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ABSTRACT

This paper introduces a Unified Convolution Framework (UCF) that incorporates various existing sparse convolu-
tions in a unified abstraction. This work is in contrast to the common library-based approach that requires much
engineering effort because each different sparse convolution must be implemented separately. Instead, it employs
a tensor compiler approach that can flexibly explore convolutions with various program transformations; however,
no compiler can currently support various sparse convolutions flexibly to our knowledge. In particular, the Tensor
Algebra Compiler (TACO) can support a variety of sparse formats but cannot declare convolutions because a
tensor cannot be accessed by a linear combination of index variables. We extend TACO’s Einsum language to
support an affine index expression to declare a convolution. Our method is also compatible with TACO’s format
and scheduling language, enabling various sparse convolution implementations to be explored. Our experimental
results demonstrate that TACO-UCF achieves 1.32x and 8.3 x average speedups on a filter sparse convolution
and a submanifold sparse convolution, respectively, over state-of-the-art libraries on CPU. TACO-UCF on GPU
outperforms the state-of-the-art GPU library on filter sparse convolution of ResNet50 by an average of 1.47x
at 80% sparsity. We also demonstrate TACO-UCF outperforms on a neighbor retrieval of a submanifold sparse
convolution by an average of 2.55x and 3.34 x over MinkowskiEngine and TorchSparse on GPU, respectively.

1 INTRODUCTION Sparse Convolutions Backends
§ . Formats

L Name Filter | Activ. |Subm.| Dual CPUlGPU
In deep neural networks, a convolution is one of the most Sparse|Sparse|Sparse|Sparse.
important computations. However, a convolution is com- SkimCaffe 7 X X X 1 7 | X
putationally expensive and is usually a performance and TorchSparse | X X v X 1 v
memory bottleneck of the entire network (Sze et al., 2020). DeepSparse | v/ X X 1 X
Therefore, there have been many efforts to make convolu- OTA\?VO > X X X X >100 | v/ | v/
. . . . ur vvor
tions as lightweight as possible. Among them, a popular (TACO-UCF) v/ v/ v o >100 | V

approach is sparsifying the convolution because it effec-

tively reduces the network size and computational cost. Table 1. Comparison of existing sparse convolution libraries

and compiler with our work. SkimCaffe (Park et al., 2016),
TorchSparse (Tang et al., 2022), and DeepSparse (Kurtz et al.,
2020) are library-based, and TACO (Kjolstad et al., 2017) is a
compiler-based approach. Activ. and Subm. mean an activation
and submanifold sparse convolution, respectively. Dual Sparse.
means a dual sparse convolution where both operands are sparse.
A yellow checkmark indicates it is performant in some instances.

There are many ways to introduce sparsity in a convolution.
For example, a filter can have a lot of zeros after pruning a
network (Han et al., 2015; Mao et al., 2017). An activation
after the ReLU layer can have a large number of zeros (Gong
et al., 2020; Kurtz et al., 2020). Submanifold sparse con-
volution (Graham et al., 2018) is another example, which

restricts the points at which a convolution is performed to 5 ;ceqses (0 data stored in a sparse data representation. In ad-

reduce the number of convolution operations.

While sparsifying a convolution can improve performance
theoretically, writing sparse convolution code that achieves
a speedup over a dense counterpart is not trivial. Devel-
opers have to optimize code that involves many indirect
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dition, different operands must be stored in different sparse
formats for each class of sparse convolution. Therefore,
various sparse convolutions are viewed independently and
implemented separately in different libraries.

While the libraries have a very individual and narrow focus,
tensor compilers such as Halide (Ragan-Kelley et al., 2013),
TVM (Chen et al., 2018), Tiramisu (Baghdadi et al., 2019),
and TACO (Kjolstad et al., 2017) can support a wide range
of tensor computations by exploring various optimizations.
However, existing tensor compilers currently cannot gen-
erate efficient code for sparse convolutions in various
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formats. For instance, Halide, TVM, and Tiramisu excel
at generating an efficient dense convolution but do not sup-
port most sparse formats. TACO, on the other hand, is
capable of supporting various sparse formats. However, its
language can only declare simple computations, such as
matrix multiplication, and does not accept a full affine index
expression, which is essential in defining a sliding window
in convolution, e.g., Cj = >, Aj+k * Bk.

‘We introduce the Unified Convolution Framework (UCF),
which can express all types of sparse convolutions, including
sparse filter convolution, sparse activation convolution, and
submanifold sparse convolution. We implemented TACO-
UCF by extending TACO’s Einsum language to allow defin-
ing a convolution and support the UCF. Furthermore, TACO-
UCF can explore multiple sparse formats and loop trans-
formations by utilizing TACO’s format and scheduling lan-
guage. Table 1 compares TACO-UCF with existing sparse
convolution libraries and tensor compilers. The contribu-
tions of this paper are as follows:

* We extend sparse tensor algebra compiler theory, which
currently only supports a single index variable, to han-
dle full affine index expressions.

e We introduce the Unified Convolution Frame-
work(UCF) that can express all different kinds of
sparse convolutions. We implement TACO-UCF by
extending the TACO compiler to support the UCF.

* We show that TACO-UCF has comparable perfor-
mance to hand-implemented best of class convolutions
on CPUs. TACO-UCF outperforms SkimCaffe on filter
sparse convolutional layers of ResNet50 by an average
of 1.32x at 80% sparsity. TACO-UCEF significantly
surpasses MinkowskiEngine on a submanifold sparse
convolution by 8.3 x on average.

* We also can produce GPU code that outperforms best
of class in certain cases. TACO-UCF outperforms
cuDNN and Escort on filter sparse convolutional lay-
ers of ResNet50 by an average of 1.61x and 1.47x
at 80% sparsity, respectively. TACO-UCF outper-
forms MinkowskiEngine and TorchSparse on retriev-
ing neighbors as part of a submanifold sparse convolu-
tion by 2.55x and 3.34 x on average, respectively.

2 BACKGROUND

This section describes the abstractions and accompanying
languages used in tensor compilers.

2.1 Tensor Expression Language

Some tensor compilers, such as Halide (Ragan-Kelley et al.,
2013) and TVM (Chen et al., 2018), use a tensor expression
language to describe a deep learning operator as a tensor
computation. A tensor expression language allows the user
to write a full affine index expression to describe tensor
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Figure 1. A sparse matrix with dimensions I and J, its fibertree
abstraction (in both level orders) and concrete representations for
two data layouts, Iy Jc and JcoIc.

access. For example, a 1D convolution can be written in a
tensor expression language : Cj = Aj+k * Bk

In a tensor expression language, a computation is a traversal
of all coordinates in the index variables. It performs the indi-
cated tensor expression with a reduction if the same output
is referred to more than once. In other words, a reduction
happens along the index variable (k) not appearing in the
output. The reduction can occur with various operations
such as sum, min, and max. The reduction along the &
indicates the sum in the convolution.

Conversely, TACO (Kjolstad et al., 2017; Henry et al., 2021)
uses an Einsum language, a more restrictive subset of tensor
expression language, that accepts only a single index vari-
able to describe access in a single dimension. Thus, TACO
can express a matrix multiplication (Cj;j = Aj;k * By:j) or
a stride access (Cj = A5 i), but not a convolution.

2.2 Format Language

While the tensor expression language describes what to com-
pute, a format language describes how to store the tensor.
Some format languages are based on the coordinate tree
abstraction, which was first described in the format abstrac-
tion (Chou et al., 2018) in TACO and later abstracted further
and formalized as the fibertree abstraction (Sze et al., 2020).

Figure 1 shows how the fibertree abstraction represents a
matrix. Any tensor is first viewed as a tree with each fiber
carrying a set of coordinates and a payload that is either a
fiber at the next level or a value at the bottom of the tree.
The order of the levels indicates the data layout such as row-
major or column-major. Once the layout is specified, a level
format specifies what physical storage is used to store the
fiber. An Uncompressed (U) level format encodes a dense
coordinate interval [0, N). A Compressed (C) level format
encodes only non-zero coordinates in the fiber by explicitly
storing coordinates. A format language I, Jc in the Figure 1
says the matrix is stored in the I — J layout (row-major),
and level formats where I and J are Uncompressed and
Compressed, respectively. We refer to a position as the
index of an element in the concrete data representation. For
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example, the color-highlighted coordinate=3 in level J of
thelyJc has a position=2 in the crd array (assuming zero-
based indexing).

A combination of level splitting, fusing, reordering, and
level format choice can express many representations. For
example, if we fuse two levelsandJ and then store them
with Compressed formaflJ )¢ ), it represents a list of pairs Figure 2.Visualization of 2D Convolution.
of row and column coordinates, known as the COO format.
The key is to quickly nd neighbors inside the Iter win-
2.3 Scheduling Language dow on the input stored in a sparse format. Existing li-
braries such as MinkowskiEngine (Choy et al., 2019) and

A scheduling language describes how to compute an alg ! _ -
rithm de ned by a tensor expression and format. Inspired by'°rchSparse (Tang et al., 2022) achieve this using a hash

Halide (Ragan-Kelley et al., 2013), many tensor compilerd@Ple. While TorchSparse outperforms MinkowskiEngine,
decouple the schedule (how to compute) from the algorithnil€ir implementation is limited to 3D data and their CPU
(what to compute). A scheduling language is often a set oP€rformance is not as streamlined as the GPU's.

basic program transformation primitives, such as loop tiling

and reordering. Decoupling algorithms from schedules a3-2 Compiler-based Approach

lows tensor compilers to explore many ways to traverse th&VM (Chen et al., 2018) and Tiramisu (Baghdadi et al.,
iteration space de ned by nested loops. The appropriat@019) offer basic supports for generating sparse loops, but
schedule will maximize data locality and parallelism in the they are designed to optimize dense loops. Taichi (Hu et al.,
code, and the appropriate data representation will store 2019) provides a format-agnostic programming language

sparse tensor compactly in memory. and compiler, allowing users to use sparse formats exibly.
However, Taichi does not support a co-iteration between
3 RELATED WORKS multiple sparse operands, such as an intersection of two co-
ordinate lists. TACO (Kjolstad et al., 2017), COMET (Tian
3.1 Library-based Approach et al., 2021), and spardensor MLIR dialect (Bik et al.,

Different sparse convolutions are implemented in separaté022) support ef cient co-iteration between various sparse
libraries. Since hand-crafted libraries requires signi cantformats. However, these compilers use the Einsum as an

engineering effort, they often support a limited number ofinterface, which does not support convolution. In this paper,
formats, architectures, and layer shapes. we are bringing TACO's Einsum closer to a tensor expres-

. . . sion language of TVM and Halide to express a convolution.
Filter Sparse Convolution. While XNNPACK (Elsen et al., guag P

2020) implements the convolution by converting into SpMM

via im2col , SkimCaffe (Park et al., 2016) implements 4 UNIFIED CONVOLUTION FRAMEWORK

a direct sparse convolution that avoids redundant inpuln this section, we show how to extend existing tensor com-
caused bym2col . Studies have also made pruning morepilers to express all different sparse convolutions. This
hardware-friendly, making a sparsity pattern more strucframework consists of a tensor expression language with full
tured (Wen et al., 2016; Mao et al., 2017; Niu et al., 2020)af ne index expression, a format language, and a scheduling
Both libraries support only a single format and speci c layer language. In Table 2, we unify existing implementations of
shapes. For example, XNNPACK only supports &lllter, sparse convolution. We rst classify convolutions into two
and SkimCaffe is not optimized for stride convolution.  categories regarding mathematical equivalence: a conven-

Activation Sparse Convolution. Because of the nature of tional and a masked convolution.
Recti ed Linear Unit (ReLU), a non-trivial portion of the ac- 4.1 Conventional Convolution

tivations are sparse (Kurtz etal., 2020). DeepSparse (Gon/gilthough prior works view a lter sparse convolution and

et al., 2020) implements an ef cient vectorized format con-_ .~ ° .
activation sparse convolution separately, we found that

version routine for sparse activation to reduce the conversio;h . : . .
: . ) . ey are expressed identically in the tensor expression
cost incurred during the inference. However, their imple-

mentation only supports the CPU as a backend. language, but are expressed.differently in the format lan-
guage. In a tensor expression language, a 2D conven-
Submanifold Sparse Convolution.A submanifold sparse tional convolution (Figure 2) is de ned asOnp.qgm =
convolution(Graham et al., 2018) takes a sparse iNputl ., . rq+sc Frsem There are variants of convolutions
such as 3D point clouds, and restricts the output spasuch as a strided, dilated (Yu & Koltun, 2015), and grouped
sity pattern to match the input sparsity pattern, preventeonvolution (Howard et al., 2017), which can also be de-
ing the number of nonzeros from increasing (Figure 3)scribed in a tensor expression language. However, this paper
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Category Name Tensor Expression Language Format Language  Detail
Dense All Dense -
Conventional  SkimCaffe (Park et al., 2016) Onpigm = Inp+rg+sec  Frsem F :My(CRS)c |Section4.1.1
Convolution| DeepSparse (Kurtz et al., 2020) I : NyHyWyCc |Section 4.1.2

Im2col: | r?;p;q;r;s;c = lnp+rg+sc

XNNPACK (Elsen et al., 2020) . T
SPMM: Onipiq);m = I(On;p;q);(r;s;c) F(rsic)im

F :My(RSC)c |Section4.1.1

O: NUPUQCMU
Mask : Ny Py Qc

Direct approach Onpam = Masknpq Inp+rgrsc Frsem Section 4.2.1
Rl w e ’ "' I :NyHyWcCy
Masked
: F :RuSuCyMy
Convolution
. Mapijk = Masknpq lnp+rges: Frs | Map (KD )c
(Submanifold (i = pogMaskpq);j = pos(l ): |0 (NPQ)cM
. . . . = npa )l = nptratsih ) cru
Convolution)MinkowskiEngine (Choy et al., 2019) k = pos(Frs: ::)) Mask : (NP Q)¢ |Section 4.2.2

TorchSparse (Tang et al., 2022) | - (NHW )eC
. (o qV]

ov ali;m = Mapi;j;k IVan;c FV alk;c;m F :RySyCuMy
Table 2.Various sparse convolutions described in a uni ed convolution framework (UCF).

will mainly focus on the conventional convolution.

4.1.1 Filter Sparse Convolution

A pruned lter should be stored in a sparse data representa-

tion to leverage its sparsity. For example, SkimCaffe attens

(C, R, S) levels and stores a lter iMy (CRS)¢ format.

However, attening a 4D lIter into 2D may lose the in-

formation of the high-dimensional sparsity pattern. Many

previous works (Wen et al., 2016; Mao et al., 2017) have in-

vestigated storing a pruned Iter in more hardware-friendly

sparsity structures. However, some structured sparsity pat-

terns should be considered in a 4D tensor to fully utilizeFigure 3.In a submanifold sparse convolution, a mask has the same
its pattern. In section 6.2.1, we found that the most comsparsity pattern as the input sparsity pattern.
pact format for storing the MC-structure (Figure 7(a)) is

McCcRySy.

Another way to compute a convolution is turning it into a ma-lows: Onpigm =MasKnpig *lnip+ rq+ sic*Frsem where a
trix multiplication via theim2col ~ operation. XNNPACK ~Mask can only have a binary value, 0 or 1. The only differ-
converts a lter sparse convolution to a sparse matrix-dens&nce from the conventional convolution is the existence of

matrix multiplication (SpMM). Mask. An element-wise multiplication of the sparse mask
makes the output's sparsity pattern identicaMask's. If
4.1.2 Activation Sparse Convolution theMask is fully dense, it produces the same output as a

Similar to lter sparse convolution, an inputshould have a conventional convolution. Submanifold sparse convolution

sparse data representation to leverage a sparsity in an activa-? special case of maSked convolutlonlwhere t'he sparsity
tion. Once an activation comes out from the ReLU layer, arﬁattern of the mask is the same as the input (Figure .S(b))'
input activationl should be converted into a sparse format ote th_at a tensor expression Iangl_Jage can be easily ex-
from a dense format during the inference. For examplet,ended into 3D submanifold convolution as well.
DeepSparse Engine convettdnto NyHy Wy Cc from .
Ny HpU \EJVU Cu. IrgmJ order to minimize the cost in format 4.2.1 Direct Approach
conversion, only the last level's format is changed to ComThe direct approach computes a convolution by sliding a
pressed while the layout is kept the same. In UCF, a dualter over an input directly according to the sparsity pat-
sparse convolution can be readily described by declarinéen of Mask. Except for the lterF, all operands in a
bothl andF to have sparse formats in a format |anguage_ masked convolution are stored in a sparse format. Input
point clouds typically have sparse spatial coordinakées (
4.2 Masked Sparse Convolution andW in I [N;H; W; C]) and dense channel features. A

2D batch masked sparse convolution (often called a%ormat language has to place spatial dimensions in the upper

a generalized sparse convolution (Choy et al., 2019) ayout with Compressed format and the channel at the last

: . vel. In section 6.3.1, we evaluate a direct approach ith
can be represented in tensor expression language as fgjbred inNy HyWe Cy format
urtu U .
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5 |IMPLEMENTATION OF UNIFIED
CONVOLUTION FRAMEWORK

In this section, we describe the basics of TACO and how
to implement UCF on top of TACO by extending TACO's
Einsum language to support an af ne index expression. We
also describe how to makeeorder() schedule works
along with our compiler technique.

5.1 Tensor Algebra Compiler (TACO) Basics

TACO is a sparse tensor compiler that can generate ef cient
code to traverse a sparse iteration space while supporting
various schedules and level formats (Kjolstad et al., 2017;
Chou et al., 2018; Henry et al., 2021). Here, an ef cient
traversal often means an intersection (co-iteration) between
two sparse operands to skip unnecessary computations from
sparsity, i.e.a 0 = 0. If two operandsA; andB; are
multiplied element-wise, TACO uses following intersection
strategies depending on level formats.

Ai=B; Uncompressed Compressed
Full Iteration
Uncompressed (Figure 5-(a,b,c)) Iterate-Locate

Iterate-Locate | Two-way Merge

(Figure 5-(d,e,f))| (Figure 5-(g,h,i))

Compressed

Figure 4.In map-based approach, a masked convolution is deeiz_igures 5 (a,d,g) show the full iteration, iterate-locate, and

into two phases : (b) a neighbor retrieval and (c) a feature aggr . . -
gation. Map stores the positions of tensors in a neighbor relalW0-Way merge intersection ok Bj, respectively. The

tionship. For example, (2,1,1) in théap indicates Mask (2;3),  iterate-locate intersect; andB; by iterating non-zero
In(1;3;:), F(0; 1;:;:)) from data representations depicted in (a). coordinates in the Compressed formatfoflines 2-3 in
Figure 5(d)), then nds the corresponding coordinates on
the B (Bvall[i] in line 4). Two-way merge intersects
4.2.2 Map-based Approach two Compressed levels by incrementing a position with a
A map-based approach (Figure 4) is another method temaller coordinate, as shown in lines 4-11 in Figure 5(g).
implement a masked convolution. Existing libraries such . .
aspMinkowskiEngine and TorchSparse usge this approac Henry et al., 2021) proposed a technique to extend TACO's

: : oo . insum language to support a single variable af ne index
o s o s TESSan (SVAE). s .1 Figte -1 show
P gareg 9 \?enerated codes f@; = Ayi+1 Bj within a window (of-

T s e omrona o Calld o arang@) 14, Thre r e changes

' compared to a code lowered from the Einsum langufige.
The rst stage constructs a neighbor map with the positionsThe right start and end position in a Compressed format
of Mask, I, andF, in which they are in a neighbor relation- must be found according to the window (lines 0-1 in Fig-
ship. Figure 4(b) shows how the map is constructed. For amre 5(e)). - A stride iteration on a Compressed format
ef cient coordinate access, the formatlofs converted into  requires a guard to avoid invalid stride access (lines 3-4 in
a hash table. Hash table lookup retrieves neighbor points ifrigure 5(e))., Index variable is restored from each access
| near a poin{p; q) in Mask by searching for every point on a Compressed format (line 5 in Figure 5(e)).

(p+1.q+ s) covered by a lter window. Challenge. Although TACO can declare the expression

Once a neighbor is found, corresponding positions aréeyond the Einsum language, the compilees not accept
stored inMapijx wherei = pogMasknpqg)ij = multiple variables in an af ne index expression. However,
PO n;p+rg+s;:); K = posFrs; :;:). Once a neighbor map supporting full af ne index expression is essential in de-
retrieves all the positions, it then performs a channel featuracribing a sliding window in convolutions. In the rest of this
aggregation (Figure 4(c))OV al;m = Mapijx Valjc section, we will explain how an af ne index expression with
FV al¢.cm Foreach positioni(j ,k) in Map, vector-matrix — multiple variables is lowered into an ef cient code under
multiplications between input and lter are performed. existing intersection strategies.
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Figure 5.Codes generated from three different tensor expression languages and three different pairs of format. Our compiler technique
enables the TACO to generate codes in (c,f,i).

5.2 Bringing Einsum to Support Full Af ne Index 5.2.1 base-variable selection

Expression In order to lower an MVAE into an SVAE form, a compiler
Our core idea to support a full af ne index expression ishas to choose the correct base-variable according to the loop
based on the transformation of a multi-variable af ne ex-order. Because variables in the offset have to be de ned
pression (MVAE) into SVAE. In particular, just one variable before they are used, loops of offset variables must be place
in the MVAE is viewed as an index variablegse-variablg  outside a loop of the base-variable. Thus, the base-variable
while the rest of the term is avffset That is, MVAE turns  is a variable that is located in the innermost loop among
into an SVAE form : the MVAE variables. In examples in Figure 5(c,fRjs
the base-variable of th&,;. x because the loop order is
i k. Whenever thereorder() schedule changes the
Once the MVAE is transformed, SVAE's lowering technique loop order, a compiler has to nd a new base-variable for
will be used to generate a code. For example, if there is agach MVAE and rewrites it into a new SVAE form.
MVAE: Aji+3j+k+3 and abase-variablg, then the access Effect of reorder
is rewritten into the SVAE formAs j . i+ k+3) ,» where an
underline means the base-variable.

MVAE = stride* base-variablet+ offset

schedules Since the base-variable is
dependent on the loop order, the intersection may or may
not exist in the generated code. Figure 6 shows generated
Figure 5-(c,f,i) show how a 1D stride convoluti@h =  codesofCi = Aj.x By intwo different loop orders where
Asi+k By is lowered. Compared to other two tensor ex-bothA andB are stored in the Compressed format. When
pressions in the left side of the gur€; = A+ By the loop order ig!  k and the base-variable ks a two-
has two index variablesandk, so it emits nested loops in Way merge intersection happens betwégn; andBy at
which the order is! k. Because is the base-variable the loopk. Figure 6(a) visualizes how the computation
here, an MVAEA i, « is rewritten into an SVARA ., i, proceeds by intersecting dn However, when the loop
and an intersection betweey.,; andBy occurs on an orderischangedint® i, an intersection does not happen
index variablek. While the offset in a SVAE has always in the generated code. As shown in the visualization in
been constant, the offset in a MVAE keeps changing as thEigure 6(b), this is because each index variable iterates
iteration proceeds. In lines 1-2 in Figure 5(f), the generatedlifferent tensors, i.ei,andk respectively iteraté; . x and
code now searches start and end positions according toBx, but not the same tensor. As a result, two programs are
window [2i; 8 + 2i), and the window keeps sliding as the semantically equivalent, but different loop orders can change
iterationi proceeds. the computational complexity. The complexity of the loop

i!  kisO(ij (nnza + nnzg)), and the complexity
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a generated code after these optimizations was about 1.3
faster than before in 1D submanifold sparse convolution.

5.3 Discussion

Loop Bound Inference. TACO does not require loop bound
analysis as it operates on basic Einsums where a loop bound
is always identical to a dimension of the tensor. However,
TACO-UCF needs to infer the correct loop bounds due
to the af ne index expression, similar to existing tensor
compilers (Chen et al., 2018). To achieve this, we used a
simple interval analysis (Ragan-Kelley et al., 2013). As a
result, by using the MVAE lowering technique, TACO-UCF
generates a code that iterates only the non-zero elements
stored in a sparse format within the derived loop bounds.

Targeting Hardware Intrinsics. Currently, TACO-UCF
generates code only for CPUs and GPUs, but it does not
target accelerators such as Nvidia Sparse TensorCore. Tar-
geting these accelerators is a promising direction, but it
would require a non-trivial effort to analyze the nested loop
representation while adapting our MVAE code generation
technique. We leave this as a future direction.

6 EVALUATION

Figure 6.Two generated codes with different loop orders and corre6.1  Experimental Setup
sponding visualizations. Aloop order k has abase-variables  Baseline.In section 6.2, we compare a 2D lter sparse con-

while R i has a base-variablefor Ai. . volution generated from TACO-UCF with oneDNN (Geor-
ganas et al., 2018), which is a set of expert-coded primitives
of the loopk! i is O(hnzay nnzg)) wherejij is the  for dense convolutions. We also compare TACO-UCF with
dimension of the (jij=8 in Figure 6) andhnz is the number SkimCaffe (Park et al., 2016), which is a hand-optimized
of non-zeros. Iter sparse convolution library. For the GPU experiments,

we compared TACO-UCF against cuDNN-8.3.2 (Chetlur
5.2.2 Fast Window Search on the Compressed Format et al., 2014), the dense counterpart of convolution, and

When accessing a window in the Compressed format, &Scort (Chen, 2018), a hand-optimized lter-sparse con-
compiler always emits the code that searches positions ¢folution on the GPU. In section 6.3, we compare a 3D
the start and end of the window (lines 5-6 in Figure 6(b))Mmasked convolution generated from TACO-UCF with state-

We made this search faster with two optimizations. of-the-art libraries, MinkowskiEngine(Choy et al., 2019)
. and TorchSparse(Tang et al., 2022), on both CPU and GPU.
First, we can remove unnecessary searches when the win-

dow is so large that it is always guaranteed to touch thé&nvironment. All the CPU experiments are conducted
outside boundary of therd array of the Compressed for- 0N 12-core Intel Xeon E5-2680 v3 witicc -O3

mat. For example, at line 6 in Figure 6(b), the end of theMarch=native -mtune=native -gopenmp . All
windowk + 8 is always outside of the bour{d(7)) of A. the GPU experiements are conducted on Nvidia V100 32GB
In such a case, a compiler can skip the search and emit tth CUDA-11.4 installed. All the experiments are done
crd array's nal position instead. If the compiler identi es With FP32 and a single batch.

the beginning or end of the window is always out of boundpataset. There are two types of Iter sparsity in network
through a simple interval analysis, it then skips the SearChpruning: a structured sparsity and an unstructured spar-

The second optimization exploits the fact that the windowsity: Structured network pruning sets the sparsity pattern in
slides. searchP o) searches the position of the window advance and prunes it accordingly. Unstructured network
bound by linearly scanning the coordinate array from the®funing sparsi es a lter without any speci ¢ pattern. We
position 0. Because the window slidesarchP og) can be synthesized ve previously studied structured patterns (Wen
faster by starting the search from the previous result rathe?t al-, 2016; Mao et al., 2017; Niu et al., 2020) as shown in
than scanning from position 0. From our simple experimentigure 7. For an unstructured sparsity, we used a pre-trained
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HR C M STR HR C M STR
Cl |112 1 64 256 2|C2 |56 1 64 64 1
C3 |56 1 256 64 1|C4 |56 3 64 64 1
C5 |5 1 64 256 1|C6 |56 1 256 512 2
C7 |56 1 256 128 1|C8 |56 3 128 128 2
C9 |28 1 512 128 1|Cl0(28 3 128 128 1
Cl1| 28 1 128 512 1|C12|28 1 512 1024 2
C13| 28 1 512 256 1|C14|28 3 256 256 2
C15| 14 1 256 1024 1|Cil6(/14 1 1024 256 1
Cl7/ 14 3 256 256 1|C18|14 1 256 1024 1
C19| 14 1 1024 2048 2|C20(14 1 1024 512 1
C21/14 3 512 512 2|C22|7 1 512 2048 1
C23| 7 1 2048 512 1|C24/7 3 512 512 1
C25| 7 1 512 2048 1

Table 3.Con gurations of 2D convolution layers that has a unique
shape in ResNet50 (He et al., 2016). All shapes of image and Iter
are squared = W andR = S. STR means a stride.

Baseline  80% 91% 96% 98%
Top-1 Acc. | 76.69% 76.52% 75.16% 72.71% 69.26%

Table 4.Top-1 accuracy of pruned ResNet50 (Gale et al., 2019)
with different sparsity on ImageNet image classi cation task.

Figure 7.Five different structures of sparsity pattern in lter prun-

ResNet50 with 80%, 91%, 96%, and 98% sparsity froming' RS-structure exposes more regularity when it is stored in the
the prior work (Gale et al., 2019) which used a magnitudeRS'VIC layout than in the MCRS Layout.

pruning. Table 4 reports the accuracies of pruned networks Name H W D nnz density
according to different sparsities. Indoor Ofce 144 146 136 109,874 0.01%
In the evaluation of a 3D masked convolution, we used (S3DIS) Lobby 309 232 154 293,855 D.00%
' Conference296 526 143 585,064 3.84%
three indoor point clouds from S3DIS (Armeni et al., 2016) Outdoor LIDARL |2957 1859 154 87,164 2.23%
and two outdoor point clouds from SemanticKitti (Behley (SemanticKITTILIDAR2 |2991 1956 144 97,077 2.63%

et al.,, 2019). We used a voxel size of 2cm and 5cm to
guantize S3DIS and SemanticKitti dataset, respectively. The
statistical properties of these datasets are shown in Table Bates(r; s), explicitly without storing any unnecessary ze-

We evaluate a single submanifold sparse convolutional layefos. Figure 7(b) shows that RS-structure stored in RSMC

Table 5.Dataset used to evaluate 3D masked convolution.

with input and output channel size as &M =64). layout exhibits more regularity than MCRS layout. The
last columns of the table shows thHag Sc My Cy data
6.2 Filter sparse convolution presentation saves memory as much as prunegl (9

We evaluated lter space convolution kernels generatedsg|ecting a good schedulet is necessary to nd not only
from TACO-UCF on CPU. We xed the data representa- good data representation but also a good schedule to have
tion of input and output feature map to by CuHuWu  good performance. To see how the schedule affects the per-

andNyMy Py Qu, respectively. formance, we compared the performance of two schedules
) at the layer C10 pruned in M-structure. Figure 8 illustrates
6.2.1 Data Representation and Schedule the results. Schedule 1 parallelizes the computation by di-

Selecting a good data representatiorMVe found out that  viding the height of the outpupf across multiple cores, and
choosing appropriate data representation of a sparse lter iSchedule 2 parallelizes the output channei$. (\We store
important. Table 6 shows how different data representationdter in the most natural representation with M-structure,
changes the storage size of Iter in the RS-structure. TheMcCyRySy. Because the loop order of Schedule 2 is
RS-structure (Figure 7(b)) has the safe S window's  concordant with the data layout of the output(NMPQ), it per-
sparsity pattern for alln andc. If the Iter F(m;c;r;s)  forms better than Schedule 1 at lower sparsity. However, as
having RS-structure is stored in MCRS layout, the samehe sparsity increases, more output channels in M-structure
(r;s) coordinates will be redundantly stored underrall  get pruned. At 90% sparsity, only 13 output channels were
andc. Thus, MCRS layout actually consumes more memieft but the number is too small for multiple cores to process.
ory than the dense representation up to 67% sparsity despit€n the other hand, Schedule 2 parallelizes the height of the
the reduced number of nonzeros after the pruning. The nabutput. Schedule 2 shows better performance than Sched-
ural layout and formats for RS-structureRg Sc My Cy ule 1 at sparsity above 80% despite the loop discordantly
representationRc Sc My Cy only stores pruned coordi- proessing the output.
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Layout MCRS RSMC
Sparsity| Format| CCCC UUCC | CCCC CCuUU
56% Size 1049KB 983KB | 528KB 262KB
vs. U4 0.56 0.60 1.12 2.25
67% Size 787KB  720KB | 396KB 196KB
vs. U4 0.75 0.82 1.49 3.00
78% Size 525KB  458KB | 264KB 131KB
vs. U4 1.12 1.29 2.23 4.50
89% Size 394KB  327KB | 132KB  65KB
vs. U4 1.50 1.80 4.46 9.00

Table 6.Storage size of lIter in layer C10( =C=128,R=S=3)

in RS-structured sparsity pattern. ¥ shows a memory save

over a dense representation, all levels in Uncompressed formatgrigure 9.Speedup of four different sparse structures over oneDNN
on layer C10. Formats and Schedules are found by OpenTuner.

Pruning Sparsity] 80% 91% 96% 98%
cuDNN 1.0 1.0 1.0 1.0
Escort 078 109 135 149
TACO-UCF 108 161 215 257

Table 7.Normalized GPU performance relative to cuDNN of two
Iter sparse convolutions (Escort and TACO-UCF) on different
sparsity levels of pruned ResNet50's convolutional layers.

Figure 8.Speedup over oneDNN of two different schedules for Shows similar or better performance with only 20 lines of
layer C10 by increasing the sparsity in the M-structured sparsity.code than SkimCaffe which is hand-written by experts over
488 lines of code. In addition, SkimCaffe does not support

Since there are many choices to explore, we obtained th@n ef cientimplementation of a stride convolution, so we
optimal data representation and schedule through an aut8Ply report TACO-UCF's performance at C21-C8 and C1.

tuning in section 6.2.2 and section 6.2.3. We used OpeRyhjle TACO-UCF supports a stride convolution, its perfor-
Tuner (Ansel et al., 2014) to choose the optimal parametefance was slower than oneDNN at 80% sparsity. We raised
for the data representation, the order of the loop, a loop t¢ne sparsity of only the slower layers at 80% sparsity to
parallelize, and OpenMP chunk size for load balancing. Ougest which sparsity makes the layer quicker than the dense
estimation of the size of the search space was abolt0",  counterpart. Figure 11 illustrates the results. TACO-UCF
and we ran OpenTuner for 15 minutes for each layer.  ghowed similar performance to oneDNN for most of lay-

) ers at 91% sparsity and became faster as sparsity increases.
6.2.2 Structured Sparsity Overall, when looking at all layers, TACO-UCF showed
Figure 9 shows the performance of TACO-UCF on foursimilar performance to oneDNN at the 80% sparsity. How-
different structured patterns. Overall, the better the patterever, to have better performance, layers can be adaptively
was structured, the better the performance was. One obseleployed with TACO-UCF or oneDNN.
vation is that MC-structure has comparable performance to
M-structure and becomes faster after 80% sparsity. Evef.2.4 Unstructured Sparsity on GPU

if MC-structure storeg in Compressed formaicc can  we conducted the same experiments as in Section 6.2.3 on
generate an ef cient register-blocked and vectorized kernejhe GPU. Unlike the CPU experiment, we used a xed for-

in the inner-most loop only witp, g, r, ands. A slowdown  mat and schedule for all layers in ResNet50 on the GPU. Ta-

not expose suf cient parallelism, as shown in Figure 8. cyDNN performs dense convolution regardiess of the spar-

) sity level, so it serves as a baseline comparison. TACO-UCF
6.2.3 Unstructured Sparsity on CPU shows higher performance compared to Escort and cuDNN
Not all pruning methods exploit structured sparsity. Insteadat all sparsity levels of pruned ResNet50. While Escort, the
some methods prune the network without speci ¢ restricstate-of-the-art sparse convolution library, was able to match
tions on patterns to preserve the accuracy as much as pastDNN's performance at 91% sparsity, TACO-UCF has now
sible. Table 4 reports the top-1 accuracy of pruned modelsurpassed that threshold and is now faster than cuDNN at
we used. Figure 10 compares TACO-UCF with SkimCaffe80% sparsity. Moreover, TACO-UCF achieves even higher
using the pruned ResNet80 at 80% sparsity. TACO-UCHerformance gains as the sparsity level increases.






