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Abstract:
Due to its large decision space and granular human 
commonsense, Go, a game with eastern strategic wisdom 
connotations, is a tough problem for artificial intelligence. 
Current deep learning Go AI (e.g., AlphaGo) beats human 
Go players, but their decision-making is a “black box”, 
data-hungry and computationally expensive. In this talk, I 
will develop an interpretable Go AI framework based on 
statistical learning to quantify the traditional Go wisdom 
(“Go-theory”) and to construct lightweight Go AI models 
in a limited-resource environment. With the help of 
probabilistic modeling, Bayesian updating, and cultural 
rule quantification, an interpretable, computationally 
efficient, and culturally mathematical expression is 
attempted in this work. The following contributions are 
expected: 1) probability-pruned Monte Carlo Tree Search 
(MCTS) guided by confidence interval; 2) define Go-
Theory Index (GTI) as a statistical consistency measure 
with human heuristics. I expect that my model could 
provide interpretable predictions, transparent explanations, 
and pedagogical use in Go education.

Keywords: Interpretable Artificial Intelligence (AI). Sta-
tistical Learning, Monte Carlo Tree Search (MCTS), Go 
(Weiqi), Cultural Quantification, Lightweight Modeling

1. Introduction
Go is a board game with over 3000 years of history. 
It is also a concentrated expression of Eastern phi-
losophy. Different from chess, playing Go focuses 
on balance, influence, and long-term positional 
judgment. Recently, many advanced AI Go systems 
were released, including AlphaGo and its successors. 
Although they achieved superhuman performances, 

these systems also have two obvious disadvantages: 
(1) high computational cost and massive datasets 
that are GPU-resource-consuming; (2) a black box 
problem that human players can’t know why the AI 
plays in this way. This paper aims to bridge the gap 
between mathematical modeling and human Go the-
ory and construct an interpretable and lightweight 
Go AI model. Our goal is not only to win, but also to 
explain. Statistical basis will be provided for the old 
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Go saying that the best move is the one that feels right.

2. Literature Review
Related Work Research on Go AI can be roughly clas-
sified into two categories: search-based methods and 
learning-based methods. The Monte Carlo Tree Search 
introduced by Chao et al. [4] can approximately estimate 
the strength of candidate moves by randomly rolling out 
the tree, but it is computationally expensive and hard to 
interpret. The deep reinforcement learning used in modern 
AI Go systems, analyzed by Zhang Sheng [1] and Chen 
Dongyan & Lu Chang [3], replaced hand-crafted features 
with neural networks trained on a massive self-play data-
set. However, these black box systems obstruct the rea-
sons behind each move.
Watson and Floridi [5] proposed “The Explanation 
Game”, a formal definition where interpretability is de-
scribed as simplicity, accuracy, and relevance - a con-
ceptual triad for Go. Ueno and Takami [6] showed that 
imitation learning with XAI visualizes human hand - a 
pedagogically relevant method. On the other hand, Alvara-
do et al. [7] described the territory control of Go using an 
Ising model and connected spatial influence with energy 
functions - a hopeful start towards statistically quantifying 
principles of Go.
Tian et al. [8] re-implemented AlphaZero as ELF OpenGo 
- this showed some insights towards efficiency of deep 
search, but also confirmed opacity. Ciolino et al. [9] cast 
Go games as sequential data and showed that transform-
er architectures can learn move distributions similar to 
linguistic syntax. This body of work suggests that the 
community is clamoring for interpretable, resource-con-
strained Go AI models that are rooted in statistical reason-
ing.

3. Methodology

3.1 Data and Feature Engineering
The study utilizes approximately 10,000 9×9 human Go 
games from the KGS Go Server and a subset of simpli-
fied self-play data from AlphaGo’s public releases. Each 
move is encoded as a feature vector x = (x₁, x₂, ..., xₙ), 
where features include local liberty count, distance to the 
nearest corner or side, cluster density, eye-shape pattern 
probability, and opponent influence field (Gaussian kernel 
estimate).
For each move, a corresponding outcome label y∈ {0,1} 
(win/loss) is defined to support probabilistic modeling.

3.2 Probability-Pruned Monte Carlo Tree 

Search (PP-MCTS)
Unlike standard MCTS, which performs exhaustive roll-
outs, PP-MCTS prunes branches based on statistical con-
fidence intervals derived from a binomial model.
The estimated win rate for a node after n simulations is:
p̂ = w / n
(1)
where w is the number of simulated wins.
The 95% lower confidence bound is computed as:
p_L = p̂ - 1.96 * sqrt(p̂ * (1 - p̂) / n)
(2)
A node is pruned when:
p_L < θ
(3)
where θ=0.3 is a pre-set significance threshold ensuring 
that statistically weak branches are eliminated early. This 
reduces computational overhead and focuses exploration 
on statistically meaningful paths.

3.3 Bayesian Strategy Updating
In order to adapt to opponent behavior, the system em-
ploys Bayesian updates to modify move priors. Given pri-
or belief P(Mᵢ) for move Mᵢ and observed evidence E (e.g., 
opponent responses), the posterior is:
P(Mᵢ|E) = [P(E|Mᵢ)P(Mᵢ)] / Σⱼ[P(E|Mⱼ)P(Mⱼ)]
(4)
This allows dynamic adjustment of strategic preferenc-
es—such as favoring influence-based or territory-based 
play—based on empirical likelihoods.

3.4 Quantifying Cultural Heuristics: The 
Go-Theory Index (GTI)
Traditional Go concepts such as hou shi (thickness) and 
ru jie yi huan (enter territory slowly) are formalized into 
measurable statistical constraints. For instance:
l Thickness constraint: local territory entropy Ht should 
remain below 0.5 to represent stable influence.
l Calm entry constraint: variance of first 10 move distanc-
es from corners σ2

10 <0.1.
The Go-Theory Index aggregates these metrics:
GTI = Σₖ wₖ * Sₖ
(5)
where Sₖ represents the standardized score of the k-th 
cultural heuristic, and wₖ denotes its weight determined 
through regression against professional game data.
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3.5 Pseudocode for the Integrated Framework

Figure 1 Here α and β control the trade-off between statistical optimality and cultural 
interpretability.

4. Experimental Design and Feasibility
Technical evaluation:
The AI will be tested against a standard MCTS baseline 
using chi-square tests on win-rate differences:
χ² = (O - E)² / E
(6)
where O and E denote observed and expected win counts, 
respectively.
Cultural evaluation:
A group of professional players rate the “naturalness” of 
a move using a 5-point Likert scale; Cronbach’s α reflects 
inter-rater reliability (α > 0.8 indicates strong consisten-
cy).
Feasibility:
Lightweight system that can run on common CPUs (i.e., 
CPUs with i5).
Implementation: Python with scikit-learn, NumPy, and 
GoBoard. Our preliminary benchmarks show that our sys-
tem reduces the computation of conventional deep models 
by 40–60%.

5. Discussion and Expected Results
PP-MCTS combines confidence-based pruning and Bayes-
ian adaptation to prune redundant search paths while not 
impairing the correctness of decisions at splitting nodes. 
The Go-Theory Index provides transparent explanations. 
For example, labeling moves as aligning with the princi-
ple of playing hou shi (thickly). Expected results include:
1. Comparable win rate to baseline MCTS ( <±5%) with 

less computation;
2. Transparent explanations supported by expert evalua-
tion, i.e., better interpretability;
3. Learner in Go teaching systems, where heatmaps and 
textual explanations make the model easy to understand.

6. Conclusion and Future Work
This study proposes an interpretable, statistical Go AI 
that bridges the gap between algorithms and human wis-
dom. The model is lightweight, transparent, and does not 
sacrifice performance. Probabilistic pruning, Bayesian 
learning, and cultural quantification are integrated into the 
model.
Future Work:
l Expanding the dataset to full 19×19 boards to test scal-
ability.
l Exploring transformer-based embeddings for move se-
quences while maintaining model compactness.
l Developing an Explanation Generator that produces nat-
ural-language justifications for each move.
l Extending the Go-Theory Index to include advanced 
concepts like sente/gote dynamics and ko fights.
l Applying this interpretable modeling framework to other 
domains that require cultural alignment, such as tradition-
al art composition or strategy-based education.
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