	[image: C:\Users\home\Desktop\logos\带白边的logo\JCDD-Water\Mathematics\mathematics_high.png]
	
	[image: ]




Mathematics 2021, 9, x FOR PEER REVIEW	2 of 5

Article
Structured Compression of Convolutional Neural Networks for Specialized Tasks
	Citation: Gabbay, F.; Salomon, B.; Shomron, G.  Structured Compression of Convolutional Neural Networks for Specialized Tasks. Mathematics 2022, 9, x. https://doi.org/10.3390/xxxxx
Academic Editor: Oliviu Matei Received: 30 September 2021
Accepted: Not accepted yet.
Published: date
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.
[image: A picture containing text, clipart

Description automatically generated]
Copyright: © 2021 by the authors. Submitted for possible open access publication under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).


Freddy Gabbay, 1,* Benjamin Salomon,1 and Gil Shomron 2
1	Engineering Faculty, Ruppin Academic Center, Emek Hefer 4025000, Israel
2	Nvidia; gilsho@campus.technion.ac.il
*	Correspondence: freddyg@ruppin.ac.il
Abstract: Convolutional Nneural Nnetworks (CNNs) introduces phenomenal capabilitiesoffer significant advantages when used in various image classification tasks and computer vision applications. The increasing deployment of CNNs are increasingly deployed in environments from edge and Internet of Things (IoT) devices to high-end computational infrastructures, such as supercomputers, cloud computing, and datacenters., introduces major computational challenges due to tThe growing amount of data and also due to the major growth in their model size and computational complexity, however, introduces major computational challenges. While theseSuch challenges introduce present entry barriers for IoT and edge devices, they alsoas well as increase the operational expenses of large-scale computing systems. Thereby Thus, the need it has become essential to optimize CNN algorithms has become essential. In this paper, we introduce the S-VELCRO compression algorithm, which exploits value locality to trim filters in CNN models that are utilized for specialized tasks. S-VELCRO uses structured compression, which can save the costs and reduce overhead in compared with unstructured compression. The algorithm runs in two steps: Aa preprocessing step which identifies the filters with a high degree of value locality, and a compression step which trims the selected filters. As a result, S-VELCRO not only saves the reduces the computationals load of the channel activation function but also the particularand avoids the convolution computation of the corresponding trimmed filters. As opposed toCompared with typical CNN compression algorithms which that run heavy back- propagation training computations, S-VELCRO offers has significantly fewer computational requirements. Our experimental analysis shows that S-VELCRO achieves a compression-saving ratio in the rangebetween 21% to nearlyand 30.0%, X-Y% and Z-W% with no degradation in accuracy for ResNet-18, MobileNet-V2, and GoogLleNet when used for specializedspecializes tasks.	Comment by Author: AUTHOR: The edit assumes you are comparing S-VELCRO to unstructured methods rather than using them "in unstructured compression." Please confirm rewording is correct. 	Comment by Author: AUTHOR: It was unclear what you meant by these variable percentages. If they are necessary, please briefly explain or define them.
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1. Introduction
The usage of Cconvolution Nneural Nnetworks (CNNs) is continuously growing in various computer vision applications starting ranging from IoT and edge devices to powerful supercomputers and cloud infrastructures. Over the years, new CNNs have been introduced that can achieve remarkable prediction accuracy for different classification tasks have been introduced. The new models, however, present continuously growing complexityare increasingly complex and require more and more processing throughput for both model inference and training. For example, in 2015the ResNet-101 model [1] was introduced in 2015 and used 101 layers and required nearly sevenfold-greater computational throughput [2] versus than the AlexNet model [3], which was introduced in 2012 and had eight layers. The growing number of model layers iIn conjunction with the processing complexity, the growing number of model layers also introduces a major challenge for real-time computer vision applications due to the increasing inference latency. These challenges have become major entry barriers for CNNs in IoT and edge devices since because they are limited in performance, memory footprint, cost, and energy. It also appears that CNNs also introduce a significant increase in power consumption and cost for high-end computer systems because since they require special accelerators such as graphics processing units (GPUs) or tensor processing units (TPUs) to handle their complex algorithms. Thereby Thus, the need to optimize CNN algorithms without excessive performance loss has become essential in order to enable them to fit into within a system’s envelop of cost, performance, memory, and energy. Different approaches, such as pruning [5–-7] and Qquantization [9–-12], have been introduced to optimizes CNN models. In many cases, the optimization process of these techniques involves model re-training and complex back- propagation processing. We discuss these approaches and other techniques in detail in Section 2. 
In this paper, we examine the applications of CNN models that are used for specialized tasks. A specialized CNN is a general-purpose CNN model which is optimized and tuned to handle a group of certain tasks. While Whereas general-purpose CNNs are used for a broad range of classification tasks, specialized CNNs are optimized and tuned to handle employed for a small set of specific tasks. A Specialized CNN applications is are an continuously emerging field in machine learning in diversefor computing systems that include bothrange from edge devices and to high-end large-scale systems [13–-15], and. Sseveral applications have been reported recently for specialized CNNs. In [14] a specialized CNN usage is presented for offline video analytics that is performed in a hierarchical manner. The A specialized light-weight CNN model is used at the first level of the classification process, and only low- confidence classifications are moved to the second- level general-purpose CNN. Similar hierarchical specialized CNN approaches have been also used for image classification. This is due to the fact that because image datasets are typically organized in hierarchical classes. In this case, a different specialized CNN can be used for every hierarchy with the needed classification specialty. In [17] an ensemble of specialized models is presented, where each model is an expert in a specific classification task. Ref [16] presented aA similar approach of called cascaded-CNN is presented in [16]. In that case, Eeach CNN is optimized for specialized tasks, and the classification of all models is combined to produce a complete prediction map. Additional examples also exist in game- scrapping applications [14].
In this paper, we extend our previous work [65] and introduce an enhanced novel algorithm for structured compression of CNNs which that are employed for specialized tasks. The new compression algorithm, S-VELCRO, is based on structured value-locality-based compression. S-VELCRO exploits the property of value locality, which has beenwas introduced in [65]. and suggested thatWith this property, specialized task CNNs produce a proximal range of values by the activationg functions in the inference process. Ref Our prior work [65] has introduced the value-locality-based compression (VELCRO) algorithm, which exploitsed value locality for unstructured model compression. VELCRO trims activation function elements without a predetermined constrainted related to the network structure. Such unstructured compression methods however may involve addressing overhead for computingto compute addresses and indices of compressed elements and storeing them in dedicated metadata storage elements. In particular, such limitations become more emphasized taxing when the unstructured compression runs on GPUs and TPUs. S-VELCRO overcomes the limitations of VELCRO by performing a structured compression and trimming model filters. In additionTo do so, S-VELCRO runs in two steps: Aa preprocessing stage which identifies the filters with a high degree of value locality, and a compression step which trims the selected filters. Unlike common CNN compression algorithms, S-VELCRO does not use require any back- propagation training computations, and thereby it offers thus has significantly fewer computational requirements. Our experimental environment examines S-VELCRO’s capabilities on three CNN models—: ResNet-18 [2], MobileNet V2 [18], and GoogLeNet [19]— with using the ILSVRC-2012 (ImageNet) [20] dataset. In addition, we implement S-VELCRO on a hardware platform to measure and present its computational and energy savings.
The contributions of this paper are summarized as follows:
1. We present a novel algorithm, S-VELCRO, which that exploits value locality to trim filters in CNN models that are utilized for specialized tasks. S-VELCRO offers structured compression which that can save the costs and overhead in over unstructured compression: i) addressing overhead [27] for computing addresses and indices of compressed elements, and ii) storing them in dedicated metadata. 
2. S-VELCRO presents a fast compression process which that solely uses statistics gathering through the inference process and avoids the heavy computations as part of arequired for the back-propagation training, which is usually used by traditional compression approaches, such as pruning.
3. S-VELCRO can be used directly in conjunction with other compression methods such as pruning and quantization.
4. The results of our experiments indicate that S-VELCRO produces a compression-saving ratio of computations in the range of 24.60–27.84% for ResNet-18, 6.07–11.27% for GoogLeNet, and 13.35–17.33% for MobileNet V2, with no impact on model accuracy.
5. Our experimental analysis indicates that S-VELCRO can save 37.32%–-44.92 % of the filter memory footprint for ResNet-18, 15.59–-22.37% for MobileNet V2, and 10.01–-15.94% for GoogLeNet.
6. We demonstrate the energy savings of S-VELCRO by implementing the compression algorithm in on a hardware platform onusing a field-programmable gate array (FPGA) for ResNet-18. Our experimental results indicate a 24–27% reduction in energy consumption with S-VELCRO.
The remainder of this paper is organized as follows: Section 2 reviews previous work. Section 3 introduces the proposed method and algorithm. Section 4 presents the experimental results. Finally, Section 5 summarizes thise study’s conclusions.
2. Prior Works
CNN models typically require large amounts of storage and have high computational costs. Therefore, numerous model compression and acceleration methods have been proposed in recent years [66–-67]. Optimization ofApproaches seek to optimize CNN computations by reducing redundancy, computational complexity, and memory storage. Such savings are, is critical for some real-time applications and in the deployment of CNN models on portable devices. In this section, we describe several related methods: model pruning and quantization, deep compression (a combination of pruning, quantization, and Huffman coding), knowledge distillation, CNN design for specialized -inference tasks (e.g., OFA and FoldedCNN), and filter compression methods. 
Model pruning [5–7] is an effective approach to reducinge model complexity and to addressing the over-fitting problem. Pruning was introduced in Refs. [5–7]. Taking inspiration from neuroscience studies, pruning tries to eliminate unimportant or redundant CNN parameters which that are not sensitive to the performance of the model. Pruning techniques have been extensively studied [5, 21–25], and the core idea is the removal ofto remove redundant weights, neurons, kernels, or filters with minimum accuracy loss at the inference stage of a trained network.  Therefore, the use of pruning can result in a smaller network and less fewer computations. Traditional pruning algorithms consists of training a large model, pruning, and then fine-tuning thea pruned model, which may incur high computational complexity [26].  
CNN pruning techniques can be classified as unstructured or structured. In unconstructed pruning, elements such as weights and, neurons, etc. are removed without consideration of the network structure. Typically, less important weights or activations are replaced by zeros independently. In structured pruning [27], the pruning process is restricted by sparsity constraints and removes structured parts (e.g., filters or layers). Unstructured pruning may fully exploit redundancy in the network, but it may require a special format to represent the pruned elements, and speedup may require a particular software/hardware accelerator for sparse matrix multiplications. Structured pruning may limit the redundancy that can be exploited in the network, but the speedup is typically well-supported by various off-the-shelf libraries. 
Pruning redundant, non-informative elements is usually done in accordance with their importance and contribution to the network’s accuracy. The process of pruning is based on ranking the network elements according to various metrics—, e.g., the L1 or L2 norms [6, 28–-31] of weights, activations, and filters or the saliency of two weight -sets [32]. Dynamic mechanisms are required to prune activations because their importance of activations may depend on the model’s input. Reinforcement learning is used to prune channels in Ref. [33], and spatial correlations of CNN OFMs are used to predict and prune zero-valued activations in Ref. [34, 35]. Model size reduction and inference time speed-up were have also been demonstrated by various pruning techniques based on weight magnitudes [21, 36, 37]. 	Comment by Author: AUTHOR: Please spell out OFM on first use
Gradual pruning methods [38] attempt to arrive at an accurate model, given a resource- constrained environment (e.g., a model’s memory footprint). In Ref [39], the authors propose the neuron importance score propagation (NISP) to jointly prune neurons in the entire network based on a unified goal. In Ref [40], the authors prune neurons in a randomly way, and random grouping of connection weights into hash buckets was proposed in Ref [41]. Ref [42] proposed a new iterative pruning scheme based on Taylor expansion while focusing on transfer learning. Their results indicate that CNNs can be pruned by iteratively removing the least important OFMs and that a Taylor expansion-based criterion demonstrates improvement over other criteria such as weight pruning, using l2 norm, and activation pruning, using mean, variance, and mutual information. In that study, Llarge trained CNNs were adapted to efficient smaller networks for specialized tasks (specialized in a subset of classes). The authors observed that every layer has both -high- degree and low-degree important OFMs, and that the median importance of OFMs tends to decrease with later depth [42]. In Ref [43], the authors proposed the CURL method (compression using residual -connections and limited data), (CURL). Their methodwhich consists of compression of residual blocks and a label refinement strategy for small datasets.   
Quantization methods compress the network by reducing the number of bits used to represent each weight, filter, and feature map. Typically, CNNs apply 32-bit floating- point precision. Several works [9–-12] introduced fixed-point and vector quantization methods with a trade-off between accuracy and compression. In Ref. [9], Vanhouchke et al. demonstrated that 8-bit quantization of the parameters can result in significant compression without significant loss of accuracy. However, quantization methods that use fewer than 8 bits tend to significantly decrease the model accuracy.  
Quantization schemes for weights and activations during training [44–-46] try to reduce quantization errors under low precision while achieving comparable accuracy comparable to full precision networks. This approach may be limited by a lack of data or computational resources. Deep compression, – a combination of pruning, trained quantization, and Huffman coding, was proposed in Ref. [22]. This method includes pruning that removes redundant units or channels, and while weights and activations quantization occurs simultaneously.     Aggressive quantization generally causes a significant loss of accuracy. Post-training quantization methods [47–-50] circumvent this limitation. For example, the authors in Ref. [48] proposed a minimum square error problem for weights, and sparsity-aware quantization was introduced in Ref. [50].                   
Knowledge distillation [51–-53] effectively learns trains a small model (student) model) from a large model (teacher) model) without a significant loss of accuracy. The student model should mimic the teacher model, and the problem is determining how to distill the knowledge from a larger CNN into a small network. Knowledge distillation systems consist of three main elements: knowledge, an algorithm for knowledge distillation, and a teacher-studentteacher–student architecture. Ref. [53] contains aA comprehensive survey of knowledge distillation is available in [53].
Training one large network and specializinge it without additional training for efficient deployment was proposed in Ref. [54]. This That work introduceds the once-for-all (OFA) approach that supports diverse architectural constraints (e.g., power, cost, latency, and performance). A progressive shrinking algorithm reduces the model size by operating across four dimensions (image resolution, depth, width, and kernel size). Many specialized sub-networks can be easily obtained from the OFA network with similar accuracy similar compared to training them independently [42].             
FoldedCNN [15] is another approach to CNN design for specialized -inference tasks. FoldedCNN increases inference throughput and hardware utilization of specialized CNNs beyond increased batch size. This approach doesse not compress CNN models but rather increases arithmetic intensity, which boosts the utilization and throughput when running it runs on certain accelerators.  
Additional studies have introduced a visualization technique that gives provides insight into the internal mechanisms of CNNs and can be used to select effective architectures [55], and as well as a simpler visualization method to estimate the receptive fields of units in each layer [56]. Their results reveal that OFMs have interpretable patterns and extract features at several levels of abstraction (edges, textures, shapes, concepts, etc.). Ref.Another study [57] used ablation analysis and the addition of noise to quantify the contribution of OFMs units and their  necessity torole in the network’s output. Their experiments suggest that highly class-selective elements may degrade the network performance. Therefore, so their removal may not impact the overall performance.  
Further study of the importance of individual units in CNNs found that, while removal of individual OFMs may not significantly decrease the overall model accuracy, it can significantly impact the accuracy of specific classes [58]. Thus, the ablation experiments in Ref. [58] demonstrated that individual units specialize in subsets of classes, and different methods were suggested proposed to measure the contribution of individual OFMs to classification accuracy. 
CNN filter compression techniques attempt to remove kernels and filters that correspond to unimportant weights. In Ref. [59], the authors proposed the removal ofremoving filters based on their importance. The coupling factors between consecutive layers are computed and used to remove unimportant pathways in the networks. These coupling factors are used to maximize the variance of feature maps and to preserve the most relevant filters. Another study on CNN filter compression [60] has showedn that information richness and sparsity can be used to determine the importance of feature maps. The relationship between input feature maps and 2D kernels was examined, and the Kernel Sparsity and Entropy (KSE) indicator was proposed for measuring the feature map importance. The authors proposed to compressing CNNs by reducing the number of kernels based on the KSE indicator [60]. A common thread is the observation that feature maps may contribute differently to the accuracy., and hHence, being able to quantitate quantify their importance of feature maps is helpful for network compression. Additionally, the first model layers extract simple features such as edges, corners, and simple textures, etc., and the last layers have higher representations (e.g., recognize objects). 
The rRecent studies [55–60] have provided the motivation for the value-locality-based compression (VELCRO) algorithm for neural networks [67]. The core idea is that we can remove unimportant computations when using the CNN mode for specialized tasks. Thus, compression and speedup are achieved with minimalum accuracy degradation. VELCRO identifies output elements of the activation function with a high degree of value locality and replaces these elements with their corresponding average arithmetic values. VELCRO Thus, it saves reduces computational loads and performs unstructured compression of the network while avoiding a highly complexity training process.
[bookmark: _Hlk85178532]
3. Method and Algorithm
[bookmark: _GoBack]The S-VELCRO compression algorithm introduced in this study leverages the property of value locality, which has beenwas introduced in [65]. Ref [65] has been indicated That study showed that when CNNs are used for specialized tasks the output values of the activation tensor are in the proximity for of the inferred inputs. In addition, the authors used the variances tensor as a measure to quantify value locality, which is illustrated by Figure 1 and Equation 1. Figure 1 shows the activation function output tensors in a layer k and channel c for the CNN model. The set of elements A(m)[k][c][i][j] in the activation tensor represent the calculated values calculated by the CNN model through using the specialize set of images m = 0, 1, …, N−1. The variance tensor V[k] for layer k is defined for each element V[k][c][i][j] as	Comment by Author: AUTHOR: Please confirm this rewording is correct. If not, please clarify what calculates the values
	V[k][c][i][j] = Var(A[k][c][i][j]) = E(A[k][c][i][j]2) − E(A[k][c][i][j])2 =, 
	(1)


where c is the channel index and i and j are the element coordinates.
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Figure 1. Value locality measure by the variance tensor V.
The variance tensor is a fundamental metric which is used by the S-VELCRO algorithm for to leverageing value locality through the structured compression process of specialized task CNNs. The S-VELCRO algorithm trims convolution filters with a high degree of value locality in CNN models for specialized tasks and thereby eliminates the computation of need to compute the kernel that corresponds to the trimmed filter. The S-VELCRO is run in two phasedstages: preprocessing and compression.
1. Preprocessing stage: The S-VELCRO algorithm applies the uncompressed CNN model to calculate for an inference on for a small group of images from the specialized task preprocessing dataset. Note that the dataset used for the preprocessing stage is distinct from the validation dataset. The variance tensor is calculated by using Equation (1) for each convolution layer. Due to the fact thatBecause the preprocessing stage relies only on inference, it introduces arequires significantly smaller computational overhead with respect tothan common approaches, which employ a lengthy heavy back-propagation training stepthat can last a significant amount of time [61].	Comment by Author: AUTHOR: Please confirm this rewording is correct. If not, please clarify what you mean by "for an inference"
2. Compression stage: The compression stage is provided with a hyperparameter tuple T = {T0, T1, T2, …}, where such that each element in the tuple corresponds to the number of channels to be compressed in the corresponding convolution layer. E.g.For example, Tk represents the number of channels that will be compressed in a convolution layer k. The compression stage processes every convolution layer separately. First, it calculates the rank of every channel by summing all variance elements in the variance tensor with indices that correspond to the channel indices. Next, it selects the Tk channels with the smallest rank to be compressed in convolution layer k. All compressed channels in the activation output function are replaced by the arithmetic average constant of the elements located in at the same corresponding coordinates. All other activation elements remain unchanged. Thise described channel compression process avoids not onlyboth the channel activation function computation but alsoand the particular convolution of the corresponding trimmed filters. The hyperparameter tuple, T, determines the compression savings of each layer as well as the overall compression-saving ratio C for the model as indicated below:
	 ,
	(2)


where the tuple T = {T0, T1, …, TK} represents the number of channels to be compressed, Fk is the filter size in layer k, and wk, and hk are the channel width, and the channel height of the activation function output tensor for convolution layer k, respectively.
The complete and formal definition of the algorithm is given in Algorithm 1. An example of the compression algorithm is depicted in Figure 2 (a) and (b). Figure 2 (a) illustrates the calculation of the variance tensor in the preprocessing stage for N = 3 images, and the dimensions of the activation tensor are ck = 2, wk = 3, and hk = 3, where ck represents the number of channels in layer k. The S-VELCRO preprocessing stage performs inference on the preprocessing dataset to create a variance tensor V[k]. Figure 2 (b) illustrates the compression stage. The hyperparameter Tk for layer k is defined in this example as Tk = 1, which means that only one channel will be compressed. As illustrated in the fFigure 2(b), the ranks r[0], r[1], and r[2] are calculated for every channel, and the channel with the smallest rank is compressed. In the illustrated example, channel 2 has the lowest rank, and its activation function outputs are replaced with their arithmetic average. The remaining elements remain unchanged with their original model activation function. The outcome of the S-VELCRO compression stage is given by the compressed activation-function output tensor  , where the computation of channel 2 (highlighted in green) is replaced by the arithmetic averages.	Comment by Author: AUTHOR: Few journals print in color. You might consider changing this to "shaded gray" to avoid possible confusion later
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(a)
[image: ]
(b)
Figure 2. Example of S-VELCRO (a) preprocessing and (b) compression stages.


	Algorithm 1: S-VELCRO algorithm for specialized CNNs.

		Input: A CNN model M with K activation-function outputs (each in a different convolution layer), N preprocessing images, and a channel trimming hyper-parameter tuple T = {T0, T1, …, TK}, where  and ck is the number of channels in convolution layer k.	Comment by Author: AUTHOR: Here and throughout the article, variables are not consistently italicized. Please review and consider standardizing for clarity.
	Output: A compressed CNN Mmodel MC.
	Preprocessing stage – (Vvariance tensor calculation): 
	Step 1: Let A(k) be the activation-function output tensor in convolution layer k, and let A(m)(k) be the corresponding activation-tensor values at the inference of image m, , where the tensors A[k] and A(m)[k] have the same dimensions and ck, wk, and hk are the number of channels, the width, and the height of the tensors at convolution layer k, respectively, for 
	Step 2: Let model M perform an inference for each image m such that  , and let V[k] be the variance tensor and S[k] be the average tensor of convolution layer k ( ) such that each element in the tensors V is defined as described in Equation 1 and S is defined as:



Ffor each , , and .
	Compression stage – (filter trimming):
	Step 3: For each convolution layer  and for each , let r[c]k be the rank of channel c in convolution layer k:
.
	Let rk be the rank tuple of convolution layer k:
,  for .
	Let  be the sorted tuple of  in a monotone increasing order: 
,  for  such that:
  .
	Let  
for  such that .
Let    for  
Wwhere I[l]k is the corresponding index of  in the tuple
,  for  and ., 
i.e.That is, .
	Let the tensor  be 
	
Ffor each , , and .
	Step 4: Let the compressed CNN model MC be such that every activation function output tensor A[k] is replaced with  for every convolution layer .




As part ofDuring the compression phase, the threshold values of the tuples T that produce the optimal compression saving ratio need to be found. As part of this study, we also introduce a novel automatic hyperparameters tuning process which can save thethat avoids complex manual tuning. The user provides a target prediction accuracy, and the hyperparameter tuning algorithm searches for the optimal T that meetsmeet the target accuracy. Our hyperparameters tuning approach incrementally modifies each element in the tuple T as long as it does not decrease the overall prediction accuracy of the CNN model. This process is repeated for every element in every tuple. After reaching the last element in the tuple, the entire tuning process is repeated, all over frombeginning with the first element in the tuple, until the target prediction accuracy has been achieved. If the target prediction accuracy cannot be achieved, the hyperparameter tuning process terminates with the nearest achievable prediction accuracy closest to the target.	Comment by Author: AUTHOR: Please confirm this rewording is correct. That is, does it avoid manual tuning entirely (this edit) or simply reduce it?	Comment by Author: AUTHOR: Please confirm this edit is correct. If not, please clarify what you meant by "very element"
4. Experimental Results and Discussion
Our experimental analysis examines the S-VELCRO algorithm for using various CNN models and different specialized tasks. In tThe first subsection describes the experimental environment is described. Next, we present the achieved compression ratios for S-VELCRO achieved for different prediction accuracy targets, the distribution of filters removed per in each model layers, and the overall saving in filters memory footprint size. Lastly, we show the energy saving for S-VELCRO by demonstrating a hardware implementation of S-VELCRO on an FPGA board.
4.1. Experimental Environment
The experimental environment which is used for our study is based on PyTorch [62];, the ResNet-18, MobileNet V2, and GoogLeNet CNN models [18, 19, 55] (with their PyTorch pre-trainedpretrained models); and the ILSVRC-2012 dataset (also known as “ImageNet”) [20, 60], and. The S-VELCRO algorithm has been fully implemented inon the PyTorch environment. Table 1 presents lists the three groups of specialized tasks used for our experiments. We examine three groups of specialized tasks: the groups cats, dogs, and cars. Each group includes four classes of images from the ILSVRC-2012 dataset. Throughout the experimental analysis, we do not modify the first layer of the model, which is a common practice that has been used by numerousin other studies [46].
Table 1. Specialized tasks summary.
	Specialized Tasks
	ILSVRC-2012 Classes

	Dogs
	English springer
English setter
Scottish deerhound
Siberian husky

	Cats
	Cougar
Tiger cat
Persian cat
Egyptian cat

	Cars
	Cab
Beach wagon
Minivan
Convertible


4.2. Performance of Compression Algorithm Performance
In this section, we present our experimental results for the compression-saving ratio achieved by S-VELCRO on the three groups of specialized tasks: cats, cars, and dogs (see Table 1). We used fFor the preprocessing step, we used a very small subset (< 2%) of images from the preprocessing dataset. For tThe validation step of the compressed model, we used the remaining images. It should be noted that the validation process is was performed using images that have not been used by the model in the compression step. This is essential in order to performing an unbiased evaluation of the model performance and preservinge the generalization property of the model. Figure 3a–c presents the compression- saving ratios versus top-1 prediction accuracy of the three CNN models for cars, dogs, and cats, respectively. In the experimental analysis we examine the ResNet-18, GoogLeNet, and MobileNet V2 CNN models. P0 denotes the prediction accuracy achieved by the compressed model with no degradation relative to the uncompressed model. P0 is summarized in Table 2 for every CNN and specialized task. P0-n% represents a degradation of n% relative to P0.	Comment by Author: AUTHOR: Please briefly define "top-1 prediction accuracy" on first use
Table 2. P0 – pPrediction accuracy (P0) achieved by the compressed model with no degradation relative to the uncompressed model. 
	CNN
	Specialized Tasks
	P0 (%)

	ResNet-18
	Dogs
Cats
Cars
	80.5%
74.5%
62.0%

	MobileNet V2
	Dogs
Cats
Cars
	84.5%
78.5%
69.5%

	GooglLeNet
	Dogs
Cats
Cars
	82.0%
72.5%
61.5%



We examined the compression- saving ratios for five targets of top-1 prediction accuracy targets: P0, P0-1%, P0-2%, P0-3%, and P0-4%. For each target, we examined different thresholds by runningvia trial -and -error and choose those that produce the highest compression- saving ratio, with no degradation in the prediction accuracy compared with the uncompressed model. The compression- saving ratios achieved by S-VELCRO achieved forin ResNet-18 is were 24.60%, 27.84%, and 26.48% for cars, dogs, and cats, respectively with no degradation in the prediction accuracy with respect to the uncompressed model. In For MobileNet V2, S-VELCRO achieveds 13.35%, 17.33%, and 14.45% for cars, dogs, and cats, respectively, for P0 target prediction accuracy. Lastly, in for GooglLeNet, S-VELCRO achieveds 11.64%, 6.07%, and 11.27% for cars, dogs, and cats, respectively assuming no degradation in the prediction accuracy. It can also be observedNote that when compromising the top-1 prediction accuracy in the range of 1–-4%, the compression- saving ratio increases with up to approximately 3%, 2.5%, and 4% for ResNet-18, MobileNet V2, and GoogLeNet, respectively.	Comment by Author: AUTHOR: I moved this here to reduce redundancy later in the paragraph. Please confirm edits are correct
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Figure 3. Compression- saving ratios for (a) ResNet-18, (b) GoogLeNet, and MobileNet V2, and (c) GoogLeNet versus prediction accuracy for specialized tasks: (a) ResNet-18, (b) MobileNet V2, and (c) GoogleNet.
Table 3 compares the S-VELCRO algorithm with other pruning and compression approaches for both specialized CNNs and general-purpose CNNsones. First, it can be observed that for ResNet-18 S-VELCRO outperformeds VELCRO for ResNet-18, in MobileNet V2 S-VELCRO achieveds similar computation accelerations for MobileNet V2, while in GoogLeNet S-VELCRO and underperformeds VELCRO for GoogLeNet. In additionHowever, when comparing S-VELCRO to VELCRO, we should also keep in mind that since VELCRO employs unstructured compression, it incurs addressing overhead for to computeing addresses and indices of compressed elements and storeing them in dedicated metadata storage elements. – this limitations become more emphasized when VELCRO Such unstructured compression method however may involve addressing overhead for computing addresses and indices of compressed elements and storing them in dedicated metadata storage elements. In particular, sSuch limitations become more emphasized evident when the unstructured compression method runs on GPUs and TPUs.  runs on GPUs and TPUs. When comparing S-VELLCRO to the pruning methods described in Table 3, it should be noted that although S-VELCRO achieves smaller computational savings, it requires significantly fewer computational resources than common pruning techniques [61] due to the avoidance ofbecause it avoids back- propagation training.	Comment by Author: AUTHOR: These sentences appeared incomplete and/or repetitive. Please check.
Table 3. Comparison summary of S-VELCRO with respect to prior compression techniques. 
	Compression Method
	Network
	Specialized Task
	Training 
Required
	Computation 
Acceleration 
	Accuracy Loss

	Taylor criterion [42]
	AlexNet
	Yes
	Yes
	1.9X
	0.3%

	CURL [43]
	MobileNet V2
ResNet-50
	Yes
Yes
	Yes
Yes
	3X
4X
	Up to 4%
Up to 2%

	Deep compression [22]
	Various CNN models
	No
	Yes
	3X
	None

	Weights and connection learning [21]
	AlexNet
	No
	Yes
	3X
	None

	KSE [59]
	ResNet-50
	No
	Yes
	3.8–4.7X
	0.84–0.64%

	VELCRO [65]
	ResNet-18
GooglLeNet
MobileNet V2
	
Yes
	
No
	1.25–1.38X
1.38–1.42X
1.15–1.24X
	None
None
None

	S-VELCRO
	ResNet-18
GooglLeNet
MobileNet V2
	
Yes
	
No
	1.33–1.39X
1.06–1.14X
1.12–1.21X
	None
None
None



4.2. Filters Memory Footprint Size
Our next experimental analysis examines the savings in filters memory footprint size. The results which are summarized in Table 4 indicate that for ResNet-18 the savings varies vary from 37.32–% to 44.92% for ResNet-18, while whereas MobileNet V2 and GoogLeNet the savings achieved by S-VELCRO isfor MobileNet V2 and GoogLeNet are 15.59–-22.37% and 10.01–-19.41%, respectively. 


Table 4. Filter Memory Footprint Saving 
	CNN
	Specialized Tasks
	Filter Memory Footprint Saving (%)

	ResNet-18
	Dogs
Cats
Cars
	37.32%
44.92 %
38.30%

	MobileNet V2
	Dogs
Cats
Cars
	22.37%
15.59 %
19.31%

	GooglLeNet
	Dogs
Cats
Cars
	10.01%
19.41%
15.94%


Figure 4a-c presents histograms of the percentages of the filters removed by S-VELCRO for every layer in the CNNs. It can be observed, that fFor ResNet-18, the first layers 1 and 3 and the deep layers of the model 13, 15, and 16 of the model are the layers withhave the highest percentages of removed filters. For MobileNet V2, the overall filter memory footprint saving is significantly smaller in comparison tothan for ResNet-18. These observations reflect the highly compact nature of the MobileNet V2 network with respect to ResNet-18 and GoogLeNet. Figure 4(-c) illustrates the percentages of removed filters in every convolution stage located through all model layers (convolution and inception) in GoogLeNet. Our observations results indicate that for the majority of the convolution stages the percentages of trimmed filter percentages is are lower than 10%. In additionAt the same time, there are several convolution stages that exhibit a high percentage of trimmed filters. For example, in convolution stage 53 for cars and cats, nearly 100% of the filters are trimmed. These observations also support the low compression- saving ratio measurements presented by GoogLeNet.
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Figure 4. Percentages of filters removed by S-VELCRO in every mode layer for: (a) ResNet-18, (b) MobileNet V2, and (c) GoogLleNet.
4.3. Hardware Implementation
We demonstrated S-VELCRO energy savings on a Xilinx® Alveo™ U280 Data Center accelerator FPGA card [63] (Figure 5). When have implementinged the ResNet-18 CNN model on the FPGA acceleration card, and we measured the energy consumption of the original model and for the compressed model compressed by S-VELCRO. Our hardware implementation was designed in Verilog and implemented using the Xilinx® VivadoTM [64] design suite.

[image: A picture containing text, indoor
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Figure 5. Xilinx® AlveoTM U280 accelerator card.
Our energy consumption measurements are illustrated by Figure 6 for a single inference operation. It can be observed that wWhen the model is was compressed with no degradation in the prediction accuracy (P0), the energy consumption is was reduced by approximately 24-–27%. It can also be observed that wWhen the model is was further compressed, while although the compromising prediction accuracy was compromised in the range of 1–-4%, the additional energy saving is was negligible.
[image: ]	Comment by Author: AUTHOR: Note inference in misspelled in the heading in this graphic
Figure 6. S-VELCRO energy consumption in using a Xilinx® AlveoTM U280 accelerator card.

5. Conclusions
This study presentsed S-VELCRO,. S-VELCRO is a new compression algorithm which that exploits value locality to preform structured compression on SCNN models that are used for specialized tasks. S-VELCRO eliminates the overhead of unstructured compression due toby computingation of address indices and the managingement of the metadata associate with the compressed elements. In addition, S-VELCRO offers a fast compression process since because it avoids a back-propagation training, which involves a heavy computational loads. Our experimental analysis indicates that S-VELCRO produces a compression- saving ratio of up to 27.84%, 11.27%, and 17.33% for ResNet-18, GoogLeNet, and MobileNet V2, respectively. In addition, S-VELCRO can save up to 44.92%, 22.37%, and 19.41% of the filter memory footprint for ResNet-18, MobileNet v2, and GoogLeNet, respectively. Lastly, we demonstrated S-VELCRO energy savings on using an FPGA board, and showedshowing that it can save up to 27% of the hardware energy consumption. 
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