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R E I N F O R C E M E N T L E A R N I N G

harold pijpelink

Abstract

Deep Reinforcement Learning (DRL) is a methodology that aims to
solve sequential decision making problems by training an agent that
learns to solve this problem through interactions with an environment.
Knowledge distillation is a method used to transfer information from
a larger teacher network to a smaller student network. It has also been
shown to have a regularizing effect on neural networks. A similar
methodology called self-distillation distills models iteratively while
maintaining the same number of network parameters.

The goal of this thesis was to examine whether knowledge distilla-
tion can improve the generalizability of DRL models. Generalizability
is associated with the magnitude of the weights of the neural network,
with smaller weights generalizing better. After performing knowl-
edge distillation on the DRL model, the network weight magnitude
lowered significantly, while generalization performance remained
approximately the same. Distillation using self-distillation decreased
the magnitude of the networks weights more; however, generalization
performance decreased as well. Another comparison shows that l2-
regularization affects the magnitude of the network weights stronger
than knowledge distillation, but to such an extent that it can result in
worse generalization performance.

1 introduction

Deep Reinforcement Learning (DRL) is a form of artificial intelligence that
trains an agent through interactions with an environment. One strength
of DRL is that it is able to explore its environment, making it useful in
situations where the goal is known, but programming a required behavior
is complicated. In recent years, DRL has seen fast developments, going
from playing Atari games in 2013 (Mnih et al., 2013a), to simulating real-
life robotics (Doersch & Zisserman, 2019) in only a few years. However,
DRL is still sample inefficient compared to supervised learning, with
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1 introduction 2

agents requiring hundreds of thousands of environment interactions to
learn something like a simple physics simulation (Brockman et al., 2016).
Moreover, the training process can be unstable with high variance (Nikishin
et al., 2018). As a result, there is a large body of literature dedicated to
improving the efficiency of DRL.

1.1 Motivation and Relevance

The topic of this thesis concerns a fairly fundamental idea and, although
the methods used in this thesis are limited to PPO, it may possible to
extend the ideas presented here to other policy gradient algorithms.

As a result, the societal relevance of this thesis is strongly related to the
relevance of DRL in general. One application of DRL is found in robotics.
An example could be a robot that is required to perform successive actions,
such as an assembly robot. The individual tasks may not be predefined
well in this situation, so using a multi-task alternative can be more efficient.
This action space is easily explored using DRL. Another example is social
robotics: robot companions can use DRL through imitation learning, but
that does involve several implicit behaviors to be learned by a single
agent. More specific examples of DRL in practice include other robotics
related topics such as (simulated) automotive control and self-driving cars
(Wurman et al., 2022), industrial processes (Spielberg, Gopaluni, & Loewen,
2017), but also chip design (Mirhoseini et al., 2020), solving games and
even novel ways to perform matrix multiplication efficiently (Fawzi et al.,
2022).

1.2 Knowledge Distillation

One specific methodology used to improve DRL algorithms is knowledge
distillation: this is an idea taken from the area of supervised learning. It
involves training a small, student neural network while using knowledge
from a larger pre-trained network to guide the training of the student
(G. Hinton, Vinyals, & Dean, 2015). Model distillation has been shown to
have a regularizing effect on DRL models, similar to more popular tech-
niques such as l2-regularization (Cobbe, Klimov, Hesse, Kim, & Schulman,
2018). Usually knowledge distillation leads to smaller models, an exception
being Furlanello, Lipton, Tschannen, Itti, and Anandkumar (2018), who in-
troduce self-distillation, which is a form of iterative knowledge distillation
where student networks are the same size as the teachers. Other knowl-
edge distillation techniques related to DRL include distilling model priors
into one multi-task model (Liu et al., 2021), multi-agent learning (Hong,
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Nagarajan, & Maeda, 2020) and loss functions that encourage exploration
by DRL agents, such as PPD (Spigler, 2023).

1.3 Research Questions

The aim of this thesis is to examine the use of knowledge distillation in
DRL, in order to determine the effect of distillation on generalization and
the magnitude of the model weights by answering the following 4 research
questions:

RQ1 To what extent does knowledge distillation improve test set performance for
supervised learning and Deep Reinforcement Learning?

According to literature it should have a regularization effect on both
supervised learning and DRL, but it is not sure whether this effect is
equally large in both. The general hypothesis for all models is that
test performance will remain approximately the same, but that the
magnitude of the weight vector will decrease.

RQ2 How fast does knowledge distillation improve test set performance for DRL
agents, and is this related to the weight magnitude of the neural network?

At this point, it is not sure whether any gain in test set performance
is due to distillation itself, or due to the fact that distillation comes
with extra training steps.

RQ3 Does additional self-distillation improve performance further for DRL agents?

If distilling a model once lowers the magnitude of the model weights,
then how often can this be repeated? The general expectation is that
self-distillation will lower the weight magnitude of agents, with a
possible slight drop in performance.

RQ4 For DRL agents, how does the performance of knowledge distillation compare
to l2-regularization?

Knowledge distillation is supposed to work as regularization method,
yet l2-regularization is a more popular regularization method. It
may be that knowledge distillation performs worse overall than l2-
regularization.

The next section is the literature review, which describes the back-
grounds of DRL and knowledge distillation, followed by a discussion of
different methodologies of applying knowledge distillation in DRL, and
generalization. The methods section describes the four experiments that
are used to answer the research questions, and how these are implemented.
The results section presents the findings of these experiments, which are
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evaluated and commented on in the discussion section, along with answer-
ing the research questions, the limitations of the thesis and future work.
Lastly, the thesis is concluded by an overall summary that answers the
research questions.

2 literature review

2.1 Deep Reinforcement Learning

This first section serves as a basis for the rest of the thesis, by describing the
terminology and concepts used in DRL. At its core, reinforcement learning
is a methodology that aims to solve sequential decision making problems.
DRL involves an agent that learns to solve a pre-defined objective by
interacting with an environment. A DRL problem is modeled as a Markov
decision process (MDP). The key reason for modeling the DRL problem
as an MDP is that the next state of an MDP depends only on its current
state, and the action taken by the agent (Puterman, 1994). As a result,
the agent is able to receive meaningful information about the relationship
between its actions and the environment by using only the most recent
state(s) of the MDP, rather than having to know the complete history of
the environment. Mathematically the MDP is equal to the following tuple:
MDP = ⟨S, A, T, R, γ⟩, with the variables as defined in Table 1.

Each DRL environment has a set number of states and can be low-
dimensional or high-dimensional. Examples are a maze that contains
discrete locations, or environments such as driving simulations that include
a location, speed, acceleration etc. Depending on the environment, the
number of states may be virtually infinite. By selecting an action, the agent
moves on to a given state; the associated (state, action) pairs are known as
transitions. In practice, DRL algorithms need to visit a state often before
learning a behavior, so environments tend to be used episodically. They
either end after reaching a terminal state, such as finding the exit to the
maze, or after a predetermined number of actions. In order to incentivize
the agent to perform actions that will solve the overall objective, the agent is
given a reward for visiting a (state, action) pair, and the agent is instructed
to maximize his total sum of rewards. In order to ensure that agents do
not forfeit long-term reward in favor of short-term rewards, the reward is
scaled by a discount factor γ.

A policy is a parameterized conditional probability distribution that
maps states to actions, conditional on the present state of the environment.
A DRL algorithm teaches the agent a policy that optimizes the total reward,
which, in a well-defined environment, should correspond to a behavior
that solves the objective. As for evaluating DRL agents, rather than having
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Table 1: Definitions in Deep Reinforcement Learning

Symbol Meaning
S the set of states representing the environment that the agent interacts with
A the set of actions that the agent can take
T a transition function that describes the probability of transitioning from one state to another for a given action
r a reward function that assigns a numerical reward to each state-action pair
γ a discount factor that determines the importance of short-term rewards vs long-term rewards
πθ the parameterized policy

the trade-off between performance metrics that is common in supervised
learning, the only performance metric of interest is the total discounted
reward. Additionally, in DRL problems, there is often no natural test
set, because DRL is used to solve a very particular task and creating an
environment is time consuming. There are however, randomized test
environments such as Procgen (Cobbe, Hesse, Hilton, & Schulman, 2019)
that solve this problem, but the variety in between the environments in
these libraries is limited.

In order to maximize the total discounted reward, the agent finds the
action that maximizes the Bellman equation (Bellman, 1958). This equation
gives a value for each state in the environment, based on the actions and
rewards that the agent previously encountered when visiting this state.

Mathematically, the Bellman equation can be shown as follows, with T
written out completely, for all s ∈ S

vπ(s) = ∑
a

π(a|s)∑
s′,r

p(s′, r|s, a)[r + γvπ(s′)] (1)

2.2 DRL Algorithms

One algorithm that can be used to solve a DRL problem is the tabular
Q-learning algorithm. This algorithm works by learning a Q-function
for each state in the environment, which corresponds to the future value
of each state. The algorithm visits every state in the environment and
iteratively updates the Q-function using the Bellman equation (Watkins
& Dayan, 1992). As long as all (state, action) pairs are visited repeatedly,
Q-learning is guaranteed to converge to a solution (Melo, 2001). However,
as environments become arbitrarily large, it is no longer possible to visit
every (state, action) pair, and the MDP can no longer be solved analytically.

One solution is to approximate the Q-function using a neural network,
which is where the fields of reinforcement learning and deep learning
meet. Policy gradient algorithms are a reliable and efficient class of DRL
algorithms. They work by first defining an expected performance measure,
J(Θ), which is generally related to discounted total reward. The policy
gradient algorithm then takes the gradient of the policy with respect to the
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parameters of the neural network. In order to maximize J(Θ), the policy is
then updated using gradient ascent based on the size and direction of the
gradient (Sutton, McAllester, Singh, & Mansour, 1999).

Policy gradient algorithms can generally be divided into two groups:
on-policy and off-policy algorithms. The difference between the two is the
origin of the transitions that are used to update the policy. On-policy algo-
rithms update the policy using transitions generated by the current policy.
On the other hand, off-policy algorithms can use any stored transitions to
update future iterations of the policy. As a result, off-policy algorithms
are more sample efficient, and require fewer environment interactions to
achieve a high performance. The upside of on-policy algorithms is that
they can be trained with parallel, asynchronous environments (Mnih et
al., 2016). In practice, modern GPUs are able to simulate a high number
of parallel environments, so on-policy algorithms are generally more time
efficient.

2.3 Knowledge distillation

Knowledge distillation is a technique that aims to make neural networks
smaller, while maintaining their performance. Neural networks consist
of large numbers of weights that are learned during training; yet, the
learned number of weights may not be optimal for model inference. By
transferring knowledge from an existing model, knowledge distillation can
create a new model with a lower number of weights (Buciluǎ, Caruana,
& Niculescu-Mizil, 2006). Generally, this is done by training this student
model to imitate the behavior of the teacher by optimizing using a loss
function that takes in the softmax output layers of both the teacher and
student models. The intuition behind using the softmax output rather
than the predicted label is that it describes the full range of probabilities,
rather than a single class. This information otherwise would not have been
output by the teacher network (G. Hinton et al., 2015).

Smoothing the softmax layer over the labels can make it easier for
the student model to learn from the teacher (Tang et al., 2020). For this
purpose, a smoothing parameter called "temperature" is added to the
softmax function. The loss function of the supervised learning problem
then becomes twofold: on the one hand there is distillation loss between
the ’soft targets’ from the two softmax output layers, and on the other
hand there is the student loss between the ground-truth label and the class
predicted by the student model. G. Hinton et al. (2015) used cross-entropy
loss for the student loss and KL-divergence for the distillation loss, but
there are many other implementations of knowledge distillation that use
different loss functions. The next section will describe the knowledge
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distillation mathematically as shown in Kim, Oh, Kim, Cho, and Yun
(2021).

The following equation represents the output of the softmax layer where
z f is the logit output of the layer that precedes the softmax layer, K is the
number of classes and k and j are different classes. T is the temperature
parameter.

p f
k (T) =

exp(z f
k /T)

∑K
j=1 exp(z f

j /T)
(2)

The cross-entropy loss LCE is defined as follows:

LCE(ps(1), y) =
N

∑
j=1

−yj log(ps
j (1)) (3)

where N is the number of samples, yj is the ground-truth label for the
jth sample, and ps

j is the predicted probability of the jth class for the jth
sample using equation 2.

The knowledge distillation loss LKL is defined as follows:

LKL(ps(T), pt(T)) = T2
N

∑
j=1

pt
j(T) log(

pt
j(T)

ps
j (T)

) (4)

Here ps is the softmax output of the student network, and pt is the
softmax output of the teacher network.

The full loss function L can then be described as follows, with α as a
hyperparameter that determines the balance between the two losses; this
can be set using hyperparameter tuning.

L = αLKL + (1 − α)LCE (5)

2.4 Knowledge distillation and Deep Reinforcement Learning

There are a number of papers that apply knowledge distillation in the
context of DRL. In Rusu et al. (2015), the authors introduce Policy Distil-
lation. This is a distillation methodology that takes a pre-trained Deep
Q-Network (DQN) as a teacher model (Mnih et al., 2013a) and trains a
student network to predict its Q-values. This uses a replay buffer filled
with saved trajectories and associated Q-values that was taken from the
teacher policy, in order to use these as the target to optimize the student
network. Since DQN is an off-policy algorithm, any previously gathered
trajectories can be used to update the new policy. Note that saving the
trajectories from more than one model makes it possible to distill several
teacher models into a single student model.
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The model is optimized using a loss function that takes the Q-value
outputs from the student network and those from the replay buffer. The
authors compare the performance of three different loss functions: nega-
tive log likelihood, Mean Square Error (MSE) and KL-divergence. After
applying Policy Distillation to several Atari games, they find that the KL-
divergence loss function performs best. Depending on the environment, it
performs either slightly worse or slightly better than the teacher network.
The sizes of the networks (in number of total parameters) decrease sig-
nificantly, the largest network being 25% the size of the original, and the
smallest one being only 4%.

Another paper that directly applies distillation in the context of DRL is
Parisotto, Ba, and Salakhutdinov (2015), in which the authors introduce
an algorithm called "Actor-Mimic". The aim of the authors is to train an
agent that is able to perform well in a multi-task environment by distilling
several pre-trained teacher models into a single student.

The loss function used is twofold. For the policy loss function, the
authors train a DQN model for each task, and then take the softmax
distribution over their output values. They note that, since this maps the
output layer on the unit interval, the agent is encouraged to mimic the
action of the teacher, rather than the exact Q-value. This lowers the variance,
making it a stable signal for the student network across all different tasks.
The second part of the loss function is a feature regression model that
predicts the values of some of the hidden states of the student model,
based on the sampled DRL transition. The Actor-Mimic student networks
perform well on some Atari games, but on other games the performance is
significantly worse than the teacher networks.

In a multi-agent setting, Hong et al. (2020) devised a methodology that
uses distillation to aggregate the policies of multiple separate agents and
distill them into new students. First, the agents go through a phase where
they collectively gather environment transitions and store them in a shared
buffer. Afterwards, this buffer is used to train all the agents. The agent
with the highest total reward is selected to be used as the teacher model
for a new group of student networks. The distillation loss function is the
KL-divergence between the teacher and the student. Teh et al. (2017) use
knowledge distillation to solve a multi-task DRL problem. The authors
note that training one policy to solve multiple tasks is difficult, because
during training the gradients of different policies can interfere with each
other. The authors solve this by training individual task policies and then
distilling them into a shared policy. The various task policies are then
regularized using a KL-divergence based loss function in order to stay as
close as possible to the shared policy, while still performing well on the
individual tasks.
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2.5 Self-Distillation

One particular kind of model distillation that has not yet been applied in
the context of DRL are the so-called Born Again Neural Networks (BANN)
described in Furlanello et al. (2018). The intuition behind this method is
taken from Breiman and Shang (1996), who found that using an ensemble
of decision trees, one tree can be trained to achieve similar performance
to the ensemble while keeping the positive aspects of having a single tree.
They refer to this model compression algorithm as Born-Again Trees.

Furlanello et al. (2018) extend this idea, but instead of compressing the
teacher model into a smaller student, the size of the student network is
kept the same as the teacher’s. They train what they refer to as Born-Again
Neural Networks, by performing knowledge distillation on a DenseNet
model (Huang, Liu, van der Maaten, & Weinberger, 2016) trained on the
Cifar-10 and Cifar-100 datasets (Krizhevsky, 2009). The loss function used
is based on the cross-entropy between the teacher model and the student
model. The authors find that the distilled models outperform their teachers
on the test set data. Additionally, the authors show that this process can
be performed iteratively, using student models as new teachers. Using a
variety of different iterations as an ensemble classifier leads to an even
better accuracy on the test set.

One thing that is not immediately clear after reviewing self-distillation
is the intuition behind why it improves performance. After all, the student
networks are created from an iterative process, so any mistakes present
in the teacher models should also be present in its students. Mobahi,
Farajtabar, and Bartlett (2020) show mathematically that self-distillation is
not unique to DRL, but can be present in regression as well. By assuming
a Hilbert space as the model space and applying l2-regularization in
this space, the authors show that per iteration, self-distillation removes a
number of basis vectors of the Hilbert space. This results in a regularization
effect, not dissimilar to l2-regularization, but as more basis vectors are
removed, it can also lead to underfitting. To the knowledge of the author,
the use of self-distillation on a DRL model is novel, and this is part of the
research niche that the thesis will explore.

2.6 Similar Distillation Methods

Besides self-distillation, there are a variety of distillation-based method-
ologies, with some of them having similar names for different processes.
For clarity, this section will review a non-exhaustive list of such distillation
methodologies.
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The use of ’self-distillation’ and ’reborn network’ in literature appears
to be ambiguous. Zhang et al. (2019) perform a variant of what they refer to
as self-distillation on Convolutional Neural Networks. They use knowledge
distillation with a triplet loss function based on intermediate hidden layers
in a ResNet model (He, Zhang, Ren, & Sun, 2015). There is no form of
iteration in this self-distillation, and it appears that this ’self-distillation’
has no relation to the Born Again Neural Networks in Furlanello et al.
(2018)

Agarwal, Schwarzer, Castro, Courville, and Bellemare (2022) introduce
the reincarnating reinforcement learning algorithm. This is a methodology
similar to distillation, which transfers knowledge from smaller DRL models
to larger DRL models. The advantage of training a small model is that
it is less resource intensive and therefore more accessible. On the other
hand, it is known that using large, overparameterized networks in DRL
increases the performance of the network, one example being OpenAI
Five (OpenAI et al., 2019). The method shown by the authors is resource
efficient, since the overparameterized network learns faster thanks to the
knowledge transfer from the small network. The authors show that other
distillation and transfer learning techniques such as Kickstarting (Schmitt
et al., 2018) and JSRL (Uchendu et al., 2022) are inefficient when compared
to the authors newly proposed reincarnating RL algorithm.

This algorithm is a mixture of Q-learning and behavioral cloning, and
by first optimizing the behavioral cloning aspect, the student model learns
a decent policy from its teacher. Then, the Q-learning part takes over,
which allows the student to learn only from visiting transitions from a
replay buffer. This slowly wanes the student off from any mistakes or
suboptimal aspects of the teacher policy, while still using it to speed up
learning the initial policy.

Other work that uses pre-trained models to learn a generalized behavior
is Liu et al. (2021). This paper uses distillation to teach agents how to
play football against each other. The authors do this by pre-training
expert models for different sub-tasks, such as kicking the ball or dribbling.
These expert models are then distilled into one multi-task agent using KL-
divergence. It is notable that in the distillation from the priors to the final
policy, the loss function used is the KL-divergence between the student and
the teacher. This means that the trajectories are sampled from the student’s
policy. Rather than trying to emulate the teacher as closely as possible, the
agent is incentivized to behave as close as possible to one of the behavioral
priors, instead of the average over the priors.
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2.7 Generalization and Weights

Generalization is defined as the ability of a trained model or agent to
perform well on unseen data, and as such is also referred to as test set
performance. Overall, the importance of the size of neural network with
regards to generalization is somewhat unclear. In supervised learning,
as the number of parameters in a neural network increases, the model
is able to fit itself increasingly close to the training data. This can lead
to worse generalization performance, also known as overfitting. As early
as 1987, G. E. Hinton (1987) devised that adding a penalty to the loss
function that is proportional to the sum of squares of the model weights
will improve generalization. This method is known as weight decay; the
intuition behind this idea is that forcing the network to use small weights
"removes irrelevant components" and removes some effects of noise in
the data (Krogh & Hertz, 1991). Later research suggests that it is not the
number of weights that affects generalization, but the size of the weights
(P. Bartlett, 1996; G. E. Hinton & Van Camp, 1993). This is a very intuitive
idea. When fitting a curve using a polynomial function, the curve will
become smoother as the size of the coefficients shrinks, which makes it less
prone to overfitting. However, more recent overparameterized models have
shown better generalization performance when compared to their smaller
counterparts (P. L. Bartlett, Montanari, & Rakhlin, 2021).

One generalization issue that is particular to DRL is that the learning
process is non-stationary. Igl, Farquhar, Luketina, Boehmer, and Whiteson
(2020) note that, as an agent is updated during training, its policy changes,
and this affects the distribution of actions chosen by the agent. As the dis-
tribution of actions changes, the distribution of the (state, action) pairs and
their rewards changes as well. The authors find support for this hypothesis
by manually adding non-stationarity to a supervised learning multi-class
classifier and show that test set performance is significantly lower. The
authors suggest a new algorithm called Iter, which uses knowledge distil-
lation to learn a new policy and value function. They use a loss-function
consisting of two factors that minimize the KL-divergence between the
output of the student and the output of the teacher, and two factors that
are off-policy DRL rewards, all of which are parameterized. Over time,
these parameters are annealed and the algorithm switches from learning
from the teacher model to learning from the DRL environment. Similar to
the algorithm in Agarwal et al. (2022), the student network is weaned off
the suboptimal teacher slowly, and the performance of the student should
no longer be affected by the teachers non-stationary input data.
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2.8 PPD

In the previous subsections of the literature review, a variety of distilla-
tion methods for DRL were discussed that included both on-policy and
off-policy DRL algorithms. However, Czarnecki et al. (2019) show math-
ematically and empirically that distillation using cross-entropy between
the student and the teacher policy while using the teacher policy to gather
trajectories is not guaranteed to converge. This is because this combination
does not form a gradient vector field. One method of overcoming this
problem suggested by the Czarnecki et al. (2019) is to use the student
policy to gather the transitions. In their Appendix C, they show that using
teacher-student distillation (with transitions taken using the teacher policy)
aims to replicate the teacher policy, while using student-teacher distillation
(with transitions taken from the student policy) aims to find the most
probable action in the teacher policy.

This does not only hold for the cross-entropy that is discussed in
Czarnecki et al. (2019), but also when the KL-divergence is used in the
loss function. This is the result of KL-divergence being non-symmetrical.
When KL-divergence is used to optimize a parameterized function Xθ to fit
a given distribution Y, DKL(Y||Xθ) is known as the forward KL-divergence.
The inverse, DKL(Xθ ||Y), is known as the reverse KL-divergence. These
two KL-divergences behave differently from each other in how they fit the
Y distribution. Mathematically this can be explained as follows1:

The equation for KL-divergence between distribution Y and Xθ :

DKLKL(Y||Xθ) = ∑
i

Y(i) log
Y(i)
Xθ(i)

(6)

In order to for the distributions to match each other, the KL-divergence
is minimized w.r.t the parameters θ. For the forward KL-divergence, this
leads to the following equation:

argmin
θ

KL(Y||Xθ) = argmax
θ

EY(logXθ(x)) (7)

This single term states that X should have a high probability where Y has
a high probability. This corresponds to the mean of the distribution Y. In
contrast, the reverse KL-divergence minimizes a slightly different equation:

argmin
θ

KL(Xθ ||Y) = argmax
θ

EXθ(logY(x)) + EXθ(−logXθ(x))) (8)

1 This explanation was taken from the following blog post, as it was the most straightforward
source: https://towardsdatascience.com/forward-and-reverse-kl-divergence-906625f1df06



3 methodology 13

This equation essentially states that Y always has to be close to X, which
means that it now aims for the mode of the distribution, rather than the
mean. This is similar to what was explained in Czarnecki et al. (2019)
regarding the replication of the policy vs. choosing the most likely action
of the policy.

This idea is applied in a new kind of DRL distillation methodology
called Proximal Policy Distillation (PPD), described in yet-to be published
work (Spigler, 2023). This is an alteration to PPO that samples trajectories
from the student policy distribution using importance sampling, and adds
a student-to-teacher KL-divergence term to the loss function. As a result,
the value of the KL-divergence penalty depends on the action space, not on
the parameter space. This means that the student policy is incentivized by
the KL-divergence penalty to choose actions that are similar to the teacher,
but since the trajectories are sampled from the student policy, it is able to
explore new states that were not visited by the teacher. As a result, it is
able to learn the same behavior as the teacher, but using a different set of
parameters. As a result it should be able to learn the policy using smaller
weights in the neural network which in turn may generalize better. The
KL-term is scaled by a hyperparameter that can be annealed over time,
allowing the student model to learn only from its DRL rewards and no
longer from the teacher model, similar to the Reincarnating RL algorithm
in Agarwal et al. (2022).

3 methodology

In order to answer the four research questions in this thesis, four separate
experiments were designed. This section will discuss the experiments and
their implementations one by one.

3.1 Experiment 1: Supervised Learning

The aim of the first experiment is to determine whether knowledge dis-
tillation can improve generalization performance in supervised learning
and in DRL. As such, the first experiment consists of the distillation of two
supervised learning models, and the distillation of three DRL agents. The
performance metric will be accuracy for the supervised learning models
and total reward per episode for the DRL agents. All models will also be
compared by weight magnitude W. This is calculated as follows, with θ

representing the trainable parameters of the neural networks.

W =

√
n

∑
i=1

θ2 (9)
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The two multi-class supervised learning classifiers were trained on the
Mnist dataset (Deng, 2012) and the Cifar-10 dataset (Krizhevsky, 2009).
Both datasets consist of images and associated classification labels. The
Mnist images are hand-written numbers and have a size of 28x28 pixels,
while the Cifar-10 images of everyday, recognizable items are 32x32 pixels.
Both datasets contain 10 unique classes. The Mnist model was trained
using a 2 layer Multilayer Perceptron model, similar to El Kessab, Daoui,
Bouikhalene, Fakir, and Moro (2013). The model has an input layer of 784

units and 10 units in the hidden layer. Distillation was implemented using
the ’Distillation’ Python package2. The Multilayer Perceptron model was
trained for 5 epochs and distilled for 5 epochs afterwards. For the test set,
the pre-made Mnist test set was used.

Empirically, Cifar-10 is harder to train than Mnist, so a Resnet-18 model
(He et al., 2015) was implemented. ResNet is a neural network consisting
of connected convolutional layers and skip-connections. It has performed
well on Cifar-10, achieving accuracies of up to 95% after data augmentation.
Data augmentation was performed on the training images, in the form
of rescaling the images to a 224x224 size to match the data that ResNet
was originally trained on, and image normalization. The Cifar-10 dataset
comes with a predetermined split between the train and test set, with 5000

training images and 1000 test set images, and these were used as such.
The Resnet-18 model with cross-entropy loss was implemented using

Pytorch, along with its distillation method3. The distillation method adds
an extra parameter to the overall loss function. This parameter is the KL-
divergence between the softmax layers of the teacher and student network.
The model was distilled for 20 epochs and no hyperparameter tuning was
performed over the entire process. The learning rate started at 0.1 and was
annealed as described in He et al. (2015).

3.2 Experiment 1: Deep Reinforcement Learning

For the choice of DRL environment, it is important to note that the student
model may outperform the teacher. This means that the environment
must not be fully solved by the teacher, so that there is still room for
improvement after distillation. Moreover, evaluating the performance
of the agent requires a test set of unseen environments. Both of these
requirements are met by Procgen (Cobbe et al., 2019). This Python library
generates randomized environments reminiscent of sidescroller video game
which have well-defined rewards and are therefore solvable by DRL agents.

2 Found here: https://github.com/Kennethborup/knowledgeDistillation
3 The code for this model was adapted after this example: https://het-

shah.github.io/blog/2020/Knowledge-Distillation/
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Since Procgen generates random levels, it is able to generate an unseen test
set to evaluate generalization performance.

Procgen provides both easy and hard levels. While most literature
uses the hard levels as a benchmark, training agents that achieve a sim-
ilar performance to the original paper on the hard environments takes
approximately 250 million timesteps, which corresponds to approximately
24 hours of clock time using the available A40 GPUs. The easy levels on
the other hand take approximately 30 million timeseps, so 3 hours to train.
In the interest of time and given limited resources, all agents were trained
and evaluated on the easy levels.

The distilled models are expected to have a regularizing effect. This
could be particularly effective on environments with a large gap between
training and test set performance. Based on the performance as shown in
appendix I of Cobbe et al. (2019), three environments with a large difference
between train and test-performance are Jumper, Miner and Ninja, so these
environments were used to train the DRL models.

One advantage of using the A40 GPUs is that they allow for training
with multiple parallel environments, so 128 environments were trained
in parallel. In order to increase the external validity of the results, each
environment was trained using four different random seeds: 201, 401, 601

and 801. This randomization was performed using the built-in random
seed functionality in Procgen. The agents were then evaluated on a test
set of unseen levels. Each agent was evaluated on the same test set. In the
results section, the mean reward per episode will be reported for both the
training set as well as the test set.

In a practical scenario, it may not be efficient to distill a model, since the
time spent distilling the model can also be used to continue training. The
most apt model comparison is therefore not to compare the distilled agent
against its teacher, but to compare the distilled agent against the teacher
model that was trained for an additional number of environment steps so
that the total number of environment steps is equal for both models.

The original models were trained for 25, 30, 35 and 40 million environ-
ment steps. According to Cobbe et al. (2019), this number of training steps
should lead to models that perform well enough to be a viable teacher
model. With 4 different random seeds, this makes for a total of 16 models
for each Procgen environment. The results section reports the mean reward
and standard deviation taken over the 4 random seeds. The complete table
of all original models is available in Appendix A (page 31), the complete
results of all distilled models are available in Appendix C (page 33). The
distilled models used the 25, 30 and 35 million environment step models as
teachers, and were distilled for an additional 5 million environment steps.
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The algorithm used to solve the DRL environments is Proximal Policy
Optimization (PPO) (Schulman, Wolski, Dhariwal, Radford, & Klimov,
2017). PPO is a so-called actor-critic model, which means that it uses a
neural network with two output heads to learn the policy function and
the value function. The advantage of PPO is that it uses a trust region to
determine a maximum step size of the policy gradient, similar to TRPO
(Schulman, Levine, Moritz, Jordan, & Abbeel, 2015). As a result, at each
timestep, the policy will be updated in the direction of the gradient, but
up to a given upper bound, which limits the variance of the training
process. This in turn leads to a more stable training performance when
compared to other actor-critic models. An alternative would have been to
use Double Q-Networks (DQN) (Mnih et al., 2013b), but this algorithm, like
any Q-learning variant, requires precise hyperparameter tuning. The other
advantage of using an on-policy algorithm like PPO is that it can be trained
using a large number of parallel environments. This makes it well suited
to be trained on the available GPU clusters, speeding up overall training
time. For all models trained in this thesis, the PPO hyperparameters were
kept at their default values.

The PPO implementation was taken from Stable-Baselines 3 (Raffin
et al., 2021), which is compatible with Procgen. Stable-Baselines 3 uses
the PPO-clip implementation. Instead of having a specific term for KL-
divergence, the absolute value of the loss function is max-clipped between
certain intervals to create the trust region effect. This clipped loss function
is then optimized using the Adam optimizer (Kingma & Ba, 2014).

As for the feature extraction, the IMPALA architecture was used (Espe-
holt et al., 2018). This is similar to ResNet (He et al., 2015), consisting of a
convolutional layer with a 3x3 kernel and a max-pooling layer with a 3x3

kernel. This is followed by two residual blocks, which each consist of two
convolutional layers with 3x3 kernels and ReLu activation functions. These
are then combined with the original input through a skip-connection. The
final layer of the model is a fully connected layer with 256 units and a ReLu
activation function. The feature extractor was implemented in Pytorch
using the implementation available on the Impala Github page.

Model distillation was performed using the PPD implementation taken
from Spigler (2023). This adapts the Stable-Baselines 3 PPO-clip imple-
mentation by adding a loss term based on the KL-divergence between the
student and teacher policies. The KL loss term is then clipped using the
same hyperparameter as PPO-clip, which ensures that it is at a similar or-
der of magnitude as the other terms in the PPO loss function. The clipped
KL-loss term is then added to the regular PPO loss. PPD also includes a
lambda hyperparameter which determines the extent to which the model
learns from the teacher rather than its DRL rewards. For all experiments
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performed in this thesis, this was kept at its default value of 1, ignoring
the DRL rewards.

3.3 Experiment 2

The aim of the second experiment is to determine whether a newly distilled
model sees a quick spike in performance from distillation or a gradual
increase because it undergoes more training steps. This is done by repeating
the distillation part of experiment 1, but instead of distilling the models
for 5 million timesteps, they are distilled for 3 million timesteps. These
models are then compared to the models that were distilled for 5 million
timesteps in mean reward per episode and weight magnitude. In all other
aspects, experiment 2 is identical to the DRL part of experiment 1.

3.4 Experiment 3

Experiment 3 tests the effect of self-distillation on test set performance
and weight magnitude of the network. This is done by taking the 25

million and 30 million Jumper and Miner models that were distilled for
5 million timesteps in experiment 1, and using them as teacher models
to distill them for another 5 million timesteps. This will effectively give
them 10 million extra timesteps of training, so their performance will be
compared against the original 35 million and 40 million Jumper and Miner
models. To determine the effect of self-distillation on the magnitude of the
network weights, the self-distilled models will be compared against their
teacher models. The distillation methodology was identical to the one for
experiment 1.

3.5 Experiment 4

The fourth experiment is a comparison between self-distillation and l2-
regularization (Cobbe et al., 2018). A Jumper agent and a Miner agent were
trained for 25, 30, 35 and 40 million timesteps, but with l2-regularization
applied. The l2 regularization hyperparameter was set at 0.001. This was
determined by performing hyperparameter tuning over a validation set of
1000 episodes. The results of the hyperparameter tuning can be found in
Appendix B (page 32). The outcomes of these models will be compared
against the findings from experiments 1 and 3.
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Table 2: Comparison between Distilled and Non-distilled supervised learning
models for a Multilayer Perceptron on trained on Mnist and a Resnet-18 model
trained on Cifar-10.

Task
Train +
Accuracy

Test
Accuracy

Weight
Magnitude

Mnist
No Distillation 90.0 89.0 9.33

With Distillation 93.5 90.00 6.99

Cifar-10

No Distillation 73.05 79.37 85.23

With Distillation 67.15 64.81 79.92

4 results

4.1 Experiment 1

For the Mnist model, train and test accuracy increase somewhat, while
the weight magnitude decreases by approximately 20%. For the Cifar-10

model, the magnitude of the models weights decreases slightly, but both
train accuracy and test accuracy are significantly lower for the distilled
model than they are for the original model.

As mentioned in the methods section, the DRL part of experiment 1

centers around three different Procgen environments that were each trained
using four different random seeds. Table 3 shows the mean and standard
deviation of the mean episode reward across the four random seeds. The
full table in can be found in Appendix A (page 31).

For the Jumper models, the training performance of all distilled mod-
els is higher than that of the original models. The test performance is
approximately the same for all six models, regardless of the number of
training steps or distillation steps. For all three distilled Jumper models,
the magnitude of the weight vector is less than half of that of the original
model. Most of the standard deviations for the train and test set are fairly
small, except for the 25+5 model, where they are slightly higher. The
standard deviations of the weight magnitudes are all negligible.

For the Miner models, the training set performance was higher for all
distilled models when compared to the originals. Contrary to the Jumper
models, the distilled Miner models perform worse on the test set than
the original models. The magnitude of the model weights is similar to
the weights of the Jumper models, for both the original models as well as
the distilled models. The standard deviations are higher than the Jumper
standard deviations, but this scales approximately with the higher rewards
that the Miner agents achieved.
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Table 3: Comparison between Distilled and Non-distilled DRL models with an
equal number of total training steps. Scores are the means across the four random
seeds, the values in parentheses represent the standard deviations.

Environment
Training steps +
distillation steps

Train
Accuracy

Test
Accuracy

Weight
Magnitude

Jumper
25+5 7.12 (0.60) 5.52 (0.46) 3.78 (0.10)
30 6.18 (0.25) 5.73 (0.05) 8.39 (0.12)

Jumper
30+5 6.85 (0.24) 5.65 (0.30 3.72 (0.15)
35 6.00 (0.17) 5.57 (0.24) 9.06 (0.17)

Jumper
35+5 6.62 (0.22) 5.35 (0.37) 3.72 (0.20)
40 6.07 (0.21) 5.66 (0.12) 9.64 (0.15)

Miner
25+5 10.50 (0.59) 8.51 (0.30) 3.79 (0.14)
30 8.94 (0.46) 9.53 (0.41) 8.10 (0.13)

Miner
30+5 10.76 (0.76) 9.18 (0.87) 3.73 (0.12)
35 9.10 (0.58) 9.52 (0.31) 8.80 (0.15)

Miner
35+5 10.13 (0.72) 8.95 (0.44) 3.87 (0.17)
40 8.89 (0.24) 9.56 (0.27) 9.45 (0.18)

Ninja
25+5 5.80 (0.57) 5.38 (0.61) 3.41 (0.19)
30 5.79 (0.35) 5.88 (0.30) 8.78 (0.13)

Ninja
30+5 6.02 (1.18) 5.25 (0.55) 3.33 (0.22)
35 5.89 (0.40) 6.04 (0.49) 9.44 (0.10)

Ninja
35+5 6.50 (0.78) 5.75 (0.39) 3.54 (0.17)
40 6.01 (0.37) 6.05 (0.38) 10.01 (0.10)
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Table 4: Comparison Between DRL environments that were distilled for either
3 million or 5 million training steps. Values given are the means across the four
random seeds, the values in parentheses represent the standard deviations

Environment
Training steps +
distillation steps

Train
Accuracy

Test
Accuracy

Weight
Magnitude

Jumper
25+3 7.00 (0.28) 5.25 (0.65) 3.20 (0.17)
25+5 7.12 (0.60) 5.52 (0.46) 3.78 (0.20)

Jumper
30+3 6.80 (0.61) 5.92 (0.57) 3.19 (0.16)
30+5 6.85 (0.24) 5.65 (0.30) 3.72 (0.15)

Jumper
35+3 6.89 (0.24) 5.50 (0.42) 3.29 (0.27)
35+5 6.62 (0.22) 5.35 (0.37) 3.72 (0.20)

Miner
25+3 9.97 (0.83) 8.64 (0.44) 3.26 (0.13)
25+5 10.50 (0.59) 8.51 (0.30) 3.79 (0.14)

Miner
30+3 10.31 (0.51) 9.04 (0.51) 3.37 (0.19)
30+5 10.76 (0.76) 9.18 (0.87) 3.73 (0.12)

Miner
35+3 9.88 (0.42) 8.21 (0.25) 3.47 (0.22)
35+5 10.13 (0.72) 8.95 (0.44) 3.87 (0.17)

Ninja
25+3 5.90 (1.19) 5.10 (0.56) 3.02 (0.13)
25+5 5.80 (0.57) 5.38 (0.61) 3.41 (0.19)

Ninja
30+3 5.90 (0.45) 5.52 (0.56) 3.03 (0.21)
30+5 6.02 (1.18) 5.25 (0.55) 3.33 (0.22)

Ninja
35+3 6.35 (0.17) 5.62 (0.75) 3.09 (0.14)
35+5 6.50 (0.78) 5.75 (0.39) 3.54 (0.17)

For the Ninja models, the training set performance is approximately
equal, except for the 35+5 model, which does outperform the original
model trained for 40 million timesteps. The test set performance of the
distilled models is slightly worse than that of the original models. The
weight vector shows similar results as the Jumper and Miner models.

4.2 Experiment 2

The aim of experiment 2 was to determine whether the increase in general-
ization performance was caused by distillation or by the extra environment
steps. The results of the experiment are visible in Table 4. For the Jumper
models, the training set performance of the models distilled for 3 million
environment steps and the models distilled for 5 million environment steps
is approximately equal. The training set performance is approximately the
same across the 25, 30 and 35 million environment steps models. The same
is true for the test set performance. Notably, in two out of three cases, the
model with fewer distillation steps performs slightly better on the test set.
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Table 5: Comparison between DRL environments that were either distilled for 5

million training steps, or distilled for 5 million training steps and then self-distilled
for an additional 5 million training. Values given are the means across the four
random seeds, the values in parentheses represent the standard deviations

Environment
Training steps +
distillation steps

Train
Accuracy

Test
Accuracy

Weight
Magnitude

Jumper
25+5 7.12 (0.60) 5.52 (0.46) 3.78 (0.20)
25+5+5 6.67 (0.15) 5.85(0.41) 3.54 (0.38)
35 6.00 (0.17) 5.57 (0.24) 9.06 (0.17)

Jumper
30+5 6.85 (0.24) 5.65 (0.30 3.72 (0.15)
30+5+5 7.05 (0.39) 5.77 (0.73) 3.66 (0.09)
40 6.07 (0.21) 5.66 (0.12) 9.64 (0.15)

Miner
25+5 10.50 (0.59) 8.51 (0.30) 3.79 (0.14)
25+5+5 10.42 (0.58) 8.86 (0.71) 3.51 (0.15)
35 9.10 (0.58) 9.52 (0.31) 8.80 (0.15)

Miner
30+5 10.76 (0.76) 9.18 (0.87) 3.73 (0.12)
30+5+5 10.67 (0.51) 9.05 (0.94) 3.58 (0.19)
40 8.89 (0.24) 9.56 (0.27) 9.45 (0.18)

The training set performances of all Miner models are approximately
equal regardless of the number of training steps or distillation steps. The
models that were distilled longer perform better on the test set, but this
difference is quite small. Overall, this looks very similar to the Jumper
results.

For the Ninja environment, the 25+3 model and the 30+5 model have a
higher standard deviation for the training set performance than is the case
with the Miner and Jumper models, but this is not the case for the standard
deviation of the test set performance. Both the training set and test set
performances are slightly better for the models with 35 million training
steps, regardless of the number of distillation steps, but this difference is
quite small.

For all models in the experiment, the magnitude of the weight vectors
is higher for the models were distilled for more environment steps.

4.3 Experiment 3

The aim of experiment 3 was to determine the effect of self-distillation on
test set performance and the magnitude of the model weights. The results
of the experiment are visible in Table 5.

For the Jumper models, the train performance of the distilled models
is higher than that of the original models. The difference in test set
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Table 6: Comparison between DRL environments that were trained with l2-
regularization.

Environment Training Steps
Train
Accuracy

Test
Accuracy

Weight Magnitude

Jumper - l2
30 mil 5.98 4.90 0.87

35 mil 5.97 5.47 0.86

40 mil 6.36 5.62 0.91

Miner - l2
30 mil 2.40 2.45 1.24

35 mil 2.32 2.34 1.20

40 mil 2.55 2.37 1.24

performance between the distilled, self-distilled and non-distilled models
are small and stay approximately within one standard deviation.

The training set performance of the Miner models show similar results:
the training performance for distilled models is higher than that of the
non-distilled models. On the contrary, the test set performance of the
non-distilled models is somewhat higher than that of the distilled models.

The magnitude of the model weights of the self-distilled models is
slightly lower than that of the models that were only distilled once. The
difference is small, but it holds for every comparison in the table.

4.4 Experiment 4

The aim of experiment 4 was to determine the differences in test set
performance and magnitude of the model weights between distilled models
and l2-regularized models. The results of the experiment are visible in
Table 6 and Table 3. The results of the hyperparameter search for the
l2-regularization can be found in Appendix C (page 33).

It appears that train and test set performance for both models are
approximately the same for each number of training steps. A more notable
finding is that the l2-regularized models perform worse on the test set than
any of the original and (self-)distilled models. The second surprise is the
magnitude of the weight vectors. For the Jumper and the Miner models, the
magnitude is around 10% to 15% when compared to the original models,
and still approximately 4 times smaller than the magnitudes of the distilled
models. Moreover, where Miner had the highest mean reward in the results
of the other experiments, it is now significantly lower.

This may not be an entirely fair comparison, as the results for the
original and distilled models are the mean results of 4 unique random
seeds, while only one l2-regularized model was trained. The low score of
the Miner model can therefore be an outlier.
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5 discussion

The results from experiment 1 are somewhat surprising. Mnist is an
easy task, so even without distillation the model achieves a very high
accuracy. After distillation, the performance on the test set goes up slightly,
and the weight magnitude of the model clearly decreases. However, the
opposite is true for the ResNet model. Cifar-10 is supposed to be a fairly
straightforward task for Resnet-18, which explains the high training set
performance before distillation. However, even though the ResNet model
was distilled for 20 epochs, the magnitude of the weight vector decreased
only slightly and the accuracy of the student model is significantly worse.

It is possible that the number of distillation epochs was too low, but this
seems unlikely. In absolute training time, the original model was trained in
approximately 5 minutes, while distilling the model took over an hour. A
more likely explanation seems to be that the teacher model did not have the
required knowledge to pass on to the student, making its KL-divergence
loss a negative influence rather than positive for the performance of the
student model. This would mean that, rather than spending that hour
distilling the model, training the original model longer may lead to better
results.

For the DRL side of experiment 1, the results are mostly in line with
the hypothesis. Across all models, the magnitudes of the weight vectors
of the distilled agents went down to approximately 40% of their original
values. The test set performance was lower for the distilled models, but
this was only a slight drop. It is interesting that the weights are similar
across the three different environments; this may be due to the Procgen
environments being designed to all be similarly complicated.

Moreover, all distilled models have a higher performance on the training
set than the non-distilled models. This is somewhat surprising, as both
the non-distilled as well as the distilled models have had the same number
of training steps. Overall, the results for the DRL models are clear, and
distillation does seem to lead to a significant drop in magnitude of the
weight vector at the cost of a slight drop in test performance. For the
supervised learning models there seems to be no such effect, but this side
of the experiment was limited in that it only trained two models.

The aim of experiment 2 was to determine whether improvement in
test set performance is due to the additional training steps, or due to the
distillation. Overall, all models performed mostly the same, regardless of
the number of training steps or distillation steps. The models that were
trained for an additional 2 million time steps did not show any improved
performance over the models that were distilled less. On one hand this
could indicate that the better performance is only due to distillation and
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that the extra DRL training steps do not have a significant effect. On
the other hand, maybe adding 2 million extra environment steps is not
enough to show that there is a difference between the two groups. The
models that were trained for 5 million timesteps do have a slightly higher
magnitude of the weight vector, but this is to be expected. As the model has
trained for more timesteps, the weights will have had more updates and
therefore have a larger upper bound of possible values. Given these results,
it seems somewhat likely that knowledge distillation will improve test set
performance faster rather than slower, but there is no direct relationship
between test set performance and the weight magnitude of the neural
network.

The aim of experiment 3 was to determine whether additional self-
distillation could improve performance. Comparing the self-distilled model
with the models that were only distilled once shows a small drop in weight
vector magnitude for each model. Moreover, the performance of the models
gets slightly worse. In a way this result is comparable to the results in
(Furlanello et al., 2018), where the main improvement in performance
came from using the self-distilled agents as an ensemble, rather than
increasing the performance of a single agent. It is not possible to draw a
hard conclusion here, given that both models were only self-distilled once,
but based on these results it does not seem like self-distillation improves
the performance of DRL agents.

Experiment 4 compared the test set performance and the magnitude
of the weight vector of the l2-regularized models with the results from
experiment 1 and 3. The weight vector magnitudes were lower than any
of the magnitudes of the distilled networks. The test set performance for
Jumper does see a drop in performance, but relative to the size of the
weight magnitude, this is a better result than expected. The opposite is not
true for the Miner results, as the model performance falls greatly. It is odd
that the Miner results were lower than the Miner results, given that for all
the other models it was the environment with the highest mean reward.
This may be underfitting caused by the l2-regularization being too strong
and removing important weights. The comparison between knowledge
distillation and l2-regularization seems to be that l2-regularization is able
to lower the magnitude of the network weights more than knowledge
distillation, but this can easily lead to underfitting, even after performing a
hyperparameter search for the l2-regularization.

5.1 Limitations

Overall, the main limitation of this thesis was the number of simulations.
Training an agent based on 200 easy Procgen levels for 40 million timesteps
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would take up to 12 hours, and running these on a shared server made it
hard to do as many simulations as I would have liked. To increase external
validity and limit the effect of any possible outliers in agent performance,
future research should aim to perform these experiments again, but using
other Procgen environments. Moreover, it is not a given that the results
from this research will hold for the hard Procgen levels either.

The supervised learning parts of experiment 1 should have been more
systematic, with more fine-tuning of the ResNet network and a number of
random splits of the train and test sets. The same is true for experiment 4,
which should have been trained using more random seeds.

Moreover, this thesis did not include several baselines that are com-
mon in DRL. One such group is Atari games. Another set that was not
included in this thesis are physics simulations such as Mujoco (Todorov,
Erez, & Tassa, 2012). It would be interesting to replicate this methodology
on the Mujoco environments, such as Ant and Half-Cheetah, as these
environments are somewhat more noisy than the Procgen ones.

Another issue was the limited number of self-distillation iterations. In
Furlanello et al. (2018), the models were distilled many more times, rather
than just twice. The two consecutive self-distillations in this thesis did
show a drop in the magnitude of the weight vector. It may be interesting to
see to what extent this can be lowered before the model starts underfitting,
as described in Mobahi et al. (2020).

One other aspect that may have impacted the overall performance of all
models is the limited aptitude of the teacher models. If the output of the
teacher model includes any systematic mistakes, it will pass these on to its
students. The performance of the teacher models was not validated in a
systematic way. Especially for the models in experiment 1, an accuracy of
around 80% on Cifar-10 seemed like a strong teacher model, but this may
have been insufficient. Future research can avoid this problem by setting a
minimum benchmark performance based on the performance of similar
models in literature.

5.2 Future Work

This thesis used PPO as its DRL algorithm, but the methodology described
here can be used with a variety of policy gradient models. It may be inter-
esting to explore whether there are any DRL models that lend themselves
better to distillation than others.

The advantage of using the PPD algorithm is that the weight vector
has an upper-bound. This limits the optimizer to find a local minimum
within a restricted space close to the origin. However, it is not clear if this
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is useful in every situation, such as when the optimal solution is by itself
close to the origin. This can also be explored more thoroughly.

One aspect of the DRL performance that was left out of the scope of
this thesis is a qualitative analysis of the agents. It may be worthwhile
to compare the behavior of repeatedly self-distilled agents to determine
whether poor teacher models pass on any visible behaviors and how this
affects future iterations of self-distillation.

6 conclusion

The aim of this thesis was to examine the use of knowledge distillation
in DRL with a focus on generalization performance and magnitude of
the model weights. After an introduction to the mathematics of DRL
and an overview of DRL and knowledge distillation techniques, four
distillation experiments were performed using the PPO algorithm and PPD
loss function to find the optimal policy and perform (self-)distillation.

Overall, the first research question of the thesis was answered fairly
conclusively, with the magnitude of the weights of the neural network
lowering significantly, at a slight cost of generalization performance. It is
hard to draw a strong conclusion for the other three research questions.
As for the speed of the improved test set performance, this effect is either
absent, or the experiment was too limited in its number of training steps
to show the effect. The results for self-distillation seemed worse than
expected, but this can be due to performing too few simulations. Lastly,
the l2-regularization seems to have a stronger effect on the magnitude of
the network weights than knowledge distillation, but may also be prone to
underfitting the model.
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appendix a

All Original Models and Weights

Environment Time Steps Seed Mean Train Reward Mean Test Reward Weight Vector

Jumper 25 million 201 5.940 5.890 7.820724

Jumper 30 million 201 6.410 5.790 8.526298

Jumper 35 million 201 5.850 5.450 9.217484

Jumper 40 million 201 6.270 5.550 9.809106

Jumper 25 million 401 6.120 6.010 7.648736

Jumper 30 million 401 5.900 5.740 8.410512

Jumper 35 million 401 5.940 5.890 9.089067

Jumper 40 million 401 5.970 5.560 9.644209

Jumper 25 million 601 6.540 5.580 7.681262

Jumper 30 million 601 6.040 5.690 8.226899

Jumper 35 million 601 5.960 5.990 8.824913

Jumper 40 million 601 5.820 5.780 9.451139

Jumper 25 million 801 6.510 5.700 7.745313

Jumper 30 million 801 6.360 5.700 8.407659

Jumper 35 million 801 6.250 5.680 9.099449

Jumper 40 million 801 6.230 5.750 9.665756

Miner 25 million 201 9.120 9.804 7.443427

Miner 30 million 201 9.413 9.754 8.182845

Miner 35 million 201 9.357 9.510 8.889602

Miner 40 million 201 9.145 9.815 9.567511

Miner 25 million 401 8.048 9.040 7.274209

Miner 30 million 401 8.395 8.951 7.981484

Miner 35 million 401 8.230 9.081 8.660154

Miner 40 million 401 8.650 9.221 9.246495

Miner 25 million 601 8.684 9.659 7.230048

Miner 30 million 601 8.721 9.560 8.003617
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Miner 35 million 601 9.333 9.719 8.670640

Miner 40 million 601 8.975 9.472 9.356879

Miner 25 million 801 9.290 9.166 7.470896

Miner 30 million 801 9.219 9.870 8.243422

Miner 35 million 801 9.476 9.762 8.962582

Miner 40 million 801 9.152 9.729 9.623172

Ninja 25 million 201 4.940 4.890 8.217969

Ninja 30 million 201 5.290 5.490 8.889606

Ninja 35 million 201 5.330 5.430 9.498387

Ninja 40 million 201 5.610 5.650 10.098417

Ninja 25 million 401 5.960 5.700 8.118471

Ninja 30 million 401 6.110 6.150 8.762125

Ninja 35 million 401 6.220 6.240 9.386116

Ninja 40 million 401 6.150 6.420 9.932187

Ninja 25 million 601 5.580 5.750 8.130448

Ninja 30 million 601 5.940 6.090 8.860562

Ninja 35 million 601 5.880 5.900 9.534345

Ninja 40 million 601 5.820 5.800 10.106650

Ninja 25 million 801 5.580 5.470 7.879668

Ninja 30 million 801 5.820 5.800 8.607367

Ninja 35 million 801 6.130 6.590 9.329143

Ninja 40 million 801 6.450 6.340 9.912223

appendix b

Table 8: l2-hyperparameter search for Jumper. Top row shows the values for the
hyperparameter. The left number indicates training set performance, the right
number indicates test set performance

Timesteps 0.1 0.01 0.001

10 mil 3.3, 3.11 3.72, 3.71 6.42, 5.09

15 mil 3.43, 2.98 3.52, 2.76 6.45, 5.33

20 mil 3.14, 2.8 3.8, 3.62 6.47, 5.45
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Table 9: l2-hyperparameter search for Miner. Top row shows the values for the
hyperparameter. The left number indicates training set performance, the right
number indicates test set performance

Timesteps 0.1 0.01 0.001

10 mil 2.89, 2.71 4.05, 3.31 6.02, 4.89

15 mil 3.52, 2.88 3.62, 2.87 5.89, 5.42

20 mil 3.20, 3.12 3.76, 3.81 6.27, 5.02

appendix c

All distilled models and weights

Environment Seed Time Steps Distillation Steps Weights

jumper 401 25 3000000 3.042056

jumper 801 25 3000000 3.140072

jumper 601 25 3000000 3.434245

jumper 201 25 3000000 3.193066

jumper 401 25 5000000 3.759687

jumper 601 25 5000000 3.911446

jumper 201 25 5000000 3.504147

jumper 801 25 5000000 3.926327

jumper 201 30 3000000 3.157309

jumper 801 30 3000000 3.175082

jumper 601 30 3000000 3.405363

jumper 401 30 3000000 3.013729

jumper 201 30 5000000 3.603258

jumper 801 30 5000000 3.711541

jumper 401 30 5000000 3.641201

jumper 601 30 5000000 3.938025

jumper 601 35 3000000 3.552505

jumper 801 35 3000000 3.381920

jumper 401 35 3000000 2.916032

jumper 201 35 3000000 3.292006

jumper 401 35 5000000 3.481034

jumper 601 35 5000000 3.961704

jumper 201 35 5000000 3.757608

jumper 801 35 5000000 3.697812

miner 201 25 3000000 3.106646

miner 801 25 3000000 3.219705

miner 401 25 3000000 3.312823

miner 601 25 3000000 3.402499
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miner 201 25 5000000 3.623801

miner 801 25 5000000 3.908468

miner 401 25 5000000 3.715319

miner 601 25 5000000 3.914200

miner 401 30 3000000 3.197202

miner 801 30 3000000 3.528189

miner 201 30 3000000 3.212239

miner 601 30 3000000 3.553291

miner 201 30 5000000 3.657186

miner 401 30 5000000 3.856975

miner 601 30 5000000 3.801451

miner 801 30 5000000 3.602057

miner 401 35 3000000 3.469148

miner 601 35 3000000 3.320477

miner 801 35 3000000 3.785386

miner 201 35 3000000 3.302096

miner 401 35 5000000 3.930577

miner 201 35 5000000 3.700599

miner 601 35 5000000 4.088419

miner 801 35 5000000 3.774428

ninja 201 25 3000000 3.160333

ninja 601 25 3000000 3.098647

ninja 801 25 3000000 2.937791

ninja 401 25 3000000 2.871916

ninja 401 25 5000000 3.241063

ninja 201 25 5000000 3.641352

ninja 601 25 5000000 3.490222

ninja 801 25 5000000 3.283665

ninja 201 30 3000000 3.194531

ninja 401 30 3000000 3.091074

ninja 601 30 3000000 2.728130

ninja 801 30 3000000 3.122945

ninja 201 30 5000000 3.208316

ninja 801 30 5000000 3.640549

ninja 601 30 5000000 3.140077

ninja 401 30 5000000 3.344461

ninja 201 35 3000000 3.274333

ninja 601 35 3000000 3.072038

ninja 801 35 3000000 2.929702

ninja 401 35 3000000 3.103425

ninja 401 35 5000000 3.469126

ninja 201 35 5000000 3.772279
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ninja 601 35 5000000 3.543426

ninja 801 35 5000000 3.369865
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