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Investment in Al: Canada

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

o 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
o Element Al, Montreal
@ Deepmind Alberta, Edmonton

o Deepmind’s first international research lab outside of UK
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Exhibit 8: Evolution of Al: 1950-Present
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Al, Machine Learning and Data Fuel the Future of Productivity, The Goldman Sachs Group, Inc., Nov. 2016
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Machine Learning

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

@ In supervised learning, there are labeled data.
o making predictions
o classification, regression
@ In unsupervised learning, there are no labeled data.
o extract information from data without labels
o clustering, PCA

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

o making predictions and/or decisions
o AlphaGo, shortest path
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There are many machine learning models.

There is no single best model that works best for all problems.
Classification:

Occam'’s razor: parsimony implies predictive power.
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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)

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



the choice of representation has an enormous effect on the performance of
machine learning algorithms

Cartesian coordinates Polar coordinates

i
7 o)

<
)

<3
aqd

+

4

78

<

)

Figure 1.1: Example of different representations: suppose we want to separate two
categories of data by drawing a line between them in a scatterplot. In the plot on the left,
we represent some data using Cartesian coordinates, and the task is impossible. In the plot
on the right, we represent the data with polar coordinates and the task becomes simple to
solve with a vertical line. (Figure produced in collaboration with David Warde-Farley)
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Deep Learning learns layers of features
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(https://www.datarobot.com/blog/a-primer-on-deep-learning/)
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Figure 1l a, A multi-

layer neural network (shown by the connected dots) can distort the input
space to make the classes of data (examples of which are on the red and
blue lines) linearly separable. Note how a regular grid (shown on the left)
in input space is also transformed (shown in the middle panel) by hidden
units. This is an illustrative example with only two input units, two hidden
units and one output unit, but the networks used for object recognition
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which one can backpropagate gradients. At each layer, we first compute
the total input z to each unit, which is a weighted sum of the outputs of
the units in the layer below. Then a non-linear function {.) is applied to
zto get the output of the unit. For simplicity, we have omitted bias terms.
The non-linear functions used in neural networks include the rectified
linear unit (ReLU) f(z) =max(0,z), commonly used in recent years, as
well as the more conventional sigmoids, such as the hyberbolic tangent,

or natural language processing contain tens or h

units. d wit from C. Olah (http: github.io/).
b, The chain rule of derivatives tells us how two small effects (that of a small
change of x on y, and that of y on z) are composed. A small change Axin

x gets transformed first into a small change Ay in y by getting multiplied
by dy/dx (that is, the definition of partial derivative). Similarly, the change
Ay creates a change Az in z. Substituting one equation into the other

gives the chain rule of derivatives — how Ax gets turned into Az through
‘multiplication by the product of dy/dx and dz/0x. It also works when x,
yand zare vectors (and the derivatives are Jacobian matrices). ¢, The
equations used for computing the forward pass in a neural net with two
hidden layers and one output layer, each constituting a module through

fi D P p(2) + exp(~z)) and logistic function logistic,
2)=1/(1+exp(~2)). d, The equations used for computing the backward
pass. At each hidden layer we compute the error derivative with respect to
the output of each unit, which is a weighted sum of the error derivatives
with respect to the total inputs to the units in the layer above. We then
convert the error derivative with respect to the output into the error
derivative with respect to the input by multiplying it by the gradient of f{z).
At the output layer, the error derivative with respect to the output of a unit
is computed by differentiating the cost function. This gives y,— t,if the cost
function for unit /s 0.5(y,— t,)%, where #, is the target value. Once the 9E/0z,
is known, the error-derivative for the weight w;, on the connection from
unitin the layer below is just y, 9E/3z;.
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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)
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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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Bandits
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one-shot exhaustive

Evaluative
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Figure 1| Decisions of machine-learning feedback. Three kinds o feedback

hot, sampled haustive and evaluative versus
supervised) in machine learning and examples of learning problems (bandits,
tabular rei learning, learnis ntextual bandits

and supervised machine learning) that result from their combination.

exhaustive versus sampled feedback
o coverage of training examples
supervised versus evaluative feedback

o how the learner is informed of right and
wrong answers

o supervised learning with known optimal
decisions

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

one-shot versus sequential feedback
o relative timing of learning signals

o 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 s;

|l P ackon @ selects an action ay

T M M
i, @ receives a numerical reward ry41

@ transitions into a new state s;41

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

B, Rseareh

recharge

o, Re=areh l-o, R seareh

a set of states, situations in which a decision can be made
a set of actions, the decisions the decision maker can select

the transition model, P2

2, = P{st11 =5'|sy = s,a; = a}

the discount factor, v € [0, 1]

S:

A:

P:

R: the reward model, R2, = E{r|s; =s,a; = a,5;11 = 5}
v

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
o deterministic policy, a = 7(s)
o stochastic policy, m(s|a) = P(s|a)
@ value function, how good is each state and/or action
o a prediction of future reward
@ model, agent’s representation of the environment
o P: the transition model
o R: the reward model
o usually learned from experience (s, a, r,s’)

o sometimes perfect model, e.g., game rules are known

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



Value Function

V() = Ex{)_ 7 ressalse = s}
k=0

Bellman equation: V™ (s) = Z (s, a) Z PZLRZ + V™ (s)]
s/

a
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Optimal Value Function

V*(s) = max V™ (s)

s

Bellman optimal equation: V*(s) = max P [R%L, +~V*(s")]
acA(s) p
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 Di nce 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

Tabular TD(0) for estimating v,

Input: the policy 7 to be evaluated
Initialize V (s) arbitrarily (e.g., V(s) = 0,Vs € 81)
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
A + action given by 7 for S
Take action A, observe R, S’
V(S) + V(S) +a[R+4V(S) =V (5)]
S8
until S is terminal

,
\
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@-Value Function

Q-value function gives expected total reward, from state s and action a,
under policy 7, with discount factor ~.

o0
Q7(s,a) = En{Y_v*reviialse = s,a = a}
k=0

Bellman equation: Q™(s,a) = Ey »[r +yQ™ (s, )]s, a]

s,d
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Optimal Q-Value Function

Q*(s.3) = max Q"(s. 2)

Q-learning

Bellman optimal equation: Q*(s,a) = Eg[r +ymax Q7 (s',a')|s, a]
a/

7 (s) = argmax Q*(s, a)
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Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-) =0
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from Q (e.g., e-greedy)
Take action A, observe R, S’
Q(S, 4) + Q(S,A) + a[R + ymax, Q(5, a) — Q(S, 4)]
S« 8
until S is terminal

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.

o SARSA, representing state, action, reward, (next) state, (next) action, is an on-policy control method, with the
update rule, Q(st, ar) + Q(S, A) + a[r + vQ(S', A’) — Q(S, A)].

o 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.
o 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;0) =~ V™(s)
@ state-action value function: Q(s,a;0) = Q™ (s, a)
o (stochastic) gradient descent to find optimal value function
e policy: (s, a;0) ~ P(als; )
o policy gradient to find optimal policy
o e.g. with likelihood ratio in REINFORCE

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



Approaches to Reinforcement Learning

@ value-based RL
o estimate the optimal value function V*(s) or Q*(s, a)
o this is the maximum value achievable under any policy
@ policy-based RL
o search directly for the optimal policy 7*
o this is the policy achieving maximum future reward
@ model-based RL
o build a model of the environment

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

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

four dimensions
T omame @ sample or full (width of) backup
z J{}%’ o o model-based or model-free (raw experience)
@ depth of backup

‘‘‘‘‘‘

@ function approximation (FA)

o ; Exnausive @ on-policy vs off-policy
I seee V7(s) = Ex{rer1 +vreea + 7 reas + - |se = s}

Figure 17.1: A slice of the space of reinforcement learning methods,

@ temporal difference (TD) learning

o model-free

o V(s) « V(s) +a[r+~V(s') — V(s)]
@ Monte Carlo (MC)

search width, depth
@ TD, width = 1, depth =1

@ MC, width = 1, depth = co
@ DP, width = oo, depth = 1 o model-free, full trajectory of experience
@ ES, width = oo, depth = oo @ Dynamic Programming (DP)

o 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
o value function
o policy
o 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

o table lookup representation

o 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

o correlation samples
o non-stationary optimization targets
@ DQN uses experience replay to solve these issues
o stores the agent’s experiences in a replay memory

o samples experiences uniformly to update weights

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



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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previous algorithms and achieve a level comparable to that of a professional human games tester across a set of 49 games, using
Yuxi Li (yuxili@gmail.com)

a deep Q-network agent, receiving only the pixels and the game score as inputs, was able to surpass the performance of all
the same algorithm, network architecture and hyperparameters

(Mnih, V. et al. Human-level control through deep reinforcement learning. Nature 518, 529-533 (2015).)




Deep Reinforcement Learning: Al = 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
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Rollout policy SL policy network RL policy network Value network Policy network Value network
z
Py Py Py vy 2 Py, (als) v, (8)
S -
3
- - E
Policy gradient S L i
g L * -

o]

=8

5 ,

s §
Human expert positions Self-play positions
Figure 1 | Neural network training pipeline and architecture. a, A fast the current player wins) in positions from the self-play data set.
rollout policy pr and supervised learning (SL) policy network p, are b, Schematic representation of the neural network architecture used in
trained to predict human expert moves in a data set of positions. AlphaGo. The policy network takes a representation of the board position
A reinforcement learning (RL) policy network p, is initialized to the SL sas its input, passes it through many convolutional layers with parameters
policy network, and is then improved by policy gradient learning to o (SL policy network) or p (RL policy network), and outputs a probability
maximize the outcome (that is, winning more games) against previous distribution p, (als) or p (a|s) over legal moves a, represented by a
X N : . - i A

versions of the policy network. A new data set is generated by playing probability map over the board. The value network similarly uses many
games of self-play with the RL policy network. Finally, a value network vy convolutional layers with parameters , but outputs a scalar value vy(s')
is trained by regression to predict the expected outcome (that is, whether that predicts the expected outcome in position s'.

@ why is computer Go so hard? search space - Chess: 3580, Go: 25050
@ 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
o policy network: 12 layer convolutional neural network
o training data: 30M positions from human expert games
o training algorithm: maximize likelihood by SGD
o training time: 4 weeks on 50 GPUs using Google Cloud

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

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

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



a Selection b Expansion c Evaluation d Backup
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Figure 3 | Monte Carlo tree search in AlphaGo. a, Each simulation is evaluated in two ways: using the value network vg; and by running
traverses the tree by selecting the edge with maximum action value Q, arollout to the end of the game with the fast rollout policy p, then

plus a bonus u(P) that depends on a stored prior probability P for that computing the winner with function r. d, Action values Q are updated to
edge. b, The leaf node may be expanded; the new node is processed once track the mean value of all evaluations r(-) and vy(-) in the subtree below
by the policy network p, and the output probabilities are stored as prior that action.

probabilities P for each action. ¢, At the end of a simulation, the leaf node

(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

- ]
sesonreon G oo W rokvacion () vierueion  (§) revsons A ave

(a) Multiagent policy networks with grouping (b) Multiagent Q networks with reward shaping
Figure 1: Bidirectionally-Coordinated Net (BiCNet).

(Peng Peng et al., Multiagent Bidirectionally-Coordinated Nets for Learning to Play StarCraft Combat Games, arXiv, June 2017.)
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(a) Early stage of training (b) Early stage of training (c) Well-trained (d) Well-trained

Figure 6: Coordinated moves without collision in combat 3 Marines (ours) vs. 1 Super Zergling
(enemy). The first two (a) and (b) illustrate that the collision happens when the agents are close by
during the early stage of the training; the last two (c) and (d) illustrate coordinated moves over the
well-trained agents.

(a) time step 1: run when (b) time step 2: fight back (c) time step 3: run again (d) time step 4: fight back
attacked when safe again

Figure 7: Hit and Run tactics in combat 3 Marines (ours) vs. 1 Zealot (enemy).

(a) time step 1 (b) time step 2 (c) time step 3 (d) time step 4

Figure 8: Coordinated cover attack in combat 4 Dragoons (ours) vs. 2 Ultralisks (enemy).

Deep Reinforcement Learnin
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Yuxi Li (

(a) time step 1 (b) time step 2 (c) time step 3 (d) time step 4

Figure 9: Coordinated cover attack in combat 3 Marines (ours) vs. 1 Zergling (enemy).

(a) time step 1 (b) time step 2 (©) time step 3 (d) time step 4

Figure 10: "focus fire" in combat 15 Marines (ours) vs. 16 Marines (enemy).

(a) time step 1 (b) time step 2

Figure 11: Coordinated heterogeneous agents in combat 2 Dropships and 2 tanks vs. 1 Ultralisk.

Deep Reinforcement Learnin
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Dialogue Agent / Chatbot

Knowledge Base {head, relation, tail)

Knowledge Base (head, relation, tail) (Groundhog Day, actor, Bill Murray)

Movie=? (Groundhog Day, actor, Bill Murray) (Groundhog Day, release year, 1993) 3 unique head entities
Actor=8ill Murray (Groundhog Day, release year, 1993) (Australia, actor, Nicole Kidman) 2 unique relation types
Release Year=1993 {Australia, actor, Nicole Kidman) (Mad Max: Fury Road, release year, 2015)

(Mad Max: Fury Road, release year, 2015)
OO 2 columns
° Find me the Bill Murray’s movie.

Release
Year

Movie Actor

When was it released?

=
™ [ think it came out in 1993. Groundhog Day Bill Murray 1993
User ( Groundhog Doy is a Bill Murray ~ KB-InfoBot 3rows Australia Nicole Kidman X
| movie which came out in 1993. Mad Max: Fury Road X 2015
Figure 1: A dialogue example between a user looking Figure 2: An entity-centric knowledge base, where head
for a movie and the KB-InfoBot. The knowledge base is entities are movies. Top: Conventional (h,r,t) format.
shown above the KB-InfoBot. Bottom: Table format. Missing values are denoted by X.

user  KB-InfoBot

Utterance | Feature
Extractor
=
< System
Policy
Network

User Action
Figure 3: High-level overview of the end-to-end KB-
InfoBot. Components with trainable parameters are high-
lighted in gray.

Belief
Trackers

Bhuwan Dhingra, et al., End-to-End Reinforcement Learning of Dialogue Agents for Information Access, ACL, 2017.
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Fig. 1. The goal of our deep reinforcement leamning model is to navigate
towards a visual target with a minimum number of steps. Our model takes
the current observation and the image of the target as input and generates
an action in the 3D environment as the output. Our model learns to navigate
to different targets in a scene without re-training.

ALE

VizDoom UETorch

Virtual KITTI

SYTHNIA

Fig. 2. Screenshots of our framework and other simulated leaming
frameworks: ALE [36], ViZDoom [37], UETorch [38], Project Malmo [39],
SceneNet [40], TORCS [41], SYNTHIA [42], Virtual KITTI [43].

Fig. 3. Our framework provides a rich interaction platform for Al agents.
It enables physical interactions, such as pushing or moving objects (the first
row), as well as object interactions, such as changing the state of objects
(the second row).

 — |
=
1t oueos

—

T=|
=}

wrovn

=
=
=}
Nit ousos.

©
12

242203

Fig. 4. Network architecture of our deep siamese actor-critic model. The
numbers in parentheses show the output dimensions. Layer parameters in
the green squares are shared. The ResNet-50 layers (yellow) are pre-trained
on ImageNet and fixed during training.

(Yuke Zhu, et al., Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement-Learning, arXiv,-2016.)
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Image Captioning

A
bird
flying
over

14x14 Feature Map

a
body
of
water
L. Input 2. Convolutional 3, RNN with attention 4. Word by
Image Feature Extraction over the image word
generatlonj

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

Sample architecture A
with probability p

)

Trains a child network
‘The controller (RNN) with architecture
Ato get accuracy R

J

Compute gradient of p and
scale it by R to update
the controller

Figure 1: An overview of Neural Architecture Search.
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(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)
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Ads / Business

Total # of Clicks y

Total # of Visits

Policy 1 Total # of Clicks
LTy = Total # of Visitors

CIR = 100,

100.

g CTR=0.5
e LTV=0.5
Policy 2
olicy reature Train random Epsilon
" forest for
selection et greedy
O0—0O0—0—0—® for all data P e policy
: : CTR=6/17=0.35 immediate reward,
LTV=6/4=15 Greedy training
O—0—0—0—e Create labels for
O0—0—0—@ vave

Evaluate ) Riskplot

policy

Feature
selection for
recurring data

Train random
forest for
predicting value

Epsilon greedy
policy '

Figure 1: The circles indicate user visits. The black circles
indicate clicks. Policy 1 is greedy and users do not return.
Policy 2 optimizes for the long-run, users come back multiple
times, and click towards the end. Even though Policy 2 has a
lower CTR than Policy 1, it results in more revenue, as cap-
tured by the higher LTV. Hence, LTV is potentially a better
metric than CTR for evaluating ad recommendation policies.

LTV training

Evaluate
policy

Figure 2: This figure shows the flow for training Greedy and
LTV strategies.

(Georgios Theocharous et al., Personalized Ad Recommendation Systems for Life-Time Value Optimization with Guarantees,
1JCAI, 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
o a put option gives the right to sell

@ the payoff function: max(0,S; — K). S; : price at time ¢

@ an American option can be exercised any time before the maturity date
o an exercise policy determines when to exercise it

@ there is a fee to hold an option contract, pricing

@ reinforcement learning setup
o state: underlying asset price, e.g., stock price
other relevant economic/financial variables, like interest rate
o action: exercise or continue to hold
o reward: payoff function
o 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

Giv
olanzapine

Lack of
Efficacy

Lack of
Tolerability

Reason for
Discontinuation

<85 PANSS Score PANSS Score >=90
Give . . .
risperidone or | Gn/e_ . G'Ye G_lve_
quetiapine clozapine risperidone quetiapine

Fig.3 Optimal treatment policy learned from 25 imputations of the CATIE data, with the total reward defined
as the negative area under the PANSS curve for the 18 months of the CATIE study. The state representation
is defined in Sect. 3.1 and the Q-function form used is described in Sect. 4.2

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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Fig. 13 Areas of manufacturing with significant research contributions

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

Area Transformers
Station tage stepped Substation voltage stepped down voltage stepped
electricity up to transmission to distribution voltages down to 480, 208
generated at voltage or120V

13.810 22.0 kV

SolarWind

Connection
To Other Systems

Fig. 1. The adaptive stochastic control (4SC) of the Smart Grid must simultaneously optimize supply and demand from many new,
distributed loads and sources such as the following: price sensitive and solar and wind

distributed energy storage, EV charging, and microgrids. (Source: Modified after Con Edison drawing).

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.)

Yuxi Li
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ADP Stochastic Controller Prediction Error

Indirect e
Training ig
Information i s

H Actual H &

Input Outcome Hilas

.. =
Action X

Capital Operatives & Safety &
Asset <—>Preventive  <—> Emergency
Prioritization Maintenance Response

Fig. 3. The feedback loops for an Adaptive Stochastic Controller for
the Smart Grid optimally interprets incoming data from many new
distributed sources and simultaneously manages asset prioritization,
operational actions, maintenance tasks, and emergency responses.

(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

* queues

e arrivalsand queues

« cumulative delays

’ Environment ’

< Action Cstate ) Reward

Decision
Makin,

Learning

e (-1)*Delay

 Fixed between two
Phasing successive points
Sequence Pr— - -
* Savings in
‘ 2 cumulative
QA | delays

« Variable 51 | .
Action 2 Phasing 2 e-softmax « Savings in total
Sequence AS:XRSASO% Reward 3 queues

Figure 5-6 RL Architecture and Design Parameters

(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)

Stochastic Control Problem

|

Problem Identification

Single Agent

Multi-Agents ‘
(Stationary Environment)

31 ) & 5
N 2 (Non-stationary Environment)

Theoretical Framework

3.1.1 ) | Markov Decision Process (MDP) Markov Game (Stochastic Game) ‘

Solution Form L

31528 Optimal Control Policy Equilibrium Joint- Control Policies ‘

Model-Based Algorithms
Dynamic Programming (DP)
Methods

A

3.13) Game Theory (GT) Methods ‘

Model-Free Algorithms

A
Multi-Agent Reinforcement
Learning (MARL)

(3.1.4) | Reinforcement Learning (RL)

(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.,

Softmax

Attention

Hidden
state

i
op100

Figure 2. Device placement model architecture.

‘N
Cl

lDlD [T
o 1 LIS LTI
“'llﬂlgﬁ i&aﬂ ot
=0 00000000000

R
aamE

Figure 4. RL-based placement of Neural MT graph. Top: encoder, Bottom: decoder. Devices are denoted by colors, where the trans-
parent color represents an operation on a CPU and each other unique color represents a different GPU. This placement achieves an

improvement of 19.3% in running ti d to the fine-tuned expert-designed placement.

Figure 5. RL-based placement of Inception-V3. Devices are denoted by colors, where the transparent color represents an operation on a
CPU and each other unique color represents a different GPU. RL-based placement achieves the improvement of 19.7% in running time
compared to expert-designed placement.

Device Placement Optimization with Reinforcement Learning,' ICML;2017.)

July 15, 2017
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Differentiable Neural Computer

d Memory usage
a Controller b Read and write heads € Memory and temporal links

|
G-

Figure 1 | DNC architecture. a, A recurrent controller network receives defining a weighting that selectively focuses the write operation over the
input from an external data source and produces output. b, ¢, The rows, or locations, in the memory matrix. The read heads can use gates
controller also outputs vectors that parameterize one write head (green) called read modes to switch between content lookup using a read key (‘C’)
and multiple read heads (two in this case, blue and pink). (A reduced and reading out locations either forwards (‘F’) or backwards (‘B’) in the
selection of parameters is shown.) The write head defines a write and order they were written. d, The usage vector records which locations have
an erase vector that are used to edit the N x W memory matrix, whose been used so far, and a temporal link matrix records the order in which
elements’ magnitudes and signs are indicated by box area and shading, locations were written; here, we represent the order locations were written
respectively. Additionally, a write key is used for content lookup to find to using directed arrows.

previously written locations to edit. The write key can contribute to

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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3. Deep counterfactual value network. The inputs to the network are the pot size, publi cards, and the
player ranges. which are frst processed into hand clusters. The output from the saven fuly connected hidden
layers is postprocessed to guarantee the values satisty the zero-sum constraint, and then mapped back into a
vector of counterfactual vlues.

outputs countrfactual vales for boln plaers (Fg. 3). (C) The neural network is trained prior o play by
generating random poker Situations (pot size, board cards, and ranges) and solving them 10 produce training
‘examples. Complete pseudocode can be found i algorithm S1.(10).
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ST

Participant

Fig. 4. Performance of professional poker players against DeepStack. Performance estimated
with AIVAT along with a 95% confidence interval. The solid bars at the bottom show the number of
games the participant completed,

a solution to a family of imperfect information games, cf. CMU Libratuss
(M. Moravéik et al., DeepStack: Expert-level artificial intelligence in heads-up no-limit poker, Science, 2017)
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Learning with Small Data

A ) i)

a7
i iv) \l o ) iv)

be
| , T
¥ d, T

Fig. 1. People can learn rich concepts from limited data. (A and B) A single example of a new concept (red boxes) can be enough information to support
the (i) classification of new examples, (i) generation of new examples, (iii) parsing an object into parts and relations (parts segmented by color), and (iv)
generation of new concepts from related concepts. [Image credit for (A). iv, bottom: With permission from Glenn Roberts and Motorcycle Mojo Magazine]
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(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

(@) () © (@

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) p from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping £ = G(z) imposes the non-uniform distribution p, on
transformed samples. G contracts in regions of high density and expands in regions of low density of py. (a)
Consider an adversarial pair near convergence: pgy is similar to peuw and D is a partially accurate classifier.

(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D* () =
#ﬁl(z)' (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely

to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a

point at which both cannot improve because py = Paaa. The discriminator is unable to differentiate between
the two distributions, i.e. D(z) = 1.

(lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua
Bengio, Generative Adversarial Nets, NIPS 2014)

(lan 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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DEEP REINFORCEMENT LEARNING: AN OVERVIEW

Yuxi Li (yuxili@gmail.com)

ABSTRACT

We give an overview of recent exciting achievements of deep reinforcement learn-
ing (RL). We discuss six core elements, six important mechanisms, and twelve
applications. We start with background of machine learning, deep learning and
reinforcement learning. Next we discuss core RL elements, including value func-
tion, in particular, Deep Q-Network (DQN), policy, reward, model, planning, and
exploration. After that, we discuss important mechanisms for RL, including atten-
tion and memory, in particular, differentiable neural computer (DNC), unsuper-
vised learning, transfer learning, semi-supervised learning, hierarchical RL, and
learning to learn. Then we discuss various applications of RL, including games,
in particular, AlphaGo, robotics, natural language processing, including dialogue
systems (a.k.a. chatbots), machine translation, and text generation, computer vi-
sion, neural architecture design, business management, finance, healthcare, Indus-
try 4.0, smart grid, intelligent transportation systems, and computer systems. We
mention topics not reviewed yet. After listing a collection of RL resources, we
present a brief summary, and close with discussions.

MIT Technology Review, 10 Breakthrough Technologies
@ Deep learning, 2013
o 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
o 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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