Trust region policy optimization
(TRPO)



Value Iteration

Initialize V (s) to arbitrary values
Repeat
Forall s € §
Forallae A
Q(s,a) — E[r|s,al +yDgesP(s'|s,a)V(s")
V(s) —« maxy Q(s,a)
Until V(s) converge
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. - — Model-based
Value Iteration

Initialize V (s) to arbitrary values
Repeat
Forall s € §
Forallae A
Q(s,a) — E[r|s,al +y D gcsP(s'|s,a)V(s")
V(s) — maxg Q(s,a)
Until V(s) converge

odel-free
\- This is what we similar to what Q-Learning does, the main difference being that we we

might not know the actual expected reward and instead explore the world and use
discounted rewards to model our value function.



Value Iteration

Initialize V (s) to arbitrary values
Repeat
Forall s € §
Forallae A
Q(s,a) — E[r|s,al +y D gcsP(s'|s,a)V(s")
V(s) — maxy Q(s,a)
Until V(s) converge

* This is what we similar to what Q-Learning does, the main difference being that we we

might not know the actual expected reward and instead explore the world and use
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* Once we have Q(s,a), we can find optimal policy n* using:

7 (s) = argmax Q(s, a)



Policy Iteration

* We can directly optimizein the policy space.

Initialize a policy 1" arbitrarily
Repeat
T — 17’
Compute the values using 1 by
solving the linear equations
VTi(s) = E[r|s, T(8)] + Y D ges P(s|s, T(s))VT(s")
Improve the policy at each state
' (s) — argmaxy(E[r|s,al + y D gesP(s'|s,a)VT(s"))
Until T = 11’
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Preliminaries

Following identity expresses the expected return of another policy 77 in terms of
the advantage over i, accumulated over time steps:

n(7) = (1) + Eggag.ni [Z V' Ar (st at)]

t=0

=n(m) + Z p#(s) Z m(a|s)Ax(s,a)

Where A is the advantage function:
Ar(s,a) = Qr(s,a) — Vi(s)

And P is the visitation frequency of states in policy 71

p#(8)=P(sg = 8)+7vP(s1 = 8)+7°P(s = 5)+. ..



Preliminaries

To remove the complexity due to p# , following local approximation is introduced:

Ln(7) = n(m) + Y pr(s) Y w(als)Ax(s,a)

If we have a parameterized policy 7Tg., where my(als) is a differentiable function of the parameter
vector @, then L. matches 7) to first order. i.e.,

Ly, (0,) = 1(T0,),
VoLr,, (7-(-9)}9:9 = VW(W@)‘Q 0o

This implies that a sufficiently small step that improves L, N will also improve 7], but does not give
us any guidance on how big of a step to take. ’



Preliminaries

* To address this issue, Kakade & Langford (2002) proposed conservative
policy iteration:

Tnew (a]8) = (1 — a)moa(als) + an’(als)

where,

n' = argmax_, L, (7")

* They derived the following lower bound:

2ey
U(Wnew) ZL7Tolol (WH@W) o (1 - ,Y)QCVQ

where € = mSaX|EaN7T/(a|s) [Ax (s, CL)H



Preliminaries

e Computationally, this a-coupling means that if we randomly choose a
seed for our random number generator, and then we sample from

each of mand m,., after setting that seed, the results will agree for at
least fraction 1-a of seeds.

* Thus a can be considered as a measure of disagreement between nt
and T,



Theorem 1

* Previous result was applicable to mixture policies only. Schulman showed that
it can be extended to general stochastic policies by using a distance measure
called “Total Variation” divergence between mand 7 as:

Dty (p H Q) — % Zz|pz — Qi“ for discrete probability distributions p; q

* Let Dry*(m,7) = max Dpy (7 (:]s) || 7(:]s))

max

* They proved that for a = D7 (Told, Tnew ), following result holds:

N(Tnew) = Lrq (Thew) — ———5 @

where ¢ = max | A, (s, a)]
s,a



Theorem 1

* Note the followingrelation between Total Variation & Kullback—Leibler:
| 2
Drv(p || ¢)° < Dxu(p || 9)

* Thus bounding condition becomes:

1(7) > La(7) — CDRE™ (m, 7),
dery
(1—7)?

where C' =




Algorithm 1

Algorithm 1 Policy iteration algorithm guaranteeing non-
decreasing expected return 7

Initialize 7.
for: =0,1,2,... until convergence do
Compute all advantage values A, (s, a).

Solve the constrained optimization problem

max

Tit1 = argmax [Lr, (m) — CDRy (s, 7))

T

where C' = 4ey/(1 — 7)?
and Ly, (1) =1(m) + > pe(5) S m(als) Ar, (5, 0)

end for




Trust Region Policy Optimization

* For parameterized policies with parameter vector, we are guaranteed to
improve the true objective by performingfollowing maximization:

maxiemize (Lo_,,(0) — CDg™* (0014, 0)]

 However, using the penalty coefficient like above results in very small step
sizes. One way to take larger steps in a robust way is to use a constraint on the KL
divergence between the new policy and the old policy, i.e., a trust region
constraint:

maxi@mize Lo ., (0)

subject to Dyt (Oo1a,6) < 0.



Trust Region Policy Optimization

* The constraintis bounded at every pointin state space, whichis not
practical. We can use the following heuristicapproximation:

EQL(HMHQ) ‘= ]Eswp [DKL(W91('|S) H 7792('|3))]

* Thus, the optimization problembecomes:

maxiemize Lo . (0)

subject to D™ (Oo1q, 0) < &



Trust Region Policy Optimization

* In terms of expectation, previous equation can be written as:

mo(als)

Q9old(87 a)] (14)
q(als)

subject to Espp  [DKL(T0,4([8) || o (+]s))] < 6.

max19mlze E.. P10~ {

where, g denotesthe sampling distribution

* Thissampling distribution can be calculatedin two ways:
» a) Single Path Method
» b) Vine Method



Final Algorithm

e Step 1: Use the single path orvine proceduresto collecta set of
state-action pairs along with Monte Carlo estimates of their Q -values

* Step 2: By averaging over samples, construct the estimated objective
and constraintin Equation (14)

 Step 3: Approximately solve thisconstrained optimization problemto
updatethe policy’s parameter vector



