TRPO & PPO



TRPO -> PPO

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

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

77(71-) = IEso,ao,--- Z’Ytr(st)
t=0

, Where

So PO(SO), ag ~ 7r(at|$t), St+1 P(8t+1|8t,at)-

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

-|—pr Zfr (a|s)A

L, (7) = n(m) +pr(s)Z7r als)Ar(s,a). (3)

<d:scountcd visitation frequencies
px(8)=P(s0 = 8)+~vP(s1 = 8)+72P(s2 = 8)+...



TRPO:

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

So PO(SO), ag ~ 7r(at|$t), St+1 P(8t+1|8t,at)-

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

-|—pr Zﬂ' (a|s)A

This is an approximation!



TRPO:

n(m) =E

50,00,...

Z"ytr(st) , where

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

(@) = n(m) + Esq,a0,--~7

Lr(7) =

thAw(st,at)

-I—pr Zw (a|s)A

T(als)Ax(s,a).

“ This is an approximation!

(1)

3)

Should be f) zinstead of P



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.



TRPO:

Algorithm 1 Policy iteration algorithm guaranteeing non-
decreasing expected return 7)
Initialize 7.
fori=0,1,2,... until convergence do
Compute all advantage values A (s,a).
Solve the constrained optimization problem

Tip1 = argmax (L, (7) — CDg™* (m;, )]

where C' = 4evy/(1 — ~)?
and Ly, (m) =n(m:)+ ) _ p=(s))_m(als)Ar (s, a)

end for




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:
LELIP(9) = E, |min(r4(0) A, clip(ry(0),1 — €,1 + €) A;)

Algorithm 1 PPO-Clip
1: Input: initial policy parameters 6, initial value function parameters ¢
2. for k=10.1.2.... do
3. Collect set of trajectories Dy = {7;} by running policy 7 = m(6;) in the environment.
1 .
)

Compute rewards-to-go R;. A
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function V.

6:  Update the policy by maximizing the PPO-Clip objective:

o 30 o (2l

TeD; t=0 )

Or41 = arg Max

A% (8¢, ae), gle, A™% (s, ‘lt))) ,

typically via stochastic gradient ascent with Adam.
7. Fit value function by regression on mean-squared error:

> 3 (Vo0 - )’

TE Dk' 0

Prs] = arg mm

|D¢|I

tvpically via some gradient descent algorithm.
8: end for

Source: https://spinningup.openai.com/en/latest/algorithms/ppo.html



https://spinningup.openai.com/en/latest/algorithms/ppo.html

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.



RL: Review



RL Setting:

Environment.



RL Setting:

state reward action
S| R 25 A
Rt+1 (
4 L]
< Environment J<
\_

Agent and environment interact at discrete time steps: 1 =0,1,2,3,...

Agent observes state at step t: S, €8
produces action at step : A, € A(S,)
gets resulting reward: R, E R C R
and resulting next state: S,,, € §*



Property of the Environment:




Property of the Environment:

Environment is Markov Decision Process (Mf®

PSi1s R [Ap S Ar_ 15 S5 -5 Sp)



Property of the Environment:

Environment is Markov Decision Process (Mf®

p(St+1» R |At’ Sp A 1> K> Ko %0)

— p(St+l’ R |Ar9 S;)



Agent's objective:




Agent's objective:

Maximize:

Gt = Rt+1 + ,}/Rt+2 y Rt+3 + = E yth+k+1’

where y,0 <y =<1, 1s the discount rate.



Agent does 2 things:




Agent does 2 things:
il g

[.earn how to choose
better actions:




Different Parts of an Agent:




e Policy: ~. 7 At — 71'( St9 9)



Value Functions :

World Model:

EEEEEEE
wwwwwww

Policy:

F———

(Replay Buffer of past experience)

A, = n(S,, 0)



Grid of RL:
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action.
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Grid of RL:
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Grid of RL:
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TWO TYPES OF POLICY 7(S,, 0) :

EEEEEEEEEEEE
REACTION
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TWO TYPES OF POLICY 7(S,,0) -

EEEEEEEEEEEE
RRRRRRRR




Stochastic: T (At, St’ ) is probability.

EEEEEEEEEEEE
ACTI

Act by sampling from the distribution:

Dis.crete A1) = exp(p(A;, S))
ewons A S g, 5)
ontinuous TA|S) = N (u(S), o(S))

A=ulS)+0o(S)e, €~ N01)



Deterministic: At = 7Z'(St, 9)

EEEEEEEEEEE
RRRRRR

861154

 Act by applying mto state: At — (Sf’ 0)




Grid of RL:

EEEEEEEEEEEE
RRRRRRR

Learn

Sts Ry = M(S,, A, 0)

Use

Sivt> Ry = M(S;, A, 0

to choose
action.




Value Functions

1 The value of a state is the expected return starting from
that state; depends on the agent’s policy:
S, = s}

1 The value of an action (in a state) is the expected return
starting after taking that action from that state; depends on
the agent’s policy:

State - value function for policy 7 :

Vn(S) = Eyr {Gt | St = S} = En {iykRHkH
k=0

Action - value function for policy 7 :

QJ'[(S’a) = En {Gt | St = S’At = CZ} = En {iykRHkH

k=0

S =5,A = a}




@ Use Vi(s)  @Q:(s,a) to choose action:

Action - value function for policy 7 :

q.(s,a)=FE_ {Gt | S =5,A = a} {Ey kel

=5,A = a}




@ Use Vi(s)  Q:(s,a) to choose action:

Action - value function for policy 7 :

q.(s,a)=FE_ {Gt | S =5,A = a} {E)/ kel

=5,A = a}

Act by taking the action which maximizes the expected return
according to the estimate Q:

A = argmaxaQ(a, S)



Grid of RL:

Learn

Sts Ry = M(S,, A, 0)




Use SwpRi=M(S,A,9) to choose action:




Use SwpRi=M(S,A,9) to choose action:

Use Sq1,Ri1 =M, A.0) 1n conjunction with planning algorithms
(reactive planning):

Examples:

B Sampling future trajectories and taking the best one (as seen in
PlaNet)

B Monte-Carlo Tree Search (as seen in MuZero)

B Cross-Entropy Method (with particles) (as seen in Dreamer
Paper)



Grid of RL:

Learn

Sts Ry = M(S,, A, 0)




RRRRRR

Learning 7Z'(St, 6’) ;



EEEEEEEEEEEE
RRRRRRRR

Learning E(St, (9) ;

Action - value function for policy 7 :

q,.(s,a)=FE_ {Gt | S =5,A = a} =E_ {iykRHkH S =5,A = a}
k=0




EEEEEEEEEEEE
RRRRRRRR

Learning 7Z'(St, 6’) ;

Action - value function for policy 7 :

q,.(s,a)=FE_ {Gt | S =5,A = a} =E_ {iykRHkH | S =5,A = a}
k=0

Op1 = 0+ a Vg,

V,J



RRRRRR

Learning 7Z'(St, 6’) : i
Deterministic and Continuous: At — ]Z'(S O

Action - value function for policy 7 :

q.(s,a)=FE_ {Gt | S =5,A = a} =E_ {iykRﬁk” S =5,A = a}
k=0

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



RRRRRR

Learning 77 (St’ (9)
=== Deterministic and Continuous: A = (St /

Action - value function for policy 7 :

S =5,A =a}

q.(s,a)=E, {Gz | 5, =8,4, = a} =k, {ZVkRﬁkn

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

Vol (z|S, = S) = V,0.(x(S,0),S)

_ $ 904 =x(5.0.5)
B oa;

l

V7S, 0)

= V,0, (A =(S,0),8) Vyn(S, 0)



N _ RL Learning Map:

4 N
}:M(St, A,0)
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Learning 7T(Sp 6’) :

Deterministic or Stochastic:

If we can plan with a World-Model M,
and planning gives us a next action A:



RRRRRR

Learning 7Z'(St, 6’) ;

Deterministic or Stochastic:

If we can plan with a World-Model M,
and planning gives us a next action A:
We can can use A as a target for
supervised learning of .



RRRRRR

Learning 7Z'(St, 6’) ;

=== Deterministic or Stochastic:

If we can plan with a World-Model M,
and planning gives us a next action A:
We can can use A as a target for
supervised learning of .

Continuous A: regression problem: MSE loss

Discrete A, stochastic 7. classification problem: Cross-Entropy
loss



EXPERIENCE
“Mnnmmi




RRRRRR

Learning 7T(Sp 6’) :

Stochastic: 7T (At, Stv 0) is probability.

Policy Gradient Theorem:

T
VoJo(n) = Ex[ ) (v'Gt) Vo logn(A;|S;)]
=0



Learning JZ'(St, (9) ;

Stochastic: 7T (At’ Stv 0) is probability.

Policy Gradient Theorem:

T
VoJo(r) = Ex[ ) (v'G:) Vo log n(A¢|S:)]
t=0

A
7t(t)

G(t1) G(t2) G(t3) G(t4) G(15)



Learning JZ'(St, (9) ;

Stochastic: 7T (At’ Stv 0) is probability.

Policy Gradient Theorem: <% REINFORCE Estimates G

Vg with Monte-Carlo
1) Vo log m(A;|Sz)]

T
VoJo(m) = Ex[ ) (v'
t=0

A
7t(t)

G(t1) G(t2) G(t3) G(t4) G(15)
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Learning 7T(Sp 6’) :

Stochastic: 7T (At, Stv 0) is probability.

Policy Gradient Theorem:

T
VoJo(n) = Ex[ ) (v'Gt) Vo logn(A;|S;)]
=0



RRRRRR

;;ﬁ Learning 7T (Sta ‘9) :

Stochastic: 7T (At’ St’ 0) is probability.

~% REINFORCE Estimates G
with Monte-Carlo

T /
VoJo(m) = E Z y! (qﬂ'(St’ Ap) — sz(St)) Vylog(n)
=0

Policy Gradient Theorem: .~

Advantage






RRRRRR

;;ﬁ Learning 7T (Sta ‘9) :

Stochastic: 7T (At’ St’ 0) is probability.

Policy Gradient Theorem:

T
VoJo(m) = E [Z y! (qﬂ'(St’ Ap) — sz(St)) Velog(ﬂ)]
=0
Advantage

\

Actor-Critic: use V and/or
Q to estimate G or Advantage
, €.9g. TD(A)






Grid of RL:

THE KNEE-JERK
REACTION

h¢

y /\,

Learn

Sts Ry = M(S,, A, 0)




v Learn Vi(s)  Qi(s,a):

Action - value function for policy 7 :

qﬂ(s,a)=Eﬂ{Gt|St=s,At=a} {Ey e —S,At=a}

State - value function for policy 7 :

VH(S) = En {Gt | St = S} = En {iykRHkH S, =
k=0




@ Learn Vi(s)  Qi(s,a):

4 value functions

state action

______________________ values | values
prediction U dr
control (V) g«

» All theoretical objects, expected values

* Distinct from their estimates: ‘/;5 (S) Qt (S, a)



@ Learn Vi(s)  Qi(s,a):

qw(‘S?a):E{Gt’St:stt:aaAt—l—lzooNﬂ-} QT(':SX'-A_>§R

Monte-Carlo Estimate :
Gt = Rt+1 + y Rt+2 + y 2Iet+3 +--- = z y th+k+1 ’
k=0

where y,0 <y <1, is the discount rate.

A Every-Visit MC': average returns for every time s 1s visited
in an episode

A First-visit MC. average returns only for first time s 1s
visited 1n an episode

1 Both converge asymptotically



N _ RL Learning Map:

4 N
}:M(St, A,0)

Monte-Carlo Policy Evaluation

EEEEEEEEEEE



@ Learn Vi(s)  Qi(s,a):

qw(‘g?a):E{Gt|St:87At:a7At—|—1:ooN7T} QW:SX‘A%%

Bootstrapping :
e ID: Ggl) = Riy1 +vVi(Se+1)

@ Use V; to estimate remaining return

@ n-step TD:
@ 2 step return: G§2) = Rir1 4+ YRip2 +7°Vi(Sia0)

@ n-step return: G\ = R,y +yRiio + 72+ + 79" 'Ripn + 7" Vi(Siin)

with G =G, ift+n>T



@ Learn Vi(s)  Qi(s,a):

qw(87a):E{Gt|St:87At:a7At—|—1:ooN7T} QW:SX‘A%%

(Expected) SARSA (Bellman Eqn) :

Q(St, Ar) +— Q(S, Ay) + :Rt—l—l +YE[Q(St+1, At41) | St+1] — Q(St, At)}
< Q(Sh, At) + « :Rt—|—1 + ’YZW(CL|St+1)Q(St+1, a) — Q(St, At)}




@ Learn Vi(s)  Qi(s,a):

g+ (S,a) = max ¢ (s, a) g : S XA — R

Q-Learning (Bellman Optimality Eqn):

Q(St, Ar) = Q(Si, A) + | Reg + ymaxQ(Si1,0) = Q(Sh, Ay)



> o RL Learning Map:

P~
@M(‘St’ At’ 9)

Monte-Carlo Policy Evaluation

EEEEEEEEEEE



@ Learn Vi(s)  Q:(s,a) through pro-active planning:

USE IMAGINED EXPERIENCE USING MODEL M:

(Expected) SARSA (Bellman Eqn) :

Q(St, Ar) +— Q(S, Ay) +
< Q(St, At) —+ «

:Rt—i—l +YE[Q(St+1, Ars1) | Ser1] — Q(Sy, At)}

Reci+9> (0l See1)Q(Ser1,0) — Q(Si, A

Q-Learning (Bellman Optimality Eqn):

Q(St, Ar) = Q(St, A1) + | et +ymax Q(St1,a) — Q(St, Ar)|



Monte-Carlo Policy Evaluation

THE KNEE-JERK
REACTION /

(8. 0)

shutterstock.com - 569861154



Grid of RL:

THE KNEEJERK |
REACTION

shutterstock com - 589861154




Learn SwiRiy=M(S,AL0) -

Use transition S, A,R_,S,.; :

Supervised learning

B Target for S, ,R,,, = M(S,A,0)is S,11, Riiq
B Target for inverse model

St R = Minv(St+l’ A, w)
15 5, Ry



N _ RL Learning Map:

4 N
}:M(St, A,0)

EEEEEEEEEEE



THEKNEE-JERK |

REACTION / (

(S,

/
/
/

shutterstock com - 589861154



