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Policy Gradient

» Let U(B) be any policy objective function

» Policy gradient algorithms search for a local |
maximum in U(8) by ascending the gradient of _ ',,'"O' )
the policy, w.r.t. parameters 0
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Policy gradient: the gradient of the policy objective w.r.t. the parameters of the policy



Computing the policy gradient

Likelihood ratio gradient estimator

max. U(0) = Eyp,/ () max. U(0) = E,_p [R(@)|

VU@B) = E,_p,) Volog Pyx)f(x) VU®) = E, p o | Volog Py(0)R(7)|



Derivatives of expectations

VoE, f(x) = V4E, p o )]

= Vy ), Pox)fx)
= Z V Pyx)f(x)
Py(x)
_ p Vg Pglx
2 A9 P e(x) /e

From the law of

= Z Py(x) Vylog Py(x)f(x) large numbers, |
can obtain an
unbiased

= [Ep [Vglog Py(x)f (x)] estimator for the

gradient by
I v N sampling!
~ D Vglog Py(x)f(xD) pliing?



Computing the policy gradient

Likelihood ratio gradient estimator

mQaX . U(Q) — HE)CNPQ(X)f(x)

VU(O) = E,.p,) Volog Py(x)f(x)
Chain rule of derivatives
y=~P @(x)
max . U(0) = f(P,(x))

0
df(Pyx) _ df(y) dy

VU@©) =
do dy do

max. U®) =E,.p s R

VU®) = E, p o | Volog Py(0)R(7)|

a = my(s)

max. U@)=E Z Q”(S,, my(S,))

0
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. Z dQ”(S,, a) dmy(S,)

VU(@O) =
©) da do
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oUW, ) OB X, OpS,my(S)) . Z 004(S @) drmy(S,)

00 00 oa do
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Deep Deterministic Policy Gradients

UG, ) O 2, 04(S, 7(S)) y 00,(S,, a) dr,(S,)
00 00 4~ oa do

s —» n _, a aU(()Z, ) _ oE Z, Q(g((;t, 7o(S,)) = ; dQ(/)a(Zt, a)
l




Computing the policy gradient

Likelihood ratio gradient estimator

max. U(0) = Eyp,/ () max. U(0) = E,_p |R(D)]
VU@B) = E,_p,) Volog Pyx)f(x) VU®) = E, p o | Volog Py(0)R(7)|
Chain rule of derivatives a = mys)
y = Py(x) max. U(0) =E Y’ O(S, 7(S))
max.. U(0) = f(Py(x)) f
df(P (x)) df(y) dy _ dE Zt O(S,, my(S,)) _ dQ(St, a) dﬂ'g(St)
VU©) = d; = dy do vee) do : Z;f da do

Re-parametrization for Gaussian policies

max. U®)=E, _ i (S, A)
IIlQaX ° U(Q) — EJCN/V(/"H’ zg)f(X) 0 At ‘/V(/fte(St)’ H(St)) ; Q ! t

max. U(0) = E.. (0 I)f(,ue + 7% 0p) X U@) =E..ror Z Q7 (S, He(S) + 2% 65(S)))
0 ’ t



Re-parametrization for Gaussian

Instead of:  a ~ W (uy(s), Zy(s))
We can write: a= uys) +z 0 gyls) z~ N(O0,])
Why?

E,(1g(5) + z0g(s)) = py(s)
Because: )
VaI‘Z(,MH(S) + ZUH(S)) = GH(S)



Computing the policy gradient

Likelihood ratio gradient estimator

max. U(0) = Eyp,/ () max. U(0) = E,_p [R(@)|
VU@B) = E,_p,) Volog Pyx)f(x) VU®) = E, p o | Volog Py(0)R(7)|
Chain rule of derivatives a = mys)
y = Py(x) max. U(0) =E Y’ O(S, 7(S))
max. U(0) = f(Py(x))
df(P (x)) df(y) dy _ dE Zt O(S,, my(S,)) _ dQ(St, a) dﬂ'g(St)
VU@©) = d; = dy do vue) do . Z;f da do

Re-parametrization for Gaussian policies

max U6, ) = E, . g 0,(S,A,)
R e U0 =1 s ZO

meax - UO) =E,. yo.nS (g + 2% 0p) Hglf(lﬁx U, o) =E,.yo.n Z Qqs(Sp Ho(S,) + 20y(s))
’ t

oU0,¢) . non 2, Ou(Sps ty(S,) + z04(s)) Z 00,(S;> @) d(uy(S,) + 704(s))
00 00 A 0.0) ~ da do

ou(o, ¢) ok, v Zt QS (S + 20y(5)) 00,(S,, ﬂe(S ) + 20,(5))
Y, = o = z~/V(01)2



Stochastic Value Gradients

ou(o, ¢) oL, yo.n Zt Q¢(Sp He(S,) + 20,(5)) aQ¢(St’ a) d(py(S,) + z0,(s))
= z~N(0,1) Z

0 90 Ve da do

U0, ) OE o) 2, Qp(Sps Ho(S)) + 20y(s)) 00,(S,, ﬂe(S) + z64(5))
a¢ = 0 ¢ = z~./V (0,1) Z

Learning continuous control by stochastic value gradients, Hees et al.



Actor-critic

ﬁ 1. Sample trajectories {s/,a/}_, by running the current policy a ~ z,(s)
2. Fit value function Vi(s) by MC or TD estimation (update ¢)

3. Compute advantages A"(s;, a;) = R(s;, a;) + yVi(s;,,) — Vi(s;)

1 &L & . .
4. VoUO) ~ — ; Z} V, log m(al | sHA™(s!, a?)

5.0 =0+aV,U®)




Actor-critic

@ 1. Sample trajectories {s/,a/}_, by running the current policy a ~ m,(s)
2. Fit value function Vi(s) by MC or TD estimation (update ¢)

3. Compute advantages A”(s/, a) = R(s}. a}) + yVi(st, ) — V(s})
1 & & o o
4. VoUO) ~ D, X Volog myai] sHA™s, a)
i=1 t=1

5.0 =0+ aV,U0)

two network design + simple & stable
- no shared features between actor & critic

S
shared network design
s mo(als) s - s s
- em(als)

Figure from Sergey Levine



Actor-critic

ﬁ 1. Sample trajectories {s”,a”}_ by running the current policy a ~ m(s)
2. Fit value function Vi(s) by MC or TD estimation (update ¢)

3. Compute advantages A"(s"”, a"”) = R(s"”, a"”) + yV”(s(’)l) Vg(st(i))
i N
4. V,U0) ~ — M N Vylog za®| AP, a)
i=1 t=1
5.0 =0+aV,U0)

synchronized parallel actor-critic asynchronous parallel actor-critic

get (S,a,S’aT)‘_I I I I

update 0+

get (S,a,S’,T)<—I I I I

update 0 +— Bt

NN N .

N\

Figure from Sergey Levine



Critics are state dependent baselines

N T

_ 1 2 2 Volog my(al” | sV) (G — b)
N =1 =0 + no bias
- higher variance (because single-sample estimate)
1 N T
=— > ) Vylognya] s(”)(G’ b(sD))
N i=1 t=0
+ no bias
+ lower variance (baseline is closer to rewards)
I @ ¢ j
== 2 2 Vologma® s(’))<R(s(‘), a®) + yVi(s) ) - Vﬂ(s;l)))
=1 =1

+ lower variance (due to critic)
- not unbiased (if the critic is not perfect)

Figure from Sergey Levine



Policy Gradient

» Let U(B) be any policy objective function

» Policy gradient algorithms search for a local |
maximum in U(8) by ascending the gradient of _ ',,'"O' )
the policy, w.r.t. parameters 0
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Policy gradient: the gradient of the policy objective w.r.t. the parameters of the policy



Policy Gradients

1. Collect trajectories for policy Tty

2. Estimate advantages A

3. Compute policy gradient 2

4. Update policy parameters 6, =60+¢- 3
5.GOTO 1

He(S)

oy(S)

ﬂenew(s )
7N (s)



What is the underlying objective function?

Policy gradients:

N T
Z Z V,log ﬂ'g(at(i) | st(i))A(st(i), at(i)), T, ~ Ty
This result from differentiating the following objective function:

N

1 4 o o
UrS(0) = v Y Y log mya®|sNAGD, a0 7, ~ 7
i=1 =1
Compare this to supervised learning using expert actions @ ~ z* and a maximum
likelihood objective:
N

1 L o
USL(O) = ~ Z Z logmy@|s®), 7, ~x*  (+regularization)

=1 =1

This maximizes the probability of expert actions in the training set.

We want to optimize both objectives using gradient descent

0 =0+ aV,U®)

Choosing stepsize a is more critical for RL than for SL.
Why?
Because we cannot optimize it too far, our advantage estimates come from 7y



Policy Gradients

1. Collect trajectories for policy Tty

2. Estimate advantages A

3. Compute policy gradient 2

4. Update policy parameters 6, =60+¢- 3
5.GOTO 1

Two problems:

1. Hard to choose stepwise €

2. Sample inefficient: we cannot use data
collected with policies of previous
iterations

He(S)

oy(S)

ﬂenew(s )
7N (s)




Hard to choose stepsizes

1. Collect trajectories for policy Tty

2. Estimate advantages A

3. Compute policy gradient g

4. Update policy parameters 6, =60+¢
5.GOTO 1

between 1w, (s) and m, (s)

A

8

- Step too big

Bad policy->data collected under bad
policy-> we cannot recover

(in Supervised Learning, data does not
depend on neural network weights)

« Step too small

Not efficient use of experience
(in Supervised Learning, data can be
trivially re-used)

-
— ﬂanew(S)
H = Goew = .,

9 He(S)

old ™ o)




Hard to choose stepsizes

1. Collect trajectories for policy 7,

2. Estimate advantages A

3. Compute policy gradient @

4. Update policy parameters 6, =60+¢- 3
5.GOTO 1

Consider a family of policies with parametrization:

| o(0) a=1
”9(‘9)_{ 1—0(0) a=2

theta = 4 theta = 2 theta = 0

al a2

1.0

0.8 +

0.6

0.4

0.2

0.0 -

T
az

The same parameter step A6 = —2 changes the policy distribution more or less dramaticall
depending on where in the parameter space we are.



Notation

We will use the following to denote values of parameters and corresponding policies before
and after an update:

Hold — Hnew

old — Ty ew

0— 0

T — 7



Gradient Descent in Parameter Space

The stepwise in gradient descent results from solving the following optimization problem, e.g.,
using line search:

d* =arg max J(0 + d)
lldll<e

SGD enew — Qold +d*

It is hard to predict the result on the parameterized distribution.. hard to pick the threshold
epsilon




Gradient Descent in Distribution Space

The stepwise in gradient descent results from solving the following optimization problem, e.g.,

using line search:

d* = arg max J(6 + d)

lldll<e

SGD: ¢

— %
new — Yold + d

It is hard to predict the result on the parameterized distribution.. hard to pick the threshold

epsilon

Natural gradient descent: the stepwise in parameter space is determined by
considering the KL divergence in the distributions before and after the update:

d* = arg

max
d, s.t. KL(mp||my, 5)<€

J(O+d)

Easier to pick the distance threshold!!!




Solving the KL Constrained Problem

penalized objective:

d* = argmax U(0 + d) — A(Dg |myllmp,q| — €)
d

First order Taylor expansion for the loss and second order for the KL.:

1
~ argmax Ul,1) + VoU(O) |y, - d - 5 4d" ViDyy [ngoldung] d) + Ae

l 0=0,4



Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyr(p Oo1a |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

Peold(x)
DKL(peold |p9) — [Evapeold log Py(x)



Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyi(p Oola |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

Peold(X)
DKL(pHOIdpo) — [Ex"’p%ld log P g(x)



Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyi(p Oola |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

VoDir(p Ot | Po) |9=901d ==V [EXNPHOM log Py(x) |9=901d + Ve[Epreold log PHOZd(x) |9=901d




Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyi(p Oola |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

VoDii(p Ot | Po) |9=901d - VQ[EXNPHOM log Py(x) |9=901d + VQ[EXNP@OM log PHOZd(x) |€=901d

= —[E » VelOg PQ(X) |9=

X~Po 0,1a




Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyi(p Oola |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

VoDii(p Ot | Po) |9=901d - VQ[EXNPHOM log Py(x) |9=901d + VQ[EXNP@OM log PHOZd(x) |€=901d

= —[E » VelOg PQ(X) |9=

X~Po 0,1a

1

~E,.
P14 PGOM(X)

eold




Taylor expansion of KL

1
Drr(p Ot | Pg) # D (p Ot P 901d) +d' VoDyi(p Oola |Py) |9=901d T EdT VgDKL(p Oola | Po) |9=901dd

VoDii(p Ot | Po) |9=901d - VQ[EXNPHOM log Py(x) |9=901d + VQ[EXNP@OM log PHOZd(x) |€=901d

= —[E » VelOg PQ(X) |9=

X~Po 0,1a

1

~E,.
P14 PGOM(X)

eold

Py (x)

old

1
= J Py (x) VgPy(x) |, »




Taylor expansion of KL

~d" ViDki(P,,1Po) g, @

Dri(p Ot | Pg) # D (p Ot P 901d) +d' VoDxi(p Ot | Po) |9=901d +
VoDk1(Pg 1P gy = | Vg[Epr log Py(x) | 4_g o+ V@[Epr log Py (X) |, »

X~P0,14 =014

VgPy(x) |, »

—[E
"o Py ()

old

|
P(gold( ) PQ ( .X) Vepe(x) |‘9=901d

old

[
S

VQPQ(X) oo »

v X




Taylor expansion of KL

~d" ViDki(P,,1Po) g, @

Dri(p Ot | Pg) # D (p Ot P 901d) +d' VoDxi(p Ot | Po) |9=901d +
VoDk1(Pg 1P gy = | Vg[Epr log Py(x) | 4_g o+ V@[Epr log Py (X) |, »

X~P0,14 =014

VgPy(x) |, »

—[E
"o Py ()

old

|
P(gold( ) PQ ( .X) Vepe(x) |‘9=901d
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[
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VQPQ(X) oo »
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Taylor expansion of KL

1
D1.(Pe,, | Po) % Dx1.(Po,,1pg,,) +d" VeKL(py,,1Po) oy, + =" VoDriPg,, 1P0) oy, 4

VzDKL(peold |p8) |9=901d -~ [EXNPHOICZ Vleg PH(X) |9:Hold

I%%m(x)
Dx1.(py,, | Po) = [Evapgold log Py(x)
0



Taylor expansion of KL

1
D1.(Pe,, | Po) % Dx1.(Po,,1pg,,) +d" VeKL(py,,1Po) oy, + =" VoDriPg,, 1P0) oy, 4

VgDKL(pﬁold |pe) |9=901d -~ [E-preold Vzlog PQ(X) |9=601d

V Py(x)
== [EXNPG ld V@( P ) |0=(9
Y Q(x) old

I%%m(x)
Dx1.(py,, | Po) = [Evapgold log Py(x)
0



Taylor expansion of KL

1
Dx1(Pg | P9) = Dx1(pg Py )+ d' VoKL(py . | Pp) |9=901 T EdT VgDKL(Peold | Py) |9=gol dd

VgDKL(pﬁold |p€) |9=901d -~ [E-preold Vgl()g Pe(x) |9=601d

Vo Py(x)
= —Evp, ldvé( P ) lo=6
0 Q(X) old

_ [ VPSP = VoPfx) VoPy0) )
B A™PO,1q P(x)? 6=0,,,

[%%m(x)
Dx1.(py,, | Po) = [Evapgold log Py(x)
0



Taylor expansion of KL

1
Dx1(Pg | P9) = Dx1(pg Py )+ d' VoKL(py . | Pp) |9=901 T EdT VgDKL(Peold | Py) |9=gol dd

VgDKL(pﬁold |p€) |9=901d -~ [E-preold Vgl()g Pe(x) |9=601d

Vo Py(x)
= —Evp, ldvé( P ) lo=6
0 Q(X) old

_ [ VPSP = VoPfx) VoPy0) )
B A™PO,1q P(x)? 6=0,,,

— _F Vol oo, E V,loePy(x)V,log P)T
T Ay, Py (x) T Oota 0 0g Py(x) Vglog Fy(x)

old
[%%m(x)
Dx1.(py,, | Po) = [Evapgold log Py(x)
0

| 0=‘90lc




Taylor expansion of KL

1
Dx1(Pg | P9) = Dx1(pg Py )+ d' VoKL(py . | Pp) |9=901 T EdT VgDKL(Peold | Py) |9=gol dd

VgDKL(pﬁold |pe) |9=901d -~ [E-preold Vgl()g Pe(x) |9=601d

Vo Py(x)
= —Evp, ldvé( P ) lo=6
0 Q(X) old

_ [ VPSP = VoPfx) VoPy0) )
B A™PO,1q P(x)? 6=0,,,

E VoPolo-s,, E._ V,logP,x)V,log P(x)"
— x~py Pﬁold(x) T x~pg . ¥ 0 0g Py(x) Vglog Py(x)

= [EXNPQOM Volog Py(x) Vylog Py(x)'

| 0=‘90lc

| 9=901d

[%%m(x)
Dx1.(py,, | Po) = [Evapgold log Py(x)
0




Fisher Information Matrix

Exactly equivalent to the Hessian of KL divergence!

F(0) = E, | Vglog py(x) Vglog pyx)T]

F(0,) = VgDx1(Pe,, 1 Po) lg—g

|
D1.(Pe,, | Po) = Dx1(Po,,,1Pg,,) +d" VoDx(Pe,,|Po) lg—g,, + 5" ViDki(P,,1P) |-,
1 T
= d"F(0,,)d

1
— 5(9 — eold)TF(eold)(e _ gold)

Since KL divergence is roughly analogous to a distance measure between
distributions, Fisher information serves as a local distance metric between
distributions: how much you change the distribution if you move the parameters a
little bit in a given direction.



Solving the KL Constrained Problem

penalized objective:

d* =argmax U(@ + d) — A(Dg [ﬂ@||n9+d] —€)
d

First order Taylor expansion for the loss and second order for the KL.:

1
~ argmax U,1) + VoU(0) |y, - d = 5 4(d" ViDyy [neoldune] d) + Ae

| gzgold

Substitute for the information matrix:

1
= argmax V,U(0) |y, d = > Md"F(0,)d)

1
= arg mdin — V,U(0) |9=901d - d + E/I(dTF(Qold)d)



Natural Gradient Descent

Setting the gradient to zero:

0 1
O — 6_d <— V@U(Q) |‘9:901d * d + Eﬂ(dTF(eold)d))

1
= — V@ U(Q) |9:901d + E’l(F(eold))d

2__
d = IF 1(901d) VHU(Q) |9=eold

The natural gradient:

1
DKL(”eold | ) & 5(9 — 901d)TF(901d)(9 — 010

VJO) =F1@,,,)V,J6)

1 T
E(chN) Flagy) = ¢

enew =Upy +a- F_l(eold)g 2¢€
\/(gﬁFgN)



Natural Gradient Descent

Algorithm 1 Natural Policy Gradient

Input: initial policy parameters 6y

for k=0,1,2,... do
Collect set of trajectories Dy on policy 7, = w(6k)
Estimate advantages /Z\f" using any advantage estimation algorithm
Form sample estimates for

@ policy gradient gx (using advantage estimates)
@ and KL-divergence Hessian / Fisher Information Matrix Hi

Compute Natural Policy Gradient update:

end for




Natural Gradient Descent

Algorithm 1 Natural Policy Gradient

Input: initial policy parameters 6y

for k=0,1,2,... do
Collect set of trajectories Dy on policy 7, = w(6k)
Estimate advantages /Z\f" using any advantage estimation algorithm
Form sample estimates for

e policy gradient gx (using advantage estimates)
e and KL-divergence Hessian / Fisher Information Matrix Hi

Compute Natural Policy Gradient update:

end for




Policy Gradients

Monte Carlo Policy Gradients (REINFORCE), gradient direction: & = I; {Ve log g (ar | st)As

Actor-Critic Policy Gradient: & = E, [ V,log my(a,| s)Ay(s)]

1. Collect trajectories for policy Ty .
2. Estimate advantages A 7

3. Compute policy gradient 2

4. Update policy parameters 6,,, =6,,,+¢€-8
5.GOTO 1

ﬂeold(s )

Geold(s)

ﬂenew(s )
e S)




Policy Gradients

 On policy learning can be extremely

1. Col_lect trajectories for policy Tt inefficient

2. Estimate advantages A - The policy changes only a little bit with
3. Compute policy gradient g each gradient step

4. Update policy parameters 0,,,, =0,;+¢-& . | wantto be able to use earlier data..how
5.GOTO 1 to do that?

9 H Hold(s)
old ™ 5,

. | ' |
. ﬂenew(s)
- = Goew = .,




Off-policy learning with Importance Sampling

UO) = E;ryo) [R@)]
= ) m(0R()

VoUO) gy, = Ernr, Vologm(D)lyy R() < .Gradient evaluated at theta_old is unchanged



Off policy learning with Importance Sampling

U©) = E, o [RO)

JZ'Q(T) | H ﬂg(atlst)
— Z 7)(7)R(7) 7, (1) L (als)
f T,

- moa;|s;) «
= Y 7, (022 Ry > U0) = Er,,, ). my (ajls)
T Por ﬂozd(’c =1r=l Poid 4 171

T
— Z 9( ) R(T)
T~ & ld(T)
Oo1d
9(77)

V@ U(Q) |9_901d — [ETNﬂgold Velog 71'9(7:) |9:901d R(T)



Trust region Policy Optimization

Define the constrained objective:

maxi@mize I@Zt[ 7T9(3t | St) /A\t]

subject to . [KL[mg, (- | 5¢), ma(- | s¢)]] < .

» Also worth considering using a penalty instead of a constraint

. [ mo(a: | St)

maximize E,;
0,14 (at ‘ St)

0 A\t] - ﬁﬁt[KL[Weold(. ‘ St)v 7‘-9(' ‘ St)]]

Again the KL penalized problem!

J. Schulman, S. Levine, P. Moritz, M. |. Jordan, and P. Abbeel. “Trust Region Policy Optimization”.



Trust Region Policy Optimization

Police gradients with monotonic guarantees!

Police gradients: have a function approximation for the
policy mg(u|x) and optimize use SGD. SGD is sufficient to learn
great object object detectors for example. What is different in RL?

Non-stationarity in RL: Each time the policy changes the state
visitation distribution changes. And this can cause the policy to
diverge!

Contribution: theoretical and practical method of how big of a step
our gradient can take.

Trust Region Policy Optimization, Schulman et al. 2015



Trust region Policy Optimization

» maximizeg Lﬂ-eold (m9) — 3 - ﬁﬂ-eold (79)
» Make linear approximation to L, . and quadratic approximation to KL term:
maximize g- (0 — O1q) — g(@ — Ooa) " F(0 — o1a)

0
0 0° o
where g = %Lmold (7T9)|9:901d’ F= %KLW%M (ﬂ-e)‘9=901d

Exactly what we saw with natural policy gradient!
One important detail!



Trust region Policy Optimization

Due to the quadratic approximation, the KL constraint may be violated! What if we just do a
line search to find the best stepsize, making sure:

- | am improving my objective J(\theta)

- The KL constraint is not violated!

maximize ]Et[ mo(2e | st) /Z\t}
4 ﬂ-eold(at | St)

subject to  E.[KL[mg . (- | st), mo(- | s¢)]] < 6.

Algorithm 2 Line Search for TRPO

Compute proposed policy step Ay = \/

for j=0,1,2,....L do
Compute proposed update 0 = 0, + o/ A
if [,Qk(g) >0 and DKL(QHQ/() < ¢ then
accept the update and set 0x11 = Ok + &/ Ay
break
end if
end for

A—].’\
H "g
AT i —1 A k
ngHk 8k k




Trust region Policy Optimization

TRPO= NPG +Linesearch

Algorithm 3 Trust Region Policy Optimization

Input: initial policy parameters 6y

for k=0,1,2,... do
Collect set of trajectories Dx on policy mx = w(6x)
Estimate advantages /A\?k using any advantage estimation algorithm
Form sample estimates for

@ policy gradient g« (using advantage estimates)
o and KL-divergence Hessian-vector product function f(v) = Hyv

Use CG with n. iterations to obtain xx ~ F/,;lgrk

Estimate proposed step Ay ~ , /%xk
k TTk*k

Perform backtracking line search with exponential decay to obtain final update
Okt1 = Ok + of Ay

end for




Trust region Policy Optimization

TRPO= NPG +Linesearch+

Algorithm 3 Trust Region Policy Optimization

Input: initial policy parameters 6y

for k=0,1,2,... do
Collect set of trajectories Dx on policy mx = w(6x)
Estimate advantages /A\?k using any advantage estimation algorithm
Form sample estimates for

@ policy gradient g« (using advantage estimates)
o and KL-divergence Hessian-vector product function f(v) = Hyv

Use CG with n. iterations to obtain xx ~ F/,;lgrk

Estimate proposed step Ay ~ , /%xk
k TTk*k

Perform backtracking line search with exponential decay to obtain final update
Okt1 = Ok + of Ay

end for




Proximal Policy Optimization

Can | achieve similar performance without second order information (no Fisher matrix!)

@ Adaptive KL Penalty
e Policy update solves unconstrained optimization problem

Ok41 = arg max Ly, (0) — Bk Dkr(0]]0)

e Penalty coefficient 5x changes between iterations to approximately enforce
KL-divergence constraint

@ Clipped Objective

o New objective function: let r:(0) = mg(at|st)/mg, (at|st). Then

.
LSHP(0) = E {Z [min(rt(ﬁ)/z\?k,cIip(rt(Q),1—e,l—|—e)/2\?k)u

T ~TT
t=0

where € is a hyperparameter (maybe ¢ = 0.2)
o Policy update is 0;,1 = arg maxg EQCI’(-’P(H)

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov. "“Proximal Policy Optimization Algorithms”. (2017)



PPO: Adaptive KL Penalty

Input: initial policy parameters 6, initial KL penalty 5o, target KL-divergence 0
for k=0,1,2,... do

Collect set of partial trajectories Dy on policy mx = m(0k)

Estimate advantages /A\?" using any advantage estimation algorithm

Compute policy update

9k+1 — arg m@ax £9k ((9) —3 5/(DKL(9H9/<)

by taking K steps of minibatch SGD (via Adam)
if DKL(9k+1H(9k) > 1.5 then

Bi+1 = 2k

else if Dy (0k+1]|0k) < /1.5 then
Br+1 = Br/2

end if

end for




PPQO: Clipped Objective

» Recall the surrogate objective

LS (9) :@t[ mo(ar | st) ;\t] — i, [rt(G)AAt]. (1)
g ld(at ‘ St)
» Form a lower bound via clipped importance ratios
LELIP(9) = TR, [min(rt(e)z\t, clip(ri(8),1 — ¢, 1+ E)Z\t)} (2)
A<O

LCLIP

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov. “Proximal Policy Optimization Algorithms”. (2017)



PPQO: Clipped Objective

But how does clipping keep policy close? By making objective as pessimistic as possible
about performance far away from 6:

0.12 —— EdKLA]

0.10 LEP = E(rA]
0.08 - : —— Edclipr, 1—€, 1+ £)A]
0.06 - ' —— LCLP = EImin(rAy, clip(re 1 — €, 1 + €)A¢)]

0.04 -

0.02 1

0.00 -

—0.02

Linear interpolation factor

Figure: Various objectives as a function of interpolation factor o between 6,1 and 0, after one
update of PPO-Clip °



PPQO: Clipped Objective

Input: initial policy parameters 0y, clipping threshold €

for k=0,1,2,... do
Collect set of partial trajectories Dy on policy mx = w(6k)
Estimate advantages /2\?" using any advantage estimation algorithm
Compute policy update

Ok+1 = arg max L5, (6)

by taking K steps of minibatch SGD (via Adam), where

T
L5 (0) = B |3 [min(r(@)AT clip (r(6).1 — 1 + ) AT¥)

t=0

end for

@ Clipping prevents policy from having incentive to go far away from 6.1

@ Clipping seems to work at least as well as PPO with KL penalty, but is simpler to
Implement



PPQO: Clipped Objective

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1

1000 i
2000 2500 8000 TR

A
AN 800
1500 N\
2000 My / 6000
1000 1500 600
4000

500 1000 400
=500

0 0 0

0 1000000 0 1000000 0 1000000 0 1000000
Reacher-v1 Swimmer-v1 Walker2d-v1
— A2C
120 .
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A 100 3000 —— CEM
40 80 —— PPO (Clip)
~60 60 2000 Vanilla PG, Adaptive
TRPO
-80 40
W
y.

20 7

=100
0

-120 0
0 1000000 0 1000000 0 1000000

Figure: Performance comparison between PPO with clipped objective and various other deep RL
methods on a slate of MuJoCo tasks. 10



- Gradient Descent in Parameter VS distribution space

- Natural gradients: we need to keep track of how the KL changes
from iteration to iteration

- Natural policy gradients
- Clipped objective works well



