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God’s move: AlphaGo 
thought this move happens 
with 0.007% probability in 
human players!

This may be the last time a 
human go player beats AI!
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Reinforcement Learning (RL)
Let us look at the Super Mario example to grab the key concepts:

Image Credit: [8]

Agent: an intelligent program or a real robot

Environment: the (simulated/real) “world” 
where the agent interacts

State: a function of the past sequence of 
observations, actions, and rewards.

Policy: a probability distribution over actions 
the agent can take given a state

Action: a transition step the agent takes to 
move within the environment

Reward: the value responded by the 
environment to the agent’s action

The interaction within an episode leads to a trajectory
<latexit sha1_base64="ESvIWg3WIgpEVqh+PdokkPnmMpk="></latexit>
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Reinforcement Learning (RL)
As a learning paradigm, RL is different from supervised/unsupervised learning:

• Supervision is scarce, e.g., reward is 
often a scalar

• Supervision is often delayed, e.g., an 
agent gets the reward after a sequence 
of actions

• Sequential data is often non-iid, e.g., an 
agent’s current decision would affect 
the future data distribution

Image Credit: [8]
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Markov Decision Process
Almost all RL problems can be formalized as Markov decision processes (MDPs).

A Markov decision process (MDP) is a tuple

• is a finite set of states
• is a finite set of actions
• is a state transition probability matrix
• is a reward function
• is a discount factor
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Markov Decision Process
Almost all RL problems can be formalized as Markov decision processes (MDPs).

A Markov decision process (MDP) is a tuple

• is a finite set of states
• is a finite set of actions
• is a state transition probability matrix
• is a reward function
• is a discount factor

MDP describes an environment where all states are Markov and can be extended to:

• countably infinite states and or action spaces
• continuous state and or action spaces
• continuous time (requires partial differentiable equations)
• partially observable (POMDPs)
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Markov Decision Process
Return: the total discounted reward from time t 

Policy: the distribution over actions given states

Value (a.k.a., State-Value) function: the expected return starting from state s and then following policy  
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Markov Decision Process
Return: the total discounted reward from time t 

Policy: the distribution over actions given states

Value (a.k.a., State-Value) function: the expected return starting from state s and then following policy  

Optimal value function
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Markov Decision Process
Return: the total discounted reward from time t 

Policy: the distribution over actions given states

Value (a.k.a., State-Value) function: the expected return starting from state s and then following policy  

Optimal value function

Q (a.k.a. Action-Value) function: the expected return starting from state s, taking action a, and then 
following policy
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Bellman Equation
Most RL algorithms are based on Bellman Equation, which is a recursive formula and has many variations. 
In particular, for Q-function, we have:
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Bellman Equation
Most RL algorithms are based on Bellman Equation, which is a recursive formula and has many variations. 
In particular, for Q-function, we have:
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Optimal Bellman Equation
Recall the optimal Q function is 

<latexit sha1_base64="ytxHZWsieO+iqYkofZIpvyeB9HU="></latexit>

Q⇤(s, a) = max
⇡

E⇡ [Gt|St = s,At = a]



Optimal Bellman Equation
Recall the optimal Q function is 
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Optimal Bellman Equation
Recall the optimal Q function is 

The optimal policy is thus the one that maximizes the expected return, which can be found as

The optimal Bellman equation gives a recursive formula for the optimal Q function: 
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RL Taxonomy
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Q Learning
Recall the Optimal Bellman Equation:
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Q Learning
Recall the Optimal Bellman Equation:

Given sampled trajectories, we can define the Bellman Error (of one time step) as: 
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Q Learning
Recall the Optimal Bellman Equation:

Given sampled trajectories, we can define the Bellman Error (of one time step) as: 

The idea of Q Learning [10] is to learn a Q function that minimizes the Bellman Error. In particular, we can 
use the fix point iteration to update the Q function iteratively:

If this update converges, the Bellman error should reach 0!
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Q Learning
Recall the Optimal Bellman Equation:

Given sampled trajectories, we can define the Bellman Error (of one time step) as: 

The idea of Q Learning [10] is to learn a Q function that minimizes the Bellman Error. In particular, we can 
use the fix point iteration to update the Q function iteratively:

If this update converges, the Bellman error should reach 0!

Exploration-exploitation tradeoff: Q learning only learns from the state-action pairs it visits. One often 
needs some strategy to improve the exploration, e.g., 𝜖-greedy policy [11] (choose optimal action based on 
Q with probability 𝜖 and choose a random action with probability 1- 𝜖).
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Q Learning
Recall the Optimal Bellman Equation:

Given sampled trajectories, we can define the Bellman Error (of one time step) as: 

The idea of Q Learning [10] is to learn a Q function that minimizes the Bellman Error. In particular, we can 
use the fix point iteration to update the Q function iteratively:

If this update converges, the Bellman error should reach 0!

Exploration-exploitation tradeoff: Q learning only learns from the state-action pairs it visits. One often 
needs some strategy to improve the exploration, e.g., 𝜖-greedy policy [11] (choose optimal action based on 
Q with probability 𝜖 and choose a random action with probability 1- 𝜖).

For small state and action spaces, we can represent Q function as a table and learn it. However, for large or 
infinite spaces, we need to represent it as a parametric function, e.g., a deep neural network!
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Deep Q Learning
Approximating Q function with a neural net is a decades-old idea, but DeepMind got it to work really well 
on Atari games in 2013 (“deep Q-learning”) [12].

Image Credit: [13]
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Deep Q Learning
Approximating Q function with a neural net is a decades-old idea, but DeepMind got it to work really well 
on Atari games in 2013 (“deep Q-learning”) [12].

• Take actions following 𝜖-greedy policy
• Store                                 in replay buffer and sample random mini-batch of tuples from the buffer

Image Credit: [13]
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Deep Q Learning
Approximating Q function with a neural net is a decades-old idea, but DeepMind got it to work really well 
on Atari games in 2013 (“deep Q-learning”) [12].

• Take actions following 𝜖-greedy policy
• Store                                 in replay buffer and sample random mini-batch of tuples from the buffer
• Compute Q-targets w.r.t. old and fixed parameters 

Image Credit: [13]
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Policy Gradient Methods
In deep Q learning, we parameterize the Q function as a neural network and learn it to minimize Bellman 
error. A policy is then obtained from Q function, e.g., via 𝜖-greedy strategy.



Policy Gradient Methods
In deep Q learning, we parameterize the Q function as a neural network and learn it to minimize Bellman 
error. A policy is then obtained from Q function, e.g., via 𝜖-greedy strategy.

Image Credit: [14]
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Policy Gradient Methods
In policy based methods, we directly parameterize the policy and learn it to maximize some reward.

Advantages:

• Better convergence properties

• Effective in high-dimensional or continuous action spaces

• Can learn stochastic policies

Disadvantages:

• Often converge to local rather than global optimum

• Evaluating a policy is typically inefficient and high variance



Policy Gradient Methods
In policy based methods, we directly parameterize the policy and learn it to maximize some reward.
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Policy Gradient Methods
In policy based methods, we directly parameterize the policy and learn it to maximize some reward.
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Policy Gradient Methods
In policy based methods, we directly parameterize the policy and learn it to maximize some reward.

Given a trajectory    , let us consider the simple expected reward:

Log derivative trick:
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One often uses control variate method to reduce the high variance of policy gradients.



Demo
Simulated Continuous Control in Mujoco using PPO [16] (an advanced policy gradient method) and graph 
neural networks [17]:
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