting
case)” (Golub and Jackson [14]).
Acknowledgments. We would like to thank Andrea Montanari, Elchanan Mossel and Allan Sly
for valuable discussions.
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