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Abstract

The permanent of a matrix is a value that can be computed from a square matrix. It
is calculated in almost the same way as the determinant, but all of the terms in the
permanent are summed. The permanent has an application in a quantum optical
experiment known as boson sampling. The probability of the outcome of this exper-
iment can be calculated by taking the permanent of a matrix. It is believed that the
complexity of approximating the outcome of this experiment is related to the photon
indistinguishability. At full distinguishability, it is expected to follow polynomial com-
plexity as the matrix size increases. At full indistinguishability, it is expected to follow
exponential complexity. For partial indistinguishability, the complexity is expected
to be somewhere in between. The aim of this research is to use deep learning
networks to estimate the permanents for varying levels of photon indistinguishabil-
ity and to investigate whether the complexity of the networks reflects the expected
complexity of estimating the outcome of the boson sampling experiment.

The results of this research show a significant difference in the accuracy of esti-
mating fully distinguishable permanents and fully indistinguishable permanents: the
networks are consistently able to provide better estimates of the fully distinguishable
permanent. This result appears consistent with the theory that the complexity of the
fully distinguishable permanent is lower than the complexity of the fully indistinguish-
able permanent.

Due to the large differences in accuracy, it is not possible to make a meaningful
comparison of the complexity of the networks. To try and account for the difference
in accuracy, the complexity was quantified as the ratio of the number of parameters
to the accuracy of the network; however, the expected polynomial and exponential
complexity in the case of distinguishable and indistinguishable permanents were
not observed. The results of this experiment suggest that there is some difference
between the complexity of deep learning networks used to estimate distinguishable
and indistinguishable permanents, but further research is needed to investigate how
the complexity changes with respect to the matrix size.
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Chapter 1

Introduction

1.1 Background and Motivation

1.1.1 The Permanent of a Matrix

The permanent of an N-by-N matrix A with elements «; ; is given by the equation

N
Perm(A) = Z Haz}a(i) (1.1)

ey i=1
The set X is the set of all permutations of the numbers 1 to N. For each permu-
tation o, the notation o(:) indicates the number in the i-th position of o. The sum
extends over all permutations of the numbers 1 to N. [1] [2] For a more intuitive
understanding, the permanent is simply the determinant but with all terms summed.

b
Det “ = ad — bc
c d
- (1.2)
b
Perm “ =ad + bc
c d

For something which appears so similar to the determinant on the surface, it is
surprising that the computational complexity of the permanent is significantly higher.
The determinant can be computed in polynomial time through Gaussian elimination,
but this method cannot be used for the permanent. [3] The fastest known algorithms
for calculating the permanent still have exponential complexity. In the special case
where a matrix is composed entirely of real, positive elements, it is possible to ap-
proximate the permanent to a degree of error in polynomial time. [3] However, this
is only an approximation, and calculating the exact value still has exponential com-
plexity. The relevance of the permanent in the field of quantum optics, specifically
the boson sampling problem, is discussed in the next section.

1



2 CHAPTER 1. INTRODUCTION

1.1.2 The Boson Sampling Problem

An interesting problem in the realm of quantum optics is the boson sampling prob-
lem. To understand this problem, it is helpful to consider an experimental imple-
mentation of boson sampling using a quantum optical network. A quantum optical
network is illustrated in Figure 1.1. This network has five input modes and five output
modes. In this experiment, three indistinguishable (identical) photons are injected
into different modes of the network. The paths that the photons can take as they
travel through the network are indicated in red. Consider the following question:
what is the probability that the photons exit the network in a given combination of
three unique output modes?

Figure 1.1: lllustration of a quantum optical network used for boson sampling. Im-
age taken from [4].

It turns out that the behavior of such an optical network with N inputs and N
outputs can be described by a unitary N x N matrix of complex numbers U. The
probability of observing a specific combination of output modes can be calculated
from a corresponding submatrix M derived from U. [4] Consider the example op-
tical network given in Figure 1.1 with input modes 2, 3, and 4. The input modes
correspond to columns 2, 3, and 4 of the matrix U and have been highlighted in red
below.

U1 U2 U1,3 Uia Ulrps
U1 U2 U2.3 U244 U2
U= |u31 uz2 U333 U3s U3s (1.3)
Ugn Ug2 Ug3  Ugqa Ugs

Us1 Us2 Us3 Us4 Uss

Suppose we are interested in the probability of observing an output in modes 1, 2,
and 4. The output modes correspond to rows 1, 2, and 4 of the matrix U and have
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been highlighted in yellow below.

Uy 1 U2 U3 Ur4ga Ulp
Uz,1 U2 U3 U4 Us
U= U3 Uz2 U33 U334 U35 (1 -4)

Ug,1 Ug2  Ug3  Uga  Ugp

Us,1 Us2 U533 Us4a Usp

The intersection of the columns corresponding to the input modes and the rows
corresponding to the output modes have been indicated in orange below. These
elements form the submatrix M which can be used to calculate the probability of
observing photons in the specified output modes.

Uyl U2 U3 U4 Ulp
Uz,1 Ug2 U3 U224 U2s
U= Uzl U2 U3 U4 U35

Ug,1 Ug2 Ug3 Uga Usp

Us1 Us2 U53 Us4a Uss

U2 U3 Ulg
M = Ug2  U23 U4

Ug2  Ug3 Uy

The probability of observing photons in the specified combination of output modes
is given by |Perm(M)|?. As discussed in the previous section, calculating the per-
manent has exponential complexity. Calculating this probability using a classical
computer requires an exponential overhead in time and resources. This is known as
the boson sampling problem. [5]

Due to the exponential increase in resources required, calculating these prob-
abilities becomes infeasible as the size of the matrix increases. The fact that it is
possible to sample from these probabilities using a quantum optical network makes it
an interesting area of research for showing a quantum advantage; that is to demon-
strate a quantum processing task that cannot be efficiently carried out using classical
computing.

1.1.3 The Effect of Photon Indistinguishability

The experiment outlined in the previous section assumed that photons were fully
indistinguishable (i.e. identical). In this case, the probability of observing photons in
a specific combination of output modes was given by

|Perm(M)|? (1.6)
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where M was the corresponding submatrix derived from the unitary matrix describ-
ing the optical network U. However, when performing such an experiment in reality,
there will always be some degree of distinguishability due to real-world limitations. [6]
If the photons are not completely identical, it may be possible to differentiate photons
from one another based on differences in features such as color or polarization. In
the extreme case where photons are fully distinguishable, it has been shown that
the probability is instead given by

Perm(|M|?) (1.7)

where M is the corresponding complex submatrix and | 1/|? denotes squared magni-
tude calculated element-wise. [6] This means that the permanent is now calculated
from a matrix that consists of only positive, real-valued elements. For the in-between
cases where there is partial photon indistinguishability, the probability is given by

Z(HS )PermM*M* ) (1.8)

ceY J

where M is the corresponding complex submatrix, S is the matrix of mutual dis-
tinguishabilities, and X is the set of permutations of numbers 1 to N (where N is
the number of rows/columns of the matrix). [6] The operator * denotes the element-
wise multiplication, M* denotes the element-wise complex conjugation, and M, ,
denotes that the columns of M are permuted according to o while the rows are left
unchanged. The matrix of mutual distinguishabilities is determined by properties of
the photons; a more detailed treatment is beyond the scope of this research. Equa-
tion 1.8 is consistent with the previous definitions of the probability in the case of full
indistinguishability (equation 1.6) and full distinguishability (equation 1.7): when the
photons are fully indistinguishable, equation 1.8 reduces to equation 1.6 and when
the photons are fully distinguishable, equation 1.8 reduces to equation 1.7.

It has been shown in the case of partial photon indistinguishability that the proba-
bility can be approximated to a degree of error by calculating a series of permanents
of smaller matrices derived from the matrix M. [6] These smaller matrices are either
composed entirely of complex values or real, positive values. As the indistinguisha-
bility increases, the size of the matrices of complex values increases while the size of
the matrices of real, positive values decreases. At full indistinguishability, the prob-
ability is given only by a permanent with complex values (equation 1.6) and at full
distinguishability, it is given only by a permanent with positive, real values (equation
1.7). [6]

Recall from section 1.1.1 that computing the permanent has exponential com-
plexity, but approximating the permanent of a positive, real-valued matrix can be
achieved with polynomial complexity for a given degree of error. However, for matri-
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ces with elements that are complex numbers, this does not hold. In fact, it is con-
jectured that even attempting to estimate the permanent of a such a matrix results
in exponential complexity (i.e. just as difficult as trying to calculate the exact value
the permanent). [5] If this conjecture holds, then the complexity of approximating
the permanent should depend on the degree of distinguishability. This idea forms
the basis of this research. It is expected that the complexity of estimating the per-
manent will increase as the indistinguishability increases. At full indistinguishability,
exponential complexity is expected. At full distinguishability, polynomial complexity
is expected. For the partially indistinguishable cases, the complexity is expected be
somewhere in between.

1.2 Goals of the Research

In this research, deep learning networks will be created to estimate the permanent
of matrices of complex numbers. The aim of this research is to investigate whether
any differences in the complexity of the networks can be observed, and whether the
complexity of these networks reflects the theory. The complexity of the network is
evaluated as the size of the network required to produce an estimate within a certain
margin of error.

This research is divided into two parts. In the first part of the research, the com-
putational complexity of permanents in fully distinguishable and fully indistinguish-
able boson sampling are considered. The permanent in the fully distinguishable
case is given by Perm(|M|?); estimating the permanent is expected to require poly-
nomial complexity because the permanent is taken over a matrix consisting of only
positive, real numbers. The permanent in the fully indistinguishable case is given
by |Perm(M)|?; estimating permanent in this case is expected to have exponential
complexity.

The second part of this research investigates the effect of photon indistinguisha-
bility. According to the theory, the complexity of estimating the permanent at full
distinguishability should be polynomial. As the indistinguishability increases, the
complexity is expected to increase as well, and at the fully indistinguishable case,
the complexity is expected to become exponential. To test this theory, the best-
performing networks from the first part of the research will be applied to permanents
for the partially indistinguishable cases; these permanents are calculated according
to equation 1.8. The complexity of approximating these permanent is predicted to
increase as the photon indistinguishability increases. Due to the fact that the net-
work size is now fixed, the increase in complexity is expected to manifest itself as
a decrease in the accuracy of the networks due to the fact that the network has to
approximate a more complex relationship with a limited amount of resources.
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Chapter 2

Theory

2.1 Introduction to Deep Learning

Deep learning is a subfield of machine learning, which is in turn a subfield of ar-
tificial intelligence (Al). The field of artificial intelligence can be briefly summarized
as “the effort to automate intellectual tasks normally performed by humans”. [7] First
conceived in the 1950s, early forms of artificial intelligence followed a set of rules de-
fined by programmers to manipulate knowledge. However, many complex problems
do not follow well-defined rules, such as image classification or speech recognition.
For such applications, it is impossible to program a set of explicit rules. This raises
the question: instead of programming a computer with rules to process data, could
a computer look at data and figure out the rules by itself?

This is the core idea behind supervised machine learning (a subfield of machine
learning): a system is supplied with data as well as the expected outcome of the
data, and it tries to derive the rules that relate the data to the outcome. These
rules can then be applied to new data. This is the key difference between machine
learning systems and early Al: machine learning systems are not programmed, they
are trained. By giving the machine learning system many examples of the inputs
and outputs of a task, it finds the statistical structures in these examples to come up
with rules for performing the transformation from input to output. [7]

In order for a system to learn the rules of a task, three things are necessary.
Firstly, the system needs example inputs of the task. Secondly, the system needs
the expected output of the examples. And thirdly, the system needs some error
function to measure the difference between the expected outputs and the outputs
predicted by the rules it has derived so that it can evaluate its performance and make
adjustments as necessary. [/]

A machine learning system tries to transform the input data into the output data.
Machine learning algorithms make use of a predefined set of operations to trans-
form the input data, such as coordinate changes or translations. [7] There are many

7
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operations possible, some of which may result in loss of information or non-linearity.
Machine learning algorithms search through this set of operations and try different
transformations on the example input data. The results are compared with the ex-
pected outputs using the error function, allowing the system to evaluate whether
the predictions are accurate and make adjustments to the transformations. This
approach has proven to be very powerful in a solving many complex tasks.

Deep learning is subfield of machine learning and is characterized by perform-
ing many successive transformations on the input data before finally arriving at the
output. Each transformation forms a layer of the model, and the number of layers is
known as the depth of the model. While other approaches to machine learning tend
to only have one or two layers (referred to as “shallow learning”), deep learning can
involve tens or even hundreds of successive layers. [7] Deep learning networks have
the potential to learn more complex relationships and may provide better results than
shallow learning in more complex applications. [8]

2.2 Basic Overview of Neural Networks

A block diagram of a simple neural network is shown in Figure 2.1. During training,
the input data is fed into the network and passed through several layers which trans-
form the data. The transformation is controlled by weights in the layer. The last layer
of the network outputs predicted values; a loss function then takes these predictions
and compares them with the expected outputs to compute a loss score. The loss
score gives an indication of how accurate the prediction is, and the goal is to mini-
mize the value of the loss function. The optimizer takes the loss value and uses it to
adjust the weights in the layers of the network to try and make the prediction more
accurate. This cycle then repeats. [7]

Input X

'

- Layer
(data transformation)

- Layer
Weights (data transformation)

Weight Predictions True targets
update Y' Y

Loss score

Figure 2.1: Block diagram of a neural network. Image taken from [7] (pg. 58).
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The following sections in this chapter discuss the core concepts needed to build
a deep learning network. Section 2.3 starts by considering the structure of data in
a network. Section 2.4 explains how different types of layers transform input data to
arrive at an output. Section 2.5 builds on this and details the process through which
the network learns to adjust the parameters of the transformations. Finally, section
2.6 discusses the training and validation of a complete network.

2.3 Data Structure of Inputs and Outputs

2.3.1 Tensors

Almost all neural networks use a basic data structure known as a tensor; tensors
are just generalizations of matrices to any number of dimensions. [7] Tensors of
higher dimensions are created by placing tensors of lower dimensions into an array.
A zero-dimensional tensor (0D tensor) is a scalar, and placing scalars into an array
results in a vector or a 1D tensor. Vectors can then be placed in an array resulting in
a matrix i.e. a 2D tensor. Placing matrices into an array results in a 3D tensor, and
SO on.

The dimensions of the input data of a network depends on the application. For
example, in an network that processes grayscale images, a 2D tensor would be
suitable: each element of the tensor would represent the grayscale value. For color
images, each pixel can be represented as a combination of the colors red, green,
and blue, so the image can be decomposed into three channels. Each RGB channel
can be represented by a 2D tensor, and the channels can be placed together in an
array to form a 3D tensor as illustrated in Figure 2.2.

channels

tensor H

—
C

Figure 2.2: A color image represented as a 3D tensor. Image taken from [9].
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2.3.2 Output Data Type

The output data type of the neural network depends on whether it is a classification
model or a regression model. In short, a classification model maps the inputs to
discrete output classes (also known as categories, labels, or bins), while a regres-
sion model maps the inputs to a continuous output quantity. A classification model
typically outputs probabilities that the output belongs to each of the classes, and the
class with the highest probability is taken as the prediction. The accuracy is cal-
culated as the fraction of predictions which correspond to the correct classes. For
a regression model, the accuracy cannot be evaluated in this manner because the
output is a continuous quantity. In this case, the root mean square error is commonly
used to evaluate the performance of the model (calculated as the square root of the
average of the squared difference between each prediction and the true output). [10]

For the purpose of this research, a classification model will be used. This is mo-
tivated by the fact that by choosing a fixed class size, placing the permanent within
the correct class corresponds to estimating the permanent within a given degree of
error (namely the size of the class). An important concept in classification models is
one hot encoding, which will be elaborated upon in the next section.

2.3.3 One Hot Encoding

One hot encoding is a process used to convert categorical data into numerical val-
ues that can be used by a network. An intuitive approach for converting classes
into numerical values would be to use integers to number them, i.e. assign the first
class the value “1”, the second class “2”, the third class “3”, and so on. The prob-
lem with integer numbering is that it implies certain relationships between classes.
2 is greater than 1, which implies that the second class is “greater than” the first
class. The average of 1 and 3 is 2, which implies that the “average” of the first and
third class is the second class. Generally speaking, these statements are incorrect
or even completely nonsensical (e.g. when classifying what kind of animal is in an
image). With this approach, there is the risk that the machine learning algorithm
makes incorrect assumptions about the data, resulting in poor performance. One
hot encoding is used to avoid this problem.

In one hot encoding, classes are encoded as vectors which have a length equal
to the total number of classes. Each index of the vector corresponds to a unique
class. For each encoded class, the vector will have the value 0 at all positions
except for the index which corresponds to the class at which it has value 1. This is
illustrated in Figure 2.3.
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0| —» |[|1,0,0,0

1
2

Ll

Figure 2.3: lllustration of one hot encoding of classes. Image taken from [11].
2.4 Layers and Activation Functions

2.4.1 A Brief Introduction to Layers

Layers are the building blocks of neural networks, and each layer provides a trans-
formation on the input data. The simplest type of layer is a dense layer, and a small
network consisting of an input layer followed by two dense layers is illustrated in Fig-
ure 2.4. The first and last layer are known as the input and output layer respectively.
The layers in between are known as hidden layers; in this example, there is one
hidden layer.

input layer

hidden layer

Figure 2.4: Diagram of a simple neural network consisting of two dense layers. Im-
age taken from [12].

To understand the transformation performed by a dense layer, consider the sec-
ond layer in this simple network. A dense layer has a number of nodes that each
produce an output, and each node has a connection to every input. In this example,
the dense layer consists of four nodes and each node has a connection to each of
the three inputs. The operation of each node can be described the equation

y=f(Wex)+b (2.1)
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where z is the set of inputs, y is the output, W are the weights, b is a bias value,
and the function f is the activation function. [7] The dot product between the inputs
and weights is taken, and then an activation function is applied, after which a bias
value may be added to the output. Each node has its own set of weights which is
calculated when then network is trained, and a bias parameter may be specified for
each node in the layer. The outputs of this layer can then be further transformed by
subsequent layers.

With the understanding of how a dense layer operates, the importance of the
activation function can be explained. Without an activation function, the operation
performed by a dense layer would be purely linear. The output space would thus be
restricted to linear transformations of the inputs, which is very limited. The purpose
of the activation function is to add non-linearity to the outputs, allowing for a much
richer output space. [7] Different types of activation functions are introduced in the
following section.

2.4.2 Types of Activation Functions

There are many different types of activation functions, so this section will be limited
to the ones which are relevant for this research. One of the most commonly used
activation functions is the rectified linear unit, or “relu” for short. [7] The relu func-
tion is illustrated in Figure 2.5 and its operation is very straightforward: for negative
values, the output is 0 and for positive values, the output is equal to the input.

0.0

-2.0 -15 -1.0 -0.5 0.0 05 1.0 15

Figure 2.5: A plot of the relu activation function. Image taken from [7] (pg. 71).

The sigmoid activation function is illustrated in Figure 2.6 and is defined by the

equation
1

14+e®
The sigmoid functions squashes values to the range 0 to 1, so the output can be
interpreted as a probability. For this reason, it is commonly used in the output layer

y= (2.2)
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0.75 /

0.25 /

0.00=
-4

=3 -2 =1 o 1 2 3

Figure 2.6: A plot of the sigmoid activation function. Image taken from [7] (pg. 71).

in binary classification (choosing between two classes) where it is interpreted as the
probability p of one of the classes. Since there are only two classes, the probability
of the other class is just 1 — p.

The softmax activation function is a generalization of the sigmoid activation func-
tion. A softmax function is described by the equation

eri

Yi = W (2.3)
The outputs y; scale with the inputs x;, and the sum of all outputs vazl y; is 1. [13]
Thus, it is suitable for use as an activation function in classification problems with
more than two classes where the value y; is interpreted as the probability of the
i-th class. Note that behavior of the softmax activation function is different from the
aforementioned relu and sigmoid in that the softmax is dependent on the outputs of
the entire layer, while the relu and sigmoid only depend on the output of the local
node.

2.4.3 Types of Layers

There are many different types of layers than can be used in a network. As with the
activation functions, this section will mostly be focused on layers which are relevant
to this research. The dense layer was already discussed in section 2.1. Another type
of layer is a convolutional layer. As the name suggests, a convolutional layer per-
forms convolution operations on the data. Whereas dense layers learn global pat-
terns in the input space, convolutional layers learn local patterns. [7] Networks that
make use of convolutional layers, specifically two-dimensional (2D) convolutional
layers, have shown excellent results in applications such as image classification and
optical character recognition. In this research, the input data is a matrix, which also
has a two-dimensional structure, so it is reasonable to try 2D convolutional layers in
the network.
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Single depth slice

N
1 0o 2 3
X
4 6 6 8 6
—>
3 1 1 0
1 2 2 4
Y

Figure 2.7: An illustration of a two-dimensional max pooling operation. Image taken
from [14].

Another commonly used layer in neural networks for image classification is the
max pooling layer. To summarize briefly, a max pooling operation effectively down-
samples the input by dividing the input into regions and only preserving the maxi-
mum value in that region while discarding the rest of the values. A two-dimensional
max pooling operation is illustrated in Figure 2.7. While this makes sense for image
processing applications where features such as edges or textures are preserved
when downsampling, the network used in this research aims to estimate the perma-
nent of a matrix and arbitrarily discarding information is likely to result in a worse
estimate. For this reason, these layers will not be used.

2.5 Loss Functions and Optimization

A loss function is used to evaluate the performance of the network during training
so that adjustments can be made to the weights in the various layers. In a classifi-
cation problem, cross-entropy loss is typically used. To consider a simple example,
take a classification problem with three classes, called A, B, and C. The network
outputs three probabilities, which correspond to the probability of each class. The
cross-entropy loss is defined as the negative logarithm of the probability of the cor-
rect class. [15] Since the probability is a value which ranges from 0 to 1, the loss
function is minimized when the predicted probability of the correct class is 1 (i.e. the
prediction is a certainty).

The cross-entropy loss is a useful concept because it takes into account the
magnitude of the probability. Suppose that the network outputs the probabilities 0.2,
0.4, and 0.4 for the classes A, B, and C respectively and the expected output is A.
The class with the highest probability is B, so the answer is incorrect. Now suppose
that after the network adjusts the weights, the probabilities are now 0.3, 0.4, and 0.3.
The predicted class is still incorrect, but the probability of A has increased, which



2.6. TRAINING AND VALIDATION 15

means the loss has decreased. Thus, the network knows that its performance has
improved to some extent, and it can continue making adjustments.

The optimizer makes use of the loss value to decide how the weights should
be updated. The exact workings of optimization algorithms is beyond the scope of
this research. For the purposes of this experiment, the adaptive moment estimation
optimization algorithm (or “Adam”) will be used. This is due to the fact that it offers
good performance, has low memory requirements, and requires little tuning of its
parameters to work well. [16]

2.6 Training and Validation

The training loop of a neural network consists of four steps: [7]

1. A batch of inputs and their corresponding expected outputs is randomly se-
lected.

2. The inputs are run through the network and their outputs are predicted.

3. The predicted outputs are compared with the expected outputs to calculate the
loss.

4. The optimizer adjusts the weights in the network to reduce the value of the loss
for this particular batch.

Batches are repeatedly drawn and the training loop is repeated for each batch. An
epoch is defined as a complete pass over the entire training dataset. For a batch size
of 50 samples and a training set of 1,000 samples, 1 epoch takes 20 iterations. [7]

After enough iterations, the loss over the training set will become very small.
However, it is important to check whether the network is learning the underlying
relationship in the data or whether it is just “memorizing” the training set, known as
overfitting. Random variations in training data are to be expected; for example, there
could be statistical outliers in the data or measurement uncertainty. Overfitting oc-
curs when a model fits the training data too closely, at which point it begins modeling
anomalies in the data and loses sight of the underlying relationship. An overfitted
model becomes too specific to the training set and will perform poorly when applied
to new data.

This concept is illustrated in Figure 2.8. Two models for differentiating the blue
points from the red points are illustrated here. The green line separates all of the red
points from the blue points but it is overfitted: the model has become overly complex
and it models all of the variations in the training set. The black line is a simpler
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Figure 2.8: An illustration of a model which captures the underlying relationship in
the data (black line) and an overfitted model (green line). Image taken
from [17].

model that captures the underlying relationship in the data and will perform better
when applied to new data.

To prevent overfitting, the dataset is generally split into two parts: a training set
and a validation set. The network is trained using the training set, and the validation
set is used to test the network to evaluate its performance on a dataset that has
not used for training. If the loss of the validation set begins increasing (i.e. the
performance is getting worse), this is an indication that the network is overfitting the
training data. [7]

The converse of overfitting is underfitting, which occurs when a model is unable
to capture the underlying relationship in the data. If a network is too simple com-
pared to the underlying relationship in the data, it will be unable to accurately capture
the relationship and will perform poorly on both the training and validation datasets.
On the other hand, if a network is too large, it will quickly begin to overfit the train-
ing data. In deep learning (and machine learning in general), the goal is to find a
balance between the two.
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Method

The deep learning networks are created in Python using the Keras framework run-
ning on the TensorFlow backend. This chapter discusses how the data is prepared
and how the networks are built, trained, and evaluated.

3.1 Dataset

3.1.1 Data for Fully Distinguishable and Fully Indistinguishable
Permanents

For comparing the fully distinguishable permanent with the fully indistinguishable
permanent, matrices of sizes ranging from 2 x 2 up to 10 x 10 are considered.
The matrices are generated using the RANDU function which generates random
Gaussian-distributed numbers; Gram-Schmidt orthonormalization is then performed
to produce a unitary matrix. The same matrices are used for both the distinguishable
and indistinguishable case; the difference is in how the permanent is calculated.
The distinguishable permanent is calculated as Perm(|M|*) and the indistinguish-
able permanent is calculated as |Perm(M)|%.

The data is specified in . TXT files with each line corresponding to one sample.
For an N x N matrix, the line contains 2N? + 2 entries. For the first 2/V? entries, each
pair of numbers corresponds to the real and imaginary part of an element in the ma-
trix. For the last two entries, the first corresponds to the indistinguishable permanent
for given matrix and the second corresponds to the distinguishable permanent. A
function loadData was written to load the relevant data for training. The complete
Python code is included in Appendix A.

There are 10,000 samples for each value of V. The matrix data is reshaped into
a 10,000 x N x N x2 array which can be interpreted as 10,000 samples of N x N x 2
arrays. The matrices are three-dimensional because there is a real and imaginary
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part for each entry in the matrix.

The permanent data is loaded into a 10,000 x 1 array. The permanents have
values which are less than 1, which makes sense because they are a probability.
For classification, the logarithm of the permanent is taken because the values of the
permanent are quite small (10-% or smaller), and this allows for the same relative
error. After taking the logarithm, the permanents are separated into classes in steps
of 0.1. A histogram of the 10,000 samples of the indistinguishable permanent for
N = 2 is shown in Figure 3.1. The classes at the extreme values contain very little
data, and there are numerous empty classes. To prevent this, the top 1% and bottom
1% of values are each grouped into single classes. The function makeClasses was
written for this purpose.

400 400

200 8 200

Samples
Sampls
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Figure 3.1: Histogram of 10,000 samples of indistinguishable permanents for N=2
before (left) and after (right) grouping the outlying 1% of samples.

After the classes have been made, the classes are one hot encoded using the
function to_categorical included in the Keras framework. The datasets of matrices
and their corresponding permanents are then split into two parts: 80% of the data
is reserved for training and the remaining 20% is used for evaluation. The random
split is made using the function train test_split from the scikit-learn library. The
data is now ready for training.

3.1.2 Data for Partially Indistinguishable Permanents

For the partially indistinguishable permanents, the data is specified in a similar for-
mat. The first 2N? entries again contain the matrix data, which are random gener-
ated in the same manner as before. In addition, there are 11 additional data entries
which correspond to the permanent for different levels of indistinguishability. The first
is the case of 0% indistinguishability (i.e. full distinguishability), the second corre-
sponds to 10% indistinguishability, then 20%, up to 100% (the fully indistinguishable
case). These permanents are calculated according to equation 1.8 presented in
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section 1.1.3. When calculating the partially indistinguishable permanent, it is as-
sumed that each pair of photons is equally indistinguishable, that is any two photons
are “as different” as any other pair.

A new function loadInterp was written for loading the dataset of partially in-
distinguishable permanents. The procedure for preparing the dataset and making
classes remains the same as before.

3.2 Network Structure

3.2.1 Network Layers

The network primarily consists of 2D convolutional layers. The first layer is a 2D
convolutional layer followed by a variable amount of additional 2D convolutional lay-
ers. Each 2D convolutional layer will have the same amount of filters and use the
relu activation function. The amount of convolutional layers and the amount of filters
in the layers will be varied during this research to find a suitable network size.

The kernel size of the convolution is 1 x 1. The effect of this is that the output
of each convolutional layer will have the same size as before (with larger kernels it
would not be possible to perform successive convolutions without padding). Con-
volving with a 1 x 1 kernel is effectively a multiplication operation but non-linearity is
added by the relu activation function.

Following the convolutional layers, the data will have shape N x N x C where
C'is the number of filters in the convolutional layers. A Flatten layer reshapes the
data to make it one-dimensional. The data is then passed through two dense layers.
The first dense layer has a output size of 128 and uses the relu activation function.
The second dense layer is the output layer, so the size is dictated by the number of
classes and it uses the softmax activation function so that the output is a probability
distribution that adds up to 1. The networks tested in this research will all follow this
same general structure with the only variation being in the number of convolutional
layers and the number of filters per layer. There will also be some variation in the
output layer size due to the fact that the number of classes varies between data sets.

3.2.2 Loss Function and Optimizer

For classification problems, the loss function that should be used is categorical
cross-entropy. It can be calculated using the equation

loss = —Zlogpn (3.1)
b
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where n is the correct class label for each sample and p,, is the predicted probability
of that class. The sum is taken over all of the samples in the batch 0. As the
probabilities p,, approach 1, the loss function will approach 0.

An important property of this loss function is that it only takes the probability of
the correct class into account. This makes sense for a classification problem if the
classes are unrelated because a prediction in another class is completely wrong.
However, in this research, the classes form a numerical range, so a prediction in a
class which is near the true class has a relatively small degree of error compared
to a prediction which is further away from the true class. To take this into account,
the loss function is modified to take into account predictions which are up to three
classes away from the true prediction. The modified loss function is shown below:

1 1
loss = — Z(log(pn)—i-g log(pnt1) + 3 log(pn—1)+
b

1 1
9 log(pn2) + 9 log(prn—2)+

1 1
7 log(pnts) + 37 log(pn-3))

The weight assigned to the classes that contribute to the loss function is related
to the distance from the true class. The true class is given a weight of 1, classes
which are one class away are given a weight of 1/3, then (1/3)?, then (1/3)3. This
way, classes which are closer to the true prediction are more favored but the nearby
classes are still able to contribute to the loss function. For the classes at the max-
imum and minimum of the range, some of these terms are unavailable so they will
be omitted in the calculation.

Implementing this loss function in Keras turns out to be a complicated procedure,
but fortunately there is an easier way to code this loss function. The classes have
been one hot encoded, so they are vectors which have 1 in the index corresponding
to the class and 0 at all other indexes. Consider an example where there are 5
classes and the second class is expected as the output. The one hot encoded
vector of the second class is

[o 100 0] (3.3)

The network outputs a vector with each element corresponding to the probability of
the class. Suppose the probabilities are given by the following vector:

[0.1 0.5 0.2 0.1 0.1} (3.4)

In Keras, the loss function for categorical cross-entropy takes the negative logarithm
of each of the probabilities, performs an element-wise multiplication with the one hot
encoded vector of the expected class, and sums all of the elements. Due to the fact
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that the expected class is one hot encoded, the multiplication reduces all elements
except for the probability of the correct class to zero.

loss = —(0 - log(0.1) + 1 - 1og(0.5) 4+ 0 - log(0.2) + 0 - log(0.1) + 0 - log(0.1))

= —1-log(0.5) (5.9)

It should now be apparent than an easy way to allow adjacent classes to contribute
to the loss function is to edit the one hot encoded vector and replace their indexes
with the desired weight. Suppose the one hot encoded vector is modified as follows:

1 1
313

00 (3.6)

The loss function calculation then becomes:

1 1
loss = — (§ -log(0.1) + 1 - log(0.5) + 3 log(0.2) +0 - log(0.1) + 0 - 10g(0.1)>
(8.7)

1 1
= —1-1log(0.5) — 3 log(0.1) — 3 log(0.2)

Thus, adjacent classes can be made to contribute to the loss function by chang-
ing their values in the one hot encoded vector. Their values in the vector will cor-
respond to their weight in the loss function. Using this approach, the loss function
described in equation 3.2 is implemented. The function fuzzEncode is written to
convert a standard one hot encoding to the modified one hot encoding.

As discussed in section 2.5, the Adam optimizer will be used. The parameters of
the Adam optimizer are left unchanged; the default settings provided by Keras are
used.

3.3 Training and Validation Process

3.3.1 Training of Networks for Fully Distinguishable and Fully
Indistinguishable Permanents

As discussed in the section 3.2.1, the network’s first layer is a 2D convolutional layer
followed by a series of additional 2D convolutional layers. The number of additional
layers will be varied from 1 to 6. All of the 2D convolutional layers will use the same
amount of filters, which will be varied from 2 to 128 in powers of 2 (i.e. 2, 4, 8,
etc.). Each of these networks will be trained for values of N ranging from 2 to 10 for
fully distinguishable as well as fully indistinguishable permanents. As discussed in
section 3.1.1, the network will be trained on 8,000 samples and validated on 2,000
samples. A batch size of 100 is chosen for training. The Adam optimizer is used,
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and the loss function is the modified form of categorical cross-entropy described in
section 3.2.2.

To prevent overfitting, the validation loss will be monitored during training. After
each epoch, the network will test the validation data to see if the loss on the valida-
tion dataset has improved. If the loss does not improve for 10 consecutive epochs,
training will cease. This is done using the Keras EarlyStopping callback and set-
ting a patience value of 10. The networks are trained until the validation loss stops
improving.

Apart from the loss and categorical accuracy, several other metrics are tracked
during training. The predicted class is the class with the highest probability, and the
categorical accuracy is defined as the number of correct predictions divided by the
total number of predictions. In addition to this, a function cat_acc_margin has been
defined to calculate the number of correct predictions within a certain margin of error,
with the margin being the number of classes between the prediction and the true
value. The accuracy within a margin of 1 to 10 classes is monitored. Additionally,
the top-5 accuracy is also tracked. This is defined as the fraction of times that the
true class is among the five classes with the highest probabilities. These metrics are
calculated every epoch and saved.

At the end of training, all of the aforementioned metrics are written to . TXT files
and the model is saved. In addition to this, the network is tested on the entire training
set and validation set and all of the metrics are calculated and saved. The number of
classes, number of epochs, training time, and number of parameters in the network
are also recorded. The function saveResults is written for this purpose.

3.3.2 Training of Networks for Partially Indistinguishable Perma-
nents

For the investigation of partially indistinguishable permanents, the best-performing
network structure for each N from the first part of the research will be used. Using
the first part of the research, the number of layers and filters that yields the best
results at each N is determined. A network with this structure is then used to train
networks on each of the partially indistinguishable cases. The training and validation
process remains the same as in the first part of the research.
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Results

4.1 Comparison of Fully Distinguishable and Fully In-
distinguishable Permanents

The deep learning networks have the amount of 2D convolutional layers varied from
1 to 6 (not counting the input layer). For each of these amounts of layers, the number
of filters is varied from 2 to 128 in powers of 2. This leads to 42 possible combina-
tions of layers and filters. Each of these network configurations is trained on both
the distinguishable and indistinguishable permanent for a matrix of size N with N
ranging from 2 to 10. This leads to a total of 756 unique networks.

For the distinguishable permanent, a summary of the three networks that pro-
duced the highest validation categorical accuracy (“Acc (+0)”) for each N is pre-
sented in Table 4.1 (source data included in Appendix B). “L’ is the number of ad-
ditional convolution layers, “C” is the number of filters in each of the convolutional
layers, “Parameters” is the number of trainable parameters (weights) in the network,
“Acc (£0)” is categorical accuracy, “Acc (+3)” is accuracy within 3 classes, “Acc
(+£10)” is accuracy within 10 classes, and “Acc (Top-5)” is how often the correct
class is within the top five predictions. This summary has also been compiled for the
indistinguishable permanent in Table 4.2 (source data in Appendix C).

Table 4.1: Highest Accuracy Networks for Distinguishable Permanent.

N |[L| C | Parameters | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

2 |4 |32 |28,443 0.603 1.000 1.000 0.995

2 |4 128 | 139,707 0.570 1.000 1.000 0.999

2 |4 )64 |57,339 0.549 0.999 1.000 0.993

3 |4 128 | 221,240 0.348 0.982 1.000 0.962

3 |6 32 |50,648 0.336 0.974 0.999 0.939
Continued on next page
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Table 4.1 — continued from previous page

N |[L| C | Parameters | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

3 (4|64 |97,912 0.330 0.972 1.000 0.940

4 5|16 | 41,528 0.196 0.860 0.997 0.747

4 |5 |32 | 78,264 0.186 0.831 0.995 0.721

4 |68 24,192 0.182 0.835 0.997 0.708

5 |5 116 |59,444 0177 0.788 0.997 0.669

5 |48 32,748 0.170 0.803 0.998 0.684

5 |68 32,892 0.168 0.826 0.999 0.690

6 |5]16 | 81,972 0.138 0.765 0.998 0.614

6 |54 25,380 0.126 0.700 0.995 0.558

6 |44 25,360 0.121 0.687 0.994 0.550

7 [ 3|16 107,923 0.129 0.593 0.986 0.493

7 1116 107,379 0.122 0.591 0.981 0.468

7 2|32 |209,619 0.121 0.601 0.983 0.466

8 |58 72,498 0.135 0.642 0.991 0.501

8 |6 128 | 1,154,610 0.129 0.636 0.989 0.492

8 (48 72,426 0.127 0.620 0.986 0.500

9 (6|16 174,146 0.116 0.604 0.984 0.468

9 |68 89,978 0.116 0.632 0.995 0.517

9 | 6|32 | 344,786 0.113 0.636 0.990 0.502

102 | 4 57,959 0.119 0.628 0.989 0.493

10 | 4 | 32 | 420,627 0.118 0.629 0.989 0.479

10 | 6 | 32 | 422,739 0.116 0.640 0.993 0.503

Table 4.2: Highest Accuracy Networks for Indistinguishable Permanent.

N |[L| C | Parameters | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

2 |5]64 |63,176 0.108 0.517 0.834 0.428

2 |2 64 |50,696 0.108 0.516 0.823 0.426

2 |5/32 |31,176 0.105 0.526 0.842 0.433

3 |5|16 | 30,030 0.052 0.262 0.677 0.209

3 | 4|32 | 51,374 0.049 0.254 0.671 0.197

3 3|4 14,870 0.049 0.279 0.693 0.208

4 |24 18,950 0.044 0.231 0.594 0.169

4 14116 |44,610 0.042 0.249 0.616 0.170

4 |58 27,474 0.042 0.236 0.590 0.189
Continued on next page
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Table 4.2 — continued from previous page

N |L| C | Parameters | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
5 5|32 | 118,611 0.038 0.191 0.538 0.161
5 148 36,747 0.038 0.211 0.556 0.146
5 | 1|32 | 114,387 0.038 0.186 0.534 0.151
6 |68 48,284 0.035 0.193 0.516 0.148
6 | 5| 128 | 683,732 0.033 0.177 0.484 0.125
6 | 6|32 | 164,852 0.033 0.186 0.513 0.137
7 |22 23,655 0.033 0.171 0.465 0.126
7 | 1132 | 212,949 0.032 0.171 0.470 0.139
7 |4 ]128 | 880,341 0.032 0.169 0.459 0.119
8 |22 27,366 0.029 0.164 0.451 0.109
8 |54 43,844 0.029 0.161 0.441 0.120
8 | 2|64 |543,764 0.028 0.172 0.463 0.116
9 | 6|4 53,084 0.033 0.167 0.457 0.110
9 | 6|32 |349,688 0.027 0.164 0.444 0.110
9 |48 94,736 0.027 0.145 0.412 0.104
10 |1 |64 | 834,774 0.028 0.152 0.403 0.109
10 | 3 | 32 | 424,086 0.027 0.152 0.428 0.116
10 | 3 | 128 | 1,699,542 0.026 0.148 0.429 0.115

Across the board, the accuracy of the best-performing networks for estimating
the distinguishable permanent is significantly higher than the best-performing net-
works for the indistinguishable case. The highest categorical accuracy achieved in
the indistinguishable case is just 10.8% for V = 2, which is significantly lower than
the distinguishable case which achieved an accuracy of 60.3%. In both cases, the
categorical accuracy decreases for larger values of N, as illustrated in Figure 4.1.

A plot of the highest top-5 accuracy achieved at each N is shown in Figure 4.2.
Again, the distinguishable permanent has significantly higher accuracy that the in-
distinguishable case. The categorical accuracy shown in Figure 4.1 tends to be
lower than the top-5 accuracy which is expected.

The categorical accuracy within a margin of 3 classes is plotted in Figure 4.3.
The classes have a width of 0.1 and the scale is logarithmic, so predictions which
are 3 classes away from the true class are off by a factor of 2. The accuracy within a
margin of 3 classes is higher than the top-5 predictions. This indicates that in some
cases, the highest predicted class is not too far from the true class despite the fact
that the true class is not among the top-5 predictions.
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Figure 4.1: Validation categorical accuracy for the distinguishable and indistinguish-
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Figure 4.3: Validation categorical accuracy within a margin 3 classes.
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Figure 4.5: Normalized network size.

The categorical accuracy within a margin of 10 classes is plotted in Figure 4.4.
To put this into perspective, predictions which are 10 classes away are off by a factor
of 10. For the distinguishable case, the networks are consistently able to achieve
about 99% accuracy in this regard, so that their predictions are at least in the same
order of magnitude as the expected results. For the indistinguishable permanents,
the decrease in accuracy for higher N is still observed.

The number of parameters in the network gives an indication of the size of the
network and it will divided by the accuracy to take into account the performance of
the network. The ratio of parameters divided by accuracy will be referred to as the
normalized size of the network.

The networks with the poorest accuracy are for N = 10 in the indistinguishable
case, which can only achieve an accuracy within a margin of 3 classes of about
17%. Thus, when considering the size of the network, 16% is taken as the minimum
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accuracy that the network must reach to be considered. For each N, the normalized
size of each tested network is calculated to find the minimum, and the results have
been plotted in Figure 4.5.

4.2 Investigation of Permanents in the Case of Partial
Indistinguishability

For investigating the effect of partial indistinguishability, the networks with the best
results in the first part of this research will be used. At each N, the combination
of layers and filters that lead to the highest accuracy will be used. Since the ac-
curacy of the networks for indistinguishable permanents tends to be lower than the
distinguishable permanent, the best-performing networks for the indistinguishable
permanent will be chosen. The validation categorical accuracy within a margin of
3 classes is used because the categorical accuracy with no margin is generally too
small to make an accurate comparison. A summary of the number of layers and
filters in the best-performing networks for NV ranging from 3 to 7 is given in Table 4.3.

Table 4.3: Number of Layers and Filters in Highest Accuracy Networks.

N | Layers (L) | Filters (C) | Acc (£3)
3|3 8 0.289
4 | 4 16 0.249
5|5 64 0.214
6 |6 64 0.205
715 16 0.195

The combination of layers and filters that yields the best result for each N will
be used, e.g. for N = 3, a network with 3 additional layers and 8 filters will be
trained for each of the partially indistinguishable cases. The indistinguishability is
defined as an index ranging from 0 to 1 where 0 is fully distinguishable and 1 is
fully indistinguishable. Steps of 0.1 are taken; for each step there is a unique set of
permanents which is used to train the network.

A plot of the accuracy achieved by each of the networks at the different levels
of indistinguishability is shown in Figure 4.6 (source data included in Appendix D).
For each of the values of NV, the accuracy decreases as the indistinguishability in-
creases. Interestingly, the accuracy observed for N = 2 was lower than the other
values of N.
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Figure 4.6: Accuracy at different levels of indistinguishability for fixed network sizes.
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Chapter 5

Discussion

In the first part of this research, networks of varying sizes were tested on fully dis-
tinguishable permanents and fully indistinguishable permanents. The aim was to in-
vestigate whether a difference in the complexity of the networks could be observed,
and whether it reflects the theory. The number of additional convolutional layers was
varied from 1 to 6 and the number of filters was varied from 2 to 128 in powers of 2
to try and find a network which could produce a good approximation.

The results of the experiment showed a significant difference in the highest vali-
dation accuracy that could be achieved for the distinguishable and the indistinguish-
able permanents. The accuracy that could be achieved for the distinguishable per-
manent was considerably higher. In both cases, the accuracy decreased for larger
network sizes.

The number of parameters in the network is taken as an indicator of the complex-
ity of the network, but due to the fact that there is a large difference in the accuracy
of the networks for the distinguishable and indistinguishable case, performing a di-
rect comparison is not fair. To try and account for the difference in accuracy, the
number of parameters is divided by the accuracy (margin 3) to normalize the net-
work size. This way, both the accuracy as well as the complexity required to achieve
this accuracy are taken into account. Networks with an accuracy below 16% are not
considered because 16% is the highest common accuracy that could be achieved at
all N for both the distinguishable and indistinguishable case. This is done to help fil-
ter out networks which may have very small sizes but poor predictive power (ideally
this threshold would be set higher but this was the highest common accuracy that
could be achieved in this research). The networks for the indistinguishable perma-
nent had larger normalized sizes than the networks for distinguishable permanents,
and in both cases the normalized size increased for larger N. It was not possible to
observe exponential/polynomial growth in the normalized size with respect to V.

It should be noted that the networks for larger N will be somewhat larger due to
the fact that there are more inputs. Furthermore, the networks for the indistinguish-
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able permanents are somewhat larger than the networks indistinguishable perma-
nents due to the fact that the indistinguishable permanents have a wider distribution
of values, resulting in more classes and hence more parameters. The fact that there
are more classes is also likely to lower the accuracy to some extent. However, these
factors alone are not enough to account for the large difference in the accuracy of
the networks for the distinguishable and indistinguishable permanents.

In the partially indistinguishable case, the accuracy observed for N = 2 was lower
than the other values of N. Generally speaking, higher accuracy is achieved at lower
values of N. This discrepancy may be explained by the fact that the networks used
in the partially indistinguishable cases have a fixed structure which is based on the
fully indistinguishable case, so they may not provide optimal results when used to
train on permanents of lower indistinguishability.



Chapter 6

Conclusion and Recommendations

6.1 Conclusion

The results of this research suggest that there is some difference between ap-
proximating the distinguishable and indistinguishable permanent of a matrix. The
networks for approximating the distinguishable permanents consistently achieved
higher accuracy compared to the indistinguishable permanents. Further research
needs to carried out to investigate whether the difference in the accuracy is a result
of a difference in the complexity of approximating these permanents.

The nature of the relationship between the size of the matrix and the complexity
of estimating the permanent with a deep learning network remains uncertain. Due
to the large difference in the accuracy that the networks were able to achieve, the
complexity was estimated by dividing the number of parameters in the network by
the accuracy to produce a normalized size. It was not possible to observe exponen-
tial/polynomial growth in the normalized size with respect to N.

The results also suggest that the indistinguishability may be related to the com-
plexity of approximating the permanent. At a fixed network size, the networks for
approximating the permanent consistently perform better when the indistinguisha-
bility is lower. Again, more research needs to be carried out to verify whether this
difference in accuracy is a result of the difference in complexity.

6.2 Recommendations

In the first part of this research, many different networks were tested on varying
values of N for distinguishable and indistinguishable permanents. In order to allow
for systematic testing, the main part of the network only used one type of layer
(2D convolution) and the parameters that were varied were the number of layers
and number of filters. For future research, a good starting point would be to test
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networks consisting of more types of layers.

Even for small N, there was a considerable difference between the accuracy of
the networks for the distinguishable and indistinguishable permanents. It should be
investigated whether better estimates of the indistinguishable permanents can be
made. It only makes sense to compare the complexity of the networks for estimat-
ing indistinguishable permanents with the networks for estimating distinguishable
permanents if they are able to achieve similar levels of accuracy.

There may also be possibilities to improve the dataset used for training. In the
future, larger training and validation datasets can be considered. The datasets can
also be normalized so that the distribution of samples is even across the classes.
This may allow for better results when training. It could also be investigated whether
other data representations may allow for better results: for example, the complex
numbers are currently specified as a real and imaginary part, but they can also be
represented in modulus-argument form.
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Appendix A

Python Code

# Import libraries

# Used for warious calculations

import numpy as np

# Used loading data

import pandas as pd

# Used for splitting data into training and validation sets
from sklearn.model_selection import train_test_split
# Used for ome hot encoding

from keras.utils import np_utils

# Various Keras things

import keras

from keras.models import Sequential

from keras import layers

import keras.backend as K

import tensorflow as tf

# Used for measuring run time

import time

# Choose indistinguishable (hard) and/or distinguishable (easy)
easy = False
hard

False

# Choose parttally indistinguishable permanents
interp = True

interp_steps = np.round(np.arange(0.0,1.1,0.1), decimals=1)

# Make evenly sized classes based on distribution of data (don't use)

even_distribution = False

37



38 APPENDIX A. PYTHON CODE

# Use the same number of classes for the indistinguishable permanent
# Requires "easy = True"

copy_easy_cats = False

# Matriz size start/end
N_start = 3
N_stop = 3

# Layers start/end
l_start = 3
l_stop = 3

# Filters start/range (incremented in powers of 2, up to a mazimum of
# 2**(c_range-1))
c_start = 2

c_range = 8

# Trials start/end
trial_start = 1

trial_stop = 1

# Number of data samples
nsamp = 10000

# Upper and lower percentile of data to group

outlierpercentile = 1

#Ratio of the data to use for wvalidation (between O and 1)
vdata = 0.2

# Batch size, mazimum epochs, and patience for training
batch = 100
max_epoch = 1000

patience = 10

# Modify onme hot encoding to use adjacent classes

# spread = number of adjacent classes on each side

# factor = factor to divide by each step
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fuzzEncode = True
spread = 3

factor = 3

# Initialize number of classes

# Overwritten automatically <f not using even_distribution

nclasses = 50

save_nclasses_easy = np.zeros((N_stop - N_start + 1, trial_stop -
trial_start + 1), 'int')

# Load function for partially indistinguishable permanent
# Sources used:
# [1] https://www.datacamp.com/community/tutorials/deep-learning-
# python
def loadInterp(N, samples, hardness):
# Generate string for path to data
path = "" . join(("D:\\Documents\\Module 12\\Data\\interp", str(N),
"otxt"))
# Import data
dataset = pd.read_csv(path, sep=" ", header=None)
# Convert X part of DataFrame to array
X = dataset.iloc[0:samples, 0:N*N*2].values
# Choose the output data
y = dataset.iloc[0:samples, N*N*2 + int(10xhardness)].values

return X, y

# Load function for distinguishable/indistinguishable permanent
# Sources used:
# [1] https://www.datacamp.com/community/tutorials/deep-learning-
# python
def loadData(N, samples, hard):
# Generate string for path to data
path = "".join(("D:\\Documents\\Module 12\\Data\\mlbs", str(N),
"otxt"))
# Import data
dataset = pd.read_csv(path, sep=" ", header=None)
# Convert X part of DataFrame to array
X = dataset.iloc[0:samples, 0:N*N*2].values
# Choose the output data
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if hard:
y = dataset.iloc[0:samples, N*N*2].values
else:
y = dataset.iloc[0:samples, N*N*2 + 1].values

return X, y

# Create classes

def makeClasses(y, percentile):

# Prepare output

out = np.log(y)

# Make a sorted array to determine class bounds
ysort = np.sort(out)

samples = np.shape(y) [0]

# Determine indexes of upper and lower percentile
lbound = int(percentile / 100 * samples) - 1
ubound = int((100 - percentile) / 100 * samples)

# Get values at upper and lower percentile

lbound = ysort[lbound]

ubound = ysort [ubound]

# Convert into integer representation for processing
lbound = int(1bound*10)
ubound = int(ubound*10) - 1

# Begin classtification.
ncats = ubound - lbound + 2
for val in np.nditer(out, op_flags=['readwrite']):
for cat in range(ncats):
if (-lbound - cat) + (val*10) < O:
vall[...] = cat
break
if cat == ncats - 1:
vall[...] = cat

return ncats, out

# Make a specified number of classes with a fized width

def cloneClasses(y, percentile, ncats):

# Prepare output
out = np.log(y)
# Make a sorted array to determine class bounds

ysort = np.sort(out)
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#

samples = np.shape(y) [0]

# Determine indexes of upper and lower percentile
lbound = int(percentile / 100 * samples) - 1
ubound = int((100 - percentile) / 100 * samples)

# Get wvalues at upper and lower percentile

lbound = ysort[lbound]

ubound = ysort [ubound]

# Convert into integer representation for processing
lbound = int(lbound+*10)
ubound = int(ubound*10) - 1
# Begin classtification.
for val in np.nditer(out, op_flags=['readwrite']):

for cat in range(ncats):

if ((-1lbound - cat * ((ubound - lbound + 2) / ncats)) +
(val*10) < 0):

val[...] = cat
break
if cat == ncats - 1:

vall[...] = cat

return out

Make wvariable-width classes that have the same numebr of samples

# Bad results, don't use.

# Sources used:

#

H O OB KR R

[1] https://docs.scipy.org/doc/numpy-1.14.0/reference/generated/

numpy . arange.html

[2] https://docs.scipy.org/doc/numpy-1.14.0/reference/generated/

numpy.stack.html

[3] https://stackoverflow.com/questions/28280569/sorting-arrays-in-

numpy-by-column

def distributionBasedClass(y, classes):

# Prepare output

out = np.log(y)

# Make a sorted array to use as indezxes
samples = np.shape(y) [0]

srcindex = np.arange(samples)

# Add indexzes as a second column

out = np.stack((out, srcindex), axis=1)

# Sort on size of first column
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out [out[:,0] .argsort()]

## Classify

for cat in range(classes):
start = int(cat * samples / classes)
stop = int((cat + 1) * samples / classes)
out [start:stop,0] = cat

# Revert order

out [out[:,1].argsort()]

return out[:,0]

# Add extra terms to UHE for loss function
def fuzzOHE(data, spread, factor):
for row in range(data.shapel[0]):
for col in range(data.shape[1]):
if datalrow, col] != 0:
for blah in range(-spread, spread+1):
if col + blah >= 0 and col + blah < data.shapel[1l]:
asdf = factorx*-abs(blah)
datal[row, col + blah] = asdf

break

# Modified categorical accuracy to allow margin of error in adjacent
# classes
# [1] https://q9ithub.com/keras-team/keras/blob/master/keras/metrics.py
# [2] https://www.tensorflow.org/versions/rl.1/api_docs/python/tf/
# logical_or
def cat_acc_margin(y_true, y_pred, margin):
# Default categorical accuracy
acc = K.equal(K.argmax(y_true, axis=-1), K.argmax(y_pred, axis=-1))
# Take logical "or" with adjacent classes
for i in range(margin + 1):
acc = tf.logical_or(acc, K.equal(K.argmax(y_true, axis=-1),
K.argmax(y_pred, axis=-1) - i))
acc = tf.logical_or(acc, K.equal(K.argmax(y_true, axis=-1),
K.argmax(y_pred, axis=-1) + 1))
return K.cast(acc, K.floatx())

# Calls to modfied categorical accuracy

def cat_acc_ml(y_true, y_pred):
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def

def

def

def

def

def

def

def

def

return cat_acc_margin(y_true,

cat_acc_m2(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m3(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m4(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_mb5(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m6(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m7(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m8(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_m9(y_true, y_pred):

return cat_acc_margin(y_true,

cat_acc_ml10(y_true, y_pred):

return cat_acc_margin(y_true,

# Log training statistics

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

y_pred,

1)

2)

3)

4)

5)

6)

7)

8)

9)

10)

class logTraining(keras.callbacks.Callback):

def on_train_begin(self, logs={1}):

self.loss = []

self.cat_m0 = []
self.cat_ml = []
self.cat_m2 = []
self.cat_m3 = []
self.cat_m4 = []
self.cat_mb = []
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self
self
self
self
self
self

.cat_m6 = []
.cat_m7 = []
.cat_m8 = []
.cat_m9 = []
.cat_m10 = []

.cat_top5 = []

def on_epoch_end(self, epoch, logs={}):

self
self
self
self
self
self
self
self
self
self
self
self
self

.cat_mO
.cat_ml
.cat_m2.
.cat_m3.
.cat_m4é.
.cat_mb.
.cat_m6.
.cat_m7.
.cat_m8.

.cat_m9.

.append(logs.
.append(logs.
append(logs.
append(logs.
append(logs.
append(logs.
append(logs.
append(logs.
append(logs.
append(logs.

# Log wvalidation statistics

.loss.append(logs.get('loss'))

get ('categorical_accuracy'))
get('cat_acc_ml1'))
get('cat_acc_m2'))
get('cat_acc_m3'))
get('cat_acc_md'))
get('cat_acc_m5'))
get('cat_acc_m6'))
get('cat_acc_m7'))
get('cat_acc_m8'))
get('cat_acc_m9'))

.cat_m10.append(logs.get('cat_acc_mli0'))
.cat_topb.append(logs.get('top_k_categorical_accuracy'))

class logTesting(keras.callbacks.Callback):

def on_train_begin(self, logs={}):

self
self
self
self
self
self
self
self
self
self
self
self
self

.loss = []
.cat_m0 = []
.cat_ml = []
.cat_m2 = []
.cat_m3 = []
.cat_mé4 = []
.cat_mb = []
.cat_m6 = []
.cat_m7 = []
.cat_m8 = []
.cat_m9 = []
.cat_m10 = []
.cat_top5s = []
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def on_epoch_end(self, epoch, logs={}):
self.loss.append(logs.get('val_loss'))
self.cat_mO.append(logs.get('val_categorical_accuracy'))
self.cat_ml.append(logs.get('val_cat_acc_ml'))
self.cat_m2.append(logs.get('val_cat_acc_m2'))
self.cat_m3.append(logs.get('val_cat_acc_m3'))
self.cat_m4.append(logs.get('val_cat_acc_mé'))
self.cat_mb.append(logs.get('val_cat_acc_m5'))
self.cat_m6.append(logs.get('val_cat_acc_m6'))
self.cat_m7.append(logs.get('val_cat_acc_m7'))
self.cat_m8.append(logs.get('val_cat_acc_m8'))
self.cat_m9.append(logs.get('val_cat_acc_m9'))
self.cat_m10.append(logs.get('val_cat_acc_mi0'))

self.cat_top5.append(logs.get('val_top_k_categorical_accuracy'))

# Save results and model

# Sources wused:
# [1] https://stackoverflow.com/questions/45199047/how-to-save-model-

#

summary-to-file-in—-keras

from contextlib import redirect_stdout

def saveResults(N, nlayers, csize, ncats, batch, max_epoch, patience,

X_train, y_trainOHE, X_test, y_testOHE, trial, hard,
ctype, model, logTrain, logTest, training_time,
interp, hardness):
#Setup path and labels
folder = "D:\\Documents\\Module 12\\Test\\"
labels = ["Loss", "Acc_0", "Acc_1", "Acc_2", "Acc_3", "Acc_4",
"Acc_5", "Acc_6", "Acc_7", "Acc_8", "Acc_9", "Acc_10",
"Acc_T5"]

#Set variables

L = nlayers
C = csize
T = trial
if interp:
Type = "".join(("Interp", str(hardness)))
elif hard:

Type = "Hard"
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else:
Type = "Easy"
if ctype ==
classtype = "Even Distribution"
elif ctype == 2:
classtype = "Clone Easy"
elif ctype == 3:
classtype = "Fixed Step"

# Write overview to file

path = "" . join((folder, "N", str(N), "_", Type, "_L", str(L), "_C",
str(C), "_T", str(T), "_Overview.txt"))

with open(path, 'w+') as f:

f . write("> Parameters:\n")

f owrite("N:\t")
f.write(str(N))

f.write("\n")

f write("Type:\t")
f . write(Type)

f.write("\n")

f.write("Hidden Layers:\t")
f.write(str(L))

f.write("\n")

f.write("Convolution Size:\t")
f. write(str(C))

f.write("\n")

f. write("Trial:\t")
f . write(str(T))

f.write("\n")

f.write("Training Set Size:\t")
f.write(str(np.shape(X_train) [0]))

f.write("\n")



f . write("Validation Set Size:\t")
f.write(str(np.shape(X_test) [0]))

f.write("\n")

f write("Batch Size:\t")
f.write(str(batch))

f . write("\n")

f . write("Classes:\t")
f . write(str(ncats))

f. write("\n")

f.write("Class Type:\t")
f . write(classtype)

f.write("\n")

f . write("Max Epochs:\t")
f . write(str(max_epoch))

f.write("\n")

f. write("Patience:\t")
f . write(str(patience))

f.write("\n")

f write("\n")

f.write("> Results:\n")
f.write("Epochs:\t")

f . write(str(np.shape(logTrain.loss) [0]))
f.owrite("\n")

f write("Training Time:\t")

f . write(str(training_time))

f . write("\n")

temp = model.evaluate(X_train,y_trainOHE, batch_size = batch)

f.write("Training Evaluation:\n")
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for ind in range(np.shape(temp) [0]):
f.owrite("\t")
f.write(labels[ind])
f.owrite("\t")
f.write(str(temp[ind]))

f

.write("\n")

temp = model.evaluate(X_test,y_testOHE, batch_size = batch)
f.write("Validation Evaluation:\n")
for ind in range(np.shape(temp) [0]):

f.write("\t")

f . write(labels[ind])

f.owrite("\t")

f.write(str(temp[ind]))

f.write("\n")

f.write("\n")

# Model summary
f.write("> Model Summary")
f. write("\n")

with redirect_stdout(f):

model . summary ()

# Save training metrics
path = "" . join((folder, "N", str(N), "_", Type, "_L", str(L), "_C",
str(C), "_T", str(T), "_Training Metrics.txt"))
with open(path, 'w+') as f:
f.write("> Logged Training Metrics\n")

for ind in range(np.shape(labels) [0]):
f.write(labels[ind])
f owrite("\t")

f write("\n")

temp = np.stack((logTrain.loss, logTrain.cat_mO0,
logTrain.cat_ml, logTrain.cat_m2,
logTrain.cat_m3, logTrain.cat_m4,

logTrain.cat_mb, logTrain.cat_m6,
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logTrain.cat_m7, logTrain.cat_m8,
logTrain.cat_m9, logTrain.cat_ml0,
logTrain.cat_top5), axis=1)
for row in range(np.shape(temp) [0]):
for col in range(np.shape(temp) [1]):
f . write(str(temp[row, col]))
f.write("\t")
f.write("\n")
f.write("\n")

# Save wvalidation metrics

path = "" . join((folder, "N", str(N), "_", Type, "_L", str(L), "_C",
str(C), "_T", str(T), "_Validation_Metrics.txt"))

with open(path, 'w+') as f:

f.write("> Logged Validation Metrics\n")

for ind in range(np.shape(labels) [0]):
f.write(labels[ind])
f.owrite("\t")

f write("\n")

temp = np.stack((logTest.loss, logTest.cat_m0,
logTest.cat_ml, logTest.cat_m2,
logTest.cat_m3, logTest.cat_m4,
logTest.cat_mb, logTest.cat_m6,
logTest.cat_m7, logTest.cat_m8,
logTest.cat_m9, logTest.cat_mlO0,
logTest.cat_top5), axis=1)
for row in range(np.shape(temp) [0]):
for col in range(np.shape(temp) [1]):
f . write(str(temp[row, col]))
f.owrite("\t")
f.owrite("\n")
f.write("\n")

# Save model
path = "".join((folder, "N", str(N), "_", Type, "_L", str(L), "_C",

str(C), "_T", str(T), "_model.h5"))
model . save (path)
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def

return

trainNetwork(N, nlayers, csize, ncats, batch, max_epoch, patience,
X_train, y_trainOHE, X_test, y_testOHE, trial, hard,
ctype, interp, hardness):

# Make metowrk

classifier = Sequential()

classifier.add(layers.Conv2D(csize, (1, 1), activation='relu',

input_shape=(N, N, 2)))
# Add additional layers
for cnt in range(nlayers):

classifier.add(layers.Conv2D(csize, (1, 1), activation='relu'))

# Add final layers
classifier.add(layers.Flatten())
classifier.add(layers.Dense(128, activation='relu'))

classifier.add(layers.Dense(ncats, activation='softmax'))

# Compile model
classifier.compile(optimizer = 'adam',
loss = 'categorical_crossentropy',
metrics = ['categorical_accuracy', cat_acc_ml,
cat_acc_m2, cat_acc_m3, cat_acc_m4,
cat_acc_mb, cat_acc_m6, cat_acc_m7,
cat_acc_m8, cat_acc_m9, cat_acc_mlO0,

'top_k_categorical_accuracy'])

# Log statistics
logTrain = logTraining()
logTest = logTesting()

# Prepare callbacks
callback = [logTrain, logTest,
keras.callbacks.EarlyStopping(monitor='val_loss',
min_delta=0,
patience=patience,
verbose=0,

mode="auto')]
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# Record time and train network

start_time = time.time()

classifier.fit(X_train, y_trainOHE, batch_size = batch,
epochs = max_epoch, callbacks = callback,
validation_data=(X_test, y_testOHE))

training_time = (time.time() - start_time)

# Save results

saveResults(N, nlayers, csize, ncats, batch, max_epoch, patience,
X_train, y_trainOHE, X_test, y_testOHE, trial, hard,
ctype, classifier, logTrain, logTest, training_time,
interp, hardness)

return

# Main loop
# Train for each <N>
for c¢c_N in range(N_start, N_stop + 1):
# Train distinguishable
if easy:
#Train <trial> times
for ¢_T in range(trial_start, trial_stop + 1):
# Load data
X, y = loadData(c_N, nsamp, False)
# Make each sample into a 3D tensor

X = X.reshape(nsamp, c_N, c_N, 2)

# Even: sample distribution based classes (don't use)
if even_distribution:
classtype = 1
y = distributionBasedClass(y, nclasses)
# Default: 0.1 step size classes
else:
classtype = 3
nclasses, y = makeClasses(y, outlierpercentile)
# Save number of classes
save_nclasses_easy[c_N - N_start,
c_T - trial_start] = nclasses
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# Split into training and validation sets
X_train, X_test, y_train, y_test = train_test_split(X, vy,
test_size = vdata)

# One Hot Encode output
y_trainOHE = np_utils.to_categorical(y_train)

y_testOHE = np_utils.to_categorical(y_test)

# Modtrfy UHE so adjacent wvalues are used by loss function
if fuzzEncode:

fuzzOHE(y_trainOHE, spread, factor)

fuzzOHE (y_testOHE, spread, factor)

# Train for all combinations of layers and filters
for c_1 in range(l_start, l_stop + 1):
for c_c in range(0, c_range):
trainNetwork(c_N, c_1, c_start*(2**c_c), nclasses,
batch, max_epoch, patience, X_train,
y_trainOHE, X_test, y_testOHE, c_T,
False, classtype, False, 0)

# Train indistinguishable
if hard:
#Train <trial> times
for ¢_T in range(trial_start, trial_stop + 1):
# Load data
X, y = loadData(c_N, nsamp, True)
# Make each sample into a 3D tensor

X = X.reshape(nsamp, c_N, c_N, 2)

# Even: sample distribution based classes (don't use)
if even_distribution:

classtype = 1

y = distributionBasedClass(y, nclasses)
#Copy: use same number of classes as distinguishable
elif easy and copy_easy_cats:

classtype = 2

nclasses = save_nclasses_easy[c_N - N_start,
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c_T - trial_start]
y = cloneClasses(y, outlierpercentile, nclasses)
# Default: 0.1 step size classes
else:
classtype = 3

nclasses, y = makeClasses(y, outlierpercentile)

# Split into training and validation sets
X_train, X_test, y_train, y_test = train_test_split(X, vy,

test_size = vdata)

# Une Hot Encode output
y_trainOHE = np_utils.to_categorical(y_train)
y_testOHE = np_utils.to_categorical(y_test)

# Modify UHE so adjacent wvalues are used by loss function
if fuzzEncode:

fuzz0OHE (y_trainOHE, spread, factor)

fuzzOHE(y_testOHE, spread, factor)

# Train for all combinations of layers and filters
for c¢_1 in range(l_start, l_stop + 1):
for c_c in range(0, c_range):
trainNetwork(c_N, c_1, c_start*(2*xxc_c), nclasses,
batch, max_epoch, patience, X_train,
y_trainOHE, X_test, y_testOHE, c_T,
True, classtype, False, 1)

# Train partially distinguishable
if interp:
for ¢_T in range(trial_start, trial_stop + 1):
for c_H in np.nditer(interp_steps, op_flags=['readonly']):
# Load data
X, y = loadInterp(c_N, nsamp, c_H)
# Make each sample into a 3D temsor

X = X.reshape(nsamp, c_N, c_N, 2)

# Use 0.1 step size classes

classtype = 3
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nclasses, y = makeClasses(y, outlierpercentile)

# Split into training and validation sets
X_train, X_test, y_train, y_test = train_test_split(X, vy,

test_size = vdata)

# One Hot Encode output
y_trainOHE = np_utils.to_categorical(y_train)
y_testOHE = np_utils.to_categorical(y_test)

# Modify UHE so adjacent wvalues are used by loss function
if fuzzEncode:

fuzzOHE (y_trainOHE, spread, factor)

fuzzOHE(y_testOHE, spread, factor)

# Train for all combinations of layers and filters
for c_1 in range(l_start, l_stop + 1):
for c_c in range(0, c_range):
trainNetwork(c_N, c_1, c_start*(2**xc_c),

nclasses, batch, max_epoch,
patience, X_train, y_train0OHE,
X_test, y_testOHE, c_T, False,
classtype, interp, c_H)



Appendix B

Network Results for Distinguishable
Permanents

Table B.1: Model Metrics for N = 2 (Distinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters

1 2 59 69 25.0 8,775

1 4 59 416 142.5 9,819

1 8 59 201 69.7 11,931

1 16 59 192 142.3 16,251

1 32 59 239 205.3 25,275

1 64 59 125 157.6 44,859

1 128 59 149 222.0 90,171

2 2 59 49 19.3 8,781

2 4 59 300 106.0 9,839

2 8 59 231 76.1 12,003

2 16 59 135 117.6 16,523

2 32 59 146 145.1 26,331

2 64 59 120 199.2 49,019

2 128 59 70 143.2 106,683

3 2 59 27 11.0 8,787

3 4 59 255 89.9 9,859

3 8 59 122 43.7 12,075

3 16 59 106 103.6 16,795

3 32 59 111 130.2 27,387

3 64 59 107 205.9 53,179

3 128 59 102 284.8 123,195

4 2 59 47 19.8 8,793
Continued on next page
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Table B.1 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 4 59 156 61.1 9,879
4 8 59 163 62.4 12,147
4 16 59 86 86.2 17,067
4 32 59 100 121.6 28,443
4 64 59 69 172.3 57,339
4 128 59 96 331.2 139,707
5 2 59 49 22.3 8,799
5 4 59 195 80.8 9,899
5 8 59 92 38.8 12,219
5 16 59 117 162.2 17,339
5 32 59 89 150.6 29,499
5 64 59 106 329.8 61,499
5 128 59 63 283.6 156,219
6 2 59 48 23.3 8,805
6 4 59 14 8.3 9,919
6 8 59 100 42.5 12,291
6 16 59 73 111.2 17,611
6 32 59 65 113.8 30,555
6 64 59 57 194.0 65,659
6 128 59 59 309.6 172,731
Table B.2: Training Metrics for N = 2 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.300 | 0.048 0.259 0.653 0.212

1 4 3.650 | 0.401 0.981 1.000 0.969

1 8 3.282 | 0.536 0.995 1.000 0.992

1 16 3.124 | 0.640 0.998 1.000 0.998

1 32 3.254 | 0.516 0.995 1.000 0.995

1 64 3.279 | 0.520 0.995 1.000 0.988

1 128 3.360 | 0.487 0.992 1.000 0.990

2 2 7.495 | 0.035 0.240 0.633 0.173

2 4 3.436 | 0.443 0.994 1.000 0.988

2 8 3.218 | 0.533 0.997 1.000 0.996

2 16 3.268 | 0.490 0.996 1.000 0.994

Continued on next page
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Table B.2 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 32 3.119 | 0.606 0.999 1.000 0.999
2 64 3.184 | 0.560 0.998 1.000 0.997
2 128 3.197 | 0.519 0.999 1.000 0.995
3 2 7.280 | 0.049 0.269 0.677 0.207
3 4 3.853 | 0.320 0.966 0.999 0.936
3 8 3.375 | 0.463 0.992 1.000 0.985
3 16 3.105 | 0.584 1.000 1.000 1.000
3 32 3.136 | 0.561 0.999 1.000 0.999
3 64 3.184 | 0.534 1.000 1.000 0.999
3 128 3.078 | 0.603 1.000 1.000 1.000
4 2 7.495 | 0.035 0.240 0.633 0.173
4 4 3.755 | 0.359 0.973 1.000 0.956
4 8 3.309 | 0.486 0.995 1.000 0.993
4 16 3.191 | 0.536 0.998 1.000 0.995
4 32 3.086 | 0.662 1.000 1.000 0.998
4 64 3.104 | 0.640 1.000 1.000 0.996
4 128 3.083 | 0.645 1.000 1.000 1.000
5 2 7.495 | 0.035 0.240 0.633 0.173
5 4 3.393 | 0.482 0.991 1.000 0.988
5 8 3.313 | 0.490 0.990 1.000 0.986
5 16 3.155 | 0.550 0.999 1.000 0.998
5 32 3.147 | 0.568 1.000 1.000 1.000
5 64 3.123 | 0.582 1.000 1.000 0.999
5 128 3.158 | 0.559 1.000 1.000 0.998
6 2 7.495 | 0.035 0.240 0.633 0.173
6 4 7.495 | 0.035 0.240 0.633 0.171
6 8 3.140 | 0.574 1.000 1.000 1.000
6 16 3.232 | 0.523 0.996 1.000 0.991
6 32 3.171 | 0.533 1.000 1.000 0.998
6 64 3.280 | 0.462 0.998 1.000 0.997
6 128 3.255 | 0.488 0.999 1.000 0.997
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Table B.3: Validation Metrics for N = 2 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.370 | 0.035 0.247 0.645 0.180
1 4 3.832 | 0.308 0.965 1.000 0.924
1 8 3.423 | 0.435 0.984 1.000 0.967
1 16 3.210 | 0.533 0.996 1.000 0.989
1 32 3.403 | 0.435 0.994 1.000 0.973
1 64 3.405 | 0.408 0.988 1.000 0.972
1 128 3.498 | 0.380 0.981 1.000 0.968
2 2 7.544 | 0.032 0.223 0.616 0.170
2 4 3.559 | 0.364 0.982 1.000 0.965
2 8 3.321 | 0.461 0.990 1.000 0.988
2 16 3.324 | 0.445 0.993 1.000 0.987
2 32 3.194 | 0.514 0.997 1.000 0.995
2 64 3.268 | 0.497 0.994 1.000 0.991
2 128 3.269 | 0.461 0.999 1.000 0.988
3 2 7.357 | 0.043 0.262 0.658 0.192
3 4 3.968 | 0.266 0.955 1.000 0.908
3 8 3.478 | 0.396 0.988 1.000 0.967
3 16 3.160 | 0.537 0.998 1.000 0.997
3 32 3.193 | 0.511 0.999 1.000 0.993
3 64 3.233 | 0.489 0.999 1.000 0.995
3 128 3.139 | 0.517 1.000 1.000 0.997
4 2 7.544 | 0.032 0.223 0.616 0.170
4 4 3.872 | 0.279 0.964 0.999 0.931
4 8 3.418 | 0.418 0.989 1.000 0.975
4 16 3.269 | 0.440 0.998 1.000 0.989
4 32 3.136 | 0.603 1.000 1.000 0.995
4 64 3.169 | 0.549 0.999 1.000 0.993
4 128 3.144 | 0.570 1.000 1.000 0.999
5 2 7.544 | 0.032 0.223 0.616 0.170
5 4 3.503 | 0.392 0.989 1.000 0.961
5 8 3.398 | 0.430 0.987 1.000 0.965
5 16 3.236 | 0.471 0.997 1.000 0.992
5 32 3.225 | 0.477 1.000 1.000 0.997
5 64 3.180 | 0.516 0.999 1.000 0.996
5 128 3.231 | 0.472 0.998 1.000 0.993

Continued on next page
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Table B.3 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 2 7.544 | 0.032 0.223 0.616 0.170
6 4 7.545 | 0.032 0.223 0.616 0.159
6 8 3.216 | 0.493 0.999 1.000 0.995
6 16 3.321 | 0.438 0.995 1.000 0.980
6 32 3.252 | 0.456 0.998 1.000 0.994
6 64 3.370 | 0.399 0.994 1.000 0.989
6 128 3.337 | 0.413 0.997 1.000 0.993
Table B.4: Model Metrics for N = 3 (Distinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 56 98 45.2 9,668
1 4 56 289 138.2 11,992
1 8 56 263 135.2 16,664
1 16 56 219 426.2 26,104
1 32 56 223 532.2 45,368
1 64 56 144 400.2 85,432
1 128 56 111 364.4 171,704
2 2 56 39 23.7 9,674
2 4 56 197 107.4 12,012
2 8 56 152 92.4 16,736
2 16 56 162 374.5 26,376
2 32 56 126 364.2 46,424
2 64 56 151 517.9 89,592
2 128 56 130 587.7 188,216
3 2 56 63 38.1 9,680
3 4 56 113 63.7 12,032
3 8 56 197 134.9 16,808
3 16 56 155 404.4 26,648
3 32 56 156 532.2 47,480
3 64 56 167 657.2 93,752
3 128 56 147 801.3 204,728
4 2 56 118 92.7 9,686
4 4 56 19 21.5 12,052
4 8 56 177 137.0 16,880
Continued on next page
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Table B.4 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 16 56 146 416.0 26,920
4 32 56 74 291.6 48,536
4 64 56 99 516.1 97,912
4 128 56 187 1246.5 221,240
5 2 56 77 53.8 9,692
5 4 56 265 185.2 12,072
5 8 56 169 140.7 16,952
5 16 56 111 367.5 27,192
5 32 56 160 771.8 49,592
5 64 56 152 867.8 102,072
5 128 56 77 610.1 237,752
6 2 56 80 60.6 9,698
6 4 56 92 721 12,092
6 8 56 222 194.1 17,024
6 16 56 167 592.3 27,464
6 32 56 165 873.4 50,648
6 64 56 209 1447.5 106,232
6 128 56 93 853.4 254,264
Table B.5: Training Metrics for N = 3 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.423 | 0.037 0.244 0.654 0.178

1 4 4.208 | 0.357 0.899 0.999 0.882

1 8 3.868 | 0.439 0.945 1.000 0.936

1 16 3.924 | 0.407 0.940 0.999 0.926

1 32 3.672 | 0.468 0.971 1.000 0.964

1 64 4.114 | 0.320 0.913 0.999 0.883

1 128 3.935 | 0.370 0.940 1.000 0.915

2 2 7.215 | 0.054 0.272 0.683 0.231

2 4 4.503 | 0.292 0.831 0.998 0.794

2 8 3.887 | 0.382 0.947 1.000 0.925

2 16 3.604 | 0.455 0.977 1.000 0.969

2 32 3.965 | 0.338 0.943 1.000 0.911

2 64 3.786 | 0.372 0.965 1.000 0.942

Continued on next page




61

Table B.5 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 128 3.818 | 0.385 0.956 1.000 0.929
3 2 6.717 | 0.090 0.358 0.770 0.327
3 4 6.368 | 0.105 0.414 0.855 0.375
3 8 3.753 | 0.390 0.961 1.000 0.952
3 16 3.719 | 0.392 0.968 1.000 0.954
3 32 3.702 | 0.413 0.970 1.000 0.954
3 64 3.793 | 0.355 0.965 1.000 0.942
3 128 3.417 | 0.486 0.994 1.000 0.987
4 2 7.423 | 0.037 0.244 0.654 0.178
4 4 7.423 | 0.037 0.242 0.651 0.178
4 8 3.691 | 0.390 0.972 1.000 0.958
4 16 3.812 | 0.362 0.962 0.999 0.940
4 32 4.060 | 0.326 0.921 0.999 0.887
4 64 3.463 | 0.444 0.990 1.000 0.987
4 128 3.307 | 0.521 0.996 1.000 0.996
5 2 7.423 | 0.037 0.244 0.654 0.178
5 4 3.811 | 0.408 0.956 1.000 0.944
5 8 3.800 | 0.364 0.959 1.000 0.939
5 16 3.583 | 0.427 0.982 1.000 0.975
5 32 3.560 | 0.422 0.985 1.000 0.981
5 64 4.007 | 0.291 0.954 1.000 0.918
5 128 3.574 | 0.395 0.987 1.000 0.979
6 2 7.423 | 0.037 0.244 0.654 0.178
6 4 4.406 | 0.277 0.860 0.997 0.812
6 8 3.563 | 0.455 0.983 1.000 0.974
6 16 3.604 | 0.432 0.983 1.000 0.974
6 32 3.423 | 0.465 0.993 1.000 0.988
6 64 3.795 | 0.351 0.967 1.000 0.947
6 128 3.879 | 0.356 0.947 1.000 0.919
Table B.6: Validation Metrics for N = 3 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.465 | 0.027 0.236 0.635 0.163
1 4 4.703 | 0.173 0.821 0.997 0.707

Continued on next page
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Table B.6 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 8 4.558 | 0.206 0.859 0.998 0.774
1 16 4.417 | 0.214 0.885 0.998 0.782
1 32 4.262 | 0.248 0.915 0.998 0.838
1 64 4.432 | 0.205 0.880 0.999 0.789
1 128 4.352 | 0.223 0.903 0.999 0.810
2 2 7.301 | 0.031 0.253 0.648 0.186
2 4 4.948 | 0.141 0.750 0.996 0.649
2 8 4.237 | 0.246 0.912 1.000 0.837
2 16 3.966 | 0.271 0.941 1.000 0.902
2 32 4.270 | 0.223 0.916 0.999 0.836
2 64 4.076 | 0.254 0.944 1.000 0.871
2 128 4.351 | 0.222 0.910 0.997 0.817
3 2 6.865 | 0.061 0.317 0.750 0.252
3 4 6.552 | 0.071 0.380 0.836 0.285
3 8 4.120 | 0.264 0.935 1.000 0.874
3 16 3.968 | 0.278 0.956 1.000 0.898
3 32 4.057 | 0.256 0.946 1.000 0.884
3 64 4.098 | 0.262 0.938 0.999 0.866
3 128 3.911 | 0.301 0.952 1.000 0.916
4 2 7.465 | 0.027 0.236 0.635 0.163
4 4 7.466 | 0.032 0.229 0.630 0.163
4 8 4.056 | 0.247 0.944 1.000 0.888
4 16 4.070 | 0.261 0.942 0.999 0.889
4 32 4.318 | 0.240 0.894 0.999 0.813
4 64 3.715 | 0.330 0.972 1.000 0.940
4 128 3.632 | 0.348 0.982 1.000 0.962
5 2 7.465 | 0.027 0.236 0.635 0.163
5 4 4.415 | 0.221 0.895 0.999 0.815
5 8 4.128 | 0.238 0.922 1.000 0.856
5 16 3.890 | 0.296 0.962 1.000 0.923
5 32 3.879 | 0.294 0.960 1.000 0.921
5 64 4.298 | 0.226 0.928 1.000 0.855
5 128 3.837 | 0.284 0.968 1.000 0.928
6 2 7.465 | 0.027 0.236 0.635 0.163
6 4 4.742 | 0.155 0.825 0.999 0.706
6 8 4.015 | 0.287 0.942 1.000 0.900

Continued on next page
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Table B.6 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 16 4.026 | 0.263 0.953 0.999 0.895
6 32 3.687 | 0.336 0.974 0.999 0.939
6 64 4.233 | 0.226 0.925 0.999 0.860
6 128 4.324 | 0.221 0.890 0.999 0.808
Table B.7: Model Metrics for N = 4 (Distinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 56 33 34.1 11,460
1 4 56 49 62.7 15,576
1 8 56 45 55.5 23,832
1 16 56 47 18.7 40,440
1 32 56 30 17.8 74,040
1 64 56 23 19.1 142,776
1 128 56 21 33.7 286,392
2 2 56 61 63.4 11,466
2 4 56 78 94 .1 15,596
2 8 56 175 233.3 23,904
2 16 56 35 18.8 40,712
2 32 56 26 18.1 75,096
2 64 56 123 139.5 146,936
2 128 56 83 156.1 302,904
3 2 56 23 33.0 11,472
3 4 56 74 95.1 15,616
3 8 56 155 241.3 23,976
3 16 56 140 74.2 40,984
3 32 56 137 100.3 76,152
3 64 56 95 117.1 151,096
3 128 56 65 162.2 319,416
4 2 56 68 79.6 11,478
4 4 56 59 93.2 15,636
4 8 56 147 255.4 24,048
4 16 56 98 62.5 41,256
4 32 56 117 96.9 77,208
4 64 56 97 129.6 155,256
Continued on next page
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Table B.7 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 128 56 92 287.7 335,928
5 2 56 60 78.6 11,484
5 4 56 246 402.0 15,656
5 8 56 127 252.3 24,120
5 16 56 161 425.0 41,528
5 32 56 107 342.1 78,264
5 64 56 83 311.1 159,416
5 128 56 86 231.7 352,440
6 2 56 61 85.1 11,490
6 4 56 47 100.7 15,676
6 8 56 143 320.3 24,192
6 16 56 124 411.8 41,800
6 32 56 110 418.0 79,320
6 64 56 105 459.9 163,576
6 128 56 77 234.1 368,952
Table B.8: Training Metrics for N = 4 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.202 | 0.054 0.264 0.669 0.231

1 4 5.666 | 0.147 0.563 0.956 0.518

1 8 5.519 | 0.178 0.610 0.966 0.568

1 16 5.488 | 0.176 0.617 0.968 0.570

1 32 5.515 | 0.169 0.606 0.968 0.553

1 64 5.564 | 0.150 0.592 0.967 0.538

1 128 5.638 | 0.151 0.567 0.957 0.518

2 2 6.761 | 0.075 0.328 0.763 0.293

2 4 6.593 | 0.101 0.365 0.780 0.357

2 8 4.194 | 0.375 0.887 0.999 0.874

2 16 5.558 | 0.151 0.611 0.970 0.536

2 32 5.579 | 0.144 0.593 0.970 0.519

2 64 4.060 | 0.378 0.916 1.000 0.891

2 128 4.692 | 0.251 0.770 0.994 0.732

3 2 7.420 | 0.037 0.236 0.631 0.174

3 4 5.690 | 0.150 0.554 0.958 0.498

Continued on next page
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Table B.8 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 8 4.258 | 0.330 0.888 0.999 0.852
3 16 4.087 | 0.374 0.904 1.000 0.889
3 32 4.223 | 0.299 0.892 0.999 0.854
3 64 4.296 | 0.291 0.879 0.999 0.837
3 128 4.404 | 0.292 0.854 0.998 0.805
4 2 7.420 | 0.037 0.236 0.631 0.177
4 4 6.739 | 0.116 0.368 0.722 0.378
4 8 4.269 | 0.311 0.891 0.999 0.850
4 16 4.338 | 0.300 0.867 0.999 0.827
4 32 4.145 | 0.336 0.904 1.000 0.874
4 64 4.340 | 0.289 0.867 0.999 0.822
4 128 4.153 | 0.324 0.908 0.999 0.862
5 2 7.420 | 0.037 0.236 0.631 0.174
5 4 4.224 | 0.372 0.891 0.999 0.868
5 8 4.332 | 0.310 0.872 0.999 0.834
5 16 4.221 | 0.299 0.897 0.999 0.855
5 32 4.115 | 0.348 0.907 1.000 0.879
5 64 4.395 | 0.287 0.857 0.999 0.809
5 128 4.178 | 0.321 0.894 1.000 0.860
6 2 7.420 | 0.037 0.236 0.631 0.177
6 4 6.714 | 0.087 0.340 0.759 0.315
6 8 4.153 | 0.333 0.906 0.999 0.868
6 16 4.300 | 0.278 0.886 0.999 0.836
6 32 4.311 | 0.283 0.877 1.000 0.827
6 64 4.326 | 0.266 0.876 1.000 0.824
6 128 4.357 | 0.268 0.870 0.999 0.814
Table B.9: Validation Metrics for N = 4 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.282 | 0.037 0.259 0.665 0.201
1 4 5.805 | 0.092 0.539 0.960 0.413
1 8 5.725 | 0.093 0.573 0.960 0.433
1 16 5.741 | 0.101 0.575 0.966 0.447
1 32 5.751 | 0.103 0.563 0.964 0.423
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Table B.9 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 64 5.764 | 0.099 0.557 0.957 0.429
1 128 5.862 | 0.087 0.522 0.953 0.394
2 2 6.811 | 0.057 0.330 0.773 0.253
2 4 6.815 | 0.054 0.332 0.770 0.241
2 8 5.059 | 0.143 0.750 0.994 0.627
2 16 5.728 | 0.112 0.581 0.967 0.452
2 32 5.771 | 0.092 0.568 0.961 0.425
2 64 5.058 | 0.152 0.789 0.991 0.668
2 128 5.509 | 0.116 0.671 0.988 0.534
3 2 7.429 | 0.036 0.237 0.638 0.173
3 4 5.875 | 0.086 0.514 0.955 0.379
3 8 4.722 | 0.175 0.823 0.998 0.703
3 16 4.809 | 0.146 0.820 0.997 0.693
3 32 4.658 | 0.180 0.828 0.998 0.730
3 64 4.801 | 0.161 0.802 0.994 0.678
3 128 4.906 | 0.164 0.781 0.993 0.662
4 2 7.428 | 0.036 0.237 0.638 0.175
4 4 7.137 | 0.042 0.283 0.699 0.211
4 8 4.681 | 0.172 0.827 0.999 0.715
4 16 4.898 | 0.153 0.803 0.995 0.669
4 32 4.740 | 0.174 0.828 0.998 0.715
4 64 4.936 | 0.153 0.801 0.996 0.662
4 128 4.871 | 0.158 0.794 0.997 0.666
5 2 7.428 | 0.036 0.237 0.638 0.173
5 4 4.809 | 0.147 0.799 0.997 0.679
5 8 4.848 | 0.148 0.807 0.998 0.681
5 16 4.583 | 0.196 0.860 0.997 0.747
5 32 4.737 | 0.186 0.831 0.995 0.721
5 64 4.864 | 0.156 0.801 0.997 0.681
5 128 5.111 | 0.153 0.768 0.994 0.644
6 2 7.428 | 0.036 0.237 0.638 0.175
6 4 6.856 | 0.050 0.314 0.760 0.231
6 8 4.689 | 0.182 0.835 0.997 0.708
6 16 4.700 | 0.160 0.849 0.998 0.734
6 32 4.758 | 0.178 0.820 0.996 0.705
6 64 4.737 | 0.172 0.821 0.995 0.693
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 128 4913 | 0.153 0.783 0.995 0.669
Table B.10: Model Metrics for N = 5 (Distinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 52 57 107.8 13,248
1 4 52 68 173.8 19,668
1 8 52 43 137.8 32,532
1 16 52 35 26.7 58,356
1 32 52 29 27.1 110,388
1 64 52 26 33.9 215,988
1 128 52 25 68.6 433,332
2 2 52 60 118.8 13,254
2 4 52 75 182.2 19,688
2 8 52 41 141.8 32,604
2 16 52 26 21.5 58,628
2 32 52 28 27.4 111,444
2 64 52 129 183.1 220,148
2 128 52 29 103.1 449,844
3 2 52 96 186.6 13,260
3 4 52 247 633.7 19,708
3 8 52 49 187.8 32,676
3 16 52 157 125.7 58,900
3 32 52 109 134.9 112,500
3 64 52 30 67.6 224,308
3 128 52 26 112.1 466,356
4 2 52 81 165.6 13,266
4 4 52 13 50.0 19,728
4 8 52 168 622.5 32,748
4 16 52 114 119.7 59,172
4 32 52 74 104.7 113,556
4 64 52 46 98.9 228,468
4 128 52 57 269.0 482,868
5 2 52 78 181.8 13,272
5 4 52 32 112.8 19,748
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Table B.10 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
5 8 52 162 763.8 32,820
5 16 52 127 485.2 59,444
5 32 52 133 643.9 114,612
5 64 52 38 199.5 232,628
5 128 52 88 410.0 499,380
6 2 52 79 198.9 13,278
6 4 52 161 565.5 19,768
6 8 52 164 856.1 32,892
6 16 52 135 572.8 59,716
6 32 52 111 625.1 115,668
6 64 52 86 513.5 236,788
6 128 52 96 472.0 515,892
Table B.11: Training Metrics for N = 5 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 6.566 | 0.112 0.368 0.785 0.379
1 4 5.348 | 0.246 0.635 0.964 0.644
1 8 5.414 | 0.188 0.627 0.973 0.586
1 16 5.347 | 0.213 0.638 0.975 0.610
1 32 5.481 | 0.196 0.610 0.969 0.565
1 64 5.363 | 0.199 0.634 0.974 0.603
1 128 5.499 | 0.191 0.582 0.960 0.569
2 2 6.570 | 0.103 0.374 0.790 0.367
2 4 5.483 | 0.153 0.615 0.973 0.538
2 8 5.389 | 0.179 0.638 0.976 0.576
2 16 5.440 | 0.171 0.631 0.975 0.563
2 32 5.373 | 0.196 0.635 0.975 0.594
2 64 4.096 | 0.395 0.905 0.999 0.883
2 128 5.326 | 0.196 0.644 0.977 0.608
3 2 7.322 | 0.039 0.254 0.666 0.187
3 4 4.166 | 0.389 0.896 0.999 0.876
3 8 5.389 | 0.180 0.648 0.976 0.587
3 16 4.200 | 0.352 0.888 0.999 0.855
3 32 4.388 | 0.308 0.852 0.998 0.815
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 64 5.368 | 0.185 0.637 0.975 0.582
3 128 5.277 | 0.222 0.654 0.976 0.631
4 2 7.322 | 0.039 0.254 0.666 0.187
4 4 7.323 | 0.038 0.252 0.662 0.180
4 8 4.206 | 0.337 0.892 1.000 0.859
4 16 4.211 | 0.387 0.886 0.998 0.875
4 32 4.797 | 0.262 0.753 0.991 0.726
4 64 5.227 | 0.216 0.637 0.979 0.616
4 128 4.406 | 0.331 0.844 0.997 0.829
5 2 7.322 | 0.039 0.254 0.666 0.187
5 4 7.059 | 0.071 0.300 0.680 0.271
5 8 4.313 | 0.305 0.876 0.999 0.834
5 16 4.165 | 0.339 0.900 1.000 0.863
5 32 4.288 | 0.299 0.878 0.999 0.831
5 64 4.963 | 0.261 0.722 0.983 0.705
5 128 4.277 | 0.311 0.877 0.999 0.840
6 2 7.322 | 0.039 0.254 0.666 0.187
6 4 4.418 | 0.352 0.849 0.998 0.840
6 8 4.160 | 0.344 0.895 1.000 0.860
6 16 4.159 | 0.333 0.907 1.000 0.865
6 32 4.595 | 0.237 0.817 0.998 0.745
6 64 4.464 | 0.295 0.829 0.998 0.800
6 128 4.114 | 0.346 0.911 1.000 0.871

Table B.12: Validation Metrics for N = 5 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 6.859 | 0.049 0.289 0.771 0.228
1 4 5.862 | 0.091 0.551 0.965 0.406
1 8 5.617 | 0.101 0.595 0.978 0.446
1 16 5.622 | 0.111 0.574 0.974 0.462
1 32 5.774 | 0.095 0.554 0.969 0.424
1 64 5.702 | 0.104 0.582 0.976 0.447
1 128 5.841 | 0.087 0.516 0.959 0.400
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 2 6.814 | 0.053 0.321 0.779 0.238
2 4 5.560 | 0.101 0.614 0.978 0.470
2 8 5.563 | 0.108 0.603 0.976 0.477
2 16 5.612 | 0.113 0.591 0.972 0.471
2 32 5.649 | 0.101 0.594 0.975 0.450
2 64 5.244 | 0.142 0.736 0.992 0.608
2 128 5.663 | 0.106 0.584 0.969 0.448
3 2 7.327 | 0.031 0.235 0.662 0.166
3 4 5.054 | 0.146 0.766 0.994 0.634
3 8 5.554 | 0.111 0.613 0.980 0.463
3 16 4.990 | 0.160 0.766 0.998 0.664
3 32 5.214 | 0.143 0.738 0.996 0.601
3 64 5.699 | 0.100 0.569 0.968 0.451
3 128 5.664 | 0.102 0.591 0.970 0.432
4 2 7.327 | 0.031 0.235 0.662 0.166
4 4 7.328 | 0.034 0.241 0.658 0.167
4 8 4.822 | 0.170 0.803 0.998 0.684
4 16 5.314 | 0.124 0.712 0.992 0.569
4 32 5.511 | 0.119 0.634 0.982 0.513
4 64 5.765 | 0.090 0.549 0.967 0.430
4 128 5.524 | 0.125 0.661 0.982 0.515
5 2 7.327 | 0.031 0.235 0.662 0.166
5 4 7.211 | 0.039 0.258 0.683 0.178
5 8 4931 | 0.165 0.787 0.997 0.659
5 16 4.901 | 0.177 0.788 0.997 0.669
5 32 4.874 | 0.163 0.810 0.999 0.684
5 64 5.673 | 0.110 0.596 0.972 0.468
5 128 5.066 | 0.148 0.754 0.995 0.635
6 2 7.327 | 0.031 0.235 0.662 0.166
6 4 5.189 | 0.132 0.714 0.994 0.557
6 8 4.807 | 0.168 0.826 0.999 0.690
6 16 4.740 | 0.150 0.830 0.999 0.705
6 32 5.163 | 0.127 0.755 0.998 0.599
6 64 5.502 | 0.122 0.689 0.989 0.538
6 128 5.092 | 0.151 0.778 0.998 0.637
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Table B.13: Model Metrics for N = 6 (Distinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 52 58 213.9 16,064
1 4 52 46 222.5 25,300

1 8 52 46 265.8 43,796

1 16 52 38 49.5 80,884

1 32 52 29 40.8 155,444
1 64 52 29 62.9 306,100
1 128 52 27 102.2 613,556
2 2 52 48 190.2 16,070
2 4 52 91 373.5 25,320
2 8 52 34 196.1 43,868
2 16 52 30 50.8 81,156
2 32 52 23 47.3 156,500
2 64 52 20 55.0 310,260
2 128 52 24 123.6 630,068
3 2 52 57 243.7 16,076
3 4 52 54 240.7 25,340
3 8 52 38 225.6 43,940
3 16 52 29 65.5 81,428
3 32 52 26 60.2 157,556
3 64 52 22 66.5 314,420
3 128 52 20 124.2 646,580
4 2 52 56 230.6 16,082
4 4 52 271 1416.8 25,360
4 8 52 43 276.6 44,012
4 16 52 30 67.1 81,700
4 32 52 27 701 158,612
4 64 52 27 100.4 318,580
4 128 52 20 148.7 663,092
5 2 52 52 272.0 16,088
5 4 52 165 988.3 25,380
5 8 52 65 454.6 44,084
5 16 52 141 228.2 81,972
5 32 52 123 256.8 159,668
5 64 52 26 86.3 322,740
5 128 52 30 207.0 679,604
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Table B.13 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 2 52 50 280.8 16,094

6 4 52 226 1378.1 25,400

6 8 52 35 286.7 44,156

6 16 52 33 70.9 82,244

6 32 52 25 62.3 160,724

6 64 52 31 114.5 326,900

6 128 52 27 203.7 696,116

Table B.14: Training Metrics for N = 6 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.322 | 0.039 0.254 0.675 0.183
1 4 5.378 | 0.180 0.629 0.978 0.580
1 8 5.192 | 0.237 0.675 0.982 0.654
1 16 5.249 | 0.239 0.657 0.973 0.650
1 32 5.279 | 0.230 0.625 0.978 0.625
1 64 5.070 | 0.289 0.687 0.981 0.695
1 128 5.363 | 0.235 0.627 0.964 0.627
2 2 7.322 | 0.039 0.254 0.675 0.183
2 4 5.184 | 0.234 0.685 0.979 0.662
2 8 5.326 | 0.197 0.636 0.980 0.595
2 16 5.237 | 0.229 0.644 0.981 0.639
2 32 5.289 | 0.227 0.650 0.974 0.637
2 64 5.233 | 0.218 0.662 0.983 0.633
2 128 5.196 | 0.248 0.646 0.974 0.661
3 2 7.322 | 0.039 0.254 0.675 0.183
3 4 5.536 | 0.145 0.578 0.978 0.500
3 8 5.326 | 0.194 0.635 0.980 0.593
3 16 5.178 | 0.251 0.680 0.975 0.670
3 32 5.361 | 0.210 0.631 0.972 0.609
3 64 5.281 | 0.212 0.648 0.975 0.634
3 128 5.215 | 0.227 0.662 0.979 0.656
4 2 7.322 | 0.039 0.254 0.675 0.183
4 4 4.253 | 0.391 0.876 0.998 0.865
4 8 5.355 | 0.187 0.649 0.979 0.583
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 16 5.284 | 0.198 0.634 0.984 0.605
4 32 5.543 | 0.165 0.560 0.966 0.525
4 64 5.106 | 0.267 0.668 0.980 0.684
4 128 5.317 | 0.189 0.626 0.982 0.592
5 2 7.322 | 0.039 0.254 0.675 0.183
5 4 4.314 | 0.374 0.856 0.998 0.850
5 8 5.282 | 0.184 0.664 0.979 0.609
5 16 4.166 | 0.349 0.879 1.000 0.858
5 32 4.716 | 0.230 0.761 0.998 0.709
5 64 5.139 | 0.254 0.682 0.975 0.677
5 128 5.108 | 0.217 0.690 0.986 0.647
6 2 7.322 | 0.039 0.254 0.675 0.183
6 4 4.628 | 0.305 0.768 0.995 0.764
6 8 5.318 | 0.172 0.639 0.982 0.576
6 16 5.308 | 0.178 0.657 0.981 0.597
6 32 5.256 | 0.184 0.667 0.984 0.608
6 64 5.247 | 0.185 0.637 0.985 0.590
6 128 5.502 | 0.171 0.597 0.968 0.553

Table B.15: Validation Metrics for N = 6 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.322 | 0.046 0.264 0.664 0.204
1 4 5.590 | 0.110 0.594 0.977 0.452
1 8 5.617 | 0.111 0.584 0.972 0.447
1 16 5.683 | 0.099 0.574 0.972 0.440
1 32 5.681 | 0.082 0.547 0.975 0.402
1 64 5.687 | 0.086 0.566 0.973 0.425
1 128 5.854 | 0.083 0.553 0.966 0.420
2 2 7.321 | 0.046 0.264 0.664 0.204
2 4 5.670 | 0.099 0.580 0.966 0.437
2 8 5.629 | 0.099 0.569 0.977 0.441
2 16 5.607 | 0.104 0.573 0.977 0.443
2 32 5.671 | 0.096 0.578 0.973 0.427
2 64 5.581 | 0.093 0.590 0.973 0.446
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 128 5.752 | 0.106 0.553 0.973 0.411
3 2 7.322 | 0.046 0.264 0.664 0.204
3 4 5.667 | 0.109 0.573 0.976 0.453
3 8 5.608 | 0.106 0.590 0.980 0.448
3 16 5.660 | 0.094 0.570 0.976 0.430
3 32 5.745 | 0.093 0.573 0.968 0.440
3 64 5.705 | 0.097 0.575 0.971 0.445
3 128 5.565 | 0.119 0.607 0.979 0.480
4 2 7.322 | 0.046 0.264 0.664 0.204
4 4 5.376 | 0.121 0.687 0.994 0.550
4 8 5.635 | 0.109 0.584 0.971 0.457
4 16 5.552 | 0.097 0.585 0.981 0.458
4 32 5.875 | 0.073 0.499 0.966 0.375
4 64 5.737 | 0.086 0.550 0.975 0.416
4 128 5.627 | 0.107 0.576 0.977 0.462
5 2 7.321 | 0.046 0.264 0.664 0.204
5 4 5.279 | 0.126 0.700 0.995 0.558
5 8 5.594 | 0.109 0.602 0.979 0.467
5 16 5.145 | 0.138 0.765 0.998 0.614
5 32 5.620 | 0.107 0.655 0.990 0.513
5 64 5.788 | 0.086 0.575 0.968 0.430
5 128 5.536 | 0.096 0.604 0.981 0.468
6 2 7.321 | 0.046 0.264 0.664 0.204
6 4 5.556 | 0.106 0.639 0.990 0.492
6 8 5524 | 0.116 0.603 0.981 0.478
6 16 5.599 | 0.104 0.600 0.978 0.461
6 32 5.567 | 0.093 0.623 0.981 0.470
6 64 5.654 | 0.112 0.594 0.977 0.451
6 128 5.895 | 0.087 0.540 0.964 0.400
Table B.16: Model Metrics for N = 7 (Distinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 51 52 21.3 19,263
1 4 51 73 28.7 31,827
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Table B.16 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 8 51 39 18.1 56,979
1 16 51 39 23.2 107,379
1 32 51 31 28.2 208,563
1 64 51 28 49.9 412,467
1 128 51 21 76.1 826,419
2 2 51 11 5.9 19,269
2 4 51 75 33.6 31,847
2 8 51 39 20.9 57,051
2 16 51 34 25.0 107,651
2 32 51 27 29.4 209,619
2 64 51 24 57.3 416,627
2 128 51 20 93.6 842,931
3 2 51 71 34.0 19,275
3 4 51 56 29.2 31,867
3 8 51 39 24.3 57,123
3 16 51 38 33.0 107,923
3 32 51 28 41.2 210,675
3 64 51 27 84.5 420,787
3 128 51 22 136.5 859,443
4 2 51 18 11.3 19,281
4 4 51 16 11.2 31,887
4 8 51 47 33.0 57,195
4 16 51 31 28.4 108,195
4 32 51 28 38.7 211,731
4 64 51 31 97.3 424,947
4 128 51 19 132.7 875,955
5 2 51 67 37.8 19,287
5 4 51 48 30.3 31,907
5 8 51 45 33.5 57,267
5 16 51 30 34.5 108,467
5 32 51 24 43.2 212,787
5 64 51 26 101.4 429,107
5 128 51 31 261.3 892,467
6 2 51 88 53.9 19,293
6 4 51 14 11.8 31,927
6 8 51 49 40.3 57,339
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Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 16 51 34 44 1 108,739
6 32 51 28 56.9 213,843
6 64 51 28 129.1 433,267
6 128 51 24 229.3 908,979
Table B.17: Training Metrics for N = 7 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 6.672 | 0.108 0.356 0.766 0.353
1 4 5.274 | 0.225 0.642 0.973 0.630
1 8 4.968 | 0.310 0.710 0.985 0.723
1 16 4.885 | 0.330 0.724 0.987 0.742
1 32 5.206 | 0.264 0.633 0.975 0.648
1 64 4.878 | 0.328 0.726 0.988 0.749
1 128 4.978 | 0.286 0.709 0.989 0.719
2 2 7.311 | 0.039 0.261 0.667 0.189
2 4 7.306 | 0.040 0.257 0.664 0.190
2 8 5.113 | 0.230 0.688 0.990 0.650
2 16 5.157 | 0.225 0.656 0.986 0.636
2 32 4.972 | 0.303 0.706 0.987 0.721
2 64 4.996 | 0.277 0.713 0.986 0.716
2 128 5.438 | 0.229 0.594 0.962 0.611
3 2 7.306 | 0.040 0.257 0.664 0.190
3 4 5.157 | 0.226 0.665 0.986 0.646
3 8 5.235 | 0.193 0.658 0.988 0.595
3 16 5.049 | 0.250 0.693 0.987 0.681
3 32 4.971 | 0.298 0.711 0.983 0.716
3 64 5.060 | 0.255 0.697 0.985 0.692
3 128 5.004 | 0.262 0.697 0.988 0.702
4 2 7.307 | 0.040 0.257 0.664 0.190
4 4 7.308 | 0.038 0.258 0.663 0.190
4 8 5.122 | 0.230 0.678 0.987 0.645
4 16 5.232 | 0.225 0.627 0.983 0.614
4 32 5.112 | 0.237 0.688 0.985 0.671
4 64 5.197 | 0.220 0.667 0.982 0.638
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 128 5.072 | 0.242 0.683 0.985 0.687
5 2 7.306 | 0.040 0.257 0.664 0.190
5 4 5.200 | 0.213 0.662 0.987 0.617
5 8 4.993 | 0.258 0.712 0.987 0.693
5 16 5.176 | 0.209 0.666 0.989 0.623
5 32 5.101 | 0.228 0.692 0.987 0.662
5 64 5.027 | 0.249 0.709 0.989 0.683
5 128 4.867 | 0.285 0.736 0.987 0.728
6 2 7.306 | 0.040 0.257 0.664 0.190
6 4 7.306 | 0.037 0.262 0.666 0.193
6 8 4.684 | 0.357 0.776 0.986 0.793
6 16 5.124 | 0.208 0.686 0.987 0.634
6 32 5.056 | 0.240 0.712 0.988 0.678
6 64 4.957 | 0.294 0.712 0.977 0.721
6 128 4.975 | 0.237 0.717 0.988 0.688

Table B.18: Validation Metrics for N = 7 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 6.858 | 0.046 0.307 0.762 0.213
1 4 5.760 | 0.093 0.528 0.966 0.417
1 8 5.656 | 0.109 0.549 0.980 0.442
1 16 5.558 | 0.122 0.591 0.981 0.468
1 32 5.843 | 0.091 0.519 0.975 0.401
1 64 5.591 | 0.119 0.593 0.982 0.463
1 128 5.540 | 0.112 0.610 0.984 0.479
2 2 7.293 | 0.036 0.262 0.686 0.187
2 4 7.283 | 0.044 0.254 0.669 0.195
2 8 5.466 | 0.114 0.608 0.986 0.473
2 16 5.512 | 0.115 0.588 0.984 0.464
2 32 5.541 | 0.121 0.601 0.983 0.466
2 64 5.616 | 0.120 0.613 0.979 0.476
2 128 6.033 | 0.091 0.522 0.957 0.401
3 2 7.283 | 0.044 0.254 0.669 0.195
3 4 5.581 | 0.115 0.588 0.983 0.460
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 8 5479 | 0.118 0.608 0.984 0.484
3 16 5.494 | 0.129 0.593 0.986 0.493
3 32 5.615 | 0.107 0.600 0.983 0.464
3 64 5.553 | 0.114 0.604 0.984 0.475
3 128 5.608 | 0.107 0.572 0.987 0.456
4 2 7.284 | 0.044 0.254 0.669 0.195
4 4 7.283 | 0.038 0.260 0.684 0.185
4 8 5.537 | 0.105 0.592 0.985 0.469
4 16 5.679 | 0.098 0.552 0.979 0.428
4 32 5.570 | 0.107 0.604 0.984 0.478
4 64 5.606 | 0.118 0.586 0.982 0.468
4 128 5.623 | 0.104 0.575 0.976 0.455
5 2 7.283 | 0.044 0.254 0.669 0.195
5 4 5.531 | 0.113 0.589 0.982 0.466
5 8 5.600 | 0.105 0.592 0.982 0.476
5 16 5.519 | 0.097 0.594 0.986 0.468
5 32 5.493 | 0.113 0.605 0.989 0.473
5 64 5.541 | 0.102 0.607 0.984 0.472
5 128 5.662 | 0.106 0.589 0.986 0.467
6 2 7.283 | 0.044 0.254 0.669 0.195
6 4 7.285 | 0.040 0.260 0.687 0.192
6 8 5.889 | 0.094 0.541 0.969 0.423
6 16 5.435 | 0.113 0.621 0.989 0.479
6 32 5.512 | 0.108 0.630 0.987 0.498
6 64 5.777 | 0.098 0.578 0.977 0.453
6 128 5.574 | 0.102 0.602 0.983 0.452
Table B.19: Model Metrics for N = 8 (Distinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 50 13 11.0 22,974
1 4 50 51 37.8 39,378
1 8 50 47 38.4 72,210
1 16 50 39 28.7 137,970
1 32 50 27 34.5 269,874
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Table B.19 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 64 50 26 60.2 535,218

1 128 50 25 124.0 1,072,050
2 2 50 45 32.3 22,980

2 4 50 77 62.3 39,398

2 8 50 39 37.8 72,282

2 16 50 33 31.0 138,242

2 32 50 28 44.7 270,930

2 64 50 20 62.0 539,378

2 128 50 19 121.6 1,088,562
3 2 50 46 37.7 22,986

3 4 50 16 19.3 39,418

3 8 50 54 61.8 72,354

3 16 50 36 48.8 138,514
3 32 50 31 69.8 271,986

3 64 50 32 129.9 543,538

3 128 50 19 161.0 1,105,074
4 2 50 43 40.2 22,992

4 4 50 30 375 39,438

4 8 50 51 67.9 72,426

4 16 50 47 84.9 138,786

4 32 50 27 72.7 273,042

4 64 50 26 124.9 547,698

4 128 50 21 188.5 1,121,586
5 2 50 32 35.3 22,998

5 4 50 89 120.5 39,458

5 8 50 38 60.5 72,498

5 16 50 37 68.5 139,058

5 32 50 23 67.1 274,098

5 64 50 25 127.6 551,858

5 128 50 21 226.0 1,138,098
6 2 50 46 54.2 23,004

6 4 50 17 33.9 39,478

6 8 50 40 78.8 72,570

6 16 50 32 73.9 139,330

6 32 50 28 97.8 275,154

6 64 50 23 136.8 556,018
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Table B.19 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 128 50 23 270.6 1,154,610
Table B.20: Training Metrics for N = 8 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.066 | 0.093 0.301 0.675 0.309
1 4 5.100 | 0.284 0.676 0.978 0.685
1 8 4.844 | 0.344 0.722 0.991 0.750
1 16 4.611 | 0.432 0.779 0.992 0.827
1 32 4.832 | 0.336 0.737 0.992 0.756
1 64 4.663 | 0.406 0.765 0.993 0.807
1 128 4.787 | 0.365 0.737 0.988 0.774
2 2 7.255 | 0.040 0.266 0.683 0.194
2 4 5.869 | 0.222 0.532 0.854 0.574
2 8 4.995 | 0.281 0.702 0.989 0.704
2 16 4.766 | 0.386 0.744 0.982 0.785
2 32 4.881 | 0.307 0.733 0.990 0.733
2 64 4.837 | 0.320 0.740 0.990 0.751
2 128 4.982 | 0.321 0.701 0.981 0.722
3 2 7.255 | 0.040 0.266 0.683 0.194
3 4 7.240 | 0.050 0.265 0.678 0.211
3 8 5.183 | 0.286 0.664 0.969 0.669
3 16 4.969 | 0.271 0.701 0.988 0.695
3 32 4.760 | 0.355 0.746 0.991 0.774
3 64 4.987 | 0.288 0.688 0.988 0.698
3 128 4.498 | 0.487 0.796 0.978 0.862
4 2 7.255 | 0.040 0.266 0.683 0.194
4 4 6.522 | 0.166 0.415 0.720 0.471
4 8 4.954 | 0.248 0.714 0.990 0.688
4 16 5.097 | 0.229 0.697 0.988 0.648
4 32 5.404 | 0.202 0.616 0.977 0.583
4 64 4.795 | 0.325 0.757 0.990 0.756
4 128 4.705 | 0.331 0.771 0.990 0.791
5 2 7.255 | 0.039 0.258 0.673 0.192
5 4 5.195 | 0.190 0.667 0.989 0.612
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
5 8 5.043 | 0.218 0.694 0.992 0.654
5 16 5.096 | 0.241 0.658 0.984 0.658
5 32 4.954 | 0.265 0.727 0.988 0.696
5 64 4.868 | 0.300 0.731 0.985 0.734
5 128 4.956 | 0.267 0.718 0.992 0.709
6 2 7.255 | 0.040 0.266 0.683 0.194
6 4 7.256 | 0.040 0.266 0.683 0.194
6 8 5.030 | 0.273 0.698 0.981 0.696
6 16 4.957 | 0.261 0.716 0.984 0.702
6 32 4.840 | 0.296 0.730 0.993 0.733
6 64 4.856 | 0.282 0.745 0.991 0.734
6 128 4.945 | 0.266 0.721 0.989 0.699

Table B.21: Validation Metrics for N = 8 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.326 | 0.036 0.263 0.636 0.166
1 4 5.668 | 0.109 0.557 0.978 0.425
1 8 5.605 | 0.104 0.570 0.984 0.450
1 16 5.727 | 0.100 0.568 0.980 0.426
1 32 5.497 | 0.107 0.607 0.988 0.468
1 64 5.626 | 0.106 0.597 0.987 0.462
1 128 5.764 | 0.102 0.580 0.980 0.447
2 2 7.286 | 0.039 0.253 0.667 0.182
2 4 6.723 | 0.057 0.338 0.817 0.259
2 8 5.523 | 0.107 0.608 0.985 0.472
2 16 5.841 | 0.101 0.569 0.974 0.441
2 32 5.504 | 0.109 0.621 0.989 0.488
2 64 5.498 | 0.114 0.621 0.987 0.475
2 128 5.900 | 0.108 0.564 0.971 0.428
3 2 7.286 | 0.039 0.253 0.667 0.182
3 4 7.286 | 0.036 0.245 0.659 0.179
3 8 6.020 | 0.087 0.541 0.969 0.415
3 16 5.388 | 0.105 0.627 0.992 0.494
3 32 5.557 | 0.115 0.607 0.990 0.469

Continued on next page




82 APPENDIX B. NETWORK RESULTS FOR DISTINGUISHABLE PERMANENTS
Table B.21 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 64 5.605 | 0.113 0.589 0.990 0.443
3 128 6.108 | 0.090 0.544 0.972 0.426
4 2 7.286 | 0.039 0.253 0.667 0.182
4 4 7.407 | 0.042 0.250 0.651 0.180
4 8 5.427 | 0.127 0.620 0.986 0.500
4 16 5.403 | 0.110 0.631 0.987 0.520
4 32 5.717 | 0.116 0.570 0.982 0.455
4 64 5.469 | 0.111 0.635 0.990 0.496
4 128 5.581 | 0.111 0.612 0.988 0.488
5 2 7.286 | 0.038 0.246 0.653 0.182
5 4 5.435 | 0.125 0.628 0.985 0.492
5 8 5.327 | 0.135 0.642 0.991 0.501
5 16 5.652 | 0.100 0.561 0.986 0.437
5 32 5.386 | 0.118 0.654 0.988 0.493
5 64 5.576 | 0.112 0.623 0.985 0.475
5 128 5.445 | 0.121 0.615 0.988 0.486
6 2 7.286 | 0.039 0.253 0.667 0.182
6 4 7.289 | 0.039 0.253 0.667 0.182
6 8 5.765 | 0.105 0.565 0.978 0.428
6 16 5.595 | 0.106 0.600 0.985 0.471
6 32 5.420 | 0.112 0.619 0.988 0.490
6 64 5.404 | 0.123 0.640 0.990 0.517
6 128 5.468 | 0.129 0.636 0.989 0.492
Table B.22: Model Metrics for N = 9 (Distinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 50 15 29.1 27,326
1 4 50 45 83.0 48,082
1 8 50 12 29.9 89,618
1 16 50 34 35.0 172,786
1 32 50 29 51.3 339,506
1 64 50 26 79.7 674,482
1 128 50 23 139.7 1,350,578
2 2 50 62 109.0 27,332
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Table B.22 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
2 4 50 61 124 .1 48,102

2 8 50 43 101.4 89,690

2 16 50 32 41.4 173,058

2 32 50 28 61.8 340,562

2 64 50 25 95.2 678,642

2 128 50 23 176.5 1,367,090
3 2 50 21 45.4 27,338

3 4 50 15 40.5 48,122

3 8 50 50 130.6 89,762

3 16 50 38 89.8 173,330

3 32 50 33 96.3 341,618

3 64 50 21 104.7 682,802

3 128 50 20 231.7 1,383,602
4 2 50 83 165.6 27,344

4 4 50 75 191.6 48,142

4 8 50 43 128.1 89,834

4 16 50 31 92.7 173,602

4 32 50 31 114.7 342,674

4 64 50 24 149.4 686,962

4 128 50 18 229.5 1,400,114
5 2 50 76 168.5 27,350

5 4 50 16 52.8 48,162

5 8 50 49 165.2 89,906

5 16 50 32 107.0 173,874
5 32 50 25 116.4 343,730

5 64 50 21 158.3 691,122

5 128 50 24 365.3 1,416,626
6 2 50 82 200.3 27,356

6 4 50 16 57.6 48,182

6 8 50 69 251.4 89,978

6 16 50 31 137.7 174,146
6 32 50 33 177.4 344,786

6 64 50 25 220.6 695,282

6 128 50 25 412.7 1,433,138
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Table B.23: Training Metrics for N = 9 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 6.912 | 0.103 0.326 0.694 0.349
1 4 4.665 | 0.465 0.789 0.968 0.856
1 8 6.812 | 0.120 0.343 0.713 0.376
1 16 4.813 | 0.349 0.737 0.986 0.761
1 32 4.429 | 0.499 0.813 0.992 0.866
1 64 4.422 | 0.486 0.822 0.992 0.872
1 128 4.685 | 0.405 0.730 0.986 0.795
2 2 7.249 | 0.039 0.261 0.683 0.189
2 4 4.933 | 0.262 0.733 0.992 0.705
2 8 4.461 | 0.459 0.820 0.989 0.858
2 16 4.840 | 0.323 0.734 0.988 0.758
2 32 4.698 | 0.368 0.766 0.990 0.793
2 64 5.024 | 0.295 0.653 0.982 0.704
2 128 4.297 | 0.523 0.850 0.993 0.892
3 2 7.236 | 0.047 0.261 0.677 0.213
3 4 7.234 | 0.046 0.254 0.671 0.196
3 8 5.059 | 0.268 0.690 0.984 0.678
3 16 4.651 | 0.359 0.768 0.995 0.792
3 32 4.689 | 0.353 0.760 0.990 0.784
3 64 4.686 | 0.374 0.761 0.988 0.805
3 128 4.275 | 0.541 0.835 0.989 0.902
4 2 7.249 | 0.039 0.261 0.683 0.189
4 4 7.249 | 0.039 0.261 0.683 0.189
4 8 4.740 | 0.335 0.762 0.989 0.776
4 16 4.743 | 0.332 0.744 0.989 0.766
4 32 4.878 | 0.267 0.730 0.993 0.708
4 64 4.459 | 0.475 0.796 0.985 0.857
4 128 5.137 | 0.283 0.618 0.968 0.682
5 2 7.249 | 0.039 0.261 0.683 0.189
5 4 7.072 | 0.085 0.299 0.672 0.295
5 8 4.540 | 0.356 0.806 0.991 0.815
5 16 5.121 | 0.208 0.686 0.989 0.642
5 32 4.939 | 0.248 0.707 0.992 0.686
5 64 4.962 | 0.321 0.688 0.973 0.739
5 128 4.642 | 0.331 0.779 0.992 0.786
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 2 7.249 | 0.039 0.261 0.683 0.189
6 4 7.253 | 0.038 0.255 0.676 0.186
6 8 4.922 | 0.244 0.718 0.992 0.688
6 16 4.773 | 0.323 0.751 0.987 0.763
6 32 4.810 | 0.270 0.755 0.993 0.736
6 64 4.643 | 0.346 0.768 0.992 0.793
6 128 4.557 | 0.366 0.799 0.992 0.817

Table B.24: Validation Metrics for N = 9 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.301 | 0.033 0.248 0.665 0.179
1 4 6.537 | 0.067 0.444 0.916 0.315
1 8 7.266 | 0.038 0.264 0.681 0.190
1 16 5.563 | 0.111 0.580 0.988 0.450
1 32 5.807 | 0.096 0.567 0.986 0.439
1 64 5.667 | 0.103 0.603 0.987 0.456
1 128 5.914 | 0.098 0.554 0.983 0.407
2 2 7.259 | 0.038 0.266 0.679 0.198
2 4 5.366 | 0.104 0.654 0.989 0.490
2 8 5.735 | 0.092 0.586 0.986 0.436
2 16 5.508 | 0.100 0.604 0.986 0.456
2 32 5.562 | 0.109 0.608 0.988 0.473
2 64 5.792 | 0.097 0.540 0.989 0.403
2 128 5.796 | 0.100 0.575 0.987 0.453
3 2 7.261 | 0.036 0.267 0.670 0.182
3 4 7.261 | 0.037 0.252 0.673 0.183
3 8 5.542 | 0.094 0.621 0.984 0.472
3 16 5.580 | 0.109 0.609 0.986 0.479
3 32 5.643 | 0.106 0.597 0.984 0.483
3 64 5.818 | 0.102 0.571 0.978 0.449
3 128 6.171 | 0.093 0.545 0.970 0.434
4 2 7.259 | 0.038 0.266 0.679 0.198
4 4 7.259 | 0.038 0.266 0.679 0.198
4 8 5.507 | 0.101 0.610 0.989 0.480
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Table B.24 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 16 5.679 | 0.110 0.591 0.986 0.450
4 32 5.436 | 0.108 0.638 0.992 0.509
4 64 6.044 | 0.097 0.561 0.972 0.450
4 128 6.316 | 0.075 0.487 0.965 0.367
5 2 7.259 | 0.038 0.266 0.679 0.198
5 4 7.323 | 0.027 0.239 0.659 0.170
5 8 5.642 | 0.109 0.616 0.988 0.470
5 16 5.516 | 0.109 0.607 0.985 0.476
5 32 5.474 | 0.106 0.610 0.989 0.473
5 64 6.205 | 0.091 0.513 0.962 0.385
5 128 5.629 | 0.084 0.615 0.986 0.452
6 2 7.259 | 0.038 0.266 0.679 0.198
6 4 7.264 | 0.035 0.255 0.680 0.178
6 8 5.326 | 0.116 0.632 0.995 0.517
6 16 5.630 | 0.116 0.604 0.984 0.468
6 32 5.404 | 0.113 0.636 0.990 0.502
6 64 5.625 | 0.099 0.596 0.987 0.456
6 128 5.784 | 0.110 0.599 0.989 0.461

Table B.25: Model Metrics for N = 10 (Distinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters

1 2 51 14 46.2 32,319

1 4 51 108 280.2 57,939

1 8 51 40 121.7 109,203

1 16 51 33 47.7 211,827

1 32 51 30 66.7 417,459

1 64 51 23 98.6 830,259

1 128 51 22 175.9 1,662,003

2 2 51 11 42.5 32,325

2 4 51 74 220.7 57,959

2 8 51 48 181.5 109,275

2 16 51 36 67.4 212,099

2 32 51 30 82.1 418,515

2 64 51 20 107.1 834,419
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Table B.25 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
2 128 51 18 183.0 1,678,515
3 2 51 20 82.9 32,331

3 4 51 13 57.0 57,979

3 8 51 37 170.7 109,347
3 16 51 33 175.7 212,371

3 32 51 29 148.6 419,571

3 64 51 20 155.8 838,579

3 128 51 18 248.4 1,695,027
4 2 51 11 59.1 32,337

4 4 51 15 75.5 57,999

4 8 51 12 78.5 109,419
4 16 51 27 170.7 212,643
4 32 51 27 167.4 420,627

4 64 51 25 222.8 842,739

4 128 51 20 321.7 1,711,539
5 2 51 44 227 1 32,343

5 4 51 28 166.0 58,019

5 8 51 54 311.8 109,491
5 16 51 33 200.4 212,915
5 32 51 24 159.7 421,683

5 64 51 26 251.6 846,899

5 128 51 22 458.8 1,728,051
6 2 51 43 2451 32,349

6 4 51 19 120.5 58,039

6 8 51 30 202.4 109,563
6 16 51 32 246.6 213,187
6 32 51 28 209.5 422,739

6 64 51 27 305.7 851,059

6 128 51 25 568.8 1,744,563

Table B.26: Training Metrics for N = 10 (Distinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.021 | 0.106 0.306 0.652 0.333
1 4 4.623 | 0.425 0.800 0.979 0.833
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Table B.26 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 8 4.687 | 0.403 0.758 0.989 0.810
1 16 4.288 | 0.556 0.858 0.990 0.905
1 32 4.428 | 0.493 0.816 0.992 0.871
1 64 4.259 | 0.575 0.852 0.994 0.906
1 128 4.150 | 0.610 0.867 0.995 0.925
2 2 7.190 | 0.068 0.280 0.671 0.256
2 4 4.953 | 0.255 0.722 0.992 0.695
2 8 4.661 | 0.370 0.771 0.995 0.798
2 16 4.553 | 0.455 0.782 0.989 0.839
2 32 4.444 | 0.489 0.789 0.991 0.865
2 64 4.023 | 0.659 0.890 0.995 0.949
2 128 4.443 | 0.524 0.780 0.985 0.873
3 2 7.170 | 0.072 0.280 0.665 0.267
3 4 7.119 | 0.080 0.280 0.651 0.297
3 8 4.308 | 0.488 0.857 0.986 0.891
3 16 4.460 | 0.439 0.814 0.993 0.846
3 32 4.685 | 0.355 0.757 0.996 0.780
3 64 4.068 | 0.624 0.887 0.995 0.941
3 128 4.022 | 0.645 0.894 0.994 0.940
4 2 7.278 | 0.043 0.262 0.681 0.196
4 4 7.274 | 0.043 0.262 0.681 0.198
4 8 6.888 | 0.117 0.324 0.672 0.376
4 16 4.284 | 0.543 0.835 0.976 0.896
4 32 4.714 | 0.340 0.761 0.991 0.781
4 64 4.477 | 0.420 0.808 0.990 0.842
4 128 4.569 | 0.423 0.752 0.988 0.834
5 2 7.273 | 0.043 0.262 0.681 0.198
5 4 7.273 | 0.041 0.266 0.675 0.197
5 8 5.391 | 0.203 0.613 0.978 0.590
5 16 4.679 | 0.347 0.765 0.994 0.785
5 32 4.527 | 0.408 0.799 0.993 0.831
5 64 4.239 | 0.508 0.859 0.991 0.900
5 128 4.970 | 0.309 0.692 0.975 0.731
6 2 7.273 | 0.043 0.262 0.681 0.198
6 4 7.272 | 0.038 0.267 0.681 0.194
6 8 7.274 | 0.043 0.262 0.681 0.193
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Table B.26 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 16 4.562 | 0.382 0.796 0.989 0.816
6 32 4.713 | 0.308 0.761 0.993 0.757
6 64 4.449 | 0.401 0.817 0.993 0.843
6 128 4.257 | 0.474 0.854 0.992 0.886
Table B.27: Validation Metrics for N = 10 (Distinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.401 | 0.037 0.222 0.634 0.167
1 4 6.182 | 0.075 0.500 0.955 0.378
1 8 5.675 | 0.094 0.564 0.979 0.443
1 16 6.035 | 0.075 0.550 0.974 0.405
1 32 5.732 | 0.099 0.592 0.984 0.455
1 64 5.875 | 0.094 0.583 0.983 0.429
1 128 5.902 | 0.091 0.577 0.985 0.449
2 2 7.306 | 0.042 0.247 0.668 0.175
2 4 5.378 | 0.119 0.628 0.989 0.493
2 8 5.528 | 0.108 0.604 0.988 0.470
2 16 5.730 | 0.099 0.598 0.987 0.454
2 32 5.961 | 0.083 0.561 0.982 0.426
2 64 6.168 | 0.089 0.565 0.977 0.417
2 128 6.281 | 0.088 0.517 0.969 0.391
3 2 7.309 | 0.032 0.239 0.661 0.172
3 4 7.344 | 0.031 0.226 0.640 0.166
3 8 6.120 | 0.084 0.538 0.968 0.383
3 16 5.615 | 0.095 0.599 0.989 0.478
3 32 5.505 | 0.109 0.620 0.993 0.489
3 64 6.040 | 0.086 0.567 0.987 0.430
3 128 6.151 | 0.099 0.572 0.982 0.418
4 2 7.278 | 0.039 0.259 0.686 0.188
4 4 7.277 | 0.038 0.260 0.687 0.180
4 8 7.363 | 0.029 0.224 0.624 0.160
4 16 6.336 | 0.083 0.531 0.962 0.388
4 32 5.511 | 0.118 0.629 0.989 0.479
4 64 5.724 | 0.098 0.614 0.988 0.465
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Table B.27 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 128 6.255 | 0.087 0.530 0.977 0.395
5 2 7.273 | 0.038 0.260 0.687 0.180
5 4 7.277 | 0.037 0.255 0.683 0.184
5 8 5.886 | 0.094 0.549 0.977 0.418
5 16 5.505 | 0.105 0.610 0.991 0.478
5 32 5.613 | 0.102 0.615 0.986 0.468
5 64 5.952 | 0.104 0.602 0.988 0.459
5 128 5.988 | 0.092 0.544 0.975 0.413
6 2 7.273 | 0.038 0.260 0.687 0.180
6 4 7.275 | 0.036 0.261 0.687 0.186
6 8 7.274 | 0.038 0.260 0.687 0.176
6 16 5.644 | 0.114 0.616 0.984 0.494
6 32 5.468 | 0.116 0.640 0.993 0.503
6 64 5.687 | 0.109 0.601 0.990 0.483
6 128 6.000 | 0.104 0.591 0.988 0.445




Network Results for

Appendix C

Indistinguishable Permanents

Table C.1: Model Metrics for N = 2 (Indistinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 72 126 48.9 10,452

1 4 72 199 73.9 11,496
1 8 72 236 87.7 13,608
1 16 72 157 213.9 17,928
1 32 72 147 244.3 26,952

1 64 72 120 284.6 46,536

1 128 72 104 281.7 91,848
2 2 72 27 13.1 10,458
2 4 72 231 91.2 11,516
2 8 72 199 80.2 13,680
2 16 72 126 184.2 18,200
2 32 72 83 144.4 28,008
2 64 72 83 208.6 50,696
2 128 72 58 185.7 108,360
3 2 72 38 20.4 10,464
3 4 72 270 124.2 11,536
3 8 72 176 81.3 13,752
3 16 72 113 194.0 18,472
3 32 72 71 144 1 29,064
3 64 72 51 159.0 54,856
3 128 72 50 204.1 124,872
4 2 72 90 48.2 10,470

Continued on next page
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Table C.1 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 4 72 157 79.9 11,556
4 8 72 124 64.0 13,824
4 16 72 102 194 .4 18,744
4 32 72 76 176.3 30,120
4 64 72 74 263.0 59,016
4 128 72 56 287.8 141,384
5 2 72 74 42.9 10,476
5 4 72 86 49.3 11,576
5 8 72 115 61.9 13,896
5 16 72 101 219.8 19,016
5 32 72 59 157.4 31,176
5 64 72 58 241.6 63,176
5 128 72 45 273.1 157,896
6 2 72 69 46.8 10,482
6 4 72 21 16.5 11,596
6 8 72 98 57.4 13,968
6 16 72 83 206.0 19,288
6 32 72 64 185.9 32,232
6 64 72 58 284.8 67,336
6 128 72 41 301.8 174,408

Table C.2: Training Metrics for N = 2 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.366 | 0.059 0.265 0.641 0.237

1 4 6.594 | 0.100 0.406 0.815 0.362

1 8 6.184 | 0.143 0.496 0.817 0.464

1 16 6.032 | 0.166 0.511 0.822 0.500

1 32 6.034 | 0.162 0.509 0.805 0.493

1 64 6.049 | 0.149 0.516 0.811 0.479

1 128 5.955 | 0.157 0.529 0.831 0.502

2 2 7.718 | 0.038 0.215 0.576 0.172

2 4 6.282 | 0.107 0.453 0.843 0.392

2 8 6.123 | 0.131 0.532 0.824 0.468

2 16 6.011 | 0.136 0.530 0.820 0.463
Continued on next page




93

Table C.2 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 32 5.995 | 0.136 0.524 0.829 0.473
2 64 6.022 | 0.152 0.532 0.802 0.492
2 128 5.933 | 0.143 0.527 0.833 0.473
3 2 7.707 | 0.040 0.219 0.577 0.176
3 4 7.079 | 0.080 0.315 0.714 0.286
3 8 6.026 | 0.116 0.513 0.835 0.428
3 16 6.003 | 0.126 0.514 0.820 0.450
3 32 5.931 | 0.136 0.540 0.818 0.481
3 64 6.064 | 0.114 0.493 0.834 0.421
3 128 5.922 | 0.148 0.535 0.821 0.492
4 2 7.850 | 0.031 0.202 0.548 0.147
4 4 5.988 | 0.139 0.530 0.821 0.464
4 8 6.033 | 0.136 0.530 0.817 0.478
4 16 5.945 | 0.143 0.536 0.815 0.475
4 32 5.935 | 0.145 0.543 0.818 0.492
4 64 5.866 | 0.149 0.549 0.822 0.495
4 128 5.884 | 0.160 0.540 0.816 0.507
5 2 7.850 | 0.031 0.202 0.548 0.147
5 4 7.850 | 0.031 0.202 0.548 0.147
5 8 5.891 | 0.159 0.555 0.816 0.505
5 16 5.921 | 0.163 0.541 0.807 0.510
5 32 5.947 | 0.143 0.539 0.818 0.492
5 64 5.933 | 0.150 0.524 0.810 0.492
5 128 5.914 | 0.145 0.536 0.833 0.480
6 2 7.850 | 0.031 0.202 0.548 0.147
6 4 7.850 | 0.031 0.202 0.548 0.147
6 8 6.235 | 0.129 0.498 0.801 0.444
6 16 5.856 | 0.153 0.549 0.824 0.495
6 32 5.861 | 0.154 0.554 0.818 0.507
6 64 5.933 | 0.140 0.520 0.820 0.474
6 128 6.016 | 0.120 0.521 0.834 0.438
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Table C.3: Validation Metrics for N = 2 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.505 | 0.039 0.262 0.634 0.185
1 4 6.739 | 0.065 0.383 0.814 0.292
1 8 6.503 | 0.079 0.445 0.799 0.344
1 16 6.464 | 0.077 0.450 0.819 0.354
1 32 6.349 | 0.083 0.462 0.804 0.367
1 64 6.334 | 0.086 0.465 0.814 0.372
1 128 6.257 | 0.087 0.491 0.838 0.380
2 2 7.772 | 0.030 0.208 0.552 0.150
2 4 6.442 | 0.082 0.430 0.827 0.326
2 8 6.326 | 0.090 0.508 0.814 0.394
2 16 6.151 | 0.088 0.506 0.843 0.381
2 32 6.189 | 0.088 0.500 0.850 0.393
2 64 6.217 | 0.108 0.516 0.823 0.426
2 128 6.152 | 0.084 0.499 0.858 0.385
3 2 7.777 | 0.025 0.216 0.569 0.133
3 4 7.258 | 0.047 0.290 0.703 0.219
3 8 6.230 | 0.080 0.477 0.819 0.346
3 16 6.134 | 0.077 0.504 0.832 0.370
3 32 6.069 | 0.100 0.528 0.846 0.410
3 64 6.199 | 0.078 0.488 0.857 0.364
3 128 6.168 | 0.094 0.502 0.841 0.387
4 2 7.884 | 0.027 0.191 0.531 0.144
4 4 6.199 | 0.090 0.503 0.803 0.407
4 8 6.223 | 0.098 0.502 0.812 0.406
4 16 6.059 | 0.099 0.525 0.839 0.418
4 32 6.089 | 0.098 0.533 0.844 0.430
4 64 6.030 | 0.098 0.538 0.845 0.433
4 128 6.107 | 0.100 0.515 0.836 0.428
5 2 7.884 | 0.027 0.191 0.531 0.144
5 4 7.884 | 0.027 0.191 0.531 0.144
5 8 6.163 | 0.089 0.519 0.799 0.427
5 16 6.084 | 0.104 0.538 0.826 0.451
5 32 6.087 | 0.105 0.526 0.842 0.433
5 64 6.135 | 0.108 0.517 0.834 0.428
5 128 6.130 | 0.082 0.499 0.846 0.388
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 2 7.884 | 0.027 0.191 0.531 0.144
6 4 7.882 | 0.027 0.191 0.531 0.144
6 8 6.389 | 0.099 0.481 0.791 0.408
6 16 6.032 | 0.099 0.533 0.848 0.435
6 32 6.063 | 0.092 0.534 0.840 0.420
6 64 6.115 | 0.103 0.512 0.847 0.401
6 128 6.204 | 0.071 0.502 0.852 0.359
Table C.4: Model Metrics for N = 3 (Indistinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 78 77 55.4 12,506
1 4 78 123 90.4 14,830
1 8 78 35 34.8 19,502
1 16 78 28 123.7 28,942
1 32 78 50 232.7 48,206
1 64 78 41 223.6 88,270
1 128 78 31 166.5 174,542
2 2 78 15 17.7 12,512
2 4 78 158 123.1 14,850
2 8 78 80 79.8 19,574
2 16 78 58 211.5 29,214
2 32 78 37 171.8 49,262
2 64 78 36 204.5 92,430
2 128 78 33 221.4 191,054
3 2 78 26 30.3 12,518
3 4 78 137 120.6 14,870
3 8 78 67 79.4 19,646
3 16 78 47 246.6 29,486
3 32 78 43 2721 50,318
3 64 78 34 240.7 96,590
3 128 78 29 266.6 207,566
4 2 78 93 89.7 12,524
4 4 78 83 85.4 14,890
4 8 78 71 89.4 19,718
Continued on next page
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Table C.4 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 16 78 47 275.0 29,758
4 32 78 38 270.7 51,374
4 64 78 30 252.1 100,750
4 128 78 33 352.1 224,078
5 2 78 91 99.8 12,530
5 4 78 17 27.5 14,910
5 8 78 68 99.0 19,790
5 16 78 42 288.6 30,030
5 32 78 42 335.6 52,430
5 64 78 39 397.9 104,910
5 128 78 34 413.9 240,590
6 2 78 91 108.7 12,536
6 4 78 24 36.9 14,930
6 8 78 70 110.6 19,862
6 16 78 39 298.1 30,302
6 32 78 36 323.9 53,486
6 64 78 34 374.4 109,070
6 128 78 38 544.2 257,102

Table C.5: Training Metrics for N = 3 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.571 | 0.059 0.249 0.596 0.234

1 4 7.092 | 0.107 0.322 0.671 0.337

1 8 7.381 | 0.061 0.266 0.647 0.240

1 16 7.380 | 0.071 0.279 0.644 0.264

1 32 7.060 | 0.100 0.323 0.687 0.335

1 64 7.154 | 0.100 0.313 0.667 0.316

1 128 7.189 | 0.091 0.309 0.657 0.314

2 2 8.015 | 0.026 0.180 0.489 0.141

2 4 7.143 | 0.089 0.315 0.689 0.307

2 8 7.059 | 0.101 0.336 0.684 0.340

2 16 7.079 | 0.098 0.323 0.689 0.332

2 32 7.042 | 0.107 0.337 0.690 0.344

2 64 6.955 | 0.116 0.352 0.695 0.366
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 128 6.960 | 0.118 0.355 0.693 0.362
3 2 8.015 | 0.029 0.185 0.513 0.138
3 4 7.117 | 0.086 0.322 0.699 0.310
3 8 7.087 | 0.090 0.326 0.703 0.320
3 16 7.078 | 0.100 0.325 0.673 0.338
3 32 6.994 | 0.104 0.341 0.704 0.349
3 64 7.024 | 0.104 0.337 0.689 0.337
3 128 6.985 | 0.106 0.345 0.700 0.349
4 2 8.017 | 0.029 0.186 0.513 0.137
4 4 7.183 | 0.086 0.317 0.698 0.310
4 8 7.032 | 0.099 0.328 0.705 0.330
4 16 7.042 | 0.098 0.333 0.705 0.324
4 32 7.024 | 0.101 0.327 0.696 0.326
4 64 6.996 | 0.100 0.338 0.709 0.336
4 128 6.956 | 0.106 0.348 0.707 0.346
5 2 8.017 | 0.029 0.186 0.513 0.137
5 4 8.019 | 0.026 0.182 0.511 0.131
5 8 7.073 | 0.092 0.327 0.695 0.321
5 16 7.070 | 0.092 0.318 0.698 0.312
5 32 6.979 | 0.103 0.339 0.706 0.343
5 64 6.860 | 0.121 0.356 0.699 0.374
5 128 7.019 | 0.095 0.333 0.714 0.320
6 2 8.017 | 0.029 0.186 0.513 0.137
6 4 8.019 | 0.030 0.183 0.516 0.138
6 8 7.025 | 0.106 0.343 0.695 0.341
6 16 7.081 | 0.086 0.326 0.696 0.307
6 32 7.028 | 0.091 0.326 0.707 0.318
6 64 7.003 | 0.095 0.340 0.708 0.334
6 128 6.963 | 0.102 0.344 0.711 0.347
Table C.6: Validation Metrics for N = 3 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 7.709 | 0.033 0.212 0.584 0.162
1 4 7.515 | 0.040 0.242 0.641 0.186
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 8 7.487 | 0.044 0.234 0.643 0.190
1 16 7.525 | 0.041 0.261 0.640 0.200
1 32 7.489 | 0.043 0.276 0.652 0.191
1 64 7.495 | 0.038 0.257 0.636 0.191
1 128 7.525 | 0.045 0.260 0.645 0.189
2 2 8.012 | 0.020 0.169 0.468 0.123
2 4 7.386 | 0.044 0.266 0.683 0.197
2 8 7.455 | 0.039 0.263 0.657 0.197
2 16 7.423 | 0.044 0.274 0.673 0.199
2 32 7.493 | 0.040 0.266 0.655 0.184
2 64 7.516 | 0.047 0.263 0.661 0.199
2 128 7.462 | 0.040 0.271 0.668 0.192
3 2 8.015 | 0.024 0.191 0.513 0.124
3 4 7.333 | 0.049 0.279 0.693 0.208
3 8 7.347 | 0.041 0.289 0.677 0.203
3 16 7.459 | 0.043 0.276 0.656 0.191
3 32 7.428 | 0.043 0.277 0.688 0.198
3 64 7.426 | 0.044 0.262 0.662 0.203
3 128 7.488 | 0.038 0.255 0.656 0.187
4 2 8.013 | 0.024 0.190 0.513 0.123
4 4 7.382 | 0.048 0.272 0.682 0.212
4 8 7.325 | 0.045 0.280 0.676 0.209
4 16 7.338 | 0.038 0.273 0.688 0.204
4 32 7.404 | 0.049 0.254 0.671 0.197
4 64 7.399 | 0.048 0.274 0.680 0.200
4 128 7.456 | 0.043 0.282 0.670 0.210
5 2 8.013 | 0.024 0.190 0.513 0.123
5 4 8.015 | 0.031 0.192 0.519 0.132
5 8 7.350 | 0.049 0.280 0.685 0.202
5 16 7.386 | 0.052 0.262 0.677 0.209
5 32 7.409 | 0.041 0.273 0.677 0.205
5 64 7.443 | 0.048 0.284 0.684 0.205
5 128 7.360 | 0.046 0.289 0.691 0.198
6 2 8.013 | 0.024 0.190 0.513 0.123
6 4 8.021 | 0.020 0.179 0.514 0.129
6 8 7.420 | 0.048 0.276 0.662 0.208
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 16 7.344 | 0.046 0.274 0.691 0.209
6 32 7.413 | 0.043 0.265 0.698 0.202
6 64 7.405 | 0.048 0.267 0.684 0.208
6 128 7.424 | 0.043 0.263 0.680 0.193
Table C.7: Model Metrics for N = 4 (Indistinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 82 42 77.5 14,814
1 4 82 72 153.3 18,930
1 8 82 36 90.1 27,186
1 16 82 24 14.9 43,794
1 32 82 20 15.6 77,394
1 64 82 20 20.3 146,130
1 128 82 18 40.6 289,746
2 2 82 38 70.8 14,820
2 4 82 51 116.2 18,950
2 8 82 27 75.1 27,258
2 16 82 26 18.6 44,066
2 32 82 20 19.2 78,450
2 64 82 18 21.9 150,290
2 128 82 17 45.8 306,258
3 2 82 80 159.7 14,826
3 4 82 46 134.3 18,970
3 8 82 37 115.2 27,330
3 16 82 33 24.1 44,338
3 32 82 21 19.2 79,506
3 64 82 18 23.8 154,450
3 128 82 17 58.1 322,770
4 2 82 78 168.7 14,832
4 4 82 34 102.6 18,990
4 8 82 33 112.4 27,402
4 16 82 35 27.3 44,610
4 32 82 28 32.1 80,562
4 64 82 21 37.7 158,610

Continued on next page




100 APPENDIX C. NETWORK RESULTS FOR INDISTINGUISHABLE PERMANENTS

Table C.7 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
4 128 82 23 83.8 339,282
5 2 82 73 169.6 14,838
5 4 82 19 69.3 19,010
5 8 82 40 145.8 27,474
5 16 82 33 120.7 44,882
5 32 82 22 102.3 81,618
5 64 82 22 107.7 162,770
5 128 82 28 75.7 355,794
6 2 82 19 58.8 14,844
6 4 82 23 90.9 19,030
6 8 82 32 126.6 27,546
6 16 82 42 165.0 45,154
6 32 82 27 140.6 82,674
6 64 82 23 136.9 166,930
6 128 82 20 62.7 372,306

Table C.8: Training Metrics for N = 4 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)

1 2 7.936 | 0.046 0.201 0.507 0.185

1 4 7.357 | 0.102 0.295 0.598 0.319

1 8 7.526 | 0.063 0.258 0.613 0.232

1 16 7.427 | 0.082 0.268 0.604 0.279

1 32 7.432 | 0.082 0.262 0.596 0.274

1 64 7.376 | 0.084 0.275 0.607 0.304

1 128 7.405 | 0.088 0.274 0.596 0.291

2 2 7.789 | 0.055 0.221 0.533 0.217

2 4 7.548 | 0.057 0.245 0.608 0.222

2 8 7.481 | 0.071 0.266 0.615 0.252

2 16 7.412 | 0.088 0.270 0.601 0.293

2 32 7.279 | 0.114 0.306 0.603 0.356

2 64 7.383 | 0.088 0.281 0.603 0.301

2 128 7.276 | 0.101 0.294 0.619 0.340

3 2 8.099 | 0.026 0.171 0.489 0.128

3 4 7.494 | 0.080 0.263 0.583 0.274
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 8 7.329 | 0.097 0.297 0.620 0.317
3 16 7.332 | 0.089 0.288 0.618 0.299
3 32 7.415 | 0.080 0.268 0.608 0.284
3 64 7.418 | 0.080 0.276 0.601 0.279
3 128 7.290 | 0.097 0.297 0.614 0.321
4 2 8.099 | 0.026 0.171 0.489 0.128
4 4 7.894 | 0.050 0.201 0.509 0.197
4 8 7.511 | 0.063 0.261 0.618 0.237
4 16 7.387 | 0.076 0.269 0.618 0.271
4 32 7.409 | 0.071 0.266 0.606 0.264
4 64 7.308 | 0.096 0.295 0.613 0.302
4 128 7.240 | 0.105 0.306 0.625 0.331
5 2 8.099 | 0.027 0.172 0.477 0.128
5 4 8.094 | 0.025 0.167 0.463 0.127
5 8 7.421 | 0.076 0.273 0.620 0.264
5 16 7.394 | 0.078 0.273 0.627 0.269
5 32 7.424 | 0.077 0.272 0.611 0.273
5 64 7.241 | 0.106 0.300 0.626 0.328
5 128 7.367 | 0.083 0.279 0.614 0.284
6 2 8.100 | 0.026 0.171 0.489 0.127
6 4 8.098 | 0.027 0.170 0.477 0.127
6 8 7.346 | 0.080 0.280 0.615 0.285
6 16 7.245 | 0.096 0.297 0.636 0.313
6 32 7.284 | 0.093 0.301 0.624 0.309
6 64 7177 | 0.109 0.315 0.629 0.359
6 128 7.378 | 0.077 0.267 0.616 0.277
Table C.9: Validation Metrics for N = 4 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.068 | 0.030 0.176 0.509 0.127
1 4 7.857 | 0.030 0.200 0.568 0.155
1 8 7.646 | 0.040 0.225 0.599 0.172
1 16 7.720 | 0.038 0.248 0.590 0.164
1 32 7.718 | 0.040 0.229 0.587 0.175
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Table C.9 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 64 7.739 | 0.037 0.232 0.596 0.167
1 128 7.806 | 0.032 0.204 0.581 0.160
2 2 7.975 | 0.029 0.189 0.515 0.140
2 4 7.661 | 0.044 0.231 0.594 0.169
2 8 7.653 | 0.040 0.239 0.596 0.176
2 16 7.744 | 0.034 0.220 0.584 0.167
2 32 7.803 | 0.039 0.235 0.579 0.164
2 64 7.772 | 0.039 0.246 0.588 0.165
2 128 7.770 | 0.041 0.224 0.576 0.177
3 2 8.104 | 0.026 0.168 0.497 0.126
3 4 7.800 | 0.031 0.211 0.542 0.153
3 8 7.774 | 0.032 0.216 0.577 0.157
3 16 7.669 | 0.040 0.238 0.603 0.181
3 32 7.712 | 0.039 0.238 0.610 0.164
3 64 7.725 | 0.032 0.242 0.594 0.168
3 128 7.759 | 0.036 0.218 0.580 0.163
4 2 8.104 | 0.026 0.168 0.497 0.126
4 4 8.114 | 0.021 0.167 0.470 0.108
4 8 7.645 | 0.038 0.223 0.589 0.171
4 16 7.657 | 0.042 0.249 0.616 0.170
4 32 7.661 | 0.037 0.239 0.596 0.173
4 64 7.731 | 0.033 0.239 0.591 0.170
4 128 7.763 | 0.033 0.208 0.566 0.161
5 2 8.104 | 0.029 0.177 0.488 0.126
5 4 8.105 | 0.025 0.178 0.469 0.127
5 8 7.622 | 0.042 0.236 0.590 0.189
5 16 7.678 | 0.031 0.225 0.599 0.173
5 32 7.700 | 0.032 0.230 0.592 0.164
5 64 7.784 | 0.037 0.214 0.577 0.162
5 128 7.677 | 0.036 0.231 0.591 0.159
6 2 8.105 | 0.026 0.168 0.497 0.124
6 4 8.104 | 0.028 0.176 0.489 0.132
6 8 7.680 | 0.038 0.230 0.588 0.170
6 16 7.644 | 0.032 0.231 0.606 0.170
6 32 7.683 | 0.035 0.217 0.585 0.176
6 64 7.791 | 0.033 0.208 0.568 0.169
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 128 7.645 | 0.038 0.227 0.604 0.161
Table C.10: Model Metrics for N = 5 (Indistinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 83 19 69.8 17,247
1 4 83 14 62.9 23,667
1 8 83 32 157.8 36,531
1 16 83 25 25.3 62,355
1 32 83 22 26.0 114,387
1 64 83 20 32.0 219,987
1 128 83 17 47.5 437,331
2 2 83 50 167.7 17,253
2 4 83 30 133.9 23,687
2 8 83 27 149.6 36,603
2 16 83 25 32.3 62,627
2 32 83 21 31.6 115,443
2 64 83 18 36.8 224,147
2 128 83 17 71.3 453,843
3 2 83 21 83.7 17,259
3 4 83 97 414.2 23,707
3 8 83 31 193.7 36,675
3 16 83 24 36.5 62,899
3 32 83 20 49.1 116,499
3 64 83 18 49.5 228,307
3 128 83 19 72.5 470,355
4 2 83 16 75.6 17,265
4 4 83 16 97.9 23,727
4 8 83 38 244.5 36,747
4 16 83 27 52.1 63,171
4 32 83 21 48.8 117,555
4 64 83 19 57.2 232,467
4 128 83 18 80.5 486,867
5 2 83 12 72.4 17,271
5 4 83 42 225.0 23,747
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Table C.10 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
5 8 83 22 166.1 36,819
5 16 83 25 130.1 63,443
5 32 83 26 160.7 118,611
5 64 83 18 119.9 236,627
5 128 83 18 77.7 503,379
6 2 83 104 419.4 17,277
6 4 83 18 113.4 23,767
6 8 83 40 335.0 36,891
6 16 83 33 191.9 63,715
6 32 83 20 140.8 119,667
6 64 83 20 146.2 240,787
6 128 83 20 101.2 519,891

Table C.11: Training Metrics for N = 5 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.146 | 0.030 0.168 0.475 0.133
1 4 8.006 | 0.057 0.205 0.480 0.215
1 8 7.443 | 0.109 0.287 0.566 0.323
1 16 7.418 | 0.098 0.284 0.571 0.321
1 32 7.316 | 0.120 0.302 0.573 0.369
1 64 7.209 | 0.135 0.320 0.584 0.396
1 128 7.204 | 0.138 0.320 0.596 0.392
2 2 7.814 | 0.068 0.223 0.521 0.233
2 4 7.880 | 0.063 0.215 0.496 0.229
2 8 7.644 | 0.061 0.233 0.571 0.227
2 16 7.386 | 0.110 0.289 0.570 0.339
2 32 7.225 | 0.134 0.325 0.587 0.392
2 64 7.281 | 0.130 0.319 0.582 0.376
2 128 7.225 | 0.138 0.330 0.587 0.380
3 2 8.156 | 0.025 0.167 0.479 0.126
3 4 8.155 | 0.025 0.167 0.479 0.126
3 8 7.276 | 0.132 0.316 0.575 0.379
3 16 7.392 | 0.104 0.283 0.581 0.331
3 32 7.163 | 0.139 0.334 0.588 0.407
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 64 7.206 | 0.139 0.321 0.583 0.397
3 128 6.830 | 0.194 0.399 0.623 0.496
4 2 8.136 | 0.038 0.179 0.476 0.148
4 4 8.140 | 0.033 0.173 0.467 0.143
4 8 7.604 | 0.073 0.246 0.571 0.255
4 16 7.523 | 0.078 0.260 0.560 0.284
4 32 7.352 | 0.110 0.292 0.577 0.344
4 64 7.384 | 0.108 0.282 0.581 0.330
4 128 7.032 | 0.156 0.362 0.607 0.438
5 2 8.118 | 0.034 0.176 0.471 0.157
5 4 7.781 | 0.068 0.233 0.531 0.237
5 8 7.629 | 0.069 0.240 0.555 0.243
5 16 7.717 | 0.064 0.230 0.536 0.234
5 32 7.495 | 0.083 0.263 0.572 0.287
5 64 7.441 | 0.096 0.274 0.575 0.312
5 128 7.409 | 0.102 0.287 0.568 0.323
6 2 8.155 | 0.025 0.167 0.479 0.126
6 4 8.158 | 0.026 0.165 0.470 0.124
6 8 7.489 | 0.085 0.268 0.567 0.294
6 16 7.368 | 0.102 0.299 0.582 0.333
6 32 7.349 | 0.112 0.296 0.579 0.343
6 64 7.496 | 0.081 0.257 0.575 0.293
6 128 7.467 | 0.086 0.264 0.580 0.293
Table C.12: Validation Metrics for N = 5 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.151 | 0.025 0.179 0.484 0.124
1 4 8.191 | 0.016 0.167 0.456 0.114
1 8 7.981 | 0.031 0.203 0.541 0.146
1 16 7.916 | 0.035 0.197 0.549 0.159
1 32 8.006 | 0.038 0.186 0.534 0.151
1 64 8.083 | 0.032 0.186 0.525 0.146
1 128 8.106 | 0.027 0.189 0.504 0.134
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Table C.12 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 2 8.090 | 0.021 0.179 0.487 0.125
2 4 8.138 | 0.024 0.172 0.461 0.126
2 8 7.805 | 0.034 0.201 0.559 0.151
2 16 7.981 | 0.032 0.196 0.519 0.143
2 32 8.030 | 0.030 0.196 0.534 0.149
2 64 8.053 | 0.028 0.194 0.497 0.144
2 128 8.176 | 0.031 0.198 0.515 0.134
3 2 8.152 | 0.023 0.175 0.482 0.125
3 4 8.151 | 0.023 0.175 0.482 0.125
3 8 8.174 | 0.024 0.172 0.486 0.117
3 16 7.898 | 0.033 0.199 0.557 0.154
3 32 8.084 | 0.027 0.189 0.524 0.147
3 64 8.090 | 0.037 0.205 0.517 0.156
3 128 8.372 | 0.029 0.170 0.490 0.132
4 2 8.160 | 0.030 0.184 0.473 0.125
4 4 8.155 | 0.017 0.166 0.471 0.118
4 8 7.859 | 0.038 0.211 0.556 0.146
4 16 7.849 | 0.034 0.195 0.544 0.150
4 32 7.983 | 0.032 0.188 0.535 0.143
4 64 7.925 | 0.037 0.210 0.546 0.148
4 128 8.255 | 0.026 0.179 0.481 0.133
5 2 8.163 | 0.027 0.164 0.458 0.118
5 4 8.085 | 0.019 0.168 0.477 0.134
5 8 7.835 | 0.037 0.194 0.548 0.147
5 16 7.917 | 0.030 0.189 0.518 0.147
5 32 7.875 | 0.038 0.191 0.538 0.161
5 64 7.866 | 0.034 0.214 0.553 0.149
5 128 8.116 | 0.025 0.186 0.518 0.142
6 2 8.151 | 0.023 0.175 0.482 0.125
6 4 8.154 | 0.022 0.179 0.482 0.129
6 8 7.993 | 0.032 0.186 0.508 0.141
6 16 7.918 | 0.037 0.211 0.545 0.168
6 32 7.950 | 0.031 0.195 0.522 0.153
6 64 7.839 | 0.034 0.202 0.547 0.155
6 128 7.912 | 0.030 0.203 0.547 0.153
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Table C.13: Model Metrics for N = 6 (Indistinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 84 19 105.2 20,192
1 4 84 40 277.1 29,428
1 8 84 14 139.1 47,924
1 16 84 14 35.0 85,012
1 32 84 20 44 4 159,572
1 64 84 21 55.9 310,228
1 128 84 18 73.2 617,684
2 2 84 16 8.3 20,198
2 4 84 81 40.2 29,448
2 8 84 30 17.2 47,996
2 16 84 23 55.1 85,284
2 32 84 20 53.3 160,628
2 64 84 20 62.7 314,388
2 128 84 16 86.3 634,196
3 2 84 41 26.7 20,204
3 4 84 33 21.7 29,468
3 8 84 12 11.6 48,068
3 16 84 22 62.9 85,556
3 32 84 21 62.0 161,684
3 64 84 18 76.7 318,548
3 128 84 16 104.7 650,708
4 2 84 15 12.9 20,210
4 4 84 40 27.3 29,488
4 8 84 13 11.9 48,140
4 16 84 24 86.5 85,828
4 32 84 24 85.3 162,740
4 64 84 21 96.2 322,708
4 128 84 17 123.5 667,220
5 2 84 98 66.5 20,216
5 4 84 13 11.6 29,508
5 8 84 19 17.5 48,212
5 16 84 25 60.7 86,100
5 32 84 24 67.5 163,796
5 64 84 20 76.8 326,868
5 128 84 20 151.2 683,732
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Table C.13 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 2 84 86 61.7 20,222

6 4 84 23 20.5 29,528

6 8 84 42 39.7 48,284

6 16 84 27 77.3 86,372

6 32 84 25 80.8 164,852

6 64 84 20 91.6 331,028

6 128 84 20 171.5 700,244

Table C.14: Training Metrics for N = 6 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.151 | 0.039 0.183 0.458 0.163
1 4 7.608 | 0.090 0.252 0.520 0.295
1 8 7.964 | 0.065 0.204 0.471 0.221
1 16 7.605 | 0.118 0.272 0.503 0.346
1 32 7.095 | 0.171 0.349 0.595 0.446
1 64 6.894 | 0.203 0.393 0.627 0.497
1 128 6.681 | 0.260 0.434 0.625 0.571
2 2 8.200 | 0.025 0.170 0.446 0.126
2 4 7.537 | 0.087 0.259 0.544 0.290
2 8 7.296 | 0.128 0.308 0.575 0.383
2 16 7.215 | 0.145 0.322 0.576 0.403
2 32 6.835 | 0.213 0.405 0.622 0.513
2 64 6.768 | 0.220 0.416 0.622 0.533
2 128 6.874 | 0.202 0.397 0.610 0.497
3 2 8.199 | 0.027 0.171 0.448 0.125
3 4 7.771 | 0.075 0.230 0.495 0.267
3 8 8.084 | 0.051 0.190 0.457 0.191
3 16 7.163 | 0.160 0.344 0.582 0.433
3 32 6.955 | 0.193 0.379 0.600 0.485
3 64 6.519 | 0.281 0.470 0.654 0.613
3 128 6.646 | 0.243 0.446 0.641 0.565
4 2 8.044 | 0.053 0.194 0.445 0.196
4 4 7.456 | 0.117 0.293 0.555 0.348
4 8 8.170 | 0.033 0.170 0.448 0.147
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 16 7.476 | 0.098 0.273 0.557 0.316
4 32 7.218 | 0.148 0.330 0.577 0.408
4 64 7.144 | 0.156 0.349 0.594 0.423
4 128 6.504 | 0.272 0.484 0.668 0.604
5 2 8.200 | 0.027 0.167 0.461 0.125
5 4 8.201 | 0.027 0.167 0.461 0.122
5 8 8.183 | 0.033 0.169 0.444 0.149
5 16 7.568 | 0.081 0.252 0.554 0.274
5 32 7.341 | 0.115 0.290 0.556 0.361
5 64 7.286 | 0.124 0.307 0.572 0.371
5 128 7.175 | 0.150 0.339 0.587 0.406
6 2 8.200 | 0.027 0.167 0.461 0.125
6 4 8.200 | 0.025 0.170 0.446 0.125
6 8 7.632 | 0.080 0.238 0.536 0.268
6 16 7.550 | 0.087 0.258 0.552 0.283
6 32 7.362 | 0.109 0.293 0.573 0.339
6 64 7.308 | 0.127 0.310 0.569 0.361
6 128 7.290 | 0.124 0.303 0.575 0.375
Table C.15: Validation Metrics for N = 6 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.212 | 0.028 0.153 0.444 0.123
1 4 8.110 | 0.023 0.172 0.496 0.130
1 8 8.307 | 0.024 0.170 0.452 0.111
1 16 8.414 | 0.020 0.151 0.436 0.111
1 32 8.254 | 0.027 0.180 0.501 0.127
1 64 8.417 | 0.027 0.169 0.505 0.130
1 128 8.658 | 0.029 0.162 0.477 0.131
2 2 8.210 | 0.016 0.156 0.442 0.113
2 4 7.946 | 0.031 0.199 0.518 0.146
2 8 8.178 | 0.023 0.183 0.497 0.125
2 16 8.177 | 0.023 0.177 0.497 0.118
2 32 8.570 | 0.023 0.174 0.471 0.115
2 64 8.626 | 0.027 0.168 0.489 0.125
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Table C.15 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
2 128 8.453 | 0.026 0.164 0.485 0.117
3 2 8.204 | 0.020 0.158 0.441 0.114
3 4 8.168 | 0.024 0.169 0.467 0.120
3 8 8.276 | 0.017 0.148 0.430 0.106
3 16 8.254 | 0.029 0.189 0.504 0.136
3 32 8.357 | 0.026 0.176 0.494 0.124
3 64 8.787 | 0.027 0.164 0.468 0.110
3 128 8.608 | 0.024 0.166 0.470 0.119
4 2 8.288 | 0.024 0.155 0.429 0.116
4 4 8.168 | 0.023 0.183 0.490 0.136
4 8 8.208 | 0.021 0.157 0.446 0.108
4 16 7.982 | 0.024 0.176 0.524 0.134
4 32 8.162 | 0.024 0.183 0.505 0.130
4 64 8.180 | 0.030 0.182 0.493 0.138
4 128 8.713 | 0.023 0.169 0.492 0.121
5 2 8.205 | 0.024 0.166 0.450 0.114
5 4 8.207 | 0.024 0.166 0.450 0.120
5 8 8.208 | 0.029 0.173 0.442 0.111
5 16 7.932 | 0.031 0.189 0.526 0.147
5 32 8.154 | 0.024 0.182 0.520 0.135
5 64 8.114 | 0.025 0.184 0.507 0.132
5 128 8.301 | 0.033 0.177 0.484 0.125
6 2 8.205 | 0.024 0.166 0.450 0.114
6 4 8.206 | 0.016 0.156 0.442 0.114
6 8 7.964 | 0.035 0.193 0.516 0.148
6 16 8.036 | 0.027 0.185 0.509 0.148
6 32 8.083 | 0.033 0.186 0.513 0.137
6 64 8.071 | 0.031 0.205 0.505 0.143
6 128 8.146 | 0.027 0.176 0.498 0.141
Table C.16: Model Metrics for N = 7 (Indistinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters

1 2 85 12 8.2 23,649

1 4 85 15 10.3 36,213
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Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 8 85 27 17.9 61,365
1 16 85 11 8.6 111,765
1 32 85 13 13.3 212,949
1 64 85 19 36.3 416,853
1 128 85 13 46.2 830,805
2 2 85 16 11.2 23,655
2 4 85 14 11.0 36,233
2 8 85 12 10.7 61,437
2 16 85 11 10.2 112,037
2 32 85 11 13.9 214,005
2 64 85 18 43.5 421,013
2 128 85 16 75.8 847,317
3 2 85 14 11.8 23,661
3 4 85 22 17.7 36,253
3 8 85 28 24.7 61,509
3 16 85 12 14.7 112,309
3 32 85 20 32.5 215,061
3 64 85 19 60.9 425,173
3 128 85 18 115.8 863,829
4 2 85 16 14.0 23,667
4 4 85 16 15.7 36,273
4 8 85 21 21.8 61,581
4 16 85 25 32.1 112,581
4 32 85 21 41.1 216,117
4 64 85 20 74.9 429,333
4 128 85 17 129.5 880,341
5 2 85 91 72.0 23,673
5 4 85 15 17.1 36,293
5 8 85 30 34.5 61,653
5 16 85 28 41.2 112,853
5 32 85 21 45.9 217,173
5 64 85 14 61.7 433,493
5 128 85 21 184.8 896,853
6 2 85 82 73.8 23,679
6 4 85 17 21.1 36,313
6 8 85 17 24.6 61,725
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Table C.16 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 16 85 25 43.5 113,125
6 32 85 25 63.5 218,229
6 64 85 19 95.4 437,653
6 128 85 23 226.0 913,365

Table C.17: Training Metrics for N = 7 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.101 | 0.051 0.198 0.457 0.199
1 4 8.003 | 0.062 0.209 0.471 0.230
1 8 6.973 | 0.203 0.380 0.599 0.494
1 16 7.724 | 0.102 0.256 0.497 0.319
1 32 7.406 | 0.141 0.305 0.538 0.380
1 64 6.557 | 0.280 0.471 0.661 0.593
1 128 7.156 | 0.180 0.347 0.552 0.459
2 2 8.214 | 0.025 0.172 0.471 0.130
2 4 8.145 | 0.041 0.183 0.470 0.173
2 8 7.961 | 0.065 0.221 0.485 0.243
2 16 7.891 | 0.074 0.226 0.490 0.246
2 32 7.593 | 0.120 0.274 0.502 0.353
2 64 6.155 | 0.346 0.550 0.716 0.684
2 128 6.106 | 0.351 0.563 0.701 0.692
3 2 8.212 | 0.031 0.173 0.476 0.130
3 4 8.088 | 0.050 0.196 0.469 0.195
3 8 7.059 | 0.182 0.360 0.584 0.463
3 16 7.837 | 0.088 0.237 0.481 0.281
3 32 6.315 | 0.297 0.521 0.676 0.634
3 64 5.718 | 0.421 0.643 0.764 0.763
3 128 6.058 | 0.350 0.574 0.713 0.698
4 2 8.216 | 0.027 0.168 0.473 0.130
4 4 8.214 | 0.030 0.172 0.474 0.130
4 8 8.210 | 0.027 0.168 0.470 0.131
4 16 7.052 | 0.166 0.365 0.596 0.443
4 32 7.286 | 0.134 0.315 0.561 0.379
4 64 6.803 | 0.213 0.407 0.619 0.519
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 128 5.374 | 0.463 0.713 0.803 0.807
5 2 8.213 | 0.027 0.168 0.473 0.130
5 4 8.216 | 0.027 0.168 0.473 0.124
5 8 7.443 | 0.111 0.287 0.536 0.337
5 16 7.077 | 0.160 0.356 0.594 0.434
5 32 6.367 | 0.303 0.509 0.674 0.634
5 64 6.828 | 0.232 0.415 0.615 0.545
5 128 7.007 | 0.161 0.377 0.606 0.441
6 2 8.213 | 0.027 0.168 0.473 0.130
6 4 8.210 | 0.027 0.172 0.472 0.130
6 8 8.116 | 0.046 0.193 0.463 0.188
6 16 7.241 | 0.141 0.332 0.577 0.398
6 32 7.277 | 0.129 0.319 0.571 0.371
6 64 7.044 | 0.179 0.368 0.590 0.461
6 128 6.229 | 0.290 0.532 0.694 0.630

Table C.18: Validation Metrics for N = 7 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.259 | 0.020 0.164 0.445 0.115
1 4 8.280 | 0.026 0.155 0.439 0.115
1 8 8.397 | 0.026 0.180 0.500 0.132
1 16 8.387 | 0.023 0.160 0.439 0.117
1 32 8.408 | 0.032 0.171 0.470 0.139
1 64 8.631 | 0.026 0.181 0.478 0.140
1 128 8.587 | 0.023 0.152 0.439 0.116
2 2 8.223 | 0.033 0.171 0.465 0.126
2 4 8.234 | 0.021 0.167 0.463 0.116
2 8 8.230 | 0.026 0.161 0.447 0.110
2 16 8.289 | 0.024 0.167 0.459 0.111
2 32 8.492 | 0.020 0.161 0.441 0.112
2 64 9.041 | 0.027 0.166 0.456 0.123
2 128 9.158 | 0.025 0.162 0.462 0.126
3 2 8.224 | 0.028 0.169 0.459 0.118
3 4 8.270 | 0.024 0.164 0.441 0.116
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Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 8 8.308 | 0.022 0.176 0.481 0.121
3 16 8.367 | 0.017 0.147 0.446 0.116
3 32 8.900 | 0.027 0.168 0.461 0.122
3 64 9.536 | 0.025 0.161 0.452 0.114
3 128 9.077 | 0.025 0.149 0.444 0.118
4 2 8.222 | 0.023 0.171 0.462 0.126
4 4 8.222 | 0.020 0.168 0.454 0.123
4 8 8.222 | 0.023 0.163 0.459 0.130
4 16 8.353 | 0.025 0.185 0.484 0.134
4 32 8.239 | 0.023 0.165 0.485 0.128
4 64 8.560 | 0.025 0.154 0.474 0.125
4 128 9.717 | 0.032 0.169 0.459 0.119
5 2 8.224 | 0.023 0.171 0.462 0.126
5 4 8.223 | 0.023 0.171 0.462 0.122
5 8 8.215 | 0.022 0.178 0.482 0.129
5 16 8.387 | 0.030 0.195 0.496 0.133
5 32 8.796 | 0.025 0.161 0.450 0.124
5 64 8.597 | 0.024 0.154 0.446 0.115
5 128 8.373 | 0.028 0.181 0.495 0.130
6 2 8.223 | 0.023 0.171 0.462 0.126
6 4 8.224 | 0.031 0.168 0.464 0.117
6 8 8.268 | 0.026 0.155 0.449 0.122
6 16 8.281 | 0.027 0.175 0.485 0.122
6 32 8.248 | 0.028 0.178 0.481 0.129
6 64 8.362 | 0.028 0.182 0.497 0.132
6 128 9.011 | 0.019 0.161 0.476 0.129
Table C.19: Model Metrics for N = 8 (Indistinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 84 14 20.8 27,360
1 4 84 15 26.7 43,764
1 8 84 14 26.2 76,596
1 16 84 13 14.4 142,356
1 32 84 12 20.2 274,260
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Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 64 84 12 34.2 539,604

1 128 84 12 60.4 1,076,436
2 2 84 15 25.2 27,366

2 4 84 12 25.5 43,784

2 8 84 13 28.5 76,668

2 16 84 11 14.9 142,628

2 32 84 12 24.0 275,316

2 64 84 11 37.8 543,764

2 128 84 11 70.8 1,092,948
3 2 84 20 33.4 27,372

3 4 84 15 34.2 43,804

3 8 84 18 42.0 76,740

3 16 84 14 29.5 142,900
3 32 84 11 32.9 276,372

3 64 84 11 49.6 547,924

3 128 84 13 111.2 1,109,460
4 2 84 68 113.1 27,378

4 4 84 17 42.7 43,824

4 8 84 16 43.1 76,812

4 16 84 14 37.0 143,172
4 32 84 16 53.0 277,428

4 64 84 12 63.7 552,084

4 128 84 13 127.6 1,125,972
5 2 84 14 31.4 27,384

5 4 84 25 68.7 43,844

5 8 84 13 40.3 76,884

5 16 84 14 42.9 143,444
5 32 84 12 46.1 278,484

5 64 84 18 106.4 556,244

5 128 84 14 157.3 1,142,484
6 2 84 63 125.8 27,390

6 4 84 28 85.0 43,864

6 8 84 15 50.4 76,956

6 16 84 26 84.1 143,716
6 32 84 22 90.5 279,540

6 64 84 21 135.0 560,404
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Table C.19 — continued from previous page
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
6 128 84 20 249.8 1,158,996

Table C.20: Training Metrics for N = 8 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.125 | 0.044 0.181 0.446 0.182
1 4 7.980 | 0.066 0.206 0.474 0.222
1 8 7.765 | 0.097 0.249 0.495 0.302
1 16 7.590 | 0.137 0.271 0.486 0.375
1 32 7.370 | 0.166 0.313 0.519 0.435
1 64 7.134 | 0.192 0.359 0.575 0.477
1 128 6.842 | 0.235 0.416 0.624 0.540
2 2 7.970 | 0.065 0.199 0.460 0.227
2 4 8.062 | 0.060 0.197 0.455 0.206
2 8 7.974 | 0.074 0.210 0.461 0.237
2 16 7.672 | 0.120 0.263 0.485 0.350
2 32 7.055 | 0.197 0.358 0.591 0.495
2 64 6.923 | 0.217 0.395 0.595 0.526
2 128 6.172 | 0.381 0.560 0.704 0.714
3 2 8.194 | 0.028 0.168 0.464 0.142
3 4 8.043 | 0.059 0.195 0.461 0.203
3 8 7.410 | 0.157 0.317 0.521 0.422
3 16 7.492 | 0.142 0.298 0.513 0.392
3 32 7.405 | 0.153 0.302 0.534 0.408
3 64 6.379 | 0.354 0.518 0.658 0.680
3 128 5.938 | 0.398 0.615 0.727 0.748
4 2 8.211 | 0.025 0.166 0.461 0.121
4 4 8.212 | 0.027 0.166 0.464 0.120
4 8 7.930 | 0.072 0.211 0.459 0.252
4 16 7.289 | 0.180 0.339 0.528 0.460
4 32 7.455 | 0.128 0.292 0.541 0.373
4 64 7.051 | 0.207 0.373 0.573 0.507
4 128 6.314 | 0.331 0.527 0.680 0.658
5 2 8.213 | 0.026 0.160 0.456 0.117
5 4 7.597 | 0.112 0.271 0.510 0.333
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Table C.20 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
5 8 7.892 | 0.070 0.220 0.475 0.251
5 16 7.843 | 0.083 0.226 0.479 0.275
5 32 7.562 | 0.122 0.288 0.520 0.354
5 64 5.022 | 0.542 0.778 0.849 0.870
5 128 7.015 | 0.189 0.377 0.598 0.475
6 2 8.211 | 0.025 0.167 0.462 0.121
6 4 8.157 | 0.043 0.175 0.442 0.169
6 8 8.130 | 0.042 0.171 0.448 0.175
6 16 7.262 | 0.143 0.323 0.568 0.395
6 32 6.273 | 0.290 0.538 0.688 0.628
6 64 5.818 | 0.360 0.615 0.745 0.721
6 128 6.404 | 0.264 0.500 0.653 0.607

Table C.21: Validation Metrics for N = 8 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.250 | 0.027 0.159 0.439 0.117
1 4 8.268 | 0.023 0.163 0.463 0.117
1 8 8.291 | 0.026 0.169 0.454 0.125
1 16 8.527 | 0.025 0.146 0.410 0.101
1 32 8.578 | 0.024 0.149 0.412 0.116
1 64 8.524 | 0.021 0.168 0.466 0.113
1 128 8.562 | 0.027 0.164 0.462 0.111
2 2 8.322 | 0.029 0.164 0.451 0.109
2 4 8.294 | 0.016 0.153 0.433 0.106
2 8 8.322 | 0.021 0.152 0.432 0.104
2 16 8.468 | 0.023 0.147 0.423 0.110
2 32 8.343 | 0.028 0.173 0.476 0.138
2 64 8.581 | 0.028 0.172 0.463 0.116
2 128 8.890 | 0.022 0.161 0.454 0.117
3 2 8.213 | 0.028 0.161 0.473 0.121
3 4 8.299 | 0.026 0.156 0.444 0.121
3 8 8.614 | 0.020 0.154 0.403 0.110
3 16 8.601 | 0.020 0.136 0.418 0.100
3 32 8.584 | 0.025 0.155 0.443 0.113

Continued on next page
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Table C.21 — continued from previous page
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3 64 9.062 | 0.023 0.147 0.431 0.106
3 128 9.162 | 0.025 0.145 0.427 0.118
4 2 8.210 | 0.026 0.165 0.464 0.123
4 4 8.212 | 0.017 0.166 0.467 0.117
4 8 8.351 0.020 0.146 0.430 0.106
4 16 8.829 | 0.018 0.135 0.402 0.091
4 32 8.373 | 0.027 0.168 0.476 0.108
4 64 8.728 | 0.026 0.155 0.456 0.109
4 128 9.082 | 0.021 0.148 0.444 0.112
5 2 8.213 | 0.026 0.171 0.462 0.119
5 4 8.325 | 0.029 0.161 0.441 0.120
5 8 8.286 | 0.025 0.162 0.433 0.126
5 16 8.347 | 0.021 0.155 0.437 0.101
5 32 8.422 | 0.025 0.155 0.428 0.111
5 64 10.344 | 0.024 0.148 0.426 0.116
5 128 8.470 | 0.025 0.144 0.454 0.113
6 2 8.210 | 0.021 0.164 0.467 0.123
6 4 8.233 | 0.023 0.160 0.431 0.110
6 8 8.261 0.025 0.168 0.426 0.117
6 16 8.254 | 0.023 0.180 0.479 0.119
6 32 9.237 | 0.021 0.137 0.441 0.105
6 64 9.503 | 0.018 0.152 0.445 0.114
6 128 9.188 | 0.020 0.152 0.442 0.106
Table C.22: Model Metrics for N = 9 (Indistinguishable).
Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
1 2 88 31 77.5 32,228
1 4 88 13 42.4 52,984
1 8 88 11 39.7 94,520
1 16 88 13 19.7 177,688
1 32 88 11 24.4 344,408
1 64 88 11 38.7 679,384
1 128 88 11 70.1 1,355,480
Continued on next page
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Table C.22 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
2 2 88 14 442 32,234

2 4 88 12 43.6 53,004

2 8 88 15 55.7 94,592

2 16 88 12 20.8 177,960
2 32 88 12 30.4 345,464

2 64 88 12 50.0 683,544

2 128 88 12 95.4 1,371,992
3 2 88 14 47.4 32,240

3 4 88 13 50.8 53,024

3 8 88 14 58.4 94,664

3 16 88 13 52.0 178,232
3 32 88 11 48.8 346,520

3 64 88 13 84.2 687,704

3 128 88 12 135.7 1,388,504
4 2 88 56 169.7 32,246

4 4 88 18 72.8 53,044

4 8 88 21 89.5 94,736

4 16 88 12 56.4 178,504
4 32 88 13 64.6 347,576

4 64 88 13 92.7 691,864

4 128 88 13 171.8 1,405,016
5 2 88 60 198.3 32,252

5 4 88 20 84.1 53,064

5 8 88 24 123.1 94,808

5 16 88 17 80.4 178,776

5 32 88 12 71.1 348,632

5 64 88 13 114.6 696,024

5 128 88 12 190.9 1,421,528
6 2 88 60 210.9 32,258

6 4 88 22 101.3 53,084

6 8 88 19 106.9 94,880

6 16 88 31 194.5 179,048
6 32 88 16 101.2 349,688
6 64 88 15 133.5 700,184
6 128 88 13 229.3 1,438,040
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Table C.23: Training Metrics for N = 9 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.175 | 0.045 0.184 0.468 0.178
1 4 7.998 | 0.066 0.208 0.464 0.235
1 8 7.925 | 0.090 0.238 0.483 0.274
1 16 7.692 | 0.116 0.269 0.482 0.350
1 32 7.383 | 0.158 0.324 0.558 0.421
1 64 7.171 | 0.203 0.373 0.556 0.492
1 128 6.473 | 0.326 0.515 0.667 0.659
2 2 8.233 | 0.024 0.169 0.468 0.127
2 4 8.085 | 0.058 0.201 0.465 0.209
2 8 7.458 | 0.159 0.305 0.515 0.408
2 16 7.370 | 0.183 0.334 0.535 0.455
2 32 7.034 | 0.230 0.404 0.591 0.538
2 64 6.270 | 0.368 0.547 0.709 0.698
2 128 5.070 | 0.598 0.796 0.864 0.892
3 2 8.135 | 0.046 0.194 0.466 0.180
3 4 8.028 | 0.069 0.212 0.466 0.233
3 8 7.800 | 0.083 0.240 0.512 0.281
3 16 7.420 | 0.167 0.329 0.531 0.447
3 32 6.984 | 0.222 0.393 0.598 0.523
3 64 5.866 | 0.450 0.643 0.755 0.779
3 128 4.991 | 0.604 0.800 0.864 0.899
4 2 8.234 | 0.027 0.166 0.470 0.127
4 4 7.518 | 0.139 0.299 0.506 0.389
4 8 7.969 | 0.073 0.214 0.461 0.252
4 16 7.619 | 0.115 0.271 0.516 0.348
4 32 6.771 | 0.262 0.434 0.623 0.577
4 64 5.576 | 0.499 0.686 0.785 0.815
4 128 4.893 | 0.605 0.815 0.873 0.908
5 2 8.233 | 0.026 0.173 0.470 0.127
5 4 8.150 | 0.050 0.180 0.474 0.184
5 8 8.060 | 0.060 0.203 0.468 0.214
5 16 7.751 | 0.098 0.254 0.493 0.301
5 32 7.763 | 0.104 0.254 0.480 0.325
5 64 7.009 | 0.219 0.391 0.584 0.521
5 128 7.595 | 0.115 0.287 0.528 0.350
Continued on next page
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Table C.23 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 2 8.233 | 0.026 0.173 0.470 0.127
6 4 7.983 | 0.060 0.207 0.483 0.217
6 8 8.237 | 0.026 0.173 0.470 0.125
6 16 6.143 | 0.339 0.561 0.704 0.674
6 32 7.670 | 0.100 0.261 0.510 0.309
6 64 7.498 | 0.129 0.302 0.530 0.361
6 128 7.735 | 0.098 0.254 0.495 0.311
Table C.24: Validation Metrics for N = 9 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.276 | 0.025 0.159 0.441 0.111
1 4 8.364 | 0.018 0.171 0.439 0.110
1 8 8.351 | 0.015 0.147 0.444 0.106
1 16 8.576 | 0.023 0.131 0.397 0.099
1 32 8.538 | 0.022 0.142 0.439 0.110
1 64 8.922 | 0.017 0.122 0.395 0.087
1 128 9.130 | 0.021 0.142 0.432 0.107
2 2 8.265 | 0.021 0.163 0.455 0.108
2 4 8.338 | 0.020 0.162 0.444 0.116
2 8 8.752 | 0.019 0.145 0.418 0.102
2 16 8.778 | 0.020 0.137 0.393 0.095
2 32 8.878 | 0.022 0.135 0.409 0.092
2 64 9.184 | 0.023 0.156 0.435 0.110
2 128 10.104 | 0.023 0.134 0.420 0.108
3 2 8.322 | 0.021 0.141 0.443 0.109
3 4 8.411 | 0.023 0.152 0.442 0.101
3 8 8.266 | 0.023 0.159 0.460 0.110
3 16 8.687 | 0.017 0.137 0.412 0.097
3 32 8.711 | 0.020 0.144 0.438 0.106
3 64 9.564 | 0.015 0.148 0.423 0.098
3 128 10.246 | 0.023 0.145 0.416 0.112
4 2 8.265 | 0.020 0.163 0.455 0.107
4 4 8.639 | 0.022 0.147 0.419 0.113
4 8 8.400 | 0.027 0.145 0.412 0.104
Continued on next page
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Table C.24 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 16 8.413 | 0.019 0.152 0.428 0.091
4 32 8.825 | 0.023 0.150 0.460 0.110
4 64 9.789 | 0.025 0.151 0.444 0.108
4 128 10.453 | 0.017 0.138 0.399 0.101
5 2 8.265 | 0.024 0.158 0.454 0.108
5 4 8.275 | 0.021 0.149 0.445 0.115
5 8 8.365 | 0.022 0.153 0.441 0.116
5 16 8.462 | 0.022 0.156 0.441 0.111
5 32 8.531 | 0.019 0.137 0.433 0.102
5 64 8.570 | 0.013 0.144 0.431 0.096
5 128 8.338 | 0.020 0.165 0.459 0.101
6 2 8.265 | 0.024 0.158 0.454 0.108
6 4 8.270 | 0.033 0.167 0.457 0.110
6 8 8.268 | 0.024 0.158 0.454 0.111
6 16 9.322 | 0.020 0.155 0.438 0.125
6 32 8.366 | 0.027 0.164 0.444 0.110
6 64 8.411 | 0.025 0.168 0.450 0.112
6 128 8.389 | 0.019 0.161 0.450 0.112

Table C.25: Model Metrics for N = 10 (Indistinguishable).

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters

1 2 86 14 76.9 36,834

1 4 86 11 65.5 62,454

1 8 86 13 83.2 113,718

1 16 86 12 28.7 216,342

1 32 86 11 32.1 421,974

1 64 86 12 57.3 834,774

1 128 86 11 91.4 1,666,518

2 2 86 64 327.8 36,840

2 4 86 14 83.3 62,474

2 8 86 13 84.6 113,790

2 16 86 11 29.9 216,614

2 32 86 12 43.5 423,030

2 64 86 11 63.0 838,934
Continued on next page
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Table C.25 — continued from previous page

Layers | Filters | Classes | Epochs | Training Time (s) | Parameters
2 128 86 12 127.5 1,683,030
3 2 86 24 152.9 36,846

3 4 86 17 114.5 62,494

3 8 86 12 98.4 113,862

3 16 86 13 99.9 216,886
3 32 86 13 95.7 424,086

3 64 86 12 120.5 843,094

3 128 86 12 206.4 1,699,542
4 2 86 15 123.1 36,852

4 4 86 72 473.1 62,514

4 8 86 14 127.3 113,934

4 16 86 13 21.8 217,158
4 32 86 13 46.4 425,142

4 64 86 12 77.0 847,254

4 128 86 13 210.5 1,716,054
5 2 86 72 481.6 36,858

5 4 86 23 178.1 62,534

5 8 86 18 158.9 114,006

5 16 86 11 21.3 217,430

5 32 86 13 51.7 426,198

5 64 86 13 99.0 851,414

5 128 86 11 172.7 1,732,566
6 2 86 71 532.3 36,864

6 4 86 18 177.5 62,554

6 8 86 22 247.4 114,078

6 16 86 16 27.8 217,702
6 32 86 16 58.1 427,254

6 64 86 13 96.8 855,574

6 128 86 24 459.0 1,749,078

Table C.26: Training Metrics for N = 10 (Indistinguishable).

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.096 | 0.058 0.191 0.443 0.199
1 4 8.044 | 0.069 0.209 0.463 0.240

Continued on next page
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Table C.26 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 8 7.475 | 0.153 0.298 0.518 0.403
1 16 7.328 | 0.180 0.328 0.535 0.447
1 32 7.060 | 0.237 0.385 0.564 0.539
1 64 6.496 | 0.330 0.503 0.652 0.660
1 128 5.796 | 0.490 0.656 0.771 0.808
2 2 8.248 | 0.024 0.163 0.461 0.122
2 4 7.831 | 0.095 0.236 0.467 0.299
2 8 7.764 | 0.112 0.250 0.477 0.329
2 16 7.095 | 0.226 0.386 0.568 0.524
2 32 6.357 | 0.378 0.540 0.670 0.707
2 64 6.219 | 0.379 0.551 0.688 0.712
2 128 5.416 | 0.492 0.706 0.806 0.826
3 2 8.210 | 0.039 0.182 0.458 0.154
3 4 8.209 | 0.034 0.169 0.451 0.165
3 8 7.505 | 0.148 0.293 0.493 0.405
3 16 7.512 | 0.141 0.306 0.517 0.387
3 32 5.907 | 0.444 0.625 0.746 0.765
3 64 5.567 | 0.523 0.706 0.797 0.832
3 128 4.259 | 0.745 0.921 0.948 0.967
4 2 8.233 | 0.035 0.171 0.457 0.141
4 4 8.248 | 0.024 0.157 0.450 0.122
4 8 7.745 | 0.111 0.257 0.480 0.325
4 16 7.183 | 0.182 0.358 0.553 0.477
4 32 5.998 | 0.407 0.610 0.719 0.749
4 64 5.174 | 0.577 0.765 0.835 0.880
4 128 4.206 | 0.783 0.931 0.953 0.975
5 2 8.248 | 0.024 0.163 0.461 0.122
5 4 7.896 | 0.086 0.232 0.465 0.276
5 8 7.812 | 0.093 0.238 0.479 0.294
5 16 7.941 | 0.076 0.226 0.468 0.253
5 32 6.803 | 0.254 0.428 0.590 0.563
5 64 5.729 | 0.484 0.670 0.766 0.807
5 128 6.243 | 0.364 0.557 0.681 0.700
6 2 8.248 | 0.024 0.163 0.461 0.122
6 4 8.248 | 0.024 0.157 0.450 0.122
6 8 7.666 | 0.105 0.267 0.500 0.330
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Table C.26 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 16 7.531 | 0.139 0.301 0.521 0.381
6 32 7.224 | 0.167 0.348 0.542 0.442
6 64 7.089 | 0.189 0.365 0.572 0.478
6 128 6.771 | 0.209 0.422 0.617 0.512
Table C.27: Validation Metrics for N = 10 (Indistinguishable).
Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
1 2 8.322 | 0.018 0.150 0.437 0.112
1 4 8.331 | 0.022 0.156 0.431 0.105
1 8 8.635 | 0.017 0.161 0.420 0.106
1 16 8.725 | 0.025 0.153 0.402 0.105
1 32 8.952 | 0.021 0.144 0.401 0.105
1 64 9.224 | 0.028 0.152 0.403 0.109
1 128 9.551 | 0.022 0.144 0.388 0.101
2 2 8.249 | 0.021 0.171 0.459 0.121
2 4 8.498 | 0.021 0.151 0.424 0.094
2 8 8.523 | 0.018 0.148 0.427 0.105
2 16 8.914 | 0.018 0.141 0.390 0.094
2 32 9.435 | 0.022 0.137 0.386 0.105
2 64 9.270 | 0.020 0.159 0.411 0.105
2 128 9.923 | 0.024 0.152 0.417 0.112
3 2 8.252 | 0.021 0.162 0.456 0.122
3 4 8.263 | 0.024 0.158 0.453 0.113
3 8 8.733 | 0.017 0.147 0.405 0.093
3 16 8.530 | 0.026 0.151 0.429 0.120
3 32 9.406 | 0.027 0.152 0.428 0.116
3 64 9.781 | 0.023 0.147 0.434 0.110
3 128 11.270 | 0.026 0.148 0.429 0.115
4 2 8.250 | 0.018 0.167 0.459 0.124
4 4 8.249 | 0.024 0.157 0.460 0.121
4 8 8.553 | 0.015 0.141 0.424 0.102
4 16 8.770 | 0.022 0.138 0.414 0.113
4 32 9.620 | 0.020 0.128 0.365 0.094
4 64 10.376 | 0.018 0.128 0.392 0.094
Continued on next page
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Table C.27 — continued from previous page

Layers | Filters | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 128 11.413 | 0.019 0.132 0.409 0.102
5 2 8.249 | 0.021 0.171 0.459 0.121
5 4 8.470 | 0.024 0.147 0.406 0.106
5 8 8.439 | 0.022 0.161 0.454 0.119
5 16 8.352 | 0.019 0.150 0.423 0.107
5 32 8.996 | 0.022 0.143 0.408 0.106
5 64 9.519 | 0.018 0.135 0.411 0.107
5 128 9.312 | 0.020 0.143 0.407 0.107
6 2 8.249 | 0.021 0.171 0.459 0.121
6 4 8.249 | 0.024 0.157 0.460 0.121
6 8 8.393 | 0.016 0.158 0.451 0.120
6 16 8.601 | 0.022 0.136 0.410 0.103
6 32 8.737 | 0.024 0.144 0.412 0.116
6 64 8.703 | 0.019 0.145 0.436 0.111
6 128 8.878 | 0.018 0.157 0.438 0.117




Appendix D

Network Results for Partially
Indistinguishable Permanents

Table D.1: Model Metrics for Partially Indistinguishable Permanents.

N | L | C | Index | Classes | Epochs | Training Time (s) | Parameters
3/3(8 [0.0 57 269 102.5 11,865
3/3|8 [0.1 57 148 58.6 11,865
3/3|8 |02 57 176 75.6 11,865
3/3(8 (03 57 165 83.8 11,865
3|38 (04 57 149 62.3 11,865
3/3[8 (05 57 167 66.8 11,865
3/3[8 |06 57 189 76.7 11,865
3/3(8 |07 58 148 62.3 11,994
3/3(8 (0.8 60 102 44.3 12,252
3/3(8 |09 64 132 61.1 12,768
3/3(8 [1.0 76 65 33.9 14,316
4 14116 0.0 53 130 63.6 26,629
4 14116 |01 53 150 75.4 26,629
4 14116 (0.2 53 191 91.2 26,629
4 1411603 53 121 62.0 26,629
4 1411604 54 95 49.6 26,758
4 1411605 54 114 57.5 26,758
4 14116 |0.6 54 103 53.6 26,758
4 14116 (0.7 56 55 30.0 27,016
4 14|16 |0.8 58 75 38.5 27,274
41411609 62 32 18.3 27,790
4 14116 (1.0 83 38 25.0 30,499
Continued on next page
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Table D.1 — continued from previous page

N | L | C | Index | Classes | Epochs | Training Time (s) | Parameters
5|5(64 0.0 53 88 147.4 159,413
515|64|0.1 53 89 142.2 159,413
515|64|0.2 53 73 116.2 159,413
556403 53 53 94.5 159,413
5115|6404 53 80 129.7 159,413
5115|6405 54 78 131.5 159,542
5115|6406 54 61 102.6 159,542
5115|6407 55 28 49.4 159,671
5/5|64 0.8 57 44 71.7 159,929
5|5(64 |09 61 27 44.0 160,445
515|64(1.0 83 27 46.7 163,283
6 |6 |640.0 52 49 111.0 237,172
6 |6 |64 0.1 52 24 54.3 237,172
6 66402 52 47 108.8 237,172
6 66403 52 34 82.5 237,172
6 |6|6404 52 39 90.2 237,172
6 6|64 05 52 29 69.6 237,172
6 |6|6406 54 33 78.5 237,430
6 |6|6407 54 31 75.9 237,430
6 |6|640.8 57 26 67.9 237,817
6 |6|6409 61 29 69.0 238,333
6 6|64 1.0 82 24 57.7 241,042
715116 0.0 53 29 29.0 82,197
7 15]16 0.1 53 44 38.9 82,197
715116 0.2 53 50 49.4 82,197
715116 0.3 53 76 69.2 82,197
715|116 |04 53 42 421 82,197
71511605 53 57 53.2 82,197
715116 0.6 54 41 40.3 82,326
715116 0.7 55 35 33.2 82,455
71511608 57 37 35.1 82,713
715116 0.9 61 36 35.8 83,229
715|116 1.0 85 26 35.2 86,325
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Table D.2: Training Metrics for Partially Indistinguishable Permanents.

N | L| C |Index | Loss | Acc (+0) | Acc (+3) | Acc (+=10) | Acc (Top-5)
3 /3|8 |0.0 5.754 | 0.142 0.541 0.939 0.484
3|38 |01 6.189 | 0.103 0.461 0.894 0.392
3,38 |02 5.899 | 0.136 0.522 0.930 0.467
3(3|8 |03 6.173 | 0.108 0.462 0.895 0.397
3(3|8 |04 5.993 | 0.123 0.488 0.922 0.429
3/3[8 |05 6.174 | 0.108 0.455 0.888 0.395
3|38 |06 6.146 | 0.114 0.456 0.899 0.404
3(3|8 |07 6.454 | 0.093 0.391 0.843 0.341
3(3|8 |08 6.809 | 0.082 0.326 0.745 0.300
3/3[8 (09 6.898 | 0.076 0.300 0.723 0.292
3 /3|8 1.0 7.447 | 0.070 0.263 0.614 0.237
4 (4116 |0.0 5.142 | 0.187 0.689 0.985 0.621
4 (4116 | 0.1 5.161 | 0.190 0.690 0.987 0.614
4 14|16 ]0.2 5.103 | 0.196 0.704 0.989 0.641
4 14|16 ]0.3 5.289 | 0.163 0.659 0.986 0.582
4 14116 |04 5.331 | 0.167 0.644 0.982 0.562
4 14116 |05 5.396 | 0.153 0.626 0.979 0.558
4 14|16 |0.6 5.544 | 0.150 0.594 0.969 0.529
4 14|16 | 0.7 5.999 | 0.111 0.493 0.930 0.414
4 14116 |0.8 6.256 | 0.111 0.412 0.865 0.388
4 (4116 |0.9 6.741 | 0.076 0.318 0.770 0.284
4 (4116 (1.0 7.512 | 0.065 0.256 0.603 0.242
51564 0.0 4.540 | 0.283 0.813 0.996 0.775
55|64 0.1 4.560 | 0.274 0.811 0.996 0.773
55|64 0.2 4.756 | 0.243 0.777 0.996 0.718
55|64 |03 5.300 | 0.177 0.633 0.985 0.582
5|5(64 |04 4.889 | 0.232 0.742 0.992 0.694
5156405 4.932 | 0.228 0.725 0.992 0.683
51564 |06 5.319 | 0.183 0.627 0.982 0.583
55164 |0.7 6.088 | 0.114 0.458 0.909 0.407
5156408 6.163 | 0.118 0.448 0.884 0.413
5156409 6.628 | 0.100 0.362 0.784 0.341
55|64 |1.0 7.502 | 0.074 0.262 0.582 0.265
6 | 6|64 |0.0 5.232 | 0.175 0.650 0.992 0.572
6 | 6|64 0.1 5.260 | 0.180 0.668 0.983 0.598
Continued on next page
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Table D.2 — continued from previous page

N | L| C |Index | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
6 |6|64]0.2 4.902 | 0.224 0.733 0.993 0.695
6 |6|64|03 5.444 | 0.157 0.594 0.986 0.534
6 |6|64|04 5.206 | 0.186 0.669 0.986 0.614
6 |6|64]|05 5.469 | 0.162 0.592 0.969 0.543
6 |6|64]|0.6 5.520 | 0.159 0.579 0.963 0.533
6 |6|64]|0.7 5.856 | 0.139 0.522 0.933 0.471
6 |6|64|0.8 6.119 | 0.121 0.463 0.899 0.423
6 |6|64]0.9 6.524 | 0.105 0.376 0.796 0.367
6 |6|64]1.0 7.556 | 0.080 0.249 0.557 0.268
715116 0.0 5.533 | 0.148 0.590 0.974 0.522
7 15]16 ] 0.1 5.668 | 0.136 0.535 0.971 0.477
715116 0.2 5.504 | 0.163 0.605 0.973 0.538
71511603 5.293 | 0.201 0.642 0.978 0.604
715/16|04 5.488 | 0.175 0.598 0.972 0.552
715|116 |0.5 5.513 | 0.177 0.598 0.968 0.558
715116 |0.6 5.681 | 0.154 0.561 0.951 0.510
71511607 6.038 | 0.145 0.483 0.897 0.460
715]116|0.8 6.180 | 0.140 0.446 0.868 0.443
715116 0.9 6.726 | 0.098 0.340 0.738 0.342
715116 |1.0 7.448 | 0.110 0.287 0.555 0.337

Table D.3: Validation Metrics for Partially Indistinguishable Permanents.

N|L| C |Index | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
3(3[8 |00 5.959 | 0.102 0.513 0.926 0.408
3(3/8 |0.1 6.253 | 0.071 0.436 0.901 0.337
3 /3|8 |02 6.255 | 0.078 0.467 0.909 0.347
3/3|8 |03 6.362 | 0.072 0.429 0.881 0.323
3,38 |04 6.234 | 0.085 0.473 0.899 0.357
3(3|8 |05 6.404 | 0.066 0.411 0.865 0.309
3(3|8 |06 6.395 | 0.061 0.403 0.878 0.303
3 /3|8 |07 6.563 | 0.068 0.372 0.848 0.290
3,38 |08 6.901 | 0.053 0.313 0.744 0.233
3(3[8 |09 7.086 | 0.055 0.269 0.713 0.216
3(3/8 |1.0 7.615 | 0.042 0.229 0.609 0.159
Continued on next page
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Table D.3 — continued from previous page

N | L| C |Index | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
4 14116 |0.0 5.454 | 0.115 0.640 0.982 0.504
4 (4116 | 0.1 5.424 | 0.121 0.636 0.981 0.514
4 14116 |0.2 5.353 | 0.126 0.651 0.986 0.529
4 (4116 |0.3 5.552 | 0.113 0.610 0.979 0.472
4 14|16 |04 5.593 | 0.102 0.601 0.970 0.480
414116 |05 5.760 | 0.088 0.551 0.964 0.425
414116 0.6 5.800 | 0.098 0.549 0.957 0.423
4 14|16 | 0.7 6.180 | 0.070 0.446 0.921 0.341
4 14116 |0.8 6.553 | 0.061 0.344 0.842 0.268
4 (4116 |0.9 6.915 | 0.045 0.293 0.748 0.217
4 14116 (1.0 7.696 | 0.034 0.228 0.578 0.158
51564 0.0 5.514 | 0.134 0.665 0.985 0.543
5156401 5.484 | 0.118 0.657 0.990 0.531
5156402 5.605 | 0.112 0.643 0.987 0.494
51564 0.3 5.916 | 0.092 0.532 0.960 0.408
5|5(64 |04 5.645 | 0.119 0.625 0.984 0.492
5156405 5.727 | 0.100 0.583 0.972 0.438
55|64 |06 5.994 | 0.088 0.518 0.950 0.406
5 (5|64 0.7 6.271 | 0.071 0.419 0.890 0.332
51564 0.8 6.437 | 0.066 0.377 0.869 0.290
5156409 7.013 | 0.043 0.298 0.742 0.218
51564 (1.0 7.889 | 0.030 0.215 0.548 0.144
6 66400 5.813 | 0.097 0.572 0.983 0.427
6 66401 5.541 | 0.121 0.613 0.978 0.495
6 | 66402 5.500 | 0.111 0.647 0.984 0.500
6 | 6|64 |03 5.890 | 0.100 0.537 0.975 0.397
6 66404 5.590 | 0.093 0.588 0.978 0.447
6 | 66405 5.806 | 0.099 0.551 0.960 0.429
6 | 66406 5.892 | 0.083 0.515 0.951 0.394
6 | 6|64 0.7 6.118 | 0.086 0.450 0.922 0.360
6 66408 6.463 | 0.066 0.397 0.870 0.287
6 66409 6.857 | 0.043 0.298 0.767 0.220
6 1664 |1.0 7.988 | 0.032 0.177 0.508 0.129
715|116 |0.0 5.681 | 0.112 0.580 0.969 0.454
7 1516 | 0.1 5.798 | 0.088 0.527 0.972 0.404
715116 0.2 5.730 | 0.095 0.566 0.962 0.406
Continued on next page
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Table D.3 — continued from previous page

N | L| C |Index | Loss | Acc (+0) | Acc (+3) | Acc (+10) | Acc (Top-5)
71511603 5.719 | 0.103 0.548 0.977 0.423
715/16|04 5.777 | 0.080 0.527 0.967 0.398
715]116|05 5.839 | 0.089 0.517 0.961 0.400
715116 0.6 6.041 | 0.090 0.485 0.933 0.364
71516 | 0.7 6.357 | 0.070 0.417 0.882 0.318
715]116|0.8 6.532 | 0.062 0.386 0.848 0.287
715116 0.9 6.988 | 0.055 0.292 0.720 0.230
715|116 |1.0 8.206 | 0.026 0.171 0.475 0.121
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