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Abstract. We investigate the problem of cooperation of self-interested
agents with respect to the confidentiality of their plans and without a
presence of any third-party mediator. We base our approach on non-zero-
sum n-player games in the extensive form focusing on two main goals:
(1) the analysis of the maximal improvement of the utility value that an
agent can gain by negotiation, and (2) the dependence of this improve-
ment on the basic characteristics of the game – the number of agents, size
of the branching factor, and correlation of the utility functions. We pro-
vide theoretical definitions together with experimental results evaluated
on games abstracting real-world scenarios.

Introduction

Complex multi-agent environments modeling real-world scenarios (e.g. models
of societies, economies, or war-games) have been objects of research interest
for some time. Such environments often describe competitive situations where
involved agents are self-interested and pursue their private goals. On the other
hand, in the complex systems the agents frequently interact with each other in
terms of either cooperation or conflicts. An example can be a military operation
with several allied forces or a market shared by multiple competing companies.

The interactions among the agents make finding an optimal course of actions
for an agent in such environments difficult. Single-agent planning approach is di-
rectly unusable for not taking actions of other agents into consideration, which
can lead to frequent failures of the plan. On the other hand, approaches based
on adversarial-search are explicitly taking into consideration actions of all other
agents which exponentially increases the search space for an agent. The com-
putational complexity of the adversarial search can be addressed by utilizing
further knowledge about the domain (using heuristic, or utilizing the sparsity of
the interactions between the agents). Another key disadvantage of adversarial-
search methods is unnecessary cautiousness in cases modeled scenarios are not
strictly adversarial – agents selfishly maximize their utility values, however, it
can be beneficial for them to partially cooperate. In this paper we therefore focus
on incorporating the concept of cooperation into an adversarial search.

One way to address the concept of cooperation of agents in multi-agent en-
vironments is the multi-agent planning (e.g. described in [1]). The multi-agent



planning assumes that agents are either fully cooperative (i.e. pursue a common
goal) or there is a presence of a fully-trusted mediator. However, in competitive
scenarios none of these assumptions hold – the involved agents do not want to
completely reveal their future plans or their utility functions as this information
can be exploited by other agents.

We aim to create a method of cooperation that works with non-cooperative
(even adversarial) rational agents. In the method each agent uses an adversarial
search to create a set of possible plans and then uses negotiation about selected
future situations in order to improve its plans. Then they use negotiation about
parts of the possible courses of actions and agree on commitments binding an
agent to adapt a certain course of action in case the game reaches a specified
state. However, the state does not have to be reached during the game. This
way the agents can control their confidential plans and limit the amount of
information given to the other agents. This concept is in the game theory studied
as a pre-play communication or more specifically – cheap talk.

In this paper, we provide a feasibility study of the proposed negotiation-based
approach. We tackle two main goals: (1) If such a pre-play communication (i.e.
a negotiation prior to actual playing) is allowed among the adversarial-search-
based agents, how often the agents can improve their utility value and what is
the amount of maximal possible improvement of the utility value that an agent
can gain by negotiation of strategies in sub-games with other agents? (2) In
what way these values depend on parameters of the game, such as number of
involved agents, number of possible actions, or correlation of utility functions of
the involved agents? Answers to these questions are the primary contributions of
this paper – we investigate a negotiation-space of utility values for complex com-
petitive scenarios and provide a basic description of its dependence on general
characteristics of games.

The rest of the paper is organized as follows. The following section contains
brief review of related work. The next section describes the used game-theoretical
model, and gives an example of a situation where an improvement of the utility
can be reached via pre-play communication. We follow by describing a framework
that allows measuring the possibilities of utility improvement in the described
setting. Then we discuss the relevant properties of the real world domain and
describe a class of games we use for the feasibility experiments presented after-
wards.

Related Work

The problem of cooperation of self-interested agents is being widely studied,
however, there is not much approaches that would incorporate the concerns
about the plan confidentiality. The work closest to our approach is presented
in [2], where authors model the multi-agent planning problem as a general-sum
stochastic game and use negotiation to reach the subgame-perfect equilibrium.
The crucial difference is that the authors do not consider the issue of plan confi-



Fig. 1. Centipede Game – an example of a game where maxn does not find the optimal
solution. Utility values in leafs are tuples of two elements, where the first agent (A)
maximizes the first element and the second agent (B) the second one. There is a
calculated maxn value next to the internal nodes.

dentiality hence agents negotiate the strategies of the whole game, while in our
approach only strategies in sub-games are being considered.

In [3] authors work with the concept of Correlated Equilibria (which can be
reached using a pre-play communication) in the context of games in extensive
form. Their focus is however on two-player games, for which they present a
polynomial algorithm, while our approach is not limited in the number of players.

In the field of multi-agent planning the cooperation is being tackled by ei-
ther merging the plans that agents create separately (discussed e.g. in [1]), or by
defining specific rules for the game by methods of mechanism design (e.g. shown
in [4]). Solution for introducing the confidentiality of agents’ plans applied for
both cases is based on a mediator, to whom the agents reveal their plans. Our
approach however, does not need the mediator and agents can limit the amount
of revealing information about their plans. Distributed approach without a me-
diator is proposed in [5] using logical framework based on resources constrains,
but only collaborative agents are considered, while our approach is applicable for
more general self-interested agents with varying correlation of utility functions.

Problem Description

As the game-theoretical model for our approach we use n-player non-zero-sum
games with perfect information in the extensive form. These models are rep-
resented as game-trees. The basic algorithm for finding a solution of the game
(a Nash equilibrium1) is a known modification of the classical minimax algo-
rithm – maxn [6]. The maxn algorithm uses backward induction and in each
node chooses the branch that maximizes the utility value of the player associated

1 An equilibrium state where no player has the incentive to deviate from it.



with the node. However, an equilibrium found by backward induction (termed
subgame-perfect equilibrium2) is not optimal in terms of maximal utility values
for each player. Example can be found in so called Centipede game (Figure 1),
where the subgame-perfect equilibrium has lower utility values than the another
outcome in the game – (3, 3) – that improves utility values of both agents. We
are interested in definition and analysis of such possible improvements of agents’
utility values.

We have one important additional assumption. It is that agents trust each
other in terms of committing to the strategy they agreed upon in the negotia-
tion phase. This assumption might not be fully satisfied, but is a reasonable in
case of longer or repeated interaction of the agents. The proposed mechanism is
beneficial for all the agents involved so the agents are motivated to fulfill their
commitments often enough so that the others do not refuse to negotiate any
longer.

Game Definition

Based on the definition of extensive form games presented in [7], we define
the turn-taking n-player non-zero-sum game in extensive form as a tuple G =
(I,A,H, L, ρ, σ, π, u), where:

I is a set of n players indexed i = 1 . . . n
A is set a of actions, A =

⋃
i∈I Ai, where Ai is a set of actions an agent i ∈ I

can perform
H is a set of non-terminal nodes in the game
L is a set of terminal nodes (leafs)
ρ : H 7→ I is the player function which assigns to each non-terminal node a

player i ∈ I
σ : H×Ai 7→ H ∪ L is the transition function realizing one move of agent i in

the game
π is a permutation on I representing the order of agents assigned to nodes on

the path from the root of the tree towards the leafs. This order is repeated
until leafs are reached.

−→u = (u1, . . . , un) is global utility, where ui : L 7→ R is a real-valued utility
function for player i on leafs L

�

Furthermore, we use a notation, where:

r ∈ H is the root of the game tree;
τ(h) = {j ∈ H ∪ L; (∃a ∈ Aρ(h) : j = σ(h, a))} is a set of child nodes of a non-

terminal node h ∈ H
τ can be expanded for a set τ(H) =

⋃
h∈H τ(h) where H ⊆ H.

2 A refinement of a more general Nash equilibrium – the combination of players’
strategies is in an equilibrium state if they are in Nash equilibrium for each smaller
sub-game of the original game.



Fig. 2. Example of the maxn algorithm. Utility values in leafs are tuples of two ele-
ments, where Agent 1 maximizes the first element and Agent 2 the second one. The
maxn values next to the nodes A, B, and C show calculated maxn value. The set impr
corresponds to the set of improvements calculated by the algorithm in Figure 3

d ∈ N is the depth of the tree calculated as number of non-terminal nodes on
the path from the root to any leaf divided by n: τ(τ(. . . τ︸ ︷︷ ︸

d·n

(r)) . . .) = L

Utility Improvement Analysis

Based on the definition of the game we present the algorithm for computing the
maximal utility improvement for an agent. The example of the improvement is
visualized in Figure 2. The maxn value of the game (the value in the root A) is
inferior for both agents to the strategy leading to the leaf D. More precisely, for
each node h ∈ H a maxn value −→v maxn ∈ Rn is calculated, and it corresponds
to maxn value of the child node, for which the vmaxnρ(h) is maximal. For leaf l ∈ L,
−→v maxn = −→u (l). The maxn value −→v maxn of the root of the tree represents the
maxn value of the game, together with the maxn solution of the game, which
is the path on which was the value propagated from the leaf with utility value
equal to −→v maxn.

The algorithm for the calculation of the maximal utility improvement is
inspired by the soft-maxn algorithm described in [8] – a modification of the
maxn algorithm. The main idea is that, in contrary to maxn algorithm, the
soft-maxn algorithm remembers not only a single best value in each node, but it
remembers all best values in case the maximal value is not strict. Propagation of
multiple values reflects uncertainty about the choice in a node in case more child
nodes have the same utility value. Hence, instead of finding a single solution,
which can be seen as a path from the root to a leaf in the game-tree, the soft-
maxn algorithm considers a sub-tree of possible solutions. More precisely, the
soft-maxn value of the node h ∈ H is a set of utility values −→v sfmaxn ∈ Rn, for
which the ρ(h)-th index is equal to the associated maxn value.

In our algorithm that computes maximal improvement of the utility value
in the game we adopt the idea of multiple values propagation. The pseudocode



Input: h ∈ H current node; i ∈ I player performing the search
Output: (−→v maxn, V impr) is a tuple, where −→v maxn is a maxn utility value of the

game, and V impr is a set of utility values containing possible
improvements.

−→v maxn ← (−∞, . . . ,−∞)1

V impr ← ∅2

if h ∈ L then3

return (u(h), ∅)4

end5

foreach c ∈ τ(h) do6

(v′, V ′)←imprMaxN(c, i)7

if vmaxnρ(h) < v′
ρ(h) then8

−→v maxn ← v′
9

end10

V impr ← V impr ∪ V ′ ∪ {v′}11

end12

if ρ(h) = i then13

foreach v′ ∈ V impr do14

if vmaxni > v′
i then15

V impr ← V imrp \ v′
16

end17

end18

end19

return (−→v maxn, V impr)20

Fig. 3. imprMaxN(c, i) – algorithm for calculation of the impr-maxn value of the game.

of the algorithm is depicted in Figure 3. Let us assume, that we run the search
algorithm for an agent i ∈ I. Now, for each node h ∈ H we calculate a so called
impr-maxn value that is a tuple (−→v maxn, V impr), where −→v maxn is the maxn

value of the node (set in line 9), and V impr is a set of utility values of other child
nodes (line 11). For the nodes that are assigned to agent i we remove from the
set V impr those utility values where the searching agent i has lower utility value
than its maxn value (lines 13-19).

After agent i calculates the impr-maxn = (−→v maxn, V impr) value of the game
tree using algorithm in Figure 3, we say that there is an improvement possible
in the game iff

∃−→v ′ ∈ V impr,∀j ∈ I : vmaxnj ≤ v′j (1)

Let M be a set of all such utility values v′ for which formula 1 holds, and

vimpr maxi = arg max
v′∈M

v′i

be the utility value with maximal value for agent i. Using this maximal value
from the set M we can now define the amount of the utility improvement. We
define this amount as a rate:



Impr =
vmaxni − vimpr maxi

2 · 1.96 · w
(2)

where w is a standard deviation of the probability distribution of all utility
values in leafs. We normalize the improvement of utility difference to the width
of the interval that contains 95% of all utility values in leafs in case of normal
distribution – we divide the difference of the utility values with the term (2·1.96·
w). The normalization is essential in order to put the difference of the utility
values to the context of all utility values in the game (i.e. if the vimpr maxi is
120% of the maxn value it can either represent small improvement of bad maxn

value, or good improvement of good mann solution).

Reaching the Utility Improvement via Negotiation

In order to reach the utility improvement in a multi-agent environment a nego-
tiation-based algorithm can be used. The solution with the vimpr maxi value (or
any other solution with the utility value in the setM) can be reached via nego-
tiation about specific parts of the game tree (termed sub-tree) that represent
a single turn of the game (a sub-game where each agent moves once) – it is a
sub-tree with a root node h ∈ H where the searching player makes a decision
ρ(h) = i.

As this paper acts as a proof of concept whether it is reasonable to consider
such a negotiation between self-interested agents, the vimpr maxi value represents
the maximal amount of the utility improvement. We investigate the ideal case
from the view of searching agent i, where the other agents always agree with
her proposition in case they do not lower their own utility value. The vimpr maxi

value can therefore be reached by searching agent i by proposing the strategies
that lead to its best solution in each subgame in the order from the bottom of
the game-tree towards the root.

In general, this basic negotiation-based algorithm can be modified to be more
fair – each of the agents can propose their solution to the other agents and reach
a different value from the set M.

Moreover, using a concept of negotiations about strategies in specific sub-
trees, the agents can control the confidentiality of their plans by limiting the
amount of information they provide to the other agents. An example can be
seen in limiting the minimal depth for the root of the sub-tree that agent can
negotiate about – the agent can commit to a different strategy in the future,
however, it has not revealed the action in the current turn.

Experiments

We perform the experimental evaluation on a class of abstract games with prop-
erties often found in real-world situations. We use an extensive-form game cre-
ated with respect to the definition in the previous section for 2 or 3 players. The
searching agent is the first one (i = 1), and we use a fixed order of agents where
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Fig. 4. Results of the dependence of the improvement presence (the left figure) and
the amount of the improvement (the right figure) on depth (the x-axis). The legend:
P2 represents games with 2 agents, P3 represents games with 3 agents; value of BF
represents the branching factors for the agents in fixed order (each digit for one agent).

the π is equal to identity. We use varying branching factors (number of actions
of agents) from the interval 2 . . . 3, and we varied depth of the game d = 1, . . . , 6.
Finally, we put an assumption on the utility values in leafs of the game tree. Of-
ten in complex competitive environments the agents have many possibilities of
their future courses of actions that can slightly improve or slightly worsen their
current situation. However, there is significantly less courses of actions that lead
to a radical change of the utility value. Therefore, considering a part of the
game where each agent moves only once, the utility values on leafs would form
a normal distribution with center in the estimation of the utility value in the
root of the game-tree. For a game with arbitrary number of moves this principle
holds for each turn of the game (a sub-game where each of the agents moves
once). Therefore, the utility values in leafs were generated with respect to this
observation.

For each configuration of experimental parameters we created a set of 2000
variants (with different values on leafs of the tree). We are interested in two
aspects: firstly, we want to know how often there is a utility improvement possible
in games (i.e. the number of games whereM 6= ∅ divided by number of all games;
we refer to this aspect as the improvement presence). Secondly, we are interested
in the amount of the utility improvement Impr as defined in formula 2 (we also
use a term improvement size).

In the first experiment setting, we analyzed the dependence of these two
aspects on the depth of the game tree, number of agents involved in the game
and the branching factors (BFs) of agents. The results depicted in Figure 4 show,
that the improvement presence increases with the depth of the tree, while the
maximal value of the utility improvement is slightly decreasing. Both of these
results are expected: in the first case, there is an increasing opportunity for
occurrence of situations similar to the one visualized in Figure 2 with increasing
size of the game tree. For the second case we argue that the game tree has
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Fig. 5. Results of the dependence of the improvement presence (the left figure) and the
amount of the improvement (the right figure) on correlation of agents’ utility functions
(the x-axis). The legend: P2 represents games with 2 agents, P3 represents games with
3 agents; in P3, the value C represents the utility correlation between the first and the
third agent; the correlation between the first and the second agent is varying at the
x-axis.

wider interval of all utility values in leafs, hence the improvement Impr is slowly
decreasing in spite of fact that there is a higher presence of improvements.

Utility Correlation

In the next experiment setting, we analyzed the impact of the correlation of
the agent’s utilities on the monitored aspects. We use pairwise correlation with
the searching agent i = 1 – i.e. in 3-agents scenario we analyzed the impact by
correlating the utility functions of the first and the second agent, and of the first
and the third agent.

The experiment results are visualized in Figure 5. The results show an inter-
esting phenomenon – the negative correlation between agents highly increases
the improvement presence in games. This phenomenon is present due to the fact
that in positively correlated examples the maxn algorithm is able to find already
good solution, however, it is unnecessarily cautious in the case of the negative
correlation.

For the value of the maximal improvement, the results are as expected – neg-
ative correlation directly negatively affects the amount of utility improvement,
while in case of positive correlation, there is not much space left for utility im-
provement as the agents are driven by the utility to the “implicit cooperation”.

Conclusions

In this paper we investigated the problem of cooperation of self-interested agents
with respect to the confidentiality of their plans. We used extensive-form games
and the concept of pre-play communication to analyze the negotiation-space
of maximal improvement of utility values for an agent that is reachable us-
ing a negotiation-based algorithm. We proposed an algorithm and experimental



evaluation to answer two main questions: (1) how often and how much can a
self-interested agent improve its utility via sub-game negotiation, and (2) how
these measures depend on basic properties of the game such as number of agents
involved, size of the branching factor, and correlation of the utility functions of
involved agents.

The results showed, that there is quite large potential in using the pre-play
communication even for domains with self-interested agents based on adversar-
ial search. Particularly interesting is the high improvement presence when the
agents’ utility functions are correlated negatively.

We point out the aspect of trust in the problem description. Currently, the
agents always keep their promises and use the strategy they agreed upon. How-
ever, if the adversarial search in a later stage of the game explores consequences
of an agreed strategy to higher depths, the agreement may become unprofitable
for both the agents. This problem of horizon can be overcome by allowing can-
cellation of the agreements under certain conditions.

We would address this issue in our future work, together with a negotiation-
based algorithm that gives us better perspective of applicability this concept in
real multi-agent environments.
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