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In this project, we looked at how unsupervised machine
learning (specifically, clustering using Gaussian mixture 3 2 CLUSTERING USING

models) can be used to determine player archetypes in
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Using features computed We determined that some did not explore a lot of the map
from the ESTA-LAN dataset, features were too noisy to
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describing how individual players, so we discarded
players move while playing them and chose to cluster
different games on on the features that were
different maps in CSGO. better for telling players
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round. These features describe References

things 1like how much of
the map a player explored,
how quickly they moved,
how often they dwelled,
and how spatially complex
their trajectory is.
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