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Self-Play Reinforcement Learning under Imperfect Information in Big 2
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Abstract

Imperfect-information multiplayer games test
whether agents can act under hidden information,
sparse rewards, and non-stationary opponents. We
study these challenges in Big 2, a four-player
imperfect-information card game. We develop
a self-play RL framework for Big 2 that enables
controlled comparisons between policy-gradient
and value-approximating agents. Under a com-
mon environment, input representation, training
budget, and evaluation protocol, PPO outperforms
Monte Carlo Q approximation, SARSA, and Q-
learning against random, greedy, and heuristic
Big 2 opponents. We further find that moderate
entropy regularization improves PPO by prevent-
ing the policy from becoming overly determin-
istic, and that current-policy self-play provides
a stronger finite-budget curriculum than check-
point self-play or fixed-opponent training. To-
gether, these results show that Big 2 is a useful
controlled setting for studying deep RL under im-
perfect information, multiplayer interaction, de-
layed rewards, and variable action sets.

1. Introduction
Games are a useful testbed for reinforcement learning (RL)
because they provide precise rules, rewards, and evalu-
ation protocols. In perfect-information games, self-play
RL and search have produced numerous successes, from
AlphaGo to AlphaZero and MuZero (Silver et al., 2016;
2018; Schrittwieser et al., 2020). Imperfect-information
games are harder: agents must act from partial observa-
tions, infer hidden state from public behavior, and learn
under non-stationary opponent distributions induced by self-
play. Progress in poker, Stratego, and general game-playing
systems has shown the power of combining learning with
search, regret minimization, or game-theoretic reasoning
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(Heinrich & Silver, 2016; Moravcik et al., 2017; Brown
& Sandholm, 2018; Brown et al., 2019; Brown & Sand-
holm, 2019; Brown et al., 2020; Perolat et al., 2022; Schmid
et al., 2023). Recent work on action abstraction and policy-
gradient theory highlights the need for better understanding
of learning dynamics in imperfect-information games (Li
et al., 2024; Liu et al., 2025).

Multiplayer card games provide a challenge for game-
theoretic learning algorithms, as they involve hidden in-
formation, sparse terminal rewards, and action spaces that
change sharply between turns of play. For example, the
game DouDizhu features three-player competition and co-
operation and a large variable action space (Zha et al.,
2021), Mahjong requires reasoning about hidden infor-
mation across four players (Li et al., 2020), and Pluribus
showed that moving beyond heads-up poker introduces qual-
itatively new strategic issues (Brown & Sandholm, 2019).

We study Big 2, a four-player card-shedding game. Each
player observes only their own hand and the public play
history, while the other three hands must be inferred from
actions, passes, and remaining card counts. The game’s
legal actions are hand-specific combinations such as singles,
pairs, triples, straights, flushes, full houses, four-of-a-kind
hands, straight flushes, and passes. Prior Big 2 work has
demonstrated the difficulty of mastering the game due to
multiplayer dynamics, large state and action spaces, and
short-term versus long-term strategic tradeoffs (Chen &
Lu, 2022; Luo & Tan, 2024; Chen & Lu, 2025). Big 2
is particularly challenging because playing a strong short-
term action may greatly reduce a player’s future options or
allow an opponent to take control of the game. Therefore,
the game tests whether an agent can choose the long-term
strategic action over the locally optimal action.

Prior Big 2 agents have used self-play PPO, Monte Carlo
tree search-based opponent prediction, Monte Carlo training
with opponent modeling and action filtering, and MDP-style
decompositions of scoring, risk, prediction, and control
(Charlesworth, 2018; Chen & Lu, 2022; Luo & Tan, 2024;
Chen & Lu, 2025). Our goal is complementary: we study
compute-efficient deep RL methods in the full four-player
environment, avoiding engineered opponent models, tree
search, and heuristic action pruning beyond legal-action
filtering.

1



055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109

Self-Play RL in Big 2

Despite recent progress, there has not yet been a controlled
study to investigate whether policy-gradient or value-based
objectives learn more effectively in Big 2 under the same
interface and limited training budget, and how training de-
sign choices affect stability and final performance. We
compare PPO, Monte Carlo Q approximation, SARSA, and
target-network Q-learning under a common environment,
state and action representation, architecture, training bud-
get, and evaluation protocol. This limited-compute setting
lets us study sample and compute efficiency rather than
performance gains from scale alone. We find that PPO per-
forms best among the methods tested, and we analyze two
training factors that substantially influence its performance:
entropy regularization, which affects policy stochasticity,
and opponent curriculum, which changes the learning signal.
Together, these contributions provide the first controlled em-
pirical study of RL objectives and training design choices for
Big 2, as well as an accessible baseline for future work on
search, abstraction, opponent modeling, and larger training
budgets.

2. Game Formulation
We model Big 2 as a finite-horizon, turn-based, imperfect-
information game with N = 4 players and a standard 52-
card deck. Card values are ranked in the order of 3, 4, 5, 6,
7, 8, 9, 10, J, Q, K, A, 2, and suits break ties in the order
diamonds < clubs < hearts < spades. Each player receives
13 private cards, the player holding 3♢ opens, and players
act clockwise until one player empties their hand and wins.
A trick is the current combination that other players must
beat or pass on. Legal non-pass tricks are singles, pairs,
triples, and five-card hands; five-card hands are ordered as
straight < flush < full house < four-of-a-kind < straight
flush. A response to a single, pair, or triple must be a trick
of the same category with higher value, while a response to
a five-card hand must either beat it within the same category
or use a higher five-card category. If all other players pass
after a non-pass play, the trick is cleared and the last player
to play regains control, meaning they may lead another
round of play with any legal non-pass combination. The
goal is for a player to be the first to discard all of their cards.

3. Methods
3.1. Game Environment

We developed a simulator whose observation state oi ac-
curately reflects the information available to each player
during the game. At each decision point, the acting player
observes their own private hand and the public game history,
including the active trick, previously played cards, remain-
ing card counts of each opponent, and the current pass count.
The simulator also returns the current legal candidate action

set A(oi) by enumerating legal combinations in the acting
player’s hand and filtering to those that would be valid given
the active trick. This avoids invalid-action exploration and
makes policy-gradient and value-based methods directly
comparable despite the variable action set. Each candidate
action is represented as a feature vector containing rank-
and-suit indicator features, a bit for whether the action is a
pass, the trick type, and trick rank features. Further details
are provided in Appendix A.

3.2. Neural Architecture

Our architecture separately encodes the information state
and the legal candidate actions, then scores each state-action
pair. The acting player’s hand is represented as card IDs, em-
bedded with a shared card embedding table, passed through
self-attention over the held cards, and pooled into a hand
summary. Public card sets such as the current trick, seen
cards, and opponents’ played cards are embedded with the
same table, concatenated with opponent card counts and
the pass count, and projected into a state embedding. Legal
actions are encoded from their 80-dimensional combination
features and scored against the state embedding by a dot
product, so the policy and Q-network rank only the actions
that are legal at the current decision point. This differs no-
tably from previous Big 2 PPO architectures, which feed a
hand-engineered 412-bit state vector into fully connected
layers and predict over a fixed 1695-action head that is
masked to legal moves (Charlesworth, 2018); our model
represents cards directly, allows held cards to interact before
pooling, and avoids predicting scores for illegal actions.

We implement a policy network that uses state-action scores
as logits to calculate action probabilities, and also uses a
separate MLP as a value head. We also implement a Q-
network that directly uses state-action scores as Q values.

3.3. Learning Algorithms

We use PPO as our policy gradient baseline to train the
policy network. We compare PPO with three value-based
algorithms that collect trajectories using ϵ-greedy action se-
lection over legal actions and are trained using mean squared
error on the predicted value of the selected action. Our re-
ward signal is based on the Big 2 game score: the winner
of a game receives a game score equal to the sum of the
remaining cards in the losers’ hands, and each loser receives
a score equal to the negative of their remaining card count.
For training the value-based algorithms only, the reward is
divided by 13 as explained in Appendix C.

The Monte Carlo Q variant uses the full discounted return
from each model-controlled trajectory,

yt =

T∑
k=t

γk−trk.
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Self-Play RL in Big 2

Figure 1. Neural architectures for different learning algorithms. The PPO policy and Q-network share the same card-aware state encoder,
action encoder, and dot product scorer. The PPO policy network includes a value head.

The SARSA variant uses the one-step on-policy target,

yt = rt + γQtarget(ot+1, at+1),

where at+1 is the next action actually selected by the behav-
ior policy at the next model-controlled decision point. The
Q-learning variant uses the corresponding max target,

yt = rt + γ max
a∈A(ot+1)

Qtarget(ot+1, a).

For the SARSA and Q-learning variants, a delayed target
network is periodically synchronized with the online Q-
network.

All three value-based agents behave greedily during evalua-
tion.

4. Experimental Setup
Training configuration. To study learning dynamics, we
train each agent in a limited-compute setting: 5,000 batches
at 64 episodes per batch. Across all algorithms evaluated,
these 5,000 batches took between 7 hours and 13 hours to
train on a single 6-core Intel i7 laptop.

For PPO, we use 4 PPO epochs per update, clip ϵ = 0.2,
learning rate 3 × 10−5, γ = 0.99, and λ = 0.95. We
use learning rate warmup and cosine learning rate decay.
Additional implementation details for PPO and value-based
training are in Appendix C.

During current-policy self-play, the current policy controls
all four seats, and training examples are collected from every
model-controlled decision point across seats. When training
against a fixed opponent, the policy occupies one randomly
chosen seat and the fixed opponent controls the other three.

Evaluation protocol. To provide a consistent evaluation
baseline, we implement three heuristic opponents of varying
difficulty. The first is a "Random" baseline, which simply
chooses uniformly from the legal action set. The second is
a "Greedy" baseline, described in Algorithm 1, which plays
the weakest legal non-pass combination available. The third
is a "Smart" baseline, described in Algorithm 2, which is a
stronger hand-aware rule-based policy. It scores each legal
non-pass action using lightweight strategic features, includ-
ing immediate wins, number of cards shed, and whether
it leaves low orphan singles. It only passes in narrow sit-
uations, such as to avoid expensive early use of 2s and
conserve valuable five-card combinations.

At evaluation time, we roll out 1,000 four-player games
where one seat is held by the agent being evaluated, and
the other three seats are held by players of a certain oppo-
nent class. The evaluated agent’s seat is randomized across
games, and all reported metrics are averaged over these seat-
randomized deals. We track win rate and the average game
score (reward) against each opponent class. Therefore, we
consider an agent successful against an opponent pool when
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Self-Play RL in Big 2

its win rate exceeds 25% and its average score is positive.
Unless otherwise noted, each reported evaluation result is
from a single training and evaluation seed. Because our
result tables do not report uncertainty across independent
seeds, we interpret small differences cautiously.

5. Results
5.1. PPO outperforms value-based methods under

self-play

Figure 2 compares the training dynamics of the policy-
gradient and value-based agents under a shared simulator,
representation, and evaluation protocol. PPO is the strongest
and most consistent method over the training budget ana-
lyzed, and Table 1 shows that it has the best final-checkpoint
win rate and average score against all three opponent classes.
It improves rapidly early in training and remains competitive
across all three opponent pools, with especially clear gains
against the greedy and smart heuristic opponents. This find-
ing is consistent with prior Big 2 work showing that self-play
PPO can learn robust strategies in the game (Charlesworth,
2018), but our comparison extends that observation by evalu-
ating PPO alongside multiple value-based alternatives under
the same legal-candidate scoring interface and compute bud-
get.

The value-based methods learn useful policies, but they
do not match PPO’s overall performance within the same
training horizon. Among these methods, Monte Carlo Q
is the strongest final-checkpoint value-based baseline, out-
performing SARSA and Q-learning against the greedy and
smart opponents. The gap between PPO and the value-
based methods contrasts with DouZero, where Monte Carlo
value approximation was highly effective for DouDizhu
self-play (Zha et al., 2021), and with Big 2 DMC variants
that achieve strong performance through longer training,
opponent modeling, and action-set filtering (Luo & Tan,
2024). One plausible explanation is that Big 2’s large,
four-player, hidden-information state space makes value
estimation slow to stabilize: strategically important states
are visited rarely, and terminal returns must assign credit
across long sequences of combinatorial actions. Under this
interpretation, PPO’s clipped policy-gradient objective and
value baseline provide a more sample-efficient learning sig-
nal for the training budgets we study, while Monte Carlo Q
may require longer training or additional structure such as
opponent modeling and action pruning to close the gap.

The results also suggest that self-play is not merely over-
fitting to a single opponent distribution. Although training
uses self-play rather than direct supervised imitation of the
evaluation opponents, performance improves against Ran-
dom, Greedy, and Smart heuristics. This cross-opponent
improvement suggests that the agents, and PPO in particular,

Table 1. Win rates and average score across algorithms.

Method Random Greedy Smart

PPO 85.4% (11.56) 58.2% (4.58) 37.1% (1.44)
Monte Carlo Q 80.5% (10.92) 50.2% (3.65) 32.5% (0.76)
SARSA 81.0% (11.48) 44.2% (2.79) 30.6% (0.58)
Q-learning 79.2% (10.95) 49.8% (3.06) 27.3% (-0.80)

Table 2. Results of PPO entropy ablation.

Entropy beta Random Greedy Smart

0.00 85.4% (11.56) 58.2% (4.58) 37.1% (1.44)
0.05 90.1% (13.10) 64.8% (5.40) 43.5% (2.00)
0.10 87.0% (12.63) 60.3% (5.10) 39.7% (1.70)

learn transferable Big 2 strategies.

5.2. Moderate entropy regularization improves PPO

The PPO results in Section 5.1 were obtained from a run
with no entropy regularization. After inspecting model out-
puts, we found that the average policy entropy decreased
steadily over training, as shown in Appendix Figure 3. This
was confirmed by examining evaluation rollouts, which
showed that the model often sampled its top action with
90+% probability, including in ambiguous but strategically
important decision points, such as the first trick in the game.
This behavior suggested that the lack of entropy regular-
ization may have made the policy too deterministic. In an
imperfect-information game such as Big 2, stochastic poli-
cies may perform better as they operate with uncertainty
given hidden information and avoid becoming predictable.

We therefore ablate the effect of explicitly encouraging
stochasticity in PPO. For these runs, we add the standard
entropy term to the PPO minimization objective,

LPPO = Lpolicy + cvLvalue − βentEo [H (π(· | o))] ,

where βent controls the strength of the entropy incentive.
Appendix Figure 3 shows that increasing βent does in fact
make the trained policy maintain stochasticity throughout
training.

Table 2 reports the final performance of PPO agents trained
using different entropy incentives. βent = 0.05 achieves
the best performance, suggesting that moderate entropy
regularization improves performance, but only to an extent;
too much entropy trades off with learning better policies
and potentially leads the model to take suboptimal actions.
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Figure 2. Learning curves for PPO, Monte Carlo Q, SARSA, and Q-learning in four-player Big 2. Each checkpoint is evaluated against
fixed random, greedy, and smart heuristic opponent pools. We report win rate and average score for the model-controlled seat.

5.3. Current-policy self-play outperforms alternative
curricula

We next ablate the opponent distribution used during train-
ing. The default setting trains against the current policy,
which exposes the learner to an opponent distribution that
changes as the agent improves. We compare this setting to
checkpoint self-play, where opponents are sampled from
earlier saved policies in the same training run, and to a
fixed-opponent curriculum in which the learning agent plays
only against the deterministic Smart strategy. Results use
βent = 0.05 from above.

Table 3 shows that current-policy self-play performs best

for both PPO and Monte Carlo Q under the training budgets
we study. This result is somewhat counterintuitive for evalu-
ation against the Smart opponent. In the limit of sufficient
exploration, data, representation capacity, and optimization,
a Smart-only curriculum could in principle learn a best re-
sponse to Smart.

However, we hypothesize that training only against Smart
produces a narrower distribution of states and legal action
sets because the deterministic opponent repeatedly drives
games through the parts of the game tree favored by its
heuristic. This can reduce exploration and action-value
coverage, especially for Monte Carlo Q, where terminal
returns provide high-variance labels only for the actions

5
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Table 3. Opponent-curriculum ablation. Entries show win rate and
average score.

Training curriculum Random Greedy Smart

PPO
Current self-play 90.1% (13.10) 64.8% (5.40) 43.5% (2.00)
Checkpoint self-play 88.7% (11.74) 61.6% (4.78) 40.6% (1.44)
Smart-only 83.9% (11.58) 55.4% (4.55) 37.8% (1.42)

Monte Carlo Q
Current self-play 80.5% (10.92) 50.2% (3.65) 32.5% (0.76)
Checkpoint self-play 75.4% (10.35) 44.1% (3.18) 28.8% (0.12)
Smart-only 77.9% (10.51) 46.7% (3.46) 29.9% (0.36)

actually sampled. Current-policy self-play, by contrast, acts
as a moving curriculum: the agent sees weak opponents
early and increasingly stronger opponents as its own policy
improves. This keeps the opponent distribution close to
the learner’s current skill level, so rollouts tend to expose
mistakes that are still relevant to the current policy.

Checkpoint self-play also adds opponent diversity, but it
weakens this adaptive pressure. Older checkpoints can rep-
resent behaviors that the current policy has already learned
to beat, so part of the training budget is spent collecting gra-
dients against stale mistakes rather than against the learner’s
present strategic weaknesses. The checkpoint pool there-
fore trades the sharper learning signal from current-policy
opponents for broader but less targeted opponent coverage.
Under longer training this diversity may improve robustness,
but in our limited-training-budget setting the diluted learn-
ing signal is slightly worse than training directly against the
current policy.

6. Discussion
Our results show that direct deep RL can learn useful poli-
cies for Big 2, and that algorithm choice matters consid-
erably in the limited-compute setting. In our evaluation,
PPO outperforms Monte Carlo Q-approximation, SARSA,
and target-network Q-learning under the same simulator,
architecture, and training budget. One plausible explana-
tion is that value-based methods must estimate noisy, de-
layed returns for many rare state-action pairs, while PPO
can improve the policy from trajectory-level advantage es-
timates before the value landscape has fully stabilized. In
a high-variance, imperfect-information, multiplayer game
with non-stationary self-play rewards, this makes value ap-
proximation slower to converge and less competitive within
the training budget we study.

We also find that controlled stochasticity improves policy
learning. PPO without entropy regularization becomes in-
creasingly deterministic, while an intermediate entropy in-
centive improves performance against Random, Greedy, and
Smart opponents. This suggests that imperfect-information
card games reward stochastic policies: they encourage ex-

ploration during training and give the agent higher success
when acting under uncertainty. A prematurely deterministic
policy can over-commit to suboptimal action preferences.
Our results also show that excessive entropy can make it
difficult to exploit learned strategies, meaning that RL ap-
proaches must tune the entropy hyperparameter carefully.

The opponent curriculum results show that current-policy
self-play is more effective than self-play against previous
policy checkpoints or training against the Smart strategy,
even when evaluating against the Smart strategy. This result
suggests that the best way to exploit a heuristic opponent is
not necessarily to train only against that opponent. A fixed
deterministic opponent exposes the learner to a narrow slice
of the game tree, while current-policy self-play creates an
adaptive curriculum whose difficulty tracks the agent’s own
progress. Checkpoint self-play adds diversity, but under a
short training horizon it can dilute the learning signal by
spending experience on older opponents the current policy
may already beat.

Together, these findings make Big 2 a useful benchmark
for studying RL in imperfect-information games. By hold-
ing the environment, action representation, architecture,
and evaluation protocol fixed, we isolate factors that are
often confounded in larger game-playing systems: algo-
rithm choice, policy stochasticity, and opponent distribu-
tion. These findings are relevant to real-world multi-agent
RL settings, which involve partial observation, delayed re-
wards, changing opponents, and limited training budgets.
Our study is still narrower than the full space of imperfect-
information methods: we do not compare against CFR or
Deep CFR (Zinkevich et al., 2007; Brown et al., 2019),
nor against search-augmented or opponent-modeling agents.
Future work should test whether those methods improve
robustness in Big 2, whether value-based methods close the
gap with longer training, and whether cross-play among
independently trained agents reveals additional strategic
weaknesses.

Impact Statement
This paper presents work whose goal is to advance rein-
forcement learning for multiplayer imperfect-information
games. We do not deploy the system in real-world decision-
making settings; potential societal concerns are limited to
the general risks of game-playing AI and strategic agents.
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Self-Play RL in Big 2

A. Big 2 Game Details
A.1. Game Definition

The simulator represents each card as an integer in {0, . . . , 51}, ordered first by rank and then by suit. Ranks increase in the
order 3, 4, 5, 6, 7, 8, 9, 10, J, Q, K, A, 2, and suits increase as diamonds < clubs < hearts < spades. Thus card 0 is 3♢, the
lowest card in the game.

At the beginning of an episode, the deck is uniformly shuffled and dealt evenly, giving each player 13 private cards. The
player holding 3♢ acts first and must include that card in the opening play. Players then act clockwise until one player
empties their hand. The first player to empty their hand is the winner, and the episode terminates immediately.

A.2. State, Observations, and Information

The full simulator state consists of each player’s private hand, the current player index, the current active trick, the set
of public cards that have already been played, the number of consecutive passes, and the cards played by each player.
This full state is not observed by any learning agent. Instead, at a decision point for player i, the environment returns an
information-state observation containing:

• player i’s current hand, padded to 13 with pad integers;

• a 52-dimensional indicator for the current active trick, if one exists;

• a 52-dimensional indicator for all cards seen so far;

• the remaining card counts for the other players in clockwise order;

• the current number of consecutive passes;

• per-opponent 52-dimensional indicators for cards that each opponent has already played.

For the standard four-player game, this produces a fixed-length observation vector of dimension

13 + 52 + 52 + 3 + 1 + 3 · 52 = 277.

The observation therefore combines the acting player’s private hand with public history, but never exposes the unplayed
cards in opponents’ hands.

A.3. Actions and Legal Candidate Generation

At every decision point, the simulator enumerates all candidate combinations in the acting player’s current hand. It then
filters this set according to the active trick. If there is no active trick, the player has control and may lead any non-pass legal
combination. If the active trick is a single, pair, or triple, the player may only play the same type with a higher comparison
key. If the active trick is a five-card hand, the player may play a stronger hand in the same category or any legal five-card
hand in a higher category. Passing is legal only when there is an active non-pass trick. This produces a variable-length legal
action set A(oi) for each observation oi.

Big 2’s action space is structurally combinatorial in a way that differs from poker-style betting games. In no-limit poker,
much of the action-space challenge comes from abstracting over bet sizes. In Big 2, actions are subsets of the player’s
private hand, and the same card can participate in many incompatible future combinations. Furthermore, each card in the
hand is different as both rank and suit matter. This makes fixed action abstraction difficult, because the useful action set
depends heavily on the exact cards in the current hand and on the current trick.

This structure makes even local decisions strategically ambiguous. When a player has control and may lead a new trick, the
legal set can contain several qualitatively different plans: low singles that probe opponents’ responses, pairs or triples that
shed duplicated ranks, and five-card hands that may either unlock or destroy future structure. The best lead is therefore
not determined only by immediate combination strength. A high card or strong five-card hand can win control now, but
spending it may remove the player’s only answer to a later threat; conversely, saving it may allow an opponent to seize
control. Strong play also depends on hidden-hand inference. Because opponents’ hands are observed only through their
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Self-Play RL in Big 2

plays, passes, and remaining card counts, a player must avoid playing tricks that are likely to match an opponent’s remaining
cards, such as opening a pair or five-card category that lets an opponent shed an otherwise difficult holding.

To quantify this structure, we sampled 10,000 complete games using random legal play, yielding 752,677 decision points.
The visited legal action count is highly state-dependent: many response states are tightly constrained, but the 99th percentile
has 19 legal actions and the largest observed decision has 132 legal actions. The branching factor is especially large when a
player has control, where the mean legal action count is 8.1 and the 95th percentile is 20.

A.4. Transition Dynamics

When a player plays a non-pass combination, the simulator removes those cards from the player’s hand, marks them as seen,
records them in that player’s public played-card history, and sets the active trick to that combination. When a player passes,
the consecutive-pass counter increases. If all other players pass after a non-pass play, the active trick is cleared and the last
player who played a non-pass combination takes control on the next turn.

B. Architectural Details
The state encoder uses a shared card embedding table for all card-valued observation fields. The acting player’s hand is
represented as a padded list of card ids, encoded with masked self-attention, and pooled over valid cards. The current
trick, the set of seen cards, and each opponent’s public played-card history are represented as 52-dimensional indicators
and projected through the same card embedding table before being passed through small feed-forward encoders. The
remaining-card counts for the other players and the current pass count are encoded separately and concatenated with the
pooled card features. A projection, layer normalization, and residual feed-forward block produce the final state embedding.

Each legal action is represented by the 80-dimensional candidate feature vector containing the cards involved in the trick
and the features of the trick itself, and it is encoded by a two-layer multilayer perceptron. A learned linear projection maps
the state embedding into the action-embedding space, and a scaled dot product produces one scalar per legal candidate. In
the PPO policy this scalar is a logit; in the Q-network it is Q(oi, a). The PPO policy additionally applies a multilayer value
head to the state embedding to estimate V (oi).

C. Training Implementation Details
Rollout ownership and seating. Each training episode is a full four-player game. A model-controlled seat is a seat whose
action is selected by the learned policy or Q-network and whose decision records are used for optimization. In current-policy
self-play, the same parameterized policy controls all four seats. Gradients are aggregated from every model-controlled
decision point. In fixed-opponent training, a learner seat is sampled for each episode and the remaining seats use the fixed
opponent. In checkpoint self-play, non-learner seats are sampled from the current policy or up to 20 saved checkpoints
according to the stated mixture, but only learner/model-controlled seats contribute stored training records. Seat assignment
is randomized independently of the random deal and the player holding 3♢ still starts the game.

Rewards. Rewards are assigned from each model-controlled seat’s own perspective. Evaluation uses the unshaped terminal
Big 2 score: the winner receives the number of cards left in the other hands, and each loser receives the negative number of
cards left in their own hand. Under the score-defined environment reward, intermediate rewards are zero and the terminal
score is assigned only when the game ends.

PPO training details. PPO uses generalized advantage estimation with λ = 0.95 and γ = 0.99. Advantages are
normalized within the update batch. The value loss coefficient is cv = 0.5; the entropy coefficient is the βent reported for
each PPO condition, with βent = 0 in the no-entropy main comparison. The implementation uses clipped policy ratios with
ϵ = 0.2, clipped value loss with the same clipping range, and global gradient-norm clipping at 0.5. Training involves 64 full
games per batch, and PPO uses a minibatch size of 256.

Value-based training details. The value-based agents use Adam with learning rate 3× 10−5, γ = 0.99, 64 full games per
batch, and one optimizer update per collected batch. They do not use a replay buffer; updates are on-policy with respect to
the ϵ-greedy behavior policy used to collect that batch. Epsilon decays linearly from 0.5 to 0 over training. SARSA and
Q-learning use a delayed target network synchronized every 10 batches. The loss is mean squared error on the selected
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Self-Play RL in Big 2

action’s Q value. Gradients are clipped to norm 1.0. Terminal rewards are divided by 13 (the number of cards per hand) to
compress into a more natural range for the dot-product scorer.

D. PPO Entropy Ablation

Figure 3. Average policy entropy during PPO current self-play training for different entropy coefficients. Entropy is sampled every 100
training batches. Larger entropy coefficients keep the policy more stochastic over the course of training, while the run with no entropy
bonus becomes increasingly deterministic.

E. Heuristic Baselines
E.1. Greedy Heuristic Baseline

The greedy baseline is a deterministic rule-based policy used as a simple non-learning opponent. If the player is forced to
take the only legal action, the policy returns it. Otherwise, it excludes PASS and chooses the minimum non-pass candidate
under the simulator’s combination ordering. This ordering sorts first by combination type and then by the combination
comparison key, so the policy plays the weakest legal non-pass action available rather than preserving hand structure or
reasoning about future tricks.

Algorithm 1 Greedy heuristic action selection

Require: legal candidates A
1: if |A| ≤ 1 then
2: return the only legal action in A
3: end if
4: B ← {a ∈ A : a ̸= PASS}
5: return mina∈B a under the simulator’s combination ordering

E.2. Smart Heuristic Strategy

The Smart strategy is a deterministic rule-based policy used as a stronger non-learning opponent. It scores each non-pass
legal action and chooses the minimum-scoring action, with lower scores corresponding to more desirable plays. The heuristic
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favors immediate wins, shedding more cards, preserving future combinations, avoiding early use of 2s, and avoiding low
orphan cards. Passing is considered only in narrow cases: when the best early-game response would spend multiple 2s, or
when the current trick is a four-of-a-kind or straight flush.

Algorithm 2 Smart heuristic action selection

Require: legal candidates A, current hand H , active trick T
1: B ← {a ∈ A : a ̸= PASS}
2: if B = ∅ or |A| = 1 then
3: return the only legal action
4: end if
5: for all a ∈ B do
6: if |a| = |H| then
7: s(a)← −1000 {win immediately}
8: else
9: s(a)← 0.8

∑
c∈a rank(c)

10: if phase(H) is early then
11: s(a)← s(a) + 10 ·#{2s in a}
12: end if
13: if phase(H) is mid then
14: s(a)← s(a) + 5 ·#{2s in a}
15: end if
16: s(a)← s(a) + BreakPenalty(a,H)
17: s(a)← s(a) + 6 · LowOrphans(H \ a)
18: s(a)← s(a)− 4|a|
19: if phase(H) is late then
20: s(a)← s(a)− 10
21: end if
22: if T is very strong and phase(H) is late then
23: s(a)← s(a)− 10
24: end if
25: if T is four-of-a-kind or straight flush then
26: s(a)← s(a) + 25
27: end if
28: end if
29: end for
30: a⋆ ← argmina∈B s(a)
31: if PASS ∈ A and phase(H) is early and a⋆ uses at least two 2s and s(a⋆) > 30 then
32: return PASS
33: end if
34: if PASS ∈ A and T is four-of-a-kind or straight flush then
35: return PASS
36: end if
37: return a⋆

Break penalty. BREAKPENALTY returns 8 in the early game or 4 in the mid game when an action breaks a remaining pair
or triple. When an action breaks a potential five-card structure, the penalty is 20 in the early game, 8 in the mid game, and 4
in the late game. The implementation checks four-of-a-kind, full-house components, flushes with at least five cards of a suit,
and five-rank straight windows excluding rank 2.

Game phases. The heuristic defines early, mid, and late game by the acting player’s hand size: early if |H| > 10, mid if
6 ≤ |H| ≤ 10, and late if |H| ≤ 5.
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