Deep Learning-Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) is a subfield of Machine Learning that combines the

strengths of Reinforcement Learning and Deep Learning. Here's a summary:

Key Concepts:

1. Agent: An entity that interacts with an environment to achieve a goal.

2. Environment: The external world that the agent acts upon, providing feedback in the form of
rewards or penalties.

3. Action: A specific behavior performed by the agent to interact with the environment.
4. State: The current situation or status of the environment, which affects the outcome of actions.

5. Reward: A numerical value assigned to each action or state, indicating its desirability or utility.
Deep Reinforcement Learning Workflow:
1. Observation: The agent observes the state of the environment through sensory inputs (e.g.,
images, sensor readings).

2. Policy Decision: Based on the observed state, the agent selects an action to perform using a
policy function.

3. Action Execution: The agent performs the selected action in the environment.

4. Reward Signal: The environment provides a reward signal indicating how good or bad the
chosen action was.

5. Q-Value Update: The agent updates its Q-values (expected future rewards) based on the new
state, action, and reward signal.

Example: CartPole

Suppose we have a cart-pole system where our goal is to balance an uncontrolled cart with a pole

attached to it using a joystick. Our DRL model will learn to manipulate the joystick to balance the

pole.
State Action (Joystick) Reward Signal
Cart at x=0, Pole angle 8=0 Pull the cart left +1 (good)
Cart at x=-2, Pole angle 8=30° Do nothing -1 (bad)

Deep Learning Components:



1. Neural Network Architecture: A convolutional neural network (CNN) or a recurrent neural
network (RNN) can be used to process the state observations and output a probability
distribution over possible actions.

2. Policy Function: The policy function determines which action to take based on the current
state. It's typically represented by a neural network that maps states to probabilities over
actions.

Example Code using PyTorch

import torch

import torch.nn as nn

class CartPoleAgent(nn.Module):
def __init_ (self, num_states, num_actions):
super (CartPoleAgent, self).__init_ ()
self.fcl nn.Linear (num_states, 128) # hidden layer with 128 units

self.fc2 nn.Linear (128, num_actions) # output layer with num_actions units

def forward(self, x):
x = torch.relu(self.fcl1(x)) # ReLU activation function for hidden layer

return self.fc2(x)

# Initialize the agent and environment
agent = CartPoleAgent(num_states=4, num_actions=2)
env = gym.make('CartPole-v0')

# Train the agent using DQN (Deep Q-Network) algorithm
for episode in range(100):
state = env.reset()
done = False
while not done:
# Select an action based on current policy (e.g., €-greedy)
action = agent(state).max(1)[1]

# Take the action and observe the new state, reward signal

next_state, reward, done, _ = env.step(action.item())
# Update Q-values using TD-error
td_error = (agent(next_state) - agent(state)).sum()

agent.state_dict()['fc2.weight'] += 0.01 * td_error

state = next_state

This example demonstrates a basic DRL setup with a CartPole environment, an agent that uses a

neural network to predict actions based on the current state, and a reinforcement learning algorithm

(Deep Q-Network) to update the policy function.




Note: This is a simplified example. In practice, you would need to tune hyperparameters, choose a
suitable neural network architecture, and possibly incorporate techniques like exploration-

exploitation trade-off, experience replay, or target networks to stabilize training.

Hope this helps!
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