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Denoting convolutional operation with tensor diagram
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Unified Initialization

Consider some questions:
 For a unknown tensorial CNN,

whether we need to analyze its data-flow to derive its initialization
- time and resource consuming
 Fora NAS, if it found a pretty special structure,
how to train it for a stable performance
- a fatal shortage for NAS

Is there any initializing Principle for arbitrary tensorial CNNs?



Two Correction on Dummy Tensor

( 1) Correcting Diagram

Adding an arrow
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Unified Initialization
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Maintaining data-flow variance in transition !



Unified Initialization

How to construct the fan-out mode?
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How to transfer G, to G, ?




Unified Initialization

Tensor Contraction
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Unified Initialization

Standard Convolution HTK2 Convolution Odd Convolution
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Experiment result
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Experiment result
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“Cifar10 Tiny-ImageNet
Rank-Edge | Kaiming : Kaiming .
Number (-in/-out) Graph-in  Graph-out (-in/-ouf) Graph-in  Graph-out
Low-Rank 1 0.1 0.8141 0.8163 0.307/0.2776  0.3153 0.3076
Tensor Ring 4 0.1 0.8308 0.8311 0.005 0.2494 0.249
HTK?2(p=4) 2 0.1 0.8638 0.8705 0.005 0.4014 0.4126
HOdd(p=4) 14 0.1 0.8826 0.8806 0.005 0.5048 0.5045
Random-1 - 0.1 0.8538 0.8483 0.005 0.4965 0.5015
Random-2 - 0.1 0.8801 0.876 0.005 0.5379 0.5356
Random-3 - 0.1 0.8648 0.863 0.005 0.5475 0.5403
Random-4 - 0.1 0.8789 0.8816 0.005 0.5295 0.5306
Random-5 - 0.1 0.8622 0.8644 0.005 0.5444 0.5428
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On ImageNet
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Thank you!




