Reinforcement Learning & Beyond



Remember MDPs

A Markov Decision Process (MDP) is a problem described by a tuple

M= (S,A, P,R,~), where
e S is a finite set of states

e A is a finite set of actions

e P:S5SxAxS —[0,1] is transition probability distribution, i.e.,
P(s’|s, a) is the probability that the system transitions into state

s’ when the system is in state s and action a is taken.

e R:S — Ris a reward function:

and the problem is to find a policy 7 : S — A such that

V. (s) =

Is maximized for all s € S.

‘ ZVtR(StNSo =
| =0

V. (s)

" H
Z#R(st) | So =5
| t=0

*In some formulations, Reward R may depend on the state and the action chosen at that state: R(s,a).




Value lteration Solves the MDP: Infinite Horizon Case

 How does this algorithm? Why does it solve
our problem?

Ve(s) = E ZVtR(StNSo =5
| t=0

Value lteration

1 Vo(s) < 0 forall s € S;
2 for k=1,2,... do
3 for alls € S do

4 Vit1(s) < T R(s) +7 Xges P(s'ls, a) V(') |

We have limy_ o Vi(s) = V*(s) for all s € S.



Reinforcement Learning

e Can we compute a policy simply if we did not
know the transition function.

Agent .
J Actions
 The agent will “experiment” with the
environment and construct a policy that
maximizes the long term reward:
Rewards
-y _
Va(s)=E | > 'R(st) | so=s Environment
_t=0 _
t N y

States visible to the agent

V.(s) =E nytR(st)\SO =5
| t=0




Value Iteration Update

* \Why can’t we use the value iteration? Value lteration

1 Vo(s) < 0 for all s € S;
2 for k=1,2,... do

3 for all s € S do
i} L Vk_|_1(5) <— Mmax [R(S) + 7Y 25/65 P(5/|57 3) Vk(sl)};

acA

We do not know the transition probabillities...

e |nstead, let's learn an action-value Q value: the long term value
function - also called the Q function: / at state s taking action a

O.(s.a) = E[ ) 1'R(s)|sy = 5,09 = a]
=0




How do we do this?

e \We update the Q value as the agent explores the environment:

Q(Sh at) . Q(St7 at) + r(St, at) + 7 m;ax Q(St+17 a) — Q(Sh at):

D ———— e ————————————————

Bellman error

* This gives us a policy: at state s, take action a that maximizes Q(s,a).

e This policy constantly exploits the best actions it has found! — In addition, we must allow the agent to
"explore” environment! Hence, we need a way to constantly explore the environment!

€-greedy policy
e Explore with probability €: take a random action

e Exploit with probability 1-€: take the action according to the Q function



Q-Learning

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,A) «+ Q(S,A) + a|R + ymax, Q(5',a) — Q(S, A)]
S« S

until S is terminal




Q representations

e \We can build a tabular representation: For each (s, @) pair, we compute Q(s,a). The agent will
eventually try all states s and all actions a several times, and learn Q(s,a) tfor all states s and all actions a.

* This may not scale well when S is too large!

* I[nstead, we can represent Q with a neural network. This idea has been around for decades, butin 2015,
DeepMind used a DNN to teach an agent how to play Atari games - now called deep Q-learning:

32 4x4 filcers 256 hidden units Fully-connected linear

output layer

4xB84xB4

B
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frames Convolutional layer Convolutional layer of rectified linear units
of rectified linear units of rectified linear units



Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves loannis Antonoglou
Daan Wierstra  Martin Riedmiller
DeepMind Technologies

{vlad,koray,david,alex.graves,ioannis,daan,martin.riedmiller} @ deepmind.com

Abstract

We present the first deep learning model to successfully learn control policies di-
rectly from high-dimensional sensory input using reinforcement learning. The
model 1s a convolutional neural network, trained with a variant of Q-learning,
whose 1nput 1s raw pixels and whose output 1s a value function estimating future
rewards. We apply our method to seven Atar1 2600 games from the Arcade Learn-
ing Environment, with no adjustment of the architecture or learning algorithm. We

find that 1t outperforms all previous approaches on six of the games and surpasses
a human expert on three of them.



Deep RL has taken off!

e Al has more precision

e Al does better on strategy

e \We are entering a new “Machine Data” Era - where machines
human demonstration / human-generated data) and ultimate

e Human performance has been suppressed in pretty much every game!

earn from experience (rather than from
y are better than humans



What did we cover? What else is missing?

e \We have only scratched the surface on Deliberative Autonomy
autonomy, covering parts of: orior dato Defamie
Global Data Global Map Planning &
. . . i C |
e Deliberative planning & control Frocessing o
Perceptive Autonomy
e Perceptive Planning & control .
Perceptive
Perception Local Map Planning &
e State estimation I . - Control
. . o State Vehicle PIT::r?;(nive&
* The reminder is equally exciting and deep! Estimation State orie

Sensors Actuators

Environment



OPTIMUS

RIDE
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DASHBOARD VIEW
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Al Deployment at Optimus Ride: Hardware Considerations

- Computing hardware resources:

Center Console
Units Occupancy/Door/

Safety Sensors

(every seat)

Audio/Visual
Experience

Display \ - i
" = 2 -
. '
Z

- Edge computing on the vehicles

- Servers on premises

Wheel-less

¢ CIOUd COmpUtlng Dashboard

Augment
Compute

Electronic Body Control
Parking Brake Module (BCM)

 Relevant resources:

- Communication is broadly available at high rates. But, may
not be reliable.

;:—\_A:- p 104 3 67.7 o;

- Can augment infrastructure in cost effective, not-too-
Invasive ways.

- Requirement: Vehicles must have a reasonable level of
autonomy, should work safely even if the communication is
completely cutoff.

&nviDiA

Servers on premises
included 10s of powerful
computers for Al training

* ML pieces: Trains on cloud; updates on premises with that
days data; Runs on the edge computer!

The edge computer implementation is optimized to produce ~
predictions for many outputs of interest, sharing resources. Edge computing



Al Deployment at Optimus Ride:
Human Involvement

* The entire product is a human-in-the-loop Al system,
which tons of machine learning sprinkled in!

* Humans monitor the system at different scales:

* Fleet monitors have view of an area
(much like air traffic controllers)

* Vehicles monitors connect to different
vehicles throughout the day

* The key business case is to have:
number of operators << number of vehicles

(Unlike popular belief, the products are not “zero-operators”
fully autonomous. No one is doing that in “driverless cars”...)

Vehicle View



OPTIMUS RIDE
TECHNOLOGY

PEDESTRIAN
SEGEMENTATION
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The Impact of Machine Learning

- (Supervised) Machine Learning rapidly took
over in 2015 and matured by 2020

- Many tasks could not be done without ML

- Bigger models trained with more data
seemed to do a lot better.

Pedestrian detection and tracking



The Impact of Machine Learning

- Unsupervised Large-scale ML arrived in ~2022
and will likely mature by 2027+

how should i drive in this scene?

@ ChatGPT

In the scene depicted, where there is a car on fire on the side of the road, it's important

° MOdeIS Seem to underStand mOSt edge Cases- to prioritize safety for yourself and others. Here's how you should drive:

° The Value SeemS .to Increase Wlth blgger models Slow Down: Reduce your speed significantly to ensure you have full control of your

vehicle and to respond to any unforeseen circumstances

(t ral ned On more data, req U I rl ng mOre COm pUte 2. Keep Distance: Make sure to keep a safe distance from the burning vehicle. There
could be arisk of explosicn or the fire could spread quickly.
resources) p reac AUty

Do Not Stop: Unless you are involved in the incident or you have the ability to assist
safely, do not stop near the scene. It could create additional hazards or block
emergency services,

Move Over: If it is safe and you are on a multi-lane road, move over to a lane further
away from the fire to give maximum space for emergency vehicles and personnel.

Be Alert: Pay attention to the environment and any possible instructions from
emergency services or road signs that might be directing traffic due to the incident
Do Not Disturb: Avoid the temptation to take pictures or videos. This can distract you
and others from driving safely.

Follow Directions: If there are emergency responders or traffic control in place, follow
their directions immediately.

Report the Incident: If it appears that emergency services are not yet on the scene,
you can report the incident to the authorities once you have passed the scene safely

and can stop in a secure location

Remember, your safety and the safety of others are the most important considerations

In an emergency situation like this, J




The Impact of Machine Learning

. . . - g Andrej Karpathy &
» Managing data pipelines seem critical S crarpathy

Potentially nitpicky but competitive advantage in Al
goes not so much to those with data but those with a
data engine: iterated data aquisition, re-training,
evaluation, deployment, telemetry. And whoever can

- The ultimate goal: Develop a fully-

automated pipeline that leads to better spin it fastest. Slide from Tesla to ~illustrate but
capabilities with more driving concept is general
Data source

o deploy train " clean
_ | .

gu— label

dentify an
Inaccuracy
.

data

- - x -
* =
. x g I

unit tests

2:47 PM - Dec 5, 2022



The Impact of Machine Learning

» There Is big excitement around “end-to- AV10
end” M L SyStemS_ Sensors > Perception > Planning > Sensors > End-to-end Al ) Control

( Camera } ( Lane Detection ) ( nnnnnnnn g )
N\

C Radar ) | ( TTTTTTT ght Detectio n ) 1 ! ( rd )

C LiDAR } ¢ ( Traffic Sign Detection ) 1 ( Behavior Plannin, & )

( GPS ) ' (Ob;ecl Detection & Traclung) ook ( Trajectory Planning )
\

( ther /s + C Froe Space Detection )

C Localization ) C HD Map ) .

* However, this excitement may turn out to Sensors Decision Making Control
not fit transportation, even though the —— : —
impact of ML is clearly here to stay. B ea ) -

and features

GPS | Drive-By-Wire

txplarable
Insights

Safety verified Safety verified
perception gecision making




Data & Compute: The Fuel of Al

Scaling Laws!

/ 4.2
6- —— L=(D/5.4-1013)~0:095
3.9
94
v 3.3
R 3.
3.0
L = (Cmin/2.3 - 108)70:050
2 . . . . 2.7
10-° 10-7 10~> 103 10-! 10! 108 109
Compute Dataset Size
PF-days, non-embedding tokens

*From an early 2020 OpenAl paper

5.0
4.8 1

4.0 1

3.2 1

2.4 1
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107 109

Parameters
non-embedding
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Data & Compute: The Fuel of Al
Emergence of Domain-specific Intelligence with Scale?

e Complex “reasoning” behavior
emerges rapidly as the scale increases

(A) Mod. arithmetic
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Figure 2: Eight examples of emergence in the few-shot prompting setting. Each point is a separate model.
The ability to perform a task via few-shot prompting is emergent when a language model achieves random
performance until a certain scale, after which performance significantly increases to well-above random. ...

“From an October 2022 Google Research paper



What is the Immediate Impact? g

&)

Al makes computing more accessible:

e Software development

e Design and 3D printing

e Al enables access to astronomical data:

1 11
Ml

* “Search”, "generate” and find insights by finding
statistical similarities in massive datasets TR

> (0O)

ChatGPT: Here is the image depicting how Al is
making computing more accessible. The central Al
figure is surrounded by symbols of technology and

e Al enables extreme personalization diverse individuals, highlighting accessibility features.



What are some of the challenges?

( i SOIEOL EAEB o\

e Societal Challenges

0

e Job transition, training NCEUﬁPTION ‘

* Privacy and security

* Biases, safety and ethics

e Sustainability Challenges

"'z, EARTH | e
Y MINERIAL =N

®* Energy consumption

e Built environments ChatGPT: Here is the illustration of Al’s societal and
sustainability challenges.



What is Exciting?

e Al enables new “simulations”
e \/ideo generation
e Social/behavioral simulations

* Physics/chemistry/biology simulations

e Autonomous Al and Decision Making

e Selt-driving cars, drones, ...

o Hiring, HR, ... ChatGPT: Here is the illustration depicting Al

becoming more autonomous.
o



