




Open-loop planning generally converges to sub-optimal
solutions in stochastic domains due to ignoring past
observations to optimize the node valueŝV (N t ) �P

st 2S b(st jht )V (ht ) as weighted averagesover all history
valuesV (ht ) (Fig. 2b) (Lecarpentier et al. 2018). However,
if the problem is too large to provide a suf�cient simulation
budgetnb or memory, then open-loop planning can be useful
due to exploring a much smaller search space for reasonable
decision-making (Weinstein and Littman 2013).

2.3 Bandits with Unobserved Confounders
Multi-armed Bandits (MAB) MABs or banditsare fun-
damental decision-making problems with a single states,
a set of actionsa 2 A , and a stochastic payoff function
X (s; a) := Ga , whereGa is a random variable with an un-
known distribution. The goal is to determine an actiona0,
which maximizes the expected payoffE

�
Ga0�

, as illustrated
in Fig. 1b. The agent has to balance between suf�ciently try-
ing out actions to estimate their expected payoff accurately
and exploiting its current knowledge by greedily selecting
the action with the currently highest estimated payoff. This
is known as theexploration-exploitation dilemma, where ex-
ploration can �nd actions with better payoffs but requires
time for trying them out, while exploitation can lead to fast
convergence but possibly gets stuck in a local optimum. Our
paper focuses onThompson Sampling(Thompson 1933).

MABs with Unobserved Confounders (MABUC) We
assume aStructural Causal Model (SCM), as illustrated in
Fig. 1 (Pearl 2010). Each SCM is associated with a directed
acyclic graphG, a set ofendogenous(observed) variables
W , and a set ofexogenous(unobserved) variablesU. Edges
in Gcorrespond to functional relationships between endoge-
nous variableswi 2 W , i.e.,wi  f i (W n f wi g; ui ), where
ui � U with probability P(ui ). Given two endogenous
variablesA andG, we de�ne thecounterfactualexpression
g = Ga meaning “G would beg, if A had beena” (Forney,
Pearl, and Bareinboim 2017).

A MABUC is a bandit model, where for each trial, some
unobserved variable or confounderu � U is emitted that
triggers anintenta 2 A via a = f (u), as shown in Fig. 1a.
A counterfactual policy� determines the agent's decision
via a0 = � (a) = � (f (u)) , as illustrated in Fig. 1c.

The goal is to determine an actiona0, which maximizes
theregret decision criterion (RDC)or theexpected counter-
factual valueE

�
Ga0

ja
�

given an intenta that was caused by
a variableu 2 U (Bareinboim, Forney, and Pearl 2015).

MABUC is a generalization of the standard MAB, which
would completely ignore the existence of any unobserved
variableu and therefore optimize the weighted average of
RDCsE

�
Ga0

] =
P

a2A P(a)E
�
Ga0

ja
�

instead (Fig. 1b).
MABUCs are intriguing for open-loop planning in

POMDPs to make memory-ef�cient decisions under the un-
certainty of statesst and observationsot .

3 Related Work
Open-loop planning, as shown in Fig. 2b, is an ef�cient
approach to online planning in complex domains with re-

stricted resources (Bubeck and Munos 2010; Perez Liebana
et al. 2015; Lecarpentier et al. 2018). However, open-loop
planning is generally inferior to closed-loop planning in
terms of performance due to the lack of context information
(Barenboim and Indelman 2023; Wu et al. 2021). While hu-
man knowledge, e.g., heuristic functions or preferred action
sets, is commonly used for enhancement, open-loop plan-
ning is generally not competitive in terms of performance
(Perez Liebana et al. 2015; Silver and Veness 2010). We
proposecounterfactual online learningto effectively lever-
age human knowledge in open-loop MCTS to overcome the
original performance limitation and compete with closed-
loop MCTS in amore memory-ef�cientway.

Stack-based planningis a memory-bounded approach to
open-loop planning. A sequence or stack ofT MABs is
maintained to sample open-loop plans with high expected
return (Weinstein and Littman 2013; Belzner and Gabor
2017; Phan et al. 2019a,b). Despite the �xed memory usage
of at mostT MABs, the performance of stack-based plan-
ning is not competitive with tree search algorithms.

There are closed-loop approaches to regularizing the tree
size of classic MCTS or POMCP in complex domains. AR-
DESPOT is an anytime algorithm that constructs and opti-
mizes sparse search trees from a �xed set of scenarios (So-
mani et al. 2013). POMCPOW uses progressive widening
to cope with large or continuous state, action, and obser-
vation spaces (Sunberg and Kochenderfer 2018). Despite
the progress of regularizing closed-loop MCTS for smaller
trees, we demonstrate that ouropen-loop approachcon-
structssigni�cantly smaller treeswhile achievingcompet-
itive performancein a variety of benchmark scenarios.

Causal models have been used to provide more accurate
dynamics modelsM̂ for planning and reinforcement learn-
ing (Wang et al. 2022; Cannizzaro and Kunze 2023). Our
work focuses on MABUCs to directly enhance thedecision-
making algorithm, i.e., open-loop MCTS, instead of the dy-
namics modelM̂ , therefore being orthogonal to these works.

4 Counterfactual Online Learning for MCTS
4.1 Thompson Sampling
Thompson Samplingis a Bayesian MAB approach (Thomp-
son 1933). We assume thatGa follows a Normal distribu-
tion N (�; 1

� ) with unknown mean� and precision� = 1
� 2 ,

where � 2 is the variance (Bai, Wu, and Chen 2013; Bai
et al. 2014).h�; � i follows a Normal Gamma distribution
N G(� 0; �; �; � ) with � > 0, � � 1, and� � 0. The dis-
tribution over� is a Gamma distribution� � Gamma(�; � )
and the conditional distribution over� given � is a Normal
distribution� � N (� 0; 1

�� ).
Given aprior distribution P(� a) = N G(� 0; � 0; � 0; � 0)

andn observationsD a = f Ga
1 ; :::; Ga

n g, theposterior dis-
tribution is de�ned by P(� a jD a) = N G(� 1; � 1; � 1; � 1),
where� 1 = � 0 � 0 + n Ga

� 0 + n , � 1 = � 0 + n, � 1 = � 0 + n
2 , and

� 1 = � 0 + 1
2 (n� 2 + � 0 n (Ga � � 0 )2

� 0 + n ). Ga is the mean of all
values inD a and� 2 = 1

n

P n
i =1 (Ga

i � Ga)2 is the variance.
The posteriorP(� a jD a) is inferred for each actiona 2 A

to sample an estimate� a for the expected return. The action



with the highest estimate is selected. The complete formula-
tion is given in Algorithm 1, whereA is the set of executable
actions,N t = hGa ; (� a)2; na i are the MAB statistics, and
greedyindicates, if the MAB shall select greedily w.r.t.Ga .

Algorithm 1: Thompson Sampling

1: procedureThompsonSampling(A ; N t ; greedy)
2: if greedythen
3: return argmaxa2A Ga

4: end if
5: for a 2 A do
6: Infer posterior parametersh� 1; � 1; � 1; � 1i from

Ga ; (� a)2; na ; P(� a)
7: � a ; � a � N G (� 1; � 1; � 1; � 1)
8: end for
9: return argmaxa2A � a

10: end procedure

11: procedureUpdateBandit(N t ; G0)
12: na  na + 1
13: hGa

old; Ga i  h Ga ; (naGa
old + G0)=(na + 1) i

14: (� a)2  [(na � 1)(� a)2+( G0� Ga
old)(G0� Ga)]=na

15: end procedure

The prior should ideally re�ect knowledge about the un-
derlying model, especially for initial turns, where only a
small amount of data has been observed (Honda and Take-
mura 2014). If there is no knowledge, thenuninformative
priorsshould be used to sample all possibilities (almost) uni-
formly. This can be achieved by setting the priors such that
the variance of the resulting Normal distributionN (� 0; 1

� 0 � )
becomes in�nite ( 1

� 0 � 0
! 1 and� 0� ! 0). Since� fol-

lows a Gamma distributionGamma(� 0; � 0) with expecta-
tion E(� ) = � 0

� 0
, � 0 and � 0 should be chosen such that

� 0
� 0

! 0. Given the hyperparameter space� 0 > 0, � 0 � 1,
and� 0 � 0, it is recommended to set� 0 = 1 and� 0 = 0
to center the Normal distribution.� 0 should be chosen small
enough and� 0 should be suf�ciently large (Bai et al. 2014).

4.2 MABUC with Human Knowledge
As explained in Section 2.3 and sketched in Fig. 1c,
MABUCs require some “natural” intenta that depends on
structural (but generally unknown) properties of the under-
lying problem (Bareinboim, Forney, and Pearl 2015).

In the context of search algorithms, a “natural” intent can
be represented by heuristics, which encode human knowl-
edge about some structural properties of the underlying
problem (Perez Liebana et al. 2015). Many MCTS ap-
proaches use human knowledge in the form ofpreferred ac-
tionsA pref(st ) � A legal(st ) (Silver and Veness 2010).

Therefore, we proposetwo online learning phases: �rst,
to obtain anintent policy� intent based onA pref(st ) and then
�nd a counterfactual policy� counterfactualbased onA legal(st ).

Given a simulation budgetnb and atraining ratio � 2
[0; 1], we train a Thompson Sampling banditN to select ac-
tions a 2 A pref(st ) for the �rst bnb� c trials to learnobser-
vational valuesE

�
Ga ja

�
according to Fig. 1a. Afterbnb� c

trials, we selectintent actionsa via banditN by maximiz-
ing E

�
Ga ja

�
. The intent actionsa are then used to query

another Thompson Sampling banditN a per intenta to sam-
ple interventional actionsa0 2 A legal(st ) in order to learn
counterfactual valuesE

�
Ga0

ja
�
, according to Fig. 1c.

Fig. 3 illustrates the counterfactual value table used for
online learning. In the �rst phase, our MABUC learns the
observational valuesE

�
Ga ja

�
on the diagonal for� intent. In

the second phase, a row is queried via� intent(A pref(s)) =
argmaxa2A pref(s) E

�
Ga ja

�
. The selected row is used to learn

the counterfactual valuesE
�
Ga0

ja
�

for � counterfactual.

Algorithm 2: CORAL Planning

1: procedureCORAL(ht ; T; � )
2: CreateN t for ht
3: �  d nb� e
4: while nb > 0 do
5: st � b̂(�jht ) . Samplest for simulation (Fig. 4)
6: CounterfactualSearch(N t ; st ; T; 0; nb < � )
7: nb  nb � 1
8: end while
9: return argmaxa t 2A (Ga t

t )
10: end procedure

11: procedureCounterfactualSearch(N t ; st ; T; d;cf)
12: if d � T or st is a terminal statethen
13: return 0
14: end if
15: if N t is a leaf nodethen
16: ExpandN t
17: Perform rollout with� rollout to sampleGt
18: return Gt
19: end if
20: a  ThompsonSampling(A pref(st ); N t ; cf)
21: if cf ^ A legal(st ) 6= A pref(st ) then
22: a0  ThompsonSampling(A legal(st ); N a

t ; : cf)
23: else
24: a0  a
25: end if
26: hst +1 ; r t ; ot +1 i � M̂ (st ; a0) . Simulate actiona0

27: Gt +1  CounterfactualSearch(N t +1 ; st +1 ; T; d +
1; cf)

28: Gt  r t + 
G t +1
29: if a = a0 then
30: UpdateBandit(N t ; Gt ) . Update� intent
31: end if
32: if cf ^ A legal(st ) 6= A pref(st ) then
33: UpdateBandit(N a

t ; Gt ) . Update� counterfactual
34: end if
35: return Gt
36: end procedure

4.3 Open-Loop MCTS with MABUCs
We now de�neCounterfactual Open-loop Reasoning with
Ad hoc Learning (CORAL)for open-loop MCTS, using
MABUCs from Section 4.2. Each CORAL node represents
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Kocsis, L.; and Szepesvári, C. 2006. Bandit based Monte-
Carlo Planning. InECML, volume 6, 282–293. Springer.
Lecarpentier, E.; Infantes, G.; Lesire, C.; and Rachelson, E.
2018. Open Loop Execution of Tree-Search Algorithms. In
Proceedings of the 27th International Joint Conference on
Arti�cial Intelligence, 2362–2368. IJCAI Organization.
Pearl, J. 2010. The Foundations of Causal Inference.Socio-
logical Methodology, 40(1): 75–149.

Perez Liebana, D.; Dieskau, J.; Hunermund, M.;
Mostaghim, S.; and Lucas, S. 2015. Open Loop Search
for General Video Game Playing. InProceedings of the
2015 Annual Conference on Genetic and Evolutionary
Computation, 337–344. ACM.
Phan, T.; Belzner, L.; Kiermeier, M.; Friedrich, M.; Schmid,
K.; and Linnhoff-Popien, C. 2019a. Memory Bounded
Open-Loop Planning in Large POMDPs Using Thompson
Sampling. Proceedings of the AAAI Conference on Arti�-
cial Intelligence (AAAI), 33(01): 7941–7948.
Phan, T.; Gabor, T.; M̈uller, R.; Roch, C.; and Linnhoff-
Popien, C. 2019b. Adaptive Thompson Sampling Stacks for
Memory Bounded Open-Loop Planning. InProceedings of
the 28th International Joint Conference on Arti�cial Intelli-
gence, 5607–5613. IJCAI Organization.
Pineau, J.; Gordon, G.; and Thrun, S. 2006. Anytime Point-
based Approximations for Large POMDPs.Journal of Arti-
�cial Intelligence Research, 27: 335–380.
Powley, E.; Cowling, P.; and Whitehouse, D. 2017. Memory
Bounded Monte Carlo Tree Search.AAAI Conference on
Arti�cial Intelligence and Interactive Digital Entertainment.
Ross, S.; Pineau, J.; Paquet, S.; and Chaib-Draa, B. 2008.
Online Planning Algorithms for POMDPs.Journal of Arti-
�cial Intelligence Research, 32: 663–704.
Silver, D.; and Veness, J. 2010. Monte-Carlo Planning in
Large POMDPs. InAdvances in neural information pro-
cessing systems, 2164–2172.
Smith, T.; and Simmons, R. 2004. Heuristic Search Value
Iteration for POMDPs. InProceedings of the 20th con-
ference on Uncertainty in arti�cial intelligence, 520–527.
AUAI Press.
Somani, A.; Ye, N.; Hsu, D.; and Lee, W. S. 2013. DESPOT:
Online POMDP Planning with Regularization. InAdvances
in neural information processing systems, 1772–1780.
Sunberg, Z.; and Kochenderfer, M. 2018. Online Algorithms
for POMDPs with Continuous State, Action, and Observa-
tion Spaces. InProceedings of the International Conference
on Automated Planning and Scheduling, volume 28, 259–
263.
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