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> Problem definition: Scalability in Safe Policy Improvement
> Our contribution: Monte Carlo Tree Search SPIBB (MCTS-SPIBB)

- Results: convergence, safety, scalability
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Problem Definition: Scalability in Safe Policy Improvement
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Transition model T: Sx A - P(S)
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Transition model T: Sx A - P(S)
Policy: : S - P(A)
Policy performance: expected return

of the initial state p(rt, M) = V. (s,)
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Safe Policy Improvement (SPI)

True MDP: M'=<S, A, T*, R, y>
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Transition model T: Sx A - P(S)
Policy: : S - P(A)

Policy performance: expectgd return
of the initial state p(rt, M) =V, (s,)
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Environment

Safe Policy Improvement (SPI)

True MDP: M'=<S, A, T*, R, y>

State > o [ Basellr;Te pollcy] [ T unknown ]
el o
e Reward
Action | ‘ @
| r
A Goal
s ~ I

To generate a new policy 1, that ouperforms 1,

with an admissible performance loss ¢&R* and

confidence level 9, with 0&]0,1]

Policy performance: expectcgd return N /
of the initial state p(rt, M) =V, (s,)

Transition model T: Sx A - P(S)
Policy: : S - P(A)
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]
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" Baseline policy
\ T[ﬁ 7
.
True Environment | P -~
. <S,A, T R,y> | MLE Transition Model
'l ’ L TP°(s,a) y
— — ~ ; ~\
- State-action counts
Dataset of trajecories (D) L NP(s,a) )
S.,a.,S, I " - : ~
0"%0">0 "0 N Bootstrapped state-action pairs
S;,a,S; B={(s,a) | N°(s,a)<N,} p
)

on-Bootstrapped state-action pairg
B={(s,a) | N°(s,a)>=N,}
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]

[ Baseline policy | p—— [ — J ﬂ[ Improved policy]

Tt T[spibb
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—— — ’ > - ~
State-action counts
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]

[ Baseline policy | p—— [ — J ﬂ[ Improved policy]

. 0 S

- y

4 ] N
True Environment

If (s,a)&€B then

| <S,A, T R,y> | " MLE Transition Model TEPRR(s,2)=Tr(S, )
1 T°(s,a) else
— — ’ > : < If (s,a)=argmax__(Q(s,a))
- State-action counts Trspibb(s a):l-ﬁ (s,a)
a a ! o\™?
Dataset of trajecories (D) L N°(s,a) ) Else
Sor&0:50 fo - Bootstrapped state-action pairs | TP(s,2)=0
S;,a;,S, B={(s,a) | N°(s,a)<N,} : :
> < Where Q(s,a) is computed using
=) Non-Bootstrapped state-action pairs a constrained version of policy
L __ g B={(s,a) | N°(s,a)>=N,} ) improvement
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]

" Baseline policy ———— Improved policy
-l ST e G
- ’
" True Environment | _ - If (s,2)E€B then
| <S,A, T R,y> | MLE Transition Model TEPRR(s,2)=Tr(S, )
I TO(s,a) else
— — ’ > - < If (s,a)=argmax_,(Q(s,a))
_ . - State-actlDon counts TsPbh(s, 2)=1-T1 (S,2)
Dataset of trajecories (D) N®(s,a) ) Else
S0 80150 4T - Bootstrapped state-action pairs | T*PP2(s,2)=0
S;,a;,S, B={(s,a) | N°(s,a)<N,} : :
= = Where Q(s_:,a) 5 computed using
- Non-Bootstrapped state-action pairs a constrained version of policy

Problem: SPIBB complexity is O(|S|? * |A|), hence it cannot scale to large environments.
How can we make SPIBB scale? 5
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Monte Carlo Tree Search SPIBB (MCTS-SPIBB)

Radboud Uiliversiteit %% (%@ IS L d

R Intelligent Systems Lab




o2 | UNIVERSITA , '
=N MCTS-SPIBB: Main Idea FuDelft

SPIBB + MCTS-SPIBB
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* MCTS-SPIBB uses Monte Carlo Tree Search (MCTS) to scale to large domains
* Complexity: depends on the number of simulations performed to generate the tree

* Main contribution: integration of the SPIBB approach in UCT by means of a suitable
action selection strategy
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Bootstrapped

1 - pjg
Non-bootstrapped

Bootstrapped or
non-bootstrapped
action?

Select bootstrapped
action

Select
non-bootstrapped

action

mo(8A1) _Balel, . mo($,22) UCT(S:30) B (s UCT(S:24)
; a=1 a=2 ; a=3 a= :
+1Q(s,1), N(s,1)| [Q(s,2), N(s,2)| : Q(s 3), N(s,3)| |Q(s,4), N(s,4)| :
" Bootstrapped actions embooelppodiacions.
Select bootstrapped Select non-bootstrapped
action a* action a*
a* ~ (mo(s,a)/py)ia € Ba(s)] @ « argmax, g . {Q(s,a)+

2C,/log N(s)/N(s,a)}

Main contribution: This strategy is proved to make MCTS-SPIBB converge to SPIBB
when the number of simulations tends to infinity
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MCTS-SPIBB: Algorithm

Algorithm 1 MCTS-SPIBB

Input: s: current state; m: baseline policy: N, : minimum
count; Np: counter; m: total number of simulations;
Ba(s), Ba(s): bootstrapped/mon-bootstrapped actions

: Tr+ {} // Empty MC tree

./ Build MC tree (i.e., compute Q)(s.a))

cfori=1.--- ,mdo

Simulate(Tr, s, 0, 70, Ba(s), Ba(s)

: end for

s (s, ) = (0,---,0) / Initialize MCTS-SPIBB policy

s fora € Ba(s) do

7°(s,a) « mo(s.a)

: end for

D@t argmax, 5, 1 TrQ(s,a)}

D PB4 2oaeB.,(s) Tols.a) i Ba(s) total probability

: o (s,0%) 1 - pg

: return a ~ 7°(s, )

= e I R R

wd b =
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Algorithm 2 Simulate

Input: Tr: MC tree structure; s: i
baseline policy; Ba(s), Ba(s):

ol e e

rent depth; my:
bootstrapped/non-bootstrapped actions

. if v¢ < £ then

return

: end if
: /f Node expansion
. if s & Nodes then

fora € Ado

Nodes(sa) « (Nini(s,a), Qui(s,a), )
end for
return Rollout(s, d, mp, Ba(s), pi)

: end if
D pp ZHEBN_‘;] mo(s, a) // Tot prob bootstrapped act
. a* + SelectAction(s, B 4(s). Ba(s), o, P, False)
. 8 ~TP(s,a*,-); v+ R(s,a*)

¢ R« r+-Simulate(Tr, s, d+ 1, mg, Ba(s"), Ba(s’))
: N(s) + N(s)+1

: N(s,a*) « N(s,a*)+1

: Qs,a*) + Q(s,a*) + m\,((i%']})
: return 1?7

Algorithm 3 SelectAction

Algorithm 4 Rollout

00 s thiols Wy e

bootstrapped action sets; m: baseline policy; pj: total
probability of bootstrapped actions: roll: rollout flag

state node; d: cur- Input: s: state node; Ba(s), Ba(s): bootstrapped/non- Input: s : state node; d: current depth; 7: baseline policy:

B4 (s): bootstrapped action set; pj;: total probability of
bootstrapped actions
ify? < ¢ then
return ()
end if
a* + SelectAction(s, B4 (s), {}, mo, pi, True)
s ~TP(s,a*,-); r + R(s,a*)
return r + 7 - Rollout(s’, d + 1, wo, Ba(s), p§)

o 6 ~U([0,1]) #/ Uniform sampling from [0, 1]
. if 6 < py then
pl-) « (0,---.0) // Init. bootstrapped probabilities
fora € By(s)do
pla) « mo(s,a)/p}
end for
a* ~ p(-) // Sample bootstrapped action
. else
if —roll then
// Sample non-bootstrapped action using UCT
a* + argmax, .z, {Q(s.a) +2C, 13{%5‘;}1}
else
a* ~ Trotiout (5, +) I/ Sample uniformly
end if
. end if
: return a*

See the full MCTS-SPIBB algorithm in the paper
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Results: convergence, safety, scalability
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Theoretical analysis about MCTS-SPIBB convergence in the main paper (proofs in Appendix A)
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Theoretical analysis about MCTS-SPIBB convergence in the main paper (proofs in Appendix A)
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MCTS-SPIBB allows to scale SPI to very large domains.

This is an important result towards applying SPI to real-world problems.
N— S
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Thank you!
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