N

N
N

HAL

open science

Planning in entropy-regularized Markov decision

processes and games

Jean-Bastien Grill, Omar D Domingues, Pierre Ménard, Rémi Munos, Michal
Valko

» To cite this version:

Jean-Bastien Grill, Omar D Domingues, Pierre Ménard, Rémi Munos, Michal Valko. Planning in
entropy-regularized Markov decision processes and games. Neural Information Processing Systems,
2019, Vancouver, Canada. hal-02387515

HAL Id: hal-02387515
https://inria.hal.science/hal-02387515
Submitted on 29 Nov 2019

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://inria.hal.science/hal-02387515
https://hal.archives-ouvertes.fr

Planning in entropy-regularized
Markov decision processes and games

Jean-Bastien Grill Omar D. Domingues
DeepMind Paris SequeL team, Inria Lille
jbgrill@google.com omar .darwiche-domingues@inria.fr
Pierre Ménard Rémi Munos Michal Valko
SequeL team, Inria Lille DeepMind Paris DeepMind Paris
pierre.menard@inria.fr munos@google.com valkom@deepmind. com
Abstract

We propose SmoothCruiser, a new planning algorithm for estimating the value
function in entropy-regularized Markov decision processes and two-player games,
given a generative model of the environment. SmoothCruiser makes use of the
smoothness of the Bellman operator promoted by the regularization to achieve

problem-independent sample complexity of order (5(1 /e*) for a desired accuracy e,
whereas for non-regularized settings there are no known algorithms with guaranteed
polynomial sample complexity in the worst case.

1 Introduction

Planning with a generative model is thinking before acting. An agent thinks using a world model that
it has built from prior experience [Sutton, 1991, Sutton and Barto, 2018]. In the present paper, we
study planning in two types of environments, Markov decision processes (MDPs) and two-player
turn-based zero-sum games. In both settings, agents interact with an environment by taking actions
and receiving rewards. Each action changes the state of the environment and the agent aims to choose
actions to maximize the sum of rewards. We assume that we are given a generative model of the
environment, that takes as input a state and an action and returns a reward and a next state as output.
Such generative models, called oracles, are typically built from known data and involve simulations,
for example, a physics simulation. In many cases, simulations are costly. For example, simulations
may require the computation of approximate solutions of differential equations or the discretization
of continuous state spaces. Therefore, a smart algorithm makes only a small the number of oracles
calls required to estimate the value of a state. The total number of oracle calls made by an algorithm
is referred to as sample complexity.

The value of a state s, denoted by V' (s), the maximum of the sum of discounted rewards that can be
obtained from that state. We want an algorithm that returns an estimate of precision € of the V() for
any fixed s and has a low sample complexity, which should naturally be a function of . An agent can
then use this algorithm to predict the value of the possible actions at any given state and choose the
best one. The main advantage in estimating the value of a single given state s at a time instead of the
complete value function” s — V (s) is that we can have algorithms whose sample complexity does
not depend on the size of the state space, which is important when our state space is very large or
continuous. On the other hand, the disadvantage is that the algorithm must be run each time a new
state is encountered.

*equal contribution
%as done by approximate dynamic programming
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Our main contribution is an algorithm that estimates the value function in a given state in planning
problems that satisfy specific smoothness conditions, which is the case when the rewards are regular-
ized by adding an entropy term. We exploit this smoothness property to obtain a polynomial sample

complexity of order (5(1 / 54) that is problem independent.

Related work Kearns et al. [1999] came up with a sparse sampling algorithm (SSA) for planning
in MDPs with finite actions and arbitrary state spaces. SSA estimates the value of a state s by
building a sparse look-ahead tree starting from s. However, SSA achieves a sample complexity of
O((1/e)'e(1/9)), which is non-polynomial in 1/e. SSA is slow since its search is uniform, i.e., it
does not select actions adaptively. Walsh et al. [2010] gave an improved version of SSA with adaptive
action selection, but its sample complexity is still non-polynomial. The UCT algorithm [Kocsis
and Szepesvari, 2006], used for planning in MDPs and games, selects actions based on optimistic
estimates of their values and has good empirical performance in several applications. However, the
sample complexity of UCT can be worse than exponential in 1/¢ for some environments, which is
mainly due to exploration issues [Coquelin and Munos, 2007]. Algorithms with sample complexities
of order O (1 / sd) , where d is a problem-dependent quantity, have been proposed for deterministic
dynamics [Hren and Munos, 2008], and in an open-loop” setting [Bubeck and Munos, 2010, Leurent
and Maillard, 2019, Bartlett et al., 2019], for bounded number of next states and a full MDP model
is known [Busoniu and Munos, 2012], for bounded number of next states in a finite-horizon setting
[Feldman and Domshlak, 2014], for bounded number of next states [Szorényi et al., 2014], and for
general MDPs [Grill et al., 2016]. In general, when the state space is infinite and the transitions are
stochastic, the problem-dependent quantity d can make the sample complexity guarantees exponential.
For a related setting, when rewards are only obtained in the leaves of a fixed tree, Kaufmann and
Koolen [2017] and Huang et al. [2017] present algorithms to identify the optimal action in a game
based on best-arm identification tools.

Entropy regularization in MDPs and reinforcement learning have been employed in several commonly
used algorithms. In the context of policy gradient algorithms, common examples are the TRPO
algorithm [Schulman et al., 2015] which uses the Kullback-Leibler divergence between the current
and the updated policy to constrain the gradient step sizes, the A3C algorithm [Mnih et al., 2016]
that penalizes policies with low entropy to improve exploration, and the work of Neu et al. [2017]
presenting a theoretical framework for entropy regularization using the joint state-action distribution.
Formulations with entropy-augmented rewards, which is the case in our work, have been used to
learn multi-modal policies to improve exploration and robustness [Haarnoja et al., 2017, 2018] and
can also be related to policy gradient methods [Schulman et al., 2017]. Furthermore, Geist et al.
[2019] propose a theory of regularized MDPs which includes entropy as a special case. Summing
up, reinforcement learning knows how to employ entropy regularization. In this work, we tasked
ourselves to give insights on why.

2 Setting and motivation

Both MDPs and two-player games can be formalized as a tuple (S, A, P, R, ), where S is the set
of states, A is the set of actions, P £ {P(-|s,a)}s.acsx.4 is a set of probability distributions over
S,R:S8 x A—[0,1] is a (possibly random) reward function and «y € [0, 1] is the known discount
factor. In the MDP case, at each round ¢, an agent is at state s, chooses action a and observes a
reward R(s,a) and a transition to a next state z ~ P(+|s,a). In the case of turn-based two-player
games, there are two agents and, at each round ¢, an agent chooses an action, observes a reward and a
transition; at round ¢ + 1 it’s the other player’s turn. This is equivalent to an MDP with an augmented
state space ST = S x {1,2} and transition probabilities such that P((z, 7)|(s,i),a) = 0if i = j.
We assume that the action space A is a finite with cardinality K and the state space S has arbitrary
(possibly infinite) cardinality.

Our objective is to find an algorithm that outputs a good estimate of the value V' (s) for any given
state s as quickly as possible. An agent can then use this algorithm to choose the best action in an
MDP or a game. More precisely, for a state s € S and given € > 0 and § > 0, our goal is to compute

an estimate V (s) of V(s) such that P [|\A/(s) —V(s)| > e} < ¢ with small number of oracle calls

3This means that the policy is seen as a function of time, not the states. The open-loop setting is particularly
adapted to environments with deterministic transitions.



required to compute this estimate. In our setting, we consider the case of entropy-regularized MDPs
and games, where the objective is augmented with an entropy term.

2.1 Value functions

Markov decision process The policy 7 of an agent is a function from S to P(A), the set of
probability distributions over .A. We denote by 7(al|s) the probability of the agent choosing action
a at state s. In MDPs, the value function at a state s, V (s), is defined as the supremum over all
possible policies of the expected sum of discounted rewards obtained starting from s, which satisfies
the Bellman equations [Puterman, 1994],

Vse S, V(s) = w(-|£l)lg}?§(A)E[R(s’ a) +vV(2)], a ~ w(:|s), z ~ P(-]s,a). (1)

Two-player turn-based zero-sum games In this case, there are two agents (1 and 2), each one
with its own policy and different goals. If the policy of Agent 2 is fixed, Agent 1 aims to find a policy
that maximizes the sum of discounted rewards. Conversely, if the policy of Agent 1 is fixed, Agent 2
aims to find a policy that minimizes this sum. Optimal strategies for both agents can be shown to exist
and for any (s,7) € St £ S x {1, 2}, the value function is defined as [Hansen et al., 2013]

V(S ’L) A maXTr("S)EP(.A) E[R((Sa Z)a CL) + ’YV(Zvj)L ife = 1a (2)
’ minﬂ(-\s)GP(A) E[R((Sa i)7 a) + ’yV(Z,j)], ifi =2,

with a ~ 7(-|s) and (z,7) ~ P(-|(s,%),a). In this case, the function s — V(s,%) is the optimal
value function for Agent ¢ when the other agent follows its optimal strategy.

Entropy-regularized value functions Consider a regularization factor A > 0. In the case of
MDPs, when rewards are augmented by an entropy term, the value function at state s is given by
[Haarnoja et al., 2017, Dai et al., 2018, Geist et al., 2019]

V()2 max {E[R(s.0) +9V()] + XHr(19) ., @~ w(ls), = ~ PLIs,a)
— Mog 3 exp(AE[R(s,a) + 1V (2)]), = ~ P(Is, a), @)
acA

where H (7 (+|s)) is the entropy of the probability distribution 7(+|s) € P(A).

The function LogSumExp, : RX — R, defined as LogSumExp, (z) £ ) log EZK:l exp(z;/A), is
a smooth approximation of the max function, since ||max —LogSumExp, ||s < Alog K. Similarly,
the function —LogSumExp_, is a smooth approximation of the min function. This allows us to
define the regularized version of the value function for turn-based two player games, in which both
players have regularized rewards, by replacing the max and the min in Equation 2 by their smooth
approximations.

For any state s, let F, £ LogSumExp, or Fy = —LogSumExp_, depending on s. Both for MDPs
and games, we can write the entropy-regularized value functions as

V(s) = Fu(Qs), with Qs(a) £ E[R(s,a) + 1V (2)], z ~ P(|s,a), )

where Qs £ (Qs(a)),¢ 4 the @ function at state s, is a vector in R¥ representing the value of each
action. The function Fj is the Bellman operator at state s, which becomes smooth due to the entropy
regularization.

Useful properties Our algorithm exploits the smoothness property of F defined above. In particu-
lar, these functions are L-smooth, that is, for any Q, Q' € RX, we have

Fo(Q) = Fu(Q) = (Q - Q)'VF(Q)] < L|Q — Q'||3, with L =1/ (5)

Furthermore, the functions F; have two important properties: VF;(Q)" > 0 and |[VFs(Q)|1 =1
for all Q € RX. This implies that the gradient V F,(Q) defines a probability distribution.

*VF;(Q) is the gradient of F(Q) with respect to Q.
*1t is a Boltzmann distribution with temperature \.



Assumptions We assume that S, A, A, and ~ are given to the learner. Moreover, we assume that we
can access a generative model, the oracle, from which we can get reward and transition samples from
arbitrary state-action pairs. Formally, when called with parameter (s,a) € S X A, the oracle outputs
a new random variable (R, Z) independent from any other outputs received from the generative
model so far such that Z ~ P(-|s, a) and R has same distribution as R(s, a). We denote a call to the
oracle as R, Z < oracle(s, a).

2.2 Using regularization for the polynomial sample complexity

To pave the road for SmoothCruiser, we consider two extreme cases, based on the strength of the
regularization:

1. Strong regularization In this case, A — oo and L = 0, that is, F} is linear for all s:
Fy(z) = wlz, with |[w,||; = 1, ws € R¥ and wy = 0,

2. No regularization In this case, A = 0 and L. — oo, that is, Fs; cannot be well approximated
by a linear function.

In the strongly regularized case, we can approximate the value V (s) with O(1/&?) oracle calls. This
the linearity of Fy, since the value function can be written as V (s) = E[>-,° 7' R(S;, Ay) | So = ]
where A; is distributed according to the probability vector wg,. As a result, V'(s) can be estimated
by Monte-Carlo sampling of trajectories.

With no regularization, we can apply a simple adaptation of the sparse sampling algorithm of
Kearns et al. [1999] that we briefly describe. Assume that we have an subroutine that provides an
approximation of the value function with precision £/,/7, denoted by V, ﬁ(s) for any s. We can

call this subroutine several times as well as the oracle to get improved estimate V defined as

~

V(o) = £ (Q.) wih Qufa) ¢ ;fi [ri(s. @) +47y 20)]

where 7;(s,a) and z; are rewards and next states sampled by calling the oracle with parameters
(s,a). By Hoeffding’s inequality, we can choose N = O(1/¢?) such that V (s) is an approximation
of V(s) with precision € with high probability. By applying this idea recursively, we start with
V= 0, which is an approximation of the value function with precision 1/(1 — ~), and progressively

improve the estimates towards a desired precision €, which can be reached at a recursion depth of
H = O(log(1/¢)). Following the same reasoning as Kearns et al. [1999], this approach has a sample

complexity of O((1/¢)'°e(1/)): to estimate the value at a given recursion depth, we make O(1/?)
recursive calls and stop once we reach the maximum depth, resulting in a sample complexity of

1 1 1\ ©(log(2))
RV () |
€
O(log(1/¢)) times
In the next section, we provide SmoothCruiser (Algorithm 1), that uses the assumption that the
functions F are L-smooth with 0 < L < oo to interpolate between the two cases above and obtain a
sample complexity of O(l / 54).

3 SmoothCruiser

We now describe our planning algorithm. Its building blocks are two procedures, sampleV (Algo-
rithm 2) and estimateQ (Algorithm 3) that recursively call each other. The procedure sampleV
returns a noisy estimate of V' (s) with a bias bounded by ¢. The procedure estimateQ averages the

outputs of several calls to sampleV to obtain an estimate @), that is an approximation of ) with
precision ¢ with high probability. Finally, SmoothCruiser calls estimateQ(s,€) to obtain Q5 and

outputs V(s) = F,(Q,). Using the assumption that F is 1-Lipschitz, we can show that V/(s) is an
approximation of V' (s) with precision e. Figure | illustrates a call to SmoothCruiser.

SThis is the case of the max and min functions.
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Figure 1: Visualization of a call to SmoothCruiser(so, £g,d’).

3.1 Smooth sailing

The most important part of the algorithm is the pro-
cedure sampleV, that returns a low-bias estimate
of the value function. Having the estimate of the ~ Input: (s,£,8") € S x Ry x Ry
value function, the procedure estimateQ averages ~ Mx < subes [F5(0)] = Alog K
the outputs of sampleV to obtain a good estimate of k<= ,(1 - VN/(KL)

the @ function with high probability. The main idea ~ S€t9': i, and M as global parameters
of sampleV is to first compute an estimate of preci- ~ s ¢ estimateQ(s, ¢)

sion O(4/) of the value of each action {Q(a)}qea  Output: Fi (@s)
to linearly approximate the function F around Q).

The local approximation of F around @8 is subsequently used to estimate the value of s with a better
precision, of order O(¢), which is possible due to the smoothness of F.

Algorithm 1 SmoothCruiser

Algorithm 2 sampleV Algorithm 3 estimateQ

1: Input: (s,e) € S x Ry 1: Input: (s,¢)

2: ife > (1+M)\)/(1—’}/) then X 18(1+My)? log(QK/S/)

3: Output: 0 2: N(g) « (1—7)4<1—)\\ﬁ)2 ==

4: elseif ¢ > « then 3: fora € Ado

5 Qs < estimateQ(s,¢) 4: gi < 0foriel,..,N(e)

6: Output: F.(O. 5 foric1,...,N(¢) do

. P (Q ) 6: (R, Z) + oracle(s,a).
7: elseif e < x then ) = 7
8: Qs < estimateQ(s, vke) 7 Ve sampleAV( 1&/VA)
. 3 8: ¢ +— R+~V

9 A < action drawn from V Fs ( Qs 9- end for

10: (/\Ra Z) « oracle(s, A) 10: Qs(a) + mean(qi,...,qn)

11: V « sampleV(Z,e/\/7) 11:  clipQs(a) o [0, (1 + My)/(1—7)]
1z Ouput: = _ 122 Qula) « max(0,Qs(a))

B 1 Q) QIVE(@:) + (R+97) 13: Qs(a) ¢ min((1+M)/(1-7),Qs(a))
14: end if 14: end for

15: Output: Q. (a)

For a target accuracy ¢ at state s, sampleV distinguishes three cases, based on a reference threshold

k£ (1 —/¥)/(KL), which is the maximum value of ¢ for which we can compute a good estimate
of the value function using linear approximations of Fj.

e First, if¢ > (1 + Alog K)/(1 — ), then 0 is a valid output, since V' (s) is bounded by
(1+ Alog K)/(1 — ). This case furthermore ensures that our algorithm terminates, since
the recursive calls are made with increasing values of e.

e Second,ifx <e < (1+AlogK)/(1—+~), werun F;(estimateQ(s,e)) in which for each
action, both the oracle and sampleV are called O(1/&?) times in order to return V' (s) which
is with high probability an e-approximation of V' (s).



o Finally, if ¢ < k, we take advantage of the smoothness of F; to compute an e-approximation
of V() in a more efficient way than calling the oracle and sampleV O(1/c?) times. We

achieve it by calling estimateQ with a precision /ke instead of €, which requires O(1/¢)
calls instead.

3.2 Smoothness guarantee an improved sample complexity

In this part, we describe the key ideas that allows us to exploit the smoothness of the Bellman operator
to obtain a better sample complexity. Notice that when € < k, the procedure estimateQq is called to

obtain an estimate (), such that
1Qs = Qull = O(VE/L):

The procedure sampleV then continues with computing a linear approximation of F(Q) around @s.
Using the L-smoothness of F, we guarantee the e-approximation,

F(Qq) = {F(Q) + Q. = Q' VE(Qo) }| < LIQ: - Q.3 = 0(e).

We wish to output this linear approximation, but we need to handle the fact that the vector Q) (the true

~

Q-function at s) is unknown. Notice that the vector V F(Q);) represents a probability distribution.

~

The term QL V F(Q)5) in the linear approximation of Fs((),) above can be expressed as

~ ~

QIVE.(Q.) = E[Q.(4)|Q.], with A~ VE(Q.).

Therefore, we can build a low-bias estimate of QT V F (@S) from estimating only Q4(A):

~

e sample action A ~ VF(Q5)
o call the generative model to sample a reward and a next state Rs 4, Zs 4 < oracle(s, A)
e obtain an O(¢)-approximation of Q(A): Q(A) = R 4 + ysampleV(Zs a,/\/7)
e output V(s) = F,(Q,) — QTVF,(Qs) + Q(A)
We show that V(s) is an e-approximation of the true value function V(s). The benefit of such
approach is that we can call estimateQ with a precision O(y/¢) instead of O(e), which thanks to the

smoothness of Fy, reduces the sample complexity. In particular, one call to sampleV(s, ¢) will make
O(1/e) recursive calls to sampleV(s, O(y/€)), and the total number of calls to sampleV behaves as

1 1 1 <1
EX€1/2 X€1/4 X"'—g'

Therefore, the number of sampleV calls made by SmoothCruiser is of order O(1/¢?), which
implies that the total sample complexity is of O(1/g*).

3.3 Comparison to Monte-Carlo tree search

Several planning algorithms are based on Monte-
Carlo tree search (MCTS, Coulom, 2007, Kocsis and
Szepesviri, 2006). Algorithm 4 gives a template for ~ Input: state s

MCTS, which uses the procedure search that calls repeat search(s, 0)

selectAction and evaluateLeaf. Algorithm 5, until t1n.1e01{t .

search, returns an estimate of the value function; Output: estimate of best action or value.
selectAction selects the action to be executed

(also called free policy); and evaluateLeaf returns an estimate of the value of a leaf. We now
provide the analogies that make it possible to see SmoothCruiser as an MCTS algorithm:

Algorithm 4 genericMCTS

e sampleV corresponds to the function search



e selectAction is implemented by calling estimateQ to compute @5, followed by sam-

~

pling an action with probability proportional to V F,(Qs)

e evaluateLeaf is implemented using the sparse sampling strategy of Kearns et al. [1999],
if we see leaves as the nodes reached when ¢ > &

4 Theoretical guarantees

Algorithm 5 h
In Theorem | we bound the sample complexity. SOrTUAM > searc

Note that SmoothCruiser is non-adaptive, hence ~ Input: state s, depth d

its sample complexity is deterministic and problem @ g ilm'd;‘. thenl teLeat(s)
independent. Indeed, since our algorithm is agnostic ifu pul: evatuateteatls
to the output of the oracle, it performs the same num- a « selectAction(s, d)

ber of oracle calls for any given € and §’, regardless R,Z + oracle(s,a) ’

of the random outcome of these calls. Output: R + ysearch(Z,d + 1)

Theorem 1. Let n(e,d’) be the number of oracle
calls before SmoothCruiser terminates. For any state s € S and ,0" > 0,

N G 2 ca\losa(es(los(3)))  ~/'1
n(e, ') < 5 log (57 ) [esto ()] =0la)
where c1, ca, c3, C4, and cs are constants that depend only on K, L, and .
The proof of Theorem | with the exact constants is in the appendix. In Theorem 2, we provide our

consistency result, stating that the output of SmoothCruiser applied to a state s € S is a good
approximation of V'(s) with high probability.

Theorem 2. Forany s € S, € > 0, and § > 0, there exists a 0’ that depends on € and 6 such that the
output V(s) of SmoothCruiser(s, ¢, d’) satisfies

P[W(s) ~V(s)| > e} <.

and such that n(e,8') = O(1/e**¢) for any ¢ > 0.

More precisely, in the proof of Theorem 2, we establish that
PUF/(S) —V(s)| > g} < 8'nle, 8').

Therefore, for any parameter ¢’ satisfying §'n(e,d’) < 4, SmoothCruiser with parameters ¢ and §’
provides an approximation of V'(s) which is (g, ¢) correct.

Impact of regularization constant For a regularization constant A, the smoothness constant is
L = 1/X. in Theorem | we did not make the dependence on L explicit to preserve simplicity.
However, it easy to analyze the sample complexity in the two limits:

strong regularization L — 0 and Fj is linear

no regularization L — oo and Fj is not smooth

As L — 0, the condition £ < e < (1+Alog K)/(1—-) will be met less and eventually the algorithm
will sample N = O(1/&?) trajectories, which implies a sample complexity of order O(1/¢?). On
the other hand, as L goes to oo, the condition € < x will be met less and the algorithm eventually
runs a uniform sampling strategy of Kearns et al. [1999], which results in a sample complexity of
order O((1/¢)'#(1/9)), which is non-polynomial in 1/e.

Let V) (s) be the entropy regularized value function and V5 (s) be its non-regularized version. Since F
is 1-Lipschitz and || LogSumExp, — max||.c < Alog K, we can prove that sup, |V (s) — Vo(s)| <
Alog K/(1 — 7). Thus, we can interpret V) (s) as an approximate value function which we can
estimate faster.



Comparison to lower bound For non-regularized problems, Kearns et al. [1999] prove a sample
complexity lower bound of €((1/£)!/1°8(1/7)) which is polynomial in 1/, but its exponent grows
as vy approaches 1. For regularized problems, Theorem | shows that the sample complexity is
polynomial with an exponent that is independent of ~y. Hence, when =y is close to 1, regularization
gives us a better asymptotic behavior with respect to 1/¢ than the lower bound for the non-regularized
case, although we are not estimating the same value.

5 Generalization of SmoothCruiser

Consider the general definition of value functions in Equation 4. Although we focused on the case
where Fj is the LogSumExp function, which arises as a consequence of entropy regularization,
our theoretical results hold for any set of functions {F;}cs that for any s satisfy the following
conditions:

1. Fj is differentiable

2. VQ e RE 0 < |[VF,(Q)]1 <1

3. (nonnegative gradient) VQ € RX, VF,(Q) = 0

4. (L-smooth) there exists L > 0 such that for any Q, Q' € R¥X

[F(Q) — Fi(Q) = (Q - Q)'VE(Q)| < L|Q - Q|13

For the more general definition above, we need to make two simple modifications of the procedure
sampleV. When € < &, the action A in sampleV is sampled according to

. _VE(Q)
HVFS(QS)HI

and its output is modified to
Fy(Qs) = QIVE(Qs) + (R+0) | VE(Q)]1-

In particular, SmoothCruiser can be used for more general regularization schemes, as long as the
Bellman operators satisfy the assumptions above. One such example is presented in Appendix

6 Conclusion

We provided SmoothCruiser that estimates the value function of MDPs and discounted games
defined through smooth approximations of the optimal Bellman operator, which is the case in entropy-
regularized value functions. More generally, our algorithm can also be used when value functions
are defined through any smooth Bellman operator with nonnegative gradients. We showed that our

algorithm has a polynomial sample complexity of 6(1 /&%), where ¢ is the desired precision. This
guarantee is problem independent and holds for state spaces of arbitrary cardinality.

One interesting interpretation of our results is that computing entropy-regularized value functions,
which are commonly employed for reinforcement learning, can be seen as a smooth relaxation of a
planning problem for which we can obtain a much better sample complexity in terms of the required
precision €. Unsurprisingly, when the regularization tends to zero, we recover the well-known
non-polynomial bound (9(( 1/g)los(t/ 5)) of Kearns et al. [1999]. Hence, an interesting direction for
future work is to study adaptive regularization schemes in order to accelerate planning algorithms.
Although SmoothCruiser makes large amount of recursive calls, which makes it impractical in most
situations, we believe it might help us to understand how regularization speeds planning and inspire
more practical algorithms. This might be possible by exploiting its similarities to Monte-Carlo tree
search that we have outlined above.
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A Preliminaries

A.1 General definition of value functions

We consider the general definition of value functions in Equation 4 and we assume that all the
functions F satisfy

1. F is differentiable,

2. Vo e RE 0 < ||[VFy(2)|; <1,

3. (nonnegative gradient) Yoz € RX VF,(z) = 0,

4. (L-smooth) There exists L > 0 such that for any zo, z € R

|Fs(x) — Fy(x0) — (z — x0)"VFy(x0)| < Llla — x0|3,

which is the case for the functions LogSumExp, and —LogSumExp_ , that we study in the present
paper. In particular, the second requirement implies that F is 1-Lipschitz,

o,y € RY, |Fy(2) = F(y)] < |2 = ylloo-
For this more general definition, we modify the output of sampleV when ¢ < & to
output = £, (Q.) ~ (Q.)"VF(Q. ) + (R+9)|VF(Q)
and the action sampled in sampleV is sampled according to
vF,(Q.)

BETTACAT

instead of A ~ VF, (@)

A.2 Other definitions

The constant M), is defined as
M) £ sup |Fy(0)].
seS

For any c € R, the function clip, : R? — R¢ is defined component-wise as

clip.(z), =z if —c<z;<c,
c ifx > c.

B Sample complexity

Theorem 1. Let n(e,d’) be the number of oracle calls before SmoothCruiser terminates. For any
state s € S and &,6' > 0,

n(e,d) < %10g(%) [03 log(%)}logz(%(log(%))) = 5(;)

where c1, co, c3, C4, and c5 are constants that depend only on K, L, and .
To bound the sample complexity, we make the following steps.

e Proposition | bounds the number of recursive calls of sampleV in the uniform sampling
phase (¢ > k) and is similar to the results of Kearns et al. [1999].
e Lemma | bounds the number of recursive calls of sampleV when ¢ < k.

e By noticing that the number of recursive calls of sampleV is equal to the number of oracle
calls, we bound the sample complexity of SmoothCruiser in Theorem I.
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Let Nganp1ev($, €, ") be the total number of recursive calls to sampleV after an initial call with
parameters (s, €), and including the initial call. Since this number does not depend on the state s, we
denote it by ngamprev(e, d').

h
Proposition 1. Let € > k. Forall h € N, Ve such that OH:@QH <e< lffi*, we have

1 2 6/ H(E)
Nompton(&, ') < 4 HHEOHE 1) (O‘E(Q))
H(x)
LH®K)(H(K)-1 2a(6l>
< A () >( !
where
e(l—1)
H(e) = |2log [ 22—V
@ = [2100, (T2
and

a(d) =

18(1+ M,)%K (2K>
5 log

(1= =7) k

Proof. We want to prove that nganpiev(€, 0') < G(e), where

1 R o) 204 5/ H(E)
Gle) = 43O HE) 1>< 6(2 )>

We proceed by induction on h.

Base case Leth = 0. We have ¢ = 1;“}? , which implies ngamp1ev(€,d’) = 1 and G(e) = 1 (since

H(e) = 0). Hence, the proposition is true for h = 0.

Induction hypothesis Assume true for h.

S (@+My) A"

h+1
Induction step Lete > % Since % > T, Weuse the induction hypothesis
to obtain
€
NsampleV (87 6/) = 1 + KN(E)nsampleV (7 6/>
~~
current call V7
calls in estimateQ
2a(0’
< #nsamplev <€7 5/)
€ Nal
/ N H(e)—1
< 200 )7;<H(e>1><H<s>2><72042(5)> , SinceH( e > _H() -1
€ € Nal
H(e
_ LH(e)(H(e)-1) (204(5/)) ©
= ’y 72 ’
€
which completes the proof. O

Lemma 1. Lete < k. Forall h € N, Ve > H\ﬁh, we have

K 772(5/) 1
nsample\l(57 5l) < T |:10g_1y (?y>:| ?

12



where

R =

KL
m = H2nsample\l("€a 5/)

12(8") = log2<

I—v
B') =

)

18(1 + M,)2K2L

K
2K

under the condition that

v 2B8(9)
1Og2 (]-_’y o

) >0, e,

which is satisfied by choosing 6" small enough.

Proof. First, let us define some auxiliary quantities,

=)=

()

1-ya-v7)

PO 2 55

We want to prove that ngampiev(e, 6’) < B(e) and we proceed by induction on A.

(6)

)

®)
9

Base case For h = 0, we have € > « and, by assumption, ¢ < k. Therefore, € = k. It can be easily
verified that B(k) = Nsamprev(k, ¢'), hence the lemma is true for h = 0.

Induction hypothesis

Induction step Lete > /{ﬂh“. We have that

e

ﬁ

1 + n
sampleV (
current call

nsampleV (57 5/)

Assume that the lemma is true for h.

55/> +KN(\/%)nsamp1eV<U ‘:’5’6/)

call in line 11 of sampleV

!
) 6/> + Mnsamplev ( iga 6/)
3 V v
| RE
NsampleV ( 73 5/>

€

ﬁ

,6’) +

1 + nsamplev (

3

Nai

28(8)

S nsample\l (

calls in estimateQ

Since € > Hﬁthl and ¢ < k, we have %‘5 > % > n\ﬁh. This allows us to use our induction

hypothesis to get

nsa.mpleV(Ea 5/) S B<€> +

ﬂ

26(¢")

€

%)

We will need the equation bellow, which is easily verified as

K :11
2

log

re

13

(%)

(10)



‘We have that

where we used the assumption that n2(§") > 0.

B(\/g) _mBl(\/%)

B(e) Kk Bi(e)

Also we get that

Finally, we obtain

val € g
28(6") (1 —
<o)+ P T b
= B(e),
which proves the lemma. ]

Now we can prove Theorem |, which is restated below.

Theorem. Let n(e,d") be the number of calls to the generative model (oracle) before the algorithm
terminates. For any state s € S and ,6’ > 0,

e < og (%) [uton(2)] " Z 0 (1)

o’ e

where c1, ca, c3, c4 and cs are constants that depend only on K, L and .

Proof. First, notice that the number of calls to the generative model is smaller than the total number
of calls to sampleV. SmoothCruiser makes one call to estimateQ, which makes N (¢) calls to
sampleV. If ¢ > &, Proposition | shows that the sample complexity is bounded by a constant.
Lemma | bounds the sample complexity for ¢ < x, and we use it to bound n(e, §’):

n(e,0") = N(e)nsamprev(e, &) |
< N(E)m [mgi (””?)] me 1

2

< hiee(5) eaen(2)] ™7 <6 5)
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by using the definition of N () for ¢ < « and the definition of 7(¢’) in Lemma 1.

The constants are given by:

18(14+M»)> Noamprev (1,87 |
K2L2(1_,Y)4 >

® (C

o 5 =2K;
o c3 = [log(1/9)]™ %
e ¢y =(1-7)/(vKL);

36(1+My )2y K>3 L?
1=y (1=yM* -

® C; =

C Consistency

Theorem 2. Forany s € S, € > 0, and § > 0, there exists a 0’ that depends on € and § such that the
output V (s) of SmoothCruiser(s, ¢, d") satisfies

P[W(s) ~V(s)| > s} <6
and such that n(e,8') = O(1/e**¢) for any ¢ > 0.

To prove that our algorithm outputs a good estimate of the value function with high probability, we
proceed as follows:

e In Lemma 2, we prove that the output of sampleV, conditioned on an event .4, is a low-bias
estimate of the true value function, and that .4 happens with high probability;

e Given Lemma 2, the proof of Theorem 2 is straightforward.

Throughout the proof, we will make distinctions between two cases:

1+ My

e Casel: k <e< 1=

e Case2: c < K
C.1 Definitions
We define the function ((¢) as

£, ifﬁ§€<%,

¢(e) = { ke, ife < &, (11)

otherwise.

Define params(s,e) as the (random) set of parameters used to call sampleV after a call to
sampleV(s, ), that is

params(s,e) = {(Zs(ka), C(\;)> fork=1,...,N(e);a € .A} (12)

in case 1 and

params(s, ¢) = { (ngjg, C\(;)> fork=1,...,N(c);a e A} U{ (Zs,m \%) } (13)

15



in case 2, where Z §’32 are the next states sampled in estimateQ and Z, 4 is the next state sampled

sampleV(s, ).
A call to sampleV(s, ) makes one call to estimateQ. Denote the output of this call to estimateQ
by Q<. We define the event A(s, ) as follows:

e _ ) < ; 1+ My
Apsaey = { {10~ Qulls CEPNBls.c). it0<e < 52 (14)
Q, ife> %.
where (2 is the whole sample space and
B(s,e) = N A(z,e) (15)
(z,e)eparams(s,e)
Define C, as:
0. — 3(14+ My) (16)
T2
C.2 Proofs
Lemma 2. Let V.(s) = sampleV(s,¢). Forallh € N,s € S,¢ > %:, we have:
i) |E [IZ(S)‘A(S, o) - Vi) <, and
(i) P[IVo(s)] < O AGs,2)] =1
(iif) PlA(s,€)] > 1 — ' Nsanprev(e, ')
where
nsamplev(ga 5/) =1+ Z nsamplev(ea 5/) (17)

(z,e)Eparams(s,e)
is the total number of recursive calls to sampleV after an initial call with parameters (s, €).

Proof. We proceed by induction over h.

(1) Base case. Ifh =0, > 4 and A(s,e) = Q. The output is then V.(s) = 0. Point (i) is
verified by using the fact that |V (s)| < % < ¢; points (ii) and (iii) are trivially verified.

(2) Induction hypothesis. Assume that (i), (ii) and (iii) are true for h.

h+1
(3) Induction step. Lete > % This implies that £/,/7 and ((¢)/,/7 are both greater

h
than %, which will allow us to use our induction hypothesis.

We start by proving (iii).
Let @i = estimateQ(s, ((¢)). Let the reward R(gk,z and state ngu) be the random variables associated

to the k-th call to the generative model used to compute @5 in estimateQ, for k € {1,--- , N(e)}.
Let

¢¥(a) == RY) + ysamp1ev(2(5), () /v/A) (s)
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and let

N(e)
—¢ 1
Qul0) = 77y 2 4+(@) (19)
k=1
so that:
Qs = clipyyary )1 (@i(a)) (20)

Using Fact 2, we have:

1Q3(a) — Qs(a)] < [Q%(a) — Qs(a)| 1)

< [@:(a) ~ E[@1(@)[B(s,9)| |+ [E[QL@)B(5.)] - Qula)] @2
(I) (I1)

We’d like to use Hoeffding’s inequality to bound (I) in probability. For that, we need to verify that
the random variables {¢” (a )}N(E are bounded and independent conditionally on B(s, ).
Boundedness. By induction hypothesis (ii) In the event B(s,e), the random variables
sampleV (Zs(ka) ,¢(e)/ \ﬁ), for all k, are bounded by C.,. Using the fact that the rewards are in
[0,1] and that C, > 1/(1 — 7), we obtain ¢¥(a) is also bounded by C.,.

Independence. Let E;, = A(Z%,,((¢)/,/7). For any t € RV, the characteristic function of
{q" (a)}gz(sl) conditionally on B(s, ) is given by

[exp( > trgf(a) )’B s,€)

_)E[exp< Ztkqs )’ﬂEk
k
_ Eexp(iY_, tra¥(a)) [T, Iz ]
E [Hk H{Ek}}
E [IT, exp(iteqh (a))I{£,3]
E [Hk H{Ek}]
®) [T E [exp(itrgs (a) I,
1 E[Ip,]

= H]E [GXP itpqt(a ’Ek}

)HE{exp 1tkqS ’B S, € }

which is justified by
(a) Definition of B(s, €) and the fact that {¢* (a)}kN:(i) are independent of A(Z& A, \%) ;

(b) The random variables {qf(a)}g:(i) are independent and the events {Ek}f\i(f ) are also
independent;

(c) The random variable ¢*(a) is independent of every E; for j # k.

Since the characteristic function of {¢*(a )}k is the product of their characteristic functions, these
random variables are independent given B(s, 5)
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Now we can use Hoeffding’s inequality:

P[[Q(a) — E[Q3(@)[B(s,9)]| = (1 = vA)C(0)| Bs.<)]

N(e)
=P [|Nt) > d(a) ~ E[¢f(0)| Bls,2)] | = (1 = y7)(E)|Bs,e)

k=1

< 2exp( - NEUL VLT
5/

<

- K

And (IT) is bounded by using the induction hypothesis (i):

) |

@ E [sampleV (Zs(f“a, C(\;)) )B(s,s)} -E |:V(Zs(,ka) B(S,e)} |

2 i (2.2 ] (212, 5 )| e[ reempa (2. 7))

( )7|IE[E [samplev<Z§f“a, q?) ZS(’“(B»A(ZS(Z, C(i)ﬂ - V(2D A(ZSF‘“ C(i)ﬂ
@ @

VAT

= V¢(e)

which is justified by the following:

@ E [Rg’;i%

B(s, E)} =E [ngg} , since the reward depends only on s, a;

(b) The term (nga), C(\/%)) depends on B(s, ¢) only through A(Zg?, C(\/? ) ;

(c) Law of total expectation;

(d) Consequence of induction hypothesis (i).
Putting together the bounds for (I) and (IT) and doing an union bound over all actions, we obtain:

P[IQ5 - Qullw = C(0)|Bls,)] <

We can now give a lower bound to the probability of the event A(s, ¢). Let

& ={10: - @l < <)} 23)

We have:

18



P[A(s, )] > P[E N B(s,¢)]
= P|:5‘B(S7E):| P[B(s,¢)]
= (1-2[£°B(s.2)] )PIB(s, =)
> P[B(s,e)] — &

Z 1 - 6/nsamplev(€a 5/)

since

(z,e)Eparams(s,e)

>1- Z P[A(z,e)c}

(z,e)eparams(s,e)

>1-46 > Nsamp1ev(e,d’) by induction hypothesis (iii)

(z,e)Eparams(s,e)

=1- 6I(nsa.mp1ev(€7 5/) - 1)

This proves (iii). Now, let’s prove (i).

For any event £, we write

1=/

Casel. Westart withcase 1,k <e < %, where ((¢) = ¢ and

Va(s) = Fu(Q5) 24
‘We have:

Eagee) [Vo(5)] = Vo) = B [Fu(@2) — F(Q))]]
< B €>[\F (@) - F(Qy)]

< Eageo [1Q5(0) - Q@)1
<((e)=¢

and (i) is verified for case 1.

Case 2. Consider now the case 2, € < k, where ((¢) = /ke.

% and let the reward 12, 4 and the state Z 4

be the random variables associated to the call to the generative model with parameters (s, A). Let
U = sampleV(Z, 4,¢//7). The output in this case is given by

Let A be the action following the distribution

V.(s) = B, (Q2) = (@) V(@) + (R+9)IVE(@Q:) I (25)
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Let
Qu(A) = Bagoey[Rova + 7V (Z0,0)|4, Q]
= ]EA(S,E) [RS,A + ’YV(ZS,AMA]

and let

V(s) = B[R (@) = (Q)TVE(QS) + Qu()IVE(QS) 1] 26)

We have

Ease) [Vo(s)] = V()
BB |sampteV( Zo = ) = VIZuw)] A5 Zea| 192 (@)1
() EASE)[(IEA(S’E)[sampleV<ZSA, )‘AQ } V(Z., ))]VF( )HI

(©)

< ’YE.A(S,E) SampleV <Zs Ay )‘A Q :| - V(ZS,A)|:|

IE A(s,e)

(d)
= 'YE.A(s,a) |:|EA(Z5,A,8/\W) |:sampleV <Z9 A, > ’Zg A:| — V(Z&A)|:|

(z) €
SY—==
NGl

which is justified by the following points:

(a) The reward depend only on s, a and law of total expectation;

(b) V(Zs,4) is a function of Z;_4 and no other random variable;

(c) Jensen’s inequality and the fact that ||V F} (@i) 1 <1;

(d) Given Z; 4, the term sampleV(ZS,A,%) depends on A(s,e) only through
A(ZS,A7€/\/’7);

(e) Induction hypothesis (i).

Now, E 4(s,¢) {QS( )|V FEs ( )|| ] can be written as

Ea(s.0)|Qu(A)IVE(Q2) ]

=Ea(s,e) {EA(S,E) [QS(A)‘CX} IV, (@i) ||1}

— Eagoe) [QIVA(Q2)]
so that ‘7(3) is given by
V(s) = Eape) |12 (Q2) + Qs = Q)Y E(Q:)] &)

Finally, we bound the difference between V (s) and V (s):
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V() = V()| < B |11 (@5) + (@ = Q)'VE(Q5) = V(5]
< Lo (19 - Q53]

(%) KLE 4(s.¢) [HQS - Q\ngo}
< KL((e)?
= KLke
— (1- )
by using the fact that we are on A(s, €) and (a) uses the fact that for all z € R, ||z|2 < K||z|/%.

We can now prove (i) for case 2:

o) [Ve(5)] = V()| < B [Tels)] = V()| + [V (s) = V(5) 28)
<VrE+(1—ye=c¢ (29)

Finally, let’s prove (ii).

Case 1. In this case, V.(s) = F,(Q%) with H@i”oo < (14 My)/(1 — ~), since each component

of @i is clipped and lie in the interval |0, %} The assumptions on F imply that HA/E(S)| <

1+ My
e

Case 2. In this case, we have:

Vo(s)] < 17, (Q2) = (@) (Q3) 1 + IR+ 3llIVF, (@2 1
< 2Y|Q5 oo + My + 147G,
2(1+ My)
-y
<C,

IN

+ My +1+7C,

since |v] < C., by induction hypothesis (ii).

This proves (ii) for case 2:

P[W/(s)\ < 07],4(3,5)] —1 (30)

Now, we can prove Theorem 2, which is restated as follows:

Theorem. Let ‘7(8) be the output of SmoothCruiser(s,¢e,d’). For any state s € S and ,6" > 0,

P[\T/(s) —V(s)| > 5} < 8'n(e, ).

Proof. Let Q, = estimateQ(s, ). We have ‘7(3) =F; (@S) As in the proof of Lemma 2, let the

reward ngg and state nga) be the random variables associated to the k-th call to the generative model
used to compute (5(a) in estimateq, fork € {1,--- , N(¢e)}.

We have:
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R G,

Qulo) = 5 2 B+ ysanplev(Z(1).c/\/7) G31)

Consider the event £ defined by:

N(e) c
-4 <z<k>, ) (32)
Ql S,a ﬂ
By the same arguments as in the proof of Lemma 2, we have:

e In&, wehave |Q, — Qo < &
o PE] > 1— 6 N(e)nsamprev(e,d’) =1 —d'n(e, d).

This implies the result, since [V (s) — V(s)| < [|Qs — Qs]loo-

Now, for every ¢ > 0 and every 0 > 0, we need to be able to find a value of §’ such that 6'n(e, ") < 6.
That is, given ¢ and §, we need to find ¢’ such that

7% 10g(2) [eatog ()] ) < 5. 3

Such value exists, since the term on the LHS tends to 0 as 6’ — 0, and it depends on . We will show
that this dependence is polynomial when ¢ — 0.

Let 8’ = ®. There exists a value £ that depends on ¢ such that:

s () ()]

S <. (34)

since the term on the LHS tends to 0 as e — 0, as a consequence of Proposition 2.

Putting it all together, we can choose §’ as folllows:

5 — {5 such that gg—}l log(%z> [03 log(%)]10g2(c5(1og(%))) <94, ife>FE, (35)

eb, ife<?
which is O (e?).

Proposition 3 implies that, for this choice of ¢’, the sample complexity is still of order (’)(1 / 54+C)
for any ¢ > 0.

O
D Auxiliary results
Fact 1. Forall s € S and all z € RX, we have Fy(x) < |70 + sup, |F5(0)].
Proof. By the assumptions on F, we have:
[Fa(2)| = [Fs(x) = Fi(0) + F5(0)] < [Fy(z) = Fo(0)] + |[Fi(0)] (36)
< [l = Olloe + [F5(0)] < [|loo + sup [F(0)]. 37
O
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Fact 2. Let x,q € R? be such that 0 < q; < c for alli. Let ¥ = clip,(z). Then, |7 — qlloo <

[ = qlloc-
Proof. For any i € {1,...,d}, we have |Z; — ¢;| < |z; — ¢, since 0 < ¢; < c. The result
follows. O

Proposition 2. Va,b,c > 0

1
lim — exp(a[loglog(z")]*) =0

T—00 I

Proof. We have
1
e eXP (a[loglog(z")]?) = exp(a[loglog(z")]* — clog z)
= exp (a[log u)® — %u), by setting u = log(z?)
And, for any k£ > 0, we have
lim log2 u — ku = —oo. (38)
uU—r 00
which allows us to conclude. O

Proposition 3. [fwe set §' = §'(¢) = €°, we have:

n(e,8'()) = 0(641) Ve 0

Proof. We have:

£/7\1"C0 1
nsampleV(Ea 6/(5» < m |:1Ogi (éy):| 2

3

_ [logi (W)]loga(klog(g)) 1

€ g2

(A)

where £ is a constant that does not depend on e. The term (A) can be rewritten as:

o () < )

e = {ets s ()t 1(2))}

which can be shown to be O(Z) for any ¢ > 0 by applying proposition 2 after some algebraic
manipulations.

Hence,

g2 ¢

Rasspren(£.8'(2)) = 5O <1> - O<521+c>, Ve > 0.

Since we have

n(e,0") = N(€)nsanprev(, 8')
with N (e) = (5(1 /€?), this proves the result. O
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Corollary 1. Ifwe set §' = §'() = €°, we have:

lim &' (e)n(e, d'(e)) =0
e—0
Proof. 1t is an immediate consequence of proposition 3 by taking ¢ €]0, 1]. O

E On other smooth approximations of the max

In this paper we focus on the LogSumExp, function as a smooth approximation to the maximum
function. Yet our proof is more general and can handle any approximation of the max function which
verifies the properties listed in Section 5. For instance let’s consider the following regularization of
the Bellman equation:

F(Q) = max (Qu - Ta + M/Ta) (39)
(Wa)ae.A acA
This smooth function is particularly interesting because it approximates the distribution of pulled

armed of the UCB algorithm by taking A = 2¢ - 4/ # (see 41 and notice that 7} - n approximates

n4). We show that this smooth approximation of the maximum verifies the assumptions made in
Section 5. We have

FQ) = > (Qu- i+ A7) (40)

acA

and we can show that Vg F(Q) = 7*. Therefore point 1, 2 and 3 of Section 5 are verified. Now by
differentiating with respect to 7 this time:
A
=U
2Tk

where U is the Lagrange multiplier. Using the fact that ) _ , 7y = 1, we get

() -

acA

Vac A Qg+ (41)

Because U > max, 7} the derivative of the left side with respect to U is positive for all ), €
[0, (1 + My)/(1 — ~)]MI. Using the inverse function theorem we get that U is differentiable with

2
respect to Q and that 7, = (U’Y 622 ) is also differentiable with respect to Q. Finally because

[0, (1 4+ My)/(1 — ~)]l is compact we can conclude that F' is L-smooth for some L > 0 verifying
point 4 of Section 5.

F Experimental validation of the theoretical results

In this section, we present the experiments we made to verify the correctness of our sample complexity
bounds (Theorem 1) and of our consistency results (Theorem 2).

F.1 Checking the sample complexity guarantee

The key step for proving Theorem | is using Lemma [, that bounds the number of calls to the
generative model made by a call to sampleV(s,¢).

Figure 2 shows the simulated number of calls to the generative model made by nsanprev(e, ¢’) as a
function of 1/ and compares it to our theoretical bound in Lemma | and to the number of calls that
would be required by a Sparse Sampling strategy, which corresponds to the bound in Proposition
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extrapolated to all values of €. The simulated values where obtained by computing the following
recurrence for several values of e:

1 + nzgﬁple\,(%,&) + KN(\/FE)n:i;EpleV(\/ %Ev 61)7 ife < Ky
(e)

pSim g,0) =
( ) ,}/%H(€)(H(€)*1) (%)H , otherwise.

sampleV

Figure 3 shows the mumber of calls to the generative model made by nganp1ev as a function of the
regularization parameter A in order to achieve a relative error of 0.01’ and its ratio with respect to
the number of calls that would be required by Sparse Sampling in the same setting. We see that
fewer samples are required as the regularization increases. We also see that, for small A, there is no
advantage with respect to Sparse Sampling, but SmoothCruiser has a very large advantage when
the regularization A grows.

1077 ————— SmoothCruiser (simulated)
SmoothCruiser (theoretical bound)
10156 S R Sparse Sampling
N €=K
10135
2 1093
© 107 ’
1051 o e ——=
1030 | ‘

104 10° 106 107 108 10°
inverse accuracy 1/e

Figure 2: Simulated number of calls to the generative model made by ngampiev(€, 4’) as a function of
1/e compared to our theoretical bound (Lemma 1) and to the number of calls that would be required
by a Sparse Sampling strategy. The parameters used were: v = 0.2, ' = 0.1, K =2 and A = 0.1.

F.2 Checking the consistency guarantee

Using our MCTS analogy in Section 3.3, the two most computationally costly operations of

SmoothCruiser are the selectAction and the evaluateLeaf functions. They both rely on

estimates of the () function with some required accuracy. Hence, for a sanity-check, we implemented

the function sampleV by replacing its calls to estimateQ(s, accuracy) by the true Q function at

state s plus some accuracy-dependent noise, and we denote this simplified version of sampleV by

sampleV, ... - This allowed us to verify that our bounds for the bias of the sampleV outputs (Lemma
) are correct. After N, calls to sampleV (¢, d’), we compute the error

Asie) = 57— (Vits.e) = V() (43)

T We set e = 0.01V*, where Vi"** = (1 + Alog K)/(1 — 7) is an upper bound on the regularized value
function.
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Samples required to achieve 0.01 relative error Ratio wrt Sparse Sampling for 0.01 rel. error

""""""""""" —— simulated —— simulated

103 theoretical bound 107 theoretical bound
10% 107
1077 1077
102 1072
102 1074
1018 107

1074 1073 1072 10°! 10° 10! 10% 103 10% 104 1073 1072 107! 10° 10! 10% 103 10%

regularization A regularization A

Figure 3: Number of calls to the generative model made by nganp1ev as a function of the regularization
parameter A in order to achieve a relative error of 0.01 (left) and its ratio with respect to the number
of calls that would be required by Sparse Sampling in the same setting (right). The parameters used
were: v =0.2,6’ = 0.1 and K = 2.

where s is a reference state and V; (s, ¢) is the output of the i-th call to sampleV ... (s, ). Lemma
states that, for some high probability event B, we have —e < E [ﬁ(s, £) |B} < e. Hence, for large

Ngim, we should have —e < ﬁ(s7 ¢) < e approximately.

Table | shows simulated values of 3(5, ¢) and their standard deviations for different environments.
The value of Ny, was chosen so that A(s, €) is close to its mean, by using Hoeffdings’s inequality
and assuming that V;(s, €) is bounded by C., (which holds with high probability, by Lemma 2).

Environment A(s,e)

5-Chain (—1.21 £ 1.65) x 10
10-Chain (—1.20 + 1.63) x 10~
5x5-GridWorld (—=0.71£2.04) x 10~
10x10-GridWorld ~ (—0.71 £ 2.03) x 10~

Table 1: Simulated values of A(s,¢) and its standard deviation for different environments, for
e = 0.35. The value of € was chosen such that ¢ < x/4 in all environments. The parameters used
were: Ngim = 32723, v = 0.2 and A = 10. The n-Chain environments have K = 2 and n states and
the n x n-GridWorld environments have K = 4 and n? states.

The code for the experiments is at https://github.com/omardrwch/smoothcruiser-check.
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