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Training signal 6 state & reward

X l g
| action : |
Agent J » = simulator —

history info -

Real world environment
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« Explore the world (explore)
« Use experience to guide future decisions (exploit)
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Training signal © observation & reward

N 1

| action . T
Agent J » simulator —

history info

Real world environment

___________________________________________________________

 Eachtimestep't
« Agent takes an action a,
«  World updates given action at, emits observation o, and reward r;
« Agent receives observation o, and reward r;
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Training signal 6 observation & reward Real world environment
IR | :
] action . | 1
Agent | > simulator |
history info

___________________________________________________________

* History hy = (a4, 01, 71, ..., Qt, Og, T¢)

« Agent chooses action based on history

 State (s information assumed to determine what happens next
* Function of history s; = (h;)
« State s; is Markov if and only if p(si+1 | St ar) = p(Ses1 | e . ar)
 Future is independent of past given present
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* Goal select actions to maximize total expected future reward
* balancing immediate & long-term rewards

* Policy T determines how the agent chooses actions
* Deterministic policy

7(s) = a

» Stochastic policy

w(als) = Pr(a; = a|s; = s)

« Value function expected discounted sum of future rewards under a policy Tt

V™ (s; = §) = Ex[re + vrep1 + Vrego + -+ |5t = ]



Training Loop v ey S random batch
1. choose random / policy acton
2. sample env
i 'o?:rc memory update Optimize (4)
optmize
5. occasional target_net update | ¥ -choose.
action Policy Net
Update (5)
Target Net
r
P
,,” i e el g
-
def cartpole(): i initialize env
T == /,

;core_logger = ScorelLogger (ENV_NAME)

initialize policy

observation_space = env.observation_space.shape[@] g
action_space = env.action_space.n gl
e <

! dgn_solver = DQNSolver(observation_space, action_space)

7
./.

run += 1
state = env.reset()
state = np.reshape(state, [1, observation_space])

step = @

training loop

while True: 7

step += 1 -~

Rollout data

R O S
action = dgn_solver.act(state) N
state_next, reward, terminal, info = env.step(action) :
reward = reward if not terminal else -reward i
1
1

state_next = np.reshape(state_next, [1, observation_space])

ottt —————

dgn_solver.remember(state, action, reward, state_next, terminal)

‘o -

state = state_next

if terminal:

n n n

print "Run: " + str(run) + ", exploration:

score_logger.add_score(step, run)

+ str(dgn_solver.exploration_rate) +

, score:

Update policy

+ str(stkp)

B S RIDQNAIBIF

class DQNSolver:

def __init_ (self, observation_space, action_space):
self.exploration_rate = EXPLORATION_MAX

self.action_space = action_space Pe
self.memory = deque(maxlen=MEMORY_SIZE) e

self.model = Sequential()

Policy model

self.model.add(Dense (24, input_shape=(observation_space,), activation="relu")) -

.model.add(Dense(24, activation="relu"))
self.model.add(Dense(self.action_space, activation="linear"))
self.model.compile(loss="mse", optimizer=Adam(lr=LEARNING_RATE))

w
m
=
-+

def remember(self, state, action, reward, next_state, done): -

self.memory.append((state, action, reward, next_state, donpaf

‘def act(self, state):
if np.random.rand() < self.exploration_rate:
return random.randrange(self.action_space)

g_values = self.model.predict(state)

return np.argmax(q_values[@])

def experience_replay(self):
if len(self.memory) < BATCH_SIZE:
return
batch = random.sample(self.memory, BATCH SIZE)

for state, action, reward, state_next, terminal in batch:

|
i
gq_update = reward

if not terminal:

g_values = self.model.predict(state)
g_values[@][action] = g_update
self.model.fit(state, q_values, verbose=0)
self.exploration_rate *= EXPLORATION_DECAY
‘s, self.exploration_rate = max(EXPLORATION_MIN, self.exploration_rate)

Policy inference

g_update = (reward + GAMMA * np.amax(self.model.predict(state_next)[8]))

Policy update

N
AY
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Repositories
Code
Commits

Issues

Discussions

Packages
Marketplace
Topics

Wikis

sers

Languages
Python
Jupyter Notebook
C++
HTML
Java
MATLAB
JavaScript
C#
ASP

TeX

{ 22K
22K
6K

Q0 0

10,829
5,492
522
513
455
282
262
237
203

m

22,118 repository results

(m

N

N

n

@ Single sign-on to search for results for organizations within the Microsoft Open Source enterprise.

Sort: Best match v

dennybritz/reinforcement-learning

Implementation of Reinforcement Learning Algorithms. Python, OpenAl Gym, Tensorflow. Exercises and
Solutions to accom...

widek @ Jupyter Notebook ~ MIT license  Updated on May 1

ShangtongZhang/reinforcement-learning-an-introduction
Python Implementation of Reinforcement Learning: An Introduction

reinforcement-learning  artificial-intelligence

wek @ Python MIT license  Updated on May 22

MorvanZhou/Reinforcement-learning-with-tensorflow
Simple Reinforcement learning tutorials

reinforcement-learning  tutorial ~ machine-learning  g-learning  dgn  policy-gradient  sarsa
tensorflow-tutorials  a3c  deep-g-network  ddpg  actor-critic  asynchronous-advantage-actor-critic  double-dgn
prioritized-replay  sarsa-lambda  dueling-dgn  deep-deterministic-policy-gradient  proximal-policy-optimization

ppo
w5k @ Python MIT license  Updated 25 days ago

udacity/deep-reinforcement-learning
Repo for the Deep Reinforcement Learning Nanodegree program

dgn  openai-gym  deep-reinforcement-learning  cross-entropy  ddpg  reinforcement-learning  pytorch
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Prioritized DDQN \
Dueling DDQN / - AW
200%  a3C X \W
Distributional DQN A

Noisy DQN ‘
Rainbow ;‘\/\

| |
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oy WL | 1 )
0% 7 44 100 200
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Figure 2. 6 tricks in DON will performs different performance from rainbow paper.
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GPU
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asynchronous
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*

single-node cluster
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Algorithm Family Policy Evaluation  Replay Buffer ~ Gradient-Based Optimizer Other Distributed Components
DQNs X X X

Policy Gradient X X

Off-policy PG X X X

Model-Based/Hybrid X X Model-Based Planning
Multi-Agent X X X

Evolutionary Methods X Derivative-Free Optimization
AlphaGo X X X MCTS, Derivative-Free Optimization
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DQN GORILA A3C Ape-X IMPALA
Playing Atari with Deep Massively Parallel Asynchronous Methods Distributed Prioritized IMPALA: Scalable
Reinforcement Learning Methods for Deep for Deep Reinforcement Experience Replay Distributed Deep-RL with
(Mnih 2013) Reinforcement Learning Learning (Horgan 2018) Importance Weighted
(Nair 2015) (Mnih 2016) Actor-Learner

Sampled experience
Updated priorities

Architectures
(Espeholt 2018)

cccccccc

Gilobal Network

imEml vl

v Target
. Q Network

M nput (5) Sends gradients
= S back
/ \ \" Actor
i = & = e £ jJ=]
r ot s L L Network
Parameter Server — — % % :
QN Loss — — - nvironment
E3 Ea - - -
Worker 2 Worker 3 Worker n
! ! !




=% Microsoft IJ \g:é:

REMHLIEBRYEAFINES

|

AT IRy EA S HESR

- BERWHBEESI T ARSI

- ALEBREZFIFEFER (e.g. tensorflow/pytorch)

« HJLGFIMYIERITEIL (e.g. GPU/CPU vs Sync/Async)
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ApextEZRitworkersfaatitirollout data

Network parameters
-

>

Generated experience

Environment

20k |

0.0 zm B

16 32 64 128 256
Number of Workers

2]
Sampled experience T},"‘ 180Kk — T T T T
Learner Replay Q 160k|=1 1 Replay Shards -
Updated priorities g 140k|mmm 4 Replay Shards -
Network Experiences = 120kF -
+ 100k | .
Actor ch 80k |- ]
Network Initial priorities g 60k |-

o

=

>

-

L

Figurel. Apex architecture, multiply actors to rollout data in their own environment.
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GPU . async. sampling, CPU
train batches | | async. replay | l sample batches |
! i | |
1 ! ]
Trainer | Learner Thread L Replay Buffer Shards u_t Rollout Workers

new priorities ; ;
P i T asyhc. broadcast new weights T

Ape-X architecture

_________________________________________________________________________________

_________________________________________________________________________________

Figure 3. Context switch in Apex architecture
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ZZ(FUFAST: Ray and RLIib

Ray is a fast and simple framework for building and running distributed applications.

* Ray provide a task parallel API * Ray provide an actor API
@ray.remote @ray.remote(num_gpus=1)
def zeros(shape): class Counter(object):
return np.zeros(shape) def __init_ (self):
o e self.value = ©
@ray.remote def inc(self):
def dot(a, b): P a2 self.value += 1 i
return np.dot(a, b) return self.value
2 - zero (5. 51) T ¢ = Counter JN()
id3 = dothremote(idl, id2) i3 id4 = c.incREEEEEN( )

idS = c.inc.remote()

result = [SNEN.(1d3) result = ray.get([id4, id5])

Github repo: https.//github.com/ray-project/ray
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Ray is a fast and simple framework for building and running distributed applications.

* App Layer
*  Driver - A process executing the user program
*  Worker - A stateless process that executes remote
o Node Nods Node functions invoked by a driver
T * Actor - A stateful process that executes
E.I Driver || Worker Actor Driver Worker || Worker p
Q.
= S
. stem Layer
Object Store —~  Object Store K——3  Object Store >./ G|ObZ| Control Store(GCS)
= Local Scheduler Local Scheduler Local Scheduler * A key-value store with pub-sub functionality
c
aQ
E 4\*&/’4 Web Ul  Distributed scheduler
NG Global Control Store (GCS) | 1 . «  Submitted first to local scheduler
2 . | Object Table | oy Debugging «  Global scheduler considers each node’s load and
- Sch [ TaskTable | M Tools task’s constraints to make scheduling decisions
= cheduler
2| | | Function Table | ‘,1 Profiling Tools o .
@ T Evenitoss | ||}  Distributed object store
S 1 Error Diagnosis * In-memory distributed storage to store the
[

| Inputs/outputs, or stateless computation.
* Implement the object store via shared memory

. . . «  Use Apache Arrow as data formats
e Faster than Python multiprocessing on a single node P

« Competitive with MPI in many workloads
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ZZBIEA3S: Ray and RLIib

RLIib is an open-source library for reinforcement learning that offers both high scalability and a
unified API for a variety of applications.

RLIlib
OpenAl || Multi-Agent/ || Policy || Offine | [ -
Gym Hierarchical Serving Data (1) Application Support
Custom Algorithms RLIib Algorithms

— (2) Abstractions for RL

a

Ray

Github repo: https.//github.com/ray-project/ray/tree/master/rllib


https://github.com/ray-project/ray/tree/master/rllib
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Ray’s distributed scheduler is a natural fit for the hierarchical
control model, as nested computation can be implemented
(n Ray with no central task scheduling bottleneck.

if mpi.get rank() <= m:
grid = mpi.comm_world.split(0)

else:
eval = mpi.comm_world.split(
mpi.get rank() % n)

if mpi.get_rank() == 0:
grid.scatter(
, root=0)
print(grid.gather(root=0))
elif @ < mpi.get_rank() <= m:
params = grid.scatter(None, root=0)
eval.bcast(
params), root=0)
results = eval.gather(
result, root=0)
grid.gather(results, root=e0)
elif mpi.get rank() > m:
model = eval.bcast(None, root=0)
result = (model)
eval.gather(result, root=0)

a. Distributed control in MPI

@ray.remote
def rollout(model):

@ray.remote
def evaluate(params):
model = params
results = [rollout.remote(model)
for i in range(n)]
return results

param_grid =
print(ray.get([evaluate.remote(p)
for p in param_grid]))

b. Hierarchical control in ray.
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import ray import ray

from collections import deque import ray R { t
° import threading . . un Scrlp

. . A import time

import time 'ralner CtOl’S

. . £ d . from trainer import Traiper

import threading e rem dummy mpers pat, Env from worker import Worke

Remote decorator for Init ray
. < . BATCH_SIZE = 18 e
from dummy import BON, Repl run in remote / init() {
)l ! ray.ini

\, J

J

!

r
1
| @ray.remote
\

~———!

@ray.remote

- class Worker: #worker = Worker.remote() A
class Trainer: def _init_ (self): ! . ) :
o — = | trainer = Trainer.remote() i
def __init_ (self): self.dgn = DQN() ! . !
i1 tl = worker.run.remote(trainer) i
self.steps = @ self.env = Env() i . i
i t2 = trainer.run.remote(worker) i
self.thread = None self.s@ = self.env.reset() ] ':
self.trainer = None wray.get([tl, t2]) s
self.dgn = DQN() )
time.dleep(100)
self.buffer = ReplayBuffer S
i O self.buffer = [] ray . shutdown()
self.worker = None N
self.checkpoint_interval = 5 def _run(self): N
for _ in range(10000): Execute the trainer and
def _run(self): a = self.dgn.act(self.s@) actor in remote

for _ in range(1eeee): sl, r, done, _ = self.env.step(a)
self.steps += 1
batch = self.buffer.sample()
self.dgn.train(batch)

if done:

self.s@ = self.env.reset()

if self.steps % self.checkpoint_interval: EIse;elf_se - 51
weight = self.dgn.dump_weights() S i F.buffer.append((self.s@, a, r, sl, done))
if self.worker is not None: A i Start thread for async
self.worker.update_weights.Ceﬁéke(weigi training ten(self.buffer) == BATCH SIZE
< if self.trainer is not None:

~

\ self.trainer.add_transitions.remote(self.buffer)

def run(self, worker): 1. buff [
se .bu er =

self.worker = worker

self.thread = threading.Thread(target=self._run)
self.thread.start()

def run(self, trainer):

self.trainer = trainer

~
-

self.thread = threading.Thread(target=self._run)
def add_transitions(self, trans): \ self.thread.start()

for row in trans:

<

self.buffer. append(row) def update_weights(self, weights):
’ ’ self.dgn.load weights(weights)
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Real world environment
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4 )
Policy Graph
Policy Model }
/
Policy Optimizer

v

abstract class rllib.PolicyGraph:

def
def
def
def
def

act (self, obs, h): action, h, y=x*
postprocess (self, batch, bx): batch
gradients (self, batch): grads
get_weights; def set_weights;

ux (self, argsx)

mo(0s, he) = (as, hesr, yf -y
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Policy Graph

[ Policy Model }
\_ J 7
\ Policy Optimizer /

\ )

J

The policy optimizer is responsible for the

performance-critical tasks of distributed

sampling, parameter updates, and managing

replay buffers.

grads = [ev. (ev. ()) samples = concat([ev. @) grads = [ev. (ev. )

for ev in evaluators] for ev in evaluators]) for ev in evaluators]
avg_grad = aggregate(grads) pin_in_local_gpu_memory(samples) for _ in range(NUM_ASYNC_GRADS):
local_graph.apply(avg_grad) for _ in range(NUM_SGD_EPQCHS): grad, ev, grads = wait(grads)
weights = broadcast( local_g.apply(local_g.grad(samples)

local_graph.weights()) weights = broadcast(local_g.weights())
for ev in evaluators: for ev in evaluators:

ev. (weights) ev. (weights)

(a) Allreduce (b) Local Multi-GPU

local_graph.apply(grad)

ev. (
local_graph.get_weights())

grads.append(ev. (ev.

(c) Asynchronous

grads = [ev. (ev. 0
for ev in evaluators]
for _ in range(NUM_ASYNC_GRADS):
grad, ev, grads = wait(grads)
for ps, g in split(grad, ps_shards):

ps. (8)
ev. (concat(

[ps. () for ps in ps_shards])
grads.append(ev. (ev. 0O))

(d) Sharded Param-server

Figure 4. Pseudocode for four RLlib policy optimizer step methods. Each step() operates over a
local policy graph and array of remote evaluator replicas.
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High throughput architectures
« Distributed Prioritized Experience Replay(Ape-X-DQN, Ape-X-DDPG)
* Importance Weighted Actor-Learner Architecture(IMPALA)

Gradient-based
* Advantage Actor-Critic(A2C, A3C)

* Deep Deterministic Policy Gradients(DDPG, TD3) tune. run (

« Deep Q Networks(DQN, Rainbow) fQN R
o Po|icy Gradients ioiiig‘_eiplso e _reward_mean . I
* Proximal Policy Optimization(PPO, APPO) “env”: “CartPole—v0”,

« Soft Actor-Critic(SAC) “num_gpus”: 0,

“num workers”: 1,
“1r”: tune. grid_search([0.01, 0.001, 0.0001]),

“monitor”: False,

« Single player AlphaZero

Derivative-free
* Augment Random Search(ARS)
» Evolution Strategies

Multi-agent
* Monotonic Value Function Factorization(QMIX, VDN, IQN)
« MADDPG
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Trainer policy weights
Rollout Worker
| rollout fragments
earner
Env
Ll step()
Ray Cluster
|
Trainer policy weights |
Rollout Worker
Trlearner rollout fragments S ST
T
. Sim
Ray Cluster get_action()
Trainer rollout data E i i
— | states Your Application Process
learner Polic | actions
y —_—-s - i .
Server Input | | qulcy Sim
' Client
Ray Cluster : H get_action()
1 rolfout |
Trainer ]
: rollout data | fragments | || your Application Process
T .
learner Policy ! PO’{C% t Policy
Server Input | ! Welgn's Client Sim
i ™
Ray Cluster ; . get_action()

___________________________________

Standard environments
(e.g., gym.Eny,
MultiAgentEnv types) are
created and stepped by
RLIib rollout workers.

External environments
(ExternalEnv) run in their
own thread and pull
actions as needed. RLIib
still creates one external
env class instance per
rollout worker.

Applications running
outside the Ray cluster
entirely can connect to
RLlib using PolicyClient,
which computes actions
remotely over RPC.

PolicyClient can be
configured to perform
inference locally using a
cached copy of the policy,
improving rollout
performance.
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Serialization and deserialization are bottlenecks in parallel and distributed computing, especially in machine learning

applications with large objects and large quantities of data.

e Goals

* Very efficient with large numerical data (e.g. Numpy arrays and Pandas dataframes)
e As fast as Pickle for general Python types

 Compatible with shared memory (allowing multiple processes to use the same data without copying it)

* Deserialization should be extremely fast (e.g. streaming)
* language independent

List of large numpy arrays

B Pickle
Ray

serialization deserialization

Time (seconds)

0.5

o
ES
Il

o
w

o
[N

o
(==

o
o

Dictionary of large numpy arrays

B Pickle
Ray

serialization deserialization

Time (seconds)

=
o
1

o
(o]
1

o
=]
i

o
F-y
1

o
[N

o
=)

Large dictionary of small sets

mm Pickle
Ray

serialization deserialization

Time (seconds)

Large list of strings

0.3 |

o
N
|

e
=
1

0.0 -

m Pickle
Ray

serialization deserialization
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« Making deserialization fast is important.
* An object may be serialized once and then deserialized many times
« A common pattern is for many objects to be serialized in parallel and then aggregated and deserialized
one at a time on a single worker making deserialization the bottleneck
» Deserialization is fast and barely visible
« Using only the schema, can compute the offsets of each value in the data blob without scanning
through the data blob (unlike Pickle, this is what enables fast deserialization)
» Avoid copying or otherwise converting large arrays and other values during deserialization(the savings
largely come from the lack of memory movement)

UnionArray

Types :

tuple ListArray

isr::mg OOﬂsets

int 2

ndarray

[(1, 2), 'hello', 3, 4, np.array([5.0, 6.0])] > Tuple Data UnionArray

list array Types
int

String Data int

hello Int Data
1

Int Data 2

3

4

NDArray Data
<offset of NDArray>

5.0
6.0
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time/s time/s

c++ mpi char

torch-rpc-bytes

openmpi-bytes-py

sftp

—
o
=
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>
|
p=2
o
o]
o+
[0)
]
w
]
=

http-chunk

.|

http-default

———————————————————————————————

ray-nparray

—
Q
<
[on
<
~
0]
[%2]

0 2 4 6 8 10 12 14

The speed of transferring 1GB data.
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« Ray: A Distributed Framework for Emerging Al Applications
« RLIib: Abstractions for Distributed Reinforcement Learning
« DISTRIBUTED PRIORITIZED EXPERIENCE REPLAY
» Rainbow: Combining Improvements in Deep Reinforcement Learning
« SEED RL: Scalable and Efficient Deep-RL with Accelerated Central Inference
« |IMPALA: Scalable Distributed Deep-RL with Importance Weighted Actor-Learner Architectures
* Asynchronous Methods for Deep Reinforcement Learning
« SURREAL: Open-Source Reinforcement Learning Framework and Robot Manipulation Benchmark
« Challenges of Real-World Reinforcement Learning
« Apache Arrow https://arrow.apache.org/
* https://wesmckinney.com/blog/arrow-streaming-columnar/
« Modin(speed up the pandas in ray) https://github.com/modin-project/modin
* https://www.zhihu.com/question/377263715
« https://www.slideshare.net/databricks/enabling-composition-in-distributed-reinforcement-learning-with-
ray-rllib-with-eric-liang-and-richard-liaw
« https://github.com/deepmind/reverb
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