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Abstract: Although neural network architectures are critical for their performance, how the struc- 1
tural characteristics of a neural network affect its performance has still not been fully explored. We =
here map architectures of neural network to directed acyclic graphs, and find that incoherence,a s
structural characteristic to measure the order of directed acyclic graphs, is a good indicator for the 4
performance of corresponding neural networks. Therefore we propose a deep isotropic neural net- s
work architecture by folding a chain of same blocks then connecting the blocks with skip connections &
at different distances. Our models, named FoldNet, have two distinguishing features compared -
with traditional residual neural netowrks. First, the distances between block pairs connected by =
skip connections increase from always equal to one to specially selected different values, which  »
lead to more incoherent graphs and let the neural network explore larger receptive fields and thus 10
enhance its multi-scale representation ability. Second, the number of direct paths increases from 11
one to multiple, which leads to a larger proportion of shorter paths and thus improve the direct 12
propagation of information throughout the entire network. Image classification results on CIFAR-10 13
and Tiny ImageNet benchmarks suggested that our new network architecture performs better than 14
traditional residual neural networks. 15

Keywords: complex network; neural network architecture; isotropic architecture; image classification 16

17

1. Introduction 18

An artificial neural network is a computing system consisting of many simple, highly 1o
interconnected processing elements, i.e. neurons, which process information by their 20
dynamic state response to external inputs [1]. How the neurons are connected is believed =2
to be crucial for the performance of artificial neural networks. 22

Recent advances in computer vision models have partially confirmed such hyperthesis. 2s
For example, the effectiveness of ResNet [2,3] and DenseNet [4] is largely due to the =2
skip connections between blocks; the performance of the learned architectures in neural 25
architecture search is also largely due to their connection structures [5-8]. 26

In spite of the architecture of neural networks is critically important, there is stillno 27
consistent way to model it till now. This makes it impossible to theoretically measure 2s
the effect of network architectures on their performance, and also makes the design of 2o
neural network architectures basically based on intuition try and error. Even if the recent o
architectures learned by automatically searching in large architecture space are also results s
of try and error methods [5-9]. 32

On the other hand, the theory of complex networks has been used to model networked a3
systems for decades [10]. If we consider neural networks as networked systems, we can 34
use the theory of complex networks to model neural networks and characterize the effect s
of network architectures on their performance. Recently, Testolin et al. [11] explain deep 36
belief neural networks by techniques in the field of complex networks; Xie et al. [12] s
show the efficiency of the neural network structures that are randomly generated by three s
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classical random graph models, i.e. the Erd6s-Rényi (ER) [13], Barabdasi-Albert (BA) [14], o
and Watts-Strogatz (WS) [15] models. 40

We here first map the architectures of residual neural networks to directed acyclic 4
graphs then explore the incoherence of DAGs. We find that the incoherence parameter 4
g increases with both the depth of residual neural networks and the folding length d s
(explained in subsection 3.2). We also find that the proportion of shorter paths in DAGs 44
increases with the folding length d. 45

Therefore we fold the chain-like architecture of ResNet to form an accordion-like 46
neural network architecture, named FoldNet. The new network has multiple direct paths 4
across the whole network, compared with one direct path in traditional residual networks. s
It also has a higher degree of disorder and a larger proportion of shorter paths in the 4o
corresponding DAG. We experimentally show that these structural features of FoldNet let  so

it explore extremely deep network and lead to high performance. 51
2. Related work 52
2.1. Isotropic architectures of neural network 53

The exploration of network architectures has been a part of neural network research s«
since their initial discovery. In computer vision, the architecture of convolutional neural s
networks has been explored from their depth [2-4,16], width [17], cardinality [18], etc. Their e
building blocks also extended from residual blocks [2,3,17,18] to many variants of efficient  s-
blocks [19-23], such as the depthwise separable convolutional block, etc. 58

Recently, a new paradigm of isotropic architectures of neural network have emerged so
partially inspired by the state-of-the-art attention-based transformer architectures in vision o
[24,25]. Contrary to pyramid-shaped architectures, isotropic architectures have equal size e
and shape for all elements throughout the network. In isotropic neural networks, images e
is first divided into sequences of patches, which are then passed into a chain of repeated s
same blocks. o4

The blocks of isotropic architectures are divided into three categories depending on s
their inner operations: attention-based blocks [24,25], CNN-based blocks [26,27] and MLP- s
based blocks [28,29]. We here focus on CNN-based blocks and leave attention-based blocks 7
and MLP-based blocks for the future work. o8

2.2. Degree of order of DAGs: trophic coherence 69

Directed Acyclic Graphs (DAGs) is a representation of partially ordered sets [30]. The 7o
extent to which the nodes of a DAG are organized in levels can be measured by trophic 7.
coherence, a parameter that is originally defined in food webs and then shown to be closely 7
related to many structural and dynamical aspects of complex systems [31-33]. 73

For a directed acyclic graph given by n X n adjacency matrix A, with elements a;; =1 7
if there is a directed edge from node i to node j, and a;; = 0 if not. The in- and out-degrees 7
of node i are ké" = X aji and k?”t = X aij, respectively. The first node (i = 1) can never 7
have ingoing edges, thus k¥ = 0. Similarly, the last node (i = 1) can never have outgoing 7
edges, thus k9! = 0. 7s

The trophic level s; of node i is defined as

1
s;i=1+ an Zb‘lﬁSj, 1)
i

if kf-” > 0,ors; = 1if kﬁ” = 0. In other words, the trophic level of the first nodeis s = 1asit
has no incoming edge, while other nodes are assigned the average trophic level of their s
in-neighbors, plus one. Thus, for any DAG, the trophic level of each node can be easily &
obtained by solving the linear system of Eq. 1. 82

Johnson et al. [31] characterize each edge in an DAG with a trophic distance: x;; =
si — sj. They then consider the distribution of trophic distances over the network, p(x). The s
homogeneity of p(x) is called trophic coherence: the more similar the trophic distances of all ~ ss
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the edges, the more coherent the network. They measure the degree of coherence with the s
standard deviation of p(x), which is referred to as an incoherence parameter: g = \/(x?) — 1.

We map architectures of neural networks to directed acyclic graphs, measure the e
degree of order of directed acyclic graphs using incoherence parameter g, then explore the s
relationship between the performance of neural networks on image classification and the 0
incoherence of corresponding directed acyclic graphs. 01

2.3. Effective paths in neural networks 02

Veit et al. [34] interpreted residual networks as a collection of many paths of differing s
lengths. The gradient magnitude of a path decreases exponentially with the number of o
blocks it went through in the backward pass. The total gradient magnitude contributed s
by paths of each length can be calculated by multiplying the number of paths with that e
length, and the expected gradient magnitude of the paths with the same length. Thus most o7
of the total gradient magnitude is contributed by paths of shorter length even though they s
constitute only a tiny part of all paths through the network. These shorter paths are called o
effective paths. The larger the proportion of effective paths, the better performance, with 100
other conditions unchanged. 101

We find that more incoherent directed acyclic graphs have larger proportion of shorter 102
paths, which improve the direct propagation of information throughout the whole network. 10

3. FoldNet 104
3.1. Mapping residual neural network architectures to directed acyclic graphs 108

In order to evaluate the effect of structural characteristics of neural networks on their 106
performance, we first need to map the architectures of neural networks to directed acyclic 1o
graphs. The mapping from the architectures of neural networks to general graphs is flexible. 108
We here intentionally chose a simple mapping, i.e. nodes in graphs represent non-linear o0
transformations among data, while directed edges in graphs represent data flows which 110
send data from one node to another node. Such mapping separates the effect of network 1.
structure on performance from the effect of non-linear transformations on performance, .-
since all the weights in neural networks are mapped to the nodes of graphs while all the 113
connection structures are mapped to the edges of graphs. 114

Consider a batch of images x that is passed through a residual convolutional neural s
network. The network comprises L layers, each of which implements a non-linear transfor- 11
mation F;(-), where I > 1 indexes the layer. F;(-) can be a composite function of operations 17
such as batch normalization (BN), rectified linear units (ReLU), pooling, or convolution 11s
(Conv) [35,36]. Residual neural networks [2,3] have a skip connection for every layer that 110
bypasses the non-linear transformations with an identity function. Fig. 1a outlines the 120
network structure, where all the dashed lines representing skip connections form the direct 12
path. The skip connections in residual neural networks allow the forward activations and 122
the backward gradients to flow directly through the identity function without information 123
loss, that is the origin of their high performance. 124

Under the above mapping rule, the architecture of residual neural networks is mapped 125
to a complete directed acyclic graph (Fig. 1b). 120


https://doi.org/10.20944/preprints202210.0092.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2022 doi:10.20944/preprints202210.0092.v1

40f13

(a) : a \(Fﬁ/w s i @3 :}-lj (?311 \ﬁ . [Architecture of resid- J

ual neural networks

Complete directed
acyclic graph

Figure 1. Example of mapping from residual neural networks to directed acyclic graphs. (a) An
example of the architecture of residual neural networks. The F; nodes represent non-linear trans-
formations among data, the circles with plus signs inside represent summation on all ingoing data.
(b) The complete directed acyclic graph mapped from the residual neural network. The nodes are
composition of summation and non-linear transformations, the lines represent data flows among
nodes.

3.2. Improving incoherence of DAGs by folding residual neural networks 127

We observe that all the skip connections in residual neural networks only connect 12
adjacent layers, i.e. the distances between any two layers connected by skip connections 2o
always equal to one, that may restrict its represent capability. Thus we fold the backbone 130
chain of residual neural networks back and forth to form an accordion-like architecture, as  1s:
shown in Fig. 2a, 2b. 132

Figure 2. Example of mapping from FoldNet to directed acyclic graphs. (a) An example of FoldNet-2.
(b) An example of FoldNet-3. The F; nodes represent non-linear transformations among data, the
circles with plus signs inside represent summation on all ingoing data. (c) The directed acyclic graph
mapped from FoldNet-2. (d) The directed acyclic graph mapped from FoldNet-3. The nodes are
composition of summation and non-linear transformations, the lines represent data flows among
nodes.

Such an accordion-like structure extend the chain-like structure of residual neural 1s:
networks from two aspects. First, the number of direct paths increases from one to multiple, 13
while the particular number of direct paths is determined by the so-called "folding length". 1ss
Second, the distances between layers connected by skip connections are different with each 136
other, while the particular values of distances are also determined by the so-called "folding 137
length". For example, in Fig. 2b where the "folding length" equal to 3, so there are 3 direct 13s
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paths, the distances between layers connected by skip connections equal to 2 or 4. Thus we 13
incorporate a new control parameter d to represent the folding length. For convenience, 140
we name such a folded neural network as FoldNet-d where d is the folding length. In = 1a
FoldNet-d, the number of direct paths equal to d, the distances of skip connections are s
integers in the set [2,4,...,2(d —1)]. When d = 1, the model degenerated to the traditional 1
residual neural networks. Fig. 1a, Fig. 2a, Fig. 2b illustrated the architectures of FoldNet-1, 14
FoldNet-2, FoldNet-3 respectively. 145

According to the mapping rule of the previous subsection, FoldNet-2 and FoldNet-3 146
could be mapped to directed acyclic graphs as shown in (Fig. 2). We next explore the 14
incoherence and path lengths of DAGs. As shown in the main plot in Fig. 3, We find that 14
the incoherence parameter g increases with the number of nodes in DAGs, which equal to 149
the number of layers (or depth) of corresponding neural networks. We also find that the 1s0
incoherence parameter g increases with the folding length d. The inset plot in Fig. 3 shows s
the cumulative distribution function (CDF) of path lengths in DAGs when the number of s
nodes equal to 50. The inset plot indicate that the proportion of shorter paths increases s

with the folding length d. 154
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Figure 3. Incoherence and path lengths of DAGs. The main plot illustrates the relationship between
incoherence parameter 4 and number of nodes of DAGs and folding length d. The inset plot show the
relationship between path lengths and folding length d.

The comparison of incoherence and path lengths between FoldNet-d where d € [2,3,4] s
and traditional residual neural networks where d = 1 show that FoldNet-d have a higher 1se
degree of disorder and a larger proportion of shorter paths, and we argue that these two sz
features together bring better performance of FoldNet-d. 158

3.3. Architecture design 159
FoldNet model can be formally expressed by the following equation:

x; = F(x—1) + x4, 2)

where the output of the current layer I > 1, x;, equal to the summation of the non-linear
transformation of the output of the previous layer F;(x;_1) and the output of a previous
layer I —i, x;_;. i is the distance between the current layer  and a previous layer [ — i which
is connected to the current layer by a skip connection. The distance i is determined by the
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current layer index [ and the folding length d. It should be noted thatif d = 1, theni =1,
where FoldNet is exactly same with the traditional residual neural networks. For the case
of the folding length d > 1, if the current layer index is less than the folding length, I < 4,
then the previous layer x;_; is always equal to xo. Otherwise, the distance i is determined
by:
i=2(1+(I—1)mod (d—1)), when d >1AI>d. (3)
The distances of skip connections i are constant and always equal to one in traditional e
residual networks, while in FoldNet, they are variable values determined by the current e
layer index I and the folding length d using equation 3. The variable distances allow the e
model to merge and fuse a larger number of previous images that have different sizes of 1es
receptive fields, and thus enhance its multi-scale representation ability. 168
As illustrated in Fig. 4a, FoldNet consists of a patch embedding layer followed by 1es
repeated applications of a folding block. After many applications of this block, we perform 1es
global average pooling to get a feature vector which are then passed to a linear classifier e
and a softmax function to predict the probabilities of all classes. 168
The patch embedding layer with patch size p and hidden dimension 7 can be im- 160
plemented as convolution with cj, input channels (equal to 3 for RGB images), I output 170
channels, kernel size p and stride p. e
The folding block includes d — 1 non-linear transformations F; as shown in the red 17
dashed rectangles in Fig. 4a. Each non-linear transformations F; itself consists of depthwise 173
convolution followed by pointwise convolution, and each of the convolutions is followed 17
by an activation GELU and post-activation BatchNorm, as illustrated in Fig. 4b. The 7
depthwise convolution is grouped convolution with kernel size k x k and groups equal to 176
the number of channels /1, the pointwise convolution is convolution with kernel size 1 x1. 17

J

Pointwise
Convolution

Pooling & Linear
s
S

[

Figure 4. (a) Architecture of the FoldNet model. FoldNet starts with the patch embedding layer,
continues with multiple folding blocks shown by the red dashed rectangles, then followed by the
pooling and the linear softmax classifier. Here, the depth n = 6, the folding length d = 3, and the
number of folding blocks equal to n/(d — 1) = 3. (b) Detail of the non-linear transformations F,
including a depthwise convolution followed by an GELU activation and a post-activation BatchNorm,
after that followed by a pointwise convolution, another GELU activation, and another post-activation
BatchNorm.

Therefore, the architecture of FoldNet is mainly determined by five hyper-parameters: 17s
(1) the "width" or hidden dimension #, (2) the depth n or the number of repetitions of non- 17
linear transformation F, (3) the folding length d or the number of non-linear transformations iso
per block, (4) the patch size p which controls the internal resolution of the model, (5) the = 1e:
kernel size k of the depthwise convolution. 162
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4. Experiments 183
4.1. Experimental setup 188

We train for image classification on the CIFAR-10 and Tiny ImageNet datasets. The 1es
CIFAR-10 dataset consists of colored natural images with 32x32 pixels drawn from 10  1ss
classes. The training and test sets contain 50,000 and 10,000 images respectively. The Tiny e
ImageNet dataset is a modified subset of the original ImageNet dataset. It consists of s
colored natural images with 64 x 64 pixels drawn from 200 different classes instead of 1000  1ss
classes in ImageNet dataset. The training and test sets contain 100,000 examples and 10,000 100
examples respectively. 101

We implement FoldNet using the Pytorch framework, and evaluate it using the Pytorch 1.2
Lightning library. We use the free online P100 GPU provided by Kaggle Kernels to train  1es
and evaluate our models on image classification. Kaggle Kernels implement a limit on each 104
user’s GPU use of 30 hours/week and 10 hours/session. We also use the free and paid 1es
online GPUs provided by paperspace.com when the free GPU of Kaggle Kernels couldn’t 1s6
fulfill our requirement on GPUs. 107

Due to our limited compute, we only consider hyper-parameters that are critical 108
for the performance of FoldNet, and keep all other hyper-parameters constant. FoldNet 190
only changes the connecting way of skip connections among the layers in residual neural 200
networks, and is a macro design methodology of neural network architectures. Thus we 2o
focus on the depth n and the folding length d that reflect the macro design of FoldNet, 202
while keep the hidden dimension , the patch size p and the kernel size k that reflect the 2o
micro design in the layer level of FoldNet, their optimized values. We set the patch size 204
p = 2 and the kernel size k = 5 suggested in the related isotropic model ConvMixer [27]. zos
We set the hidden dimension h € {64,256}. 206

For CIFAR-10 dataset, we train FoldNet for 100 epochs with a batch size of 256. For Tiny 207
ImageNet dataset, due to our limited compute, we train FoldNet for 50 epochs with a batch  zos
size of 128. For both CIFAR-10 and Tiny ImageNet, we use AdamW [37] with a learning rate 200
of le-2 and a weight decay of 0.1. There is a 10-epoch linear warmup with initial learning 210
rate of 1e-5 and a cosine decaying schedule afterward. For data augmentation, we include 21
the RandomResizedCrop, RandomHorizontalFlip, Rand Augment[38] and Colot]itter. 212

4.2. Experimental Results of CIFAR-10 213

In order to evaluate the effect of the depth n and the folding length d of FoldNet on its 214
performance on image classification, we evaluate the depths in a sequence [16,24, 32,40,48], =1
and for each depth n, we evaluate the folding length in a sequence [1,2,3,4]. There are 216
totally 24 evaluations as listed in Tab. 1. For each evaluation, we run 3 times, and report 27
the mean value of the maximum validation accuracy of 3-runnings as the performance 2:s
measurement. 219

Table 1. Hyper-parameter values for CIFAR-10 dataset. The depth 1 equal to the number of folding
blocks times d — 1. The patch size p and kernel size k are fixed as p = 2 and k = 5. The hidden
dimension # is chosen from the set [64, 256].

Folding length d Num. of folding blocks | Corresponding depth n
1 [16, 24, 32, 40, 48] [16, 24, 32, 40, 48]
2 [16, 24, 32, 40, 48] [16, 24, 32, 40, 48]
3 [8,9,12,13, 16,17, 24] [16, 18, 24, 26, 32, 34, 48]
4 [5,7,9,11,13, 15, 16] [15,21, 27, 33, 39, 45, 48]

Figure 5 depicts the validation accuracy of FoldNet-1, FoldNet-2, FoldNet-3 and 220
FoldNet-4 when hidden dimension i1 = 64. As shown in the figure, the performance of 22
all the FoldNet models increase with the depth n of FoldNet, and FoldNet-2, FoldNet-3 222
and FoldNet-4 where d > 1 perform better than FoldNet-1 where d = 1 at all the depths. 223
As we have shown in Fig. 3 that the incoherence of DAGs is strong positive correlated 22
with the depth n and folding length d of the corresponding neural networks, therefore 22
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we could infer the strong positive correlation between the incoherence of DAGs and the 22
classification accuracy of the corresponding neural networks. In particular, FoldNet-2 with 227
depth n = 48 has 0.293M parameters and can achieve 93.95% top-1 accuracy on CIFAR-10  22s
after 100 epochs which increase by 0.43% compared with FoldNet-1 with depth n = 48. We = 220
also show the validation accuracy curves of FoldNet-1, FoldNet-2, FoldNet-3 and FoldNet-4 230

when depth n = 48 in Fig. 6 to compare their performance in detail. 231
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Figure 5. Validation accuracy of FoldNet-d for CIFAR-10 dataset when hidden dimension & = 64. x
axis is the depth of neural network 7, y axis is the validation accuracy percentage. The validation
accuracy of FoldNet-2 increase by 0.43% compared with FoldNet-1 when depth n = 48.
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Figure 6. Validation accuracy curves of FoldNet for CIFAR-10 dataset when hidden dimension I = 64
and network depth n = 48. The validation accuracy curves of the last 10 epochs are enlarged to
compare accuracy of FoldNet-d more clearly.

We also show the validation accuracy of FoldNet-1, FoldNet-2, FoldNet-3 and FoldNet- 232
4 when hidden dimension /1 = 256 in Fig. 7. Similar to the case of 1 = 64 in Fig. 5, the 23
performance of all the FoldNet models increase with the depth 7 of FoldNet, and FoldNet-2, 234
FoldNet-3 and FoldNet-4 where d > 1 perform better than FoldNet-1 where d = 1 at 235
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almost all the depths. In particular, FoldNet-2 with depth n = 48 has 3.5M parameters and
can achieve 95.56% top-1 accuracy on CIFAR-10 after 100 epochs which increase by 0.25%
compared with FoldNet-1 with depth n = 48. We also show the validation accuracy curves
of FoldNet-1, FoldNet-2, FoldNet-3 and FoldNet-4 when depth n = 48 in Fig. 8 to compare
their performance in detail.
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Figure 7. Validation accuracy of FoldNet-d for CIFAR-10 dataset when hidden dimension & = 256. x
axis is the depth of neural network n, y axis is the validation accuracy percentage. The validation
accuracy of FoldNet-2 increase by 0.25% compared with FoldNet-1 when depth n = 48.
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Figure 8. Validation accuracy curves of FoldNet for CIFAR-10 dataset when hidden dimension
h = 256 and network depth n = 48. The validation accuracy curves of the last 10 epochs are enlarged
to compare accuracy of FoldNet-d more clearly.

4.3. Experimental Results of Tiny ImageNet

Due to our limited compute, we only evaluate the performance of FoldNet-1, FoldNet-
2, FoldNet-3 and FoldNet-4 when hidden dimension & = 256 and network depth n = 32.
As shown in Fig. 9, FoldNet-3 has 2.4M parameters and can achieve 67.55% top-1 accuracy
on Tiny ImageNet after only 50 epochs which increase by 0.55% compared with FoldNet-1.

245
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We further explore the performance of FoldNet-3 by increasing the hidden dimension 246
to h = 512 and the depth to n = 48 and training for 85 epochs. Such a FoldNet-3 has 24
13.7M parameters and can achieve 70.13% top-1 accuracy on Tiny ImageNet after 85 epochs  24s
as shown in Fig. 10. This result is competitive compared with the state-of-art results on 24
Tiny ImageNet [39], which achieved 70.24% top-1 accuracy on Tiny ImageNet using a  2so
ResNet-like model with 100.5M parameters after 300 epochs. 251
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Figure 9. Validation accuracy curves of FoldNet for Tiny ImageNet dataset when hidden dimension
h = 256 and network depth n = 32. The validation accuracy curves of the last 5 epochs are enlarged
to compare accuracy of FoldNet-d more clearly.
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Figure 10. Accuracy curves of FoldNet-3 for Tiny ImageNet dataset when hidden dimension i = 512
and network depth n = 48.

5. Discussion 252

In this paper, we attempt to apply the insights from the field of complex networks zs
about the structural features of a network affecting its dynamics to deep neural networks. s
To this end, we map the architectures of deep neural networks to directed acyclic graphs zss
(DAGs), then find out the relationship between the structural characteristics of neural =zse
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networks and corresponding DAGs. We found a strong positive corelation between the
incoherence of DAGs and the depth n and folding length d of corresponding neural ne-
towrks. Thus, we propose a deep isotropic neural network architecture FoldNet by folding
a chain of same blocks whose corresponding DAGs are more incoherent.

We evaluate the effect of FoldNet on image classification by varying their depth n and
folding length d. We found a positive correlation between the depth and folding length
of FoldNet and their accuracy. Therefore, we infer that the incoherence of DAGs has a
positive corresponding with the accuracy of the corresponding neural netowrks on image
classification. FoldNet achieves the competitive results on Tiny ImageNet dataset with
much less parameters.

We recognize that the performance of a neural network may be affected by multiple
structural features at the same time, rather than one, for example incoherence in our case.
DAGs have other structural features, such as the number of paths in DAG, that can affect
the performance of the corresponding neural netowrks. Our future work will explore in
this direction.
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Abbreviations

The following abbreviations are used in this manuscript:

DAG Directed Acyclic Graphs
5; trophic level of node i in DAG
A adjacency matrix of DAG
kf” in-degrees of node i in DAG
k?”t out-degrees of node i in DAG
incoherence parameter of DAG
output of layer I in FoldNet
non-linear transformations of layer  in FoldNet
folding length of FoldNet
hidden dimension of FoldNet
number of non-linear transformations F in FoldNet
patch size
kernel size of depthwise convolution
NN  Convolutional Neural Network
MLP  Multiple Layer Network
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