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Deep RL: successes and limitations

Simulation = success __Computation-Constrained Data-Constrained  _ Heal-world = not applied...

Atari games
[Mnih et. al., 2015] |

[

L 4Py

-‘_
el HE AlphaGo/AlphaZero !
| [Silver et. al., 2016; 2017]

Parkour i
[Heess et. al., 2017] ¢
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Why Robotics?
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Recipe for a Good Deep RL Algorithm

Risk-Aware X [&EiR Reliability
o] Se%
Transferability/Generalization PJ35#21%, 54

State/Temporal Abstraction BZSHiZ21t,

Human-free Learning It ARIE ] a1E
Scalability r]§ B4
Algorithm
Stability 2 E 4 .
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Outline of the talk

Sample-efficiency RIFZFER
Good Off-policy Algorithm IFEIE K E % NAF [Gu et al, 2016], Q-Prop/IPG [Gu et al, 2017/2017]
Good Model-based Algorithm 3FINBRREIE A TDM [Pong*, Gu* et al, 2018]

Human-free Learning It EEARNE ]

Safe & reset-free R

_ZEW, KE

“Universal” reward

‘unction 5 aEZX

Temporal Abstraction B8]l 51t
Data-efficient hierarchical RL SR FR03K, R mEMF>) HIRO [Nachum, Gu et al, 2018]

HA9E = >] : LNT [Eysenbach, Gu et al, 2018]
FIERZEN . TDM [Pong®, Gu* et al, 2018]

—_—
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Notations & Definitions

| on-policy model-free fEFRTCIERYE: e.g. policy search ~ trial and error iR {5
St+1 ~ p(St11/8t, ft) T ] 6’}?&

- "-; p— —
j,.r"’f; i| { EnvimnmemJ </ H“‘HH ;%L}“{’“ e
// N\ ™ = argmax [ E A,
f a “‘“ﬂ,_‘h‘ -
[( Observation, Reward Action) . -
ﬁmxs t+1,7Tt _: /;;“
AN « O 4 // off-policy model-free BRIIRELA: e.g. Q-learning ~ introspection &
H_“_h “*.h‘ i - — —_
~— > = 2
— L N \ |
g 8 g(ag|st) Q" = arg i O (Q(sf a;) — 7y — ymax QS 1, a,))
= s i ! ¢ ‘ / a ‘ 4

7 (ayls)) = 0 (a,L = arg max Q" (s,. a))
a

model-based & 8Y%: e.g. MPC ~ imagination 8%

* = arg minEs [||f(s1,0) — st |2

T
T L af = arg max E Vg, where s = [(Seps, Qrai)

Q.o T =<
=0
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Sample-efficiency & RL controversy

LLI

A L

Loz
Ll

— AUTERE”

~
—

On-policy EAMOff-policy
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So.7s Qo7 To.T
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learning signals ZF {55

sample-efficiency RIFEIFE
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S0 Qo To.T

instability {2 E 4
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Toward Good Off-policy Deep

Introspectlon )

.lh =
ks

"

: iy

“Better” DDPG
NAF [Gu et al 2016], Double DQN [Hasselt et al 2016],
et al 2017], SQL/SAC [Haarnoja et al 2017/2017], GAC

RL Algorithm

Trial & error 15 On-policy Monte Carlo policy gradient,
e.g. TRPO [Schulman et al, 2015]
Many new samples needed per
update.
- Stable but very sample-intensive

Off-policy actor-critic,

e.q. DDPG [Lilicrap et al, 2016]
No new samples needed per
update!

- Quite sensitive to hyper-parameters

imperfect A2 #18Y,

Dueling DQN [Wang et al 2016], Q—Prop/IPG |Gu et al 2017/2017], ICNN [AmMOos

Tangkaratt et al 2018], MPQO [Abdolmaleki et al 2018], TD3 [Fujimoto et al 2018], ...
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Normalized Advantage Functions (NAF)

Benefit: 2 objectives (actor-critic) to 1 objective (Q-learning)
Halve #hyperparameters

Limitation: expressibility of Q-function
Doesn’'t work well on locomotion 3-joint peg insertion
Works well on manipulation .

JACQO arm grasp & reach

rewards

b — NAF
DDPG

0 200 400 600 800 1000

episodes
‘!ﬁ f.-.s’, I Q l
\ e Related (later) work:

4 ""J';n::_
- R - Dueling Network [Wang et al 2016]

‘ “ A}L - ICNN [Amos et al 2017]

|Gu, Lillicrap, Sutskever, Levine, ICML 2016] * SQL [Hajaorna et al 2017] E rJ 5 Dj(é\




= PP

t N\ =88y X

Asynchronous NAF for Simple Manipulation

Train time/Exploration Test time Disturbance test

0.4

Updated Q

0.3 1 worker

Training ‘

Robot 1

Thread
/ Minibatches

1
|

(s,ars.t) | Replay Buffer

2 workers

0.2

0.1

Robot 2

0.0 Samples

test reward

-0.1

-0.2 2.5 hours

-0.3
100 200 300 400 500 600 700 800

updates (1000s)

[GU*, Holly*, Lillicrap, Levine, ICRA 2017] cosbxR=
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£\ 5 & 9 K BB off-policy grad

Q-Prop & Interpolated Policy Gradient (IPG)

On-policy algorithms are stable. How to make off-policy more on-policy? S
Mixing Monte Carlo returns 3000
Trust-region policy update : 2500
' ' S 2000
On-policy exploration 5
' ' @ 1500
Bias trade-offs (theoretically bounded) 5
< 1“““ Mg AR
: - N 1t oy NI B 500 .. _._-,'_--.:.‘.~.*-n:--_1=_~‘""""'“":‘I:':':"UD'F'E"”""
Trial & error 'Lfthl Critic TH;'L % Q(S? a) C ot el :ﬁiﬁﬂ?&ﬁ:ﬁﬁa“
@:ﬁi} % 5000 10000 15000 20000 25000
corks! 7% Episodes
5000
— |PG-1=1
4000 e Ll
s (-Prop
£ 3000 — ™°
Eri 2000
E 1000

D _

-1000
Related concurrent work: 0 1000 2000 3000 4000 5000 6000 7000

[Gu, Lillicrap, Ghahramani, Turner, Levine, ICLR 2017] Episodes

i - - - PGQ [O’Donoghue et al 2017]
[Gu, Lillicrap, Ghahramani, Turner, Schoelkopf, Levine, NIPS 2017] =\
ACER [Wang et al 2017] COADRE
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Toward Good Model-based Deep RL Algorithm

- Rethinking Q-learning
- Q-learning vs parameterized Q-learning

Q(S7 a’) : (Sty at, St41, frt) 7 B Q(Sv a, (]) : (Sty at, St-l—l) ™~ 67 't = T(Sta Aty St4+15 (])

I TN

Ji/uﬁ' L,BX'I:I;'M:EQ—EJI

Off-policy + Relabeling trick
from HER [Andrychowicz et al,
2017]

Examples:
- UVF [Schaul et al, 2015]
- TDM [Pong*, Gu* et al 2017]

Introspection (off-policy model-free) + relabeling = imagination (model-based)?

E (BRITEE) +IfRiciZilsE =B8R (ARE) ?
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Temporal Difference Models (TDM)

- A certain parameterized Q-function is a generalization of dynamics model
- Efficient learning by relabeling
- Novel model-based planning

‘T’d(z‘;[? Ay Si+1. 59; T,) — = l)(f‘;l.+17 551)1 [T — 0}

a; = argmax 7.(Sir7,air) such that Q(ss, as, Sepp, T —1) =0
At ,dt4+T,8¢4+T

— T

Final Distance to Goal im}
o
I

£ a0 WA

2 ¥ :

i i At M " A
= Y - Y e MU L T
& 25 TOHW -r".-" ¥ ¥ W
L —— DDPRG

0.2 4
— HER
0.1 2.0 1 — pDPG-sparse W
: — Model-Rased
0.0 T T T T T T T T
[Pong*, Gu*, Dalal, Levine, ICLR 2018] ; i 7o » w % 0 T I PR

Emvinonmen L Skeps (x1000)
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Toward Human-free Learning It AR=E >

Human-administered, Autonomous, Continual,
Manual resetting, Safe, Human-free
Reward engineering

cOaDAR=
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Leave No Trace (LNT) ANEIEMD
Who resets th £7?
sk FAIRPLEX
- PhD students T il s
| earn to reset ' il _ =

Early abort based on how likely you can go back to
initial state (reset Q-function)

Goal: reduce/eliminate manual resets = safe,
autonomous, continual learning + curriculum

£ = {(8,8) € € | Qreset(8:a) > Qmin} ﬁgﬁﬁg -

Related work:
Asymmetric self-play [Sukhbaatar et al 2017]
Automatic goal generation [Held et al 2017]
[Eysenbach, Gu, Ibarz, Levine, ICLR 2018] - Reverse curriculum [Florensa et al 2017]

cOabKR=
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A “Universal” Reward Function “J38E"2Z 1K EX + Off-Policy Learning

—

ety
L

MEINS.
| I -:r* |

D ﬁ kt' Ve -

- Goal: learn as many useful skills as possible sample-efficiently with minimal reward engineering

- Examples:

Goal—reaching reward, e.g. e Diversity reward, e.g.
UVF [Schaul et al 2015)/HER[Andrychowicz], | e SNN4HRL [Florensa et al 2017], DIAYN [Eysenbach et al 2018]

R S ﬁ ﬁ 2
L]
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Toward Temporal Abstractions B[S L

When you don’t know how to ride bike... When you know how to ride bike...

How to efficiently solve other problems?

cOaDAR=
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Hlerarchical Reinforcement learning with Off-policy correction (HIRO)

- Most recent HRL work is on-policy

*e.g. option-critic [Bacon et al 2015], FUN [Vezhnevets et

al 2017], SNN4HRL [Florensa et al 2017], MLSH [Frans et
al 2018]

- VERY data-intensive
- How to correct for off-policy? Relabel the action.

- AZcles, EcideiE

(Sta gt, SH-C) (St7 gta St—l-c) | ; l l T
‘a (d
~ lo.new [ | 0 -policy training wi
gt — a’rg ma’X log l’l’ , (att+c—1 ‘ St) g) '/' Hm 1(""{ Hh ‘r/"‘{ Hh ("" H'D S re&?lgnﬁ:t:nc%;al-mn%itinﬂ:fd
oo ® rewarasr Sr ﬂ't, Hr Sflﬂ 2
g sﬂ 51 St.: -1 sc
‘\,ﬁ aﬂ \ af N\ a-: -1 N\ ac
NN e N
Environment ceoe el f

i A S S o

[Nachum, Gu, Lee, Levine, preprint 2018] -
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HIRO (cont.)

Ant Maze

Ant Push

Ant Fall

Ant Gather | Ant Maze Ant Push Ant Fall
HIRO 3.02+1.49 | 0.994+0.01 | 0.921+0.04 | 0.66+0.07
FuN representation | 0.03 £ 0.01 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
FuN transition PG | 0.41 £0.06 | 0.0£0.0 | 0.56 £0.39 | 0.01 £ 0.02
FuN cos similarity | 0.85 £ 1.17 | 0.16 £0.33 | 0.06 = 0.17 | 0.07 £ 0.22
FuN 0.01£0.01 | 0.0£0.0 0.0 £0.0 0.0£0.0
SNN4HRL 1.92+052 | 00x=0.0 | 0.02+=0.01 | 0.0x=0.0
VIME 1.42+090 | 0.0x=0.0 | 0.02+=0.02 | 0.0x=0.0

[Nachum, Gu, Lee, Levine, preprint 2018]

Test rewards at 20000 episodes

[Vezhnevets et al, 2017/]

[Florensa et al, 2017]
[Houthooft et al, 2016]
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DIscussion

- Optimizing for computation alone is not enough; also for sample-efficiency and stability; data is valuable.
Efficient algorithms 5 SR FM R E %
Human-free learning It AN F >

Reliability 7] g%
Natural language, Causality ||/ interpretabiiey AlmeE # Simulation
Distributional, Bayesian Risk-Aware K& &R Reliability " Mu_ltl-’_cask
. . B St + Imitation
Sim2Real, Meta learning Transferability/Generalization AIF## 1, LRt + Human-feedback
HIRO + etc. State/Temporal Abstraction B iS¢
LNT/TDM + etc. i s
Human-free Learning T ANE>]
Scalability °J§ E1%
- Algorithm
NAF/Q-Prop/IPG/TDM Stability 13 E % EEE

vete. [ womessolit 00 |
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Thank yQu! Contact: sg/17/@cam.ac.uk, shanegu@google.com

a3 UNIVERSITY OF [
¥ CAMBRIDGE

UB ER

@) Berkeley QO DeepMind

Sergey Levine, Vitchyr Pong Timothy Lillicrap

Bernhard Schoelkopf llya Sutskever (now at OpenAl), Ethan Holly, Ben Eysenbach, Ofir Nachum, Honglak Lee

...and other amazing colleagues from: Cambridge, MPI Tuebingen, Google Brain, and DeepMind

cOabKR=


mailto:sg717@cam.ac.uk
mailto:shanegu@google.com

