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Abstract
This paper investigates the presence of duplicate
neurons or filters in neural networks. This phenomenon is prevalent in networks and increases
with the number of filters in a layer. We observe
the emergence of duplicate filters over training
iterations, study the factors that affect their concentration and compare existing network reducing
operations. We validate our findings using convolutional and fully-connected networks on the
CIFAR-10 dataset.

1. Introduction
In this paper, we focus on two ways in which neurons or
filters in neural networks may be redundant – (1) if they
have negligibly small values (i.e. the filters have weight
vectors with low norm), or (2) if their functionality is mimicked by another filter. The latter may be quantified as high
cosine similarity between the weight vectors of two filters.
The presence of near-duplicate filters in deep neural networks (Zeiler & Fergus, 2014; Rodríguez et al., 2016) is
an interesting phenomenon which to our knowledge has
not been explored empirically for recent neural network
architectures. The contributions of this paper are:
(i) empirically shows that fully-connected networks have
a significantly larger number of near-duplicate parameters with increasing layer size and contrasts this to the
behaviour of convolutional networks;
(ii) visualizes the evolution and convergence of duplicate
filters in networks over training iterations;
(iii) draws connections between low-rankedness of weight
matrices and increasing redundancy;
(iv) provide a network-equivalent reduction operation to
eliminate duplicates, and empirically compares existing norm-based approaches with the duplicate-based
approach to redundancy-removal.
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2. Related Work
Singularities and irreducible neural networks. Several
papers in the early neural network literature have studied
the phenomenon of identical parameters and their effect
on optimization in feed-forward neural networks. Chen
& Hecht-Nielsen (1991) analyzes a class of “equi-error"
weight space transformations for multi-layer perceptrons
that leaves the network input-output map unchanged. Sussmann (1992) introduces the concept of an irreducible net
– one that does not have zero-weight nodes, nor a pair of
nodes that could be collapsed into a single node without
altering the network input-output map. Fukumizu (1996)
show that a neural network with such redundancies will have
a singular Fisher information matrix. Amari et al. (2006)
and Wei et al. (2008) analyze the learning dynamics near singularities of the Hessian and identify two types of plateaus
in the optimization landscape that arise due to identical or
redundant model parameters. Recently, Orhan & Pitkow
(2017) show that residual networks overcome the singularity
problem due to the presence of skip connections between
layers.
Convergent learning. Li et al. (2015) pose the question:
do different neural networks (with the same architecture)
learn the same things? Based on their experiments, different
networks do converge to a similar set of weights, up to a
permutation symmetry (e.g. unit 1 in network 1 may be a
red color detector, while in network 2 the red detector is in
unit 47), with a few unique weights that are not commonly
learned across networks. Our work is similar is spirit but
focuses on the different situation of duplicate filters in the
same layer of a single network.
Decorrelated network weights. A line of work has focused on loss functions that penalize the correlation of neural network parameters, such as the DeCov loss (Cogswell
et al., 2015) and OrthoReg (Rodríguez et al., 2016), thus
ensuring diversity in the neurons of a layer.
Network pruning. Li et al. (2017) discuss the advantages
of structured pruning of network parameters, wherein entire
filters with low L1-norm are dropped, as opposed to approaches that zero out redundant weights in an unstructured
fashion and then rely on sparse libraries to take advantage
of the sparsity structure. Mariet & Sra (2016) select a subset of diverse neurons using a Determinantal Point Process

