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ABSTRACT
This paper aims to build efficient convolutional neural networks using a set
of Lego filters. Many successful building blocks, e.g. inception and residual
modules, have been designed to refresh state-of-the-art records of CNNs on
visual recognition tasks. Beyond these high-level modules, we suggest that
an ordinary filter in the neural network can be upgraded to a sophisticated
module as well. Filter modules are established by assembling a shared set
of Lego filters that are often of much lower dimensions. Weights in Lego
filters and binary masks to stack Lego filters for these filter modules can be
simultaneously optimized in an end-to-end manner as usual. Inspired by
network engineering, we develop a split-transform-merge strategy for an
efficient convolution by exploiting intermediate Lego feature maps. The
compression and acceleration achieved by Lego Networks using the pro-
posed Lego filters have been theoretically discussed. Experimental results
on benchmark datasets and deep models demonstrate the advantages of
the proposed Lego filters and their potential real-world applications on
mobile devices.

LEGO FILTERS

Figure 1: The diagram of convolution filters represented by Lego filters. From left
to right are conventional convolution filters, Lego filters with smaller sizes, and
convolution filters stacked by exploiting a series of Lego filters.

• o indicates how many fragments input feature maps are splitted into.
• m indicates the number of Lego filters.
• n indicates the number of output feature maps.

EXPERIMENTS

Figure 2: Impact of two parameters o and m, o indicates how many fragments input
feature maps are splitted into. m is set to 0.125, 0.25 and 0.5 times to the original
output features. Upper line is LegoNet with coefficients, which verify the impact of
introduced coefficients.

• With the same number of parameters, bigger o results in better perfor-
mance and much more FLOPs.

• Combination coefficients is important when stacking Lego Filters.

• Lego-Mobile-w(o=2,m=1.5) reaches the upper bound of efficient infer-
ence.

FUTURE RESEARCH
The scalability of this method will be further studied.
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CODE
PyTorch reimplementation:
https://github.com/zhaohui-yang/LegoNet_pytorch

CONCLUSION & REFERENCES

In this work, we propose a new method to construct efficient convolutional
neural networks with a set of Lego filters. We first define the problem of
network compression from the perspective of how to construct convolution
filters with a shared set of Lego filters. Then we propose a learning method
to simultaneously optimize binary masks and weights in end-to-end train-
ing stage. We further develop a split-transform-merge three-stage strategy
for efficient convolution. We evaluate LegoNet with different backbones
and compare their performance, parameters, float operations and speed up.
The proposed LegoNet could combine with any state-of-the-art architecture
and can be easily deployed onto mobile devices.
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LEGO UNIT

Table 1: This figure shows how the three-stage pipeline split-transform-merge
operates on input feature maps. X is the input feature map, lego filters B are
convolved with different parts from X, which result in intermediate feature maps I.
Output feature map Y is generated by merging according to M.

EFFICIENT INFERENCE & ANALYSIS
Split-Transform-Merge Towards an efficient convolution using Lego filters,
we propose a three stage pipeline, split-transform-merge. In the split stage,
input feature maps are split into o fragments. In the transform stage, these
fragments are convolved with each individual Lego filter, which leads to
o×m intermediate feature maps in total. At last, these intermediate feature
maps are summed according to M.
Compression

n× c× d2

m× c
o × d2 + n× o×m+

≈ n× o

m
. (1)

Acceleration

n× c× d2 × d2x
m× o× c

o × d2 × d2x + n× o× d2x
≈ n

m
. (2)


