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Abstract

Deep convolutional neural networks (CNNs) have attained remarkable
success in numerous visual recognition tasks. There are two challenges
when adopting CNNs in real-world applications: a) the existing CNNs
are computationally expensive and memory intensive, impeding their
use in edge computing; b) there is no standard methodology for
designing the CNN architecture for the intended problem. Network
pruning/compression has emerged as a research direction to address
the first challenge, and it has proven to moderate CNN computational
load successfully. For the second challenge, various evolutionary
algorithms have been proposed thus far. The algorithm proposed in
this paper can be viewed as a solution to both challenges. Instead of
using constant predefined criteria to evaluate the filters of CNN layers,
the proposed algorithm establishes evaluation criteria in online manner
during network training based on the combination of each filter’s
profit in its layer and the next layer. In addition, a novel method has
been suggested that inserts new filters into the CNN layers. The
proposed algorithm is not simply a pruning strategy but determines the
optimal number of filters. Training on multiple CNN architectures
allows us to demonstrate the efficacy of our approach empirically.
Compared to current pruning algorithms, our algorithm vyields a
network with a remarkable prune ratio and accuracy. Despite the
relatively high computational cost of an epoch in the proposed
algorithm in pruning, altogether it achieves the resultant network faster
than the other algorithms.
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1. Introduction

In the recent years, deep learning networks,
specifically  convolutional neural  networks
(CNNs), have achieved unprecedented success in
challenging problems in vision such as
classification [1, 2], face detection [3, 4], semantic
segmentation [5, 6], object detection [7, 8] and all
other data-rich fields such as natural language
understanding [9] and speech detection [10]. This
success is attributed to the hierarchical structure
of CNN that was inspired by the human brain
structure [11, 12]. The success of CNNs in a
variety of applications is accompanied by a
substantial rise in computation and parameter
storage costs. A glance at network architectures
such as AlexNet (8 layers) [13], VGG (18 layers)

[14], GoogleNet (19 layers) [15], ResNet [16],
and DenseNet [17] (a few hundred layers) reveals
that they have gotten wider and deeper over time.
This strategy results from the well-known rule
that, in general, CNNs with greater depth and
breadth are better equipped to handle complex and
larger problems [16, 18]. With the advent of wider
and deeper CNNs, however, the hardware
requirements have elevated in a way that makes it
difficult to use CNNs in edge computing. Even
though it is well-known that deep neural networks
have many redundant parameters that can be
replaced by a more compact architecture, there is
no standard method for designing the compact
deep architecture for new tasks. Consequently,
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many researchers tend toward network pruning
and compression [19, 20]. A common practice in
these studies involves comprehensive training of
the network, followed by repetitive pruning
(based on some predefined criterion) and fine-
tuning. The essence of pruning is
evaluating filters and removing the ones with the
lowest score that result in minimum accuracy loss
and maximum acceleration.

Typically, the input to the pruning algorithm is
a pre-trained network. This being said, one must
initially train the network exhaustively in order to
employ these algorithms. In addition, these
algorithms typically require remarkable fine-
tuning epochs after pruning. In our proposed
algorithm, pruning occurs during training,
eliminating the requirement for a pre-trained
network. However, our algorithm requires
approximately n epochs of startup training before
the pruning process can initiate. In the proposed
algorithm, the number of fine-tuning epochs is
approximately 0.1 times that of extant pruning
algorithms. By eliminating the requirement for an
entirely pre-trained network and a significant fine-
tuning phase following the pruning phase, the
proposed algorithm attains the resulting network
faster than existing pruning algorithms.

In the current pruning algorithms, if pruning some
filters and reducing the capacity of corresponding
layers result in a significant loss in the network
performance, there is no way to undo the pruning.
Under such  circumstances, irrecoverable
information loss occurs within the network.
Several methods such as soft pruning [22],
dynamic regularization [23], and filter attenuation
[24] are recommended for mitigating these
conditions. In order to fully address this problem,
we have proposed a novel method that measures
the layer’s capacity and, if necessary, inserts a
new filter into that layer. Therefore, we refer to
our algorithm as Adaptive Network pruning
(AdapNet). Inserting a new filter that has a
specific correlation with other filters also
accelerates network training because stochastic
gradient descent (SGD) is utilized for training the
network on what it will learn in the future.

Filter evaluation methods in pruning algorithms
can be categorized into two main types: (1)
evaluation based on filter intrinsic property such
as L1/L2 norm [25, 26], absolute value [27, 28],
gradient value [29, 30], and entropy [31-33]; and
(2) evaluation based on filter influence on
network cost function [34-38]. The first approach
is based on the outdated but currently contested
notion that “magnitude equals salience” [39-41].
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The second method typically has a high
computational cost and is insufficiently accurate.
The proposed algorithm’s filter evaluation
criterion is developed based on the intended task
during network training. We have considered
image classification as the intended task. Future
research may consider the development of
AdapNet for other tasks.

Filter evaluation in our algorithm is based on
intermediate representations that emerge in the
network layers during training. CNNs’
intermediate layer function as semantic detectors,
and these semantics are extremely sensitive to
network architecture and training data [42-45].
We argue that intermediate-layer generated
semantics can be used to determine the optimal
number of filters for each layer. As the network’s
hierarchical structure is inspired by the human
brain, it stands to reason that the number of filters
in each layer may also be [11, 46]. Accordingly,
we define the Intermediate Concept (IC) as the
interpretability and information richness of the
generated Feature Maps (FMs) in intermediate
layers. Here, interpretability refers to the degree to
which FMs correspond to the concept trained to
the network. We introduce a quantitative
measurement based on the distribution of filter
activation on IC to quantify the interpretability of
intermediate layer FMs. By interpretability, we do
not mean interpretability for humans, as we know
that in an optimal state, only a small percentage of
FMs (approximately 40%) that are valuable to
discriminability is interpretable for humans [40,
47]. Thus, we can criticize approaches such as
[45, 48, 49] that rely on human interpretation in
determining the IC to be learned by the network.
We propose a novel method for extracting ICs
from FMs and for quantitatively evaluating the
extracted ICs’ utility for the intended task.

In sum, unlike the existing pruning algorithms,
AdapNet does not require a pretrained network
and eliminates the substantial fine-tuning phases
following pruning. In addition, it does not utilize
the static filter evaluation criterion during
pruning; and, it inserts a new filter based on the
layer capacity evaluation. AdapNet enhances the
prune ratio while maintaining the accuracy of
pruned networks and is significantly faster than
the existing pruning algorithms. The proposed
approach has been evaluated on multiple CNNs
(VGG11, ResNet50, AlexNet, Net2) over two
benchmarked datasets (CFAR10/100). The
simulation results demonstrate the effectiveness of
AdapNet in terms of prune ratio and acceleration
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in achievement of resultant network. Our primary
contributions are as follows:

1. AdapNet input is not a trained CNN, and unlike
other methods, the CNN does not require
exhaustive training prior to pruning.

2. The evaluation criteria for filters are not
static and task-independent. Rather, these criteria
are developed based on the extracted IC during
network training.

3. AdapNet inserts new filters into the layers
based on layer capacity evaluation, as opposed to
the existing methods that only prune the filters
and may cause irrecoverable information loss.
AdapNet is not, therefore, simply a pruning
algorithm, as it determines the optimal number of
filters for each layer.

2. Related Works

CNN pruning and compression is a method of
finding the optimal CNN architecture in terms of
network size or complexity. These methods fall
into two primary categorizes with regard to filter
evaluation and pruning technique: (1) intrinsic
properties and (2) performance importance. In the
first category, the significance of a filter is
calculated by its intrinsic properties. On the other
hand, a score is assigned to the filter based on its
intrinsic properties, and filters with low scores are
removed from the network. L1/L2 norm [25, 26],
absolute value [27, 28], gradient value [29, 30],
and filter entropy [31-33] are examples from
the first category. Research indicates a weak
correlation between L1/L2 norm-based
approaches and network performance [39, 40]. In
this category, the association between selected
parameters (for filter evaluation) and network
performance is typically validated through
simulation with no formal proof.

The second group is based on the significance of
the performance. In these methods, the impact of
the filter on network performance is evaluated,
and pruning is performed in accordance with the
calculated filter importance. For example, [50, 51,
37] inserted the auxiliary loss function into the
intermediate layers and pruned based on the
discrimination power of the FMs. However,
research  indicates that increasing the
discrimination power of FMs in intermediate
layers does not necessarily increase the
discrimination of the FMs in the final layer
but may even harm generalization [52-54]. The
Taylor series was used in [34-36] to measure the
effect of each filter on the loss function or
network accuracy. Due to the large number of
filters and the impossibility of calculating the
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Taylor series with reasonable accuracy, however,
a more compact approximation was calculated
using the first-order expansion. In general,
measuring the impact of filters on network
performance typically entails high computational
costs and cannot be accomplished accurately.

Millions of parameters and computations in the
network’s  intermediate layer extend the
usefulness of the network beyond the task they
were designed for and reach features that are not
necessarily useful for the network’s intended
task [52]. On the other hand, intermediate layers
of CNN behave like a semantic detector (we refer
to as IC), which is sensitive to the network
structure [42, 44, 45, 52]. [45] uses the
evolutionary method to extract these ICs. In [48],
the user identified ICs that help the network to
achieve greater generalization and accuracy
during training. [55, 56] extracted a single
prototype for each class, whereas [57] utilized the
same number of prototypes for each class. We
argue that based on these ICs, accurate evaluation
of filters is possible while taking the intended task
into consideration.

AdapNet applies incremental clustering to FMs
for IC extraction. Clustering is commonly used to
compress CNNSs. In [58, 59], filter clustering is
used as the similarity criterion for pruning; in
[59], filter pruning was performed online, whereas
in [58], filter pruning was performed after
training. Using the trained network as input, [58]
employed k-means clustering on the Kkernels,
utilized cluster centers as new kernels, and
eliminated the remaining cluster members from
the network. [59] applied clustering during
training and, with modifications to the cost
function, attempted to merge similar kernels into
the same clusters.

Nevertheless, online clustering methods receive
two major criticisms. Firstly, the high
dimensionality of data not only increases the
computational time and memory requirements of
algorithms but also negatively affects their
performance due to the noise effect and the
insufficient number of samples with respect to the
ambient space dimension, commonly referred to
as the curse of dimensionality. Secondly, one
cannot decide between filters solely based on their
similarity, as the information of each filter can be
used in subsequent layers depending on
its composition [60, 61]. Instead of being
uniformly dispersed across the ambient space,
high-dimensional data frequently layin low-
dimensional  structures.  Recovering  low-
dimensional structures in the data reduces the
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computational cost, memory requirements of
algorithms, and reduces the effect of high-
dimensional noise in the data, leading to improved
performance of inference, learning, and
recognition tasks [62, 63]. [62, 64, 65] applied
CNN to clustering in another sub-space. AdapNet
utilizes the idea proposed in these papers. Similar
to [64], a non-linear mapping into another sub-
space was used to extract an adjacency matrix for
use in spectral clustering. The cluster evaluation
method is inspired by [44], which presents the
kernel activity distribution on labels to extract the
sensitivity of each kernel. It assesses each CNN
convolutional unit as a solution to a binary
segmentation task for each visual concept in
BRODEN (Broadly and Densely Labeled Dataset
assembled and applied in [44]).

Another common issue with network compression
algorithms is the need for a CNN that has been
pre-trained. In many previous approaches, the
accepted strategy has been “pruning followed by
training”, which imposes an additional retraining
phase to recover the accuracy degradation caused
by pruning. The simplest algorithm that takes into
account this issue and eliminates the fine-tuning
phase is [66]. It randomly applied three
compression criteria during network training: 11-
norm, random selection, and filter activation. In
other words, filter pruning was performed without
a specific metric and based solely on one of the
aforementioned criteria. In light of the simulation
results presented in [66], the I1-norm is the
optimal network compression criterion. In [67], an
online assessment algorithm was proposed that
selected a set of criteria before and during training
based on cost function distribution on a selected
criteria space, with specific criteria for filter
pruning being selected in each layer. Online
network compression was performed in [39, 68]
with no regard to the network’s cost function. In
[39], random gates were used to prune the filter
channels until the intended FLOP was reached. In
[68], scale factors were introduced and used
during training to reduce filter values selectively
and to ultimately eliminate them from the
network. Two distinct modules were presented in
[69], and the algorithm alternates between pruning
and recovery. However, [69] does not eliminate
the fine-tuning phase; rather, it combines the fine-
tuning phase with pruning.

3. Proposed Algorithm

As depicted in Figure 1, we divided network
training into three distinct phases. During the train
startup phase, network initialization and partial
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convergence of filters to the intended task occur.
In the second phase, which we refer to as the
“Structure Evaluation and Change Phase,”
AdapNet execution commences. Upon the
termination of the second phase, the third phase
commences, during which the network’s structure
is maintained, and fine-tuning occurs. In the first
and third phases of all simulations, we employ 50
and 10 epochs, respectively.

Fine Tune

Train Startup Structure Evaluation and Change

All training epochs

Figure 1. Division of training in AdapNet

The input to AdapNet is a CNN with n layers and
with k; filters in layer i. During network training,
ICs are extracted and filter evaluation is
performed; decisions are subsequently made
regarding the removal, merge or insertion of new
filters in each layer. Only during the “Structure
Evaluation and Change” phase do layer structure
modifications and the number of filters increase or
decrease. We introduce “Layer Structure
Evaluation and Change Period” (LSEP) as a set of
o consecutive batches. At each LSEP, evaluation
and structure change are performed on each layer.
After each evaluation and potential change in the
layer structure, training continues with the number
of LSEP batches without any changes in the
network structure; this is illustrated in Figure 2.

N

Tramn Startup H LSEP |

Figure 2. Training process phases in AdapNet

Filter Evaluation Fine Tune F

If fewer than k filters are pruned during n
consecutive LSEPs, AdapNet terminated and the
fine-tuning phase initiated. In all simulations, we
set n=2 and k=3. However, in extreme
circumstances, we can set k=0. Figure 3 portrays
the AdapNet filter evaluation phase pipeline that
will be described in the following sections.

In each layer I, the activation distribution matrix
of the filter is represented as FMDistk., where F
is the number of filters and C is the number of
extracted ICs in layer |. The matrix FMDistk,
provides AdapNet with instructions for
removing/merging/inserting layer | filters. The
matrix ~ FMDistk, is  derived  from
RFMDistp, (Raw FMDist). The only difference
between FMDist and RFMDist is in the number of
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columns. FMDist selects several columns from
RFMDist (in implementation, only RFMDist is
maintained alongside an array of selected columns
index, which introduces the FMDist. To keep the
text straightforward, we refer to these two
matrixes separately).

Hard Prune | )
Filter if any

. S Train | Cluster FMs
Update Mean Cos Similarity -
péate Mean Losine Stmifanty | DSC-Net | (incremental spectral clustering)
- Yes l
Updaze FMDist New IC Exist ?
Ni (Algorithm 1)
-

No
Inspect Filter Merging (just filters not
selected for pruning)
(Algorithm 3)

Update RFMDist |

v ‘

Tnspect Filter Pruning
(Algorithm 2)

Inspect New Filter Necessity

(Algorithm 4)

Figure 3. AdapNet pipeline of filter evaluation phase.

C, is the total number of recognized clusters in
layer |, while C is the total number of recognized
ICs in that layer. As illustrated by (1), we define
Pjj as the normalized fire probability of filter i for
concept j.

Rj = FMDist[i.i] = FMDistli, j]/ X FMDist[i, j] @
Consequently, the row iof FMDisth,
demonstrates the activity distribution of the fitter
i on the recognized ICs in layer I. FMDists and
RFMDists receive training updates until the
second phase concludes. Changes to the filter
guantity of each layer will cause these two
matrices to be updated in accordance with the
layer’s structural changes. If new clusters are
identified in LSEP, new columns corresponding to
them will be added to the RFMDist, and if new
ICs are identified from newly inserted clusters,
new columns will be added to the FMDist.
Section 3.1 explains the algorithm used for
recognizing the IC from RFMDist clusters
(columns) that are added to the FMDist (selected
as the FMDist column). If ICs in FMDist columns
are deemed useless during network training, they
will be removed at the end of each epoch. In the
FMDist column, valueless ICs are detected with a
partially uniform distribution.

After new filter insertion or pruning/merging, the
number of rows in FMDist/RFMDist increases or
decreases in each LSEP. When the two filters P,
and Pj merged, the corresponding rows in
RMFDist were removed and a new row
corresponding to the new filter z with the value
Px = (Pix + Pix)/2 was inserted into RMFDist.

3.1. Intermediate concept detection

We argue that during network training, FMs are
derived from the union of low-dimensional sub-
spaces, which we refer to as the IC. We must learn
(in an unsupervised manner) an explicit non-linear
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mapping of the FMs that is well-suited to a sub-
space we refer to as the IC sub-space. We employ
the method proposed in [64, 65], namely the
subspace clustering network, to accomplish this.
Deep autoencoders with a self-expressive layer
between the encoder and the decoder are proposed
in [64, 65] to mimic the self-expressiveness
property of data. We use the self-
expressiveness of FMs to generate an affinity
matrix and employ it in spectral clustering, which
leads to the emergence of an IC on the fly during
network training.

In (2), the determination of the self-
expressiveness coefficient  matrix  (C) is
formalized as an optimization problem [65].

2

1 L2
L(H,C):EII X=Xgllg +4 ICIp +

A
2 2
? Il de —dec I

s.t.(diag(c) =0)

where X'y represents the data reconstructed by the
auto-encoder and ||Zg, —deC||% is the self-
expressiveness term. Ideally, C;; # 0 only if the
corresponding data points X; and X; are drawn
from the same sub-space (that we refer to as the
IC) [62]. As such, we can leverage the self-
expressiveness coefficient matrix C to construct
the affinity matrix for spectral clustering.

We employ the network architecture proposed for
the COIL100 dataset in [65], namely DSC-Net,
due to its generality and larger capacity. Using
buffered FMs in the layer, the DSC-Net was
trained for two epochs during each LSEP. The
network learns partially non-local representations
in the interior layers [70]. Hence, we utilize the
layer output FMs as a training dataset for DSC-
Net. DSC-Net training is conducted in every
LSEP; therefore, for each DSC-Net training, we
will have m training samples, as shown in (3).

m = LSEP x number of filtersinlayer x 3)

number of samplesineachbatch

After training DSC-NET, the affinity matrix is
extracted for use in spectral clustering, as posited
in [65]. In light of the fact that all training data
(FMs) are unavailable in each LSEP, we use
incremental k-means clustering [71] in spectral
clustering eigenspace to preserve the clustering
result of previous steps.

Based on the perturbation theory and spectral
graph theory, the eigengap heuristic is suggested
to calculate the optimal number of clusters [72,
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73]. The optimal number of clusters can be
determined when the Laplacian (affinity) matrix is
approximately block-diagonal, which restricts the
Laplacian’s eigenvalue spectrum. The objective
is, therefore, to select the number of clusters k in
each layer such that all eigenvalues Ay, A, ..., Ak
of the Laplacian matrix are extremely small but
M1 IS relatively large. Each cluster center has
corresponding columns in  RFMDist, and
RMFDist[i,j] represents the frequency with which
filter i is clustered in cluster j. Each cluster
resulting from spectral clustering is a candidate
for the IC.

AdapNet prevents the overlap of ICs by utilizing
the IC’s boundary point as its margin during the
ICs extraction process. To find IC boundary
points, we employ the method proposed in [74].
Boundary points are data points at the margin of
densely distributed data, such as a cluster. [74] has
proposed the BORDER (BOundaRy points
DEtectoR) method for detecting such points.
BORDER utilizes the advanced database
technique Gorder kNN join and the unique
property of the reverse k nearest neighbor (RKNN)
to find boundary points.

Algorithm 1 presents the new IC detection
process.

Algorithm 1. Intermediate Concept Detection
Input:
/lcolumns of FMDist
C ={cluster centers currently selected as the IC in layer I}
/lcluster centers that are candidate to be intermediate
concepts
S={C}-{C}
Foreach(C; in S){
if(chi-square(RMFDist,¢,) < B ){
Find S;e C such that ||S;—Ci|| is min.
k= sqrt(|{feature maps clustered in S;j}|)
For all feature maps clustered in S; calculate RKNN set.
Border_Point ={ points that have 20% min(|RKNNIJ) }
if(||Ci—{Border_Point} | > 0.75 ||S;—{Border_Point}||)
{insert Cito C} }

Any cluster will be selected as an IC if (1) its
filter activation distribution is not uniform and (2)
the distance between its center and the boundary
points of the nearest IC is greater than 75% (we
reach empirically to this number) of the distance
between the center of the nearest IC and its
boundary points. We utilize chi-square
distribution to measure the uniformity of filter
activation in FMDist, and parameter S is defined
as a threshold for detecting non-uniformity.

3.2. Filter pruning and merging

The invariance in a deep neural network is
equivalent to the minimality of the representation
it computes. Therefore, minimizing the network

58

layer by eliminating or merging ineffective filters
reduces the network’s computational and
maintenance costs and increases its generalization
[75]. Our intent in filter pruning and merging is to
minimize the network layer size while
maintaining the desired accuracy threshold.

Two criteria that can be used to evaluate each
layer’s filters are their relative information and
diversity. These two criteria align with the
concept  presented in  determinantal point
processes [42, 76]. Consequently, we consider
redundancy in the following two cases: 1. A filter
is relatively valueless in its layer and for the
successive layers, and 2. Other filters can mimic
a filter’s functionality in the subsequent layers.
These two criteria  must be evaluated
independently. To evaluate filter value based on
the first criterion, we examine the filter activity
distribution in FMDist. Thus such filters are
candidates for pruning if there is no statistically
significant filter activity distribution on ICs based
on the chi-square test and if the distribution is
partially uniform. However, individual filters
within and across layers play different roles in the
network. Therefore, in addition to activity
distribution, we measure the importance of the
candidate filter from the perspective of the
subsequent layer before pruning it. In order to
accomplish this, we employ kernel sparsity and
entropy (KSE) [61], as an indicator that represents
the sparsity and information richness of FMs in a
feature-agnostic manner. However, here only the
information richness of the selected feature map
from the perspective of the subsequent layer is
essential; therefore, we set the sparsity parameter
sc in the KSE indicator (v,) to 1 in (4).

The KSE indicator determines whether a
particular filter transmits valuable data to the
subsequent layer. Thus, if the KSE of a pruning
candidate filter is below a certain threshold (we
empirically reach a 60% KSE threshold), it will
continue to be considered a pruning candidate.

Inspired by [22], we employ soft filter pruning to
avoid sudden model capacity reduction and
unrecoverable information loss. Consequently, the
intended filter will not be updated during the
subsequent LSEP and will be physically removed
(hard pruned) at the beginning of the subsequent
LSEP. Algorithm 2 describes the identification of
candidate filters for pruning.



Adaptive Pruning of Convolutional Neural Network

(4)
Ve = |—C— where & =1,5; =1
1+ aeC
N dm(Wi,c) dm(Wi,c)
& =—2 2
|:1 dC dC

dm(\Ni C) = sumof similarity for ker nelW; . [61]

N
de = _Zldm(wi ¢) dc used tonormalize dm
i= ’

N = number of fiIter;Wi c= channel cof filteri

Algorithm 2. Filter Pruning

Input:
FMDist' = layer FMDist matrix
I'; = KSE threshold
Foreach (row i in FMDist) {
if(chi-square(FM;) > B and KSE(FM;) < T';){
Select FM; as a candidate filter to freeze in the next L
and hard prune afterward}}

On the basis of the second criterion, cosine
similarity and filter activity distribution are
utilized to select merging candidates. The cosine
similarity matrix of each layer’s FMs is calculated
until the end of the second phase of network
training. This matrix is reset in every LSEP and
always contains the average cosine similarity of
each layer’s FMs. As merging candidates, filters
with a cosine similarity greater than the specified
threshold and a similar distribution in FMDist will
be identified. In merging, the cosine similarity
threshold is set at twice the average cosine
similarity. Moreover, the Chebyshev distance is
used to measure the differences in distribution
between two marked filters. Two merged filters
are removed from the network, and a new filter
with the average of their values is added to both
the network and RFMDist. The merging of filters
is described in Algorithm 3.

Algorithm 3. Filter Merging
Input:

FM; = Candidate filter to merge

I'; = Chebyshev Distance threshold

', = 2x mean_cosine_similarity//Cosine Similarity threshold
Foreach (row i in FMDist') {

if(Mean Cosine Similarity(FM;,FM;) > T', and

Chebyshev Distance(FM;,FM;) < T'3)

{FM;and FM; merged}}

3.3. New filter insertion

FMDist must be diagonal in the optimal state. If
this is the case, its rows are linearly independent
and span the space of each layer’s IC. If we
identify a semi-block diagonal matrix similar to
FMDist, then the block size and the number of
non-zero items in the off-block diagonal item of
that matrix can be utilized to determine whether or
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not the existing filters can code ICs in
corresponding layer. Because of the high
processing cost, it is not plausible to identify a
similar semi-block diagonal matrix with an
unknown number/size of blocks during network
training. Therefore, we suffice to Algorithm 4 for
determining whether or not a new filter is required
in a specific layer. Our intuition suggests that 70%
of each filter’s activation should be focused on
30% of detected ICs in each layer; otherwise, the
deviation value reveals the demand score for a
new filter. To accomplish this, we use the largest
gap in the normalized value of each filter
activation in FMDist and divide the ICs of each
filter into active and inactive groups. For each
filter, two parameters are calculated, the positive
value of which indicates the demand for a new
filter. The parameter P1 monitors the number of
elements in the active set that must be
smaller than 30% of all ICs, whereas the
parameter P2 represents the total score in the
active set that must be greater than 0.7. We
empirically determine these numbers and
incorporate them into Algorithm 4.

Algorithm 4. Determine the necessity for new filter
insertion to layer |

Input:
FMDist' = FMDist matrix of layer | with normalized rows
n=number of intermediate concepts (column count of FMDist)
Pl( = P21 =0
foreach (row i in FMDist") {
Sort row items of FMDist and use the largest gap as the
divider to split row items into an Active and Inactive set.
P1 = (|Active|/n) — 0.3

P2=10.7— ZActivei

L
P1=P1/ ((P1>0)? 0.7: 0.3) //normalize P1 in [-1,0] or [0,1]
P2=P2 / ((P2>0)? 0.7: 0.3) //normalize P2 in [-1,0] or [0,1]
P1=P1+P1
P2=P2:+P2}
if(P1>0 or P2:>0) {insert new filter to layer I}

New filter initialization builds on the
results reported in [77]. One filter with P1>0 or
P2>0 is randomly selected as the master filter.
Based on a specific correlation with the master
filter, a new filter is generated. The network is
divided into four sections to determine
the correlation type. The position of the intended
layer determines the correlation type between the
new filter and the master filter. According to [77],
the correlation between the new filter and the
master filter for the first quarter layers (the first
section) is inverse, whereas a rotary correlation
holdsin the second quarter. Scaling and
translational correlation are the topics of the next
two sections. During the next two LSEP, the new
filter will not become a pruning/merging
candidate.
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4. Simulation Results

We evaluate AdapNet using four network
architectures: VGG11 [14], AlexNet [13],
ResNet50 [16], and a network architecture
displayed in Table 1 that inspired by [56,78],
which we dub as Net2. The Net2 architecture
adheres to the design philosophy of the VGG
network.

Table 1. Initial Architecture of Net2.

Type Kernel Output
Conv,BatchNorm,ReLU 5x5 256x60x60
Conv,BatchNorm,ReLLU 5%x5 256%x56x56
Conv,BatchNorm,RelLU 5x5 256x52x52
Conv,BatchNorm,ReLLU 3x3 256x50x50
Conv,BatchNorm,ReLLU 3x3 256x48x48
Conv,BatchNorm,ReLU 3%3 256%46x46
Conv,BatchNorm,ReLLU 3x3 256x44x44
Conv,BatchNorm,ReLU 3x3 512x42x42
Conv,BatchNorm,ReLLU 3x3 512x40x40
Conv,BatchNorm,RelLU 3x3 512x38x38
Conv,BatchNorm,RelLU 3x3 512x36x36
Conv,BatchNorm,ReLLU 3x3 512x34x34

MaxPool 2x2 512x17x17
Linear,BatchNorm,ReLLU - 147968x512
DropOut,Liner,BatchNor - 512x512

ReLU,Linear - 512x #class

Simulations on two benchmark data-sets, the
mainstream dataset CIFAR-10 [79] and the more
challenging dataset CIFAR-100 [79] demonstrate
that our method outperforms the current methods.
CFAR10 contains 32x32 images from 10 classes,
50,000 training images, and 10,000 test images,
whereas CFAR100 is identical to CFAR10 except
that it contains 100 classes.

Except for the number of startup epochs, which is
20 for Net2 (due to the naive architecture of Net2,
20 epochs were used for it; increasing this
parameter did not improve the result) and 50 for
other networks, all simulations were conducted
with the same hyperparameter settings, as
summarized in Table 2.

Table 2. AdapNet Hyperparameters.

B initialize to 0.9, at each 5 epochs decrease 0.06 until
Min. value: 0.18

't  (KSE threshold) 0.6
I';  (Chebyshev distance threshold) 0.8

We employ stochastic gradient descent with the
following parameters: a batch size of 128, weight
decay of 0.01, a momentum of 0.8, and LSEP of
150. Every 15 epochs, the initial learning rate of
0.025 is divided by 2. Training is performed on an
Nvidia rtx3090, and gradient accumulation is
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utilized due to GPU memory limitations. Instead
of updating the network weights after each batch,
gradient values are saved, the next batch is
processed, and the new gradients are added. The
weight update is then performed only after the
model has processed multiple batches.

The results of training Net2 with AdapNet are
displayed in Table 3.

Table 3. Result of training Net2 with AdapNet.

(Topl: the model answer must be exactly the expected answer,
Top2: any of your model 2 highest probability answers must
match the expected answer)

Dataset CFAR10 CFAR100
Train Acc (%) 82 79
Topl Acc. (%) 69 64
Top2 Acc. (%) 84 73
Prune Ratio (%) 88 89

Num of Epoch (#) 50 41

Figure 4 depicts the architecture of Net2 after
training with AdapNet. On the basis of the Net2
architecture after AdapNet pruning (Figure 4), it is
evident that the pruning ratio decreases as we
approach the last network layer.

Type  Kernel Output Type  Kernel Output
conv 5*5 64/64/129 | conv 5*5 64/64/127
conv 5*5 64/64/142 | conv 5*5 64/64/198
conv 5*5 64/64/173 | conv 5*5 64/64/214
conv 3*3 32/32/173 | conv 3*3 32/32/214
conv 3*3 32/32/214 | conv 3*3 32/32/251
conv 3*3 32/32/236 | conv 3*3 32/32/249
conv 3*3 32/32/236 | conv 3*3 32/32/255
conv 3*3 32/32/298 | conv 3*3 32/32/327
conv 3*3 32/32/318 | conv 3*3 32/32/347
conv 3*3 32/32/318 | conv 3*3 32/32/347
conv 3*3 32/32/324 | conv 3*3 32/32/452
conv 3*3 32/32/341 | conv 3*3 32/32/468
(@) (b)

Figure 4. Architecture of Net2 After training with
AdapNet on CFAR10 (a), CFAR100 (b).

This indicates the extraction of numerous ICs as
we progress to the deeper network layers, given
the initial architecture of Net2 (Table 1), which
consists of an equal number of filters in all
network layers. It is  known  that
CNNs extract new abstract features based on
previously extracted ones. Consequently, more
valuable ICs were extracted by AdapNet in the
deeper layer as is evident from the simulation
results of Net2.
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Tables 4, 5, and 6 present the results of training
VGG11, AlexNet, and ResNet50 with AdapNet,
respectively. The number of epochs in the

“Structure Evaluation

and Change Phase”

Table 4. Result of training VGG11 with AdapNet.

Dataset CFAR10 CFAR100
Train Acc. (%) 93 87
Topl Acc. (%) 88 85
Top2 Acc. (%) 92 90
Prune Ratio (%) 87 79

Num of Epoch (#) 53 49

Table 5. Result of training AlexNet with AdapNet.

Dataset CFAR10 CFAR100
Train Acc. (%) 86 82
Topl Acc. (%) 84 79
Top2 Acc. (%) 89 81
Prune Ratio (%) 81 78

Num of Epoch (#) 52 32

Table 6. Result of training ResNet50 with AdapNet.

Dataset CFARI10 CFAR100
Train Acc. (%) 92 91
Topl Acc. (%) 89 87
Top2 Acc. (%) 94 89
Prune Ratio (%) 89 59

Num of Epoch (#) 49 29

(AdapNet’s second phase) is indicated in column
“Num of Epoch”. This number must be increased
by 60 epochs to account for startup and fine-

tuning.

5. Discussion and Analysis

It is difficult to compare the results of
pruning algorithms because there is no
standard methodology [21]; AdapNet is
no exception. However, AdapNet’s prune
ratio falls within an acceptable range.
Tables 7, 8, and 9 provide a comparison
of AdapNet results for VGGI1],
ResNet50, and AlexNet on CFAR10 with
those of other algorithms.

Based on comparisons summarized in
tables 7, 8, and 9, AdapNet has a
remarkable prune ratio and accuracy
relative to other algorithms.

Due to the high computational cost of
AdapNet’s epoch (during pruning) in
contrast to other algorithms. Thus, relying
only on the number of epochs is not a
proper measure to compare the speed of
AdapNet with others. However, the
epoch number of AdapNet is about four
times less than other algorithms (Table 7).
Extant pruning algorithms require a
completely pre-trained network at the
outset and extensive fine-tuning epochs at
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the conclusion. AdapNet requires only a
small number of epochs during startup
and fine-tuning. In all simulations, we
used 50 (20 for Net2) epochs at the
startup phase and only 10 epochs in the
fine-tuning. So, overall AdapNet achieves
the resultant network faster than other
algorithms.

Table 7. Comparison of AdapNet and some other
algorithms for VGG11 on CFAR10.

Batch Prune Acc.

Algorithm Epoch size  ratio®%) (%)

HRank [80] 330 128 82 92
LDFM [81] 160 128 87 93
Zaho et al. [82] 300 256 73 93
SSS [83] 240 64 73 93
AdapNet 53 128 87 92

Table 8. Comparison of AdapNet and some other
algorithms for RestNet50 on CFAR10.

Algorithm Epoch Bs?;ceh r(ati;) ?;)c)
%
for each
layer, retrain
HRank [80] for 30 epochs 128 68 93
after pruning
50 epochs
fine tuning
NISP [84] required after 87 %
pruning
He et al. [85] 150 128 - 91
Li et al. [61] 220 128 65 76
AdapNet 49 128 89 94

Table 9. Comparison of AdapNet and some other
algorithms for AlexNet on CFAR10.

Prune
Algorithm Epoch Bs?;(gh ratio  Acc. (%)
(%)
90 epochs
fine tuning
NISP [84]  required - 75 85
after
pruning
40 epochs
DENNC ~ [Inetuning 12%
required - 40
[86] decreased
after
pruning
AdapNet 52 128 81 89

Filter evaluation methods in the existing
pruning algorithms can be categorized
into two approaches: (1) evaluation based
on filter value in its layer, and (2)
evaluation based on the filter’s utility for
the next layer. Given that both approaches
are valid, the filter in its layer has a
particular value according to the
information it extracts. It also has a
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special value according to the information
extracted by it that the next layer uses. In
AdapNet novel method is suggested,
which is the combination of these two
approaches. In this way, the filter
evaluation method of AdapNet is more
precise than the current pruning
algorithm. The accuracy of AdapNet in
filter evaluation led to the remarkable
prune ratio and high accuracy of the
resultant network.

In addition to filter pruning, AdapNet
merges similar filters using cosine
similarity. On the other hand, if two filters
have similar content and stimulations on
ICs, regardless of filter evaluation,
AdapNet merges them and generates a
single filter. This allows AdapNet to
achieve a higher pruning ratio than
competing algorithms. To test the impact
of the merge module in AdapNet, we
disabled it and ran AdapNet without
merging on VGG11. Table 10 presents
the results of this simulation. A notable
issue is that the prune ratio decreased by
approximately 6%. In other words, nearly
6% of AdapNet’s pruning power can be
attributed to filter merging.

Table 10. Result of AdapNet on VGG11 without filter

merging.

Dataset CFAR10 CFAR100
Train Acc (%) 95 86
Topl Acc. (%) 89 84
Top2 Acc. (%) 93 91

Prune Ratio (%) 80 75
Num of Epoch (#) 60 53

AdapNet does not immediately prune
filters with a low score that it identified.
These filters are frozen during the
subsequent LSEP, and their information
is moved to other filters. Lastly, they are
pruned at the beginning of the subsequent
LSEP. In this way, AdapNet prevents
irrecoverable information loss caused by
filter pruning, a prevalent problem in
many extant algorithms.
This approach maintains the network’s
accuracy during training, and the resulting
network is more accurate than other
algorithm outcomes. On the basis of
simulation results, the effectiveness of
filter freezing is evident. To test it, we
turned off filter freezing and ran AdapNet
on VGG1l1l. The outcome of this
simulation is provided in Table 11. Based
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on this simulation, the prune ratio remains
nearly unchanged, whereas network
accuracy decreases by approximately 3%.
This result demonstrates the effect of soft
pruning on the transfer of knowledge
from candidate pruning filters to other
filters prior to hard pruning.

Table 11. Result of AdapNet on VGG11 without soft

pruning.

Dataset CFAR10 CFAR100
Train Acc (%) 94 87
Topl Acc. (%) 85 86
Top2 Acc. (%) 90 87
Prune Ratio (%) 87 80

Num of Epoch (#) 54 48

AdapNet evaluates the required capacity
of each layer according to the extracted
ICs on that layer. If filters of the layer are
not sufficiently able to discriminate
extracted ICs of that layer, a new filter
with a specific correlation is inserted into
that layer. The insertion of a new filter
with a specific correlation accelerates
training and enhances the network’s
accuracy. Our intuition is thatthe new
filter correlation is what the network will
learn with stochastic gradient descent in
future epochs; however, we provide it to
the network early enough. This strategy
accelerates AdapNet achievement for the
final network. To test the effects of the
new filter insertion, we disabled the filter
insertion module and ran AdapNet on
VGG11. The results of this simulation are
presented in Table 12. The network’s
accuracy and prune ratio decreased
according to simulation results, while the
number of epochs increased. This
finding can be interpreted as AdapNet
ignoring the pruning of valueless filters
due to high KSE and non-uniform
distribution on ICs as a consequence of
not inserting new filters.

Table 12. Result of AdapNet on VGG11 without
new filter insertion.

Dataset CFAR10 CFAR100
Train Acc (%) 93 94
Topl Acc. (%) 88 89
Top2 Acc. (%) 91 90
Prune Ratio (%) 81 74

Num of Epoch (#) 61 68

AdapNet trains the DSC-Net network in
two epochs for each LSEP in order to
extract the affinity matrix. Spectral
clustering is performed on the basis of the
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extracted affinity matrix, and AdapNet
must retain the clustering result and
RFMDist matrix until the algorithm’s
termination. Therefore, compared to other
methods, AdapNet requires more memory
and processing power. Nevertheless, the
high execution cost of AdapNet is
justifiable in light of the necessity of a
pretrained network and the large number
of fine-tuning epochs required by other
algorithms.

e Based on the simulation results, there is a
minor difference between train and test
accuracy in the AdapNet resultant
network, which  may suggest that
AdapNet precludes overfitting during
pruning. This issue is related to the
independence  of  AdapNet  from
backpropagation. AdapNet operates based
on the extracted deep representation that
we refer to as ICs. At the beginning of
each epoch, worthless ICs are detected
and eliminated from FMDist based on the
filter’s activation distribution on ICs.
AdapNet maintains the proper distance
between extracted ICs and discourages
overlap based on extracted IC boundary
points. Therefore, AdapNet prevents
overfitting during pruning by eliminating
ineffectual ICs and preventing IC overlap.

o When the training dataset contains
numerous classes, multiple clusters and
ICs are identified. As a result of the
extraction of numerous useful ICs, the
prune ratio is low, as demonstrated in
Tables 4 and 6 for CFAR100.

e There is a tension between batch size and
the speed and stability of the learning in
model training. Regardless of the effect
that the batch size has on network
training, different batch size in AdapNet
has an impact on ICs extraction. AdapNet
utilizes incremental k-means clustering in
ICs extraction. If incremental k-means
clustering converges to the same solution
despite different batch sizes, then the
batch size has minor to no effect on
AdapNet’s result. However, the result of
k-means won’t necessarily be the same in
each run. Depending on the initial
centroid and the order of training data k-
means will converge to different
solutions. Thus, due to the non-
deterministic behavior of k-means, the
definite and noteworthy effect of batch
size in the result of AdapNet is not
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expected. To inspect we conducted a
simulation with different batch sizes that
result reported in Table 13. Decreasing
the batch size led to an increase in noise
effect in k-means clustering and
instability in ICs extraction, and this led
to a decline in the prune ratio and growth
epoch number, as presented in Table 13.
Due to the impact of batch size in the
training process, the attribution of all
variations to ICs extraction of AdapNet
maybe not be sound. However, based on
simulation result decreasing the batch size
to 16 has destructive effect on AdapNet.

Table 13. Result of AdapNet on VGG11
(CFAR10) with different batch size.

Batch size 16 32 64 128
Train Acc (%) 89 93 92 93
Topl Acc. (%) 84 82 89 88
Top2 Acc. (%) 86 88 90 92
Prune Ratio (%) 63 88 86 87

Manually 86 61 53
Num of Epoch (#)  terminated
in 100

6. Conclusion and future works

The proposed algorithm is a step toward
eliminating trial and error from the CNN
architecture design process. We compared our
algorithm’s results with those of
pruning/compression algorithms. In contrast to
many current pruning methods, the proposed
algorithm operates online and has three significant
improvements from existing algorithms: (1) filter
evaluation is based on the combination of filter
profit in its layer and the next layer; (2) similar
filters are merged to compress the layer if certain
conditions are met; and (3) network layer capacity
is evaluated during pruning, and if a new filter is
required, it is inserted into the layer. The
simulation results demonstrate the algorithm’s
effectiveness. Our algorithm achieves a higher
prune ratio and accuracy, as well as a quicker
network formation.

For a future version of the algorithm, we consider
three challenges: (1) determining the optimal filter
size based on FMs’ entropy; (2) dynamically
varying the number of batches in LSEP and,
thereby, enhancing the algorithm’s speed and its
filter evaluation accuracy, and (3) evaluating the
impact of the filter in the last network layer.
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