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Learning
Agent

s Consider control policy parameterized
by parameter vector 6

max E[» ~ R(s¢)|mo]

= Often stochastic policy class (smooths
out the problem):

0y’ (u|s) : probability of action u in state s



Why Policy Optimization

s Often 7T can be simpler than Q or V

= E.g., robotic grasp

s V:doesn’t prescribe actions

= Would need dynamics model (+ compute 1 Bellman back-up)

= Q: need to be able to efficiently solve arg max Qy(s, a)
a

= Challenge for continuous / high-dimensional action spaces



Example Policy Optimization Success Stories

Kohl and Stone, 2004 Ng et al, 2004 Tedrake et al, 2005 Kober and Peters, 2009

P/

Iteration O

N
Schulman et al, 2016 |eyine*, Finn*, et al, 2016

Schulman et al, 2015 Silver et al, 2014 (DPG)

Mnih et al, 2015 (A3C) (DDPG) (GPS)



Policy Optimization in the RL Landscape

Policy Optimization Dynamic Programming
modified
pollcy |terat|on
DFO / Evolution Policy Gradients Policy Iteratlon Value lteration

\ %
Actor-Critic

Methods



Outline

Derivative free methods

= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning
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Cross-Entropy Method

0
t=0

Views U as a black box

lgnores all other information
other than U collecting during
episode

= evolutionary algorithm

population:  P,,:)(0)

max U(6) = m@ax E[Z R(s¢)|mg]

CEM:
foriteri=1, 2, ...
for population membere =1, 2, ...
sample 9(¢) ~ P, ) (0)
execute roll-outs under 7T g (e)
store (9(¢), ()
endfor

(i+1) _ loo P (6(®)
p argmax »  log P,,(0'))

where € indexes over top p %
endfor




Cross-Entropy Method

s Works embarrassingly well

Method Mean Score Reference
Nonreinforcement learning

Hand-coded 631,167 Dellacherie (Fahey, 2003)

Genetic algorithm 586,103 (Bohm et al., 2004) Istvdn Szita and Andrds Lorincz. “Learning
Reinforcement learning Tetris using the noisy cross-entropy method”.

Relational reinforcement ~50 Ramon and Driessens (2004) In: Neural computation 18.12 (2006),

learning-+kernel-based regression pp. 2936-2941
Policy iteration 3183 Bertsekas and Tsitsiklis (1996) )
Least squares policy iteration <3000 Lagoudakis, Parr, and
Littman (2002)

Linear programming + Bootstrap 4274 Farias and van Roy (2006)

Natural policy gradient ~6800 Kakade (2001)

CE+RL 21,252

CE+RL, constant noise 72,705

CE+RL, decreasing noise 348,895

Approximate Dynamic Programming Finally

Performs Well in the Game of Tetris [ NIPS 201 3]
Victor Gabillon Mohammad Ghavamzadeh* Bruno Scherrer
INRIA Lille - Nord Europe, INRIA Lille - Team SequeLL INRIA Nancy - Grand Est,
Team SequeL, FRANCE & Adobe Research Team Maia, FRANCE

victor.gabillon@inria.fr mohammad.ghavamzadeh@inria.fr ~ bruno.scherrer@inria.fr



Cross-Entropy Method

s Covariance Matrix Adaptation (CMA) has become standard in
graphics [Hansen, Ostermeier, 1996]

Optimal Gait and Form for Animal Locomotion

Kevin Wampler* Zoran Popovi¢

University of Washington

AL M N o S SR ) A

Optimizing Walking Controllers for Uncertain Inputs and Environments

Jack M. Wang David J. Fleet Aaron Hertzmann

University of Toronto




Cross-Entropy Method

s Caveat: best when number of parameters is relatively small

= i.e., number of population members comparable to or larger than
number of parameters

- in practice OK if low-dimensional 8 and willing to do do many runs

— Easy to implement baseline to compare with!



Black Box Gradient Computation

We can compute the gradient g using standard finite difference methods, as
follows:

3_U(9) U0+ eej) —U(O — eey)
893' N 2€

(0

0

Where:

0
1 | < j4'th entry
0

¥




Challenge: Noise Can Dominate




Solution 1: Average over many samples




Solution 2: Fix random seed

fixed random
seed sample




Solution 2: Fix random seed

= Randomness in policy and dynamics

= But can often only control randomness in policy..

s Example: wind influence on a helicopter is stochastic, but if
we assume the same wind pattern across trials, this will make
the different choices of 8 more readily comparable

[Ng & Jordan, 2000] provide theoretical analysis of gains from fixing
randomness (“pegasus”)



[ Policy search was done in simulation] [Ng + al, ISER 2004]




Learning to Hover

x,y,2: x points forward along the helicopter, y sideways to the right, z
downward.

Ng, Ny, N,: Totation vector that brings helicopter back to“level” position (ex-
pressed in the helicopter frame).

Ucollective = 01 * f1 (Z* - Z) +05 -2

Uelevator = 03 - fZ(x* — -'L') + 04f4((L') + 05 - q+ Os - Ty
Ugileron — 07 ’ f3(y* _ y) + 08f5(y) + 09 "D+ 910 "Ny

Urudder = 011 T+ 012 "Ny
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Likelihood Ratio Policy Gradient

We let 7 denote a state-action sequence sg,ug,...,Sg,uyg. We overload
notation: R(7) = Zflzo R(s¢,uy).

U E[ZR st,ut 7'('9 ZP’T@

t=0

In our new notation, our goal is to find 6:

max U(f) = mgmxz P(t;0)R(T



Likelihood Ratio Policy Gradient

U(®) =) P(r;0)R(r)
Taking the gradient w.r.t. 6 gives

VoU(0) = Vo Y _ P(;0)R(r)
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Likelihood Ratio Policy Gradient

U(®) =) P(r;0)R(r)
Taking the gradient w.r.t. 6 gives
VoU(0) = Vo » _ P(r;0)R(7)

=) " VoP(r;6)R(7)

= Z ]P;g_: z; VoP(1;0)R(T)




Likelihood Ratio Policy Gradient

U(6) =) P(r;6)R(r)

Taking the gradient w.r.t. 6 gives

VoU(0) = Vo Y _ P(;0)R(r)

= Z VoP(r;0)R(7)

Z ﬁgT z VoP(r;0)R(7)

= X PO B )




Likelihood Ratio Policy Gradient

U(6) =) P(r;6)R(r)

Taking the gradient w.r.t. 6 gives

VoU(0) = Vo Y _ P(;0)R(r)

= Z VoP(r;0)R(7)

Z ﬁgT z VoP(r;0)R(7)

VPTO)
=2 Pri O p gy RO

— ZP(T )V log P(r;0)R(7)




Likelihood Ratio Policy Gradient

=Y P(r;0)R(r)

Taking the gradient w.r.t. 6 gives

VoU(0) = Vo Y _ P(;0)R(r)

= Z Vo P(7;0)R(7)

Z]]ZF-ZVPTO)R()

VPTO)
=2 Pri O p gy RO

- ZP(T, )V log P(r;0)R(7)

Approximate with the empirical estimate for m sample paths under policy
To:

~ 1 - ) %
VoU(0) ~ §=— Y Velog P(r;0)R(r?)
=1



Derivation from Importance Sampling

U(6) = Erma | prg s R

P(T‘901d>

[Tang&Abbeel, 2011]



Derivation from Importance Sampling

U(6) = Erma | prg s R

P(T‘eold)

VoP(T|0)
P(rlfa) T)]

VoU(6) = Errg,, [

[Tang&Abbeel, 2011]



Derivation from Importance Sampling

U(6) = Erma | prg s R

P(T‘eold)

VoP(T|0)
P(rlfa) T)]

VoU(6) = Errg,, [

Vo P(T|0)l,
P(7]0c1a) (T)]

VQ U(e)‘ezeold — ETNeold [

[Tang&Abbeel, 2011]



Derivation from Importance Sampling

U(6) = Erma | prg s R

P(T‘eold)

VoP(T|0)
P(rlfa) T)]

VoU(6) = Errg,, [

Vo P(T|0)l,
P(7]0c1a) (T)]

VQ U(e)‘ezeold — ETNeold [
= Ernbo1q [V@ log P(T‘Q)‘Oold R(T)}

[Tang&Abbeel, 2011]



Derivation from Importance Sampling

U(6) = Erma | prg s R

P(T‘eold)

VoP(T|0)
P(rlfa) T)]

VoU(6) = Errg,, [

Vo P(T|0)l,
P(7]0c1a) (T)]

VG U(e)‘ezeold — ETNeold [
= ET~901d [V@ log P(T‘e)‘eold R(T)}

Note: Suggests we can also look at more than just gradient! [Tang&Abbeel, 2011]



Likelihood Ratio Gradient: Validity

1 | |
VU (6 wA:_EVl P(r: 9)R(+®
(6) m olog P(T""; 0)R(T™)
EVENIEEIS
DISCONTINUDUS?
= Valid even if R is discontinuous, and r;

unknown, or sample space (of paths)
is a discrete set




Likelihood Ratio Gradient: Intuition

1 . |
VU = g=—> Vylog P(rV: 0)R(+¥
O)~5= 3 Volog Pr¥:0)R(r)
s Gradient tries to:

= Increase probability of paths with
positive R

= Decrease probability of paths with
negative R

I Likelihood ratio changes probabilities of experienced paths,
does not try to change the paths (see Path Derivative later)



Let’s Decompose Path into States and Actions

Vo 10gP(7'(i)59) = Vg log HP 5t+1 gz),ut ) - 7r9(71't2)|5(2))

dynamlcs model policy



Let’s Decompose Path into States and Actions

Vo logP(T(i);Q) = Vg log HP 5t+1 gz),ut ) - 7T9(utz)|3(2))

dynamlcs model policy

H
= Vy Z log P 3t+1|51(5z)a ng) ) + Z log We(ut(:z) |5§z))
t=0 t=0



Let’s Decompose Path into States and Actions

Vo logP('r(i);Q) = Vg log HP 5t+1 gz),ut ) - 7T9(utz)|3(2))

dynamlcs model policy
H . .
= Vy Z log P st+1|s§z), ul?) + Z log 7o (ul?]s$?)
t=0 t=0

—Vngogw )|s



Let’s Decompose Path into States and Actions

Vo logP('r(i);Q) = Vj log HP 5t+1 gz),ut )T ( gi)|3§i)2

7

dynamlcs model policy
H . .
= Vy Z log P st+1|s§z), ul?) + Z log 7o (ul?]s$?)
t=0 t=0

H
= Vy Z log mo(ul? |s{?)
t=0

s

— Z Vg logmg (ugz) |s§i))

t=0 . .
no dynamics model required!!




Likelihood Ratio Gradient Estimate

The following expression provides us with an unbiased estimate of the gradient,
and we can compute it without access to a dynamics model:

= iz Vo log P(1 (). O)R(T (z))
m :

Here:

Volog P(T (3). ;0) Z Vg log 7o (u )|s(i))

4

no dynamics model required!!

Unbiased means:

E[g] = VoU(0)



Likelihood Ratio Gradient Estimate

= As formulated thus far: unbiased but very noisy

= Fixes that lead to real-world practicality
= Baseline

= Temporal structure

= Also: KL-divergence trust region / natural gradient (= general trick,
equally applicable to perturbation analysis and finite differences)



Likelihood Ratio Gradient: Baseline

VU ()

2

1 & | .
j = — ZV@ log P(7; 0)R(7V)
m

=1
m To build intuition, let’s assume R >0

= Then tries to increase probabilities of all paths

still unbiased

> Consider baseline b: —

1 .
VU ~G=—> Vglog P(rD;0)(R(rD) — b)

m

||M3

Good choice for b?

U(0) [in practice estimate]



Likelihood Ratio and Temporal Structure

m Current estimate:

_ 1 Y Volog P(r;0)(R(=) — b)
m

1=1
1 m H—-1 0 0
= — E E Vol ’ g R !

m Future actions do not depend on past rewards, hence can
lower variance by instead using:

1 O (é) «— (5D 40 (é)
T v1 1 1 1
—> > Vologmp(u;|s;" Y RGPl = bs >>
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Step-sizing and Trust Regions

= Step-sizing necessary as gradient is only first-order
approximation



What's in a step-size?

m Terrible step sizes, always an issue, but how about just not so
great ones?

= Supervised learning

= Step too far 2 next update will correct for it

= Reinforcement learning W St

= Step too far = terrible policy

= Next mini-batch: collected under this terrible policy!

= Not clear how to recover short of going back and shrinking the step size



Step-sizing and Trust Regions

s Simple step-sizing: Line search in direction of gradient
= Simple, but expensive (evaluations along the line)

= Naive: ignores where the first-order approximation is good/poor



Step-sizing and Trust Regions

s Advanced step-sizing: Trust regions

= First-order approximation from gradient is a good
approximation within “trust region”

- Solve for best point within trust region:

AT
50
e I

st. KL(P(r;0)||P(r:0 + §6)) < &



Evaluating the KL

s Our problem:

m Recall:

AT
5
e

s.t. KL(P(r;0)||P(T;60 4+ 30)) <e

H-1

P(7;60) = P(so) | [ mo(uelse)P(se41lse,ue)



Evaluating the KL

= Our problem: max §' 00
s.t. KL(P(r;0)||P(T;60 4+ 30)) <e
H-1
m Recall: P(r;6) = P(s0) [ mo(ucls:)P(sisa]seur)
t=0
. P(r;0)
m Hence:  KL(P(r;0)||P(r;0+ 86)) pre 108 50+ 60



Evaluating the KL

= Our problem: max §' 00
s.t. KL(P(r;0)||P(T;60 4+ 30)) <e
H-1
s Recall: P(r;6) = P(s0) [ mo(ucls:)P(sisa]seur)
t=0
6
m Hence:  KLP(0)||P(r;0+ 56)) ZP 7:0) log (T(QT+)(50)

— Z P(T, 9) log P(SO) HfI:_01 ﬂ-g(ut|8t)P(St+1|3t7 ut)

P<$0) Hi?f 7T9+69(Ut|5t)P(5t—|—1|3t7ut)



Evaluating the KL

AT
= Our problem: max g 00
s.t. KL(P(r;0)||P(T;60 4+ 30)) <e

H-1
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T

P(so) T, mouelse) P(set |56, us)

= ZP(T; 6) log
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H-1
dynamics cancels out! © =3 P(r;0) log Uiz mo(usls)
T tho 779+59(Ut‘3t)
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Evaluating the KL

AT
= Our problem: max g 00
s.t. KL(P(r;0)||P(T;60 4+ 30)) <e

H-1

s Recall: P(r;6) = P(s0) [ mo(ucls:)P(sisa]seur)
. P(r;0)
= Hence:  KL(PO)IP(r:0+0) =) P(ri6)log 5 g =es

P(so) T, mouelse) P(set |56, us)

= ZP(T; 6) log

P<30) Hi?f 7T9+69(Ut|5t)P(5t—|—1|3t7ut)

H-1
dynamics cancels out! © =3 P(r;0) log Uiz mo(usls)
T Ht:O 7T9+59(ut‘3t)
! o (uls)
N mo(u|s) lo
M > o(uls) 8 otld)

(s,u) in roll—outs under 6

1
=7 Z K L(mg(u|s)||mo+s0(uls))
(s,u)~0



Evaluating the KL

AT
= Our problem: max g of

s.t. KL(P(m;0)||P(m;0 +4d0)) <e¢
s Has become: max q'é60
1

st 97 ( Z) QKL(WG(U\S)HWOMG(U\S) <e



Evaluating the KL

AT
= Our problem: max g 00

s.t. KL(P(1;0)||P(m;0+00)) <e¢

s Has become: max q'é60

1
st — > KL(mo(uls)||morse(uls) < e
(s,u)~0

s 2"9 order approximation to KL:



Evaluating the KL

AT
= Our problem: max g 00

s.t. KL(P(1;0)||P(m;0+00)) <e¢

s Has become: max q'é60

1
st — > KL(mo(uls)||morse(uls) < e
(s,u)~0

= 2"9order approximation to KL:

K L(mg(uls)||moss0(uls) =~ 507 Z Vo log mg(uls)Vy IOgT('@(US)T) W,
(s,u)~0



Evaluating the KL

~T
= Our problem: max g 00
s.t. KL(P(1;0)||P(m;0+00)) <e¢

s Has become: max q'é60

1
8.t i ( Z) QKL(WG(U\S)HWQMQ(U\S) <€

= 2"9order approximation to KL:

K L(mg(uls)||moss0(uls) =~ 507 Z Vo log mg(uls)Vy IOng@(’U,S)T> W,
(s,u)~0

= 60" Fyo0

= Fisher matrix [y easily computed from gradient calculations



Evaluating the KL

= Our problem: max g' oo

s.t. 00 Fpo0 < e

= |f constraint moved to objective = natural policy gradient
= [Kakade 2002, Bagnell & Schneider 2003, Peters & Schaal 2003]

m But keeping as constraint tends to be beneficial [Schulman et al 2015]

= Can be done through dual gradient descent on Lagrangian
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s.t. 00 Fpo0 < e
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Evaluating the KL

= Our problem: max g' oo

s.t. 00 Fpo0 < e

m Done?

= DeepRL-> { high-dimensional, and building / inverting Fjg impractical
= Efficient scheme through conjugate gradient [Schulman et al, 2015, TRPO]

= Can we do even better?

= Replace objective by surrogate loss that’s higher order approximation yet equally
efficient to evaluate [Schulman et al, 2015, TRPO]

= Note: the surrogate loss idea is generally applicable when likelihood ratio gradients
are used



Experiments in Locomotion

Our algorithm was tested on
three locomotion problems
in a physics simulator

The following gaits were obtained

[Schulman, Levine, Moritz, Jordan, Abbeel, 2014]



Learning Curves

-- Comparison

cost

-10

Cartpole

Vine
Single Path

Max KL
Empirical FIM
CEM

Natural Gradient

number of policy iterations

cost (-velocity + ctrl)

Swimmer

Vine

Single Path
Natural Gradient
Empirical FIM

CEM
CMA
RWR
REPS

0 10 20 30 40 50
number of policy iterations



Learning Curves -- Comparison

cost

Hopper Walker
0.0 : : 0.5 : :
: = \/ine : = \/ine
: : = Single Path 0.0 ke - Single Path ]
-0.5 EN N o = Natural Gradient —— Natural Gradient

CEM

NN — =

cost

0 50 100 150 200 0 50 100 150 200
number of policy iterations number of policy iterations



Atari Games

SECTIR D1

Pong Enduro Beamrider

Deep Q-Network (DQN) [Mnih et al, 2013/2015]
Dagger with Monte Carlo Tree Search [Xiao-Xiao et al, 2014]

Trust Region Policy Optimization [Schulman, Levine, Moritz, Jordan, Abbeel, 2015]
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1
m
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k=t |

Ms

1
m
1 t=0

7
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Recall Our Likelihood Ratio PG Estimator

H-1

M§

Vg log w@(ugi)\s (Z R S,E/,Z),u? — VT (S,(;))>
/ | |
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1
m
1 t=0

7

= = high variance per sample based / no generalization



Recall Our Likelihood Ratio PG Estimator

H-1
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1 t=0 |
—
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M§

1
m

7

1

= = high variance per sample based / no generalization

= Reduce variance by discounting



Recall Our Likelihood Ratio PG Estimator

H-1

Z Vo log mg(u )\s (Z R( sk ,uk V”(sl({f)))
J

1
m
t=0

1y,

1

/

s Estimation of Q from single roll-out

Q" (s,u) =E[rg+r1+7r2+---|sg = s,a0 = a

= = high variance per sample based / no generalization
= Reduce variance by discounting

= Reduce variance by function approximation (=critic)



Variance Reduction by Discounting

Q" (s,u) =El[ro +r1+7r2+---[s0 = s,a0 = a

- introduce discount factor as a hyperparameter to improve
estimate of Q:

QW”Y(Sau) — E[TO T YT T /72742 T ’80 — $,00 = CL]



Reducing Variance by Function Approximation

Q™ (s,u) = Elrg + 771 + 722 + -+ | 89 = 5,19 =



Reducing Variance by Function Approximation

Q" (s,u) = Elro + 41 +72r2 + -+ | 80 = 8,10 = 1]
=E[ro +vV7"(s1) | S0 = s, up = u]



Reducing Variance by Function Approximation

Q" (s,u) = Elro + 41 +72r2 + -+ | 80 = 8,10 = 1]
=E[ro +vV7"(s1) | S0 = s, up = u]

= E[ro + 771 +7°V"(s2) | 50 = 5,u0 = 1]



Reducing Variance by Function Approximation

Q™7 (s,u) =E[ro +yr1 +7*ro + -+ | 50 = s, u0 = u]
= E[ro + V" (s1) | s0 = s, u0 = u]
= E[rg + yr1 —|—’y2V7T(32) | s = s, ug = Ul

= :7“0 + yry + —|—’727“2 + ’YSVW(S;;) ‘ S0 = S, Upg = u]



Reducing Va
Q™ (s,u) =E
=K

riance by Function Approximation
:r0+77“1—|—727“2—|—---|30:3,u0:u] (1—=2N\)
ro +YV7(s1) | s0 = s, ug = ul (1—X)A

o+ 1 72V (s2) | so =s,up =u] (1 -\’

:7“0 + yry + —|-’727“2 -+ ’YSVW(S;;) ‘ Sop = S, Ug = u]
(1= M)\

m Generalized Advantage Estimation uses an exponentially
weighted average of sample estimates of these



Reducing Va
Q™ (s,u) =E
=K

riance by Function Approximation
:r0+77“1—|—727“2—|—---|30:3,u0:u] (1—=2N\)
ro +YV7(s1) | s0 = s, ug = ul (1—X)A

o+ 1 72V (s2) | so =s,up =u] (1 -\’

:7“0 + yry + —|-’727“2 -+ ’YSVW(S;;) ‘ Sop = S, Ug = u]
(1= M)\

m Generalized Advantage Estimation uses an exponentially
weighted average of sample estimates of these

= ~ TD(lambda)

/ eligibility traces (Sutton and Barto, 1990)



lllustrate effect of gamma and kappa

cost

Cart-pole learning curves (at ~=0.99)

20 30
number of policy iterations

Cart-pole performance after 20 iterations

0.92

0.96

Fy0.98

0.99

1'0- -

0.68 0.84 0.92 0.96 0.98 0.99 1.0

A

[Schulman et al, 2016 -- GAE]



Learning Locomotion (TRPO + GAE)

lteration O

[Schulman, Moritz, Levine, Jordan, Abbeel, 2016]



In Contrast: Darpa Robotics Challenge

IRPI.GX FA.R ' I.€4' ‘ IRPI.G)(-.

I A S ————




Async Advantage Actor Critic (

A3C)

Score

s [Mnih et al, 2015]
= Likelihood Ratio Policy Gradient

= Generalized Advantage Estimation

i k
16000 Beamrider 600 Breakout 30 Pong 12000 Q*bert
— DQN — DQN — DQN
14000 — 1-step Q 500 — l-stepQ 20 0000 — l-stepQ
—— 1-step SARSA —— 1-step SARSA —— 1-step SARSA
12000
—— n-step Q — n-step Q —— n-step Q
10000 A3C 400 A3C 10 8000 A3C
L o 2
8000 S 300 0 6000 S
74 ) ) )
6000 / 200 -10 — ?Qz“ g 4000
— 1-step
0% 100 -20 — LStepSARSA 000
2000 — n-step Q
A3C /
0 0 -30 0
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
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Space Invaders

1600
— DQN
1400 ]_.stepQ
1200 — 1-step SARSA
—— n-step Q
1000 A3C
800
600
400/
200
0
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Training time (hours)



Outline

Derivative free methods

= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning



Gradient-Based Policy Optimization

H
max Uf) = max E| ZR st)|mo]

7T9 7_‘_9 7T0

IN{o] N[



Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]




Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]

= Can compute gradient estimate along current roll-out:



Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]

= Can compute gradient estimate along current roll-out:
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Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]

= Can compute gradient estimate along current roll-out:

H

U  —~OR ( )8st
06;  ~= s " o8,
8815 8f 8875_1 8f (7ut_1

= (St—laut—l)

691 0s

96 T 95 Sttt 5



Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]

= Can compute gradient estimate along current roll-out:

H

oU B 8_R( )&St

06;  ~= s " o8,

8815 o 8f 8875_1 8f (7ut_1
90, _ Os (8¢—1,ut—1) 90, + Ds (8¢—1,ut—1) 90,
Ouy  Omy Oy Osy



Path Derivative

= Reminder of optimization objective:

max U(f) = max E[> " R(st)|mo]

= Can compute gradient estimate along current roll-out:

H

ou OR 05y
00, a(st)agi Assumes:
5 i‘):; 5 of 5 - fknown
5t St—1 Ut—1 - f deterministic
90, s (8¢—1,ut—1) 90, + s (8t—1,ut—1) 90,
Ouy  Omy Oy Osy



Path Derivative for Stochastic f — Additive Noise

Se41 = f(S¢, ut) + wy

— for any sample trajectory, can backsolve for
the value of w, and then apply same idea as
for deterministic f for each sample trajectory



Path Derivative for Stochastic f — Reparameterization Trick




Path Derivative for Stochastic f — Reparameterization Trick

= Original: St4+1 = fSTOCH(St7 U, (9)

m Reparameterized: St41 — fDET(St,Ut,9,§STOCH)



Path Derivative for Stochastic f — Reparameterization Trick

= Original: St4+1 = fSTOCH(St7 U, (9)

m Reparameterized: St41 — fDET(St,Ut,9,§STOCH)

m E.g. St+1 N(Q(St; U, 9)7 0-2)



Path Derivative for Stochastic f — Reparameterization Trick

= Original: St4+1 = fSTOCH(St7 U, (9)
m Reparameterized: St41 — fDET(St,ut, 9,§STOCH)
2

> Sea1 = g(Sg,ug, 0) + o€



SVG:

ou
00;

0s;
00;
ouy
00;

SVG, (D)DPG

max U (f) = max E[) ~ R(s¢)|m]

t=0

Computes gradient estimate along current roll-out:

H

> Py

9s ! Be,

t=0

0 08— 0 Ouy_
a_ic(st—laut—l) gtezl +8_£(5t—1aut—1) gtell
87@ 87T9 8st

891 (Stag) + E(Stae)a_ei

[SVG: Heess et al, 2015; DPG: Silver, 2014, DDPG Lillicrap et al, 2015 ]




SVG, (D)DPG

= SVG: max U (f) = max E[) ~ R(s¢)|m]

t=0
= Computes gradient estimate along current roll-out:
U <~OR,  Os

06, -~ ﬁ(sf)aei R
8St 8f 8875_1 (9f aut_l

90, as(st 1, Ut—1) 90, +$(5t—1aut—1) 90,

Oouy  Omg Oy Os¢

26, — oo, 00+ 5o (su0) 50

s DPG, DDPG replace sum of future rewards by fitted Q

d 7T
du (s, u) says how to improve action

[SVG: Heess et al, 2015; DPG: Silver, 2014, DDPG Lillicrap et al, 2015 ]



Outline

Derivative free methods

= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning



Stochastic Computation Graphs

s For any stochastic neural net
= Can mix and match likelihood ratio and path derivative

= If black-box node: might need to place stochastic node in front of it and
use likelihood ratio

= This includes recurrent neural net policies etc.

s Details: Schulman, Heess, Weber, Abbeel, NIPS 2015






Benchmarking [Duan et al, ICML 2016]

Task Random REINFORCE TNPG RWR REPS TRPO CEM CMA-ES DDPG
Cart-Pole Balancing 77.140.0 4693.7+ 14.0 39864 + 7489 48615 + 123  565.6+137.6 48698 + 37.6 48154+ 4.8 2440.4+568.3 46344 + 87.8
Inverted Pendulum* —153.440.2 13.44+ 18.0 2097 + 555 84.7+ 13.8 —113.3+ 4.6 2472 + 761 38.2+ 25.7 —40.1+ 5.7 400 +244.6
Mountain Car —415.44+£0.0 —67.14+ 1.0 -665 + 45 —79.4+ 1.1 -275.6+166.3 -61.7 + 09 —66.0+ 24 —85.0+ 7.7 —288.4+170.3
Acrobot —1904.5+1.0 —508.1+ 91.0 —395.84+121.2 —352.7+ 35.9 —1001.5+ 10.8 —326.0+ 24.4 —436.8+ 14.7 —785.6+ 13.1 -2236 + 5.8
Double Inverted Pendulum*  149.7+0.1 4116.5+ 65.2 44554 + 37.6 3614.8+368.1 446.7+114.8 44124 + 504 2566.24+178.9 1576.1+ 51.3 2863.4+154.0
Swimmer* —1.740.1 923+ 0.1 960 + 02 60.7+ 5.5 38+ 3.3 960 + 02 688+ 24 6494+ 14 858+ 1.8
Hopper 8.4+0.0 714.0+ 29.3 11551 + 579  553.2+ 71.0  86.7+ 17.6 11833 =+ 150.0 63.1+ 7.8 203+ 14.3 267.1+ 43.5
2D Walker —1.740.0 506.5+ 78.8 1382.6 + 1082 136.04+ 15.9 —37.04 38.1 13538 + 850 845+ 19.2  77.1+ 24.3 318.4+181.6
Half-Cheetah —90.84+0.3 1183.1+ 69.2 17295 +184.6 376.1+ 28.2  34.5+ 38.0 19140 +120.1  330.4+274.8 441.3+107.6 21486 =+ 702.7
Ant* 13.4+0.7 548.34 55.5 7060 =+ 127.7 37.6+ 3.1  39.0+ 9.8 7302 + 613 49.2+ 5.9 17.8+ 155  326.2+ 20.8
Simple Humanoid 41.5+0.2 128.14 34.0 2550 =+ 245 933+ 17.4 283+ 4.7 2697 + 403 60.6+ 12.9  28.7+ 3.9  99.4+ 28.1
Full Humanoid 13.240.1  262.24+ 10.5 2884 =+ 252 46.7+ 5.6  41.7+ 6.1 287.0 + 234 369+ 2.9 NA+ NA  119.04+ 31.2
Cart-Pole Balancing (LS)* 77.140.0 420.9+265.5 9451 + 27.8 68.9+ 1.5 898.1+ 22.1 960.2 + 460  227.04+223.0 68.0+ 1.6

Inverted Pendulum (LS) —122.14£0.1 -—1344+ 32 07 + 61 —107.4+ 02 -87.2+ 80 45 + 41 —81.24 332 —62.4+ 3.4

Mountain Car (LS) -83.040.0 -—81.2+ 06 -657 + 9.0 -81.74+ 0.1 —826+ 04 -642 + 95 689 + 13 -732 + 0.6

Acrobot (LS)* —393.24+0.0 —128.9+ 11.6 -846 + 29 —2359+ 53 —3795+ 1.4 -833 + 99 —149.5+ 153 —159.9+ 7.5

Cart-Pole Balancing (NO)* ~ 101.4+0.1  616.04+210.8 9163 =+ 23.0 93.8+ 1.2 99.6+ 7.2 606.24+122.2 181.44 32.1 104.44 16.0

Inverted Pendulum (NO) ~ —122.2+0.1 65+ 1.1 115 + 05 —1100+ 1.4 —-1193+ 42 104 + 22  —55.6+ 167 —80.3+ 2.8

Mountain Car (NO) —83.0+£0.0 —747+ 7.8 -645 + 86 —81.7+ 0.1 —829+ 0.1 -602 + 20 —67.4+ 1.4 —735+ 05

Acrobot (NO)* —393.5+0.0 -1867 + 313 -1645 + 134 —233.1+ 0.4 -—258.5+ 14.0 -1496 + 8.6 —213.4+ 6.3 —236.6+ 6.2

Cart-Pole Balancing (SI)* 76.3+0.1 431.74+274.1 9805 + 7.3 69.04+ 2.8 702.4+196.4 9803 + 5.1 746.6+ 93.2  71.6+ 2.9

Inverted Pendulum (SI) —121.84+0.2 —53+ 56 148 + 17 —108.7+ 4.7 -92.8+ 239 141 + 09 —51.8+ 10.6 —63.1+ 4.8

Mountain Car (SI) —82.7+£0.0 -639+ 02 618 + 04 —81.4+ 0.1 -—80.7+ 2.3 -61.6 + 04 —639+ 1.0 —669+ 0.6

Acrobot (SI)* —387.8+1.0 -169.1 + 323 -1566 + 389 —233.2+ 26 -216.1+ 7.7 -1709 + 403 —250.2+ 13.7 —2450%+ 5.5

Swimmer + Gathering 0.0£0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
Ant + Gathering -58+50 —01+ 01 -04+ 01 -55+ 05 —67+ 07 —04+ 00 —47+ 0.7 N/A + N/A —0.3+ 0.3
Swimmer + Maze 0.040.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
Ant + Maze 0.0£0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 N/A+ N/A 0.0+ 0.0




rllab

A rllab

& C' |} rllab.readthedocs.io/en/latest/index.html| - B Mo =
Docs » Welcome to rllab © Edit on GitHub
Welcome to rllab

Installation
Running Experiments
Integrating with OpenAl Gym

Implementing New Environments

Implementing New Algorithms (Basic)

Implementing New Algorithms
(Advanced)

Write the
Docs 2016

& Read the Docs

rllab is a framework for developing and evaluating reinforcement learning algorithms.

rllab is a work in progress, input is welcome. The available documentation is limited for now.

User Guide

The rllab user guide explains how to install rllab, how to run experiments, and how to implement new
MDPs and new algorithms.

Installation

o Preparation
o Express Install
o Manual Install
o Running Experiments
o Stub Mode Experiments
o Integrating with OpenAl Gym
o Comparison between rllab and OpenAl Gym
« Implementing New Environments
o Implementing New Algorithms (Basic)
o Preliminaries
o Setup
o Collecting Samples

[Duan et al]



Open Al Gym

0O / [ OpenAl Gym x \ \ | Pieter

w40 =

€ > C 'Ei https://gym.openai.com

) Sign in with GitHub

A toolkit for developing and
comparing reinforcement learning

Jjoschu's trpo-gae-v0 on Walker2d-v0

algorithms. It supports teaching
agents everything from walking to
playing games like Pong or Go.

Read the launch blog post >
View documentation >
View on GitHub >

jcoreyes's algorithm on Breakout-v0



Outline

Derivative free methods

= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning



Goal

= Find parameterized policy mg(u;|X;) that optimizes:

T
- ZEﬂ-@(Xtaut)[l<Xt7 ut)]
t=1
T
= Notation: 70 Hp Xt—i—l‘Xt)ut WQ(ut‘Xt)
t=1

T ={x1,uy1,...,Xp,ur}

= RL takes lots of data... Can we reduce to supervised learning?



Naive Solution

s Step 1:
= Consider sampled problem instances i=1,2,...,I

= Find a trajectory-centric controller 7; (u;|x;) for each problem instance

s Step 2:
= Supervised training of neural net to match all 7; (u|x¢)
mo < argmin > Dict (pi(7) 7o (7))
= ISSUES: z
= Compounding error (Ross, Gordon, Bagnell IMLR 2011 “Dagger”)

= Mismatch train vs. test E.g., Blind peg, Vision,...



(Generic) Guided Policy Search

s Optimization formulation:

N T
' E,. (x. u)ll(Xq, such that p; = VX, ue, t, 1. 1
min NZZ () (X, u)] pi(ue|xs) = mo(ue|xe) Vx¢,ug,t,3. (1)

0.p1....,
PLs-PN 5 4

Particular form of the constraint varies depending on the specific method:
Dual gradient descent: Levine and Abbeel, NIPS 2014

Penalty methods: Mordatch, Lowrey, Andrew, Popovic, Todorov, NIPS 2016

ADMM: Mordatch and Todorov, RSS 2014

Bregman ADMM:Levine, Finn, Darrell, Abbeel, IMLR 2016



run q (ut|xt)
on robot
collect D = {7;}

{7}

fit GMM
next = 7
iteration a N | =
fit dynamics =
p(Xt_|_1 |X, LI) }“é
J
[ DP sol - )
solve  _gte
~/ . update
\for qg(ug|xy) -/ﬁ ‘ b ] U]

[Levine & Abbeel, NIPS 2014]



run q(ue|xy)
on robot
collect D = {7;}

{7}

[

next
1iteration

prior

)

Y, A train 7o (ug|xy)
fit GMM ®) e (0] =——= [®
S
N\ | =
fit dynamics =
p(Xt_|_1 |X, LI) }“é
J
(DP sol i )}
solve  _ g0 Tat
for g(ug|xy) /ﬁ up 3 en

\.

[Levine & Abbeel, NIPS 2014]



Comparison

2D insertion policy

3D insertion policy
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Block Stacking — Learning the Controller for a Single Instance




Linear-Gaussian Controller Learning Curves

linear-Gaussian controller learning curves

10
——e—= |ego block (fixed) =——e== {0y airplane
~ 8 == |ego block (free) === shoe tree
& ——s— lego block (hand) == pill bottle
Z; 6 === ring on peg === water bottle
O
G 4
Kz
© 2+
0

5 10 15 20 25 30 35 40
samples



Instrumented Training

training time test time




Architecture (92,000 parameters)

RGB image

mi, 7x7 conv

stride 2
RelLU

240

conv1

5x5 conv
RelLU

—_—

17

conv2

conv3 spatial softmax feature motor
points torques

N 32 filters 32 distributions| ..

- - fully fully fully
expected connected connected connected
2D position ReLU ReLU linear

5x5 conv

109 64 40 40 7

109 robot
configuration
39

[Levine*, Finn*, Darrell, Abbeel, IMLR 2016



719 Deep Spatial Neural Net Architecture

RGB image

conv1 conv2 conv3 spatial softmax feature motor
) . . points torques
747 conv N 32 filters 32 distributions| . fully fully fully
stride 2 5x5 conv ed connected connected connected
RelLU ReLU 2D pofition RelLU RelLU linear
109 40 40 7

17 64

robot

configuration
39

(92,000 parameters)

[Levine*, Finn*, Darrell, Abbeel, IMLR 2016



Experimental Tasks

[Levine*, Finn*, Darrell, Abbeel, IMLR 2016



Learning

[Levine*, Finn*, Darrell, Abbeel, JMLR 2016



Learned Skills

[Levine*, Finn*, Darrell, Abbeel, JMLR 2016
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= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning



High-level picture

Describes desirability of
being in a state.

Reward
Function R

Inverse RL:

Given rtand P, can we recover R?

Dynamics
Model P

Il

Reinforcement
Learning / Optimal
Control

Probability distribution
over next states given
current state and
action

~N

J

arg max B[, 7 R(sq) 7]

Controller/
Policy "

take for each state

[ Prescribes action to

More generally, given execution traces, can we recover R?



Motivation for inverse RL

= Scientific inquiry
= Model animal and human behavior

= E.g., bee foraging, songbird vocalization. [See intro of Ng and Russell, 2000
for a brief overview.]

= Apprenticeship learning/Imitation learning through inverse RL

= Presupposition: reward function provides the most succinct and
transferable definition of the task

= Has enabled advancing the state of the art in various robotic domains

= Modeling of other agents, both adversarial and cooperative



Outline

Example applications

Inverse RL vs. behavioral cloning
Historical sketch of inverse RL
Mathematical formulations for inverse RL

Case studies



Examples

Simulated highway driving
= Abbeel and Ng, ICML 2004,

= Syed and Schapire, NIPS 2007

Aerial imagery based navigation

= Ratliff, Bagnell and Zinkevich, ICML 2006

Parking lot navigation

= Abbeel, Dolgov, Ng and Thrun, IROS 2008

Urban navigation

= Ziebart, Maas, Bagnell and Dey, AAAI 2008




Examples (ctd)

. 4 Ve
- Human path plannlng Target 2 Stavt{’o\;{ Target 1

Target 4
Target5 Target3

=  Mombaur, Truong and Laumond, AURO 2009 YN

= Human goal inference

= Baker, Saxe and Tenenbaum, Cognition 2009

................

s Quadruped locomotion

= Ratliff, Bradley, Bagnell and Chestnutt, NIPS 2007

= Kolter, Abbeel and Ng, NIPS 2008



Lecture outline

Example applications

Inverse RL vs. behavioral cloning
Historical sketch of inverse RL
Mathematical formulations for inverse RL

Case studies



Problem setup

Input:

State space, action space = Transition model P_(s,,, | s, a;)

No reward function = Teacher’s demonstration: sy, ay, S;, a5, S,, @y, -

(= trace of the teacher’s policy m*)

Inverse RL:

Can we recover R ?

Apprenticeship learning via inverse RL

Can we then use this R to find a good policy ?

Behavioral cloning

Can we directly learn the teacher’s policy using supervised learning?



Behavioral cloning

m Formulate as standard machine learning problem

= Fix a policy class

= E.g., support vector machine, neural network, decision tree, deep belief net, ...

= Estimate a policy (=mapping from states to actions) from the training
examples (s, ap), (51, a4), (S5, a5), ...

= Some of the most notable success stories:
= Pomerleau, NIPS 1989: ALVINN

= Sammut et al., ICML 1992: Learning to fly (flight sim)
= Ross, Gordon, Bagnell 2011: DAgger



Inverse RL vs. Behavioral cloning

s Which has the most succinct description: t* vs. R*?

= Especially in planning oriented tasks, the reward function is
often much more succinct than the optimal policy.



Lecture outline

Example applications

Inverse RL vs. behavioral cloning
Historical sketch of inverse RL
Mathematical formulations for inverse RL

Case studies



Inverse RL history

1964, Kalman posed the inverse optimal control problem and
solved it in the 1D input case

1994, Boyd+al.: a linear matrix inequality (LMI)
characterization for the general linear quadratic setting

2000, Ng and Russell: first MDP formulation, reward function
ambiguity pointed out and a few solutions suggested

2004, Abbeel and Ng: inverse RL for apprenticeship learning---
reward feature matching

2006, Ratliff+al: max margin formulation



Inverse RL history

2007, Ratliff+al: max margin with boosting---enables large vocabulary of reward
features

2007, Ramachandran and Amir [R&A], and Neu and Szepesvari: reward function as
characterization of policy class

2008, Kolter, Abbeel and Ng: hierarchical max-margin
2008, Syed and Schapire: feature matching + game theoretic formulation
2008, Ziebart+al: feature matching + max entropy

2008, Abbeel+al: feature matching -- application to learning parking lot navigation
style

2009, Baker, Saxe, Tenenbaum: same formulation as [R&A], investigation of
understanding of human inverse planning inference

2009, Mombaur, Truong, Laumond: human path planning



Lecture outline

Example applications

Inverse RL vs. behavioral cloning
Historical sketch of inverse RL
Mathematical formulations for inverse RL

Case studies



Basic principle

= Find a reward function R* which explains the expert behavior.

m Find R* such that

B[Y 7 R (s0)ln] 2 B[} 'R (si)ln]  ¥n

t=0

= In fact a convex feasibility problem, but many challenges:

= R=0is a solution, more generally: reward function ambiguity

= We typically only observe expert traces rather than the entire expert policy m* --- how to compute
left-hand side?

= Assumes the expert is indeed optimal --- otherwise infeasible

= Computationally: assumes we can enumerate all policies



Maxent Inverse RL

= Assume following noise model for demonstrator:

P(T) — %eR(T) [Ziebart et al, 2008]

> can run maximum likelihood (with regularization) to estimate R
> can have a deep net represent R
Estimating Z is tricky!

Ho et al, ICML 2016, Finn et all, ICML 2016
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Guided Cost Learning  ium wme s
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update cost in inner loop of policy optimization



Guided Cost Learning  ium wme s

initial human
distribution g, demonstrations

generate policy o__[@® @
samples from g @EQX% DR PDED

) _J% &)
f g"‘. Update cost using
generator | samples & demns
\_j discriminator

‘_L update g w.r.t. cost V
policy g (partially optimize) cost c

Ho et al., ICML 16, arXiv ‘16
Kim & Bengio, arXiv ‘16




Inverse RL Summary

Example applications
Inverse RL vs. behavioral cloning
Sketch of history of inverse RL

Mathematical formulations for inverse RL

Open directions: Active inverse RL, Inverse RL w.r.t. minmax control, partial
observability, learning stage (rather than observing optimal policy), ... ?



Outline

Derivative free methods

= Cross Entropy Method (CEM) / Finite Differences / Fixing Random Seed

Likelihood Ratio (LR) Policy Gradient

= Derivation / Connection w/Importance Sampling
Natural Gradient / Trust Regions (-> TRPO)
Actor-Critic (-> GAE, A3C)
Path Derivatives (PD) (-> DPG, DDPG, SVG)
Stochastic Computation Graphs (generalizes LR / PD)
Guided Policy Search (GPS)

Inverse Reinforcement Learning



Frontiers

= Shared and transfer learning = Memory
' = Estimation
= Temporal hierarchy / goal

setting

= Exploration

= Model-based RL

m  Applications
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