
Reinforcement 
Learning

Introduction to RL (Reinforcement Learning)

RL is fundamentally different because

It learns by trial & error

It interacts with an environment and learns 
from feedback (rewards)

No supervisor tells it the right action directly

THERE IS NO DATASETS!!

we use RL when

The problem is too complex for traditional 
models

You have access to interaction data or a 
simulator

Long-term strategy matters more than 
immediate gains

RL Loop

Agent Learner and decision-maker

Environment Everything the agent interacts with

Action What the agent does

State/ Observation The agent’s perception of the environment

Reward Feedback indicating how good the last action 
was

Agent observes state → takes action → gets 
reward → observes new state

 Markov Decision Processes

Markov Property

The Future Depends on the Present Not the Past

P(St +1 ​∣ St​, At​, St−1​, At−1​, ...) = P(St+1 ​∣ St​, At​)

Most real-world problems aren’t naturally 
Markovian but we can engineer states to approximate this

Knowing the present is enough to predict the 
future

State Engineering

Designing observations into useful states that help the agent make good decisions

too little info poor decisions

too much info inefficient learning

MDP (Markov Decision Process) includes

states

actions

transition probabilities

rewards

The agent’s goal is to find a policy (strategy) 
that maximizes expected total rewards

Discount Factor γ why?

To balance short-term and long-term goals

Ensures infinite sums
stay finite

gives preference to earlier rewards

Learning in RL

as we talked earlier about RL loops This cycle repeats over time steps and forms 
episodes so each episode contains number actions

Learning Methods

MC (Monte Carlo) Method

Learns from complete episodes

High variance results vary a lot between runs

Slow to propagate information backward since you wait until the end of the episode

TD (Temporal Difference) Method

Learns step-by-step updating estimates based on immediate 
feedback so it depends on actions

Uses the Markov property  to update estimates 
after each step

Starts Biased Hopes to Converge TD starts with rough estimates but improves 
over time

TD error =

comparison between them

MC waits for the end of an episode TD updates immediately

TD has lower variance but may start off biased

Both aim to estimate value functions like Q-value

Q-Learning

why are we looking at the best possible action 
in the next state?

Because we want to learn the optimal policy not just follow the current exploration policy

Even if the agent sometimes chooses 
suboptimal actions for exploration

it should still update its knowledge toward the 
best possible outcome Q-learning is off-policy 

it can learn the best strategy

while exploring other options

helps avoid getting stuck in local optima

True Optimality The ultimate goal is to find the truly optimal 
sequence of actions that leads to maximum cumulative reward

Exploration vs Exploitation

Exploration Trying new things to find better rewards

Exploitation Using known actions that yield high rewards

Balancing both is key to successful learning

Epsilon-Greedy Strategy

simple method to balance exploration and 
exploitation

probability ε choose a random action (explore)

probability 1-ε choose the best-known action (exploit)

ε can decrease over time to shift from 
exploration to exploitation

Deep RL

Traditional Tabular Q-Learning

we store each (state, actions, reward) in a tableQ value is the pair of (state, action)

Simple and effective for small problems

Not scalable for complex environments

Neural Network Q-Learning

we train a neural network that takes a state 
representation and outputs Q-values for each possible action

why use a neural network?

when agent sees a new state it has never 
experienced before

but that state shares similar features

the network can still make a reasonable guess 
at the Q-values

It doesn’t just memorizeit learns patterns & features

stages

inputThe current state

Forward PassThe network processes the state through layers 
of neurons

Outputvector of Q-valuesone for each possible action

Stability and Convergence Challenges

Local Optimacan get stuck in local optima
places where the learning seems stable

but not truly optimal

Hyperparameter Sensitivity

very sensitive to hyperparameters like

like learning rate

discount factor

batch size

...

Small changes can drastically affect 
performance

Sample Inefficiency
need a lot more experience to learn effectively

may not learn efficiently from sparse rewards 
or rare events

Black Box Nature
Neural networks are hard to interpret

We don’t always know exactly why  a network 
chose one action over anothermaking debugging harder

Replay Buffer

Store past experiences in a memory buffer and 
learn from them multiple times 

(s, a, r, s')

scurrent state

aaction taken

rreward received

s'next state

Continuous Actions

why DQN (Deep Q-Network) doesn't work for 
continuous actions?

The network outputs a fixed number of Q-
valuesone per action

simply pick the action with the highest Q-value

But in continuous action spaces
There are infinitely many possible actions 

You can't just test every possible value  to find 
the maximum!it's computationally impossible

Actor-Critic Method

it has 2 components
Actorlearns the policywhat action to take given a state

Criticevaluates how good that action was
actor improves based on the critic’s feedback

benefits

Specialization
Actor focuses on selecting actions

Critic focuses on evaluating them

Direct Policy OutputInstead of inferring the best action from Q-
valuesActor directly outputs the optimal action

ScalabilityWorks well for both discrete and continuous 
action spaces

DDPG (Deep Deterministic Policy Gradient)

key ideaInstead of learning Q-values and then picking 
the best action

why not learn a policy directly that maps states 
to actions?

Deterministic Policyμ(s): State → Action
For any given statethe Actor gives a single specific action

No need to evaluate all possible actionsthe Actor already knows what to do

Learning

Actor is trained using Policy Gradient methods"In which direction should the Actor change its 
parameters to get better results?"

The Critic provides the feedback (the 
estimated value of the action taken)and the Actor uses that to adjust its behaviorCritic learns much like the Q-network in DQNusing TD Error = r + γ ⋅ Q-target​ (s′, a′) − Q(s, a)

Components of DDPG

Actor NetworkOutputs a deterministic action for a given state

Critic NetworkEstimates the Q-value of the Actor’s action

Target Actor & Target CriticUsed to stabilize training (similar to DQN)

Replay BufferStores transitions (s, a, r, s') for experience 
replay

Training Loop in DDPG

Select Action
Given current state s the Actor network outputs an action a

Add some noise to encourage exploration

Execute Action
Apply action a to the environment

Observe reward r and next state s'

 Store TransitionSave (s, a, r, s') in the replay buffer

Sample Mini-Batch Randomly sample a batch of transitions from 
the buffer

Update CriticCompute target Q-value usingUpdate Critic weights using gradient descent to 
minimize

Update ActorUse the Critic to guide the Actor toward better 
actions

Update Actor weights in the direction that 
increases expected rewards

Update Target NetworksSoft update the target networks usingWhere τ is a small number like 0.001

Read it Clockwise!
Start from here RL Be Like
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for a certain number 

of episodes
...

Trial & 

Success!
(maybe?)
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