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Video from https://www.youtube.com/watch?v=u0 -pfzKbh2k

INTRODUCTION TO REINFORCEMENT LEARNING:
CAN A BIOMEDICAL ENGINEER LAND A ROCKET?



LEARNING TO LAND A ROCKET?

From bottle experiments to simulation

My attempt

Bottle Not so realistic Simulation
- Trial and error Time consuming Parallelize (GPU)
Experience Slow, no hints Gradient on the
(learn motion about the proper cost
pattern) correct pattern function
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1. GPU-based A3C for Deep Reinforcement Learning

AGENDA _

2. Cule*: GPU accelerated RL

3. Sim-to-Real Transfer of Accurate Grasping with Eye-In-Hand
- Observations and Continuous Control

4. Conclusion
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An ICL&ZOl? paper

' A github project
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GPUBASED A3C FOR DEEP .
REINFORCEMENT LEARNING

M. Babaeizadeh" ., 4.Frosio® S.Tyree? J.Clemons? J.KautzA
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GPUBASEDASC FOR DEEP REINFORCEMENT

LEARNING
Asynchronous Advantage ActorCritic (Mnih et al., arXiv:1602.01783v2, 2015)
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The GPU
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LOW OCCUPANCY (33%)
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HIGH OCCUPANCY (100%)
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GPUBASED A3C FOR DEEP REINFORCEMENT
LEARNING

HIGH OCCUPANCY (100%), LOW UTILIZATION (40%)
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GPUBASED A3C FOR DEEP REINFORCEMENT

LEARNING
HIGH OCCUPANCY (100%), HIGH UTILIZATION (100%)
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Agent 1

Agent 2

Agent 16
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MAPPING DEEP PROBLEMS TG&ERU

REGRESSION, CLASSIFICATIONE REINFORCEMENT LEARNING

I status,

reward

Pear, pear, pea
Empty, empty, é

Strawberry, Strawberry,
Strawberry, é
é
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Agent 1

Agent 2

Agent 16
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GA3C: PREDICTIONS PER SECOND (PP
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Training per Second
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AUTOMATIC SCHEDULING

Balancing the system at run time

ATARI Boxing ATARI Pong

I Np NT NA eoTPS . Np NT NA ecosseTPS
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185 140.00 18
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14 2 < 14
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Training Time (minutes) Training Time (minutes)
N, = # predictors, N = # trainers, N , = # agents, TPS = training per seconds _ _ ...
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THE ADVANTAGE OF SPEED

More frames = faster convergence

Pong Boxing
100
20 94M
80M
64M 80
10
60
g
0 o
w
40
-10
20
—-20 11M 0 s -
01 02 03 01
Time (hours) Time (hours)
— Optimal Ny=4, Np=2,N, =32 ——  Sub-optimal Ny=Np=1,N, =32

—  Sub-optimal Npy=Np=Ny=1 —— Dynamic, starting from Ny=Np=N4 =1

02

03
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Conv 16
8x8

filters,

stride 4

Conv
8x8
filters,
stride

Computational aspects of reinforcement learning difrosio@nvidia.com

LARGERDNNS

For real world applications (e.g. robotics, automotive)

A3C (ATARI)

Conv 32
4x4

filters,

stride 2

Conv 32 Conv 64
4x4 4x4

filters, filters,

stride 2 stride 2

7earning Research, 17:1-40, 2016.

Others (robotics)

Timothy P. Lillicrap et al., Continuous
control with deep reinforcement learning,
International Conference on Learning
Representations, 2016.

S Levine et al., End-to-end training of deep
visuomotor policies, Journal of Machine
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GA3C VS. A3C*: PREDICTIONS PER SECONDS

* Our Tensor Flow implementation on a CPU

10000 - .
X
11x 12x 20x
45x
1000 -
0p)
& 100 - 5 A3C
m GA3C
10 -
1 | | | | |

Small DNN Large DNN, Large DNN,Large DNN, Large DNN,
stride 4 stride 3 stride 2 stride 1 w0 @nvon
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CPU &GPUUTILIZATION IN GA3C

For larger DNNs

100
90
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20 -CPU %
40 B/GPU %

30 -
20

10

Small DNNLarge DNNJLarge DNN,arge DNNIl.arge DNN,

stride 4 stride 3 stride 2 stride 1 a Snvioa
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GA3C POLICY LAG

Asynchronous playing and training (off -policy updates)

Agent 1
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STABILITY AND CONVERGENCE SPEED

Reducing policy lag through min training batch size

Pong Qbert Breakout

Score
Score

00 03 06 09 12 15 18 21

09 12 15 18 21

Time (hours) Time (hours) Time (hours)
— batchsize=1 — batch size = 20 — batch size = 80
— bhatchsize =5 —— batch size = 40 batch size = 120
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THEORY

M. Babaeizadeh, |. Frosio, S Tyree, J.
Clemons, J. Kautz, Reinforcement
Learning  through Asynchronous
Advantage Actor-Critic on a GPU
ICLR 2017 (available at
https ://openreview .net/forum?id=r 1V
GvBcxl&noteld=r1VGvBcx).

RESOURCES

GA3C, a GPU implementation of A3C
(open source at
https://github.com/NVIabs/GA3C ).

A general architecture to generate
and consume training data.

Computational aspects of reinforcement learning difrosio@nvidia.com
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1. GPU-based A3C for Deep Reinforcement Learning

AGENDA _

2. Cule*: GPU accelerated RL

3. Sim-to-Real Transfer of Accurate Grasping with Eye-In-Hand
- Observations and Continuous Control

4. Conclusion
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REINFORCEMENT LEARNING

Diverse set of tasks

lan Goodfellow
E8 @ ooodtelon_ian

Instead of moving on to harder datasets than
MNIST, the ML community is studying it more
than ever. Even proportional to other datasets

Ben Hamner & @benhamner
Popular datasets referenced over time in NIPS papers. Surprisingly,
MNIST reigns king #nips2016 kaggle.com/benhamner/d/be...

11:35 AM - 13 Apr 201
116 Retweets 273 L5338 @¢¢ECO
S 13 116 273

Established benchmark d MNIST of RL?

NVIDIA.
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CULE

CUDA Learning Environment

N

LEARNING
ALGO

Frames praductionr/ censumptionrate:>10K 7S / s
Democratize>RL.::moredrames:fordesssmoneyey
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RL training: CPU, GPU

Limitations

AGENDA

CuLE
Performance

Analysis and new scenarios
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RL TRAINING

The OpenAlATARI interface

I openai / atari-py ©Watch> 50  rstar 94 Yrork 52
<> Code Issues 7 Pull requests '§ Projects 0 Wiki Insights

A packaged and slightly-modified version of https.//github.com/bbitmaster/ale_python_interface

D 46 commits V 4 branche: © 0 releases &2 10 contributors
| ]
Branch: master « New pull request Create new file  Upload files  Find file Clone or download ~
. joschu Merge pull request #19 from Yangging/master |u. Latest commit 9952683 on Sep 10, 2017

I atari_py Adding std: to the transform function months ago
I doc update ALE to master@e13bda / version 0.5.1 11 months ago
[E) .gitignore Add tox testing config 2 years ago

https://github.com/openai/atari  -py (OpenAl gym)

eV

51 <A NVIDIA.
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RL TRAINING

CPU only based training

https://github.com/openai/atari-py (OpenAl gym)

DON
A3C

Mnih V. et al., Human -level control through deep reinforcement Learning, Nature, 2015
Minh V. et al., Asynchronous Methods for Deep Reinforcement Learning, ICML 2016 52 Anvibia


mailto:ifrosio@nvidia.com

Computational aspects of reinforcement learning difrosio@nvidia.com

RL TRAINING

Hybrid CPU GPU training

((((((

https://github.com/openai/atari-py (OpenAl gym) 10000 - 4x 11x 12x 20x
45x
DQN GA3C 1000 -
A3C , "
& 100 -
10 -
1

Small DNN Large DNN, Large DNN, Large DNN, Large DNN,
stride 4 stride 3 stride 2 stride 1

Babaeizadeh M. et al., Reinforcement Learning through Asynchronous Advantage Actor-Critic on a GPU, ICLR, 2017

53

m A3C
m GA3C
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RL TRAINING

Clusters

e | ES (GA)

s e A3C

- A2C
https://github.com/openai/atari-py (OpenAl gym) | M PA LA

=
DON GA3C
A3C 4

54 <A NVIDIA.

EspeholtL. et al., IMPALA: Scalable Distributed Deep-RL with Importance Weighted Actor -Learner Architectures, 2018
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RL TRAINING

DGX1

""" o ES (GA)
—— e A3C
- A2C
https://github.com/openai/atari-py (OpenAl gym) IMPALA
e
DON . GA3C
A3C e T e
Policy gradient
i Q-value
e

55 <A NVIDIA.

Stoole A., Abbeel P, Accelerated Methods for Deep Reinforcement Learnt 0, 2018
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RL TRAINING

Limitations

......

https://github.com/openai/atari-py (OpenAl gym)

DON

GA3C
A3C 4

56 <A NVIDIA.
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RL TRAINING

Limitations

ES (GA)

= S ——— A3C
: | A2C
https://github.com/openai/atari-py (OpenAl gym) IMPALA
é
$$$ Policy gradient
Q-value
é

57 <A NVIDIA.
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CULE

CUDA Learning Environment

N

LEARNING
ALGO

Frames praductionr/ censumptionorate:>10K @S / s
Democratize>R1.::moredrames:fordess:moneyey
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RL training: CPU, GPU

Limitations

AGENDA

CuLE
Performance

Analysis and new scenarios
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RL TRAINING (CPU SIMULATION)

Actions (, weights)

States, rewards

sorepdn

NVIDIA.
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RL TRAINING (CPU SIMULATION)

Standard training scenario

[=1 [0] GeForce GTX 1080
[=] Context 1 (CUDA)

¥ MemCpy (HoD) [ L T T, e,

7 MemCpy (DtoH) (N KA e e
* T MemCpy (DtoD) (A R A |II\IIIIIIIIIIIIIIIIIII|I|\IIIIIIIIIIIIIIIIIII|IIIIII|IIIIIIIIIII|IIIIIIII|IIIIIIIIIIII|I|IIIIIIIIIII|IIIII\IIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIIII\I|IIIIIIIIIIIIIIIIIIIIIIIIIIII|II\IIIIIIIIIIIIIIIII|
| [ A O 100 100 AR

Hc ¢
oo LT ||HIHHH\H\HHHIHHHHHHHIHIHHIIHIHHIH CEEECLE TP EECEEEEETEEE TP

[=| Streams
SR AT (A AT

- Stream 14

L ¥ MemCpy (HtoD)
L 5F MemCpy (DtoH) I I | I |
- 5F MemCpy (DtoD) I |||

Compute

|=| Streams

- Default (BN O O 1 [} (1] 1] L] ] L] N
| | |

- Stream 14
l,-rl’— \

States, rewards

61 <A NVIDIA.
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RL TRAINING (CPU SIMULATION)

Standard training scenario

Actions (, weights)

sorepdn

States, rewards

62 “ANVIDIA.
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RL TRAINING (CPU SIMULATION)

Standard training scenario

/Actions (, weights)

sarepdn

States, rewards

63 <A NVIDIA.
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RL TRAINING (CULE)

8 ﬂ Actions (, weights)

States, rewards

sorepdn

NVIDIA.
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RL TRAINING (GPU)

1-to-1 mapping of ALEs to threads
\\ \
\\ y ALE ATARI S|mulator

\.

] BEEE
F’Eggg ii
’1;;;;E=$ £ gz 28

ERIER
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GYM COMPATIBLE (MOSTLY)

AtariPy

for agent in (0, agents):
action.cpu () # transfer to CPU
observation, reward, done, info = env.step (action.numpy ()) # execute
observation.cuda () # transfer back GPU

reward.cuda ()
CuLE

# parallel call to all agents
observations, rewards, dones, infos = env.step (actions ) # execute

67 <A NVIDIA.
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PS5 {
PS (frames per second)

1400 4

1200 4

1000 4

800

600 9

400 4

1 mn'irulunvu‘fs[h)

step Jengths using

—h oprU
pU (copy)

i

9 k M
Number of steps

1 environment

FPS (frames per second)

Computati
ional aspec i
pects of reinforcement learning dif
ifrosio@nvidia
.com

16000

14000

12000 1

10000 7

35000 7

36000 7

34000 4

32000 1

FRAMES PER SECOND

Break '
out, inference only (no training)

)

1024 environments

2048 vn‘.‘imnu:vul,-.[ s

; s 24 e vimuml'ms[s
Performanc® for all steP Jengths using 1024 en
l’vrfummurn for all steP Jengths 1sing
- [
— arv
55000 1 e CPU copy)
600001
:
H
£, 55000 1
£
£ 500001
z
15000 1
2 K 6
Number of steps
1 2 k i
umber of 4¢P

4096 environments

GPU occupancy

FPS
PS (frames per second)

180000 1

160000 4

1 10000

I'J(K)ﬂﬂ g

I(KHMK! 4

S0000 1

60000 1

mwmsls)

s using 32768 envirol

l’t-r[urmzm('(- for all steP Jength

pU (copy)

5

2 K §
i Number of steps

32768 environments
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GYM COMPATIBLE (MOSTLY)

AtariPy
for agent in (0, agents):
action.cpu () # transfer to CPU
observation, reward, done, info = env.step ( action.numpy ()) # execute
observation.cuda () # transfer back GPU

reward.cuda ()

train()

# parallel call to all agents
observations, rewards, dones, infos = env.step (actions) # execute

train()

69 NVIDIA.
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REINFORCEMENT LEARNING

Breakout d A2C (preliminary result)

Average reward CPU vs GPU (1-hour of training with 10-minute warm-up)

17.5 4
15.0
H
L
. N
12.5 4 o,
L
= . :
% 10.0 4
i
o
Ef
7.5
2
-
a0
2.5 +  GPU {4096 agents) reward (avg)
«  CPU (16 agents) reward (avg) o
0.0 4 * CPU (16 agents) reward (moving avg-200) L
T T T T T T T T
0 00 1000 1500 2000 2500 3000 ao00

Time
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TRADEOFF

Same amount of time: CuLEvs. non CuLE

Agents
>
10 ~ 100 agents 1,000 ~ 100,000 agents

™~ update 1 ~ update 1
&
% ~ update 2
= ™~ update 3

™~ update 4

S update 5 Bandwidth vs. Latency

v ~ update 6

72 <A NVIDIA.

Traditional approach
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TRADEOFF

Same amount of time: CuLEvs. non CuLE
Agents

10 ~ 100 agents 1,000 ~ 100,000 agents

™~ update 1 S~ update 1

~ J
pdate 2
~ update 2
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v ~ update 6
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TRADEOFF

Same amount of time: CuLEvs. non CuLE
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10 ~ 100 agents 1,000 ~ 100,000 agents

™~ update 1 S~ update 1
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~ update 2

~ update 3
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~ update 3

™~ update 4
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v ~ update 6
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GYM COMPATIBLE (MOSTLY)

AtariPy / CuLE

for time in (0, np.inf):
action.cpu () # transfer to CPU

observation, reward, done, info = env.step ( action.numpy ()) # execute
cpu_state = cule.get state () # get state
train()

# seed, cule : set state (gpuState , cpuState )
env.seed (cpu_state , first agent =0, last_ agent =100)

# parallel call to all agents
observations, rewards, dones, infos = env.step (actions) # execute

C A
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SEEDING

Same amount of time: CuLEvs. non CuLE

Agents .
10 ~ 100 agents 1,000 ~ 100,000 agents
— C.JLE
seed 1
é ~_ e 2 ’ ’ ’ ™~ update 1
©
o S~ seed 3
™~ seed 4
™~ seed5 Bandwidth vs. Latency
v N seed 6

76 <A NVIDIA.

Traditional approach


mailto:ifrosio@nvidia.com

Computational aspects of reinforcement learning o

CONCLUSION

More frames for less money (democratizing RL)

New scenarios
How to use large batches?
Scecend iromghe AU oEm ...t he CPU, ES

IIIIIII


mailto:ifrosio@nvidia.com

