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Abstract ; Current learning algorithms for prototype learning require intensive computation burden for large category
machine learning and pattern recognition fields. To solve this bottleneck problem, a principled scalable prototype
learning method is proposed based on heterogeneous parallel computing architecture of GPUs and CPUs. The
method can transfer the intense workload to the GPU side instead of CPU side through splitting and rearranging the
computing task, so that only a few control process is needed to be managed by the CPU. Meanwhile, the method
has the ability to adaptively choose the strategies between tiling and reduction depending on its workload. Our
evaluations on a large Chinese character database show that up to 194X speedup can be achieved in the case of mini
—batch when evaluated on a consumer-level card of GTX 680. When a new GTX980 card is used, it can scale up to
638X. Even to the more difficult SGD occasion, a more than 30-fold speedup is observed. The proposed framework
possess a high scalability while preserving its performance precision, and can effectively solve the bottleneck
problems in prototype learning.
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1 while not convergent do

2. for each {x,,y,|

3. find out (m,,d,) and (m,,d,) through

compare- then-exchange distances
compute error measure f(x) using Eq.(2)

derive loss function ¢p(x) using Eq.(3)
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6. update m, and m, using Eq.(4)
7. end for
8. end while
9: return {m, |, . .
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