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Error PreFast replaces forward pass through frozen layer with pre-computed outputs
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Deep neural network training consists of series of forward and backward » FreezeOut excludes frozen layer * Frozen layer’s output can be computed
passes through hidden layers only through backward pass as new input to subsequent layers

Training neural networks involves two steps:

(1) Forward Pass: propagates input forward through the

. PreFast precomputes the output * Bypasses the trozen layer completely

from frozen layer
network

(2) Backward Pass: Propagate errors backward to compute

the weight gradients » Modified publicly available version of * Compared training time and validation

Goal of training: Search weight parameters of each layer FreezeOut code error between PreFast and FreezeOut
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generalized into two category: model for image classification. » Tested on Texas Advanced_Computlng
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(2) System approach uses parallelized training. * Random sampled MNIST dataset to

6.4, CPU - Intel Xeon E5-2680 v2 Ivy

4000 and CIFAR to 2000 samples due Bridge, 2.80 GHz, 20 CPUs/node,

. NVIDIA Tesla K40 GPU and Cuda 7.5.
to resource constraint.
(1) Each layer (L)'s is initialized to single learning rate value ()
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Whether tradeoff between validation error and training time is
acceptable to user or not Is entirely up to user’'s use case:
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Helpful for users for prototyping different neural network
design and quickly assessing which one performs better ) | | | |

If the users goal Is to get a high performing neural network 0 02 04 06 08 1 0 02 04 06 08 I
design, the technique is not applicable. User Selected Parameter t, User Selected Parameter ¢

Lower training time for similar validation errors using CIFAR-100 Dataset
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