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Deep Reinforcement Learning

e Reinforcement learning can be defined in high-level update
equations.
e The implementation have remained quite low-level, i.e. at the

level of message passing.
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Needs of RL Researchers

Library Distribution Scheme Generality Programmability Algo
RLGraph Dluggable General Purpose ow-level / Pluggable 10+
Deepmind Acme Actors + Reverb Async Actor-Learner Limited 10+
Intel Coach Actor + NFS Async Actor-Learner Limited 30+
RLIIb Ray Actors General Purpose -lexible, but Low-level |20+
RLIib Flow Actor / Dataflow General Purpose Flexible and High-level 20+

e RL practitioners are typically not system engineers

e RL algorithms should be customizable in various ways
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8 # asynchronously gather gradients and apply

RL Implementation Remains Low Level

1 # launch gradients computation tasks
2 pending gradients = dict()
3 for worker in remote_workers:

worker.set weights.remote(weights)

future = worker.compute gradients
.remote(worker.sample.remote())

pending gradients[future] = worker

9 while pending gradients:
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wait results = ray.wait(
pending gradients.keys(),
num_returns=1)

ready list = wait results[9]

future = ready list[9]

gradient, info = ray.get(future)

worker = pending gradients.pop(future)

# apply gradients

local worker.apply gradients(gradient)

weights = local worker.get weights()

worker.set weights.remote(weights)

# launch gradient computation again

future = worker.compute gradients
.remote(worker.sample.remote())

pending gradients[future] = worker

A3C Implementation in RLIib

Data Flow

Worker Management

Execution Logic
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RL Implementation Remains Low Level

1 # launch gradients computation tasks
2 pending gradients = dict()
3 for worker in remote_workers:

4 worker.set weights.remote(weights)

5 future = worker.compute gradients

6 .remote(worker.sample.remote())
7 pending gradients[future] = worker

8 # asynchronously gather gradients and apply

9 while pending gradients:

10 wait results = ray.wait(

11 pending gradients.keys(),

12 num_returns=1)

13 ready list = wait results[9]

14 future = ready list[9]

15

16 gradient, info = ray.get(future)

17 worker = pending gradients.pop(future)
18 # apply gradients

19 local worker.apply gradients(gradient)
20 weights = local worker.get weights()
21 worker.set weights.remote(weights)

22 # launch gradient computation again

23 future = worker.compute gradients

24 .remote(worker.sample.remote())

25 pending gradients[future] = worker
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RL Implementation Remains Low Level

1 # launch gradients computation tasks

2 pending gradients = dict()

3 for worker in remote_workers:

4 worker.set weights.remote(weights)

5 future = worker.compute gradients Data FIOW
6 .remote(worker.sample.remote())

7 pending gradients[future] = worker

8 # asynchronously gather gradients and apply

9 while pending gradients:

10 wait results = ray.wait(

11 pending gradients.keys(),

" 2un peturnst) Worker Management
13 ready list = wait results[9]

14 future = ready list[9]

15

16 gradient, info = ray.get(future)

17 worker = pending_gradients.pop(future)

18 ¥ apply gradients Execution Logic

19 local worker.apply gradients(gradient)

20 weights = local worker.get weights()

21 worker.set weights.remote(weights)

22 # launch gradient computation again o o o

23 future = worker.compute_gradients  Hard to read, customize and optimize

24 .remote(worker.sample.remote()) o l
25 pending gradients[future] = worker RISELab

A3C Implementation in RLIib



Complex Algorithms for RL

e Complex algorithms possible but require low-level code
o Ape-X: 250 lines of Python
o IMPALA: 694 lines of Python

How can we reduce the lines of code required to define a new

distributed algorithm?
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Multi-Agent Use Cases

e From the systems perspective, multi-agent training often does
Nnot IMpact distributed execution

e Exceptions:
o Tralning agents different optimization frequencies

o Tralning agents with different distributed algorithms

How can we support composing existing RL algorithms without

requiring a rewrite?
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Reinforcement Learning Basics

Rollout —>' Replay -—> Optimization Repeat

Rollout Worker Replay Buffer

Learner Actor
] Actors Actors

e RL is more like data analytics than supervised learning.

e \We can view RL training as dataflow
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Dataflow of Synchronous Training Loop

e Bulk synchronous algorithms like A2C, PPO.

Apply .
Parallel Rollouts| gfargipe%ttes ) Gradients — Report Metrics

A

Update Weights

©©©©©
RRRRRRR



Dataflow of Asynchronous Training

e Small change for async optimization (A3C)

Remove Sync Barrier

> Compute |, Apply —> Report Metrics

Parallel Rollouts Gradients Grad.ients
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e Mixed async dataflow (Ape-X), with fine-grained updates

Parallel
Rollouts

Store to Buffer

¥

Parallel Replay

Update

Dataflow of Distributed Prioritized DQN

Async Union

l

Policy

AN
/G

eport Metrics
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Dataflow Operators for RL

|
L Actors i"” Parlter([T] Actor |‘

From Actors Send Message

(a) Creation & Message Passing
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Dataflow Operators for RL

|

Parlter[T]

—

Parlter[U]

Iter[ T}

_>

Parallel Apply

Sequential Apply

(b) Transformation
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Dataflow Operators for RL

Parlter[T]

—>

Iter[T]

Async Gather
(No Barrier)

Parlter[T]

—> [ter[List[T]]

Bulk Sync Gather

(Cc) Sequencing

22222
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A Dataflow Programming Model for Distributed RL

buffer =9 lter[T] Iter[T] Iter[T]
lter[T}] < \ Iter[T] > Iter[T}]

buffer = Iter[T] iter[T] 7 iter[T]

Duplicate Union Async Union

(d) Concurrency
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A Dataflow Programming Model for Distributed RL

Actors

s Parlter[T]

From Actors
(a) Creation & Message Passing

L Parlter[T]

—

Actor |=..

Send Message

lter[T] L

Async Gather
(No Barrier)

18

Parlter[T]

— [ter[List[T]]

Bulk Sync Gather

(c) Sequencing

(Full Barrier)
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Parlter]|

[

Parlter[U]

Parallel Apply

buffer

Iter[T]

O

Sequential Apply

(b) Transformation

lter[T] lter[T]

lter[T] <

buffer

Iter[U]

lter[T]

Duplicate

\ lter[T]

lter[T] lter[T]

7

Ny

Union

(d) Concurrency

lter[T]

el

Iter[T]

Async Union
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Implementation over Distributed Actor Framework

Single Agent Multi Agent Meta Learning
} RLIib Flow
RLIib Flow Operators (1118 lines of code) (65804 lines of

code total)

Parallel Iterator Library (1241 lines of code)

e Two separate modules: A general purpose parallel iterator

library; a collection of RL specific dataflow operators
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Evaluation: Revisiting A3C

(c) Sequencing

(b) Transformation (Async Gather) (D) Transtormation
(Parallel Apply) \ (Sequential Apply)
I Compute I Apply -
Parallel Rollouts || <~ it | 7| Gradients | 7| ReportMetrics
o I
.................. Updatewelghts \
(a) Creation (a) Message Passing

(From Actor) (Send Message)
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Evaluation: A3C Comparison

1 # launch gradients computation tasks

Rollouts

Parallel |.|[ Compute || ApPly | _

Report
Metrics

1
2
3
4
5

O 00 d O

10
2 11

Gradients Gradients

Update Weights

# type: List[RolloutActor]

workers = create rollout workers()
# type: Iter[Gradients]

grads = ParallelRollouts(workers)

.par for each(ComputeGradients())

.gather_async()
# type: Iter[TrainStats]
apply op = grads

.for each(ApplyGradients(workers))

# type: Iter[Metrics]

return ReportMetrics(apply op, workers) ==

A3C Implementation in RLIib Flow

RISELab

2 pending gradients = dict()
3 for worker in remote workers:

4
5
6

7

worker.set weights.remote(weights)

future = worker.compute gradients
.remote(worker.sample.remote())

pending gradients[future] = worker

8 # asynchronously gather gradients and apply
9 while pending gradients:

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

wait results = ray.wait(
pending gradients.keys(),
num_returns=1)

ready list = wait results[O]

future = ready list[9]

gradient, info = ray.get(future)

worker = pending gradients.pop(future)

# apply gradients

local worker.apply gradients(gradient)

weights = local worker.get weights()

worker.set weights.remote(weights)

# launch gradient computation again

future = worker.compute gradients
.remote(worker.sample.remote())

pending gradients[future] = worker

A3C Implementation in Previous RLIib



Evaluation: Revisiting Ape-X

(c) Sequencing
(Async Gather)

.................................... : (d) Concurrency

- ﬁ" I L = (Asnyc Union)
(@) Creation 1 /é):;uis e \W%igttﬁs
(From Actor) / i \
+~ Parallel Replay [ gsgritiee Async Union
e “

Optimize R7;{ort Metrics
Policy \/

(a) Message Passing (b) Transtormation

(Send Message) (Sequential Apply)
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Evaluation: Readability (Ape-X)

1 workers = create rollout workers()
2 replay buffer = create replay actors()
3 rollouts = ParallelRollouts(workers).gather async()
4
L | S store op = rollouts
| ;g‘l'f'o'ﬁ's —>| Store to Buffer — \L/vae(ij;tw?s 6 .for each(StoreToBuffer(replay buffer))
: | \\\\\\ 7 .for each(UpdateWeights(workers))
Parallel Replay [ gggs:;s Async Union 8
) S ! ///// l S replay op = ParallelReplay(replay buffer)
Optimize Report Metrics 16 .gather_async()
el 11 .for each(UpdatePriorities(workers))
12 .for each(TrainOneStep(workers))
13
14 return ReportMetrics(

=
U1

(store op, replay op), workers)
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Evaluation: Readability (Ape-X)

e Previous implementation:

Source code for
ray.rllib.optimizers.async_replay_optimizer

" *Implements Distributed Prioritized Experience Replay.

https:

import

impor
impor
impor
impor

sarxtv.org/abs/1863.

collections

t logging
t numpy as np

t o

t random

from six.moves import gueue
import threading

import time

import ray

from
from
from
from
from

ray
ray

ray.

ray
ray

.exceptions import RayError

.util.iter import ParallellteratorWorker
rilib.evaluation.metrics import get learner stats
.rllib.policy.policy import LEARNER _STATS_KEY
.rillib.policy.sample batch import SampleBatch, DEFAULT_FOLICY_ID,

MultiAgentBatch

from
from
from
from
from
from
from

SAMPLE_QUEUE_DEPTH =
REFLAY _QUEUE_DEPTH =

ray.
ray.
ray.
ray.
ray.
ray.
ray.

rllib.optimizers.policy optimizer import PolicyOptimizer
rilib.optimizers.replay buffer import PrioritizedReplayBuffer
rilib.utils. annotations import override

riiib.utils.actors import TaskPool, create_colocated
rilib.utils memory import ray get and free

rlliib.utils. timer import TimerStat

rilib.utils window stat import WindowStat

N

LEARNER_QUEUE_MAX_SIZE = 10

logge

class

=

logging.getiogger( nane )

AsyncReplayOptimizer{FolicyOptimizer):

Main event loop of the Ape-X optimizer (async sampling with replay)

This class coordinates the data transfers Detween the Iearner thread,

remote workers (Ape-X actors), and replay puffer actors

T

his

has two modes of operation:
play: ’
replay: simplified mode wfhiere entire sample b,

r

Independent sanples.
atches are

ion

ayed. This supports RNNs, but not prioritiza

optimizer requires that rollout workers return an additional

“td_error™ array in the info return of compute_gradients(). This error
e

term wil

def

24

1 be used for sawple prioritization.~""
__anit__{self,
workers,
learning starts=1868,
buffer_size=10008,
prioritized replay=True,
prioritized replay alpha=8.06,
prioritized replay beta=8.4,
prioritized replay eps=le.0
train_batch_size=512,
rollout fragment length=58,
num_replay buffer_shards=
nax_weight _sync_delay=466,
gebug=False,
batch_replay=False):
TT"Intctinlize an async replay optimizer.

\

Arguments:

Poly

self
self
self

self.
self.

self

el

if =

workers (WorkerSet): all workers

dearnin

starts (int): wait until this many steps have been sampled

g

ting optimiration.
burfer

1t): max sire of the replay buffer

e
prioritized replay {(bool): whether

enable prioritized replay

prioritized replay alpha (float): replay alpha hyperparameter

prioritized replay beta (float): replay bDeta hyperparancter
prioritized replay eps (float): replay eps hyperparameter

size of batches to learn on

train_batch_size (in

rollout fragwent_length (int): sirxe of batches to sample from

workers.
nuw_replay buffer_shards {(int): number of actors to use to store

replay samples

max_weight_sync_delay (int): update the welghts of a rollout worker
after collecting this number of timesteps from It

dedug (bool): return extra debug stats

patch_replay (bool): replay entire sequential batches of
experiences Instead of sampling steps individually

cyOptimizer.__init__(self, workers)

debug = debug

batch_replay = batch_replay

.replay_starts = learning starts

prioritized replay beta = prioritized replay beta
prioritized replay eps = prioritized replay _eps
.max_weight_sync_delay = max_weight_sync_delay

f.learner = LearnerThread(self workers.local worker())

learner.start()

elf _batch_replay:
repiay cls = BatchReplayActor

clse:

self

1, n

self

}
self

self
self

2 N
self

¢ Ot
self
for

g K1
self
if =

@overrid
def step
asse
asse
star
sanp
tine
self
self

replay cls = ReplayActar

.replay actors = create_colocated(replay cls, [
num_replay buffer_shards,

learning _starts,

buffer_size,

train_batch_size

prioritized replay alpha,

prioritized replay beta,

prioritized replay eps

um_replay buffer_shards)
ats
.timers = {

K: TimerStat()
for k in [

'put weights", get_samples", "sample processing™,

"replay _processing", "update_priorities”, "train", "sample”
]
nun_weight_syncs = 8

nun_sanples_dropped = 8
-learning started = False
noer of worker steps nce the last weight update

51
.steps_since_upoate = {}

herwise kick of replay tasks for local gradient updates
replay tasks = TaskPool()
ra in self. replay actors:
for in range(REPLAY _QUEUE _DEPTH):
self.replay tasks.add{ra, ra.replay.remote())

ck off async background sampling

.sample_tasks = TaskPool()

elf workers.remote_workers():

self. _set _workers(self.workers.remote _workers())

e{PolicyOptimizer) [¥ocs) p
(self): (:).
rt self_ learner.is_alive()

rt len(self.workers.remote_workers()) = © F2|55
t = time. time()

le_timesteps, train_timesteps = self. step()

delta = time._time() - start

-timers[“sample”].push(time_delta)

-timers[“sample”].push_units processed(sample timesteps)

assert Ien(self.workers.remote workers()) = ©
start = time. time()
sanple_timesteps, train_timesteps = self. _step()
time _delta = time.time() start
self timers[“sample”] . push(tine_delta)
self timers[“sample”].push_units _processed(sample timesteps)
if train_timesteps > G:
self. learning _started = True
if self learning _started:
self. timers{“train™].push(tine_delta)
self.timers["train®].push _units _processed(train_timesteps)
self nun_steps_sanpled <= sanple_timesteps
self . num_steps_trained == train_timesteps

goverride{PolicyOptimizer)
def stop(self):
for r in self._replay actors:
r._ray_terminate _.remote()
self . learner.stopped = True

@override{PolicyOptimizer)

def reset(self, remote _workers):
self workers.reset(remote_workers)
self.sanple_tasks.reset _workers(renote_workers)

goverride(PolicyOptimizer)
def stats(self):
replay_stats = ray _get_and _free(self.replay actors{@].stats.remote(
self . oebug))
tining = {
' time ns".format(k): round(1686 * self.timers[k].mean, 3)
for k in self_timers
}
timing[“learner_grad_time ms"] = round(
1888 * self.learner.grad_timer.mean, 3)
timing[“learner_degueue _time ms"] = round(
1868 * self.learner.gueue_timer.nean, 3)
stats = {
“sample _throughput™: round{self.timers[“sanple”].mean_throughput
3),
"train_throughput”: round(self.timers["train”].mean_throughput, 3),
"num_weight_syncs": self.num_weight_syncs
"nun_snnples dropped”: self.nun_sanples _dropped,
"learner_gueue": self.learner.learner_queue_size.stats(),

“replay_shard_8": replay stats,

¥
debug _stats = {
"tinming breakdown": timing
"pending sample tasks": self.sample _tasks.count,
"pending _replay tasks": self.replay tasks.count
}

if self.debug:
stats. update(debug_stats)
if self learner.stats:
stats["learner”] = self.learner.stats
return dict(PolicyDptimizer._stats(self), *‘*stats)

¢ For htt

github.cosvray-projecct/r

def _set _workers(self, remote workers):
self workers.reset(remote workers)
weights = self workers.local worker().get_weights()
for ev in self . workers.remote workers():
ev.zet_weights. remote(weights)
self.steps_since_update[ev] = B
for _ in range(SANPLE_QUEUE_DEPTH):
self _sample tasks.add{ev, ev.sample with_count.remote())

def _step(self):
sapple_timesteps, train_timesteps = 8, ©
weights = None

with self. timers["sample processing"]:
coapleted = list(self.sample_tasks. coapleted())
# First try a batched ray.get{)

ray_error = None
try:

with selif.timers[“sample _processing”]:
conpleted = list({self.sanple_tasks.completed())

& First tr

/ a batched ray.get{).
ray _error = None
try:
counts = {
1: v
for 1, v in enumerate(
ray_get _and _free([c[1][%] for ¢ in completed]))

# If there are failled workers, to recover the st112 good ones
(via non-batched ray.get{}) and store the first error {(to raise
¥ later).

except RayError:
counts = {)
for 1, ¢ in enumcrate{completed):
try:
counts[i] = ray _get_and free{c[1][1])
except RayError as e:
logger.exception(
"Error in completed taszk:

.format(e))
ray_error = ray error if ray error is not None else ¢

for L, (ev, (sample batch, count))} in enumerate(completed):

¥ Skip failed tao

1T 1 not in counts:
continue

sample _timesteps += countsfi]
¥ Send the data to the replay buffer
random.choice(
self . replay actors).add _batch.remote(sanple batch)

# Upante w Mits I needed.

self steps_since _updatefev] += countsi]

Af self.steps_since update[ev] >= self.max_welight _sync_delay:
Note that it's important to pull new weights once
updated to avold excessive correlation between actors

if weights i1s None or =elf_ learner.weights updated:

self. learner.weights _updated = False

with self.timers|“put_weights"]:

weights = ray.put(
self workers.local worker().get_weights())

ev.set_weights. remote(weights
self _nun_weight syncs += 1
self.steps_since_updatefev] = @

# Kick off another sample reguest
self _sample tasks.add{ev, ev.sample with_count.remote())

¢ Now that all st112 good tasks have been kicked off agatin

We can throw the error.

if ray error:
raise ray error

with self.timers["replay processing"]:
for ra, replay in self replay tasks.completed{):

self._replay tasks.add{ra, ra.replay.remote())

Af self.learner._inqueue.full():
self . nun_samples dropped == 1

else:
with self. timers["get samples"]:

sanples = ray_get_and_free(replay)

# Defensive copy against plasma crashes, see #2016 #2452

self learner.inqueue. put((ra, samples and samples.copy()))

with self. timers[“update priorities"]:
while not zelf_ learner.outqueue.enpty():
ra, prio_dict, count = self.learner.outqueue.get()
ra.update _priorities remote(prio_dict)
train_timesteps 4= count

return sample_tinesteps, train_tipesteps



Evaluation: Composing Multiple Workflows

DQN Sub-Flow

Parallel
Rollout
12 ius \ __ (d) Concurrency
j (Union)
- (split)
(d) Concurrency 5 ~_
(Duplicate) | Asyne Union ™ (d) Concurrency
cvféi?é - }L (Asnyc Union)
""""" Report Metrics

©2021 4
RRRRRRR



Evaluation: Multi-Agent Training

DQN Sub-Flow 1 # type: List[RolloutActor]
e P 2 workers = create rollout workers()
v:r | Replay from Buffer | _| Optimize _,| Update Target 3 # type: Iter[Rollout], Iter[Rollout]
i il et W il 4 rl, r2 = ParallelRollouts(workers).split()
— - tE'”: """""""""" 5 # type: Iter[TrainStats], Iter[TrainStats]
: C eriences
(split) (p(enliy="D)gN")le T T~y 6 ppo_op = ppo_plan(
¢ il 7 (rl, policy="PP0"), workers)
Select Experiences | | Concatenate J' 8 dgn_op = dqn_plan(
. (policy="PPQ") (batch_size=4096) Async Union . N N
 Weight i l 9 (r2, policy="DQN"), workers)
- Updates Optimize 10 # type: Iter[Metrics]
n. ... | il Report Metrics |
- 11 return ReportMetrics(

=
N

PPO Sub-Flow (ppo_op, dgn op), workers)

©202] l
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e Lines of code saved for RLIib algorithms

A3C
A2C
DQN
PPO
Ape-X
IMPALA
MAML

37
154
239
386
250
694

370%

11
23
37

RLIib RLIib Flow

22222
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Evaluation: Readability

+shared

52

50

139
225
216
362
136

Ratio

1.6-9.6 %
3.1-6.1X
1.7-2.77 %
1.7-4.8 X
1.1-1.9x
1.9-7.8 %

2.7 X



Performance against RLIib

200 | mRLIib o 20 |[(mRLlib 18 1@]9@
59 _ 2 _ 17 17
28 450 |BRLibFlow] =9 45 |ORLbFlow 14 14 gy
> B 25 12 12 N
o a o £ :
= € 100 8 c 10 — -
R £ 7 7
O 49 e
KO o
5o 0 2827 S 97 1 y §
£ Q 14 13 =

16 32 64 128 256 16 32 64 128 200
#Workers #Workers
(a) Sample efficiency on CartPole (Dummy) (b) Training throughput on Atari (IMPALA)

e The abstraction of RLIib Flow does not introduce overhead
i
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Reinforcement Learning vs Data Streaming

Apply .
Parallel Rollouts|~*|| ~ SOMPU'® i qienes [ Report Metrics
i |
(1) E (2) (3) (4)
.................. e wae

e Asynchronous Dependencies (pink): no deterministic ordering
e Message Passing (pink dotted): update upstream operator state

e Consistency and Durabillity: less strict requirements
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Performance against Spark Streaming

3 Init olo @ Train O Sample
40
30
@ 21 8
21.1
® 19.5
E \
.3X 2.9x
10 74
0 l 2 311 O
Ao\ AN\ AR \S X P AN \8 X P
2 AAS NS AR NS a‘ \,\ & \,\
S0 o0 A\ S0 o0 S\ 2N\ S
e e e e pe
8 16 32 40 (2x) 80 (3x) 120 (4x)
#Workers

e Lower-overhead than streaming frameworks -- take advantage
p

30

of RL requirements vs. data processing



RLIib Flow

Distributed Reinforcement Learning Is a Dataflow Problem

Multi Agent Meta Learning

Single Agent

RLIib Flow Operators (1118 lines of code)

Parallel Iterator Library (1241 lines of code)

Architecture of LIib Flow

{ Parallel _,[ Compute '_> Apply Repgrt
Rollouts Gradients Gradients Metrics
A :
Update Weights
Dataflow of A3C
Parallel Update
‘ Rollouts | | Store to Buffer =1 vy ights
¥ .
Update .
[ Parallel Replay [ Prioriias Async Union
A eses ] l
Optimize Report Metrics
Policy
Dataflow of Ape-X

b

RLIib Flow
(65804 lines of
code total)

RLIib Flow Operators:

1. Creation & Message Passing

2. Transformation
3. Sequencing
4, Concurrency

DON Sub-Flow

- — Replay from Buffer | _| Optimize || Update Target

L Parallel (batch_size=32) (policy="DQN") Network
Rollouts e

A

: Select Experiences

 (split)| | (POlicy="DAN") | Siore fo Bufter

Union
Select Experiences | | Concatenate

: (policy="PPQO") (batch_size=4096) Async Union
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RLIib RLIib Flow +shared Ratio
A3C 87 11 52 1.6-9.6 x
A2C 154 25 50 3.1-6.1 %
DQN 239 87 139 1.7-2.7 %
PPO 386 79 225 1.7-4.8 %
Ape-X 250 126 216 1.1-1.9x
IMPALA 694 89 362 1.9-7.8 %
MAML 370%* 136 136 27X
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Comparison to Spark



