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1 Introduction

Warcraft 11 is a very complex and popular multi-player real-time strategy game. The game requires
players to continuously monitor and respond to scores of different game variables in order to manage
high-level and low-level economic and military aspects of their virtual kingdom. Because of this it is
very difficult to create challenging computer controlled opponents which can match or surpass humans
without resorting to cheating.

Researchers in the Cognitive Computing Lab at Georgia Tech under the direction of Ashwin Ram have
developed the beginnings of a framework for creating the next generation of artificially intelligent
game-playing agents [ICCBRO7]. They are using a case-based reasoning system to support the quick
development of intelligent agents based on cases extracted from human players. One of the key
problems in this open research area is helping the agent to better understand what a human player is
thinking while playing the game. In my work, I try to address this problem by developing a set of
classifiers to learn a number of new high-level features that I believe are integral to the way humans
play strategy games and which can be integrated into the case-based system being developed at
Georgia Tech.

The set of features | attempt to learn are based on the game maps. My first goal is to generate a general
characterization of the game maps in a way similar to how humans see the map. For example, the
below map in Figure 1 is a simple 2-player map which | would characterize as an open-forest map.
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I came up with three general categories which | sought to put each map in: forest, water, mountains,
and eight sub-categories to provide a more detailed characterization: open-forest, dense-forest, islands,
lakes, continental, rivers, open-mountains, dense-mountains. Features describing the map in these
categories provide a good idea for what general strategies may be successful on such a map. For
example, on an islands map you need ships and for maps with dense-mountains flying units would
prove useful at some point.

The other feature | attempt to learn, choke points, is a key factor in all the players' strategic military
decisions. Choke points are any area of the map that are easy to defend or hard to attack because
obstacles constrict movement through the area to only a few units at a time. Choke points can occur on
land or on water and can vary in size. Below are a couple of sample choke points from Warcraft I1.

Figure 3 - A choke point in a river Figure 4 - A choke point in the
mountains

Figure 2 - A choke point at a land bridge

2 Data

Figure 5 - ASCII view of Figure 2 Figure 6 - ASCII view of Figure 3 Figure 7 - ASCII view of Figure 4

The Georgia Tech effort to develop game-playing agents is concentrated on an open-source clone of
Warcraft 11 called Wargus. | manually collected map data for the 99 Warcraft |1 maps that were
available in the ASCII format that Wargus uses which represents trees as the letter T, buildings as the
letter B, players units as the letter U, and so on. The maps are rectangular and range in size from 32 by
32 tiles up to 128 by 128 tiles. For the choke point data, | randomly sampled 1046 square windows of
size 4 up to size 15 from the 99 maps. Figures 4, 5, and 6 are the ASCII representations of the map
samples pictured in Figures 2, 3, and 4. From this map data | extracted the following attributes:
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Attribute Description

obstacles the number of obstacle tiles [trees, mountains, wallz] on the map
water the number of water tiles on the map

moveable the number of moveable land tiles on the map

total the total number of tiles on the map

water-ratio the ratio of water tiles to the total

obstacle-ratio the ratio of obstacle tiles to the total

continents the number of land masses not completely surrounded by water
izlands the number of land masses completely surrounded by water
water-bodies the number of disconnected bodies of water

fields the number of disconnected fields of moveable tiles

forests the number of disconnected groups of trees

mountainsg the number of disconnected groups of mountains

tree-ratio the ratio of tree tiles to the total

mountain-ratio the ratio of mountain tiles to the total

obstacle-groups the number of disconnected groups of obstacles [trees, mountains, walls]

maz-water-border-count the max number of borders water tiles connect

tmax-water-border-top the number of water tiles connected on the top border

max-water-border-bottom | the number of water tiles connected on the bottom border

max-water-border-left the number of water tiles connected on the left border

max-water-border-right the number of water tiles connected on the right border

mazx-fields-border-count the max number of borders mowveable land tiles connect

maz-fields-border-top the number of moveable land tiles connected on the top border

mazx-fields-border-bottom | the number of moveable land tiles connected on the bottom border

max-fields-border-left the number of moveable land tiles connected on the left border

mazx-fields-border-right the number of moveable land tiles connected on the right border

Attribute used by both map and cholte point classification

Attribute used only by map classification
Attribute used only by cholee point classification

| used ratios for attributes to enable a model to easier generalize the labels for different size maps but |
otherwise tried to use attributes that best expressed the content of the map and made sense empirically
to me. In this way, | wanted to allow the classifier to access the same attributes that my brain extracted
when working to label the maps.
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Once | had all my data, I hand labeled the map categories and the choke points. | chose to use only
three values for my labels [0.0, 0.5, 1.0] to represent negative, borderline, and positive labels
respectively. In this way I could be more consistent with my labels and the labeling would take much
less time. Also, | tried to classify choke points based on how centered they were in the map sample so
that the larger windows won’t misclassify large areas not relevant to the choke point. The distribution
of my data labels is below. For example, the map in Figure 1 above would have a label of 1.0 in forest
and open-forest but 0 in all other labels. The choke points in Figures 2 and 4 would all be 1.0 in land
choke points and Figure 3 would be a 1.0 for water choke points.

0.0 (negative) 0.5 (borderline) 1.0 (positive)

forest 7 27 65
open-forest 39 41 19
dense-forest 47 16 36
water 37 7 55
islands 70 6 23
lakes 79 12 8
continental 91 3 5
river 62 16 21
mountains 56 15 28
open-mountains 80 14 5
dense-mountains 73 5 21
land choke point 732 117 197
water choke point 1004 14 28
3 Approach

In terms of classifiers, my selection was restricted by the fact that some of my attributes and all my
labels are real numbers. Not many of the algorithms could handle these conditions. | attempted to
discretize my data but classifiers running on the discretized data did not interpolate their predicted

labels between the negative, borderline, and positive values | had provided.

| proceeded to try many of the Weka [WEKA] algorithms that could handle my data using the default

settings. Neural networks and support vector machines consistently had disappointing results. Nearest
neighbors showed promise until I realized the Weka implementation was not interpolating its predicted
labels. The best results were obtained using two of the decision tree algorithms, REP and M5P [M5P].

The REP tree learner builds regression trees using information gain/variance and prunes using reduced-
error pruning with back fitting. The M5P tree learner uses the M5 pruning criteria and builds model
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trees which can have values or multivariate linear models at its leaves which actually allows the tree to
extrapolate outside of the given labels unlike regression trees. For both algorithms, | used the default
Weka settings and trained them on my data using ten fold cross-validation to get the most out of my
limited data sets.

To provide useful results and to take advantage of the fact that my choke point classifiers are able to
handle different sample sizes, | adopted a sliding window classification approach. In order to
determine where the choke points are on a map | slide my choke point classifier in increments of a third
of the window size over all the tiles for all windows sizes from four up to fifteen. The predicted
classification is then used to place a Gaussian-like mass in the center of the classification window
which is modified by the strength of the prediction. These probability masses then get built up by
successive windows so the end result is a combination of all the window predictions which provides a
map choke point prediction overlay layer. Below is an example of a map before classification and
afterwards with the prediction overlay layer. The combination of low resolution probability masses and
windows sliding by a third of their width created the cross pattern seen in Figure 9 as strong responses
are generated every window jump.

Figure 8 — An unclassified Warcraft 11 map. Blue is water, Figure 9 — A map with the prediction overlay layer. Darker
dark green are trees, light green is grassland, brown is mud, red and white represents stronger choke point predictions.
and grey is mountains. (Red = land choke points, White = water choke points)
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4 Results

Algorithm  Tree Size (/ M5P Models) Mean Absolute Error

forest REP 7 0.1736
open-forest REP 7 0.2379
dense-forest M5P 714 0.2716
water REP 3 0.0745
islands M5P 0/1 0.2026
lakes M5P 212 0.2171
continental M5P 15/8 0.1064
river REP 11 0.2381
mountains REP 9 0.1234
open-mountains REP 9 0.1577
dense-mountains REP 3 0.0930
land choke point M5P 39/20 0.1609
water choke point REP 13 0.0244

Once I had the data and labels, the training of the classifiers was very quick process. The M5P and
REP algorithms were able to produce models in a matter of seconds or less. In terms of numbers, the
table above describes the best performance of the REP and M5P trees | used. It was nice to see that the
trees were able to easily pick up on the meaning of the simpler concepts. For example, with water
maps the REP tree only looked at the water-ratio and with islands M5P did not even build a tree but
rather developed a single model which linearly combined the water-ratio and the number of continents
without even looking at the number of islands.

In general, the sub-categories did not perform as well as the general forest, water, and mountain
categories. | expected this trend since | had so few map samples. In fact, the continental sub-category
was the least represented category and it is obvious that the M5P developed an overly complex model
to exactly match the handful of continental maps.

Ironically, the choke points were easier for me to label than the overall map characterizations but the
models created by M5P and REP show that this task is much harder for the computer to emulate. It did
manage to obtain quite low error rates especially with the water choke points. | found the
visualizations of my classifiers performance, like Figure 8 and 9 above, made interpreting and
evaluating the classifiers performance much easier. The shortcomings are obvious when the visualizer
IS run on a variety of maps.

In general there were extremely few false positives for either choke point classifier. The water choke
point classifier actually seemed to quite conservative making positive predictions in comparison to the
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land choke point classifier. This made many good water choke points not as strongly labeled as they
could have been. Although it is somewhat unfair to compare the two choke point classifiers since the
data set only had 28 water choke points to the 197 land choke points.

The land choke point classifier produced false negatives for choke points on the borders of the maps
and over land bridges as can be seen in Figure 9. While hand labeling, I could not tell if a sample was
on the border and so neither can the classifier. A quick fix for this would be to surround the whole map
by mountains so that the border becomes an obstacle. For bridges, there were simply no training
examples for the classifier to learn from since | sampled randomly from the maps and no bridges
happened to be sampled since they are rare. Simply sampling some bridges and retraining the land
choke point should solve this.

It is also apparent from watching the visualizer work that the smaller four to six tile classification
windows were not able to produce many positive predictions. These window sizes don’t cover much
map space and almost all of the choke points are as wide as the small windows or wider so the training
examples for these window sizes don’t provide many positives. In addition, providing larger windows
to handle false negatives from large choke points might be appropriate. At the same time you would
have to carefully train these larger window sizes not to classify small choke points because they would
then produce false positives around the small choke points just due to the window size.

Some, if not many, of the classifier issues are probably due to my error-prone hand labeling which was
probably inconsistent in places. The classifiers also could have used more data to alleviate the effects
of the curse of dimensionality. But given the results I think my approach stood up well to errors, noise,
and insufficient data.

Overall, I was able to extract useful map features, especially in terms of choke points. These features
can be usefully integrated into the intelligent agent case-based reasoning system with the help of some
additional high-level reasoning to determine which chokepoints are interesting and how to take
advantage of them.

5 Future Work

There is room for a lot of future work in this area. More substantial data sets with more positive
examples of the map sub-categories and choke holds need to be generated. The existing map attributes
need to be better evaluated and new ones developed that better fit each problem. Window sample sizes
should also be evaluated for effectiveness.

Work could be done in characterizing the maps based on characterizations of sub-samples of the map
through a voting scheme. Similarly, the choke points predictions may prove useful as an attribute in
characterizing the whole map.

Computationally the prediction process could be sped up by determining the best way to slide the
classifier windows over the map. In addition, on-demand computation of the attributes for the
classifiers could be performed since the trees use different sets of attributes depending on which branch
is followed and some of the attributes are costly to compute.
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Finally, work needs to be done to integrate the features | have developed into the intelligent case-based
reasoning agent. This includes post-processing the chokehold predictions to provide useful features for
the case database and building a system to reason with choke points and then evaluating the effect of
these new features.
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