IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Lecture S
Advanced Policy Optimization



Policy gradient

objective:  surrogated distribution over returns

J(0) = /T po(T)R(T) dT  J(0) = /Sd“ (S)Aﬂg(a\s)r(s,a) ds da

gradient:
VoJ(0) = E[Vglogmg(als)r(s,a)]
T
equivalentto  E[)  Vglogmg(ai|s;)R(si,as)]
1=1
actor-critic:

VoJ(0) = E[Vglogmg(als)Qw(s,a)

V@J(Q) = E[VQ 10g 71_9(a|8)(62’w(87 CL) — b(S))]
VoJ(0) = E[Vglogmg(a|s)Ay(s,a)l

subtract baseline



Questions

1. on-policy or off-policy?

2. surrogate objective good or bad?



Going off-policy by importance sampling

use IS weight

gradient:

VoJ(0) = Er,, Z pe 7 'Vologmg(als) Ay (s,a)l

t
H CLtISt
at‘St

’L:O



Going off-policy by importance sampling

use IS weight:

t=0
gradient:
Vo (60 Z Po(T th log mg(als) Ay (s, a)]
—0 por (
po(T¢) ‘ (a|se)
¢ ¢St
Tt) H Cbt’St

’1,:0

even larger variance ?



Policy relative performance

distribution shifted advantage

Z VAT (st at)}

o

T~

’Yt( styar) +YVT (3t+1)Vw(3t))}




Policy improvement objective

objective max J (')

T

max J(7') — J(7)

Z ’YtAW(St, Cbt)}

t=0

max ETNW/
7T,

a good new policy is to maximize the advantage of the old policy

ETNﬂ"

- 1
Z fytAW(Sta at) — —ESNTF/ECLNT(‘/ [AW(Sta at)]
t=0 1 =7

1
What abOUt —nySNTFECLNT(‘ [



Distribution mismatch

if the policy is bounded 7' (als) — 7(als)| < e
the state distribution is bounded

d™ (s) — d™(s)| < 2T

' (ag|st) ]
Eeo o E, . A" (s, a
e A" onas

' (ag|st)
T(at|st)

> ESNT('ECLNW [

AW(St, at)] — 2€T2



Constrained objective

mor (at|st)
DS
a’rgnlgal’x S~YTTo a7 ﬂ'e(at‘st)

A" (st,at)
s.it. |mg(als) — mg(als)| < e

which (approximately) enquires monotonic increase of J

7o (als) —mo(als)] < \/%DKL(W (als)|[me(als))

p(z)

Dt (o)) = Evpio 108 2 | = Evnogey o) ~ loga(a)

q(z)



Constrained objective

Ag(0) = J(0)

o (at|st) 1 (pl
argmax Fo oo Fgror AT (s, — Ag(0
g Q,X 0 0 779(at|5t) (St a’t) a,rgmea;X 9( )

sit. Dpgr(me(als)||mg(als)) < e

approximation:

arg max VoAg(0)(0 — 0)

sit. Dk (me(als)||mg(als)) < e

gradient?



Gradient and natural gradient

- VoL(6) ;2 in L(0+ 60
gradient decent  —g T = g care it (6 + 96)
min with KL measure min L(6 + 90)

Dgr[pel|0+60]<e

min L(@ + 5(9) + )\(DKL [p9||p9_|_59] — 6)
1
~ min L(0) + VL(0) ' 660 + A(§(59)TF59 — €)
1

00" = —XF—lveL(e)



Property of natural gradient

PO

gradient in Euclidean distance gradient on manifold



Natural Policy Gradient

arg max VoJ ()16 —6)

such that Dy, (mer (a¢|s:)||me(as]st)) < e

1
DKL(WQ/ Hﬂ'g) ~ —(9/ — H)TF(H/ — 9)

DO

1 2€
0'=60+aF "VoJ(f) o= \/VQJ(H)TFVGJ(Q)

(a)‘Vanilla’ policy gradlents (b) Natural policy gradlents

0.5¢ = i

%o BAA

R 2

8 0.3 11—t
advantage: not effected by parameter space & OzﬁfﬂL ?_T_T__T -
. : 2 T T T Tk
disadvantage: unstable computation SofV i b8

a Y4y vy Ly 1l [=)

L‘E 0.0 Vb L‘E 0

2 —15 -1.0 —0.5 00® 22 =15 —1.0 =05 00

Controller gain 6=k Controller gain 6,=k
(figure from Peters & Schaal 2008)



Natural Policy Gradient

1. collect sample by 7
2. calculate policy gradient and Fisher matrix
3. update policy parameter by

2€

—1
0 =0+ oF VOJ(Q) “= \/VQJ(H)TFVQJ(9>

Truncated Natural Policy Gradient, TNPG
use fixed step conjugate gradient



Trust Region Policy Optimization

we want to ensure
J(0) — J(0) = Ag(0") to be positive

and Dkr(me(als)||me(als)) < e

which NPG and TNPG may not

do a line search of parameter to ensure those



Trust Region Policy Optimization

monotonic improvement

e (At |S -
t

such that DKL(ﬂ'Q/(at‘St)H’/Tg(at’St)) <€

7r9(at|st)

r\aAt|S
LON) =D Borpos) [Eat~7re<at|sa [m) el t)vtA”(st,at)”—A(DKL(ﬂef(atlst)llﬂe(atlst))—e)
t

1. Maximize L£(0’,\) with respect to ' < can do this incompletely (for a few grad steps)

2. A A+ a(Dxkr(mor (a]se) ||mo(at|st)) — ¢€)

do a line search



Proximal Policy Optimization

more straightforward

fort=1, 2, ...
run policy for T trajectories
estimate advantage function
do SGD to the policy optimization objective for N epochs
adjust 5, KL too high => increase, KL too low=> decrease
next

Compute d = ]Et[KL[ﬂ'eold(' | st), mo (- | st)]]

— If d < diarg /1.5, B+ B/2
— If d > diarg X 1.5, B+ B X 2



Proximal Policy Optimization 2

clip the 1S ratio

min min ( mo(als) A, clip ( WQ(OJLS)) 1 —€ 1+ 6) A)

) Told(a]s) Told(als

algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, € = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL di4rg = 0.003 0.68
Adaptive KL di,re = 0.01 0.74
Adaptive KL dtarg = 0.03 0.71
Fixed KL, 8 = 0.3 0.62
Fixed KL, 8 = 1. 0.71
Fixed KL, 8 = 3. 0.72

Fixed KL, 8 = 10. 0.69




Benchmarking Deep Reinforcement Learning for Continuous Control

Yan Duan ROCKYDUAN @EECS.BERKELEY.EDU
Xi Chenf C.XI@EECS.BERKELEY.EDU
Rein HouthooftTi REIN.HOUTHOOFT @ UGENT.BE
John Schulman’$ JOSCHU @EECS.BERKELEY.EDU
Pieter Abbeel® PABBEEL @CS.BERKELEY.EDU

f University of California, Berkeley, Department of Electrical Engineering and Computer Sciences
t Ghent University - iMinds, Department of Information Technology

§ OpenAl
Task Random REINFORCE TNPG RWR REPS TRPO CEM CMA-ES DDPG
Cart-Pole Balancing 77.1£0.0 4693.7+ 14.0 3986.4 + 748.9 4861.5 + 123 565.6 = 137.6 4869.8 L 37.6 48154+ 4.8 2440.44+568.3 46344 + 87.8
Inverted Pendulum* —153.44+0.2 13.44+ 18.0 2097 + 555 84.7+ 13.8 —113.3+ 4.6 2472 =+ 76.1 382+ 25.7 —40.1£ 5.7 400 +£244.6
Mountain Car —41544+0.0 —-67.1£ 1.0 -665 =+ 45 -7944+ 1.1 -275.6%£166.3 -61.7 £ 0.9 —66.0 24 —-85.0& 7.7 —288.4+£170.3
Acrobot —1904.54+1.0 —508.14+ 91.0 —395.8+ 121.2 —352.7+ 35.9 —1001.5+ 10.8 —326.0+ 24.4 —436.8+ 14.7 —785.6+ 13.1 -223.6 + 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 2566.2+178.9 1576.1+ 51.3 2863.4+154.0
Swimmer* —1.74£0.1 92.3+ 0.1 960 =+ 02 60.7+ 5.5 3.8+ 3.3 960 £ 0.2 68.8+ 2.4 649+ 1.4 85.8+ 1.8
Hopper 84+£0.0 714.0+ 29.3 11551 + 57.9 553.24+ 71.0 86.7+ 17.6 11833 =+ 150.0 63.1+ 7.8 20.3+ 14.3 267.1+ 43.5
2D Walker —1.7£0.0 506.5+ 78.8 1382.6 + 108.2 136.0+ 15.9 —37.0+ 38.1 13538 + 85.0 84.5+ 19.2 771+ 24.3 318.4+£181.6
Half-Cheetah —90.84+0.3 1183.1+ 69.2 1729.5 + 184.6 376.1+ 28.2 34.5+ 38.0 1914.0 =+ 120.1 330.4+£274.8 441.34+107.6 2148.6 =+ 702.7
Ant* 13.44+0.7 548.3+ 55.5 7060 =+ 127.7 376+ 3.1 39.0+ 9.8 7302 =+ 613 492+ 5.9 17.8+ 15.5 326.2+ 20.8
Simple Humanoid 41.540.2 128.14+ 34.0 2550 + 24.5 93.3+ 17.4 28.3+ 4.7 2697 £ 40.3 60.6 £ 12.9 28.7+ 3.9 99.4+ 28.1
Full Humanoid 13.240.1 262.24+ 10.5 2884 L+ 25.2 46.7+ 5.6 41.7+ 6.1 287.0 + 234 369+ 2.9 N/A+ N/A 119.0+ 31.2
Cart-Pole Balancing (LS)* 77.14£0.0 420.9£265.5 9451 + 27.8 689+ 1.5 898.1+ 22.1 960.2 + 46.0 227.0£223.0 68.0+ 1.6
Inverted Pendulum (LS) —122.14+0.1 —-13.4+ 3.2 0.7 =+ 6.1 —10744+ 0.2 —-87.2+ 8.0 45 £+ 4.1 —81.2+ 33.2 —624+ 3.4
Mountain Car (LS) —-83.0+0.0 —-81.24+ 0.6 -657 £+ 9.0 —-81.7+ 0.1 —-826%+ 04 -642 L 95 689 + 13 732+ 0.6
Acrobot (LS)* —393.24+0.0 —128.94+ 11.6 -84.6 L 29 —235.9+ 53 -—-3795+ 1.4 833 £ 99 —149.54+ 15.3 —-159.9+ 7.5
Cart-Pole Balancing (NO)* 101.4+£0.1 616.0+210.8 9163 =+ 23.0 93.8+ 1.2 99.6+ 7.2 606.2 £122.2 18144+ 32.1 104.44+ 16.0
Inverted Pendulum (NO) —122.240.1 6.5+ 1.1 1.5 + 05 —110.0+ 1.4 —-119.3+ 4.2 104 £+ 2.2 —55.6+ 16.7 —80.3%+ 2.8
Mountain Car (NO) —-83.0+£0.0 —-74.7+ 7.8 -645 L 8.6 —-81.7+ 0.1 —-829&+ 0.1 -60.2 + 2.0 —674+ 14 -735% 0.5
Acrobot (NO)* —393.5+0.0 -1867 + 313 -1645 £+ 134 —233.1+ 0.4 —-258.5+ 14.0 -149.6 L+ 8.6 —21344+ 6.3 —236.6x 6.2
Cart-Pole Balancing (SI)* 76.34+0.1 431.7+£274.1 9805 + 7.3 69.0+ 2.8 702.4+196.4 980.3 + 5.1 746.6 £ 93.2 716+ 2.9
Inverted Pendulum (SI) —121.84+0.2 —5.3+ 5.6 148 + 17 —108.74+ 4.7 —92.8+ 23.9 41 + 09 —51.84+ 10.6 —63.1+ 4.8
Mountain Car (SI) —82.7+0.0 —-63.9+ 0.2 -61.8 L+ 04 —81.4+ 0.1 —80.7+ 2.3 -61.6 £ 0.4 —-639+ 1.0 —-66.9+ 0.6
Acrobot (SI)* —387.8+1.0 -1691 &+ 323 -1566 + 389 —233.24+ 2.6 -—-216.1+£ 7.7 -170.9 + 403 —250.24+ 13.7 —245.0% 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 —5.8+£5.0 —-0.1+ 0.1 —-04+ 0.1 —-55+ 0.5 —-6.7£ 0.7 —-04+£ 0.0 —4.7+ 0.7 N/A+ N/A -0.3+ 0.3
Swimmer + 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 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




Published as a conference paper at ICLR 2019

IMPLEMENTATION MATTERS IN DEEP POLICY
GRADIENTS: A CASE STUDY ON PPO AND TRPO

Logan Engstrom*, Andrew Ilyas*, Shibani Santurkar', Dimitris Tsipras!,
Firdaus Janoos?, Larry Rudolph!-2, and Aleksander Madry'

IMIT 2Two Sigma

{engstrom,ailyas, shibani, tsipras,madry}@mit.edu
rudolph@csail.mit.edu, firdaus.janocos@twosigma.com

https://openreview.net/forum?id=r1etN1rtPB

What Matters In On-Policy Reinforcement Learning?
A Large-Scale Empirical Study

Marcin Andrychowicz, Anton Raichuk, Piotr Stanczyk, Manu Orsini,
Sertan Girgin, Raphael Marinier, Léonard Hussenot, Matthieu Geist,
Olivier Pietquin, Marcin Michalski, Sylvain Gelly, Olivier Bachem

Google Research, Brain Team

https://arxiv.org/pdf/2006.05990.pdf



Another surrogate objective
previous (stochastic) objective and gradient
J(0) = / d”(s)/ me(als)Q™ (s,a) ds da
S A
VoJ(0) = E[Vglogmg(als)Qw(s,a)l

where we treat Q the same as R as a black box

Can we treat Q. as a differentiable model?



Deterministic policy gradient: DPG

J(0) = /Sd”@(s)QW(s,m(s)) ds da

VQJ(H) — Edﬁé? [VQT‘-Q(S)VCLQUJ(S) a)‘a:w(s)]

on-policy update off-policy update
o =1t + QY (St41,at+1) — Q¥ (¢, ar) 6t = ¢ + ¥QY (8141, po(St+1)) — Q" (8¢, at)
Wil = Wt + awatvaw(St’ at) W41 = Wt + Oéwdtvaw(St, at)

Or11 = 0: + agVopo(st) VaQ™ (Stsat)lae iy (s) Or+1 = 0: + agVopo(st) VaQ"(st,at)| oy (s)

[David Silver, Guy Lever, Nicolas Heess, Thomas Degris, Daan Wierstra, Martin A. Riedmiller.
Deterministic Policy Gradient Algorithms. ICML 2014: 387-395]



Deep deterministic policy gradient: DDPG
Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#©) and actor u(s|0*) with weights 9 and 6*.
Initialize target network Q' and ’ with weights 09" « 09, 9»' + g+
Initialize replay buffer R
for episode =1, M do
Initialize a random process N for action exploration
Receive initial observation state s;
fort=1,Tdo
Select action a; = u(s¢|6*) + Ny according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s; 1
Store transition (s¢, at, ¢, S¢+1) in R
Sample a random minibatch of N transitions (s;, a;, 75, S;+1) from R
Sety; =r; +vQ'(Si+1, M/(Si+1|9“,)|9Q,)
Update critic by minimizing the loss: L = % Y. (y; — Q(si, a:|69))?
Update the actor policy using the sampled policy gradient:

1
Voud % =3 VaQ(5,0l0%)|s=s, a=u(s)) Vor i(s]0")]s,

Update the target networks:
09" « 709 + (1 — 7)09

O* < 10" + (1 — 7)o"

end for
end for

[Timothy P. Lillicrap, Jonathan J. Hunt, Alexander Pritzel, Nicolas Heess, Tom Erez, Yuval Tassa, David Silver, Daan
Wierstra. Continuous control with deep reinforcement learning. ICLR 2016]




Twin delayed DDPG: TD3

Twin:
consider Q overestimation

delayed update +
smoothed update

Algorithm 1 TD3

Initialize critic networks Qg, , Qg,, and actor network 7
with random parameters 61, 05, ¢
Initialize target networks 0] < 01, 05 < 02, ¢’ < ¢
Initialize replay buffer B
fort =1to71 do
Select action with exploration noise a ~ m4(s) + €,
e ~ N(0,0) and observe reward r and new state s’
Store transition tuple (s,a,r,s’) in B

Sample mini-batch of N transitions (s, a,r, s’) from B
a <+ mg(s')+e, €~ clipN(0,5),—c,c)
Y < r+ymin;—1 2 Qg (s',a)
Update critics 6; < argming, N1 > (y—Qy,(s,a))?
if £ mod d then
Update ¢ by the deterministic policy gradient:
V¢J(¢) =N Z VaQo, (37 a)|a:7r¢(s)V¢7T¢(S)
Update target networks:
0, « 70; + (1 —1)0.
¢ —1op+ (1—7)¢
end if
end for

[Fujimoto, Scott, Herke van Hoof, and Dave Meger. Addressing Function Approximation Error in Actor-Critic Methods.

arXiv:1802.09477 (2018)]



Twin delayed DDPG: TD3

m TD3 m DDPG m our DDPG m PPO m TRPO m ACKTR m SAC
10000 3500 5000
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Z,’/ﬁ 500
0
0 0 ~1000
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
Time steps (1€6) Time steps (1€6) Time steps (1€6) Time steps (1e6)
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& 4000
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Figure 5. Learning curves for the OpenAl gym continuous control tasks. The shaded region represents half a standard deviation of the
average evaluation over 10 trials. Curves are smoothed uniformly for visual clarity.

[Fujimoto, Scott, Herke van Hoof, and Dave Meger. Addressing Function Approximation Error in Actor-Critic Methods.
arXiv:1802.09477 (2018)]



Learning with MaxEntropy

J(0) = E(s,a)~amo Q7 (s,a) + aH (ma(+|s)),

better robustness + natural exploration



Maximum entropy learning

consider a distribution p of x, and a cost function
ZP@) =1 c(x)
xr
we want to find a distribution p that maximizes the cost

arg;nax Z p(z)c(x)

would overfit the largest cost. Thus introduce a regularization

arg max Z p(z)e(x) — A Z p(z)log p(x
p X



Maximum entropy learning

=) pla)c(x Azp ) log p(

find the solution

OpL =Y [c(z) — Alogp(z) — A] =0
x pa) ~ e

exponential family

maximizing the entropy of the distribution implies
maximizing the likelihood of exponential family distribution



MaxEntropy policy improvement

The policy should be in the form of
6Qt(87')

Z(s)

mhv N

Set the policy update objective

th(S
Qt—l—l — a,rgminDKL ( H >
0

Can the policy be improved?

th(Sa')

~ = soft :
7 Z:(5) softmax Q¢(s, )




About soft Q learning

1. define new reward 7=(5t,a:) = 7(st,a:) + Es,yynp [H (7( - [8641))]

Q(st,ar) < rr(st,at) + Y Es,ympag s ~on [Q(St41,a141)]

2. the policy objective
Tnew( - [St) = arg min Dk (7' (-1se) || exp (@™ (st, - ) — log Z™(sy)))

= arg min Jr,, (7'(-[s))-
ensures that  Jr,,,(Tnew (- [8t)) < T (Tola( - [8¢))
which is
Ea,~rnew [108 Tnew(at|st) — Q™14 (s¢, at) +log Z™14(s¢)] < Ea,nmyq [10g Tola(at]st) — Q7o' (st, ar) + log Z71 (s¢)]

and also is Ea,~r,., [@7" (¢, a:) — log Tnew (at|st)] > V™4 (sy)

3. we obtain the value improvement by expanding and replacing as
QWOld (Sta at) — T(Sta at) + ’Y]ESt-}-le [Vﬂ-Old (St-l-l)]

< r(s¢,at) + YEs,1~p []Eat+1~7rnew Q™' (S¢+1,a:41) — log 7rneW(alt+1|St-l—1)]]

< Q™ev (s¢, at),



SAC

Jv ()

Algorithm 1 Soft Actor-Critic

Initialize parameter vectors 1, 1, 0, ¢.
for each iteration do
for each environment step do
ay ~ mp(ae[se)
St4+1 ™~ p(St+1|St, at)
D < D U{(st,as, r(st,at),8¢41)}
end for
for each gradient step do
Y=Y = AvVyJy(¥)
0, < 0, — )\QVQ,LJQ(O,L) for: € {1, 2}
¢ ¢ — A VyJr(9)
Y1+ (1—-7)
end for
end for

Es,~p [% (V¢(st) — Ea,~r, [Qo(st,at) — log 7r¢(at|st)])2]

1 R 2
Tol0) = By |5 (51,20 - Qlousan))|

J2(6) = B> | Drt. (ol 1)

e @)



