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Abstract
Unstructured and structured sparsities provide
unique advantages in resource-efficient sparse
neural networks. Unstructured sparsity can as-
sist in obtaining highly sparse and accurate mod-
els, while structured sparsity focuses mainly on
enabling fast parallelizable inference on com-
modity hardware (e.g. GPUs). In the recent
past, these distinctive advantages led to the di-
vergence of the sub-fields leading to a discon-
nect. In this report, we propose and argue that
most recent advances in unstructured sparsity can
be adapted for inducing structured sparsity in
deep neural networks. We also note the simi-
larities between both these two sub-fields and
document how the solutions from unstructured
sparsity can be leveraged in solving the issues of
structured sparsity. We also showcase the ease
of adaptation by proposing STR− BN which
is an application of the recently proposed STR
method on batch normalization to induce struc-
tured sparsity via filter/neuron pruning. Code
for STR− BN can be found at https://
github.com/RAIVNLab/STR-BN.

1. Note
Deep neural networks have become the ubiquitous state-
of-the-art machine learning solutions to a myriad of tasks
spanning multiple domains. The prohibitively expensive re-
source demand of these models encouraged the community
to look at deep neural networks through the lens of resource-
efficient machine learning. Sparsity in deep neural networks
is a promising research direction for achieving the real-
world deployment of these models. Sparse neural networks
have competitive prediction accuracy at a reduced resource
utilization footprint i.e., model size, inference FLOPs, and
working memory.

Sparsity in deep neural networks has been extensively stud-
ied in the literature and can be broadly classified as struc-

1University of Washington, USA. Correspondence to: Aditya
Kusupati <kusupati@cs.washington.edu>.

Technical Report. Copyright 2020 by the author(s).

tured and unstructured sparsity based on the sparsity pat-
terns. Unstructured sparsity does not take the structure of
the model (e.g, channels, rank, neurons, etc.,) into account
leading to seemingly random distribution of non-zero ele-
ments in the weight tensors. Gale et al. (2019), Savarese
et al. (2019) and Kusupati et al. (2020) have extensively sur-
veyed the current state-of-the-art unstructured sparsity meth-
ods. Unstructured sparsity methods span optimal brain dam-
age (LeCun et al., 1990), global magnitude pruning (Han
et al., 2016), gradual uniform layer-wise magnitude prun-
ing (Zhu & Gupta, 2017), magnitude pruning with heuristic
layer-wise budgets or reallocation of weights (Dettmers &
Zettlemoyer, 2019; Evci et al., 2020) and learnable sparsity
methods like l1 regularization (Louizos et al., 2018) and
STR (Kusupati et al., 2020). These unstructured sparsity
methods attempted to solve the problems such as optimal
pruning schedule, figuring out layer-wise budgets, and better
heuristics to represent the importance of weights in model.
In short, unstructured sparsity is induced by pruning out
weights based on their importance (e.g. magnitude, gradi-
ent, momentum, hessian, etc.,).

Structured sparsity, on the other hand, takes structure into
account and helps in the scaling of models on commodity
hardware (e.g. GPUs, TPUs) which can support massive par-
allelization. Kuzmin et al. (2019) have surveyed on the struc-
tured compression and is a good read. Typically, structured
sparsity includes methods which enforce sparse structure
on parameter tensors like low-rank (Jaderberg et al., 2014;
Kusupati et al., 2018), group sparsity through lasso (Wen
et al., 2016), neuron/filter pruning using estimated impor-
tance of neuron/filter (Liu et al., 2019; Li et al., 2017; Liu
et al., 2017; Luo et al., 2017; Hu et al., 2016). Most neu-
ron/filter pruning methods relied on global threshold-based
pruning to remove the neurons/filters in each layer, which
could be sub-optimal and has similar problems as observed
in unstructured pruning. To address this and figure out the
optimal layer-wise sparsity budget, He et al. (2018) pro-
posed a reinforcement learning based method to determine
the sparsity ratio of each layer in terms of filters/neurons
for a given resource budget. While AMC (He et al., 2018)
focused on the right problem, a solution using reinforcement
learning could be prohibitively expensive to obtain in the
first place. Even though structured sparsity can leverage the
speed-ups provided by massive parallelization, for a given
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parameter budget with high sparsity levels, unstructured
sparsity methods typically result in more accurate models
compared to structured sparsity methods. This can be noted
by extensive comparison of sparse models across these sub-
fields from the aforementioned works. However, structured
sparsity (e.g. filter.neuron pruning) also tries to address the
problem of memory/RAM constrained inference (Saha et al.,
2020) as the activations of the deep neural networks tend to
be much larger than the weights.

For the ease of exposition, this report only focuses on Con-
volutional Neural Networks (CNNs) but can be trivially
extended to other models such as multi-layer perceptrons,
recurrent neural networks, transformers, etc., The problem
of good layer-wise sparsity budgets has plagued both un-
structured and structured sparsity methods. Until recently,
unstructured sparsity methods relied on global threshold-
ing, uniform layer-wise sparsity budget, heuristic sparsity
budgets like ERK to solve this problem. STR (Kusupati
et al., 2020) along with other learnable sparsity methods
proposed to directly learn the layer-wise sparsity budgets
using backpropagation and SGD. This is much more effi-
cient than the RL based method proposed in AMC (He et al.,
2018), although AMC focuses on structured sparsity.

As noted above, most of the neuron/filter pruning methods
prune them based on an estimated importance factor which
could be a simple l1 norm (Luo et al., 2017) of the filters or
a proxy like the scaling factor in Batch Normalization (Liu
et al., 2017). In a given layer of the neural network, the
estimated importance scores of the filters form a single
vector. When we look at the whole neural network through
these importance scores, it is clear that structured sparsity
can be modeled as an unstructured sparsity problem on these
estimated importance vectors. Unstructured sparsity in each
of these vectors corresponds to structured sparsity in the
actual network resulting in a filter pruned model. This can
also be extended to low-rank as shown by Kusupati et al.
(2020) on FastGRNN (Kusupati et al., 2018; Dennis et al.).

Solving structured sparsity problems using unstructured
sparsity methods on the estimated importance vectors helps
the community leverage the advances in unstructured spar-
sity like heuristic sparsity budgets, learning sparsity budgets,
stable pruning schedules among many others. It should be
noted that inducing structured sparsity could be more un-
stable than unstructured sparsity hence the schedules might
need a bit of modification to ensure stability in training. As
observed above, the literature of these two sub-fields has
been constantly diverging even when the methods are trans-
latable/adaptable in both settings. For example, AMC (He
et al., 2018) focused on RL based structured sparsity but the
method should trivially translate to unstructured sparsity,
albeit with more complexity.

In this technical report, we strongly encourage large-scale

benchmarking, similar to (Gale et al., 2019), of unstruc-
tured sparsity techniques that can be trivially adapted to
structured sparsity. The problems of sparsity ratios per-
layer for structured sparsity can be attempted to solve using
the heuristic or learnt budgets from unstructured sparsity
literature. The incremental neuron/filter pruning schedules
can be inspired by the gradual pruning schedule proposed
in (Zhu & Gupta, 2017). Lastly, as exposited above, struc-
tured sparsity problems can be modeled as unstructured
sparsity problems to leverage future advances.

2. STR− BN

STR− BN is an example adaptation of unstructured spar-
sity methods to solve structured sparsity problems. Liu et al.
(2017) proposed and showcased the effectiveness of using
the scaling factor of the Batch Normalization (BN) (Ioffe
& Szegedy, 2015) per neuron/channel as the estimated im-
portance score for neuron/filter pruning. All the BN scaling
factors are collected a global threshold is applied to ob-
tain the desired sparsity. BN equation looks as follows:
Y = X̂ ∗ γ + β where X̂ is the channel feature/activation
tensor normalized with the running mean and variance, γ is
the trainable scaling factor vector of BN and β is the train-
able bias vector. Both γ,β have the dimensional of output
channels or the total number of filters in the layer making
them correspond to each output channel or filter or neuron
in the layer. Liu et al. (2017) used γ as the importance
estimate per channel/neuron/filter. Motivated by this and the
earlier discussion on modeling structured sparsity problems
to solve using unstructured sparsity methods, we adapt a re-
cently proposed learnable sparsity method for unstructured
sparsity to support structured sparsity by operating on the
BN parameters (γ,β).

The proposed method, STR− BN, reparameterizes the BN
parameters (γ, β) using the Soft Threshold Reparameteriza-
tion (STR). First, BN is modified as follows:

Y = γ ∗ X̂+ β

Y = γ ∗ (X̂+
β

γ
)

Y = γ ∗ (X̂+ β̂)

In this modification, both γ and β̂ are independent train-
able vectors, * is a broadcast element-wise multiplica-
tion. We now apply STR on γ of each BN layer. From
the reformulation, it is evident that making γ sparse will
lead to sparse activations which in turn can be used to re-
move the filter that generated the zeroed out output chan-
nel. As STR induces sparsity gradually and facilitate
learning layer-wise sparsity ratios it tries to address two
important concerns of structured sparsity solutions. Ow-
ing to the sheer amount of compute required, the finer
details of STR− BN such as the g() function of STR
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are not fully explored. The code for STR− BN is at
https://github.com/RAIVNLab/STR-BN, we in-
vite and encourage any interested researchers to pursue it
further as part of the suggested large-scale benchmarking of
adapted unstructured sparsity methods for structured spar-
sity problems in machine learning models.

3. Conclusions
This technical report presented views on diverging sub-fields
of sparsity (unstructured and structured) arguing that ad-
vances in either of them could potentially benefit the other.
The report detailed how to adapt unstructured sparsity tech-
niques to solve structured sparsity problems and presented
STR− BN as an example of such adaptation. We highly
encourage large-scale benchmarking of such adaptation and
think it would benefit the whole community.
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