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{1.2. Backward propagation: }

{ Please note that the gradients are not binary. }
Compute g,, = 75— knowing a, and a*
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Figure 1: The three stage compression pipeline: pruning, quantization and Huffman coding. Pruning
reduces the number of weights by 10, while quantization further improves the compression rate:
between 27 x and 31 x. Huffman coding gives more compression: between 35x and 49x. The
compression rate already included the meta-data for sparse representation. The compression scheme
doesn’t incur any accuracy loss.
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* Deep Compression: Compressing Deep Neural Networks with Pruning, Trained
- Quantization and Huffman Coding

* XNOR-Net: ImageNet Classification Using Binary Convolutional Neural
Networks

* Binarized Neural Networks: Training Neural Networks withWeights and
Activations Constrained to +1 or 1







