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© Why Ray?

o Why Reinforcement Learning?
Ray RLIib
Other Uses of Ray
Next steps
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- | Mode

sizes and therefore |
com s

pute requirements |
outstripping Moore’s Law |

e AlphaGo Zeyg

e Neural Mg
1 Architecture Search

e Xception

e DeepSpeech?2
® ResNets

e GoogleNet

_
e AlexNet lizia@ ar®™@nderstanding Conv Netgs
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Petaflop/s-day (Training)
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eDQN

2014

Hence, there is a pressing|

need for robust, easy to
use solutions for
dlstrlbuted Python
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ne Translation

i
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Time 2012

{
| Python growth driven by |
| ML/AI and other data
science workloads
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https://openai.com/blog/ai-and-compute/

The ML Landscape Today

ETL

APACHE

Spark

Streaming

AAAAAA

All require distributed
implementations to scale

HyperParam Training
Tuning
BISIGOPT (2
O PyTorch
oy talos 2
OOOOOOOO learn

@deanwampler

Simulation

A7 MPI

g 0kka

0 Orleans

Model
Serving

A




The Ray Vision: Sharing a Common Framework

\_ r]io

Domain-specific libraries ‘I‘Uﬂe =
for each subsystem raysgd
ETL Streaming Hlyperparam Training Simulation /\/\od_el
Tuning Serving

Framework for

distributed Python (and RAY

other languages...)

Plus a growing list of
O% 3rd-party libraries

@deanwampler
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def make_array(...):
- a=...# Construct a NumPy array
return a
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 /“defadd_arrays(a, b):

return np.add(a, b) The Python you

already know...
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i & @ra‘y rer'note‘
_‘ def make_array(...):
+4 a=...#Construct a NumPy array
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e ,*ﬁr -def add_arrays(a, b):
"~ return np.add(a, b)
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" @ray. remote
_‘ def make_array(...):

a = ... # Construct a NumPy array
return a
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De5|gned tg) Be Intuitive and COi

.4 @ray.remote
fi" def make_array(...):
se +d a=... #Construct a NumPy array

return a

I

e

@ray remote
def add_arrays(a, b):
return np.add(a, b)

q
()
b=
iy
1

make_array.remote(...)
make_array.remote(...)
add_arrays.remote(refl, ref2)
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i e5|gned tgp Be Intuitive ancl Con

4 @ray. re'mote'
* def make_array(...):
S .. # Construct a NumPy array

return a
Ray handles extracting the

arrays from the object refs .

o = make_array.remote...
. ref2 = make_array.remote...)
| I ref3 add_arrays.remote(refl, ref2)

Ray handles sequencing
of async dependencies




What about
distributed

' @ray. remote

_‘ def make_array(...):

+4 a=...#Construct a NumPy array
return a

Jf} @ray.remote

*‘ﬁ‘,ﬁr -def add_arrays(a, b):

MA ‘-f-" return np.add(a, b)

& _ ref1 make_array.remote(...)
“\ref2 = make_array.remote(...)
ref3 = add_arrays.remote(ref1, ref2)

. ray get(ref3)




- @ray.remote

~ def make_array(...):

“4d a-=...# Construct a NumPy array
return a

@ray remote
& 5 “ def add_arrays(a, b):
: return np.add(a, b)
"'ref1 = make_array.remote(...)

- .~
/"

‘| ref2 = make_array.remote...)

- refd = add_arrays.remote(ref1, ref2)
s ray get(ref3)

 class Counter(object):

The Python
classes you

def __init__ (self):
self.value = 0

def increment(self):
self.value += 1
return self.value




APl - Designed to Be Intuitive and Concise

Functions -> Tasks Classes -> Actors
def make_array(...): CTass counter{object):
&5 oe def _init_ (self):

return a self.value =0

def increment(self):
self.value += 1
return self.value

def get_count(self):
return self.value

@ray.remote
def add_arrays(a, b):
return np.add(a, b) ... NOW a remote
“actor”
ref1 = make_array.remote(...)
ref2 = make_array.remote(...)
ref3 = add_arrays.remote(ref1, ref2)

ray.get(ref3) You need a

"getter” method
to read the state.

@deanwampler



APl - Designed to Be Intuitive and Concise

Functions -> Tasks Classes -> Actors

@ray.remote @ray.remote

def make_array(...): class Counter(object):
A e def _init_ (self):
return a self.value = 0

def increment(self):
self.value += 1
return self.value

def get_count(self):
return self.value

@ray.remote
def add_arrays(a, b):
return np.add(a, b)

ref1 = make_array.remote(...)

ref2 = make_array.remote(...)

ref3 = add_arrays.remote(ref1, ref2)
ray.get(ref3)

¢ = Counter.re
ref4 = c.incre
ref5 = c.increment.remg
ray.get([ref4, ref5]) # [

74
@deanwampler
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Robotics, Industrial Advertising,
Autonomous

. Processes Recommendations
Vehicles




Robotics,

Autonomous

Vehicles

NN

AlphaGo

Google DeepMind

Industrial
Processes

~N

y

Reinforcement Learning

4 A
System
Optimization
\_ Y,

agent

Decisions
(actions)

Cconsequences

\
- \\

Finance

4 ™
Advertising,
Recommendations
\_ Y,

@deanwampler
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environment

7
7

(observations, rewards) /

RL applications


https://www.geekwire.com/2016/alphago-ai-program-wins-1-million-prize-go-showdown-champion-lee-sedol/

\_

Robotics,

Autonomous

> ! !
} . il

‘ALPHAGO | :
00:08:32 ~ - —

Vehicles

\_ /

Industrial
Processes

~N

¢ LEE SEDOL
. 00:00:27

Reinforcement Learning

4 )
System
Optimization
\_ _/

agent

Decisions
(actions)

Consequences

(observations, rewards) /

4 )
Advertising,
Recommendations
\_ J

Finance

N

. environment
p—;

.'llh ‘ :

RL applications



Reinforcement Learning
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Robotics,

Autonomous
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Robotics,
Autonomous

N Vehicles
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Industrial
Processes

Reinforcement Learning
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System
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Reinforcement Learning

Robotics,
Autonomous

N Vehicles y

N[

Industrial
Processes

~

-
System
Optimization

agent

=

- Consequences

(observations, rewards) /

Decisions
(actions)

) )
Advertising . AP
) Finance RL applications
Recommendations PP
.
user history and context
pe g
WA : ' s < > ’; \‘g_‘
: ¥ ¢ . millions| candidate |hundreds . dozens
video : > ranking
corpus generation
E—

/

video

other candidate sources

features




Reinforcement Learning
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LO (Input)
512x512

Go example creation:
Bob van den Hoek

L1
256x256

(Output)

-border fight
-attack
-center ko
-nobi

-hane

-split shape
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Reinforcement Learning - Ray RLIib

rllib.1o

@deanwampler


http://rllib.io

RLIib: A Scalable, Unified Library for RL

Robotics, . .
Autonomous Industrial System Advertising, Finance RL applications
Veh Processes Optimization || Recommendations
ehicles
OpenAl Multi-agent/ Policy Offline )
Custom Algorithms RLIib Algorithms
RLIib Abstractions

Ray Tasks and Actors } (1) Distributed Execution

} (2) Abstractions for RL

@deanwampler



A Broad Range of Popular Algorithms

e High-throughput architectures ® gradient-free

o  Distributed Prioritized Experience Replay (Ape-X) o  Augmented Random Search (ARS)
o Importance Weighted Actor-Learner Architecture (IMPALA). o Evolution Strateqgies
o~ Asynchronous Proximal Policy Optimization (APPO)

e Multi-agent specific

e Gradient-based o  QMIX Monotonic Value Factorisation
o Soft Actor-Critic (SAC) (QMIX, VDN, IQN)
o0 Advantage Actor-Critic (A2C, A3Q)
o Deep Deterministic Policy Gradients (DDPG, TD3) e Offline
o - Deep Q Networks (DQN, Rainbow, Parametric DQN) o Advantage Re-Weighted Imitation Learning
o  Policy Gradients (MARWIL)
o  Proximal Policy Optimization (PPO)

@deanwampler


https://ray.readthedocs.io/en/latest/rllib-algorithms.html#augmented-random-search-ars
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#evolution-strategies
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#qmix-monotonic-value-factorisation-qmix-vdn-iqn
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#qmix-monotonic-value-factorisation-qmix-vdn-iqn
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#advantage-re-weighted-imitation-learning-marwil
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#advantage-re-weighted-imitation-learning-marwil
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#distributed-prioritized-experience-replay-ape-x
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#importance-weighted-actor-learner-architecture-impala
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#asynchronous-proximal-policy-optimization-appo
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#soft-actor-critic-sac
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#advantage-actor-critic-a2c-a3c
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#deep-deterministic-policy-gradients-ddpg-td3
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#deep-q-networks-dqn-rainbow-parametric-dqn
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#policy-gradients
https://ray.readthedocs.io/en/latest/rllib-algorithms.html#proximal-policy-optimization-ppo

Amazon SageMaker RL

End-to-end examples for dassic RL and real-world RLapplications

Autonomous

HVAC Vehicles Operations Finance

RL Environments to mode real-world problems

AWS Simulation Environments Open Source Environments Custom Commercial

Amazon
SageMaker RL

Reinforcement learning for every Open Al Gym
developeg,nd data scientist

Amazon AWS MATLAB &
EnergyPlus RoboSchool PyBullet 8ring Your Own
Sumerian RoboMaker & . Simulink

RL Toolkits that provide RL agent algorithm implementations

RL-Coach RL-Ray RLLib Open Al Baselines

HER ow APEX ES IMPALA A3C .. TRPO GAIL

SageMaker Deep Leaming Frameworks

MxNet PyTorch

Training Options

Single Machine / Distributed Local/ Remote simulation

SageM aker supported Customer BYO

@deanwampler
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== Microsoft I Docs Documentation Learn Q&A Code Samples

Azure Product documentation v Architecture v Learn Azure ~+ Develop v~ Resources v

Azure / Machine Learning [] Bookmark

Reinforcement learning (preview) with Azure

) gzv:::‘:chine Learning Documentation M a c h i n e Lea rn i n g

What is Azure Machine Learning? 05/05/2020 « 11 minutes to read - @ @ @

Azure Machine Learning vs Studio (classic)

APPLIES TO: ® Basic edition @ Enterprise edition (Upgrade to Enterprise edition)
Architecture & terms

v Tutorials
@O Note
> Studio

> Python SDK Azure Machine Learning Reinforcement Learning is currently a preview feature. Only Ray and RLIlib frameworks are supported at
SRISOK this time.

> Machine Learning CLI
» Visual Studio Code In this article, you learn how to train a reinforcement learning (RL) agent to play the video game Pong. You will use the open-source

o Python library Ray RLIib with Azure Machine Learning to manage the complexity of distributed RL jobs.
> Samples

> Concepts In this article you will learn how to:

A

0
L -

v ,:e.'.i.'*z.;‘i‘




Diverse Compute Requirements Motivated Creation of Ray!

And repeated play,
over and over again,
to train for achieving

the best reward Neural network

Convolution Fully connected

Simulator (game
engine, robot sim,
factory floor sim...)

Complex agent?

LO (Input)
Decisions (actions) 512x512 256x256 128x128 64x64 32x32 (Output)

A e -border fight

'
f % , T -attack
b example creation: h + O- ’. -nobi
Vi Bob van den Hoek \ : _"_ -hane
f ) -split shape
Consequences

@deanwampler



RLIID Provides a Unified Framework for Scalable RL
that Doesn't Compromise on Performance

= MPI PPO

Distributed PPO S Ape-X Distributed
DQN, DDPG

EVOI UtIOn £ 1 Reference ES
1 RLIlib ES
Strategies

Number of CPUs

@deanwampler
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https://commons.wikimedia.org/wiki/File:K-means_convergence.gif

dense dense
Max 4096 4096

Every number
shown is a
hyperparameter!
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'class TrialScheduler:
: def on_result(self, trial, result): ...
def choose_trial to_run(self):



http://tune.io
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tune.run(PytorchTrainable,

config-
"model creator": PretrainBERT,
"data creator": create_data_loader,
'use_gpu': True,
"num_replicas": 8,
"I[r": tune.uniform(o.001, 0.1)

}

num_samples-100,

search_alg=BayesianOptimization()

BERT
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TensorBoard SCALARS HPARAMS INACTIVE

- Hyperparameters

activation TABLE VIEW PARALLEL COORDINATES VIEW SCATTER PLOT MATRIX VIEW

relu
N tanh
35 width Color by
N\ | ray/tune/neg_mean_l... ~
Min
§ -infinity width height ray/tune/neg_mean_loss
| @® Linear @® Linear @® Linear
Mf""f | QO Logarithmic O Logarithmic O Logarithmic
Hintinity O AQuantile O Quantile O AQuantile
Metrics
[} ray/tune/iterations_since_res
Min Max actlzatlon width height ray/tune/neg_mean_loss
-infinity +infinity

tanh —

[ ray/tune/mean_loss

Min Max

-infinity +infinity 1 /_
ray/tune/neg_mean_loss X/ 10-
Min Max Y 8 —
| -infinity +infinity
| 6.—
[ ray/tune/time_since_restore
Min Max ¢
-infinity +infinity relu —= 2
Status B

N, AU . AN L TR TR o B e T . ae oA B N il . O TR T T O\
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What Are Microservices?

e They partition the domain
e Conway's Law - Embraced

S APl Gat
e Separate responsibilities

® Separate management f X

u-service 1 ey
-
\ ral

u-service 3

@deanwampler



What Are Microservices?

O
REST
O
O
® Separate management f X

u-service 1
oo Sl enc ]|

What we mostly care \ o4

about for ’.coday's talk, the
"Ops in DevOps”

@deanwampler

Eo>



Separate Management

e Each team manages its own
Instances

e Each microservice has a
different number of instances
for scalability and resiliency

e But they have to be managed
explicitly

=
service 3

@deanwampler



Management - Simplified

e With Ray, you have one
“logical” instance to manage
and Ray does the cluster-
wide scaling for you.

e
| | u\ftOr

@deanwampler



What about Kubernetes (and others...)?

e Ray scaling is very fine grained.
e [t operates within the "nodes” of
coarse-grained managers

REST

APl Gateway

e Containers, pods, VMs, or Nodg T task/
: : taslf -servi acfes ates
PhYSICaI machines aacct H-service 1 act< u-service 2

-
actor cCHOT

ke k/

ac togk| M-Service 3 tgitor

5K/

actor: ractor

@deanwampler
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If you're already using...

For example, from this:

® jO b| | b multiprocessing.pool Pool

®» multiprocessing.Pool = ™M

ray.util.multiprocessing.pool Pool
® Use Ray’s implementations
¢ Drop-in replacements
¢ Change import statements
¢ Break the one-node limitation!

® ... And Ray is
integrated with
asyncio

See these blog posts:
https://medium.com/distributed-computing-with-ray/how-to-scale-python-multiproeessing-to-a-cluster-with-one-line-of-code-d 19124 216 Off
https.//medium.com/distributed-computing-with-ray/easy-distributed-scikit-learn-training-with-ray-54fi8664 3b33

@deanwampler


https://medium.com/distributed-computing-with-ray/how-to-scale-python-multiprocessing-to-a-cluster-with-one-line-of-code-d19f242f60ff
https://medium.com/distributed-computing-with-ray/easy-distributed-scikit-learn-training-with-ray-54ff8b643b33

Ray Community and Resources

® rav.io
e Tutorials(free). anyscale.com/academy
® Need help?

® Ray Slack: ray-distributed.slack.com
e ray-dev Google group

@deanwampler


https://ray.io
https://anyscale.com/academy/
https://forms.gle/9TSdDYUgxYs8SA9e8
https://groups.google.com/forum/?nomobile=true#!forum/ray-dev

o

. Ray is thenew state-of-the-art for distrib uted’€omputing
Ray-RLIib-and Ray Tune are high-performance, flexible
systems for reinforcement learning and hyper parameter
tun'ing (among other Ray.libs). '

tune
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