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Abstract

This paper investigates the application of reinforcement learning (RL) algorithms to tool-
assisted speedrunning (TAS) in Super Mario World. It compares the performance of Deep
Q-Network (DQN), Proximal Policy Optimization (PPO), and Soft Actor-Critic (SAC)
in optimizing a single level, focusing on level-specific strategies rather than generalized
gameplay. Using a combination of guided learning with tailored reward functions and
constrained action spaces to address the challenges of sparse rewards, the project serves
as a proof of concept for creating RL agents capable of competitive level completion and
potentially contributing to full game speedruns. The findings discuss why these models
failed to converge on deterministic policies for optimal gameplay.

1 Introduction

Tool-assisted speedruns (TAS) use computational tools to achieve theoretically optimal
game completion times through frame-by-frame input optimization[3]. While tradition-
ally requiring extensive human expertise, deep reinforcement learning offers potential for
automating this process and discovering new strategies.

This study explores the feasibility of applying several RL algorithms to create autonomous
TAS agents for Super Mario World (for the SNES), a classic platformer game with a
well-established speedrunning community and a lot of examples for seemingly optimal
strategies[1]. We focus specifically on three prominent RL algorithms: Deep Q-Network
(DQN)[15], Proximal Policy Optimization (PPO)[20], and Soft Actor-Critic (SAC)[4, 5].
Each of these algorithms approach the problem in a unique way, thereby representing
different approaches within reinforcement learning.

The primary objective of this research is to evaluate and compare the performances
of each of these algorithms in learning level-specific speedrunning behaviors, while also
investigating the challenges and limitations of applying RL to deterministic gaming en-
vironments. Unlike previous work[2, 8, 19] that researches the application of RL on
general gameplay, our approach emphasizes optimization of an individual level, trading
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generalization for potential performance gains in a specific scenario.

Our methodology incorporates guided learning through carefully designed reward func-
tions and constrained action spaces, representing a hybrid approach between pure explo-
ration and learning with limited actions. This strategy aims to address the substantial
exploration challenges inherent in the sparse-reward environment of Super Mario World
while maintaining the potential for discovering novel optimal strategies.

The main focus of this project is to serve as a proof of concept to see if we can construct a
reinforcement learning model that can finish a level of Super Mario World in a competitive
time. To achieve this goal, the model will have to be specialized in and over-fitted to a
single level. This means that the resulting model will only be able to perform well in the
level it was trained on, but will fail at its task on other levels. If this can be achieved for
a single level, it can be repeated for all levels (given appropriate adaptations in reward
shaping and hyperparameter selection), making it a viable, yet computationally expensive
tool for speedrunning games. With enough time and resources, a full sequence of models
fitted to their respective levels could be able to set a new record. And with even greater
resources and advances, it could be possible to train a single model to play through an
entire game at a world record pace.

2 Methodology

2.1 The Environment

We selected Super Mario World (1990, SNES) for its deterministic mechanics, a common
characteristic of early console games. For the environment we use Stable-Retro[16], a
fork of Gym-Retro, enabling RL environment setup and direct memory address access
through ROM files.

The retro environment does not come with any pre-made functionalities or even get-
methods for significant variables that are built specifically for Super Mario World. All it
provides is a data.json file which stores the memory addresses of specific in-game values
and a scenario.json file for the reward function and done condition. These values returned
from the data.json are absolute and can not be used directly to infer information about
the current state of the game in relation to the previous state of the game (except for the
EndOfLevel variable, which is a boolean value).

In order to use the information saved at the memory addresses in our done conditions and
reward function, we need to convert the information to relative information, dependent
on the previous frame. For example, the “death” done condition becomes true when
the current number of lives is less than the number of lives in the previous frame. This
approach allows us to perform many more calculations and create more complex reward
functions.

To obtain these memory addresses, stable-retro provides a so-called “integration tool”,
which allows users to play the game and discover memory addresses for specific variables.
However, after rigorous testing using gym-retros integration tool, we discovered that
most of the memory addresses the environment was initialized with are incorrect. For
example, Mario’s y-coordinate did not change according to what is happening on-screen.
This made it difficult to map the right variables to the right values, but after some trial
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and error, we were able to find the correct memory addresses for the most important
variables. Namely, Mario’s x-coordinate, lives, and EndOfLevel.

For the reward function and done conditions, we decided to not rely on scenario.json,
but rather make our own implementations in Python. This can be done by retrieving the
needed values from data.json and using it to give feedback to the agent after each step.
We found this approach to be easier and more straight-forward than complying to the
scenario.json syntax.

2.2 Pre-processing

Before feeding visual data to the agents, it is important to pre-process it. This is done
to limit both the amount of data used by the network and handled by the agent. The
pre-processing is done as follows. The environment outputs a single NumPy array con-
taining the 3 individual RGB channels, which is in turn converted into a single grayscale
image. Reducing the color channels simplifies the feature extraction process and allows
the network to focus on essential structural elements in the image. Lastly, the image
is down-sampled to a resolution of 84x84 pixels. This compresses the input data to a
much smaller form that is still well-interpretable by a CNN. These are the same input
dimensions and almost the same pre-processing steps used by [11] to successfully train a
RL agent to play Atari games. An example of how this looks like can be seen in Figure
2.

Figure 1: Raw screenshot of game screen Figure 2: What the agent sees

The CNN outputs a collection of features, as seen in Figure 3, which describe the current
game state, and are passed on to the actor-critic network to optimize its policy.

2.3 Guided vs Unguided RL

Depending on the goal of a project, different types of RL approaches can be taken. Rein-
forcement learning paradigms exist along a spectrum, ranging from purely autonomous
learning to methods heavily informed by human expertise. The former takes the form
of an agent learning optimal behavior solely by maximizing cumulative rewards derived
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Figure 3: CNN output features

from environmental interactions, without direct human intervention in the learning loop.
Instead, the latter integrates human knowledge or feedback in various forms – such as
providing reward shaping tailored to the problem domain or offering demonstrations of
desired actions. This is done to accelerate learning, or guide the agent towards safer or
more desirable behaviors.

When choosing the goal for our project, we made the distinction between different types
of agents all with their own nuances:

• A general agent able to complete most levels of SMW with no specific time con-
straint

• A general speedrunning agent able to independently find the end of a given level
and optimize its route

• A guided speedrunning agent highly optimized for a single level

Given the time and compute constraints that we had, we chose to go for the third option.
That is, a guided speedrunning agent highly optimized for a single level. This type of
agent is better suited for a more guided approach in the training phase for the reasons
explained below.

First, because we are trying to optimize a specific level, it is possible to greatly speed up
training by only allowing the agent to perform actions that we know are necessary for
completing the level as fast as possible. For example, if we know that in order to complete
a given level optimally, the agent only needs to use a combination of two different actions
(e.g. run right and run jump right), we can train the agent with an action space containing
only these actions. This speeds up training significantly, as the agent doesn’t need to first
go through a long exploration phase of finding out that all other actions lead to worse
rewards.

Because of the level-specific information that goes into manually defining an appropriate
reward function and hand-picking the correct action space, a model trained using these
metrics can inherently only perform well in an environment that rewards the resulting
behavior. If a level requires Mario to move left, up, or down to finish said level, an agent
trained to go only to the right will not be able to finish that level. This, however, is part
of the approach of overfitting the model to the level, and if multiple levels or an entire
game is to be completed, a separate agent will need to be trained, and an appropriate
action space and clever reward function defined for each level.

One flaw of guiding the agent using hand-crafted action spaces and reward functions is
that we are inherently limiting its exploration. We know that humans have completed
this level in record times by moving to the right and jumping at precisely the correct
moments, so we are manually pushing the agent to independently converge towards and
mimic this behavior.
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However, if the goal is to mimic a world-record run and then introduce entropy to try and
find a better sequence of actions, this can be achieved far more reliably using imitation
learning algorithms. Furthermore, by enforcing our agent to behave more and more like
a speedrun of a level we know results in a good time, we are eliminating the chance that,
by doing something completely different, we may actually get an even faster time. The
agent is not independently discovering a novel sequence of actions that lead to faster level
completion, it is simply mimicking and optimizing behavior we have determined to be
important for achieving its goal.

3 Training the Agents

3.1 DQN

Our DQN implementation employs a convolutional neural network (CNN) to learn opti-
mal navigation policies from preprocessed game frames. The agent uses epsilon-greedy
action selection and stores experiences in a replay buffer for stable batched updates.
Target networks and CNN feature extraction enhance training stability.

The agent’s learning process is based on associating visual patterns with actions that
result in positive rewards. It begins by receiving a raw image of the game screen. This
image is resized and normalized to form a state. The CNN then extracts features from this
state by identifying spatial patterns, edges, and textures. Although the network doesn’t
understand objects like coins, it learns to recognize visual cues that correlate with positive
outcomes. The CNN’s outputs are passed through fully connected layers that estimate
the Q-values for each possible action, representing expected future rewards.

Learning occurs through trial and error; the agent interacts with the environment, takes
actions, and observes rewards. When an action leads to a desirable outcome —such
as increased x-coordinate (reward = next x - current x)— the agent updates its Q-value
estimates. Each experience is saved to the replay buffer using the add experience function,
which records the current and next visual states. During the update step, these states
are used together with the received reward to calculate a target Q-value, reinforcing the
action that led to positive movement.

It is important to note that the agent does not compare consecutive frames directly to
detect motion. Instead, it associates a single frame (state raw) with the reward signal
derived from the x-coordinate change. For example, think of it as receiving snapshots in
a dark room: you do not see continuous motion, but you learn that a specific snapshot
followed by a “moved 1 meter” signal indicates that the “forward” action is beneficial.
The info dictionary, which includes the x-coordinate and lives, provides the necessary
feedback for this learning.

3.1.1 Algorithm operation

DQN are Deep Q-Networks combine Q-learning with deep neural networks and can handle
complex and high dimensional state spaces. It uses a neuronal network to approximate the
Q-function. To reduce sequential interference between single steps, it uses a replay buffer,
meaning it stores mini-batches in it’s memory and samples from it during training.

To update the Q-values, the Bellman equation is used [15].
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Q(s, a) = R(s, a) + γ
∑
s′

P (s′|s, a)max
a′

Q(s′, a′) (1)

where: - Q(s, a) represents the action-value function, which gives the expected return for
taking action a in state s, - R(s, a) is the immediate reward for taking action a, - γ is the
discount factor, - P (s′|s, a) is the transition probability from state s to s′ given action a,
- maxa′ Q(s′, a′) represents the best possible future return from the next state s′.

To adjust the weight within the network, the loss gets computed. The loss is the difference
between the predicted Q-value and the actual computed Q-value. With the help of the
Adam-optimizer, a gradient descent technique, the loss gets back-propagated through the
network and the weights altered.

On one hand, the agent wants to exploit it’s knowledge during training, to receive the
highest rewards. On the other hand it also wants to explore alternative routes and
discover shortcuts. To be able to do so, the already mentioned epsilon decay approach
guides the action choice for the training [18]. To decide if the action is taken randomly or
model predictions are applied during training, an epsilon threshold gets defined. It has a
start, end and decay value. The start value ensures that random steps for exploration are
applied, in our case with a start-epsilon value of 1.0, the agent first will do 100% random
exploration during the first 4 steps, after that getting reduced by epsilon decay.

3.1.2 Hyperparameters

For the DQN hyperparameters we made the following decisions:

• Learning rate α: 10−4; set to a lower value to make the training more stable, even
if slowing down the training process with it.

• γ: 0.99; This discount factor determines how much influence future rewards have
in Q-learning; since we want Mario to jump early before he reaches an enemy and
dies, we set it to 0.99, which is a middle to high value for the discount factor.

• The batch size is set to 32
• Hidden layers: 256
• ϵ-decay values

– ϵ-start: 1.0, we want the agent to use 100% exploration first.
– ϵ-end: 0.05; The agent should always have a little bit exploration to be able

to find better solutions, while relying heavily on exploitation in the end.
– ϵ decay: 2 · 10−5; slowly reducing ϵ to get a higher exploitation rate.

3.2 PPO

The Proximal Policy Optimization (PPO) algorithm is a popular policy gradient method
used to train the policy network. Unlike DQN, which is value-based, PPO directly opti-
mizes the policy while constraining updates to prevent large deviations from the previous
policy. This ensures stable learning and improved sample efficiency.

The key idea of PPO is to maximize a clipped surrogate objective that penalizes
large changes in the policy. The PPO loss function is given by:

LPPO(θ) = Êt

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
(2)
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where:

• rt(θ) =
πθ(at|st)

πθold
(at|st) is the probability ratio between the current and old policies.

• Ât is the advantage estimate at time step t.
• ϵ is a small hyperparameter (e.g., 0.2) controlling the clipping range.

The clipping ensures that the policy does not move too far from the previous policy by
limiting rt(θ) to [1− ϵ, 1 + ϵ]. The overall PPO algorithm updates the policy parameters
θ by maximizing this clipped objective using stochastic gradient ascent.

3.2.1 Implementation

We are using our own implementation of PPO, which was created for an assignment
in a separate class on reinforcement learning with the objective of solving the Cartpole
gymnasium environment [20]. Our implementation proved very effective for that task, but
has not been benchmarked or tested on any other environment. All of the fundamental
PPO hyperparameters, as well as various training parameters, are tunable in a dedicated
config.py file. For the advantage estimation, we use the popular General Advantage
Estimation (GAE), following [17].

3.2.2 Hyperparameters

For all training runs, we kept a few core hyperparameters constant:

• Hidden layer size: 512 (Good middle-ground)
• Learning rate: 10−4 (Slow learning rate for more stability)
• Gamma (GAE): 0.9999 (Future reward is valued highly)
• Epsilon: 0.2 (Standard PPO clipping parameter, more stable learning)

Some other hyperparameters we experimented with to see how they would affect training
progress include:

• Batch size: 2048 - 32768 (Higher batch sizes lead to more stable convergence, but
come at the cost of more frequent crashes due to memory problems)

• Number of epochs of policy updates: 4 - 20 (Lower values lead to more stable
convergence, but also higher occurrence of catastrophic forgetting)

• Image stack size: 4 - 8 (No difference in effect on learning could be determined, but
a larger image stack is slower to process)

• Number of parallel environments: 4 - 16 (Has a significant relationship with the
batch size - the more environments are collecting transitions in parallel, the less
transitions can be collected per environment until the batch is full.

• Maximum time per episode (in seconds): 35 - 180 (Used as a done condition so the
environment knows when to reset.

Finally, regarding exploration and entropy, it is common practice to add an entropy
coefficient to the PPO loss function to encourage novel states, such as done by [10].

Ltotal(θ) = LPPO(θ)− c1L
VF(θ) + c2H[πθ] (3)

• Ltotal(θ): Policy function loss.
• LVF(θ): Value function loss.
• c1: Coefficient for the value function loss term.
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• c2: Coefficient for the entropy bonus.
• H[πθ]: Entropy of the policy.

Our implementation of PPO goes one step further and introduces a decaying entropy
coefficient, which starts off with a high value that diminishes over the course of training.
The idea behind this is that, similar to the epsilon-greedy approach used in DQN algo-
rithms, we want the agent to start out very curious to explore and then over the course
of training and after having gathered and learned from plenty of data to slowly become
more confident in its actions and converge towards the optimal action sequence. The
respective entropy hyperparameters are:

• Starting Entropy coefficient: 0.1 - 0.001
• Entropy decay: 0.99 - 0.9999
• Minimum entropy coefficient: 0.00001 - 0

3.2.3 Network architecture

The PPO agent uses a CNN architecture designed for Super Mario World’s visual inputs,
employing a deeper network than [11] due to the game’s increased complexity compared
to Atari games.

The network consists of convolutional layers, with parameters (filter amount, filter size,
stride); (32,8,4), (64,4,2), and two times (128,3,1) with the final layer padded. Each layer
is followed by batch normalization and ReLU activation. The flattened CNN output
passes through two fully connected layers with hidden size units and ReLU activations
before splitting into policy and value heads. The policy head uses a hidden size/2 hidden
layer to output action logits, while the value head produces scalar value estimates.

We omitted auxiliary data (Mario’s coordinates and lives) after observing unfavorable
behavior in earlier iterations, assuming the agent can achieve its goals through purely
visual learning despite longer training requirements. Following [12], the network pro-
cesses stacked consecutive frames to capture temporal relationships between states and
actions.

3.2.4 Reward shaping and done conditions

For the very first iteration of the reward function, we came up with:

• Small reward if Mario’s current x coordinate > Mario’s last x coordinate
• 2x Small reward if Mario’s current x coordinate > Mario’s highest x coordinate so
far

• Small penalty per (time)step
• Large penalty for dying
• Large reward for reaching the end
• Large penalty for timing out

We did, however, come up with a way to simplify the reward function, as the opposing
nature of rewarding for steps but also penalizing for steps was causing us trouble with
local optima.

The new reward function looks like this:

• Small reward if Mario’s current x coordinate > Mario’s highest x coordinate so far
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• Large reward for reaching the end

With this very simple reward function we manage to sidestep all the complexities of having
to account for the temporal step penalty, which we will, once again, go into greater detail
on in Section 4.
The trick here is to use the maximum time per episode as the hidden time penalty by
setting it low on purpose.
For example, if we set the maximum time per episode to 30 seconds, and we know, as a
fact, the level we are training on can not be beaten in 30 seconds, then the agent should,
in order to maximize its reward per episode, learn to get as far into the level as possible
before it times out. If we set the maximum time per episode to what we know is a
competitive speedrunning time for the respective level, then the agent should, in theory
and if trained correctly, converge towards this behavior.

The done conditions stayed constant throughout the whole project:

• If current lives < lives last step (Dead)
• If current step > maximum steps per episode (Timed out)
• If abs(Mario’s current x coordinate - Mario’s x coordinate last step) > 100 (Running
against an object)

• If EndOfLevel == True (Mario reached the end of the level)

3.2.5 Multiprocessing

Due to the game itself being made for ancient hardware, it is extremely lightweight to
run an episode of a level using the retro environment. On top of this, we have the option
to not render the screen and just receive an RGB array containing the values, allowing
us to significantly speed up training by not being limited by its frame-rate. The parallel
environments are reset synchronously.

The amount of parallel environments to be used in training is directly controllable through
the agents respective config.py file. It should be noted, though, that the amount of parallel
environments being run has a significant relationship with how far into the episode each
agent makes it before the batch is full and the model updates, so these two parameters
(num envs and batch size) should be designated thoughtfully. Additionally, they are
limited by computational resources.

3.2.6 Entropy Regularization

Due to early iterations of the training process converging towards suboptimal determin-
istic behavior much too quickly, we came up with the idea of a “death zone”. This is a
range of x-coordinate values where Mario has experienced many deaths. We tried increas-
ing the entropy within this death zone so that the agent can hopefully break free from a
local optimum by acting more randomly. This however didn’t result in the improvements
we were hoping for.

The effect and implications of entropy were a topic of extensive conversation during the
course of this project, starting out as simply a constant entropy coefficient chosen as an
afterthought, but slowly being recognized as a significant factor in the overall performance
of our models, and the crux to the question of why argmax evaluation performed so much
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more poorly than stochastic sampling. We go into further detail on the topic of entropy
in Section 5.

3.2.7 Curriculum Learning

To speed up training, we employed curriculum learning, which is the idea of first train-
ing the model on a simpler task, and, as the model gains confidence in this, gradually
introducing further complexity. This is an already established reinforcement learning
technique called “Curriculum Learning”, as explained in [14].

We approached this by first having an agent learn to simply finish a level without any
temporal penalty applied at all. Once the agent can confidently achieve this, we can
start penalizing sub-optimal behavior to enforce convergence towards optimal behavior,
without worrying that the agent unlearns its core objective of reaching the end of the
level.

Regretfully, this didn’t play out as we had intended. In its initial, most simple training
stage, the agent does learn to reach the end of the level, but with stochastic confidence.
This is because there is no single optimal solution for the agent to reach the end of the
level if we ignore the temporal aspect. An agent reaching the end of the level in 100 steps
will receive the same reward as an agent who reaches it in 1000 steps, meaning that there
are an endless amount of potential action sequences for achieving the maximum reward,
so there is no optimum for the agent to converge towards. It does still learn to maximize
its reward per episode, but, as mentioned, this is with stochastic confidence, identifying
a subgroup of actions as being equally conducive to achieving a high reward rather than
a single action per state.

In Section 5, we propose a possible curriculum learning strategy that may lead to better
results, but for which we did not have enough time to experiment with ourselves.

3.3 SAC

Soft Actor-Critic (SAC) is an off-policy actor-critic[9] deep reinforcement learning algo-
rithm based on the maximum entropy reinforcement learning framework[4, 5]. Unlike tra-
ditional reinforcement learning approaches that solely maximize expected reward, SAC
optimizes a trade-off between expected return and policy entropy (randomness). This
causes the agent both to try and succeed at the task while also acting as randomly as
possible (exploration). This entropy regularization provides several key advantages: im-
proved exploration, more robust learning, and the ability to capture multiple modes of
near-optimal behavior.

Just like DQN, as explained in Section 3.1.1, SAC makes used of a replay buffer, in which
experiences from both the current and older versions of the policy are stored. This is what
makes SAC off-policy. The replay buffer contains records of form (s, a, r, s′, d), where s is
the current state, a is the action taken at state s, r is the reward for performing action
a, s′ is the next state, and d denotes if the program is finished (done).

The core objective of SAC can be expressed as maximizing the objective function, which is
the expected entropy-regularized return over all states present in the replay buffer:

J(θ,D) = E
s∼D

[
E

a∼πθ(·|s)

[
min
i=1,2

Qϕi
(s, a)− α log πθ(a|s)

]]
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where

• πθ is the policy (network) with set of parameters θ,
• D is a given replay buffer,
• s is a state in replay buffer D,
• a is an action in policy πθ for state s,
• Qϕ is a Q-network with set of parameters ϕ,
• Q(s, a) is the Q-value for performing action a in state s,
• α is the entropy coefficient or temperature that controls the trade-off between re-
ward and entropy maximization, and

• log πθ(a|s) represents the entropy of the policy for performing action a at state s.

For the training of the SAC algorithm, the following loss function is used:

L(ϕi,D) = E
(s,a,r,s′,d)∼D

[
(Qϕi

(s, a)− y(r, s′, d))
2
]

where y(r, s′, d) is defined as

y(r, s′, d) = r + γ(1− d) ·
(

E
a′∼πθ(·|s′)

[
min
i=1,2

Qϕtarg,i
(s′, a′)− α log πθ(a

′|s′)
])

where

• γ is a discount factor
• a′ an action taken from next state s′, and
• Qϕtarg,i

is the target Q-network with set of parameters ϕ corresponding to Q-network
Qϕi

Do note d is a boolean value of either 0 or 1; meaning that if for a certain next state s′

the algorithm is done, y(r, s′, d) = r. Another note is that this definition of y(r, s′, d) only
works for discrete action spaces, which is relevant for the environment our implementation
is used in (as described in Section 2.1). For a continuous action space sampling would
occur, replacing the expectation E as no full expectation can be considered over an infinite
amount of actions.

These formulas effectively means the Mean Squared Bellman Error (MSBE) is taken over
the Q-networks: the mean squared error with regard to the Q-networks and, in the case
of SAC, also with regard to the entropy. As the action space is very limited, the full
expectation over all actions can be easily computed.

3.3.1 Implementation

SAC is implemented with three main neural networks: a stochastic policy network (the
actor) and two Q-networks (the critics) with their corresponding target networks. The
algorithm uses clipped double Q-learning[6, 7]. This effectively means that out of the
calculated Q-values the lower, more conservative, value is being used to prevent overesti-
mation bias. The policy is trained to maximize the expected Q-value while maintaining
high entropy, while at the same time the Q-networks are updated using the MSBE with
regard to their target networks and the entropy as described in Section 3.3.

The implementation as described in this paper is an adaptation of the original SAC,
mainly in regard to discrete action spaces such as, in this case, Super Mario World. As
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described above, this means the full expectation over all possible actions is calculated,
rather than sampling from a large or infinite amount of actions.

Another adaptation is the incorporation of Prioritized Experience Replay with importance
sampling. This means the algorithm prioritizes learning from experiences in the replay
buffer which have higher loss, potentially speeding up convergence in environments with
sparse or delayed rewards.

Thirdly, there is dynamic hyperparameter scheduling. This means that during the course
of the algorithm the hyperparameters are adapted (at preset intervals) to lessen the
amount of exploration, shifting from a lot of exploration to less exploration as more
experience has been collected.

3.3.2 Reward Shaping

The rewards used for the SAC implementation are focused on moving Mario to the right
and finishing the level, while explicitly not ending the level by dying. This is implemented
as the agent getting a positive reward for moving to the right, increasing the reward for
the run by 2∆x, with x ∈ N. For not moving to the right, or even moving to the left
(in some way) the agent incurs a penalty of 1 (a reward of −1). For reaching the end of
the level, thereby successfully finishing said level, the agent will receive a reward bonus
of 1000, while for dying and therefore unsuccessfully finishing the level the agent incurs
a penalty of 5000. Each run or episode is capped at 5000 steps, as after that point the
agent would finish with a too low reward to consider useful, if it would finish at all. This
effectively causes the agent to receive a negative total reward for a run where Mario does
not reach the finish, and a positive total reward for a run ending with a finish.

3.4 Alternative approaches

3.4.1 State-based

After encountering challenges using visual data to teach the agent, we decided to experi-
ment with a state-based approach. That is, omit the visual data entirely. This approach
works by taking the game variables from data.json and give feedback to the agent sim-
ply based on the values of the changing variables as the agent performs actions in the
environment. As an example, the agent can learn to go right by just receiving a reward
when the x-value of the environment is increased, without having to rely on any visual
data. This approach also had the advantage of significantly speeding up training time as
there is no processing of the visual data to be performed. An analogy to this approach
would be guiding a person to the bathroom while being blindfolded and telling the person
whether it is going in the right direction or not. We found that this method helped to
speed up training, but given the limitations of the variables given in the data.json, the
agent was very limited in what it could learn.

3.4.2 Brute force

The project aimed to develop a machine learning model capable of replicating success-
ful speedruns in a video game level, though consistency is generally less important for
speedruns: for competitive speedrunning, where single record-breaking runs matter most,
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the optimal approach should be able to make a record run at least once rather than al-
ways.

The training process inherently relies on intelligent brute-force sampling: agents randomly
attempt actions until achieving high-reward runs. While backpropagation progressively
biases the action probabilities of short-term beneficial choices, the agent does not focus on
those, creating a probability distribution that slowly converges toward a global optima.
This method enables capturing individual record-setting runs during training phases,
even without producing a consistently high-performing model.

Practically, limiting the action space (e.g., to only run-right and jump-right) acceler-
ates moving in the right direction, as demonstrated in our submitted recording. For
speedrunning applications, this targeted brute-force approach proves more viable than
training fully autonomous agents.

4 Results

4.1 DQN

The DQN agent has 42 different actions available, meaning in the first episodes he just
tires out random trajectories. After a while the agent learns that for getting a higher
reward he has to take an action that gets him a better x-position. As discussed in section
3.1, the only input the agent gets is a prepared gray-scaled and down scaled picture, to
recognize enemies, items and obstacles (See also Figure 2). Eventually, the agent is not
able to recognize any pattern in the picture. Its executions seem to be random random,
except in the data that he gets explicitly through the rom addresses (x-position, dying
and finishing the level). Because the level is so easy, the agent finishes it sometimes.

Figure 4: Smoothed Average Reward Per Episode (DQN)

Figure 4 shows what reward the agent gets after a time; No real learning behavior can
be observed. The light-blue areas of steps that returned a high or vary low sore.

4.2 PPO

As detailed in Section 3, multiple reward functions were tested. Most agents demonstrated
rapid early progress, learning to prioritize rightward movement within an action space
of 42 options after minimal training. When episode durations exceeded two minutes,
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Figure 5: PPO training progress over the course of 450 episodes

agents occasionally reached the level’s end by chance during initial exploration phases.
However, prolonged training (hours to days) revealed systemic failure modes: models
exhibited catastrophic forgetting, regressing to suboptimal policies where agents ceased
meaningful action. Early progress stalled once agents encountered the level’s endpoint,
with models unable to optimize action sequences for consistent completion.

The simplified reward strategy from Section 3 produced distinct learning dynamics (Fig-
ure 5). Episode returns stopped increasing after about 50 training iterations, followed by
300 episodes of stagnation and eventually started decreasing. Brief performance spikes at
300 episodes reflected intermittent high-reward trajectories, but these were not retained.
Entropy values remained above 2.0 throughout training, indicating low policy confidence,
and began rising post-300 episodes, mirroring the return decline. Only five episodes ter-
minated via successful level completion, underscoring the strategy’s limitations.

All models suffered from stochastic confidence rather than deterministic policy optimiza-
tion. While action sampling produced occasional successful runs (evidenced in simulation
files), argmax evaluation consistently yielded repetitive failure sequences (e.g., continu-
ous rightward movement into enemies). This divergence confirms models identified action
subgroups with marginally higher rewards but failed to develop precise confidence hierar-
chies. The inability to learn context-sensitive responses (e.g., jumping vs. moving right
near enemies) persisted across all configurations, preventing reliable level completion with
deterministic evaluation.

4.3 SAC

The SAC algorithm was run with the following parameters: a learning rate of 3 · 10−4,
an (initial) α of 0.8, a γ (discount factor) of 0.95, and a hidden layer size of 512. It did
25 updates every 100 environment steps. The replay buffer was of size 1 · 105 from where
batches of size 2048 were taken. Training did only start from the point where there were
at least 5000 experiences in the replay buffer.

As can be seen in Figure 6, the training process of the algorithm is rather erratic. The
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reward fluctuates between thousands in the plus and in the minus. Do note this graph
already had smoothening applied with a rolling window of 5: the original graph was
basically a barcode, fluctuating between 10000 in the plus (for a successful run) and 4000
in the minus (for dying), and other values in between as well. Even though this model
had already been trained for thousands of episodes before as well, it shows no sign of
convergence.

Another interesting aspect from Figure 6 is that the amount of steps is very closely tied
to the score. This is intuitive, as the more steps the agent is alive for, the more chance
it has to move to the right (giving a positive score, see Section 3.3.2). At the same time,
a higher step count can also mean that the agent is running against a pipe, which does
incur significant negative rewards. So it is interesting to see a higher number of steps
taken results in a higher reward across most if not all episodes.

Figure 6: SAC training progress over the course of 400 episodes

5 Discussion

5.1 DQN

DQN has demonstrated success in various game-playing scenarios in the past. However,
SMW comes with its own challenges. DQN’s reliance on approximating the Q-function,
which estimates the expected cumulative reward for each action, can be problematic
in environments with sparse or delayed rewards, as is sometimes the case in speedrun-
ning. The agent struggles to effectively propagate rewards back through time, leading
to slow learning or suboptimal policies. Additionally, DQN’s tendency to overestimate
Q-values can result in unstable training and exploration, particularly when dealing with
high-dimensional state spaces like the visual input from Super Mario World. To try
and mitigate this, we used techniques such as experience replay and target networks.
However, this also increases model complexity and more difficult hyperparameter tuning.
Furthermore, given our results DQN’s exploration strategy, which is based on epsilon-
greedy, did not seem to be sufficient for discovering novel strategies or overcoming local
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Figure 7: Red: High Deterministic Confidence, Blue: High Stochastic Confidence, Green:
High Entropy

optima. Out of the three models that we have tested, we found that DQN provided the
least satisfactory rewards.

5.2 PPO

Although we were regrettably not able to achieve our goal for this project of obtaining
a model that can confidently speedrun a level of Super Mario World, we did learn a
lot and come to many new realizations in the process. Mainly, we gained plenty of
practical experience working with and tuning the PPO algorithm, and were introduced
to the challenges of working in an environment with sparse rewards and a fragile reward
function with many local optima.

5.2.1 Thoughts on entropy

The agent does not behave completely randomly anymore (Green line in Figure 7), but
also has not been able to single out a single best action for every possible state it could
encounter (Red line in Figure 7). It behaves somewhere within these boundaries, having
been able to filter out actions that definitely don’t result in a high reward, but between
those that do lead to a potentially better reward, it is unable to learn which specific
action is truly better than the others for which state (Blue line in Figure 7).

5.2.2 Thoughts on curriculum learning

Although curriculum learning did not enable us to break out of the local optima and
entropy hell we were facing, we do think that it has high potential of aiding us at our
specific goal.
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Our agent was quite successful at finding the end of the level, but struggled a lot at
optimizing its route to the end, usually resulting in catastrophic forgetting. This is
a product of the stochastic nature of such agents, where if a trajectory is not being
reproduced in training often enough, its behavior and effect on the model will over time
be forgotten and the model will regress. Also, if there are many different sequences that
lead to the same result, which applies more and more the longer the level is, then there
is no true optimum for the model to converge towards and it will only gain stochastic
confidence. A practical solution for this could be to set the end of the level much closer,
say at x coordinate 1000, or just after the first challenging part (e.g. enemy) of the level.
By shortening the section that needs to be completed, training can be exponentially
sped up because there are far fewer local optima to get stuck in, and there are fewer
optimal actions for each state. After the agent has learned to confidently complete the
first section, it should in theory be able to learn to complete consecutive sections faster
as well, as some of its learned behavior will also be relevant for the next sections.

5.3 SAC

There are a few issues with implementing SAC for Super Mario World. First of all, the
algorithm is generally designed for a continuous action space, yet our action space is
discrete. There are things you can do however to adapt SAC to a discrete action space
[21], which we have done.

We suspect however that the main drawback of this approach is in the usage of Q-
functions. These give the expected total reward for a certain action, but this is mostly
correlated with how far along the level Mario is, and with that how much “potential
reward” he has left. This means that the Q-functions effectively memorize where Mario
is along the level, rather than what he should do, and this is not a useful metric for the
agent to know. It should just judge which action is best locally, as getting through the
currently visible part of the level as fast as possible, will also result in the entire level
being completed as fast as possible, at least for the simple level we trained our agent on.
This means that SAC is probably not suited well for this task.

6 Conclusion

6.1 Comparison

DQN achieves the lowest scores due to challenges in handling the sparse rewards and
Q-value overestimation. Its epsilon-greedy exploration strategy proves insufficient for the
environment’s complexity.
PPO demonstrates rapid initial progress in directional movement, but then experiences
a long period of stagnation, followed by catastrophic forgetting leading to a steady reces-
sion of the models abilities. While some promising models were trained, their evaluation
highlights the difficulties of implementing a stochastic model into a deterministic envi-
ronment with a large action space, and how tricky it can be to get the reward function
right.
SAC shows extreme training instability with the reward varying by the thousands be-
tween episodes. The Q-networks memorizing the position rather than learning optimal
actions seems to lead to focus on potential reward rather than optimal actions.
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With all the algorithms failing to develop deterministic policy confidence, none can reli-
ably complete the level or even achieve speedrun-level performance.

6.2 Challenges and Limitations

One notable challenge we encountered is the difference in granularity between the agent
x-step and environment x-axis. This means that for the change in position of the agent
to register in the environment, the agent needs to take more than one step. This is
problematic, because the reward function is updated after each step. If the environment
does not return an x-change after each action, then it is hard to give appropriate feedback
to the agent, as the change in the x-direction is an integral part of the reward function.
It was very difficult to find this issue, since the connection with the data.json file made
it hard to read in-game variables.

This granularity mismatch presented a problem with the training times rather than the
agent learning properly. This is because the agent would also learn that going left is a
viable strategy for ultimately going right, provided that the agent takes more random
steps to the right triggering an environment x-change. In turn, this meant that the agent
had to perform many more actions before learning that going right was the right thing
to do.

To fix this issue, it is possible to directly incentivize the agent to move in the right
direction, rather than let it figure out that going right is the right move. We unfortunately
found this out quite late in the project, which made us try many unnecessary things which
we thought were the cause of the agent not learning properly. Once this was implemented,
we noticed that our agent was learning faster than before.

6.3 Future work

Future research could explore the application of imitation learning techniques, wherein
the agent is trained on human-generated or expert demonstrations of Super Mario World
gameplay. This approach could bypass the exploration challenges inherent in reinforce-
ment learning, rapidly converging towards competent strategies by emulating successful
play patterns [13].

Future research should also consider the development of a more general agent capable of
speedrunning various Super Mario World levels, rather than being optimized for a single
specific level. This would require addressing the challenges of generalization across dif-
ferent level layouts, enemy placements, and goal locations. Potential approaches include
using more robust feature extraction methods, such as convolutional neural networks
trained on a diverse set of levels, and incorporating techniques like meta-learning or
transfer learning to enable the agent to quickly adapt to new environments.
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