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Abstract

Large Language Models (LLMs) have demon-
strated remarkable general capabilities, yet they
falter in domains requiring deep strategic rea-
soning. A primary obstacle is the need to navi-
gate a game tree that grows exponentially with
search depth, a task for which their generative
nature is ill-suited. To address this, we intro-
duce Generative Gamer (GenGamer), a frame-
work that trains LLMs to reason like an expert
player. Instead of attempting an exhaustive
search, GenGamer learns to generate a com-
pact, pruned reasoning trajectory termed as a
Dynamic Deduction. This is achieved by in-
tegrating three key strategies: action pruning
based on policy confidence, state pruning via
value estimation, and branch pruning inspired
by alpha-beta principles. Furthermore, to train
the model effectively, we propose the Deduc-
tion Tree Reward (DTR), a process-oriented
mechanism that provides step-by-step feedback
on the quality of the reasoning process, rather
than relying solely on the final game outcome.
Experiments on complex games such as Tic-
Tac-Toe and Leduc Poker demonstrate that
GenGamer significantly enhances the strategic
capabilities of LLMs, enabling them to achieve
performance that surpasses current state-of-the-
art language models.

1 Introduction

Large language models (LLMs), such as
GPT(Achiam et al., 2023) and Llama(Dubey et al.,
2024), have recently achieved impressive perfor-
mance in diverse tasks, including natural language
processing, code generation(Jimenez et al., 2023),
and complex reasoning(Phan et al., 2025). Their
strong contextual understanding and text genera-
tion capabilities allow for multi-step reasoning,
*Corresponding author.

Our code and dataset are publicly available at: https:
//github.com/cubenlp/gengamer

planning(Xie et al., 2024), and “Chain-of-Thought”
processes(Wei et al., 2022; Kojima et al., 2022),
simulating aspects of human cognition. These
advances have prompted interest in applying LLMs
to more challenging decision-making tasks, with
strategic games serving as a key benchmark(Zhang
et al., 2024a). Unlike routine tasks, strategic
games demand deep lookahead planning, recursive
reasoning(Zhang et al., 2024b), and modeling of
opponents(Southey et al., 2012).

Traditionally, strategic game solving has relied
on algorithms like Minimax(Shannon, 1950) and
Monte Carlo Tree Search (MCTS) (Browne et al.,
2012), which use extensive search and simulation
to find equilibrium strategies, i.e., optimal play
under rational opponents. Such methods, exempli-
fied by AlphaGo(Silver et al., 2016), depend on
massive self-play and rapid, low-cost environment
interactions. However, LLMs face fundamental
limitations when applied to these search-intensive
paradigms. Their autoregressive generation process
has high inference latency, making the thousands
of simulations per second required by MCTS infea-
sible. These limitations create a critical gap, high-
lighting the need for a new paradigm that leverages
the innate reasoning strengths of LLMs without
relying on external, high-frequency simulation.

To address this, we propose a new paradigm: Dy-
namic Deduction Generation. Instead of relying
on traditional search, we train the LLM to directly
generate structured text that simulates an expert’s
reasoning process. This structured text, which we
term a dynamic deduction tree, represents a com-
pact and pruned reasoning trajectory that culmi-
nates in the identification of an optimal action. The
core challenge is to transform the iterative logic of
algorithms like MCTS or Minimax into a single,
generative pass. To control the tree size and avoid
combinatorial explosion, we integrate three syner-
gistic pruning strategies: action pruning based on
the model’s policy confidence, state pruning by
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dynamically terminating branches with evaluation
confidence, and branch pruning inspired by the
principles of alpha-beta search in Minimax algo-
rithms(Knuth and Moore, 1975). This enables the
LLM to generate a concise and logically coherent
deductive process, from which the final decision is
derived.

To train the LLM for this task, we adopt a two-
stage training paradigm. First, during Expert De-
duction Imitation, the model learns the fundamen-
tal syntax and structure of dynamic deduction trees,
which are generated from an expert search process.
Subsequently, the Deduction Process Optimization
stage refines this foundational ability, sharpening
the model’s strategic acumen. This optimization is
driven by our Deduction Tree Reward (DTR). As
a process-oriented reward function(Lightman et al.,
2023), DTR provides dense, node-level feedback
on the precision of both action selection and value
estimation throughout the entire reasoning tree.

To validate the effectiveness of our framework,
we conduct comprehensive experiments on a suite
of classic strategic games, including the perfect-
information game Tic-Tac-Toe and the imperfect-
information game Leduc Poker(Southey et al.,
2012). We evaluate GenGamer’s performance
against several strong baselines, chief among them
being state-of-the-art LLMs using direct prompting
and models fine-tuned with conventional outcome-
based supervision. These experiments result show
GenGamer’s ability to learn high-quality policies
and demonstrate the superiority of process-oriented
training.

In summary, our main contributions are:

1. Proposing a new paradigm that enables LLMs to
independently solve strategic games by generat-
ing dynamic deduction trees, removing reliance
on external search algorithms.

2. Introducing a two-stage training framework and
the Deduction Tree Reward (DTR) to provide
robust, process-oriented guidance for complex
reasoning tasks.

3. Demonstrating through experiments on games
such as Tic-Tac-Toe and Leduc Poker that our
method significantly outperforms baselines, in-
cluding state-of-the-art language models.

2 Related Work

Traditional Game AI: From Search to Self-Play.
Early Al, inspired by Shannon’s 1950 Chess pa-

per(Shannon, 1950), relied on the Minimax al-
gorithm: agents searched all moves assuming
opponents played optimally. Alpha-Beta Prun-
ing(Knuth and Moore, 1975) soon optimized this
by ignoring moves guaranteed to be worse, allow-
ing deeper searches. However, high-complexity
games like Go made exhaustive search imprac-
tical; performance depended on expert-designed
evaluation functions. Monte Carlo Tree Search
(MCTS)(Browne et al., 2012) addressed this by us-
ing randomized simulations to approximate values,
achieving greater depth efficiency. A breakthrough
came with Deep Reinforcement Learning (DRL)
(Sze et al., 2017) and self-play: AlphaGo (Silver
etal., 2016) used neural networks guided by MCTS
and data from human games. AlphaGo Zero(Silver
et al., 2017) advanced further by learning solely
via self-play, exceeding human capabilities and
generalizing to Chess and Shogi. Recent systems
like ReBeL(Brown et al., 2020) for Poker show
that DRL combined with MCTS or tree search can
solve even imperfect-information games, marking
the pinnacle of traditional game Al

Large Language Models for Strategic Reason-
ing. LLMs are being explored for strategic reason-
ing and planning, leveraging their linguistic gener-
ation abilities and pre-trained knowledge. Current
methods for LLM-based planning include exter-
nal module augmentation, fine-tuning, and search-
based approaches(Zhang et al., 2024a). However,
LLMs struggle with long-term planning due to
their lack of internal world models, making them
less effective in traditional game scenarios requir-
ing systematic and tactical exploration. Therefore,
LLMs face limitations in achieving optimal strate-
gic performance, as linguistic reasoning doesn’t
always align with algorithmic optimality(Jia et al.,
2025). Comparisons with traditional solvers re-
veal that LLMs perform best in games involving
human-like uncertainty. Hybrid approaches, like
DipLLM(Xu et al., 2025) for Diplomacy(, FAIR),
show promise in achieving state-of-the-art strategic
decision-making by fine-tuning LLMs with spe-
cialized policies, demonstrating the potential for
combining generative models with mathematical
search capabilities.

3 Method: GenGamer

3.1 Problem Formulation

Game Environment. We model strategic games
as a Partially Observable Markov Decision Pro-
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Figure 1: A visual representation of how the Dynamic Deduction Tree is constructed. The left side depicts the
theoretical game tree with pruning boundaries, while the right side shows the actual text generated by GenGamer.

cess (POMDP)(Huh and Mohapatra, 2023), de-
fined by the tuple (S, A, 7, R, O), where S is the
state space, A the action space, 7 the transition
function, R the reward function, and O the obser-
vation set. For perfect information games (e.g.,
Tic-Tac-Toe), this simplifies to a Markov Decision
Process (MDP), where the state s € S is fully ob-
servable. The goal of agent is to learn an optimal
policy 7* that selects actions a € A based on the
state (or observation) s to maximize the expected
cumulative return:

7% = argmax E Z Ay (1)
4 t
where 7 is the discount factor.
Policy as Deduction Tree Generation. Unlike

conventional policies 7(a|s) that output action dis-
tributions, our policy 7 (7|s; #), parameterized by
an LLM with parameters 6, generates a Dynamic
Deduction Tree (DDT) as reasoning content 7.

Definition 1: Dynamic Deduction Tree (DDT).
A DDT 7 is a serialized text representation of a
tree-structured reasoning process 7. Each node
n € T consists of:

* s,: The game state at node n (or observation
0, € O in POMDPs).

* V,: The LLM-estimated value V (s,; 6). For
terminal nodes, this represents the final game
return G. For chance nodes (e.g., card dealing

in poker), it represents the expected value over
all probabilistic outcomes.

» A/ : The pruned action subset, A/ C A(s,,).

e R,,: The returned value from child nodes C,,
propagated upwards following Minimax logic.

» ('y,: The set of child nodes reached by taking
actions a € A}, representing the state transi-
tions 7 (sp, a).

Policy Selection. After generating the full DDT
T, the final action a* is chosen from the root’s chil-
dren to maximize the returned value. This action
selection process follows the minimax algorithm,
where the agent assumes the opponent plays op-
timally and chooses the move leading to the best
possible outcome. A visual demonstration of this
backpropagation and selection is provided in Fig-
ure 1.

a* = argmax R, . (a) )
where nchilg(a) is the child node reached after tak-
ing action a.

3.2 Dynamic Deduction Tree Construction

To efficiently explore the game space, we design
a recursive DDT generation algorithm that trans-
forms the exploration of a game tree into a con-
trolled, serialized text generation task. To generate
the ground-truth data for this task, we utilize an ex-
pert model, such as MCTS or an AlphaGo-style al-
gorithm, to produce optimal reasoning trajectories.
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The construction is guided by three synergistic
pruning strategies:

* Action Pruning via Cumulative Probability
Sampling: To form a reduced action set A/, we
perform sampling from the policy distribution of
the expert model. We iteratively draw actions and
add them to A/, until their cumulative probability
exceeds a predefined threshold top_p.

* State Pruning based on Search Heuristics: We
employ three forms of heuristic state pruning:
depth-based pruning, which halts expansion
once the tree reaches a predefined max_depth;
deterministic pruning, where branches are ter-
minated if the absolute value of their estimated
value |V},| exceeds a certainty_threshold (in-
dicating a decisive outcome); and stability prun-
ing, which stops exploration if the value differ-
ence between a child node and its parent falls
below a stability_threshold, signifying con-
verging returns.

* Alpha-Beta Pruning: We propagate « (the max-
imizing player’s best-found outcome) and [ (the
minimizing player’s best-found outcome) during
DDT construction and prune any branch that is
provably suboptimal according to minimax prin-
ciples. This preserves the equilibrium strategy
while significantly reducing the search space.

By integrating these complementary strategies,
we dramatically reduce the number of nodes re-
quired in the DDT, enabling deep, high-quality
reasoning within a manageable generation length.
The full recursive process is detailed in Algo-
rithm 1. For imperfect-information games, we
further extend this to an expectiminimax variant
(Algorithm 2 in Appendix C).

3.3 Two-Stage Training Paradigm

3.3.1 Stage 1: Expert Deduction Imitation

The initial stage teaches the LLM to imitate an
expert’s deductive reasoning process. To achieve
this, we use an expert system (e.g., Alpha-Go style
algorithm) to generate a dataset Dgpr of "golden"
deduction trees 7* for various game states s. The
LLM is then trained via supervised learning to max-
imize the conditional log-likelihood of these expert-
generated trees, effectively learning the syntax and
structure of high-quality reasoning. The loss func-
tion is defined as:

ESFT(H) = _E(S,T*)GDSFT [log P(T*IS; 0)] (3)

where 7% = (y1, 42, . . .
tokens in the expert tree.

;Y|7=|) is the sequence of

Algorithm 1 Dynamic Deduction Tree Construc-

tion

Require: state s, remaining depth dpen, alpha «,
beta 3, expert model 6

Ensure: deduction subtree 75, returned value R,

1: Vs« V(s;6)
2. if |V > certainty_thresh or
(Viaarent 7é None and ‘Vs - ‘/i)arem| <

stability_thresh) then
{State Pruning: Node is certain or stable}
Ts < format_leaf(s, V)
return 7, V;
end if
: P(A]s) < softmax(logits(s;6))
A"+ NucleusSampling(A(s), P(Als),p)
{Action Pruning}
9: 75 < format_node_header(s, V)
10: Initialize children_results = {}
11: Set Rs < —oo if maximizing player else +oo

® 0k

12: for each action a in A’ do

13: s’ « transition(s,a)

14: Tehilds Fchild < GenerateDDT(s’, drem —
1,a,5,0)

15:  children_results[a] < (7child, Rchild)

16:  if maximizing player then

17: Rs, a + max(Ryg, Repilg), max(a, Ry)

18:  else

19: Ry, ﬁ — min(RS, Rchﬂd), min(ﬂ, Rs)

20:  end if

21:  if § < « then

22: break { Alpha-Beta Pruning}
23:  endif
24: end for

25: Append formatted children 7¢j1g to 75 using
children_results

26: Append formatted return value R to 7

27: return 75, R,

3.3.2 Stage 2: Deduction Process
Optimization

Building upon the imitator model, we then optimize
the precision of its deductive capabilities. This is
achieved via Group Relative Policy Optimization
(GRPO, Shao et al.), guided by a composite Deduc-
tion Tree Reward (DTR). This reward function
combines dense node-level feedback with a final
decision assessment:
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¢ Value Reward (r,‘f ): For every node n € T, we
reward value estimates V,, that are close to the
oracle target value V,'. The reward is calculated
using an exponential kernel: 7 = exp(—(V}, —
Vi),

* Policy Reward (r*): For the root node (repre-
senting the final decision), we measure the qual-
ity of the selected action a,oo¢ by normalizing its
oracle value with respect to the best and worst
possible actions in the initial state:

P _ V*(Sroota aroot) — mingy V*(Srooty a/)

© maxy V*(Sroot, @) — ming V*(Spoot, @)

The core of GRPO is to compute a normalized
reward 7; for each tree, which then serves as the
advantage estimate for its entire token sequence:

A(TZ) = fi = 7RZ —HE

C Ri=r"4r" @
OR + €

where i1 and o are the mean and standard devia-
tion of rewards in the group sampled from state s,
and e is for stability. The policy is then updated us-
ing the PPO-clip objective(Schulman et al., 2017):

Lppo(0) = E; |min(py(0) Ay, clip(py(6), 1 £ e)At)]

&)

_mo(ily<t:5)  §s the importance

0014 (yt ‘y<t7$)

where pi(6) =

sampling ratio.

4 Experiments

4.1 Environments

To comprehensively evaluate the effectiveness and
generalization capability of our proposed Genera-
tive Gamer (GenGamer) method, we conduct ex-
periments on four representative benchmarks cov-
ering board games, imperfect information games,
and mathematical strategy games.

* Tic-Tac-Toe: A classic two-player, turn-based,
perfect information board game with simple rules
and a manageable action space.

* Connect Four: A two-player connection game
where players take turns dropping colored discs
into a grid. The objective is to be the first to form
a horizontal, vertical, or diagonal line of four
of one’s own discs, providing a more complex
strategic challenge than Tic-Tac-Toe.

* Leduc Poker: A two-player, limit poker variant
with hidden information and stochastic outcomes.
The complexity of Leduc Poker offers a challeng-
ing scenario to test the method’s performance in
imperfect information environments.

e Nim: A mathematical strategy game where play-
ers take turns removing objects from distinct
piles. The player who takes the last object typi-
cally loses.

4.2 Metrics

For Tic-Tac-Toe, Connect Four, and Nim, we re-
port the average win rate of the agent when playing
against a standardized opponent, calculated over
100 evaluation games. Win rate is computed as
the proportion of games won over the total number
of games played, reflecting the agent’s strategic
proficiency in deterministic, perfect-information
settings. For Leduc Poker, which involves im-
perfect information and stochastic outcomes, we
assess performance using the average number of
chips won, calculated across 100 evaluation hands.

In addition to outcome-based metrics, we further
analyze the optimal coverage of player decisions.
Specifically, for each decision point in a game, we
compare the action selected by our agent to that of
an expert model.

4.3 Implementation Details

For all experiments, we adopt Qwen2.5-3B-
Instruct (Qwen et al., 2025) as the base language
model, jointly trained across all four games. The
entire training pipeline, encompassing both Expert
Deduction Imitation (Stage 1) and Deduction Pro-
cess Optimization (Stage 2), is executed using the
veRL framework. All experiments are conducted
on 4 NVIDIA RTX 3090 GPUs. The data utilized
for both SFT and RL stages are listed in Table 1.
Notably, the expert oracle is only used during train-
ing; at inference time, GenGamer operates without
any external solver or environment interaction.

Environment Expert SFT RL
Model Data Size Data Size
TicTacToe MCTS 2037 frames 377 games
Connect Four | Alpha-Zero 2502 frames 446 games
Leduc Poker | NFSP 978 frames 179 games
Nim MCTS 2322 frames 334 missions

Table 1: The training and evaluation data sizes for each
environment.
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TicTacToe Connect Four Leduc Poker Nim
Win Rate Optimal Win Rate Optimal Avg Score Optimal Win Rate Optimal
Coverage Coverage Coverage Coverage
Base Language Model (zero-shot or few-shot)
Qwen 2.5-3B-Instruct 0.19 26.7% 0.34 17.0% -0.71 43.1% 0.59 32.2%
Deepseek R1 0.58 65.7% 0.82 43.8% 0.39 60.3% 0.66 63.4%
GPT-40 0.33 46.1% 0.26 18.6% -0.55 57.5% 0.52 20.0%
Claude 3.5 Sonnet 0.42 40.8% 0.61 22.0% 1.21 60.9% 0.34 32.0%
Gemini 2.5 Pro 0.60 70.2% 0.82 41.1% 0.41 65.7% 0.81 57.3%
Reinforcement Learning / Searching Method/ Rule
Random 0.24 18.3% 0.28 19.7% -1.52 37.2% 0.62 19.0%
Expert Model 0.77 72.3% 1.00 51.3% 2.00 92.5% 1.00 95.7%
Supervised Training for Language Model (Based on Qwen 2.5-3B-Instruct)
Behavior Cloning 0.40 45.4% 0.45 26.5% -0.08 44.5% 0.42 26.2%
GRPO 0.47 38.4% 0.55 15.5% 0.07 65.2% 0.48 22.2%
GenGamer (Ours) 0.57 56.5% 0.75 43.7% 1.32 79.2% 0.79 65.2%
(+0.38)  (+29.8%) | (+0.41) (+26.7%) | (+2.03)  (+36.1%) | (+0.20) (+33.0%)

Table 2: Overall performance comparison across four game environments, reporting Win Rate (or Average Score for
Leduc Poker) and Optimal Coverage averaged over 100 evaluation games. Underlined results are the best among
base language models, and bold results are the best among supervised training methods.

The core hyperparameters governing the con-
struction of Deduction Trees are kept consistent
across all games to ensure a fair comparison.
These include a certainty_threshold of 0.9, a
stability_threshold of 0.1, a max_depth of 3,
and a top_p for pruning of 0.7. The specific config-
urations and training parameters for expert models,
along with the detailed hyperparameters for our
GenGamer’s two training stages, are provided in
the Appendix for reproducibility.

For evaluation, we employ the significantly
larger Qwen2.5-72B-Instruct as the standardized
opponent. For baselines, Behavior Cloning fine-
tunes the model to directly output optimal actions.
The GRPO baseline uses a sparse binary reward, as-
signing 1 if the action matches the expert’s choice
and O otherwise.

4.4 Main Result

The overall performance of GenGamer compared
to baseline models across the four game environ-
ments is presented in Table 2. The empirical results
provide strong evidence for the effectiveness of our
proposed framework.

First and foremost, GenGamer achieves a dra-
matic performance improvement over its base
model, Qwen 2.5-3B-Instruct. In deterministic set-
tings like Tic-Tac-Toe (0.19 to 0.57) and Connect
Four (0.34 to 0.75), the win rates more than dou-

ble. The improvement is even more pronounced
in the imperfect-information game of Leduc Poker,
where GenGamer transforms a losing policy (Aver-
age Score -0.71) into a highly profitable one (1.32),
and in Nim, where the win rate improves from 0.59
to 0.79.

GenGamer consistently outperforms traditional
methods. Behavior Cloning often fails to capture
strategic depth (e.g., -0.08 in Leduc), while GRPO
struggles with sparse outcome rewards (e.g., 0.48
in Nim). This substantial performance gap under-
scores the necessity of our tree-structured process
reward mechanism for instilling robust strategic
reasoning where standard baselines fail.

A key observation is the strong correlation be-
tween Optimal Coverage and outcome metrics
(Win Rate/Score). GenGamer does not merely
achieve successful outcomes through superficial
heuristics; it learns to mimic expert logic. For
instance, in Leduc Poker, GenGamer achieves a
remarkable 79.2% Optimal Coverage, directly cor-
responding to its dominant average score of 1.32.
Similarly, in Nim, the model matches the optimal
move 65.2

Finally, it is noteworthy that GenGamer, built
upon the relatively small 3B-parameter Qwen
2.5, demonstrates performance that is competitive
with—and often superior to—state-of-the-art mod-
els orders of magnitude larger. In the logic game
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Nim, GenGamer (0.79) surpasses GPT-40 (0.52)
and Deepseek R1 (0.66). While larger models like
Deepseek R1 and Gemini 2.5 Pro show strength in
Connect Four, GenGamer remains highly competi-
tive (0.75 vs. 0.82) despite its compact size. This
indicates that our specialized reasoning framework
can effectively distill deep strategic capabilities into
smaller, efficient models, enabling them to punch
well above their weight class without relying on
massive parameter counts.

4.5 Ablation Studies
4.5.1 Pruning Strategies

To validate the effectiveness and necessity of our
proposed pruning strategies, we conducted an ab-
lation study analyzing their cumulative impact
on both the size of the Dynamic Deduction Tree
(DDT) . The results are summarized in Figure 2.

Tree Node Mean Comparison Across Different Games and Pruning Methods

TicTacToe
Connect4
Nim

Leduc Poker
29

M.
1 1"

Full — +Action Pruning

Tree Node Mean (log2 scale)

- +State Pruning — +Alpha-Beta Pruning

Figure 2: The number of nodes in the DDT for different
pruning strategies.

Our first key finding is that the layered pruning
mechanism is critical for making LLM-based tree
generation feasible. Without any pruning, a game
tree of even moderate depth can explode combinato-
rially, easily exceeding 2° (512) nodes. Generating
such a large structure, where each node requires a
textual description of its state, value estimate, and
potential actions, is computationally prohibitive
and often exceeds the context window of modern
LLMs. As shown in our experiments, applying
Action Pruning first dramatically reduces the tree’s
breadth. The subsequent addition of State Prun-
ing further curtails the exploration of unpromising
branches. Finally, integrating Alpha-Beta Prun-
ing efficiently removes provably suboptimal sub-
trees. Together, these strategies reduce the aver-
age number of nodes in the DDT to a manageable

range of 24 to 2° (i.e., 16-32 nodes). This order-
of-magnitude reduction is precisely what makes
the generative deduction paradigm practical. We
provide the detailed token length distributions of
the deduction trees generated during game-play in
Appendix D.

Crucially, this significant reduction in tree size
does not come at the cost of decision-making accu-
racy. Even after applying all pruning strategies, the
optimal action coverage remains remarkably high
and experiences only a negligible drop compared
to reasoning over a much larger, less pruned tree.

4.5.2 Training Pipeline

Impact of Training Strategies. As shown in Ta-
ble 3, pure GRPO struggles with sparse rewards
(e.g., 22.2% in Nim), whereas Deduction Imita-
tion (Stage 1) provides a solid foundation. While
adding GRPO improves performance, GenGamer
(Deduction Imitation + DTR) consistently outper-
forms the Deduction Imitation + GRPO baseline
across all environments (e.g., 79.2% vs. 72.9% in
Leduc). This confirms that dense, process-oriented
supervision is far more effective than sparse out-
come signals for aligning the model with expert
reasoning.

Effect of Reasoning Depth. Results reveal a
non-linear trend regarding search depth. While
Depth=1 sets a reasonable baseline, extending to
Depth=2 surprisingly degrades performance (e.g.,
TicTacToe drops to 44.9%), likely due to the unre-
solved complexity of anticipating counter-moves.
However, extending to Depth=3 (GenGamer) re-
verses this, achieving the highest coverage. This in-
dicates that a sufficient planning horizon is strictly
necessary to resolve intermediate strategic ambigu-
ities and ensure stability.

Variant TicTacToe Connect | Leduc Nim
Four Poker
Deduction Imitation 433 372 61.0 | 51.9
Training GRPO 38.4 15.5 652 | 222
Pipeline Deduction Imitation + GRPO 56.1 39.4 729 | 60.7
GenGamer 56.5 43.7 792 | 652
Deduction | depth=1 56.0 39.0 72.5 | 62.1
Depth depth=2 449 35.1 68.5 | 442

Table 3: Ablation studies on the training pipeline and
deduction depth.

Training Dynamics and Stability Figure 3
illustrates the comparative training dynamics of
GenGamer. First, our method exhibits a vastly su-
perior initialization compared to pure GRPO, effec-
tively bypassing the inefficient "cold start" phase
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Figure 3: Evolution of decision accuracy across four game environments, comparing the training dynamics of
GenGamer against alternative baselines and reasoning depth variants.

of learning from scratch. Second, relative to the
Deduction Imitation + GRPO baseline, GenGamer
demonstrates significantly enhanced stability and
higher peak performance. The dense, node-level
feedback provided by the Deduction Tree Reward
prevents the volatility and premature plateaus of-
ten caused by sparse outcome supervision. Finally,
regarding reasoning depth, while shallower mod-
els (e.g., depth=1) converge rapidly but saturate
early, GenGamer leverages its deeper reasoning
structure to sustain growth momentum throughout
training, ultimately converging to a much higher
performance ceiling.

4.6 Ability

ConnectFour ~ == Nim = Leduc Holdem
---- Expert Deduction Imitation + GRPO
Chance Reward

—— TicTacToe
—— GenGamer
Value Reward

0.90
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0 20 40 60 80 0 20 40 60 80
Training Step Training Step

Figure 4: Progression of Value and Chance rewards
throughout the training process, contrasting GenGamer
with the Expert Deduction Imitation + GRPO baseline.

To demonstrate that GenGamer’s performance
stems from a genuine enhancement in strategic un-
derstanding rather than superficial reward hacking,
we analyze the evolution of its internal reasoning
metrics in Figure 4.

Value Estimation Stability. The Value Reward
curves (Left) track the model’s ability to accurately
evaluate game states. GenGamer (solid lines) ex-
hibits a consistent, monotonic improvement across

all environments, indicating that the model progres-
sively refines its understanding of the game’s land-
scape. In stark contrast, the Deduction Imitation
+ GRPO baseline (dashed lines) suffers from sig-
nificant volatility. Notably, in the complex Leduc
Holdem environment, the baseline experiences a
catastrophic collapse in value estimation accuracy
during the later stages of training. This suggests
that without the dense supervision of our Deduc-
tion Tree Reward, the baseline struggles to ground
its evaluations, leading to unstable and forgetful
learning dynamics.

Probabilistic Reasoning under Uncertainty.
The Chance Reward (Right) specifically high-
lights the model’s capability in the imperfect-
information setting of Leduc Poker. This metric
reflects the agent’s proficiency in handling stochas-
tic nodes—specifically, estimating the probability
distribution of the opponent’s hidden cards and
the dealing of public cards. GenGamer shows a
strong, steady upward trend, confirming that it is
effectively learning to model uncertainty and in-
fer hidden information. Conversely, the baseline
fluctuates noisily without clear improvement, indi-
cating a failure to grasp the underlying probabilistic
mechanics.

Together, these results confirm that GenGamer
does not merely memorize winning moves but con-
structs a robust internal model of both state values
and environmental probabilities.

5 Conclusion

In this work, we introduced GenGamer, a novel
framework for teaching strategic reasoning to
Large Language Models. By employing a process-
oriented Deduction Tree Reward (DTR) mecha-
nism, we moved beyond sparse, outcome-based
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signals to reward the quality of the reasoning pro-
cess itself. Our empirical results demonstrate that
GenGamer not only surpasses state-of-the-art base-
lines in both perfect and imperfect information
games but also achieves remarkable sample effi-
ciency. By effectively translating iterative search
algorithms into a single-pass generative paradigm,
we bridge the gap between classical game theory
and modern language modeling. Ultimately, this
framework offers a promising blueprint for enhanc-
ing "System 2" reasoning in LLMs, paving the way
for autonomous agents capable of complex, multi-
step planning.

Limitations

Despite the promising results of GenGamer in
strategic reasoning, we acknowledge three primary
limitations that outline directions for future re-
search:

Inference Latency and Computational Cost.
Unlike standard policy networks that output an ac-
tion directly in a single forward pass, GenGamer
requires generating a complete Dynamic Deduc-
tion Tree (DDT) as a textual sequence before mak-
ing a decision. Although our pruning strategies
significantly reduce the token count, the infer-
ence process still involves generating hundreds
to thousands of tokens per move. This results in
higher latency and computational cost compared to
"fast-thinking" heuristic agents, potentially limiting
the framework’s applicability in real-time environ-
ments where millisecond-level response times are
critical.

Scalability to High-Complexity Games. Our
current implementation relies on the LLM’s con-
text window to store the serialized reasoning tree.
While effective for games like Tic-Tac-Toe, Con-
nect Four, and Leduc Poker, scaling this approach
to games with massive branching factors or ex-
treme depths (e.g., Go or Chess) remains a chal-
lenge. Even with aggressive pruning, the textual
representation of a search tree for such games may
exceed the context limits of current LLMs. Future
work may need to explore hybrid representations
or recurrent state-space models to handle deeper
searches without combinatorial explosion in con-
text length.

Dependence on Expert Oracles for Super-
vision. The success of our two-stage training
pipeline—specifically the initial Expert Deduction
Imitation phase—relies on the availability of a high-

quality oracle (e.g., MCTS or a game-theoretic
solver) to generate ground-truth deduction trees.
For games where such solvers are computation-
ally intractable or non-existent (e.g., complex open-
ended negotiation games or real-world strategic
scenarios), acquiring the necessary "golden" rea-
soning trajectories for SFT is difficult. Reducing
this reliance on external experts and enabling the
model to self-discover deduction structures from
scratch remains an open challenge.
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A Implementation Details

Model Architecture and Training Infrastruc-
ture We employ Qwen2.5-3B-Instruct (Qwen
et al., 2025) as our base language model, trained
on 4 NVIDIA GPUs using Fully Sharded Data Par-
allel (FSDP) strategy with parameter and optimizer
offloading enabled. The training pipeline consists
of two stages: supervised fine-tuning (SFT) and
reinforcement learning (RL) fine-tuning.

Supervised Fine-Tuning Stage In the SFT stage,
we train the model on behavioral cloning data
from multiple game domains including Tic-Tac-
Toe, Connect Four, Leduc Hold’em, and Nim. The
SFT training uses:

* Training batch size of 24 with micro-batch
size of 1 per GPU

* Maximum sequence length of 4,096 tokens
with right truncation

* Total of 1 epoch with evaluation every 32 steps

* AdamW optimizer with gradient checkpoint-
ing enabled

Reinforcement Learning Stage For the RL
stage, we implement a Group Relative Policy Opti-
mization (GRPO) approach (Shao et al., 2024) with
the following configuration:

* Data Configuration: Training batch size of
12, generation batch size of 36 with n = 8
samples per prompt

* Prompt and Response: Maximum prompt
length of 1,024 tokens and maximum response
length of 3,072 tokens

* Actor Model: Learning rate of 1 x 10~6 with
10-step linear warmup, weight decay of 0.1,
and gradient clipping at 1.0

* PPO Parameters: Mini-batch size of 32, clip
ratio of 0.2, and 1 PPO epoch per iteration

¢ Generation: We use vVLLM (Kwon et al.,
2023) for efficient rollout generation with tem-
perature of 1.0, top-p sampling of 1.0, and 8
responses per prompt during training (reduced
to 1 during validation with top-p of 0.7)

Reward Function We adopt the Deduction Tree
Reward (DTR) described in Section 3.3.2, which
combines a node-level Value Reward r) and a root-
level Policy Reward . To enable automated pars-
ing of the generated deduction tree and per-node
reward computation, the SFT data incorporates ex-
plicit structural markers: special tokens [VALUE]
and [ACTION] distinguish different types of infor-
mation within each node, and each line is prefixed
with a depth indicator to denote the tree level.

Training Stability To ensure training stability,
we employ: (1) gradient clipping at 1.0 for actor, (2)
dynamic batch sizing with maximum token length
of 4,096 per GPU, and (3) parameter offloading to
manage memory constraints.

B Expert Model Configurations

We describe the configurations of the expert models
used to generate ground-truth deduction trees for
the Expert Deduction Imitation stage.

MCTS (Tic-Tac-Toe & Nim) We use a standard
Monte Carlo Tree Search with UCT selection'. The
key parameters are: rollout count of 10, UCT ex-
ploration constant ¢ = 2, maximum simulations of
1,000 per move.

AlphaFour (Connect Four) For Connect Four,
we adopt a pre-trained AlphaZero-style agent” with
the following architecture and parameters:

e Network: 8 residual blocks with 128 convolu-
tional channels, a policy head (7 actions) and
a value head with Tanh activation.

e MCTS iterations: 100, cpuet = 2.0.
e Dirichlet noise: ¢ = 0.1, o = 1.4.
* Learning rate: 0.001.

NFSP (Leduc Hold’em) For Leduc Hold’em,
we train a Neural Fictitious Self-Play! (Heinrich
and Silver, 2016) agent with the following configu-
ration:

* Hidden layers: [128], optimizer: SGD, loss:
MSE.

* RL learning rate: 0.01, SL learning rate: 0.01.

"https://github.com/google-deepmind/open_
spiel

2https://github.com/lucasBertola/
Connect-4-Gym-env-Reinforcement-1learning
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* Anticipatory parameter: 0.1, batch size: 1,
learn every: 1 step.

» Target network update every: 19,200 steps,
discount factor: 1.0.

* e-greedy: start 0.06, end 0.001, decay duration
2 x 107 steps.

 Evaluation metric: Nash convergence.

C Expectiminimax DDT Construction

For games involving chance events (e.g., card deal-
ing in Leduc Poker), we extend the DDT construc-
tion algorithm to handle chance nodes using the
expectiminimax principle. The key difference from
Algorithm 1 is the addition of a chance node branch,
where the returned value is computed as the expec-
tation over all stochastic outcomes rather than a
min/max operation.

The chance node branch (lines 9-16) computes
the expected value Rs = > . Po - Renila(0) over
all stochastic outcomes, while decision nodes (lines
17-31) retain the standard minimax logic with
alpha-beta pruning. Note that alpha-beta pruning
is only applied at decision nodes, as chance nodes
require evaluating all outcomes to compute the cor-
rect expectation.

D Token Length Distribution

Figure 5 presents the token length distributions of
the deduction trees generated by the trained model
during game-play. Across all four games, the mean
token lengths fall within a narrow range of approx-
imately 1,100 to 1,300 tokens, with Nim exhibit-
ing the shortest outputs (mean~1,149) and Leduc
Hold’em the longest (mean~1,279). Notably, the
vast majority of generated sequences remain well
below the maximum response length of 3,072 to-
kens, indicating that the pruning strategies effec-
tively constrain the deduction tree size during in-
ference.

E Game System Prompts

Below we present the system prompts used to
describe the game rules and action format to
the model during game-play. These prompts are
adapted from GTBench (Duan et al., 2024).

Algorithm 2 Expectiminimax DDT Construction

Require: state s, remaining depth de, alpha «,
beta 3, expert model 6
Ensure: deduction subtree 75, returned value R,
1: Vs« V(s;6)
2. if |V > certainty_thresh or
(‘/parent 7é None and ‘V:e - %arent| <
stability_thresh) then

3: 75 < format_leaf(s, V)

4:  return 74, V;

5: end if

6: Ts < format_node_header(s, Vj)

7: Initialize children_results = {}

8: if is_chance_node(s) then

9: O « get_outcomes(s) with probabilities
{po}oEO

10: Rs+ 0

11:  for each outcome o in O do

12: s’ + apply_outcome(s, o)

13: Tehilds Rehild GenerateDDT(s’, drem —

1, e, 3,0)

14: children_results[o] < (7child, Rehild)

15: Rs < Rs + po - Renila

16:  end for

17: else

18:  P(A|s) + softmax(logits(s;#))
19: A’ « NucleusSampling(A(s), P(A|s),p)

20:  Set Rs; < —oo if maximizing player else

+o00

21:  for each action a in A’ do

22: s’ + transition(s,a)

23: Tehilds Fehild GenerateDDT(s’, drem —

1, e, 3,0)

24: children_results[a] < (7child, Rehild)
25: if maximizing player then

26: R, « —

max (R, Repila), max(a, R;)
27: else

28: R, B+ min(RS, Rchild)7 min(ﬁ, RS)
29: end if

30: if 5 < « then

31: break { Alpha-Beta Pruning}

32: end if

33:  end for

34: end if

35: Append formatted children 7¢i1g to 75 using
children_results

36: Append formatted return value R to 75

37: return 7, R,
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Figure 5: Distribution of token lengths for the deduction trees generated by the model during game-play across
different games.

Tic-Tac-Toe System Prompt

Leduc Hold’em System Prompt

Tic Tac Toe is a two-player game played
on a grid. Players take turns marking a
space with their respective symbols. The
goal is to get 3 of one’s own symbols in a
row, either horizontally, vertically, or diago-
nally, before the opponent does. If all nine
squares are filled and no player has three in
a row, the game is a draw. The Tic Tac Toe
game is played on a 3 by 3 grid, with the
winning length as 3.

Each move is represented by a string con-
sisting of two parts: the column (C) and
the row (R), in that order. For instance,
<C1R2> means the movement at the posi-
tion of the first column and the second row
of the grid. You are playing this game with
the user (opponent).

Connect Four System Prompt

Connect 4 is a two-player connection board
game, where the players choose a color and
then take turns dropping colored discs into
a vertically suspended grid. The pieces fall
straight down, occupying the next available
space within the column. The objective of
the game is to be the first to form a hori-
zontal, vertical, or diagonal line of four of
one’s own discs. You are a gaming agent
that aims to beat me in Connect 4 games.
Each move is represented by a string con-
tains the column (C). For instance, <C1>
means the first column.

\,

Leduc Hold’em is a two-player poker vari-
ant with a simple betting structure and a
limited deck.
The deck consists of only six cards — three
ranks (e.g., King, Queen, Jack), each ap-
pearing twice.
Cards are shuffled, and each player is dealt
one private (hole) card. One community
card is later revealed in the second betting
round.
Winning Conditions:
1. If the betting leads to a fold, the remain-
ing player wins the pot.
2. If both players reach a showdown (no
fold occurs), the player with the highest
hand wins:

A pair (one private card matching the
community card) beats a high card.

If neither forms a pair, the hand with the
higher card wins.
3. If the hands are tied, the pot is split.
Players can take one of three actions on
their turn:
1. Call: Match the current bet.
2. Check: Stay in the game without betting
any chips.
3. Raise: Increase the bet (up to two raises
per round are allowed).
4. Fold: Surrender the hand, losing the pot.
Betting starts with one chip and can in-
crease to two or four chips depending on
raises.
Each betting round ends when both players
have either called the last raise or folded.
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Nim System Prompt

In Nim, a strategic game with a set of four
piles containing 1, 3, 5, and 7 matches re-
spectively, players aim to avoid taking the
last match. During each turn, a player may
take any number of matches from a single
pile, but must take at least one and cannot
exceed the number remaining in that pile.
The objective is to force the opponent to
pick up the final match, thereby winning
the game.

The action is presented in <pile:x, take:y>,
which means take y match(es) from the x-th
pile.
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