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Abstract
Learning to play Go from the rules alone is extremely hard for computers.
On the human scale, learning computers perform extremely weak. Even
with a large amount of hand-coded knowledge computers are barely able
to compete at a weak amature level. The reason for this lies (at least
partially) in the visual nature of the game. Over millions of years the
human visual system has evolved into an efficient learning system that
performs extremely well on a large number of pattern-recognition tasks.
This paper proposes a new Eye-based Recurrent Network Architecture
(ERNA) for raw board classification. The new architecture is inspired by
the human eye function and can be applied to a broad range of visualclassification tasks. ERNA is trained by a combination of Q-learning and
RPROP. The classification performance is compared with other network
architectures on the task of determining connectedness between stones.
We also present some preliminary results on the task of learning to count
liberties. The experiments show that ERNA outperforms both the standard multi-layer perceptron network and the fully-connected recurrent
network on the tasks mentioned above. This performance leads us to the
conclusion that the eye facilitates learning in the topologically-structured
domain of Go.

1 Introduction
Since the founding years of Artificial Intelligence (AI) computer games have been used
as a test bed for AI algorithms. Many game-playing systems have reached an expert level
using a search-based approach. In chess this approach achieved world-class strength. Go
is a notable exception.
The game of Go is played by two players, black and white, who consecutively place stones
of their color on the intersections of a square grid. Usually the grid contains 19 19 intersections. However the rules are flexible enough to accommodate any other board size.
During the game stones remain fixed or are removed (captured) when they are no longer
connected to neighboring empty intersections. Initially the board is empty, but as the game
develops some stable regions are built which are either controlled by black or by white. To
avoid infinite games repetition is not allowed. Furthermore a player is always allowed to
pass. The player that in the end controls most territory wins the game.



The last decades, stimulated by Ing’s million-dollar price for the first computer program
to defeat a professional Go player (which has now expired unchallenged), Go has received
significant attention from AI research. Yet, despite all efforts, the best computer Go programs are still in their infancy compared to human Go grandmasters. Due to the complexity
of Go, brute-force search techniques are useless. Since current top programs are not able
to acquire Go knowledge automatically the Go systems are supported by the programmers’
Go skills and Go knowledge. Hence they tend to become extremely complex and difficult
to maintain when the programmers try to increase their playing strength. In principle a
learning system should be able to overcome this problem.
Artificial Neural Networks (ANNs) have been applied successfully to learn several patternrecognition tasks. Therefore ANNs seem reasonable candidates for building a system that
can learn to play Go. ANNs come in many flavors ranging from simple feedforward perceptron networks to highly specialized recurrent network architectures. An important question
therefore is the choice of network architecture. Usually network architectures can simply
be evaluated by trial and error. However, since training a network to play Go can become
extremely time-consuming and difficult to evaluate, we decided to first test architectures
on simple underlying aspects of the game such as the task of determining connectedness or
counting liberties.
The main focus of this paper is on learning to determine connectedness between stones
from examples. For now we are not even looking at the possibility of connecting two
stones under alternating play. We just focus on the question whether a system can learn
to perceive that two stones are connected regardless of any extra moves. Although this
may seem like a trivial task, one of the authors, having some experience with teaching Go
to human beginners, often found that even humans initially have problems with exactly
this task. Striking examples are beginners not removing captured stones, or prematurely
removing stones that are not completely surrounded yet.
A slightly different type of connectedness, which we call global connectedness, has been
extensively studied for perceptrons. Determining global connectedness is determining if
a binary image contains exactly one object. Detecting connectedness between two pixels
is an underlying function and an isomorphism of the question if, in Go, two stones are
connected. Since for determining connectedness between stones we only need to consider
one color, this issue could equivalently be discussed in the context of binary images.
In 1969 Minsky and Papert [2] showed that perceptrons cannot learn the attribute of global
connectedness. In the 1988 epilogue of the expanded edition they argued that the same
holds for multi-layer perceptron (MLP) networks. However comparing this statement with
the well-known fact that MLPs can approximate any function arbitrarily close when given
sufficient hidden units, we may raise the question whether it is possible to develop a network architecture that learns to determine connectedness.
Recently Wang [7] proposed a special kind of recurrent neural-network architecture based
on coupled oscillators, able to determine the number of unconnected objects in an image
(global connectedness). Although the results seem promising, his network is prewired
rather than trained by examples. As an alternative we introduce the Eye-based Recurrent
Network Architecture (ERNA) that learns to classify board positions. The new architecture
is inspired by the human eye function and is applied to the task of learning connectedness;
its performance is compared with three other network architectures.
Although more research is pending we also present some initial results on learning to count
liberties. In Go the number of liberties of a (group of) stone(s) is the number of unique
free neighboring intersections. The number of liberties is an important measure of strength
since it is a lower bound on the number of stones that must be placed before capture, i.e.,
only when the number of liberties is zero a stone is removed from the board. Knowledge
of connectedness is only one underlying aspect of counting liberties. Therefore learning to

count liberties may well present an even more challenging task.
Since the tasks mentioned above can be hand-coded perfectly, some readers may question
the usefulness of learning these tasks. The authors however feel that in the light of scaling
up to determine more complex issues in Go, it is important that the learning mechanism
should (at least in principle) be able to learn such basic concepts. This however does by no
means imply that a high-end Go-playing engine should not be strengthened by additional
hand-coded features.
The remainder of this paper is organized as follows. In section 2 the new network architecture is introduced. Section 3 explains the training procedure. In section 4 we present
experiments on connectedness. Section 5 contains some preliminary results on learning to
count liberties. Finally, section 6 provides conclusions and future research.

2 ERNA
The standard feed-forward multi-layer perceptron architecture (MLP) for pattern classification usually has one hidden layer with non-linear transfer functions, is fully connected to
all inputs, and has an output layer with one neuron assigned to each class. Several training
algorithms exist for this network architecture, that can find reasonably good solutions for a
great variety of supervised-learning tasks.
The disadvantage of using the MLP for raw board classification is that the architecture
does not exploit any knowledge about the topological ordering of the grid. Although the
intersections are topologically fixed on the rectangular grid, the conventional network architectures treat every intersection just as an (arbitrary) element of the input vector, thus
ignoring the spatial order of the original representation. For humans this disadvantage becomes evident in the task of recognizing natural images in which the spatial order of pixels
is removed either by random permutation or by concatenation into a linear array. Clearly,
for methods dealing with low-level image properties, the topological ordering is useful.
This observation inspired us to employ a special input for our new network architecture.
Guided by the unrivaled performance of human vision and the fact that humans (and many
other animals) have eyes we designed ERNA, an Eye-based Recurrent Network Architecture. Figure 1 shows the main components of ERNA. In our architecture, the eye is an input
structure covering a local subset of intersections surrounding a movable point of fixation
(see upper left corner). The focusing and scanning operations of the eye impose spatial order onto the input, thus automatically providing information about the topological ordering
of the intersections.
The movement of the eye is controlled by five action neurons (left, right, up, down, stay).
Together with the action neurons for classification (one for each class) they form the action
layer (see upper right corner).
Focusing the eye on relevant intersections usually requires multiple actions. Since knowledge about previously observed pixels may be needed a memory seems necessary. A memory is implemented by adding recurrent connections to the network architecture. The simplest way to do this is linking the output of the hidden layer directly to the input. However,
since information is partially redundant, an additional linear layer, called global memory,
is applied to compress information between the output of the hidden layer and the input for
the next iteration.
Since the global memory has no topological ordering (with respect to the grid structure) and
is overwritten at every iteration, it is not well suited for long-term storage of information
related to specific locations on the board. Therefore, a local memory formed by linear
neurons coupled to the position of the eye input is devised. At each iteration, the hidden
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Figure 1: ERNA

layer is connected to the neurons of the local memory associated with the area visible by
the eye. In ERNA the number of local memory neurons for an intersection as well as the
readable and writable window size are defined beforehand. The operation of the network
is further facilitated by three extra input neurons representing the co-ordinates of the eye’s
point of fixation (X,Y) and the maximum number of iterations left (I).
Below we briefly discuss the operation of ERNA. At each iteration step the hidden layer
performs a non-linear mapping of input signals from the eye, the local memory, the global
memory, the action layer and the three extra inputs to the local memory, the global memory
and the action layer. The network then executes the action associated with the action neuron
with the largest output value. The network iterates until the selected action performs the
classification, or a maximum number of iterations is reached.
We note that, next to the normal recurrent connections of the memory, in ERNA the action
layer is also recurrently connected to the hidden layer, thus allowing (back)propagation of
information through all the action neurons.
Since the eye automatically incorporates knowledge about the topological ordering of intersections into the network architecture, we expect it to facilitate learning in topologicallyoriented raw-board classification tasks, i.e., with the same number of training examples a
better classification performance should be obtained. To evaluate the added value of the
eye and that of the recurrent connections, ERNA is compared with three other network
architectures.
The first network is the MLP, which has a feed-forward architecture with one non-linear
hidden layer. The second network is a feed-forward network with an eye. This network
is a stripped-down version of ERNA. All recurrent connections are removed by setting the
number of neurons for local and global memory to zero. Previous action values are also not
included in the input. The third network is a recurrent network with a fully-connected input,
a fully-connected recurrent hidden layer with non-linear transfer functions, and a linear
output layer with an action neuron for each class and an extra action neuron for choosing
another iteration (class thinking). The difference with the MLP is that the hidden layer
has recurrent connections and the output layer has one more action-neuron. This network
architecture is very similar to the well-known Elman network [1] except that signals also

propagate recurrently between the action layer and the hidden layer (as happens in ERNA).

3 Training procedure
In our experiments, ERNA and the other three networks were trained with the resilient
propagation algorithm (RPROP) developed by Riedmiller and Braun [5]. RPROP is a
gradient-based training procedure that overcomes the disadvantages of gradient-descent
techniques (slowness, blurred adaptivity, choice of learning parameters, etc.).
The gradient used by RPROP consists of partial derivatives of each network weight with
respect to the (mean square) error between the actual output values and the target output values of the network. For the MLP the target values are directly derived from class
information. For ERNA the calculation of targets is less trivial and will be discussed in
subsection 3.1.
When the target values are known, the gradient for feed-forward networks can be calculated by repeated application of the chain rule, using standard backpropagation. For the
recurrent networks several techniques can be applied for calculating the gradient [3]. In
our experiments the gradient is calculated with backpropagation through time [9], which
corresponds to performing standard backpropagation on the network unfolded in time.
The quality of the weight updates strongly depends on the generalization of the calculated
gradient. Therefore, all training was done in batch. This means that the gradient was
averaged over all training examples before performing the RPROP weight update.
3.1

Action values

The calculation of the gradient requires target values. Since ERNA has to control actions
that do not directly perform classification, reinforcement learning is used. However, in reinforcement learning there are no pre-defined targets. Instead, incidental positive (reward)
or negative (punishment) reinforcement signals constitute the teaching signal. The network
must be trained to maximize the sum of the reinforcements for a complete sequence of
actions. An appropriate reinforcement-learning method is Q-learning [8].
Q-learning is a method for learning state-action values. A state-action value, or Q-value, is
the maximum expected sum of reinforcements that can be obtained from a given state when
performing the associated action. For neural networks this means that for each possible
action, the network has an associated action neuron that is trained to predict the Q-value.
By definition the optimal Q-values must satisfy
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where is the immediate reward after executing action in state
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at time , and is a
discount factor for long-term consequences of actions. Although for finite sequences can
be set exactly to 1, it is customary to use somewhat smaller values to favor quick results.
However, if is chosen too low, the network tends to behave probabilistically.



The target function for Q-learning is directly derived from (1) in the form of
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for which
means that the estimation of the network is used instead of the optimal Qvalue (which is unknown).
Although the targets calculated by formula (2) give reasonable results, convergence is usually quite slow. The reason is that long chains of actions delay learning from distant rein-
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forcement signals. To overcome this problem Q( )-learning [4] [6] [8] can be used. The
target function for Q( )-learning can be defined recursively as
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in which 7 is a weighting factor between 0 and 1 that determines the relative contribution

of future reinforcements to the estimated target value. Since (3) uses the target value for
the optimal action at the next iteration, it can only be applied in a chain of optimal actions.
The execution of non-optimal actions during training, known as exploration, is necessary
to ensure that optimal Q-values can be learned. Therefore, when at time
a non-optimal
action is executed (2) is used instead of (3). When is a final action (usually classification)
only the direct reinforcement signal is used as target value.
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4 Learning connectedness
4.1

The data set

In Go two stones are connected if they share the same color and their distance is 1 (diagonal
connections are not used). Furthermore, if stone A is connected to B and B is connected
to C, A is also connected to C. (Note that by this definition we ignore stones that are not
connected but can always be connected under alternating play.)







For the experiments, square 4 4, 5 5, and 6 6 board positions were created. Boards with
the upper left stone connected to the lower right stone were labelled connected, all others
were labelled unconnected. For simplicity we binarized the boards, thus treating enemy
stones and free points equal (not connecting).
The boards were not generated completely at random, because on such data all networks
perform almost optimally. The reason is that in 75% of the cases the class unconnected
can be determined from the two crucial corners alone (both must contain a stone for being
connected), and in addition the number of placed stones is a strong indicator for connectedness.
We define a minimal connected path as a path of stones in which each stone is crucial for
connectedness (if any stone is removed the two corners are no longer connected). To build
a reasonably difficult data set, we started to generate the set of all minimal connected paths
between the two corners. From this set a new set was generated by making copies and
randomly flipping 15% of the points. For all images both crucial corners always contained
a stone. Duplicate boards and boards with less stones than the minimal path length (for
connecting the two corners) were removed from the data set.







After applying this process for creating the 4 4, 5 5 and 6 6 boards, the three data sets
were split into independent training and test sets, all containing an equal number of unique
positive and negative examples. The three sets contained 300, 1326, and 1826 training
examples and 100, 440, and 608 test examples, respectively.
4.2

Experimental results

The experiments presented here compare the generalizing ability of ERNA with those of
three other network architectures. The learning task is to determine connectedness between
stones. It is done by focusing on the relation between the number of training examples and
the classification performance on an independent test set.
To prevent over-training, in each run a validation set was selected from the training examples and was used to find the optimal point for stopping the training. For the experiments







with the 4 4 boards 100 validation samples were used. For both the 5 5 and 6 6 boards
200 validation samples were used.
Because of limited computational resources and the fact that reinforcement learning is
much slower than supervised learning, the size of the hidden layer was tested exhaustively
only for the MLP. For ERNA we established reasonable settings, for the architecture and
training parameters, based on some initial tests on 4 4 boards. Although these settings
were kept the same for all our experiments, other settings might give better results especially for the larger boards. The architecture so obtained was as follows. For the hidden
layer 25 neurons, with tangent sigmoid transfer functions, were used. The area observed
by the eye contained the intersection on the fixation point and the four direct neighbors,
i.e., the observed area was within a Manhattan-distance of one from the center point of
focus. The output to the local memory was connected only to the center point. For each
point three linear neurons were assigned to the local memory. The global memory contained 15 linear neurons. All memory and action neurons were initialized at 0. During
training, actions were selected randomly 5% of the time. In the rest of the cases, the best
action was selected directly 75% of the time, and 25% of the time actions were selected
with a probability proportional to their estimated Q-value. During validation and testing of
course no exploration was used. The maximum number of iterations per example was set at
were returned for moving the
the number of intersections. Negative reinforcements of
eye out of range, exceeding the maximum number of iterations or performing the wrong
classification. A positive reinforcement of
was returned for the correct classification.
The Q-learning parameters and were set at 0.3 and 0.97. All network weights were
initialized with small random values. Training was performed in batch for a maximum of
5000 epochs.
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The MLP was tested with hidden layers of 3, 6, 12, 25, 50 and 100 neurons. In each run, the
optimal layer size was selected based on the performance on the validation set. Supervised
training with RPROP was performed in batch for a maximum of 2000 epochs.
The stripped-down version of ERNA (the feed-forward network with eye) was kept similar
to ERNA as much as possible. The sizes of the hidden layer and the eye were kept the same
and training was done with exactly the same learning parameters.
The fully-connected recurrent network (without eye) also used a hidden layer of 25 neurons,
and training was done with exactly the same learning parameters except that this network
was allowed to train for a maximum of 10,000 epochs.
It should be noted that the eye was always initialized in the upper left corner. This is
a reasonably good initialization point that significantly improves performance for small
training sets. We did not consider this to be unfair for comparing the networks for two
reasons: first, even when in our initial experiments the eye was initialized in one of the
other two corners, ERNA always outperformed the other networks for larger training sets.
And second, at least for the task discussed in this paper, finding a good starting position
can be done automatically by trial and error based on the performance on the validation set
(which is strongly correlated with the performance on the test set).
In figures 2, 3 and 4 the average performance is plotted for the four network architectures
tested on the 4 4, 5 5 and 6 6 boards, respectively. The horizontal axis shows the number of training examples, with logarithmic scaling. The vertical axis shows the fraction of
correctly-classified test samples (1.0 for perfect classification, 0.5 for pure guessing).







The plots show that for all board sizes both ERNA and the stripped-down version of ERNA
outperform the two networks without eye. Moreover, we can see that the recurrent connections are only useful for ERNA, and then only when sufficient training examples are
available.
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Figure 2: Connectedness on 4 4 boards
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Figure 3: Connectedness on 5 5 boards
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Figure 4: Connectedness on 6 6 boards

5 Counting liberties
5.1

The data set

A liberty of stone A is a free intersection on the board that has distance 1 to A or to a
stone connected to A. Since ERNA is built for classification the easiest way to test ERNA’s
ability to count liberties is to define a class (and an associated action neuron) for each
possible number of unique liberties.
The dataset for learning to count liberties was generated in the following way. First we generated random legal 4 4 board positions with a black stone in the upper left corner. Then
the number of liberties of that stone was calculated and used to assign a class label. The
classes were restricted to discriminate between either 1, 2, 3, or more then 3 liberties (so
4 classes were used). For each class an equal number of unique training and test examples
was generated.



5.2

Experimental results

The experiment presented here compares the generalizing ability of ERNA with the feedforward MLP architecture. The learning task is to count the liberties of a pre-defined stone.
It is done by focusing on the relation between the number of training examples and the
classification performance on an independent test set.
For simplicity the training algorithm and all parameters were kept the same as described in
the previous chapter. The only difference was that now 4 classes were used instead of two,
thus resulting in two more action neurons.
In figure 5 the average performance is plotted for the two network architectures. The horizontal axis shows the number of training examples, with logarithmic scaling. The vertical
axis shows the fraction of correctly-classified test samples (1.0 for perfect classification,
0.25 for pure guessing). The plot shows that for this problem ERNA outperforms the MLP
for all sizes of the training set.
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Figure 5: Counting liberties on 4 4 boards

6 Conclusions and future research
Recognizing connectedness with neural networks is a problem with a history dating back
to Minsky and Papert [2]. Their results led several people to believe that MLPs would not
be able to learn connectedness. In this paper it is shown that the problem of connectedness between two stones can be learned from examples. Our experiments show that ERNA
greatly improves generalization compared to both the MLP and the fully-connected recurrent network. However, since our experiments also showed that some generalization can
even be expected from the MLP, this network still might be a good choice in the case of
huge training sets.
The experiments presented in this paper seem to confirm our intuitive idea that an eye-like
input structure can facilitate learning by automatically incorporating knowledge about the
topological ordering of intersections into the network architecture. For eye-based network
architectures, which control more actions than just the classification, the use of recurrent
connections is important. Although our experiments show that the fully-connected recurrent network (without eye) does not benefit from its recurrent connections, this should be
verified for other sizes of the hidden layer.
Training recurrent neural networks with simple gradient-descent usually requires a long
time to converge to reasonable solutions. In some initial experiments we found RPROP to
behave 2 to 20 times faster than standard gradient-descent. It would therefore be interesting
to see how RPROP performs on other tasks.
While some initial experiments have been done, ERNA still has many parameters to be
tuned. For instance, the number of neurons assigned to the eye, their distribution over the
field of view, the sizes of the local memory, global memory and the hidden layer, possible
trade-offs between these numbers, and the effect of recurrently linking the action neurons
should be studied more thoroughly.
An important point about the new architecture is the fact that ERNA operates independently
of the board size. Future research should give insight into the question how well this feature
can be exploited when scaling up to larger boards.
Although in this paper ERNA was mainly tested on connectedness, the architecture in
principle supports any kind of positional classification. Further research should be done to
see how the architecture performs on other go-related classification tasks.
A first step has been taken with the counting of liberties, nevertheless much work still
remains to be done. For example the question how ERNA scales up to larger boards and
larger groups of stones is still unclear. Some recent results seem to suggest that, for the
task of counting liberties, ERNA performs significantly worse on larger groups of stones
that are not in the corner. A plausible explanation might be that the corner is just too easy.
However, we expect that the larger number of actions is a more serious problem that is
causing blurred gradient behavior.
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