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Reinforcement

Reinforcement learning is a computational approach to
understanding goal-directed learing and decision making. It is
distinguished from other computational approaches by its
emphasis on learning by an agent from direct interaction with
the environment.

Reinforcement Learning
Richard S. Sutton, Andrew G. Barto

earning
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Remforcement

(@ ALPHAGO |

00:08:32

LEE SEDOL
00:00:27

{

Google DeepMind Challenge Match
AlphaGo versus Lee Sedol
9 -15 March 2016
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Reinforcement

G

environment

o ¢ i
L observation

claifely reward

Agent learns from experience

Agent is the component that takes decisions
Environment rewards the agent by its actions
Agent observes environment and its changes
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Ony current state is

considered for taking a a r ov
decision - past states and

actions are ignored. ° °

®

qr(s,a)

action

qr(s,a) = E;|G¢|S: = 5, Ay =

Obtained knowledge can be used for
estimate the future reward (expected

i ; s'€S,reR
cumulative future discounted reward) = —
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Ony current state is

considered for taking a a r ov
decision - past states and

actions are ignored. ° °

®

qr(s,a)

action

qr(s,a) = E;|G¢|S: = 5, Ay =

Ob'Falned knowledge can be used for p(s,rls,a)(r +v max q.(s,d))
estimate the future reward (expected a’€A(s")
cumulative future discounted reward)

Bellman's principle of optimality
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Artificial
Neural

@@@ Networks

GPU intensive

Dee
IDQ-Learning

#CodeBEAMSTO | dense and conv layers| Q values / policy




wWhy Elixir?
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The environment representation and its

CPU intensive reward logic, as well as the environment

state processing and transformation are CPU
#CodeBEAMSTO intensive tasks
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Implementation on real world physical systems
require diverse interconnected computing

units
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Existing tooling

Dopamine

8/ | (® OpenAl Gym
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OpenAl Gym

https://github.com/openai/gym

CartPole-v1 MountainCar-v0

ceap on acart ur up abig

Acrobot-vl

Swing up a two-link robot

Breakout-v0

MountainCarContinuous-v0 Episode 1 N——
- \ a bia hill with Maximize score in th

Breakout, with scr Carnival-ram-v0
Maximize re in the game

#CodeBEAMSTO R ‘ Carnival, with RAM as input




ML-Agents Toolkit

https://github.com/Unity-Technologies/ml-agents
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Google Dopamine

https://github.com/google/dopamine

python -um dopamine.discrete_domains.train \ Iman target value.
--base_dir=/tmp/dopamine \ RSN
--gin_files="dopamine/agents/dqn/configs/dqgn.gin'

x_a Q(S_t+1, a)

w1y w of S_t is a terminal state,

# and

# N is the update horizon (by default, N=1).

return self._replay.rewards + self.cumulative_gamma * replay_next_qt_max * (

1. - [§j.cast(self._replay.terminals, [§j.float32))

def _build_train_op(self):

"""Builds a training op.

Returns:
train_op: An op performing one step of training from replay data.
replay_action_one_hot = [Fj.one_hot(
self._replay.actions, self.num_actions, 1., 0., name='action_one_hot')

replay_chosen_q = [§j.reduce_sum(

self._replay_net_outputs.q_values * replay_action_one_hot,
reduction_indices=1,

name='replay_chosen_q')

target = [§j.stop_gradient(self._build_target_q_op())
loss = [&j.1losses.huber_loss(
target, replay_chosen_q, reduction={Fj.losses.Reduction.NONE)
if self.summary_writer is not None:
#CodeBEAMSTO with [§j.variable_scope(‘Losses"'):

i&i. summary.scalar('HuberLoss"', [§j.reduce_mean(loss))
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Facebook Horizon

https://github.com/facebookresearch/Horizon

output data table before running using a Hive command.

# Clear last run's spark data (in case of interruption)
rm -Rf spark-warehouse derby.log metastore_db preprocessing/spark-warehouse preprocessing/metastore_db preprocessi

Now that we are ready, let's run our spark job on our local machine. This will produce a massive amount of logging
(because we are running many systems that typically are distributed across many nodes) and there will be some
exception stack traces printed because we are running in a psuedo-distributed mode. Generally this is fine as long as
the output data is generated:

# Run timelime on pre-timeline data
/usr/local/spark/bin/spark-submit \
--class com.facebook.spark.rl.Preprocessor preprocessing/target/rl-preprocessing-1.1.jar \
"“cat ml/rl/workflow/sample_configs/discrete_action/timeline.json’

# Look at the first row of training & eval
head -nl1 cartpole_discrete_training/part*

head -nl1 cartpole_discrete_eval/part*
There are many output files. The reason for this is that Spark expects many input & output files: otherwise it wouldn't

be able to efficiently run on many machines and output data in parallel. For this tutorial, we will merge all of this data
into a single file, but in a production use-case we would be streaming data from HDFS during training.

# Merge output data to single file

mkdir training_data

cat cartpole_discrete_training/part* > training_data/cartpole_discrete_timeline.json
cat cartpole_discrete_eval/part* > training_data/cartpole_discrete_timeline_eval.json

# Remove the output data folder
rm -Rf cartpole_discrete_training cartpole_discrete_eval

#CodeBEAMSTO
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Elixir
implementation
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Gyx.Core

alias

atype initial_state :: .t()
atype observation any()
atype action any()

acallback reset() initial _state()

acallback observe() observation()

Gyx.Core.Env

acallback step(action()) :: .t() | {:error, reason

acallback get_state() :: any()

#CodeBEAMSTO

atype t

t()}

Gyx.Core.Exp

%__MODULE__{
state: state(),
action: action(),
reward: float(),
next_state: state(),
done: boolean(),
info: map()




Gyx.Core

Gyx.Core.Spaces.Discrete

defstruct n: nil, seed: {1, 2, 3}, random_algorithm: :exsplus
defmacro _ using_ ( p 15) do Atype t :: %_ MODULE_ {
qUOte do :;néz;iii;i;ithm: rexrop | :exs1@24 | :exs1024s | :exsé4 | :exsp | :exsplus,
abefore_compile VX . re. seed: {integer(), integer(), integer()}
abehaviour }

amenforce_keys [:action_space, :observation_space]

Gyx.Core.Env

Gyx.Core.Spaces

Qtype space :: ete.t() | 0 ) +E()
atype discrete_point :: integer

atype box_point :: list(list(float))

atype tuple_point :: list(discrete_point | box_point())
atype point :: box_point | discrete_point | tuple_point

aspec sample(space()) :: {atom(), point()}
def sample(space)

@spec contains?(space(), point()) :: bool()
def contains?(space, point)

#CodeBEAMSTO defdelegate set_seed(space), to:




Gyx.Environments.FrozenlLake

iex(1)> ny.Envirohments.FrozenLake.render()

:ok, [position: {0, 0}]}

Tex(2)> Gyx.Environments.FrozenLake.step(1)
%Gyx.Core.Exp{

action: 1,
done: false,
info: %{},
next > %

e __t Gyx.Environments.FrozenLake,
action_space: %Gyx.Core.Spaces.Discrete{

I
’
random_algorithm: :exsplus,
seed: {1,
}l
col: 0,

enumerated: 9,

map: ["SFFF", "FHFH", "FFFH", "HFFG"],
ncol: 4
nros 5
observation_space: %Gyx.Core.Spaces.Discrete{

1

cexsplus
exsplus,

}l

row: 0
}1
reward:
state: %{

#CodeBEAMSTO

Ut LiLLyWmdp_lnainej; uw

map = amaps{map_name]

{:0k,

%__MODULE__{
map: map,
row: 0,
col: @,

nrow: length(map),

ncol: .length( .first(map)),

action_space: % {n: 4},

observation_space: ¥ {n: 16}
+}

end

opts) do
.start_link(__MODULE__, "4x4", opts)

def start_link(

end

@impl
def reset() do

.call(_MODULE__, :reset)
end

def render() do
.call(__MODULE__, :render)
end

def handle call(:render, , state) do

printEnv(state.map, state.row, state.col)

{:reply, {:o0k, position: {state.row, state.col}}, state}
end

@impl true
def handle call(:reset, , state) do

new_env_state = %{state | row: @, col: 0}

{:reply, {next_state: new_env_state}, new_env_state}
end
def handle call({:act, action}, , State) do

new_state = rwo_col_step(state, action)

current = g?i position{new 514te.mau, new SﬂdLG.PDW, new
{:reply,
% {
state: env
action: action

state_transformer(state),

next_state: env_state_transformer(new_state),
reward: if(current = "G", do: 1.0, else: 0.0),
done: current in ["H", "

info:

state.col)




Gyx.Gym.Environment

iex(1)> Gyx.Gym.Environment.make( "FrozenLake-v0")
& &» aw -~ Imporing Gym environment from Python:
WM®W®-- b'FrozenLake-v0'

P mmm m e ww mrm oy myme ra g mrTemrs o

le", ipy

101, 46, 10¢ 11

105 97
110, 117, 109, 112 ) 1 o, 116, 121, 112, 101, 10 >}

iex(2)> Gyx.Gym.Environment.render()

0 q

SFFF
FHFH
FFFH
HFFG
{:"$erlport.opaque”,
<<128, 2, 99, 110, 117, 109, 12, 121, &¢ 99, 114, 101 4 109, 117
08 16, 105, 97, 114, 14,97, 12%, ) b ) 10¢ ) 1 HAE
e, 99, 110, 117, 109, 112, 1 19, 106, 116, 121, 112, 101, 10, >>}
iex(3)> Gyx.Gym.Environment.step(1)
|%Gyx. Core.Exp{
action: 1,
done: false,
info: %{
5 . wthon,
Q, ! 11 1 111, 98, 11 1 1,
{ 115 >>}
thon,
1 12 6 T s G G ot 101, 46, 109,
TS Al S ERER 1 ) 108, 9 1 >
12 1€ >>}
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defstruct env: nil,
current_state: nil,
session: nil,
action_space: nil,
observation_space: nil

atype space :: SEUIM t(
atype t :: %__MODULE__{
env: anyl(),
current_state: any(),
session: pid(),
action_space: spa :
observation_space: space()

@impl true

.call(__MODULE__,
end

def environment_name) do

.call(__MODULE__,

{ :make,
end

@impl true
def step(action) do

.call(_MODULE__, {:act,
end

@impl true
do
.call(_MODULE__,

def reset()
:reset)
end

def handle_call({:make, environment

{env, initial_state, action_space,

%__MODULE__{action_space:

def init( do
python_sess 1= .start
.warn("Gym environment not ass
.info("In order to assig
please use #{_ MODULE__} Vi
{:0k,
%__MODULE__{
env: nil,
current_state: nil,
sessien: python_session,
action_space: nil,
observation_space: ni
&
end
'def start_link( opts) do
art_Llink(__MODULE__,
end
def render() do

:render)

environment_namepf)

action})

ame} , state) do

observation_space; =

, observation_space: nil

}

opts)




Gyx.Agents

def td_learn(sarsa) do

.call(_MODULE__, {:td_learn, sarsa}) Gyx.Qstorage

end
iex(5)> Gyx.Qstorage.QGenServer.get_q
def handle_call( %1
{:td_learn, {s, a, r, ss, aa}}, "Qr => %{
. 0 => @.®®1972498818®791552,I
' : 1 => 0.0011373872220860517
state = %{Q: qtable, alpha: alpha, gamma: gamma} = 2 = !
. % q P JLR E 2 => 0.002130124695756522,
) do 3 => 0.0025732867557405844
predict = qtable.q_get(s, a) },
target = r + gamma * qtable.qg_get(ss, aa) S = ad
expected return = predict * (1-alpha) + target * alpha ? =2 4-38é6§§3§g§832826—4»
=> 1.3004 6697e-4,
ateblecnssctia No pReficctediuet ind) 2 => 0.0016973683178757952,
{:I‘eply, expected_return, State} 3 => 0.0011164073830185624
end },
||1 " => %{

0

0 => 0.0012787082054930253,
1 => 0.004795837104754758,
2
3

=> 0.0010135419945296069,
0.005758543602934572

#CodeBEAMSTO




Gyx.Core.ReplayMemory

atype experience :: ' ' o)

atype experiences :: list(experience)

atype sampling_type :: :random | :latest

atype batch_size :: integer()

acallback add(experience()) :: :0k | {:error, reason :: ng.t()}

acallback get batch({batch_size(), sampling_type()}) :: experiences()

defmacro _ using_ ( ) do
quote do
abehaviour

aenforce_keys [:replay_capacity]

#CodeBEAMSTO




Gradient Based methods work best with i.i.d samples
(independent and identically distributed)

Replay Memory decouples learning from
environment exploration

It is hard to evaluete efectiveness of a policy if it
changes at the same time
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Distributed
ot Prioritized
S Experience
Replay

Initial priorities

Network parameters

Generated experience

Figure 1: The Ape-X architecture in a nutshell: multiple actors, each with its own instance of the environment,
generate experience, add it to a shared experience replay memory, and compute initial priorities for the data.
The (single) learner samples from this memory and updates the network and the priorities of the experience in
the memory. The actors’ networks are periodically updated with the latest network parameters from the learner.

Published as a conference paper at ICLR 2018
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We propose a distributed architecture for deep reinforcement learning at scale,
that enables agents to learn effectively from orders of magnitude more data than
previously possible. The algorithm decouples acting from learning: the actors
interact with their own instances of the environment by selecting actions according
to a shared neural network, and accumulate the resulting experience in a shared
experience replay memory; the learner replays samples of experience and updates
the neural network. The architecture relies on prioritized experience replay to
#CodeBEAMSTO focus only on the most significant data generated by the actors. Our architecture
substantially improves the state of the art on the Arcade Learning Environment,
achieving better final performance in a fraction of the wall-clock training time.
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Input: positive integer num_episodes, small positive fraction o, GLIE {¢;}
Output: policy 7 (= 7. if num_episodes is large enough)
Initialize @ arbitrarily (e.g., Q(s,a) =0 for all s € § and a € A(s))
for i + 1 to num_episodes do
€;

€
™ ¢ e-greedy(Q)
Generate an episode Sy, Ag, Ry, ..., S using 7
fort« 0 toT—1do
if (S¢, A¢) is a first visit (with return G¢) then
| Q(St, At) « Q(St, At) + a(Ge — Q(St, Ar))
end
end
return

e







