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Abstract. Living organisms need to acquire both cognitive maps for
learning the structure of the world and planning mechanisms able to deal
with the challenges of navigating ambiguous environments. Although sig-
nificant progress has been made in each of these areas independently,
the best way to integrate them is an open research question. In this pa-
per, we propose the integration of a statistical model of cognitive map
formation within an active inference agent that supports planning un-
der uncertainty. Specifically, we examine the clone-structured cognitive
graph (CSCG) model of cognitive map formation and compare a naive
clone graph agent with an active inference-driven clone graph agent, in
three spatial navigation scenarios. Our findings demonstrate that while
both agents are effective in simple scenarios, the active inference agent is
more effective when planning in challenging scenarios, in which sensory
observations provide ambiguous information about location.
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1 Introduction

Cognitive maps [I] are mental representations of spatial and conceptual rela-
tionships. They are considered essential components for intelligent reasoning and
planning, as they are often associated with navigation in humans and rodents [2].
For this reason, a lot of recent developments in both neuroscience and computer
science have been building computational models of cognitive maps [3].

These advances in the field [45] are very impressive in learning abstract
representations and even show that biological patterns such as grid cells [4], or
splitter cells [5] can emerge from learning. However, these works typically do not
focus on complex planning tasks and only consider naive or greedy strategies.

In this paper, we investigate the potential of active inference as a planning
mechanism for these cognitive maps. Active inference is a corollary of the free
energy principle which states that intelligent agents infer actions that minimize
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their expected free energy. This is a proxy or bound on expected surprise, yielding
a natural trade-off between exploration and goal-driven exploitation [67]. We
alm to investigate the impact of active inference as a planning mechanism on
the performance of cognitive maps in spatial navigation strategies, especially in
terms of disambiguating the “mental position” and decision-making efficiency.

In particular, we look at the clone-structured cognitive graph (CSCG) [5l:
a unifying model for two essential properties of cognitive maps. First, flexible
planning behavior, i.e. if observations are not consistent with the expected ob-
servation in the plan, the plan can be adapted. Second, the model is able to
disambiguate aliased observations depending on the context in which it is en-
countered, e.g. in spatial alternation tasks at the same location different decisions
are made depending on context [§]. Given the CSCG’s inherent mechanism for
disambiguating aliased observations, we hypothesize that coupling it with ac-
tive inference as a planning system will enable the identification of the optimal
sequence that accurately represents the agent’s location.

To investigate this hypothesized benefit of active inference, we compare both
a naive clone graph and an active inference-driven clone graph for navigating
toward goals on two separate metrics: the number of steps it takes for an agent
to reach the goal and the overall success rate. We design three distinct spa-
tial navigation scenarios, each with a different complexity. First, we consider a
slightly ambiguous (open room) environment described by [5] where we evaluate
the structure learning mechanism and planning algorithms for both models. We
then increase the level of ambiguity in a maze described in [] where we believe
that information-seeking behavior will be crucial for self-localization. Finally, we
evaluate the performance in the T-maze, where an agent is punished for mak-
ing the wrong choice by ending the episode. To summarize, the contributions of
this paper are: (i) we show how to use the learned structure of a CSCG as the
generative model within the active inference framework, (ii) we show that active
inference agents are significantly faster in disambiguating the state in highly
ambiguous environments than greedy planning agents, and (iii) we show that
active inference agents make more careful decisions by first gathering evidence,
yielding higher success rates for finding the reward in the T-maze environment.

2 Methods

In this section, we first describe the mechanisms driving standard clone-structured
cognitive graphs for structure learning. Then we provide a brief summary of the
active inference framework and how the action is driven through Bayesian infer-
ence. Finally, we conclude this section by showing how the CSCG can be used
as a generative model within the active inference framework.

2.1 Clone-Structured Cognitive Graphs

Clone-structured cognitive graphs (CSCG) [B] are a computational implementa-
tion of a cognitive map that models the joint probability of a sequence of action
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Fig.1: (a) A mapping of a sequence of observations to distinct clone states in the
clone-structured cognitive graph. The color indicates clones belonging to a spe-
cific observation, i.e. for each colored observation there are two clones states from
which it can transition into either clone state belonging to the next observation.
(b) The factor graph describing an active inference driven partially observable
Markov decision process (POMDP). 7 denotes the policy, which is sampled ac-
cording to the expected free energy G, dependent on the preference matrix C'.
The hidden states of the agent s; are initialized using the prior matrix D. These
states are then transitioned according to the B matrix, conditioned on the se-
lected policy. Finally, the observed outcome variables are generated through the
likelihood factor (A matrix). Observed variables are denoted in light blue circles,
while unobserved variables are denoted in white circles. The factors describing
the generative model are denoted in a dark blue square.

and observation pairs. They are a variation of the action-augmented hidden
Markov model, where the next state and action are conditioned on the current
state and action. The crucial difference is that these clone-structured cognitive
graphs are able to disambiguate aliased observations based on the context (e.g.
the previously visited trajectory), which is a property that is also observed in
hippocampal splitter cells.

In order for a CSCG to be able to disambiguate observations, it needs distinct
states for each observation based on its context - in this case, the previous
observations and actions. All states corresponding to a single observation are
called the clones of this observation, and by design, each state deterministically
maps to a single observation. In essence, a CSCG is a hidden Markov model in
which multiple different values of the hidden state predict identical observations
(i.e. their corresponding columns in the transition matrix are non-identical). A
pair of the clone states in a CSCG is therefore a set of two values that a hidden
state might take which share identical likelihood contingencies, but differ in
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their transition probabilities. A depiction of the clone graph, as described in [5]
is shown in Figure [Th.

The CSCGs are optimized by minimizing the variational free energy over
a sequence of observation-action pairs using the Baum-Welch algorithm [I0],
an expectation-maximization scheme for hidden Markov models. Through this
optimization and random initialization, the model will converge to use distinct
clone states for different sequences in the data. This distinction between clones is
further improved by optimizing the learned model parameters through a Viterbi
decoding step, only keeping the states necessary for the maximum likelihood
paths in the learned model.

2.2 Clone graph agent

We define a clone graph agent that uses a greedy planning approach to select the
actions. Planning using the clone-structured cognitive graphs is done by setting
a fixed target state (or states), and forward propagating the messages starting
from the current state. When one of the target states is assigned a non-zero
probability, a path is found and the maximum likelihood states are backward
propagated to retrieve the corresponding action sequence, or policy. The prob-
ability of each policy is computed as the belief over the current state Q(s|o, a).
Once the agent’s belief over state collapses to a single state, the planning mech-
anism falls back to the one described in [5], where the current state is known.

2.3 Active inference agent

Actionable agents, whether biological or artificial, are separated by their environ-
ment through sensory inputs (perception) and action. The agent’s observations
are indirectly observed through its different sensory modalities, while the world
state is also only indirectly affected by the agent’s actions. This separation be-
tween the hidden variables (action, observation, agent state, and world state) is
commonly referred to as the Markov blanket.

The free energy principle proposes that an agent possesses a generative model
that describes how outcomes are generated from the world state and how the
world state is affected by the agent’s actions. The principle states that the agents
will minimize their surprise, bounded by the variational free energy by updating
the parameters of the generative model (learning) or inferring the hidden state
(perception). Active inference agents can infer the action that minimizes the
“expected free energy (G)” (or in other words, the free energy of the future
courses of actions) [6].

Active inference assumes that actions are inferred through the minimization
of the expected free energy GG. This means that the posterior over a policy is
proportional to the expected free energy G, which can be computed for each
policy. More specifically, approximate posterior over policy Q(7) is computed
as the softmax (o) over the categorical over all the policies with a value of the
respective expected free energy G, «v is a temperature variable:

Q(m) = o(—G(m)),
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Where the expected free energy G of this model, for a fixed time horizon T, is
defined as in [I1]:

T
G(m) = Z G(m,7)
T=t+1
G(m,7) 2 = Eqeo,|m [Drr|Q(sr]0r, m)[|Q(s7]m)]] = Eqo, |m [ log P(o0)]
Epistemic value Pragmatic Value

This equation decomposes in two distinct terms: an epistemic value computing
the information gain term over the belief over the state, and a pragmatic value
(or utility) term with respect to a preferred distribution over the observation
P(0). In active inference, the goal of an agent is encoded in this prior belief as
a preference. In a CSCG, planning is done by setting a preferred state, whereas
in active inference this is typically done by setting the preferred observation.
In order to make both approaches comparable, here we always plan by setting
preferred states (and assume an identity mapping between the state and obser-
vation).

Evaluating the expected free energy G for all the considered policies is ex-
ponential w.r.t. the time horizon T. This limits the tree depth to low values
for which this is practically computable. To mitigate this limitation, we set the
preference for each state proportional to the distance toward the goal state (in
the cognitive map). While this system simplifies computing the utility to be suf-
ficient for a depth of one, the planning mechanism still requires larger depths
for achieving (non-greedy) long-term information-seeking behavior.

CSCG as the generative model for active inference We consider active
inference in the discrete state space formulation [I2], as shown in the factor
graph in Figure [Ib. The generative model is therefore described by a set of four
specific matrices: the A matrix defines the likelihood model, or how observations
are generated from states: P(o|s), the B matrix defines the transition model, or
how the belief over state changes conditioned on an action a;: P(s;y1|st, a;). The
C matrix describes the preference of the agent P(s), and finally, the D matrix
describes the prior belief over the initial state P(s).

First, we learn the world structure using a CSCG through the minimization
of the evidence lower bound with respect to the model parameters as described
in [5]. We then map the parameters of the learned hidden Markov model to the
four matrices describing the active inference model.

First, we reduce the model by only considering the states for which the
transition probability marginalized over action and next state > . > p(s¢|s,a),
assuming a uniform distribution over s and a, is larger than the threshold of
0.0001. The A matrix can be directly constructed by setting P(o;|s;) = 1 for all
remaining clones s; of observation o;.

To construct the B matrix, the transition matrix from the trained CSCG
can be taken directly. A crucial difference between the POMPD in discrete time
active inference and the CSCG is that the actions are state-conditioned in the
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latter. This means that starting in some states, an action can not be taken.
In the learned transition matrix, the following condition does not always hold:
> sips P(str1lsi,ar) = 1. We convert this transition matrix to proper proba-
bilities by adding a novel dispreferred state sy, for which we set the transition
probability to 1 in these illegal cases, and for which this state transitions to it-
self for each possible action. We then normalize the transition matrix such that
probabilities sum to 1. We also add a P(og4|sq) = 1 mapping in the A matrix.

The preference of the agent, or C' matrix, is not present in the standard
formulation of the CSCG. However, the agent is able to plan toward a goal
that is set in state space. We model this by setting a preference over this state,
or set of states in case of an observation-space preference or multiple target
goals. Additionally, for the newly added state s; to which the illegal actions are
mapped, we set a very low value (as if it would drive you to a state that is farther
away from the goal than the maximum distance) in order to drive the agent to
avoid these actions when planning according to its expected free energy.

The prior distribution over the initial state, matrix D, is initialized as a
uniform prior over all the states. The agent thus starts with no knowledge about
the state it is in and has to gather evidence to change this belief.

3 Results

In this work, we compare the behavior of two agents that select their actions
using a CSCG: the former (“clone graph”, Section agent plans using a greedy
approach, whereas the latter (“active inference”, Section agent uses active
inference and expected free energy to plan ahead. We also compare these two
agents with a random (“random”) agent baseline. In particular, we look at goal-
driven behavior in three distinct environments each requiring a different level
of information-seeking behavior. First, we consider an open room as proposed
in [5] in which the agent has to reach a uniquely defined corner, for which the
goal is provided as a goal observation. Second, we consider a more ambiguous
environment in which the agent has to reach the uniquely defined center of a
room, but it first needs to localize itself within the room. Finally, we evaluate
the approach on the T-maze, where the agent should first observe a cue, as a
wrong decision is “fatal”.

In each experiment, we first train the generative models as CSCGs and then
convert them to discrete state space matrices for active inference within the
PyMDP framework [T1].

3.1 Navigating in an open room environment

In this first experiment, we investigate the performance of all agents in a simple
environment where we hypothesize that there is no immediate gain in using
the active inference framework for information-seeking behavior. As the clone
graph agent is still able to integrate observations to improve its belief over its
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current state, we expect both agents to gather enough evidence to accurately
plan toward the goal.

For this maze, we consider an open room environment based on the one de-
scribed in [5]. We recreate the environment within the Minigrid [I3] framework.
The room is defined by a four-by-four grid in which the agent can freely navi-
gate by selecting actions like “turn left”, “turn right” or “move forward”. The
agent observes a three-by-three patch around its current position, as shown in
Figure 2p. Each corner of the environment is uniquely defined by an observable
colored patch, as shown in Figure and Figure 2b. Each observed patch is
mapped to a unique index as observation. In this environment, this corresponds
to 21 observations.

We learn the structure of the room by first training a CSCG, initialized with
20 clones for each observation, as described in Section [2l The model parameters
were learned using a random-walk sequence consisting of 100k observation-action
pairs. We then set the preference of the agent to the two observations reaching
the corner, e.g. for the bottom right corner this is the observation of reaching
it from the left and from the top. As described in Section [2| we select the clone
states for which the likelihood of this observation is 1 and set the preference for
all these states for both the clone graph and active inference planning schemes.

We run an experiment for all three agents where the agent starts in a random
(ambiguous, i.e. looking at the center) pose and has to reach a randomly selected
corner as the goal. We run this for 400 separate trials, where each trial was
seeded with the same random seed, ensuring that the different agents start with
the same starting position and goal. We provide the agents with 25 timesteps
to reach the goal and report the success rate and episode length for each of the
agents. Qualitatively, in Figure [2h, we observe that the behavior between the
clone graph agent and the active inference agent is very similar; it first picks a
corner which is either the goal and the episode ends or an informative landmark,
and then the agent moves towards the goal.

Quantitatively, we observe the duration of the episode and see that the av-
erage episode length shown in Figure [2c is significantly larger for the random
agent with respect to both the clone graph agent (2-sample independent t-test,
p-value=7.6 - 107%) and the active inference agent (2-sample independent t-test,
p-value=3.6 - 107°), illustrating that the model has learned the structure of the
world and is not moving randomly. Secondly, we observe that the average episode
length of the clone graph agent does not significantly differ from the active in-
ference agent (2-sample independent t-test, p-value=0.237), illustrating that for
this environment the information-seeking behavior does not benefit performance.
This is further evidenced by the success rate shown in Figure 2[, where the per-
formance of both agents does not significantly differ as they are identical at a
100% success rate.

From this experiment, we conclude that in an environment where the agent
can quickly find an unambiguous landmark such as the corners in the open room,
both agents have similar performance.
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Fig.2: (a) Qualitative results of navigating the open room maze for the different
agents with different random seeds. The agent is tasked with reaching a partic-
ular corner in the maze. The trajectory of the agent is marked, and the arrow
points the direction in which the agent is looking. (b) The two three-by-three
observations defining a goal in a corner of the open room maze. (¢) A box plot
representing the statistics of the amount of time until the goal is reached (only
the success scenarios are considered) over 400 trials. (d) The success rate of the
agent in reaching the goal observation (computed over 400 trials).

3.2 Self-localization in an ambiguous maze

In the previous environment, the agent was able to quickly self-localize as random
actions would easily disambiguate where in the environment they are. In this
experiment, we increase the level of ambiguity and evaluate whether the active
inference agent is able to self-localize faster than the clone graph agent.

For this experiment, we consider the highly ambiguous maze from Friston et
al. [9] shown in Figure . In this environment, the agent is only able to observe
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Fig.3: (a) Qualitative results of navigating the ambiguous maze with the three
different agents. The green square marks the goal observation, the trajectory of
the agent is marked in black. In this maze, the agent can only observe the current
tile, and the color of the tile represents the observation the agent receives. (b)
Shows the amount of steps needed for reaching the target, only measured for the
success cases. (¢) Shows the success rate, computed over 400 trials for the three
agents.

the one-by-one tile the agent is currently standing on, i.e. if it is a red, white, or
green tile. While the red and white tiles are highly ambiguous, there is only a
single green tile at the center of the maze. The agent is able to navigate the maze
through actions like “up”, “down”, “left” or “right”, and is only limited by a
wall around the maze. Unique observation tiles are again mapped to categorical
indices.

We construct a CSCG with 40 clones per observation and optimize it over
a sequence of 10k steps in the environment until convergence. We then set the
preference for this environment as the green tile, in a similar fashion as we did
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in the experiment in Section for both the clone graph agent and the active
inference agent.

In this environment, the agent’s goal is always to go to the green tile in the
center of the room. However, the agent starts at a random position on a white
tile. We again run this experiment for 400 trials for each agent, seeded over trials
such that the starting position is the same for each agent. Each episode has a
max duration of 25 steps, and we record the episode length and the success rate
of the agents. Qualitatively, we can see the trajectories taken by the clone and
active inference agents in Figure [Bh. We observe that both agents are able to
solve the task, seemingly moving randomly in the maze. However, we also ob-
serve the random agent navigating in the maze, which typically does not reach
the goal. Quantitatively, we again measure that the clone graph agent (2-sample
independent t-test, p-value=1-1079) and active inference agent (2-sample in-
dependent t-test, p-value=1-1071%%) significantly differ from the random agent,
showing goal-directed behavior. However, we now observe that the clone graph
agent with a mean episode duration of 10.92 steps is significantly slower than
the active inference agent with a mean episode duration of 7.92 steps (2-sample
independent t-test, p-value=3.46-10722) even though their success rate is similar
with 98.5% for the clone graph agent and 100% for the active inference agent.

From this experiment, we conclude that in highly ambiguous environments,
agents using active inference for goal-driven behavior disambiguate their location
and reach the goal faster than agents who do not.

3.3 Solving the T-Maze

In this final experiment, we consider an environment where making informative
decisions is crucial. We compare the performance of the agents in the quintessen-
tial active inference environment: the T-maze [14]. In this environment, the agent
must make a choice to go either in the left or the right corridor without being able
to observe the location of the reward (we hide it behind a door), and the episode
ends when it makes a decision. The agent is, however, able to disambiguate the
location of the reward by observing a colored cue behind itself.

We create the environment again in the Minigrid environment [13], and the
agent has three-by-three patches as observations and can act by either “turn-
ing left”, “turning right” or “moving forward”. The agent always starts in an
upwards-looking position, looking away from the cue. Additionally, when the
agent wants to walk through a door, it immediately goes to the tile behind the
door, ending the episode either in reward or not.

We train a CSCG with 5 clones per observation on 500 distinct episodes with
a maximum length of 50 steps, however, these episodes are typically shorter as
the agent goes through a door. Similar to the open room environment, we map
each three-by-three observation patch to a unique index and additionally, we also
map the reward to a separate observation. This yields 17 unique observations
the agent can observe. We then set the preference to the rewarding observation
for both the clone and active inference agents, and depending on context, the
agent should be able to infer a different path towards the goal.
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Fig.4: (a) Qualitative results of navigating the T-maze with the three different
agents. The green square marks the goal observation, and the black arrows the
trajectory followed by the agent. At the bottom of the T, there is a colored
cue, blue marks that the goal is on the right, while red marks that the goal is
on the left. (b) Shows the number of steps needed for reaching the target, only
measured for the success cases. (¢) Shows the success rate, computed over 400
trials for the three agents.

We again conduct 400 random trials, where the seed is again fixed for each
trial within an agent, ensuring that for each trial the goal location is the same.
When we evaluate the behavior of the agents qualitatively (Figure [h), we ob-
serve that the active inference agent always moves forward, turns around and
checks for the cue, and then moves towards the correct goal location. In con-
trast, the clone graph agent randomly picks a direction as it has not accurately
inferred in which state it currently is. Interestingly, when the stochasticity of
the action sampling forces the agent to turn around and it observes the cue,
it chooses the correct action. This explains the 56.75% success rate, which is
slightly higher than the expected 50% of selecting actions randomly. In this en-
vironment, where thoughtless decisions are punished, the active inference agent
is significantly more accurate with a success rate of 100% (2-sample independent
z-test for proportions, p-value=6.25-10~°). Interestingly, the clone graph agent
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is significantly faster with an average of 4.5 steps than the active inference agent
with an average of 5 steps (2-sample independent t-test, p-value=2.86 - 107°).
This is attributed to the fact that the agent does not take the time to observe
the cue and moves towards wherever it believes the goal is.

From this experiment, we conclude that in information-critical decision-making
environments using active inference provides a significant benefit over greedy
planning strategies.

4 Discussion

We relate our work to representation learning in complex environments. In the
context of learning cognitive maps, work has been done that explicitly separates
the underlying spatial structure of the environments with the specific items
observed [4]. While this model does not entail a generative model, other ap-
proaches do consider the hippocampus as a generative model [I5] and show that
through generative processes novel plans can be created. Model-based reinforce-
ment learning systems learn similar world models directly from pixels [I6] and
are able to achieve high performance on RL benchmarks. All these approaches
typically treat planning as a trivial problem that can be solved through forward
rollouts, or by value optimization using the Bellman equation, however, they do
not consider the belief over the state as a parameter.

Within the active inference community, a lot of work has been applied to
planning in different types of environments. Casting navigation as inferring the
sequence of actions under the generative model using deep neural networks has
been done before in [I7/18], where the approximate posterior is implemented
through a variational deep neural network. The active inference framework has
also been successful in solving various RL benchmarks [I9J20]. These approaches
show that inferring action through surprise minimization is powerful in solving
a wide range of tasks, although they do not explicitly deal with aliasing in
observations.

We believe that the combination of both approaches can yield a promising
avenue for building cognitive maps in silico that can be used to solve important
real-world tasks such as navigation.

The CSCG has been shown to be a powerful model for flexible planning and
disambiguating aliased observation, making it the perfect candidate for integra-
tion within the active inference framework. Through this interaction with the
inherent uncertainty-resolving behavior of active inference, we have observed sig-
nificant improvements in terms of success rate or episode lengths depending on
the specific environment.

Another open issue that we plan to resolve in the future is the fact that the
CSCG is currently learned in an offline fashion. Therefore our current approach
is not benefitting from the curiosity- or novelty-based scheme of active infer-
ence [2T/7], which we hypothesize to improve the training efficiency with respect
to the number of required samples.
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5 Conclusion

We first propose a mechanism for using the clone-structured cognitive graph
within the active inference framework. This allows us to use the naturally context-
dependent disambiguating of aliased observations in the generative model within
the active inference framework that naturally will seek the sequence best aligned
with this purpose. Through evaluation in three distinct environments, we have
highlighted the advantages of active inference compared to more simplistic and
greedy planning methods. We show that in naturally unambiguous environments,
the active inference and clone agents perform similarly in both success rate and
time to reach the goal. Additionally, we have observed that the active inference
agent exhibits a significantly higher success rate in environments requiring in-
formed decision-making. Finally, we show that in environments where an agent
has to make an informed decision, the active inference agent has a significantly
higher success rate. These results corroborate the benefits of using an active
inference approach.
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