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Machine Learning + Creativity

Performing Structured Improvisations with
Pre-existing Generative Musical Models

Pablo Samuel Castro
Google Brain
psclgoogle. com

Sparkle and Shine 2.0



Understanding distributional RL




Bisimulation metrics for MDPs

Scalable methods for computing state similarity in
deterministic Markov Decision Processes

Pablo Samuel Castro
Google Brain
peclgoogle. com

Fd)(s,t) =max(R(s:a) ~R(t.a))

+YW(d)(P(s,a), P(t,a)))

[R(s.a) = R(t, )] + 7, (N (s, @), 6V (1, )
%i— ([¢(3)=¢[t)])


http://drive.google.com/file/d/138DsRAphS1nHAsCtEsBi30wJeHAKmYZw/view

Reinforcement Learning

Decision making under uncertainty

Typically formulated as a Markov
Decision Process (MDP) :

States
Actions
Rewards
Transition dynamics
Discount factor y

XX XXX

(s) =max, [R(s, a) + yZ.P(s'[s, a)V (s")]



Value lteration

(s) =max, [R(s, a) +yZ.P(s’[s, a)

/Richard E. Bellman\

Dynamic programming!
K 1957




Value lteration

(s) =max, [R(s, a)]



Value lteration

(s) =max, [R(s, a) + yZ.P(s’|s, a) ’ (i

y=0.9




Value lteration

(s) =max, [R(s, a) + yZ.P(s’|s, a)V (s’ (i




Reinforcement Learning

Rewards and dynamics initially unknown!
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Rewards and dynamics initially unknown!




Reinforcement Learning

Rewards and dynamics initially unknown!

A few ways to handle this.
Maintain and update a

X Modelestimate

X Policy for choosing actions ).:’

X Value function estimate q
(use to choose actions)




Reinforcement Learning

Common difficulties
X Exploration /exploitation
Function approximation
Off-policy divergence
Sample efficiency

X
X
X
X




Reinforcement Learning

/ Reinforcemen t Learning \
Sutton & Barto

1998, 2018




Environments

Sutton & Barto (1998, 20 18)



Arcade Learning Environment

Bellemare et al., (20 12) -
httnc-//arviv ora/abe/1207 A708



Arcade Learning Environment




DON

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



DON

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


http://www.youtube.com/watch?v=TmPfTpjtdgg

DON

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



Distributional RL

C51

Bellemare et al. (2017) - https://arxiv.org/abs/1707.06887


http://drive.google.com/file/d/1lSEByES_X6qXqQGSZhSlW0MeNQ_s6AlR/view

Distributional RL

Rainbow: Hessel et al. (2018) - https://arxiv.org/abs/1710.0 2298
IQN: Dabney et al. (2018) - https://arxiv.org/abs/1806.06923



https://arxiv.org/abs/1710.02298
https://arxiv.org/abs/1806.06923




DON implementations

SR



C51 implementations

SR









Let's do some research!
What's a good DQN implementation to start from?

Anything internal and reliable?

There's a team building a bunch of RL algorithms, |
could add it there.




Let's do some research!
What's a good DQN implementation to start from?

Anything internal and reliable?

There's a team building a bunch of RL algorithms, |

\‘: could add it there.

I'd like to add a counter for the number of backups
performed and print it to terminal occasionally.
Can we do that?




Let's do some research!
What's a good DQN implementation to start from?

Anything internal and reliable?

There's a team building a bunch of RL algorithms, |
could add it there.

I'd like to add a counter for the number of backups

performed and print it to terminal occasionall
Can we do that?/

Sure, just create this tf.placeholder , add these
chained tf.control_dependencies and
tf.variable_scope (make sure they’re in the right
order!), then pass it through a tf.print on an op that
you know will be executed, and you're good to go!




We need our own thing.
Let’s build it!



Dopamine

github.com/google/dopamine



Core team

Pablo Marc G. Carles Subhodeep Saurabh Kumar
Samuel Bellemare Gelada Moitra
Castro

And many other contributors.



experiment

“‘Double DQN leads to more conservative policies in fast-paced Atari games’

( )
Incorporate

4 N\

"Off-policy actor-critic” Discard
& J
Dopamine . .
New algorithm
4 N\

‘Distributional RL with autoregressive models” Discard
L J




Desiderata

X Built for researchers
X Fast prototyping

X Easily experiment with wild ideas



Simple is beautiful



Our approach: Focus

X Small (but well-tested) codebase
X Single environment (ALE)

X Value-based agents



Code Specifics

X 14 python files (excluding tests)
X Around 2000 lines in total

X 98% code coverage

X 4 agents:

DQN

C51

Rainbow

IQN

X X X X



Code Design




New agent based on DON




New agent from scratch




But what about

reproducibility?



Henderson et al. (2018)-
httnc-//arviv ora/abec/1700 OA5GA0



Henderson et al. (2018)-
httnc-//arviv ora/abec/1700 OA5GA0



Henderson et al. (2018)-
httnc-//arviv ora/abec/1700 OA5GA0



How can Dopamine help

with reproducibility?



Hyperparameter sanity:
gin-config



Episode ends: LifeLoss vs GameQOver



Sticky vs non-sticky actions



Stable baselines

We ran 5 independent runs for all 4 agents on all 60 Atari

games
We provide:
X TensorFlow checkpoints for each of these runs
X pickle files to easily visualize in colab (or anywhere)
X Tensorboard event files
X JSON files with data for plotting

Colabs for extra documentation and instruction



Baselines plots



https://google.github.io/dopamine/baselines/plots.html
https://google.github.io/dopamine/baselines/plots.html

Comparison with published settings



https://arxiv.org/abs/1812.06110
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There Is now a stronger
emphasis on empirical

validation.



Primitive
and
haliway
options
O=AUH

Iteration #3 Iteration #4 Iteration #5







Both types of papers are
trying to get the same

thing out of their readers...



Trust



Reproducibility checklist

www.cs.mcgill.ca/~jpineau/ReproducibilityC hecklist.pdf



Readers trust Theorems by looking at the
proof.

Proofs are fully contained in the paper!

By http://www-groups.dcs.st-and.ac.uk/~history/PictDisplay/Fermat.html, Public
Domain, https://commons.wikimedia.org/w/index.php?curid=36804



X X X X X X X

Trust on empirical results in RL?

Running on well-understood environments (ALE, etc.)
Reporting well-understood metrics

Reporting hyperparameters chosen

Multiple runs, confidence intervals

Hyperparameter optimization for baselines?

Providing source code






N






We should write code

worthy of being included

in The Book!



iGracias!

github.com/google/dopamine

Pablo Samuel Castro

@pcastr 57

psc@google.com
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