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Abstract—The combination of reinforcement learning and
look-ahead search introduced in AlphaGo, has revolutionized our
understanding of tactics and strategy in classical strategy games
such as Go and chess. Until recently, this pioneering approach has
been limited to perfect information games, where players have
full information about the current state of the game. This paper
investigates the recent generalization of reinforcement learning
with search to imperfect information games, such as poker, where
parts of the game state, e.g., the opponent’s hand, is hidden from
the player. The paper explores how well this approach scales as
the amount of hidden information increases. To this end, the
current state of the art in reinforcement learning with search,
the student of games general learning algorithm, is reproduced
and evaluated across three variants of a custom poker game, each
differing by the number of hidden cards dealt to players. It is
found that games with less hidden information are learned more
effectively, and that computational demands scale sublinearly
with increasing hidden information.

Index Terms—Reinforcement learning; tree search; imperfect
information games; computer poker; counterfactual regret min-
imization; student of games algorithm.

[. INTRODUCTION

Strategy games have a rich history of being used as
benchmarks to measure progress in artificial intelligence (AI).
Notable advances include Deep Blue reaching superhuman
performance in chess in 1997 [1], and AlphaGo reaching
superhuman performance in Go in 2016 [2]. A common
characteristic of most strategy games mastered by Al has been
that they are perfect information games, where all aspects of
the game state are completely visible to both players.

Adversarial interactions in the real world often involve
uncertainty about the adversary, making real-world decision-
making more closely match imperfect information games,
where players can have asymmetric information about the
game state [3]. Indeed, in serious gaming, as practiced in, e.g.,
defense [4] and cybersecurity [5], [6], hidden information (the
“fog of war”) often plays an essential role.

In this more general class of games, poker has long served
as the main benchmark for Al algorithms. Until recently, Al
algorithms could only play small poker variants developed
for research purposes. However, with recent advances in tree
search algorithms, superhuman Als in conventional poker
variants have been developed [7], [8], [9], [10].

While these milestones in poker were based on look-
ahead search alone, the strongest Als for perfect information

games use a combination of reinforcement learning and look-
ahead search introduced in AlphaGo and later generalized
in AlphaZero [11]. A first step towards generalizing this
paradigm further to the broader class of imperfect informa-
tion games was achieved in recursive belief-based learning
(ReBeL) [12], a combination of reinforcement learning and
look-ahead search. ReBeL reached superhuman performance
in poker and poker-like games without relying on the game-
specific abstraction techniques used in earlier, purely search-
based Als, while requiring substantially less computational
effort. In November 2023, DeepMind published a refinement
and extension of ReBeL that incorporated even more aspects of
AlphaZero: the student of games (SoG) algorithm [13]. SoG
achieves strong performance in large perfect and imperfect
information games alike, being the first algorithm to do so and
an important step toward truly general algorithms for arbitrary
environments.

Poker games have often been seen as a good proxy for
real-world decision-making [8], [9], as many real-world ap-
plications, e.g., negotiations, can be modeled as poker-like
games. However, a key difference between poker games and
more general decision-making is that the degree of hidden
information in poker is solely determined by the private cards,
whereas the degree of uncertainty can be larger and less
tangible in other applications. If we want to apply general
algorithms such as SoG to more complex scenarios, or apply
similar algorithms as reasoning modules in larger systems, we
may need to handle significantly more hidden information.

This paper investigates how reinforcement learning with
look-ahead search scales with an increased degree of hidden
information. We evaluate this in the realm of poker games, the
standard benchmark in the field, and with the current state of
the art, SoG. The research question is formulated as follows:

« How does the degree of imperfect information in poker
games affect the performance of the student of games
general learning algorithm?

To the best of our knowledge, the paper provides the first
public implementation of the SoG algorithm and the first
replication outside of DeepMind.

II. BACKGROUND

This section introduces the relevant concepts and termi-
nology from poker variants and reviews previous research
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related to imperfect information games and general learning
algorithms.

A. Poker

This paper focuses on two-player heads-up poker variants.
A typical poker match consists of multiple games, and each
game consists of multiple rounds. Each round ends with
a betting phase where players wager chips; if a player is
unwilling to match a wager, they fold, and the other player
wins the pot. The most commonly played poker variants
consist of four rounds. During the first round, the players are
dealt a fixed number of private cards, called their hand. All
subsequent rounds, called the flop, turn, and river, begin with
cards being dealt face-up as public cards. If neither player
folds by the end of the river betting phase, they combine their
private and public cards to create the best five-card hand; the
strongest hand wins the pot.

Different poker variants have different betting rules. Limit
games restrict players to a single bet size per betting phase.
Pot-limit games bound bets by the current pot size. No-limit
games allow players to bet any amount up to all their chips,
called going all-in. Two popular poker families are Texas
hold’em and Omaha. The primary difference is that Omaha
hands contain four private cards, while hold’em hands have
two. The most popular poker variant is no-limit hold’em,
followed by pot-limit Omaha.!

In most variants, players must wager a small amount of
chips before the first round to stimulate play. The largest
forced wager is the big blind (bb), typically about 1% of
the players’ starting stack. The common win-rate metric in
poker Al literature is milli big blinds per game (mbb/g), which
measures how many thousandths of a big blind a player wins
on average per game [8], [9].

B. Related Work

Significant effort has been devoted to developing algorithms
for poker games. The introduction of counterfactual regret
minimization (CFR) in 2008 was a major breakthrough, al-
lowing small poker games to be solved [14]. In 2014, an
enhancement of CFR, called CFR™, was developed, improving
its convergence rate by up to an order of magnitude [15].
Using CFR™, researchers tackled a large poker game played
by humans, and in 2015, using 900 core-years of computing
and 11 TB of storage, they solved heads-up limit hold’em,
achieving near-zero exploitability [7].

The focus quickly shifted to the more popular no-limit
hold’em. While limit hold’em could be solved with a mod-
ern computer cluster by traversing its game tree of 104
information states, no-limit hold’em’s game tree of 106
states made this approach intractable. Researchers borrowed
ideas from perfect information games, dividing the game
tree into subgames and using neural networks to summarize
game states. However, the imperfect information in poker
significantly increased the complexity of these methods.

"https://upswingpoker.com/poker-rules/pot-limit-omaha-rules/.

In 2016, two research groups made significant progress,
creating superhuman Al agents for no-limit hold’em. Morav¢ik
et al. published DeepStack [8], while Brown et al. introduced
Libratus [9]. Both teams developed new methods for dividing
the game tree into subgames and refining strategies during
play. In 2018, the team behind Libratus released Pluribus,
extending their techniques from heads-up poker to six-player
variants of the game [10].

Progress also advanced in developing general algorithms for
imperfect information games. In 2020, Brown et al. developed
ReBeL, achieving superhuman performance in poker and the
game Scotland Yard [12]. ReBeL combined search, learning,
and game-theoretic reasoning through self-play.

In November 2023, the team behind DeepStack released
SoG [13]. This unified algorithm combines search, learning,
and game-theoretic reasoning, integrating techniques from
AlphaZero and DeepStack. SoG demonstrated strong perfor-
mance in poker, Scotland Yard, chess, and Go, marking a
significant step toward truly general game-playing algorithms.

III. THEORY

This section introduces the formalisms used in the rest of the
paper, and describes the prerequisite concepts and algorithms,
which need to be understood to understand the SoG algorithm.

A. Game Theory

This section introduces game-theoretic concepts and nota-
tion using the framework of extensive-form games. A game
between two players starts in a specific world state w™. As
players choose actions a € A, the game proceeds to successor
world states w € VW until reaching a terminal state. A world
state can be a decision node, a terminal node, or a chance node,
representing a stochastic event with a fixed distribution, such
as new public cards being revealed. Sequences of actions taken
during the game are called histories and denoted i € H. At
terminal histories, z C H, each player ¢ receives utility u;(z).

An information state is a representation of one player’s
information. Specifically, the histories s; € S; for player i
form a set of histories indistinguishable to player ¢ due to
missing information. For example, after players have been
dealt their cards in poker, every situation where player ¢ has
been dealt a specific hand is indistinguishable to that player
since they do not know the opponent’s private cards; the
histories in the information state differ only in the chance event
determining the opponent’s private cards. A player ¢ plays a
policy m; : S; — A(A), where A(A) denotes a probability
distribution over actions .4. Given a policy profile for both
players, 7 = (m;,m—;), where —i is the opponent of player 4,
the utility of this profile to player 7 is denoted as u;(mw;, m—;).

Definition 1. A best response to an opponent policy 7_; is
some policy 7%¢%! that maximizes the utility to player 4 against
7_;. Thus, w2est = argmax ;. (u(75,7_;)).

Definition 2. A policy profile 7 = (m,,m) is a Nash
equilibrium if and only if 7, is a best response to 7, and
T 1S a best response to 7.
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Definition 3. A policy 7; : S; — A(A) is called pure if for
every information state S; there exists an action a such that
the probability of a € A(A) is 1; otherwise the policy is called
mixed.

In perfect information games, the utility of an action de-
pends only on the current world state w € W. For example, in
chess, the value of an action in a specific board configuration
is independent of the history of play (except for moves leading
to a draw by repetition). In imperfect information games, the
utility depends on additional factors like the opponent’s beliefs
about the player’s private information and strategy, and vice
versa. In poker, for instance, the value of bluffing depends on
its frequency in the player’s strategy; if the opponent believes
the player never bluffs, bluffing is highly effective, and vice


















