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Introduction - Batch operation  Parameters update process

In many real-world applications, data are usually Use Eigenvalue decomposition instead of SVD and take the Use natural gradients to compute in parallel and update
represented as Hierarchical Tucker (HT) tensor model, such as batch solution to calculate intermediate variables 1n parallel. the parameters.
big data analysis, neural network compression and quantum 1
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machine learning. However, 1t 1s compute intensive due to the - . not —
time complexity grows exponentially with the order of the data helic < 1 © @ Egls gE"ErE'tEd
tensor. In this work, we present efficient HT tensor learning B
primitives using GPU tensor cores.
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The HT format is stored in the form of a binary tree T, where
each branch 1s a hierarchical division of the tensor mode set.
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We schedule GPU tensor cores to optimize matrix multiplication.
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