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Abstract. Artiﬁcial intelligence (AI) research is fast approaching, or perhaps has already reached, a bottleneck whereby further advancement towards practical human-like reasoning in complex tasks needs further
quantiﬁed input from large studies of human decision-making. Previous studies in psychology, for example,
often rely on relatively small cohorts and very speciﬁc tasks. These studies have strongly inﬂuenced some of
the core notions in AI research such as the reinforcement learning and the exploration versus exploitation
paradigms. With the goal of contributing to this direction in AI developments we present our ﬁndings on
the evolution towards world-class decision-making across large cohorts of subjects in the formidable game
of Go. Some of these ﬁndings directly support previous work on how experts develop their skills but we also
report on several previously unknown aspects of the development of expertise that suggests new avenues
for AI research to explore. In particular, at the level of play that has so far eluded current AI systems for
Go, we are able to quantify the lack of ‘predictability’ of experts and how this changes with their level of
skill.

1 Introduction
This work uses very large databases of professional and
amateur players of the game of Go in order to understand
the properties of the choices made by populations of players of a known rank. We take a large and tactically well
studied area of the Go board and empirically derive a complete game tree of every choice made by players according
to their rank. Sorting our results according to this rank,
from lowest to highest amateurs and then lowest to highest professionals, provides a very ﬁne grained data-set of
changes in behavioural patterns across large populations
as they acquire exceptionally high levels of skill in one of
the most formidable popular games played today.
The underlying principle of this work is to move the
analysis of complex decision tasks away from the detailed
local analysis of strongly interacting elements and further
towards the domain of weakly interacting contextual elements of a situation. Previous work on Go has successfully
shown the utility of seeing the board in terms of the individual pieces (called stones) that have strong local interactions [1]. This technique was used to estimate territory
and as a possible foundation on which a decision model
could be based. A similar approach views the Go board
as a ‘conditional random ﬁeld’ [1,2], a technique that is
able to relax the strong independence assumptions of hidden markov models and stochastic grammars [3]. Other
directions have considered local patterns of stones for dea
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cision making [4,5], the representation of the board as a
graph [6] and the formal analysis of endgame positions in
terms of independent subgames [7]. This work is intended
to inform the next generation of AI systems in regard to
the complexity of decisions within the context of learning better play through an understanding of the changing
contextual dependency of decisions. This perspective implies that whilst we study populations of players and their
choices what we have in mind is a single AI that is able to
make choices that are consistent with players of a certain
skill.
The paper is laid out in the following manner. We ﬁrst
introduce the game of Go along with its basic principles
and how we constructed the game trees of decisions from
databases. Then the necessary tools of information theory
are introduced and described. The game trees are then
analysed in terms of information theory and our principal
ﬁndings are presented. Finally we discuss the consequences
of these ﬁndings in the context of other research.

2 The game of Go
The game of Go is more than 2 000 years old and still
holds a signiﬁcant cultural place in many asian countries.
Despite a vast array of information and analysis that is
available to players on almost every aspect of Go strategy,
possibly even surpassing that of Chess, the rules of the
game are deceptively simple. There are two players each
of which plays with either black or white stones on a board
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Fig. 1. (Color online) Left: the ﬁrst 20 moves in a game of
Go. Right: Stones played in a 7 × 7 region in the lower right
corner, the numbers record the order in which they were played
(moves 2 to 5 were played elsewhere on the board).

laid out with a 19 × 19 grid. Each player takes it in turn
placing one of their stones on one of the vacant intersection
points of the grid lines, see Figure 1 for an example game.
Once a stone has been placed on the board it cannot be
moved except if it is ‘captured’ by the other player, in
which case it is removed from the board. The idea is to
surround as large an area as possible with your stones
using contiguous stones1 . A territory is said to belong to
a player once the region is encompassed by contiguous
stones. There are diﬀerent sets of scoring rules that result
in the same outcome (who won or lost) but might diﬀer
in the number of points scored.
The ranks of Go players start with 30 kyu and increase to the ﬁrst signiﬁcant rating transition where they
go from 1 kyu to 1 Dan. Rank then increases from 1 Dan
through to 8 Dan. These ranks, from 30 kyu through to
8 Dan, are all amateur ranks. There are also professional
ranks that go from 1 Dan through to 9 Dan. Typically a
dedicated player of Go might be able to achieve the rank
of 1 Dan amateur after a few years of diligent play. The
very top amateur ranks might take decades to achieve and
many people never attain them. The professional ranks are
awarded after promising young players, typically younger
than 18 years old, are conferred their professional status
by a professional Go association. There are very few professionals in the world, in the order of hundreds at any
one time and their dedication to the game is comparable
to world class athletes.
A considerable body of work on the psychology of
games such as chess has been built up over the years,
see [8,9] for overviews. These studies have covered skill
and expertise in general [10–12], memory [13,14], perception [15], search [16], learning [17] and visual cues [18,19].
In contrast very few studies have been carried out for
Go but recent work has included the comparison of fMRI
imaging for Go and chess [20,21]. Another study by Reitman [22] examined the psychological phenomenon of
1

Stones are contiguous if they are on adjacent vertices, i.e.
the vertices immediately to north, west, south or east from a
given stone, stones that are diagonally adjacent are not contiguous.

‘chunking’ [23] in Go showing that there are very speciﬁc but overlapping aggregate spatial structures in Go.
Similarly, Zobrist [24], Epstein et al. [25] and Bouzy [26]
have all argued that spatial structures in Go are important to the reasoning used by Go players and have
implemented perceptual feature modelling in artiﬁcial intelligence systems for Go. In terms of developmental psychology, Ping [27] recently demonstrated the positive effects of Go playing on the development of attention in children. In a more extensive study of Go players ranging from
18 through to 78 years of age, Masunaga and Horn [28]
have shown that age related cognitive decline can be
mitigated through continuing expertise development in
Go players.
By far the most extensive body of academic work for
the game of Go comes from the AI community, for an
overview of earlier work see [29]. Since the computer program “Deep Blue” defeated Kasporov in 1997 [30] much
of the interest in chess as a leading edge problem in AI research has dissipated. In its place Go has emerged as a key
testbed for research in this area [31]. In particular, considerable advances have been made using novel algorithms
on very fast computers, such as UCT monte-carlo implemented by the program MoGo [32,33]. This technique has
been extended to include pattern based heuristics to better reﬁne the search space [34,35] and to spatially organise
strategies in Go [24,26] and more general game environments [25]. Most of these results are based on the intuition that spatial structure and patterns are relevant to
the way in which players search for good moves, a notion
supported within the psychological literature (see for example [36]). An aspect of this spatial organisation which
is missing in the AI literature is how local organisation is
impacted by the global context of the rest of the board.
This work contributes in part to understanding this aspect
of the development of strong play in Go.
In order to generate suﬃcient examples of moves, even
from large databases of games, the search space necessarily
needs to be reduced from the whole board down to some
subsection of the board. In this work we focus on the 7 × 7
corner regions of the board where well studied patterns
of moves, called Joseki, are played2 . Studying the move
trees in this area provides an insight into how these well
understood sequences of moves change with skill (all of
the players in our data-set would be expected to know
something of Josekis). As a consequence of the small board
region and the use of information theory as our analysis
tool some interesting conclusions can be drawn regarding
the inﬂuence and information content of the rest of the
board (Sect. 6.2 discusses these aspects).

3 Game trees for Go
The purpose of an empirical decision tree is to represent a signiﬁcant proportion of the moves made by human players during realistic game play. In order to build
2
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such decision trees we collected game records for approximately 160 000 amateur3 and professional4 players such
that the two players in each game had the same rank.
Then a 7 × 7 corner section of the board was selected as
there are many well known and well studied moves made
in this region. Once symmetries had been accounted for,
this region makes up more than 4/9 of the total board
area and constitutes a signiﬁcant amount of the spatial
structure of the game, particularly in the beginning and
middle of the game.
Within this region all ﬁrst moves made were recorded,
there were an average of 15 diﬀerent ﬁrst moves made
across all ranks (max. = 25, min. = 8). The frequency of
each move was then used to construct a probability distribution over the move choices. For each ﬁrst move made,
all subsequent second moves played within the region that
were of the alternative colour were recorded and their frequency of occurrence was used to construct a probability
distribution over all observed second moves. These probabilities were normalised for every ﬁrst move, so for 20
ﬁrst moves there are 20 normalised distributions for the
subsequent second moves. This process was continued for
the ﬁrst six moves played within the 7 × 7 region across
all ranks.
There is a subtlety in that, once multiple stones have
been played, the order in which these stones were played
is irrelevant, what is important is in which position they
appear on the board. A case where the order is important is for searching ahead, where the order of planned
moves might be strategically relevant. In this work we are
interested only in what moves are made given a certain
set of stones on the board, not the sequence of moves
by which the patterns were arrived at. So there are potentially multiple paths to get to the same stone conﬁgurations, these diﬀerent paths were accounted for in our
statistics. Within our data we speciﬁcally aggregated the
statistics for sequences of paths that resulted in the same
pattern of stones on the board, resulting in ‘path independent’ stone conﬁgurations.

4 Information theory and learning
Information theory is used as it provides a uniﬁed framework within which learning, complexity, uncertainty and
information storage all have well deﬁned and consistent meanings as measured in bits5 . First we introduce
Shannon’s entropy measure for a given probability distribution. For a random variable x that may result in n
possible outcomes xi ∈ {x1 , . . . xn } a probability distribution over outcomes is p(x = xi ) ≡ p(xi ) and the amount
of information associated with the distribution (in bits) is
3

Amateur game records were collected from the Internet Go
Server: www.pandanet.co.jp
4
Professional game records are from the GoGoD collection:
www.gogod.co.uk
5
We base all of our calculations on log base 2, so measurements are always bits.
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given by the entropy [37]:
H(p) = −



p(xi ) log2 (p(xi )).

(1)

i

Hereafter we drop the subscript 2 on the logs. The entropy
is the expected value of − log(p(xi )), the amount of information associated with the single outcome xi . H(p) can
be thought of in two complementary ways: as the amount
of uncertainty an observer has in the outcome of a random event before the event occurs or alternatively as the
average amount of information an observer gains by having witnessed the outcome. For a probability distribution
p over n (ﬁnite) discrete elements the entropy is bounded
above and below: 0 ≤ H(p) ≤ H(p(xu )) where p(xu ) is
the uniform distribution. H(p) = 0 tells us that one and
only one outcome ever occurs so there is zero uncertainty
in the outcome before it occurs and as the outcome is
a certainty no information is gained by having observed
that outcome. The entropy of the uniform distribution,
H(p(xu )), is the distribution whereby each element is not
statistically diﬀerentiable from any other element. In this
case the uncertainty in what will occur next is a maximum
and therefore the information gained having observed an
outcome is a maximum as well.
The entropy is also the minimum amount of information required to loss-lessly compress a probabilistic set of
elements [37,38]. In particular, when storing or transmitting data, all regularities in the data (i.e. all lack of uniformity) can be accounted for without loss by using the number of bits given by the entropy. This led to an alternative
interpretation of entropy by Grünwald in the context of
learning: “[I]f one has learned something of interest, one
has implicitly compressed the data.” ([39], p. 595). ‘Interest’ here means ‘the regularities in the data’. That is to
say, the lower the entropy the more regularities that have
implicitly been extracted from the data.
There is also a strong connection between the entropy
and the Kolmogorov complexity of a distribution [38] and
entropy can often be taken as a proxy for the Kolmogorov
complexity [40]6 . We consider two separate and distinct
distributions p1 and p2 over two diﬀerent sets of elements
of the same size, i.e. the distributions and their supports
have nothing in common except the number elements. If
the entropies have the relationship H(p1 ) < H(p2 ) then
distribution p2 might be considered more ‘complex’ as this
distribution has extracted less patterned information from
its underlying set of elements than p1 has from its underlying set of elements. While this provides a certain useful characterisation of complexity it has been noted that
such measures only highlight the diﬀerence between deterministic and random distributions [41]. However for any
stochastic decision process (as opposed to trying to ﬁnd an
objective measure of a system’s structure, for example),
it is readily seen that it is more diﬃcult (and thereby
arguably more ‘complex’) to choose from a perfectly uniform distribution of options (as all choices are statistically
6

This is useful as the Kolmogorov complexity is not a computable function.
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indistinguishable from each other) than it is for a distribution where one option occurs 100% of the time (where
one choice is perfectly distinguishable from all others). For
an overview of the use of complexity measures and their
relationship to deterministic systems, see [42].
Mutual information is an extension of entropy whereby
the goal is to measure the joint information shared by
two distributions. In this work we measure how much
information is gained about the next choice of move
given the current (local) state of the board. The ﬁrst i
moves already played on the board, of which there are
k unique variations, are denoted by the set {x1 , . . . , xi }j
for i ∈ {1, . . . , 5} and the index term j ∈ {1, . . . , k}.
The (marginal) probability that the jth unique pattern
of i stones on the board occurs is p({x1 , . . . , xi }j ). The
(marginal) probability that the lth unique move xli+1 ever
occurs at move i + 1 is p(xli+1 ) and the (joint) probability that the sequence {x1 , . . . , xi }j is followed by xli+1 is
p({x1 , . . . , xi }k , xli+1 ). xli+1 represents all moves observed
for move i + 1, irrespective of the stones already played.
In this sense H(p(xi )) is the unconditional entropy of the
probability of all variations of the ith move. The mutual
information between the stones already on the board and
the next stone placed on the board is [43]:
I({x1 , . . . , xi }; xi+1 ) =


p({x1 , . . . , xi }

k



, xli+1 ) log

k,l

p({x1 , . . . , xi }k , xli+1 )
p({x1 , . . . , xi }k )p(xli+1 )


.
(2)

For example, in the case of how well move 1 predicts
move 2, this equation reduces to the much simpler form:



p(xk1 , xl2 )
.
(3)
I(x1 ; x2 ) =
p(xk1 , xl2 ) log
p(xk1 )p(xl2 )
k,l
This explicitly calculates how predictable move two is
based on move one: if I(x1 ; x2 ) = 0 then move two is
independent of move one and if I(x1 ; x2 ) = H(p(x1 ))
then move two is entirely decided by the choice of move
one. Generally the entropy measures a distribution’s uniformity whereas mutual information measures the relative dependency of two distributions. In the case of independent distributions p(xk1 , xl2 ) = p(xk1 )p(xl2 ) we have
I(x1 ; x2 ) = 0. On the other hand, equation (3) can
be rewritten as I(x1 ; x2 ) = H(p(x1 )) + H(p(x2 )) −
H(p(x1 ), p(x2 )). The H(p(xi )) terms are simply entropies
as in equation (1). The

H(p(x1 ), p(x2 )) = −
p(xi1 , xj2 ) log(p(xi1 , xj2 ))

results are outlined. In the last section we discuss these
results and place them in the context of previous work.
5.1 Entropy
Figure 2 plots the cumulative average entropies for the
ﬁrst six moves by player ranks with the best ﬁt linear
trend added for the amateurs and professionals. The linear
trends can be plotted as a function of a ‘continuous’ rank
index7 ρ with equations (a for amateur, p for professional):
Ha (ρ) = −0.1806ρ+7.2322 and Hp (ρ) = 0.0070ρ+5.7222.
There is a distinct downward linear trend for the amateur players as their rank increases. This is not the case
for the professionals though; the average cumulative move
entropy across all player ranks is almost ﬂat. Note that reliable statistics were not achievable for some of the moves
in our data, speciﬁcally the senior amateurs and junior
professionals, due to scarce data. So in the case of cumulative plots (Figs. 2 and 3) these data points were omitted
as they would not make sense. On the other hand it is possible to include some of the data points for some moves
in the other non-cumulative plots (Figs. 4 and 5 are not
cumulative) and doing so enables a better estimation of
the inﬂection points.
In order to understand the components of these trends
better, Figure 3 plots the individual entropies for each
move. Note that the ﬁrst three moves have distinguishably higher average entropies than the second three for
both the amateurs and the professionals. The best linear
approximations have been included. For the amateurs, the
gradient of the linear trend for ﬁrst three moves is −0.0133
(r2 = 0.441) and for the second three moves is −0.0469
(r2 = 0.890). For the professionals, the gradient of the linear trend for the ﬁrst three moves is −0.0097 (r2 = 0.204)
and for the second three is 0.012 (r2 = 0.213). Some ranks
were excluded as accurate move entropies could not be
calculated due to a paucity of data, and so cumulative entropies would make no sense, see [44] for the source of our
error analysis.
5.2 Mutual information
Using equation (2), the mutual information between the
distribution of each unique sequence of moves and the distribution of all possible next moves were calculated. The
results are plotted in Figure 4. Using the variable ρ for
rank as used for the entropies, the best ﬁt quadratic interpolation of the mutual information between successive
moves are:

i,j

term is the joint entropy. For any random variables x and
y, H(p(x), p(y)) ≥ H(p(x)) where equality holds if and
only if the outcome y is a deterministic function of x.

I(x1 ; x2 , ρ) = −0.0026ρ2 + 0.0587ρ + 0.7445
I({x1 , x2 }; x3 , ρ) = −0.0029ρ2 + 0.0657ρ + 1.0317
I({x1 , . . . , x3 }; x4 , ρ) = −0.0037ρ2 + 0.0765ρ + 2.0085
I({x1 , . . . , x4 }; x5 , ρ) = −0.0039ρ2 + 0.0792ρ + 2.3886

5 Results
In this section we present the principal ﬁndings of our
work. First the entropy and then the mutual information

I({x1 , . . . , x5 }; x6 , ρ) = −0.0037ρ2 + 0.0794ρ + 2.6319
7

For this purpose we set the following integer values for ρ
(rank): am2q = 1, am1q = 2, . . . , pr9d = 19.

M. Harré et al.: The complexity of decisions

5

Fig. 2. (Color online) A plot of the cumulative entropies of the decision tree. The linear trend for the amateur is negative
(r 2 = 0.95911), however the professional linear trend has a low r 2 value (=0.01588, reﬂecting the near zero gradient). Error
bars are ±2σ and both linear approximations lie within ±2σ of the observed total entropies for all ranks.

and the respective residual errors (r2 terms) for these
equations are, from top to bottom: 0.65791, 0.73576,
0.68054, 0.81934, 0.7142. Here we have included all ranks
of players. In this case the mutual information curves are
not cumulative as in the entropies, but we are also interested in where the inﬂection points are in the quadratics
used to ﬁt the data.
Using these curves as continuous approximations to
the discrete data in the variable ρ, we want to ﬁnd the
inﬂection point where the mutual information peaks as
ρ increases. To do so we diﬀerentiate the ﬁve quadratics
listed above with respect to ρ and solve for where this
diﬀerential is zero for each of the curves. The mean inﬂection point in the mutual information is at ρ = 10.77 (min.
= 10.15, max. = 11.34), i.e. slightly more than half-way
between 8 Dan amateur (ρ = 10) and 1 Dan professional
(ρ = 11). This suggests a fundamental change in the nature of skill development as players turn professional.
From Figure 4 it is not possible to see to what extent the plotted mutual information reﬂects the theoretical maximum possible values. Recall that mutual information is strictly bounded: 0 ≤ I({x1 . . . xi }; xi+1 ) ≤
H(p({x1 . . . xi })), and it is of interest to what extent Figure 4 reﬂects this range. In order to do so, Figure 5 plots

I({x1 ...xi };xi+1 )
H(p({x1 ...xi }))

× 100% = percentage of the theoretical
maximum predictability for Figure 4.

6 Discussion
Developers of future AI systems, if their systems are to
emulate the cognitive abilities of humans in complex tasks,
need to be as well informed as possible regarding the nature and evolution of human behaviour as they acquire the
skill AI systems hope to emulate. This study has sought to
quantify some of the behavioural attributes of complex decision tasks in terms of information theory, an approach
which enables measurements of both human and artiﬁcial systems such that direct comparisons might be made.
Currently ‘brute force’ techniques, such as monte-carlo algorithms and their recent variations [34,35,45], have been
able to play Go to a strong amateur level. It is a little below this strong amateur level at which this study begins
and includes the very best players in the world, highlighting some of the subtleties with which AI algorithms need
to contend in order to perform beyond their current levels. This section discusses the important conclusions that
may be drawn from this work and places them within the
context of previous results.

6
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Fig. 3. The component parts of the entropies of Figure 2 and the linear trends for the ﬁrst three moves and last three moves.
These curves, like Figure 2, are averages across all branches at a given move number. For example there is only one branch for
move one, but there is an average of 15 branches for each rank at move two that have been averaged in order to get the plotted
values.

Fig. 4. Mutual information between successive moves.

M. Harré et al.: The complexity of decisions
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Fig. 5. The ‘predictability’ of each move as a percentage of the theoretical maximum of mutual information, e.g. pred(3|2, 1)
is the average predictability of move 3 across all possible variations of moves 1 and 2. From bottom to top, the order of the
curves is: pred(3, |2, 1), pred(4|3, 2, 1), pred(5|4, 3, 2, 1), pred(6|5, 4, 3, 2, 1), pred(2|1).

6.1 Learning in a complex task environment
A prominent theoretical framework used for learning the
best choice in a given task is reinforcement learning [46].
In this approach a record of past rewards for given actions
is kept and used to inform future decisions. This approach
has not only been successful within the the AI community,
but it has recently shown considerable explanatory power
in neuroscience [47,48]. Within this paradigm the notion of
exploration versus exploitation is used extensively: exploration is achieved by choosing more randomly between the
available options and exploitation is achieved by choosing
based on historically more rewarding options.
A modiﬁcation of this approach uses a meta-parameter
in order to control the degree to which of these two strategies are favoured: exploration of the alternatives or exploiting the historically better options [49,50]. In such
models where a meta-parameter is a controllable variable,
typically once an exploration phase has informed a reinforcement learning algorithm of the better options, then
an exploitation phase is adopted where knowledge gained
in the exploration of the space is used to make better
decisions, consequently improving performance. Alternatively it has been suggested that learning is the process
by which regularities are extracted from data, and consequently learning is data compression [39]. From this point
of view entropy is a measure of how much has been learned
by the players.

In these terms, we see in Figure 2 a decreasing entropy
for amateur players as rank increases. This strongly suggests that the uncertainty in move selection is decreasing
because players are taking advantage of the better choices
of moves as they learned through past experiences of the
game. Alternatively, the players are able to ‘compress’ the
data by extracting more information from past data and
have thereby learned more from the data. This tendency
is more prominent in the last three moves than the ﬁrst
three, Figure 3, possibly because the ﬁrst three moves are
learned more quickly than the next three moves. This effect has mostly vanished in the cumulative entropies by
the time the players become professionals, although curiously this seems to have been caused by a balancing of
a slight increase in entropy for the ﬁrst three moves and
slight decrease in entropy for the next three moves.
It might be thought that the decrease in entropy between successive moves, particularly moves 3 and 4, is due
to the decrease in options available to the players as the
local region of the board ﬁlls up with stones. This eﬀect
would only be slight when considering 6 stones out of a
possible 49 positions, and the very sharp decrease between
moves 3 and 4 cannot be explained this way as we should
expect entropy to decrease smoothly as the local positions
ﬁll with stones. Also note that while the ﬁrst 3 moves have
diﬀerent entropies from the last 3, there is no consistent
order within each group of 3 moves as would be expected
if the eﬀect was due to decreasing move options.
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6.2 Context dependency of move choices
In order to quantify the relationship between prior moves
made and the next move, we measured the mutual information between the probability of a certain sequence of
stones being played and the next choice of move (Fig. 4).
This measures how predictable the next move is based on
the probability of a prior pattern of stones having been
placed on the board.
We observed a considerable diﬀerence in the degree of
predictability from one move to the next. For example the
ﬁrst move typically shares about 0.9 to 1.1 bits of information with the second move, equating to between 60% and
80% of the theoretical maximum possible (Fig. 5). This
tells us that there is very little other information, such as
the rest of the board, being used to decide what the next
move will be, almost all of the uncertainty in the second
move is explained by the uncertainty in the ﬁrst move.
This is not consistent across each successive move though.
The choice of move three is considerably less predictable
based on the uncertainty in the ﬁrst two moves. The total predictability increases because two stones are more
informative than one8 . However the increase in shared information provided by this second stone is typically only
about 0.1 to 0.3 bits (the diﬀerence between I(x1 ; x2 ) and
I({x1 , x2 }; x3 )). This is shown in Figure 5 as ranging between approximately 35% and 55% of the theoretical maximum (the bottom most curve in this plot), a signiﬁcant
drop compared to how informative the ﬁrst move is of the
second move.
We suggest that these signiﬁcant and consistent differences between the predictability of one move given the
uncertainty in the previous moves is due to the diﬀerent
focus the players have on the local versus the global context of board strategy. In choosing the second move, most
of the information used by the players is based on the
stone already placed. In choosing the third stone to play,
most of the information used by the players is based on
the rest of the board, i.e. the non-local aspect of the decision. In this sense the rest of the board acts to induce a
degree of uncertainty in which move to make next. This
changing uncertainty, and hence changing emphasis on local versus global context, is expressed in how dependent
the next move is on the stones that are played locally.

6.3 Expertise acquisition and the ‘Inverted-U’ eﬀect
We make a ﬁnal comment regarding the striking and consistent nature of the “inverted-U” observed as a function
of player rank for the mutual information measures, Figure 4. The inverted-U property of novice-skilled-expert
comparisons have previously been reported in the literature [51–54]. Here we have been able to show that,
across a signiﬁcant portion of the range of player skills,
8

This is not always the case, for example in Figure 4 for pr4d
the ﬁrst data point sits higher than the second data point. This
is due to there being multiple paths to the same local pattern
of stones.

the inverted-U property holds for the predictability of the
next move in Go. In order to explain this eﬀect we break
it into two components, the increasing branch (prior to
players turning professional) and the decreasing branch
(after players turn professional).
Prior to turning professional, Figure 2 shows a decreasing entropy and Figure 4 shows an increase in predictability. This is consistent with the notion of reinforcement learning with meta-parameters discussed earlier, the
entropy decreases due to choosing strategies that have
proven to have good outcomes in the past, and which
choice will be made is informed by the local pattern of
stones thereby increasing the mutual information.
After turning professional this no longer holds, the
players have likely minimised the entropy for these moves
as far as they possibly can within the local region. However
now the predictability of the next move starts to decrease
for a ﬁxed level of entropy. This suggests that professional
players are now learning to obfuscate their moves by playing less predictably within the local region and using more
information from the rest of the board i.e. they are increasing their global strategic awareness in order to play
more subtle local variations. Importantly this is achieved
without signiﬁcant variation in the marginal entropies, so
there is no change in the exploitation-exploration balance
or equivalently there is no variation in the amount of information the players have extracted from the data, the
change in behaviour is of a qualitatively diﬀerent nature
to that which has been observed previously for expertise
in complex task environments.

6.4 Conclusion
This work has aimed at studying the complexity of the
decisions made by many thousands of Go players as their
skill progresses towards that of the best players in the
world. Using large databases of game records we have
been able to show that there are signiﬁcant behavioural
patterns, some of which support previous work in both
psychological and artiﬁcial intelligence research and others which are entirely new to both ﬁelds. Most signiﬁcantly we have been able to show that the strategic development of player’s behaviour at the very top level of play,
the level that has not yet been conquered by brute force
search techniques, is not as simple as a trade-oﬀ between
exploitation-exploration or the compressibility of relevant
information in the underlying decision task.
This work was supported by ARC grant number DP0881829
and USAF grant number 094094.
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