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Machine Learning.

Supervised Learning Unsupervised Learning  Reinforcement Learning

Data: (x,y) Data: x Data: state-action pairs

x I1s data, y is label x is data, no labels!
Goal: Learn functionto map Goal: Learn underlying Goal: Maximize future rewards §
X =Yy structure over many time steps
Apple example: Apple example: Apple example:
This thing is like Eat this thing because it

This thing | le. '
IS thing Is an apple the other thing. will keep you alive.







What is Reinforcement Learning?

The goal for the AGENT is to maximize the total rewards R (optimal policy)
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RL algorithm

The steps involved in typical RL algorithm are as follows:

1. First, the agent interacts with the environment by performing an action
. The agent performs an action and moves from one state to another
. And then the agent will receive a reward based on the action it performed

. Based on the reward, the agent will understand whether the action was good or
bad

. 1f the action was good, that is, if the agent received a positive reward, then the
agent will prefer performing that action or else the agent will try performing an
other action which results in a positive reward. So it is basically a trial and error
learning process




Key Concepts (type of environments)

Deterministic environment
Stochastic environment

Fully observable environment

Partially observable environment

Discrete environment

Continuous environment

Episodic and non-episodic environment

Single and multi-agent environment

Model — free (mainly used:;

the agent takes current observations
performs some computations on them,

and the result is the action that it should take.

to the current policy we're updating)

Off — policy (learns on historical data)
=>SDC




Markov Decision Process (MDP). Framework for RL.




Markov Decision Process




Markov Decision Process

a (finite) set of states S
a (finite) set of actions A4
a (finite) set of rewards R

the one-step dynamics of the environment
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. every next state S (t+1) the Agent transits to depends only
on actual state S(t) and action A(t).




RL main challenge => Definition of Reward
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Walk for as :
Walk fast Walk forward Walk smoothly long as possible
A T A T A A
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Proportional to the Penalize deviation Constant reward
robot’s forward velocity from center of track for not falling
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Penalize deviation from
forward direction

Penalize torques




(Deep) Reinforcement Learning process

Update of weights in Deep Neural Network

The Agent explores or exploits the environment

ENVIRONMENT
-State s €S

- Take action a € A Lea rning
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(Deep) Reinforcement Learning process. Interaction (only concept)

Trained BRAIN

— AT

Action SN

A

State

Action

New_state, reward




The Agent decisive process (how the Agent decides?) (general concept)
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exploration — exploitation => P
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def epsilon_greedy_policy(state, epsilon):
if random.uniform(0,1) < epsilon:
return env.action_space.sample()
else:
return max (list(range(env.action_space.n)), key = lambda x: g[(state,x)])

r =>epsilon




Key Concepts

Policy.




State — Value function -1




State — Value function — 2 — worst policy




State — Value function — 3 — worst policy
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State — Value function — 4 — worst policy




State — Value function -5

state-value function
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Bellman equation is applied to solve MDP

Dynamic Programming (developed by Bellman) is a method for solving
a complex problem by breaking it down into a
collection of

In RL computation of Gt (discounted reward) for whole episod&d
can be very cumbersome therefore we can follow
the Bellman concept and consider only
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Richard Ernest Bellman (1920 — 1984)




Bellman equation

any state »




Bellman equation

vr(s) = Ex|[Rip1 + yor(Si41)|St = ]

A

any state —— »




Bellman equation

vr(s) = Ex[Req1 + yur(S41)|St = $
A

any state S

state S —




Optimality




Optimality

7' > if and only if v_s(s) > vg(s) for all s € S

(Note: It is often possible to find two policies that cannot be compared.)

An optimal policy 7« satisfies w4 > 7 for all 7
(Note: An optimal policy is guaranteed to exist, but may not be unique.)

The optimal state-value function is denoted vy

The optimal action-value function is denoted ¢.




What about more complicated MDP?




What about more complicated MDP?

Beside state value function we have to define



Action Value function

S ;r A fm%‘

state s, L For each state s and

)
ields the expected return it yields the expected return

t starts in state s. if the agent starts in state s




Action — Value function

ne state-value function yield
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tion, the action-value function yields
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Action — Value function

= action-value function
starts in that state, takes the action, &
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Action — Value function
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Action — Value function




Action — Value function




Optimal policy




Optimal policy based on optimal action — value function

. . . —> >
Agent interacts with environment. 2 1 3 y)
0 1 4
The agent uses optimal action-value ‘ 1 >Ng —> 3 i
function to get optimal policy. 1 0 4 1
1« 2 5
4
%
5 Vs
From these interaction the Agent 0 1 .
estimates optimal action — value 2 _ 1 5— 0
function. l
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Monte Carlo Methods. Q table approach

Gridworld Example

The Monte Carlo method finds
approximate solutions through random
sampling. ( It is a statistical : !
technique to find an approximate . 4 & = 8
answer through sampling). by *

Action Space

We need to wait to end of
episode to compute total reward and
compute the action - value. We need in
every step estimate if we are going to

. Action Space
win or not

T34 &9

Discount Rate

v =1




Monte Carlo Methods. Q table approach. General concept.

Area of a cirlce  No of points inside the circle
Area of a square No of points inside the square

nr? ~ No of points inside the -circle

a> No of points inside the square

W(%)z ~ No of points inside the circle
12 No of points inside the square

No of points inside the circle
No of points 1inside the square

=%
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Remember: the agent is looking for the optimal policy 7«

It tells us - for each state - which action is best.
1-1-1+10=7

Episode 1 ‘
Score: t -1 “""" L - *

+7 sp |lapl ™ sy ar o 52 ao T3

Episode 2

Score:
+6

Remember: the agent is looking for the optimal policy
It tells us - for each state - which action is best.

a
Episode 1 1+ E -_:: m m 1+ M
so ap ri| s1 ap| 7o ~‘; 2| r3 s3 a3 rq4 S

v

Return: +8
(-1+-1+10)

Episode 2 5 = E] 5 t m

SO ay 1 S1 a) r9

Return: +8
(-1+-1+10)

..and it looks like - for state 2 - action right is best!




Episode 1

Return: +8 Return: +9
(-1+-1+10) (-1+10)

Episode 2 f m m =T =

ro | S22 az| Tr3| S3 a3

Return: +8 Return: +9
(-1+-1+10) (-1+10)
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Bad Policy 7T Better Policy 7T

Optimal Policy 7T %
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Return

Estimated Action Value
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Temporal Difference (TD) methods

will instead update the Q-table after

Monte Carlo

Current estimate: +6; state 1; action RIGHT

We update the Q table after the episode is finished = the Agent has
reached the goal (state 4)
We calculate total reward 10-1-1 =8
New Q for state 1 => 6 + 0.1(8 = 6) =

PSS IISSIS SIS

D

Current estimate: +6; state 1; action RIGHT
We update the Q table every step-
New Q for state 1 => 6 + 0.1(-1 +8 - 6) =

(]




(From Monte Carlo Control)

Q(St, Ar) « Q(St, Ar)+a(G—Q(St, Ar))

(From Temporal-Difference Control)

Q(St, At) « Q(St, At) + a(Re1 + YQ(St+1, At+1) — Q(St, At))

estimate




[nitialize Q(s,a) =0 for all s € S§,a € A(s).
T < e-greedy((Q))
A

— ,
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e-greedy(Q)) e E
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1. First, we initialize the Q function to some arbitrary values

. We take an action from a state using epsilon-greedy policy (€ > 0) and move it
to the new state

. We update the Q value of a previous state by following the update rule:

Q(s,a) = Q(s,a) + a(r + ymazQ(s'a) — Q(s,a))

. We repeat the steps 2 and 3 till we reach the terminal state

Do

4

Action

Left

Right

Down

Up

Dg




Recap

Py
|
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Markov Decision Process (MDP): (s.4.P2 =.Y)

Ctata Teancitinm amm Aawnrared Madal:
O State Transition and Reward Model:
O State Value Function: V(S

O Action Value Function: Q(S.A

Goal: Find optimal policy 7* that maximizes
total expected reward




Discrete (set) Continuous (range)
{0,1,2,3,4,5} [0.0, 1.0]

0.0 02 04 06 0.8 1.0
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For a continuous spaces, capturing each m
Therefore we have to apply the function approximation (we still do not the real value).
We introduce the vector = to find desired approximation.




;{) (SW)

pard NEHEE

state —‘ - I‘l(S)

v

o(s,w)=? x(s)=1|

value function feature vector




v(s, W)

W
S
’(A’((S’,W)
W
| n
= Z z;(s) - w,
S .




Value Function: o(s,w)=x(s)" -w

direction




(s, W)

activation function

o(s,w) = f(x(s) - w) (s, w) = £ (x()T-w)

1(s) W Aw =a(vx(s)— 5(s,W)) G s, W)

gradient descent update rule




Inspirations.




Artificial Brain

impulses carried

toward cell body
branches

cell body

un I ——

' , — axon

terminals

[\ '\ impulses carried
away from cell body

Brain neurons have a number of dendrites (inputs), a cell nucleus(processor)
and an axon (output).

Sum Adivation

)':f (\\'.x+b) :f (: .\;.wi+b)



Why do we need neural network?

Acceptance at
a University

BOUNDARY:
A LINE
2)(1 +X, -18=0

Score =
2*Test + Grades - 18

PREDICTION:
Score > 0: /
Score < 0: F

BOUNDARY:

A LINE

WX, + WX, +b=0
Wx+b=0

W= (w, wz}

X = (X, X,)
y=label:0 or 1

PREDICTION:




How to divide two classes?

Acceptance at
a University

GRADES




Neural Network




Neural Network
5x1 — 225 + 8

Neural Network

x1

-2

5

=42

—6 —p

)

Neural Network




y=mx+b

Linear 1-layer 1-input 1-output

&,
1.0 4 A
0.5 1
g
[+
£ 0.04
]
y=mx+b -
-0.5 1
Upp = Towoo
U = Tr1wo
-1.0 4
= Upo + U0
-6 -4 -2 0 2 4 3

Ty = i X (input)




Linear function (classification)

Linear 1-layer

y (output)




Non - linear function (classification)

U0 = T;W;0 Logistic 1-layer 2-input 1-output
Vg = Z Ui
i
Yo = f(vo) g
=
Activation function
¥
O (T I o ’||,
Logistic 1-layer 1-input 1-output Logistic 1-layer 1-input 1-output >‘
1.0 1 1.0
051 0.5 1
g 0.0 1 :ﬁ 0.0 — b \m— —
— (=]
= e
: Category A |Category B
-0.5 4 —-0.5 1
=1.0 1 ~1.0-
- -4 -2 0 2 4 6 -6 _a ) 0 2 4 6
X (input)

X (input)




Neuron activation functions

sigmoid

Activation function value
Activation function value

Leaky RelU

Activation function value
Activation function value




RelLU (rectified linear unit) = > nonlinear function!!!

L)
-
12
-
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Definition of linear function (main) : f(a*x + b*y) = a*f(x) + b*f(y)
Assuming for simplicity that a = b =1, let's try x=-5, y=1 with f being the ReLU function:

(-5+1)=f(-4)=0

f(-5)+f(1)=0+1=1




Simplification (schematic)

o




y (output)

1.0

0.5

0.0

1

Hyperbolic tangent 3-layer 1-input 3-output

Category A

A

C

/

Hyperbolic tangent 3-layer 2-input 1-output

1.0
I 05
- 0.0

T —0.5
" —-1.0




TensorFlow 1.x. Introduction

TensorFlow

TensorFlow's C++ API provides mechanisms for constructing and executing a data flow graph.

Keras
ite § jsT low TensorFlow
| sl

pyCUDA(Python) CUDA (C++)




1D TENSOR/ 2D TENSOR | 3D TENSORI/
VECTOR MATRIX CUBE

i
T
@
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4D TENSOR 5D TENSOR
VECTOR OF CUBES MATRIX OF CUBES




Tensor.




Graph and Session

Graph

Nodes = Operations
Edges = Tensors

Session

Tensor = data
Tensor + flow = data + flow




TensorBoard => tensorboard -- logdir = ./path/to/your/log/folder

Session

runs (0)

Upload

Trace inputs »

Color @ structure

O Device eadVari...
O XLACluster ﬂ Histogram... error_calculation
7 Compute time

_' Memaory

el
o
& s
&
2 12?\90‘5 ~

p  — ~Placehol... Placehol...

layer2 |




TensorFlow SW stack

CANRIG Robotics Deep Learning SW development flow chart

o ~

7 LS
i \

Data set tat ‘ ini i
ata set augmentation / Training (Transfer Learning)

Python s
O cv l
{@pency) weights*

Python
7 ; application
Data set = <X - : results

(images) i Z % _ ’ y T

Keras

TensorFlow (Google)

'CUDA lib (Nvidia) " CUDA (C++) (Nvidia)

*University of Washington, Allen Institute for Al, Facebook Al Research




TensorFlow popularity

Deep Learning Framework Power Scores 2018

100 96.77
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Framework




Closing the Sim-to-Real Loop: Adapting Simulation
Randomization with Real World Experience (by NVIDIA)




