





Open-loop planning generally converges to sub-optimal stricted resources (Bubeck and Munos 2010; Perez Liebana
solutions in stochastic domains due to ignoring past et al. 2015; Lecarpentier et al. 2018). However, open-loop
pbservations to optimize the node vaIuéQS(Nt) planning is generally inferior to closed-loop p.Ianning .in

s.2s B(stjh)V (hy) as weighted averageser all history terms of performance due to the lack of context mformauon
valuesV (h;) (Fig. 2b) (Lecarpentier et al. 2018). However, ~(Barenboim and Indelman 2023; Wu et al. 2021). While hu-
if the problem is too large to provide a suf cient simulation ~Man knowledge, e.g., heuristic functions or preferred action
budget, or memory, then open-loop planning can be useful Sets, is commonly used for enhancement, open-loop plan-
due to exploring a much smaller search space for reasonableNing is generally not competitive in terms of performance

decision-making (Weinstein and Littman 2013). (Perez Liebana et al. 2015; Silver and Veness 2010). We
proposecounterfactual online learningp effectively lever-
2.3 Bandits with Unobserved Confounders age human knowledge in open-loop MCTS to overcome the

original performance limitation and compete with closed-
loop MCTS in amore memory-ef cienvay.

Stack-based planninig a memory-bounded approach to
open-loop planning. A sequence or stackTofMABs is

Multi-armed Bandits (MAB) MABs or banditsare fun-
damental decision-making problems with a single sgte
a set of actiona 2 A, and a stochastic payoff function

X(s;8) = G%, whereG* is a random variable with an un- - aintained to sample open-loop plans with high expected
known distribution. The goal is to determine an actih return (Weinstein and Littman 2013; Belzner and Gabor
which maximizes the expected pay&ffG® , asillustrated  2017; Phan et al. 2019a,b). Despite the xed memory usage
in Fig. 1b. The agent has to balance between suf ciently try-  of at mostT MABs, the performance of stack-based plan-
ing out actions to estimate their expected payoff accurately pjng is not competitive with tree search algorithms.

and exploiting its current knowledge by greedily selecting  There are closed-loop approaches to regularizing the tree
the action with the currently highest estimated payoff. This gjze of classic MCTS or POMCP in complex domains. AR-
is known as thexploration-exploitation dilemmavhere ex- DESPOT is an anytime algorithm that constructs and opti-
ploration can nd actions with better payoffs but requires mjzes sparse search trees from a xed set of scenarios (So-
time for trying them out, while exploitation can lead to fast mani et al. 2013). POMCPOW uses progressive widening
convergence but possibly gets stuck in a local optimum. Our o cope with large or continuous state, action, and obser-
paper focuses ofhompson Samplin@hompson 1933). vation spaces (Sunberg and Kochenderfer 2018). Despite
MABs with Unobserved Confounders (MABUC) We the progress of regularizing closed-loop MCTS for smaller
assume Structural Causal Model (SCMps illustrated in ~ '€€S, we demonstrate that oapen-loop approacfton-

Fig. 1 (Pearl 2010). Each SCM is associated with a directed Structssigni cantly smaller treeswhile achievingcompet-
acyclic graphG, a set ofendogenougobserved) variables itive performancen a variety of benchmark scenarios.

W, and a set oéxogenougunobserved) variablds. Edges Cau;al models have been. used to p.rowde more accurate
in G correspond to functional relationships between endoge- dynamics model#? for planning and reinforcement learn-

nous variablesy; 2 W, i.e.,w;  f;(W nfw;g;u;), where ing (Wang et al. 2022; Canniz_zaro and Kunze 292_3). Our
U U with probability P (u;). Given two endogenous work_ focuses_on MABUCs to directly enh_ance thecision-
variablesA andG, we de ne thecounterfactuakexpression ~ making algorithmi.e., open-loop MCTS, instead of the dy-
g = G2 meaning ‘G would beg, if A had beera” (Forney, namics modeM , therefore being orthogonal to these works.

Pearl, and Bareinboim 2017). _ )

A MABUC is a bandit model, where for each trial, some 4 Counterfactual Online Learning for MCTS
unobserved variable or confounder U is emitted that 4.1 Thompson Sampling
triggers anntenta 2 A viaa = f (u), as shown in Fig. 1a.
A counterfactual policy determines the agent's decision
viaa®= (a)= (f (u)), asillustrated in Fig. 1c. ’ o T et HISHE

The goal is to determine an acti@, which maximizes tlc;]n NG ) Wh'th unknown mean and p(;emﬁlon =5
theregret decision criterion (RDCYr theexpected counter- W elrez IS ;].e Yaf”ﬁnce (Bai, WUi and C eg_ 2911-3,. Bai
factual valueE G2’ja given an intenti that was caused by Eté" 014).h; I'tho o>wsoa NorniaaS;mmao l?lzrcla (le_t;c_)n
a variableu 2 U (Bareinboim, Forney, and Pearl 2015). 'b('o’ o) wi S distribit Gammd :

MABLC i 3 generlzato o e sancard WAG wnch S0 Uer 21 Gamma debuton, Gemnd )
would completely ignore the existence of any unobserved distribution N ( o L) 9
variableu and tI?:;erefore optimize the weighted average of Given aprior distr?t;utioﬁ P(3) = NG( o o, 0. o)

0. 0. . . - ] ’ ’
e e e S 3 s 10, s hssnetond ™ = 1G1.1Gig, st
A tribution is de ned by P( 2jD?) = NG( 1; 1; 1; 1),

POMDPs to make memory-ef cient decisions under the un- OUHon | S Q+nG—¥ (71D%) (w20

Thompson Sampling a Bayesian MAB approach (Thomp-
son 1933). We assume th@f follows a Normal distribu-

. - - - — n
certainty of states; and observations;. where ; = ovn 0 1% 02+ n, 1= ot 3 and
1= o+ 3(n 2+ 200"y GA s the mean of all

3 Related Work valuesinD®and 2= 1" " (G* G%)?2is the variance.

Open-loop planning, as shown in Fig. 2b, is an efcient The posterioP ( 2jD?) is inferred for each actioa 2 A
approach to online planning in complex domains with re- to sample an estimaté for the expected return. The action



with the highest estimate is selected. The complete formula- trials, we selecintent actionsa via banditN by maximiz-
tion is given in Algorithm 1, wherd is the set of executable  ing E G?ja . The intent actions are then used to query
actions,N; = hG?;( 2)2;n?i are the MAB statistics, and another Thompson Sampling banii# per intenta to sam-

greedyindicates, if the MAB shall select greedily w.1G2. ple interventional actionsaf 2 A egal(St) in order to learn
counterfactual valueE G? ja , according to Fig. 1c.
Algorithm 1: Thompson Sampling Fig. 3 illustrates the counterfactual value table used for

online learning. In the rst phase, our MABUC learns the

1: procedure ThompsonSamplirig ; N¢; greedy observational valueE G2ja on the diagonal for jnent. In

2: if greedythen i . 7
3: return argmax,,, G2 the second phase, a row is queried Vigen{Apre(S)) =
4:  endif argmax,a ,.«s)E G®ja . The selected row is used to learn
S fora2A do ) the counterfactual valués G*’ja for counterfactua
6: Infer posterior parameters 1; 1; 1; 1i from
—a- 2. .
G (5N P Algorithm 2: CORAL Planning
7: 2 NG (15 15 1 1)
8 end for 1: procedure CORAIl(he; T; )
9: return argmay,, 2 2 CreateN, for h;
10: end procedure 3 dnpe
4 while n, > 0do
11: procedure UpdateBandiN,; G 5 sc  B(jh)) . Samples, for simulation (Fig. 4)
122 n* n*+1 6: CounterfactualSear¢; s;; T;0;np < )
13: a,:G3 h G2 (ndG3, + GY=(n? +1)i 7 b Ny 1
14- ( a)2 [(na 1)( a)2+( GO Gigld)(GO @)]zna 8 end while S
15: end procedure 9:  return argmax, 5 (G{")
10: end procedure

The prior should ideally re ect knowledge about the un- 11: procedure CounterfactualSeardN, : s;; T: d: cf)
derlying model, especially for initial turns, where only a 5. ifd T ors, isaterminal statthen
small amount of data has been observed (Honda and Take- 13Z return O

mura 2014). If there is no knowledge, thaninformative 142 end if

priors should be used to sample all possibilities (almost) uni- 15: if N, is a leaf nodehen

formly. This can be achieved by setting the priors such that 7. ExpandN|

the variance of the resulting Normal distributid( o; %) 17; Perform rollout with gjou to sampleGy
becomes innite (-~ !'1 and o ! 0). Since fol- 18: return G,

lows a Gamma distributioGammg o; o) with expecta- 19: end if

tion E( ) = 2, 0 and o should be chosen such that 20: a ThompsonSamplifé prer(St); N¢; cf)

-2 1 0. Given the hyperparameter space> 0, o 1, 2L if cf” A ega(St) 6 Apre(St) then ]

and o O, itis recommendedtosety =1 and ¢ =0 22: a’  ThompsonSamplirté egai(St); N¢; : cf)
to center the Normal distribution, should be chosen small ~ 23°  €lse 0

enough and ¢ should be suf ciently large (Bai et al. 2014). gg endaif a

4.2 MABUC with Human Knowledge 26:  Isuair;omi M(s;a) . Simulate actiora®

As explained in Section 2.3 and sketched in Fig. 1c, 27- Gwa  CounterfactualSeardMii ;S T d+

MABUCs require some “natural” interd that depends on 28: L Cf()3 + G
structural (but generally unknown) properties of the under- 29 .ft _ rtoth t+1
lying problem (Bareinboim, Forney, and Pearl 2015). 30: : al__J 3 teE;n ditN: - G Undate -

In the context of search algorithms, a “natural” intent can 31- d']P ateBandiN:; Gi) - UPAALE intent
be represented by heuristics, which encode human knowl- >7: endl

: . 32: if cf™A legal(St) 6 Apre(St) then

edge about some structural properties of the underlying 33 Und th d'Nap'G Undat
problem (Perez Liebana et al. 2015). Many MCTS ap- °-° hP ateBandN; Gr) . Update counterfactua

proaches use human knowledge in the formprefferred ac- : G
tionsAprer(St) A legal(St) (Silver and Veness 2010). 35j dreturn dt

Therefore, we proposevo online learning phasesrst, 36: end procedure
to obtain anntent policy intent based oA prer(sy) and then
nd a counterfactual policy counterfactuald@sed O\ jegal(St). )

Given a simulation budget, and atraining ratio 2 4.3 Open-Loop MCTS with MABUCs
[0; 1], we train a Thompson Sampling baniitto select ac- We now de ne Counterfactual Open-loop Reasoning with
tionsa 2 A prei(st) for the rst bny, ctrials to learnobser-  Ad hoc Learning (CORALJor open-loop MCTS, using
vational valuesE G?ja according to Fig. 1a. Aftebn, ¢ MABUCSs from Section 4.2. Each CORAL node represents
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