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Abstract—The Information Bottleneck (IB) principle has been
explored in Deep Reinforcement Learning (DRL) approaches for
control of the flow of information within the deep neural networks
(DNNs). The application of IB in DNNs exhibited a considerable
improvement in generalization and in the reduction of overfitting,
allowing greater robustness against environmental variations.
Regarding the supervised paradigm, the IB framework, along
with its extension to the Information Plane, is also used for
analysis and/or evaluation of the training efficiency, compression
of information, performance in regression/classification, com-
plexity of the DNN architecture, among others. However, for
DRL, the analysis through the IB perspective is still incipient.
In that sense, in this work, we analyze the use of the IB
and the Information Plane in DRL, using the Proximal Policy
Optimization (PPO) algorithm in the CartPole environment. The
results show that the learning process in DRL exhibits phases
of information compression and expansion within the network’s
layers, mirroring certain observations from supervised learning.
Interestingly, different layers exhibit varying information flow
patterns, with complex, not well-behaved trajectories in the
Information Plane, suggesting a layer-specific adaptation to the
task.

Index Terms—Deep Reinforcement Learning; Proximal Policy
Optimization; Information Bottleneck; Information Plane.

I. INTRODUCTION

Reinforcement Learning (RL) is a powerful paradigm within
Machine Learning (ML) that enables agents to learn optimal
decision-making strategies through an iterative process of
trial and error [1]. Unlike supervised learning, which relies
on labeled data, RL agents learn by interacting with an
environment and receiving feedback in the form of rewards
or penalties for their actions [2]. This dynamic interaction
fosters the development of sophisticated policies that guide
the agent’s behavior towards maximizing cumulative rewards.
Its capability to learn from unlabeled data has attracted great
attention in literature, finding applications in a wide range of
scenarios, such as motion control and a set of decision making
tasks [3], [4].

Traditional RL methods, however, often struggle with the
complexities of real-world environments, which typically in-
volve high-dimensional observations and intricate decision
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spaces [1]. In this context, Deep Learning (DL) methods
emerge as a crucial tool, being excellent at extracting mean-
ingful representations from raw data through the information
processing by multiple layers of simple functions in a deep
neural network (DNN) [5]. Each layer transforms the input
data into a higher-level representation, gradually capturing in-
creasingly complex patterns and features [5]. The combination
of both approaches, pioneered by [6], is usually referred to as
Deep Reinforcement Learning (DRL) [2].

DRL leverages the representational power of deep neural
networks to address the challenges of complex environments
and high-dimensional observations, enabling agents to learn
sophisticated policies and achieving remarkable results in
complex domains such as game playing [7], [8], robot motion
control [3] and (partial) training of large language models [9].

The use of DNNs on the other hand, carries its own
idiosyncrasies. One of the main objectives of DL is to achieve
an efficient representation through the processing architecture,
which should maximize the flux of relevant information for
the current task, while minimizing irrelevant aspects of the
input and noise [5]. This notion is suitably represented by
the Information Bottleneck (IB) principle, which provides a
rich theoretical framework for understanding the information
flow and guiding the learning process of efficient representa-
tions [10].

Basically, the IB approach is based on the information
theoretic principle to measure relevant information that an
input contains about an output by means of the mutual
information metric [10]. More interestingly, in DNNs, IB can
also be applied to hidden layers or units for assessing the
information flow through the network [11]. In the supervised
approach, the IB visualization by means of the Information
Plane (IP) [12] has brought insightful ideas and a deeper
understanding on the learning process, allowing, besides the
analysis of the network efficiency, the identification of distinct
stages during learning [11].

In RL, the IB principle has been used to improve generaliza-
tion by controlling the flow of information between the agent’s
observations, internal representations, and actions [13]-[15].



This is achieved by minimizing the mutual information be-
tween the state and the representation (to encourage com-
pression) while maximizing the mutual information between
the representation and the action or value function (to ensure
task-relevant information is preserved). By applying IB, DRL
methods can reduce overfitting to noisy or redundant features,
enhance robustness to environmental variations and improve
performance in unknown or partially observable environments.
This approach has been particularly useful in high-dimensional
state spaces, where learning efficient and generalizable rep-
resentations is critical [14]. However, the study of the IP,
including an analysis of the learning trajectory, is, to the best
of our knowledge, still lacking in literature.

Since the application of the IB principle and the IP has
shown promising results for DL in the supervised paradigms,
in this work, we propose to perform a study of its applicability
within the DRL framework. By applying the IP and the IB
principles to guide the learning process in DRL agents, it
becomes possible to enhance their sample efficiency, improve
generalization, and ultimately lead to more robust and data-
efficient algorithms.

II. DEEP REINFORCEMENT LEARNING

Reinforcement learning involves training an agent to select
the most appropriate action in a given state to maximize a
cumulative reward over a sequence of states [1].

In this context, an agent is defined as an entity capable
of observing the environment through sensors and also mod-
ifying this environment through its actions, as illustrated in
Figure 1. The environment is the total space where the agent
is located. The agent, in turn, represents its observations of
the environment at a given time step k through a state s from
the set of states S. From this, the agent will interfere with
the environment with an action a from the set of actions A.
Consequently, the agent will be taken to a new state s’ and
receive the associated reward r from the set of rewards R [16].
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Fig. 1. Agent-environment interaction in a Markov decision process.

The goal of reinforcement learning is to obtain an agent that
executes a certain “intelligent behavior”, which, in practical
terms, is explored through a more functional concept: the
reward function [1]. After executing an action in a given state,
the agent receives a value from the reward function, i.e., a
mapping R : S x A — R, where R C R. The policy defines
the agent’s behavior in the environment: given a state s, a
policy 7 returns an action a, making the mapping 7 : S — A.

It is worth noting that the policy must define an action for each
state of the environment and it can be established after training
the agent. The policy can also be stochastic, represented by a
probability distribution 7(als) [1].

The learning process in RL involves finding an efficient
policy that maximizes the expected cumulative reward. There
is a variety of methods for addressing the challenge of dis-
covering optimal policies in RL, in which we mention the
REINFORCE algorithm [17], Actor-Critic (A2C, A3C and
SAC) [18], Natural Policy Gradient (NPG) [19], among oth-
ers. In particular, Actor-Critic methods present a compelling
approach, combining the strengths of policy-based and value-
based approaches [2], as described below.

A. Actor-Critic Methods

The Actor-critic methods provide an efficient framework
for learning such policies by simultaneously learning a policy
(actor) and an estimate of the value function (critic) [1]. The
actor learns to select actions that maximize expected rewards,
while the critic provides an evaluation of the expected future
rewards for different states and actions, guiding the actor’s
learning process.

These methods parametrize the policy in function of 8, i.e.
7o (s) = Prla|s, 0] for the Actor, and also use a learning model
¢ to approximate the value V¢(s) or the action-value function
Q¢(s, a) for the critic, being ¢ the weights of the value
function approximation function. Generally, neural networks
are used to model the policy and value function, so that 8 and
¢ represent their weights.

Considering an actor-critic, the weight update of the actor
is described by:

0+ 0+a (R(s, a) +Vp(s') — ‘7¢(3)) Ve Inmg(als) (1)

where « is the learning rate and In(-) is the natural logarithm.
For the Critic, the weights are updated as:

¢ — ¢+ 8 (Ris,a) + V() = Vals)) VoVa(s) @

where [ is the learning rate.

When neural networks are used to model the policy, their
weights are updated through backpropagation [5]. For the
policy network (actor), backpropagation is obtained based on
the entropy loss:

Ly=FE l—zwe(a|s) 1n7rg(a|s)]7 3)

while, for the value network (critic), the gradient is V4Lg,
with loss function:

Lo =B |(REs0) +176) - Ta)) | @

being E[-] the statistical expectation operator.



B. Proximal Policy Optimization

The current state-of-the-art in reinforcement learning de-
veloped based on the Actor-Critic methods and TRPO (Trust
Region Policy Optimization) [20].

Proximal Policy Optimization (PPO) [20] uses a delayed
version/estimation of the policy mg,,, (a|s) to perform a trans-
formation based on importance sampling in order to estimate
the reward gain that the new policy has when compared to the
old one. This approach allows the samples reuse, contributing
for a faster convergence of the algorithm. Mathematically, PPO
aims at the maximization of

mo(als)

CLI _
e =E Loo,d,<a|s>

Ak} —E[n@4]. ©

where Ak is the Advantage function defined as A(sk,ak) =
Q(sk; ar) — V(sp).

From Equation (5), PPO adds a clip C(0) = clip(rx(0),1—
€1+ e)/lk and pairs it with a min operator as show in (6),
where € is a hyperparameter that varies in the interval [0, 1].
This limits the contribution that an advantageous action has
on the agent, but allows unlimited penalty when the action is

disadvantageous:
ECLIP(O) o) [min (rk(O)AmC(@))} . (6)

The goal is to maintain a good balance between stability
and learning speed: advantageous actions are encouraged,
but without radically changing the previous trajectory; while
disastrous actions are highly penalized.

Considering the training of the Actor and Critic models, the
total loss in PPO also makes use of the entropy loss (Eq. (3))
and value loss (Eq. (4)) is given by:

L£(0,¢)=LMFPO)+ 1Ly + c2Lp, @)

where c; and cy are weights selected to establish a balance
among the terms.

Once selected the state-of-the-art algorithm, we shall ana-
lyze it under the IB and IP perspective.

III. INFORMATION BOTTLENECK AND INFORMATION
PLANE

The IB method is an information theoretic principle for
the analysis and/or control of the information flow within a
deep network, by measuring relevant information that an input
random variable X € X contains about an output random
variable Y € Y [11]. In this case, the amount of information
about X in Y is measured through the Mutual Information
(MD):

p(X,Y)(% Y)

I(X,Y) =33 pxy)(@y)log =20 (8)

TEX yeY px (2)py (y)

where px(x) and py(y) are the probability mass function
(PMF) of discrete variables X and Y, respectively, and
P(x,v)(x,y) is the joint probability mass function of X and

In the context of DNNs, the IB can be measured throughout
the layers of the network, allowing the analysis of the infor-
mation flow [11]. Initially, it is assumed that input features
X are obtained from a mapping of the target values Y. In
sequence, the output of the ith hidden layer, h;, is viewed as
a transformation of the input of the preceding layer. Finally, the
predicted output Y is generated on the output layer, as shown
in Figure 2. Hence, the information flow can be measured
considering the MI between the hidden layers and the input,
I(X, h;), and the target outputs, I(Y, h;).
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Fig. 2. An example of a neural network with m hidden layers, labels Y, an
input layer X and an output layer Y

Assuming the supervised paradigm, an immediate conse-
quence is the Data Processing Inequality (DPI), which states
that the information about Y lost in one layer cannot be
recovered in subsequent layers [21]. Mathematically, for any
i > 7, it holds that

I(X,Y) > I(Y,h;) > I(Y, h;) > I(Y,Y). )

This implies that, by processing X, the information about
the target value Y cannot be increased throughout the layers.
However, in the context of RL, we often lack a reference or
desired output value for each input, which implies that the
application of DPI might not be feasible.

However both supervised and reinforcement learning
paradigms can benefit from IB for the control of the infor-
mation flow. Basically, the information flow from input to
an intermediate point of the DNN can be constrained, e.g.
through the application of a limit on I(X,h;) (in certain
cases, it could be expressed in terms of the Kullback-Leibler
divergence [21]). This constraint contributes for better gener-
alization of the model in both paradigms.

On the other hand, considering the analysis of the informa-
tion flow in DNNs, the Information Plane was proposed [12].
The main idea is to evaluate mutual information between
input X and output Y through a specific layer h; along the
model training, allowing a deeper understanding of phases
of learning. In the supervised case, the IP trajectory usually
consists of two phases: empirical error minimization and
representation compression [12]. , as illustrated in Figure 3.
In the first phase, the empirical error is reduced, leading to
an increase in the mutual information between the layers
and the output I(h;,Y’). Conversely, in the second phase,
the input representation is compressed, decreasing the mutual



information between the input and the representation (X, h;)
while minimally affecting the mutual information between the
layers and the output.

i LN m fitting
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Fig. 3. Information Plane with mutual information dynamics during super-
vised learning.

It is important to highlight that, in supervised learning,
mutual information is calculated based on the true output label
Y [10]. This makes it difficult to replicate this analysis for
reinforcement learning scenarios.

To address this, we propose a novel approach to analyze
the information flow in RL. Our approach focuses on building
a Information Plane by solely considering the variables from
the input and from the neural network itself. Specifically, we
investigate the relationships through MI between the input
and the network’s internal representations at different layers,
I(X, h;), including the output of the network. However, the
MI between the layers and the labels I(Y, h;) are disregarded,
since Y is not available in RL. By examining how information
is processed and transformed within the network, we can gain
insights into the RL learning process and identify potential
bottlenecks or inefficiencies.

IV. SIMULATION SCENARIO

The selected environment was CartPole, illustrated in the
Figure 4. On this environment a pole is attached by a joint to
a cart, which moves along a frictionless track. The pendulum
is placed upright on the cart and the goal is to balance the
pole by applying forces to the left and right direction on the
cart [22].

Fig. 4. Visualization of CartPole enviroment.

The action space A is limited to:

0: left

10
1 : right (10)

Push cart to {
The observation space S has four elements that are arranged

in Table I. The initial space Sy consists of 4 samples extracted
from a uniform distribution ¢/(—0.05, 0.05).

TABLE 1
ENVIRONMENTAL OBSERVATIONS CARTPOLE
Observation Min Max
Cart Position —4.8 4.8
Cart speed —00 e’}
Pole angle ~ —24°  ~24°
Pole angular velocity —00 00

The reward function R is +1 for each step. The criteria for
ending the episode are:

o If the cart position exceeds the region (—2.4,2,4);

o If the pole angle leaves the region (—12°,12°);

o If the accumulated reward reaches the limit of 500.

The code for the experiment was developed in Python.
The main libraries used were Gymnasium [22], Stable-
Baselines3 [23] and NPEET [24].

The Gymnasium library was used for its simulation envi-
ronments.

The Stable-Baselines library was used by the structured
reinforcement learning techniques, in which, as previously
mentioned, the selected technique was Proximal Policy Op-
timization (PPO) [20].

The estimation of MI is made through the NPEET library,
which is based on [25].

The hyperparameters of the implemented PPO agent are
displayed in Table II. A complete description of the hyperpa-
rameters ‘gamma’, ‘gae lambda’, can be found in [4].

TABLE II

PPO HYPERPARAMETERS
Hiperparameter Value
learning rate 3e-4
rollout size 2048
batch size 64
epochs 10
gamma 0.99
gae lambda 0.95
clip range 0.2
normalize advantage True
Entropy coef. (c1) 0
Value funct. coef (c2) 0.5
max grad norm 0.5

The agent was originally trained for leb timesteps on a
(0) seed resulting in 500 epochs. Subsequently, the training
was extended to 1e6 timesteps, resulting in 5000 epochs. The
training took place in three stages: testing the agent, collecting
observations and updating the networks.

In the testing stage, the agent is exposed to the environment
in 100 seeds of the Fibonacci sequence. During each seed, the
states, action distribution, and entropy of the action distribution



are collected. The action distribution is extracted directly from
the latent space of the network. When the last seed is finished,
the agent enters the collection stage. It is worth noting that the
agent is not updated during this step.

In the collection step, the rollout is populated with state
transitions (Sk, ak, Tk, Sk+1).- When reaching its maximum
capacity, the agent enters the update phase. At this stage, a
batch rollout scan is performed for each epoch. For each batch,
the mutual information, control action, gradient and network
weights are measured. At the end of all epochs, the rollout is
cleaned and the process is repeated until the stipulated number
of steps is reached.

For comparison purposes, the actions of the Linear
Quadratic Regulator (LQR) control mechanism [26] from the
implementation in [27] are also considered.

V. ANALYSIS OF IB AND IP

Figure 5 illustrates the training loss components for the PPO
agent in the CartPole environment. It is possible to observe a
clear trend of decreasing loss across all components: entropy
loss Ly, policy gradient loss £CL1P and value loss Lg.
The fluctuations in the loss are common and highlight the
importance of training with multiple seeds to ensure robust
performance [28]. Around 200 epochs, the loss appears to
converge, suggesting that the agent has learned a reasonably
good policy. This statement is further supported by the trained
agent achieving the maximum possible reward consistently
during evaluation with multiple random seeds.

Loss
100 —— train/entropy_loss
train/policy_gradient_loss
—— train/value_loss

80 —— train/loss

60

40
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Fig. 5. Combined Loss with 500 epochs.

The two plots in Figure 6 show the evolution of gradients
for the Policy network and Value network during training.
This training was initially conducted for 1e5 timesteps, and
was later extended up to le6 timesteps, but for graphical
visibility purposes it was limited to the first 1000 epochs.
In the phase before stabilization around 200 epochs, it is
possible to observe a higher magnitude of gradients in the
Value network compared to the Policy network. This suggests
that the agent initially focuses on learning accurate state-value
estimates (Critic) before refining its policy (Actor).

As training progresses, the gradients in the Policy network
increase, indicating that the agent starts to actively adjust
its policy based on the improved value estimates. While the

Value network continues to exhibit relatively stable gradients,
indicating consistent refinement of state value estimates, the
Policy network demonstrates persistent gradient activity even
after 500 epochs. This suggests that the agent continues to
explore and refine its policy throughout the extended training
period, adapting to the evolving dynamics of the environment
and seeking to further improve its performance.

Gradient evolution Policy Net
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Fig. 6. Gradient evolution with 1000 epochs.

Figure 7 shows the evolution of the absolute values of
the weights of both Policy and Value networks. It is evident
that the absolute weights in both networks gradually increase
during the initial phase of training, up to approximately
200 epochs. Beyond this point, the weights in the Value
network exhibit a noticeable stabilization, suggesting that the
network has converged to a stable set of parameters, with
consistent estimated state values, given the optimal reward
obtained. In contrast, the weights in the Policy network
continue to display fluctuations even after 200 epochs. This
persistent variability can likely be attributed to the inherent
stochasticity of the environment, as well as the ongoing
exploration-exploitation trade-off inherent in the policy op-
timization process. Such behavior underscores the dynamic
nature of policy learning, where the network continuously
adapts to refine its decision-making strategy.



Weights evolution Policy Net
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Fig. 7. Weights evolution with 1000 epochs.

To study the information flow evolution during the training,
we analyze the Information Planes associated with the Policy
network. First, we consider the IP I(X,hy) x I(Y,hy), as
shown in Figure 8, which compares the MI of the output of
the first hidden layer to the input data X and to the output
of the network Y. An initial phase of empirical exploration is
observed, with cluster of points in IP. Each cluster is associated
with a similar policy. A significant change on the policy causes
the creation of a new cluster. At this point, a gain on (Y/, h1)
is not consistent and, in the beginning of the training, Y tends
to be bad choices. Also, different from the supervised case,
no compression happens at this phase. Once training stabilizes
around 200 epochs, a new phase begins and the first layer
begins to expand the input data, leading to an increase in
I(X, h1). Notably, this expansion occurs while maintaining
a consistent relationship with I(h;,Y’), suggesting that the
network prioritizes feature transformation over compression
during this stage of training.

In contrast, the PI I(X, hs) x I(Y, hy) in Figure 9 reveals
an inverse relationship between the two phases. Initially, in
the first phase, a reduction in empirical error is observed
a (Y, ho) increases), and with a significant update in the
policy, it alternates to compression of the input data (I (X, hz)
decreases). Shortly before the 200 epochs, when training
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Fig. 8. IP I(X,h1) x I(Y, h1) - Evolution of MI in first hidden layer.

stabilizes, (Y7 hs) decreases, then increase significantly. This
probably happens because Y starts to show intelligent behavior
and this change on Y affects I(Y, hy). After stabilization,
the second phase occurs and the empirical error continues to
decrease, leading to the significant increase on (Y, hs). This
suggests that the second hidden layer alternates between error
minimization and compression in the first phase, and then,
on the subsequent phase, it focus on refining its predictive
capabilities.
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Fig. 9. TP I(X,h2) x I(Y, ha) - Evolution of MI in second hidden layer.

We also consider the IP I(X, hy) x I(hy, hs2) in Figure 10,
i.e. the evolution of mutual information between the initial
layers. It reveals that, in the first phase (before 200 epochs), the
information compression is dominant, with both I(X, k) and
I(h1,ha) decreasing, persisting until the training stabilizes.
After stabilization, the second phase takes place and the in-
formation expansion occurs, with both I(X, hy) and I(hq, h2)
increasing, but at different rates. This pattern highlights the
initial layers transition from compression-driven learning to a
phase of refinement and error reduction.

From another perspective, to emulate the original approach
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for studying mutual information evolution in supervised learn-
ing, measurements were taken by comparing the Policy net-
work output to an LQR control mechanism [26]. In other
words, instead of the network output Y, we compare the hid-
den layers output to the LQR control decision Y. However,
we emphasize that this approach is an approximation, since
the solution found by the agent after convergence is not the
same as that of the LQR control.

Figure 11 illustrates the IP I(X, hy) x I(Y, hy). Initially, in
the first phase, the clusters formation can still be observed.
Again, no compression is noted, and a random behavior
persists, until the training stabilizes around 200 epochs. Sub-
sequently, in the second phase, the increase in (X, h)
is present, but, different from I(Y,hy), I(Y,hy) is clearly
increasing. This suggests that the first hidden layer focus on
error minimization.
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Fig. 11. IP I(X,h1) X I(Yc, h1) - Evolution of MI in first hidden layer.

From IP (X, hge) x I(Yc, hs) in Figure 12, it is possible
to observe that the first phase is basically characterized by
data compression and a concurrent decrease in empirical error
is observed (Y changes before a significant improvement),

lasting until the training stabilizes around 200 epochs. In the
subsequent phase, the focus on further minimization of the em-
pirical error while maintaining the level of data compression
achieved earlier is observed as well. This two-phase behavior
underscores the network’s ability to balance compression and
error reduction during the learning process.
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Fig. 12. IP I(X, h2) X I(Y¢, h2) - Evolution of MI in second hidden layer.

Comparing both cases, i.e. using I(Y, h;) or I(Ye, hy), the
IP have similarities, which corroborates the use of IP based
only on the input and outputs of the actor network in RL.
Figures 8 and 11, which focus on the first hidden layer, agree
in first phase, with no coherent compression; while, for the
second phase, error minimization becomes more evident with
I(Ye, hy). However, a relative increase in 1(Y', hy) also noted.
Comparing Figures 9 and 12, the information flow agrees on
the second phase, but, in the first phase, I ()A/', hs) indicates
minimization error and compression, while I(Y¢, ho) focus
only on compression.

It is also worth mentioning that, differently from the super-
vised case, the hidden layers tends to first focus on compres-
sion and then on error minimization (fitting). In addition, the
identification of two phases in RL also contributes to a set of
novel possibilities to aid the training, in which we mention,
for instance, the analysis of the overall progress of the training
and definition of number of epochs.

VI. CONCLUSION

This work investigated the application of the IB principle
and the Information Plane to analyze the learning dynam-
ics of DRL agents, specifically using PPO in the CartPole
environment. Our analysis revealed complex, layer-specific
information flow patterns in the IP within the Policy network.
We observed two distinct phases, in which information com-
pression and error minimization within different layers of the
network also occurs during the learning process, mirroring
certain observations from supervised learning. However, the
order of their occurrences are completely different. While
some layers initially compressed information before expanding
it as performance improved, others exhibited the opposite



trend. The hidden layer closer to the output of the network, for
instance, first focuses on compression in the first phase, and

the,

on the second phase, on error minimization (the opposite

order from supervised learning).

These findings suggest that different layers adapt uniquely
to the task, highlighting the potential of the Information Plane
as a tool for understanding and potentially optimizing DRL
agent behavior. Future work could explore these dynamics
in more complex environments and networks, and investigate
methods to guide the learning process based on Information
Plane trajectories.
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