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Deep Learning on Mobile
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DNN on the Cloud…



App developers suffers from the model size

What if Run Deep Learning Locally on Mobile?
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Model Size!
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Figure 1: Energy table for 45nm CMOS process. Memory access is 2 orders of magnitude more 
energy expensive than arithmetic operations. 

Hardware engineer suffers from the model size 
(embedded system, limited resource)

Operation Energy [pJ] Relative Cost

32 bit int ADD 0.1 1
32 bit float ADD 0.9 9
32 bit Register File 1 10
32 bit int MULT 3.1 31
32 bit float MULT 3.7 37
32 bit SRAM Cache 5 50
32 bit DRAM Memory 640 6400

1 10 100 1000 10000

Relative Energy Cost 

Figure 1: Energy table for 45nm CMOS process [7]. Memory access is 3 orders of magnitude more
energy expensive than simple arithmetic.

To achieve this goal, we present a method to prune network connections in a manner that preserves the
original accuracy. After an initial training phase, we remove all connections whose weight is lower
than a threshold. This pruning converts a dense, fully-connected layer to a sparse layer. This first
phase learns the topology of the networks — learning which connections are important and removing
the unimportant connections. We then retrain the sparse network so the remaining connections can
compensate for the connections that have been removed. The phases of pruning and retraining may
be repeated iteratively to further reduce network complexity. In effect, this training process learns
the network connectivity in addition to the weights - much as in the mammalian brain [8][9], where
synapses are created in the first few months of a child’s development, followed by gradual pruning of
little-used connections, falling to typical adult values.

2 Related Work

Neural networks are typically over-parameterized, and there is significant redundancy for deep learn-
ing models [10]. This results in a waste of both computation and memory. There have been various
proposals to remove the redundancy: Vanhoucke et al. [11] explored a fixed-point implementation
with 8-bit integer (vs 32-bit floating point) activations. Denton et al. [12] exploited the linear
structure of the neural network by finding an appropriate low-rank approximation of the parameters
and keeping the accuracy within 1% of the original model. With similar accuracy loss, Gong et al.
[13] compressed deep convnets using vector quantization. These approximation and quantization
techniques are orthogonal to network pruning, and they can be used together to obtain further gains
[14].

There have been other attempts to reduce the number of parameters of neural networks by replacing
the fully connected layer with global average pooling. The Network in Network architecture [15]
and GoogLenet [16] achieves state-of-the-art results on several benchmarks by adopting this idea.
However, transfer learning, i.e. reusing features learned on the ImageNet dataset and applying them
to new tasks by only fine-tuning the fully connected layers, is more difficult with this approach. This
problem is noted by Szegedy et al. [16] and motivates them to add a linear layer on the top of their
networks to enable transfer learning.

Network pruning has been used both to reduce network complexity and to reduce over-fitting. An
early approach to pruning was biased weight decay [17]. Optimal Brain Damage [18] and Optimal
Brain Surgeon [19] prune networks to reduce the number of connections based on the Hessian of the
loss function and suggest that such pruning is more accurate than magnitude-based pruning such as
weight decay. However, second order derivative needs additional computation.

HashedNets [20] is a recent technique to reduce model sizes by using a hash function to randomly
group connection weights into hash buckets, so that all connections within the same hash bucket
share a single parameter value. This technique may benefit from pruning. As pointed out in Shi et al.
[21] and Weinberger et al. [22], sparsity will minimize hash collision making feature hashing even
more effective. HashedNets may be used together with pruning to give even better parameter savings.
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What if Run Deep Learning Locally on Mobile?
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Smaller Size
Compress DNN model  

size by 10x-50x

Accuracy
No loss of accuracy / 
Improved accuracy 

Speedup
Make inference faster 

by specialized HW
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Problem: DNN Model Size

Solution: Deep Compression 



Deep Compression Overview

• AlexNet: 35×, 240MB => 6.9MB

• VGG16: 49×, 552MB => 11.3MB

• GoogLeNet: 10x, 28MB => 2.8MB

• SqueezeNet: 10x, 4.8MB => 0.47MB

• No loss of accuracy on ImageNet12

• Weights fits on-chip SRAM cache, taking 120x less energy than 
DRAM memory
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• Network Pruning:  
Less Number of Weights 

• Weight Sharing:  
Reduce Storage for Each Remaining Weight 

• Huffman Coding: 
Entropy of the Total Remaining Weights
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Deep Compression Pipeline
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1. Pruning

[1] LeCun et al. Optimal Brain Damage NIPS’90 
[2] Hassibi, et al. Second order derivatives for network pruning: Optimal brain surgeon. NIPS’93 
[3] Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS’15

Pruning Weight Sharing Huffman Coding



Pruning: Motivation

• Trillion of synapses are generated in the human brain during the first few months of birth. 

• 1 year old, peaked at 1000 trillion 

• Pruning begins to occur.

• 10 years old, a child has nearly 500 trillion synapses

• This ’pruning’ mechanism removes redundant connections in the brain.

[1] Christopher A Walsh. Peter Huttenlocher (1931-2013). Nature, 502(7470):172–172, 2013.  

Pruning Weight Sharing Huffman Coding



AlexNet & VGGNet

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS 2015

CONV: 3x FC: 10x

Pruning Weight Sharing Huffman Coding



Retrain to Recover Accuracy
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Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS 2015
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Pruning: Result

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS 2015

Pruning Weight Sharing Huffman Coding



Pruning RNN and LSTM

Lecture 10 - 8 Feb 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 10 - 8 Feb 201651

Explain Images with Multimodal Recurrent Neural Networks, Mao et al.
Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy and Fei-Fei
Show and Tell: A Neural Image Caption Generator, Vinyals et al.
Long-term Recurrent Convolutional Networks for Visual Recognition and Description, Donahue et al.
Learning a Recurrent Visual Representation for Image Caption Generation, Chen and Zitnick

Image Captioning

Karpathy, et al, "Deep Visual-
Semantic Alignments for 
Generating Image Descriptions"

• Pruning away 90% parameters in NeuralTalk doesn’t hurt BLUE score with proper retraining

Pruning Weight Sharing Huffman Coding



• Original: a basketball player in a white uniform is playing 
with a ball 

• Pruned 90%: a basketball player in a white uniform is 
playing with a basketball

• Original : a brown dog is running through a grassy field 
• Pruned 90%: a brown dog is running through a grassy area

• Original : a soccer player in red is running in the field 
• Pruned 95%: a man in a red shirt and black and white black 

shirt is running through a field

• Original : a man is riding a surfboard on a wave 
• Pruned 90%: a man in a wetsuit is riding a wave on a beach

Pruning NeuralTalk and LSTM

Pruning Weight Sharing Huffman Coding
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the 70% of parameters whose values are closest to zero. In Figure 2, we show the
distribution of parameters in SqueezeNet with and without Deep Compression.
Unsurprisingly, Figure 2(b) shows that the parameters near zero are the ones
that are pruned.

After quantization, the resulting distribution is shown in Figure 2(c). Finally,
note that we generally refer to the learned values in a CNN as parameters, but
we do use terms parameters and weights interchangeably.
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Fig. 2. Weight distribution of the original SqueezeNet (a), pruned SqueezeNet (b), and
pruned and quantized SqueezeNet (c). After Deep Compression, weights that are close
to zero are removed; Weights also become discrete after quantization.

Appendix B: Solver Configuration

CNNs are commonly trained using stochastic gradient descent (SGD) as an
optimization method. We use the Nesterov Accelerated Gradient [2] variant of
SGD, which is described in [3]. Unless otherwise mentioned, the experiments in
our paper use the Nesterov SGD solver with the following hyperparameters. Our
training runs use a batch size of 64 for 50 epochs. We use a polynomial learning
rate schedule as described in [4] with power = 0.5 and an initial learning rate of
0.01. We set weight decay to 0.0002.

References

1. Han, S., Mao, H., Dally, W.: Deep compression: Compressing DNNs with pruning,
trained quantization and hu↵man coding. arxiv:1510.00149v3 (2015)

2. Nesterov, Y.: A method of solving a convex programming problem with convergence
rate o(1/k2). Soviet Mathematics Doklady (1983)

3. Sutskever, I., Martens, J., Dahl, G., Hinton, G.: On the importance of initialization
and momentum in deep learning. In: ICML. (2013)

4. Iandola, F.N., Ashraf, K., Moskewicz, M.W., Keutzer, K.: FireCa↵e: near-linear
acceleration of deep neural network training on compute clusters. arxiv:1511.00175
(2015)
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• Network Pruning:  
Less Number of Weights 

• Weight Sharing:  
Reduce Storage for Each Remaining Weight 

• Huffman Coding: 
Entropy of the Total Remaining Weights

Pruning Weight Sharing Huffman Coding

Deep Compression Pipeline



Published as a conference paper at ICLR 2016

Train Connectivity

Prune Connections

Train Weights

Cluster the Weights

Generate Code Book

Quantize the Weights 
with Code Book

Retrain Code Book

Pruning: less number of weights
Quantization: less bits per weight

original
   size

   9x-13x 
reduction

  27x-31x 
reduction

   same 
accuracy

   same 
accuracy

original 
network

Encode Weights

Encode Index

Huffman Encoding

  35x-49x 
reduction

   same 
accuracy

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⇥ and 31⇥. Huffman coding gives more compression: between 35⇥ and 49⇥. The
compression rate already included the meta-data for sparse representation. The compression scheme
doesn’t incur any accuracy loss.

features such as better privacy, less network bandwidth and real time processing, the large storage
overhead prevents deep neural networks from being incorporated into mobile apps.

The second issue is energy consumption. Running large neural networks require a lot of memory
bandwidth to fetch the weights and a lot of computation to do dot products— which in turn consumes
considerable energy. Mobile devices are battery constrained, making power hungry applications such
as deep neural networks hard to deploy.

Energy consumption is dominated by memory access. Under 45nm CMOS technology, a 32 bit
floating point add consumes 0.9pJ, a 32bit SRAM cache access takes 5pJ, while a 32bit DRAM
memory access takes 640pJ, which is 3 orders of magnitude of an add operation. Large networks
do not fit in on-chip storage and hence require the more costly DRAM accesses. Running a 1 billion
connection neural network, for example, at 20fps would require (20Hz)(1G)(640pJ) = 12.8W just
for DRAM access - well beyond the power envelope of a typical mobile device.

Our goal is to reduce the storage and energy required to run inference on such large networks so they
can be deployed on mobile devices. To achieve this goal, we present “deep compression”: a three-
stage pipeline (Figure 1) to reduce the storage required by neural network in a manner that preserves
the original accuracy. First, we prune the networking by removing the redundant connections, keeping
only the most informative connections. Next, the weights are quantized so that multiple connections
share the same weight, thus only the codebook (effective weights) and the indices need to be stored.
Finally, we apply Huffman coding to take advantage of the biased distribution of effective weights.

Our main insight is that, pruning and trained quantization are able to compress the network without
interfering each other, thus lead to surprisingly high compression rate. It makes the required storage
so small (a few megabytes) that all weights can be cached on chip instead of going to off-chip DRAM
which is energy consuming. Based on “deep compression”, the EIE hardware accelerator Han et al.
(2016) was later proposed that works on the compressed model, achieving significant speedup and
energy efficiency improvement.

2 NETWORK PRUNING

Network pruning has been widely studied to compress CNN models. In early work, network pruning
proved to be a valid way to reduce the network complexity and over-fitting (LeCun et al., 1989;
Hanson & Pratt, 1989; Hassibi et al., 1993; Ström, 1997). Recently Han et al. (2015) pruned state-
of-the-art CNN models with no loss of accuracy. We build on top of that approach. As shown on
the left side of Figure 1, we start by learning the connectivity via normal network training. Next, we
prune the small-weight connections: all connections with weights below a threshold are removed
from the network. Finally, we retrain the network to learn the final weights for the remaining sparse
connections. Pruning reduced the number of parameters by 9⇥ and 13⇥ for AlexNet and VGG-16
model.

2

2. Weight Sharing  
(Trained Quantization)
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Weight Sharing: Overview
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.
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Figure 3: Weight sharing by scalar quantization (top) and centroids fine-tuning (bottom).

We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each

3
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.
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We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.
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Figure 3: Weight sharing by scalar quantization (top) and centroids fine-tuning (bottom).

We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.
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Figure 3: Weight sharing by scalar quantization (top) and centroids fine-tuning (bottom).

We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.
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Figure 3: Weight sharing by scalar quantization (top) and centroids fine-tuning (bottom).

We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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Figure 2: Representing the matrix sparsity with relative index. Padding filler zero to prevent overflow.

2.09 -0.98 1.48 0.09

0.05 -0.14 -1.08 2.12

-0.91 1.92 0 -1.03

1.87 0 1.53 1.49

-0.03 -0.01 0.03 0.02

-0.01 0.01 -0.02 0.12

-0.01 0.02 0.04 0.01

-0.07 -0.02 0.01 -0.02

0.04

0.02

0.04

-0.03

-0.03 0.12 0.02 -0.07

0.03 0.01

0.02 -0.01 0.01 0.04

 -0.01 -0.02 -0.01 0.01

cluster

   weights 
(32 bit float) centroids

gradient

3 0 2 1

1 1 0 3

0 3 1 0

3 1 2 2

cluster index
  (2 bit uint)

2.00

1.50

0.00

-1.00

-0.02

-0.02

group by

fine-tuned 
centroids

reduce

1.96

1.48

-0.04

-0.97

1:

lr0:

2:

3:

Figure 3: Weight sharing by scalar quantization (top) and centroids fine-tuning (bottom).

We store the sparse structure that results from pruning using compressed sparse row (CSR) or
compressed sparse column (CSC) format, which requires 2a+n+1 numbers, where a is the number
of non-zero elements and n is the number of rows or columns.

To compress further, we store the index difference instead of the absolute position, and encode this
difference in 8 bits for conv layer and 5 bits for fc layer. When we need an index difference larger
than the bound, we the zero padding solution shown in Figure 2: in case when the difference exceeds
8, the largest 3-bit (as an example) unsigned number, we add a filler zero.

3 TRAINED QUANTIZATION AND WEIGHT SHARING

Network quantization and weight sharing further compresses the pruned network by reducing the
number of bits required to represent each weight. We limit the number of effective weights we need to
store by having multiple connections share the same weight, and then fine-tune those shared weights.

Weight sharing is illustrated in Figure 3. Suppose we have a layer that has 4 input neurons and 4
output neurons, the weight is a 4⇥ 4 matrix. On the top left is the 4⇥ 4 weight matrix, and on the
bottom left is the 4⇥ 4 gradient matrix. The weights are quantized to 4 bins (denoted with 4 colors),
all the weights in the same bin share the same value, thus for each weight, we then need to store only
a small index into a table of shared weights. During update, all the gradients are grouped by the color
and summed together, multiplied by the learning rate and subtracted from the shared centroids from
last iteration. For pruned AlexNet, we are able to quantize to 8-bits (256 shared weights) for each
CONV layers, and 5-bits (32 shared weights) for each FC layer without any loss of accuracy.

To calculate the compression rate, given k clusters, we only need log2(k) bits to encode the index. In
general, for a network with n connections and each connection is represented with b bits, constraining
the connections to have only k shared weights will result in a compression rate of:

r =
nb

nlog2(k) + kb
(1)

For example, Figure 3 shows the weights of a single layer neural network with four input units and
four output units. There are 4⇥4 = 16 weights originally but there are only 4 shared weights: similar
weights are grouped together to share the same value. Originally we need to store 16 weights each
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the 70% of parameters whose values are closest to zero. In Figure 2, we show the
distribution of parameters in SqueezeNet with and without Deep Compression.
Unsurprisingly, Figure 2(b) shows that the parameters near zero are the ones
that are pruned.

After quantization, the resulting distribution is shown in Figure 2(c). Finally,
note that we generally refer to the learned values in a CNN as parameters, but
we do use terms parameters and weights interchangeably.
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Fig. 2. Weight distribution of the original SqueezeNet (a), pruned SqueezeNet (b), and
pruned and quantized SqueezeNet (c). After Deep Compression, weights that are close
to zero are removed; Weights also become discrete after quantization.

Appendix B: Solver Configuration

CNNs are commonly trained using stochastic gradient descent (SGD) as an
optimization method. We use the Nesterov Accelerated Gradient [2] variant of
SGD, which is described in [3]. Unless otherwise mentioned, the experiments in
our paper use the Nesterov SGD solver with the following hyperparameters. Our
training runs use a batch size of 64 for 50 epochs. We use a polynomial learning
rate schedule as described in [4] with power = 0.5 and an initial learning rate of
0.01. We set weight decay to 0.0002.
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Table 6: Accuracy of AlexNet with different aggressiveness of weight sharing and quantization. 8/5
bit quantization has no loss of accuracy; 8/4 bit quantization, which is more hardware friendly, has
negligible loss of accuracy of 0.01%; To be really aggressive, 4/2 bit quantization resulted in 1.99%
and 2.60% loss of accuracy.

#CONV bits / #FC bits Top-1 Error Top-5 Error Top-1 Error
Increase

Top-5 Error
Increase

32bits / 32bits 42.78% 19.73% - -
8 bits / 5 bits 42.78% 19.70% 0.00% -0.03%
8 bits / 4 bits 42.79% 19.73% 0.01% 0.00%
4 bits / 2 bits 44.77% 22.33% 1.99% 2.60%

loss, 85% regulator efficiency and 15% power consumed by peripheral components (NVIDIA, a) to
report the AP+DRAM power for Tegra K1.

The ratio of memory access over computation characteristic with and without batching is different.
When the input activations are batched to a matrix the computation becomes matrix-matrix multipli-
cation, where locality can be improved by blocking. Matrix could be blocked to fit in caches and
reused efficiently. In this case, the amount of memory access is O(n2), and that of computation is
O(n3), the ratio between memory access and computation is in the order of 1/n.

In real time processing when batching is not allowed, the input activation is a single vector and the
computation is matrix-vector multiplication. In this case, the amount of memory access is O(n2), and
the computation is O(n2), memory access and computation are of the same magnitude (as opposed
to 1/n). That indicates MV is more memory-bounded than MM. So reducing the memory footprint
is critical for the non-batching case.

Figure 9 illustrates the speedup of pruning on different hardware. There are 6 columns for each
benchmark, showing the computation time of CPU / GPU / TK1 on dense / pruned network. Time is
normalized to CPU. When batch size = 1, pruned network layer obtained 3⇥ to 4⇥ speedup over the
dense network on average because it has smaller memory footprint and alleviates the data transferring
overhead, especially for large matrices that are unable to fit into the caches. For example VGG16’s
FC6 layer, the largest layer in our experiment, contains 25088⇥ 4096⇥ 4 Bytes ⇡ 400MB data,
which is far from the capacity of L3 cache.

In those latency-tolerating applications , batching improves memory locality, where weights could
be blocked and reused in matrix-matrix multiplication. In this scenario, pruned network no longer
shows its advantage. We give detailed timing results in Appendix A.

Figure 10 illustrates the energy efficiency of pruning on different hardware. We multiply power
consumption with computation time to get energy consumption, then normalized to CPU to get
energy efficiency. When batch size = 1, pruned network layer consumes 3⇥ to 7⇥ less energy over
the dense network on average. Reported by nvidia-smi, GPU utilization is 99% for both dense
and sparse cases.

6.4 RATIO OF WEIGHTS, INDEX AND CODEBOOK

Pruning makes the weight matrix sparse, so extra space is needed to store the indexes of non-zero
elements. Quantization adds storage for a codebook. The experiment section has already included
these two factors. Figure 11 shows the breakdown of three different components when quantizing
four networks. Since on average both the weights and the sparse indexes are encoded with 5 bits,
their storage is roughly half and half. The overhead of codebook is very small and often negligible.

7 RELATED WORK

Neural networks are typically over-parametrized, and there is significant redundancy for deep learning
models(Denil et al., 2013). This results in a waste of both computation and memory usage. There
have been various proposals to remove the redundancy: Vanhoucke et al. (2011) explored a fixed-
point implementation with 8-bit integer (vs 32-bit floating point) activations. Hwang & Sung
(2014) proposed an optimization method for the fixed-point network with ternary weights and 3-bit
activations. Anwar et al. (2015) quantized the neural network using L2 error minimization and
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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⇥ and 31⇥. Huffman coding gives more compression: between 35⇥ and 49⇥. The
compression rate already included the meta-data for sparse representation. The compression scheme
doesn’t incur any accuracy loss.

features such as better privacy, less network bandwidth and real time processing, the large storage
overhead prevents deep neural networks from being incorporated into mobile apps.

The second issue is energy consumption. Running large neural networks require a lot of memory
bandwidth to fetch the weights and a lot of computation to do dot products— which in turn consumes
considerable energy. Mobile devices are battery constrained, making power hungry applications such
as deep neural networks hard to deploy.

Energy consumption is dominated by memory access. Under 45nm CMOS technology, a 32 bit
floating point add consumes 0.9pJ, a 32bit SRAM cache access takes 5pJ, while a 32bit DRAM
memory access takes 640pJ, which is 3 orders of magnitude of an add operation. Large networks
do not fit in on-chip storage and hence require the more costly DRAM accesses. Running a 1 billion
connection neural network, for example, at 20fps would require (20Hz)(1G)(640pJ) = 12.8W just
for DRAM access - well beyond the power envelope of a typical mobile device.

Our goal is to reduce the storage and energy required to run inference on such large networks so they
can be deployed on mobile devices. To achieve this goal, we present “deep compression”: a three-
stage pipeline (Figure 1) to reduce the storage required by neural network in a manner that preserves
the original accuracy. First, we prune the networking by removing the redundant connections, keeping
only the most informative connections. Next, the weights are quantized so that multiple connections
share the same weight, thus only the codebook (effective weights) and the indices need to be stored.
Finally, we apply Huffman coding to take advantage of the biased distribution of effective weights.

Our main insight is that, pruning and trained quantization are able to compress the network without
interfering each other, thus lead to surprisingly high compression rate. It makes the required storage
so small (a few megabytes) that all weights can be cached on chip instead of going to off-chip DRAM
which is energy consuming. Based on “deep compression”, the EIE hardware accelerator Han et al.
(2016) was later proposed that works on the compressed model, achieving significant speedup and
energy efficiency improvement.

2 NETWORK PRUNING

Network pruning has been widely studied to compress CNN models. In early work, network pruning
proved to be a valid way to reduce the network complexity and over-fitting (LeCun et al., 1989;
Hanson & Pratt, 1989; Hassibi et al., 1993; Ström, 1997). Recently Han et al. (2015) pruned state-
of-the-art CNN models with no loss of accuracy. We build on top of that approach. As shown on
the left side of Figure 1, we start by learning the connectivity via normal network training. Next, we
prune the small-weight connections: all connections with weights below a threshold are removed
from the network. Finally, we retrain the network to learn the final weights for the remaining sparse
connections. Pruning reduced the number of parameters by 9⇥ and 13⇥ for AlexNet and VGG-16
model.
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Table 1: The compression pipeline can save 10⇥ to 49⇥ parameter storage with no loss of accuracy.

Network Top-1 Error Top-5 Error Parameters Compress
Rate

LeNet-300-100 Ref 1.64% - 1070 KB
LeNet-300-100 Compressed 1.58% - 27 KB 40⇥
LeNet-5 Ref 0.80% - 1720 KB
LeNet-5 Compressed 0.74% - 44 KB 39⇥
AlexNet Ref 42.78% 19.73% 240 MB
AlexNet Compressed 42.78% 19.70% 6.9 MB 35⇥
VGG-16 Ref 31.50% 11.32% 552 MB
VGG-16 Compressed 31.17% 10.91% 11.3 MB 49⇥
SqueezeNet Ref 42.5% 19.7% 4.8 MB
SqueezeNet Compressed 42.5% 19.7% 0.47MB 10⇥
GoogLeNet Ref 31.30% 11.10% 28 MB
GoogLeNet Compressed 31.26% 11.08% 2.8 MB 10⇥

Table 2: Compression statistics for LeNet-300-100. P: pruning, Q:quantization, H:Huffman coding.

Layer #Weights Weights%
(P)

Weight
bits
(P+Q)

Weight
bits
(P+Q+H)

Index
bits
(P+Q)

Index
bits
(P+Q+H)

Compress
rate
(P+Q)

Compress
rate
(P+Q+H)

ip1 235K 8% 6 4.4 5 3.7 3.1% 2.32%
ip2 30K 9% 6 4.4 5 4.3 3.8% 3.04%
ip3 1K 26% 6 4.3 5 3.2 15.7% 12.70%
Total 266K 8%(12⇥) 6 5.1 5 3.7 3.1% (32⇥) 2.49% (40⇥)

Table 3: Compression statistics for LeNet-5. P: pruning, Q:quantization, H:Huffman coding.

Layer #Weights Weights%
(P)

Weight
bits
(P+Q)

Weight
bits
(P+Q+H)

Index
bits
(P+Q)

Index
bits
(P+Q+H)

Compress
rate
(P+Q)

Compress
rate
(P+Q+H)

conv1 0.5K 66% 8 7.2 5 1.5 78.5% 67.45%
conv2 25K 12% 8 7.2 5 3.9 6.0% 5.28%
ip1 400K 8% 5 4.5 5 4.5 2.7% 2.45%
ip2 5K 19% 5 5.2 5 3.7 6.9% 6.13%
Total 431K 8%(12⇥) 5.3 4.1 5 4.4 3.05% (33⇥) 2.55% (39⇥)

neurons each, which achieves 1.6% error rate on Mnist. LeNet-5 is a convolutional network that
has two convolutional layers and two fully connected layers, which achieves 0.8% error rate on
Mnist. Table 2 and table 3 show the statistics of the compression pipeline. The compression rate
includes the overhead of the codebook and sparse indexes. Most of the saving comes from pruning
and quantization (compressed 32⇥), while Huffman coding gives a marginal gain (compressed 40⇥)

5.2 ALEXNET ON IMAGENET

We further examine the performance of Deep Compression on the ImageNet ILSVRC-2012 dataset,
which has 1.2M training examples and 50k validation examples. We use the AlexNet Caffe model as
the reference model, which has 61 million parameters and achieved a top-1 accuracy of 57.2% and a
top-5 accuracy of 80.3%. Table 4 shows that AlexNet can be compressed to 2.88% of its original size
without impacting accuracy. There are 256 shared weights in each CONV layer, which are encoded
with 8 bits, and 32 shared weights in each FC layer, which are encoded with only 5 bits. The relative
sparse index is encoded with 4 bits. Huffman coding compressed additional 22%, resulting in 35⇥
compression in total.

5.3 VGG-16 ON IMAGENET

With promising results on AlexNet, we also looked at a larger, more recent network, VGG-16 (Si-
monyan & Zisserman, 2014), on the same ILSVRC-2012 dataset. VGG-16 has far more convolutional
layers but still only three fully-connected layers. Following a similar methodology, we aggressively
compressed both convolutional and fully-connected layers to realize a significant reduction in the
number of effective weights, shown in Table5.

6

• Just Pruning and Quantization, no Huffman Coding 
• Inception Model is Really Efficient 
• Still an Order of Magnitude Smaller 
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Figure 6. Speedups of GPU, mobile GPU and EIE compared with CPU running uncompressed DNN model. There is no batching in all cases.
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Figure 7. Energy efficiency of GPU, mobile GPU and EIE compared with CPU running uncompressed DNN model. There is no batching in all cases.

corner. We placed and routed the PE using the Synopsys IC
compiler (ICC). We used Cacti [25] to get SRAM area and
energy numbers. We annotated the toggle rate from the RTL
simulation to the gate-level netlist, which was dumped to
switching activity interchange format (SAIF), and estimated
the power using Prime-Time PX.

Comparison Baseline. We compare EIE with three dif-
ferent off-the-shelf computing units: CPU, GPU and mobile
GPU.

1) CPU. We use Intel Core i-7 5930k CPU, a Haswell-E
class processor, that has been used in NVIDIA Digits Deep
Learning Dev Box as a CPU baseline. To run the benchmark
on CPU, we used MKL CBLAS GEMV to implement the
original dense model and MKL SPBLAS CSRMV for the
compressed sparse model. CPU socket and DRAM power
are as reported by the pcm-power utility provided by Intel.

2) GPU. We use NVIDIA GeForce GTX Titan X GPU,
a state-of-the-art GPU for deep learning as our baseline
using nvidia-smi utility to report the power. To run
the benchmark, we used cuBLAS GEMV to implement
the original dense layer. For the compressed sparse layer,
we stored the sparse matrix in in CSR format, and used
cuSPARSE CSRMV kernel, which is optimized for sparse
matrix-vector multiplication on GPUs.

3) Mobile GPU. We use NVIDIA Tegra K1 that has
192 CUDA cores as our mobile GPU baseline. We used
cuBLAS GEMV for the original dense model and cuS-
PARSE CSRMV for the compressed sparse model. Tegra K1
doesn’t have software interface to report power consumption,
so we measured the total power consumption with a power-
meter, then assumed 15% AC to DC conversion loss, 85%
regulator efficiency and 15% power consumed by peripheral
components [26], [27] to report the AP+DRAM power for
Tegra K1.

Benchmarks.
We compare the performance on two sets of models:

uncompressed DNN model and the compressed DNN model.

Table III
BENCHMARK FROM STATE-OF-THE-ART DNN MODELS

Layer Size Weight% Act% FLOP% Description

Alex-6 9216, 9% 35.1% 3% Compressed4096
AlexNet [1] forAlex-7 4096, 9% 35.3% 3% large scale image4096
classificationAlex-8 4096, 25% 37.5% 10%1000

VGG-6 25088, 4% 18.3% 1% Compressed4096 VGG-16 [3] for
VGG-7 4096, 4% 37.5% 2% large scale image4096 classification and
VGG-8 4096, 23% 41.1% 9% object detection1000

NT-We 4096, 10% 100% 10% Compressed
600 NeuralTalk [7]

NT-Wd 600, 11% 100% 11% with RNN and
8791 LSTM for

NTLSTM 1201, 10% 100% 11% automatic
2400 image captioning

The uncompressed DNN model is obtained from Caffe
model zoo [28] and NeuralTalk model zoo [7]; The com-
pressed DNN model is produced as described in [16], [23].
The benchmark networks have 9 layers in total obtained
from AlexNet, VGGNet, and NeuralTalk. We use the Image-
Net dataset [29] and the Caffe [28] deep learning framework
as golden model to verify the correctness of the hardware
design.

VI. EXPERIMENTAL RESULT

Figure 5 shows the layout (after place-and-route) of
an EIE processing element. The power/area breakdown is
shown in Table II. We brought the critical path delay down
to 1.15ns by introducing 4 pipeline stages to update one
activation: codebook lookup and address accumulation (in
parallel), output activation read and input activation multiply
(in parallel), shift and add, and output activation write. Ac-
tivation read and write access a local register and activation
bypassing is employed to avoid a pipeline hazard. Using
64 PEs running at 800MHz yields a performance of 102

1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
2x

5x
1x

9x 10x

1x
2x 3x 2x 3x

14x
25x

14x 24x 22x
10x 9x 15x 9x 15x

56x 94x

21x

210x 135x

16x
34x 33x 25x

48x

0.6x
1.1x

0.5x
1.0x 1.0x

0.3x 0.5x 0.5x 0.5x 0.6x

3x
5x

1x

8x 9x

1x
3x 2x 1x

3x

248x
507x

115x

1018x 618x

92x 63x 98x 60x
189x

0.1x

1x

10x

100x

1000x

Alex-6 Alex-7 Alex-8 VGG-6 VGG-7 VGG-8 NT-We NT-Wd NT-LSTM Geo Mean

Sp
ee
du
p

CPU Dense (Baseline) CPU Compressed GPU Dense GPU Compressed mGPU Dense mGPU Compressed EIE

Figure 6. Speedups of GPU, mobile GPU and EIE compared with CPU running uncompressed DNN model. There is no batching in all cases.
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corner. We placed and routed the PE using the Synopsys IC
compiler (ICC). We used Cacti [25] to get SRAM area and
energy numbers. We annotated the toggle rate from the RTL
simulation to the gate-level netlist, which was dumped to
switching activity interchange format (SAIF), and estimated
the power using Prime-Time PX.

Comparison Baseline. We compare EIE with three dif-
ferent off-the-shelf computing units: CPU, GPU and mobile
GPU.

1) CPU. We use Intel Core i-7 5930k CPU, a Haswell-E
class processor, that has been used in NVIDIA Digits Deep
Learning Dev Box as a CPU baseline. To run the benchmark
on CPU, we used MKL CBLAS GEMV to implement the
original dense model and MKL SPBLAS CSRMV for the
compressed sparse model. CPU socket and DRAM power
are as reported by the pcm-power utility provided by Intel.

2) GPU. We use NVIDIA GeForce GTX Titan X GPU,
a state-of-the-art GPU for deep learning as our baseline
using nvidia-smi utility to report the power. To run
the benchmark, we used cuBLAS GEMV to implement
the original dense layer. For the compressed sparse layer,
we stored the sparse matrix in in CSR format, and used
cuSPARSE CSRMV kernel, which is optimized for sparse
matrix-vector multiplication on GPUs.

3) Mobile GPU. We use NVIDIA Tegra K1 that has
192 CUDA cores as our mobile GPU baseline. We used
cuBLAS GEMV for the original dense model and cuS-
PARSE CSRMV for the compressed sparse model. Tegra K1
doesn’t have software interface to report power consumption,
so we measured the total power consumption with a power-
meter, then assumed 15% AC to DC conversion loss, 85%
regulator efficiency and 15% power consumed by peripheral
components [26], [27] to report the AP+DRAM power for
Tegra K1.

Benchmarks.
We compare the performance on two sets of models:

uncompressed DNN model and the compressed DNN model.

Table III
BENCHMARK FROM STATE-OF-THE-ART DNN MODELS

Layer Size Weight% Act% FLOP% Description

Alex-6 9216, 9% 35.1% 3% Compressed4096
AlexNet [1] forAlex-7 4096, 9% 35.3% 3% large scale image4096
classificationAlex-8 4096, 25% 37.5% 10%1000

VGG-6 25088, 4% 18.3% 1% Compressed4096 VGG-16 [3] for
VGG-7 4096, 4% 37.5% 2% large scale image4096 classification and
VGG-8 4096, 23% 41.1% 9% object detection1000

NT-We 4096, 10% 100% 10% Compressed
600 NeuralTalk [7]

NT-Wd 600, 11% 100% 11% with RNN and
8791 LSTM for

NTLSTM 1201, 10% 100% 11% automatic
2400 image captioning

The uncompressed DNN model is obtained from Caffe
model zoo [28] and NeuralTalk model zoo [7]; The com-
pressed DNN model is produced as described in [16], [23].
The benchmark networks have 9 layers in total obtained
from AlexNet, VGGNet, and NeuralTalk. We use the Image-
Net dataset [29] and the Caffe [28] deep learning framework
as golden model to verify the correctness of the hardware
design.

VI. EXPERIMENTAL RESULT

Figure 5 shows the layout (after place-and-route) of
an EIE processing element. The power/area breakdown is
shown in Table II. We brought the critical path delay down
to 1.15ns by introducing 4 pipeline stages to update one
activation: codebook lookup and address accumulation (in
parallel), output activation read and input activation multiply
(in parallel), shift and add, and output activation write. Ac-
tivation read and write access a local register and activation
bypassing is employed to avoid a pipeline hazard. Using
64 PEs running at 800MHz yields a performance of 102

Sparse Matrix
Sparse Vector
Weight Sharing
Fully fits in SRAM

64PEs, 43mm^2, 

600mW, 128GOPS @1GHz 

Scalable to 256PEs



Conclusion

• Complex DNNs can be put in mobile applications (<10MB total) 
– 500MB network (125M weights) becomes 10MB 
– 10MB network (2.5M weights) becomes 1MB 

• Memory bandwidth reduced by 10-50x 
– Particularly for FC layers in real-time applications with no reuse 

• Memory working set fits in on-chip SRAM 
– 5pJ/word access vs 640pJ/word, save 120x energy
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Slide credited from Bill Dally, NIPS’15 Tutorial: High-Performance Hardware for Machine Learning

10x-50x Compression Means:
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