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Risky Data Sources pesgeorTol

» After evaluating other poker hand classifiers it was concluded that some existing -
datasets such as the popular UCI’s dataset[1] presented risks for mis-training neural
networks which classify poker hands by the rank or value of the hand[2][3].

 The probability of a hand appearing in the UCI dataset is proportionate to how likely
it is to be drawn from a deck of cards (Figure 1). Therefore, to mitigate the small
sample of high value hand labels in the dataset (l.e. Straight Flush), it would be
necessary to produce equal samples of each set of values.

 This is necessary to ensure that the data did not cause a classifier to only learn to
classify some poker hands and mostly fail to classify others. One classifier had an
accuracy of 92% which is also the total of 2 out 8 of the classes of hands that exist in
the dataset. Figure 1 — Percentage of hand combination instances in UCI

training data.
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Conclusions and Future Work
7 2 def Ez‘iﬂuﬂﬁ) * |nvestigation into parallelising the brute force algorithm indicates that it is faster than serial.
i6. i6. : for i in range(4): Adeguate benchmarking could not objectively verify (Fig. 9).
15%' 15%' l?u;p"'gltiﬁﬁ'zﬁ';“i“ﬂ'P“““EEE(“‘PH“="'“"]"3"—5““5}‘) * UCI’s dataset and data generated from this project should be used to train separate
19361.8 19301 : ﬂ.szél-}:]l(]) ’ classifiers and their accuracy compared to confirm the initial hypothesis.
e Although inflexible, the rules based classifier which was necessary to develop for the data
Figure 9 Line-by-line benchmarks parallelised code proved inconclusive. generator is accurate enough to be relied on as a classifier in its own right.
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