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Abstract. Anticipatory thinking allows agents to foresee and avoid future prob-
lems by exploiting their plan libraries. This paper extends previous work on
anticipatory thinking for single agents to the domain of Multi-Agent Systems
(MAS), where the environment’s evolution depends on the combined actions of
multiple autonomous agents. We detail how an agent can simulate potential
futures in a multi-agent context, considering the preferred policies of all partici-
pants, to anticipate and react to undesirable outcomes. Our proposed strategies
enable an agent to either abandon a goal if a problem is inevitable or dynami-
cally select an alternative plan to avoid anticipated problems. Experiments in a
Bridge Scenario, a classic Multi-Agent Pathfinding problem, yield a critical in-
sight: anticipatory thinking, in isolation, only resolves the conflict when exactly
one agent exercises this foresight. When multiple agents independently reason
about the future, the problem re-emerges, indicating a fundamental limitation
of purely individualistic anticipation and stressing the importance of future re-
search into integrated anticipatory thinking and coordination.

1. Introduction

In [Hübner et al. 2025], the authors propose an agent capable of anticipating future
problems and exploiting its plan library to avoid them. The agent chooses applica-
ble plans outside its usual preferences to avoid the problems and achieve its goals.
Inspired by anticipatory thinking proposals [Jones and Laird 2023, Szpunar et al. 2014,
Amos-Binks and Dannenhauer 2019, Amos-Binks et al. 2023], simulation is the main
technique used to foresee the future, based on a given model of the environment.

Since their proposal considers only one agent, in this paper we address the case
of Multi-Agent Systems (MAS). More agents bring some challenges to the process of
computing possibilities in the future because the environment is shared among them. It is
hence not only our agent that changes the environment, others also change, possibly con-
flicting with the objectives of our agent. As in [Hübner et al. 2025], we delimit the investi-
gation to agents that have this knowledge available in a plan library, such as PRS and BDI
architectures [Georgeff and Lansky 1987, Rao and Georgeff 1995, Silva et al. 2020]. In
these architectures, the agent policy comes from a set of plans, and these plans represent
options to achieve the agent’s goals. The agent is autonomous in choosing among these
options to better adapt its behaviour to run-time circumstances.
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In Sections 2 and 3 we update the proposal of [Hübner et al. 2025] for the multi-
agent case: how the future is simulated in the MAS case and how and agent can exploit its
plan library to avoid future problems. The proposal is evaluated in Section 4 based on a
simple scenario. We discuss the proposal, its results, limitations, main characteristics, and
related work in Sections 5 and 6. Conclusions and future work are described in Section 7.

2. Future Simulation
The simulation of the future depends on how it evolves as agents act on the environment.
Considering that we have n agents, a set of possible environment states S, and possible
actions A, the evolution of the environment is modelled by the function e : S ×An → S.
Given a state s ∈ S and the actions ai ∈ A of each agent i (0 < i ≤ n), e(s, a1, a2, ..., an)
is the next state of the environment after the execution of all actions. For simplicity,
we are initially assuming that the order in which these actions are executed or whether
they are executed concurrently is irrelevant. We consider the environment as static, fully
observable, deterministic, and discrete [Russell and Norvig 2010].

The simulation also depends on how every agent decides its action. Their deci-
sions are based on their plan library and are modelled by the function πi : S → Ar (agent
policy). Given a state s, πi(s) is a sequence of r possible options of agent i, ordered by
its preference. For example, if the state is s and π(s) = ⟨s, w, e, n⟩, the agent prefers to
go south (s), then west (w), then east (e), then north (n).1 This function represents the
knowledge the developer gave to the agent: the preferred actions for every state ordered
according to a strategy.

The result of a simulation is a history. We represent a history h (h ∈ Sm, m ≥ 0)
as a sequence of m states ⟨s1, . . . , sm⟩. We denote the last state of the history as h[−1], an
empty history as ⟨⟩, and the set of all histories as H (H =

⋃∞
i=0 S

i). The concatenation
of two histories is produced by the operator ⊕. A possible history is illustrated in Fig. 1.
The history ⟨s1, s2, s3⟩ is produced by every agent following their preferences departing
from the state s1. In this initial state, the preference of agent 1 is action a1 (π1(s1)[1] = a1)
and the preference of agent 2 is a2 (π2(s1)[1] = a2). The alternative options in the figure
(the dashed lines) are options for agent 1 only, the options of others are not shown.

Given these definitions, we have a discrete notion of time that evolves based on
changes in states produced by the actions of the agents. By simulating the future with
functions e and π, the future is linear, as well as the computational complexity to build
it. For instance, from state s, the next state is given by e(s, π1(s)[1], ..., πn(s)[1]). In
our proposal, we are hence able to compute the future instead of possible futures. This
is possible because we simulate the future based only on the first option of the agents’
policy. In other techniques, such as automated planning [Ghallab et al. 2016], the future
is branching for each possible action because the agent policy is not considered (indeed,
their objective is to create a policy), which usually leads to exponential complexity.

3. Reasoning About Future Options
Taking the perspective of an agent with individual goals and the proposed model of how
the environment evolves, this agent does not determine the future alone. The next state is

1We use [i] to denote the i-th element of a sequence and [−1] to refer to its last element. For example, if
π(s) = ⟨s, w, e, n⟩, then π(s)[1] = s and π(s)[−1] = n.
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Figure 1. Example of future simulation in the perspective of agent 1. Four actions
are possible (A = {a1, a2, a3, a4}) and we have two agents. Present is the state s1 and
the policies for this state are π1(s1) = ⟨a1, a2, a3⟩ and π2(s1) = ⟨a2, a3⟩. The state s1
is transformed into another state s2 by actions a1, a2 (e(s1, a1, a2) = s2). These actions
are the preferred options of both agents for state s1. The produced history is ⟨s1, s2, s3⟩.

also determined by the decision of others. To help this agent to reason about the success
of its future, besides its own policy, the policies of all other agents, and the environment
model e, we also assign to this agent a goal gi ∈ S and a boolean function pi that classifies
some histories as undesired (pi : H → B). The domain of this function is a sequence of
states that represent some history of the environment. The function maps a history to
true in cases where the history configures a problem. Possible problems include that the
history contains an undesired state, that it is too long without the goal being achieved,
that it violates some norm, etc.

Given both the environment model and the agents models, an agent i can use the
following matrix : S × S → H function to foresee whether its goal gi will be achieved
without any problem from the current state s:

matrix(gi, s)
def
= mah(gi, ⟨s⟩)

mah(gi, h)
def
=





⟨⟩ if pi(h)
h if s′ = gi

mah(gi, h⊕ ⟨e(s′, π1(s
′)[1], ..., πn(s

′)[1]⟩) otherwise

s′ = h[−1]

The matrix function begins with the state s and builds the history incrementally by sim-
ulating the future step by step starting from the last state of a history h. The function
returns either a history where the goal is achieved or an empty history if a problem is
detected. The auxiliary function mah : S × H → H maps a goal gi and an history of
decisions given by π and e into an history where the goal is the last state.2

2If both conditions of mah hold (i.e., pi(h) and s′ = gi), the function returns ⟨⟩. The problem precedes
the achievement.
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A simple decision process that this agent may now follow is: given the current
state s, use the matrix(gi, s) to foresee if the goal gi is achieved in the future. If so, keep
going; otherwise, stop putting energy into pursuing gi as it is preferable to do nothing
rather than pursuing a goal that will not be achieved anyway. This strategy is called one
in [Hübner et al. 2025] and is extended here for a matrix with multiple agents.

The matrix function considers that each agent will select its preferred options.
However, although the decisions of others might be difficult to change, each agent may
exploit its own option space to find an alternative, preferable, future. More specifically,
the agent may select another option for the current state s (given by π(s)[j] with j > 1)
instead of the most preferred option (given by π(s)[1]). For example, in Fig. 1, Agent 1
may select its second option a2 and change the future towards s′2. [Hübner et al. 2025]
investigates whether an alternative option should be considered just after s or later in
the future. They also propose a search algorithm for that: a Breadth-First Search
(BFS) [Russell and Norvig 2010] where the nodes of the tree search are expanded by the π
options. The search ends when a state s with no anticipated problem (matrix(gi, s) ̸= ⟨⟩)
is found.3 As in [Hübner et al. 2025], we refer to this strategy as solve_f: instead of stop-
ping to pursue its goal as in one, the agent continues to act toward gi using alternative
options. We can also note that the implementation of the solve_f strategy in the the multi-
agent case does not require knowledge about the full policies of other agents; knowing
their first preferred option is sufficient.

When applied to the multi-agent case, the proposed strategies simulate the future
assuming that all agents will choose their first option (as defined in the matrix function).
Thus, they do not reason about the future while in “matrix mode.” This assumption is
taken to avoid the exponential complexity of a matrix function that would branch alter-
native futures based on all agents’ options. As proposed, the future simulation (presented
in Sec. 2) is linear. The solve_f strategy, however, searches for alternatives of one agent,
considering only its options.

4. The Bridge Scenario
To evaluate our proposal, we use a Bridge Scenario, a particular case of a Multi-Agent
Pathfinding (MAPF) problem [Stern et al. 2021, Moan et al. 2024]. This scenario is com-
monly used to assess cooperation among agents [Silver 2021], although here we are more
focused on the implications of using anticipatory thinking. In our case, illustrated in
Fig. 2, we have two agents. Agent 1 is on the left side of the river and wants to cross to
the right side. Agent 2 is on the opposite side and also wants to cross. The problem is
that the bridge is too narrow for both agents. If both agents enter the bridge, both will be
blocked in the middle of the bridge trying to move on. A possible solution is that exactly
one agent waits for the other to cross and then crosses itself.

We investigate this problem in the context of agents endowed with the strategies
proposed in Sec. 3, considering the following cases:

c1 : no agent has the capability to reason about the future.
3Note that the termination condition for the search is a state s with a desirable future (matrix(gi, s) ̸=

⟨⟩) and not s = gi (as commonly used in BFS). The history from s to gi is found by in linear time by the
matrix function. The search is similar to Monte Carlo Tree Search where the expansion phase is based on
the agent options and the rollout phase is based on the matrix simulation [Yao et al. 2014].
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Figure 2. The Bridge Scenario. Blue circles are agents and stars are their correspond-
ing destination. Dark squares represent the river; agents cannot enter these squares.
Only one agent may occupy a grey location. Possible actions for the agents are
{s, sw, se, w, e, n, nw, ne, idle}, i.e., moving in some direction or staying put.

c2 : agent 1 uses the strategy one and agent 2 has no anticipatory capability.
c3 : agent 1 uses the strategy one but does not give up the goal, it does idle and tries

again later hoping that the environment will be more favourable. Agent 2 has no
anticipatory capability.

c4 : agent 1 uses the strategy solve_f and agent 2 has no anticipatory capability .
c5 : both agents use the strategy one.
c6 : both agents use the strategy solve_f.

We also consider that no coordination mechanism is used. Agents decide their action
based only on their own policy π. The options of these policies are ordered as the actions
place them near the destination. For example, the options for Agent 1 in its initial location
(line 10 and column 4 in Fig. 2) are π1(s10,4) = ⟨ne, n, nw, idle, w, s, sw⟩.

The following metrics were measured during the experiments and the results for
each case are shown in Table 1:4

• effectiveness: the number of agents that have arrived at the destination;
• search cost: the number of states visited by the matrix function; and
• plan efficiency: the cost of the actions performed by the agents during the experi-

ment (the idle cost is 0 and the cost of all other actions is 1);

For case c1, as expected, no agent achieves the goal. They enter the bridge at the
same time and block each other. Moreover, following their policy, they continue trying
to cross forever! In case c2, Agent 1 foresees the problem in the bridge and gives up
the goal. Agent 2 crosses the bridge normally. In case c3, Agent 1 foresees the problem

4The experiment is implemented in Jason [Bordini et al. 2007] and available at http://https://
github.com/jomifred/future-bdi. The implementation extends the matrix to run with several
agents. This matrix is used to run either strategy one or solve_f. It basically clones the mental state of all
agents and runs them in a simulated environment e instead of the real environment.

19th Workshop-School on Agents, Environments, and Applications – WESAAC 2025

5



Table 1. Results for the Bridge Scenario

Case Effectiveness Search Cost Plan Efficiency
Agent 1 Agent 2

c1 0 – ∞ ∞
c2 1 25 0 15
c3 2 300 15 15
c4 2 7111 15 15
c5 0 2×25 0 0
c6 0 2×7111 ∞ ∞

and remains idle for 14 simulation steps, when Agent 2 has finished crossing the river.
It then crosses the bridge. The matrix was executed 14 times, visiting 25 states during
each execution. In case c4, Agent 1 foresees the problem, computes alternative options
that make it remain idle for 14 steps, and then follows its usual preference. The cost of
computing the alternative options is quite high (7111 states were visited in the search).
In case c5, what happens with Agent 1 in c2 also happens with Agent 2, both foresee
that their goals will not be achieved and they do nothing. Finally, in case c6, both agents
compute alternative options, remain idle for 14 steps, and then both enter the bridge and
block each other. They end up in the same situation as in case c1 with a lot of computation
cost.

Although both cases c3 and c4 have ended with agents at their target destinations,
c3 assumes that the environment will spontaneously improve in the future and requires
a default action (idle in case c3). The solve_f strategy of case c4 does not have these
constraints, it uses options of the existing policy to avoid future problems. However, it
pays for the result in terms of search cost.

5. Discussion
We notice that the bridge problem can be solved using anticipatory thinking only in cases
c3 and c4, the cases where exactly one agent reasons about the future. If no agent has
considered the future, or if both have done that, the problem is not solved. This is a
significant limitation of the proposal and mirrors the dynamics in repeated games, where
players adjust their strategies based on expectations about others’ future actions. Specifi-
cally, cases c3 and c4 demonstrate that both agents can achieve their goals when only one
agent anticipates potential conflicts and adapts accordingly. Conversely, when neither or
both agents engage in anticipatory reasoning, they fail to achieve their goals.

If we are developing agents for an open system [Uez and Hübner 2017,
da Rocha Costa et al. 1994], we cannot ensure that other agents will not reason about
the future. As proposed in the research on MAPF, a proper solution of the problem can
be obtained by having a centralised global view of the problem and/or a coordination
mechanism. However, our question is whether anticipatory thinking alone could solve
the problem. The answer so far is no. Anticipatory thinking is not completely useless,
though. Agents can use the proposed one strategy to foresee the future problem and then
use other techniques (e.g., planning) to solve the problem. A direction of future work is
to investigate if there is another kind of multi-agent problem that can further benefit from
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anticipatory thinking. Since it seems that this capability is reasonably useful for human
societies, it might also be useful for artificial agents.

In this paper, we are looking for improvements in agent decision-making con-
sidering the future of an environment being changed by several agents. A fundamental
feature of the proposal is to be based on the knowledge provided by the developer to the
agent. This knowledge equips an agent with options and strategies to achieve their goals,
as represented by its π function. We are thus assuming that the developer is an expert in
the domain application and that the more options s/he provides for the agent, the better.
The solve_f strategy exploits this practical knowledge to better choose between options
and avoid problems in the future. In the bridge scenario, we consider only options that are
actions in the environment. A direction for future investigation is to consider coordination
actions among the options of an agent policy. With coordination actions as an alternative
type of action, the problem faced in case c6 might be mitigated.

This proposal requires (i) a model of the environment e and (ii) a model π of all
agents. Although the requirement (i) is quite common in AI applications such as search
and automatic planning [Ghallab et al. 2016], the requirement (ii) is not, especially in
open systems. Indeed, having the agents’ model is the reason for our proposal to simulate
the future with linear complexity, since we know their decisions while computing the next
state. Several approaches can be used by an agent to obtain these models from others:

• The agent may ask others for their models. Of course, the agent has to trust others
and they should be capable of expressing their policies π (at least with respect
to their first preferred action). In the case of Jason, for instance, it is simple to
obtain such a model, as it can be inferred from the agent’s mental state (beliefs
and plans).

• The agent may assume that other agents behave homogeneously. Its own model,
with minor changes, is thus used as the model of others. That could be the solution
for the bridge case: the others are equal but with different destinations.

• The agent learns the policy of others by observing their behaviour.
• The agent developer provides or knows all models.

6. Related Work
Considering related work, we start with the similarities between our proposal and au-
tomated planning [Ghallab et al. 2016], including proposals that integrate planning and
BDI, as in [Sardina and Padgham 2011, Meneguzzi and De Silva 2015]. Both approaches
look for agents capable of finding a sequence of actions to achieve their goals, as a kind of
“auto-programming.” However, while planning is essentially based on a model of the en-
vironment, we also exploit the model of the agents. The agents’ model allows us to antici-
pate a problem in the future with linear computational complexity while planning usually
has exponential complexity. The use of other agents’ models also distinguishes our pro-
posal from adversarial search and algorithms like MiniMax [Russell and Norvig 2010].
Indeed, whether other agents are cooperating or competing is irrelevant for our proposal.
Unless in the case where models are provided by others and they are dishonest.

Besides classical and adversarial search, and automatic planning, model check-
ing also deals with foreseeing problems of an agent program [Bordini et al. 2003,
Kamali et al. 2017]. The approach is design-time: when a problem is detected, the pro-
gram is fixed. Our approach is run-time: we consider that the agent has to solve the
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problem without relying on the developer to upgrade its policy π. We are not looking for
errors in the agent program; in contrast, we are exploiting such knowledge for run-time
adaptation. The proposal of Ferrando et. al. [Ferrando and Cardoso 2023] also consider
run-time verification. As in our proposal, theirs detects a problem and selects another
option. However, they focus on problems in the present and do not consider problems
in the future. In some sense, we extend that proposal considering the simulation of the
future. Another approach that considers the future is to assign a probability of success to
the agent’s options (as proposed, for instance, in [Baitiche et al. 2017]). The agent then
selects the option with better chances to succeed, which implies avoiding future prob-
lems. The main difficulty with this approach is how to properly assign such probabilities.
Learning is a possible approach for that [Singh et al. 2010].

Considering our bridge scenario, MAPF problem has several proposals rang-
ing from search-based methods, compilation-based approaches, and data-driven tech-
niques [Surynek 2022, Wang et al. 2025]. While they are specifically focused on the path
finding problem, our proposal is more general and the bridge scenario is just an exam-
ple used to experiment with the proposal. The proposal introduced in Sections 2 and 3
is hence problem-agnostic. Another difference is that we take an agent perspective: one
agent reasoning about its future. MAPF usually takes a system perspective: all data is
know, it is centrally processed by a solver, a global solution is found and determined for
the agents. Of course, our agent does something similar on its own. However, it focuses
on better choices for itself, not for the others. We hence assume that other agents remain
autonomous.

In the context of BDI agents and their programming lan-
guages [Boissier et al. 2013, Pokahr et al. 2005, Hindriks 2009, Dastani 2008], the
notion of intentions is future-oriented. An intention represents a desired future state that
the agent has committed to pursue [Bratman 1987, Cohen and Levesque 1987]. However,
few programming platforms compute the future considering the agent’s intentions, their
achievements, and how they impact present decisions. Only the developer considers
intention as future-oriented, not the agent itself. In the direction of endowing agents
with future reasoning capabilities, we found only the research on Intention Progres-
sion [Logan et al. 2017, Thangarajah et al. 2003, Dann et al. 2023]. They are concerned
about scheduling several intentions of one agent so that they do not negatively interfere
with each other’s achievements. The problem they are addressing is caused by several
intentions being pursued concurrently. Problems are foreseen by computing the future of
these intentions. We follow their approach by considering that the course of actions for
an intention is derived from a plan library. However, our proposal also considers other
agents. In terms of avoiding future problems, they skip them by improving the schedule,
while we find alternative options.

Time is taken into account by more generic cognitive agent architectures. For ex-
ample, the episodic memory of Soar and its planning capabilities [Laird 2019]. Regarding
the future, they are more focused on finding a policy to achieve a goal, i.e., self-building
a program. Our proposal departs from an existing agent program, usually provided by the
developer. Currently, we are focused on evaluating whether this program will succeed or
produce undesirable outcomes. It enables the agent to give up the goal prematurely or
find alternatives.
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Regarding the work on anticipatory thinking that served as inspiration for this
research, our contribution relies on exploiting the policy of several agents. As well as
proposed in [Amos-Binks and Dannenhauer 2019], we propose a metacognitive process,
and, as proposed by [Jones and Laird 2023], the nature of this process is similar to normal
agent reasoning. Our agent places a clone of itself in a “matrix” together with the clones
of others and “sees” the outcomes (metacognition).

7. Conclusions and Future Work
Departing from a proposal of an agent capable of reasoning about the future using simu-
lation, the contribution of this paper is to start investigating the consequences of having
several agents acting in a shared environment. Not only the decisions of this agent have
to be simulated, but also the decision of others. The conclusion so far is that in some con-
figurations the agent can anticipate and avoid future problems. One of this configurations
is characterised by other agents not reasoning about the future.

In future work, we plan to address some limitations initially considered for the
scope of the research presented in this paper.

• The requirement of an environment model. This requirement is quite common in
techniques that simulate the future. In some application, however, it is difficult
to obtain this model [Söderström and Stoica 1989]. One alternative is to learn an
environment model, for example, by trial-and-error experimentation, as in rein-
forcement learning [Sutton and Barto 1998].

• The requirement of the model of other agents. We plan to apply machine learning
to learn other agents’ policies from their behaviour.

• Experiment with other scenarios, possibly more complex than the bridge scenario.
These new scenarios should comprise cooperative and competitive cases.

• Investigate how to include coordination actions in the options given by a policy.
With these special actions, we might solve configurations that are not solved so
far. These special actions could also consider communicative actions.

• In the matrix, consider agents that also reason about the future. Currently, the
clones used inside the matrix chose their first option without considering alterna-
tives.

• Consider the case where our agent, instead of foreseeing a problem for itself,
realises a future situation that it knows that is not desired by others. This agent
can thus share its anticipation with others in a cooperative attitude.

• Experiment the computational complexity of the proposal as the number of agents
increase.

• Relax some current assumptions: deterministic, static, and fully observable envi-
ronment; irrelevance of action order/concurrency.
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