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Introduction

Looking back, it was A Big Day. The 2nd ISGS International Conference
was successfully held in Toulouse on August 7. The event confirmed the
high interest in the topic, Al carrying on the spirit of the 1st one held last
year. Such a success is quite phenomenal; as many as seven papers were
submitted by the experts in various fields, not just Go Study, and the enthu-

siasm expressed by the attendees.

Hannah Arendt affirms the value of hueman beings openly, candidly speak-
ing to each other. She writes, “Speech and action... are the modes in which
human beings appear to each other, not indeed as physical objects, but qua
men. This appearance, as distinguished from mere bodily existence, rests on
initiative, but it is an initiative from which no human being can refrain and

still be human.”(The Human Condition, published in 1958)

Two of the main articles in this issue deal with technical issues, which is not

surprising given the recent Europe’s pragmatic approach to Al technology.

Stanis 1 aw Frejlak aims to develop a program that outperforms all the cur-
rent open-source Go Als when it comes to analysing the endgame. He fol-
lows in the footsteps of Martin Muller, known for his work on Combinato-
rial Game Theory (CGT), and introduces a unique method of decomposing

the board into the locals and analysing them by thermography. Remarkably,
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he takes on the challenging task of creating a neural network with a pre-
trained AlphaZero-based model to predict the local optimal solutions in the
endgame. We look forward to his further research which will be deepened

with the improved data attained via training.

Few motivations for research are as strong as furnishing the comfortable
surroundings to play the game of Go. Théo Barollet and two collaborators
are working on the programme for pairing players in large tournaments
in the most efficient and rational way possible. In addition to introducing
the established programme called Pairgoth, their work provides additional
knowledges about the theoretical issues such as the deterministic random-
ness involved in pairing and the computation of fair standing criteria. Their
commitment to the plyer-friendly programme and free-to-use spirit shine

through.

Xiuwen Wu and Xinming Guo explore the pedagogical potential of Go in
elementary school math classes and discuss relating issues and implica-
tions. Results from their research project based in a third-grade classroom
in the suburban school in the United States revealed that students employed
essential math skills aligned with the Common Core State Standards for
Mathematics (CCSS-M) during Go games. Furthermore, it highlights that
Go has educational potential beyond competitive plays. Some students said
“It’s a cool and fun strategy-game that’s challenging and employing a lot of
math skills,” which suggests that Go can significantly benefit students with

attention deficit, hyperactivity disorder, and autism spectrum disorder.

In addition to the main articles, we have prepared some extra essays.
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Wang Zhuo encapsulates the origin and evolution of the Chinese Profession-
al Go System, which is a preliminary step towards exploring the prospect
of introducing Al in assessing human performance. Lee Seung-hyun, who
recently attended the 40th U.S. Go Congress, the largest event in the U.S.,
reports on a variety of news and aspects with her ready wit. Park Woosuk
shares his impressions on the hot book written by Shin Jinseo which was
published right after his winning the Quzhou-Lanke Cup World Go Open.

We are grateful to the authors.

This year has been an eventful one. Swedish novelist Ellen Mattson, a per-
manent member of the Nobel Foundation, highlighted Han Kang’s work
during the ceremony, noting that her novels draw from historical experienc-
es, which are often symbolized by the colors white and red, to uncover uni-
versal truths. Likewise, I wish that the global community in the year 2025

will be as peaceful as a Go board on which whites and blacks are in harmo-

ny.

Dec. 2024
Bae Incheol, Editor-In-Chief
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Combinatorial Game Theory Meets Deep Learn-
ing:Efficient Endgame Analysis in Go

Stanistaw Frejlak

(University of Warsaw, Poland)

Abstract: The endgame stage of Go presents a unique challenge for sci-
entific research. Contrary to previous stages, in the endgame the key to a
successful analysis is board decomposition into smaller, independent local
positions. Go players typically analyze these positions separately and prior-
itize moves based on their value. In this paper, I introduce a novel program
that automates this decomposition-based analysis for the endgame stage of
Go.

AlphaZero has revolutionized Computer Go, by applying a generic
move-selection mechanism, based on neural network judgments and the
MCTS search algorithm. However, it does not specifically address the com-
plexity of endgame in the aforementioned manner. On the other hand, by
leveraging the decomposition-based analysis, my program reaches decisions
in the endgame with relatively little computation. Additionally, it offers in-
sights for Go practitioners by providing accurate move value evaluations.

Notable prior work on automated endgame analysis was done by Martin

Combinatorial Game Theory Meets Deep Learning:Efficient Endgame Analysis in Go- 17 -




Miiller (1995). His program Explorer checked all possible variations in
every undecided position and aggregated the results based on an algorithm
inspired by the Combinatorial Game Theory (CGT). However, due to the
exponential growth of the number of variations, Explorer’s application was
limited to small, tightly bounded local positions.

In contrast, my program leverages a neural network to predict optimal
local moves, dramatically reducing the number of variations that need to
be explored. Provided that the neural network’s predictions are correct, the
program can accurately evaluate move values by considering relatively few
variations, just like human Go experts do. Thanks to this approach, it is the
first program capable of analyzing large, unbounded local positions, which
are commonly encountered in real games.

The neural network was fine-tuned from a pre-trained AlphaZero reim-
plementation on the task of optimal local move prediction, Training data
was gathered from KataGo self-play games, utilizing KataGo’s network to

perform board decomposition.

Keywords: AlphaZero, Fine-Tuning, Combinatorial Game Theory, Tem-

perature, Move Values
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I. Introduction
1. Mathematical approach to endgame

Positional analysis in the endgame stage of Go differs from the previous
stages of the game. In earlier stages, a Go player’s judgment about which
moves are the largest on the board mainly depends on a player’s intuition
which might be difficult to formalize. On the other hand, in endgame, Go
players assess move values using a principled approach which leverages cer-
tain arithmetical calculations. Prerequisite of this method is understanding
what variations could be expected in a given local position. A player would
read such variations until the territory borders are fixed, calculate the final
local score at the end of each variation, and aggregate these results to arrive
at a precise number denoting the value of the first move in these variations.
The method is explained e.g. in the book “Rational Endgame” (Térménen,
2019). While a move with the highest value is not guaranteed to be the opti-
mal play, choosing moves based on their values is a common heuristic used
by Go players.

This kind of analysis is possible in endgame because at this stage, the
board is already mostly split between White’s and Black’s territories. Territo-
ry borders are not fixed only in a few local regions of the board. In general,
situations in each such area could be analyzed independently of each other,
because no matter which variation is played out in one region, it does not af-
fect which moves are correct in other regions1). Moreover, these undecided
areas of the board have limited size which allows an experienced player to

easily find all correct local variations.

1) A notable exception for this general rule are ko fights that introduce interactions be-
tween different parts of the board.

Combinatorial Game Theory Meets Deep Learning:Efficient Endgame Analysis in Go- 19 -




These properties of Go endgames have inspired mathematicians to devel-
op a new branch of mathematics (Conway, 1976, Prologue), called Combi-
natorial Game Theory (CGT). It is an abstract theory applicable to various
games (e.g. Nim, Hackenbush) that could be viewed as sums of simpler
games, just like a whole-board endgame position can be viewed as a sum of
local positions. When it comes to Go, the most important tool provided by
CGT is the notion of temperature, Temperature can be described as a mea-
sure of urgency of playing in a specific position. The temperature of a local
position is a number equal to the value of the best move available in that po-
sition. The mathematical theory arrives at the same numbers as the classical
method used by Go players, despite using a different algorithm for calculat-
ing them. CGT also provides a lot of new results that were not known to Go
players, such as a detailed treatment of infinitesimal values (Berlekamp and
Wolfe, 1994), or the Orthodox Accounting Theorem (Siegel, 2013, ch. VII,
Theorem 2.9) which finds the maximal loss that a player might incur under
orthodox play, i.e. when basing their decisions in endgame on move values.
Another result (Wolfe, 2002) shows that finding an optimal line of play for
a Go endgame position (and proving it optimal) is a problem of infeasible
complexity. These findings prove that orthodox play is a good heuristic - a
fact which Go players had understood intuitively.

The existence of a solid mathematical theory describing exact algorithms
that could aid endgame calculations inspires a natural question whether
these algorithms can be implemented in a computer program. Can a program
like AlphaGo, or any other, tell us the value of a move in the endgame? Un-

fortunately, solutions existing to date are not well suited for providing such

information,
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2. AlphaZero mode of operation

In 2016, for the first time a world champion in Go was beaten by a com-
puter program, AlphaGo. A follow-up paper of the AlphaGo creators de-
scribed AlphaZero (Silver et al., 2017) - a neat machine learning solution
allowing to build an agent that could master Go, or any other game like
chess or shogi. By now, many programs inspired by that paper have emerged
and have been made publicly available, presenting the Go community with
invaluable teaching tools.

While AlphaZero can point out what moves are best on the board in any
given whole-board position and tell which player is ahead, it cannot provide
all information which a Go player might be interested in during a game
analysis. Several programs inspired by AlphaZero offer also other clues.
Notably, KataGo (Wu, 2020) predicts the ownership for each intersection
of the board and the lead of a player measured in points. Attempts were
made (Frejlak, 2020) to leverage this information to the goal of estimating
move values in the endgame. However, these estimates could not be made
accurate. Generally, local temperature calculation cannot be boiled down to
comparison of global scores in a given whole-board position.

AlphaZero-based programs cannot be successfully used for calculating
move values because their analysis is inherently global. AlphaZero is trained
to predict best moves on the whole board, maximizing its winning chances.
This characteristic contributes to AlphaZero’s extremely high level of play.
At the same time, however, it makes it difficult to perform any analyses fo-

cused on specific parts of the board.
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3. Al estimating move values

A program that could estimate move values in endgame would be valuable
for the Go community. It could provide more explainable clues for Go prac-
titioners than current solutions do. Moreover, if the program is very good at
its task, it could potentially achieve higher playing strength in endgame than
AlphaZero. An interesting open question is whether a perfect agent follow-
ing the orthodox play heuristic would perform better than AlphaZero.

The current work continues on my master’s thesis (Frejlak 2024) and im-
proves on its results. Better results are achieved thanks to more sophisticated

training data construction which I discuss in Section IV.

I1. Related work

There is one famous work done on a similar topic as the current paper.
Martin Miiller (1995) in his PhD dissertation presented Explorer, a program
which leveraged Combinatorial Game Theory to search for optimal play. Ex-
plorer splits the board into sure territories and undecided positions, checks
all possible variations in every position, and aggregates the results to find
the best move on the board.

Presented approach had two major limitations:

The number of possible local variations grows exponentially with the size
of the position. Because of that, analysis could be performed only for po-
sitions with no more than ten empty intersections. Larger positions would
require too much computation.

Board segmentation was performed with an algorithm proving that stones

- 22 -t
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surrounding territories are impossible to kill, and territory areas are too
small for a successful invasion. Therefore, only board positions with very

solid shapes could be analyzed.

Figure 1. Board decomposition performed by Explorer

Figure 1 is an example taken from the original work of a position that
could be analyzed by Explorer. It looks quite artificial with strong walls of
stones and each alive group having clear two eyes. Undecided positions be-
tween these walls have clear boundaries and are of limited size.

While Explorer was very efficient in finding optimal play when compared
with a brute-force approach, its applicability could not be extended to posi-

tions taken from actual games.

ITI. Goal of this work

The goal of Explorer was finding an optimal line of play in the endgame.
On the other hand, the goal of this work is facilitating orthodox play. Below,
I explain the difference between the two, giving a rationale for my choice. I

also take this opportunity to clarify an important technical aspect of the cur-
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rent work which is related to the notion of forcing moves (sente).
1. Canonical forms vs. temperature theory

Analysis of a local endgame position could leverage Combinatorial Game
Theory in two ways.

Once all possible variations were checked, the resultant variation tree can
be simplified by getting rid of all moves which are surely no better than oth-
er plays. An example is shown on Figure 2. In no game can Black’s move at
B be better than the move at A, When we remove all tree branches contain-
ing such bad moves, the resultant tree is called a canonical form.

In Explorer, a canonical form was found for the variation tree of every lo-
cal position, which simplified further analysis without the risk that we miss
any move belonging to the optimal line of play.

Another CGT perspective is provided by the temperature theory. From
this point of view, in a canonical form there are still many variations not
worth considering, Many moves might theoretically be good in unusual cir-
cumstances, but in most cases will be worse than choosing another option.

Figure 3 shows a position in which Black’s move at A in most games will
be the correct one. It gains at least 7 points and leaves a continuation worth
another 10 points. The move value is 12 points. On the other hand, Black’s
move at B is worth 8 points. It directly seizes 8 points but leaves no continu-
ation.

The canonical form will retain variations starting with B. It is possible for
this move to be correct, for example, if this is the only undecided position
present on the board. However, this is unlikely in an actual game. Tempera-

ture theory provides a formalism that allows to tell that under normal cir-
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cumstances the move at B does not need to be considered.

A B A
Figure 2. Black’s move at B is al- Figure 3. Black’s move at B is
ways worse than A worse than A in most situations

2. Forcing moves in light of CGT

In practice, temperature theory proves much more useful for Go end-
games than analysis based on canonical forms. The reason is related to the
notion of forcing moves.

In CGT, a move is called forcing if it raises the local temperature. In Go
terms, one would say that a move is sente if its continuation is worth at least
twice more than what the move gains for sure. An orthodox play strategy
(Berlekamp 1996) advises to always answer, if the opponent has just played
a forcing move. In other cases, one should play in the local position with the
highest temperature.

From the temperature theory’s point of view, one does not need to consid-
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er variations that could happen if the opponent gets the continuation of their
sente move. Such a situation will never happen under orthodox play. How-
ever, continuations of sente moves need to be retained in a canonical form.
It might happen that the optimal line of play involves not answering to an
opponent’s sente move but e.g. playing one’s own sente move in another part
of the board.

In actual games, forcing moves are ubiquitous. This is because an effi-
cient way of building territories most often comes with leaving little holes
in one’s walls. Building solid walls with all stones connected is usually too
slow a way of development on the go board.

Figure 4 shows a position which might happen after a common joseki, in
which Black stones surrounding the territory are not yet connected. White
might try to enter Black’s area with a move at A. If then White gets to con-
tinue with B, Black’s territory will be destroyed. The threat is very big, so
the move at A counts as sente. In most cases, Black is going to answer, con-
solidating the territory border.

Checking only two variations: the aforementioned one, and the one in
which Black plays first, putting a stone at A, is enough for a successful
thermographic analysis of the position. However, to find a canonical form,
one needs to consider variations after White’s continuation at B, As White
enters Black’s large territory, there are suddenly myriads of new variations
to consider, and the whole analysis becomes infeasible. Noteworthy, on the
presented example, there is also another undecided local position which is
marked with crosses. If we start to consider variations after White’s intru-
sion into Black’s territory, we will not be allowed to neglect them when an-
alyzing this other local position. It means that the whole area on the top side

will need to be considered as one huge local position.
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The example presented above shows that analysis leveraging canonical
forms is impractical for positions taken from actual games. Because of holes
which players tend to leave in their walls, board decomposition becomes
impossible. Most often, the whole board would need to be considered as one
local position, which completely defeats the purpose of deploying CGT, not
allowing to anyhow simplify the problem of finding correct moves in the
endgame,

In contrast, endgame analysis from the perspective of temperature theory
allows decomposing the board into small local positions, even though their
borders are not clearly marked. Most often, moves that could lead to a dra-
matic growth of variations number can be easily recognized by a Go player

as sente.

o

Figure 4. Two local positions which can be considered independent in the

light of temperature theory but not from the perspective of canonical forms
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3. Chosen approach

The goal of this work is designing a program that facilitates analysis
grounded in temperature theory. My approach could be compared with the
one used in Explorer. Just like Explorer, my program constructs a variation
tree for a given local position. However, only moves relevant for temperature
calculations are added to the tree. This makes the solution less computation-
ally expensive, allows to analyze larger local positions, and eliminates the
necessity of the position to be bounded by solid walls.

To find relevant moves in each tree node, I will use a neural network.
Another network is going to assess local scores in terminal positions. The
results will be then aggregated by an algorithm grounded in CGT.

The program’s mode of operation will resemble an analysis performed by
an experienced player. Player’s intuition about which moves are worth con-

sidering will be mimicked by a neural network.

IV. Methods
1. Information to be predicted by the network

To allow construction of a local variation tree, the network needs to pre-
dict Black’s and White’s correct moves in the given position. In many cases,
we will add both a move of Black and a move of White to the tree. However,
if a forcing move has just been played, we should only add the opponent’s
answer to the tree. There are several ways in which a network can provide us

with such information.
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The approach which I took is making the network output a single tensor
of 2 %19 * 19 + 1 = 723 numbers. These numbers represent probabilities
predicted by the network of each move being correct. The first 361 num-
bers represent probabilities of White’s moves, the next 361 numbers - prob-
abilities of Black’s moves. At the end, I include one more number which
represents the probability that the position is terminal, and no one will play
there anymore,

This design choice stands in contrast with the output of AlphaZero net-
work. In my case, 723 numbers are predicted, whereas in AlphaZero it was
only 361 + 1 = 362 numbers (the last number representing pass). AlphaZero
considers options only for the player at turn. Because of that, it is impossible
to use AlphaZero’s output to tell sente from gote. On the other hand, if my
network predicts high probabilities only for one of the colors, it will mean
that the last move was sente.

The probabilities should be

predicted on the basis of not only

the current board position, but
also information of a few previous

moves played in the current local

position. Sometimes, whether a

move should be treated as sente or

not, depends on the whole local a

sequence. An example on Figure 5 N -

shows a situation in which Black’s \/

move at 3 saves their six stones, Figure 5. Whether Black’s move at

while threatening to capture three 3 shall be considered sente depends

White’s stones. If we only take into  on the full local sequence
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account Black’s last move, it should be considered gote, as the continuation
is significantly smaller than what the move gains. However, in the context of

the previous 1 - 2 exchange, we realize that in fact, Black’s move is sente.

2. Model architecture

Learning Go is a difficult task, not only for humans but also for machine
learning models. AlphaZero network needs to be trained for many days on a
strong computer to achieve a super-human level. As I did not have sufficient
resources to train such a model myself, I needed to resort to a technique
called fine-tuning.

Fine-tuning is a common technique in machine learning in which one
takes a network which was trained for a long period of time on a huge data-
set (probably by a rich company) and tweaks it for a specific task at hand.
As the pre-trained network has seen a lot of data, it has been able to acquire
a profound understanding of a given domain. It is therefore much cheaper to
fine-tune to another task related to that domain than training a network from
scratch.

I decided to make use of a pre-trained model based on an AlphaZero
architecture found on GitHub (Nguyen, 2022). The model is a clean reim-
plementation of the solution described in the original paper, despite being
smaller (having fewer residual blocks).

The model’s input is eight most recent board positions encoded as 19x19
matrices of 1’s, 0’s and -1’s. An additional, 9th matrix is filled with 1’s if
Black is at turn, and with -1’s otherwise. Originally, in AlphaZero these
should be the most recent whole-board positions, taken from the game. In

my fine-tuned network, these are positions which appeared in a local se-
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quence. The sequence I choose might have less than eight moves, in which
case I replicate the earliest position in this sequence to match the required
size of the input tensor.

The input is processed by a backbone consisting of five residual blocks,
using 3x3 convolution and 128 hidden channels. In AlphaZero, the output
of the last residual block is fed into two network heads which comprise of a
1x1 convolution, followed by one or two fully-connected layers. One head
predicts best moves on the board, and the other - winning chances.

My model does not need these two heads, and so I replaced them with
a new head which predicts correct local moves. The new head follows the
architecture of the original policy head. As an input, the head accepts the
output of the backbone’s last residual block and a matrix representing an
undecided local position. The matrix has 1’s at cells corresponding to the
local position, and 0’s everywhere else. As the output, it yields 723 numbers
summing to 1, which represent probabilities of Black and White moves be-

ing correct plays in the local position.
3. Training data construction

Preparation of training data for the network was the largest part of the
project. There are no big datasets of local positions with marked correct
moves. Creating such a dataset by hand would be too much work, given that
neural networks require many thousands of examples for training. Luckily,
preparing a good dataset is possible with publicly available tools.

I depict the data collection procedure on Figures from 6 to 9. As a source

of endgame positions, I took self-play games of KataGo2). I navigated to a

2) They are available at https://katagoarchive.org/g170/selfplay/index.html
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late stage of the game when roughly 80% of all moves were played. Then,
I segmented a board into secure territories of Black’s and White’s and unde-
cided local positions using KataGo network.

One of KataGo’s outputs is ownership prediction for each intersection.
Here, -1 denotes certainty of territory being White’s, and 1 - of being
Black’s. 1 used thresholds of -0.9 and 0.9. Everything between these two
numbers was interpreted as not full certainty and judged as an intersection
of undecided ownership. Next, I grouped such intersections into connected
components, and labeled each component as a distinct undecided local posi-
tion.

Such a procedure does not guarantee that the detected local positions are
independent of each other. A closer look at two pairs of local positions in the
upper left quarter of the board on Figure 6 shows far distance dependencies
between them. A move in one such position might make a move in anoth-
er one sente, The presence of such situations in selected data introduces
noise to training. However, one might expect that the effect will not be very
strong, and should not bias the network too much towards any specific type
of incorrect predictions.

Additionally, I check the ownership map for the final position in the
game, and blacklist all intersections which in the endgame seemed to belong
to a secure territory of one color, but ended up seized by the other color.
This blacklisting serves later to avoid teaching the network about moves
which most probably did not follow orthodox play and were played because
of far-distant relationships on the board, such as ko fights.

Furthermore, I find a complete segmentation of the board into regions
around the labeled local positions (and the blacklisted area of changing own-

ership). For every intersection, I calculate its distance to the nearest labeled
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local position using the BFS algorithm,

Figure 6. Whole-board endgame Figure 7. Ownership map predicted
position taken from a KataGo self- by KataGo
play game

Figure 9. Connected components
Figure 8. Discretized ownership of undecided ownership labeled as
map different local positions

Next, I look at all moves starting from the chosen endgame position un-
til the end of the game, and assign each move to the region of the complete
segmentation in which it was played. This way, for every region I obtain a

local sequence of moves. Commonly, all moves played within such a region
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should be related to the corresponding labeled local position. In these se-
quences, moves are not necessarily played alternately by Black and White.

Finally, for each move of a local sequence, I set the positions which ap-
peared in the sequence until this move as an input to the network and the
next move (or lack thereof) - as the target. An example datapoint is present-
ed on Figure 10. The position on the rest of the board looks quite random - I
give an explanation for this in the next chapter.

Importantly, such construction of training data should help the network
learn about sente moves. In case the previous move in the local sequence
was sente, the target to the network would almost always be the opponent’s
answer to that move. It might seem worrisome that in case of gote moves
also only a move of one color will be presented as a target. However, in such
situations, the network has no way to guess which player got the next move,
so to minimize the loss function the network will try to predict roughly 50%
probability for a move of Black, and 50% for a move of White.

In my master’s thesis (Frejlak 2024), I trained a neural network using a bit
different training data. Most important difference is that in the original ap-
proach, I looked for only one future move for a given local position, and not
for a full local variation played out in the endgame. This way, I was not able
to present the network with a local context of a move except for the single

local position in which the previous move was played.

e
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Figure 10. Example training datapoint. Whole-board position with a local
sequence of length 2 is presented to the network. The move with an exclama-
tion mark is the target.

4. Data augmentation and sampling

Data augmentation is a common procedure in deep learning aimed at
making the model more robust. Oftentimes, a training dataset might be bi-
ased in one way or another. For example, a dataset of photos might consist
mostly of photos which were shot straight, without rotating the camera.
Training a network on such a dataset might make the network perform poor-

ly on tilted photos. Therefore, a common augmentation technique is intro-
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ducing random rotations to the input pictures.

Experimenting with my network, I also noticed that it becomes biased
toward certain properties of its inputs. I initially trained the network using
whole-board endgame positions, and the network ended up giving strange
results for a local position laid on an empty board. To bypass this problem,
during training I randomly remove stones from the go board outside of the
current region of interest. I randomly sample the proportion of stones which
should be removed, and then multiply the input matrices by a binary mask
sampled randomly according to that proportion.

I apply augmentation also for the local position masks. I randomly choose
how broad the neighborhood of the undecided local position should be in-
cluded in the mask, and randomly exclude some of the intersections on the
mask’s border to introduce some irregularity in data.

Finally, I calculate some statistics for the created dataset. I noticed that
most of the undecided positions are small, with only 1, 2, or 3 intersections.
Also, in most positions the local sequences are short. Many of these posi-
tions are quite uninteresting having e.g. only one neutral point to be taken
by one of the colors. To not flood my network with such simple tasks, I ran-
domly remove from the dataset a chosen proportion of positions of small size

and sequence lengths,
5. Training procedure

I train the network on a dataset of 4.7 million endgame positions. The
training ran for around 10 epochs which took around 2 days on a laptop with

NVIDIA RTX3080 graphic card. I start with the learning rate of 1e-3 and
half it every 10.000 steps. The batch size is 256, so one step corresponds
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to 256 endgame positions. I reset the training several times, going back to a
higher learning rate.

As a loss function, I use a cross entropy applied to predicted move prob-
abilities. Preliminary results showed me that the network struggles when
it comes to predicting that the position is terminal. Therefore, in positions
where no move should be predicted, I introduce an additional penalty for
predicting anything else than no move in such positions. I sum up softmaxed
predictions for all moves, multiply this term by parameter lambda which I
set to 6, and add it to the cross-entropy loss.

An important change compared to my master’s thesis is not penalizing
the network for predicting moves outside of the masked region. I found out
that the network anyway quickly learns to play moves in the given local po-
sition. Moreover, this way I acquire more freedom in choosing a mask of a
local position. The mask could be as small as one intersection and still the
network realizes which local position this intersection points to. It makes
the program more convenient to use, as the user does not need to necessarily

mark all intersections which might change ownership.
6. Calculating temperature

Having a model which predicts probabilities for local moves, I calculate a
temperature of a given local position in the following way.

First, a variation tree is built. The root node corresponds to the initial
endgame position. Then, for each tree node, child nodes are added based on
predicted probabilities:

If the probability of no move exceeds 30%, no child nodes are added.

Otherwise, if the sum of probabilities for moves of one color exceeds
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85%, it is judged that we are dealing with sente, and only moves for
that color are added.

Otherwise, moves for both colors are added.

For a given color, moves are added if their probability exceeds 30%
of the total probability for that color. If no move’ s probability exceeds
this threshold, then a single move with the highest probability is
added.

As an exception, in the root node always moves for both colors
are added, no matter the relative sum probabilities of Black’ s and

White’ s moves.

Thresholds used during the tree expansion were chosen a posteriori for a
trained neural network.

With this tree expansion strategy, the program should find all variations
following optimal play, provided that the model’s predictions are close
enough to perfect.

The nodes with no children are judged as terminal, and the final local
result in them is assessed using KataGo’s ownership map. The ownership
predictions for each intersection are rounded to integers: -1 for White, 0 for
no ownership, e.g. in seki, 1 for Black. These integers are summed within
the region marked as the local position, yielding a local score under area
scoring,

Having evaluated all leaf nodes in the tree, the results are aggregated,
using an algorithm developed by Lukasz Lew (Lew and Frejlak, 2024). One
caveat is that the algorithm requires each node of a tree to either be terminal,
or to have children of both colors. A question arises what child node should

be added to the tree, in case when the network predicts that almost certainly
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the next move will be played by a specific color. Since initially I expected
such a situation to appear precisely when the previous move played was
sente, a natural idea was to add an artificial child for a continuation of the
sente move, with an evaluation very much favoring the player who played
that move. This way, we would not consider any additional variation on a Go
board.

However, this approach fails because the high probability of a specific
color getting the next move is predicted by the network also in case the next
move is going to be sente for one of the players. I concluded that there is no
clean way to establish what artificial child should be added to the tree, as it
is impossible to distinguish the situation of the next move being sente and
the previous move being sente by mere looking at the network predictions.

This led me to another solution. Apart from using thresholds for a usual
tree expansion, I also ensure that for every position, at least one Black’s and
one White’s move is considered. However, in case the probability of a given
color getting the next move is below the chosen threshold, I treat a node af-
ter such a move as terminal and do not consider any further variations after
it. Instead, I evaluate the expected local score in that node using the KataGo
ownership map. This solution is not ideal but works in most cases. I offer

further discussion on this issue in Section VI.

V. Results

While the neural network is trained on a large dataset to predict next local
moves, a real test for my program is how it performs on a harder task: ex-

panding a variation tree to calculate the local temperature. To yield the cor-
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rect results, the neural network predictions need to be quite accurate for ev-
ery position appearing in every local variation. I tested the program on a set
of actual endgame problems, designed for players learning endgame theory.
To my best knowledge, my program is the first one in the world designed in
a way which allows for solving such tasks.

I took the test set of 100 problems from the GoMagic course called “End-
game for Nerds” (Frejlak 2022). The problems are of varying difficulty, fea-
turing a lot of common endgame positions and guiding the student through
concepts such as moves with continuation, sente and ko.

My program finds the correct local temperature in 65 out of 100 prob-

lems.
1. Comparison with baseline

To date, there are no other programs which could be tested on the same
problem set. To still somehow quantify how good the achieved results are, I
design two other approaches.

The first approach does not use the network I trained, and deploys the
KataGo network instead. As explained before, KataGo is not designed for
this specific task, but still one can try to get the most out of it by looking for
moves with highest probability within a local region of the board. There is
also a natural way of telling a position terminal. In case KataGo predicts ev-
ery intersection to be either Black’s or White’s with high certainty, territory
borders are most probably fixed, and the tree expansion can stop.

As KataGo does not predict move probabilities for both colors in a joint
manner, there is no easy way to tell that certain moves are sente. As ex-

plained in Section III. this leads to a dramatic growth of the tree size, in
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case the position was not clearly bounded by walls of stones from the very
beginning. To ensure that calculations end in real time, I limit the length of
considered variations to 12. Positions after this many moves are treated as
terminal and evaluated using the ownership map. Then, the local scores are
aggregated using the same algorithm as in my original program.

With this approach, the program correctly solves 14 out of 100 problems.

For the sake of another comparison, I test one more approach. In each of
the problems, I put by hand all correct local variations. This way, I am sim-
ulating how an ideal trained neural network should guide the construction
of the variation tree. Local scores in terminal positions are calculated from
KataGo’s ownership maps, and aggregated with the same algorithm ground-
ed in CGT. Correct answers are obtained for 97 out of 100 problems.

This experiment shows that the program design is not flawless. Even if
the neural network worked perfectly, the program would still fail to always
find the correct local temperature. On the other hand, 97% accuracy is very
high, showing that there is still a lot of room for the network to grow.

Mistakes in the three problems come from two different sources. In case
of one problem KataGo’s evaluation for a non-terminal position is at fault. I
evaluate a non-terminal position if the network assigned a very low proba-
bility to moves of one color. In case this was a sente move, the continuation
of that move should lead to a position significantly better for the player -
this should be then reflected in KataGo’s evaluation, and lead to a correct
calculation of the temperature-finding algorithm, which will disregard the
node corresponding to that move. However, in case of the problem shown
on Figure 11, not only White’s move at 1 is sente but also their continuation
is sente - with a much larger continuation as it threatens to kill Black’s cor-

ner. This leads KataGo network to predict that Black will surely respond to
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White’s 2, and this certainty is also reflected in its ownership map, yielding
too high local score for Black, which hinders correct temperature calcula-
tions. While this situation appears only in one of the 100 problems, it shows

an inherent limitation to the approach I chose in my program.

_/
g
)

Figure 11. Failure of the procedure of evaluating
continuations of sente moves.

Two more mistakes come from incorrect assessments of final scores in
terminal positions. Usually, KataGo’s assessments of intersection owner-
ships for terminal positions are highly accurate. However, in the presented
problems, secure territories are not marked very clearly. Apparently, KataGo
sometimes still sees a weakness in a player’s shape and does not judge some

intersection as secure territory, subject to chosen threshold.

2. Qualitative analysis
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I inspected variation trees built by my program both in problems which it
solved correctly and in which it made mistakes. The program learned very
well to recognize sente moves. Also, the presence of various types of kos in
the problems did not pose difficulties to the program3).

Many of the program’s mistakes come from the network not knowing cer-
tain endgame techniques. For example, in the problem shown on Figure 12,
the network does not realize that White’s best move is a monkey jump. Only
variations after White’s turn and White’s knight’s move are added to the tree,
and consequently the local temperature is estimated as 7 points, and not 9

points which would be the correct answer.

00 0 0600 0000000000000
00 0 060000060000 000000
06 0 0 0 0 0 6 60 6 00 6 00 6 00
00 08 0000068 000006000
00 0 6000060000000 000
00 06 00 0060000000000
00 0 6000000000000 000
00 0 6 0000600000000 00
oo @0 000000000000 O000
00 0 8 0000068000006 000
000 @0 (D)((0)(0) o000 6060060
O 0 0 L 0 R G (I
00 00 oo oo0o0o000

Q0 (@0 00000000

© ¢ oo o 0006000

o—1+-@ OO ()6 6606000
QQQ 0-(0)0-(0)0(0) 00

o—4-(0 b——-0 o o 0 0

Ll | | ||

Figure 12. Predictions for best local moves of White in percentages. The net-
work assigns only a 7% probability to the monkey jump.

3) In CGT analysis, kos are generally quite problematic. There are lots of unusual
types of kos, some of which are difficult to mathematically formalize. However,
most kos appearing in practice in Go endgames, fall into the category of placid kos,
which can be successfully analyzed using classical CGT tools.
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Black move prob: 3%

White move prob: 97%

No move prob: 0%

Move value: 9.00 points
Local score: -4.50

Previous position ~ Next position

Figure 13. A position in which the network for an unknown reason predicts
much higher probability for White’s moves. (Screenshot from a GUI I devel-
oped for my program)

Another type of mistakes appears in situations where no more moves of
value higher than O points are left, but the position still needs to be fixed
by playing moves threatening a large continuation. An example position is
shown on Figure 13. In such positions the network should ideally predict
50% chances of playing for each of the colors. However, I observe that in
practice the network predicts a much higher probability for the player who
can threaten saving their dead stones. In practice, the program treats the
position as if it contained a sente move, expanding the variation after the
other player’s move only to the depth of 1. This sometimes leads to incorrect
calculations, if the KataGo’s evaluation of a non-terminal position is inaccu-
rate.

It is difficult for me to understand why the network learned to assess such
a high probability for one of the colors. Intuitively, I would rather expect that
in the training data, analogous positions should have both continuations by

Black and by White.
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VI. Future work

There are several areas in which one could seek to improve my program,
First of all, taking a stronger pre-trained model for fine-tuning might lead
to better performance. The network which I used was pre-trained only on a
9x9 board. In consequence, it might have not learned about some common
tesujis met in 19x19 endgames, and so it might be difficult to master them
during fine-tuning. There are multiple open-source programs which could

be used, such as LeelaZero, ELF OpenGo, or KataGo.

Another direction might be trying to improve the quality of the training
data. Visual inspection of training data currently fed into the network leads
me to suspicion, that the proportion of interesting endgame positions, includ-
ing tesujis such as a monkey jump, is too low, with the majority of positions
featuring quite obvious play such as 1-point moves or filling neutral points.
I tried to overcome this issue by keeping only a small proportion of positions
in which the number of undecided intersections or the number of moves left
in the local variation was low. However, one could still think of many other
heuristics for detecting which training examples might be more educative for
the network. For example, one could try to estimate the local temperatures
in sampled positions, e.g. reusing the already trained network (but probably
without expanding a variation tree too much, as it is computationally expen-

sive).
Finally, one can try to alter the architectural choices taken in this work.

One idea which is certainly worth trying is teaching the network the dis-

tinction between sente moves and answers to sente moves. In both of these
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situations a probability of getting the next move should be higher for one
of the colors. However, as discussed in Section 1V, it is problematic for the
temperature calculation algorithm if these two cases are not distinguished
by the network. To tackle this problem, one could make the network predict
another piece of information, namely whether the next local move is likely to
be played immediately after the previous one. This should hold for answers

to sente moves, but generally should not hold for sente moves themselves.

Having such additional information about sente moves predicted by the
network, one could simplify the tree expansion process. If the next move is
judged to be an answer to a sente move, then one could add an artificial node
to the variation tree with evaluation strongly favoring the player who has
just played. There is no need to consider which specific move is the correct
continuation and get a KataGo evaluation for it, despite the position not be-
ing terminal. On the other hand, if the next move is judged to be sente, then
there is no harm in normally expanding the tree for the opponent’s reverse
sente move. The tree will not grow too much as we should not run into the
trap of entering a secure territory described in Section III. Instead, such an
expansion can help to confirm or refute the initial assumption of the move

being a reverse sente.

Conclusion

The solution developed in my master’s thesis and improved for this work is
the first program in the world that facilitates CGT analysis of local endgame

positions taken from real games. The program correctly estimates the local

e
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temperature in 65 out of 100 endgame problems designed for Go practi-
tioners. While this number is much higher than what one could get by using
existing Go-playing programs such as KataGo, there is still a lot of space for
improvement. Importantly, the program should still be improved before it

can be used as a teaching tool for Go players.
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Abstract

Pairing players during a Go tournament is a complex task. One must regis-
ter the

players, pair them using a pairing system, gather the results and display
the information to the players. Several standalone programs offer these
functionalities, however they are often game-specific and maintained and
developed by a single person. The pairing itself is non-trivial, because of dif-
ferent pairing systems and of many parameters influencing them. This creates
challenges for an intuitive user interface which can be used by non-experts
tournament organizers.

In this article, Pairgoth is presented, a new pairing software inspired from
Opengotha, a mainstream Go pairing software heavily used in Europe. Sev-
eral improvements have been added to the pairing algorithm, which has also
been made more generic, New pairing systems can easily be implemented in
Pairgoth. Although initially designed for Go, it can easily be used for other

games such as Chess, Shogi or Scrabble. Pairgoth consists of a pairing en-
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gine coupled with a web-based user interface. This allows management of
the tournament from several machines, including smartphones. It already
supports Swiss and MacMahon pairing systems, while more options are cur-
rently under development (Round-Robin, accelerated Swiss, Amalfi, ...).

Pairgoth was tested in real conditions at the international Grenoble tour-
nament (TIGGRE 2024, 5 rounds Mac-Mahon tournament with top group
and super top-group, 158 players from 29k to 7d) and at international Paris
tournament (51st TIP, 6 rounds Mac-Mahon tournament with top-group,
160 players from 30k to 8d). Pairgoth was also successfully used during the
2024 European Go Congress in Toulouse, where nearly a thousand players
participated. It was used for the prestigious main tournament as well as the
majority of the side tournaments, It was recently used in the 2024 KPMC
edition, making Pairgoth used in several countries.

On top of presenting Pairgoth, this article also tackles challenges encoun-
tered in pairing engines such as deterministic randomness, non-uniqueness of

pairings, and the computation of fair standing criteria.
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L. Introduction

To our knowledge there is no commercial tournament organizing program
for the game of Go. These programs are often developed by individuals and
shared gracefully with the Go community. To our mind, this brings two prob-
lems:

- We cannot expect a single individual to be an expert in developing
user interfaces, manipulating the underlying graph theory for pairing
players, writing a correct and bug-free pairing engine and having a lot
of experience in tournament organizing so the software can solve all
or nearly all the real case problems we can encounter in a tournament,
These skills are summarized in Figure 1 and we believe it is quite
improbable that they can be mastered by a single person.

- It is difficult to keep the time and motivation to develop a Go software
in the long run so some tournament softwares are still in use today but

cannot be maintained anymore.

To develop Pairgoth, we kept the volunteer work model but we involved
from the ground up several people in the development process to tackle these
two issues. We tried to have multiple people for each skill represented in Fig-
ure 1 so that someone can leave the project or have a break from it without

the whole project being stopped.

Intuitive user interface
Extensible with other pairing
methods and other games

Developing a pairing
software

Fit the real use cases and a wide
range of tournaments

Maintained on the long run

Figure 1: Tasks to develop a pairing software, the items on this mind map

will be discussed throughout this article.
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Motivations and other pairing programs

The main motivation for the development of Pairgoth is the 2024 Euro-
pean Go Congress (this will now be referred to as EGC 2024). The name
Pairgoth is a blend word between the word “pairing” and “Opengotha”: a free
pairing software unfortunately not maintained anymore. This software was

used in many tournaments in Europe and we use it as a basis for Pairgoth.

The currently used pairing programs are not designed to handle such a big
event with more than a thousand players. We lacked at least two features to
solve our real case problems:

- Several referees should be able to enter results remotely at the same time

in the software, because we will have several hundred results per round.

- The software should be usable with a smartphone so we don’t need to

give the private wifi access to everyone,

For example, Opengotha should be able to manage a thousand players but
the tournament is accessible from a single machine so all the results must be
entered on the same “master computer”, Its interface is not intuitive for new
users but this would not have been a problem since we can rely on several
expert tournament organizers at EGC 2024.

Another popular pairing program is MacMahon but it would have the same
pitfall as Opengotha and has fewer tournament parameters.

An online software developed in North America by the website baduk.club
caught our interest because it can be used online but the software is not ma-
ture enough and offers only a few tournament customization (https://baduk.

club/tools).
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II. Pairgoth architecture and challenges

The requirements for Go tournaments (including EGC 2024) are clearly
understood, but it is not yet known if new use cases will arise. Additionally,
Pairgoth is planned to be extended to other games that currently lack good
pairing software, which may introduce unexpected use cases. Therefore, a
modular architecture that can be easily extended in the future must be main-

tained.

We followed the primordial principle of the separation of concerns. Pair-

goth comprises two distinct web applications:

1. an API Webapp, which encapsulates the pairing engine itself and expos-
es a REST API using JSON as in and out data formats.
2. A View Webapp, which exposes the HTML/Javascript web interface.

In a standard use case, both web applications are running inside the same

web container, and custom automation tools (to import registered players, to

publish results, to send notification emails, etc.) can easily be crafted:
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Figure 2a: Setup used for EGC2024, the left side is the server part and the
right side can be multiple clients. The pairing engine is contained in the API

Webapp.

Since the interface has been coded using a responsive layout, Pairgoth can
already be used on a handheld device, but running inside a full-fledged mo-
bile application is a future goal. For a mobile application, the browser and

the View Webapp will both be embedded on the client side:
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Figure 2b: Details of the mobile version of the application. The server is

running on another machine (left side) and the mobile phone is represented

on the right.

It’s also worth noting that a web client/server application allows a de facto
multi-user mode. In its current state, one user has to refresh its page to see
changes committed by others. Future versions will make use of the Server

Sent Events technology to have all changes be visible in real time.

The authentication layer is fully configurable and can be one of the follow-
ing modes:
- “none” for when no authentication is needed, for instance, when running
ocally
- “sesame” to share a single password among a tournament organizers, ide-
al when Pairgoth is running on the local network
- “oauth” to allow a single-sign-on process by the use of an external au-

thentication server

We see in Figure 2a that the majority of the architecture doesn’t depend

on the game played like Chess, Go or Scrabble and only the pairing engine
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contained in the Webapp can change. So if we want to extend Pairgoth with
a rare pairing system for a specific case or a specific game we don’t have a
lot of work to do. Once all the software is stable, we plan to add several new
pairing algorithms and we wish external developers will be able to add their
own and share them, as well as any useful import/export or publication tool

using the API.

III. The pairing engine

Given a list of players and a set of criteria, the task of the pairing engine
is to output a list of games which best fits the criteria. These criteria take
into account the pairing system used (Swiss, Mac-Mahon, Round-Robin, ...)
as well as tournament parameters (handicap correction, avoiding intra-club
pairings, ...). In this section, a detailed description of the pairing algorithm is

given,
1. Data representation

Following OpenGotha and Mac-Mahon softwares, a graph structure is
used in Pairgoth. A graph is a mathematical object consisting of points (called
vertices) linked together by lines (called edges). Each player is associated
with a vertex and a game between two players is represented by the edge
linking their vertices. An example of the graph representation of a pairing
is shown in Figure 3(a). The graph represents 5 players (A to E) between
which 2 games are played (A vs. C and B vs. D). Because of the odd num-
bers of players, player E is not paired (E is the bye player). Given the same 5
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players, many other pairings are possible. In the next subsection, the general

algorithm to find the best pairing is presented.

2. General pairing algorithm

To find the best pairing, weights are associated with each possible game.
Games fitting the tournament criteria will be associated with a large weight,

whereas unwanted games will be given a small weight.

The first step of the algorithm is to compute the weights for all the possible
games. For each player i, one needs to loop over all the other players j and
to compute w(i,j) the weight associated to a game between i and j. Notice
that for N players, the weight function is called N*(N-1) times. A description
of the weight function is given in the next subsection. A simplified example
is shown in Fig. 3b where weights have been assigned to all the edges. In
this simplified example, the weight has been assumed symmetric, whereas it
might not be the case. If one of the criteria is to balance the number of times

each player gets to play Black and White, w(i,j) will be different from w(j,i).

The second step of the algorithm is to find a pairing involving all the
players which maximizes the sum of weights. In graph theory, this is called
a maximum weight perfect matching. In Pairgoth, this optimization step is
performed by the external library jgrapht (Dimitrios2020) relying on the
Blossom V algorithm (Kolmogorov2009). The algorithm is guaranteed to
give a maximum weight perfect matching. However, the solution might not
be unique. If several maximum weight perfect matchings coexist, only one is

returned,
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Figure 3: (a) A graph representation of pairings involving 5 players and
two games (A vs. C and B vs. D) (b) A graph representation of all the possi-
ble games with the associated weights. The maximum weight perfect match-

ing is shown in bold (A vs. C and B vs. D). E is the bye player.

3. Weighting function

Most of the complexity of the pairing engine lies in the weighting function.
Pairgoth’s weighting function is designed to reproduce OpenGotha evaluation
function. This was especially useful during testing and debugging.

The weight associated with a game is computed as a sum of weights asso-
ciated with different criteria. The exhaustive list of the criteria, ranked from
most important to last, is the following (along with the associated function in

Pairgoth 0.14):

. players did not already play each other (avoidDuplicatingGames)
. minimize score difference (minimizeScoreDifference)
. add randomness to the pairings (applyRandom)

. balance drawn-up and drawn-down (applyDUDD)

a A~ w N =

. apply Split & Slip/Fold/Random (applySeeding)
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6. balance White and Black for each player (applyColorBalance)

7. avoid intra-club/country pairings (Geographical.apply)

To tackle the importance of the different criteria, each of them has a de-
fined maximum weight. The largest maximum weights are associated with
the most important criteria. For instance, for a typical Go Mac-Mahon tour-
nament, the maximum weight associated with avoiding duplicate games is
5000 times larger than the weight minimizing score difference, which is
itself 100 times larger than the weight applying randomness. It is in general
not recommended changing these maximal values, but it might be necessary
when adapting Pairgoth to other games, or to modify the relative importance

of the criteria.

In the next paragraphs, all the criteria are presented, as well as their main
parameters, They are described in the default order presented above.

The first criterion makes sure that two players do not play more than one
game in a given tournament. This can be deactivated, for instance, when or-
ganizing a Double Round-Robin tournament,

The second criterion minimizes the score difference between two paired
players. In a Swiss system, it makes sure that players with the same number
of wins will play together. In a Mac-Mahon tournament, it minimizes the
Mac-Mahon score difference between two paired players, hence naturally
minimizing the handicap (if any).

The third criterion allows for randomness. If selected, the players with the
same score will be paired randomly and not along a standard Split & Slip/
Fold/Random. If deterministic randomness is chosen, a given set of tourna-

ment parameters and players will always give the same pairings. Otherwise,
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the pairings will be different.

The fourth criterion, referred to as Draw-up/Draw-down, handles odd
groups of players. In that case, a player, called a floater, must be removed
from the group and added to another group. A detailed description of this cri-
terion and its parameters is given in the next subsection,

The fifth criterion applies a Split & Slip/Fold/Random (referred to as a
seeding) inside a group of players with the same score. The three different
seedings are described in Figure 4. Two different seedings can be used during
a tournament, for instance Split & Random for the first two rounds and Split
& Split for the remaining rounds.

The sixth criterion balances the number of times a player is playing Black
or White.

The seventh criterion can be applied to avoid pairings between players of
the same club or the same country. It can be parametrized using the preferred
score gap. For instance, an intra-club pairing preferred score gap of 3 (default
value) means that the pairing engine will prefer a game between players of
different score (up to a difference of 3) over a game between players of the
same club. Additional parameters include the threshold above which this
criterion is not applied (for instance in the top group of a Mac-Mahon tourna-

ment).
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Split & Slip Fold Random
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player 2 / player 6 player 7 player 8
VS
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Figure 4: Sketch representing the three types of seeding. A group of or-
dered players (8 here) with the same score is first split into two equal parts
who will play against each other. Keeping the initial order for the first part,
the order of the players in the bottom part defines the type of seeding. In
Slip, the order is unchanged. In Fold the order is reversed. In Random the

order is randomly assigned.

Most of the pairing parameters are accessible through the UI. On the infor-
mation page of the tournament are found the most important parameters, such
as the system (Swiss, Mac-Mahon, ...), the number of rounds or the handicap
settings. In Edit mode, the advanced parameters appear at the bottom, allow-
ing users to tweak the seven criteria mentioned above. A sketch is shown in

Figure 5.
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pairguth 1 Information 2 Registration 3 Pairing 4 Results 5 Standings
Toulouse_2024 o
Go to Information” name Dates
Toulouse_2024 from 06/05/2025 to 08/05/2025
Country Location
online tournament
France v Puycelsi
M ain pa irin g Director Short name
Dufour Thomas 2024-Toulouse_352
parameters
Tournament type Rounds|
Individual players 6
Pairing. Hd correction MM floor MM bar No hd threshold
Mac Mahon 1 20k v 2k v 1d
Advanced pairing roes Goban Komi
French rules v 19x19 il 75
parameters
i Main time Increment Max time
Fischer timing 00:40:00 00:00:20 k-
Cancel x Update v
pargoth 013 !

Figure 5: Sketch showing where to find all the pairing parameters in Pair-

goth’s UL

4. Draw-up draw-down behavior

The draw-up/draw-down (DUDD) criterion might lead to non-intuitive be-
havior. This criterion is needed to deal with floaters, i.e. extra players in odd
groups of players. One set of parameters deals with the choice of the extra
players. One can choose to remove the player at the top, in the middle, or at
the bottom of the group. This can be done independently for the upper and
the lower groups. These choices are mandatory and are likely to affect the
results of a tournament. In Pairgoth, the middle/middle choice is the default
value.

In any case, a player which has previously been drawn-up (or drawn-
down) is unlikely to be drawn again in the same sense. By default, Pairgoth
will try to compensate a previous draw-up by a draw-down, and vice versa.
This compensation can be deactivated in the advanced parameters.

When choosing to compensate for previous DUDD, it is recommended to
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have the same parameter for the choice of the floater in both upper and lower
groups (for instance middle/middle). In a Mac-Mahon tournament with a
top group, a bottom/top choice can be made to protect the SOSOS of drawn-
down top group players. However, if combined with the compensation for
previous DUDD, the drawn-up players from the top of the second group will

be drawn-down in the next rounds.

5. Towards fair standings in Go tournaments

When organizing a tournament, a compromise should be found between
offering an enjoyable experience to all the players and having final standings
which best reflect players performance. Some players might not be able, or
might not choose, to play all the rounds. The pairing system should be robust
enough to allow this without penalizing the players whose opponents did not
play all the rounds. Notice that for some important events, playing all the
rounds is a criterion to enter the top group. When it is not the case, or for the
other players, one needs to define fair standings criteria. Without loss of gen-
erality, a Mac-Mahon tournament will be discussed in the next paragraph, as

it is the most probable system for big tournaments.

The first standing criterion is the Mac-Mahon score (MMS), equal to the
initial score plus the number of wins. A player skipping a round is awarded
half a point of MMS (this can be adjusted to 0 or 1 in the advanced parame-
ters). The MMS is not affected by opponents skipping a round.

A common second criterion is the Sum of Opponents Score (SOS), which
is the sum of opponents MMS. A player skipping a round does not have an

opponent for the said round, which will lower its SOS. To overcome this
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issue, its initial MMS is added to its SOS for each skipped round. This is
the default behavior, as well as OpenGotha’s behavior. In Pairgoth, a new
available option is to add its initial Mac-Mahon score plus half the number of
rounds (corresponding to a 50% chance of winning each round).This meth-
od is believed to be fairer, especially in tournaments with a large number of
rounds such as the European Go Congress Main Open tournament.

A common third criterion is the Sum of Opponents SOS (SOSOS). Thanks
to the correction applied to the SOS of players who skipped rounds, the SO-

SOS can be computed naturally.

I'V. Results and discussions

1. From beta to a robust software

Achieving a bug-free implementation of Pairgoth for EGC 2024 necessi-
tates extensive testing across various tournaments of different sizes. We have
shared Pairgoth with all tournament organizers in France and established
a mailing list (pairgoth-dev@jeudego.org) to gather feedback. Pairgoth is
accessible at the following URL: https://pairgoth.jeudego.org/en/index-ffg.
This initiative has allowed us to resolve many bugs within the Pairgoth pair-
ing system, as well as some pre-existing issues in OpenGotha.

Before using Pairgoth on large scale international tournaments, it has been
thoroughly tested. Its first successful event was the international Grenoble
tournament (TIGGRE 2024), which hosted 158 players ranging from 29 kyu
to 7 dan. At the Paris international tournament, although Pairgoth could not

be used alone due to printing issues, the pairings were successfully verified
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with those of OpenGotha. Several small to medium-sized tournaments have
also used Pairgoth, and any bugs encountered in the pairing system were not
critical, with tournament organizers occasionally able to manually correct
pairings. These issues, which have now been solved, helped to build up Pair-

goth s reliability.
2. Pairgoth’ s achievements at major international Go tournaments

Pairgoth was successfully utilized during European Go Congress 2024,
held in Toulouse from July 27th to August 11th. It handled three large-scale
Mac-Mahon tournaments: the Open (10 rounds, 869 participants), the Rapid
(8 rounds, 465 players) and the Weekend (5 rounds, 619 participants). The
software’s web-based interface facilitated collaboration among tournament
organizers, allowing simultaneous real-time updates of the results. This was
particularly useful for the Weekend tournaments which involved several
rounds per day. On-site feedback from the organizers allowed real time ad-
justments of the software, improving its robustness and flexibility.

Pairgoth was adopted for the pairings of the 19th Korea Prime Minister
Cup (KPMC), held in Taebaek from 20th to 26th September 2024. This
annual tournament, organized by the Korean Baduk Association, is a world-
class event welcoming players from all around the globe. This year, 60 coun-
tries were represented. The players (from 6k to 7d) were competing during a
7 rounds Swiss tournament. The integration of Pairgoth marked a significant
advancement in the tournament’s pairing process. Traditionally, initial round
pairings were determined by random draws, which occasionally led to unbal-
anced matchups. In order to give everyone a chance while ensuring a reason-

able rank difference for each game, the Split & Slip system was chosen. It
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resulted in more balanced pairings and positive feedback from participants.
The software’s web-based interface also enhanced accessibility and ease of
use for the organizers.

Overall, feedback from tournament organizers indicates that the new user
interface is more intuitive and less cumbersome. The smartphone version of
Pairgoth was partly used during KPMC, but has not yet been tested on a larg-
er scale.

Although Pairgoth has mainly been used by French tournament organizers,
it is beginning to expand worldwide, with notable adoption in Germany and
the USA. Apart from French and English , the software is currently available
in German and in Korean. We hope to see increased usage in the future, mak-

ing it a new standard of Go tournaments organization.

V Conclusions

Pairgoth, a flexible pairing software, has been presented in this paper. It is
currently used for efficient organization of Go tournaments, but can also be
used for other games such as Chess, Shogi or Scrabble. Pairgoth is free and
available under an open source license at https://pairgoth.jeudego.org/en/in-
dex-ffg. Pairgoth relies on a modular architecture, allowing easy maintenance
and the possibility to add new pairing systems with minimal development,

Features belonging to other games can also be easily implemented.

Pairgoth has been successfully used in several tournaments organized in
France (including Grenoble and Paris international tournaments). It already
reached users in Germany and the USA, and might be used for the Korean

Prime Minister Cup (KPMC), showing a growing international community of
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users.

Pairgoth stands out due to its innovative features, such as managing a
tournament through multiple clients, the solidity of its theoretical basis, and
the adaptability of its architecture. While Pairgoth is already a success, this
achievement represents only the first step in the development of a modern
and flexible pairing software that we hope will attract a large, international

community of users, maintainers, and developers.
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Abstract

This article presents findings from a classroom-based research project
examining the innovative integration of the ancient board game Go in third-
grade classrooms within a suburban U.S. school district. The study involved
six teachers and over 100 students. In Phase 1, the Go teacher provided six
weekly on-site lessons and four monthly lessons in Phase 2. Each lesson
consisted of approximately 10-15 minutes of instruction and 20 minutes of
gameplay. The research sought to answer three key questions: 1) What ad-
aptations are necessary for implementing Go as a game-based learning tool
in classrooms? 2) What natural opportunities for learning and using mathe-
matics arise from playing Go? 3) How do teachers and students perceive the

game of Go?
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Adapting the Go game was essential to make it better suited to the practical
demands of the classroom setting. Smaller boards allow Go to fit easily with-
in class periods and match students’ beginner levels. Emphasizing the “nat-
ural” objective of the game — ensuring stones survive forever on the board
— along with a simplified scoring rule based on counting surviving stones
provided a student-friendly, concrete approach to gameplay. Additionally,
rearranging the remaining stones into recognizable number shapes helped
students count, recognize numbers quickly, and easily calculate and verify
scores. These key adaptations also created a low-pressure, interactive way
for students to practice foundational math skills in a game-based learning en-

vironment,

Data analysis revealed that students employed essential math skills aligned
with the Common Core State Standards for Mathematics (CCSS-M) during
Go games. Students with varying mathematical abilities demonstrated high
levels of engagement and focused attention during Go lessons and games. As
the project progressed, students moved away from counting stones individu-
ally and using skip counting to more efficient approaches to calculating their
final scores, such as using number shapes and arrays for multiplication. This
practice allowed students to engage in perceptual and conceptual subitizing -
critical number sense skills that promote mastery of arithmetic. Arrays also
helped students grasp the critical concepts of commutative and distributive
properties of multiplication, which are visually evident on the Go game

board.

This research provided empirical support for the connections between

Grades K-3 CCSS-M standards and Go. Teachers observed that their students
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frequently applied math skills during Go gameplay and experienced valuable
opportunities to reinforce concepts from their ongoing math curriculum.
Students reported using their math skills while playing Go. For example,
when asked how to introduce Go to their friends, they noted that it can help
them learn how to be a good leader and help them practice math skills. Some
students described Go as “a cool, fun strategy game that’s sometimes chal-
lenging and uses a lot of math skills.” Notably, students with special needs,
including those with Attention Deficit/Hyperactivity Disorder and Autism
Spectrum Disorder, actively participated in Go games with their peers with-
out disabilities, without needing their classroom aides. Teachers noted that
Go games created an alternative low-anxiety math learning space in their
mathematics classrooms. In addition to its mathematical benefits, teachers
recognized that Go improved students’ attention, engagement, collaborative

learning, and decision-making.

Keywords: Go game, game-based learning, mathematics education, num-

bers, learning standards, all learners.
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I. Background

The struggle with mathematics is a pervasive problem in schools in the
United States. Between 5% and 14% of all school-age students have signifi-
cant math deficits and persistent difficulty with mathematics that impact their
abilities to solve fundamental math problems (Hott et al., 2014; Mazzocco et
al., 2011). At the heart of these difficulties are issues with numbers, a core
characteristic of mathematical learning challenges, including math learning
disabilities like dyscalculia (Chinn & Ashcroft, 2017). Besides experiencing
a lack of mastery of number facts, students with math learning difficulties
and disabilities might also have deficits in working memory functioning, vi-
suospatial thinking, poor number sense, and math anxiety (Berch & Mazzoc-
o, 2007). Starting from early elementary, students experience math anxiety
and a low self-concept in their mathematical abilities—both significant fac-
tors influencing math achievement (Gurganus, 2017). Early interventions to
improve children’s understanding of the relationships among numerals should
start as soon as possible in schools to improve their math skills and reduce

math anxiety (Geary, et al., 2013; Ramirez et al., 2017).

Games, including both digital and board games, can provide alternative
learning spaces for students to enhance their cognition and academic skills
(Steinkuehler & Squire, 2014). A critical factor in designing effective game-
based learning environments is finding the right balance between teaching the
subject and explaining how to play the game (Plass et al., 2010). Another
important factor is selecting “good games” that strike a balance—neither too
simple and boring nor too difficult and frustrating, These games allow students
to play within their Zone of Proximal Development (ZPD) (Vygotsky, 1978)

and gain the most from the instruction and feedback teachers or peers provide.

- 74 -uhssAT




Teachers may use games for various purposes that are conducive to learn-
ing: enjoyment, motivation and engagement, the development of social
skills, higher-level thinking, and improvement of mathematical knowledge
(Bragg, 2012). Playing board games can create opportunities for children
to practice their numeracy and spatial skills (Ramani & Eason, 2016) and
provide them with “visual and spatial analogs of number representations that
children can actively explore in a hands-on fashion” (p.292, Griffin, 2005).
Games can also allow students to “encounter many opportunities to use num-
bers to make sense of quantity representations” (p.42, Griffin, 2005). Incor-
porating number-relevant board games can help children link math concepts

and develop a positive attitude toward math (Petersen & Hyde, 2017).

Several neuroimaging studies have revealed that playing board games like
Go relates to executive function and problem-solving skills. In a study by
Kim et al. (2014), the researchers found that, after playing Go for 16 weeks,
the students in the ADHD group showed notable improvement in inattention
and executive function. The study also indicated the possible therapeutic ef-

fects of playing Go with students who have ADHD.

Go originated in China over 3,000 years ago, and Japan played a crucial
role in introducing the game to the Western world in the late 1800s. It is
“the oldest game still played in its original form” (American Go Association,
https://www.usgo.org/brief-history-go). Over 46 million people worldwide
know how to play Go, and an increasing number of Go fans in about 75
member nations across five continents (International Go Federation, https://

www.intergofed.org/).
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This groundbreaking classroom-based research aims to empirically inves-
tigate the benefits of playing Go in elementary classrooms, particularly for
learning mathematics. It is the very likely first study in the U.S. to explore
Go’s connection to mathematical learning in the classroom. This study ad-
dresses the following questions: 1) What adaptations are necessary for im-
plementing Go as a game-based learning tool in classrooms? 2) What natural
opportunities for learning and using mathematics arise from playing Go? 3)
How do teachers and students perceive the game of Go? The following sec-

tions of the article address each of the three questions in turn.

II. Research Methods

The study included six teachers and around one hundred third-grade stu-
dents at a suburban elementary school in the Midwest, with the teachers
working across four different classrooms. In the first phase, the Go game
instructor conducted six weekly on-site lessons for students in their math
classrooms. The second phase consisted of four monthly lessons, two held
remotely via Zoom. In total, the study included ten game sessions. The Go
instructor used “Go” and “Weiqi” interchangeably during instruction to refer

to the game.

The five classes of students were split into two smaller groups of about 45
students each, who received Go game lessons at different times according
to a pre-arranged schedule. Each lesson included approximately 10 to 15
minutes of direct instruction on Go strategies and 20 to 25 minutes of game-

play. The lessons followed a consistent structure, beginning with the lesson
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objective, one or two focal strategies, and a cumulative review of previously

learned strategies.

The Go instructor used slides projected on a screen and a mini whiteboard
for demonstrations, illustrating authentic game situations in each session that
were directly related to school math concepts. For instance, after a demo
game, he would ask students to share their scores and explain how they cal-
culated them. While students played, he circulated the room, offering feed-
back and asking prompting questions that encouraged them to think critically

about and apply math skills.

This qualitative study aimed to uncover natural moments during Go les-
sons where students applied their math skills and reasoning. In addition, it
sought to explore participants’ perceptions of how this strategy board game
supports students’ mathematics learning. To achieve these objectives, the re-

searcher collected the following data:

- Beginning and end-of-project teacher surveys

- End-of-project teacher interview

- End-of-project student survey

- Student artifacts related to Go game (e.g., completed score tables)
- Videos of gameplay

- Observational notes
These diverse data sources ensured data triangulation and a more compre-

hensive understanding of the phenomena (Miles & Huberman, 1994; Silver-

man, 2022). The initial and end-of-project teacher and student surveys pro-
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vided insights into how teachers’ views on the game evolved and allowed for
comparing teacher and student responses. End-of-project teacher interviews,
conducted via Zoom, offered an in-depth look at teachers’ perceptions of
the mathematical learning opportunities presented by Go and their observa-
tions on student engagement across high, average, and low math achievers.
The teacher surveys included matching questions to help identify whether
teachers’ observations of student engagement and math use during gameplay
aligned with students’ reported experiences. Classroom observations and vid-
eo clips further documented significant instances of student interactions and
discussions about Go, especially moments that organically linked the game to
mathematics.

Both deductive and inductive approaches were used to analyze and code
the data. This process revealed themes and patterns related to students’ en-
gagement and mathematical learning through gameplay. As the analysis
progressed, data were recoded to refine and clarify these emerging themes,
offering deeper insights into how Go supported students’ mathematical rea-

soning, skill application, and other aspects of learning.

I11. Results

1. Adaptations to Go Game-Based Learning in Class-
rooms

Designing effective game-based learning begins with selecting good

games. Go is an excellent example, which is inherently engaging and in-

creasingly challenging. It embodies four key characteristics: Simple, Elegant,
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Profound, and Abstract (SEPA). Although Go is easy to learn, it offers depth
and complexity suitable for players of all skill levels, from novice to expert.
However, even great board games like Go require some adaptation to fit the
unique demands of classroom settings, such as curriculum requirements, time

constraints, students’ knowledge levels, and other factors.

1.1 Adapting the Go Classroom Set

Go is a strategy board game in which two players take turns placing their
pieces—black and white stones—on the vacant intersections of a 19 x 19
board/grid. However, this format is more suited to adult and skilled players
rather than meeting the needs of novice players in U.S. elementary class-

rooms.

With each mathematics class typically lasting 30 to 50 minutes at the
school of study, it is essential to adapt the game using smaller boards: 6 x 6
or 7x 7. The 6 x 6 board is typically used for teacher demonstrations and in-
troductory gameplay, while the 7 x 7 boards are used as students progress to

the next level.

We also created Go classroom sets to make it a low-maintenance game for
busy teachers. Each classroom set includes a handled plastic storage con-
tainer holding Mini-Go sets (pairs of small, transparent boxes for black and
white stones) for the students in the classroom. Additionally, teachers receive
a magnetic demo board with magnets to facilitate quick game demonstra-

tions.
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1.2 Adopting the “Natural” Rule for Go Gameplay

To introduce Go to absolute beginners in the classroom, we reframed the
game’s goal and introduced the “natural” rule to make it more accessible
and engaging. Each player takes on the role of a country’s leader, with their
stones representing their people, aiming to keep as many of their people on
the board as possible. The final score, or “population score,” is determined
by the number of stones surviving at the game’s end. Techniques to achieve
this include making two eyes, capturing the opponent’s stones, and building

up territories.

Figure 1 below illustrates the progression of a Go game, from an empty
board at the start to the end, when both players pass, leaving two eyes for
their groups of stones to ensure survival forever. The two eyes protect them

from being captured by their opponents.

Beginning End
Emptiness Completeness

Figure 1. From an Empty Board to Completion

Aligned with the adapted game goal is a natural counting rule: a player’s
final score is the total number of surviving stones, or “population,” remaining
on the board at the completion of the game. This absolute counting meth-

od is more straightforward for elementary students new to Go, as counting
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stones is more concrete than calculating territories, defined by empty inter-
sections surrounded by the player’s stones. To assist with score calculation,
students learn the “rearrange” method to organize their surviving stones
into easy-to-recognize shapes to facilitate instant number recognition and
cross-verification with their opponents. Figure 2 shows how a group of ten
black stones in the left image can be rearranged into a rectangular shape rep-

resenting the number ten in the right image.

Figure 2. Rearrangement Stones into Number Shapes

5 [ Bai F
! Rectangle 5ix choal Bus. Saven
Rectangle Eight Sauare Ning Turtle Ter

Figure 3 displays the names of the basic number shapes used in the class-

room version of Go:
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Each number shape is assigned a unique name, making it easier for stu-
dents to remember and communicate them to each other. One activity linked
to these shapes is the “flash and tell” exercise, where the Go instructor quick-
ly displays a number shape, hides it, and asks students to identify the number
they saw. This activity aligns well with the CCSSM standards, particularly
those related to counting objects arranged in different configurations. How-
ever, unlike basic counting tasks, the number-shape activity in Go is aimed
at efficiency. Instead of counting one by one, students subitize and recognize

groups of objects, particularly by tens.

The number shapes are designed to enhance students’ perceptual and con-
ceptual subitizing abilities, which are crucial for mastering number opera-
tions (Clements, 1999; Sarama & Clements, 2009; Starkey & McCandliss,
2014). “Directing children’s attention to patterns through perceptual and
especially conceptual subitizing helps children develop abstract number and
arithmetic strategies” (Institute of Medicine and National Research Council,
2015, p.123). This skill is essential because many students with mathemat-
ical difficulties rely on immature counting strategies to solve simple arith-
metic problems. A lack of these foundational competencies has been linked
to mathematics learning disabilities and difficulties (Berch & Mazzocco,
2007; Butterworth, 2018). The number shape activity not only supports Go
gameplay through efficient score calculation but also provides students with a

practical opportunity to practice and strengthen their math skills.
1.3 Adapting How Core Strategies Are Introduced

The key concept in this game is Qi or liberty. For a stone to stay on the

board, it must have at least one Qi, which is any vacant intersection directly

- 82 -uhssAT




connected to the stone (up, down, left, or right, but not diagonally). Qi is
introduced to students as an energy source, similar to an air supply, with sup-
porting visuals illustrating this idea. Simple, memorable phrases like “No Qi,
No Life” reinforce this concept for students. The instruction on Qi is effec-

tively conveyed using diagrams, such as those shown in Figure 4.

In image A of Figure 4, the black stone near the center of the board has
four vacant points adjacent to it, connected by vertical and horizontal lines.
These represent four Qi points. In image B, the black stone positioned at the
edge has three Qi points, while the white stone in the lower right corner has
only two Qi points. The Go instructor used the Qi concept, as shown in these
diagrams, to guide students in thinking strategically about where to place

their stones at the start of the game.

x x
—x—‘—x ‘—x
X X
X
x-O
A B

Figure 4. Concept of Qi (liberty)

Another key concept introduced to the students is the capture rule. Capture

consists of three steps: 1) Discover that your opponent’s stone or group of
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stones has only one Qi remaining, 2) place your stone to take away the last
Qi, and 3) remove all Qi-less stones from the board. In Figure 5 below, im-
age A shows a black stone with only one Qi left (indicated by the cross sign).
The white stone player spots this opportunity and places a white stone there
to eliminate the black stone’s final Qi. The black stone is captured and re-
moved instantly from the board, as shown in image C. Similar scenarios with

a string of stones are also introduced during the instruction.

The instructor also introduces strategies, such as connecting stones to
increase Qi, the concept of groups, and other techniques, throughout the in-
structional periods and as opportunities for incidental teaching arise during
students’ gameplay. One guideline for recruiting students’ interest in the
game is to enable them to start playing as soon as possible, usually within 15

minutes of the introduction in the first class.

T T T
00| |00 |0TO|
X O Q

Figure 5. Steps of Capture
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2. Natural Opportunities for Learning and Using
Mathematics

2.1 Correlation Between Go and Math Learning Standards
In our implementation of Go in educational contexts, we highlight that it
is not merely a game of strategy but, more importantly, a game of numbers
that can assist teachers in helping students achieve the Common Core State
Standards for Mathematics (CCSSM). Adopted by most states in the United
States, these standards outline what students should know and be able to do

in mathematics from kindergarten to 12th grade.

An item-by-item analysis of CCSSM, using the following Correlation
Model, found that Go addresses roughly 60% of the K-3 mathematics learn-
ing standards across three key domains: Counting & Cardinality, Number &
Operations in Base Ten, and Operations & Algebraic Thinking. This model
generates five scores that show how each math standard is represented in Go

gameplay.
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Score | Definition

Explanation

CCSSM Standards

4 Inherent

connection

Directly applied
in Go game (e.g.,
counting temporary
and final scores,
identifying scores
through subitiz-
ing -- instant recog-
nition of the num-
ber of stones on the

board.)

K.CC.2 Count forward be-
ginning from a given number
within the known sequence
(instead of having to begin at
1).

K.CC.5. Count to answer
“how many?” questions about
as many as 20 things
arranged in a line, a rectan-
gular array, or a circle, or as
many as 10 things in a scat-
tered configuration; given a
number from 1-20, count out

that many objects.

K.CC.6 Identify wheth-
er the number of objects in
one group is greater than, less
than, or equal to the number
of objects in another group,
e.g., by using matching and

counting strategies
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3 Big con-

nection

Applied in Go with
minimal adjust-
ments (e.g., rear-
ranging stones into
number shapes for
score identification
and verification,
using a scorecard,
calculating a run-
ning total, referring
to the Go gameplay
manual, recording

with Go kifu, etc.)

K.CC.3 Write numbers from 0
to 20. Represent a number of
objects with a written numer-
al 0-20 (with O representing a
count of no objects).

1.0A.3-- Apply properties of
operations as strategies to add
and subtract. Examples: If §
+ 3 =11 is known, then 3 + 8
=11 is also known. (Commu-
tative property of addition.)
To add 2 + 6 + 4, the second
two numbers can be added to
make aten, so02+6+4=2+
10 = 12. (Associative proper-
ty of addition.)

1.0A.7 -- Understand the
meaning of the equal sign,
and determine if equations in-
volving addition and subtrac-
tion are true or false. For ex-
ample, which of the following
equations are true and which
are false? 6 =6, 7=8 -1, 5
+2=2+54+1=5+2.

4.0A.1 Interpret a multiplica-
tion equation as a comparison,
e.g., interpret 35 = 5 x 7 as
a statement that 35 is 5 times
as many as 7 and 7 times as
many as 5. Represent verbal
statements of multiplicative
comparisons as multiplication
equations.
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Small con-

nection

Applied in Go
with moderate ad-
justments or spe-
cifically designed
stone-based activi-
ties (e.g., using Go
stones as math ma-
nipulatives to teach
base ten, place val-
ue concepts, and

number operations)

I.NBT.2.a

Understand that the two dig-
its of a two-digit number rep-
resent amounts of tens and
ones. Understand the follow-
ing as special cases: 10 can be
thought of as a bundle of ten

ones—called a “ten.”

1.NBT.2.b

The numbers from 11 to 19
are composed of a ten and
one, two, three, four, five,
six, seven, eight, or nine

ones.

3.NBT.3 Multiply one-dig-
it whole numbers by multiples
of 10 in the range 10-90 (e.g.,
9 x 80, 5 x 60) using strate-
gies based on place value and

properties of operations.

Little con-

nection

Applied in Go with
significant modifi-

cations

K.G.2 Correctly name shapes
regardless of their orientations

or overall size.

Table 1. CCSS-M and Go Game Correlation Model
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Figure 6 illustrates this correlation, showing that 60% of the 96 K-3 stan-
dards naturally align with Go gameplay. This means that, through playing
Go, students can actively apply and reinforce key foundational math skills
such as counting, recognizing number patterns, and number operations in an

engaging, hands-on way.

Common Core math standards and Go correlation

(€) Go and Math Academy, Chicago

25
20
O No connection
O Little
» @ Small
@ Big
10 B Inherent
| l—
)

Number of CCSSM standards

Grade K Grade 1 Grade 2 Grade 3 Grade 4 Grade 5

Figure 6. Common Core Math Standards and Go Game Correlation

2.1 Math Skills and Concepts in Go Gameplay

Qualitative data analysis revealed that students utilized essential math
skills and strategies while playing Go, including skip counting, counting on,
near doubles, single- and multi-digit addition, equal groups, arrays for multi-

plication, and subtraction.

As the project progressed, students shifted from primarily relying on skip

counting at the beginning to increasingly employing arrays and multiplication
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for score calculation by the middle and end. This change can be attributed to
the emphasis the Go game teacher placed on moving and reorganizing stones
at the end of the game to form arrays. By doing so, students actively created
visual representations of numbers that facilitate quick recognition of scores
for each other. Throughout the project, they discovered that multiplication
was the most efficient method for accurately and swiftly determining their

final score, rather than relying on skip counting by ones, twos, etc.

Figure 7 illustrates how two students reorganized their stones into arrays
at the end of the game. When asked to determine the final score for the white
stones, the students quickly identified the array as 6 x 4, answering that the
score was 24. Similarly, the students used the array of black stones to show
the final score as 4 x 2 = 8 for black. Through authentic gameplay, students
connected to the curricular focus on the array model for multiplication. They
applied their multiplication skills efficiently to calculate the score, rather than

counting stones one by one or skip counting.

This approach also minimizes errors when calculating final scores. Addi-
tionally, the game motivated students to collaborate, as they were invested in
achieving accurate scores. Rearranging their stones into number shapes gave
students a shared standard to display the results. They checked each other’s
arrangements to ensure accuracy, emphasizing precision in score verification.
This process encouraged clear communication about numbers and mathemat-

ical procedures, also crucial skills addressed in the math standards.
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Figure 7. Reorganize Stones with Arrays

The students quickly caught on to a number shape called Turtle 10, which
gets its name because it looks like a turtle with its back and head. Counting
by Turtle 10s was easy for students to set up, enjoyable to create, and en-

abled them to display scores in multiples of ten.

Figure 8. Turtle Ten and Arrays
Figure 8 illustrates the final score of white stones: a Turtle 10 plus six

more stones, which is 16. Saying, “So here’s a turtle, a 10. Sixteen!” the stu-

dent instantly recognized that he had 16 stones.
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Go games were conducive to learning the distributive property of multi-
plication. In image A of Figure 9, the student reorganized his white stones
into an array of 3 by 6. When asked for the score, the student answered: “3
times 6, 18. I mean 21” (Counting the three stones in his hand). In image B,
the Go instructor showed how to rearrange the 21 white stones into a 3 by 7
array, demonstrating the connection between 3 x 7 and 3 x 6, where 3 x 7
equals 3 x 6 + 1. This scenario frequently occurred during gameplay, provid-
ing opportunities to connect Go with the distributive property of multiplica-

tion.

Figure 9. Distributive Property Application

The collected videos feature engaging discussions between the Go instruc-
tor and the students. For example, the following transcript shows how the
instructor prompted two students to explain their scoring process, particularly
how they calculated the number of stones remaining on the board at the end

of their game. Figure 10 displays the final scores for the two players.
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Figure 10. Two Students’ Final Scores

GIS (Go instruction specialist): What is the score for black? Without this
one, how many? And then, add this one.

S1: Uhm, 19.

GIS: How do you know?

S1: Because 6 plus 6 is 12, plus another 6, 18

GIS: Multiplication

S1: And then plus 1

GIS: (Asking the other student) How do you know?

S2: This is nine, and this is nine. So nine times 2 is 18. And then this one,

its 19

In this clip, the two students used skip counting by six to determine their
final scores. Before moving on to other students, the instructor asked them
to verbalize the multiplication expression for 3 x 6 and encouraged them to

memorize it: “Three times six is one ten eight, or one ten and eight, the math

name for eighteen.”
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The conversations around the game board in the classrooms resembled in-
cidental “number talks” where students discussed various mathematical con-
cepts and skills, such as counting strategies, arithmetic operations (addition,
subtraction, and multiplication), arrays, equal groups, and geometry (e.g.,
symmetry of shapes). Peers who initially were not focused on applying mul-
tiplication skills from their math classes were reminded of the power of mul-
tiplication during the games. They saw how their peers used multiplication to

gain a clear advantage in efficiently calculating or reporting the final scores.

3. Teachers’ and Students’ Perceptions

3.1 Teachers’ Perceptions of Go Game

Teacher and student surveys and teacher interviews provided evidence of
the significant educational potential of incorporating the Go game into math-
ematics classrooms. Both teachers and students perceived Go positively and
noted its strong connections to math learning standards at the project’s begin-

ning and end. Below are some comments from the teachers in their surveys:

- Students asked to play Weiqi after finishing math assignments.

- Weiqi is often the preferred choice of activities when they have free
choice.

- They are always eager to play.

- The student with ADHD showed a great interest in Weiqi and was atten-
tive during Weiqi lessons.

- Students arrange the stones in a variety of ways to count the stones.

- Turtle 10 and arrays are such powerful visuals for my 3rd graders.
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- The students enjoyed learning how to decompose numbers in new ways.
- The students really benefited from the extra math practice.
- It is a great experience for students to apply math skills naturally and to

practice basic math skills repeatedly in the game.

One teacher referenced explicitly the power of rearrangement of stones for

math learning:

My students are asking to play Weiqi after they finish their math assign-
ments. They are enjoying the challenge, and it is often the preferred
choice of activities when they have free choice. All the strategies for
staying alive are useful but I love it most when it’s time to calculate the
final score. Students are arranging the stones in a variety of ways to
count the stones. Turtle 10 and arrays are such powerful visuals for my

3rd graders.

In one classroom, a gameplay video of two students provided valuable in-
sight into how they took ownership of the final scores. The transcript below
is the conversation between two students playing on a 7x7 board as they re-
arranged the stones to calculate their final scores and recorded the results on

their scoresheets.

White stone student (WSS): I have 26 again.

(WSS notices she has the same score as in the previous game)

Game Instructor: You have 26. What's the final score for black?
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Black stone student (BSS): Itis 19.

(BSS begins to write 19 on her scorecard.)

WSS notices that BSS had written an incorrect score for the previous game

and points out the mistake.

WSS: This is 19. Remember, I told you it’s 19.”

(BSS erases the previous number and writes the correct one.)

BSS: I counted wrong.

Although the Go instructor prioritized educational benefits over competi-
tion, this conversation revealed that students cared about their scores in each
game. The two students demonstrated a strong sense of ownership in the
game process, motivating them to cross-check each other’s scores with pre-
cision using number shapes. When asked to cross-verify each other’s scores,
students present their results in precise number shapes, which makes it easier
for their opponents to confirm. This practice taught them the importance of

number precision and accuracy in their calculations.

In this context, applying math skills became both natural and authentic.
To downplay competition, students could select their best games to record on
their scorecards and add to their running total. The scorecard tool helped pre-
vent discouragement from a zero score (no remaining stones). This approach
was essential for encouraging beginners. In these classrooms, students fre-

quently assisted each other by suggesting moves, and we observed sustained
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interest from students with special needs.

Various mathematical skills were observed as students played the Go
games, including those about number operations and visual/spatial thinking.
It is important to note that all teachers recognized the connections between
the Go game and concrete representation of numbers, multiplication, and
mental math, Table 2 compares teachers’ observations of connections over
time, indicating the percentage of teachers who noted connections between

Go and mathematical concepts and skills covered in the CCSSM.

. Teacher Teacher
Connections between the Go game
. Responses Responses
and mathematics you have ob- L.
(Beginning-of- | (End-of-
served your students learn and play > .
the-Project | the-Project
Go?
Survey) Survey)
- Concrete representations of numbers | 100% 100%
- Multiplication 100% 100%
- Mental math 100% 100%
- Visual/spatial thinking N/A 100%
- Composition and decomposition of
83% 100%
numbers
- Number sense 83% 86%
Addition- 67% 86%
- Subtraction 67% 86%
Checking answers (scores) 67% 86%
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Count on N/A 71%

Repeated addition 67% N/A
Repeated practice of basic facts 67% 71%
Skip counting 67% 71%
Regrouping 50% 57%

Table 2. Teachers’ Observations of Students’ Application of Math Skills

During Go Games

The data indicate that regrouping was the least observed skill during stu-
dent gameplay, with only 57% of teachers noting its occurrence by the end of
the project, which is lower than other math skills and concepts. This may be
because regrouping requires more explicit instruction using Go game stones
rather than being naturally integrated into gameplay discussions. According
to the Correlation Model, regrouping receives a score of 2, indicating a weak
connection to the standards. It typically involves multi-digit number opera-
tions, such as performing standard algorithms for addition and subtraction. It
entails changing the place value of digits, particularly when carrying over a

digit during computation,

In addition, the teachers recognized several general benefits of Go game-
play, including increased student attention, heightened engagement, and
enhanced decision-making skills. All six teachers noted that Go promoted
“thinking about decision-making,” a crucial component of metacognition.
This aligns with Goal 3 of the Social/Emotional Learning Standards for K-12

students in the state, which emphasizes demonstrating decision-making skills

- 98 - ST




and responsible behaviors in personal, school, and community contexts.

Over 70% of the teachers indicate that Go provided the following bene-
fits to their students: increased engagement and attention, consideration of
consequences, greater motivation in the learning process, and the low-cost,
low-maintenance nature of the game for classroom teachers. More than 40%
of teachers also highlighted Go’s positive impact on social-emotional learning
and the development of students’ ownership and agency. Additionally, 30%

of teachers mentioned improved communication as a valuable benefit.

In a recent email correspondence, one of the teachers shared the following
comment about two of her students with special needs, including Brandon, a

student with ADHD, and their behaviors during the Go game:

Thank you so much for sharing the clips with me! The student I was
talking about is Ethan, and he is the other player in the video!! How
exciting is that!! Ethan is also one that needs a lot of attention, and
he is the one who will benefit from the social-emotional piece of the
game, as well as math, for sure. He is easy to get frustrated. But Bran-
don, you can tell that he is always excited to play the game and can
stay very focused during the game. E. is another one too. He definitely
has a passion for learning. I love how he counted! I have used Weiqi
in my extended times for students who finish work early and during

recess.

3.2 Students’ Perceptions of Go Game

An overwhelming majority of the students reported that they used math
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skills while playing Go games. A total of 47 students from three of the four
classrooms completed and returned the survey. In their responses, students
identified addition and multiplication as the primary math skills they applied
in Go games, followed by subtraction, combined operations (adding, sub-
tracting, and multiplying), and repeated addition. Some students also report-
ed using the commutative and distributive properties. This result was encour-
aging, as the students were concurrently learning multiplication in their third-

grade math curriculum during the study.

An open-ended question students answered asked them to share how they
would introduce Go to a friend and what they would say about the game. Be-

low are some representative responses:

- It is a cool and fun game but sometimes can be challenging; you use a lot
of math skills.

- It is a good game about math but you don’t know you are doing math,

- Weiqi is a game of strategy.

- A game of math and strategy using stones that you move around in lines

- It’s a nice cool game and has math skills in it.

- Weiqi is a fun way to play against someone and build your math facts as
well as your strategy in a game!

- Weigqi is a fun game with friends. It is a game of numbers.

- Weiqi can help you learn how to be a good leader and you can use your
math skills!

- That it is a good game to play and it will help you with your math skills.

- It's a game about surviving and math,

i
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I'V. Discussion

This exploratory study of Go game implementation in third-grade class-
rooms provides empirical evidence for Go’s potential to engage students in
mathematical learning and practice. Positive teacher and student perceptions
can be attributed to two key factors. First, the Go game instructor delivered
clear, well-paced, well-designed lessons to students in the project’s initial
phase, which allowed the teachers to observe their students’ gameplay and
familiarize themselves with the game. This preparation enabled teachers to
later join students in gameplay and provide support. Second, key adapta-
tions—such as smaller boards and simplified, intuitive rules for gameplay
and scoring—were made to meet the unique demands of classroom settings,

helping to match the game to ongoing math instruction.

Qualitative data collected during gameplay reveals a natural progression in
students’ mathematical thinking. As students reorganized stones into arrays,
they moved from basic counting strategies to more complex multiplicative
reasoning. This shift suggests that game-based learning can support deeper
conceptual understanding. The collaborative nature of the game also pro-
moted peer-mediated learning, enriching students’ mathematical discussions.
As students verified scores and shared strategies, they reinforced their math
skills while developing a growth-oriented, collaborative mindset. Both teach-
ers and students recognized Go’s value, seeing it as an engaging tool for math
practice in a fun and supportive environment. Overall, incorporating Go into
the curriculum presents an innovative way to make mathematics more acces-

sible and engaging for students.
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V. Implications

The study provides empirical evidence supporting the integration of Go
as a viable game-based learning tool in elementary mathematics classrooms.
Findings demonstrate that Go can help students build and practice essential
numerical skills through thoughtful and innovative adaptations to the scoring

rule and visual aids like Turtle 10 and arrays.

The study strongly supports incorporating Go regularly in classrooms to
help teachers create a low-anxiety, engaging space where students—especial-
ly those needing reinforcement in numerical skills—can build confidence and
competence in mathematics. Findings demonstrate that Go positively impacts
student learning and provides teachers with a versatile resource for teachers
interested in game-based strategies. Teachers can leverage Go as more than
just a game; it is a flexible tool that enhances student engagement with math-

ematics and fosters meaningful collaboration.

Go proved beneficial for students with diverse mathematical abilities and
attention levels. It fosters peer support, as students naturally share strategies
and reinforce math skills, creating an inclusive, collaborative learning en-
vironment. Notably, students with special needs, who typically require per-
sonal aides and often exhibit behavioral challenges, showed a sharp contrast
during Go instruction. In these moments, they appeared deeply engaged and

absorbed, with classroom aides no longer needing to monitor them closely.

This study underscores Go’s educational potential beyond its competitive
play. It highlights a valuable long-term goal for the Go community: col-

laborating with educators and partnering with schools to introduce Go in




classrooms as early as possible. This approach could significantly impact
children’s mathematics learning at a young age and amplify Go’s pedagogical

benefits.

To effectively teach Go in classroom settings, Go instructors need training
in classroom pedagogy, focusing on making the game meaningful and acces-
sible to all learners, particularly in non-East Asian countries where Go is less
familiar than chess. With this training, Go players interested in enhancing
children’s math education can become valuable assets to their local school
districts, offering Go game expertise and support to classroom teachers. This
type of training ensures that teachers receive the necessary strategies to inte-

grate Go into their classrooms effectively and sustainably.
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FoIAIL Qlet. dutale] 287 el F FaFhEAlof it —"J%% %}Zl e

2) o] 29 Al BE.2 Park(2022)c] oJ&3tt},

AAA, T 7| Bol N HHoR) | e FUAL, 2024, 143 -




& 94 Hxoll SOIIEA AE sl 4, GolelE CEO HAIAS 72
ABAs gob YR 53, 29l sof, 12l Holelz] s|A|A7s} R ot
Abe) 2024 w3 BHPA 44 Sl EIAE 92 B oj3] 2T Sick. [siter
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48t 27} Qich. [Egri-Nagy and Términen (2020a), section 4.2]
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the same time.

3. The manuscripts that violate the submission rules will not be accepted.

4. Author(s) may submit manuscripts at any time of the year. However,
the manuscripts to be published in the upcoming volume should be
submitted no later than two months before the due date of publication.

5. The manuscript shall be reviewed according to the peer review process
and the regulations of this society.

6. Whether or not to accept a manuscript is subject to the decision of
the editorial committee of the journal, and partial revisions of the
manuscript may be requested.

7. Author(s) shall submit the manuscripts together with the submission
application form via the official e-mail of the Secretary General.

8. All author(s) should also include the title, the author’s name, and the

details of their affiliation, and e-mail address on the first page of the

manuscript.

9. The manuscripts should be written in the following order: abstract,

keywords, body text, and references.
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10. The abstract should be approximately 500 words.
11. Author(s) should conform to the guidelines in appendixes 1 and 2 in
submitting manuscripts.

12. The length of the manuscript should not exceed A4 20 pages.
Appendix 1. General Guideline

1. File Format

In principle, the manuscript shall be written in MS Word (.doc or .docx).

2. Specifications for Manuscripts

All manuscripts should be formatted for publication according to the style

notes below;

- The title of the article: Times New Roman 18 bold, not indented,
centered

* Author’s name: Times New Roman 14, line space above

- Author’s workplace or affiliation, nation: Times New Roman 12,

italicized

3. Authors’ Names & Corresponding Author

If there are more than one author, their names should be listed sequentially,
beginning with the author who has made the greatest contribution to the
article followed by the other writers in descending order, the Primary
author (1st author), Co-author, 2nd author, 3rd author, etc. If equal
contributions to the article were made, names of co-authors should be
provided in alphabetical order. Every article should have a corresponding
author. Therefore, in the case of a single author article, he/she should be

designated as the corresponding author.
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4. Body of the Article

In the case of English manuscripts, the font shall be Times New Roman,
font size 11, 100% character spacing, and single line spacing.

5. Headings

The level 1 headings shall use Roman numerals (I, II---), while other

’
heading levels shall use Arabic numerals (1, 2, 3--).

6. Figures and Tables

The title of the figures and tables should be placed below, and the in-text
references mentioned without using parentheses.

7. In the reference list, the references should be sorted in the languages as

following order; English and then the others in the alphabetical order.
Appendix 2. Research Ethics Guideline

1. The author(s) confirm that this manuscript is original and did not
commit research misconduct such as forgery, falsification, plagiarism,
unfair indication of authorship, or duplicate publication.

2. The author(s) have made practical and intellectual contributions to this
paper and share responsibility for the contents of the paper.

3. The author(s) have never published the manuscript or translations of it
in the past, they have not submitted it, and have no plans to submitted it

for publication in other academic journals.
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