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Abstract—This paper compares three different optimization
approaches for accelerating the inference of convolutional
neural networks (CNNs). We compare the techniques of sep-
arable convolution, weight pruning, and binarization. Each
method is implemented and empirically compared in three
aspects: preservation of accuracy, storage requirements, and
achieved speed-up. Experiments are performed both on a
desktop computer and on a mobile platform using a CNN
model for vehicle type classification. Our experiments show
that the largest speed-up is achieved by binarization, whereas
pruning achieves the largest reduction in storage requirements.
Both of these approaches largely preserve the accuracy of the
original network.

Keywords: convolutional neural networks, model opti-
mization, image classification

1. Introduction
Convolutional neural networks (CNNs) have demon-

strated notable performance in a range of practical tasks,
including image classification [14][3], face recognition
[15][17], audio classification [11], and speech recognition
[5]. At the same time as CNNs have become significantly
popular, their deployment to small-scale devices has been
hindered by the considerable memory- and computation time
requirements of CNN models. To address this issue, several
approaches [10][8][4][6] for CNN model optimization have
been developed in the recent years.

Some techniques such as weight pruning [6] aim to
reduce the number of weights in the model, which in turn
reduces memory requirements for running and storing the
model. It has also been shown that a pruned network with
sufficient sparsity allows the computations to be performed
through efficient procedures for handling sparse matrices,
such as sparse matrix-vector multiplication [2]. Studies (e.g.
[6]) have shown that a considerable portion of network
weights can be removed without significantly impacting
accuracy: the authors of [6] report 13× reduction of memory
requirements with no loss in accuracy.

The separable convolution (SepConv) approach intro-
duced in [10] approximates 2D convolutions with convolu-
tions by vectors, i.e. separable rank-1 kernels. The separable
kernels can be obtained either by training the network from
scratch with separable filters [1] or by formulating the

process as an optimization problem where the reconstruction
error of the feature maps using separable filters is mini-
mized. These approaches [10][1], report speedups between
2× to 4× on CPU implementations.

Neural network binarization is a CNN quantization
technique that has been introduced in [8]. The principal
idea of binarization is to quantize weights, activations and
intermediate computations to values of +1 and −1. The
authors of [8] show a speedup of up to 7× on a network for
classifiying the MNIST dataset. Later works [18] extended
the binarization to larger datasets such as ImageNet.

The SepConv and weight pruning approaches are similar
in the sense that both approximate and optimize the CNN
model by reducing the number of parameters, while keeping
the precision of the remaining weights the same as in the
original model; in general as 32-bit floats. In contrast, the
CNN binarization optimization keeps the number of weights
the same as in the original model, but reduces the precision
of each weight. Based on existing works, it is not clear
how these two alternative approaches compare in terms of
preserving model accuracy, improving computation time,
and reducing memory space requirements.

This paper follows optimization approaches based on
separable convolution [10], binarization [8][4] and weight
pruning [6], and applies them to the practical use case of
CNN-based vehicle type recognition [9]. In case of the
binarization optimization, our results mostly build on our
previous work [12]. The different optimization approaches
are compared in terms of performance, storage requirements,
amount of computations and the network’s accuracy com-
pared to the uncompressed baseline.

The contributions of this work are summarized as fol-
lows:

• Detailed empirical analysis and comparison of three
different model optimization methods for compres-
sion and speeding up of neural networks, namely
separable convolution, weight pruning, and binariza-
tion.

• Open source optimized implementations of each
method for efficient real-time inference.

Our results show that pruning offers the highest reduc-
tion in storage requirements, while the lowest execution time
is attained with a binarized convolutional neural network
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Figure 1. From left to right, a ’normal car’, ’bus’, ’truck’, and a ’van’.

(BCNN). The source code for our implementations are
publicly available 12.

2. Network Model

Our basic neural network model is that of the vehicle
classifier network presented in [12], with two convolutional
layers, each with 32 output feature maps, and filter dimen-
sions 5×5. Each convolutional layer is followed by a 2×2
maxpool operation. The convolutional layers are followed by
three fully connected layers with shapes 24×24×32×100,
100×100, and 100×4. Each optimization approach we are
using slightly alters the structure of the network. This will
be discussed in Section 3.

The dataset used for training the network consists of
6555 photos of vehicles captured by a camera and manually
categorized into four categories: bus, normalcar, truck, and
van. Each image is of size 96× 96 and is in full color. The
data has been split into a training set (80%), validation set
(10%) and a test set (10%). We use the accuracy recorded
on the test set that corresponds to the best validation set
accuracy as our final accuracy report. Figure 1 shows an
example image from each class.

We implement all of our training procedures, including
the custom model optimization approaches, in TensorFlow.
For inference performance measurements, we have our own
implementations for each model optimization approach. The
GPU implementations are done in CUDA or OpenCL, de-
pending on the platform tested.

3. Optimization Methods

In this section, we discuss in detail in each subsection the
different optimization approaches we use and how they are
incorporated to our network model. Each subsection begins
by introducing the algorithmic changes, and then proceeds
to explain how the method is implemented for inference
purposes.

3.1. Separable Convolution

Convolutional layers in a CNN can be replaced by
spatially separable convolution layers to reduce the num-
ber of computations and the number of parameters [10].
Essentially, a separable convolution layer will approximate
a standard convolutional layer as follows

1. github.com/Valentin4869/vcoptimizations
2. github.com/hegza/vcn-inference-rs

C∑
c=1

Zf
c ∗ xc ≈

K∑
k=1

hfk ∗
C∑

c=1

vkc ∗ xc (1)

In Equation 1, ∗ denotes the convolution operation. The
convolution of the image x ∈ RW×H×C with each Zf ∈
R5×5×C , which is full rank, is approximated by two con-
volutions with hf ∈ R1×5×K , and vk ∈ R5×1×C . C is
the number of channels (usually three), and K denotes the
number of intermediate feature maps, which are computed
by convolving the image by each of vk (K in total), which
are then in turn convolved by each of hf kernels (F in
total, corresponding to the original number generated by
the full rank kernel Zf ). The result in Equation 1 is the
computation of the f th feature map. The choice of number
of intermediate feature maps K has an impact on the number
of computations, memory requirements, and the network’s
accuracy. Therefore, it is imperative to carefully select a
value for K that offers the best trade off over all these
factors.

In our application, we choose the smallest value for K
that achieves the best accuracy. We discuss this in more
detail in Section 4. The separable filters can either be
obtained by training the network with separable filters [1]
or by minimizing the reconstruction error of the outputs of
each convolution layer [10], which allows us to state the
loss to be minimized with respect to the separable filters as
follows (for the f th set of filters in the lth layer):

L(X) =
1

N

∑
x∈X

∥∥∥ C∑
c=1

Zf
c ∗Ψl−1(x)

−
K∑

k=1

hfk ∗
C∑

c=1

vkc ∗Ψl−1(x)
∥∥∥2
2
, (2)

where the output of lth layer in the network denoted by
Ψl(x) on input x, so that Ψ0(x) = x , and Ψ1 is the output
of the first convolutional layer (or alternatively, the input to
the 2nd layer). The loss is then averaged across the entire
set X of N training samples.

We optimize with respect to each set of separable filters
independently for each convolutional layer, resulting in four
different optimization steps for each epoch for the entire net-
work. We use the RMSProp [19] optimizer with a learning
rate 0.001 and decay rate 0.95. We compare the accuracy
of the separable network with the original filters throughout
the optimization process and stop the optimization when the
validation accuracy stops improving (about 1000 epochs in
our case).

Table 1 depicts the development of SepConv accuracy
as a function of intermediate feature maps K. It can be
seen that the highest accuracy is already reached at K = 7.
Considering the nearly linear increase in execution time,
K = 7 becomes the value of choice in our later experiments
and comparisons with other optimization methods.
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TABLE 1. INFERENCE CHARACTERISTICS OF SEPARABLE
CONVOLUTION LAYER AS A FUNCTION OF FEATURE MAP COUNT K

K Accuracy Performance Memory (KB)

1 87.3% 45 µs 1.9336
2 95.1% 48 µs 3.8672
3 96.6% 53 µs 5.8008
4 96.6% 58 µs 7.7344
5 97.0% 64 µs 9.668
6 97.1% 69 µs 11.6016
7 97.2% 75 µs 13.5352
8 97.1% 80 µs 15.4688
9 97.1% 85 µs 17.4023
10 97.1% 92 µs 19.3359
11 97.1% 97 µs 21.2695
12 97.3% 102 µs 23.2031
13 97.1% 109 µs 25.1367
14 97.3% 115 µs 27.0703
15 97.3% 121 µs 29.0039
16 97.4% 127 µs 30.9375

3.2. Pruning

Pruning is a method for reducing the number of weights
in a network in the fully-connected layers [6], resulting in a
sparse weights matrix, which allows the computation to be
performed more efficiently using sparse matrix-vector mul-
tiplication [2]. We prune the network parameters in the lth
layer that fall below the threshold T = max(W l)+min(W l)

2
by fixing them to 0. This initially results in a significant
drop in accuracy compared to the baseline model. The
network is then retrained for several epochs, which restores
the accuracy of the network. A variant of this method [6]
uses L2 regularization during the network training, which
further sparsifies the layer weights.

We use the L2-regularized pruning approach where we
first train the network normally, then we load the weights
into a new model that is pruned and fine-tuned in two
stages: first, the network is retrained for several (e.g. 30)
epochs, where all the parameters are updated, using L2
regularization. The stage that follows removes all weights
that are below T and then retrains (or fine-tunes) all the
network parameters except for the ones removed in the
pruning stage. This process is illustrated in Algorithm 1.
We use a value of λ = 0.35 in our application for the L2-
regularized loss function.

For inference, we implement a sparse matrix-vector mul-
tiplication procedure in a manner similar to [2]. The sparse
weights matrix is reordered to the Compressed Sparse Row
(CSR) format, which then allows the computation to be
performed efficiently by eliminating all weights that have
been pruned from the matrix.

3.3. Weights Quantization

Binarization is an optimization approach that reduces the
precision of network weights and activations to 1-bit. The
concept was first introduced and demonstrated in [8]. We

Algorithm 1 Fully-connected layer pruning procedure
1: for l in Layers do
2: for w in W l do
3: w ← LoadPretrained(w)
4: for stage in Stages do
5: // Retrain with L2 regularization
6: for epoch in Train Epochs do
7: for l in Layers do
8: for w in W l do
9: w ← Update(w,η,∂L(X)

∂w )
10: // Pruning stage
11: for l in DenseLayers do
12: T ← max(W l)+min(W l)

2
13: for w in W l do
14: if w < T then
15: w ← 0
16: // Fine-tune parameters
17: for epoch in Tuning Epochs do
18: for l in Layers do
19: for w in NonZero(W l) do
20: w ← Update(w,η,∂L(X)

∂w )

follow this approach and replace all ReLU activations with
the sign function defined as

sign(x) =

{
−1 if x ≤ 0

+1 if x > 0
(3)

Additionally, we binarize all the weights in the network
in the same way and use an approach identical to vcbcnn
[12] to implement the binarized version of the vehicle
classification network for inference.

For training the BCNN, following [7], we explicitly
define the gradient of the sign function to be the identity
function, such that ∂sign(x)

∂x = x. Gradients are in full
precision and are not binarized and the updates during
training are done to the full-precision weights.

The binarized version is trained with the ADAM [13]
optimizer. After training, only the binarized weights are used
for inference. Binary-valued weights can be ’packed’ such
that each subgroup of 32 binary weights can occupy whole
32-bit registers, allowing for a reduction in storage size of
the network parameters by up to 32×. This also allows for
computing dot products much more efficiently as follows:

a·b = W− 2× popcount(xor(A,B)), (4)

In Equation (4), both A and B are 32-bit unsigned
integers containing the packed (decimal) representations of
a, b ∈ {−1,+1}W, i.e., converted from an array of 32 bits
to a 32-bit unsigned integer. The real-valued dot product is
denoted by the · operator. The function xor is the bit-wise
xor operation, and popcount is a function for computing
the number of bits set to 1. The packing bitwidth W denotes
the number of elements (or bits) that are packed together in
a single unsigned integer register, which is 32 in our case.
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Figure 2. Performance/accuracy trade-off for different values of K.

4. Results

This section presents the results of our experiments
and compares their impacts on accuracy, performance, and
memory usage for each optimization approach implemented.
The two platforms used to perform the computation time
measurements are provided in Table 2. From here on we
refer to the platforms using their tag (GTX or Mali).

Table 1 shows the performance of convolution layers
in the separable convolution network at different values of
intermediate feature maps K. Performance is measured as
execution time in microseconds on the GTX platform.

The graph in Figure 2 shows how the accuracy of the
network changes as we change the number of intermediate
featuremaps computed by the separable convolution layers.
The performance of the convolutional layers for the whole
network at each value of K is also shown in µs on the
GTX platform. We find that K = 7 offers a good trade-off
between accuracy and performance. While from Figure 2 it
appears that for K = 7 the convergence is slower, the loss
(Figure 3) is eventually reduced to a level comparable to
other values above 7. The slow-down in convergence is not
significant in our case, but it may impact larger networks
and in cases where an optimizer other than RMSProp is
used.

The plot of Figure 4 shows the effect of weight prun-
ing to fully-connected layers. As the sparsity increases in
the fully-connected layer, the network’s accuracy begins to
fluctuate at wider ranges; however, a high accuracy of 97%
(marked in red) is reached at a sparsity level of nearly
99.9%. The fine-tuning stage, where pruned weights are held
at 0 and are not updated, is shown in green. The blue plot
marks the stage where all the weights are updated and the
previously pruned weights in the previous step are restored
and re-updated. All accuracy reports in Figure 4 are on the
validation set.

A compact summary of these results is shown in Table 3.
Baseline (vnd. lib.) refers to our implementation of the
network using vendor-provided optimized libraries, which
are cuDNN for GTX and Arm Compute Library for Mali.

Figure 3. Loss for convolutional layers 1 (left) and 2 (right) shown for
different values of K.

Figure 4. Accuracy of the network on the validation set at retraining stages
and fine-tuning stages.

The column Baseline (own) is for our own low-level imple-
mentation without acceleration libraries.

We find that the best execution time is achieved through
BCNN quantization on both platforms, but this approach
also has the largest drop in accuracy across all methods.
In contrast, on very low-resource devices (e.g. Internet of
Things appliances), reduction of memory requirements can
be more important than computation speed, and for this
pruning outperforms BCNN by a clear margin. Combin-
ing pruning and separable convolution has the potential to
further reduce the memory requirements, but the accuracy
impact is not predictable and should be investigated.

5. Conclusion and Future Work

We compared several different CNN model optimiza-
tion approaches for the application of vehicle classification.
Our results show that significant reductions in memory
requirements and computations can be achieved, however
the compression technique must be selected based on the
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TABLE 2. PLATFORMS USED FOR EXPERIMENTS

Tag CPU GPU Operating System
GTX Intel i7-7700K NVidia GeForce GTX1080 Ubuntu 16.04
Mali ARM Cortex-A72×2 + Cortex-A53×4 ARM Mali T860 Linux Firefly 4.4

TABLE 3. RESULTS OF OPTIMIZATION METHODS AT INFERENCE

Baseline Baseline Pruning SepConv BCNN
(vnd.lib.) (own)

GTX 0.4 ms 3.1 ms 0.7 ms 1.1 ms 0.06 ms
Mali 30 ms 120 ms 66 ms 80 ms 17.6 ms

Accuracy 97.5% 97.5% 95.5% 97.3% 94%
Memory (KB) 7350 7350 150 7254 230
Muls (in 106) 82.95 82.95 81.53 18.30 0.43
Adds (in 106) 86.12 86.12 84.35 20.37 0.43

optimization objective: BCNN quantization provides the
highest performance, whereas pruning provides the highest
reduction in storage requirements (assuming a network with
significant fully-connected layers). In future works we plan
to extend this study of optimization approaches to larger
and more detailed datasets with real-life applications. Also,
extending the analysis towards combinations of different
compression methods in the spirit of [16] is definitely a
direction worth investigating.
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