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Abstract—Perfect Information Monte Carlo (PIMC) methods
address imperfect-information by sampling fully determinized
states and aggregating search results. This is theoretically flawed,
but often effective. We evaluate Perfect Information Monte Carlo
Tree Search (PI-MCTS) across twelve tabletop games using
three aggregation policies in comparison with Open Loop MCTS
(OL-MCTS) and Information Set MCTS (IS-MCTS). Results
show that PI-MCTS matches or exceeds OL-MCTS but rarely
outperforms IS-MCTS. Performance strongly depends on the
determinization count and varies by game.

I. INTRODUCTION

Monte Carlo Tree Search (MCTS) works well in perfect-
information games [1], but imperfect-information settings in-
troduce uncertainty about hidden states. Perfect Information
Monte Carlo (PIMC) mitigates this by sampling determiniza-
tions, fully revealed game states consistent with known infor-
mation, and aggregating search outcomes. PIMC has proven
effective in games like Skat [2] and Bridge [3], despite
theoretical issues such as strategy fusion and non-locality [4],
[5].

Alternatively, Information Set MCTS (IS-MCTS) addresses
strategy fusion by constructing a tree of information sets rather
than ground states [6], This prevents an agent from thinking
that it can make different decisions from two ground states
(e.g. that differ in the cards held by the opponent) that are
part of the same information set (i.e. that are indistinguishable
given the information known by the agent). However, the
resulting tree can have a very high branching factor, limiting
search depth and potentially degrading decisions in practice.

PIMC is an umbrella algorithm where any appropriate
algorithm can serve as its per-determinization solver. MiniMax
search has been most common [2], [3], though MCTS is a
compelling alternative given its anytime properties [7].

Direct comparisons between these fully anytime algorithms
are scarce. The one prior example, Cribbage, found IS-MCTS
to be significantly better [7]. To address this gap, we evaluate
PI-MCTS (PIMC using MCTS as the solution algorithm)
across twelve games in the Tabletop Games (TAG) frame-
work [8], testing three aggregation strategies against Open
Loop MCTS (OL-MCTS) and IS-MCTS.

We hypothesize PI-MCTS would outperform OL-MCTS
across all imperfect-information games and potentially match
IS-MCTS in some. Results show, however, that PI-MCTS

does beat OL-MCTS in many such games, but IS-MCTS
generally outperforms both. PI-MCTS performance is highly
sensitive to determinization count but aggregation strategy has
comparatively little impact.

II. BACKGROUND

A. Monte Carlo Tree Search (MCTS)

MCTS is an anytime tree search algorithm that uses random
sampling to guide decision making in games [1]. It incre-
mentally builds a search tree through four phases: selection,
expansion, simulation, and backpropagation. During selection,
actions are chosen using a tree policy such as UCT,

UCT (a) = Q(a) + C

√
lnN

n(a)
(1)

where Q(a) is the mean value of action a, n(a) is its
visit count, N is the total visits to the node, and C controls
exploration [9]. A new node is then expanded, a simulation is
run to the end of the game, and the result is backpropagated
to update node statistics.

B. Open Loop Monte Carlo Tree Search

Open Loop Monte Carlo Tree Search (OL-MCTS) [10]
is a variation of MCTS in which nodes are defined by the
sequence of actions taken from the root node. In a perfect
information deterministic game OL-MCTS is identical to state-
based MCTS. However, in imperfect information environments
different visits to the node may have different underlying states
depending on stochastic events in the game.

C. Perfect Information Monte Carlo

Perfect Information Monte Carlo (PIMC) uses Monte Carlo
sampling techniques to tackle decision making problems in
an imperfect information setting. In PIMC each of the de-
terminizations is treated as a game where the state is fully
observable and consistent with the player’s current partially
observed game state [1]. A tree search is then performed on
each of these determinized states, usually Minimax. Actions
are chosen based on results aggregated from all such deter-
minized trees. PIMC has been shown to suffer from theoretical
weaknesses, notably Strategy Fusion, Non-Locality [4], and
Information Leakage [11]. PIMC with postponed reasoning
was recently introduced to at least partially overcome strategy
fusion [12], and deserves further investigation in future work.* 979-8-3315-9476-3/26/$31.00 ©2026 IEEE



D. Information Set Monte Carlo Tree Search

Information Set Monte Carlo Tree Search (IS-MCTS) ad-
dresses imperfect information by building a single tree over
information sets rather than determinized states [6]. Each
iteration samples a compatible determinization, performs a
simulation, and updates shared node statistics. This avoids
strategy fusion and has demonstrated strong empirical perfor-
mance in a range of games [6], [13].

III. PREVIOUS WORK

A. Perfect Information Monte Carlo in Card Games

Previous work has shown that PIMC performs strongly
in several imperfect information games, particularly in trick-
taking domains where hidden information is progressively
revealed through a process of disambiguation [5], [14].

GIB [3] was an early example of PIMC, combining Monte
Carlo sampling with double-dummy analysis by treating all
hands as visible to enable perfect-information search. Simi-
larly, Kermit achieved expert level Skat play [2] using human
game data to evaluate states and biased sampling with domain
knowledge from bidding outcomes.

In Cribbage, several MCTS variants were compared by
Kelly et al., 2017 [7], including Determinized UCT (here
termed PI-MCTS) and IS-MCTS. Results showed that PI-
MCTS underperformed a scripted agent, while IS-MCTS out-
performed all other approaches without game specific tuning.
The present work generalises these findings across a broader
set of games.

B. Aggregation Strategies

While an array of choices are presented in the literature,
there is limited consensus with studies reporting different
winners depending on domain and budget. Root Paralleliza-
tion [15] and Ensemble MCTS [16] variants use different
types of aggregation rules for combining the results from
different trees, in both perfect and imperfect information
games. In Ensemble UCT [16] multiple UCT instances are
run independently and their root information aggregated at
decision time using a weighted average for aggregation (as
the best performer of several methods tried). In experiments
conducted in Cribbage [7], visit counts for child nodes across
all determinizations were summed and the move with the
highest total visit count was chosen as the best move.

In computer Go majority voting outperformed average
aggregation at higher core counts[15], suggesting shallow,
diverse trees can help UCT make better choices.

IV. METHODS

A. PI-MCTS

PI-MCTS samples D determinizations {s1, . . . , sD} of the
current game state s by filling in all information hidden from
the agent in s at random while remaining consistent with
the agent’s information set. For each determinization sd, an
independent OL-MCTS search is performed with a simulation
budget of B/D, where B is the total budget allocated to the
agent for an action.

OL-MCTS is executed for each determinization d ∈ D,
the visit count Nd(a) and estimated value Vd(a) are recorded
for every available action a. These statistics are then aggre-
gated across all determinized states to inform the selection
of the final move. Three aggregation policies are evaluated
(Section IV-B).

B. Aggregation Policies

The following notation is used throughout this section.
• D is the set of determinizations with |D| = D
• d is a single determinization, where d ∈ D
• A is the set of possible actions.
• a ∈ A is a single possible action in the game state
• Vd(a): the accumulated value of a in determinization d
• Nd(a): the visit count of a in determinization d

1) Total Visits: The action with the highest number of
visits summed across all determinizations is chosen:

a′ = argmax
a∈A

∑
d∈D

Nd(a) (2)

2) Average Value: The action with the highest mean
estimated value, calculated as the ratio of the total
accumulated value to the total number of visits in all
determinized MCTS trees. The average value of action
a ∈ A is defined as:

Q̄(a) =

∑
d∈D

Vd(a)∑
d∈D

Nd(a)
, (3)

The final action is then selected as:

a′ = argmax
a∈A

Q̄(a). (4)

3) Single Vote: Based on [15], this policy selects the final
action by a majority vote over the best actions chosen
independently from each determinized MCTS tree. Each
tree selects the action a∗d with the highest mean value:

a∗d = argmax
a∈A

Vd(a)

Nd(a)

The final action a′ is selected as the one that receives
the most votes:

a′ = argmax
a∈A

∑
d∈D

I[a = a∗d].

All games are deterministic except for deck shuffling. When
stochasticity is limited to the initial deal, each determinization
evolves deterministically, making open-loop PI-MCTS effec-
tively equivalent to a state-based approach. This equivalence
does not hold for IS-MCTS, where node statistics aggregate
across multiple determinizations, so values reflect a mixture
of underlying states rather than a single one. If stochastic
events occur during play (e.g., reshuffling in Poker, Dominion,
or Colt Express), open-loop PI-MCTS diverges from a state-
based representation deeper in the tree, which can affect
performance.
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Fig. 1: Each solid line is PI-MCTS with a different aggregation policy. The shaded Dot-Dash Line is the win rate of IS-MCTS
(with error margin). The baseline is the expected win rate for equal skill agents (i.e. 1/players). Error bars show 95% Confidence
Intervals over win rates. PI-MCTS variants performs better than OL-MCTS in most games, but IS-MCTS consistently shows
the best performance.

V. EXPERIMENTS

PI-MCTS was evaluated on twelve games against IS-MCTS
and OL-MCTS (baseline). MCTS iterations per decision were
used as the computational budget to ensure fair comparison
between agents based on algorithmic structure rather than
implementation complexity or computational overheads.

Tournaments used 4000 MCTS iterations and 3 players
unless fixed by the game (Tic-Tac-Toe and Stratego: 2 players;
Hearts: 4 players). Parameters were tuned independently for
each game with equal optimisation budgets, or taken from
prior work [13]. Each tournament assigned either PI-MCTS or
IS-MCTS as the focus player, with all other players using OL-
MCTS. Only information-handling differed between agents,
and all other settings were held constant. Additional results
for tournaments conducted with 10,000 iterations are reported
in the discussion.

VI. RESULTS & DISCUSSION

The baseline OL-MCTS agent is equivalent to PI-MCTS
with determinization D = 1. In the following discussion, PI-
MCTS refers to runs with D > 1. Overall, PI-MCTS out-
performs the MCTS baseline in games with persistent hidden
information, but its performance is sensitive to the number
of determinizations. In most games, performance improves as
D increases, before declining at higher values (relative to the
baseline), as shown in Fig. 1. optimal D is game dependent.
Contrary to expectations, IS-MCTS consistently matches or
outperforms PI-MCTS across all evaluated games.

Performance differences between agents are primarily
driven by the temporal dynamics of hidden information,
specifically the “disambiguation rate”, which is the rate at
which hidden information is revealed [5]. PI-MCTS and IS-
MCTS yield the greatest benefits when hidden information
persists over many turns.

This pattern is evident in Hearts and Stratego, where
PI-MCTS outperformed OL-MCTS by 5% under standard
budgets, increasing to 10% with higher budgets. In Poker,
this pattern is stronger, where PI-MCTS consistently exceeds
the baseline and matches IS-MCTS at lower budgets and
surpasses IS-MCTS performance under higher budget settings
at higher determinizations (100–500), particularly under total
visits aggregation (Fig 2). Poker is the only environment where
the average value strategy performs significantly worse than
other strategies, for reasons currently unclear. All three game
exhibit low disambiguation.

Conversely, when uncertainty is transient or rapidly re-
solved, the benefits of determinization are offset by budget
fragmentation. Splitting a search budget across multiple deter-
minizations reduces per-tree depth; if the game state quickly
transitions to perfect information, this shallow search becomes
a liability. In Sushi Go!, PI-MCTS performs poorly with three
players because the game becomes one of perfect information
by turn three, though its performance improves with five
players as information remains hidden longer. Similarly, Colt
Express and Virus show only marginal gains (2–5%) due
to their rapidly resolving or cyclical hidden information. In
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Fig. 2: Comparison of algorithm performance under a higher
computational budget of 10,000 iterations. Key and other
details are as in Fig. 1.

Exploding Kittens, high stochasticity and low skill expres-
sion resulted in no significant performance gaps. Finally, in
four other games (Tic-Tac-Toe, Monopoly Deal, Dominion &
Wonders7), PI-MCTS performed worse than the baseline.

Effect of Determinization Count on Search Quality

At low D, each tree has enough budget for UCT to
meaningfully distinguish between actions, so visits concentrate
on higher-value moves; aggregating visits across trees (Total
Visits) then reliably favours better actions. As D increases,
per-tree budgets shrink, search becomes shallow, and visit
counts across trees converge toward one per action, making
the policy approach behaviour similar to a player making
random decisions. No aggregation strategy shows a consistent
advantage and performance is mainly driven by the choice of
D, which varies by game.

VII. CONCLUSIONS AND FUTURE WORK

We evaluated PI-MCTS across a range of tabletop games. It
outperforms OL-MCTS when hidden information persists, but
is typically matched or exceeded by IS-MCTS. While some PI-
MCTS configurations approach or surpass IS-MCTS at higher
budgets, this requires careful tuning due to sensitivity to deter-
minization count, making it more computationally demanding.
These results support the prior findings in Cribbage [7], but
across a wider range of games. Overall, the findings suggest
that PI-MCTS is most effective when hidden information per-
sists long enough to justify the reduced per-tree search depth
induced by maintaining multiple determinizations, and when
sufficient computational resources are available for additional
parameter tuning.
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