Trust Region Policy Optimization

Qr(spar) = IEstH,aHl,...[Z?io Vlr(5t+l)]7

Ve(se) = IEat,stH,... [ZEX;O Vlr(5t+l)]7

Ar(s,a) = Qr(s,a) = V(s)

Policy Evaluation

Vih(s) = Xy P(s'ls, me () [r + yV™ (s1)]

Policy Improvement

Tg41(s) = argmax Y P(s'|s, a)[r + yV7™r(s")]
a

n — step return:
Getan = Reyr T VRepz + -+ ¥ 0(Se4n)

n(als, 0
WO = |6 0

VJ(6) o X5 () Xa(gn(s, @) — b(s))Vn(als, 6)
VJ(0) = Ex[Vg logmg (ac| s)Ad]

Expected discounted reward for a
stochastic policy my:

n(6) = Eso,ao,.._[Z?’:o yir(se]

a, ~ m(agls;, 8), spp1 ~ P(Spqqlsp,a) VE=0
State ‘s’ distribution: p(s)

n(B) = 1(0) + gy, [0V Ay (st )]
n(B) =n(6) + X5 pp(s) Xamplals)Ay, (s, a)

Complex dependency of pz(s)on 8
is difficult to optimize

Local approximation to n:

Jrg(B) =1(6) + X5 pr,y () Eo g (als)Ar, (s, @)
Doesn’t specify a step size

6: Current policy parameters

B: Behaviour parameters

0': New policy parameters

Performance function (at timestep = t) optimization
problem in policy gradient methods:

- V() = E,[VgInmy (a;| s,)A;] « Gradient equation

- J@ = ]E,t[ln g (a;] st)At] < Maximize this cost function
—  Opp1 =0, + aA VInn(aslss, 0) = Onew > Ooia

— How to set step size for update?

Conservative policy (Kakade &
Langford, 2002):

Tnew(als) = (1 — &)myq(als) + an’(als)

— Where, ' = argmax/J, (')
Vs

Kakade & Langford derived the following lower bound:
- n(nnew) = ]nold (T[new) - (12_—?,/)2 a?
- €= msax|[EIa~nf(a|s)[An(s, a)]|
To generalize for stochastic policies:
- a= D?%ax(nold:ﬂnew) X mSaX DTV(T[old(' |S)||7Tnew(' |S))

- e=max |A,(s,a)l
S, a

Theorem 1: For.a = DIV (714, Tnew) . Following bound
holds:

. . sampling
trajectories trajectories,®” "%
L

two rollouts
S, adn using CRN
all state-action
pairs used in
objective

rollout set

Single path Vine

To improve true objective n:

- maximizeﬂnew[]nold(nnew) — CD,’("L“x(nold,nnew)]

—  Or, maximizey[Jo(0") — CDF**(6,0")]
Practically, C reduces the step sizes.
Therefore, to take larger steps, a limiting
constraint § is preferred

- maximizey Jo(6")

- s.t.DEA*(6,0) <6

Sample-based estimation of objective &
constraint:

Tre/(a|s)
q(als)

Qo(s, a)]

- st Egp, [DKL(EQ(- |s) Il wgyr (- |s))] <é

- maximizey E;._,, a~q[

Algorithm: TRPO Algorithm

1.

Use single path or vine to collect a set of s — a pairs
along with Monte Carlo estimates of their Q-values.

.. ,(als)
- 2. maximizegr Es_p, a~q [_Lq(als) Qg(s, a)]
- N(Thew) Z]nold(ﬂnew) T a-pz a s.t. IEs~p9[DKL(7T9(' |$) Il g (- |5))] <6
3. Approximately solve this constrained optimization
. 2
Theorem 2: Dry(p || @)% < D (p || @) problem to update the policy’s parameter vector 6’.
sey . . . .
— (T, = Jrors (1T 00) — D™ (T o140, Thew) A conJugate gradient algorithm followed by line
ETC’W)Z search is used.
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