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ABSTRACT

This study presents a machine learning model that integrates a Convolutional

Neural Network (CNN) into a 3-D Ray-traced Biological Neural Network (RayBNN).

RayBNN specializes in rearranging and adapting to various problems through trans-

fer learning. CNN is renowned for extracting features from data efficiently, which

may boost to RayBNN performance. In this report, two integration schemes are im-

plemented and tested on the Modified National Institute of Standards and Technol-

ogy(MNIST) and Wakefulness Test recordings (MWT) datasets respectively. Using

MNIST dataset, we trained a CNN with an artificial neural network (ANN) and an

auto encoder/decoder to extract features from datasets and used them as the input

of RayBNN. Using the CNN with ANN approach, an accuracy of 0.9919 ± 0.0012, a

precision of 0.9921 ± 0.0008, a recall of 0.9922 ± 0.0012 and an F1-score of 0.9920 ±
0.0008 were obtained. When using CNN with auto encoder/decoder for feature ex-

traction, the accuracy, precision, recall, and 0.9905 ± 0.0035, 0.9901 ± 0.0050, 0.9881

± 0.0068, and F1-score at 0.9908 ± 0.0010 respectively. For MWT dataset, Cohen’s

Kappa values of 0.68 ± 0.05, 0.71 ± 0.04, 0.04 ± 0.02, and 0.06 ± 0.02 for Wake-

fulness, Microsleep Episode, Microsleep Episode Candidate, Episodes of Drowsiness

classes were obtained using CNN with ANN to extract features for RayBNN.
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Chapter 1

Introduction

Neural networks are essentially computational models that are typically configured

for distinct functions and tailored to process specific datasets. When facing differ-

ent problems, changing the dimension or format of data is needed. For example,

when using a Convolutional Neural Network (CNN) to efficiently identify objects in

1024×1024-pixel high-resolution RGB images, one may start training on the down-

sampled 256×256 low-resolution images first before training the full-resolution images.

In addition, one may also train grayscale images first before training the full color

RGB images. Both approaches require the change of data dimensions or format to

the CNN which sometimes requires reconstructing and retraining the entire neural

network. Moreover, models that are adept at classification tasks, might not exhibit

the same level of proficiency when applied to disparate tasks, such as reinforcement

learning or quantification, revealing an inherent inflexibility in their design. This un-

derscores the need for more versatile neural network architectures that can maintain

performance across a broader spectrum of tasks and data variations.

Transfer learning [1, 18, 23, 24, 34] is specialized in addressing such limitations. It

often involves taking a neural network that has already been trained on a dataset and

fine-tuning it for another related and distinct one. This approach can substantially

reduce the time needed for training and even makes it possible to train the model on a

less robust computer. However, to maximize learned knowledge and adapt the model

to perform optimally under new conditions, the transferred models need to match

the dimensions of the original model and modify the neural architecture to analyze

new datasets. Current transfer learning is highly constrained by its structure. Mean-

while, it isn’t always as effective as we would want. For example, a CNN model (e.g.,

ResNet-50 [13]) is initially trained on a large image dataset (ImageNet [31]) catego-
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rized into thousands of classes, which has images resized to a uniform dimension of

244×244 pixels. If one wants to use this pre-trained CNN model to classify 512×512-

pixel satellite images to different land usage catergories, the satellite images must be

resized to 244×244 pixels before being fed into the ResNet-50, which inevitably causes

a loss of detailed information. Besides, land usage categories are fundamentally dif-

ferent from classes defined in ImageNet, which requires the new output layer to be

trained from scratch. These limitations should all be considered critically because

they restrict the practical applicability of neural networks in real-world applications.

The new transfer learning model, which is known as 3-D ray-traced biological

neural network(RayBNN) [42], is created by mimicking the biological neural net-

work(BNN) to address the limitations of transfer learning. Ray tracing is a method

of calculating particle or wave paths that can be used to simulate the way biological

neurons transmit signals through complex media, focusing on the spatial relationships

and interactions of neurons. Instead of the traditional well-defined layers, the neurons

in RayBNN are connected randomly to enable information transfers more efficiently.

RayBNN enables the network to grow into different shapes and sizes, so that it can

handle a large number of datasets and be applied to any other network designs. On

the other hand, the complexity of the RayBNN is highly dependent on input data

dimensions. Therefore, extracting essential features from data through a highly ef-

ficient data preprocessing method may significantly simplify RayBNN structure and

enhance its performance.

In data sciences, CNN stands out as exceptionally proficient at feature extraction,

due to its design and functionality. Layers in CNNs are designed to perform specific

transformations of the input data for abstracting features at various levels. For exam-

ple, the convolutional layer can extract feature information whenever it occurs, such

as edges, colors, by applying filters to detect types of features in the input and sliding

over the entire input image. Besides, CNN is set to learn hierarchical representation

using its multi-layers where initial layers detect simple features, and deeper layers

compile these features into more complex representations. This kind of hierarchical

feature learning allows CNN to understand the context and detail of the data.

For these uniques properties, CNN was used as a pivotal tool of feature extrac-

tion in this project. Coupled with RayBNN, the CNN effectively preprocesses the

data, ensuring that the RayBNN receives the most pertinent information, thereby

streamlining the subsequent learning process. By leveraging the RayBNN’s flexibility

of dealing with different types and formats of datasets with CNNs, this integration
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model is developed as a powerful learning and adaptation tool that can solve the

limitations of traditional transfer learning model, especially in tasks that require a

high degree of adaptability and cognitive functionality.

1.1 Outline

This report is outlined as follows:

Chapter 1 introduces the project and describes the problems being solved.

Chapter 2 provides the background of the research.

Chapter 3 details CNN and RayBNN integration shemes.

Chapter 4 verifies the integration on MNIST dataset.

Chapter 5 applies the models to MWT dataset, and analyzes the results.

Chapter 6 concludes the project report with suggestions for future research.

1.2 Contribution

In my MEng project, I undertook the integration of CNN with RayBNN, which

enhanced the efficiency for real-world applications. I further characterized its perfor-

mance and analyzed the results while RayBNN API was designed and implemented

by Brosnan Yuen.



4

Chapter 2

Background

2.1 Biological Neural Network

The brain is the core control unit of the neural network of living beings, having special-

ized subunits in charge of vision, sensing, movement, and hearing. This sophisticated

organ is linked to the body’s sensors and actors by a thick network of nerves, allowing

for continuous interaction and cooperation. A biological neural network in the brain

as shown in Fig. 2.1 is like a big network of tiny processing units called neurons.

Figure 2.1: Confocal image of rat neurons and glial grown in culture and stained with
antibodies to microtubule [35].

The brain is made up of around 1011 neurons, which form the foundation of the
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central nervous system in a live organism. These neurons collaborate to process

information, make decisions, and carry out actions, making them critical to the op-

eration of every living body. Each neuron has its own level of activity or activation,

which depends on the inputs it gets. The neuron is the basic building block of neural

networks. A neuron, like all other bodily cells, has a DNA code and goes through

the same creation process. Despite potential DNA changes, the neuron’s function is

const the dendrites, and the axon as shown in Fig. 2.2. Dendrites resemble fibers that

branch out in many directions and link with several cells within the same cluster. [7]

Figure 2.2: Schematic of a Biological Neuron [7].

Generally, neurons are specialized nerve cells that contact the activity with one

another neuron using electrical and chemical signals. Even though a neuron can

only send one signal at a time, this signal can reach multiple neurons. Dendrites, or

branching extensions of the neuron, receive information from nearby neurons. These

impulses are subsequently carried via the neuron’s cell body and along a long, thin

fiber known as the axon. The axon transports electrical impulses out from the cell
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body and to neighboring neurons or target cells. The signal travels up the axon until

it reaches the axon terminal, where it contacts the dendrites of another neuron via

a connection known as a synapse. This synaptic connection permits the signal to be

sent from one neuron to the next, resulting in a chain reaction or domino effect that

facilitates sophisticated communication within the system.

Each neuron usually has just one axon, which can vary in length and is responsible

for delivering the neuron’s output signal to neighboring cells [41]. So in a biological

network as shown in Fig. 2.3, imagine dendrites as little messengers in our brain’s

neurons. They pick up signals from other neurons and pass them along to the soma.

But the soma, along with its nucleus, does not do much with the messages it receives.

It is more focused on keeping the neuron healthy and functioning. While it is not

directly involved in processing the incoming and outgoing data, soma is important

for making sure everything runs smoothly [2].

Figure 2.3: Schematic of a Biological Neural Network [7].
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2.2 Neural Networks in Machine Learning

According to Ref. [21], neural connections can be depicted by sentential logic, which

is the means of combining or substituting propositions to define more complex state-

ments. Meanwhile, to any logical expression that satisfies specific conditions, we can

always find a net to describe it. The neural networks contain lots of small units

called “neurons” that can process information based on a specific logical regulation.

Between neurons, they are set to connect and transmit signals. In this way can a

network compute logical or arithmetic functions. In the same article, it was also

demonstrated that a network of artificial neurons can mimic a digital computer. The

proposed model is simple and clear as shown in Fig. 2.4. It only contains 2 parts: the

first part-g takes the inputs and calculates the aggregation value. The second part-f

is defined for decision-making. This model provides an understandable framework of

a computation based on a network, which builds a foundation for the development

of neural networks later. This model also has its limitations. For example, it does

not account for the dynamic and adaptive nature of biological neural networks, such

as learning and memory. It assumes that the connections between neurons are fixed,

without considering the synaptic plasticity in biological systems.

Despite these limitations, this model has a significant impact on the fields of

artificial intelligence and computational neuroscience. It displays how neural networks

can be used to simulate intelligent behavior and perform complex computations, which

means that it is possible to consider the logic of computation in human brains as a

solution to computing networks.

Ref. [21] also inspires subsequent research in perceptron [29], which refers to a type

of artificial neuron. It consists input units that represent sensory neurons, weights

that simulate synaptic strengths, bias that adjust the threshold, and an output unit

that functions similarly to a motor neuron. The perceptron accepts input signals,

multiplies them by their weights, and then sums the results [28]. After a bias added

to the input sum to help perceptron learn more complex patterns, and adjust the

threshold at which the activation function triggers, the perceptron uses an activation

function, which is a step function originally, to decide whether to output a 1 or a 0

based on the weighted sum of its inputs. This decision-making process, where a simple

non-linear function can represent a boundary or decision threshold, parallels how

individual neurons in the brain may activate based on the collective inputs they receive

from other neurons. The perceptron model also showed that information is stored in
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Figure 2.4: The first neural network created by Warren MuCulloch and Walter Pitts
in 1943 [21].

the weights of the connections between input features and the neurons. These weights

adjust as the perceptron learns from the training data. Besides, it processed the

information in a dispersed way, which resembles the distributed synaptic strengths

in the brain, where memories and knowledge are not stored in single neurons but

rather in the patterns of connections and activations across many neurons. However,

we can also see some limitations in the study of perceptrons. They can only learn

linearly separable patterns, which means if the data can not be separated into classes

by a straight line or hyperplane in higher dimensions, the perceptron will not be able

to converge on a solution [22]. This sparked more study into the capabilities and

limitations of perceptons, resulting in the development of deep learning and machine

learning technologies that are extensively developing today.

Ref. [12] on the perceptron paved the way for the creation of more sophisticated

neural network topologies and learning algorithms, leading to Artificial Neural Net-

work (ANN). Unlike a single-layer perceptron that can only solve linearly separable

problems, ANNs are multi-layered models inspired by the human brain’s structure

and function. The models consist of interconnected groups of artificial neurons or

nodes. Each connection can transmit a signal from one neuron to another. The re-
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ceiving neuron processes the signal and then signals downstream neurons connected

to it. Below are a few of ANNs that are pertinent to this project.

2.2.1 Feed-Forward Neural Network (FNN)

FNN [43, 33, 30] is one of the basic ANN architecture. As shown in Fig. 2.5, it

includes an input layer, hidden layers for specific functionalities, and an output layer.

Figure 2.5: An example of the feed-forward neural network.

In hidden layers of a neural network, dense layers are frequently used as the core

blocks that allow the network to learn complex patterns and relationships in the

data. In dense layers, every neuron is connected to every neuron in the preceding and

following layers, and are also called fully connected layers. This creates a dense web

of connections, allowing them to analyze the entire set of features. The features from

the previous layer are flattened into a one-dimensional vector and passed into dense

layers, which compute a weighted sum of the inputs. Adding more dense layers could

increase the capacity for the model to learn complex features.
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Figure 2.6: Overview of a CNN architecture.

2.2.2 Convolutional Neural Network (CNN)

CNN [39], also known as ConvNet, is a type of artificial neural network architecture

particularly suited to exploit the spatial and temporal dependencies in data. CNN

constructs powerful hierarchical patterns, capturing all aspects of the pre-processed

data from the textures to the complex objects in an abstract understanding. Fig. 2.6

describes a common CNN structure. The networks include input, convolutional, max-

pooling, fully connected, and output layers. In addition, multiple convolutional and

max-pooling layers can be cascaded to form deep learning networks [3, 44].

Figure 2.7: Image of Abraham Lincoln being processed as matrix pixels [16].

To efficiently learn data patterns, like other neural networks, CNN also requires

pre-processes data through normalization that would be used to convert the pixel
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values to a specific range, such as 0 to 1 or -1 to 1, standardization that resizes data

with same size and aspect ratio, data augmentation that provides a more diverse

set for training, noise reduction that cleans up the input data to make it easier for

CNN, and so on. Fig. 2.7 is an example of an image being processed as a matrix of

pixels. The original image is converted to a numeric representation of the pixel values

within the third sub-image. The range of values from 0 to 255 aligns with standard

8-bit grayscale image data, where 0 is black, 255 is white, and the shades of gray are

represented by values in between.

The pre-processed data enters CNN for feature extraction. The functions of each

layer in CNN is detailed as follows

Figure 2.8: CNN convolution process.

1. Convolutional Layer: is designed to automatically learn spatial hierarchies

of features from input data, for example, edges, corners, or other shape patterns

of an image. It reduces the number of parameters in the network by reusing

the same weights across the entire input. The convolutional layer uses filters or

kernels, which are small grids of weights that act as feature detectors. These

kernels slide across the input data (or the output of a previous layer) in specific

strides. They multiply with the part of the image they are covering and sum

up the result into a single output pixel in the feature. For example in Fig. 2.8,

the bottom 7×7 square is the input channel of the Conv layer, the 3×3 square

shade on the bottom square is the 3×3 filter, and the upper 5×5 square is the
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output channel of the Conv layer. The 3×3 filter is first applied to a specific area

of the blue input channel, which contains some of the picture data. The filter

then performs a mathematical operation between its weights and the underlying

picture pixels inside the shaded 3×3 region, which is usually a dot product.

Figure 2.9: The feature representation of Lincoln’s image after convolutional layer.

Fig. 2.9 demonstrate the feature representation of Lincoln’s image processed by

convolutional layer. The filter in convolutional layer helps in feature identifica-

tion and essentially scans the whole input image by applying this operation to

each new point as it slides. After that, the features to be detected are shown in

terms of their intensity and existence.

2. Max Pooling [32]: is a downsampling technique that is frequently used in

CNNs to minimize the spatial dimensions of the output from the convolutional

layers. A max-pooling procedure is used to conserve the maximum value within

a certain area. The dimension of the feature is significantly reduced as a result

of this procedure, which effectively reduces the total number of pixels in later

layers.

For example in Fig. 2.10, in the max pooling layer, we define the number of

pixels we would like the filter to move on the image is called stride, which is 2

in this example. Using the output of convolution, we determine the maximum

value of the 2×2 block by starting from the first 2×2 area, which is the orange
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Figure 2.10: Scaling down using Max Pooling.

area of the sub-image on the left(4,3,9,1). The first number is recorded in the

output channel, which is the max number “9” among 4,3,9,1. Each time we

advance by the number of stride. Since we are utilizing 2, we just slide by 2

and carry out the identical action. The maximum value in the subsequent 2×2

block is determined, and stored in the output, and we continue by sliding over

by 2. Mathematically, the output pij of the pooling operation at position (i, j)

is given by:

pij = max (x2i,2j, x2i,2j+1, x2i+1,2j, x2i+1,2j+1) (2.1)

After sliding over the entire image (supposed the size of image = 4× 4), we will

get a new 2×2 image, which is regarded as the output of the Max-pooling layer

(as shown in the sub-image on the right).

Fig. 2.11 demonstrates the feature representation of Lincoln’s image processed

by max-pooling layer, fewer details contained in this image. The pooling op-

eration helps to make the representation invariant to small translations and

reduces the computational complexity for subsequent layers.

3. Fully connected Layer is usually used to combine with CNNs to learn com-

plex relationships between features in the data. In CNN, the fully connected

layer serves as a decision-making body. It integrates the learned features, which

are spatially hierarchal and abstracted by the preceding layers, to form the final

output predictions.
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Figure 2.11: The feature representation of Lincoln’s image after max-pooling layer.

2.2.3 Autoencoder

An autoencoder is one of the architectures in artificial neural networks, primarily

focused on learning efficient representations of input data, often for dimensionality

reduction or feature learning, consisting of two main parts: the encoder and the

decoder. The encoder is the first part of the autoencoder network. It takes the input

data and compresses it into a lower-dimensional representation. The layers in the

encoder progressively extract more abstract and compact features from the input.

The decoder is the second part of the autoencoder network. It takes the compressed

representation from the encoder and attempts to reconstruct the original input data.

The decoder typically mirrors the architecture of the encoder, using one or more

layers to progressively reconstruct the input from the compact representation.

Fig. 2.12 presents the operational flow of an autoencoder model. The input data is

initially fed into the encoder. The encoder’s primary function is to compress the input

into a more compact, lower-dimensional representation, facilitating the extraction and

retention of essential features while reducing noise and redundancy. It serves as the

preliminary feature extraction phase, preparing the data for deeper analysis.

After processed by encoder, the data is at its most compressed form, refers to

the “Encoded Data” in the diagram. This stage represents the distilled essence of

the input image, containing the most critical and informative features necessary for

reconstructing the image or for further processing. The encoded data is a dense rep-
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Figure 2.12: Autoencoder structure.

resentation that encapsulates the unique characteristics and patterns of the input

digit, optimized for minimal information loss. The decoder mirrors the encoder’s

architecture but in reverse, aiming at reconstructing the original input image from

the encoded data. The output of the decoder is reconstructed from the encoded

data, demonstrating the autoencoder’s effectiveness in preserving essential informa-

tion through the encoding and decoding processes.

Fig. 2.13 displays a comparison of the original and the reconstructed costume

images from an autoencoder model. The original images are a set of input data,

shown with visible features, for example, the sole outline of a sneaker, a logo on a

T-shirt, a clear separation of legs and visible folds, and details at the joints. The

reconstructed images are the output that processed by an autoencoder. They are

significantly blurred and lacks clear details, but still retains the general shape and

layout. The costumes are compressed in a more uniform and less textured appearance.

All reconstructed images are noticeably less sharp compared to their originals.

This is common in autoencoders, as they compress the input into a lower-dimensional

latent space, losing some information in the process, which results in loss of fine

details upon reconstruction. Despite the loss of detail, the general shapes and overall

layouts are preserved, which indicates that the autoencoder is capable of capturing

the broader structural aspects of the images, which are crucial for recognizing the

objects.
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Figure 2.13: The original and reconstructed images from an autoencoder.

Overall, the autoencoder excels at compression and decompression tasks, learning

functions directly from the input. This means that an autoencoder’s performance

and effectiveness are dependent on the training process. The model learns the most

efficient way to represent that specific set of data in a compressed form, which is

generally a lower-dimensional representation.

The networks above are all traditional artificial neural networks, they are well-

designed for particular purposes with fixed input data types. However, you may find

that they are difficult to deal with dynamic input/output data types and shifting goal

functions. When the dimensions or types of the data change, these models must be

rebuilt and trained again. In the following section, a new structure will be introduced

to solve this limitation.

2.2.4 Transfer Learning and RayBNN

Humans thrive at transferring information between tasks. This implies that whenever

we meet a new difficulty or task, we identify it and use what we’ve learned from past

encounters. This makes our task easier and faster. For example, suppose a person

knows how to ride a bicycle but is required to ride a motorcycle that he/she has

never ridden before. In this situation, cycling skills will come in handy for activities

such as balancing the bike, steering, and so on. This will make learning simpler

than they would be for a total newbie. Such lessons are beneficial in real life since
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they improve our skills and allow us to get more experience. Following a similar

methodology, the term Transfer Learning [40] was introduced in the field of machine

learning. This strategy entails leveraging information gained in previous activities

to address a problem in a related target task. This is beneficial when the later task

is comparable to the first task or the data is insufficient for the second task. Using

the learned characteristics from the first task as a starting point allows the model to

learn the second task more quickly and efficiently. Traditional neural networks often

need extensive retraining when the goal function changes. For example, changing from

classifying types of vehicles to classifying types of animals in images requires retraining

in such a network. In contrast, transfer learning can quickly adapt the pre-trained

model to new tasks by retraining only the final layers, which are typically responsible

for decision-making based on the features extracted by earlier layers. Training a

neural network from scratch on a completely new task every time is computationally

expensive and time-consuming. Transfer learning reduces this burden by reusing

learned features, thereby saving computational resources and reducing training times

significantly. When goal functions shift, transfer learning allows the retention of useful

features from the original model, ensuring that not all previous learning is discarded.

It helps in preserving knowledge that the network has previously learned, which is

a solution to catastrophic forgetting [20] in neural networks that refers to a neural

network’s tendency to completely forget previously learned information upon learning

new information.

Base on the strengths of transfer learning, Ref. [42] presented a novel transfer

learning model through 3-D emulation of real biological neural networks (BNN), which

is called three-dimensional ray-traced biological neural network (RayBNN). Unlike

the traditional ANNs, which are usually planar, RayBNN is built by uniformly dis-

tributing hidden neurons and glial cells within a 3-dimensional neural network sphere,

guaranteeing that they do not overlap. As shown in Fig. 2.14, the model adopts glial

cells (red spheres), neurons (green spheres), and the axons (green lines). The infor-

mation learning is more efficient because the neurons in RayBNN are connected to

each other randomly instead of in well-defined layer structure.

The physical architecture of a neural network is formed by assigning three-dimensional

places to glial cells and neurons. The process starts with a random allocation of cell

placements, which may cause overlaps or crossings between neurons and glial cells.

Such intersecting cells are detected by the model and then eliminated to avoid struc-

tural inconsistencies. After the hidden neurons and glial cells have been positioned,
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Figure 2.14: Stimulated 3d ray traced biological neural network (RayBNN) [42].

the positions of both the input and the output neurons can be established. In cases

when the datasets include picture inputs, the input neurons can be assigned equally

around the sphere’s surface to maintain pixel distances. In contrast, the output neu-

rons are fixed in the center of the sphere, replicating the arrangement of the human

brain. The central position of output neurons allows the pooling and integration

of information from hidden neurons since neural pathways converge at the sphere’s

center. Ray tracing is then used to generate new neural connections based on cell

locations and radii, resulting in a realistic map of neuron-to-neuron communication

paths. Every neural link in the network is represented as a sparse weighted adja-

cency matrix. This encoding captures the strength and structure of relationships in

a space-efficient way.

Along with structural encoding, each neuron is assigned a Universal Activa-

tion Function (UAF), which allows the neuron’s activation response to adjust over

time [42]. This is especially beneficial during learning stages and information trans-

fer. The network’s operational stages consist of two passes: forward and reverse. The

weighted adjacency matrix is used in the forward pass to determine the output of

the neural network. In contrast, the backward pass computes the gradient of the

weights, which are subsequently changed via gradient descent methods to improve

the network’s performance. In transfer learning, when the dataset changes, the net-

work’s architecture is constantly modified. This involves eliminating unneeded neural
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connections and pruning excess neurons to keep the network streamlined and efficient

for the new data context.

Fig. 2.16 is the algorithm of the RayBNN model. All output neurons are assigned

to the center of the network, and the input neurons are assigned to the surface of

the sphere. To maintain the order of the input data, input neurons are mapped onto

the sphere’s surface. Fig. 2.15(a) depicts how to organize the input neurons on the

surface to maintain the original order of one-dimensional, two-dimensional, and three-

dimensional data characteristics using a systematic mapping strategy. In addition,

each neuron is assigned an equal solid angle on the sphere’s surface, guaranteeing that

all input neurons have unbiased communication with the hidden neurons underneath.

When adapting the model to a new dataset with more dense input dimensions, then

new neurons should be inserted between the existing ones, as shown by the red dots

in Fig. 2.15(b), without having to move the original neurons. Alternatively, when

more data features need to be added to the existing ones, as shown in Fig. 2.15(c),

the old neurons can be shifted to the sphere’s northern hemisphere, making room for

new neurons in the southern hemisphere while maintaining the original order of the

data features [42].

Figure 2.15: (a) Location of input neurons at the surface of the network sphere. (c)
Transfer of input neurons to a new network sphere where the dimension of the data
is densified. (b) If the new dataset concatenates the old dataset, then the old neurons
migrate to the north while new neurons are created in the south of the new network
sphere. [42].

The dimensions of the datasets may vary when transferring knowledge between

datasets. The quantity of the input and output neurons are changed according to

the variation of datasets. Meanwhile, intersecting cells are all deleted during the

assignment when the cells are overlapped. Ray tracing algorithms are then used

for generating the connections among neurons using the positions and radii of the
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cells. RayBNN uses ray tracing methods to create unidirectional connections between

neurons. The most interesting part of this method is that authors use 3 different

kinds of raytracing (RT) algorithms to connect neurons: in RT algorithm 1 (RT-1),

each neuron generates K rays with random angles and limitless lengths; to improve

efficiency, they then developed RT algorithm 2 (RT-2) to directly link rays so that

it connects each neuron in the neural network by a finite-length ray; and last but

not least, RT algorithm 3 (RT-3) was proposed, which builds on the prior method

and assumes that long-distance connections may be disregarded, and rays with little

distance are directly linked. These connections occur only when the neurons are in

direct line of sight of each other. Glial cells play an important function in preventing

connections between neurons that are too far apart. This method helps to reduce

overfitting in the learning model.

After that, the neural connections will be mapped into the weighted adjacency

matrix. This storing approach provides RayBNN the ability to transform into other

topologies without changing the size of the matrix. Moreover, a Universal Activa-

tion Function (UAF) was applied across all neurons. UAF is designed to evolve

during information transmission, with increasing the plasticity of neurons’ activation

responses [42]. After the matrix is configured completely, the forward pass algorithms

are used to update the input and the output state vectors from precious state vectors.

A backpropagation algorithm is used to calculate the gradients for optimizing the pa-

rameters of RayBNN. Finally, useless neural connections and neurons are removed by

the algorithm without influencing the performance.

By using RayBNN’s adaptability, we can alter and move the network to meet any

given architectural framework to overcome the inconvenience of traditional neural

networks. For example, training large neural networks is usually a time-consuming

operation. To overcome this problem, users can start with training a small-scale

neural network that can learn quickly, and then transfer this obtained information to

a much bigger network. This method effectively shortens the overall training duration.

As the network grows throughout the transfer, more neurons are added to the three-

dimensional network sphere. Similarly, we can also use ray tracing to create new

connections while retaining old ones. If required, the size of the sphere is changed

to provide a consistent rate of neuron non-overlap. When presented with a fresh

dataset that requires a decrease in neurons and connections, RayBNN may selectively

delete connections, prioritizing the elimination of those with the smallest absolute

weights since they contribute the least. To improve the efficiency and accuracy of
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Figure 2.16: Overview Algorithm for RayBNN [42].

the networks, certain neural connections are reallocated to other neurons during the

pruning process. Neurons that become redundant are then eliminated, resulting in a

more efficient network with better performance and accuracy.

2.3 Overfitting and Underfitting

When training models, the situation that high accuracy on the training set but signif-

icantly lower accuracy on the validation set is called “overfitting”. It occurs when the

model structure is too complex or the training data is too small for models to learn

from, the models can memorize the training data instead of generalizing it. On the

contrary, poor accuracy on both training and validation sets is called “underfitting”.

It occurs when the model structure is too simple or the training time is not enough,

the models may not be able to learn from the data comprehensively.
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To overcome overfitting, one may reduce the depth of the neural networks or add

some noise to the data. By introducing noise, the model is forced to learn more

generalizable features across different samples. It makes the model not only perform

well on slightly different data samples but also ensure that the small variations in

input data do not lead to significant changes in output. For underfitting, increasing

the model complexity with additional layers, or increasing training duration to give

the model more time to learn the patterns in the data can help.

2.4 Evaluation metrics

For this project, we used accuracy, precision, recall, and F1-score to measure the

performance of our models, which are shown in the following content:

1. Accuracy: It measures the overall correctness of the model and is calculated

as the ratio of correctly predicted instances (both positive and negative) to the

total instances.

Accuracy =
TP + TN

TP + TN + FP + FN

2. Precision: It measures the proportion of correctly predicted positive instances

among all instances predicted as positive.

Precision =
TP

TP + FP

3. Recall: It measures the proportion of correctly predicted positive instances

among all actual positive instances.

Recall =
TP

TP + FN

4. F1-Score: It is the harmonic mean of precision and recall, providing a balance

between the two metrics.

F1-Score = 2× Precision× Recall

Precision + Recall

Within formulas above:
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(a) True Positives (TP): The number of positive instances correctly pre-

dicted as positive.

(b) True Negatives (TN): The number of negative instances correctly pre-

dicted as negative.

(c) False Positives (FP): The number of negative instances incorrectly pre-

dicted as positive.

(d) False Negatives (FN): The number of positive instances incorrectly pre-

dicted as negative.

For balanced datasets, accuracy, precision, recall, and F1 score that mentioned

above can evaluate the models and help us to understand the performance of a model

comprehensively from different aspects. For those imbalanced dataset, we added

Cohen’s Kappa Coefficient [4] for measuring the performance of our model. Cohen’s

kappa coefficient (κ) is a statistic used to measure inter-rater reliability for qualitative

(categorical) items. It is also applied to evaluate classification models in machine

learning, where it can compare the agreement between the model’s predictions and

the true labels of the data.

The expression for Cohen’s kappa is:

κ =
po − pe
1− pe

where:

• po is the relative observed agreement among raters. In model evaluation, it

represents the agreement between the model’s predictions and the true labels.

• pe is the hypothetical probability of chance agreement, calculated based on the

marginal probabilities of each rater (or class in machine learning) assigning

labels randomly.

The kappa value (κ) ranges from -1 to 1. A value of 1 indicates perfect agreement,

0 indicates the amount of agreement that can be expected by chance, and negative

values indicate less-than-chance agreement.

Due to its characteristics and formulas above, when the data features a single

class, Cohen’s Kappa value defaults to zero. For example, even though the algorithm

identifies all the data correctly, which means a subject is always in a single state,
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the true labels are 100 percent in this state, where po is 1 (or 100 percent). The

algorithm also classifies every instance as this state, which means there is only one

class, the probability that a random classifier would predict (pe) is also 1 (or 100

percent), because there is no other choice. Thus, we have po = 1 and pe = 1, and

κ = 0.

The result is undefined, but the probability of chance agreement in statistics is 1,

so the Kappa value is set to be 0. This can be explained by the Kappa value measures

the agreement that is above and beyond what is expected by chance, therefore, no

room is available for improvement due to the lack of variability in the dataset. The

Kappa statistic presents as low when all of the instances are in one category, which

is known as the Kappa paradox. This paradox will not occur if we have several

classifications.
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Chapter 3

Datasets and Methodology

The first part of this chapter introduces datasets that are used in this project. The

methodologies of CNN to RayBNN, the hardware and the framework that is used to

train these models are described at the second half of this chapter.

3.1 Datasets

3.1.1 MNIST dataset

The MNIST (Modified National Institute of Standards and Technology) dataset [5]

is a large database that contains a 70,000 of handwriting digits. The MNIST dataset

was originated from the NIST (National Institute of Standards and Technology)’s [10]

original sets. It provides a more balanced and acceptable dataset for machine learning

studies in contrast to the initial NIST training set, which was drawn from American

Census Bureau employees, and the test set was collected from the handwriting of

American high school students and did not provide an appropriate combination and

a matched requirement for intensive machine learning investigation. In addition to

re-mixing the NIST database, the switching from the NIST to the MNIST database

required standardization, or down-sampling of the original black and white pictures.

During this procedure, the pictures were anti-aliased, which introduced varied shades

of gray. The incorporation of this preprocessing procedure not only improves data

homogeneity but also simulates the intricacies seen in authentic handwritten charac-

ters.

Each image in MNIST dataset is a 28×28 pixel grayscale image. In the original

binary format of the MNIST dataset, each pixel is represented as a single byte (0
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to 255) indicating the grayscale intensity. Besides, it is labeled with the digit it

represents. Fig. 3.1 displays examples of the images.

Figure 3.1: Image examples in MNIST dataset [8].

Machine learning models, particularly those involved in image recognition tasks,

are often evaluated on their performance with the MNIST dataset, such as CNN

models. The simple and clean format of the dataset allows for straightforward com-

parisons between different algorithms. MNIST is widely used in educational settings

to help beginners understand the basics of machine learning techniques.

3.1.2 MWT dataset

Maintenance of Wakefulness Test(MWT) dataset is created in the process of research

on excessive daytime sleepiness (EDS) [6], which is a significant issue characterized

by persistent drowsiness and a lack of energy throughout the day, even after getting

enough sleep at night. People with EDS struggle with uncontrollable urges to nap,

impacting their ability to function normally during waking hours. EDS is a condition

that often occurs among patients and those people whose sleep decreases in a long-

term [11], which is defined as the inability to remain awake and alert during the main

waking hours of the day and to sleep unintentionally or at inappropriate times almost

daily for at least 3 months. To learn more about the EDS condition statistically,
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objective evaluation methods of sleep and wakefulness occur to help. Maintenance of

Wakefulness Test (MWT) is generated as one of the assessment tools to evaluate the

performance of sleep and wakefulness [27, 26]. It is the most commonly used test to

assess the ability to sustain alertness in the context of increasing sleep pressure.

The MWT is typically administered after the Multiple Sleep Latency Test (MSLT),

which measures how quickly a person falls asleep after periods of wakefulness. The

data in MWT dataset is collected from individuals with EDS. It contains the elec-

trical brain activity called electroencephalogram (EEG), eye movements called elec-

troocoulogram (EOG), and muscle activity called electromyography (EMG) during

sleep. The main measure of the MWT is the mean sleep latency time, which is gen-

erally considered abnormal if it is smaller than 8 min. Remaining awake for at least

40 min in all four tests is objective evidence that the subject can remain awake [9].

In MWT, the Microsleep episode (MSE) state is regarded as an objective indi-

cator of EDS [15] condition, which is a brief sleep episode that is shorter than 15

seconds [37], recorded based on occipital EEG derivations (O1-M2, O2-M1), EOG,

and videography. Aside from wakefulness and MSE states, 2 kinds of EEG pat-

terns exist, which are defined uneasily, and are classified as microsleep episode can-

didates (MSEc) that are defined as not meeting all MSE requirements, and episodes

of drowsiness(ED) that are defined as more unclear wake or MSE or MSEc states, for

example, eyes closes more than 80 percent [15]. Therefore, the 4 stages of MWT are

Wake, MSEs, MSEc, and ED.

In MWT dataset, by capturing simultaneously standard EEG, EOG, submental

EMG, EKG (with electrodes on the right subclavicle and left thorax at heart height),

respiratory flow, and facial videography with audio, the recording process was com-

prehensive. Placement of EEG electrodes conformed to the established 10–20 sys-

tem [17] as shown in Fig. 3.2, targeting locations O1-M2, O2-M1, C3-M2, C4-M1,

CZ-M1, F3-M2, and F4-M1, all referenced to opposite mastoid sites, ensuring a thor-

ough neurophysiological mapping, so that we can get consistent and replicable EEG

recordings data. This system can be used in various research, such as EEG exams,

sleep studies, and clinical studies.

The RemLogic devices were utilized for data acquisition for this dataset, with a

high-frequency collection and archiving rate set at 200 hertz. This data was sub-

jected to a trio of hardware filters—specifically, a high-pass filter at 0.3 hertz, a

low-pass filter capping at 70 hertz, and a 50-hertz notch filter to mitigate interfer-

ence. Post-collection, the data was formatted into the European Data Format (EDF)
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Figure 3.2: Electrode locations of International 10-20 system for EEG (electroen-
cephalography) recording [25].

to streamline subsequent analysis stages.

As shown in Table 3.1, 76 patients’ EDS data was recorded by taking MWT

from Jelena Skorucak’s team [37]. 53 of the patients’ data was stored to be the

training dataset, 12 patients’ data was stored to be the validation dataset, and the

rest 11 patients’ data was saved as the testing dataset. Detailed information about

patients’ numbers, the proportion of males and females, mean ages with standard

deviation, and the proportion of time that each state (wake, MSEs, MSEc, and ED)

spends during the experiment are denoted in this table. It is worth noticing that the

percentage of different data types in the dataset varies significantly. The proportion

of wake condition is the highest among all data while MSEc condition has the lowest

percentage.

The MWT requires accurate identification of sleep stages from EEG, EOG, and

EMG recordings, which are also called polysomnography recordings. As a result,

human experts’ scoring is introduced [15]. Well-trained sleep technologists or sleep

physicians are skilled in interpreting these recordings. This interpretation is criti-
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Training Validation Testing
Number 53 12 11
Male/Female 35/18 6/6 9/2
Age (mean ± SD years) 45.99 ± 18.17 44.64 ± 20.56 44.92 ± 14.48
Fraction of time in Wake 0.89 0.85 0.91
MSEs 0.08 0.09 0.05
MSEc 0.01 0.01 0.01
ED 0.02 0.05 0.03

Table 3.1: Dataset Distribution for training, validation, and testing.

cal to determine the exact moment sleep begins, differentiating between wakefulness,

light sleep, and deeper sleep stages. While some aspects of polysomnography can be

analyzed automatically by software, human oversight is essential due to the subjec-

tivity involved in interpreting certain signals. For example, the transition between

wakefulness and sleep can be subtle, with small changes in EEG patterns that might

be missed or misclassified by automated systems. Sleep onset can sometimes involve

ambiguous signals, which can resemble wakefulness in a sleepy individual. Experts

can discern these patterns better than current automated systems. In cases where

the patient’s sleep architecture is unusual or disrupted by medical conditions, human

experts can provide insights that are not easily derived from automated processes.

They can interpret complex scenarios where multiple sleep-related factors and disor-

ders intersect.

The scoring of the MWT dataset was conducted by an experienced scorer [15] and

in around 2/3 of the trials, the final scoring was verified by other experienced scorers

and differences were resolved by discussions. Wakefulness, MSEs (visible in both

channels), microsleep episode candidates (MSEc), or episodes of drowsiness (ED) were

scored as defined in Bern continuous and high-resolution wake-sleep (BERN) scoring

criteria [15], which were developed to provide a standardized approach to determining

sleep onset during the MWT. Under the BERN criteria, sleep onset is defined not

just as the first epoch (30-second period) of any sleep stage, but specifically requires

the presence of 15 consecutive seconds of cumulative sleep within a 30-second epoch.

This criterion is intended to ensure that brief and potentially ambiguous instances of

sleep or drowsiness are not overinterpreted as definitive sleep. This scoring method is

used to increase the specificity of the maintenance of the wakefulness test, reducing

the likelihood of false positives in determining sleep onset. It is particularly useful in

clinical settings where precise assessment of wakefulness is necessary for evaluating
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the safety of individuals in jobs requiring high alertness or for assessing the efficacy

of treatment in sleep disorders.

3.2 Methodology

3.2.1 CNN+ANN approach with RayBNN

Figure 3.3: CNNs+ANN, and applied to RayBNN.
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Fig. 3.3 demonstrates the hybrid neural network architecture that integrates CNNs

with an ANN and applies it to RayBNN. This structure is designed to leverage the

strengths of each type of network for data processing tasks.

The model begins with CNN blocks, which are designed for extracting features.

The CNN blocks contain several layers including convolution layers that apply fil-

ters to the input data to extract features. Batch normalization layers normalize the

outputs of convolutional layers to improve training stability and speed. The ReLU ac-

tivation function introduces non-linearity, enabling the model to learn more complex

patterns. After that, max-pooling layers are applied to reduce the dimensionality of

the data, which helps to decrease computational costs and prevent overfitting. The

output from the max-pooling layers is flattened into a one-dimensional array to be

prepared for processing in the dense layers of the ANN.

Following the CNN blocks, the structure incorporates ANN layers that further

process the features extracted by the CNN. The ANNs include dense layers, which

are fully connected and play a key role in classifying the data based on the learned

features. Dropout layers are set before the dense layers to mitigate overfitting by

randomly dropping units during training. Additional batch normalization and ReLU

layers are applied to enhance the learning process and ensure effective forward prop-

agation of data.

The final layer in the ANN sequence is a softmax layer, which is used for multi-class

classification, outputting probabilities that sum to one, making it easy to determine

the class by selecting the highest probability. We stored the label and feature results

of the max-pooling layer. This extracted and processed information is then passed

via an API, regarded as the input data of the RayBNN model. The API serves as a

crucial link, facilitating the flow of processed data between the CNN structures and

the RayBNN. The RayBNN model utilizes these inputs to perform more complex data

interpretations or decision-making tasks. This part of the model is used to provide

flexibility and adaptability in handling diverse and dynamic datasets.

3.2.2 CNN+Autoencoder approach with RayBNN

Fig. 3.4 depicted a structure that integrates a CNN with an autoencoder model and

then applies it to the RayBNN. The encoder consists of several CNN blocks. Max-

pooling layer is not included in the final CNN block to capture more detailed represen-

tations for better reconstruction quality. The decoder architecture has several trans-
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Figure 3.4: CNN Autoencoder+RayBNN model structure.

posed CNN blocks. Each CNN block contains a transposed convolutional layer with a

ReLU. The transposed convolution layer, also known as the deconvolution layer, aims

to reconstruct the compressed representation from the encoder. For example, Fig. 3.5

illustrates how a transposed convolution layer works. The left sub-image presents the

input feature, and the transposed convolution layer contains a kernel size of 3×3, and

a stride size of 2. The input dimension is 2×2 in height and width. For each element

in the input feature, the filter spread over the output feature with a stride of 2, and

added to the corresponding positions in the output. The input feature is expanded

according to the stride, resulting in gaps that will be filled by the filter. The output,

as shown in the right sub-image, is the regions where the filter overlaps are summed.

This operation increases the spatial dimensions of the output.

The transposed CNN block contains a transposed convolutional layer with ReLU.

This part of the network works to reconstruct the input data from its encoded and

compressed representation. It performs upsampling with learnable parameters, allow-

ing the network to learn how to upscale the features, which is crucial for effectively

rebuilding the input data with high quality.
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Figure 3.5: Transposed convolution working process.

After training, the features of the whole dataset will be extracted through the

encoder, which is further fed to RayBNN API for processing.

3.3 Preparation for RayBNN API

After the data features were extracted, they were input into the RayBNN. The

RayBNN model is implemented with Rust, and an application programming inter-

face (API) was developed in Python.

3.4 Hardware

Due to the need for complex computation, large dataset requirement, and speed, a

high-performance computing (HPC) cluster Narval on the server of Digital Research

Alliance of Canada was used for the work. The Narval cluster provides researchers

with access to advanced computing infrastructure, including powerful CPUs, GPUs,

and high-speed storage systems (as shown in Table 3.2), to facilitate complex compu-

tations and data-intensive research projects. Narval cluster provides distributed deep

learning frameworks such as Pytorch. Its GPU resources are instrumental in acceler-

ating the process of neural network models, reducing computational time significantly.
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nodes cores memory CPU
1145 64 249G 2 x AMD Rome 7532 @ 2.40 GHz 256M cache L3
33 64 2009G 2 x AMD Rome 7532 @ 2.40 GHz 256M cache L3
3 64 4000G 2 x AMD Rome 7502 @ 2.50 GHz 128M cache L3
159 48 498G 2 x AMD Milan 7413 @ 2.65 GHz 128M cache L3

Table 3.2: Cluster Specifications.

The hardware and software requirements for RayBNN are as follows.

1. System requirements

(a) RTX 3090 or more powerful with at least 24GB VRAM

(b) 32GB RAM

(c) 30 GB of disk space

(d) Docker(https://www.docker.com/)

(e) Rust(https://www.rust-lang.org/)

(f) Arrayfire (https://github.com/arrayfire/arrayfire)

(g) Arrayfire Rust (https://github.com/arrayfire/arrayfire-rust)

(h) Pytorch (https://pytorch.org/)

(i) Pytorch geometric (https://github.com/pyg-team/pytorch-geometric)

(j) Matlab

3.5 Framework

This project is implemented in Python 3.11 using Compute Unified Device Architec-

ture (CUDA), cuDNN and scipy-stack. CUDA is a parallel computing platform and

application programming interface (API) model created by NVIDIA. It allows soft-

ware developers to use a CUDA-enabled graphics processing unit (GPU) for general-

purpose processing – an approach termed GPGPU (General-Purpose computing on

Graphics Processing Units). cuDNN is a GPU-accelerated library for deep neural

networks, which serves as a higher-level API to CUDA and is specifically designed

to provide highly tuned implementations for standard routines such as forward and

backward convolution, pooling, normalization, and activation layers. It is part of the

NVIDIA Deep Learning SDK. The SciPy stack refers to a collection of open-source
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software for mathematics, science, and engineering, predominantly Python-based.

It typically includes core packages like NumPy, SciPy library, Matplotlib, IPython,

Sympy, and Pandas. These libraries are designed to work well together and are often

installed collectively for scientific computing tasks. We used open-sourced software li-

braries like TensorFlow and Keras for experimentation with models. Keras can be run

on top of TensorFlow, allowing a more user-friendly interface to complex operations.
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Chapter 4

MNIST dataset

This chapter characterizes the model with the MNIST dataset. It first introduces

dataset arrangements for training and testing, followed by the results and discussions.

In this project, we adopted a 10-fold test scheme, in which the MNIST dataset

was randomized and split into 10 sections. During each fold, 8 sections for training

and 2 sections for testing.

In this dataset, we first adopted the CNN+ANN model proposed in Ch. 3. In this

model, we adopted two CNN blocks. Both blocks have the kernel size of 3×3 with

a stride of 1. The max-pooling layer in each block reduces the spatial dimensions

of the feature by half by using a 2×2 pooling size. It is proved that stacking two

3×3 convolutional layers can achieve a better performance in receptive field than a

5×5 convolutional layer, which was prominently highlighted in the Visual Geometry

Group(VGG) network’s design [36]. Because in the same number of filters in both

configurations, using a single 5×5 convolutional layer contains 5×5(equals to 25)

weights per filter, however, using 2 3×3 convolutional layers contain 3×3×2(equals

to 18) weights per filter. Thus, using 2 3×3 convolutional layers makes the network

more efficient in parameters. Meanwhile, stacking 2 smaller convolutional layers can

introduce more nonlinearity into the network by placing a ReLU activation function

between the convolutional layers. This allows the network to obtain more layers

that contribute to a deeper architecture, enabling the network to learn more complex

features at each layer. In this model, we used 32 filters in the first CNN block and

64 in the second block to capture necessary features.

After CNN, the data features are flattened and fed to a 1024-neuron flattened

layer and enter ANN with 512 hidden neurons. The output layer consists 10 neurons,

corresponding to the number of output classes in MNIST. With the approach of
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CNN+RayBNN, we extracted and stored the features from the last CNN block, and

then applied them to RayBNN, which is introduced in chapter 3, thereby will not be

introduced in details here.

In a second test, we implemented the CNN with an autoencoder approach as de-

scribed in the previous chapter. In this model, the auto-encoder contains 3 CNN

blocks. The 1st CNN block performs a 2D convolution with 16 filters, each having

a kernel size of 3×3 and a stride of 2. Similar to the 1st block, the 2nd CNN block

performs with 32 filters using the same kernel and stride settings as the 1st layer. The

last CNN block, which has Max-pooling layer removed, has 64 filters with a larger

kernel size of 7×7 to preserve the spatial dimensions while allowing the final con-

volutional layer to perform better feature extraction without further downsampling,

keeping the quality of the reconstruction in the decoder. After the model is trained,

we extracted features from the last CNN block, and applied them to the RayBNN

model.

The decoder primarily uses transposed convolutional blocks, which operate in a

way that essentially upsamples the feature, gradually increasing their spatial reso-

lution. The transposed convolutional layer in the block is accompanied by ReLU

activations and also have same kernel sizes and strides as the numbers in encoder

correspondingly. In the last transposed CNN block, it decompressed to one grayscale

output channel of the MNIST images to match the format of the original input images.

4.1 Results

4.1.1 Feature representations of the models

CNN+ANN approach

Figure 4.1: Feature representation in the first convolutional layer.
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Fig. 4.1 demonstrates the feature representation of the digit “1” processed by

the first convolutional layer. These representations are relatively detailed, highlight-

ing various specific features such as edges and curves of the digit “1”. Each image

represents a different filter’s response to the same input image. The variety in the

representations suggests that different filters are tuned to detect different features,

some focusing on the main vertical stroke of the digit “1”, while others might pick

up details or variations in stroke intensity and alignment.

Figure 4.2: Feature representation in the first max-pooling layer.

Fig. 4.2 presents the feature output of digit “1” after the first max-pooling layer.

The sub-image on the left contains a more compact figure of the digit, and the sub-

image on the right has a small feature at the bottom left of the figure. The spatial

resolution of each feature is reduced, resulting in more abstract representations of the

detected features. Max-pooling enhances the dominant features by reducing noise and

small variations in the feature maps, focusing on the maximum value. This reduction

sharpens the focus on essential elements like the vertical core of the “1”, smoothing

out less relevant details and making the network less sensitive to small positional

changes and variations.

Fig. 4.3 is the feature representation after the second convolutional layer. With a

further set of convolution operations, these features begin to combine and further ab-

stract the basic features identified by the first layer into more complex patterns. The

filters in this layer can capture higher-level features, which represents combinations

of edges and curves. The representations are less interpretable than those from the
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Figure 4.3: Feature representation in the second convolutional layer.

first convolution layer, indicating an increased level of abstraction. They are crucial

for understanding higher-level structures within the digit, potentially preparing for

classification.

Figure 4.4: Feature representation in the second max-pooling layer.

Like the first max-pooling layer, the second max-pooling layer further reduces the

spatial resolution and abstracts the feature representation, as shown in Fig. 4.4. It

emphasizes the most significant aspects of the input, even more, reducing the size

and focusing on critical regions of the feature maps. At this stage, the features are
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highly abstracted and geared towards helping the network make decisions based on

the overall structure and presence of key features rather than specific details.

Above images present the feature representations in convolution and max-pooling

from shallow to deep layers. This transformation from detailed to abstract repre-

sentations allows the network to effectively classify inputs by focusing on the most

informative features, reducing the influence of noise and irrelevant details.

CNN+Autoencoder approach

Figure 4.5: Reconstructed output of CNN autoencoder model.

Fig. 4.5 displayed several original input (the digits on the first line) and recon-

structed output (the digits on the second line) that were processed by the CNN+Autoencoder

model. The output digits are less clear than the input ones, losing some details, such

as, the tail at the bottom of digit “7” in the third sub-image of the input is lost when

observed in the output. The reconstructed images exhibit a little blurring. This is

because the autoencoder can not perfectly decode all the nuances of the data from

its compressed representation. However, the overall layout of the digits is all kept

in the output using convolutional layers inside the encoder/decoder, which indicates

that the convolutional layers present their capability of extracting features in input

data.
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4.1.2 Comparisons and analysis

Figure 4.6: Accuracy of four models at different epochs.

In Fig. 4.6, the CNN model starts at an accuracy of 0.0500 at epoch 1 and expe-

riences a steep increase to approximately 0.7984 by epoch 10, stabilizing and slightly

improving to 0.9910 by epoch 200. This indicates a rapid learning rate initially, which

plateaus of the model approaches its performance limit. The CNN+RayBNN model

shows a similar trend but starts at a slightly lower accuracy of 0.0310 at epoch 1

and ends with a marginally lower accuracy of 0.9915 at epoch 200. The addition of

RayBNN appears to slightly delay the initial learning speed but achieves a compara-

ble performance by epoch 200. The Autoencoder starts at 0.0013 accuracy at epoch

1 and shows a significant jump to 0.8620 by epoch 10, achieving a peak accuracy of

0.9840 by epoch 200, which is slightly lower than the CNN models, indicating that

while powerful, the Autoencoder alone may not capture all the predictive patterns.

The Autoencoder+RayBNN begins with a higher initial accuracy of 0.0652 at epoch

1, soaring to 0.9240 by epoch 10 and peaking at 0.9819 by epoch 200. The combi-

nation of Autoencoder and RayBNN showcases a synergy that allows for a higher

starting accuracy and rapid early improvement.

We can observe distinct learning curves and performance stabilization points

across the different metrics. The CNN model consistently shows significant improve-
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ment up to epoch 50, where its metrics begin to plateau, indicating that the model is

approaching its learning capacity. It achieves its best overall performance by epoch

100, which is where the model’s accuracy, precision, recall, and F1-score reach their

highest values simultaneously. This performance stability makes the CNN model a

dependable choice for classification tasks. Beyond this point at epoch 100, the model

does not exhibit substantial gains, suggesting a thorough model optimization has

been achieved by this epoch.

Figure 4.7: Precision of four models at different epochs.

From Fig. 4.7, the CNN model’s precision begins at 0.0310 and reaches 0.8068 by

epoch 10, slightly lower than its accuracy, indicating some false positives are present

but improves and closely matches its accuracy by epoch 200 with 0.9887. Precision

for CNN+RayBNN starts at 0.0039 and increases to 0.8712 by epoch 10, showing the

highest precision amongst the models at this point, finishing at 0.9900 by epoch 200,

which implies this model is particularly good at minimizing false positives when mak-

ing predictions. The Autoencoder’s precision starts higher at 0.0151, rises to 0.9070

by epoch 10, and ends with the highest precision of 0.9866 by epoch 200, suggest-

ing a refined ability to make accurate positive predictions. Autoencoder+RayBNN

begins with a precision of 0.0646, escalating to 0.9350 by epoch 10, and slightly de-

creases to 0.9825 by epoch 200. This drop could indicate overfitting or a limitation
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in recognizing positive cases over time.

As shown from Fig. 4.6 to Fig. 4.7, the CNN+RayBNN converges faster than the

CNN. At around epoch 35, this model swiftly ascends to its peak performance, par-

ticularly noticeable by epoch 100, where all its metrics are at their best performance.

The rapid attainment of peak performance indicates that the synergy between CNN

and RayBNN enhances the model’s learning efficiency, potentially reducing the need

for prolonged training and resource expenditure.

Figure 4.8: Recall of four models at different epochs.

In Fig. 4.8, for the recall metric, the CNN model starts at 0.0058, rising to 0.8425

by epoch 10, which is consistent with precision, ending at 0.9825 by epoch 200, show-

ing the model’s strength in identifying all relevant cases. CNN+RayBNN begins at

0.0022, achieving 0.8215 recall by epoch 10, which is slightly lower than precision at

this stage, ending at a high of 0.9912 by epoch 200, indicating it becomes increasingly

better at identifying true positives. The Autoencoder starts at 0.0265 recall, increas-

ing to 0.9060 by epoch 10, and peaks at 0.9852 by epoch 200. This high recall means

it rarely misses out on identifying true positives. The Autoencoder+RayBNN model

starts at 0.0789 recall, one of the highest initial recalls, reaching 0.9650 by epoch 10,

and ends at 0.9831 by epoch 200, showing a strong and consistent ability to identify

true positives.
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The Autoencoder model follows a more gradual path to stability, not plateauing

until after epoch 50, and it is by epoch 150 that we see it operating at its full potential.

Despite the slower initial improvement compared to the CNN models, it demonstrates

a steady increase over time, reaching its prime by epoch 150. This suggests that

although slower to train, the autoencoder model can still achieve a high level of

performance and may benefit from a more extended training period.

Figure 4.9: F1-score of four models at different epochs.

In Fig. 4.9, the F1-score for the CNN model starts at 0.0042, growing to 0.8026 by

epoch 10, reflecting a balance between precision and recall, and converges to 0.9825 by

epoch 200, indicating strong overall performance. For CNN+RayBNN, the F1-score

commences at 0.0035, reaching 0.8225 by epoch 10, suggesting a balanced precision

and recall from an early stage, and ending at 0.9899 by epoch 200, showing the model’s

robustness. The Autoencoder begins at 0.0198 F1-score, climbing to 0.9800 by epoch

10, and ending at 0.9857 by epoch 200, slightly lower than the CNN models but still

indicative of strong predictive performance. Autoencoder+RayBNN starts at 0.0768

F1-score, jumping to 0.9470 by epoch 10, and ends at 0.9809 by epoch 200. The

initial high F1-score suggests a strong balance between precision and recall, which is

slightly less optimized by epoch 200 compared to other models.

Meanwhile, the Autoencoder+RayBNN model quickly reaches its performance
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stride, with metrics stabilizing as early as epoch 20, and achieving the best overall

performance by epoch 50. The quick stabilization of metrics could suggest an efficient

learning process. However, it also raises concerns regarding the model’s potential for

overfitting, as indicated by the slight decrease in some metrics beyond this epoch.

Therefore, the model may benefit from methods to enhance generalization, such as

incorporating regularization techniques or expanding the training dataset.

Analyzing the model performance at various epochs allows us to identify the trends

and potential areas for improvement. We observe that CNN and CNN+RayBNN

models exhibit relatively stable accuracy, precision, recall, and F1-score throughout

the training process. They have minor fluctuations that do not deviate significantly

from the overall trend. This stability might imply that these models are capturing

the essential patterns within the MNIST dataset effectively and are not suffering from

overfitting or underfitting issues. It is especially notable that the addition of RayBNN

to the CNN model does not influence the performance metrics but rather maintains

a consistent high level of accuracy and precision.

Conversely, Autoencoder and Autoencoder+RayBNN models display more pro-

nounced variability, particularly a marked decrease in performance metrics. Such a

trend could be indicative of a model struggling with a specific aspect of the learning

process at this stage. For instance, it may suggest that the Autoencoder reaches

a point where its representation of the data is overly fitted to the noise within the

training set, thereby diminishing its generalization capability.

Upon considering all metrics comprehensively, the CNN+RayBNN emerges as a

particularly strong model, striking an effective balance between learning speed and

performance. While peak performance is critical, the consistency of performance

across epochs is equally valuable, especially in practical applications where stability

and reliability over time are paramount.

To enhance models that show early peaking followed by stagnation or decline,

several strategies could be employed. Implementing regularization techniques, adding

more data to training dataset, or using techniques like early stopping could prevent

overfitting. Additionally, adjusting learning rates dynamically during training could

help the models to converge more smoothly and potentially reach higher peaks in

performance metrics.
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Chapter 5

MWT dataset

This chapter only applies CNN+RayBNN to MWT dataset as its performance is

slightly better than the autoencoder according to results in the previous chapter.

In MWT dataset, one of the 76 recordings, uXdB, contains a large amount of false

positive MSE [19]. In addition, in the dataset, 46 recordings contain all types of

classifications, while the remaining 30 recordings do not have MSE [37]. This im-

pedes the classification accuracy. To overcome this issue, we combined all recordings

in the training and validation datasets. Further, both of the EEG signals in each

record are similar, which may cause overfitting. To solve this problem, the dataset is

preprocessed by data augmentation using Gaussian noise.

For this dataset, an 7-fold testing scheme is adopted. We split the whole dataset

into 7 sections. During each iteration, we kept 5 sections for training, 1 sections for

cross-validation, and the remaining section testing dataset. This process is repeated

for 7 times such that the average and standard deviation of Cohen’s Kappa values

are used for model evaluation.

5.1 Hyper-parameter tuning

In the charts we present following, the vertical error bars on each data point represent

one standard deviation (σ) of the Cohen’s Kappa values.

In this study, we adopted 12 CNN blocks. The first CNN block contains 32 filters,

and the 2nd CNN block has 64, the 3rd to 6th CNN blocks all have 128 filters, and the

7th to 12th contain 256 filters. It is proven in deep neural networks such as ResNet [14]

and Inception [38], Residual blocks and inception modules being repeated multiple



47

Figure 5.1: Cohen’s Kappa of CNN+ANN with different repetitions at 2nd blocks.

Figure 5.2: Cohen’s Kappa of CNN+ANN with different repetitions at 3rd blocks.
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times within the network can achieve better performance by capturing multi-scale

features. Further, in our study, the filters in CNN blocks have a kernel size of 3×1

and a stride of 1. The max-pooling layer uses a 2×1 pooling size for reducing the

dimensions of the features. The first few CNN blocks are set to capture low-level

features. As moving deeper into the network, the subsequent layers capture more

complex patterns and higher-level features.

We tested the CNN block with 128 filters and 256 filters to find an optimal number

of repetitions and display the results in Fig. 5.1 and Fig. 5.2. It indicates that

the model with 4 repetitions presents a similar performance to the model with 6

repetitions in the CNN block with 128 filters, thereby we chose to repeat 4 times as a

trade-off between computational expense and time-saving. We then applied the same

process to the CNN block with 256 filters. It shows that repeating for 6 times at the

CNN block performs well, which is the same as that in Ref. [19].

5.2 Results

We first trained the CNN with the ANN model and evaluated its performance on

both training and validation datasets. The Kappa values for W class, as shown in

Fig. 5.3.

For the training dataset (purple colored dots with solid line), the Kappa value

as shown in Fig. 5.3 for W detection, starts higher at 0.66 ± 0.05 in epoch 1. This

higher initial value compared to the validation set suggests that the model performs

better on the training data, possibly due to overfitting. By epoch 2, the Kappa

value decreases to 0.65± 0.04, and it further reduces to 0.64± 0.05 in epoch 3. This

declining trend may indicate that the model is not generalizing as well. The MSE

as shown in Fig. 5.4 for the training dataset shows an increasing trend: starting at

0.72± 0.05 in epoch 1, rising to 0.74± 0.06 in epoch 2, and then slightly decreasing

to 0.73± 0.06 in epoch 3. This increase in MSE could be an indication that while the

model is fitting the training data better initially, it might be struggling to maintain

this performance as it continues training. The MSEc as shown in Fig. 5.5 values in

the training set remain fairly consistent, with 0.05±0.02 in epoch 1, and maintaining

at 0.05 ± 0.02 to epoch 3. The ED as shown in Fig. 5.6 in the training dataset also

shows a maintenance, at 0.07 ± 0.02 in 3 epochs. This pattern aligns with the MSE

trend, indicating that while there is some variability in the error distance, the model

maintains a relatively stable performance.
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In the validation dataset (green colored dots with solid line), the Kappa value for

detecting W starts at 0.62 ± 0.05 in epoch 1 as shown in Fig. 5.3. This indicates

a moderate level of agreement between the model’s predictions and the true labels.

By epoch 2, the Kappa value improves slightly to 0.63 ± 0.05, suggesting that the

model has increased its ability to correctly identify W. However, in epoch 3, the

Kappa value decreases to 0.61± 0.05, indicating a slight decline in performance after

the initial improvement. The MSE as shown in Fig. 5.4 for the validation dataset

shows a fluctuating trend: starting at 0.69±0.05 in epoch 1, increasing to 0.70±0.04

in epoch 2, and then decreasing slightly to 0.69 ± 0.05 in epoch 3. This pattern

suggests that while the model initially adjusts to the validation data, it experiences

some inconsistencies in prediction accuracy. The MSEc as shown in Fig. 5.5 values

are relatively stable across epochs, starting at 0.05 ± 0.01 in epoch 1, and further

reducing to 0.04± 0.02 in epoch 3. This consistent decline implies that the model is

progressively refining its error correction mechanisms. The ED as shown in Fig. 5.6

also follows a remaining trend, 0.07±0.02 in 3 epochs. This indicates that the overall

distance between the predicted and true values is gradually reducing, reflecting an

improvement in the model’s precision.

Overall, the model shows a quick learning phase by epoch 2, as indicated by the

peak Kappa values in both training and validation datasets. However, the slight de-

crease in Kappa values by epoch 3, along with the fluctuating MSE and ED, suggests

that the model may be starting to early stop on the validation set. These observa-

tions highlight the importance of monitoring the model’s performance across multiple

metrics to ensure it generalizes well to unseen data.

In aggregating the performance across all classifications across both training and

validation, we can infer that the optimal point for the model occurs after epoch 2.

Therefore, in the current configuration, we adopt early stopping at this epoch to avoid

overfitting. Based on the result of CNN at epoch 2, we then extracted the features

from CNN and applied them to the RayBNN model. The results are shown in the

following analysis.

For the training dataset (orange colored dots with solid line), the Kappa value for

W detection as shown in Fig. 5.3 starts at 0.18± 0.03 in epoch 1, indicating a better

initial fit to the training data. By epoch 10, the Kappa value improves to 0.26±0.04,

and it significantly increases to 0.46 ± 0.04 by epoch 35. The peak Kappa value of

0.68± 0.06 is observed at epoch 50, indicating the model’s optimal performance. By

epoch 75, the Kappa value increases slightly to 0.69 ± 0.04, and by epoch 100, it
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Figure 5.3: Kappa values of CNN+ANN and CNN+ANN with RayBNN models for
W classification at different epochs. The yellow line indicates the Cohen’s Kappa
value from experts.

decreases slightly to 0.67 ± 0.04, suggesting some fluctuation in performance. The

MSE as shown in Fig. 5.4 for the training dataset starts at 0.24 ± 0.07 in epoch 1,

indicating the initial error rate. This value increases to 0.36± 0.05 by epoch 10 and

continues to rise, reaching 0.56±0.09 by epoch 35. The highest MSE of 0.77±0.05 is

observed at epoch 50. The MSE remains at 0.77±0.04 at epoch 75, and by epoch 100,

it slightly decreases to 0.76±0.07, indicating a minor improvement in error rate. The

MSEc as shown in Fig. 5.5 values in the training set start extremely low at almost

0.00 ± 0.01 in epoch 1. By epoch 10, MSEc remains at 0.00 ± 0.01, and it increases

to 0.03 ± 0.02 by epoch 35. The highest MSEc value of 0.04 ± 0.02 is observed at

epoch 50 and remains the same at epoch 75. By epoch 100, MSEc decreases slightly

to 0.03 ± 0.01, indicating some error correction stabilization. The ED as shown in

Fig. 5.6 in the training dataset starts very low at 0.00±0.01 in epoch 1 and increases

to 0.02± 0.01 by epoch 10. It continues to rise, reaching 0.03± 0.01 by epoch 35 and

peaking at 0.05± 0.02 by epoch 50. The ED remains at 0.05± 0.01 at epoch 75 and
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Figure 5.4: Kappa values of CNN+ANN and CNN+ANN with RayBNN models for
MSE classification at different epochs. The yellow line indicates the Cohen’s Kappa
value from experts.

increases slightly to 0.07± 0.02 by epoch 100.

In the validation dataset (blue colored dots with solid line), the Kappa value

for detecting W as shown in Fig. 5.3 starts at 0.18 ± 0.03 in epoch 1. This initial

value indicates a relatively low agreement between the model’s predictions and the

true labels. By epoch 10, the Kappa value improves to 0.23 ± 0.07, showing some

early learning. A significant increase is observed by epoch 35, with the Kappa value

rising to 0.46 ± 0.03, and it continues to improve, reaching 0.68 ± 0.07 by epoch 50.

This suggests that the model becomes considerably more accurate in detecting W as

training progresses. The Kappa value remains at 0.68± 0.05 at epoch 75, indicating

stable performance, but it slightly decreases to 0.62 ± 0.04 by epoch 100, indicating

some fluctuation in the model’s performance. The MSE as shown in Fig. 5.4 for

the validation dataset begins at 0.22 ± 0.08 in epoch 1, indicating initial prediction

errors. This value increases to 0.33 ± 0.03 by epoch 10 and further to 0.54 ± 0.07

by epoch 35, reflecting the complexity of the task. The highest MSE is observed at
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Figure 5.5: Kappa values of CNN+ANN and CNN+RayBNN models for MSEc clas-
sification at different epochs.The yellow line indicates the Cohen’s Kappa value from
experts.

epoch 50, with a value of 0.74 ± 0.07, suggesting that the model encounters some

difficulties in maintaining low error rates. By epoch 75, the MSE slightly decreases

to 0.71 ± 0.04, and by epoch 100, it further reduces to 0.69 ± 0.06, indicating some

improvement in prediction accuracy. The MSEc as shown in Fig. 5.5 values for the

validation dataset start extremely low at almost 0.00 ± 0.01 in epoch 1, reflecting

minimal initial correction. By epoch 10, MSEc remains at almost 0.00± 0.02, and it

starts to rise, reaching 0.03 ± 0.01 by epoch 35 and 0.04 ± 0.01 by epoch 50. This

trend indicates the model’s increasing capacity to correct errors over time. The ED

starts very low at almost 0.00±0.01 in epoch 1 and increasing to 0.02±0.01 by epoch

10. The ED as shown in Fig. 5.6 reaches 0.03± 0.02 by epoch 35 and 0.06± 0.01 by

epoch 50, reflecting the increasing distance between predicted and true values as the

model continues to learn. By epoch 75, ED remains at 0.06±0.02, and by epoch 100,

it rises slightly to 0.07± 0.02, indicating some variability in the model’s precision.

The human experts’ scores of the MWT dataset are mentioned in Char. 3, which
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Figure 5.6: Kappa values of CNN+ANN and CNN+RayBNN models for ED classi-
fication at different epochs.The yellow line indicates the Cohen’s Kappa value from
experts.

are used to evaluate the accurate identification of sleep stages. Comparing the results

of CNN+ANN model and CNN+RayBNN model in Fig. 5.3, Fig. 5.4, Fig. 5.5, and

Fig. 5.6, with the expert scores-0.71 for W, 0.80 for MSE, 0.09 for MSEc, and 0.06 for

ED (yellow solid line) in the charts, the model comes close to expert-level performance

for W and MSE classes, while in MSEc and ED states, the results present lacks in

performance. By epoch 75, the CNN+RayBNN model presents a good performance

in Kappa values for W, MSE, MSEc, and ED classes, where it achieves 0.68 ± 0.05,

0.71± 0.04, 0.04± 0.02, and 0.06± 0.02 respectively in the validation set. The lacks

in MSEc and ED classes present the inherent difficulty in classifying these ambiguous

states, which often do not exhibit clear, distinguishable patterns. The low proportion

of MSEc and ED states in this dataset should also be considered when analyzing the

situation of low kappa values.

We evaluated the models on the testing sets that we saved at the beginning of

splitting the dataset. The CNN+ANN with RayBNN resulted in Cohen’s Kappa
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values as 0.62±0.02 for W, 0.70±0.02 for MSE, 0.05±0.01 for MSEc, and 0.08±0.02 for

ED, which is close to the results that we evaluated in validation sets. The Cohen’s

Kappa values of CNN+ANN model are 0.54 ± 0.09 for W, 0.63 ± 0.14 for MSE,

0.04± 0.03 for MSEc, and 0.02± 0.02 for ED, which is also close to the results in the

validation dataset. Both models are close to expert’s results in Cohen’s Kappa metric,

but the CNN+ANN with RayBNN is slightly better than CNN+ANN approach in

W and MSE detections. For MSEc and ED detections, both models are restricted to

the ambiguous features, and they still have room to improve.

We also calculated the computation time for each training epoch to evaluate the

efficiency and the practicality of both CNN+ANN and CNN+RayBNN models. The

CNN+ANN model exhibited an average computation time of 4673 seconds per epoch.

This duration can be attributed to the complex structure of the CNN with ANN,

which involves a large number of parameters and dense connections, leading to in-

creased computational time. In contrast, the CNN+RayBNN model demonstrated a

markedly lower average computation time of 443 seconds per epoch. The RayBNN

leverages random neuron connections and optimized data processing pathways. This

efficiency not only accelerates the training process but also highlights the potential

of RayBNN in handling large-scale and dynamic datasets more effectively than tradi-

tional CNN+ANN model. The significant disparity in computation times underscores

the advantages of integrating RayBNN with CNN, offering a more time-efficient so-

lution for neural network training.
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Chapter 6

Conclusions

In this study, we present approaches that utilize the strengths of Convolutional Neural

Networks with Artificial Neural Networks and Autoencoder and apply them to ray-

traced Biological Neural Networks to address the limitations of traditional neural

network architectures. By integrating the feature extraction capabilities of CNNs

with ANNs and autoencoder, and the adaptability of RayBNN, the hybrid models

demonstrate versatility and efficiency in processing and adapting to various data types

and formats.

The usage of hybrid models that can dynamically reconfigure themselves in re-

sponse to new datasets. This flexibility is significantly enhanced by combining RayBNN

with CNN+ANN and CNN+Autoencoder approaches. We proved that the CNN

with ANN approach performed well in extracting features from the MNIST dataset

and MWT dataset, ensuring that the RayBNN receives the most relevant informa-

tion. Because of the special characteristics of RayBNN-the neurons in it are re-

lated to each other randomly, and there is no specific concept of layer, thereby en-

abling a more efficient information transferring flow. Though the performance of the

CNN+Autoencoder approach with RayBNN is not as effective as the CNN+ANN ap-

proach with RayBNN, it still obtains high-level results in various evaluation metrics

using its professional ability of dimension reduction and feature extraction.

The result of CNN+ANN with RayBNN structure proved that this model can

recognize wakefulness and microsleep episodes well, which is close to the result of a

human expert. Currently, the model is only trained on one image dataset and one

EEG dataset, more and larger datasets are needed to achieve an overall assessment.

Future research would focus on further refining this model and exploring its po-

tential applications across various industries, including autonomous systems, health
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diagnostics, and financial forecasting. The innovative approach outlined in this pa-

per underscores the potential of combining CNN with different approaches and apply

to RayBNN to revolutionize the way traditional neural networks are designed and

utilized, providing more adaptable and efficient solutions in the realm of artificial

intelligence.

In addition, the model can be further enhanced by training CNN and RayBNN

together. In this way, different structures are not only connected by extracted feature

data but also by transferring gradients and learning signals from RayBNN for further

modification by CNN. Such an approach potentially enhances the learning process of

CNN. This could lead to better feature extraction and improved overall performance

of the combined model. Besides, training models together allow CNN to adapt itself

dynamically based on the feedback from RayBNN. This can help the CNN to adjust

its parameters more effectively in response to changing data or tasks, which can lead

to more efficient backpropagation of errors through models.
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