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Researchers propose the value-locality-based compression (VELCRO) algorithm for neural networks. VELCRO is a

method to compress general-purpose neural networks that are deployed for a small subset of focused specialized tasks.

Keywords: VELCRO ; Algorithm ; Compression Algorithm

1. Introduction

Convolutional Neural Networks (CNNs) are broadly employed by numerous computer vision applications such as

autonomous systems, healthcare, retail, and security. Over time, the processing requirements and complexity of CNN

models have significantly increased. For example, AlexNet , which was introduced in 2012, has eight layers, whereas

ResNet-101 , which was released in 2015, uses 101 layers and requires an approximately sevenfold-greater

computational throughput . The increasing model complexity in conjunction with large datasets used for model training

has endowed CNNs with phenomenal performance for various computer vision tasks . Typically, large complex networks

can further extend their capacity to learn complex image features and properties. The growing model size of CNNs and

the requirement of significant processing power have become major deployment challenges for migrating CNN models

into mobile, Internet of Things, and edge applications. Such applications incur limited computational and memory

resources, energy constraints, and system cost and, in many cases, cannot rely on cloud computational resources due to

privacy, online communication network availability, and real-time considerations.

The compression of CNN models without excessive performance loss significantly facilitates their deployment by a variety

of edge systems. Such compression has the potential to reduce computational requirements, save energy, reduce

memory bandwidth and storage requirements, and shorten inference time. Various techniques have been suggested to

compress CNN models, one of the most common of which is pruning , which exploits the tendency to over-

parameterize CNNs . Pruning trades off degradation in model prediction accuracy for model size by removing weights,

Output Feature Maps (OFMs), or filters that make minor or no contribution to the inference of a network. Quantization 

 is another common technique that attempts to further compress network size by reducing the number of bits

used to represent weights, filters, and OFMs with only a minor impact on accuracy.

There is the value-locality-based compression (VELCRO) algorithm. VELCRO is a method to compress deep neural

networks that were originally trained for a large set of diverse classification tasks but are deployed for a smaller subset of

specialized tasks. Although this work focuses on CNN models, VELCRO can be used to compress any deep neural

network. The main principle of VELCRO is based on the property of value locality, which is introduced herein in the

context of neural networks. This property suggests that, when the network is used for specialized tasks, a proximal range

of values are produced by the activation functions in the inference process. VELCRO consists of two stages: a

preprocessing stage, which identifies activation-function output elements with a high degree of value locality, and a

compression stage, which replaces these activation elements with their corresponding arithmetic averages. As a result,

VELCRO avoids not only the computation of these activation elements but also the convolution computation of their

corresponding OFM elements. VELCRO also requires significantly fewer computational resources than common pruning

techniques due to the avoidance of back propagation training. 

2. VELCRO

The VELCRO compression algorithm relies on the fundamental property of value locality.

2.1. Value Locality of Specialized Convolutional Neural Networks

The principle of the method proposed to compress specialized CNNs is based on the property of value locality. Value

locality suggests that, when a CNN model runs specialized tasks, the output values of the activation tensor is in proximity
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through inference of images. The rationale behind this theory relies on the assumption that the inferred images, which

already have a certain level of similarity, exhibit common features such as patterns, textures, shapes, and concepts. As a

result, the intermediate layers of the model produce similar values in the vicinity. Figure 1 explains the property of value

locality by illustrating the activation-function output tensors in each convolution layer k and channel c. In this example, the

set of elements A [k][c][i][j] for images m = 0, 1, …, N − 1 in the activation tensor is populated with values in proximity

through the inference between images.

Figure 1. Value locality: The elements with coordinates i, j of the activation-function output tensor in convolutional layer k,

channel c, are populated with values in proximity through the inference between images 0 to N − 1. The variance tensor V

serves to measure the degree of value locality.

For every convolution layer k, we define a variance tensor V[k], where each element V[k][c][i][j] in the variance tensor is

defined as

where c is the channel index and i and j are the element coordinates.

Variance tensor is used as a measure to quantify the proximity of values for every activation tensor element A[k][c][i][j].

Thereby, a small value of V[k][c][i][j] suggests that the corresponding activation element has a high degree of value

locality. The proposed compression algorithm leverages such activation elements for compression. 

2.2. VELCRO Algorithm for Specialized Neural Networks

The VELCRO algorithm consists of two stages: preprocessing and compression.

Preprocessing stage: In this stage, VELCRO makes an inference by applying the original CNN model to a small subset of

images from the specialized task preprocessing dataset. Note that the performance of the compressed model is evaluated

on a validation dataset which is distinct from the preprocessing dataset. During this stage, the variance tensor is

calculated by using Equation (1) for each activation output in each convolution layer in the CNN model. Because the

preprocessing stage of VELCRO relies only on inference, it involves a significantly smaller computational overhead with

respect to traditional compression methods, which employ heavy backpropagation training processes that can last from a

few hours up to hundreds of hours .

Compression stage: The compression stage uses a tuple of threshold values provided by the user as a hyperparameter

for the algorithm. Each threshold element in the tuple corresponds to an individual activation function in each convolution

layer. The threshold value of each layer represents the percentile of elements in the variance tensor to be compressed by

the algorithm. All elements in the activation tensor with a variance within the percentile threshold are replaced by the

arithmetic average constant of the elements located in the same corresponding coordinates. All other activation elements

remain unchanged. Replacing activation function output elements by constants avoids not only the activation function

(m)
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computation but also the particular convolution computation of their related OFM elements. In fact, the compression

savings of each layer is determined by the corresponding threshold, so the user can determine the overall compression-

saving ratio C for the model through the threshold tuple as follows:

where the tuple T = {T , T , …, T } contains the threshold values for the activation in each convolution layer. In addition,

c , w , and h  are the number of channels, the width, and the height of the activation function output tensor for convolution

layer k, respectively.

3. Performance of Compression Algorithm

Researchers examine the compression-saving ratio of the VELCRO algorithm on three groups of specialized tasks: cats,

cars, and dogs. Only a very small subset (<2%) of images from the preprocessing dataset has been used for the

preprocessing stage of the algorithm, while the remaining images have used for the validation of the compressed model.

This approach is essential in order to perform an unbiased evaluation of the model performance and preserved the

generalization property of the model. Figure 2a–c present the top-1 prediction accuracy versus the compression-saving

ratio for cars, dogs, and cats, respectively. The experimental analysis is applied to the ResNet-18, GoogLeNet, and

MobileNet V2 CNN models. For each compression-saving ratio, we examine different thresholds by running trial-and-error

and choose those that produce the highest top-1 accuracy. Table 1 summarizes the maximum compression-saving ratio

for each group of specialized tasks and each CNN model that produces the same accuracy as the original uncompressed

model.
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Figure 2. Accuracy for ResNet-18, GoogLeNet, and MobileNet V2 versus compression-saving ratio for specialized tasks:

(a) Cars, (b) Dogs, and (c) Cats.

Table 1. Maximum compression-saving ratio achieved while maintaining the accuracy of the original uncompressed CNN

model.

Specialized Task ResNet-18 GoogLeNet MobileNet V2

Cats 27.73% 30.00% 13.50%

Dogs 27.70% 25.46% 19.76%

Cars 20.00% 27.70% 16.80%

The experimental results indicate that VELCRO produces a compression-saving ratio of 20.00–27.73% in ResNet-18 and

25.46–30.00% in GoogLeNet. The higher compression-saving ratio in GoogLeNet is attributed to the fact that GoogLeNet

uses significantly a greater number of parameters and thereby has higher potential to leverage value locality. This

explains why GoogLeNet better leverages value locality when the network is employed for special tasks. Conversely,

MobileNet V2 produces a smaller compression-saving ratio, 13.50–19.76%, for the specialized tasks examined. These

results comply with our previous measurements of the distribution of the variance tensor elements, which imply that the

potential of leveraging value locality in MobileNet V2 is smaller than that of the other CNNs examined. This is explained

by the fact that MobileNet V2 is much more compact than the other CNNs examined and thereby has a lower potential to

leverage value locality.

Note that VELCRO does not aim to compress the network memory footprint but rather to reduce the computational

requirements. Therefore, any comparison of VELCRO to pruning approaches should consider computation aspects rather

than the number of parameters in the network. Table 2 compares the VELCRO algorithm with other pruning approaches

for both specialized CNNs and general-purpose ones. Although VELCRO achieves smaller computation savings, it

requires significantly fewer computational resources than common pruning techniques  due to the avoidance of back

propagation training.

Table 2. Comparison summary of VELCRO with respect to punning techniques. We also examine the output of the

activation functions compressed by VELCRO.

Compression Method Network Specialized
Task

Training
Required

Computation
Acceleration

Accuracy
Loss

Taylor criterion AlexNet Yes Yes 1.9X 0.3%
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Compression Method Network Specialized
Task

Training
Required

Computation
Acceleration

Accuracy
Loss

CURL MobileNet V2
ResNet-50

Yes
Yes

Yes
Yes

3X
4X

Up to 4%
Up to 2%

Deep compression Various CNN
models No Yes 3X None

Weights and connection
learning AlexNet No Yes 3X None

KSE ResNet-50 No Yes 3.8–4.7X 0.84–0.64%

VELCRO
ResNet-18
GoogLeNet

MobileNet V2
Yes No

1.25–1.38X
1.38–1.42X
1.15–1.24X

None
None
None

Table 3 presents the percent compression of activation elements with zero value out of all the compressed activation

elements. The results in Table 2 correspond to the compression-saving ratios in Table 1 (i.e., when the network achieves

maximum compression without losing accuracy). With ResNet-18 and GoogLeNet, the fraction of compressed zero values

is in the range 0.08–0.31% and 0.56–0.64%, respectively. In contrast, MobileNet V2 produces a significantly larger

fraction of compressed zero values: 10.48–14.91%, which is attributed to the fact that MobileNet V2 is a much more

compact model than the other CNNs. These results indicate that VELCRO offers an extended level of compression with

respect to pruning, which aims to remove weak connections of zero values.

Table 3. Compressed activation elements with zero value as a percent of all compressed activation elements.

Specialized Task ResNet-18 GoogLeNet MobileNet V2

Cats 0.08% 0.56% 14.91%

Dogs 0.20% 0.63% 10.48%

Cars 0.31% 0.64% 12.00%

Another important result gained from Figure 9a–c is that, when VELCRO is used with a relatively moderate compression

ratio, it produces a significant increase in accuracy. The results are presented in Table 4, which summarizes the maximum

top-1 accuracy achieved by VELCRO. These results are attributed to the fact that a relatively moderate level of

compression helps the network leverage value locality to strengthen connections, thereby increasing the probability of

favoring the prediction of classes that are in the scope of the specialized tasks.

Table 4. The maximum top-1 accuracy increase produced by VELCRO with respect to the uncompressed model when

used for specialized tasks.

Specialized Task ResNet-18 GoogLeNet MobileNet V2

Cats 13.00% 20.00% 3.50%

Dogs 8.50% 11.00% 2.50%

Cars 4.00% 15.00% 4.50%

5. Hardware Implementation

Researchers demonstrate the computational optimization and energy savings of VELCRO through hardware

implementation on the Xilinx  Alveo™ U280 Data Center accelerator card . Our hardware implementation, which is

illustrated in Figure 3, consists of 16 instance modules where each is comprised of a two-dimensional convolution layer

with a 64 × 64 input feature map (IFMAP), 3 × 3 filter, and a ReLU activation function. In addition, each module also

includes a compression control logic which skips the compressed computations and replaces them with their

corresponding arithmetic averages.
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Figure 3. VELCRO compression implementation on Xilinx  Alveo  U280 Accelerator Card.

Figure 4 presents the (normalized) throughput and energy consumption of a single module instance, denoted as conv2d,

which consists of the hardware implementation of a two-dimensional convolution layer and ReLU activation. As expected,

the computational throughput of the conv2d layer, which is measured as the number of conv2d operations per second,

exhibits a growth rate proportional to  1/(1-C),where C is the compression saving ratio). In addition, it can be

observed that the energy consumption related to the computation of a single conv2d layer decays linearly with the

compression saving ratio. Thereby, for the compression saving results presented in Table 1, VELCRO can achieve 13.5–

30% energy consumption savings while maintaining the same accuracy of the uncompressed model.

Figure 4. VELCRO throughput and energy consumption Xilinx  AlveoTM U280 Accelerator Card.
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