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Pruning by Training: A Novel Deep Neural Network
Compression Framework for Image Processing

Guanzhong Tian ', Jun Chen

Abstract—TFilter pruning for a pre-trained convolutional neural
network is most normally performed through human-made con-
straints or criteria such as norms, ranks, etc. Typically, the pruning
pipeline comprises two-stage: first learn a sparse structure from
the original model, then optimize the weights in the new prune
model. One disadvantage of using human-made criteria to prune
filters is that the design and selection of threshold criteria depend
on complicated prior knowledge. Besides, the pruning process is
less robust due to the impact of directly regularizing on filters. To
address the problems mentioned, we propose an effective one-stage
pruning framework: introducing a trainable collaborative layer to
jointly prune and learn neural networks in one go. In our frame-
work, we first add a binary collaborative layer for each original
filter. Then, a new type of gradient estimator - asymptotic gradient
estimator is first introduced to pass the gradient in the binary
collaborative layer. Finally, we simultaneously learn the sparse
structure and optimize the weights from the original model in the
training process. Our evaluation results on typical benchmarks,
CIFAR and ImageNet, demonstrate very promising results against
other state-of-the-art filter pruning methods.

Index Terms—Convolutional neural networks, effective feature
scheme, filter pruning, model compression.

I. INTRODUCTION

EEP neural networks have exhibited their incomparable
D success on diverse tasks such as image classification,
semantic segmentation, object detection, etc. However, people
still find it difficult to practically deploy existing deep mod-
els on real-world applications such as mobile phones due to
the overwhelming memory consumption and computation cost.
Therefore, how to obtain a compact and efficient network from
existing models become a research hotspot.

Current methods for pruning CNN models mainly focus on
weight pruning [1], [2], and [22] and filter pruning [4], [6],
[10], [12], [15], and [16]. Most of these pruning methods design
various threshold criteria or constraints based on prior knowl-
edge and separate the pruning process from the training process.
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However, there is one weakness for these filter pruning meth-
ods [10], [15], and [16]: Once being pruned, the filters cannot
be retrieved. Moreover, the generalization abilities and training
stabilities are constrained due to directly regularizing on filters.
To address these disadvantages, we abandon the traditional way
of finding out a pruning criterion and attempt to obtain a sparse
structure from the original model by training. Just like [19]
integrate low-rank approximation and regularization into the
training process, we integrate pruning into training.

In this letter, we present a novel one-stage pruning framework
that adaptively combines filter pruning with parameter optimiza-
tion in one go. After inserting the collaborative layer, we perform
a dot-product operation between the convolutional layer and its
corresponding collaborative layer, which is shown in Fig. 1.
Then original filters that have 0-valued corresponding masks
from collaborative layers are directly removed after training.
Finally, all collaborative layers are removed as well. The output
weights in the collaborative layer are binary and the gradients are
zero everywhere. Therefore, the key challenge of our framework
is how to pass the gradient through the collaborative layer. By
inserting a collaborative layer, we can the aggregate gradient
perturbations induced by noise or pruning filters into the col-
laborative layer, which will be removed in the end. Moreover,
temporarily incorrect pruning filters can be recovered in our
framework since the weights in collaborative layers are alterable
in the training process. We cannot directly adopt a gradient
descent algorithm to train the model since gradients will vanish
in the collaborative layers and cannot pass through. To solve this
problem, we introduce a novel asymptotic gradient estimator to
estimate gradients in the collaborative layer. We prove the ra-
tionality and effectiveness of our asymptotic gradient estimator
through both mathematical proof (Theorem 1) and experiment
results (Fig. 2). To testify our proposed algorithm, we evaluate
our method on VGGNet and ResNet with various widths.

II. PROBLEM FORMULATION

Considering a training dataset consisting of N sample pairs
{;,y;}L,. Then a CNN model can be described as f(z;, W)
with collection of all parameters W. W can be obtained by
solving the optimization problem:

1 n
Hti;nﬁ ;L(f(xi7W)’yi) + R(W), ey

where L(f(x;, W), y;) is the loss and R(TV) is a regularization
term denotes the amount of non-zero filters. We need to find a
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Fig. 1.

Pruning procedures for two-stage based filter pruning method and our proposed one-stage method. Both methods prune some of the filters and keep the

others. Blue boxes indicate the original filters, and green boxes denote filters with different important scores, where deeper color represents a larger score. Only
filters with larger scores are preserved based on the assumption that smaller score filters are less critical. In contrast, our proposed framework prunes filter with the

corresponding ‘0’ values in the collaborative layer.
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Fig. 2. Histogram of output values for collaborative layer in ResNet-20 at

different epochs. We select the logarithmic scale for the y axis.

minimum subset w € W to formulate a sparse structure while
preserving the original model’s accuracy. Since the differential
for the last term does not exist, we cannot solve the problem
by gradient descent. Besides, if we directly regularize on w, the
batch training process will tend to be more instable.

Like [20] which use a binary indicator function to indicate
whether the weights have been quantized, we bring in a similar
indicator function for collaborative layers to indicate which filter
to be pruned. Output Weights in collaborative layers are first
designed to be binary (0 or 1) by the indicator function:

0, if|vl| <t

A
7= i >

J

@)

where 4 represents the i — th convolutional layer and j rep-
resents the j — th filter in that layer. v] denotes the original

parameters in the collaborative layer. As shown in Eq. 2, neurons
in the collaborative layer are designed to face binary decisions:
when the absolute value exceeds a certain threshold ¢, the output
is ‘1" and vice versa. The mask ‘1’ means the corresponding filter
should be preserved and ‘0’ means that it should be removed. By
fusing the threshold hyperparameter ¢ into the indicator function,
we are able to control the pruning rate of each conventional layer.
Therefore, we do not need to configure the pruning rate offline
as in other methods. For different convolutional layer, the value
of ¢ can be different. After inserting the collaborative layer, the
optimization problem can be reformulated as

1 n
in — L iy w Vv y Y1 ) 3
min — ; (F(zi, W © V), 1) 3
where V' is weight matrix of the collaborative layer. Obviously,
the change of vj» will not have a direct impact on w; , thus making
the training process more robust.

III. GRADIENT ESTIMATOR

As described in Eq. 2, the indicator function in collaborative
layers is a step function and output values are designed to be
binary. In this case, the standard back-propagation algorithm
cannot work for training these binary collaborative layers since
the gradients of constant step functions are zero everywhere.
To solve this problem, Hinton introduces Straight Through
Estimator (STE) [7] to estimate gradient as if back-propagating
by the identity function. The performance of Binarized neural
networks (BNNs) [8] where binary weights are represented
using sign function and trained with hard sigmoid STE prove the
effectiveness and practicability of STE. However, the estimated
gradient from STE is definitely not the original gradient from
the chain rule, making the forward and backward propagation
do not match for the training process with STE. Besides, we
still can not prove the rationality of STE through mathematical
derivations.
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Based on the observation that constant indicator functions
will generate zero gradients, we propose to add another non-
constant term into the indicator function to avoid ‘0’ gradients.
Therefore, we propose to adopt a different indicator function to
replace the original step function and bypass the gradient vanish
problem. Without the loss of generality, the indicator function
in our collaborative layer are defined as follows:

al = o (v}) + (1= 1)), 4)
The first term is the original indicator function o(v}) defined in
Eq. (2), which can be used to generate binary values. And the
second term is an identity function to generate gradients. A €
(0, 1) is an adjustable hyperparameter to balance the two terms.
The output of collaborative layer: a;'» degenerates into binary
values if A = 1 and degenerates into full-precision values if A =
0. Obviously, when A # 1, Eq. (4) is a continuous function and
the output values are not binary. But we can prove that when the
training process is accomplished, our indicator function is able
to approach the discrete function and generate binary results.
The theorem and its proof is presented in the following:

Theorem 1: When the number of iterations is adequate, az-
will approach to binary values.

Proof: Since the training process is a iterative process, we can
suppose v’ (n) is the n-th iteration of v’ then a’; (n) = v/ (n + 1)
is the next iteration of v}(n). We can assume ay is the value
chosen from 0(1);) (0,1). Therefore, using Eq. (4), we can obtain
the general terms of series a’(n):

a
a

“(n) = (1 =1r)as(n—1)=hrag (n—1)
(n+1)—(1- )\)a;(n) =Xtag (n)

Let  (1—2)"x (1) + (1= )2 x (2) + (1 — ) x
(n— 1)+ (1 —1)° x (n), then we can get:

a?(n +1)— (1 =)t

a’
7
a;

=hao[(1=2)+(1 =22+ (1 -1
1—(1—x)"
I—(1—2) "

=ap[l — (1 -1)"], (6)

Since 0 < A < 1, aé(n + 1) will asymptotically approach
to ap when the number of iterations is big enough (n — o0).
This means that the output of collaborative layers will approach
binary values (0 or 1) when iterations increase.

IV. PROPAGATION AND UPDATES

In this section, we present the training algorithm for our
method, which is shown in Algorithm 1. Details like Batch
Normalization layers are ignored.

First, we feed the input images into the neural network and
calculate the activation values layer by layer. This step is denoted
as the forward pass. Second, we calculate the training gradients

IEEE SIGNAL PROCESSING LETTERS, VOL. 28, 2021

Algorithm 1: Training Algorithm For Our Method (BN and
Pooling Layers Are Ignored). Activation Values in Collab-
orative Layers Are Calculated by Eq. (2) and Eq. (4). 0 is
the Indicator Function For Convolutional Layers and n Is the
Amount of Layers. 7, is the Learning Rate of the Original
Layers While 7 Is the Learning Rate of the Collaborative
Layer.

Input: Training batches of outputs and targets(a,,, y),
previous Weights W; and V}, learning rate 7; for W and
learning rate 7, for V.

Output: Updated Collaborative Layer Weight Matrix
V1 and Weight Matrix W +!

1. Gradient Computation:
1.1 Forward Pass:
for L =1tondo . R
Vi=2ro(V) + (1= 1)V, Wi =W, 0V,
2] ag,lvf/l, ap < 9(5)
end for
1.2 Backward Pass:
Computing g,, = % based on a,, and y
for L=ntoldo
oy < 9 Wi gw, = (9o ) a1
Gay o G Vis gvi = (g0 ) @i
end for
2. Parameter Update:
for L =1tondo
W/« Update(Wy, gw,, m1)
VT« Update(Vy, gv; . 12)
end for

according to the targets and the activation values from each layer.
This step is denoted as the backward pass. Third, we update
the parameters in both collaborative layers and convolutional
layers based on the previous values and gradients computed in
the above steps. This step is the parameter update.

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

To evaluate our proposed framework, we conduct experiments
on different state-of-the-art algorithms with the most prevailing
CNN models, including single-branch network VGGNet [18]
and the most prevailing multiple-branch network: ResNet [3].

We adopt widely-used protocols: the amount of parameters to
measure the model size of certain neural networks and FLOPs
(Floating Points Operations) to measure the computational con-
sumption. To be fair, we adjust the hyperparameter ¢ to compare
the accuracy loss under similar FLOPs or Parameters drops
between algorithms. Or we evaluate the FLOPs and parameter
reductions when the pruned accuracy is similar.

Since different methods may have different baseline accuracy,
we adopt Acc. |, FLOPs | and Params. ], which repre-
sents the reduction of accuracy, computational consumption,
and model size, to further assess the performance of different
methods. We implement our framework on PyTorch [17]. Nor-
mally, we set 772 = 11 * 0.06 in the training process. A is set
to start at 0.5 and end with 1.0 gradually as epochs increase.
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TABLE I
LAYER BY LAYER PRUNING STATISTICS (PBT-1, PBT-2 AND PBT-3) FOR
VGGNET ON CIFAR-10 DATASET

TABLE III
PRUNING RESULTS OF RESNET ON CIFAR-10

Method Ref* Pruned® Acc.| Params.| FLOPs|
Baseline ~ PBT-1 PBT-2 PBT-3 (%) (%) (%) (%) (%)
CONVI_I 64 54 43 34 SFP[4] 9359 9378 0199 - 41.10
CONVI1_2 64 55 49 29 2 GAL[14] 9326 92.98 0.28 11.80 37.60
CONV2_1 128 107 87 63 5 FPGMI[5] 93.59 9293 0.66 - 52.60
CONV2_2 128 110 92 55 % NISP[21] - - 0.03 42.60 43.61
CONV3 1 256 188 164 109 &  FCF[11] 93.14 93.38 -0.24 43.09 42.78
CONV3 2 256 "1 176 113 PBT 93.41 93.12 0.29 4719 43.09
CONV3_3 256 212 175 125 SFP [4]  93.68 93.38 0.30 - 40.80
Layer ~CONV4_1 512 147 152 151 S Pruning [10]93.53 93.30 0.20 32.40 38.60
CONV4 2 512 146 143 143 i GAL [14] 93.50 92.55 0.95 44.80 48.50
- S FPGMI[5] 93.68 93.73 -0.05 - 52.30
CONV4_3 512 152 150 148 % NISP[21] - i 018 435 378
CONV5_1 512 137 144 140 & FCF[11] 93.58 93.67 -0.09 43.19 43.08
CONV5_2| 512 148 146 154 PBT 93.63  93.84 -0.21 49.41 49.59
CONVS5_3 512 134 130 132
FC6 512 512 512 512 Ref represents the accuracy of the baseline neural network.
FC7 10 10 10 10 "Pruned represents the accuracy of the pruned neural network.
Total Parameters 15M 2.502M 2.047TM 1.498M “means that the method does not report the corresponding metric value.
Accuracy 93.96 93.71 93.33 92.62 dNegative value means the pruned model accuracy is higher than the Ref Acc.
FLOPs 31495M  145.66M  107.23M  53.05M
high pruning ratios (about 90% of the parameters are pruned),
TABLE II we can still achieve much better FLOPs reduction.
PRUNING RESULTS ON CIFAR-100/ILSVRC-2012 ResNet. We adopt plenty of state-of-the-art filter pruning
algorithms as comparisons: GAL [14], FPGM [5], NISP [21],
Model Params  Latency* FLOPs ToplAcc. SFP [4], Pruning [10], FCF [11], Slimming [15], HRank [13]
Baseline 20.3M 139us  3993M  72.56 and SCP [9].
Slimming [15] 4.8M - 246.7M  73.01 For CIFAR-10, experimental results on ResNet with different
SCP [9] 4.6M ; 2359M - 7299 depths (56, 110) are sh in Table III. Based on the perfo
VGG-19  PBT 5.7M 120ps  2185M  72.95 pths (50, Te shown - 1able 1. n the pertor-
Slmming [15] 2.2IM B 161.0M  67.81 mance, we can conclude that our PBT can obtain promising
SCP [9] 2.15M - 1520M 7215 results with both shallow and deep ResNet. For ResNet-56, in
PBT 1.84M 95us 89.3M 69.6 . .
- comparison with FCF, we observe that we can prune 4.1% more
Baseline 25.56M  2.6ms 409G 76.15 of the total parameters under similar pruned accuracy and FLOPs
SFP [4] 15.34M  1.9ms 2.40G 74.61 .
ResNet-50 FPGM [5]  1536M  2.0ms 237G 75.03 drop. Specially, compare to all other methods on ResNet-110,
HRank [13] 16.18M  1.8ms  2.30G 74.98 Our method achieves the best accuracy raise (0.21%) after prun-
PBT 13.04M 19ms 2.35G 74.80 ing with nearly half of the parameters and FLOPs are removed
Baseline 1.71IM 549us  250.0M 7724 (49.41% for parameters and 49.59% for FLOPs).
Slimming [15] 1.01M - 94.31M 71.54 . . .
ResNet-164 g -p 19 079M - 377IM 7505 .For CIFAR-100, we compare our pruning re.sults with Slim-
PBT 0.84M  477us  87.52M  75.20 ming [15] and SCP [9] on ResNet-164. Results in Table I reveal

*VGG-19 and ResNet-164 are evaluated on CIFAR-100, ResNet-50 is evaluated on
ILSVRC-2012.

“The latency is measured under batch size 1 on a server with one NVIDIA RTX 2080
GPU.

Ymeans that the compared method does not report the corresponding metric value.

And hyperparameter ¢ is set to be the same for all convolutional
layers for simplicity. When the training process is finished, filters
with ‘0’ mask and all the collaborative layers are removed from
the model to obtain the final compressed model. It is worth
mentioning that fine-tuning is not necessary for our framework.

A. Pruning Results

VGG. Table I presents the layer-wise pruning statistics of
VGG-16 on the CIFAR10 dataset. We use different sets of ¢ to
generate compact models with different size, denoted as PBT-1,
PBT-2, and PBT-3. We can see that our PBT still gets a pretty
good accuracy (0.2%—-1.5% accuracy loss) when (6x — 10x)
of the parameters and (2x — 6x) of the FLOPs are pruned.

Table II presents our pruning results of VGG-19 on a bigger
dataset: CIFAR-100. We can see that our method could prune
more FLOPs under similar accuracy and parameter drop. With

that we can achieve higher accuracy under similar parameters
and FLOPs drop.

For ILSVRC-2012, pruning results compare with several
SOTA methods shows that we can prune much more parameters
under similar accuracy and FLOPs drop.

B. Behavior of Collaborative Layer

We have proved that the collaborative layer possesses an
asymptotic behavior by Theorem 1 during training. This means
that the output values will gradually approach to O or 1. There-
fore, when the training process is over, the values in the collabo-
rative layers will be binarized. We can extract output values from
all collaborative layers of different epochs in the training process
to testify Theorem 1. Fig. 2 depict the distribution of output
values atepoch 5, 15, 30 and 100 for ResNet-20. The histograms
in Fig. 2 demonstrate that the output values asymptotically
approach to 0 and 1 as the epoch grows. Moreover, the ratio of
binary valuesisincreasing as well. These validate the correctness
of Theorem 1 from the experiment perspective. Therefore, we
can conclude that our asymptotic gradient estimator is reason-
able and effective.
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