RL: Policy Gradient --

Deterministic Policy Gradient
PPO



How do we decide what to do?

» Emotions/Intuition @ ‘/;5 (8) Qt (37 CL)

e Thinking

* Reflexes/Habits _’q/



Policy Approximation

m(als, 0) ‘/

We want to learn this directly!



Actor-Critic Algorithms

@ ACTOR: policy &
@ CRITIC: value fct V (or Q)

Policy Gradient Theorem:

T
VgJg () = [Eﬂ[z (' Ge) Vg log m(A¢|S1)]
t=0



Actor-Critic Algorithms

@ ACTOR: policy &
@ CRITIC: value fct V (or Q)

—3 REINFORCE Estimates G
with Monte-Carlo

T ,
VgJg () = [Eﬂ[z (' Ge) Vg log m(A¢|S1)]
t=0

Policy Gradient Theorem:



Actor-Critic Algorithms

@ ACTOR: policy &
@ CRITIC: value fct V (or Q)

| }Actor-Critic: use V and/or
Q to estimate G, e.g. TD(0)

T ,
VgJg () = [Eﬂ[z (' Ge) Vg log m(A¢|S1)]
t=0

Policy Gradient Theorem:



Actor-Critic 1-step TD / TD(0) estimate:

Policy Gradient Theorem: T
Vodo@) = E | Y 7' (g5, A) = v(S)) Volog(m)

Advantage



What about 1f we want a Deterministic Policy?

We can't use the Policy Gradient Theorem :

VoJo(n) —Eﬂ[z 'Gy) Vg log m(ArS1)]

How can we estimate VBJO(ﬂ') ? When A = 7Z'(S, 9)



What about 1f we want a Deterministic Policy?

We can't use the Policy Gradient Theorem :

T
VoJo(m) = Ex[ ) (v'Gt) Vo logm(As]Sy)]
t=0

How can we estimate VOJO(T[) ? When A = JZ'(S, 9)

Jo(7|So = S) = q,(7(S),S) = Q,(%(S, ), 5)



What about 1f we want a Deterministic Policy?

How can we estimate VOJO (71') r) When A = 7Z'(S, 6’)

A=(ay,...,a,), n=m,...,7,)

Jo(m|So = S) = q,(n(S5),5) = Q(x(S,0), )



What about 1f we want a Deterministic Policy?

How can we estimate VOJO (71') r) When A = 7Z'(S, 6’)

A=(ay,...,a,), n=m,...,7,)

Jo(m|So = S) = q,(n(S5),5) = Q(x(S,0), )

Vodym|Sy=S) = V0, (7(S,0),S)



What about 1f we want a Deterministic Policy?

How can we estimate VBJH(T[) ’? When A = 7Z'(S, 6’)

A=(ay,...,a,), n=m,...,7,)

Jo(m|So = S) = q,(n(S5),5) = Q(x(S,0), )

Vodym|Sy=S) = V0, (7(S,0),S)
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What about 1f we want a Deterministic Policy?

How can we estimate VBJB(TI') ’? When A = 7Z'(S, 6’)

A=(ay,...,a,), n=m,...,7,)

Jo(m|So = S) = q,(n(S5),5) = Q(x(S,0), )

V,Jy(z|Sy = S) = V,0.(x(S, 0),5)
_ $ 204 =(5,0).9

V,z(S, 0
oa; 07(5, 0)

l

=V,0, (A =7(S,0),S) Vyr(S, 0)



Deterministic Policy Gradient:

How can we estimate VOJB(TI) ’7 When A = iz'(S, 6’)

A=(ay,...,a,), n=m,...,7,)

" 00 (A = 1(S,0), S
Vool Sy= S~ Y Ol aZ.( - 5)

i l

=V,0, (A =7(S,0),5) Vyr(S,0)

V7S, 0)

http://proceedings.mir.press/v32/silver14.pdf



Deterministic Policy Gradient (on Continuous
Control Tasks):

Deterministic Policy Gradient Algorithms
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Figure 1. Comparison of stochastic actor-critic (SAC-B) and deterministic actor-critic (COPDAC-B) on the continuous bandit task.
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Figure 2. Comparison of stochastic on-policy actor-critic (SAC), stochastic off-policy actor-critic (OffPAC), and deterministic off-policy
actor-critic (COPDAC) on continuous-action reinforcement learning. Each point is the average test performance of the mean policy.

http://proceedings.mir.press/v32/silver14.pdf



Gradient (on Continuous

Deterministic Policy
Control Tasks): .~

"3 Actor Critic with stochastic policy

i 3
et

o Deterministic Policy Gradient
o Deterministic Policy Gradie gorithms
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Figure 1. Comparison of stochastic actor-critic (SAC-B) and deterministic actor-critic (COPDAC-B) on the continuous bandit task.
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Figure 2. Comparison of stochastic on-policy actor-critic (SAC), stochastic off-policy actor-critic (OffPAC), and deterministic off-policy
actor-critic (COPDAC) on continuous-action reinforcement learning. Each point is the average test performance of the mean policy.
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Deep Deterministic Policy Gradient (DDPG):

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#?) and actor u(s|6*) with weights % and 6*.
Initialize target network @’ and .’ with weights 89" « 69, 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*) + N; according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s; 1
Store transition (s¢, as, ¢, S¢41) in R
Sample a random minibatch of N transitions (s;, a;, 75, S;+1) from R
Sety; = ri + Q' (Si+1, M/(Sz‘+1|9”,)|9QI)
Update critic by minimizing the loss: L = % > Wi — Q(ss, ai|¢‘)Q))2
Update the actor policy using the sampled policy gradient:

1
Voul ~ + D VaQ(5,a|0%) s, ap(s;) Vo (3]0,

Update the target networks:
99 « 769 + (1 —7)6°

0" 70" + (1 —7)0"

end for https://arxiv.org/pdf/1509.02971.pdf
end for




Conclusion

€

@

€

@

T
Policy Gradient Theorem:  VeJo(x) = Ex[ ) (¥'G:) Volog x(As1S))]
t=0

REINFORCE: PGT + MC for estimate of G

Actor-Critic: PGT + V,Q for estimate of G

Deterministic Policy Gradient: VyJy(z|S, = ) =

VQ,(7(S,0),5)



il Which of the following popular algorithms
would you like covered in class?

(PPO 71 ]

(DDPG 59)

A3C 32%




TRPO -> PPO

@ Trust Region Policy Optimization:
https://arxiv.org/pdi/1502.05477 .pdf

@ Proximal Policy Optimization:
https://arxiv.org/pdt/1707.0634°7 .pdt



77(”) = Es0,q0,... th’r(st) , where
| t=0 i

Sp ~ pO(SO)a at ~ W(at|3t)7 St41 ™ P(3t+1|5t:at)°

Policy Gradient : V yn(x)



TRPO:

77(”) = Es0,q0,... th’r(st) , where
| t=0 il

S ~~ PO(SO)a atg ~ 7r((lt|8t), St4+1 ~ P(3t+1|3t:at)-

Policy Gradient : V yn(x)

L, = n(x)



77(71-) - ]Eso,ao,... Z'}’t'r(st) ; where
L t=0 i

so ~ po(s0), ar ~ m(ai|st), s¢+1 ~ P(Sty1|S¢,ay).

- i
Qr(st, ) =By arar, | ) Y'T(s041) |
| 1=0 i

V"f(st): ]Eat,st+1,--- ZVI"’(StH) )
L1=0 -

Ar(s,a) = Qx(s,a) — Vi(s), where
a; ~ m(a¢|se), S¢41 ~ P(si41]8¢,a¢) fort > 0.



TRPO:

n(m) = Es,ao,... Z’Ytr(st) , where
| t=0 _

so ~ po(s0), ar ~ m(ai|st), st+1 ~ P(Sty1|S¢,a).

The following useful identity expresses the expected return
of another policy 7 in terms of the advantage over 7, accu-

mulated over timesteps (see Kakade & Langford|(2002) or

Appendix [A|for proof):

~

T](ﬂ') - "7(77) + ESO,CLO,"'N’;T

Z 'YtA'zT (Sta a't)
| =0 i

(1)



TRPO:

n(m) = Es,ao,... Z"/tr(st) , where
t=0 _

so ~ po(s0), ar ~ m(ai|st), st+1 ~ P(Sty1|S¢,a).

() = n(7) + Esy ag,- -~ ZytAW(st, a;) (1)
t=0 _

Le(7) = 1(m) + 3 pe(s) 3 7(als) An(s,0).  (3)



TRPO:

n(m) = Esq,a0,... Z"ytr(st) , Where

So PO(SO)a ag ~ 7T(at|8t), St+1 P(3t+1|8t,at)-

() =n(m) + Es, ap.. .~ ZytAﬂ(st, a;) (1)

ThIS IS an approximation!

Zpﬂs) Hal)A-(s0). G)

Ly (7) = ()



TRPO:

n(m) = Esq,a0,... Z’Ytr(st) , Where

So PO(SO)a ag ~ 7T(at|3t), St+1 P(3t+1|8t,at)-

() =n(m) + Es, ap.. .~ ZytAW(st, a;) (1)

This is an approximétion'
~~hould be P - instead of Pr

pr(s) Hal)A-(s0). G)

Ly (7) = ()



TRPO:  n(n) =E4 q.... Z’ytr(st)

, Where

Sp PO(SO)a ag ~ 7T(at|3t), St4+1 ~ P(3t+1|3t,at)-

This is an approximation!

Ly (7) = n(m)

»~hould be P = ~ Instead of Pr
Z P ‘> #(als)Ar(s,a).  (3)

TRPO says: Approximately valid only if T~ 7T



TRPO: 12p0 says: Approximately valid only if 7~ 77

Z ﬂe(alsn)A%ld (Sm a) = ]EGNCI [7;9((;1',";:&)) Aeold (Sn, a’)]

Our optimization problem in Equation (13) is exactly
equivalent to the following one, written in terms of expec-
tations:

ma,xbmlze Esn g

ol [ZO(SLS)) Q0014 (5 a)] (14)

subject t0 Esp,  [Dxr(mo,.,(+[$) || mo(:[s))] < 6.



PPO:

LCPI(g) ]Et[ mo(at | s¢) fit] _ &, [rt(e)/it].

Moo (@t | St)



LCLIP(9) =, [min(rt(ﬁ)/it, clip(r¢(6),1 —¢€,1 + e)flt)]



PPO:
LCLIP(9) = I, [min(rt(e)flt, clip(r¢(#),1 —¢,1 + e)flt)]

A<O




PPO:
LCLIP(g) = R, [min(rt(e)}it, clip(r¢(0),1 —€,1 + e)flt)]

Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,...,N do
Run pohcy T, i environment for 7' tlmesteps

Compute advantage estimates A1, : AT
end for
Optimize surrogate L wrt 6, with K epochs and minibatch size M < NT
Gold — 0

end for




PPO:
LCLIP(9) = I, [min(rt(e)flt, clip(r¢(#),1 —¢,1 + e)flt)]

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 dtarg = 0.003 0.68
Adaptive KL dtarg = 0.01 0.74
Adaptive KL dtarg = 0.03 0.71
Fixed KL, 8 = 0.3 0.62
Fixed KL, g8 = 1. 0.71
Fixed KL, 8 = 3. 0.72

Fixed KL, 8 = 10. 0.69




PPO:
LELIP(9) = E, |min(r(0) A, clip(ry(0),1 — €,1 + €) Ay)
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Figure 3: Comparison of several algorithms on several MuJoCo environments, training for one million
timesteps.






