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ABSTRACT

Al researchers have long focused on poker-like games as a testbed for environ-
ments characterized by multi-player dynamics, imperfect information, and reason-
ing under uncertainty. While recent breakthroughs have matched elite human play
at no-limit Texas hold’em, the multi-player dynamics are subdued; most hands
converge quickly with only two players engaged through multiple rounds of bid-
ding. In this paper, we present Solly, the first Al agent to achieve elite human play
in reduced-format Liar’s Poker, a game characterized by extensive multi-player
engagement. We trained Solly using self-play with a model-free, actor-critic, deep
reinforcement learning (RL) algorithm. Solly played at an elite human level as
measured by win rate (won over 50% of hands) and equity (money won) in heads-
up and multi-player Liar’s Poker. Solly also outperformed large language models
(LLMs), including those with reasoning abilities, on the same metrics. We inte-
grated Solly with LLMs via Model Context Protocol (MCP) to probe cooperation
between LLMs and RL, which showed improved LLM performance. Solly de-
veloped novel bidding strategies, randomized play effectively, and was not easily
exploitable by world-class human players.

1 INTRODUCTION

Games often require logic, reasoning under uncertainty, and probabilistic thinking, making them an
ideal environment for developing broader intelligence. Multi-player games with imperfect informa-
tion form a sub-genre that has proven particularly challenging for AI modeling efforts.

The first Al vs. human game to capture widespread attention was the 1997 chess match between
IBM’s Deep Blue (Campbell et al.l [2002) and Garry Kasparov. A similar milestone was achieved
when AlphaGo (Silver et al.L|2016), an AI agent developed by Google DeepMind, beat Lee Sedol at
the ancient Chinese board game Go in 2017.

Both Chess and Go represent games with perfect information and no randomness. Al has also been
successful in more complex strategy games such as Stratego (Perolat et al., 202 1) that have imperfect
information. There has also been significant progress building Al systems to play the flagship poker
game no-limit Texas hold’em (NLTH) with DeepStack (Moravcik et al.,2017) and Libratus (Brown
& Sandholm| 2017)) in the 2-player setting and Pluribus (Brown & Sandholm) [2019)) in the multi-
player setting. Successful algorithms for no-limit Texas hold’em such as DeepStack (Moravcik et al.,
2017) combined RL, search, and CFR. Pluribus (Brown & Sandholml [2019), the first Al to defeat
humans at multi-player, no-limit Texas hold’em made use of RL and search, while the more general
ReBel framework (Brown et al., 2020) made use of RL, search, and neural networks. More recently,
Schmid et al.| (2023)) introduced the Student of Games framework that uses search, self-play, and
game-theoretic reasoning to learn a whole class of perfect and imperfect information games.

Although AT agents have been shown to play human level in multi-player NLTH, a large percentage
of NLTH hands degenerate into 2-player scenarios after the opening round of betting, as most players
fold. It is, therefore, unclear how well these Al programs perform in a multi-player setting where all
players participate in each betting round.

*Footnote acknowledgment removed for double-blind submission
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Figure 1: Reduced-format 3x3 Liar’s Poker is played by bidding on the cumulative digits across
all players. Solly calculates the bidding policy using a neural network and selects a move from the
distribution output by it. Solly was trained via self-play.

Liar’s Poker, in contrast, requires multi-player engagement throughout the entire game. Often played
with three or more players, the game exemplifies the challenges of extending game-solving tech-
niques beyond two-player zero-sum settings. Liar’s Poker is a popular game among financial market
participants. Combining statistical reasoning with decision making under uncertainty, the game
is believed to reinforce important skills for bidding in settings with imperfect information, such
as auctions for spectrum rights, electricity, and government bonds. It is also thought to highlight
decision-making biases like those described in [Tversky & Kahneman| (1974) that would be costly
for trading desks. We briefly introduce the rules for playing the game below and provide a formal
description in Appendix [A.2]

2 LIAR’S POKER

Figure[T]shows a visual representation of a Liar’s Poker game. In each round of Liar’s Poker, players
are dealt a private hand of digits. The objective is to make bids for the total number of one of the
digits across all player hands. A player might bid “four 2s” if they believe a total count of the digit
2 among all players is at least four. Subsequent players can either challenge this bid or submit a
higher bid, defined as higher in digit (e.g. “four 3s”) or count (e.g. “five 1s”’). When all players have
challenged a bid, the bidder has the option to either end the round or to submit a rebid. Any bid may
be rebid once, and the round ends if all other players challenge the rebid. Once a round ends, digits
are counted and the bidder receives 1 unit of reward from each player if their bid was correct or pays
out 1 unit to each player otherwise.

The rebid mechanism is thought to be unique among poker-style games. Having the option to rebid is
particularly valuable when a player has a strong hand. For example, a player bidding on 2s can probe
to see if other players have 2s or are strong in different digit. In the event bid on 2s is challenged,
the player can then increase the bid to another digit, which often has a destabilizing effect on other
players by signaling that the first bet might have been a bluff. Alternatively, if a player has a weak
hand and is quickly challenged by other players, the rebid can give them an option to try another
digit that opponents might feel less comfortable challenging and thereby escape a losing bid.

We will use the notation “HxD L-player” to denote a configuration of Liar’s Poker with H digits per
player, D digit cardinality, and L players. For example, 8x10 2-player refers to a heads-up game in
which each player’s hand contains 8 digits that can range from 0-9, while a 3x3 3-player refers to a
game with 3 players whose 3 digits are randomly pulled from the set {1, 2, 3}. A formal description
of the game is provided in Appendix [A.2]

Liar’s Poker is similar in sprit to Dudo, a dice game believed to have originated in the Inca Empire
during the 15th century; similar variants of the game are Call My Bluff, Bluff, and Liar’s Dice.
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Dudo was solved in the 2-player setting with a classical tabular approach by [Neller & Hnath|(2011).
Methods such as counterfactual regret minimization (CFR; Zinkevich et al.,|2007) and Monte Carlo
CFR (MCCFR; Lanctot et al., 2009) were the standard algorithms for poker and poker-like games
until neural fictitious self-play (NFSP; Heinrich & Silver, |2016) combined reinforcement learning
(RL) and neural networks to approximate the state space in games with larger state spaces. |Gendre
& Kaneko| (2019) explored playing multi-player Dudo with CFR. In this work, they played a single
round and evaluated against a generic baseline rather than human players. The work on Diplomacy
(Turekian et al., [2022)) is probably the most closely related this research. Diplomacy is a multi-
player, imperfect information game with randomness and is both cooperative and competitive, so it
serves as another ideal test bed for this class of games.

3 OBJECTIVES

In this paper, we introduce Solly, the first Al to defeat elite human players at reduced-format Liar’s
Poker. Given the complexity of Al evaluation in multi-player games, we use performance against
humans to evaluate the performance of Solly, as was done for Cicero (Brown et al., |2022)) and
Pluribus (Brown & Sandholml 2019). Michael Lewis’ seminal book Liar’s Poker (Lewis, [1989)
describes the high-stakes competitive games that were played on Wall Street in the 1980s; we tested
Solly against some of the best players of this era. Our human subjects had decades of experience,
often played for thousands of dollars, and developed theory around bidding dynamics. We provide
their biographies in Appendix[A.1] Solly also played reduced-format Liar’s Poker against advanced
LLMs.

To the best of our knowledge, this is the first published research on training an Al agent to play Liar’s
Poker. Our algorithmic method for Liar’s Poker is based on DeepNash (Perolat et al., 2022), which
uses a model-free RL approach with a neural network to approximate the best policy response. The
RL component of DeepNash is the regularized Nash dynamics (R-NaD) algorithm, which succeeded
in finding a Nash equilibrium for the game Stratego. We implement their architecture with some
modifications for Liar’s Poker in the multiple-player setting.

While training an agent to play multiplayer Liar’s Poker at the elite human level was the primary
objective of this work, a second-order research goal was to develop Solly with limited amounts of
compute. To that end, we play modified, smaller Liar’s Poker game sizes. Specifically, we trained
neural networks to play 3x3 2- and 3-player scenarios, as well as 5x5 2-player, and tested them
against multiple opponent types.

4 METHODOLOGY

To train agents to play Liar’s Poker, we used the regularized Nash dynamics (R-NaD) actor-critic
algorithm of |Perolat et al.|(2021), which implements follow the regularized leader (FoReL) dynam-
ics with an additional regularization term on the game reward to train agents to play sequential,
imperfect information games, providing strong guarantees on convergence to Nash equilibrium in
the 2-player setting. Perolat et al.|(2022) combined R-NaD with a deep neural network architecture
to build the DeepNash Al to play Stratego, a 2-player capture the flag board game.

We apply the R-NaD algorithm, available through OpenSpiel (Lanctot et al., 2019, to Liar’s Poker.
As shown in |[Etessami & Yannakakis|(2007) and |Daskalakis et al.| (2009), computing a Nash equi-
librium for three or more players is difficult and, in any case, does not provide the same worst-case
guarantees as in the two-player zero-sum setting (Shoham & Leyton-Brown, 2008). To our knowl-
edge, this is the first attempt to extend R-NaD to the multi-player setting. Since R-NaD implements
a multi-agent sharing-policy approach, it supports the addition of agents without the need to modify
the algorithm; the agents share a single policy network, and each training step incorporates the steps
and outcomes from all self-playing agents.

The network consists of a simple, fully-connected multi-layer perceptron (MLP), which takes as
input a fixed-size representation of the game state and outputs a vector of logits specifying a distri-
bution over possible actions: either a feasible bid or a challenge. The MLP includes multiple hidden
layers with two output layers, a policy head and a value head. We provide further details around the
neural network and training configurations in Appendix
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3x3 2-Player
Solly Scaled  Solly Scaled
Opponent(s) Hands Played Solly Win % Equity Std. Error
Chat-GPT 4.1 1,000 60% $19 +$3
OpenAl 03 1,000 55% $9 +3$3
Elite Humans 100 48% -$4 +$10
Best Response 1,000 44% -$12 +$3
5x5 2-Player
Solly Scaled  Solly Scaled
Opponent(s) Hands Played Solly Win % Equity Std. Error
Elite Humans 100 55% $10 +3$10
3x3 3-Player
Solly Scaled  Solly Scaled
Opponent(s) Hands Played Solly Win % Equity Std. Error
2 Elite Humans 100 54% $17 +815

Exhibit 1: Solly’s performance against various opponents, scaled to show the expected equity
(money) Solly won per 100 hands.

5 RESULTS

Finding a Nash equilibrium is difficult in the multi-player setting and might not produce a winning
strategy, given that other players may not be playing the equilibrium. Therefore, our primary form of
evaluation was game-play against elite human players, which has not previously been attempted for
this class of games. We also compute a best response score, which gives a method for comparison
across game sizes and architectures. Finally, we evaluate the Al against LLMs by playing against
both general-purpose and reasoning models.

5.1 ELITE HUMAN EVALUATION

We evaluated Solly against elite human players following the approach used by researchers in no-
limit Texas hold’em (Brown & Sandholm, 2019). Solly’s opponents played Liar’s Poker on Wall
Street during the 1980s and 1990s, had extensive experience playing for high stakes, and have
thought deeply about the game and its bidding dynamics. We include their names and backgrounds

in Appendix

We compare both the average win rates and player equity or total dollar winnings, a common per-
formance metric in the poker literature.

We selected a group of seven players and played games in different configurations, both online and
in-person, over the course of three months. We first tested our agent heads-up against humans and
found that the agent was comparable to the best humans. We report the complete results of the
various games in Exhibit/[I}

We played 100 hands of heads-up 3x3 Liar’s Poker against elite humans and Solly won 48% of those
hands. We next played 100 hands of heads-up 5x5 Liar’s Poker against elite humans and Solly won
55% of those hands. In both cases, we randomly selected five elite humans and played 20 hands
against each in a mix of in-person and online games.

Our focus and key contribution is the performance of Solly in the multi-player setting. We played
100 hands against a subset of elite players in-person. In the 3-player setting, we used the 3x3
configuration featuring two humans against the Al agent. Our null hypothesis is that Solly’s mean
reward is zero. Said differently, on average we expect Solly to be no different than elite humans
players. In our 3x3 3-player game, Solly won against humans with an average score of 0.17 and a
standard error of 0.15. Based on these results, we cannot reject our null hypothesis with a two-tailed
T-test (N=100, T=1.10, P=0.27).
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3x3 2-Player

Win By Win By Overall
Player 1 Digit 2 Digits 3 Digits Bid Challenge | Win Rate

Elite Humans 40% 49% 92% 62% 38% 52%
Solly 34% 47% 100% 42% 58% 48%
Chat-GPT 4.1 25% 40% 72% 34% 66% 40%
Solly 36% 61% 91% 83% 17% 60%
OpenAl 03 22% 48% 75% 53% 47% 45%
Solly 10% 62% 90% 70% 30% 55%
Best Response 34% 56% 95% 53% 47% 55%
Solly 29% 45% 70% 35% 65% 45%

3x3 3-Player

Win By Win By Overall
Player(s) 1 Digit 2 Digits 3 Digits Bid Challenge | Win Rate
Elite Humans 50% 36% 78% 31% 69% 46%
Solly 62% 48% 71% 50% 50% 54%

Exhibit 2: Solly performance broken down by hand quality and the percent of wins due to a bid or
challenge. 1 Digit refers to a mixed hand with one of each digit, 2 Digits is one with 2-of-a-kind,
and 3 Digits is a 3-of-a-kind hand. The majority of hands in the 3x3 configuration are 2-of-a-kind.

Another measure of quality is how Solly performed conditional on different canonical hands. A
three-of-a-kind hand (for example [2, 2, 2]) is considered the strongest hand, while a mixed hand of
one digit each (for example [2, 3, 1]) is considered the weakest. Exhibit[2]shows the performance of
humans and Solly with each hand type. One interesting result is that humans in the 3-player setting
underperform with 2-of-a-kind hands, while Solly does not.

Compared to humans, Solly tended to use the rebid feature to bluff more than humans. In the 3x3 3-
player setting, Solly rebid in roughly 33% of hands, while humans each only used the rebid in about
8% of hands. This is atypical of what human players have long considered an optimal strategy.

5.2 BEST RESPONSE AGENT

A standard measure of agent performance is the strength of a best response policy against the AL A
best response policy for a player or Al is one that maximizes that player’s return against all other
players (Shoham & Leyton-Brown), [2008)), in this case maximizing the reward against one or more
copies of the Solly agent. This method provides an estimate of Solly’s exploitability, and the best
response score we report here is the average reward per round for the best response agent.

Best response training differs from the main training methodology in a few key ways. First, the best
response agent is trained specifically to exploit a fixed training checkpoint of Solly, whereas Solly
is trained to improve itself using self-play against its current, evolving policy state at each step.
Second, each best response agent is trained in a fixed position of the game (initial bidder, second
bidder, etc.), while Solly’s training in R-NaD takes data from all player positions into account when
updating the neural network. We average scores for each fixed position and the aggregate over all
positions in our reporting. Finally, the best response agents are trained using the deep Q-network
(DQN) algorithm with a smaller neural network architecture and higher learning rate.

We approximate exploitability using OpenSpiel’s DQN best response implementation, trained for 1
million time steps, each time step incorporating a batch of 32 games. We used a learning rate of 0.1
and three hidden layers of size 64. To investigate whether player position impacts the strength of the
best response policy, we trained a separate agent for each player position. In the case of 3 players,
one DQN agent learned while two instances of Solly played with a fixed policy. We evaluated every
5,000 time steps with 1,000 rounds of play for each best response agent position, and report on the
rolling average results of the last 10 evaluation points. We show the results for the 3x3 3-player
game in Figure[2] Approximations like this should be viewed as a lower bound; it is possible that an
optimal exploiter could find better exploits.



Under review as a conference paper at ICLR 2026 Workshop on MALGAI

Position 1
Position 2
Position 3 T

- 0.350

o
©
!

0.325

()
L}
£ 3
0.300 +
0.275 T
0.250
13 + 1
0.225 .
4 I T ¢
* ¢ 1
0.200

IIIIIIIIII 0175

o o 9o
EY N @
!

=4
o

Best Response Score
Best Response Score

o
IS

o
w

o
N

T T 0150 T T T T
0 2 4 6 8 5 6 7 8 9
Solly Training Checkpoint 1le6 Solly Training Checkpoint 1le6

Figure 2: Best response scores for the 3x3 3-player configuration. A lower score means a better
quality Solly agent. The first panel shows the average best response score for agents trained to play
against various Solly training checkpoints across all player positions. The Solly agents improve
(become less exploitable) as training progresses. The second panel shows the scores of the exploiting
agents playing in each of the three player positions, zoomed in on checkpoints 5M and above.

The first panel of Figure [2] shows the best response agents perform well against a Solly trained
for only 10k steps (average reward ~1.0). However, for more advanced training checkpoints of
Solly, the best response agent’s reward drops to 0.25 units. For context, a player who wins every
round through a successful bid (earning 2 units each time) would have a best response of 2. The
decreasing trend indicates that the best response agents had an increasingly hard time exploiting
Solly as Solly gained more experience through self-play. The second panel of the figure depicts the
best response score separately for each player position at checkpoints SM and above. We find no
material differences between the scores at the three player positions, suggesting that Solly is equally
difficult to exploit regardless of the player order.

5.3 LARGE LANGUAGE MODELS

The restricted size of the 3x3 game is a rich testbed for evaluating both trained agents and large
language models (LLMs) on Liar’s Poker due to the minimal complexity of the bid sequences. We
conducted preliminary testing of LLMs playing Liar’s Poker.

We submitted an HTML-structured version of the Salomon Brothers rules. We explicitly prompted
the LLM to play the reduced 3x3 game using the rebidding feature but no other extensions. We
provided a randomly-generated hand to the LLM agent at the beginning of each round and a reminder
of the correct response options. At the end of each round, we announced the total digit count,
winner, and win type (successful bid or successful challenge) to the LLM before starting the next
round. We limited the games to 100-round batches to refresh the context, providing the LLM with
the instructions at the beginning of each batch.

We played Solly against Chat-GPT 4.1 for 1,000 hands, and Solly won 60% of rounds. 83% of
Solly’s wins were achieved through successful bidding, while only 34% of the LLM wins were
achieved through a successful bid (see Exhibit[2). The LLM never used the rebid option.

Solly also played 1,000 hands of Liar’s Poker against the OpenAl 03 reasoning model and won
55% of hands. Similarly to what we observed against GPT-4.1, it won 70% of those hands through
successful bidding. However, the reasoning model performed better in bidding compared to its
non-reasoning counterpart; it won 53% of its games through successful bidding (see Exhibit 2)).

Both models used a deterministic bidding strategy based on calculations of probabilities for the un-
known digits, and they generally assume no bluffing. However, GPT-4.1’s reasoning around prob-
ability is vague, and it does not explicitly report calculating the binomial probabilities needed to
guide bidding. The 03 model also uses expected values to choose a bid. These factors likely explain
the performance differences between the 03 and GPT-4.1 models.
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In the spirit of exploration and completeness, we conducted several preliminary performance tests in
the multi-player setting with Solly and LLMs. One primary test of interest was to play Solly against
two instances of the 03 reasoning model. We found the second 03 model to have an advantage,
winning equity of 15 points per 100 rounds, with Solly losing slightly (-3 points per 100 rounds).
The second 03 model was at a disadvantage, losing -12 points per 100 rounds.

There is likely a subtle form of collusion between the LLMs because they use the same strategy,
which is to play deterministically according to maximizing expected value, conditional on their
hand, while taking each player’s bid as highly representative of their hand with no consideration of
bluffing. The LLM preceding Solly has an advantage because the other LLM’s bid correlates highly
with that agent’s hand, therefore “leaking” information about its hand to its counterpart. It would be
akin to two humans committing to playing a strategy in advance and never deviating.

Our intuition is that humans who are able to adapt would easily defeat these LLMs in a multi-player
setting, as they would quickly observe that the LLM is leaking information to them. The pre-trained
Solly is not able to adapt in real-time or use test-time compute (TTC) to gain insights from previous
hands. Although the LLM is generating a reasoning output and using TTC, it is not adapting to
the players, thinking about the best action with respect to future hands (i.e. bluffing now might be
rewarded later), or tracking past hands to identify potentially systematically exploitable behavior.
The LLMs play deterministically, and their inability to adapt or make use of the game history makes
them suboptimal agents in our view.

5.4 HYBRID TRAINING: DOMAIN SPECIFIC RL-LEARNED POLICIES AS INPUT FOR LLMS

LLMs generally do not have sufficient internal knowledge of games to perform complex strategic
reasoning, and they benefit from domain-specific policy input (Hwang et al., 2025). We exposed
Solly’s policy to Google Gemini 2.5 using the Model Context Protocol (MCP; |/Anthropic, [2024) to
probe whether the domain-specific stochastic policy improves LLM performance on Liar’s Poker.
We opted for Gemini rather than the OpenAl models tested above due to its seamless integration
with the fastMCP python package, facility with OpenSpiel games, and advanced CL]H A secondary
goal was to evaluate the ability of LLMs to provide expert opponent analysis using historical data.
See Appendix for complete implementation details.

Gemini referenced Solly’s state-specific policy at each move in the 3x3 2-player setting and played
against an instance of Solly. Due to time and resource constraints, we only played 50 hands.
We found promising improvement of LLM performance against Solly when provided with R-NaD
trained policies. Gemini+Policy won 60% of hands against Solly, equivalent to equity of 20 per 100
rounds, which is superior to the LLM playing unguided against Solly. 50 rounds is a relatively small
sample; we interpret the above results as a directional indication that combining LLMs with RL may
boost performance on Liar’s Poker performance and perhaps other games.

Qualitatively, we found that Gemini used the R-NaD policy at inference-time as a strong guide to
its decision-making. Unlike the baseline LLM and reasoning models, which acted without policy
guidance, Gemini incorporated Solly’s policy and then employed further reasoning before deciding
on its next move.

For example, Gemini did not explicitly refer to binomial probabilities during its reasoning, instead
using Solly’s policy distribution as the baseline for the next game move. We believe that this hybrid
training approach, using a learned stochastic policy that randomizes actions in coordination with
logical reasoning to identify safe bids, is a superior approach for training LLMs to successfully play
games.

Another key benefit of LLMs is their ability to extract complex patterns from data in near real-
time. In the context of games, post-hoc analysis of games can help a player improve or prepare for
a future opponent. Chess and poker players are known to study their opponents before matches,
and some studies have implemented machine learning approaches to determine player styles (e.g.,
Mcllroy-Young et al.|[2021).

!ChatGPT’s interface, for example, requires a manual confirmation before each MCP call, which prohibits
fully automated data collection.
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To probe how LLMs can help humans play, we exposed some of the historical game trees played
against elite human players and requested an analysis of their playing styles. The analysis identified
variation between elite player styles that could be used for future play. Systems that combine humans
with Al could prove to be superior to humans or Al alone, as was shown in Chess (Feng et al.,|2023),
Poker (Huang et al., 2024; Maugin & Cazenave, |[2025)) and Go (Wang et al., [2025).

6 DISCUSSION

In this paper, we demonstrated human-level performance by an Al agent at reduced-format Liar’s
Poker in the multi-player setting. This is the first human-level performance in a multi-player poker
game that requires full engagement of all players in every betting round. It also includes a rebid
feature, not found in other games and conducive to bluffing, which is thought to favor humans.
We developed a process for training agents in an n-player setting and achieve elite human-level
performance. Our training was done with relatively small neural networks and limited computing
resources, making it accessible to researchers outside of the major Al labs.

Recently, there has been increasing interest in using LLMs to play games. We explored the use
of LLMs to play reduced-format Liar’s Poker and discussed their shortcomings. One interesting
line of inquiry for humans vs. machines is in training time vs test-time duration (e.g., thinking
time for humans, total generation time for LLMs). We surveyed our human players and found that
they played approximately 40,000 and 50,000 hands in their life. (The calculation for this was 40
hands per day, 3 time per week, 50 weeks a year for 7-9 years.) We recorded our games and found
they spent an average of 10 to 30 seconds thinking before making a move. ChatGPT 4.1 provided
responses in 1 to 3 seconds, while 03 provided responses in 10 to 40 seconds, and presumably
neither model had prior Liar’s Poker training. In contrast, Solly was trained on billions of hands and
used nearly zero TTC. Brown & Sandholm|(2019) find that using more TTC delivers extraordinary
improvements in performance in six-player no-limit poker. It is very likely that Solly would have
benefited from a technique like Monte Carlo tree search (MCTS) at test-time, but we leave that to
future research efforts to explore.

A final aspect to note is that the LLMs appeared to play very conservatively. We can only speculate
on the drivers of this without full access to the model weights and training corpus. The LLM could
be influenced by the corpus of standard poker literature online, which often advocates folding most
hands and only playing aggressively with top hands. The LLM might have taken a more determin-
istic approach and only bid when the probabilities of winning exceeded 50%, failing to randomize
its play and bluff, which Solly learned through extensive self-play. Providing the LLMs with more
curated, language-specific feedback during game play and using LLMs with greater inference-time
compute are interesting directions for future research. We also believe that our initial results in com-
bining LLMs with RL support the need for further research in training LLMs with domain-specific
rewards/policies to improve performance in game settings.

In scaling an agent to play a larger configuration of Liar’s Poker, we suspect that there are efficiency
gains from using the smaller games to bootstrap learning in larger games. We also expect other
optimization ideas around reward hacking, behavioral cloning, and truncating the look-back period
might offer further improvements in performance. We discuss scaling further in Appendix [A.4]

ACKNOWLEDGMENTS

Removed for double-blind submission.

REFERENCES

Anthropic. The Model Context Protocol (MCP) Specification. https://
modelcontextprotocol.iol 2024. Accessed: 2026-02-05.

Noam Brown and Tuomas Sandholm. Safe and nested subgame solving for imperfect-information
games. In NeurIPS, 2017.

Noam Brown and Tuomas Sandholm. Superhuman ai for multiplayer poker. Science, 365(6456):
885-890, 2019.


https://modelcontextprotocol.io
https://modelcontextprotocol.io

Under review as a conference paper at ICLR 2026 Workshop on MALGAI

Noam Brown, Anton Bakhtin, Adam Lerer, and Qucheng Gong. Combining deep reinforcement
learning and search for imperfect-information games. In NeurIPS, 2020.

Noam Brown, Anton Bakhtin, Mike Lewis, and Jakob Foerster. Human-level play in the game of
diplomacy by combining language models with strategic reasoning. Science, 378(6624):1067—
1074, 2022. doi: 10.1126/science.ade9097. URL https://www.science.org/doi/10.
1126/science.ade9097.

Murray Campbell, A. Joseph Hoane Jr., and Feng hsiung Hsu. Deep blue. Artificial Intelligence,
134(1-2):57-83, 2002. doi: 10.1016/S0004-3702(01)00129-1.

Constantinos Daskalakis, Paul W. Goldberg, and Christos H. Papadimitriou. Computing a nash
equilibrium: The complexity of games. Communications of the ACM, 52(2):89-97, 2009. doi:
10.1145/1461928.1461951.

Kousha Etessami and Mihalis Yannakakis. On the complexity of nash equilibria and other fixed
points. In Proceedings of the 48th Annual IEEE Symposium on Foundations of Computer Science
(FOCS 2007), pp. 113-123. IEEE, 2007. doi: 10.1109/FOCS.2007.52.

Xidong Feng, Yicheng Luo, Ziyan Wang, Hongrui Tang, Mengyue Yang, Kun Shao, David Mguni,
Yali Du, and Jun Wang. Chessgpt: bridging policy learning and language modeling. In Proceed-
ings of the 37th International Conference on Neural Information Processing Systems, NIPS ’23,
Red Hook, NY, USA, 2023. Curran Associates Inc.

Quentin Gendre and Tomoyuki Kaneko. Counterfactual regret minimisation for playing the multi-
player bluffing dice game dudo. In The 24th Game Programming Workshop, pp. 181-187, Tokyo,
Japan, 2019. Information Processing Society of Japan. URL https://www.ipsj.or.jp/
kenkyukai/event/gpw2019/G19-4.pdf. University of Tokyo.

Julian Heinrich and David Silver. Deep reinforcement learning from self-play in imperfect-
information games. In NIPS, 2016.

Chenghao Huang, Yanbo Cao, Yinlong Wen, Tao Zhou, and Yanru Zhang. Pokergpt: An end-to-
end lightweight solver for multi-player texas hold’em via large language model. arXiv preprint
arXiv:2401.06781, 2024.

Dongyoon Hwang, Hojoon Lee, Jaegul Choo, Dongmin Park, and Jongho Park. Can large lan-
guage models develop strategic reasoning? post-training insights from learning chess, 2025. URL
https://arxiv.org/abs/2507.00726.

Marc Lanctot, Kevin Waugh, Martin Zinkevich, and Michael Bowling. Monte carlo sampling for
regret minimization in extensive games. In NIPS, 2009.

Marc Lanctot et al. Openspiel: A framework for reinforcement learning in games. arXiv preprint
arXiv:1908.09453,2019. URL https://arxiv.org/abs/1908.09453.

Michael Lewis. Liar’s Poker: Rising Through the Wreckage on Wall Street. W. W. Norton &
Company, New York, 1989. ISBN 978-0393027501.

Narada Maugin and Tristan Cazenave. Spingpt: A large-language-model approach to playing poker
correctly. arXiv preprint arXiv:2509.22387, 2025.

Reid Mcllroy-Young, Yu Wang, Siddhartha Sen, Jon Kleinberg, and Ashton Anderson. Detecting
individual decision-making style: Exploring behavioral stylometry in chess. Advances in Neural
Information Processing Systems, 34:24482-24497, 2021.

Martin Morav¢ik et al. Deepstack: Expert-level artificial intelligence in heads-up no-limit poker.
Science, 356(6337):508-513, 2017.

Todd Neller and Steven Hnath. Approximating optimal dudo play with fixed-strategy iteration coun-
terfactual regret minimization. Available at SSRN 3808755, 2011.


https://www.science.org/doi/10.1126/science.ade9097
https://www.science.org/doi/10.1126/science.ade9097
https://www.ipsj.or.jp/kenkyukai/event/gpw2019/G19-4.pdf
https://www.ipsj.or.jp/kenkyukai/event/gpw2019/G19-4.pdf
https://arxiv.org/abs/2507.00726
https://arxiv.org/abs/1908.09453

Under review as a conference paper at ICLR 2026 Workshop on MALGAI

Julien Perolat et al. From poincaré recurrence to convergence in imperfect information games:
Finding equilibrium via regularization. In Marina Meila and Tong Zhang (eds.), Proceedings of
the 38th International Conference on Machine Learning, volume 139 of Proceedings of Machine
Learning Research, pp. 8525-8535. PMLR, July 2021.

Julien Perolat et al. Mastering the game of stratego with model-free multiagent reinforcement learn-
ing. Science, 378(1):3-15, 2022.

Martin Schmid et al. Student of games: A unified learning algorithm for both perfect and imperfect
information games. Science Advances, 9(46):eadg3256, 2023. doi: 10.1126/sciadv.adg3256.
URL https://www.science.org/doi/abs/10.1126/sciadv.adg3256.

Yoav Shoham and Kevin Leyton-Brown. Multiagent Systems. Cambridge University Press, Cam-
bridge, UK, 2008. ISBN 978-0521899437.

David Silver et al. Mastering the game of go with deep neural networks and tree search. Nature,
529(7587):484-489, 2016. doi: 10.1038/nature16961.

Vaughan C. Turekian, Pierre-Bruno Ruffini, Stephen Rayner, Kristin M. Lord, and Pe-
ter D. Gluckman. Science diplomacy: New global challenges, new trends. Science &
Diplomacy, 11(1), 2022. https://www.sciencediplomacy.org/article/2022/
science-diplomacy—-new—global-challenges—new-trends.

Amos Tversky and Daniel Kahneman. Judgment under uncertainty: Heuristics and biases. Science,
185(4157):1124-1131, 1974.

Haolin Wang, Xueyan Li, Yazhe Niu, Shuai Hu, and Hongsheng Li. Empowering llms in decision
games through algorithmic data synthesis. arXiv preprint arXiv:2503.13980, 2025.

Martin Zinkevich, Michael Johanson, Michael Bowling, and Carmelo Piccione. Regret minimization
in games with incomplete information. In NIPS, 2007.

A APPENDIX

A.1 PLAYER BACKGROUNDS

Removed for double-blind submission.

A.2 OFFICIAL SALOMON BROTHERS LIAR’S POKER RULES

For a full description of Liar’s Poker rules, visit https://elmwealth.com/wp-content/
uploads/2021/11/1liars.poker—rules.pdf. Here are some excerpts to illustrate the
game rules we implemented (note that our implementation supports any digit cardinality and hand
length, not just 8x10, and we only used the rebid extension):

To begin the game, each player obtains a random eight digit number. The most common method is
to have each player choose a bill (of US currency, generally a one dollar bill). A player’s number
for that round is the serial number on the bill selected.

Play begins as one player makes the opening bid. A typical bid might be “5 sevens.” This means
that the player estimates that the total number of sevens in all players’ numbers is at least 5. He
need not have all 5 sevens in his own number. The turn then passes clockwise to the next player on
the left. For his turn, each player must either make a stronger bid or challenge the previous bid.
A bid is stronger if it calls for at least the same number of occurrences of a higher rank (e.g., “5
nines”) or a greater number of occurrences (e.g., “6 threes”). The zero is considered the highest
rank (usually referred to as “ten” as in “7 tens”).

Eventually, a bid will be challenged by all the remaining players. At this time, each player reveals
how many of the selected rank he has. If the total number equals or exceeds the number bid, the
bidder wins one unit from each of the other players. If the bid is not made, then the bidder loses one
unit to each of the other players. Whether or not the bid is made, the final bidder is the first bidder
in the next round.

10


https://www.science.org/doi/abs/10.1126/sciadv.adg3256
https://www.sciencediplomacy.org/article/2022/science-diplomacy-new-global-challenges-new-trends
https://www.sciencediplomacy.org/article/2022/science-diplomacy-new-global-challenges-new-trends
https://elmwealth.com/wp-content/uploads/2021/11/liars.poker-rules.pdf
https://elmwealth.com/wp-content/uploads/2021/11/liars.poker-rules.pdf

Under review as a conference paper at ICLR 2026 Workshop on MALGAI

The most important enhancement of the basic game is the right of rebidding. If a player’s bid is
challenged by all of the other players, he has the option of playing this bid or of making a new,
stronger bid. However, only one rebid is allowed.

If this new bid is also challenged by all the players, the bidding then stops and this new bid is the
final bid. If this new bid is not challenged by all of the remaining bidders and one of them makes a
stronger bid, the bidding continues with each player—including the bidder who just made a rebid—
having the right to rebid if challenged all the way around.

The allowance of rebids greatly extends the strategic scope of Liar’s Poker. The necessity to bluff
and determine others’ bluffs is a major feature of the game.

A formal representation of this game follows.

A round of Liar’s Poker is played between L players, indexed by ¢ € {1,..., L}. At the beginning
of the round, each player receives a private hand, or “SLIP,” of H digits, each taking a value chosen
uniformly at random from {1... D}. More compactly, each player’s hand can be represented by a
random vector of consisting of counts for each digit X; = (X1, ..., X¢,p), where X, drawn from
a multinomial distribution with H trials, D categories, and probability 1/D of drawing any given
category in a given trial. The original game is played using the serial numbers on dollar bills (i.e.,
D =10and H = 8, where a 0 digit on the bill means 10), but the game soon changed to randomly
generated numbers.

Aggregating across all players gives the global count vector S = 25:1 X, where S; denotes the
total number of occurrences of digit j across all hands. A bid is defined as an ordered pair (g, ),
interpreted as the claim that S, > ¢; for example, the bid (4,7) (“four sevens”) corresponds to
the claim that the digit seven appears at least four times in the union of all players’ hands. At the
beginning of the round, one player will propose an opening bid. Players then take turns choosing an
action, which may be one of two options: either to “challenge” the current bid, signaling that they
do not believe the bid’s corresponding inequality holds; or to issue a stronger bid (¢’, ') = (q,7),
where we define the ordering (¢', ") > (¢q,r) iff ¢ > qor (¢ = gand v’ > r).

Eventually, some bid (g, ) will be challenged by all players. At this point, the player who proposed
the challenged bid may choose either to proceed with a count, in which all players reveal their hands,
resolving the round and computing payout depending on whether the event S, > ¢ holds; or they
may choose to rebid, i.e., to propose a stronger bid (¢’, ") > (g, ), and continue playing. The rebid
option is only available if the challenged bid (g, r) did not itself result from a rebid. Like other bids,
a rebid must be challenged by all other players for the round to end. Upon resolution, players are
paid out based on the final bid (g, r). If the bid is correct, i.e., S, > ¢, the bidder gains one unit
from each opponent; otherwise, the bidder pays one unit to each opponent.

A.3 NEURAL NETWORK ARCHITECTURE AND CONFIGURATIONS

The information tensor of the Liar’s Poker game, which serves as the policy network’s input layer,
encodes the actor’s hand and position, a one-hot encoded history of each player’s bids, and a one-hot
encoded history of each player’s challenges, a bit representing the rebid state, and a bit representing
whether or not the trajectory is terminal. The output layer is given by the number of maximum
number of allowed bids plus one for the challenge move. As the game size determines the number
of possible bids and challenges, these tensors scale by game size and set a minimum reasonable
network architecture configuration. We used a multi-layer perceptron with 2 hidden layers of size
256 and set the maximum trajectory length to 10 for 2-player scenarios and 15 for 3-player scenarios.
We set all action probabilities below 3% to zero during game play and discretized the non-zero values
to a 32 value grid (see the supplementary materials to [Perolat et al.[(2022)).

A.4 SCALING

We believe scaling the R-NaD algorithm to play the complete (8x10) Liar’s Poker agent is straight-
forward with enhancements to the network architecture, tuning of hyperparameters, and more com-
pute. As the number of players, digits, and/or hand length increase, the state space grows, and
network training efficiency becomes more important.
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Figure 3: Best response scores for 3x3 3-player demonstrating two proposed scaling techniques. In
the first panel, we rewrite the Liar’s Poker environment to encode hands as digit counts, training on
abstract (“‘canonical”) hands rather than explicit digits. We compare this agent to the original 3x3
3-player agent used for play against elite humans. In the second panel, we compare against an agent
trained with a deeper MLP (7 layers of 512 neurons each) and rewards scaled by a factor of 10.

One inherent challenge of scaling to a larger game size is that the strength of the reward signal is
increasingly diluted as the length of rounds increases. Unreasonably high bids are often rewarded
during self-play because a (sub-optimal) opponent bids even higher and loses; on the other hand, a
reasonable bid that wins is rewarded with the same amount as a challenge (or just slightly more with
3+ players). Reward scaling for training agents to play the complete game could address this issue.

In an effort to determine the potential for scaling our approach to the full 8x10 game, we explored
the use of reward scaling during training, hand abstractions (i.e. grouping strategically identical
hands together, which is common in the poker literature), deeper MLPs commensurate with the size
(if not sophistication) of models used in the game playing literature, and tuning several hyperpa-
rameters. Figure [3|shows the improvements for two such configurations and gives us comfort that
with straightforward architecture improvement and additional resources, it is possible to scale our
algorithm to play the complete Liar’s Poker game with similar performance results.

A.5 LLM INTEGRATION

We integrated Solly with Google Gemini 2.5 using the Python fastMCP implementation of the
Model Context Protocol (MCP) with the goal of providing the LLM with basic game information,
current game state, and methods for playing with/against Solly.

We exposed two resources: the rules of the game with instructions on how to play the 3x3 2-player
configuration of the game, and a sample of 20 historical rounds played against an elite human.
The latter document specified one player’s hand and the count of the final bid digit of that player’s
opponent in order to show a real-life representation of game-play in which the private hands are
never fully revealed.

We also exposed the following tools:

* New round: requests the next (or first) round with new hands dealt to the players.

* Game state: returns the LLM’s hand, the current player, the most recent bid, the player who
made the most recent bid, and whether the current bid is a rebid.

» Agent policy: returns the Solly policy for the current game state for all legal moves.
* Submit move: input a bid for the LLM’s next move, and returns validation of the move.

* Request opponents move: returns the opponent’s next move.
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A.5.1 COOPERATIVE BIDDING

We aimed to determine if cooperation between the two systems allowed them to play better against
an opponent. We played a total of 50 rounds of Solly vs. Gemini with Solly’s policy. To achieve
this, we required the LLM to request the Solly agent’s policy at each game state and take it into
consideration for every move that it made as it played against and instance of the Solly agent. We
played 20 rounds in which the LLM started the bidding and 20 rounds in which Solly started the
bidding.

When a round terminated, we reported back (a) the count of the opponent’s hand for the final bid
digit, and (b) whether the final bidder won or lost that round. This simulates the real-life information
flow and gives the LLM data it can potentially use to adapt its style to the opponent in real time.

While Gemini did not have visibility into Solly’s private hands, there is the possibility that, by
providing Solly’s state-specific policies, the LLM could, in principle, infer how Solly might play in
similar states. Inspecting the reasoning summaries, we did not see any evidence for this. For one,
the LLM was not told it was playing against the agent or an opponent with the same policy as the
agent. Nor is there a high chance that Solly would end up in the same exact state for which the LLM
had previously seen a policy; and without knowing Solly’s private hand, the model would have to
make assumptions about its opponent’s hand in order to use that historical information. We therefore
believe that the risk of leaking information to boost performance is minimal in this scenario.

A.5.2 OPPONENT ANALYSIS

With the objective of testing the real-time guidance capabilities of Gemini, we tested few-shot
prompting by exposing sample game-play from our various Liar’s Poker opponents. We anonymized
the player names. We prompted the LLM to generate an analysis of the player’s style and contrast
it with that of his opponent. Some of the samples were 3x3 2-player rounds, while others were 5x5
2-player rounds. Finally, we prompted the LLM to provide a strategy to play against one of the play-
ers. Note that some guidance was needed beyond the initial prompt to ensure Gemini understood
the definition of rebid, and a reanalysis was conducted to solidify these values.
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