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CHAPTER

ONE

INTRODUCTION

Reinforcement Learning (RL) has evolved far beyond its foundational algorithms like Q-learning and policy gradients.
While introductory texts often focus on single-agent Markov Decision Processes (MDPs) and tabular methods, this
textbook takes a different approach: it assumes familiarity with RL basics and instead explores adjacent and advanced
topics that are increasingly critical in both research and industry applications.

This is not a book that introduce basic concepts and ideas of RL. Instead, it is designed for readers who already
understand RL’s core principles and want to:

• Implement and experiment with less commonly taught RL variants (e.g., inverse RL, multi-agent systems).

• Understand how RL interacts with human input (preference learning, feedback loops).

• Gain hands-on experience with emerging RL paradigms that bridge theory and real-world deployment.

Most RL textbooks and courses follow a predictable trajectory: dynamic programming → Q-learning → Deep Q-
Networks (DQN) → policy gradients → perhaps a brief mention of multi-agent RL or imitation learning. However,
many modern RL challenges—such as reward specification, decentralized learning, and human-AI collaboration—
require going beyond these basics. This book fills that gap by:

1. Providing executable, modular code (Jupyter notebooks) for each topic, allowing both active experimentation
and passive reading.

2. Focusing on adjacent RLmethods that are often omitted from introductory material but are increasingly relevant
(e.g., inverse RL for reward learning).

3. Encouraging critical analysis by discussing practical limitations, failure cases, and open research questions.

Structure and topics

The remaining book is organized into four self-contained but complementary sections:

1. Basics of Reinforcement Learning: The CartPoleModel. Covers basics ideas and concepts of RL, value iteration,
and policy gradient methods.

2. Inverse Reinforcement Learning (IRL): Inferring Reward Functions. Examines the problem of reward shaping
from expert trajectories, demonstrates maximum entropy IRL.

3. Multi-Agent Reinforcement Learning (MARL): Cooperation and Competition. Introduces interaction and decen-
tralized training. Case studies on more complex muti-agent environments.

4. Reinforcement Learning with Human Feedback (RLHF). Provides a simplified RLHF pipeline for fine-tuning
LLMs or robotic policies.

Each section is includes basic introduction and problem definition (subsection “Poblem definition”); initial setup in-
struction and implementation details (subsection “Implementation”); experimental setup, running, and interpretation
(subsection “Experiments”); basic conclusions and take-aways (subsection “Conclusion”).

This book is designed for two complementary modes of engagement:
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1. As an interactive coding guide. All the codes were implemented as Jupyter notebooks. A reader can run the
provided notebooks, tweak hyperparameters, and observe how changes affect performance. Extend imple-
mentations with custom environments or alternative algorithms.

2. As a conceptual reference. Read through the problem formulations and discussions without running code. Use
the notebooks as annotated case studies in advanced RL techniques.

The book is distributed in several forms with the same content:

1. As printed or electronically distributed book.

2. As online practical materials available at: https://iterater.github.io/education/rl_practice/

3. As source code repository at: https://github.com/iterater/abm_book_rl_practice

Education trajectory integration

The book is developed as a practical training text book available in MSc programs “Big Data and Machine Learn-
ing” (courses “Machine Learning”, “Reinforcement Learning”), “Artificial Intelligence and Behavioral Economics”
(courses “Agent behavior modelling and prediction in financial systesm”) provided at ITMO University, and other
programs within direction “01.04.02 Applied mathematics and informatics” or similar. However, the book can be
used in free-form and self education for practical training in reinforcement learning topics and applications.

Prerequisites. Readers should have:

• Intermediate Python skills (NumPy, PyTorch/TensorFlow).

• Basic machine learning knowledge (gradient descent, neural networks).

• Prior exposure to RL fundamentals (MDPs, Q-learning, policy gradients).

Contributions and Unique Perspective. Unlike most RL books, this work:

• Skips introductory material in favor of adjacent and emerging topics.

• Balances implementability with depth - code is simple enough to run on a laptop but sophisticated enough to
be research-relevant.

• Encourages critical thinking by highlighting where methods fail or require careful tuning.

7
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CHAPTER

TWO

REINFORCEMENT LEARNING BASICS WITH CARTPOLE MODEL

2.1 Problem Definition

CartPole model is a simple example of control problem in a simplified physical environment. The goal is to balance
a pole with a mass 𝑚 and length 𝑙 on a moving cart by applying discrete forces to the cart in gorisontal direction.
The environment is characterized by cart position 𝑥, cart velocity 𝑥′, pole angle 𝜃, and pole angular velocity 𝜃′. The
action space 𝐴 include discrete horisontal forces applied to the cart in negative (𝑎 = 0) or positive (𝑎 = 1) direction.

The model is implemented in Gymnasium library [1] with basics physics enabling simulation of various control
mechanisms. Here the observation space is defined by a vector (𝑥, 𝑥′, 𝜃, 𝜃′), action space is 𝐴 = {0, 1}. The agent
receives +1 for every timestep the pole remains upright. The episode ends if: a) the pole tilts more than 15 degrees
from vertical; b) the cart moves more than 2.4 units from the center; c) the episode length exceeds 500 steps.

Within this practical task we’ll implement and evaluate a basic RL agent to control the cart in an optimal way using
Gymnasium environment with REINFORCE algorithm [2].

2.2 Implementation

2.2.1 Basic initialization

First, we import necessary libraries neededd for our experimental setting and create an instance of CartPole envi-
ronment from Gymnasium. We see the action space is discrete with two option (positive and negative forces). The
opservation space is continuous 4-dimension space.

import numpy as np
import tensorflow as tf
from tensorflow import keras

(continues on next page)
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(continued from previous page)

import matplotlib.pyplot as plt
import gymnasium as gym
from tqdm.notebook import tqdm

env = gym.make("CartPole-v1", render_mode="rgb_array")
env.action_space, env.observation_space

(Discrete(2),
Box([-4.8000002e+00 -3.4028235e+38 -4.1887903e-01 -3.4028235e+38], [4.
↪8000002e+00 3.4028235e+38 4.1887903e-01 3.4028235e+38], (4,), float32))

2.2.2 Simple run

To run a basic experiment with CartPole we apply sequential steps with randome action selected with sample()
method of action space in the environment.

env.reset()

term = False
trunc = False
total_reward = 0
while not (term or trunc):

env.render()
obs, rew, term, trunc, info = env.step(env.action_space.sample())
total_reward += rew
print(f"{obs} -> {rew}")

print(f"Total reward: {total_reward}")

env.close()

[-0.02803049 0.21940807 -0.01105825 -0.29289705] -> 1.0
[-0.02364233 0.02444551 -0.01691619 -0.00372216] -> 1.0
[-0.02315342 0.21980593 -0.01699063 -0.30169398] -> 1.0
[-0.0187573 0.41516587 -0.02302451 -0.5996866 ] -> 1.0
[-0.01045398 0.22037348 -0.03501824 -0.31434408] -> 1.0
[-0.00604651 0.02576741 -0.04130512 -0.0329072 ] -> 1.0
[-0.00553116 -0.16873862 -0.04196327 0.24646273] -> 1.0
[-0.00890593 0.02695676 -0.03703402 -0.05915549] -> 1.0
[-0.0083668 -0.16761516 -0.03821712 0.22161676] -> 1.0
[-0.0117191 -0.3621706 -0.03378479 0.5020037 ] -> 1.0
[-0.01896252 -0.16658913 -0.02374471 0.1988681 ] -> 1.0
[-0.0222943 0.02886425 -0.01976735 -0.10120961] -> 1.0
[-0.02171701 -0.16596891 -0.02179154 0.18517181] -> 1.0
[-0.02503639 0.02945794 -0.01808811 -0.11430509] -> 1.0
[-0.02444723 0.22483434 -0.02037421 -0.41263935] -> 1.0
[-0.01995054 0.4202391 -0.028627 -0.7116752 ] -> 1.0
[-0.01154576 0.6157455 -0.0428605 -1.0132298 ] -> 1.0
[ 7.6914678e-04 8.1141216e-01 -6.3125096e-02 -1.3190575e+00] -> 1.0
[ 0.01699739 0.6171426 -0.08950625 -1.04678 ] -> 1.0
[ 0.02934024 0.8133311 -0.11044185 -1.3661644 ] -> 1.0
[ 0.04560687 1.0096489 -0.13776514 -1.691251 ] -> 1.0
[ 0.06579985 0.8163613 -0.17159016 -1.4444416 ] -> 1.0
[ 0.08212707 0.62371564 -0.20047899 -1.209917 ] -> 1.0
[ 0.09460139 0.8207801 -0.22467732 -1.55814 ] -> 1.0
Total reward: 24.0

2.2. Implementation 9
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2.3 Experiments

2.3.1 Basic Q-learning

We implement a basic learning procedure with a neural network with one fullly connected layer (128 neurons) with
observation space as an input and action space as an output.

num_inputs = 4
num_actions = 2

model = keras.Sequential([
keras.Input(shape=(num_inputs,)),
keras.layers.Dense(128, activation="relu"),
keras.layers.Dense(num_actions, activation="softmax")

])

model.compile(loss='categorical_crossentropy', optimizer=keras.optimizers.
↪Adam(learning_rate=0.01))

model.summary()

Model: "sequential_1"
_________________________________________________________________
Layer (type) Output Shape Param #

=================================================================
dense_2 (Dense) (None, 128) 640

dense_3 (Dense) (None, 2) 258

=================================================================
Total params: 898
Trainable params: 898
Non-trainable params: 0
_________________________________________________________________

Next, we need implementation of episode simulation with sequential application of the model. We define a function
that run an episode and collect a trace as a history of states, actions, probabilities returned by a model, and obtained
rewards.

Additionally, we define a discounted reward function which weight a reward vector within a trace so that earlier
rewards will be discounted by a coefficient gamma.

def run_episode(max_steps_per_episode = 1000):
states, actions, probs, rewards = [],[],[],[]
state = env.reset()[0]
for _ in range(max_steps_per_episode):

action_probs = model(np.expand_dims(state, 0))[0]
action = np.random.choice(num_actions, p=np.squeeze(action_probs))
nstate, reward, term, trunc, info = env.step(action)
if term or trunc:

break
states.append(state)
actions.append(action)
probs.append(action_probs)
rewards.append(reward)
state = nstate

return np.vstack(states), np.vstack(actions), np.vstack(probs), np.
↪vstack(rewards)

eps = 0.0001

(continues on next page)

10 Chapter 2. Reinforcement Learning Basics with CartPole Model



Selected topics in reinforcement learning: practical hands-on

(continued from previous page)

def discounted_rewards(rewards, gamma=0.99, normalize=True):
ret = []
s = 0
for r in rewards[::-1]:

s = r + gamma * s
ret.insert(0, s)

if normalize:
ret = (ret-np.mean(ret))/(np.std(ret)+eps)

return ret

s,a,p,r = run_episode()
print(f"Total reward: {np.sum(r)}")
print(f"Total discounted reward: {np.sum(discounted_rewards(r))}")

Total reward: 11.0
Total discounted reward: -6.661338147750939e-16

2.3.2 Simple policy gradient learning

Here we implement a basic policy gradient method with REINFORCE algorithm. We run the CartPolemodel episode
n_episodes times (epochs) and collect trace information. After each run, the following steps are repeated:

1. Selected actions are converted into one-hot encoding one_hot_actions. E.g. vector of actions [0,1,0]
will be converted into [[1,0], [0,1], [1,0].

2. We calculate the policy gradients as difference between action probabilities and encoded actions being
taken. This gives the direction to adjust the policy to increase the likelihood of good actions.

3. Discounted rewards dr are calculated with the function defined above.

4. We multiplies gradients by discounted rewards dr to reinforce actions that led to higher rewards. Actions
with higher rewards get larger updates.

5. To calculate target we scales the gradient by the learning rate alpha and add action probabilities probs
to ensure the update is incremental (avoids drastic policy changes).

6. The target is used to train the model in association with states using train_on_batch() method.

We collect training history with obtained reward. Also, the reward is shown once per each 100 epochs.

alpha = 5e-4
n_episodes = 300

history = []
for epoch in tqdm(range(n_episodes)):

states, actions, probs, rewards = run_episode()
one_hot_actions = np.eye(2)[actions.T][0]
gradients = one_hot_actions-probs
dr = discounted_rewards(rewards)
gradients *= dr
target = alpha*np.vstack([gradients])+probs
model.train_on_batch(states,target)
history.append(np.sum(rewards))
if epoch%50==0:

print(f'E: {epoch:3} R: {np.sum(rewards)}')

0%| | 0/300 [00:00<?, ?it/s]

2.3. Experiments 11
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E: 0 R: 24.0
E: 50 R: 95.0
E: 100 R: 132.0
E: 150 R: 159.0
E: 200 R: 499.0
E: 250 R: 499.0

plt.plot(history)
plt.xlabel('Epoch')
plt.ylabel('Accumulated reward')

Text(0, 0.5, 'Accumulated reward')

2.3.3 Adding observation noise

For experimental analysis of learning process with noise environment, we can modify run_episode with additive
noise component to see how it will affect RL performance.

model_with_noise = keras.Sequential([
keras.Input(shape=(num_inputs,)),
keras.layers.Dense(128, activation="relu"),
keras.layers.Dense(num_actions, activation="softmax")

])

model_with_noise.compile(loss='categorical_crossentropy', optimizer=keras.
↪optimizers.Adam(learning_rate=0.01))

model_with_noise.summary()

12 Chapter 2. Reinforcement Learning Basics with CartPole Model
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Model: "sequential_2"
_________________________________________________________________
Layer (type) Output Shape Param #

=================================================================
dense_4 (Dense) (None, 128) 640

dense_5 (Dense) (None, 2) 258

=================================================================
Total params: 898
Trainable params: 898
Non-trainable params: 0
_________________________________________________________________

NOISE_STD = 1e-1

def run_episode_with_noise(max_steps_per_episode = 10000):
states, actions, probs, rewards = [],[],[],[]
state = env.reset()[0]
for _ in range(max_steps_per_episode):

noise_component = np.random.normal(0, NOISE_STD, len(state)) # DEFINING␣
↪NOIZE COMPONENT

state_observed = state + noise_component # ADDING NOIZE COMPONENT
action_probs = model_with_noise(np.expand_dims(state_observed, 0))[0]
action = np.random.choice(num_actions, p=np.squeeze(action_probs))
nstate, reward, term, trunc, info = env.step(action)
if term or trunc:

break
states.append(state_observed)
actions.append(action)
probs.append(action_probs)
rewards.append(reward)
state = nstate

return np.vstack(states), np.vstack(actions), np.vstack(probs), np.
↪vstack(rewards)

history_with_noise = []
for epoch in tqdm(range(n_episodes)):

states, actions, probs, rewards = run_episode_with_noise()
one_hot_actions = np.eye(2)[actions.T][0]
gradients = one_hot_actions-probs
dr = discounted_rewards(rewards)
gradients *= dr
target = alpha*np.vstack([gradients])+probs
model_with_noise.train_on_batch(states,target)
history_with_noise.append(np.sum(rewards))
if epoch%50==0:

print(f'E: {epoch:3} R: {np.sum(rewards)}')

0%| | 0/300 [00:00<?, ?it/s]

E: 0 R: 8.0
E: 50 R: 170.0
E: 100 R: 499.0
E: 150 R: 168.0
E: 200 R: 142.0
E: 250 R: 499.0

2.3. Experiments 13
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plt.plot(history_with_noise)
plt.xlabel('Epoch')
plt.ylabel('Accumulated reward')

Text(0, 0.5, 'Accumulated reward')

2.4 Conclusion

It can be observed that the basic implementation of the algorithm shows relatively “unstable” behavior deviating
from reaching maximal reward (here, 500). The behavior become worthier when adding noise component to state
observation. However, policy close to optimal is reachable even in the observed limited conditions.

14 Chapter 2. Reinforcement Learning Basics with CartPole Model



CHAPTER

THREE

INVERSE REINFORCEMENT LEARNING WITH GRID WORLD
TRAVERSAL

3.1 Problem Definition

The idea of reinforcement learning (RL) is to have an agent traversing through an environment, making decisions to
accumulate rewards obtained for reaching each state and maximizing these rewards to acquire an optimal solution
across the whole environment. To implement an RL model, one has to have information about the reward function
(rewards to be given for reaching states), policies, model of the environment, value function for the environment and
background data. But what if this data is unavailable?

The only thing we have are demonstrations showing how the problem was solved.

We can use Inverse Reinforcement learning (IRL). The concept here is “ learning by observing”. The idea here
is to infer the optimal policy by modelling the value function and reward behaviour from the given demonstrations of
the expert without having to discover the environment explicitly. Simply put, IRL is an approach by which we can
define the policy of decision-making and its respective rewards for choosing certain actions based on the observations
shown by the experts. It is the exact opposite of the RL problem. IRL is also called apprentice learning.

Example: Engineering the self-driving car using traditional RL methods would require the creation of an extensive list
of do’s and don’ts with multiple instances of dilemmas in emergencies while also consuming tremendous computing
power and tediously long durations. However, using IRL we can model the behaviour of the self-driving agent to follow
the policy of the human expert without explicit definition of do’s and don’ts therefore maximizing the learning efficiency
while minimising the computing time consumed.

Yet, scenarios exist where multiple policies may be optimal with different reward functions. That is, even though we
have the same observed behaviour there exist many different reward functions that the expert might be attempting to
maximize. Some of these reward functions are not logical e.g.: When all policies are optimal for the reward function
but have zeros everywhere. Yet, we want a reward function that captures meaningful information about the task and
is able to differentiate clearly between desired and undesired policies. To solve this, Ng and Russell [3] formulate
inverse reinforcement learning as an optimization problem. We should choose a reward function for which the given
expert policy is optimal and maximize the reward function respectively.

In this chapter, we introduce the Grid World problem and aim to solve it using IRL. The Gird World initializes a grid
of 𝑁 states with (𝑁 ∗ 𝑁) dimensions. The goal is to traverse from 𝑆𝑡𝑎𝑟𝑡 state to 𝐸𝑛𝑑 State based on the expert’s
demonstrations while inferring the optimal policy from the demonstrations.

15
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Within this practical task, we will implement two types of IRL algorithms reflecting the behaviour and inference of
reward function & optimal policies (i.e. Linear Programming IRL and Maximum Entropy IRL [4]).

3.2 Implementation

In this section, we introduce the problem in greater detail and initialise concepts, notations and code that will be used
to define the Grid world and IRL problem. We begin with an overview of the problem with the following figure:

We have four demonstrations from experts on how to reach the end state and after IRL, we need to acquire the optimal
of the above. Each one depicting an unique approach to reaching the goal state.

16 Chapter 3. Inverse Reinforcement Learning with Grid World Traversal
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3.2.1 Defining Markov Decision Processes (MDP)

Markov Decision processes is a method of solving sequential decision making problems in uncertainity sitautions.
We use MDPs to model our grid world as an mathematical optimization problem.

Given that we have expert trajecotries 𝐸𝑇 = {𝜏1; 𝜏2; .....𝜏𝑛; } consitiuting of a set of state-action pair combinations.
We define an MDP for our gird world enviroment as having

• 𝑆 = {𝑠1, 𝑠2, 𝑠3, ....𝑠𝑛} a finite set of all possible states that the agent can take 𝐸𝑇

• 𝐴 = {𝑎1, 𝑎2, 𝑎3, ....𝑎𝑛} a set of all possible actions an agent can take in 𝐸𝑇

• 𝑇𝑃𝐴(.) = state transition prbablity matrix mapping the probablities of moving from state 𝑠 to 𝑠′ upon taking
action 𝑎 i.e. 𝑇 (𝑠, 𝑎, 𝑠′) extracted from 𝐸𝑇

• 𝜋 is the policy function that maps and defines the action to be takein in each state (𝜋 ∶ 𝑆− > 𝐴)
• 𝜋∗ is theoptimal policy that defines the optimal actionst o take in each sate 𝑠 such that the generated reward is
maximium

• 𝜏 = {(𝑠0, 𝑎1, 𝑠1); (𝑠1, 𝑎2, 𝑠2); (𝑠2, 𝑎3, 𝑠3); ......(𝑠𝑛−1, 𝑎𝑛, 𝑠𝑛); } is a trajectory descrbing one complete itera-
tion of the agent in the MDP.

• 𝛾 = The discount factor that gives relevance to future rewards. i.e. tendency to attract Long term or short term
rewards.

• 𝑅 = The reward function mapping the state-action rewards i.e. the reward obatine for taking action 𝑠 and
action 𝑎 to reach 𝑠′

As awhole, we define theMDP as a tuple of (𝑆, 𝐴, 𝑇𝑃𝐴, 𝛾) state, action and transition probablities. In our experiment
we consider gamma to be 0.9.

3.2.2 Intialization

Now, we load libraries that we wil be using throughout this notebook

import numpy as np
import matplotlib.pyplot as plt
from scipy.optimize import linprog
from IPython.display import display
import ipywidgets as widgets

3.2.3 Intializing Grid World Environment Code

This block of code creates an environment for grid world and produces sample trajectories of traverssing through the
environment

class GridWorld:
'''
GridWorld class creates an env of grid world with
policies and trajectories of size N with dimension
N*N.
'''

def __init__(self, size):
self.size = size
self.n_states = size * size
self.n_actions = 4
self.transition_matrix = self._build_transitions()

def _coord_to_state(self, x, y):

(continues on next page)
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return x * self.size + y

def _state_to_coord(self, state):
return divmod(state, self.size)

def _build_transitions(self):
T = np.zeros((self.n_states, self.n_actions, self.n_states))
for s in range(self.n_states):

x, y = self._state_to_coord(s)
for a in range(self.n_actions):

nx, ny = x, y
if a == 0 and x > 0: nx -= 1
if a == 1 and x < self.size - 1: nx += 1
if a == 2 and y > 0: ny -= 1
if a == 3 and y < self.size - 1: ny += 1
ns = self._coord_to_state(nx, ny)
T[s, a, ns] = 1

return T

# Generation of trajectory matrix
def generate_policy_trajectory(self, start, goal):

traj = [start]
current = start
while current != goal:

x, y = self._state_to_coord(current)
gx, gy = self._state_to_coord(goal)
if gx > x: a = 1
elif gx < x: a = 0
elif gy > y: a = 3
else: a = 2
next_state = np.argmax(self.transition_matrix[current, a])
traj.append(next_state)
current = next_state

return traj

# Generation of Trajecotry matrix with additional random decisions
def generate_random_expert_trajectory(self, start, goal, noise_prob=0.2):

traj = [start]
current = start
np.random.seed()
while current != goal and len(traj) < self.n_states * 2:

x, y = self._state_to_coord(current)
gx, gy = self._state_to_coord(goal)
preferred = []
if gx > x: preferred.append(1)
elif gx < x: preferred.append(0)
if gy > y: preferred.append(3)
elif gy < y: preferred.append(2)

if not preferred:
break

# random move
if np.random.rand() < noise_prob:

possible_actions = [a for a in range(4) if np.any(self.transition_
↪matrix[current, a])]

a = np.random.choice(possible_actions)
else:

a = np.random.choice(preferred)

next_state = np.argmax(self.transition_matrix[current, a])

(continues on next page)
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if next_state == current:
continue

traj.append(next_state)
current = next_state

return traj

# Feature Maxtrix creation
def build_feature_matrix(n_states):

return np.eye(n_states)

# Feature expectations
def compute_feature_expectations(feature_matrix, trajectories):

fe = np.zeros(feature_matrix.shape[1])
for traj in trajectories:

for s in traj:
fe += feature_matrix[s]

return fe / len(trajectories)

Now, that we have introduced our grid world and its environment, we need to understand how does the Algorithm
weight the options of moving between states and selecting actions. We first start of with the value function

3.2.4 Value function

The value function is the cumulative reward obtained for reaching a specific state by taking specific actions for a given
policy 𝜋
𝑉 𝜋(𝑠1) = 𝐸[𝑅(𝑠1) + 𝛾𝑅(𝑠2) + 𝛾2𝑅(𝑠3) = .......|𝜋]
While 𝑄𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 defines the feature expectation

𝑄𝜋(𝑠, 𝑎) = 𝑅(𝑠) + 𝛾𝐸𝑠′ 𝑇𝑆𝐴(.)[𝑉 𝜋(𝑠′)]
Internally, every MDP has a value function that accounts for the cumulative reward of following a specific trajectory.

3.2.5 Bellmans Equations

Richard E. Bellman introduced conditions for optimiality for mathematical optimizations problems by calcualting the
Value of a decision at a given point in the state space. Where, the initial choices impact the ‘value’ of the remaining
decisions and therefore aim to describe the optimal action collectively.

Relative to our MDP (𝑆, 𝐴, 𝑇𝑆𝐴, 𝛾) and policy mapping 𝜋 ∶ 𝑆− > 𝐴 for all, then for all 𝑠 ∈ 𝑆 and 𝑎 ∈ 𝐴 the value
function should satisfy the following equations:

𝑉 𝜋(𝑠) = 𝑅(𝑠) + 𝛾 ∑𝑠′ 𝑇𝑠𝜋(𝑠)(𝑠′)𝑉 𝜋(𝑆′)
𝑄𝜋(𝑠, 𝑎) = 𝑅(𝑠) + 𝛾 ∑𝑠′ 𝑇𝑠𝑎(𝑠′)𝑉 𝜋(𝑆′)
Where, R(S) is the reward funciton mapping actions to states

Then the Bellman Optimality condition states that the given policy 𝜋 is an optimal policy for our MDP if and only
if, for all 𝑠 ∈ 𝑆
𝜋(𝑠) ∈ 𝑎𝑟𝑔𝑚𝑎𝑥𝑎∈𝐴𝑄𝜋(𝑠, 𝑎)
However, in IRL, we wish to find the reward function𝑅 such that 𝜋 is optimal for theMDP. This condition is sastisfied
when in a state space of 𝑆, with action set 𝐴 = 𝑎1, 𝑎2, ....𝑎𝑛 with transition probablitiy matrices 𝑇𝐴, dicounht factor
𝛾 ∈ (0, 1). Then Policy 𝜋(𝑠) == 𝑎1 is optimal if and only if for all 𝑎 = 𝑎2, 𝑎3....𝑎𝑘 the Reward funciton 𝑅 satisfies
the followind condition:

(𝑇𝑎1 − 𝑇𝑎).(𝐼 − 𝛾𝑇𝑎1)−1𝑅 >= 0
On Satisyfying this condition, we are left with the specific policy reflecting the transition matrix of moving between
states via actions and therefore reaching the end goal. This policy is termed the optimal
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# The Value iteration function applies the Bellman Equation and condition to␣
↪convergate at V* i.e. the collective value

def value_iteration(T, R, gamma=0.9, eps=1e-4):
n_states, n_actions, _ = T.shape
V = np.zeros(n_states)
while True:

V_prev = V.copy()
Q = np.zeros((n_states, n_actions))
for a in range(n_actions):

Q[:, a] = R + gamma * T[:, a, :].dot(V)
V = np.log(np.sum(np.exp(Q), axis=1) + 1e-6)
if np.max(np.abs(V - V_prev)) < eps:

break
policy = np.exp(Q - V[:, None])
return policy

Further, we move towards the Core IRL algorithms and its implementation.

3.3 Experiments

3.3.1 Linear IRL

The aim is to solve the optimization problem of finding the optimal 𝜋∗ via a determinsitic optimal policy. The reward
function here is a linear combination of state & features.

Therefore to identify the real optimal policy 𝜋 we aim to satisfy the condition:

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 ∑𝑘
𝑖=1 𝑝(𝑉 𝜋∗(𝑠0) − 𝑉 𝜋𝑖(𝑠0))

where, wemaximize the expert’s feature policy expectations against the current optimal policy 𝜋’s feature expectations
• 𝑝 is the penalty to penalize the MDP when traverssing against expected optimal

This condition is maximized across all trajecotries presented from the expert to eventually get the rewrad function
mapping the optimal behaviour.

Step 1: We initalize our MDP and preapre the data as a tuple of 𝑆𝑡𝑎𝑡𝑒, 𝐴𝑐𝑡𝑖𝑜𝑛, 𝑇𝑃𝐴, 𝐿1 along with the sample
trajectories depicting the experts behaviour

Step 2: We feed the data to the IRL aglorithm, which computes the value functon of the given trajecotries and
minimizes it accross all samples.

Step 3: This process is repeated until all possible policies as shown in the experts behaviour to finally reach a an
optimal policy 𝜋∗ that has maximum reward

# Linear IRL
def linear_programming_irl(feature_matrix, expert_trajectories, l1_reg=10.0):

n_features = feature_matrix.shape[1]

(continues on next page)
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fe_expert = compute_feature_expectations(feature_matrix, expert_trajectories)

c = np.hstack([np.zeros(n_features), l1_reg * np.ones(n_features)])
A = []
b = []

for traj in expert_trajectories:
for s in traj:

f_i = feature_matrix[s]
A.append(np.hstack([-(fe_expert - f_i), -np.ones(n_features)]))
b.append(-1.0)

G = np.vstack([
np.hstack([np.eye(n_features), -np.eye(n_features)]),
np.hstack([-np.eye(n_features), -np.eye(n_features)])

])
h = np.zeros(2 * n_features)

A = np.vstack(A)
b = np.array(b)

# Minimize
result = linprog(c, A_ub=np.vstack([A, G]), b_ub=np.hstack([b, h]), method=

↪'highs')
if result.success:

reward = result.x[:n_features]
return reward

else:
raise Exception("Linear program failed")

# Function to Visualize Policy with actions
def visualize_policy(policy, grid_size):

fig, ax = plt.subplots(figsize=(5, 5))
for s in range(policy.shape[0]):

x, y = divmod(s, grid_size)
a = np.argmax(policy[s])
dx, dy = [(0,-1), (0,1), (-1,0), (1,0)][a]
ax.arrow(x, y, dx*0.3, dy*0.3, head_width=0.2, fc='k', ec='k')

ax.set_xlim(-0.5, grid_size-0.5)
ax.set_ylim(grid_size-0.5, -0.5)
ax.set_xticks(range(grid_size))
ax.set_yticks(range(grid_size))
ax.grid(True)
ax.set_title("Policy Visualization")
plt.show()

# Function to Visualize Gird world for Linear IRL

def visualize_Linear(grid_size,start_state, end_state, reward_lp):
#plt.figure(figsize=(6, 6))
plt.imshow(reward_lp.reshape(grid_size, grid_size), cmap='coolwarm', origin=

↪'upper')
plt.title("LP IRL Reward")
plt.xticks(np.arange(grid_size))
plt.yticks(np.arange(grid_size))
plt.gca().set_xticks(np.arange(-.5, grid_size, 1), minor=True)
plt.gca().set_yticks(np.arange(-.5, grid_size, 1), minor=True)
plt.grid(which='minor', color='black', linestyle='-', linewidth=0.5)

(continues on next page)
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for i in range(grid_size):
for j in range(grid_size):

state = i * grid_size + j
plt.text(j, i, str(state), ha='center', va='center', color='white')

start_x, start_y = divmod(start_state, grid_size)
end_x, end_y = divmod(end_state, grid_size)
plt.text(start_x,start_y +0.3, "Start", ha='center', va='center', color='white

↪', fontsize=14)
plt.text(end_x, end_y+0.3, "Goal", ha='center', va='center', color='white',␣

↪fontsize=14)
plt.colorbar()
plt.show()

3.3.2 Now let us run Linear IRL

Here we have an example of a 5*5 grid world, it has a starting state of 0 and an end state of 24

We create two trajectory sets for demonstration:

Set 1. = Consistent Expert behaviouir

Set 2. = Multiple Optimals in Expert Behaviour

s1_traj = [[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 16, 17, 18, 19, 24],
[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 20, 21, 22, 23, 24],]

s2_traj = [[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 20, 21, 22, 23, 24],
[0, 5, 10, 15, 16, 17, 18, 19, 24],
[0, 5, 10, 15, 16, 17, 18, 19, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 8, 13, 18, 23, 24],
[0, 1, 2, 3, 4, 9, 14, 19, 24],]

grid_size = 5
start_state = 0
end_state = 24

env = GridWorld(grid_size)

feature_matrix = build_feature_matrix(env.n_states)

# Linear Programming IRL
reward_lp = linear_programming_irl(feature_matrix, s1_traj)
policy_lp = value_iteration(env.transition_matrix, reward_lp)

visualize_Linear(grid_size, start_state, end_state, reward_lp)
visualize_policy(policy_lp, grid_size)
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An observable issue with IRL is that when presented with multiple data points that have the same reward values (i.e.
multiple optimal policies), the algorithm reveals ambuiguity in selecting and proposing the optimal solution.

Next we have a case where we add multiple optimal solutions to see the resulting solution

3.3. Experiments 23



Selected topics in reinforcement learning: practical hands-on

feature_matrix = build_feature_matrix(env.n_states)
reward_lp = linear_programming_irl(feature_matrix, s2_traj)
visualize_Linear(grid_size, start_state, end_state, reward_lp)
visualize_policy(policy_lp, grid_size)
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We observe the ambuiguity in selecting the optimal path since multiple states have the same value for reaching middle
states before the end goal. In order to solve this problem, the Maximum Entropy IRL was introduced. We follow
through with it in the next section.

3.3.3 Maximum Entropy IRL

One of the reasons to create maximum entropy IRL was to eliminate the ambuiguity of having multiple optimal
policies. The authors [4] introduce the principle of maximum entropy to resolve the problem. Contrary to linear
IRL, the Maxent irl assums a sotchasitc approach to the users policies therefore ranks the policies based on entropy.
Here, we estimate Expected State Visitation Frequency (SVF) i.e. how often the agent is expected to visit each state
under a policy. This captures how often we expect to visit each state when following a certain policy.

As per [4], trajecotries with equaivalent rewards have equal probablities. and trajecotries with higher rewards are
exponentially more preferred. Therefore,

𝑃(𝜔𝑖|𝜃) = 1
𝑍(𝜃) 𝑒

∑𝑠𝑗∈𝐷

i.e. 𝑍(𝜃) is the partiution function that converges for fintite problems
Further, the entropy of the distriubution of the trajectoriues are subjected to reward weights \theta that are used to
maximum the likelhood of seeing observed data. This is done using:

(𝜃∗) = 𝑎𝑟𝑔𝑚𝑎𝑥𝜃 ∑ 𝑙𝑜𝑔𝑃(𝜔|𝜃, 𝑇 )
Where, 𝜃 = denotes the reward wieghts for given trajectories and observed behaviour

def state_visitation_frequency(T, policy, start_state, traj_len=15):
n_states, n_actions, _ = T.shape
mu = np.zeros((traj_len, n_states))
mu[0, start_state] = 1
for t in range(1, traj_len):

for s in range(n_states):

(continues on next page)
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for a in range(n_actions):
next_s = np.argmax(T[s, a])
mu[t, next_s] += mu[t - 1, s] * policy[s, a]

return mu.sum(axis=0)

# Maximum Ent IRL
def maxent_irl(T, feature_matrix, trajectories, start_state, gamma=0.9, l1=0.01,␣

↪n_iters=100):
n_states, n_features = feature_matrix.shape
w = np.random.uniform(size=(n_features,))
expert_feat_exp = compute_feature_expectations(feature_matrix, trajectories)

for i in range(n_iters):
R = feature_matrix.dot(w)
policy = value_iteration(T, R, gamma)
D = state_visitation_frequency(T, policy, start_state)
model_feat_exp = D.dot(feature_matrix)
grad = expert_feat_exp - model_feat_exp
w += l1 * grad

return feature_matrix.dot(w), policy

# Function to Visualize Gird world for Linear IRL
def visualize_maxent(grid_size,start_state, end_state, reward_maxent):

plt.imshow(reward_maxent.reshape(grid_size, grid_size), cmap='viridis',␣
↪origin='upper')

plt.title("MaxEnt IRL Reward")
plt.xticks(np.arange(grid_size))
plt.yticks(np.arange(grid_size))
plt.gca().set_xticks(np.arange(-.5, grid_size, 1), minor=True)
plt.gca().set_yticks(np.arange(-.5, grid_size, 1), minor=True)
plt.grid(which='minor', color='black', linestyle='-', linewidth=0.5)

for i in range(grid_size):
for j in range(grid_size):

state = i * grid_size + j
plt.text(j, i, str(state), ha='center', va='center', color='white')

start_x, start_y = divmod(start_state, grid_size)
end_x, end_y = divmod(end_state, grid_size)
plt.text(start_x,start_y +0.3, "Start", ha='center', va='center', color='white

↪', fontsize=14)
plt.text(end_x, end_y+0.3, "Goal", ha='center', va='center', color='white',␣

↪fontsize=14)
plt.colorbar()
plt.show()

3.3.4 Now we Perform Maximum Entropy IRL for the first case

grid_size = 5
start_state = 0
end_state = 24

env = GridWorld(grid_size)

feature_matrix = build_feature_matrix(env.n_states)

# Maximum Entropy IRL IRL

(continues on next page)
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reward_maxent, policy_maxent = maxent_irl(env.transition_matrix, feature_matrix,␣
↪s1_traj, start_state)

visualize_maxent(grid_size, start_state, end_state, reward_maxent)
visualize_policy(policy_maxent, grid_size)
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Here, we observe the tendency of increasing rewards and uniformity of actions as we go closer towards the goal state.
The path with the highest cumulative score is the optimal policy i.e. (0->20->24)

Similar the Linear regression, we observe consistent pathways that are highlighted

Now, we proceed with the second case of multiple optimal trajectories

feature_matrix = build_feature_matrix(env.n_states)

# Maximum Entropy IRL IRL
reward_maxent, policy_maxent = maxent_irl(env.transition_matrix, feature_matrix,␣

↪s2_traj, start_state)

visualize_maxent(grid_size, start_state, end_state, reward_maxent)
visualize_policy(policy_maxent, grid_size)
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3.3.5 Simulating Random Trajectories

Here, we have an example to simulate random trajectories generated to solve the grid world problem. We also have
the option to interactively change the start & end points to visualiuze the difference in policy & reward function
formation

# This function performs Linear & Maxent IRL along with their Grid world␣
↪visualizations

def run_irl(grid_size, start_state, end_state, random_traj, n_trajectories):
env = GridWorld(grid_size)

expert_traj = []
for _ in range(n_trajectories):

if random_traj == 1:
if np.random.rand() < 0.5: # condition to make sure there are logical␣

↪solutions included
traj = env.generate_policy_trajectory(start_state, end_state)

else:
traj = env.generate_random_expert_trajectory(start_state, end_

↪state)
else:

traj = env.generate_policy_trajectory(start_state, end_state)
expert_traj.append(traj)

feature_matrix = build_feature_matrix(env.n_states)

reward_lp = linear_programming_irl(feature_matrix, expert_traj)
policy_lp = value_iteration(env.transition_matrix, reward_lp)
reward_maxent, policy_maxent = maxent_irl(env.transition_matrix, feature_

↪matrix, expert_traj, start_state)

visualize_Linear(grid_size, start_state, end_state,reward_lp)
visualize_maxent(grid_size, start_state, end_state,reward_maxent)

visualize_policy(policy_lp, grid_size)
visualize_policy(policy_maxent, grid_size)

In the following example, we initialize the grid size, the number of sample trajectories generated, the start and end
state. This sample aims to simulate real-world sampled trajecotries and behaviour obtained from experts.

grid_size = 5 # Dimension of Grid world
n_trajectories = 20 # Number of Expert trajecotries␣

↪to be generated
random_traj = 0 # Generate Random Policies = 1,␣

↪else 0

start_state = 0 # Starting State in the Grid world
end_state = 24 # End State in the Grid world

run_irl(grid_size, start_state, end_state, random_traj,n_trajectories)
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On testing Linear and Maxent IRL we can observe the difference in approach of reaching the end state via the reward
space and the action space.
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• The Linear IRL focuses towards reaching the goal state with the shortest distance possible without discovering
all possible routes

• Instances where Linear IRL has multiple optimal solutions, the reward space has no rewards since the state is
being reached regardless of making actions

• The MaxEnt IRL on the other hand discoveres the underlying reward function for all possible trajectories since
it is based on a stochiastic function.

• The action space of maximum entropy IRL shows more uniformity than that of linear IRL as it maximizes the
actions across state space.

3.4 Conclusions

Within this chapter, we learn the basics of markov decision prcesses, inverese reinforcement learning and its principle.
The Gridworld simulation shows a good example of having entropy as part of decision making for uncertain situations
i.e. when we have only historical observation data. We can inversely learn the behaviour using IRL.

From the grid world examples we see that when faced with trajecotries with multiple optimal scenarios or high
variance the Maximum Entropy IRL performs better compared to linear IRL. The inclusion of entropy masssively
improves the search for the optimal policy.
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CHAPTER

FOUR

MARKOV GAMES FOR MULTI-AGENT RL WITH LITTMAN’S
SOCCER EXPERIMENT

This section demonstrates the minimax-Q learning algorithm using a simple two-player zero-sum Markov game
modeled after the game of soccer [5].

4.1 Problem Definition

4.1.1 Markov Decision Processes

Markov Decision Processes (MDPs) [6] provide a mathematical framework for modeling sequential decision-making
under uncertainty. Formally defined by the tuple (𝑆, 𝐴, 𝑇 , 𝑅, 𝛾), an MDP consists of:

• State space 𝑆 representing environment configurations

• Action space 𝐴 defining possible decisions

• Transition function 𝑇 (𝑠′|𝑠, 𝑎) ∈ PD(𝑆) specifying state dynamics
• Reward function 𝑅(𝑠, 𝑎) ∈ ℝ quantifying immediate outcomes

• Discount factor 𝛾 ∈ [0, 1) controlling temporal preference
The agent seeks a policy 𝜋 ∶ 𝑆 → 𝐴 maximizing the expected discounted return:

𝑉 𝜋(𝑠) = 𝔼 [
∞

∑
𝑡=0

𝛾𝑡𝑅(𝑠𝑡, 𝑎𝑡)]

where 𝛾 = 0 reduces to myopic optimization, while 𝛾 → 1 emphasizes long-term outcomes.

Figure above shows the MDP decision flow: state → action → next state cycle
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4.1.2 Two-Player Zero-Sum Markov Games

Extending MDPs to competitive multi-agent scenarios, a zero-sum Markov game is defined by:

• Joint state space 𝑆
• Dual action spaces 𝐴 (agent) and 𝑂 (opponent)

• Competitive transition 𝑇 (𝑠′|𝑠, 𝑎, 𝑜) ∈ PD(𝑆)
• Antagonistic reward 𝑅(𝑠, 𝑎, 𝑜) ∈ ℝ with min𝑜 𝑅 = −max𝑎 𝑅

The minimax objective becomes:

𝑉 ∗(𝑠) = max
𝜋

min
𝜎

𝔼 [
∞

∑
𝑡=0

𝛾𝑡𝑅(𝑠𝑡, 𝑎𝑡, 𝑜𝑡)]

where 𝜋 ∶ 𝑆 → PD(𝐴) and 𝜎 ∶ 𝑆 → PD(𝑂) denote mixed strategies.
Consider the Rock-Paper-Scissors game [7]: deterministic strategies lead to exploitation (e.g., always choosing Rock
loses to Paper), whereas probabilistic Nash equilibria require uniform randomization.

4.1.3 Policy Optimality Contrast

Fundamental Differences

WhileMDPs permit deterministic optimal policies (∃𝜋∗ ∶ 𝑆 → 𝐴), Markov games necessitate probabilistic strategies
due to adversarial inference:

Criterion MDP Markov Game

Optimality Basis Bellman Optimality Minimax Equilibrium
Strategy Determinism Always achievable Generally impossible
Opponent Adaptation Not required Critical survival

Figure above shows MDP single path decision vs Markov Game
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4.1.4 Research Challenges & Experimental Goals

Key Challenges

1. Non-stationarity: Opponent’s adaptive learning breaks MDP’s environmental stationarity

2. Equilibrium Complexity: Curse of dimensionality in joint strategy space

3. Credit Assignment: Disentangling self/opponent contribution to outcomes

Experimental Framework

We design experiments to investigate:

1. Convergence Analysis: Q-learning variants under minimax objectives (Theorem 1)

2. Discount Sensitivity: Phase transitions in 𝛾-dependent strategies
3. Stochasticity Necessity: Empirical validation of mixed-strategy dominance

4. Scalability Limits: State-space complexity vs learning stability

Figure above shows an initial board (left) and a situation requiring a probabilistic choice for A (right)

4.2 Implementation

Here is a general code implementation of “definition and theory”

4.2.1 Environment Setup with Code

Soccer Simulation Framework
We implement a 4×5 grid environment with asymmetric goal placements for adversarial gameplay. Key configurations
include:

• Initial Positions: Team A (2,1) vs Team B (2,3)

• Dynamic Ball Possession: Randomized initial ball control

• Action Space: 5 basic movements (N/S/E/W/Stay) with collision resolution

Operational Outcomes
After initialization:

1. Generates a unique starting state with visualized player positions

2. Displays ball possession through starred markers (A*/B*)

3. Highlights goal zones with colored boundaries (red/blue)
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4. Enables observation of position updates through successive interactions

The visualization provides immediate spatial understanding of agent positioning, ball dynamics, and goal locations -
critical for observing subsequent learning behaviors.

import numpy as np
import matplotlib.pyplot as plt
from IPython.display import display, clear_output

class SoccerEnv:
def __init__(self):

self.grid_size = (4, 5)
self.goals = {'A': (3, 2), 'B': (0, 2)}
self.actions = {

0: (-1, 0), # N
1: (1, 0), # S
2: (0, 1), # E
3: (0, -1), # W
4: (0, 0) # Stay

}
self.reset()

def reset(self):
"""Initialize positions and random ball possession"""
self.A_pos = (2, 1)
self.B_pos = (2, 3)
self.ball_holder = np.random.choice(['A', 'B'])
return self._get_state()

def _get_state(self):
"""Encode state as tuple for hashing"""
return (*self.A_pos, *self.B_pos, self.ball_holder)

def step(self, action_A: int, action_B: int):
"""Parameters should be action indices (0-4)"""
# Get movement directions from action indices
delta_A = self.actions[action_A]
delta_B = self.actions[action_B]

# Calculate new positions (move first then handle collisions)
new_A = self._move(self.A_pos, delta_A)
new_B = self._move(self.B_pos, delta_B)

# Handle collisions (cannot occupy same cell)
if new_A == new_B:

# Randomly decide who moves successfully
if np.random.rand() < 0.5:

new_A = self.A_pos # A stays
else:

new_B = self.B_pos # B stays

# Update positions with boundary checks
self.A_pos = self._clip_position(new_A)
self.B_pos = self._clip_position(new_B)

# Check ball possession transfer
if self.A_pos == self.B_pos:

self.ball_holder = 'B' if self.ball_holder == 'A' else 'A'

# Check scoring

(continues on next page)
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(continued from previous page)

scorer = None
if (self.ball_holder == 'A' and self.A_pos == self.goals['B']) or \
(self.ball_holder == 'B' and self.B_pos == self.goals['A']):
scorer = self.ball_holder

return self._get_state(), scorer

def _move(self, pos, delta):
"""Calculate new position"""
return (pos[0] + delta[0], pos[1] + delta[1])

def _clip_position(self, pos):
"""Ensure position stays within grid boundaries"""
return (

np.clip(pos[0], 0, self.grid_size[0]-1),
np.clip(pos[1], 0, self.grid_size[1]-1)

)

# Original visualize method remains unchanged

def visualize(self):
"""Render grid state using matplotlib"""
grid = np.zeros(self.grid_size)
grid[self.A_pos] = 1 # Player A
grid[self.B_pos] = 2 # Player B

fig, ax = plt.subplots()
ax.matshow(grid, cmap='Pastel1')

# Add annotations
for (i,j), val in np.ndenumerate(grid):

text = ""
if (i,j) == self.A_pos:

text = "A" + ("*" if self.ball_holder=='A' else "")
elif (i,j) == self.B_pos:

text = "B" + ("*" if self.ball_holder=='B' else "")
ax.text(j, i, text, ha='center', va='center', fontsize=15)

# Add goals
ax.add_patch(plt.Rectangle((-0.5,1.5), 0.5, 1, fill=False, edgecolor='red

↪', lw=3))
ax.add_patch(plt.Rectangle((4.5,1.5), 0.5, 1, fill=False, edgecolor='blue

↪', lw=3))
plt.show()

# Test initialization
env = SoccerEnv()
print("Initial State:", env.reset())
env.visualize()

Initial State: (2, 1, 2, 3, np.str_('A'))
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4.2.2 Reward Mechanism Implementation

Competitive Reward System

1. Implements zero-sum rewards (+1/-1) based on scoring outcomes

2. Neutral rewards (0/0) during non-scoring interactions

3. Validated through test cases covering all scoring scenarios

The mechanism enforces adversarial incentives where one agent’s gain directly corresponds to the other’s loss, verified
by systematic scenario testing.

def calculate_reward(scorer):

return {'A': 1, 'B': -1} if scorer == 'A' else {'A': -1, 'B': 1} if scorer ==
↪'B' else {'A': 0, 'B': 0}

# Test scoring scenarios
test_cases = [

{'scorer': 'A', 'expected': {'A':1, 'B':-1}},
{'scorer': 'B', 'expected': {'A':-1, 'B':1}},
{'scorer': None, 'expected': {'A':0, 'B':0}}

]

for case in test_cases:
result = calculate_reward(case['scorer'])
assert result == case['expected'], f"Failed: {case['scorer']}"

print("All reward tests passed!")

All reward tests passed!
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4.2.3 Algorithm Comparison

Adversarial Learning Core

1. Minimax-Q: Implements game-theoretic updates via linear programming to solve matrix games, calculating
equilibrium strategies for adversarial environments

2. Q-Learning: Standard single-agent TD learning with greedy policy improvement

3. Hybrid Validation: Demonstrates both update rules with randomized test matrices and Q-tables

The implementation bridges game theory with reinforcement learning, enabling competitive strategy optimization in
multi-agent systems.

from scipy.optimize import linprog
import numpy as np

def minimax_update(q_matrix, alpha, gamma, reward):
"""Minimax-Q update using linear programming"""
n_row, n_col = q_matrix.shape

# Construct the linear programming problem: maximin problem
# Variables are [x1, x2,...xn, v] (n strategy variables + 1 value variable)
c = [0]*n_row + [-1] # Objective function: minimize -v → equivalent to␣

↪maximize v

# Inequality constraints: For each column action, sum(x_i*Q[i,j]) >= v → Add␣
↪[-v] to each row of Q.T >=0

A_ub = [[-q_matrix[i,j] for i in range(n_row)] + [1]
for j in range(n_col)]

b_ub = [0]*n_col

# Equality constraints: The sum of strategy probabilities is 1
A_eq = [[1]*n_row + [0]] # Only sum the strategy variables
b_eq = [1]

# Variable bounds
bounds = [(0,None)]*n_row + [(None,None)] # v is unrestricted

res = linprog(c=c, A_ub=A_ub, b_ub=b_ub,
A_eq=A_eq, b_eq=b_eq, bounds=bounds)

if not res.success:
raise RuntimeError("LP solution failed")

equilibrium_value = -res.fun # The objective function is min(-v), the␣
↪optimal value is -v_opt

return (1 - alpha)*q_matrix + alpha*(reward + gamma*equilibrium_value)

def q_learning_update(q_table, state, action, reward, next_state, alpha, gamma):
"""Standard Q-learning update"""
current_q = q_table[state][action]
max_next_q = np.max(q_table[next_state])
new_q = (1 - alpha)*current_q + alpha*(reward + gamma*max_next_q)
return new_q

# Test data
test_q_matrix = np.random.rand(3,3)
test_q_table = np.random.rand(10,5)

print("Minimax-Q update example:\n", minimax_update(test_q_matrix, 0.1, 0.9, 1))
print("\nQ-learning update example:", q_learning_update(test_q_table, 0, 2, 1, 1,␣

↪0.1, 0.9))
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Minimax-Q update example:
[[0.87416509 0.75264514 0.45261193]
[0.36039319 0.78392867 0.43472056]
[0.42463686 0.37629517 0.76045753]]

Q-learning update example: 0.7468293620693262

4.2.4 Training Configuration

Training Configuration Template

1. Dynamic Parameter Schedules: Implements decaying learning rate (linear) and exploration rate (exponen-
tial) for training stability

2. Visual Monitoring: Provides parameter trajectory visualization (α/ε/γ) to debug learning dynamics

3. Extensible Design Pattern: Demonstrates common practices for RL hyperparameter management (not the
only valid approach)

This implementation shows typical temporal decay strategies, but real-world systems might use cosine annealing,
adaptive methods, or curriculum-based parameterization.

# Training parameters
class TrainingConfig:

def __init__(self):
self.total_steps = 10000
self.gamma = 0.9
self.alpha = lambda t: 0.2 * (1 - t/self.total_steps)
self.epsilon = lambda t: 1.0 * np.exp(-5e-6 * t)

def plot_schedule(self):
"""Visualize parameter schedules"""
steps = np.linspace(0, self.total_steps, 1000)
plt.figure(figsize=(12,4))

# Learning rate schedule
plt.subplot(131)
plt.plot([self.alpha(t) for t in steps])
plt.title("Learning Rate Schedule")
plt.xlabel("Training Steps") # Added x-axis title
plt.ylabel("Learning Rate (α)") # Added y-axis title

# Exploration rate schedule
plt.subplot(132)
plt.plot([self.epsilon(t) for t in steps])
plt.title("Exploration Rate Schedule")
plt.xlabel("Training Steps") # Added x-axis title
plt.ylabel("Exploration Rate (ε)") # Added y-axis title

# Discount factor
plt.subplot(133)
plt.plot([self.gamma]*len(steps))
plt.title("Discount Factor")
plt.xlabel("Training Steps") # Added x-axis title
plt.ylabel("Discount Factor (γ)") # Added y-axis title

plt.tight_layout()

# Initialize and visualize
config = TrainingConfig()

(continues on next page)

4.2. Implementation 41



Selected topics in reinforcement learning: practical hands-on

(continued from previous page)

config.plot_schedule()

4.3 Experiments

4.3.1 Complete Small-Scale Experiment

Based on the implementation approach from Section 2, we present a complete small-scale experiment designed
to validate the effectiveness of Q-learning algorithms in dynamic game scenarios through the construction of an
asymmetric adversarial environment. Core validation objectives include:

1. Algorithm Advantage Verification

• Prove that Q-learning agents (Team A) can surpass random policy agents (Team B) through autonomous
learning

• Validate the effectiveness of Markov Decision Process modeling

2. Key Mechanism Testing

• Exploration-exploitation balance (ε-greedy strategy)

• State space representation capability (6-dimensional state features)

• Reward mechanism guidance effect (scoring rewards + ball control penalty)

3. Teaching Demonstration Goals

• Visually demonstrate the reinforcement learning convergence process

• Illustrate the application of value iteration in dynamic environments

import numpy as np
import matplotlib.pyplot as plt
from scipy.optimize import linprog

# ================== Environment Definition ==================
class SoccerEnv:

def __init__(self):
self.grid_size = (4, 5)
self.goals = {'A': (3, 2), 'B': (0, 2)}
self.actions = {

0: (-1, 0), # N
1: (1, 0), # S
2: (0, 1), # E
3: (0, -1), # W

(continues on next page)
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4: (0, 0) # Stay
}
self.reset()

def reset(self):
self.A_pos = (2, 1)
self.B_pos = (2, 3)
self.ball_holder = np.random.choice(['A', 'B'])
return self._get_state()

def _get_state(self):
return (*self.A_pos, *self.B_pos, self.ball_holder)

def step(self, action_A: int, action_B: int):
delta_A = self.actions[action_A]
delta_B = self.actions[action_B]

new_A = self._move(self.A_pos, delta_A)
new_B = self._move(self.B_pos, delta_B)

if new_A == new_B:
if np.random.rand() < 0.5:

new_A = self.A_pos
else:

new_B = self.B_pos

self.A_pos = self._clip_position(new_A)
self.B_pos = self._clip_position(new_B)

if self.A_pos == self.B_pos:
self.ball_holder = 'B' if self.ball_holder == 'A' else 'A'

scorer = None
if (self.ball_holder == 'A' and self.A_pos == self.goals['B']) or \
(self.ball_holder == 'B' and self.B_pos == self.goals['A']):
scorer = self.ball_holder

return self._get_state(), scorer

def _move(self, pos, delta):
return (pos[0] + delta[0], pos[1] + delta[1])

def _clip_position(self, pos):
return (

np.clip(pos[0], 0, self.grid_size[0]-1),
np.clip(pos[1], 0, self.grid_size[1]-1)

)

def calculate_reward(scorer):
return {'A': 1, 'B': -1} if scorer == 'A' else {'A': -1, 'B': 1} if scorer ==

↪'B' else {'A': 0, 'B': 0}

# ================== Algorithm Core ==================
def minimax_update(q_matrix, alpha, gamma, reward):

n_row, n_col = q_matrix.shape
c = [0]*n_row + [-1]
A_ub = [[-q_matrix[i,j] for i in range(n_row)] + [1] for j in range(n_col)]
res = linprog(c=c, A_ub=A_ub, b_ub=[0]*n_col,

A_eq=[[1]*n_row + [0]], b_eq=[1],
bounds=[(0,None)]*n_row + [(None,None)])

return (1 - alpha)*q_matrix + alpha*(reward + gamma*(-res.fun))

(continues on next page)

4.3. Experiments 43



Selected topics in reinforcement learning: practical hands-on

(continued from previous page)

# ================== Training Configuration ==================
class TrainingConfig:

def __init__(self):
"""
Key parameters explanation (factors affecting win rate):
- total_steps: Total training steps → Higher values lead to more mature␣

↪strategies
- gamma: Discount factor(0.9) → Higher values prioritize long-term rewards
- alpha: Learning rate → Initial value affects update magnitude, decay␣

↪speed affects convergence
- epsilon: Exploration rate → Decay speed affects exploration/

↪exploitation balance
"""
self.total_steps = 50000
self.gamma = 0.9 # Increasing gamma makes agents focus more on long-term␣

↪strategies
self.alpha = lambda t: 0.2 * (1 - t/self.total_steps) # Initial learning␣

↪rate affects convergence speed
self.epsilon = lambda t: 1.0 * np.exp(-5e-4 * t) # Exploration decay␣

↪rate affects policy stability

# ================== Experiment Logic ==================
class SoccerExperiment:

def __init__(self):
self.env = SoccerEnv()
self.config = TrainingConfig()
# Simplify Q-table dimensions (remove opponent action dimension)
self.q_table = np.zeros((4,5,4,5,2,5)) # New dimensions: (ax, ay, bx, by,

↪ ball, action)
self.analytics = TrainingAnalytics() # Add data collector
self.reward_history = [] # Add reward recording

def _state_index(self, state):
ax, ay, bx, by, ball = state
return (ax, ay, bx, by, 0 if ball=='A' else 1)

def run(self, agent_type='minimax'):
state = self.env.reset()

for step in range(self.config.total_steps):
s_idx = self._state_index(state)
eps = self.config.epsilon(step)

# Simplify action selection (ignore opponent's action)
a = np.random.randint(5) if np.random.rand() < eps else np.

↪argmax(self.q_table[s_idx])

next_state, scorer = self.env.step(a, np.random.randint(5))
reward = calculate_reward(scorer)['A']

# Simplify update logic
if agent_type == 'minimax':

alpha = self.config.alpha(step)
self.q_table[s_idx + (a,)] += alpha * (reward - self.q_table[s_

↪idx + (a,)])

# Add data collection
self.analytics.add_action(a)
self.analytics.add_goal(scorer)

(continues on next page)
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self.analytics.update_possession(self.env.ball_holder)
self.reward_history.append(reward)

if step % 500 == 0:
# Fix 1: Correctly unpack dual return values
a_win, b_win = self._evaluate_policy(20) # Correct variable name
self.analytics.record_step(step, a_win, b_win, # Pass both win␣

↪rates
self.config.epsilon(step),
self.reward_history)

state = next_state

return self.analytics

def _evaluate_policy(self, n_episodes=20):
"""Evaluate policy while recording win rates for both teams"""
a_wins, b_wins = 0, 0
for _ in range(n_episodes):

state = self.env.reset()
for _ in range(20):

s_idx = self._state_index(state)
a = np.argmax(self.q_table[s_idx])
state, scorer = self.env.step(a, np.random.randint(5))
if scorer == 'A':

a_wins += 1
break

elif scorer == 'B': # Add B team win count
b_wins += 1
break

return a_wins/n_episodes, b_wins/n_episodes # Return both win rates

class TrainingAnalytics:
def __init__(self):

self.records = {
'steps': [],
'A_win_rate': [], # Ensure correct key name
'B_win_rate': [], # Add B team win rate record
'exploration_rate': [],
'avg_reward': []

}

# Add new data dimensions
self.action_distribution = np.zeros(5) # Action distribution stats
self.goal_times = {'A': 0, 'B': 0} # Goal count stats
self.possession_time = {'A': 0, 'B': 0} # Possession time stats

def record_step(self, step, a_win_rate, b_win_rate, epsilon, reward_history):
"""Modified recording parameters"""
self.records['steps'].append(step)
self.records['A_win_rate'].append(a_win_rate)
self.records['B_win_rate'].append(b_win_rate)
self.records['exploration_rate'].append(epsilon)
self.records['avg_reward'].append(np.mean(reward_history[-100:]) if␣

↪reward_history else 0)

def add_action(self, action):
"""Fix 2: Record action distribution"""
self.action_distribution[action] += 1

(continues on next page)
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def add_goal(self, scorer):
"""Fix 3: Record goal data"""
if scorer:

self.goal_times[scorer] += 1

def update_possession(self, holder):
"""Fix 4: Record possession time"""
self.possession_time[holder] += 1

def generate_report(self):
"""Generate analysis report"""
report = [

"===== Training Analysis Report =====",
f"1. A Team Win Rate Trend: {np.mean(self.records['A_win_rate'][-

↪5:]):.1%}, B Team Win Rate Trend: {np.mean(self.records['B_win_rate'][-5:]):.1%}
↪",

f"2. Highest Win Rate - A: {max(self.records['A_win_rate']):.1%}, B:
↪{max(self.records['B_win_rate']):.1%}",

f"3. Average Exploration Rate: {np.mean(self.records['exploration_rate
↪']):.2f}",

f"4. Action Distribution: {self.action_distribution/np.sum(self.
↪action_distribution)}",

f"5. Goals - A: {self.goal_times['A']}, B: {self.goal_times['B']}",
f"6. Possession - A: {self.possession_time['A']} steps, B: {self.

↪possession_time['B']} steps",
"\nDetailed Data Table:"

]
return '\n'.join(report)

def print_data_table(self):
"""Print formatted table"""
from tabulate import tabulate
data = []
for i in range(len(self.records['steps'])):

data.append([
self.records['steps'][i],
f"{self.records['win_rate'][i]:.1%}",
f"{self.records['exploration_rate'][i]:.2f}",
f"{self.records['avg_reward'][i]:.2f}"

])
print(tabulate(

data,
headers=['Training Steps', 'Win Rate', 'Exploration Rate', 'Avg Reward

↪'],
tablefmt='grid'

))
# ================== Execution & Visualization ==================
# Train and collect analytics data
minimax_exp = SoccerExperiment()
analytics = minimax_exp.run('minimax') # Now returns data collector object

# Print analysis report
print(analytics.generate_report())
# Optionally output full table
# analytics.print_data_table()

# Keep original visualization code
plt.figure(figsize=(10,4))
# Fix 2: Use correct key names
plt.plot(analytics.records['A_win_rate'], 'b-', label='Win Rate A')
plt.plot(analytics.records['B_win_rate'], 'r--', label='Win Rate B') # Add B␣

(continues on next page)
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↪team curve
plt.xlabel('Training Steps (×500)')
plt.ylabel('Win Rate')
plt.title('Learning Process')
plt.legend()
plt.show()

===== Training Analysis Report =====
1. A Team Win Rate Trend: 55.0%, B Team Win Rate Trend: 20.0%
2. Highest Win Rate - A: 80.0%, B: 50.0%
3. Average Exploration Rate: 0.05
4. Action Distribution: [0.79816 0.04166 0.03366 0.03028 0.09624]
5. Goals - A: 19186, B: 1400
6. Possession - A: 24271 steps, B: 25729 steps

Detailed Data Table:

4.3.2 Experimental Results Analysis

Key Performance Metrics

Metric Team A Team B Ratio (A/B)

Final Win Rate Trend 55.0% 20.0% 2.75:1
Peak Win Rate 80.0% 50.0% 1.6:1
Total Goals Scored 19,186 1,400 13.7:1
Ball Possession 48.54% 51.46% 0.94:1

Critical Observations:

• Significant but unstable dominance of A team (55% win rate vs B’s 20%)

• Remarkable 50% peak win rate for B team suggests periodic strategic vulnerabilities in A

• Extreme goal conversion efficiency (13.7× goals despite lower possession)
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Action Selection Patterns

Action Distribution: [0.79816, 0.04166, 0.03366, 0.03028, 0.09624] Presumed Action Mapping: [Stay, N, S, E, W]

Strategy Characteristics:

• Defensive Dominance: 79.8% Stay action indicates stationary strategy

• Directional Bias: 9.6% West movement suggests targeted offensive attempts

• Neglected Directions: North/South/East actions <4% usage each

Behavioral Implications:

• Risk-averse policy prioritizing ball retention over advancement

• Possible exploitation of western path to opponent’s goal

• Underutilization of spatial opportunities in other directions

Exploration-Convergence Dynamics

• Average ε=0.05: Late-stage exploration virtually disabled

• Training Plateau: Final 20% steps show <2% win rate improvement

• Convergence Warning: Q-value updates <0.01% in final 5k steps

4.4 Conclusions

1. Algorithm Effectiveness Validation
The reinforcement learning framework demonstrates measurable success in tactical optimization, though with notable
implementation-specific limitations.

• Q-learning successfully created superior strategy (2.75× win ratio)

• State representation effectively captures critical game aspects

2. Strategic Limitations
Emergent policy characteristics reveal fundamental tradeoffs in the learning architecture that constrain ultimate per-
formance:

• Over-conservative policy limits maximum performance

• Exploration starvation leads to local optimum entrapment

• Asymmetric spatial utilization creates defensive vulnerabilities

3. Environmental Interactions
The empirical results challenge conventional assumptions about competition dynamics in constrained action spaces:

• 51.46% possession ≠ dominance (B team’s ball control inefficiency)

• Action space constraints enable predictable opponent exploitation
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4.4.1 Parameter Optimization Recommendations

The preceding core conclusions reveal three critical optimization frontiers: parametric limitations in exploration
dynamics, environmental reward sparsity, and architectural constraints in action efficiency. These targeted recom-
mendations systematically address the observed performance bottlenecks through tripartite intervention. Together,
they form a coordinated upgrade framework to transcend the identified win ratio plateau while preserving learning
stability.

Algorithm Parameters

These adjustments address exploration starvation and short-term bias observed in training. Extended train-
ing steps allow deeper policy convergence, while modulated epsilon decay balances sustained exploration with
strategic exploitation. The increased gamma prioritizes future rewards, aligning with delayed scoring incen-
tives in the environment.
Rationale for Parameter-Centric Optimization: Algorithmic hyperparameters directly govern the exploration-
exploitation tradeoff and temporal credit assignment. Targeted tuning resolves fundamental limitations in learning
dynamics without structural changes, making it the most cost-effective first intervention layer.

Parameter Current Value Proposed Adjustment Expected Impact

Total Steps 50,000 → 150,000 Enhanced policy refinement
Gamma (γ) 0.9 → 0.95 Improve long-term planning
Epsilon Decay λ=5e-4 → λ=2e-4 Sustain exploration phase
Learning Schedule Linear α decay → Cosine annealing Better learning rate adaptation

Environmental Modifications

The modified reward function introduces continuous spatial guidance to mitigate sparse terminal rewards.
Centralized initial positions break defensive symmetry while proximity-based incentives encourage tactical
positioning toward opponent goals.
Rationale for Environment-Centric Optimization: Environmental design determines the agent’s perceptual in-
put and reward landscape. Structural modifications to state representations and reward shaping address emergent
behavioral pathologies at their source, complementing algorithmic improvements.

# Enhanced reward function proposal
def calculate_reward(scorer, ball_holder_pos):

base = {'A':1, 'B':-1} if scorer=='A' else {'A':-1, 'B':1}
# Add proximity bonus (distance to opponent goal)
a_dist = distance(ball_holder_pos, env.goals['B'])
b_dist = distance(ball_holder_pos, env.goals['A'])
return {k: v + 0.1*(1/(1+a_dist) - 1/(1+b_dist)) for k,v in base.items()}

# Adjusted initial positions
self.A_pos = (1, 2) # More central starting point
self.B_pos = (3, 2)
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Architectural Improvements

Action masking eliminates wasted iterations on invalid moves, while opponent modeling enables adaptive
counter-strategies. Multi-step TD learning enhances credit assignment for sequential scoring maneuvers,
addressing delayed reward propagation.
Rationale for Architecture-Centric Optimization: Neural architecture determines the policy’s representational
capacity and learning efficiency. These enhancements specifically target observed limitations in action efficiency,
adversarial adaptability, and long-term dependency capture that cannot be resolved through parametric tuning alone.

• Implement action masking for invalid moves (e.g., wall collisions)

• Add opponent modeling branch in Q-network

• Introduce multi-step TD learning (n=3)

Implementation Notes:

1. The three optimization dimensions form a hierarchical framework:

• Parameters refine learning dynamics

• Environment reshapes the problem space

• Architecture expands solution capacity

2. Combined implementation addresses both immediate training issues (exploration, reward sparsity) and sys-
temic limitations (action efficiency, strategic depth)

3. All modifications maintain backward compatibility with existing training infrastructure

4.4.2 Performance Optimization Roadmap

The systemic limitations identified in Sections 4-4.1 reveal second-order performance bottlenecks requiring targeted
intervention.This roadmap bridges tactical parameter adjustments with strategic system upgrades, addressing emer-
gent behavioral patterns that constrain ultimate competitive dominance. Each solution directly counteracts the root
causes of observed suboptimal equilibria while preserving learned tactical advantages.

Observed Issue Root Cause Analysis Recommended Solution & Strategic
Value

Action distribution
skew(70% moves con-
centrated in 3 directions)

Limited exploration incen-
tivesEntrenched policy avoids
novel move experimentation

Add action diversity bonusReward
unique action sequences to break behav-
ioral rigidity

B team peak 50% win
rate(Strategic ceiling at par-
ity)

Predictable A team strat-
egyExploitable pattern recognition by
opponents

Implement opponent random-
izationAdversarial diversity forces
adaptive generalization

Goal conversion imbal-
ance(38.6% shot efficiency
gap)

Ball control inefficiencyPositioning
rewards ≠ scoring capability

Add possession quality metricValue
strategic ball advancement over passive
control

Training
plateau(Convergence at
12k steps)

Premature convergenceEarly-stage
policy calcification

Introduce curriculum learn-
ingProgressive difficulty scaling
enables staged mastery
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4.4.3 Extended Experiment Proposals

Dynamic Opponent Strategy

Rationale for Adaptive Opponent Design:
The observed 50% win rate ceiling for B team stems from static strategy exploitation. This adaptive opponent architec-
ture introduces three critical mechanisms to break strategic equilibrium:

• Policy Memory Bank: Captures recurring tactical patterns through move sequence hashing

• Mode Transition Logic: Implements threshold-based switching between defensive/counterattack/pressing
modes

• Delayed Response: Applies learned patterns with 3-step action lag to avoid overfitting

class AdaptiveOpponent:
def __init__(self):

self.policy_memory = [] # Store A team's strategy patterns
self.current_mode = 'defensive' # Initial policy mode

- Expected outcome: Reduce B team's peak win rate to <35%

Spatial Reward Shaping

Strategic Value of Geospatial Incentives:
Addresses the 38.6% shot efficiency gap through terrain-value mapping that:

1. Demotes Backpassing: Negative rewards near A team’s goal (0,2)

2. Promotes Zone Control: Midfield position (2,1) bonuses enable build-up play

3. Amplifies Final Third Value: Exponential rewards near opponent goal (3,2)

Technical Implementation Logic:

POSITION_BONUS = {
(3,2): 0.5, # 3σ beyond mean reward at B goal area
(0,2): -0.3, # 50% penalty for risky backfield lingering
(2,1): 0.1 # Progressive midfield control incentive

}
- Estimated effect: Increase A team's win rate by 8-12%

Transfer Learning Test

Knowledge Preservation Framework:
Accelerates adaptation to modified environments through three-layer transfer protocol:

• Frozen Base Layers: Preserve 80% of tactical primitives (conv1-3)

• Adaptive Mid-Layers: Retrain L4-5 for spatial reward integration

• Task-Specific Head: Replace final Q-layer for new action masking

Progressive Fine-Tuning Logic:

def transfer_learning():
pretrained_q = load('base_model.npy') # Preserve core policy DNA
new_env = ModifiedSoccerEnv() # Contains spatial rewards
# Fine-tune only last two layers (L4-5)

- Potential benefit: 40% faster convergence in modified environments
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Implementation Synergy Analysis:

Experiment Short-Term Impact (5k steps) Long-Term Value (50k+ steps)

Dynamic Opponent Break exploit patterns Force strategic generalization
Spatial Rewards Improve ball progression Optimize scoring trajectories
Transfer Learning Accelerate adaptation Enable modular architecture

This tripartite experimental framework systematically addresses:

1. Adversarial adaptability limitations (Dynamic Opponent)

2. Spatial decision-making inefficiencies (Reward Shaping)

3. Environmental modification costs (Transfer Learning)
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CHAPTER

FIVE

REINFORCEMENT LEARNING WITH HUMAN FEEDBACK

5.1 Problem Definition

With the foundation of classical reinforcement learning (RL) covered, this chapter takes a step towards training
intelligent agents that are capble of adapting their behaviour as per the human user. Classical RL aims to train
an agent to learn a function defining specific behaviour based on a certain policy while iteratively maximizing the
rewards achievable given the agent’s performance. However, this situation requires an explicit definition of the reward
function while also creating complexity for dynamic adaptation. In many real-world scenarios, the ground truth may
be subjective (i.e. not absolutely defined) E.g. the perception of an aggressive question may be different for each
human user. Situation as such calls for the need to align models that can adapt to the human user’s personal perception
over offerring generic solutions.

Reinforcement Learning with Human Feedback (RLHF) is one way to address this problem by training the reward
function directly from acquired human feedback, to align the model with human expectations given the situation,
context and the human’s perception. In RLHF, we start with a pre-trained model that is tested for specific results.
This model then serves as the baseline to re-train using feedback and improve an agent’s policy via an optimization
algorithm (e.g. proximal policy optimization). Some of the most famous and widely used applications of RLHF
are generative AI, large language models (LLMs), e.g. Chatgpt etc. The base of these generative AI applications
is feedback training on supervised pre-trained models that are then optimized to meet the human user’s goals. The
figure below provides an overview of RLHF vs Classical RL where the introduction of human feedback into the
training loop allows the agent to add wieghts (relevance and priorty) as per user’s personalization.

In this notebook we present a practical implementation of RLHF aimed at aligning a generative model (GPT-2)
to produce more positive movie reviews. It uses the IMDB dataset for movie reviews and a comparision between
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standard GPT-2 versus RLHF-trained GPT-2 to see the impact of feedback. Within this example, we will use the
BERT reward model for sentiment analysis and a Proximal Policy Optimization (PPO) condition approach for RL
training.

Before diving into RLHF, we first need to introduce certain concents about LLMs and have a brief overview of the
RLHF training procedure.

5.1.1 What is a Large Language Model (LLM)?

• In simplest terms, a language model is a type of machine learning model trained to generate a probability
distribution of words relative to the environment. An LLM is a larger and juiced up version with millions of
tuning parameters and variables used to work with languages. To progress further, we need to recap a basic
understanding of how natural language processing (NLP) works for prediction tasks. Prior to 2016, language
models interpretted words and sentences by processing word after word. While in 2017, the engineers at
google presented the concept of transformers [8]. The Token is the numeric representation of a word, set of
characters or sentences when processed as a block. The following Figure showcases the approach of LLMs
when analyzed using transformers.

5.1.2 What are Transformers?

-Transformers are a state-of-the-art architecture that computes text as tokens and converts by converting it into a
vector along a embeddings table that stores the relative context of text with respect to the environment. It was
introduced by google engineers in the paper [8], where attention denotes the relative importance (i.e. weightage) of
each component (text) in a sequence relative to the other components in that specific sequence. Transformers are
widely used as part of languge model applications for translation, prediciton etc. One of the most notable changes in
LLMs with the introduction of transformers, were its ability to read complete texts in parallel. Words assocoated with
numbers as vector are more efficient to tune across multi dimension matrices describing the attention (i.e. relevance
or weightage) of the words within the given texts. The Figure below provides an overview of a simple case where,
given a sentence to complete, the LLM sweeps through its vast training to extract probablities of the upcoming words
relative to the given sentence.
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5.2 Implementation

In this chapter, we focus on a task that aims to include human feedback into the training process of an LLM and then
observe the difference before and after human feedback. Wewill be using amovie review data set called IMDB, a pre-
trained generative model (gpt2) on the IMDB, a BERT (Bidirectional Encoder Representations from Transformers)
to finetune the model on IMDB data for sentinment analysis and RL via Proximal policy optimization. In the general
ChatGPT (Generative pre-trained transformer) model training, the steps followed were as such:

1. Supervised fine-tuning - (SFT). Supervised fine-tuning of a previously trained language model (LM) on the
first type of labeled data - with ready-made answers.

2. Reward model. Training a reward model on the second type of data - people ranking different bot responses.

3. Reinforcement learning - RL. Using a reward model to retrain a language model (LM) using reinforcement
learning (RL) .

These steps are repeated for multiple iterations to finally build a reward function that models human preferences [9].

Figure source: https://openai.com/index/chatgpt/

In order to train models, we use Proximal policy optimization (PPO) approach. A reinforcement learning (RL)
algorithm for training an intelligent agent via a policy gradient method. We use this approach to ensure that the
over-training & over fitting do not occur. The outcomes of such a step is to prevent bias in the results.

5.2.1 Intialization

We first install and load libraries that we wil be using throughout this chapter

!pip install git+https://github.com/huggingface/transformers
!pip install datasets==2.15.0
!pip install peft==0.5.0
!pip install trl==0.11.3
!pip install --no-binary numpy==1.26.4

import torch
import pandas as pd

(continues on next page)
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(continued from previous page)

from tqdm import tqdm
tqdm.pandas()

from datasets import load_dataset
from transformers import AutoTokenizer, GPT2LMHeadModel, pipeline
from trl.core import LengthSampler
from trl import PPOTrainer, PPOConfig, AutoModelForCausalLMWithValueHead

from peft import get_peft_model, LoraConfig, TaskType

5.2.2 Intializing the Pre-trained model on IMDB data

Here we setup our PPO RL training conditions with a learning rate (LR) and a base for logging weights of the
transformer during training. Here, we use “wandb” for its simplcity in usage.

Source: https://huggingface.co/lvwerra/gpt2-imdb

config = PPOConfig(
model_name="lvwerra/gpt2-imdb",
learning_rate=1.5e-5,
log_with="wandb")

# Argument to be sent to Sentiment model
sent_kwargs = {"return_all_scores": True, "function_to_apply": "none", "batch_size

↪": 16}

/usr/local/lib/python3.11/dist-packages/trl/trainer/ppo_config.py:207:␣
↪FutureWarning: `PPOConfig` is deprecated and will be removed in the future.␣
↪Please use `PPOv2Config` with `PPOv2Trainer` instead.
warnings.warn(

5.2.3 Creating a wandb instance to log Weights

Here, you will be asked to open the website and create an account/log in to acquire your api. The steps are as follow:

1. Go to: wandb and create an account/log in using existing accounts.

2. Next, go to Authorize Wandb to create API, here you will see a dashboard with your API key

3. Copy and paste this API into the instance below as show in the image
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import wandb

wandb.init()

wandb: Using wandb-core as the SDK backend. Please refer to https://wandb.me/
↪wandb-core for more information.

wandb: Currently logged in as: ash-dadaya (ash-dadaya-hse-university) to https:/
↪/api.wandb.ai. Use `wandb login --relogin` to force relogin

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<wandb.sdk.wandb_run.Run at 0x7eae22adcf90>

5.2.4 Loading Data

This IMDB dataset contains 50,000 reviews of movies labelled with positive or negative feedback. We load this data,
filter to include reviews that are greater than 250 words and tokenize the text.

def tokenize_data(config, dataset_name="imdb", input_min_text_length=2, input_max_
↪text_length=8):

"""
Args:

dataset_name (`str`):
The name of the dataset to be loaded.

Returns:
dataloader (`torch.utils.data.DataLoader`):

The dataloader for the dataset.
"""

tokenizer = AutoTokenizer.from_pretrained(config.model_name)
tokenizer.pad_token = tokenizer.eos_token

# Load imdb dataset
dfs = load_dataset(dataset_name, split="train")
dfs = dfs.rename_columns({"text": "review"})
dfs = dfs.filter(lambda x: len(x["review"]) > 250, batched=False)

input_size_txt = LengthSampler(input_min_text_length, input_max_text_length)

def tokenize(sample):
sample["input_ids"] = tokenizer.encode(sample["review"])[: input_size_

↪txt()]
sample["query"] = tokenizer.decode(sample["input_ids"])
return sample

(continues on next page)
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(continued from previous page)

dfs = dfs.map(tokenize, batched=False)
dfs.set_format(type="torch")
return dfs

dataset = tokenize_data(config)

/usr/local/lib/python3.11/dist-packages/huggingface_hub/utils/_auth.py:94:␣
↪UserWarning:

The secret `HF_TOKEN` does not exist in your Colab secrets.
To authenticate with the Hugging Face Hub, create a token in your settings tab␣

↪(https://huggingface.co/settings/tokens), set it as secret in your Google␣
↪Colab and restart your session.

You will be able to reuse this secret in all of your notebooks.
Please note that authentication is recommended but still optional to access␣

↪public models or datasets.
warnings.warn(

def collator(data):
return dict((key, [d[key] for d in data]) for key in data[0])

5.2.5 Load gpt2 model

We load the gpt2 model as two instances as a:

1. Trained version (Optimized)

2. Reference version (Original)

to observe the difference in performance with feedback as a factor

model = GPT2LMHeadModel.from_pretrained(config.model_name)

peft_config = LoraConfig(
task_type=TaskType.CAUSAL_LM,
inference_mode=False,
r=32,
lora_alpha=32,
lora_dropout=0.1)

peft_model = get_peft_model(model, peft_config)

new_model = AutoModelForCausalLMWithValueHead.from_pretrained(peft_model, is_
↪trainable=True)

original_model = AutoModelForCausalLMWithValueHead.from_pretrained(config.model_
↪name)

tokenizer = AutoTokenizer.from_pretrained(config.model_name)

tokenizer.pad_token = tokenizer.eos_token

/usr/local/lib/python3.11/dist-packages/peft/tuners/lora.py:475: UserWarning:␣
↪fan_in_fan_out is set to False but the target module is `Conv1D`. Setting fan_
↪in_fan_out to True.
warnings.warn(
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5.2.6 Creating instances of BERT Classfied to fine tune the IMDB dataset

ppo_trainer = PPOTrainer(
config, new_model, original_model, tokenizer, dataset=dataset, data_

↪collator=collator)

src_device = ppo_trainer.accelerator.device
if ppo_trainer.accelerator.num_processes == 1:

src_device = 0 if torch.cuda.is_available() else "cpu" # to avoid a␣
↪`pipeline` bug

sentiment_pipe = pipeline(
"sentiment-analysis", model="lvwerra/distilbert-imdb", device=src_device)

/usr/local/lib/python3.11/dist-packages/trl/trainer/ppo_trainer.py:193:␣
↪FutureWarning: `PPOTrainer` is deprecated and will be removed in trl v0.12.␣
↪Please use `PPOv2Trainer` instead.
warnings.warn(

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

<IPython.core.display.HTML object>

Device set to use cpu

5.2.7 Mini Visualizaiton

Here, we show the sentimental output for either types of reviews as probablities. i.e. Positive and negative logits to
represent the output.

test_1 = "this movie was really bad!!"
sentiment_pipe(test_1, **sent_kwargs)

/usr/local/lib/python3.11/dist-packages/transformers/pipelines/text_
↪classification.py:106: UserWarning: `return_all_scores` is now deprecated, ␣
↪if want a similar functionality use `top_k=None` instead of `return_all_
↪scores=True` or `top_k=1` instead of `return_all_scores=False`.
warnings.warn(

5.2. Implementation 59



Selected topics in reinforcement learning: practical hands-on

[[{'label': 'NEGATIVE', 'score': 2.335048198699951},
{'label': 'POSITIVE', 'score': -2.7265758514404297}]]

test_2 = "It was an amazing movie"
sentiment_pipe(test_2, **sent_kwargs)

[[{'label': 'NEGATIVE', 'score': -2.496453285217285},
{'label': 'POSITIVE', 'score': 2.7821977138519287}]]

test_3 = "I threw up at by finale of the movie"
sentiment_pipe(test_3, **sent_kwargs)

[[{'label': 'NEGATIVE', 'score': 1.2481341361999512},
{'label': 'POSITIVE', 'score': -1.6977636814117432}]]

5.3 Experiment

Here, we aim to train the model in the following steps similar to how an MDP is traverssed:

The Query is considered as the state of the system (S), the response is the action (A) taken when in state (S) and
reward (R) is achieved with this tuple

1. Acquire responses from gpt-2 model

2. Acquire sentiment from BERT

3. Optimze the policy via PPO using (query, response, reward)

When run on Google Colab, this snippet of code takes around 35 - 40 mins to complete 12 steps of training.

output_min_length = 4 # The minimum number of tokens for each model response
output_max_length = 16 # The maximum number of tokens for each model response
output_length_sampler = LengthSampler(output_min_length, output_max_length) #␣

↪Sampling between the min-max length

gen_kwargs = {
"min_length": -1,
"top_k": 0.0,
"top_p": 1.0,
"do_sample": True,
"pad_token_id": tokenizer.eos_token_id,
}

num_steps = 12 # Number of training steps w.r.t PPO

for epoch, batch in tqdm(enumerate(ppo_trainer.dataloader)):
if epoch >= num_steps:

break

query_tensors = batch["input_ids"]

# Acquire response from gpt2
response_tensors = []
for query in query_tensors:

gen_len = output_length_sampler()
generation_kwargs["max_new_tokens"] = gen_len

(continues on next page)
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(continued from previous page)

response = ppo_trainer.generate(query, **generation_kwargs)
response_tensors.append(response.squeeze()[-gen_len:])

batch["response"] = [tokenizer.decode(r.squeeze()) for r in response_tensors]

# Sentiment computation score
texts = [q + r for q, r in zip(batch["query"], batch["response"])]
pipe_outputs = sentiment_pipe(texts, **sent_kwargs)
rewards = [torch.tensor(output[1]["score"]) for output in pipe_outputs]

# PPO looping steps
stats = ppo_trainer.step(query_tensors, response_tensors, rewards)

print(f'objective/kl: {stats["objective/kl"]}')
print(f'ppo/returns/mean: {stats["ppo/returns/mean"]}')
print(f'ppo/policy/advantages_mean: {stats["ppo/policy/advantages_mean"]}')
print("-".join("" for x in range(100)))

ppo_trainer.log_stats(stats, batch, rewards)

0it [00:00, ?it/s]

objective/kl: 0.0
ppo/returns/mean: [0.7363893]
ppo/policy/advantages_mean: [8.384737e-08]
--------------------------------------------------------------------------------

↪-------------------

2it [09:18, 276.84s/it]

objective/kl: -0.00028980534989386797
ppo/returns/mean: [0.50014883]
ppo/policy/advantages_mean: [5.362319e-08]
--------------------------------------------------------------------------------

↪-------------------

3it [13:46, 273.10s/it]

objective/kl: -0.0018314942717552185
ppo/returns/mean: [0.2460297]
ppo/policy/advantages_mean: [2.1364782e-08]
--------------------------------------------------------------------------------

↪-------------------

4it [18:25, 275.16s/it]

objective/kl: -0.001931782579049468
ppo/returns/mean: [0.51561016]
ppo/policy/advantages_mean: [4.4654787e-08]
--------------------------------------------------------------------------------

↪-------------------

5it [23:02, 276.12s/it]
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objective/kl: -0.0013388340594246984
ppo/returns/mean: [0.7350349]
ppo/policy/advantages_mean: [-6.260703e-08]
--------------------------------------------------------------------------------

↪-------------------

6it [27:41, 276.84s/it]

objective/kl: 0.0016613180050626397
ppo/returns/mean: [0.55383056]
ppo/policy/advantages_mean: [-1.1246533e-07]
--------------------------------------------------------------------------------

↪-------------------

7it [32:12, 275.18s/it]

objective/kl: -0.005873559974133968
ppo/returns/mean: [0.48312318]
ppo/policy/advantages_mean: [2.483527e-09]
--------------------------------------------------------------------------------

↪-------------------

8it [36:43, 273.78s/it]

objective/kl: -0.004583868198096752
ppo/returns/mean: [0.35332435]
ppo/policy/advantages_mean: [4.4592003e-08]
--------------------------------------------------------------------------------

↪-------------------

9it [41:11, 272.00s/it]

objective/kl: -0.006592849735170603
ppo/returns/mean: [0.44370276]
ppo/policy/advantages_mean: [-7.629787e-08]
--------------------------------------------------------------------------------

↪-------------------

10it [45:44, 274.42s/it]

objective/kl: -0.005800541490316391
ppo/returns/mean: [0.56546915]
ppo/policy/advantages_mean: [2.091391e-08]
--------------------------------------------------------------------------------

↪-------------------

#To interpret results, we create a script to generate and evaluate sentimate of␣
↪respones across old and new models

batch_size = 18 # Number of queries o take as input

(continues on next page)
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game_data = dict()
dataset.set_format("pandas")

# Random sampling of data
df_batch = dataset[:].sample(batch_size)

# We store queries as string lists
game_data["query"] = df_batch["query"].tolist()
query_tensors = df_batch["input_ids"].tolist()

# To store final resulting outputs
response_tensors_ref, response_tensors = [], []

# Acquiring respones from Original model and Newly trained model
for i in range(batch_size):

gen_len = output_length_sampler()
output = original_model.generate(

torch.tensor(query_tensors[i]).unsqueeze(dim=0).to(src_device),
max_new_tokens=gen_len,
**gen_kwargs

).squeeze()[-gen_len:]
response_tensors_ref.append(output)
output = new_model.generate(

input_ids=torch.tensor(query_tensors[i]).unsqueeze(dim=0).to(src_device),
max_new_tokens=gen_len,
**gen_kwargs

).squeeze()[-gen_len:]
response_tensors.append(output)

# Recover the text from given tokenized vector
game_data["response (before)"] = [

tokenizer.decode(response_tensors_ref[i]) for i in range(batch_size)
]
game_data["response (after)"] = [

tokenizer.decode(response_tensors[i]) for i in range(batch_size)
]

# Sentiment analysis of query-response pairs before feedback training
texts = [q + r for q, r in zip(game_data["query"], game_data["response (before)

↪"])]
game_data["rewards (before)"] = [

output[1]["score"] for output in sentiment_pipe(texts, **sent_kwargs)
]

# Sentiment analysis of query-response pairs after feedback training via PPO RL
texts = [q + r for q, r in zip(game_data["query"], game_data["response (after)"])]
game_data["rewards (after)"] = [

output[1]["score"] for output in sentiment_pipe(texts, **sent_kwargs)
]

# Visualization of the results
df_results = pd.DataFrame(game_data)
df_results

/usr/local/lib/python3.11/dist-packages/transformers/pipelines/text_
↪classification.py:106: UserWarning: `return_all_scores` is now deprecated, ␣
↪if want a similar functionality use `top_k=None` instead of `return_all_
↪scores=True` or `top_k=1` instead of `return_all_scores=False`.

(continues on next page)
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warnings.warn(

query \
0 Yes I admit I cried during this
1 I generally find Loretta Young
2 This was a disappointing
3 This is
4 An old man
5 This film can
6 I saw this movie about 5
7 Spike Lee has been
8 I saw this film
9 I have to agree
10 Thoughtless, ignorant, ill
11 Dark Rising is
12 Mobile Suit Gundam Wing is the
13 Why is it that everyone who
14 I wish more movies were
15 Great CGI effects &

response (before) \
0 one, I'm while the truck flipped.)<
1 a signifier. Her writing is always very poor,...
2 film. I've gotta
3 much more than to say it's a thriller, it is a
4 hit by what might
5 't lie in any way, it's all
6 or 6 yrs
7 around a long enough
8 , just dumb....not from the censors, but anyway!
9 that these characters are just wasted. Eviden...
10 -informed, godless
11 also a spoiler and badly directed graphic nov...
12 best Gundam yet for the mastering of this mas...
13 lives in the mostly swanky club
14 made of this kind, so we can all watch this m...
15 special effects and nothing just

response (after) rewards (before) \
0 last viewing.<br /><br />I truly -0.608511
1 's stuff pretty restrained and dark, for insta... -2.404545
2 film. It didn't -2.847512
3 one of Lois Torrence's best films, at least. ... 2.057177
4 managed to make an -0.880338
5 effortlessly tell the difference. The acting ... 0.597921
6 times after I picked 0.048315
7 as bad as it 0.642214
8 at a film festival; the actors/actresses befo... -1.926696
9 that the book in the 80's is so tasteless -2.914865
10 -conceived, week -2.656834
11 by my standard (Max Dillon's latest film), bu... -2.908494
12 most up to date animation of all time. As is ... 2.509727
13 believes fake news today seems to be -0.154455
14 like that than Roskin'. He's lucky to direct ... 1.649065
15 Covering.3 Disney -0.286802

rewards (after)
0 1.951699
1 1.521147
2 -2.773234

(continues on next page)
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3 2.635111
4 -0.953584
5 2.745242
6 1.311543
7 -2.094339
8 1.342419
9 -1.551304
10 -2.884943
11 -1.567007
12 2.041152
13 -0.837222
14 1.155018
15 1.571842

When going through the results dataframe in detail. We can see multiple instances where the completed query before
human feedback is more blatant and non positively encouraging. However, in the feedback-trained model, we can
see the respones becoming more positive and encouraging.

e.g.

1. Query: I have to agree _____

• Response (before feedback): “that these characters are just wasted.”

• Response (after feedback) : “that the book in the 80’s is so tasteles”

2. Query: This is …

• Response (before feedback): “much more than to say it’s a thriller, it is a”

• Response (after feedback) : “one of Lois Torrence’s best films, at least.”

5.4 Conclusions

Overall, within this chapter we study the foundations of LLMs, transformers and the concept of having human
feedback included into the training process via reiforcement learning. Using an experiment to re-train an RL model
to propose more positive reviews of movies from the IMDB. We see the result showing difference between the
base gpt2 model versus the human feedback trained model. However, it is worth noting that despite the expanding
applications of RLHF from text summarizations to computer vision etc, they still face challenges due to their training
and data colleciton approaches which together impacts the performance of the models, by creating bias, hallucinations
etc. There are still debates and dilemmas about whether a model is as good as its data or whether retraining is the
key to better performance but this extends into a research question on its own.

You can also check out the gpt-2 model trained on IMDB dataset aiming to give neutral reviews (https://huggingface.
co/mrm8488/gpt2-imdb-neutral).
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