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Supervised Learning

* One prediction
« Static environment

* Immediate feedback



Supervised Learning - Reinforcement Learning (RL)

* One prediction > e Seqguences of actions

o Static environment — « Dynamic environments

* Immediate feedback —> ¢ Delayed rewards



Reinforcement learning

Atari breakout Pong: after 30 Pong: DQN
mins of training wins like a boss

*: Playing Atari with Deep Reinforcement Learning: https://arxiv.org/abs/1312.5602
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RL application pattern

* Process inputs from different sensors in parallel
& real-time

* Execute large number of simulations, e.g., up to
100s of millions
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RL setup
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RL setup in more detail
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RL application pattern

* Process inputs from different sensors in parallel &
real-time

» Execute large number of simulations, e.g., up to
100s of millions

. ggllo)uts outcomes are used to update policy (e.q.,
D



RL application requirements §<;WMM
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written in Python)
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The ML/AI ecosystems to
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Distributed systems

Distributed training .

TensorFlow, A\
PyTorch, MXNet
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Distributed syster"ls

Data processing

Spark, Hadoop,
Das

Distributed systems

Simulation

MPI, simulators,
custom tools
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Distributed systems

Data streaming

Flink, many others
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Emerging Al applications require stitching
together disparate systems

Ad hoc integrations are difficult to manage and program!
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Ray APl examples

» See separate notes
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Ray architecture (Ap<e™=
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Global control store (GCS)
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Ray scheduler
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Fault tolerance
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Executing a task remotely ~ huch nwtive
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'f' ¢ = ray.get(id.) Object Table . \
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Returning the results of a remote task
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GCS fault tolerance
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Evolution strategies (ES)

Try lots of different policies and see which one works best!
N ™ —
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Pseudocode

class (object):

def (policy, segQ):
~1> # perform simulation and return reward

= Workers = [Worker() for i in range(20)]

policy = initial policy() ’T
— — N
7200 st epS.
-i; for i in range(200): - b

> seeds = generate_seeds(i)
rewards = [workers[j].do simulation(policy, seeds[j])
e for j in range(20)]
policy = compute_update(policy, rewards, seeds)
AN - o a[&_ _
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Pseudocode

@ray.remote

class (object):
def (policy, seed):
# perform simulation and return reward

workers = [Worker.remote() for i in range(20)]
policy = initial policy()

for i in range(200):
seeds = generate_seeds(i)
rewards = [workers[j].do _simulation.remote(policy, seeds[j])
for j in range(20)]
policy = compute update(policy, ray.get(rewards), seeds)
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Performance of RL applications
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Further discussion

* What part of the Ray paper excites you and
disappoints you the most?



