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0 What is RL?



What is reinforcement learning?



Prehistory of RL



History of RL



Why we are not done yet?



Why RL 
now?



AlphaZero: Go chess shogi

[Silver et al., 2017]



AlphaStar playing StarCraft2

[Vinyals et al., 2019]



Capture the Flag and Quake III Arena

[Jaderberg et al., 2019]



A single learning algorithm to solve them all!

Atari 57 games DMLab 30

 

Control suite



1. ML is about inferring knowledge from 
observations or experiences, subject 
to the physical laws of the world. 

2. ML is also about using this knowledge 
to guide observation and hypothesis 
testing. 

3. ML is about creating new knowledge, 
using the present knowledge, to solve 
a large diversity of novel problems. 

Important to distinguish:

● Associative knowledge
● Explanatory knowledge

Machine 
learning



Magic association recipe



3 main ML tasks



Outline



1 RL Concepts



Reinforcement learning

Making good decisions by learning from experience

GOAL

Agent Environment

OBSERVATIONS,
REWARDS

ACTIONS
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Making good decisions by learning from experience

GOAL

Agent Environment

OBSERVATIONS,
REWARDS

ACTIONS

next_timestep = environment.step(action)

action = actor.policy(timestep.observation)



Markov Decision Process



Markov Decision Process



Markov Decision Process



Markovian Dynamics



Markovian Dynamics



Policy



Policy



Policy



1a RL examples



Tetris

Making good decisions by learning from experience

State: current board and next 
blocks to add
Action: orientation + position of the 
dropped block
Reward: increment in the score/ 
Transition: new board + 
randomness in the new block

difficulty: large state space! 



Retail store management



Retail store management



1a

1b Modern RL 
examples



Environments and tasks 

from dm_control import suite

Making good decisions by learning from experience

http://www.youtube.com/watch?v=rAai4QzcYbs


Environments and tasks 

from dm_control import suite

domain_name='cartpole'

task_name='balance'

environment = suite.load(domain_name, task_name)

Example: The agent tries to balance the pole up by moving the cart left and right

Making good decisions by learning from experience



  # Make an initial observation.
  timestep = environment.reset()

  # Run an episode.
  while not timestep.last():
    # Generate an action with the agent policy.
    action = actor.policy(timestep.observation)
    # Step in the environment.    
    next_timestep = environment.step(action)
    # Make an observation and update the actor.
    actor.observe(timestep.observation,
                  action, 
                  next_timestep.reward,
                  next_timestep.discount)
    actor.update()
    timestep = next_timestep
  # Make a final observation.
  actor.observe_last(timestep.observation)

Generating episodes of experience 

Making good decisions by learning from experience



Building an actor

Making good decisions by learning from experience

class RandomActor(core.Actor):

  

  def __init__(self, action_spec):

    # Make the agent output a valid action.

    self.scale = action_spec.maximum - action_spec.minimum

    self.offset = action_spec.minimum

    self.shape = action_spec.shape

  def policy(self, observation):

    # This actor chooses actions uniformly at random.

    raw_action = np.random.rand(*self.shape)

    return self.scale * raw_action + self.offset

  

 



Making good decisions by learning from experience

  def observe(self, observation, action, reward, discount):

    """Random actor does not record experience."""

    pass

  

  def observe_last(self, observation):

    """Random actor does not record experience."""

    pass

  

  def update(self):

    """Random actor does not learn from experience."""   

    pass

Building an actor



Making good decisions by learning from experience

# Create an instance of a random actor.

action_spec = environment.action_spec()

actor = RandomActor(action_spec)

Building an actor



Distributed actors and centralized learner 

Making good decisions by learning from experience



Deep RL uses deep neural nets as policies

Making good decisions by learning from experience



Rewards

Making good decisions by learning from experience
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What is a good policy?

Making good decisions by learning from experience



What is a good policy?

Making good decisions by learning from experience



What is a good policy?

Making good decisions by learning from experience



What is a good policy?

Making good decisions by learning from experience



What is a good policy?

Making good decisions by learning from experience



What is a good policy?



What is a good policy?



Optimal policy



Optimal policy



Back to Retail Store Management



Back to Retail Store Management



2a Solving MDPs 
with known 
parameters



Solving a MDP with 
a Finite Horizon



Bellman equations



Bellman equations

Bellman optimality principle (1957): “An optimal policy has the property that whatever 
the initial state and initial decision are, the remaining decisions must constitute an 
optimal policy with regard to the state resulting from the first decision”



Bellman equations



Bellman equations



Solving a MDP with 
an Infinite Horizon 

and a Discount



Policy evaluation: Value functions



Bellman equation for a stationary policy



Option 1: Solving the Bellman equations



Option 2: Exploiting the Bellman operator



Option 2: Exploiting the Bellman operator



Option 2: Exploiting the Bellman operator



Option 2: Exploiting the Bellman operator



Policy Evaluation: 



Bellman equations



Values and Q-Values



Greedy policy



Optimal Bellman Operator



Optimal Bellman Operator



Optimal Bellman Operator



Optimal Bellman Operator



Value iteration



Policy iteration



Policy iteration



Policy iteration



Value iteration vs. Policy iteration 



(not covered)

Solving a MDP with 
an Infinite Horizon 

and No Discount



2b First RL 
algorithms
● TD-learning
● Q-learning



r(s, a) and p(s’ |s, a) are unknown



r(s, a) and p(s’ |s, a) are unknown



Monte-Carlo estimation of a mean  



Monte-Carlo estimation of a mean  



Monte-Carlo estimation of a mean  



Monte-Carlo estimation of a mean  



Monte-Carlo estimation of a mean  



Stochastic Approximation: Robbins-Monro  



Convergence of the Robbins-Monro algorithm  



Robbins-Monro for fixed points  



TD(0), TD(1), TD(λ)

Temporal 
Differences



Temporal Differences 



Temporal Differences 



Temporal Differences 



Temporal Differences 



Algorithm: TD(0)



Algorithm: TD(0)



Algorithm: TD(0)



From Monte-Carlo to Temporal Differences



From Monte-Carlo to Temporal Differences



From Monte-Carlo to Temporal Differences



From Monte-Carlo to Temporal Differences



From Monte-Carlo to Temporal Differences



From Monte-Carlo to Temporal Differences



Monte-Carlo cs. Temporal Differences



Every visit Monte-Carlo



Every visit Monte-Carlo



An online version of TD(1)



An online version of TD(1)



An interpolation : TD(λ)



An interpolation : TD(λ)



The TD(λ) algorithm



The TD(λ) algorithm
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Outline

ow r,p  
3. Deep Q-networks
4. Policy gradients
5. Distributional RL
6. Exploration/Exploitation
7. Monte-Carlo Tree Search



Yesterday...

- Agents, environments, rewards, transition matrix
- Policies
- Optimal policies
- Value function
- Q-function
- Objectives of RL
- Value iteration
- Policy iteration
- Monte-Carlo
- Temporal differences



The revelations of 1957

Credit assignment problem: 

Which actions are responsible for a reward? 

→

→



The TD(λ) algorithm (intuition)



TD methods for learning the optimal policy ?



Q-learning



Reminder: Q-values



A stochastic approximation scheme for Q*?



Q-Learning



Q-Learning



Q-Learning



Behavior Policy



Behavior Policy



Actor/Critic



Actor/Critic architecture



Actor/Critic architecture



Actor/Critic architecture



a critic

SARSA



SARSA algorithm



An actor: Greedy + Exploration

→

→



SARSA algorithm



SARSA’s guarantee



Q-Learning versus SARSA



Deep Q-Networks3



Representing the Q-value using a neural network



DQN



DQN



DQN 



DQN The same algorithm learns to play 57 games



Improvements since Nature’s DQN 

[van Hasselt et al., 2015]

[Schaul et al., 2015]

[Wang et al., 2015]



Double DQN 



class DQNActor(core.Actor):
  def update(self):
    # Uses sample from replay: (o_tm1, a_tm1, r_t, d_t, o_t). Note: tm1 = t-1.
    
    with tf.GradientTape() as tape:
      # Get online and target Q-values.
      q_tm1 = self._q_network(o_tm1)
      q_t_value = self._target_q_network(o_t)
      q_t_selector = self._q_network(o_t)
  
      # Double DQN target
      best_action = tf.argmax(q_t_selector, 1, output_type=tf.int32)
      double_q_bootstrapped = indexing_ops.batched_index(q_t_value, best_action)
      target = tf.stop_gradient(r_t + d_t * double_q_bootstrapped)
      qa_tm1 = indexing_ops.batched_index(q_tm1, a_tm1)
  
      # Temporal difference error and loss.
      td_error = target - qa_tm1
      loss = tf.reduce_mean(0.5 * tf.square(td_error), axis=0)

    # Compute gradients and update Q-network variables.
    gradients = tape.gradient(loss, self._q_network.trainable_variables)
    self.optimizer.apply(gradients, self._q_network.trainable_variables)



Atari with deep RL

http://www.youtube.com/watch?v=p4Kem0wQoHs


Value functions



Value and advantage: Dueling networks

(Ziyu Wang, Tom Schaul, Matteo Hessel, Hado Hasselt, Marc Lanctot, Nando Freitas, 2016)

http://www.youtube.com/watch?v=TpGuQaswaHs


Improvements since Nature’s DQN 

[Bellemare et al., 2015]

[Hessel et al., 2017]

[Munos et al., 2016]



DQN

MAML third-person imitation
5 conv, 64 channels

(Yu & Finn et al 2018)

IMPALA
15 conv, 32 channels

(Espeholt et al 2018)

MetaMimic
20 conv, 512 channels

 (Paine et al 2018)

Nets got bigger in RL 

https://arxiv.org/abs/1802.01557
https://arxiv.org/abs/1802.01561


4 Policy gradients

Policy-based methods following 
Pontryagin’s max principle



Value-based and policy-based RL



Advantages and disadvantages of policy-based RL



Policy Objective Functions



Policy Optimization



Policy Gradient



The score function trick



Policy gradients on trajectories: derivation



Policy gradients on trajectories: reduce variance



Policy gradients on trajectories: reduce variance



Policy gradients on trajectories: reduce variance



Actor-Critic



Full actor-critic agent



Increasing robustness with trust regions



Exploration



Exploration



Summary of Policy Gradient Algorithms



The policy gradient

Compute returns

Generate data 
using the policy

Update the 
policy



5 Distributional 
RL





C51 

Bellemare*, Dabney*, Munos (ICML 2017). There is a nice blog on distributional RL  by Massimiliano Tomassoli

https://docs.google.com/file/d/0B-ci3zz8BuIlbGNBUXZZRzhCck0/preview


VizDoom, Felix Yu, blog postHanabi Challenge, Bard et al., 2019

Batch deep RL, Agarwal, Schuurmans, Norouzi, 2019

https://flyyufelix.github.io/2017/10/24/distributional-bellman.html


DQN C51 QR-DQN

(Dabney, Ostrovski, Silver, Munos, 2018)



6 Exploration 
vs. 
Exploitation



Bandits



The Multi-Armed Bandit Setup



Bandits



The Stochastic Multi-Armed Bandit Setup



Clinical trials



Online content optimization



Regret of a bandit algorithm



Regret decomposition



Regret decomposition



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



Bandits



7 Monte-Carlo
Tree Search
For Planning 
in MDPs and 
Games



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Monte-Carlo Tree Search



Value Network returns
Probability of winning: 0 (White) - 1 (Black)

Evaluates desirability of a position

Policy Network returns
Probability distribution over moves

Selects most likely moves

Policy and Value Nets trained by self-play



Monte-Carlo Tree Search in MuZero





MuZero - Schrittwieser et al. 2019 
https://arxiv.org/pdf/1911.08265.pdf

https://arxiv.org/pdf/1911.08265.pdf




Challenges and open questions 



Why RL? For any sequence of decisions



DeepMind AI Reduces Google Data 
Centre Cooling Bill by 40%



Challenges and open questions 
● Reproducibility
● Long horizon, time
● Abstraction, space-time and universality
● Policy evaluation and exploration in growing batch RL
● Distributional RL
● Prioritized replay and self-imitation
● Safety and risk
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