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Abstract—In the emerging landscape of off-policy reinforce-
ment learning (RL), challenges arise due to the significant costs
and risks tied to data collection. To address these issues, there
is an alternative path for transitioning from off-policy to offline
RL, known for its fixed data collection practices. This stands in
contrast to online algorithms, which are sensitive to changes in
data during the learning phase. However, the inherent challenge
of offline RL lies in its limited interaction with the environment,
resulting in inadequate data coverage. Hence, we underscore
the convenient application of offline RL, 1) starting from the
collection of a static dataset, 2) followed by the training of
offline RL models, and 3) culminating with testing in the same
environment as off-policy RL methodologies. This involves the
utilization of a uniform dataset gathered systematically via non-
arbitrary action selection, covering all possible states of the
environment. Utilizing the proposed approach, the Offline RL
model employing a Multi-Layer Perceptron (MLP) achieves a
testing accuracy that falls within 1% of the results obtained by
the off-policy RL agent. Moreover, we provide a practical guide
with datasets, offering valuable tutorials on the application of
Offline RL in Gridworld-based real-world applications. The guide
can be found in this GitHub | repository.

Index Terms—Offline RL, Data Distribution, Deep Learning,
DQN, Machine Learning, Tutorial

I. INTRODUCTION

Reinforcement Learning (RL) has shown great potential in
solving complex decision-making problems []1].

However, its wide distribution is hindered by a funda-
mental limitation - the online nature of RL algorithms [2].
This online nature makes data collection costly and risky
[3] [4]], especially in areas such as robotics, autonomous
driving, and healthcare [2]. Due to the limitations of online
learning, there is a growing interest in Offline RL, which
involves learning from pre-collected datasets while avoiding
costly and risky online data collection [5[]. Nonetheless, the
major limitation to the widespread adoption of Offline RL is
the absence of continuous exploration of the environment, a
crucial component of online RL algorithms. This deficiency
in exploration results in insufficient dataset coverage for any
Offline RL algorithm [6] [7]. Moreover, the complex nature

'K. Tokayev, “Offline RL Dataset,” https:/github.com/ZeroNegativity/
OfflineRLDataset.git, 2023.
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of both off-policy and offline RL algorithms pose a significant
challenge in the adoption of methodologies enhancing their
synergy and bridging the gap between them [2]. This knowl-
edge gap hinders the adoption and development of Offline
RL algorithms. Current approaches aimed at improving the
performance of Offline RL models operating with potentially
biased data include pessimistic strategies and dataset-centric
interventions. Pessimistic strategies in Offline RL often include
the construction of a penalty function (pessimism) to ensure a
conservative estimation of the policy. By incorporating this
penalty function, the policy avoids being overly optimistic
about the data, thereby reducing its susceptibility to potential
noise or suboptimal data [[6]. On the other hand, dataset-
centric interventions primarily aim to improve data collection
procedures, thereby improving data quality and consequently
yielding higher accuracies for trained Offline RL models [§].
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Fig. 1: An Overview.

Our approach based on the data-centric interventions pro-
poses the following steps to solve the research problem: First
and foremost, it is imperative to adopt a step-by-step approach
to acquire a uniform dataset from the off-policy RL setup to
train an Offline RL model independently in the Gridworld
environment (see Fig. [T). The environment will be constructed
using the Open Al Gym package as the first step, followed by
the creation of a custom Gridworld environment using basic
packages. This approach creates a controlled environment for
Offline RL experiments, allowing researchers to evaluate and
compare different approximation algorithms systematically. To
assess the scalability of our approach, it is tested across various
Gridworld sizes.

Secondly, to obtain a more objective and fair evaluation
of Offline RL algorithms, various approximation models,
and simple value functions are tested and compared using
collected static datasets (both uniform and non-uniform) (see
Fig. [I). This rigorous evaluation process will help identify
the strengths and weaknesses of various model approximations
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and value functions, providing insight into their suitability for
Offline RL applications.

The contributions of this research are as follows:

o Dataset collection: Uniformly and non-uniformly dis-
tributed static datasets were obtained from the off-policy
RL experience that was used to train an Offline RL model.
As a result, agents trained on a uniform dataset predom-
inate, demonstrating superior performance compared to
agents trained on non-uniform datasets.

o Offline RL model training: An efficient learning process
for Offline RL models has been empirically demonstrated,
which includes 1) fitting various value functions and
2) optimizing different model approximators on static
datasets.

o Gridworld setup testing: The performance of the Offline
RL agent is assessed within both custom and OpenAl
Gym Gridworld environments. Furthermore, the eval-
uation was extended by increasing the dimensionality
of the Gridworld setup to rigorously test the proposed
methodology.

II. MOTIVATION AND RELATED WORK

In this section, we discuss the motivation behind this paper
and explore related research works.

A. Motivation
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Fig. 2: Motivation Example.

Note: Term ORL represents Offline Reinforcement Learning.

Fig. [2] highlights a huge gap in testing accuracy between
off-policy RL results obtained from training with DQN and
non-uniformly collected simple ORL trained on MLP, which
replicates the parameters of the DQN. This significant gap
observed in these results can be due to a distributional shift in
the collected dataset. In our case, it occurs because the function
approximator in Offline RL is trained under one distribution
(non-uniform dataset) while the evaluation of its accuracy
happens on a different distribution [2]. In other words, the
Offline RL policy is trained on one set of visited states, while
tested on another. This could occur as a result of the random

initial state selection during training, the epsilon-greedy policy
of action selection, or, more subtly, the action of maximizing
the expected return [2]. The solution to this issue is to train
and test the policy on identical distributions. However, during
testing, the state of the environment is selected randomly,
making it impossible to predict its distribution. This requires
the adoption of a uniformly collected dataset that comprehen-
sively stores every state of the environment, thereby ensuring
the inclusion of the testing distribution within the collected
dataset. Thus, the primary motivation of this paper is to
present a straightforward and effective methodology using the
uniformly collected dataset for the seamless transition from
off-policy to offline learning, while ensuring no loss in test
accuracy performance.

B. Related Work

Algorithm-centric ORL: Offline RL models aim to learn
policies from a static dataset without interacting with the
real environment [2]. Deploying off-policy RL algorithms
directly in an offline setting faces a challenge known as the
distributional shift problem, which can lead to a significant
drop in performance, as highlighted in [3|]. To mitigate this
issue, model-free algorithms strive to either constrain the
learned policy close to the behavior policy [3[] [9] or penalize
the values of state-action pairs that lie outside the distribution
of the collected data [|10] [L1f]. On the other hand, model-
based algorithms [[12] [[13] simulate the real environment to
generate additional data for policy training. Most of these
approaches necessitate imposing pessimistic constraints on the
learned policy.

Data-centric ORL: Recent advancements in Offline RL
have predominantly utilized datasets generated by task-
oriented policies. For instance, the benchmark suites D4RL
[14] and RL Unplugged [15] [[16] comprise datasets acquired
through policies designed to optimize rewards specific to
particular tasks. These datasets are primarily sourced from
either the replay buffers of the training process or trajectories
obtained at a particular point during the training phase. This
methodology of static dataset collection has found applications
in various domains, including continuous control for robotics
[3]], navigation [17]], industrial control [|18]], and Atari video
games [|19]. Another state-of-the-art approach consists of using
unsupervised exploratory data collection [8]] [20] which is
more suited for multi-task ORL algorithms. This approach
includes relabeling data with a downstream reward after col-
lection and before training a policy with Offline RL [§].

In contrast, our proposed methodology acquires a static
uniform dataset, eliminating the possibility of distributional
shifts. As a result, our algorithm does not require the imposi-
tion of additional pessimistic constraints on the learned policy.
Our methodology shares similarities with datasets gathered by
supervised task-specific policies. However, our data collection
process occurs after the completion of the training phase,
ensuring the acquisition of a uniform dataset.



III. PRELIMINARIES

A. Reinforcement Learning (RL)

1) Generic Off-policy RL: is an approach that estimates
the value function of a policy using a set of transition data
generated by another policy [21]. The algorithm can take
several input variables, including the current state of the
environment. The agent applies the maximum Q-value to the
environment using the specified states and actions, resulting in
a new state and reward from the environment [22]. The value
function estimate is updated using the Bellman operator, which
considers observed transitions:

20 =a[5) - Qs )| TQu(s0). )

Here, Qy(s,a) is a Q-function approximated using parame-
ters/weights 6, (s) denotes the value of the approximated
Bellman operator, and « represents the learning rate. The
Bellman Operator equation is given by:

B(s) =r(s') +ymax Qq(s',a’). 2)

In this equation, r represents the reward, v is the discount
factor, and Qg (s’, a’) corresponds to the Q-values for the next
state s’ and action a’.

To facilitate learning, experience replay is employed, where
past experience in the form of a tuple (s,a,s’,r’) is stored
in the buffer list. This approach allows the algorithm to
learn from a variety of experiences, improving its overall
performance. The primary advantage of DQN over online Q
learning is that DQN can learn from data more effectively
through updating its weights by extracting information from
each step of experience multiple times [23]]. Another advantage
of DQN is that it learns from randomly sampled experiences
from the replay stored as minibatch rather than consecutive ex-
periences which leads to the decrease in updates variance [24].
Consecutively DQN demonstrates resilience against getting
trapped in poor local minima [24]]. For instance, if the optimal
action is moving upward, algorithms like online Q learning
focus too heavily on upward movements, risking getting stuck
in local minima. On the other hand, DQN avoids this issue by
smoothing out such biases by averaging its past experiences
[25]].

The main idea of the DQN in our work is to connect the
reinforcement learning algorithm to a deep neural network to
learn directly from the state representation of Gridworld (see

Fig. [3])
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Fig. 3: DQN representation.

As mentioned earlier algorithm learns from the sample of
experiences which is named as minibatch represented as tuples
of e = (8¢, a¢,7441,5;,1) which are stored in the experience
replay buffer which is represented as D = ej,...,en (see
Fig. ). The experiences are inserted into the replay buffer
during each step of the agent which will be initialized after
the agent performs an action. The replay buffer has a constant
size meaning that if the number of experiences exceeds the
size of the buffer then new experiences overwrite the oldest
experiences.

Fig. 4: Experince replay representation.

The minibatch is randomly sampled from the replay buffer
during every step. To maintain a proper sampling process the
minibatch size must be less or equal to the size of the replay
buffer. The pseudocode of the DQN implemented in this work
is the following [24]:

In the Deep Q-Network (DQN) algorithm [T} the first step
is to initialize the replay memory D with capacity N. This
replay memory will store past experiences for training the
neural network (line 1). Next, the action-value function (@) is
initialized with random weights 6. This function represents the
neural network that approximates the Q-values for state-action
pairs (line 2). The algorithm iterates over a fixed number of
episodes, denoted as M. Each episode represents a complete
interaction cycle with the environment (line 3). Within each
episode, the algorithm starts by initializing the state s; from
which the agent will begin its exploration of the environment
(line 4). Then, for each timestep within the episode, the agent
chooses an action based on an exploration-exploitation strat-



Algorithm 1 Deep Q-Network (DQN)

Algorithm 2 Deep Q-Network (DQN) in Gridworld 4 x 4

Initialize replay memory D with capacity N
Initialize action-value function () with random weights 0
for episode = 1 to M do
Initialize state sq
for timestep = 1 to 7" do
With probability e select a random action a;
Otherwise select a; = argmax,Q(s¢, a;6)
Execute action a; in the environment and observe reward
r¢ and next state Si41

AN I T

9: Store transition (st, at, 1+, St+1) in D
10: Sample random minibatch of transitions (s;, @i, 74, Si+1)
from D
11: Set target for Q-learning update: Yi =
T4 episode terminates at ¢ + 1
ri 4y max Q(sit+1,a’;0) otherwise
12: Perform gradient descent on (y; — Q(s:,a:;6))? with
respect to the network parameters 6
13: end for
14: end for

egy. With probability €, a random action is selected, otherwise,
the action with the highest Q-value is chosen (line 5-6). The
chosen action is executed in the environment, leading to a
reward 7, and the observation of the next state s;y; (line 7).
The transition (¢, at, ¢, S¢+1) is stored in the replay memory
D, which will be later used for training the neural network
(line 8). To train the neural network, a random minibatch of
transitions (s;, a;,7;, S;+1) is sampled from the replay memory
D (line 9). The target for the Q-learning update is set based
on the Bellman equation. If the episode terminates at the next
state, the target is simply the immediate reward. Otherwise,
it is the immediate reward plus the discounted maximum Q-
value of the next state (lines 10-12). Gradient descent is then
performed on the mean squared error between the predicted
Q-values and the target values, with respect to the network
parameters 6 (line 13). This process of selecting actions,
storing transitions, sampling minibatches, and updating the
neural network parameters is repeated for each timestep within
each episode, over the entire training duration (lines 4-14).

In the Gridworld DQN Algorithm, we change how we
handle states compared to classic DQN. Instead of using the
raw state s, we first preprocess it into ¢(s) which is the tensors.
Also, we define terminal states based on the rewards of Goal
and Pit states. The final pseudocode for the Gridworld DQN
4 x 4.

In the gridworld scenario (Algorithm [2), the state space is
represented as a sequence of symbols, denoted as sy, and pre-
processed into a feature vector ¢(s;). This preprocessing step
is specific to the gridworld environment, allowing the neural
network to operate on a more structured input format com-
pared to the general DQN algorithm (line 6). The gridworld
environment is explicitly initialized, denoted as testjame,
with a fixed size of 4 x 4. This initialization step is specific to
the gridworld environment, setting up the environment where
the agent will interact (line 5). During action selection, the
agent chooses actions based on the maximization of the action-

1: Initialize replay memory D to capacity N

2: Initialize action-value function @ with random weights

3: Initialize state s

4: for episode = 1 to M do

5: Initialize test_game as a Gridworld of size 4 in sequence
s1 = x1 and preprocessed sequenced ¢1 = ¢(s1)

6: for step =1 to T do

7: With probability e select a random action a:

8: otherwise select a; = argmax, Q(¢(s¢),a : 0)

9: Execute action a; in environment and observe reward 7
and new state S¢y1

10 Store transition (¢(st), at, ¢, $(st+1)) in D

11: Sample random minibatch of transitions
(¢j,a5,75,9;+1) from D

12 Sety, = T A / for terminal ¢j+1

r; + ymax, Q(dj4+1,a’;0) for non-terminal ¢; 1

13: Perform a gradient descent step on (y; — Q(¢;,a;;0))?
with respect to the network parameters 6

14: if reward = 10 then Game won! end for

15: end if

16: if reward = —10 and step > 15 then Game lost! end
for

17: end if

18: end for

19: end for

value function ) with respect to the preprocessed state feature
vector ¢(s¢). This differs from the general DQN algorithm,
where actions are chosen based on the state s; directly (line
7). Transitions in the replay memory D are stored as tuples
((st), ag, e, d(se+1)). Here, the states are represented by
preprocessed feature vectors ¢(s;) and ¢(s;41), instead of raw
states s; and s;1. This distinction is crucial for the gridworld
environment, where states are represented as sequences of
symbols (line 8). When computing the target value y; for
the Q-learning update, the next state ¢;,; is checked for
terminality. If the next state is terminal, the target value is
simply the immediate reward r;. Otherwise, it is the immediate
reward plus the discounted maximum Q-value of the next state,
estimated using the target network Q (line 9). The termination
conditions are specific to the gridworld environment. If the
agent reaches a state with a reward of 10, it is considered
a win condition. Similarly, if the agent receives a reward of
—10 and has taken more than 15 steps, it is considered a loss
condition. These conditions signify the end of the episode in
the gridworld environment (lines 11-14).

2) Offline RL: also known as batch RL, is considered
different from the traditional real-time interaction with the
environment [26] [27]]. Instead, it uses a fixed set of transitions
obtained from the experience replay buffer [28]], usually from
a pre-trained or already trained model (74 in Fig. @), enabling
supervised and cost-effective training. Typically, the input
variables for Offline RL are the same as those for generic
off-policy RL, which include the current state and action. The
main difference is in the static dataset used for policy training.
In Offline RL, the dataset is pre-collected, while off-policy
RL relies on online interactions. Nevertheless, other policy



specifications, such as the testing phase, remain the same for
both Offline RL and off-policy RL [2] [29].

3) Evaluation Metrics: The evaluation metrics employed
in this study during the Gridworld testing are as follows:

o Testing accuracy is the primary measure of accuracy
in the context of reinforcement learning, which repre-
sents the percentage of games won out of all testing
epochs/games played. Additionally, we evaluated the
model’s performance using two other key metrics.

o Average Cumulative Reward (ACR): ACR measures
the mean cumulative reward obtained by the agent across
all testing games. Here, cumulative reward represents the
sum of rewards acquired by the agent within a single
game.

o Average Epoch Length (AEL): This metric shows the
average number of steps it took for the agent to reach the
terminal state in each of the testing games. It provides
insights into how efficiently the agent accomplishes its
goals.

B. Gridworld Setup and Challenges

The Gridworld environment serves as a simplified re-
search platform for reinforcement learning. In the constructed
setupm[code: Gridworld Setup.ipynb], an agent’s objective is
to navigate through a grid to reach the goal while avoiding
pitfalls and walls (see Fig. [5a). Both environments in which
the agent was tested used the same Gridworld setup.

1) Gridworld setup: The default Gridworld size in our
setup is a 4 x 4 matrix, where each cell represents a position
on the grid. In further evaluations, the Gridworld size will
be extended up to 5 x 5 and 6 x 6 matrices respectively.
Positions are divided into four categories: Player, Wall, Goal,
and Pit. Each position is assigned a unique numeric identifier
ranging from O to 15, corresponding to the 16 possible entries
in the matrix (see Fig. [0b). For example, the game state can
be encoded as an array of four elements such as [0, 5,14, 7]
(as in Fig. [5a)), representing the current positions of the player,
wall, goal, and pit, respectively.

A wor | [[ @ 1 2 3]

W - | el [ 4 5 6 7]

- [ 8 9 18 11]
+ [12 13 14 15]]

(a) Gridworld Objective.  (b) Griworld Matrix Posi-

tions.

Fig. 5: Gridworld Representation.

Each learning cycle in the Gridworld environment is re-
ferred to as an epoch. Epoch starts from the initial state,
randomly selected, and ends upon reaching a terminal state.
The terminal state is reached when the agent encounters Goal
or Pit positions, or when the agent exhausts the maximum
number of allowed steps (Max # of Steps).

2) Challenges: To tackle the Gridworld problem, a re-
inforcement learning method, Deep Q-Networks (DQN) that
utilizes neural networks, was trained from scratch [21]] [24].
The network takes the current state of the board as input
and produces four Q-values as output, which correspond to
a probability distribution of possible actions.

For an effective action selection strategy, an epsilon-greedy
policy was used [24]. This policy includes choosing an epsilon
value that balances exploration and exploitation in the action-
choosing process. Random action is chosen with a probability
equal to €, which allows the agent to explore the environment
and collect valuable information. Conversely, with probability
1 — ¢, the action with the highest predicted Q value obtained
using argmax(Qg(s, a)) is selected for exploitation. Each step
in the Gridworld brings a reward of -1, which encourages the
agent to take the shortest route to the goal. Falling into a
pit incurs a -10 penalty, resulting in the loss of the game.
Conversely, successfully reaching the goal gives a reward of
+10, leading to victory in the game.

3) Gridworld envronments: An OpenAl Gym Gridworld
environment was created using the minigrid package, whereas
the custom Gridworld was meticulously crafted from the
ground up. Both custom and OpenAl Gridworld environments
employ class structures, ensuring organized and modular code
design. They both allow for randomized positions for agents
and objects, enhancing the variability and complexity of tasks.
Furthermore, both environments offer rendering capabilities
and permit adjustments to grid size, facilitating scalability in
experiments.

The main difference between these two environments is
that in the custom Gridworld environment, the class doesn’t
require external inputs, while in OpenAl Gym Mini Grid,
the gym.env parameter is necessary for greater integration
flexibility. Actions in the custom environment are manually
initialized, allowing for fine-grained control, whereas OpenAl
Gym Mini Grid simplifies this process using gym.spaces. The
custom Gridworld lacks an observation space, directly printing
the grid picture, while OpenAl Gym Mini Grid defines an
observation space using gym.spaces.box. Custom Gridworld
sets positions for agents and objects manually, requiring more
extensive code for unique scenarios. In contrast, OpenAl Gym
Mini Grid utilizes pre-built functions like Wall(), Lava(), etc.,
for easier positioning. While both environments support ren-
dering, the custom Gridworld primarily prints the grid picture,
whereas OpenAl Gym Mini Grid offers multiple rendering
modes, including a more advanced “human” mode.

IV. METHODOLOGY

A. Static Dataset Collection and Preprocessing

1) Dataset Collection: To facilitate Offline RL models, it
is essential to obtain a static dataset [30]. In this section, we
present the methodology used to create both uniformly dis-
tributed and non-uniformly distributed datasets for estimation
and comparison purposes.
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A non-uniform dataset is characterized by an uneven dis-
tribution of states and actions across the state-action space
(see Fig. [7p). In our case, the action selection is done by
epsilon-greedy policy, with the value of epsilon set to 0.3. This
means that in 30% of cases, the choice of actions is random
(exploration) while in the remaining cases, the choice is based
on the Q4. (exploitation). Additionally, the initial state of
the agent in every epoch is chosen randomly. Because of the
certain randomness in action selection and agents’s initial state,
certain states or actions are encountered more frequently than
others.

Percentage
Percentage

i s & n o=n
Positions of Agent

(b) Uniform Dataset

R
Positions of Agent

(a) Non-Uniform Dataset
Fig. 7: Representation of Dataset Distributions

This can pose significant challenges during training, as
the agent might excessively emphasize the learning patterns
associated with the more frequently occurring states or actions.
Consequently, the agent’s performance could be compromised
in scenarios where states or actions are less frequently encoun-
tered. Notably, the non-uniform dataset is commonly gathered
for Offline RL, where a fixed dataset is employed for training
purposes.

On the other hand, a uniform dataset refers to a data distri-
bution where states and actions are evenly distributed across
the state-action space (see Fig. [7b). This implies that the agent
encounters a balanced representation of various states and
actions during the learning process. In our research approach,
even distribution is achieved by collecting all possible state-
action pairs in the space.

Both datasets, uniform and non-uniform, were generated
using the same model and containing identical information
columns. Firstly, the off-policy model was trained for 5000
epochs, which is the point where it was evident that the
model’s convergence occurred. This indicates that the training
process reached a stable state, as the training error (loss)
stopped decreasing.

Let’s name the trained policy as B. After this, the uniform
datasefl [code: DataCollection.ipynb] was first collected using

the trained model. This indicates that the dataset was collected
not during the training phase but by utilizing an already trained
policy B to explore the Gridworld and collect data (see Fig.
[6).

Overall, uniform static dataset collection involved a uni-
form exploration of the entire Gridworld environment using
a trained off-policy RL model [[10] [14] [31]. During explo-
ration, game states were captured by observing the interactions
between the environment and the agent. In this manner, the
dataset was populated with the Q-values of all positions,
excluding the walls (see Fig. [). To assemble the uniform
dataset, a systematic approach was developed to test and
record every possible configuration of the Player, Wall, Goal,
and Pit positions.

After collecting the uniform dataset, the non-uniform
datasel [data: DatasetBeforeNonUniform.csv] was collected
by further training of the model with policy B. The data was
collected directly from the experience buffer during training
as in Fig. |1} Specifically, it was collected during the next 5000
epochs after the collection of the uniform dataset.

In total, the model with policy B was trained on 10000
epochs, the convergence was indicated on 5000 epochs. A
collection of a uniform dataset was done by utilizing the
trained model with no further training, and the collection of a
non-uniform dataset was done during training from the 5000
epoch until the 10000 epoch.

Both collected datasetsD [data: DatasetBeforeUniform.csv,
DatasetBeforeNonUniform.csv] include important information
such as the state of the environment, the rewards received
during the exploration, and the corresponding Q values
for the actions taken. Q-values are represented as [Q_UP,
Q_DOWN, Q_LEFT, Q_RIGHT], providing insight into the
agent’s decision-making process as in Fig. [6] and Fig. [9a).

During the collection of static datasets from the DQN the
applied reward function R(s,a,s’) can be defined as follows:

o If the agent moves from state s to state s’ and falls into
a pit, R(s,a,s") = —10.

o If the agent moves from state s to state s’ and reaches
the goal, R(s,a,s’) = +10.

o If the agent moves from state s to state s’ without falling
into a pit or reaching the goal, R(s,a,s’) = —1.

2) Dataset Preprocessing: 1is the process of transform-
ing raw data into a format that can be used for training
effective machine learning models [32] [33[]. In our case,
dataset preprocessing plays a critical role in preparing data
for training an Offline RL model. In this section, we will
discuss the specific steps involved in preprocessinén [code:
DataPreprocessing.ipynb] of the dataset, including obtaining
Q-values for the current state and computing the Bellman
operator.

Obtaining Q value for the Current State: The dataset went
through a preprocessing step to convert the Q-values from
the next state (Q_next) to the Q-values for the current state
(Q_current).
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For example, if the Q_next values for a specific position
[5,10,14,15)(P,W,+,—) were equal to [2,8,5,4], corre-
sponding to four possible next states based on the action
taken, those values are used as the Q_current values for these
four positions. Therefore, the value of Q_current at position
[9, 10, 14, 15], representing the state after moving DOWN from
position [5,10,14,15], will be 8. This preprocessing step
ensures that the dataset contains the appropriate Q-values for
each state.

Obtaining Bellman Operator: The Bellman operator was
manually calculated using the learning rate, the next Q value,
and the reward values based on Equation [2| For example, let’s
consider the following Q-values for four possible next states

from Fig. [T}

Qo(s',d) =8, Qo(s',u) =2, Qo(s',1) =5, Qu(s',r) =4
3)
In this scenario, the action that maximizes the Q values is the
DOWN action (denoted as d) with a Q value of 8. Applying
the Bellman operator equation, the value is computed as:

B(s)=-1+09-8=6.2 4)

Here, the reward r is assigned a value of -1, assuming that the
agent took a step without reaching the goal or falling into the
pit. Furthermore, y represents a constant discount factor set
to 0.9. Since no further moves are possible after reaching the
terminal state , the value of the Bellman operator for the goal
position is set to its maximum value of 10, which corresponds
to the maximum reward value (» = 10). Similarly, any positions
that receive Bellman operator values beyond the value of the
goal position are also set to 10, which means that 10 is the
maximum value of the Bellman operator that can be assigned.

GZCCE QUP  QDOWN QLEFT QRIGHT

(a) Before Preprocessing.

Current  Bellman
Reward Q_value Operator

(b) After Preprocessing.

Player Wall Goal Pit

Fig. 9: Dataset Preprocessing.

In this manner, both unifornt? [data: DatasetAfterUni-
form.csv] and non-uniform? [data: DatasetAfterNonUni-
form.csv] datasets were received after preprocessing. The
final datasets consist of the state information (Player, Wall,
Goal, Pit), current Q value, Bellman Operator, and Reward
information columns (see Fig. Ob).

B. Offline RL Algorithm

The goal in RL is to maximize long-term discounted reward
in a Markov decision process (MDP), defined as a tuple
(S,A, R, P,v) [34], with State-space S, Action space A,
Reward function R(s,a), Transition dynamics P(sgls, a), and
Discount factor v € [0,1). The Q-function Q™(s,a) for a
policy 7(als) is defined as the expected long-term discounted
reward obtained by executing action a at state s and following
m(als) thereafter. Current practical Offline RL Q-learning
methods (e.g., [21]], [35[], [36]) convert the Bellman equation
into a bootstrapping-based objective for training a Q-network,
@y, via gradient descent. This objective, known as the mean-
squared temporal difference (TD) error, is given by:

L(8) = By [(R(s, ) +1Qy(s',a) — Qo(s.))°]

where @, is a copy of the Q-function representing the previ-
ous knowledge. These methods train Q-networks via gradient
descent and slowly update the target network by averaging its
parameters. The typical abstract algorithm for such a Q method
which uses deep Q learning is named fitted Q-iteration(FQI)
[37] [29] (see Algorithm E])

Algorithm 3 Fitted Q Iteration(FQI)

1: Input: a dataset from buffer u = (s,a,r,s’,a’).
2: Output: Q-function Qg.
3: for fitting iteration k£ in {1,..., N} do

4: Compute target values for the experiences in a dataset:

5: input : (s,a)

6: Compute Qo (s,a) on (s,a) € p

7: target ye(s,a) = 7 + ymaxy, Qr—1(s’,a’) on
(r,s’,a’) € p.

8: loss: L= (Qo(s,a) —yx)* .

9: backprop : update weights @ via t = 1,...,7T gradient
descent to minimize £

10: end for

In algorithm [3] the tuple (s,a,r, s,a’) stored in the replay
buffer is utilized as the static dataset upon which the FQI
offline RL algorithm is trained (line 1). The algorithm under-
goes training over [V iterations, representing the length of the
dataset p, signifying that each tuple from the dataset is utilized
in training (line 3). The primary objective of the algorithm is
to train the Q function Qg (line 2), which, given (s,a) as
input (line 5), yields the Q value corresponding to the next
state based on the action (line 6). The target network of past
experiences, denoted as Qg—_1 (line 7), is employed in the
Bellman Operator equation (see. [2)) to compute the Bellman
Operator value of the current iteration (y;). During the k-th
fitting iteration, FQI trains the Q-function, Qg, by employing
the previous experience algorithm Qg _1 (line 7). The Qg_1



serves as the delayed copy of Qg, preserving the weights ()
from the previous iteration (k — 1). The loss function is then
employed to minimize the discrepancy between the Q value of
the next state (Qg(s, a)) and the Bellman Operator value (yx)
(line 8). Finally, backpropagation is conducted to perform a
gradient update of the Q function weights (#) with a frequency
oft =1,...,T, indicating that the weights are updated at each
iteration (line 9).

Our methodology particularly uses not the previous expe-
rience Q function but rather the Q values collected from the
Off-policy RL training itself. By including the Q values in the
dataset we can control the data distribution of the dataset we
collect. Moreover, by using the Q values in Offline RL the
training performs much faster since we do not approximate
the state-action on the past experience Q function but rather
directly use the Q values (see Algorithm [).

Algorithm 4 Offline RL using Bellman Operator equation

1: Input: a dataset p = (s,7, Q(S’, amax))

2: Output: the Q-function Qe

3: for fitting iteration k in {1,..., N} do

4: input : (s)

5: Compute Qo (8) on (8) € p

6: Compute target values for the experiences in a dataset:

7: target : yr =1 + v * Q(s', Amax).

8: loss: L = (Qo(s) — yr)?

9: backprop : update weights @ using gradient descent to
minimize £

10: end for

In algorithm 4} it can be observed that instead of uti-
lizing the tuple (s,a,r,s’,a’), it directly employs the tuple
(s,7,Q(8", amaz)) (line 1). Here, Q(s',amaqs) is acquired
during Off-policy RL training. Hence, it can be stated that our
Offline RL Qg is trained by utilizing Qpgon as a previous
experience network (line 2). Similarly, algorithm {4} as in al-
gorithm [3] training occurred over NV iterations, corresponding
to the static dataset size (line 3). However, the input was
altered from (s,a) to (s) (line 4), enabling the Offline RL
algorithm (Qg) to predict the Q value for the current state
(line 5). This adjustment shifts the paradigm of the Q function
Q™ (s,a), where a denotes the action executed in state s. In
our scenario, the current Q value is represented as Q7 (s),
while the subsequent Q value is denoted as Q™ (s’, a), where
action a leads to the subsequent state s’ (see equation [3) (line
5). The Bellman Operator equation was executed akin to the
preprocessing stage (see equation (line 7). The Bellman
Operator value (y;) mirrors the value stored in the after-
preprocessing static dataset (see Fig. 0b) (line 7). The loss
function and backpropagation were similarly performed in our
algorithm, as in algorithm E] (line 8, 9).

The Q value approximation algorithm is similar to the
Belaman Operator(Algorithm [)), just as the target value yy
we use the current Q value (Q(s)), (see Fig. . Overall we
make assumptions that the discount factor is constantly equal
to 1 and the reward of all states equal to O.
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Fig. 10: Dataset Bridge.

The dataset that was collected for the Offline RL
(s,7,Q1,Q2,Q3,Q4) can be easily bridged with the class
Offline RL dataset as can be seen in the Fig. [I0] It can be
done by obtaining the Learned Policy and then deriving from
them classical dataset (s, a,r,s’,a’). In Fig. [10| the reward(r)
is not included because it is the same in both datasets.

C. Offline model training

The training process of mode [code: ModelPerformance-
AndResults.ipynb] included a separate approximation of the Q
value and Bellman Operator value functions. The target value
for training was the Q-value in the first case, and the Bellman
operator in the second case (see Fig. [TT). To train the models,
the input values included information about the current state,
which included Player, Wall, Goal, and Pit positions. The goal
was to input information about the current state and get the
corresponding current value of the Q-value or the value of
the Bellman operator as output. The training process used
the entire dataset without splitting it into separate datasets for
training and testing.

input {(Seuren)} Q value Linear Regression
target {(Qeurrent)} Approximation 1T
static dataset model training .
DS 1T2
input {(Scurrent)} 0 Polynomial Linear
perator R h
target {(Bourent)} Approximation egression

YLE]

Fig. 11: Offline model training.

Three different approximation models were used for train-
ing: Linear Regression (LR), Multilayer Perceptron (MLP)
Regressor, and Polynomial Linear Regression (Poly LR).



The selection of these models was based on their respective
characteristics. LR was chosen as a fundamental and easily
interpretable regression model. On the other hand, MLP was
chosen to mimic the Deep Q-Network (DQN) model, which
has shown successful results in reinforcement learning. Poly
LR was chosen as an upgraded version of LR which can show
improved performance and give better results.

D. Gridworld setup testing

To evaluate the performance of the proposed framework,
a comprehensive evaluation of the trained offline models was
conducted in the Gridworld setup using the metrics mentioned
in Section This evaluation included integrating the
offline model policy into the experience buffer to make it avail-
able during the testing phase (Fig [I2). The testing procedure
involved initiating 10,000 epochs/games of the Gridworld,
where the positions of the Player, Wall, Goal, and Pit changed
each game.

[oo} testing and deployment EXPSHGHCE Trained Model
VEI\ _ Replay T

)

non-empty m p \ y \db (| 2 3)

rollout( )
(uz Wite o Iy LR)

Fig. 12: Gridworld setup testing.

During the testing phase, the decision-making process was
delegated to the Offline RL model. This was achieved by eval-
vating the four Q values or Bellman operators corresponding to
the nearest positions of the Player and selecting the action with
the highest predicted value. Outside the Gridworld boundaries,
position values have been automatically set to -100. To assess
the model’s performance, we calculated several key metrics
based on the outcomes of 10,000 epochs.

V. RESULTS
A. Experimental setup

The experimental setup of this research work consisted of
several components:

1) Deep Q-Network (DQN): First, DQN training for the
grid used the Adam optimizer and employed two hidden layers
in the neural network. The training process continued until
the model converged, which happened after 5000 episodes.
The resulting DQN model achieved an impressive accuracy of
92.8% during testing on the 4x4 Gridworld setup, 87% on the
5x5, and 81.2% on the 6x6 Gridworld setups respectively. The
parameters used to train those Gridworld setups can be found
in Table [

Parameter tuning was performed on the 5x5 and 6x6 Grid-
worlds. For details on how it was performed, see Appendix
Parameter tuning was not done for the 4x4 Gridworld
because it already achieved the optimal accuracy of 80% with
the baseline parameters. This optimal accuracy ensures that
the collected data is rich enough. Thus, parameter tuning was
performed only for the 5x5 and 6x6 setups, and the resulting
parameters, achieving more than 80% accuracy, are listed in
Table I

TABLE I: Gridworld Training Parameters

Gridworld Size Epsilon # of neurons Buffer Size Batch Size Max # of Steps
4x4 0.3 (200, 150) 1000 200 50
5x5 0.3 (600, 400) 2000 500 300
6x6 0.5 (1000, 500) 4000 800 600

Note: Term # represents number.

2) Offline RL models: The LR model was trained with
default parameters, without any tuning. On the other hand,
the MLP model was trained to reproduce the parameters of the
DQN model. It used the Adam optimizer and had hidden layers
of sizes 150 and 200, similar to the DQN model. For Poly LR,
the Model Selection approach was used to determine the best
degree among the range of 1 to 10. Testing accuracy values
served as evaluation metrics for both uniform and non-uniform
datasets, assessing problems from both RL and regression
perspectives. After analyzing the results, a degree of 4 was
chosen as the optimal option. It demonstrated the highest
performance when approximating the Bellman operator and
relatively high results when approximating the Q value. The
same Polynomial LR degree (4) was consistently applied to
both the 5 x 5 and 6 x 6 Gridworld setups.

B. Data Collection and Testing Process

The process of data collection starts from the Off-Policy
Model traininéﬂ [code: DataCollection.ipynb] and Uniform
Dataset Collection I [code: DataCollection.ipynb], then the
collected data goes through the Preprocessing stage @ [code:
DataPreprocessing.ipynb], then the proprocessed data is
trained on Offline RL models T [code: ModelPerformanceAn-
dResults.ipynb] (see Fig. [[3).

1) Off-Policy Model Training:: starts with initializing the
Gridworld game, which can have sizes 4 x 4, 5 x 5, or 6 X
6 (line 1). For example, let’s consider the size 4 x 4. The
game is then rendered into tensors with a size of 64, derived
by multiplying the length of the grid (16) by the number of
unique positions (4) (lines 2-3). Next, the states are used to
predict the Q-values of the current state (()1) and the next
state (()2) (lines 5-7). Subsequently, the Bellman Operator
equation is applied using the Q-values of the next state (line
9). Then, a loss function is computed between the Bellman
Operator value and the Q-values of the current state (lines
10-11). Finally, backpropagation is performed on the obtained
loss value, updating the weights of the model using gradient
descent to minimize the loss (lines 13-14).

2) Unifrom Dataset Collection: begins by spanning all
possible states of the Gridworld (lines 1-9). Next, it calculates
Q-values for each state using the Off-policy RL model (lines
11-13). Throughout these operations, both the state and Q-
values are stored in a matrix, which is then saved as a
dataset in a CSV file (lines 15-16). The non-uniform dataset
was collected using a similar approach, albeit with randomly
selected states instead of covering all possible states.

3) Preprocessing: begins immediately after the dataset
collection step. In this stage, the collected dataset undergoes



1 game = Gridworld(size=4, mode='random')
statel_ =
statel = torch.from_numpy(statel_ ).float()

game.board.render_np().reshape(1,64) + np.random.rand(1,64)/160.0

Q1 = model(statel batch) #L
6~ with torch.no_grad():
7 Q2 = model(state2_batch) #M

Y = reward_batch + - done_batch) * torch.max(Q2,dim=1)[e])
18 X = Ql.gather(dim=1,index=action_batch.long().unsqueeze(dim=1)).squeeze()
11 loss = loss_fn(X, Y.detach())

gamma * ((1

12 clear_output(wait=True)
13 optimizer.zero_grad()
14 loss.backward()

model training

1~ for i in range(8,18) )
2 for j in range(e,16):
for k in range (@,16):

e for ¢ in range (8,16): gridworld
if el=jandk I= f
ol spaning
game . boas

1 | df_uni = pd.read_csv("DatasetAfterUniform.csv") |

2 X = df uni[[ Player , Pit", 'Goal", Wall']] :
3y = df_uni[['Q Current']]

mlp_uniform_q = MLPRegressor(hidden_layer_sizes-(200,120), max_iter-30@, activation =
= cross_validate(mlp_uniform q, X.values,y

form_q.fit(X.values,y.values.ravel())

‘relu’,

values.ravel(), scoring=score

3 win m= @

)« for i in range(e,10):
max_games - 1000
wins = @

for i in range(max_games}:

win - gridworld_test_model(mlp_uniform g, ‘random’, display - False)

print(“Win percentage: {}%".format(win_nun*100))

solver="adam’,

, cv=5, return_train_score=True)

testing measurement

» matrix[counter][@] = fromzdtold(str(game.board.compenents[ Player'].pos))
1 qval = model(statel) #E
12 qual 1.data.numpy()
1 151 = qual_[8][e]
15 df = pd.DataFrame(matrix, columns = column_names)
16 df.to_csv('DatasetBeforeUniform.csv')
— i
' | Uniform Dataset Collection !
i
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ;
i i
p . ‘
|
' reprocessing !
: ‘
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random_state=123) *
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Fig. 13: Data Collection and Tessting Process.

preprocessing to obtain the Q-value for the current state and
the Bellman Operator value for the same state (refer to Section
[[V-A). The output of this stage is the preprocessed dataset
which is stored in a CSV file (lines 1-2).

4) Offline Model Training and Model Performance: starts
by segmenting the dataset into dependent (Y) and independent
(X) variables (lines 1-3). Subsequently, our Offline RL. model
(MLP as illustrated in Fig. [[3) undergoes training (lines 4-6).
Following this, the testing phase begins, wherein a specified
number of episodes are conducted, employing our Offline RL
model to predict the Q values (lines 8-13). Ultimately, the
metric utilized in Fig. [[3] is the testing accuracy, which rep-
resents the cumulative win percentage over the given number
of episodes (line 15).

C. Experimental Results

To assemble a uniform static dataset, the positions of the
Player, Wall, Goal, and Pit were systematically changed at
each step taken by the agent, covering the entire Gridworld.
This ensured an even distribution of data points. The uniform
dataset size was determined to be 50,400 samples, which can
be calculated by considering all possible states of the Grid-
world: 16(Goal) * 15(Pit) * 14(Wall) * 15(Player) = 50, 400.
It should be noted that the Player can occupy Goal and
Pit positions, which leads to 15 possible Player positions.
Additionally, a non-uniform dataset was generated, totaling
23,000 data points, calculated by multiplying 5,000 epochs
with an AEL of approximately 4.6. However, only 8,800 sam-
ples within this dataset are unique, constituting roughly 17% of
the total data points in the uniform dataset. Despite increasing

the number of epochs for collecting the non-uniform dataset,
the count of repeated datapoints remains constant, resulting in
a limited number of unique data points.

The MLP algorithm applied to the uniform dataset showed
remarkable performance, achieving a Q-value approximation
of 92% and a Bellman operator approximation of 88% on the
4 x 4 Gridworld setup (see Table [[T). MLP outperformed other
models in the approximation of the Bellman operator trained
on the non-uniform dataset, achieving a testing accuracy of
75.5% (see Table [). On the other hand, the Poly LR(4)
model achieved the highest testing accuracy of 58.57% when
approximating the Q-values trained on the non-uniform dataset
(see Table [I). On the other hand, the LR algorithm gave
an accuracy of 20% for approximating both the Q value
and the Bellman operator (see Table [lI). Although this level
of accuracy is comparatively lower than that of the MLP
algorithm, it still provides valuable information about the
performance of the LR algorithm and its potential applications
in a research context.

Fig. [T4] gives a visual representation of how each algorithm
approximated Q-values and Bellman operator values. First,
it is obvious that the LR algorithm approximated all values
close to the mean, but it resulted in low accuracy of the
results. This indicates that LR tends to generalize values,
potentially sacrificing precision in the process [38]]. Second,
the MLP algorithm consistently reproduces actual values more
accurately than other algorithms in most cases. Its performance
excels, demonstrating its ability to capture the underlying
patterns and nuances of data. However, it is worth noting that



TABLE II: Model Performance 4 x 4 Custom Gridworld

Metric MLP U. MLP Non-U. & Poly LR(4) U. Poly LR@4) Non-U. LR U. LR Non-U
Test Acc. (Q) 92.4% 44.7% 48.72% 58.57% 20.2% 19.95%
Test Acc. (B) 88.3% 75.5% 66.02% 64.67% 19.3% 19.4%
ACR(Q) 6.79 -4.86 -4.12 -1.908 -9.27 -10.1
ACR(B) 6.01 3.17 1.23 0.61 -10.7 -10.65
AEL(Q) 3.53 9.1 8.15 6.33 10.4 10.36
AEL(B) 2.88 4.5 5.15 5.74 10.46 10.5

Note: The terms used in Table@ are defined as follows: Term [U.] represents a Uniform Dataset, Term [Non - U.] represents a
Non-Uniform Dataset, Term [Q] represents Q-value Approximation, and Term [B] represents Bellman Operator Approximation.
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Fig. 14: Comparison of models on Custom 4 x 4 Setup.
Note: The terms used in Figure |E| are defined in the Table @

there is an exception during the approximation of the Q-value
on the non-uniform dataset where the Poly LR algorithm repli-
cates the actual values better (see Fig. [I4c). This highlights
the importance of considering specific characteristics such as
sparsity and distribution of the dataset when choosing the
most appropriate algorithm. Overall, there is a clear pattern in
the figure, indicating that all algorithms tend to compress the
actual data toward the mean. This observation indicates that
models tend to generalize values, potentially missing important
variations and specific features in the data.

Table [[TI] presents a comprehensive analysis of the best-
performing algorithms across various Gridworld setups, en-
vironments, and datasets. Upon initial inspection, it becomes
evident that there are no significant disparities between the
Custom and Open AI Gym Gridworld environments.

When the impact of increasing the size of the Gridworld
setup was examined, a noticeable trend emerged. The testing
accuracy values exhibit a decline as the Gridworld dimensions
expand. However, it is essential to clarify that this decrease
in performance for larger dimensions does not imply that the
methodology is inherently ineffective for higher-dimensional
scenarios. Rather, it reflects the practical constraints imposed

TABLE III: Performance on Different Setups and Environ-

ments
(a) Uniform Dataset

Setup Environment Algorithm Test Acc. (Q) Test Acc. (B)

4x4 Custom MLP U. 92.4% 88.3%

5x5 Custom MLP U. 85.6% 80.1%

6x6 Custom MLP U. 80.3% 77.5%

4x4 Open AI Gym  MLP U. 92.3% 88.3%

5x5 Open Al Gym  MLP U. 85.2% 80.7%

6x6 Open AI Gym  MLP U. 80.4% 76.9%

(b) Non-Uniform Dataset

Setup  Environment Algorithm Test Acc. (@)  Test Acc. (B)
4x4 Custom MLP Non U. 44.7% 75.5%
5x5 Custom MLP Non U. 40.6% 71.1%
6x6 Custom Poly LR(4) Non U. 41.3% 68.5%
4x4 Open Al Gym  MLP Non U. 44.7% 75.4%
5x5 Open AT Gym  MLP Non U. 40.5% 72.0%
6x6 Open Al Gym  Poly LR(4) Non U.  41.1% 68.9%

Note: The terms used in Figure |]lI| are defined in the Table |m

by limited computational resources, which restricted the extent
of hyperparameter tuning for these larger setups.

TABLE IV: Final Results

Offline RL model

Off-policy RL model

Size Uniform Test Acc ~ Non Uniform Test Acc DQN Test Acc.
4x4 92.4% 44.7% 92.8%
5x5 85.6% 40.6% 87.0%
6x6 80.4% 41.3% 81.2%

In summary, across all setups with uniform datasets, the
MLP algorithm consistently demonstrates superior perfor-
mance. In contrast, when dealing with non-uniform datasets,
the choice of the best algorithm becomes less straightfor-
ward. Here, the results suggest that MLP excels in Bellman
operator approximation, while Poly LR(4) exhibits superior
performance in Q-value approximations. As a result, it was
concluded that MLP is the preferred algorithm for 4 x 4 and
5 x 5 setups, while Poly LR(4) emerges as the more effective
choice for the 6 x 6 setup (see Table [ITI).



VI. CONCLUSION

In summary, this study offers a comprehensive guide to
Offline RL, highlighting a successful transfer of algorithms
from off-policy to Offline RL, with the MLP model prov-
ing particularly effective, showcasing only a marginal 1%
reduction in testing accuracy compared to the original DQN
model (see Table [[V). Notably, results differed significantly
between models trained on uniform and non-uniform datasets,
highlighting the need for further exploration of the Bellman
operator and Q-value approximations.

However, it is crucial to recognize limitations and areas
for future research, including the scalability of the given
framework that needs to be tested in diverse environments
beyond the Gridworld setup and the necessity for additional
metrics reflecting real-world performance. Moreover,
research efforts should focus on techniques that will reduce
dimensionality while keeping the uniformness of datasets.
Nonetheless, this study establishes a solid foundation for
the integration of Offline RL in practical scenarios, such
as gaming, autonomous driving, and robotics within the
Gridworld framework.
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APPENDIX

This section contains hyperparameter tuning tables for the
5 x 5 and 6 x 6 Gridworld environments for the DQN
algorithm (see Table[V] & [VI). For the 4 x 4 Gridworld, default
hyperparameter settings.

In the tables [V|and € represents the epsilon value used
in epsilon-greedy policy, ~ stands for the discount factor, o
denotes the learning rate, and ”# of Neurons” indicates the
number of hidden neurons.
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TABLE V: Hyperparameter Tuning for 5 x 5 Gridworld

€ 7 X  # of Neurons Buffer Size Batch Size Max Moves Episodes Accuracy (%)
0.3 0.9 0.001 (200,160) 1000 200 50 1000 32.6
0.3 09 0.001 (200,160) 1000 200 200 1000 53.5
0.3 09 0.001 (200,160) 1000 200 300 1000 56.4
0.3 09 0.001 (400,320) 1000 200 300 1000 61.3
0.3 09 0.001 (400,320) 2000 400 300 1000 68.6
0.3 09 0.001 (400,320) 2000 400 300 5000 86.6
0.3 09 0.001 (600,400) 2000 500 300 5000 87.0
TABLE VI: Hyperparameter Tuning for 6 x 6 Gridworld
€ 7 X # of Neurons Buffer Size Batch Size Max Moves Episodes Accuracy (%)
0.3 09 0.001 (600,400) 2000 500 300 1000 354
0.3 09 0.001 (800,400) 4000 500 600 1000 40.5
0.3 09 0.001 (1000,500) 4000 800 600 1000 41.6
0.4 09 0.001 (1000,500) 4000 800 600 1000 46.4
0.5 0.9 0.001 (1000,500) 4000 800 600 1000 54.2
0.5 09 0.001 (1000,500) 4000 800 600 5000 81.2
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