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ABSTRACT


Nowadays, deep learning models are quickly increasing in complexity and size, making the training or inference phases unsuitable for most office computers or even high-performance computing servers. Examples of such models include, but are not limited to, large language models and image diffusion models, where the number of parameters to adjust can reach hundreds of billions. Although deep learning models are extremely useful tools, the need for powerful computers to train and use them might compromise the obtained results and also reduce accessibility for many researchers. In this work, we propose a general method to reduce the training time and computing resources (central processing unit and memory usage) by the division of a large-size model into several smaller submodels that are easier to handle but do not affect the final performance. This division depends on the original model and architecture, and hence we propose specific strategies for regression and classification problems. The main result of this work is the development of a public Python library called Skynnet to offer this alternative to deep learning computations.
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1. Introduction

In recent years, artificial intelligence (AI) solutions based on deep learning (DL) methodologies have become accurate and reliable in a variety of disciplines such as natural language processing, computer vision, image generation, medical diagnosis, etc. One of the disadvantages of many DL models, such as neural networks (NN), is their intensive computing resource usage both in central processing unit (CPU)/graphics processing unit (GPU) time and memory (Villalobos et al., 2022). Moreover, the size and complexity of the models have increased dramatically in the last few years, as can be seen in Figure 1.
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Figure 1. Evolution of the DL model size from 2018 to 2023 in three categories: computer vision, language models and entertainment


In the recent period 2018-2023, the model size has increased by four orders of magnitude. Table 1 shows specific examples of the size of current DL models, where we can see that popular models such as GPT-3 have ∼ 5 · 1011 weights to adjust.


Table 1. Examples of large neural networks and number of parameters to fit during training




	Model

	Size






	Whisper (tiny)

	39M




	Whisper (large)

	1,6G




	GPT-1

	117M




	GPT-2

	1,5G




	DALL-E

	12G




	GPT-3

	175G




	Google Palm

	540G








This growth is caused by several factors: the increased availability of data, which facilitates training larger DL models with more extensive datasets (Halevy et al., 2009); improvements in hardware, which have allowed for faster training (Dean et al., 2012); and advancements in algorithms and mathematical models, such as transformers, which have driven much of this progress (Vaswani et al., 2017, Brown et al., 2020).

The computing power required for artificial intelligence training is crucial to obtaining good performance, and it is even more important when the model is large (Kaplan et al., 2020). This rapid increase in computational power consumption results also in higher energy costs, making the most accurate and sophisticated AI models not only financially more expensive due to their energy demands but also environmentally detrimental because of the consequent generation of the carbon footprint (Strubell et al., 2019).

The need to reduce the training time and resource consumption has driven the onset of several data and model parallelism strategies. A reduction in the training time and resource usage gives researchers more experimentation capabilities and, consequently, facilitates greater research progress. Additionally, an effective parallel model may run on smaller and more common computers, making access to AI more affordable. The actual data and model parallelisms are adequate solutions for distributing the computations across several machines, but they have some disadvantages.



• Data parallelism requires copies of the same model on all the machines.

• Model parallelism requires heavy communications between machines, which reduces the training velocity. Moreover, the parallelism level is limited by the number of model layers or the size of each layer, respectively.



Thus, the growth of the model size and the lack of optimal parallelization strategies evidence the purpose of the present work. Ultimately, the aim is to make the latest AI tools more efficient and accessible to the scientific community by reducing the training time and computing resources. This is to be achieved through the development of a parallel computing framework called Skynnet. The objectives of this work are:



• To propose a new parallelization technique that overcomes the limitations of current data and model parallelization by generating smaller models that run in parallel.

• To reduce training time and resource consumption, since the submodels are smaller and can run in parallel on different machines.

• To validate this technique by comparing the results (e.g., accuracy, loss) of sample models with those of models divided into submodels, and by demonstrating the speedup achieved.

• To automate this process with the framework Skynnet, which enables solving AI problems without modifying the main deep learning frameworks, in an efficient and accessible way for the community.



2. Related Work

In this section, we briefly recall three existing methods devoted to speeding up the execution of DL computations: network compression, data parallelism and model parallelism. A taxonomy of the latter two (applied to graph neural networks) was described by Besta & Hoefler (2024), who also analysed a whole set of parameters for evaluating their efficiency.

For the sake of completion, additional speed up process techniques based on hardware advancements can be found in Hong et al. (2024). Also, a description of the evaluation parameters for a machine learning accelerator in terms of learning and testing performance and hardware design can be consulted in Mohaidat & Khalil (2024).

2.1. Network Compression

Network compression policies reduce the model or the dataset complexity to have a more efficient and cheaper NN execution and have been successfully applied in different problems (Sharma & Singh, 2024; Yingna et al, 2024). We can differentiate between network pruning and quantization. Both procedures can be used separately or simultaneously.

Network compression policies are designed to reduce the complexity of either the model architecture or the training dataset, thereby facilitating more efficient and cost-effective neural network execution. Such strategies have demonstrated effectiveness across a wide range of applications (Sharma & Singh, 2024; Yingna et al., 2024). Within this context, two principal approaches can be distinguished: network pruning and quantization. These methods may be implemented independently or in conjunction, depending on the computational and performance requirements of the task at hand.

Pruning is a classical technique that reduces an already trained NN into a smaller network without any extra training (Lecun et al., 1989). Pruning a network simply consists of removing unessential connections or neurons. Intuitively, if a weight is close to zero, we may eliminate that connection in the NN, reducing its size without compromising its performance. A more detailed description and specific techniques can be found in Liang et al. (2021). Unfortunately, pruning may lead to a reduction in precision and presents implementation difficulties (He et al., 2017).

Another option for network compression is quantization (Fiesler et al., 1990), which is based on simplifying the binary representation of the weights. The standard data type for the weights is usually a 32-bit float number, and for some NN this precision is unnecessary. Converting those numbers to a lower bit representation, such as using 8 bits, effectively reduces the computing time and memory usage (Jacob et al., 2018). On the other hand, Jacob et al. (2018) also studied the degradation in accuracy caused by quantization, together with mitigation techniques. The authors also underscored that high efficiency can only be achieved with dedicated hardware.

2.2. Data Parallelism

Data parallelism is a very popular choice because of its simplicity. It is based on having replicates of the same neural network distributed over all machines. The training phase is done simultaneously with a fraction of the dataset on each machine. At every training epoch, all machines calculate the loss function gradient, take the average, and finally update the model weights with a learning algorithm. The main implementations of the data parallelism method are:



• Data parallelism with replication: the weights actualization is done locally by each machine, using the average gradient computed by all. The actualization is simultaneous.

• Data parallelism with centralized parameters: the model parameters are stored in a central server, which gathers the gradients and updates the model. The updated model is sent back to the machines for further epochs.



As we stated before, these methods are limited by the communications between computing nodes (Geron, 2019). Nevertheless, interesting developments for their enhancement were proposed by Nagajaru et al. (2024), who focused on the preservation of dataset distribution across all workers, ensuring that each worker has access to representative data. Further enhancements involved reductions in communication delays between the server and the workers, and among the workers themselves. This was achieved through the localization of parameters and the quantization of gradients to three levels. The fundamentals of generative AI can be found in Corchado et al. (2023).

2.3. Model Parallelism

In model parallelism, the network is split into chunks and distributed on several independent machines. It depends strongly on the NN architecture, and it is more cumbersome to implement because of the complexity of the communications. Let us briefly describe two approaches to model parallelism, namely, pipeline and tensor parallelism (Geng et al., 2019; Brakel et al., 2024):



• Pipeline is the most intuitive model split, where the NN layers are separated into sets of layers, and then every set is assigned to a machine (inter-operator parallelism). In this way, the machines work in a pipeline, where each machine's output is the input of the following one. This indeed demands intensive communications, which penalize the global speed. During training, the back-propagation algorithm also involves communications, although in the opposite direction.

• An alternative approach to model parallelism is the so-called tensor parallelism, where the layers are divided and distributed among several computing servers, and communications are used to combine the values of the layer outputs (intra-operator parallelism). This approach is implemented in Tensorflow (Abadi et al., 2015) and is publicly available1



There are several situations where model parallelism is adequate, improving scalability (Narayanan et al., 2021), training time (Xu et al., 2021) and resource efficiency (Shoeybi et al., 2019). On the other hand, the actual challenges of model parallelism are related to communications and work balance (Zhuang et al., 2024; Moreno-Álvarez et al., 2020; Li et al., 2020). A hybrid model parallelism approach with subnetwork data parallelism has recently been proposed by Singh et al. (2023). This approach reduces the memory requirements by training small, structured subnetworks of the model on separate workers. As aforementioned, Corchado et al. (2023) can be consulted to deepen the knowledge on model parallelism and generative AI.

3. A Novel Model Parallelism Proposal

The Skynnet platform calls for a new model parallelization paradigm that reduces computing resources and communications, avoiding the limitations of traditional strategies of intra-operator and inter-operator parallelism. We propose to perform a decomposition of the NN model into several smaller parts called submodels. The submodels will be trained and executed simultaneously, each handling specific parts of the output from the original model. Depending on the nature of the problem, the submodels can be trained either with subsets of the input dataset or on the full set. During inference, the submodels process the entire input and combine their results to produce the final output. This technique enables more efficient resource utilization, as, contrary to classical approaches, the submodels can be distributed across different devices or nodes without incurring in communications between layers. In addition, significant training time savings are expected since the smaller the model, the shorter the training.

Hence, the Skynnet parallelism strategy satisfies the following requirements:



• Communications between submodels during the training phase must not be enabled.

• The original model size must be reduced, so that submodels can be executed in machines with fewer resources.

• The output of all submodels must be combined, ensuring the same output as the original model.

• Any modification of the standard deep learning libraries is not admissible, since that would require close collaboration with the developers.

• If possible, the submodels should train fewer epochs and use a fraction of the datasets to train.



We distinguish the following kinds of problems: classification problems, where the NN output belongs to a discrete set of categories and can be subdivided into binary and multi-class classification; and regression problems, where the NN output is a continuous function.

The Skynnet approach divides the problems according to the output and not on network topology because the nature of the output determines the way the AI model is divided.

In classification problems, the proposed strategy divides the initial problem (full set of categories) into smaller problems (reduced sets of categories). The outcome involves several independent submodels that work together for a global response. However, in a regression problem, the proposed strategy divides the initial problem (complete output domain) into smaller problems (intervals of the output domain) without cooperation among submodels. In both cases, the target is to translate an original model into a set of smaller models that may be executed in parallel with lower resource consumption in terms of model size, memory usage, training data and computing time.

To establish a notation, let us call F the NN reduction factor, defined as the quotient of the output dimensions of the original and reduced models: F = N/n> 1. This factor is common to all three kinds of problems we are dealing with. Also, we denote by M the number of subnetworks to be obtained, which is equal to the number of machines for parallel training. Note that in our approach, the input data dimension is not varied. The details of the strategy for decomposing a NN into submodels/subnetworks depend on the problem, as explained below.

3.1. Multi-Class Classification Problems

In multi-class classification problems, the number of subnetworks M is calculated using combinatorics, starting with a tentative value M^ given by the user. The main steps are:



1. Loop over M, decreasing from M^ to 1.



(a) Loop over G from N to 1. G is the number of groups in which we divide the dataset classes.



If the number of subnetworks C2G=G!(G−2)!⋅2! is equal to M, store M in a list L.

2. If M^ is in the list L, then M = M^.

3. Otherwise, keep the largest M in the list.



It is important to remark that the user does not choose M, they only provide an initial value, and the first component of Skynnet (called «sk_tool») finds the largest M compatible with the combinations of classes of the problem. Possibly N/G is not an integer. In such case, the groups are not equal, but their sizes differ at most in one. Since some groups of classes may include one extra class with respect to other groups, subnetworks do not classify exactly the same number of classes. Their load is approximately balanced in any case. Finally, the reduction factor is Nn=G2.

Since each subnetwork solves a simpler classification problem, the subnetworks might be simpler too. Following several numerical experiments, it was concluded that it was best to initially reduce the number of neurons in the Multi-Layer Perceptron (MLP) and the number of filters in the convolutional layers by the same factor F (rounded up). Logically, a subnetwork only trains with a fraction of the dataset because it must distinguish fewer categories. We followed the following specifications:



• Dense layers can be reduced by factor F until any layer reaches two neurons. The reduction must stop within that limit to keep the proportion between layers as unaltered as possible.

• In convolutional layers, the number of filters is reduced with F as well, and it must also satisfy the two filter limit in any layer. In one of our examples (AlexNet in Sec. 5.1), the smaller layer has 96 filters, so the larger reduction factor is F = 48.

• If the model has embedding or positional encoding layers, neither the dense nor the convolutional layers must be reduced in size. In those cases, most of the weights belong to the embedding/positional encoding layers, so reducing the dense or convolutional layers' dimension will not decrease the model size much and might lead to a loss of accuracy.



In the prediction phase, we must compose the final output. First, each submodel expands its output by assigning 1’s to the classes it does not classify. Then, the final output vector is the element-wise multiplication of all the submodel outputs.

Figure 2 shows this division in groups for the 10 categories of the MNIST dataset (Deng et al., 2012). Four groups are created, each one with 2 or 3 classes. Combining such groups in sets of two, we define the six subnetworks that we train with the appropriate classes of the dataset. In this way, with the output composition described below, there are no ambiguities in the 10 category classification.
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Figure 2. Deconstruction of a neural network that classifies in a dataset with 10 classes (MNIST) into six smaller classifiers. Colours indicate groups of classes that are assigned to the subnetworks


This explanation is linked to the formula for computing the number of subnetworks, which is based on the standard formula for the number of combinations of G elements taken in groups of 2 elements. In this case, our elements are groups, and we mix only 2 elements (=groups) in each combination.

3.2. Binary Classification Problems

In binary classification, there are only two output categories, so the combinatorics reduction used in multi-class is not feasible. We propose a strategy where first we create two binary submodels with half the size of the original, and then we train them using half of the data. Probably those submodels are worse in accuracy than the original, but their combined output may be almost equally reliable.

Given a sample to classify, we execute both submodels and choose the result with larger certainty, that is, the one with the highest probability. Intuitively, if the sample is similar to the training samples of one of the submodels, the submodel will be very sure of its decision, so we prioritize it over the other option.

3.3. Regression Problems

When dealing with a regression problem we can reduce the original model to any number of submodels without using combinatorics. Each submodel is trained to learn an interval of the original output domain and the composed output will be the concatenation of the output of the submodels. Figure 3 shows an example of a deconstruction of an autoencoder into four submodels, which take care of a fraction of an MNIST sample. As stated above, the final output is the concatenation of the smaller outputs.


[image: ]

Figure 3. Illustration of the deconstruction strategy for a regression problem with an autoencoder


3.4. Deconstruction Rules

We propose different considerations to reduce the dimension in the dense layers, the number of convolutional filters, embedding/latent space size, number of training epochs and input/output sizes. The rules are empirical estimations and should be taken as guides, keeping in mind that exceptions may occur. They are heuristic conclusions of dozens of training experiments of several NN architectures using a variety of public datasets: MNIST (Deng et al., 2012), CalTech101 (Li et al., 2022), IMDB (Maas et al., 2011), ImageNet (Deng et al., 2009) and Omniglot (Lake et al., 2015).

We have used common network architectures depending on the task, such as MLP, convolutional neural network (CNN) and vision transformers. The tested models have up to tens of millions of parameters, hence, the observed behaviour may not be appropriate for the largest models.

Table 2 contains the details on the deconstruction rules for the three problems aforementioned. The last three rows show factors on the reduction of the model size and computational resources. We have observed empirically that the RAM memory usage is only reduced when F is smaller than 8.


Table 2. Estimated reduction factors of the NN for the three problem categories considered. In the model reduction, the interval indicates the approximated boundaries of the reduction factor because it depends strongly on the model architecture




	
	Multiclass Classification

	Binary Classification

	Regression




	F

	float

	N.A.

	integer






	Number of Subnetworks[M]

	(Nn/2)!2(Nn/2−2)!

	2

	F




	Output Dim. Reduction

	1/F

	None

	1/F




	Composite Output

	Subnetwork output multiplication

	maximum likelihood

	subnetwork output concatenation




	Data Reduction

	1/F

	1/2

	None




	Epoch Reduction

	None (CNN) 1/F (MLP)

	None

	None




	MLP reduction

	1/F

	1/F

	1/F




	Conv. Layers Reduction

	1/F

	1/F

	1/F




	Embedding Dim. Reduction

	1/F

	1/F

	1/F




	Training Time

	∼ 1 M

	∼ 1 M

	< 1 M




	Model Reduction

	∈ (F-2, F-1)

	∈ (F-2, F-1)

	∼ 1/F




	RAM reduction

	∼ 1/F

	∼ 1/F

	∼ 1/F (F < 8)








3.5. Algorithm

Having described the types of problems and the principles for generating subnets, we now present a step-by-step procedure for creating subnets that solve the same problem as the original network. In this section, we provide a high-level explanation of the subnet generation process, and the following sections expand on these concepts with detailed examples. The inputs to the process are the original model and the desired number of submodels (number of available machines). The output is a decomposed model consisting of multiple submodels that can run in parallel while producing results equivalent to those of the original network.



1 Analysis of how the problem is decomposed into subnets depending on the type of problem:

1.1 Multiclass classification problem: The optimal number of subnets is calculated as indicated in section 3.1, M = M^

1.2 Binary classification problem: It is always reduced to two subnets. M = 2

1.3 Regression problem: It is reduced to as many subnets as requested (use desired M)

2 Preparation of the data split for the subnets:

2.1 Multiclass classification: Based on the combinations remaining in each subnet, the data is extracted from the necessary categories
If Ci is the set of classes in subnet i, then: Di={(x,y)∈D∣y∈Ci} where x and y are the pair (data, label) from dataset D

2.2 Binary classification: The dataset is split in two halves.
D=D1∪D2,D1∩D2=∅

2.3 Regression: The input data is divided into M subgroups.
D=Ui=1MDi,Di∩Dj=∅∀i/=j

3 Network reduction: According to the deconstruction rules shown in Table 2.

4 Inference/prediction composition: The output of each subnetwork y={fi(x)}i=1M is collected and combined as follows:

4.1 Multiclass classification: expand each submodel output and multiplication.

f′i(x)={fi(x),if the class ofxis present in subnetworki1,if the class ofxis not present in subnetworki

Therefore:

y=∏i=1Mfi′(x)

4.2 Binary classification: Greater certainty: y=argmaxi∈{1,2}fi(x)

4.3 Regression: Ordered composition of the output predictions: y=[f1(x),f2(x),…,fM(x)]

4. The Skynnet Computing Platform

The Skynnet Computing Platform is based on two components named Cloudbook and sk tool. Cloudbook is a framework developed in 2020 that parallelizes Python code executions and distributes the workload among a set of machines (Garcia-Aranda et al., 2021). Thus, Cloudbook will manage the distribution and execution of the subnetworks among a set of available machines. In other words, the Cloudbook component enables the original standalone program to run in both parallel and distributed way.

Skynnet introduces a new component on top of Cloudbook, a library named sk_tool (skynnet tool). This library analyses the Python source code, paying attention to the AI parts, and automatically divides the code in smaller executables following the indications set out in Sec. 3.4 and Table 2. It requires minor modifications of the source code by the user, for instance, the inclusion of a few statements in the code, and an execution of sk tool to properly divide the code into smaller pieces.

Figure 4 shows the main components of Skynnet, which are connected in cascade. First, sk _tool reads the original source code, processes it and decomposes the AI computations following the aforementioned rules. Then the maker divides the processed source code into deployable units (DU), that will be executed in parallel.


[image: ]

Figure 4. Scheme of the Skynnet workflow


In a DU, the minimum unit is the function, and its function aggregation criteria is the number of invocations between them. The last element in Skynnet is the deployer, that acts as an agent coordinator and assigns agents for parallel execution. An agent is a machine with computing capability that executes a DU. Agents can communicate, allowing functions from a DU to call functions from other DU.

Figure 5 exhibits how sk_tool works. The programmer must write #SKYNNET labels in certain parts of the source code, and sk_tool transforms it into a code that builds each submodel and distributes the data flow. It should be noted that, in classification problems, every submodel works with a subset of all the data classes. In regression problems, on the other hand, the submodels deal only with an interval of the output domain.
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Figure 5. Scheme of sk tool working flow


The input source code file must have certain code blocks to be processed by sk_tool. Those blocks are defined by the labels #SKYNNET:BEGIN and #SKYNNET:END and are named Skynnet blocks. Skynnet blocks contain code related to the data input, NN creation, training and prediction. The main decomposition phases are shown in Figure 4.

First, sk_tool component decomposes the source code, then the maker creates the deployable units (DU, executables) and finally the deployer sends them to the computing servers (agents). The decomposition carried out by the sk_tool («reduction tool» in Figure 5) consists of dividing the original model into submodels and adapting the data to be consumed by these submodels, in addition to preparing the output composition function.



1. Initialization



(a) The input source file is analysed and the code outside the Skynnet blocks is recognized and stored.

(b) sk_tool reads the Skynnet blocks, identifies the problem flavour (regression, multi-class or binary classification) and decides the parallelism strategy to follow.

(c) Code inside the Skynnet blocks is stored for later processing and subnetwork creation.

(d) M is calculated from a tentative value given by the user and F.



2. Skynnet Block Processing:



(a) sk_tool introduces functions to assign parts of the input dataset to the subnetworks. As an example, in multi-class problems, every subnetwork does not have the information on the categories it must classify until the training execution.

(b) The neural network is divided into subnetworks according to the deconstruction rules in Table 2.

(c) Network creation and training are separated from inference in two independent functions.

(d) If there is code after the current block, it is written in the output file. If there is another Skynnet block, we go back to step 2.b. In any other case, continue to step 2.e.

(e) sk_tool writes the corresponding functions to call the subnetworks and the main executable.



The final Python file contains the instructions to divide the input data, train with validation set and test every subnetwork. It includes the subnetwork implementation and can be executed in parallel or sequentially.

Skynnet is publicly available in a repository2 under the Apache 2.0 license.

5. Practical Examples

In this section, we test the Skynnet system with three examples: a multi-class classifier and a regressor, using the well-known Caltech101 dataset; and a binary classifier using MNIST.

The purpose of these tests is to validate the new hybrid parallelism model. Data and networks are divided into smaller sets and sub-networks that can be executed in parallel, saving resources and time. In the inference phase, they are combined to compose the global results as if they were a single network.

CalTech101 is a dataset for computer vision (Li et al., 2022), widely used for testing and comparing the performance of new deep learning models. It is composed of 9000 images with variable resolution (approximately 200x300) divided into 101 categories. Due to its large number of categories, it usually requires the use of large neural networks to obtain satisfactory results.

The purpose of Skynnet is to overcome this issue, so we will apply sk_tool and use a local network with common desktop computers for the tests. All computers are the Lenovo T480 model, with an i7-8650U@1.90 GHz CPU and 16 GB of memory.

The results shown below are always the average of 10 runs each, with a standard deviation value lower than 2 % in every case. This fact ensures the robustness of the measures.

5.1. Multi-Class Classification with Alexnet

AlexNet is a classical convolutional model for image classification (Krizhevsky et al., 2012), developed to classify the ImageNet dataset (Deng et al., 2009). The main difference between CalTech101 and ImageNet is the number of classes available: 1000 categories for ImageNet and 101 for CalTech101. In any case, AlexNet is a large AI model with more than 60 million parameters, which makes it ideal for a proof of concept for Skynnet.

AlexNet processes an entry image through many convolutional, maxpooling and dense layers in order to extract a feature vector and outputs class probabilities through a final softmax activation:

P(y=k∨X)=exp⁡(wkTfCNN(X)+bk)∑j=1Kexp⁡(wjTfCNN(X)+bj)

This formula provides the probability that an input image X belongs to class k, where fCNN (X) is the feature vector extracted by the convolutional layers, K the number of classes, and w and b are the weight vector and the bias.

As we observed previously in Section 3, multiclass classification is performed using a reduction factor F = N/n, which results in M subnetworks Sm (1<=m<=M) according to the combinatorial formula

M=(Nn/2)!2(Nn/2−2)!

Therefore, by decomposing into M subnetworks, each subnetwork Sm is trained in a subset of the original classes and calculates its probability as follows:

zk(m)=wk(m)Tf(m)(X)+bk(m)

Pm(y=k∨X)=exp⁡(zk(m))∑j∈Smexp⁡(zj(m)),k∈Sm

Being f(m)(X) the lower dimension feature vector.

Empirically, as we stated in Section 4, dense and convolutional layers are reduced in size by a factor F. Thus, the model size is reduced by a factor ∼ F2, because most of the AlexNet weights correspond to connections between intermediate layers.

Unlike MLP, in networks with CNN layers, we cannot reduce the number of training epochs in proportion to F−1, but still, the training time is reduced because, with the submodels, each epoch is computationally simpler in terms of data (fewer classes) and computation (submodel smaller than the original one).

Figure 6 shows the training time and the model size as functions of the number of machines/submodels. Both quantities decrease as the number of submodels increases, and, as usual, the interesting region of those curves is the elbow— when the number of machines is around 15, the speedup factor is 14, resulting in a reduction of the model size by a factor of 9. Table 3 shows the numerical values of the deconstruction results: number of categories per subnet (N), model size, reduction factor (F), number of subnetworks (M), number of training epochs, computing time per epoch, total training time, and accuracy and loss value on the test set. Notice that the accuracy of the validation test remains constant or even increases when fragmenting the NN.


[image: ]

Figure 6. AlexNet behaviour with Skynnet: the graphs show that the training time and number of parameters are correlated with the number of machines or submodels used in the deconstruction



Table 3. Deconstruction results for AlexNet applied to CalTech101. Note that an accuracy of 60 − 70 % is much larger than the naive accuracy of the dataset, which is ~1/101~ 1 %. We observe that the accuracy is not degraded by the decomposition process




	N

	Size [106]

	F

	M

	Epochs

	Epoch Time[s]

	Total Time[s]

	Acc. [%]

	Loss [10−6]

	speedup

	RAM [GB]






	102

	59

	1.0

	1

	15

	520

	7800

	62

	1.8

	1.0

	7.0




	68

	26

	1.5

	3

	15

	230

	3450

	62

	1.7

	2.26

	5.63




	51

	15

	2.0

	6

	15

	103

	1545

	62

	1.5

	5.04

	5.54




	40

	9.4

	2.5

	10

	15

	63

	945

	63

	1.5

	8.25

	5.41




	34

	6.5

	3.0

	15

	15

	37

	555

	63

	1.5

	14.05

	4.88




	29

	4.8

	3.5

	21

	15

	30

	450

	66

	1.3

	17.33

	4.62




	25

	3.6

	4.0

	28

	15

	23

	345

	68

	1.1

	22.6

	4.51




	20

	2.3

	5.0

	45

	15

	20

	300

	72

	0.75

	26.00

	4.50








Each row of Table 3 is a complete exercise of dividing the original network into M models and each “acc” value is the accuracy obtained by combining the outputs of the M models.

To compare these results with standard solutions we opted for mesh-Tensorflow model parallelism. While network-compression based accelerated solutions also speed up and reduce the model, they sacrifice accuracy. Table 4 shows the results comparison in training time. Similar accuracy and loss have been obtained in both solutions.


Table 4. Comparison results for AlexNet applied to CalTech101 using Mesh-tensorflow vs Skynnet




	M

	Skynnet Time[s]

	Mesh Time[s]






	3

	3450

	3471




	6

	1545

	1889




	10

	945

	1413




	15

	555

	1169




	21

	450

	1040




	28

	345

	956








5.2. Nonlocal Regression with Caltech101

In this regression test, we train an AI to calculate the Discrete Cosine Transform (DCT) (Ahmed, 1991) of CalTech101 images in a 32 × 32 frequency space. The model consists of two convolutional layers, the first one with 64 16x16 convolutional filters and a second with the same number of filters but with smaller size (4x4). After every convolutional layer, we encounter a maxpolling layer that reduces the dimensionality by a factor of 4. After flattening the data, two dense layers with a ReLu and sigmoid activations are applied. Figure 7 shows the model implementation with the Keras library. After training, the quality of the model will be evaluated with the loss function value.







	input_shape = (int(resolution), int(resolution), 1)

input_data = tf.keras.layers.Input(shape=input_shape)

n = resolution**2



x = tf.keras.layers.Conv2D(int(64), (16, 16), activation='relu', padding='same')(input_data)

x = tf.keras.layers.MaxPooling2D((2,2), padding='same')(x)

x = tf.keras.layers.Conv2D(int(64), (4, 4), activation='relu', padding='same')(x)

x = tf.keras.layers.MaxPooling2D((2,2), padding='same')(x)

x = tf.keras.layers.Flatten()(x)

x = tf.keras.layers.Dense(int(4*n),activation='relu')(x)



output = tf.keras.layers.Dense(int(n),activation='sigmoid')(x)

regressor = tf.keras.models.Model(input_data, output)






Figure 7. Keras implementation of the DCT neural network



The deconstruction of the NN is done in such a way that we divide the frequency space in patches, whose number is equal to the number of submodels. Then, each submodel learns to calculate a reduced interval of the 2D frequency domain. This regression example is distinctive because each frequency subdomain/patch may not be equivalent in terms of its importance in the image reconstruction. In fact, the patch in frequency space closer to (0,0) contains the coefficients of the low frequencies, which usually dominate over the high frequencies. This means that the submodel in charge of that subdomain performs a bigger challenge than the rest, and therefore is a major contributor to the loss function of the composed output.

Figure 8 illustrates the workflow, where the DCT is applied to a sample image, followed by the Inverse Discrete Cosine Transform (IDCT) to compare with the earliest. The image from CalTech101 is reshaped to 64×64, then the AI is applied, and finally, we check the quality of the model with the inverse transform.


[image: ]

Figure 8. Example of the discrete cosine transformation calculation with an AI model on a test image


The model must learn to create the DCT of 32 x 32 lowest frequency coefficients (such as a low pass filter) and the image may be recovered using the IDCT. The same process will be achieved by a set of submodels using the decomposition rules (Table 2) and combining the outputs of all submodels.

From a computational point of view, Figure 9 shows the variation of the training time and number of parameters with the number of submodels built. Table 5 contains the numerical data of the proof of concept of Skynnet.


[image: ]

Figure 9. Nonlocal regressor (CNN+MLP) behaviour within Skynnet: dependence of the training time and number of parameters with the number of machines used in the deconstruction


Two conclusions can be drawn from the data in Table 5. First, since the whole sequential execution of the submodels is faster than the original model, we can still save computing time even when we do not count on a network of computers. For example, four submodels executed sequentially take 4 × 300 = 1200s, which is smaller than 3000s.


Table 5. Deconstruction results for the nonlocal regressor applied to CalTech101




	Size [106]

	F

	M

	Epochs

	Epoch Time [s]

	Total Time [s]

	Loss [10−6]

	speedup

	RAM [GB]






	71.4

	1

	1

	25

	120

	3000

	7.8

	1.0

	1.8




	17.8

	2

	2

	25

	36

	900

	6.5

	3.33

	0.75




	7.8

	3

	3

	25

	17

	425

	7.8

	7.05

	0.57




	4.4

	4

	4

	25

	12

	300

	6.6

	10.0

	0.50




	1.8

	6

	6

	25

	8

	200

	6.9

	15.0

	0.45




	1.2

	8

	8

	25

	7

	175

	7.1

	17.14

	0.44




	0.3

	16

	16

	25

	5

	125

	9.7

	24.0

	0.42








Secondly, as in Figure 9, the computing time reduction presents a region of interest with 4-6 submodels, where the training time and model size experiment the strongest reductions. Note that the loss function does not vary much with F, as compared with the previous example of a multiclass classifier.

To compare these results with standard solutions we discard the network compression method because it penalizes accuracy and loss. The data parallelism approach is the natural approach for this problem but does not reduce the model size. Mesh-tensorflow is a comparable solution because it reduces the model size and speeds up the training. Table 6 shows the results (training time) of both mesh and Skynnet for similar loss values.


Table 6. Comparison results for non-local regressor using Mesh-tensorflow vs Skynnet




	M

	Skynnet Time(s)

	Mesh Time(s)






	2

	900

	1725




	3

	425

	1299




	4

	300

	1087




	6

	200

	875




	8

	175

	768




	16

	125

	609








5.3. Binary Classification

The dataset for the binary classification problem will be MNIST but grouped into two categories: seven and no seven. A simple classifier with two dense layers of 32 and 16 neurons and a final softmax layer is decomposed with Skynnet into two subnetworks. According to the reduction rules, the dense layers of the submodels shall have half the neurons and, thus, the parameter decrement is 25 %.

Using the most certain output criteria from 3.2, we achieve the same accuracy with the reduced model, close to 99 %. The greatest advantage is that this system requires half of the training time.

6. Conclusions

We have developed an effective and public solution that deals with the problem of parallelism for neural networks, without the drawbacks of current data and model parallelism methods. The available tool in Python, called Skynnet, does not require the modification of any standard deep learning libraries (such as Tensorflow or Pytorch). Our solution introduces strategies to reduce the model requirements in a hybrid approach, including characteristics of model and data parallelism. Skynnet processes the raw Python source code and splits it into several submodels, based on the problem typology and keeping the same performance quality as the original network. We have proposed three sorts of problems: regression and multiclass and binary classification.

The purpose of Skynnet is to save computing and researcher time and accelerate technical AI improvements, making it possible to carry out more numerical experimentation in the same time interval. Skynnet does not require deep modifications on the source code, although the user must guide sk tool with labels to identify specific parts of the code.

Model deconstruction might also be beneficial even in the case of a single machine due to the memory reduction enabled by Skynnet. In Section 5.1, we show a case when a decomposed model executed sequentially is faster than the original model.

Skynnet also brings the AI capabilities to a wider community with smaller resources, bringing AI executions to machines with low computing power, such as those devoted to the internet of things or mobile devices.

Skynnet is publicly available under the Apache 2.0 licence. (https://github.com/SKYNNET-ORG/SKYNNET and https://github.com/SKYNNET-ORG/sk_tool)
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