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Social learning, in which members of a society learn by observ-
ing the behavior of others, is an important foundation for human
culture, and is observed in many other species as well. It seems
natural to assume that social learning evolved due to the inherent
superiority of copying others’ success rather than learning on one’s
own via trial-and-error innovation. However, there has also been
substantial work questioning this intuition [3, 5, 1, 6, 4]. For ex-
ample, blindly copying information from others is not useful if the
information is wrong—or if it once was right but has since become
outdated. Under what conditions does social learning outperform
trial-and-error learning, and what kinds of social-learning strategies
are likely to perform well?

One attempt to gain insight into these questions is an evolution-
ary simulation called The Social Learning Strategies Tournament
[2],1 which was created in order to study the conditions under
which communication outperforms trial-and-error and vice-versa.
More than 100 researchers worldwide have entered strategies in the
tournament, vying for a e10,000 prize. To date, the tournament’s
organizers have not yet finished evaluating the strategies.

Moves in the social learning game are highly simplified analogs
of the following real-world activities: spending time and resources
to learn something new, learning something from another player,
and exploiting learned knowledge. By developing a formal way of
analyzing this set of activities, we hope it will allow us to perform
case studies, and to identify how different patterns of behavior fare
in different environments.

This extended abstract summarizes several contributions to
knowledge about the social learning game:

1. We have derived a formula for approximating (to within any
ε > 0) the expected utility of a strategy in the social learning
game.

2. We have produced an algorithm that incorporates a looka-
head search to find near-optimal strategies.

3. We have shown that locally optimal moves are not neces-
sarily optimal in the long term, but one can derive an upper
bound on how many levels of lookahead are needed to find a
globally optimal move.

1NOTE: None of us is affiliated with the tournament in any way.
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4. We have given proofs of correctness and big-O runtime anal-
yses for our algorithms.

1. THE SOCIAL LEARNING GAME
The social learning game is introduced in [2]. The game is an n-

player round based game, where one move is made by each agent
per round. The rules can be summarized as follows:

• At each step of the game, each player must choose one of
three moves: innovate, observe, or exploit. How an agent
does this constitutes the agent’s “social learning strategy.”

• Each exploit move provides the player an immediate numeric
payoff, while innovate and observe moves help the player
learn actions to exploit.

• Each agent has a fixed probability of dying at each round, to
be replaced by the offspring of another agent. Agents with a
higher average payoff are more likely to reproduce.

A player may only exploit an action that has been learned
through a previous innovate or observe move. Each exploitable
action has an assigned utility drawn from a probability distribution
function, which may be arbitrary, and is a parameter for the game.
This utility changes on round j with probability c(j), called the
probability of change. An action’s payoff, and/or the accuracy of
the information learned, may vary as the game goes on.2

An observe move informs the agent of an exploit action made
by another agent during the previous round, as well as the action’s
utility. In contrast, an innovate move informs the agent of a ran-
dom exploitable action and it’s utility. Innovation and observation
are essential precursors to exploitation: without first learning an
action, an agent is not able to gain any utility. Additionally, no
agent knows of any other agents’ behavior during the game except
through observation.

Formally, all of the information each agent receives on each
round can be described by a triple 〈mv, act, v〉, wheremv is what-
ever move the agent chose to perform on that round (innovate,
observe, or exploit), act is an exploitable action or a null value
(X[1], . . . , X[m], ∅), and v is the utility value observed or re-
ceived. A history is a sequence of such tuples.

2The Cultaptation tournament directors have deliberately avoided
giving any information about how this variation may occur, as well
as information about several other important game characteristics.
Hence, in order to model these characteristics in as general a way
as possible, we treat them as arbitrary parameters that may have
different values at each time step.



Each round, each agent dies with probability d. Dead agents
are removed from the game and replaced by the offspring of a liv-
ing agent, chosen at random. Offspring use the same strategy as
their parents, but do not inherit any knowledge of actions or utili-
ties their parents may have. An agent’s chance of being selected to
reproduce is proportional to its per round utility, the utility it has
earned (through exploit actions) divided by the number of rounds it
has been alive.

The winning strategy is the one that is used by the most agents
during the last quarter of the game. Hence, the goal of a strategy
should be to maximize the number of times agents using it are se-
lected to reproduce.
Expected Per Round Utility

In the paper, we develop a metric for evaluating any given strat-
egy S, called the expected per round utility of S or EPU(S). We
then prove that, if a strategy Sopt exists such that, for any other
strategy S′, EPU(Sopt) ≥ EPU(S′), then Sopt has the best pos-
sible chance of winning the game, and therefore it is the optimal
strategy.

To calculate EPU(S) we take the sum, for all possible histories
h, of the probability that S causes h to occur, times the per round
utility of h (denoted PRU(h):

EPU(S) =
X
h∈H

(1− d)|h|−1| {z }
Prob. of living |h| rounds

× P (h|S)| {z }
Prob. S causing h

× PRU(h)| {z }
Per-round utility

.

Approximating EPU
If we do not know when the game ends, then histories of any

length are possible, so the set H has infinite size and we cannot
compute EPU(S). However, note that the first term, (1−d)|h|−1,
decreases exponentially3 as |h| increases. This means that histories
representing later rounds in the game contribute much less to the
total EPU than histories representing early rounds. In fact, if we
let EPUk(S) be the portion of EPU(S) contributed by histories
of length ≤ k, then we can show that for any ε > 0, there exists
a k such that EPUk(S) is within ε of EPU(S). In the paper, we
prove that k ≤ log(1−d)(dε/vmax), where vmax is the value of the
maximal-utility move.
Finding ε-Optimal Strategies

In the paper, we present a simple search algorithm that, given
the probabilities of innovating and observing each action and some
search depth k, will find a strategy S′ that maximizes EPUk(S′).
If we choose k so that EPUk(S) is within ε of EPU(S), and if
we let Sopt be the strategy with the highest possible EPU , then
EPU(S′) is within ε of EPU(Sopt), and S′ is ε-optimal.

2. CONCLUSION
We have developed an algorithm for synthesizing near-optimal

strategies in the social learning game.
To decide what move a strategy S should make at each point in

the game, our algorithm does a lookahead search to estimate each
move’s expected utility. The accuracy of this estimate relies on
the fact that since the agent has a nonzero probability of death at
each round, moves farther into the future have diminishing effects
on the expected utility. The algorithm looks far enough ahead that
that all further moves will change the expected utility by less than
ε. We have proved that this occurs within a lookahead depth of
log(1−d)(dε/vmax), where d is the probability of dying on each
round and vmax is the value of the maximal-utility move.

One limitation of our work is the algorithm’s exponential run-
ning time—but we are confident that pruning techniques and ap-
3Recall that d is the probability that the agent dies on each round,
so (1− d) is always between 0 and 1

proximation techniques can be developed to make the algorithm
run much more quickly. Once the algorithm has been speeded up,
this should make it possible to use the algorithm to analyze differ-
ent parameter settings for the social learning game, to see which
kinds of moves are optimal under what kinds of conditions. When
is it, for instance, that innovation is always preferable to observa-
tions and vice-versa? Such investigations are left for future work.

Also left for future work is the examination of information gath-
ering in the social learning game. One of our algorithm’s inputs
is the probability distributions from which the action utilities are
drawn. We have kept the algorithm fully general by allowing these
distributions to change from one time step to the next—but what the
distributions are, and how/whether they change at each time step, is
information that the game’s authors have deliberately not revealed.
Without access to such information, a game agent must either ap-
proximate the distributions or develop an algorithm that can do well
without them. If we choose to approximate, should our agent be
willing to sacrifice some utility early on, in order to gain informa-
tion that will improve its approximation? Are there strategies that
perform well in a wide variety of environments, that we could use
until our agent develops a good approximation? Are some of these
strategies so versatile that we can simply use them without needing
to know the distributions? These remain open questions.

In conclusion, we hope that our results on the Cultaptation so-
cial learning game will help provide insight into the utility of inter-
agent communication in evolutionary environments.
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