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ABSTRACT

Dynamic Sparse Training (DST) methods achieve state-of-the-art results in sparse
neural network training, matching the generalization of dense models while
enabling sparse training and inference. Although the resulting models are highly
sparse and theoretically less computationally expensive, achieving speedups with
unstructured sparsity on real-world hardware is challenging. In this work, we
propose a sparse-to-sparse DST method, Structured RigL (SRigL), to learn a
variant of fine-grained structured N:M sparsity by imposing a constant fan-in
constraint. Using our empirical analysis of existing DST methods at high sparsity,
we additionally employ a neuron ablation method which enables SRigL to achieve
state-of-the-art sparse-to-sparse structured DST performance on a variety of Neural
Network (NN) architectures. Using a 90% sparse linear layer, we demonstrate a
real-world acceleration of 3.4×/2.5× on CPU for online inference and 1.7×/13.0×
on GPU for inference with a batch size of 256 when compared to equivalent
dense/unstructured (CSR) sparse layers, respectively.

1 INTRODUCTION

Dynamic Sparse Training (DST) methods such as RigL (Evci et al., 2021) are the state-of-the-art in
sparse training methods for Deep Neural Networks (DNNs). DST methods typically learn unstructured
masks resulting in 85–95% fewer weights than dense models, while maintaining dense-like general-
ization and typically outperforming masks found via pruning. Furthermore, sparse-to-sparse DST algo-
rithms are capable of employing sparsity both during training and inference, unlike pruning and dense-
to-sparse DST methods such as SR-STE (Zhou et al., 2021) which only exploit sparsity at inference time.

While models trained with DST methods are highly sparse and enable a large reduction in Floating
Point Operations (FLOPs) in theory, realizing these speedups on hardware is challenging when the
sparsity pattern is unstructured. Even considering recent advances in accelerating unstructured Sparse
Neural Networks (SNNs) (Gale et al., 2020; Elsen et al., 2020; Ji & Chen, 2022), structured sparsity
realizes much stronger acceleration on real-world hardware. On the other hand, structured sparse
pruning often removes salient weights, resulting in worse generalization than comparable unstructured
SNNs for the same sparsity level (Fig. 1a). Our work presents a best-of-both-worlds approach:
we exploit the DST framework to learn both a highly-sparse and structured representation while
maintaining generalization performance. In summary, our work makes the following contributions:

1. We propose a novel sparse-to-sparse DST method, Structured RigL (SRigL), based on
RigL (Evci et al., 2021). SRigL learns a SNN with constant fan-in fine-grained structured
sparsity (Fig. 1a) while maintaining generalization comparable with RigL up to a high sparsity
level (99%) for a variety of network architectures. This structure is a particular case of “N:M
sparsity” which requires N out of M consecutive weights to be non-zero (Mishra et al., 2021).

2. Our empirical analysis shows RigL, at sparsity levels > 90%, ablates whole neurons. By allow-
ing neuron ablation in SRigL, we match RigL generalization even in this high-sparsity regime.

3. We enable neuron ablation in SRigL across all sparsity regimes. We find this structured
sparsity is complementary to the constant fan-in sparsity in improving real-world inference
timings while maintaining generalization comparable to unstructured DST methods.
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(a) Constant fan-in pruning v.s. unstructured pruning. (b) Output-norm variance analysis.

Figure 1: (a) Constant fan-in pruning keeps the most salient weights per neuron, while unstructured pruning keeps
the most salient weights per layer. A constant fan-in weight matrix has the same number of non-zero elements
(here 2) per column allowing condensed representation. While pruning may remove salient weights affecting gen-
eralization, with SRigL structure and weights are learned concurrently. (b) Output-norm variance: Theoretical
predictions and simulation results (see Appendix A) demonstrating that sparse layers with constant fan-in have
consistently smaller output-norm variance than layers with the same sparsity but w/o the constant fan-in constraint.

4. We demonstrate that constant fan-in sparsity enables a compact representation that is not
only parameter- and memory-efficient, but also amenable to real-world acceleration. We
observe significantly reduced real-world timings for online inference using our CPU-based
PyTorch implementation and for batched inference using a GPU-based implementation from
Schultheis & Babbar (2023) over dense and unstructured baselines.

2 RELATED WORK

Dynamic sparse training Unlike with pruning, where weights are typically pruned after the dense
network was trained (Han et al., 2015; 2016), or at initialization (Wang et al., 2020), DST methods
learn the sparse connectivity during training by periodically adding and removing weights based
on various saliency criteria. For instance, Sparse Evolutionary Training (SET) (Mocanu et al., 2018)
removes weights with the smallest magnitude and adds weights randomly; similarly, RigL (Evci et al.,
2021) prunes weights with the smallest magnitude and regrows weights that have large-magnitude
gradients. Liu et al. (2021c) further improved the original RigL results by increasing the extent of
the parameter space explored by modifying the sparse connectivity update schedule and drop rate.

Many recent works have examined the effect of different grow and prune saliency criteria on
unstructured DST approaches, including SET, Deep Rewiring (DeepR) (Bellec et al., 2018), Sparse
Networks from Scratch (SNFS) (Dettmers & Zettlemoyer, 2019), Dynamic Sparse Reparameterization
(DSR) (Mostafa & Wang, 2019), Top-K Always Sparse Training (Top-KAST) (Jayakumar et al., 2020),
and Memory-Economic Sparse Training (MEST) (Yuan et al., 2021a). In Section 4, we compare
SRigL to several of these methods. While the above-noted DST methods are highly effective at finding
SNNs which reduce theoretical inference cost, they result in unstructured SNNs which are difficult
to accelerate in practice on common hardware architectures.

In a contemporaneous work, Yin et al. (2023) also identified the existence of sparse amenable
channels in existing unstructured DST algorithms. Their method, Chase, achieves state-of-the-art
generalization performance by including a soft memory bound similar to Yuan et al. (2021b) and
calculating the saliency of parameters based on global instead of layer-wise statistics. Chase requires
that the structured sparsity level be set prior to training. In contrast, SRigL dynamically learns to ablate
channels based on the number of remaining weights that are considered salient.

Accelerating unstructured sparse neural networks Elsen et al. (2020) proposed a method for
accelerating unstructured SNNs based on one-dimensional tiling of non-zero elements, which demon-
strated significant speedups on both Central Processing Unit (CPU) (Elsen et al., 2020) and Graphics
Processing Unit (GPU) (Gale et al., 2020). However, like most approaches to accelerating unstructured
SNNs, this method relies on imposing structure on an existing sparse weight matrix after training. Our
method can be considered a way of adding structure to SNNs during training, allowing the model to
maximally utilize non-zero weights since structure and weights are learned concurrently.
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DeepSparse Engine (Neural Magic, 2021) accelerates inference of unstructured sparse networks on
CPU by applying several innovations. In Appendix K, we compare our timings with SRigL to the
DeepSparse Engine.

Learning block structured sparsity from scratch Block sparsity is a particular type of structured
sparsity in which blocks of non-zero weights are grouped together in arrangements that reduce the
memory overhead required to store the indices of the non-zero weights. Blocks can be generated
out of contiguous weights in 1D (sometimes called tiles) or 2D or by utilizing a fixed number of
non-zero weights per row or column group in the case of block-balanced sparsity (Hoefler et al.,
2021). Spurred by the success of DST in learning unstructured sparse models, recent works have
attempted to apply DST principles to learn block-structured sparsity. Jiang et al. (2022) introduced
a novel block-aware DST algorithm known as Dynamic Shuffled Block (DSB). DSB reshuffles
non-zero weights into a block sparsity pattern after sparse connectivity updates, thereby improving
memory access efficiency. Wall-clock speed-ups of up to 4× were reported with this method; however,
generalization performance was reduced compared to RigL at comparable sparsities. Dietrich et al.
(2022) applied a modified variant of RigL to BERT models (Devlin et al., 2019). The resulting method
is capable of learning models with block-structured sparsity.

Learning N:M structured sparsity from scratch N:M sparsity is a specific form of block-balanced
sparsity in which 1D blocks with M contiguous elements contain exactly N non-zero elements. N:M
sparsity is particularly amenable to acceleration and several attempts have been made to train models
with N:M fine-grained structure using DST methods.

Yang et al. (2022) extended the DST method proposed by Liu et al. (2021b) to train multiple sparse
sub-networks sampled from a single dense super-network. Their proposed method, Alternating Sparse
Training (AST), switches the network topology between sparse sub-networks after each mini-batch
during training. Yang et al. (2022) demonstrated state-of-the-art performance on several typical
sparse training benchmarks. However, the dense model weights and gradients are required throughout
the majority of training, greatly increasing the overall compute and storage requirements. While
AST demonstrated a tantalizing possibility of training multiple sparse sub-networks within a single
training loop, the gradual dense-to-sparse training paradigm used by (Liu et al., 2021b) is not directly
comparable to RigL or other similar end-to-end sparse DST methods.

Zhou et al. (2021) explored how N:M sparsity can be achieved during training using magnitude-based
pruning during the forward pass and a Straight-Through Estimator (STE) (Bengio et al., 2013) on the
backward pass. In their method, the dense network weights are projected into a sparse network during
each training iteration. The sparse network is obtained by selecting the top-N out of every M contiguous
weights and STE is used to propagate the approximated gradients through the projection function. A
regularization term is applied to the gradients of pruned weights to reduce instabilities during training.
Their approach — Sparse-Refined Straight-Through Estimator (SR-STE) — was applied to networks
with N:M ratios of 1:4, 2:4, 2:8, 4:8, 1:16.

Although SR-STE utilizes sparse operations in the forward pass and can find sparse models optimized
for inference, it does not reduce the training cost significantly. Specifically, SR-STE training requires (1)
storing original parameters in their dense format, and (2) calculating dense gradients during each train-
ing iteration. This makes SR-STE training as expensive as the original dense training in terms of memory
and compute cost1. On the other hand, DST methods such as RigL, and our proposed method SRigL,
are capable of end-to-end sparse training and use sparse parameters and gradients throughout training.

Accelerating fine-grained N:M structured sparsity Nvidia (2020); Mishra et al. (2021) introduced
the Ampere Tensor Core GPU architecture (e.g. A100 GPUs) and proposed the 2:4 fine-grained
structured sparsity scheme that enables SNNs to be accelerated on this hardware at inference time. This
scheme places a constraint on the allowed sparsity pattern: For every contiguous array of four weights,
two are pruned, yielding a 50%-sparse net. The resulting regular structure of the weight matrix allows
one to compress it efficiently and to reduce memory storage and bandwidth by operating on the nonzero
weights only. Since the focus is on acceleration at inference time, the authors proposed to use the
standard method of magnitude-based pruning post training to achieve the 2:4 sparsity. Importantly, this
work considered exclusively the 2:4 ratio; other N:M ratios cannot be accelerated on Ampere GPUs.

1To be precise, SR-STE can use some sparse operations and reduce training cost up to two thirds of the original
dense training. However this is still far from fully sparse acceleration for training.
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Constant fan-in N:M structured sparsity The constant fan-in constraint represents a special case
of N:M sparsity where N is the number of non-zero weights per neuron and M is the dense fan-in
for each neuron within a given layer. While commodity hardware acceleration currently exists only
for 2:4 sparsity on Nvidia’s Ampere and later architectures (Mishra et al., 2021), a constant fan-in
constraint can also take advantage of the efficient memory access and throughput increase that N:M
sparsity yields, as recently demonstrated by Schultheis & Babbar (2023). Constant fan-in sparsity
has several attributes which differentiate it from N:M sparsity:

• Constant fan-in sparsity is more flexible than N:M sparsity, enabling arbitrary global sparsity
values to be applied to the mode whereas N:M sparsity is limited to specific sparsity ratios.

• With the constant fan-in constraint, per-layer sparsity distributions such as Erdős-Rényi-Kernel
(ERK) can be applied to the model. The ERK distribution has been demonstrated to outperform
uniform sparsity distributions by reallocating parameters to layers with fewer parameters
(Mocanu et al., 2018; Evci et al., 2021). In contrast, N:M sparsity can only be applied with a
uniform sparsity distribution.

• Hardware support for acceleration of N:M sparsity is currently limited to 2:4 sparsity on Nvidia
GPUs, offering a modest acceleration on the order of ×2. In contrast, the potential promise of
highly sparse models (>=90% sparsity) to be ×10 faster than an equivalent dense model. As
we demonstrate in Section 4.4 and Appendix I, our condensed sparse representation with constant
fan-in sparsity can achieve significant acceleration over a wide range of sparsities even without
specialized hardware.

Online inference In many applications, DNNs are used in an online manner, i.e. by using only
single inputs and not batches of inputs. Online inference is common in real-time and latency-sensitive
applications, or applications without significant numbers of simultaneous requests allowing batching.
Online inference, especially for real-time applications, does not typically benefit from accelerators
such as GPUs that require host to device transfers, since the cost of the transfer itself often negates any
benefit in compute. Accelerating online inference workloads remains an open research problem, with
many systems engineering solutions proposed to achieve acceleration (Kumar et al., 2019; Li et al.,
2020; Wang et al., 2022; Wu et al., 2020). Our condensed representation CPU implementation, which
exploits both structured and constant fan-in sparsity, offers a complimentary, orthogonal solution to
these engineered solutions by directly accelerating model inference for single samples.

3 METHOD

Our goal in this work is to introduce structural constraints on the sparse mask learned by RigL, in order
to make it more amenable to acceleration at inference time while not affecting RigL’s generalization
performance. We first performed a theoretical analysis to explore the effect of various sparsity
distributions with different degrees of structural constraints on the training dynamics of SNNs, detailed
in Fig. 1a and Appendix A. Based on this analysis, we did not find any evidence to suggest that the
constant fan-in constraint would impair SNN training dynamics and performance, motivating the use
of constant fan-in sparsity in our method outlined in Section 3.1.

3.1 STRUCTURED RIGL

As motivated by Appendix A, we propose to enforce the constant-fan-in constraint within a
sparse-to-sparse DST method to learn structured sparse connectivity from scratch. Specifically, we use
RigL by Evci et al. (2021), which can obtain highly sparse networks with generalization performance
comparable to their dense baselines.

In brief, the methodology of RigL is to update the SNN connectivity during training by pruning weights
with the smallest magnitude and regrowing those with the largest corresponding gradient magnitude
in each layer. This occurs in periodic, but relatively infrequent mask update steps throughout most
of training. In SRigL, weight saliency must be determined at the neuron level (in convolutional layers,
at the level of each filter), since we enforce that every neuron (output channel) has the same number
of unmasked incoming weights, thereby satisfying the constant fan-in constraint. (Fig. 1a).

However, this approach alone significantly lags behind RigL’s generalization at very high sparsities
(>90%) and with transformer architectures, as shown in Fig. 3a and Table 4. This is because the
constant fan-in constraint has an important side-effect: under a strict constant fan-in constraint, neurons
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Figure 2: Neuron ablation. At sparsity levels over 90%, RigL learns to completely mask (ablate) a large number
of neurons within each layer, effectively reducing layer width. Imposing a constant fan-in constraint requires all
neurons to have the same number of (non-pruned) incoming weights and therefore inhibits ablation, which results in
worse generalization performance than RigL. Allowing SRigL to ablate neurons restores RigL-level performance.

can never be entirely masked (ablated), as illustrated in Fig. 2. At very high sparsity levels this can
lead to many neurons that have only 1–2 weights, limiting the capacity to learn complex features and
consequently reducing generalization performance. Indeed, at high sparsities we observed empirically
that RigL ablates large numbers of neurons (Figs. 3b, 11 and 12). Effectively, RigL reduces the width
of the model at high sparsities to maintain generalization performance; we believe we are the first to
explicitly identify this behaviour within a DST method. To resolve this issue in SRigL, we implement a
neuron ablation method, allowing SRigL to maintain both a constant fan-in constraint and to reduce
layer width at high sparsities. We introduce a new hyperparameter, γsal, which defines the required
minimum percentage of salient weights per neuron. Given a neuron with constant fan-in of k, if fewer
than γsal∗k weights are considered salient by either the drop or grow criteria, then the neuron is ablated
and its weights redistributed to other neurons within the same layer. Notably this neuron ablation
method allows SRigL to exploit neuron ablation structured sparsity at much lower sparsity levels than
we identified it occurring at in RigL, while maintaining good generalization, as demonstrated in Table 4.

The steps below outline our final SRigL method with neuron ablation. In the following procedure,
the first two steps are the same as in RigL, while the other steps are specific to SRigL, containing
modifications to include the constant fan-in constraint and dynamic neuron ablation. We first set an
ablation threshold γsal. Then, for each layer we do the following:

1. Obtain magnitudes of the active weights and gradient magnitudes of the pruned weights;
these will serve as prune and growth criteria, respectively.

2. Compute K, the number of weights to be grown and pruned in the current step in this layer.
We always grow the same number of connections as we prune.

3. Count the number of salient weights per neuron. A weight is considered salient if it is in
the top-K of either the largest-magnitude weights or the largest-magnitude gradients.

4. Ablate neurons that have fewer salient weights than γsal∗k, where k is the fan-in. Ablation
is done by pruning all incoming weights. These pruned weights are redistributed to the
remaining neurons in the following steps.

5. Compute the new constant fan-in constraint, k′, based on the number of ablated neurons.
6. Prune the K smallest-magnitude weights in the current layer. Note that this pruning criterion

considers all weights within a layer rather than pruning only the smallest weights in each
neuron.

7. For each active neuron, regrow as many weights as required, proceeding in order of decreasing
gradient magnitude, until the target fan-in, k′, is achieved.

4 RESULTS

We implement SRigL in PyTorch by extending an existing implementation of RigL (McCreary,
2020). We evaluate our method empirically on image classification tasks: on the CIFAR-10
dataset (Krizhevsky, 2009) we train a variant of ResNet-18 (He et al., 2016) suitable for CIFAR-10
and Wide ResNet-22 (Zagoruyko & Komodakis, 2017); on the 2012 ImageNet Large Scale Visual
Recognition Challenge (ILSVRC-12) dataset (Russakovsky et al., 2015) — commonly referred to
as ImageNet — we train ResNet-50 (He et al., 2016), MobileNet-V3 (Howard et al., 2019), and Vision
Transformer (ViT-B/16) (Dosovitskiy et al., 2021). See Appendix C and Appendix D.4 for Wide
ResNet-22 and MobileNet-V3 experimental results, respectively.

Unless noted otherwise, we use the same hyperparameter configuration as the original RigL method.
A detailed summary of our hyperparameter settings and training details can be found in Appendix D.
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Figure 3: (a) ResNet-50/ImageNet top-1 test accuracy when trained with SRigL for a range of sparsities is
comparable to RigL. Extended training durations of×2 and×5 are also reported for SRigL. Results reported
are single runs. (b) Neuron ablation: The percentage active neurons (i.e., not ablated) following RigL/SRigL
training on ResNet-50/ImageNet. RigL ablates a large number of neurons at high sparsities.

We set the ablation threshold, γsal, to 30% for all SRigL results, except for our ViT-B/16 experiments.
This value was selected based on a hyperparameter sweep performed by training ResNet-18 and Wide
ResNet-22 on the CIFAR-10 dataset, see Appendix E.

4.1 RESNET-18 TRAINED ON CIFAR-10

We use a variant of ResNet-18 with reduced kernel dimensions and stride in the first two convolutional
layers to obtain a model suitable for CIFAR-10; our training regimen generally follows Evci et al. (2021),
see Appendix D.1 for more information. We repeat training with five different random seeds for both
methods and report the mean and 95% confidence interval compared to a densely-connected benchmark
model in Table 2. These results confirm that imposing a constant fan-in constraint during sparse
training does not significantly degrade generalization performance of the SNN compared to the RigL
method. In Fig. 11 we plot the number of neurons ablated at ablation thresholds of 0%, 30%, and 50%
to demonstrate how the γsal hyperparameter can be used to guide the final model width during training.

4.2 RESNET-50 TRAINED ON IMAGENET

Our training regimen for the ImageNet dataset generally follows Evci et al. (2021), see Appendix D.2
for more details. We investigate the effect of extended training with ×2 and ×5 the original number
of training epochs. We train each model with a single seed and report the results in Fig. 3a and Table 1.

SRigL yields similar generalization performance as RigL across each sparsity and training duration
considered. At high sparsities, SRigL with ablation outperforms SRigL without ablation, highlighting
the importance of neuron ablation as sparsity increases. Notably, RigL ×5 results at 99% sparsity
in Evci et al. (2021) used a dense first layer, unlike all other results reported in Table 1. Despite this
difference, SRigL ×5 at 99% sparsity is comparable to the RigL ×5 results. We expect that the 99%
sparse models would be improved by using a dense first layer for all SRigL results. Similar to RigL,
we observe that SRigL generalization performance improves with increasing training time.

We inspect the connectivity of ResNet models trained with the RigL method and find, as shown in
Fig. 3b, that at 95% sparsity 10.9% of neurons are removed completely. Thus, RigL results in fewer, but
more densely connected neurons, whereas the fan-in constraint enforces that all neurons are retained.

In Table 3 we compare SRigL to a variety of DST algorithms. SRigL performs comparably to other
methods, even those which learn unstructured sparsity. Methods with a memory footprint listed as
dense require training with the dense network and therefore are not directly comparable to other
sparse-to-sparse DST methods. The most directly comparable method to ours is DSB; we note that
SRigL outperforms DSB at all sparsity ratios reviewed.
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Table 1: Top-1 ImageNet test accuracy of ResNet-50
trained with RigL or SRigL at high sparsities and with
various training times (as in Evci et al. (2021)), e.g. 5×
more training epochs than dense ResNet-50.

RigL SRigL
sparsity w/o w/ ablation

(%) 1× 5×† 1× 1× 2× 5×
80 74.9 77.1 74.8 75.0 76.5 77.2
90 72.8 76.6 72.6 72.7 74.7 76.2

95 69.6 74.6 68.8 69.1 71.5 73.6

99 51.4 61.9‡ 48.7 51.5 55.3 59.0

0 dense ResNet-50: 76.7
† 5×RigL results are from Evci et al. (2021)
‡ uses a dense first layer, unlike other results

Table 2: Test accuracy for ResNet-18 on CIFAR-10
trained with RigL or SRigL with/without neuron
ablation at varying sparsities repeated with five
different random seeds.

RigL SRigL
sparsity w/o w/ ablation
(%)

80 95.2±0.1 95.2±0.1 95.2±0.0

90 95.1±0.1 95.0±0.1 95.1±0.1

95 94.6±0.2 94.5±0.3 94.7±0.2

99 92.9±0.1 91.5±0.3 92.8±0.1

0 dense ResNet-18: 95.5

Table 3: Top-1 ImageNet test accuracy of ResNet-50 trained with a variety of DST methods, highlighting
methods that both are sparse-to-sparse (i.e. sparse training) and learn structured sparsity similar to SRigL —
only DSB-16 (2:4 and 1:4 sparsity) is directly comparable in this regard. RigL and SRigL results are from our
experiments, other values are obtained from each method’s corresponding paper, unless noted otherwise.

training sparsity

method method structured 50% 75% 80% 90% 93.75%

Static* sparse no – – 70.6±0.06 65.8±0.04 –
SET* sparse no – – 72.9±0.39 69.6±0.23 –
DeepR§ sparse no – – 71.7 70.2 –
DSR sparse no – – 73.3 71.6 –
Top-KAST‡ sparse no – – 74.76 70.42 –
MEST† sparse no – – 75.39 72.58 –
RigL sparse no – – 74.98 72.81 –
DSB-16 sparse yes 76.33 74.04 – – –
Chase †† sparse yes – – 75.27 74.03 –
SRigL (Ours) sparse yes 76.60 75.55 75.01 72.71 70.56

SNFS (ERK)* dense no – – 75.2±0.11 73.0±0.04 –
AST+GC** dense no – – 73.2 73.1 –
SR-STE dense yes – 76.2 – – 71.5

dense ResNet-50: 76.7

*Values obtained from Evci et al. (2021). §values obtained from Mostafa & Wang (2019). †Values for
the MEST (x0.67+EM) variant, matched to the same number of training FLOPs as RigL. ‡Values tabulated
for Top-KAST correspond to the backwards sparsity as Top-KAST uses different sparsities in the forward
and backward passes. For more information see Table 1 in Jayakumar et al. (2020). ††Values from Yin
et al. (2023) for channel sparsity (Sc) set to 40%. **50% initial sparsity. Values from Yang et al. (2022)

Table 4: Top-1 test accuracy of ViT-B/16
trained on ImageNet with or w/o neuron ablation

RigL SRigL

sparsity (%)† w/o w/ ablation
80 77.9 73.5 77.5

90 76.4 71.3 76.0

0 dense ViT-B/16: 78.35
†Sparsity level set for all modules except
multi-headed attention input projections,
which remain dense. See Appendix D.3 for
more details.

Table 5: SRigL sparsity and FLOPs for
ResNet-50/ImageNet training and inference. See
Appendix G for more details.

SRigL FLOPs
sparsity (%) training (×1e18) inference (×1e9)

80 1.13 3.40

90 0.77 1.99

95 0.40 1.01

99 0.09 0.21

0 3.15 8.20
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4.3 VISION TRANSFORMER TRAINED ON IMAGENET

We train the vision transformer variant ViT-B/16 on ImageNet generally following the original training
recipe per Dosovitskiy et al. (2021) with select modifications, see Appendix D.3 for more information.

Similar to our Convolutional Neural Network (CNN) experiments, RigL ablates a significant number
of neurons when applied to the ViT-B/16 architecture with sparsities of 80 and 90%. Additionally, we
find that RigL learns sparse connectivities with a high variance of fan-in between neurons (see Fig. 12).
At 90% sparsity, some neurons are allocated up to ×10 more active weights than the mean number
of active weights in the same layer. We hypothesize that these more densely connected neurons found
in our RigL experiments are important for generalization performance; therefore, a high γsal threshold
should improve performance of SRigL by ablating neurons until a sufficient density of sparse fan-in
is reached. Indeed, we find that SRigL’s generalization performance is sensitive to γsal and that high
γsal thresholds of 90% to 99% perform best. See Fig. 9a and Appendix E for more details on how γsal
affects the generalization performance of ViT-B/16. For the following results, we used a γsal of 95%.

We train each model with a single random initialization and report the results in Table 4. SRigL without
ablation is unable to match the generalization performance of RigL at very high sparsity. However,
with neuron ablation enabled, SRigL’s performance greatly improves and is closely comparable to
RigL at 80% and 90% sparsity.

4.4 ACCELERATION OF CONSTANT FAN-IN SPARSITY

Algorithm 1 “Condensed” linear layer with constant fan-in sparsity forward pass
1: Input: x: the input matrix of shape (batch_size, num_features)
2: w: the condensed weight matrix of shape (active_neurons, constant_fan_in)
3: indx: indices of non-zero dense weights of shape (active_neurons,
4: constant_fan_in)
5: output← torch.zeros(size=(batch_size, neurons))
6: for b in range(batch_size) do ▷ For each sample in mini-batch
7: for n in range(neurons) do ▷ For each active neuron in layer
8: for k in range(constant_fan_in) do ▷ For each non-zero weight
9: source_idx ← idx[n, k]

10: feature ← x[b, source_idx]
11: output[b, n] += feature ∗ w[n, k]
12: return output

While SRigL shows promising theoretical speedups (i.e. FLOPs) as demonstrated in Table 5
and Appendix G, FLOPs are limited in demonstrating the real-world acceleration potential of a
proposed sparse representation in general. Yet conversely, creating a fully-optimized software or
hardware implementation of a novel representation typically requires significant engineering effort
outside of the scope of this paper.

Here we show that even a straight-forward PyTorch implementation of our proposed condensed neural
network representation (see Appendix F) can demonstrate this real-world acceleration. The algorithm
to accelerate our condensed sparsity representation is shown in Algorithm 1, demonstrating that it
is embarrassingly parallel. Additionally, leveraging CUDA kernels from Schultheis & Babbar (2023),
we also demonstrate that constant fan-in sparsity can be accelerated on commodity GPUs.

To accelerate our condensed linear layer we exploit both structured and constant fan-in sparsity by
removing ablated neurons and zero-valued weights from active neurons. In Fig. 4, we present real-world
timings comparing our condensed linear layer to structured and unstructured sparse representations.
We extract the trained layer weights and bias from ViT-B/16 models trained with SRigL to obtain
an accurate representation of the sparse topology produced during a real training run with SRigL.

Our condensed representation is significantly faster than the dense benchmark and other sparse
representations across all sparsities investigated. This real-world speed-up is immediately applicable
to applications where latency is critical. In some instances, we found structured sparsity yields the best
acceleration. By including both structured and constant fan-in sparsity, models trained with SRigL can
use either the fully condensed (structured + constant fan-in) or purely structured sparse representations
to obtain real-world acceleration across a broad range of applications with the same set of weights.
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Figure 4: Comparing real-world timings for a fully-connected layer extracted from a ViT-B/16 model trained
with SRigL when compressed using the condensed representation learned by SRigL to structured (i.e. the same
layer accelerated using only the ablated neurons without exploiting the fine-grained sparsity), and unstructured (i.e.
Compressed Sparse Row (CSR)) representations. The median over a minimum of 5 runs is shown, while the error
bars show the std. dev. Note: the increased timings for the 95 & 99% sparse structured representations is due to
SRigL ablating relatively fewer neurons at these sparsities compared to 80 and 90%. (a) CPU wall-clock timings
for online inference on an Intel Xeon W-2145. For online (single input) inference, our condensed representation
at 90% is 3.4× faster than dense and 2.5× faster than unstructured sparsity. See Appendix I. (b) GPU wall-clock
timings for inference with a batch size of 256 on an NVIDIA Titan V. At 90% sparsity, our condensed represen-
tation is 1.7× faster than dense and 13.0× faster than unstructured (CSR) sparse layers. Note y-axis is log-scaled.

See Appendix I and Appendix J for details on wall-clock benchmarks across a range of threads and
batch sizes. Furthermore, we expect that a more optimized software implementation and/or explicit
hardware support would enable use of SRigL across a wider range of applications.

5 CONCLUSION

In this work we present SRigL, a novel DST method that learns a sparsity mask incorporating both
structured and constant fan-in sparsity. SRigL is capable of sparse-to-sparse training while maintaining
generalization performance on par with state-of-the-art unstructured sparse training methods on a wide
variety of network architectures. Our observation that RigL ablates neurons at high sparsities inspires
our neuron ablation method which enables SRigL to match the performance of RigL, even at high
sparsities and on the ViT-B/16 network architecture. SRigL’s constant fan-in constraint and neuron
ablation results in real-world acceleration for CPU online inference and GPU batched inference. We
hope this work will motivate the implementation of additional fine-grained structured sparsity schemes
and the engineering efforts required to accelerate them further.
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