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Abstract

Despite great effectiveness of very deep and wide Con-
volutional Neural Networks (CNNs) in various computer vi-
sion tasks, the significant cost in terms of storage require-
ment of such networks impedes the deployment on compu-
tationally limited devices. In this paper, we propose new
modulated convolutional networks (MCNs) to improve the
portability of CNNs via binarized filters. In MCNs, we pro-
pose a new loss function which considers the filter loss,
center loss and softmax loss in an end-to-end framework.
We first introduce modulation filters (M-Filters) to recover
the unbinarized filters, which leads to a new architecture to
calculate the network model. The convolution operation is
further approximated by considering intra-class compact-
ness in the loss function. As a result, our MCNs can reduce
the size of required storage space of convolutional filters
by a factor of 32, in contrast to the full-precision model,
while achieving much better performances than state-of-
the-art binarized models. Most importantly, MCNs achieve
a comparable performance to the full-precision Resnets and
WideResnets. The code will be available publicly soon.

Jungong Han
School of Computing & Communications
Lancaster University, LA1 4YW, UK

jungonghan77@gmail.com

Jianzhuang Liu
Noah’s Ark Lab
Huawei Technologies Co. Ltd., China

liu.Jjianzhuangfhuawei.com

1. Introduction

Deep convolutional neural networks (DCNNs) have
gained much attention with their capability of learning
powerful feature representations directly from raw pixels,
thereby facilitating many computer vision tasks. Despite
a purely data-driven technique that can learn robust repre-
sentations from data, DCNNs usually come with the cost
of expensive training and complex model parameters. For
instance, the sizes of most DCNNs’ models for vision ap-
plications are easily beyond hundreds of megabytes, which
makes them impractical for most embedded platforms. This
is fundamentally attributed to the way of filter designing
[2, 19], generating many redundant parameters.

Binary filters instead of using real-value weights have
been investigated in DCNNs to compress the deep models

[15, 4,3, 9]. A complete binarization process for DCNNs
is exploited to approximate floating-point weights with bi-
naries [15, 4, 3]. Inspired by the well-known local binary

pattern (LBP), local binary convolution (LBC) layers are
presented in [9] that approximate the non-linearly activated
response of a standard convolutional layer. While in [3],
BinaryConnect uses the real-valued version of the weights
as a key reference for the binarization process. Later based
on BinaryConnect, BinaryNet is introduced to train CNNs
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Figure 1: Modulated Convolutional Networks (MCNs). MCNs are designed based on the binarized convolutional filters and
the modulation filters (M-Filters). M-Filters are particularly designed to approximate the unbinarized convolutional filters in
the end-to-end framework. Due to the operation of M-Filter (matrix) can be shared at each layer, the model size of MCNs
is rather small. To alleviate the disturbance caused by the binarized process, the intra-class compactness based on the center
loss function is further deployed to enhance the performance. The red arrows are used to show the back propagation process.
By considering the filter loss, center loss and softmax loss in an unified framework, we achieve much better performance
than state-of-the-art binarized models. Most importantly, our MCNs based on a highly compressed model also achieve a
comparable performance than well-known full-precision Resnets and WideResnets. The reconstructed filters are only used
for easy presentation of the computation, which are not saved for testing, while the M-Filters and binarized filters are kept in

the final model.

with binary weights, where the activations are triggered
at running time while parameters are computed at training
time. In [15], XNOR-Network is presented where both the
weights and inputs attached to the convolution are approx-
imated with binary values, which allows an efficient way
of implementing convolutional operations, particularly by
reconstructing the unbinarized filters with a single scaling
factor. From the concept perspective, our idea is similar to
those methods, because all attempt to simplify the convolu-
tion procedure via binarized filters and/or approximate the
original unbinarized filters. However, the ways of approx-
imating the unbinarized filters are clearly different, where
the unbinarized filters are reconstructed using binary filters
with a single scaling factor [15] while ours accomplishes it
by a set of M-Filters together with the binary filters. On
the one hand, M-Filters with the format of a matrix, rather
than a single value representing the scaling factor, lead to an
unique architecture with more precise estimate of the orig-
inal convolutional filters through minimizing the filter loss.
On the other hand, the approximation based on M-Filters
can allow us to consider the intra-class compactness during

the optimization procedure, enabling to further improve the
convolution operations.

Aiming to improve the portability of DCNNs, this pa-
per reduces the model storage space via binarized filters.
Unlike previouse work based on a single scaling factor as
shown in [15], we incorporate modulation filter (M-Filter),
into DCNNs so as to better approximate the convolution.
To this end, a simple and unique modulation process is de-
signed, which is replicable at each layer and can be solved
within the same pipeline of the back propagation algorithm.
In addition, we further consider the intra-class compactness
in the loss function, and obtain the modulated convolutional
networks (MCNs) as shown in Fig. 1. Both the M-Filters
and binarized filters can be jointly optimized and obtained
in an end-to-end learning framework, leading to a compact
and portable deep learning architecture. Thanks to the low
model complexity, such an architecture is less prone to be
over-fitting and suitable for resource-constrained environ-
ments. To be specific, our MCNs reduce the required stor-
age space of a full-precision model by a factor of 32, while
achieving the best performance so far, as compared to the
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