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Investment in AI: Canada

In Budget 2017, the Government of Canada announced $125 million
in funding for a Pan-Canadian Artificial Intelligence (AI) Strategy to
be led by the Canadian Institute for Advanced Research (CIFAR).

◦ Establish interconnected nodes of scientific excellence in Canada’s
three major centres for artificial intelligence in Edmonton
($35M/$125M), Montreal and Toronto.

Vector Institute, Toronto

Element AI, Montreal

Deepmind Alberta, Edmonton

◦ Deepmind’s first international research lab outside of UK
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AI, Machine Learning and Data Fuel the Future of Productivity, The Goldman Sachs Group, Inc., Nov. 2016

Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 5 / 60



Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 6 / 60



Machine Learning

Machine learning is about learning from data and making predictions
and/or decisions.

In supervised learning, there are labeled data.

◦ making predictions

◦ classification, regression

In unsupervised learning, there are no labeled data.

◦ extract information from data without labels

◦ clustering, PCA

In reinforcement learning, there are evaluative feedbacks, but no
supervised signals.

◦ making predictions and/or decisions

◦ AlphaGo, shortest path
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Deep Learning in a nutshell

DL is a general-purpose framework for representation learning

given an objective

learn representation that is required to achieve objective

directly from raw inputs

using minimal domain knowledge

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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the choice of representation has an enormous effect on the performance of
machine learning algorithms
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(https://www.datarobot.com/blog/a-primer-on-deep-learning/)
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Deep Learning Achievements

Deep learning is making major advances in solving problems that have
resisted the best attempts of the artificial intelligence community for
many years.

It has turned out to be very good at discovering intricate structures in
high-dimensional data and is therefore applicable to many domains of
science, business and government.

image recognition, speech recognition, predicting the activity of
potential drug molecules, analyzing particle accelerator data,
reconstructing brain circuits, and predicting the effects of mutations
in non-coding DNA on gene expression and disease

natural language understanding, particularly topic classification,
sentiment analysis, question answering and language translation

deep learning will have many more successes in the near future: it
requires very little engineering by hand, so it can easily take advantage
of increases in the amount of available computation and data

(LeCun, Bengio and Hinton, Deep Learning, Nature, May 2015)

Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 13 / 60



Reinforcement Learning in a nutshell

RL is a general-purpose framework for decision-making

RL is for an agent with the capacity to act

each action influences the agent’s future state

success is measured by a scalar reward signal

goal: select actions to maximise future reward

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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exhaustive versus sampled feedback

◦ coverage of training examples

supervised versus evaluative feedback

◦ how the learner is informed of right and
wrong answers

◦ supervised learning with known optimal
decisions

◦ evaluative feedback with an assessment of
the effectiveness of the decisions; no
information on the appropriateness of
alternatives

one-shot versus sequential feedback

◦ relative timing of learning signals

◦ long term impacts evaluated over a
sequence of decisions

RL methods encounter all three forms of weak feedback simultaneously - sampled,
evaluative and sequential feedback

(Michael Littman, Reinforcement learning improves behaviour from evaluative feedback, Nature, May 2015)
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The Agent-Environment Interaction in RL

At each time step t, the agent

receives state st

selects an action at

receives a numerical reward rt+1

transitions into a new state st+1

(Richard Sutton and Andrew Barto, Reinforcement Learning: An Introduction, MIT Press, 1998)
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An Example: Recycling Robot

S : a set of states, situations in which a decision can be made

A: a set of actions, the decisions the decision maker can select

P: the transition model, Pa
ss′ = P{st+1 = s ′|st = s, at = a}

R: the reward model, Ra
ss′ = E{rt |st = s, at = a, st+1 = s ′}

γ: the discount factor, γ ∈ [0, 1]

Goal: maximizing the cumulative discounted expected reward
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Components of a RL Agent

policy, the agent’s behavior, a map from state to action

◦ deterministic policy, a = π(s)

◦ stochastic policy, π(s|a) = P(s|a)

value function, how good is each state and/or action

◦ a prediction of future reward

model, agent’s representation of the environment

◦ P: the transition model

◦ R: the reward model

◦ usually learned from experience (s, a, r , s ′)

◦ sometimes perfect model, e.g., game rules are known
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Value Function

V π(s) = Eπ{
∞∑
k=0

γk rt+k+1|st = s}

Bellman equation: V π(s) =
∑
a

π(s, a)
∑
s′

Pa
ss′ [R

a
ss′ + γV π(s ′)]
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Optimal Value Function

V ∗(s) = max
π

V π(s)

Bellman optimal equation: V ∗(s) = max
a∈A(s)

∑
s′

Pa
ss′ [R

a
ss′ + γV ∗(s ′)]

Markov decision processes (MDPs) satisfy two requirements applying dynamic
programming (DP): optimal substructure by Bellman equation; overlapping

subproblems with value function.

Given V ∗(s), the actions that are best after a one-step search will be optimal
actions.
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Temporal Difference Learning

a central idea in reinforcement learning

learn directly from experience

learn from temporal difference error

learn a guess from a guess - bootstrapping

model-free, online, fully incremental
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Q-Value Function

Q-value function gives expected total reward, from state s and action a,
under policy π, with discount factor γ.

Qπ(s, a) = Eπ{
∞∑
k=0

γk rt+k+1|st = s, at = a}

Bellman equation: Qπ(s, a) = Es′,a′ [r + γQπ(s ′, a′)|s, a]
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Optimal Q-Value Function

Q∗(s, a) = max
π

Qπ(s, a)

Q-learning

Bellman optimal equation: Q∗(s, a) = Es′ [r + γmax
a′

Qπ(s ′, a′)|s, a]

π∗(s) = arg max
a

Q∗(s, a)
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The prediction problem, or policy evaluation, is to compute the state or action value function for a policy.The control
problem is to find the optimal policy. Planning constructs a value function or a policy with a model.
On-policy methods evaluate or improve the behavioural policy.
◦ SARSA, representing state, action, reward, (next) state, (next) action, is an on-policy control method, with the
update rule, Q(st , at )← Q(S, A) + α[r + γQ(S′, A′)− Q(S, A)].
◦ SARSA fits the action-value function to the current policy, i.e., SARSA evaluates the policy based on samples from
the same policy, then refines the policy greedily with respect to action values.
In off-policy methods, an agent learns an optimal value function/policy, maybe following an unrelated behavioural policy.
◦ e.g., Q-learning attempts to find action values for the optimal policy directly, not necessarily fitting to the policy
generating the data, i.e., the policy Q-learning obtains is usually different from the policy that generates the samples.
The notion of on-policy and off-policy can be understood as same-policy and different-policy.
The exploration-exploitation dilemma is about the agent needs to exploit the currently best action to obtain rewards,
yet it has to explore the environment to find better actions.
In model-free methods, the agent learns with trail-and-error from experience explicitly; the model (state transition
function) is not known or learned from experience. RL methods that use models are model-based methods.
In online mode, training algorithms are executed on data acquired in sequence. In batch mode, models are trained on
the entire data set.
With bootstrapping, an estimate of state or action value is updated from subsequent estimates.
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Function Approximation (FA)

tabular

state aggregation

linear FA

non-linear FA (neural/deep networks)

state value function: V (s; θ) ≈ V π(s)

state-action value function: Q(s, a; θ) ≈ Qπ(s, a)

◦ (stochastic) gradient descent to find optimal value function

policy: π(s, a; θ) ≈ P(a|s; θ)

◦ policy gradient to find optimal policy

◦ e.g. with likelihood ratio in REINFORCE
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Approaches to Reinforcement Learning

value-based RL

◦ estimate the optimal value function V ∗(s) or Q∗(s, a)

◦ this is the maximum value achievable under any policy

policy-based RL

◦ search directly for the optimal policy π∗

◦ this is the policy achieving maximum future reward

model-based RL

◦ build a model of the environment

◦ plan (e.g. by lookahead) using model

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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The Space of RL Methods

search width, depth

TD, width = 1, depth = 1

MC, width = 1, depth = ∞
DP, width = ∞, depth = 1

ES, width = ∞, depth = ∞

four dimensions

sample or full (width of) backup

◦ model-based or model-free (raw experience)

depth of backup

function approximation (FA)

on-policy vs off-policy

V π(s) = Eπ{rt+1 + γrt+2 + γ2rt+3 + · · · |st = s}
temporal difference (TD) learning

◦ model-free

◦ V (s)← V (s) + α[r + γV (s ′)− V (s)]

Monte Carlo (MC)

◦ model-free, full trajectory of experience

Dynamic Programming (DP)

◦ model-based, one full backup

(Richard Sutton and Andrew Barto, Reinforcement Learning: An Introduction, 2nd edition, in progress)
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Deep Reinforcement Learning

use deep neural networks to represent

◦ value function

◦ policy

◦ model

optimize loss function by stochastic gradient descent

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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Deep Q-Network

Q-learning converges to optimal value

◦ table lookup representation

◦ linear function approximation

deep Q-networks represent Q-value function with deep neural
networks, Q(s, a; w) ≈ Q∗(s, a)

Q-learning diverges using neural networks

◦ correlation samples

◦ non-stationary optimization targets

DQN uses experience replay to solve these issues

◦ stores the agent’s experiences in a replay memory

◦ samples experiences uniformly to update weights
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DQN in Atari games

end-to-end learning of Q(s, a) from raw pixels s

input state s is stack of raw pixels from last 4 frames

output is Q(s, a) for 18 joystick/button positions

reward is change in score for that step

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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a deep Q-network agent, receiving only the pixels and the game score as inputs, was able to surpass the performance of all
previous algorithms and achieve a level comparable to that of a professional human games tester across a set of 49 games, using
the same algorithm, network architecture and hyperparameters

(Mnih, V. et al. Human-level control through deep reinforcement learning. Nature 518, 529-533 (2015).)
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Deep Reinforcement Learning: AI = RL + DL

we seek a single agent which can solve any human-level task

RL defines the objective

DL gives the mechanism

RL + DL = general intelligence

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)

Deep Reinforcement Learning is Artificial Intelligence.
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DRL Applications Abound

games

robotics

natural langage processing (NLP)

computer vision

neural architecture design

business management

healthcare

finance

Industry 4.0

smart grid

intelligent transportation systems

computer systems

Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 34 / 60



why is computer Go so hard? search space - Chess: 3580, Go: 250150

AlphaGo: deep learning + reinforcement learning + Monte Carlo tree search

value network reduce depth; policy network reduce width

(David Silver et al., Mastering the game of Go with deep neural networks and tree search, Nature, January 2016.)
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AlphaGo: Neural Networks Training Pipline

supervised learning of policy networks
◦ policy network: 12 layer convolutional neural network
◦ training data: 30M positions from human expert games
◦ training algorithm: maximize likelihood by SGD
◦ training time: 4 weeks on 50 GPUs using Google Cloud

reinforcement learning of policy networks
◦ policy network: 12 layer convolutional neural network
◦ training data: games of self-play between policy network
◦ training algorithm: maximize wins by policy gradient RL
◦ training time: 1 week on 50 GPUs using Google Cloud

reinforcement learning of value networks
◦ value network: 12 layer convolutional neural network
◦ training data: 30 million games of self-play
◦ training algorithm: minimize MSE by SGD
◦ training time: 1 week on 50 GPUs using Google Cloud

(David Silver, ICML 2016 Tutorial: Deep Reinforcement Learning)
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(Once the search is complete, the algorithm chooses the most visited move from the root position.)

(David Silver et al., Mastering the game of Go with deep neural networks and tree search, Nature, January 2016.)
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StarCraft

(Peng Peng et al., Multiagent Bidirectionally-Coordinated Nets for Learning to Play StarCraft Combat Games, arXiv, June 2017.)
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Dialogue Agent / Chatbot

Bhuwan Dhingra, et al., End-to-End Reinforcement Learning of Dialogue Agents for Information Access, ACL, 2017.
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(Yuke Zhu, et al., Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning, arXiv, 2016.)
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Image Captioning

(Kevin Xu et al., Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015)

Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 43 / 60



Neural Architecture Design

(Barret Zoph and Quoc V. Le, Neural Architecture Search with Reinforcement Learning, ICLR, 2017.)

(https://research.googleblog.com/2017/05/using-machine-learning-to-explore.html)

Yuxi Li (yuxili@gmail.com) Deep Reinforcement Learning July 15, 2017 44 / 60



Ads / Business Management

(Georgios Theocharous et al., Personalized Ad Recommendation Systems for Life-Time Value Optimization with Guarantees,
IJCAI, 2015)
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Option Pricing / Finance

a call option gives the holder the right, not the obligation, to buy the underlying
asset, e.g., a share of a stock, by a certain date (the maturity date), T , for a
certain price (the strike price), K

◦ a put option gives the right to sell

the payoff function: max(0, St − K). St : price at time t

an American option can be exercised any time before the maturity date

◦ an exercise policy determines when to exercise it

there is a fee to hold an option contract, pricing

reinforcement learning setup

◦ state: underlying asset price, e.g., stock price

other relevant economic/financial variables, like interest rate

◦ action: exercise or continue to hold

◦ reward: payoff function

◦ goal: option pricing/find optimal exercise policy

(Francis Longstaff and Eduardo Schwartz, Valuing American options by simulation: a simple least-squares approach, Review of
Financial Studies, 14(1):113-47, 2001.)
(John N. Tsitsiklis and Benjamin Van Roy, Regression Methods for Pricing Complex American-Style Options, IEEE Transactions
on Neural Networks, 12(4) (special issue on computational finance), 694-703, July 2001.)
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Dynamic Treatment Regime / Healthcare

The Clinical Antipsychotic Trials of Intervention Effectiveness (CATIE) was an 18 month multistage clinical trial of 1460
patients with schizophrenia.

The Positive and Negative Syndrome Scale (PANSS) score is a medical scale designed to measure symptom severity in patients
with schizophrenia. The higher PANSS score, the more psychotic symptoms.

Olanzapine, risperidone, quetiapine, clozapine are antipsychotic medication.

(Susan M. Shortreed et al., Informing sequential clinical decision-making through reinforcement learning: an empirical study ,
Machine Learning, 2011.)
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Idustry 4.0

(Peter O’Donovan et al., Big data in manufacturing: a systematic mapping study, Journal of Big Data, 2015.)
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Smart Grid

requirements: self-healing, flexible, predictive, interactive, optimal, secure

(Roger N. Anderson et al., Adaptive Stochastic Control for the Smart Grid, Proceedings of the IEEE, June 2011.)
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(Roger N. Anderson et al., Adaptive Stochastic Control for the Smart Grid, Proceedings of the IEEE, June 2011.)
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Adaptive Traffic Signal Control/Intelligent Traffic Systems

(Samah El-Tantawy, Multi-Agent Reinforcement Learning for Integrated Network of Adaptive Traffic Signal Controllers , PhD
thesis, 2012.)
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Adaptive Traffic Signal Control (background knowledge)

(Samah El-Tantawy, Multi-Agent Reinforcement Learning for Integrated Network of Adaptive Traffic Signal Controllers , PhD
thesis, 2012.)
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Device Placement Optimization / Computer Systems

(Azalia Mirhoseini et al., Device Placement Optimization with Reinforcement Learning, ICML, 2017.)
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Differentiable Neural Computer

a neural network can read from and write to an external memory

learn end-to-end with gradient descent

solve complex, structured problems, like question answering, shortest path finding in transportation networks, relationship
inference in a family tree, and a moving blocks puzzle with changing goals specified by symbol sequences

(Alex Graves et. al., Hybrid computing using a neural network with dynamic external memory. Nature, 538:471-476, 2016.)
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a solution to a family of imperfect information games, cf. CMU Libratuss

(M. Moravč́ık et al., DeepStack: Expert-level artificial intelligence in heads-up no-limit poker, Science, 2017)
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Learning with Small Data

(Brenden M. Lake, Ruslan Salakhutdinov, Joshua B. Tenenbaum, Human-level concept learning through probabilistic program
induction, Science, December 2015)
(Brenden M. Lake, Tomer D. Ullman, Joshua B. Tenenbaum, Samuel J. Gershman, Building Machines That Learn and Think
Like People, 2016)
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Generative Adversarial Nets

(Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua
Bengio, Generative Adversarial Nets, NIPS 2014)
(Ian J. Goodfellow, NIPS 2016 Tutorial: Generative Adversarial Networks. arXiv 2017.)
(Martin Arjovsky, Soumith Chintala, and Leon Bottou, Wasserstein GAN, ArXiv e-prints, 2017)
(David Pfau, Oriol Vinyals, Connecting Generative Adversarial Networks and Actor-Critic Methods, 2016)
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MIT Technology Review, 10 Breakthrough Technologies

Deep learning, 2013
◦ With massive amounts of computational power, machines can now recognize objects and translate speech in real time.
Artificial intelligence is finally getting smart.
Reinforcement learning, 2017
◦ By experimenting, computers are figuring out how to do things that no programmer could teach them.
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Yuxi Li, Deep reinforcement learning: an overview, arXiv, 2017
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AI Ecosystem in Canada ... Where are we?
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