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ABSTRACT

Unlike humans, who continuously adapt to both known and unknown situations, most reinforcement
learning agents struggle to adjust to changing environments. In this paper, we present a new model-
based reinforcement learning method that adapts to local task changes online. This method can detect
changes at the level of the state-action pair, create new models, retrospectively update its models
depending on when it estimates that the change happened, reuse past models, merge models if they
become similar, and forget unused models. This new change detection method can be applied to any
Markov decision process, to detect changes in transitions or in rewards. Arbitrating between local
models limits memory costs and enables faster adaptation to new contexts which sub-parts have been
experienced before. We provide a thorough analysis of each parameter of the multi-model agent and
demonstrate that the multi-model agent is stable and outperforms single-model methods in uncertain
environments. This novel multi-model agent yields new insights and predictions concerning optimal
decision-making in changing environments, which could in turn be tested by future experiments in
humans.

Keywords Model-based reinforcement learning · Non-stationarity · Model switching · Task change · Change detection

1 Introduction

Humans constantly adapt to uncertain, new, and open-ended environments in their daily lives. To explain human
behavioral flexibility in changing environments, researchers study contextual inference and reinforcement learning.
Contextual inference refers to online interpretation of environmental cues to discriminate between different situations
[21]. Reinforcement learning, on the other hand, explores how humans refine their strategies over time to make optimal
decisions based on their interactions with an environment [26]. Modeling how humans infer contexts and adapt their
behavior online is essential to understand human behavior flexibility.

Nevertheless, traditional approaches to contextual inference study task changes at the whole-task level [8, 3, 14].
When detecting a change, these traditional context-level approaches change all of their models of the environment
simultaneously. This poses a number of limitations. Firstly, the assumption that humans learn to differentiate task
changes solely at the context level would not explain the facilitated transfer of knowledge between tasks that share
common properties. This assumption suggests that agents relearn an entire context to adapt even for minor variations,
which would be inefficient for learning new contexts [17]. For instance, a rat exploring a maze is not obligated to
relearn the entire structure of the maze every time a door is opened or closed [20]. As the context only changes locally,
the rat is only required to learn two models for the door, and can use a shared model for the rest of the maze.

Secondly, detecting a task change at the context-level relies on aggregate measures such as cumulative sums of local
changes [14]. Thus, contextual inference methods often have trouble identifying the exact factors that drive contextual
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shifts, including the precise moment or location of each change. This, added with high computational costs due to
Bayesian change detection methods [13], makes it impossible to retrospectively assign observations to the correct
context after a change has been identified. As a result, context-level approaches tend to assume that a change occurs
just before or at the exact point of detection [8, 10, 14]. In contrast, humans often make sense of a detected change by
retrospectively inferring a latent cause [25, 22]. For instance, let’s take the example of someone trying to guess when a
fair coin is replaced by a rigged one, using the sequence of coin tosses only. They need several observations to detect a
change but once they detect a change, they do not simply assume that the change occurred at the very moment they
noticed it. Rather, they can try to retrospectively infer the moment that the fair coin was replaced by the rigged one
based on the toss distribution. Context-level methods that lack the ability to retrospectively assign observations to the
correct context fail to capture this fundamental aspect of task change detection in humans.

To address these limitations, we propose a novel approach that operates at the local level, utilizing multiple local models
and only modifying local models which change between contexts. By detecting changes at the local level, this method
enhances the transfer of knowledge between contexts and improves learning, using retrospective change-point detection.

1.1 Context-level and multi-model approaches

Distributions before
task change Task change

Distributions after
task change

Time

Context-based 
approach 

(Stored and current
contexts)

Creation of a new context
The agent relearns every local model

The memory grows linearly with contexts

Action 1 → Model 1
Action 2 → Model 2
Action 3 → Model 3

Context 1

Action 1 → Model 4
Action 2 → Model 2'
Action 3 → Model 5

Context 2
Action 1 -> Model 4'
Action 2 -> Model 2''
Action 3 -> Model 3'

Action 1 → Model 4
Action 2 → Model 2'
Action 3 → Model 5

Action 1 → Model 1
Action 2 → Model 2
Action 3 → Model 3

Context 3

Context 2

Context 1

Multi-model approach
 (Stored and current

models)

   Action 1 → Model 1 or Model 4
   Action 2 → Model 2
   Action 3 → Model 3 or Model 5

   Action 1 → Model 1 or Model 4
   Action 2 → Model 2
   Action 3 → Model 3 or Model 5

The agent changes its current local models
The agent only learns the new local models

 Small or no memory growth

Action 1 → Distribution 1
Action 2 → Distribution 2
Action 3 → Distribution 3

True environment
distributions

Action 1 → Distribution 4
Action 2 → Distribution 2
Action 3 → Distribution 3

The outcome of Action 1 changes
from Distribution 1 to Distribution 4

Figure 1: Comparison between context-level and multi-model approaches in a three-action task. Both approaches
model the result of each action, for example the distribution of rewards in a three-armed bandit. If contexts share
features, arbitrating directly between models is theoretically more efficient than arbitrating between contexts. The task
change involves a change in the result of action 1 from distribution 1 to distribution 4. The context-level approach must
create a new context and relearn a model for each action. The models the context-level agent relearn are indicated
with apostrophes. For example, models 2, 2′’, and 2′′ are three different models of distribution 2. Conversely, the
multi-model approach only relearns the local models that changed during the task change. Red text indicates the best
context or the best models for each method based on the true environment distributions.

The definition of contexts varies in decision-making and reinforcement learning. Contexts are generally considered to
be an ensemble of properties of the environment that an agent must perceive to behave efficiently [16]. We consider
here that a context is a mode of a Markov Decision Process, using the formalism of Hidden-Mode Markov Decision
Processes [6]. The environment the agent interacts with can be in different stationary Markov Decision Processes,
namely modes or contexts, and the agent has no control over when the environment changes from one context to another.
Each context is likely to remain stable for some time, and we make no assumptions regarding the total number of
contexts an agent may face. This is similar to the unbounded number of latent causes often found in the Bayesian
literature [13]. For instance, the changing environment may be a non-stationary three-armed bandit task [27, 7]. For
a three-armed bandit, a context would be comprised of three reward distributions – one for each of the three arms
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(Figure 1). The context changes when the distribution of one or several arms change. An agent must model the three
reward distributions and adapt appropriately to context changes to perform optimally.

Context-level methods modify all of the local models learned when detecting a context change [10, 14, 8]. As mentioned
above, this grants prompt adaptation to changes only after an agent has learned all possible contexts, thus preventing
the leveraging of cross-context similarities when a new context is being learned. Moreover, memory usage increases
linearly as a function of the number of contexts, irrespective of cross-context similarities. Context-level approaches
are also inefficient in detecting task changes when an environment is only modified locally, due to the high degree of
similarity between contexts. Subsequently, if local changes occur frequently, context-level approaches may fail to adapt
or require full context updates consistently. Both of these issues would give way too high computational costs.

Considering the above-outlined disadvantages of context-level approaches, we believe that a local-model-level approach
would be more appropriate for contexts that share features. We propose an alternative approach that detects changes in
local models (as opposed to entire contexts), adapting to them accordingly (Figure 1, right). Not only does our approach
reduce memory usage and computational costs, but it also favors transfer learning; Only cross-context differences are
learned and stored. The local-model-level approach encourages adaptation to local changes and promotes the transfer of
prior knowledge to new contexts. However, one disadvantage of our approach is that, in contexts that are dissimilar and
familiar, it may detect changes slower than context-level methods.

1.2 retrospective change-point detection

Detecting changes at the local level facilitates finding the source of surprising events, which come from either the
uncertainty of a stable environment or a change in the environment. To categorize surprising events from an observer’s
perspective, the decision-making literature often disentangles expected uncertainty from unexpected uncertainty [1].
Expected uncertainty consists of the predicted variability of outcomes in a stable environment. Unexpected uncertainty
consists of events that violate model expectations and can come from a change in the environment. Hence, decision-
makers who face a surprising event must assess to what extent their model explains it. When their current model does
not represent the current situation anymore, they must change their model of the environment.

However, one surprising event may not be enough to assess the reliability of a model. For example, when trying to
understand whether a die is fair or rigged, observing one roll with an outcome between 1 and 6 is not very informative.
However, observing only sixes for the first five rolls may indicate that the die is rigged. To further understand how to
detect a change in a distribution, we consider the toy problem of a passive observer trying to determine whether a die is
rigged or fair. The observer only has access to the results of the rolls. Nevertheless, they know that there are only two
dice, one fair and one rigged. Moreover, they understand that the chance to switch from one die to another is small after
a die change and that each die is rolled several times in a row. The roll sequence is the following, with labels indicating
rigged or fair die for the reader:

{6, 5, 2, 4, 4,︸ ︷︷ ︸
fair die

3, 3, 2, 2︸ ︷︷ ︸
rigged die

, 5, 1, 6, 4, 2, 4, 1︸ ︷︷ ︸
fair die

, 2, 2, 3, 2, 3, 2, 2, 3︸ ︷︷ ︸
rigged die

, 4, 3, 5, 2, 6︸ ︷︷ ︸
fair die

}.

Depending on whether the agent receives the roll results sequentially or can access the entire sequence directly, their
prediction of what die was rolled at each time step should change. For example, since the probability distributions of
the two dice overlap, the agent can only detect surprising sequences a few trials after a die change. This means that
once the agent detects a change, it should retrospectively estimate the moment the task changed, before updating its
models for each die.

Moreover, even if the agent observes two 2s and two 3s the first time it faces the rigged die, they cannot know whether
this was an unlikely sequence with the fair die or if the die changed. However, when the agent observes the second
sequence of 2s and 3s, they can create a new model for the second die, as this sequence is highly unlikely with a fair die.
With this new model of the rigged die, the agent will detect future die changes more quickly. When looking back at the
whole sequence with an accurate model of the rigged die, the agent may predict that the first sequence of 2s and 3s
came from the rigged die, even though it did not detect the change at the time.

From this illustrative example, we extract three pivotal ideas for the model discrimination we will use. (1) An agent
needs several observations to detect a task change and should not create a new model based on a single surprising
observation. (2) An agent needs to be able to retrospectively detect a change point, to reassign the observations to the
correct models. (3) An agent with an infinite memory could detect prior changes it missed by learning the approximate
dynamics of the various models. However, storing long sequences of observations would induce memory costs. One
possible solution is to work with finite-observation windows and create more models than needed in ambiguous cases,
even if it means merging some models later on.
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1.3 Contributions

We present a new multi-model method to arbitrate between local models instead of contexts. This local-model-level
method allows for the transfer of knowledge between different contexts with shared sub-parts, while being more
memory efficient than context-level methods. We also introduce a new technique that uses negative log-likelihood
minimization to accurately detect when changes occur. We demonstrate that our multi-model agent outperforms
classical reinforcement learning agents in changing uncertain environments. Our multi-model approach has limited
computational cost and is stable to parameter changes.

2 The multi-model agent

This section focuses on describing how an agent can arbitrate between multiple local models (Figure 2). At each time
step, the multi-model agent checks if its current local model adequately explains the latest local observations. If there is
a stored model that better explains the last observations or if no model explains the last observations well, the agent
changes its current local model. When the agent wants to change its current model, it retrospectively finds the most
likely change point, finds the associated new model, and reassigns the observations after this change point to the new
model. This new model becomes the current model and the agent starts using it to solve the task. At every time step, the
merging module merges similar models. The forgetting module forgets a model if the agent has reached its maximal
number of models and needs to create a new one.

Update the current model

Create a new empty model

Check for model merging for the
current state-action pair

Find the best change point and 
the corresponding new model.

Yes

No

Perform an action in the environment

Update the Q-values

Yes

No

No

Yes

Yes
No

Has the current model 
sampled enough information?

Does a stored model explain recent
observations better than the current model?

Does the current model explain 
recent observations well?

Is the number of models maximal?

New decision Start

Yes/No

Action

Did the agent merge two models?

Yes

Check for model merging for the
current state-action pair

No

Forget the least used model

Figure 2: Structure of the multi-model decision-making method, presented as a decision tree. Based on yes/no
tests, the tree describes what the agent does for each new decision (top-left red circle). For example, if a stored model
explains recent observations better than the current model, the agent finds the best change point and changes model
with the corresponding new model.
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2.1 Updating the model

2.1.1 How to learn a model in reinforcement learning?

We consider the general case of a reinforcement learning agent acting in a Markov decision process {S,A, T,R}. The
agent has access to a set of states S and of actions A. T is a transition function that maps state-action pairs to the
conditional probability distribution on the possible arrival states and R is a reward function mapping the state-action
pairs to a distribution of real values.

Single-model infinite-horizon approach: Classical model-based reinforcement learning agents learn an internal
model of the environment for each state-action pair by sampling tuples of observations. For each state-action pair (s, a),
we define the reward model MR(s, a) and the transition model MT (s, a) as the set of rewards and transitions the agent
has observed from performing action a in state s. Given (st, at, rt) as the state, the action, and the immediate reward
at time t, we denote

MT (s, a) = {st+1|st = s, at = a}, MR(s, a) = {rt|st = s, at = a}. (1)

An infinite-horizon model-based agent tries to estimate the true transition function T and reward function R based on
all the observations it has sampled. The main approach to approximate T and R is to compute the frequency of arrival
states T̂ and the mean reward R̂. The agent then uses T̂ and R̂ to plan and decide which action to take, using methods
from dynamic programming such as value iteration [26]. With n(s, a, s′) =

∑
q∈MT (s,a) 1q=s′ the number of times the

agent arrived in state s′ after taking action a in state s and n(s, a) = |MT (s, a)| = |MR(s, a))| the number of times
the agent took action a in state s,

T̂ (s, a, s′) =
n(s, a, s′)

n(s, a)
, R̂(s, a) =

1

n(s, a)

∑
r∈MR(s,a)

r. (2)

Single-model finite-horizon approach: A basic approach to deal with non-stationary environments is to consider
only the last h observations for the transition and the reward models. The agent forgets the oldest observation of a
model when the number of observations in the model exceeds h. We define MTh

(s, a) and MRh
(s, a) as the h last

rewards and arrival states the agent sampled for (s, a). If the agent sampled less than h observations, then MTh
(s, a)

and MRh
(s, a) correspond to MT (s, a) and MR(s, a) from Equation 1. If the agent sampled h observations or more,

we can write MTh
(s, a) and MRh

(s, a) as

MTh
(s, a) = {st1 , st2 , ..., sth |sti−1 = s, ati−1 = a}, MRh

(s, a) = {rt1 , rt2 , ..., rth |sti−1 = s, ati−1 = a}, (3)

where t1 < t2 < ... < th are the most recent h time steps for which sti−1 = s and ati−1 = a. The associated count
functions are nh(s, a, s

′) =
∑

q∈MTh
(s,a) 1q=s′ and nh(s, a) = |MTh

(s, a)| = |MRh
(s, a)| ≤ h. The frequentist

finite-horizon transition functions T̂h(s, a) and reward function R̂h(s, a) become

T̂h(s, a, s
′) =

nh(s, a, s
′)

nh(s, a)
R̂h(s, a) =

1

nh(s, a)

∑
r∈MRh

(s,a)

r. (4)

Finite-horizon approaches adapt better to changing or drifting environments than infinite-horizon approaches. However,
the precision of their models is limited by the fixed number of passages h that they consider. For example, if the true
reward and transition functions are uncertain, h observations may not be enough to describe them. Moreover, the model

can become unstable when h is low because each new observation accounts for
1

h
of the estimated distribution. Finally,

finite-horizon agents optimize new tasks as they come but they cannot re-use previous observations or learn multiple
tasks simultaneously.

Multi-model approach: Another possible approach to adapt to task changes is to arbitrate between multiple competing
models with infinite horizons. In this multi-model approach, the agent stores several transition and reward models and
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changes its current models depending on the situation it faces. The agent associates each observed arrival state and
reward to one of its transition or reward models. We define MT (s, a, i) and MR(s, a, i) as the ensemble of observations
that have been attributed to the transition model i and the reward model i respectively. We define iT

′(t) and iR
′(t)

as the models the agent uses for (s, a) at time t. When taking action a in state s, the multi-model attributes the new
observations to its current reward and transition models. Hence, MT (s, a, i) and MR(s, a, i) are

MT (s, a, i) = {st+1|st = s, at = a, iT
′(t) = i}, MR(s, a, i) = {rt|st = s, at = a, iR

′(t) = i}. (5)

Each model has an infinite memory and the agent can use Equation 2 to compute an approximate transition function T̂

and reward function R̂.

2.1.2 The update module

The agent we introduce uses a multi-model approach. At each time step, the agent adds the observed reward and arrival
state to its current reward model and transition model, while the other reward and transition models do not change as
presented in Equation 5. The multi-model agent also maintains a record of the most recent arrival states and rewards
received from state s by taking action a in the last h steps. It also keeps track of the local model it was using at the time
of each observation. Depending on how closely the agent’s transition model or reward model aligns with the observed
data of the last h steps for (s, a), the agent will either continue updating the current local model, change to a stored
model or create a new one.

We present the methods and results of the multi-model agent when it arbitrates between transition models. However,
these same methods can also be applied to reward models, provided the agent uses a distributional reward function. We
chose to focus on transition distributions because the classical transition function we introduce in Equation 2 directly
provides a distribution (a histogram) over the arrival states.

2.2 Detecting a change

2.2.1 How to evaluate model reliability with incoming observations?

The goal of the task change detection method is to find when the current model can no longer explain recent observations.
The classical approach to check if a distribution explains incoming data is to use statistical tests or information theory
methods. Here, we aim to test whether a model can accurately explain h observations, where h is small (e.g., about
10 observations). Since this sample size may be too small to run valid statistical tests, we instead rely on information
theory methods.

The main information theory approach to assess model reliability in similar work is to use log-likelihood [19, 5]. The
agent evaluates the likelihood of each new observation based on the predictions of its current model. However, using
log-likelihood has shortcomings. First, the computation of the log-likelihood depends on the true dynamics of the
environment. If the environment’s dynamics are uncertain, predicting the observations becomes less likely, even if the
models are accurate. One potential solution is to use the difference in log-likelihoods to evaluate how much the agent
progresses in explaining recent observations. However, log-likelihoods may not always detect changes in the incoming
data. For example, if the model is a fair die, the likelihood of observing several sixes in a row is the same as observing
any other sequence of the same length. To address this limitation, the multi-model agent does not use log-likelihoods to
measure model reliability. Instead, it directly compares distributions.

The agent wants to compare the stored distributions with the distribution of the recent observations. There is an
asymmetry between these two distribution types, as the stored models are generally larger and more stable than recent
observations. A symmetric measure such as the Wassertein distance or the Jensen-Shannon divergence would not
account for this discrepancy. Conversely, the Kullback-Leibler divergence measures how well a well-established model
explains recent observations. With two probability distributions P and Q, of support XP and XQ, with XP ⊂ XQ, the
Kullback-Leibler divergence DKL(P,Q) is

DKL(P,Q) =
∑

x∈XP

P (x) log
P (x)

Q(x)
. (6)

In our scenario, P is the distribution from the recent observations and Q the distribution from a model learned by the
agent.

6



2.2.2 The change detection module

The change detection module checks at each time step whether the current model still provides the best explanation for
the most recent observations. If a stored model explains the recent observations better than the current model, or if the
current model fails to explain the current observations, the agent must change its current model.

We suppose that for a given state and action (s, a), the agent stored k models MT1≤i≤k
(s, a) and that the current model

is model i′. Every time the agent takes action a in s, it computes the Kullback-Leibler divergence between each stored
model and the distribution of the last hi′ observations, with hi′ being the last consecutive observations attributed to the
current model i′ in the last h passages. Thus hi′ ≤ h and hi′ = h if the last h passages were attributed to model i′.
The agent computes the Kullback-Leibler divergence from Equation 6 between the distribution of the last observations
T̂hi′ (s, a) and the distribution of each stored model T̂i(s, a).

DKL(T̂hi′ (s, a), T̂i(s, a)) =
∑

s′/T̂h
i′
(s,a,s′)>0

T̂hi′ (s, a, s
′) log

T̂hi′ (s, a, s
′)

T̂i(s, a, s′)
. (7)

In Equation 7, if the support of T̂hi′ (s, a) is not included in Ti(s, a), the KL divergence diverges to infinity. In practice,
we add a small value δ = 10−5 to each distribution for all the state-action pairs of the environment the agent knows,
and normalize each distribution so that the KL divergence is well defined. The KL divergence of the current model is
always well-defined because the support of model i′ contains the latest hi′ observations.

If a known model explains the last observations better than the current model, the agent should replace its current model
with a stored one. If the current model does not explain the recent observations well, but is better than all stored models,
the agent should create a new model. Finally, if the current model has the minimal KL divergence and the divergence is
low enough, the agent should keep using its current model. We sum up these three cases in Equation 8. With 1 ≤ i′ ≤ k
the current model, and the model creation threshold ∆c,


if DKL(T̂hi′ (s, a), T̂i′(s, a)) ̸= min

1≤i≤k
DKL(T̂hi′ (s, a), T̂i(s, a)), change the model;

else if DKL(T̂hi′ (s, a), T̂
′
i (s, a)) > ∆c, create a new model;

else, stick with the current model.

(8)

This method can detect a change but does not indicate when the change occurred. If the agent decides to swap its current
model with a stored one, using directly the one with a minimal Kullback-Leibler divergence can lead to sub-optimal
behavior. We explain how the agent can overcome this limitation in the next subsection which focuses on change point
detection.

2.3 retrospectively finding the change point

2.3.1 Why should the agent find a change point?

The previous subsection presented how to detect a change and find the model that best explains the most recent
observations. However, choosing the new model or context based on all recent observations tends to favor moderate
models.

To illustrate this phenomenon, we take the example of a passive observer modeling a coin that can land on heads (H) or
tails (T ). The observer sees the sequence {H,H,H,H, T, T, T}, with tails being the latest observation. The agent has
three coin models: model 1, which is its current model and mostly predicts heads, model 2, which mostly predicts tails,
and model 3, which predicts heads or tails with the same probability. After the last observation, model 3 becomes the
model which explains best the observed sequence. Thus, the agent changes its current model. However, if the agent
changes its current model based on all recent observations, it should use model 3, although it poorly explains the most
recent three observations. Instead, the agent must detect that the swap occurred between Model 1 and Model 2 after the
last heads and before the first tails. retrospectively finding this change point allows the agent to choose the appropriate
associated model for the task.

A second implication of precise change point detection is that the agent can reassign observations to the correct models
depending on when the change happened. Observations occurring after the change point belong to the new model and
should be reassigned from the current model to the new model. This improves both models: the former becomes more
precise by discarding incorrectly assigned observations, while the latter benefits from additional relevant experiences.
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2.3.2 The change point detection module

To find the change point between the current model and a new one, the agent assesses to what extent it can sequentially
redirect the latest observations from its current model to the new model (Figure 3). It does this by gradually computing
the log-likelihood of recent observations for both the current model and each potential new model. One can implement
other approaches to evaluate the likelihood of the change points, such as a leave one out log-likelihood based on
change point’s position. However, the agent must evaluate all possible change points and new models, making more
computationally intensive methods less practical than the approach we propose.

Evaluation of the likelihood of each observation 
(Here we provide observation  as an example)

1 5 6 4 2 2 5 5 3 5

Initial beliefs about the models for the 10 most recent observations 

New observationsOld observations

Older model Current model New model

1 5 6 4 2 2 5 5 3 5

The most recent observation 
comes from the new model

Detection of a change: The change may have occured at eight change points 

6 4 2 2 5 5 3 5

Likelihood of  is
computed with the current model

Likelihood of  is
computed with the new model

Computation of the likelihood of each change point 
(Here we provide change point  as an example)

A B

C The agent chooses the change point with the smallest sum of log-likelihoodsD

The agent computes the log likelihood for each model and each observation
with the other observations belonging to the indicated models

+ =

The best change point minizes the sum of log-likelihoods.
In our example, change point .

Potential change points:

The agent adds  to the new model and
computes the likelihood of observing : 

6 4 2 2 5 5 3 5

The agent keeps  for the current model, removes newer
observations and computes the likelihood of observing : 

Likelihood of  is
not computed

The observations which are not from
the current model are ignored

Figure 3: Illustration of the method to find a change point. The two distributions we compare are the top ones from
Figure 4. When detecting a change, the agent follows these four steps (A to D) in order. Panel A The horizon has a
size of h = 10, but the horizon for the current model alone is hi′ = 8 because an older model is used for the two first
observations. As a result, the change point can only be at one of 8 possible positions. Panel B The agent computes the
likelihood of each observation, for the two models. Panel C The total evaluation of each change point is the sum of
the individual log-likelihoods the agent computed individually. Panel D The agent compares the log-likelihood of all
change-points. The change point which minimizes the sum of log-likelihoods in this example is change point 4.

We denote {s′hi′
, ...s′2, s

′
1} as the most recent arrival states the agent has observed from performing action a in s.

Here, s′1 is the most recent observation while s′hi′
is the oldest. There are hi′ − 1 possible change points between

two successive observations and two possible change points before or after all the observations. Nevertheless, the last
observation belongs to the new model. Hence, there are hi′ possible change points, going from only the last observation
belonging to the new model to all of the last hi′ observations belonging to the new model.

To compute the log-likelihoods, the agent needs to be able to add the observations to the new model and to remove
them from its current model. When the agent adds a new observation s′j to a model i, the agent updates the transition
function using Equation 9.
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Figure 4: Illustration of the reassignment of the observations after finding a change point. (Left) The change
point and the last observations come from Figure 3. (Top center and right) Histograms of the die rolls before the model
change detection for the current model and a stored model. We make the assumption that the agent detects a change
from the current model to the stored model. (Bottom center and right) Histograms after the model change detection.
The current model becomes the former model and the stored model becomes the new model. The histograms illustrate
the reassignment of the observations from the former model to the new model.

n
+s′j
i (s, a) = ni(s, a) + 1,

n
+s′j
i (s, a, s′j) = ni(s, a, s

′
j) + 1,

T
+s′j
i =

n
+s′j
i (s, a, s′j)

n
+s′j
i (s, a)

. (9)

To remove an observation s′j from a model i, all the pluses from Equation 9 become minuses. We extend Equation 9 to

any ensemble of arrival states A(s, a). We denote T
+A(s,a)
i as the transition function of model i with the arrival states

A(s, a) added to model i. Similarly, we denote T
−A(s,a)
i as the transition function when the arrival states A(s, a) are

taken away from model i. Removing an observation from a model can only happen if the model has this observation in
its model.

To compute how well the current model i′ explains the recent observations, the agent computes the log-likelihood of
witnessing each observation supposing that the model used before the observation was i′. Starting with the second
most recent arrival state s′2, the agent computes its new transitions without s′1 and s′2 and computes the log-likelihood
of observing s′2 with model i′. Similarly, the agent computes the likelihood of observing each arrival state s′j with
2 ≥ j ≥ hi′ after removing s′j from its model and all the following observations. With S′

1→j = {s′j , ..., ..., s′2, s′1}, the
ensemble of the last j arrival states, the likelihood of observing s′j with the current model i′ is

LL(T
−S′

1→j

i′ , s′j) = − log T
−S′

1→j

i′ (s, a, s′j). (10)

With this method, the agent can retrospectively compute the likelihood of observing each of the last hi′ events with the
model it had at the time of the observation. The agent does a similar computation for all the possible new models by
adding the observations instead of taking them away from the model. Starting with the most recent observation s′1, the
agent computes the probability of observing s′2. Similar to Equation 10, the likelihood of observing each event s′j with
the model i ̸= i′ is

LL(T
S′
1→j

i , s′j+1) = − log T
S′
1→j

i (s, a, s′j+1). (11)

In Equation 10 and Equation 11, the agent adds δ = 10−5 to each distribution and normalizes them before computing
the log-likelihood. This ensures that all the log-likelihoods are well defined. From Equation 10 and Equation 11, the
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agent can compute the likelihood of each change point. The likelihood of a change point c between model i′ and model
i is given by the likelihood that observations before c belong to the current model i′, while those after c belong to the
new model i. For each couple of models (i′, i), the likelihood Li(c) of change point c with 1 ≤ c ≤ hi′ reads

Li(c) =

c−1∑
j=1

LL(T
S′
1→j

i , s′j+1) +

hi′−1∑
j=c

LL(T
−S′

1→j+1

i′ , s′j+1). (12)

The optimal change point copt is defined as

copt = argmin
c

min
i

Li(c). (13)

This method provides the new model iopt and the optimal change point copt (Figure 3). Once the agent finds the best
change point and the best corresponding model, it reassigns the observations after the change point from its current
model to the new model and starts using it (Figure 4).

2.4 Merging models

2.4.1 How to know when to merge two distributions together?

There are several ways to compare two distributions. However, the choice of metrics depends on the goal of the
comparison and the nature of each distribution. In this case, an asymmetric measure is unnecessary since both models
represent stable beliefs about the environment. The goal of the comparison is to merge the two models into a unified
model that encompasses both. Thus, instead of directly comparing the models, we can measure how far each model is
from a combined distribution.

A common symmetric distance to compare distributions to their average distribution is the Jensen-Shannon divergence.
The Jensen-Shannon divergence computes the Kullback-Leibler divergences of the two distributions to their average
distribution and sums them with an equal factor of 1

2 . The Jensen-Shannon divergence of two probability distributions
P and Q is defined as

DJS(P,Q) =
1

2
DKL(P,

P +Q

2
) +

1

2
DKL(Q,

P +Q

2
). (14)

However, the Jensen-Shannon divergence in Equation 14 takes the average of the two probability distributions as a
merged distribution. In our scenario, we want the merged model to account for the relative sizes of the two distributions.
For example, a model with more observations should have a greater weight in the merging process. Instead of comparing
the two distributions to their average, we compare them to a weighted merged distribution where each distribution’s
influence is proportional to its number of observations. We show an example of a merged model in Figure 5.

A distance measure inspired by the Jensen-Shannon divergence, which weighs the initial distributions during merging is
the weighted Jensen-Shannon divergence. This method provides theoretical guarantees, such as an upper bound on
the divergence [9]. It also accounts for the size of the distributions in the divergence computation by replacing the 1

2
factors from Equation 14 with weighted factors that depend on the sizes of the two distributions. Given NP and NQ as
the weights of distributions P and Q (e.g., their respective model sizes), the weighted Jensen-Shannon divergence is
defined as

DwJS(P,Q) =
NP

NP +NQ
DKL(P,

NPP +NQQ

NP +NQ
) +

NQ

NP +NQ
DKL(Q,

NPP +NQQ

NP +NQ
). (15)

However, when one distribution has significantly more observations than another one, their weighted Jensen-Shannon
divergence is close to 0 (Equation 15). In our scenario of model merging, weighting the Kullback-Leibler divergences
by the number of observations would lead to large models overpowering smaller ones, reducing model diversity. To
address this, a more suitable approach is the semi-weighted Jensen-Shannon divergence, which uses weighted merging
but keeps the Kullback-Leibler divergence factors unweighted. The weighted merging Jensen-Shannon divergence is

DswJS(P,Q) =
1

2
DKL(P,

NPP +NQQ

NP +NQ
) +

1

2
DKL(Q,

NPP +NQQ

NP +NQ
). (16)
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Using the semi-weighted merging Jensen-Shannon divergence from Equation 16 has several many implications. First,
we lose some theoretical properties of the Jensen-Shannon divergence and its weighted alternative, such as upper bounds.
However, this method preserves model diversity while incorporating model sizes into the merging process. If one model
P is much bigger than one model Q, the semi-weighted Jensen-Shannon divergence is close to a Kullback-Leibler
divergence (with a factor 1

2 ). Unlike the Kullback-Leibler divergence, the semi-weighted Jensen-Shannon divergence
is always well-defined here because the merged distribution includes the observations from both distributions. If the
two distributions are of the same size, the semi-weighted Jensen-Shannon divergence reduces to the Jensen-Shannon
divergence.
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Figure 5: Example of the model merging process. If the initial models are similar to the merged model, the agent
merges the two models by creating a model that includes all the observations. One can compute the probability
distribution for each plot by normalizing the data by the the number of observations N .

2.4.2 The merging module

After every action a in state s, the agent checks if two models of (s, a) can be merged. If so, the agent merges the two
models and continues merging models until no model can be merged anymore. Merging models limits the computational
and memory cost of the agent by reducing the numbers of models to compare.

When the agent checks whether it can merge two models or not, it computes a semi-weighted Jensen-Shannon divergence
between each couple of probability distribution. If the smallest semi-weighted Jensen-Shannon divergence is below a
merging threshold ∆m, the agent merges the two corresponding distributions. To compute the weighted Jensen-Shannon
divergence between two transition distributions Ti(s, a) and Tj(s, a), the agent first sums the observations of the two
models together ni+j(s, a, s

′) = ni(s, a, s
′) + nj(s, a, s

′) for all the arrival states s′ (Figure 5). From these counts, the
agent computes the corresponding distribution Ti+j(s, a) =

ni+j(s,a,s
′)

ni+j(s,a)
. For transition models, Equation 16 becomes

DswJS(Ti(s, a), Tj(s, a)) =
1

2
DKL(Ti(s, a), Ti+j(s, a)) +

1

2
DKL(Tj(s, a), Ti+j(s, a)). (17)

When the agent merges two models, it replaces one model with the merged model and forgets the other one, reducing
the total number of models by one. The agent also reallocates all observations from the discarded model to the merged
model.

2.5 Forgetting a model

The ability to forget a model allows the agent to set a maximum number of models maxmod. Limiting the number of
models reduces both memory and computational costs, as the number of comparisons increases with the number of
models. This limit can also align with biological constraints. For example, some participants in the working memory
task where the PROBE model was first tested only maintained and evaluated three models simultaneously [8].

In the multi-model agent, forgetting a model occurs only when the agent reaches maxmod and cannot merge any
models. In this case, it discards the model with the fewest observations. If the current model is the smallest, the agent
instead forgets the second smallest model. Retaining the current model ensures stability and reflects the idea that recent
observations are more salient than older ones.

We chose to implement this forgetting mechanism for its simplicity. However, since the agent cannot forget its current
model, it must be able to retain two local models per state-action pair and distribution type (transition or reward). In our
simulations, the threshold maxmod depends on the state-action pair and the agent can store the same number of models
per state-action pair. This forgetting module implies that maxmod ≥ 2.
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There are at least two alternative implementations for the forgetting module. First, the threshold maxmod could become
a global variable rather than state-action specific. This would allow the agent to store more models in areas with
frequent changes. Second, instead of forgetting the smallest model, the agent could forget the least recently used one, as
unused models may be irrelevant. The choice of implementation may depend on the task at hand.

3 Experiments

3.1 Comparison of the multi-model agent with other reinforcement learning agents

The multi-model agent can use any decision-making or exploration strategy, as arbitration between models is independent
of these processes. Nevertheless, to simplify the comparison, all simulated agents use a similar soft-max decision-making
process. The probability of choosing action a in state s is

P (a|s) = expβQ(s,a)∑
a′ expβQ(s,a′)

, (18)

where β > 0 is an inverse temperature factor and Q(s, a) is a Q-value. The agent updates the Q-values with the Bellman
equation based on the model it learns online, as follows

Q(s, a) = R̂(s, a) + γ
∑
a′

T̂ (s, a, s′)max
a′

Q(s′, a′), (19)

with 0 < γ < 1 a discounting factor. We use γ = 0.95 for all the agents.

We highlight the advantages of the multi-model agent by comparing it with two other reinforcement learning agents,
each using a different type of model. We compare the multi-model agent to an infinite-horizon agent with a single
model per state-action pair (Equations 1 and 2) and to a finite-horizon agent with a single model per state-action pair
(Equations 3 and 4). While the multi-model agent uses infinite-horizon models, it uses a finite horizon to arbitrate
between models. The goal of this simple comparison is to validate the general behavior and stability of the multi-model
agent.

3.2 Nature of the task changes

In the reinforcement learning literature, changes can occur at different levels and times [17]. The multi-model agent can
theoretically adapt to changes at any level, from local variations to broader context shifts, provided they do not happen
too frequently. For example, if one local change happens faster than the study horizon h, the agent cannot detect this
local change and averages out changes. To simplify our analysis of the multi-model agent, we use environments where
dynamics change at a fixed rate. However, the multi-model agent neither knows nor relies on this information. The
number of states and actions in a chosen environment remains constant over task changes.

All of the changes we present in this article pertain specifically to transitions. Hence, the multi-model agent maintains
a reward model for each transition model and does not try to detect changes in reward. When the agent changes its
transition model, it changes its reward model accordingly and reassigns the rewards depending on the change point.

3.3 Environments

To measure and compare the performance of the three agents, we use three types of environments of increasing difficulty.
The first environment is a small environment with three states and two actions (Figure 6, top). The second one is an
adapted version of the chain problem [11, 24] for non-stationary tasks (Figure 6, bottom). The third one consists of an
ensemble of ten maze environments with random wall generation (Figure 7).

The three-state environment - In the three-state environment (Figure 6, top-left), the goal of the agent is to reach the
state with a positive reward r = 1. The Left and Right actions are swapped at a fixed rate. The agent has a probability of
slipping pslip = 0.1, which causes it to experience the outcome (reward and arrival state) of the opposite action. After
every step, the agent is reset to the initial state.

The chain environment - In the chain environment, the goal of the agent is to reach the farthest state from its starting
state to get a maximal reward of r = 1. Every-time the agent chooses the action Left, it goes back to the initial state
where it receives a bait reward of 0.1. If the agent reaches the farthest state from its starting position, it receives a
reward of r = 1. The optimal policy is to do the action Right only. At each step, the agent has a probability of slipping
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Figure 6: The three-state environment, two variations of it, with reward uncertainty or transition uncertainty,
and the chain task. Each of the two actions has the probability pslip = 0.1 of resulting in the opposite action. The black
circles indicate the starting position of the agent. (Top-Left) The three-state environment. (Top-Center) The three-state
environment with an uncertain reward distribution on the rewarded state. (Top-Right) The three-state environment
with an additional fourth state, to add an infrequent yet key transition. (Bottom) The chain environment. The slipping
probabilities pslip = 0.1 are not represented for readability.

5.0% 75.0% 5.0%

5.0% 5.0% 5.0%

Figure 7: One of the mazes the agent faces. (Left) One of the 10 mazes the agent faces of size 7× 7, with randomly
generated walls. The initial state is in blue, the rewarded state is in red and the walls are in black. The one-step
movements are indicated with arrows and the Stay action with a filled circle. (Middle) For each task change, each cell
has a 20% chance of changing its action distributions, performing a predefined cyclic permutation over the actions.
The states whose actions have been permuted are highlighted in yellow. (Right) Representation of the arrival state
distribution when performing action Up in absence of walls. The action Stay is deterministic.

pslip = 0.1 and receiving the outcome (arrival state and thus reward) of the opposite action. The chain environment we
implemented has 5 states and 2 actions. The task-change we introduce is a local task change, with the Right and Left
action inverted for one state. Thus, there are 25 = 32 possible combinations or contexts.

The maze environments - The maze environments are 7 × 7 squared environments with random wall generation
(Figure 7). In the maze environments, the goal of the agent is to reach the maximal reward of 1 and to exploit it. The
cell with the reward is 10 cells away from the initial cell. The agent can perform 4 one-step movement actions (Up,
Down, Left, Right) and one Stay action. The transitions are stochastic: when the agent performs one of the 4 one-step
movement actions, it can end up in one of 6 possible cells. It has a 75% chance of reaching the state corresponding to
the deterministic action and a 5% chance of ending in the nearby cells as presented in Figure 7. If there is a wall in the
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destination cell, the agent stays where it is. The stay action is deterministic with a 100% chance of staying in the same
cell. For each task change, there is a 20% chance of performing a predefined cyclic permutation of the actions for each
cell. There are two possible distributions per cell (either the classical one or a cyclic permutation of it). Thus, there are
theoretically 2|Snw| possible contexts, with |Snw| the non-wall states of the maze. The environment in Figure 7 has 239
possible contexts. Therefore, a context-level agent would not be able to learn the optimal policy in all the different
contexts.

Variations of the three-state environment and the mazes - To show the interest of learning accurate models in
changing environments, we add uncertain transitions or rewards to the three-state environment and the mazes. In
the three-state environment, we add an uncertain reward or an uncertain transition. The uncertain reward consists in
rewarding the agent 10% of the time with r = 10, instead of r = 1 every time the agent reaches the appropriate state
(Figure 6, top-center). The uncertain transition consists in adding a fourth state the agent reaches 10% of the time when
choosing the right action and where it gets a reward of r = 10 (Figure 6, top-right). In both conditions, the agent must
learn a rare event to find the optimal policy. For the mazes, we add an uncertain transition event the agent must learn to
ignore. For all the actions, the agent has a 5% chance of being reset back to its starting position. The goal of these
uncertain transitions or rewards is to identify which agents learn accurate transition and reward distributions, while
adapting to changes.

4 Results

All simulations from the results section show the mean performance and the confidence interval at 95% of the multi-
model agent, the finite-horizon agent, or the infinite-horizon agent. We evaluate the agents over three metrics: the
reward accumulated, the computational time and the Euclidean distance to the true transitions of the environment. We
plot the performance of the agents over time and averaged over each trial following a task change, to inspect how
the agent relearns after a change. When one of these plots is not presented in the main article, it is available in the
supplementary information section A.

4.1 Comparison of the multi-model agent with the other agents

4.1.1 Performance in the three-state environment
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Figure 8: Comparison of the performance of the agents in the three-state environment. Each agent is evaluated over
200 seeds. (Top-Left) Rewards obtained in the three-state task, averaged over each task change. (Top-Right) Rewards
obtained in the three-state task, averaged over each of the 50 step between task changes. (Bottom-Left) Euclidean
distance between the learned model and the real transitions, averaged over each task change. (Bottom-Left) Euclidean
distance between the learned model and the real transitions, averaged over each of the 50 step between task changes.
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To demonstrate the interest of the multi-model agent in a simple environment, we run simulations in the three-state
environment. We evaluate each agent on 200 seeds, with an episodic setting of 1 step and 2000 trials: after each step, the
agent is reset to the starting state. We swap actions Left and Right every 50 steps. All agents have the same exploration
rate β = 10 which corresponds to a greedy behavior. The finite-horizon agents use an horizon of h = 3, h = 5, h = 10,
or h = 20. The multi-model agent uses h = 5, ∆c = 0.3, ∆m = 0.3, and maxmod = 5, which corresponds to high
model creation and merging rates.

The multi-model and the finite-horizon agents adapt to the task changes (Figure 8). The multi-model performs as good
as the finite-horizon agent with an horizon h = 3, as they detect the task change the fastest. The finite-horizon agents
with longer horizons take longer to adapt to task changes. Since β is high, the finite-horizon agents exploit their model
of the last transitions for several steps before exploring the other option. The infinite-horizon agent ends up averaging
all the changes, leading to a close to random behavior.

The finite-horizon agent with h = 3 performs as well as the multi-model agent. However, this agent does not learn
accurate transition dynamics, as opposed to the multi-model agent (Figure 8). In this simple task, learning accurate
transition dynamics is not mandatory to find the optimal policy.
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Figure 9: Comparison of the performance of the three agents in the three-state environment with uncertain
rewards. Each agent is evaluated over 500 seeds. (Left) Rewards obtained averaged over each task change. (Right)
Rewards obtained averaged over each of the 50 steps between task changes.

With an accurate model of the environment, the multi-model agent can track uncommon yet key events, such as rare
transitions or rare rewards. We reproduce the experiment presented in Figure 8 with uncertain reward. Instead of
receiving a reward of 1 with a 100% chance, the agent receives reward of 10 with a 10% (Figure 6, top-center). We
evaluate each agent over 500 seeds.

The multi-model agent learns the task over time and adapts well to task changes, contrary to finite-horizon and infinite-
horizon agents (Figure 8). With a small horizon, the finite-horizon agent does not learn an accurate reward function.
With a large horizon, it does not detect task changes fast enough. Conversely, the multi-model agent keeps infinite and
accurate models of the rewards and solves the task. Agents with a finite horizon in transitions but an infinite horizon
in rewards may find the optimal policy, provided they learn state-dependent reward functions. Therefore, we also
demonstrate this phenomenon with rare but key transitions.

To demonstrate the interest of the multi-model approach for transition uncertainty, we add a fourth state to the
environment. To get a deterministic reward of r = 10, the agent must find this fourth state. However, only one of the
two actions leads to this state, with a 10% chance (Figure 6, top-right). Thus, the agent needs to learn an accurate
model of the transitions to find the optimal policy. Only the multi-model agent finds the optimal policy (Figure 10). The
finite-horizon agents do not learn accurate models of the environment and have to re-learn the 10% chance of getting a
reward every time the task changes. In contrast, the multi-model agent loads an accurate model of the transitions when
detecting a task change.

The multi-model agent performs well in situations where infinite-horizon and finite-horizon single-model agents
struggle (Figures 9 and 10). Moreover, the multi-model agent uses the same set of parameters for the three simulations.
Conversely, the best horizon length for the finite-horizon changed based on the task’s uncertainty.

4.1.2 Performance on the chain task

The second test environment is the chain task, with pslip = 0.1 and a 5 states chain. The Left and Right actions are
swapped in one random state every 10 trials of 50 steps and over 50 task changes. All agents use β = 3 and are
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Figure 10: Comparison of the performance of the three agents in the three-state environment with a rare
transition. Each agent is evaluated over 500 seeds. (Left) Rewards obtained averaged over each task change. (Right)
Rewards obtained averaged over each of the 50 steps between task changes.

evaluated over 100 seeds. We set h = 3, h = 5, h = 10, or h = 20 for the finite-horizon agents. The multi-model agent
uses h = 10, ∆c = 1, ∆m = 0.1, maxmod = 5.

Similar to the first task, the infinite-horizon agent averages out the changes. Thus, its reward and computational
time decrease while its distance to the true transitions increases after a few task changes. The finite-horizon and the
multi-model agents solve the task with similar performances. Shorter finite-horizon agents find a good yet non-optimal
policy faster than longer finite-horizon agents. The computational costs of the multi-model and the finite-horizon agents
are similar. The multi-model agent learns slightly better the true transition dynamics than the finite-horizon agent.
This effect occurs over time, as the multi-model agent learns the transitions accurately, and after a task change, as the
multi-model agent loads the true dynamics of the environment after detecting a task change. As in Figure 8, knowing
the transitions perfectly is not mandatory to find the optimal policy. However, short-term horizon which do not learn an
accurate model of transitions fail to adopt the optimal behavior.

4.1.3 Performance in the mazes

The mazes are large environments to assess the scalability of the multi-model approach. For each trial, all the agents
have 100 steps to find and exploit the reward. They are evaluated over 1000 trials, with a task change every 20 trials
(or 2000 steps). The transitions from a state can be in two modes: either the classical action distributions or a cyclic
permutation of it. A task change consists in selecting approximately 20% of the states and changing the current mode
to the other one. All agents use β = 3 and the multi-model agent uses the same parameters as in the chain task: h = 10,
∆c = 1, ∆m = 0.1, and maxmod = 5. We test finite-horizon agents with h = 5, h = 10, h = 20, and h = 30.

The multi-model agent performs as well as the finite-horizon methods in the mazes (Figure 12). However, the multi-
model is more computationally costly. Understanding accurate dynamics of the task is not mandatory to find the optimal
policy. Thus, finite-horizon with a short-horizon perform better than finite-horizon agents with longer horizons which
are slower at detecting the task change. The infinite-horizon agents fail to adapt to task changes.

To demonstrate the interest of learning accurate dynamics of the transition distributions, we add noise in the transition
dynamics of the mazes. For all the actions, the agent has a 5% chance of going back to the initial state. The agent must
now understand that this rare transition should be ignored to find the optimal policy. Adding uncertainty on the transition
distributions is similar to the change introduced for the three-state environment (Figure 10). However, the uncertain
transition is on all the state-action pairs in the mazes and is detrimental to the agent’s performance. Conversely, the
uncertain transition was rewarding in the three-state environment.

Adding a punishing and rare transition decreases the performance of all the agents (Figure 13). The performance of
finite-horizon agents decreases more when the horizon is short: short-horizon agents cannot learn rare transition and
constantly change their policy when detecting a rare transition. This increases planning time as well (Figure 13, bottom).
Consequently, the finite-horizon agent with a long horizon of h = 30 performs better than all of the other finite-horizon
agents, although it performed poorly without this rare transition (Figure 12, top). Although we did not change the
parameters of the multi-model agent, it performs better than all of the other agents. The multi-model agent learns
accurate models of the environment, while being able to detect task changes. Other manipulations which necessitate
that the agent learns an accurate model of the environment (such as adding reward uncertainty as in Figure 9) may
produce similar results.
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Figure 11: Performance of the agents on the chain task. The finite-horizon and the multi-model agents solve the task.
All the agents are evaluated with three metrics: the reward accumulated (Top), the computational time (Middle) and the
Euclidean distance to the true transitions of the environment (Bottom).

4.2 Parameter analysis of the multi-model agent

Thresholds and parameters can be sensitive to parameter fitting. In this section, we study whether the multi-model agent
learns accurate models of the chain even when its parameters are wrongly specified. We ran experiments on the chain
task because of its intermediate complexity. The multi-model agent uses the baseline parameters h = 10, ∆c = 1,
∆m = 0.1, maxmod = 5 (Figure 11). We keep these parameters throughout the parameter analysis and change them
one by one to see how they impact the multi-model agent behavior.

4.2.1 Study horizon, model creation and change detection

The study horizon of the multi-model agent defines the maximal number of observations to evaluate the reliability of
the models. If the horizon is small, the agent may not have enough information to decide whether it needs to change its
current model or not. If the horizon is too long, changes may not be detected. Conversely, a short horizon emphasizes
recent observations, potentially causing instability in model creation or model changes. Therefore, the horizon h is
highly connected to change detection. Another parameter which monitors change detection is the model creation
threshold ∆c. If the model creation threshold is small, the agent might build unnecessary models. If it is high, the
agent may not build enough models. The higher the model creation threshold, the closer the agent behaves like an
infinite-horizon agent. In deterministic environments, the model creation threshold should be low to create a new model
as soon as the agent observes a surprising event. In uncertain environments, the horizon should be high so that the agent
samples enough information before deciding whether it should change models.

We compare the evolution of the number of models depending on the horizon h and the model creation threshold ∆c in
Figure 14. We study the behavior of an agent with high model creation (∆c = 0.3), an agent with low model creation
(∆c = 1.5), an agent with a short horizon (h = 3), an agent with a long horizon (h = 20) and an agent with a long
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Figure 12: Performance of the agents in the mazes. (Top) The multi-model agent and the finite-horizon agents solve
the task. (Bottom) The multi-model agent is more time demanding than other agents.

horizon but a high model creation (h = 20, ∆c = 0.3). For all the agents, we plot the total number of models, the
number of models created, the number of models merged and the number of models forgotten over time.

The baseline agent creates 10 models and stabilizes to 20 total models, which corresponds to the true number of models
(2 models for each of the 2 actions for 5 states). It does not need to merge nor forget any model. The agent with a high
creation rate creates too many models. Nevertheless, the merging module compensates this by merging models which
are similar. This limits the total number of models to 23 on the time scale studied. However, the number of models has
not stabilized and the agent may further increase its number of models. The low creation agent does not create enough
models and stabilizes around 18 models. The long-horizon agent creates models slower than the baseline agent, but
almost reaches the appropriate number of models after 50 task changes. The small horizon agent creates a little too
many models but stabilizes at 22 models. Finally, the agent with a long horizon and high model creation reaches and
stabilizes to 20 models.

Although their parameters are incorrectly specified, all the agents created approximately 20 models (between 18 and
23). Yet, the horizon h varies between h = 3 and h = 20 and the model creation threshold ∆c varies between ∆c = 0.3
and ∆c = 1.5. Moreover, an agent with a long horizon h = 20 but a small model creation threshold ∆c = 0.3 creates
the appropriate number of models. Finally, only the agents with high creation rates merged models together. These
results indicate that the number of models the multi-model agent maintains is relatively stable to parameter changes.

The agents generally complete the chain task (Figure 15). The high-creation agent (∆c = 0.3) receives approximately
the same rewards as the baseline agent. Creating many models speeds up the adaptation to task changes but increases
the sensitivity to surprising events. Additionally, creating models, merging them and arbitrating between them is
computationally costly. Thus, the time complexity of the high creation agent increases over time. The low creation
agent (∆c = 1.5) does not create enough models. Therefore, the models it maintains are not accurate and the agent does
not attain optimal performance. The short horizon agent (h = 3) is fast at detecting task changes but does not perform
well in stable environments. The short horizon agent may be too sensitive to surprising events, changing models too
frequently and not maintaining accurate models. The long horizon agent (h = 20) takes too long to detect changes,
which reduces its performance on the task. However, lowering the model creation threshold improves change detection.
The corresponding agent (h = 20, ∆c = 0.3) performs as well as the baseline agent.

An agent which creates too many models performs better than an agent which creates too little (Figure 15). A high
model creation agent can merge similar models, whereas an agent which misses a task change permanently loses
information. Creating a model and merging it quickly with a stored model sometimes out-speeds the switching system,
which only gives the upper hand to a stored model if it explains the latest observations better than the current model.
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Figure 13: Performance of the agents in the mazes with a rare transition to the initial state. (Top) The multi-model
agent outperforms the other agents, as it learns accurate models of the mazes for each task change. (Bottom) The
computational costs of the finite-horizon agents increase in uncertain mazes.

4.2.2 Model merging and model forgetting

To study how the multi-model agent merges or forgets models, we lower the threshold of model creation from ∆c = 1
to ∆c = 0.3 so that the agent creates too many models. We compare the evolution of the numbers of models depending
on the merging threshold ∆m and the maximal number of models maxmod in Figure 16. We study the behavior of an
agent with high model merging (∆m = 0.5), an agent with low model merging (∆m = 0.01), an agent with no merging
(∆m = 0), and an agent with no merging and a low maximal number of models (∆m = 0, maxmod = 2).

The agent with a low merging threshold (∆m = 0.01) does not merge enough models: the number of models does
not stabilize and increases to more than 30 models. In contrast, the agent with a high merging threshold (∆m = 0.5)
merges too many models and does not maintain enough model diversity. We voluntarily chose parameters that would
display these two behaviors. However, the merging threshold is rather stable. In this example, it varies of a factor 50,
from 0.01 to 0.5. Interpreting the role of this parameter is straightforward: the lower it is, the less the agent merges
models.

If the agent creates too many models and does not merge them, it can forget small models. Limiting the number of
models may sometimes improve the performance of the agents: the agent with a maximal number of 2 models performs
better than the one with 5 (Figure 17). The merging mechanism ensures that the agent does not waste time comparing
similar models and improves their precision by merging them. Agents with low merging are the most time demanding
(Figure 17, center). The agent with a high merging threshold performs well, although it does not learn the underlying
transitions accurately. This illustrates that agents do not need precise models of the environment in the chain task to
find the optimal policy.

4.2.3 Conclusions on the role of each parameter

The horizon h needs to be long enough to assess model reliability on enough observations. The horizon should not
be too short, even in close-to-deterministic environments. Conversely, the agent can use long horizons in uncertain
environments. If the horizon is too long, reducing the model creation threshold ∆c improves the performance of the
agent. The larger the model creation threshold ∆c, the more the agent performs like an infinite-horizon model. An agent
with a low model creation threshold creates too many models, but the merging mechanism may limit the total number of
models. The merging threshold ∆m may not need a precise fit for each environment as it represents a distance between
two distributions to merge. The maximal number of models maxmod acts as a safety net, so that the number of models
does not increase dramatically when the creation and the merging parameters are incorrect. Overall, we demonstrated
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Figure 14: Number of models depending on the horizon and the model creation threshold. (Top-Left) Total number
of models. (Top-Right) Number of models created. (Bottom-Left) Number of models merged. (Bottom-Right) Number
of models forgotten.

that the multi-model agent performs well even with incorrect parameter values. Moreover, all the multi-model agents
we tested were of comparable yet usually slightly larger computational cost than the baseline. The computational cost
of the multi-model agent increases with the number of models.

5 Discussion

5.1 Conclusions

We introduced a new multi-model approach to deal with local task-changes in transitions, at a lower memory cost than
context-based approaches (Figure 1). Based on this local-model-level approach, we presented a reinforcement learning
agent which arbitrates between multiple local models (Figure 2). This agent can create, merge, forget models at the
level of the state-action pair and can retrospectively detect when changes happen (Figures 3, 4 and 5). We compared the
agent with infinite-horizon and finite-horizon agents in changing environments of various types and sizes (Figures 6
and 7). Our new method performs at least as well than the other single-model methods in all environments (Figures
8, 11, and 12). Essentially, our multi-model approach outperforms single-model methods in changing and uncertain
environments (Figures 9, 10, and 13). This approach has explicable and stable parameters (Figures 14, 15, 16, and
17). The multi-model agent maintains infinite and accurate models of the environment and adapts to task changes
which opens new ways to solve locally changing tasks. In future works, one can apply our method to detect changes
in rewards, use model-novelty, model-reliability and co-variation of local models to improve the exploration and the
performance of the multi-model agent, use the co-variation of local model changes to infer contextual changes, or test
to what extent this multi-model approach can explain behavioral data.

5.2 Related work

Inferring contexts and adapting to them has recently been presented as a candidate to explain human behavior in many
sub-fields of cognitive sciences, such as classical conditioning, episodic memory, instrumental learning, and motor
adaptation [16]. In our work, we focus on decision-making and reinforcement learning, with an agent acting in a
Markov decision process and trying to infer the current structure of the task to solve it.

At least two approaches from the literature tried to model how humans adapt to task changes: the PROBE algorithm [8]
and the COIN algorithm [15]. Our multi-model approach is very different from the COIN algorithm which focuses on
contextual inference to learn sensorimotor repertoires. Conversely, our approach shares some structural similarities
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Figure 15: Performance, times and distances to the true model for multi-model agents depending on the horizon
and the model creation threshold. (Top) Rewards accumulated. (Center) Computational times. (Bottom) Euclidean
distance to the true transition model.

with the PROBE algorithm, which aims to model human behavior in a decision-making task. The PROBE approach
builds different task-sets, arbitrates between them online based on their reliability and discards new models that are
outperformed by stored models. At each time step, the reliability of all the task-sets is compared to the reliability of
random behavior.

Our multi-model approach creates and arbitrates between different models, and uses a reliability measure, similar to
the PROBE approach. However, there are several differences between the two methods. First, we do not work at the
context level but at the transition model level. Second, our approach retrospectively detects the moment the switch
happened, whereas the PROBE algorithm only adds the latest observation to the new context. Third, we do not compare
our models to the reliability of random behavior. Instead, we use a sliding window for the latest observations and check
if the current model explains them. Fourth, we use a merging module that can merge similar models, while there is no
merging module in the PROBE approach. This merging module limits the number of models and our approach often
does not forget models. Conversely, the PROBE method often discards unreliable newly created models which reduces
its stability. Finally, our approach scales well to large environments and can be applied to any Markov Decision Process.

In the reinforcement learning literature, several algorithms tried to adapt to task changes with online arbitration between
models. The Multiple Model-Based Reinforcement Learning (MMRL) algorithm [12] uses a responsibility signal
to weigh the outputs of multiple specialist modules. This responsibility signal changes depending on how well each
specialist predicts the next state. Contrary to our method, the MMRL algorithm uses a fixed number of models. To solve
this limitation, the Reinforcement Learning with Context Detection (RL-CD) [10] method arbitrates between different
contexts in Markov decision processes without knowing the number of contexts in advance. The algorithm uses an
aggregate measure of discrepancy between the stored reward and transitions and the current experience. When no stored
context can explain recent observations, it creates a new uniformly initialized context. As a result, the memory used by
the RL-CD agent increases linearly with the number of contexts. More recent methods have either improved RL-CD
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Figure 16: Number of models depending on the model merging threshold and the maximal number of models.
(Top-Left) Total number of models. (Top-Right) Number of models created. (Bottom-Left) Number of models merged.
(Bottom-Right) Number of models forgotten.

by refining the change detection method [14], demonstrated theoretical properties of a worst-case scenario algorithm
using tree search when the environment changes gradually [18], or focused on detecting changes with a model-free
approach [23]. However, these three algorithms use a context-level approach and not the local-model-level approach
we presented (Figure 1). Thus, they would fail to adapt to the exponential number of contexts of the environments we
introduced in this article.

5.3 Detecting changes in transitions and rewards

The agents we presented use a frequentist approach to compute the transition and reward functions. For transitions,
this approach provides a distribution (an histogram) over arrival states. Conversely, the frequentist approach for the
reward function only provides a point-estimate value (the mean of the reward distribution). To apply directly our
approach to rewards, one should use a distributional approach (e.g., a Bayesian approach with an initial normal prior).
Using prior knowledge on the shape of the reward function would boost the performance of the task change detection,
while reducing general applicability. To adapt to reward changes with no prior information, one can use an histogram
approach close to the one we used for changes in transitions in this article.

If the agent tries to detect changes both in rewards and in transitions, it can combine both change detection metrics to
detect joint changes. In the reinforcement learning literature, some algorithms of context detection use an aggregate
measure of reward and transition changes to detect context changes [10]. An agent which detects joint changes in
rewards and transitions can potentially adapt faster to changes when the two distributions correlate. However, the
context detection methods would relearn the whole maps of transitions and of rewards, irrespective of their impact
in the change detection. Adapting our local method to reward changes would allow to measure whether reward and
transition distributions change together and update the models accordingly.

5.4 Dealing with drifting environments

In their everyday lives, animals sometimes face drifting environments with a small but steady change which becomes
prominent over time. For example, the amount of water in a pond may decrease slightly over time based on weather
conditions and the numbers of animals drinking out of it. The multi-model agent does not take into account drifting
situations as it focuses on detecting abrupt local change. To consider drifting environments, the agent could use a finite
but long horizon (of size H >> h), instead of an infinite horizon for the models it stores. The multi-model approach
would remain similar to what was presented before, with this additional parameter.
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Figure 17: Performance, times and distances to the true model for high creation multi-model agents depending
on the merging threshold and the maximal number of models. (Top) Rewards accumulated. (Center) Computational
times. (Bottom) Euclidean distance to the true transition model.

5.5 Adding exploration to the multi-model agent

The multi-model approach we present in this article does not make any assumption on how the agent makes a decision.
Hence, the multi-model agent can use many exploration methods to boost its performance. When creating a new
model or when a model has little information, the agent may explore to gather information and add observations to the
model. To implement this, the agent can directly use optimistic in the face of novelty methods which come from the
count-based exploration literature for single-model agents [2]. These methods bias the behavior of the agent to gather
more information on models which have too little observations (or counts).

The multi-model agent can also use model-reliability to favor exploration. When the Kullback-Leibler divergence of the
current model increases, the reliability of the local model decreases. This means that there was a surprising observation
that the agent needs to investigate. Boosting exploration towards surprising event may improve change detection. An
important property of using model reliability as an incentive to explore is that this measure of curiosity eventually
decreases as the agent samples more information. This avoids that the agent remains permanently motivated to explore
something inherently uncertain which is a common limitation from the intrinsic motivation literature [4].

Finally, the multi-model agent can take advantage of the temporal co-variation of local changes to detect them faster.
The agent could store a co-variation matrix and learn the associations between local changes with the retrospective
change point detection mechanism. Once the agent learned this matrix and detects a change for a given state-action
pair, it can re-explore all of the state-action pairs which correlate with it. This possibility to detect precisely when local
changes happen would even allow to form contexts once the local changes are associated together. The main difference
between context detection and the re-exploration of co-varying changes is that once the agent learned a context, it can
infer the current state of the other local models directly.
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A Additional figures
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Figure 18: Computational times of the agents the three-state task. (Top) Classical task. (Center) Task with reward
uncertainty. (Bottom) Task with transition uncertainty. In all three cases, the multi-model is more computationally
expensive than other methods. For the multi-model agent, computational time increases right after the detection of a
task change before decreasing back to a smaller value after a few steps.
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Figure 19: Euclidean distance for the agents on the three-state task. (Top) Task with reward uncertainty. (Bottom)
Task with transition uncertainty. The multi-model agent has a more accurate model of the transitions than all of the
other agents.
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Figure 20: Euclidean distance for the agents in the mazes. (Top) Classical task. (Bottom) Task with transition
uncertainty. It is hard to interpret these results, as many agents do not explore all of the state-action pairs and thus have
erroneous models of the environment.
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