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Sparse tensors are a natural way of representing real-world data

Dense storage: 107 exabytes 
Sparse storage: 13 gigabytes
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int K = 0;
for (int i = 0; i < N; i++) {
  int ncols = A_pos[i+1] - A_pos[i];
  K = max(K, ncols);
}
int* B_crd = new int[K * N]();
double* B_vals = new double[K * N]();
for (int i = 0; i < N; i++) {
  int count = 0;
  for (int pA2 = A_pos[i]; 
           pA2 < A_pos[i+1]; pA2++) {
    int j = A_crd[pA2];
    int k = count++;
    int pB2 = k * N + i;
    B_crd[pB2] = j;
    B_vals[pB2] = A_vals[pA2];
}}

int count[N] = {0};
for (int pA1 = A_pos[0]; 
         pA1 < A_pos[1]; pA1++) {
  int i = A1_crd[pA1];
  count[i]++;
}
int* B_pos = new int[N + 1];
B_pos[0] = 0;
for (int i = 0; i < N; i++) {
  B_pos[i + 1] = B_pos[i] + count[i];
}
int* B_crd = new int[pos[N]];
double* B_vals = new double[pos[N]];
for (int pA1 = A_pos[0]; 
         pA1 < A_pos[1]; pA1++) {
  int i = A1_crd[pA1];
  int j = A2_crd[pA1];
  int pB2 = pos[i]++;
  B_crd[pB2] = j;
  B_vals[pB2] = A_vals[pA2];
}
for (int i = 0; i < N; i++) {
  B_pos[N - i] = B_pos[N - i - 1];
}
B_pos[0] = 0;

bool nz[2 * N - 1] = {0};
for (int i = 0; i < N; i++) {
  for (int pA2 = A_pos[i]; 
           pA2 < A_pos[i+1]; pA2++) {
    int j = A_crd[pA2];
    int k = j - i;
    nz[k + N - 1] = true;
}}
int* B_perm = new int[2 * N - 1];
int K = 0;
for (int i = -N + 1; i < N; i++) {
  if (nz[i + N - 1])
    B_perm[K++] = i;
}
double* B_vals = new double[K * N]();
int* B_rperm = new int[2 * N - 1];
for (int i = 0; i < K; i++) {
  B_rperm[B_perm[i] + N - 1] = i;
}
for (int i = 0; i < N; i++) {
  for (int pA2 = A_pos[i]; 
           pA2 < A_pos[i+1]; pA2++) {
    int j = A_crd[pA2];
    int k = j - i;
    int pB1 = B_rperm[k + N - 1];
    int pB2 = pB1 * N + i;
    B_vals[pB2] = A_vals[pA2];
}}
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Inefficient conversion eliminates benefit of using different formats

Construct tensor T in COO Compute with tensor T in COO

Construct tensor T in DIA Compute with 
tensor T in DIA

Only COO:

Only DIA:

Time

Construct tensor T in COO Compute with 
tensor T in DIACOO → CSR

Hybrid w/ 
libraries:

CSR → DIA



Automatic Generation of Efficient Sparse Tensor 
Format Conversion Routines
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Being able to generate efficient conversion routines 

lets users exploit different formats for performance

Construct tensor T in COO Compute with tensor T in COO

Construct tensor T in DIA Compute with 
tensor T in DIA

Only COO:

Only DIA:

Time

Construct tensor T in COO Compute with 
tensor T in DIA

Hybrid w/ 
our approach:

Construct tensor T in COO Compute with 
tensor T in DIACOO → CSR

Hybrid w/ 
libraries:

CSR → DIA

COO → DIA
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Reordering a tensor’s nonzeros without explicitly sorting them 

requires knowing statistics about the tensor
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Reordering a tensor’s nonzeros without explicitly sorting them 

requires knowing statistics about the tensor
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Converting tensors to different formats requires knowing 

different statistics about the tensors
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Attribute queries express tensor statistics as aggregations 

over the coordinates of nonzeros

select [i] -> count(j) as nnz
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Compiler generates code to compute attribute queries 

by reducing them to sparse tensor computations

select [i] -> count(j) as Q 8i8j Qi += map(Bij , 1)

<latexit sha1_base64="ydAryB2Ef+Csvamj2nB4eliHJ8w="></latexit>
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select [i] -> count(j) as Q
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Compiler generates code to compute attribute queries 

by reducing them to sparse tensor computations
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select [i] -> count(j) as Q

for (int j = 0; j < N; j++) { 
  for (int pB = pos[j];  
           pB < pos[j+1]; pB++) { 
    int i = crd[pB2]; 
    Q[i] += 1; 
  } 
}

B is CSC
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select [i] -> count(j) as Q
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In conclusion…

Efficient sparse tensor conversion routines can be automatically generated from 
per-format specifications
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This paper shows how to generate code that e!ciently con-
verts sparse tensors between disparate storage formats (data
layouts) such as CSR, DIA, ELL, and many others. We decom-
pose sparse tensor conversion into three logical phases: coor-
dinate remapping, analysis, and assembly. We then develop
a language that precisely describes how di"erent formats
group together and order a tensor’s nonzeros in memory.
This lets a compiler emit code that performs complex remap-
pings of nonzeros when converting between formats.We also
develop a query language that can extract statistics about
sparse tensors, and we show how to emit e!cient analysis
code that computes such queries. Finally, we de#ne an ab-
stract interface that captures how data structures for storing
a tensor can be e!ciently assembled given speci#c statistics
about the tensor. Disparate formats can implement this com-
mon interface, thus letting a compiler emit optimized sparse
tensor conversion code for arbitrary combinations of many
formats without hard-coding for any speci#c combination.

Our evaluation shows that the technique generates sparse
tensor conversion routines with performance between 1.00
and 2.01× that of hand-optimized versions in SPARSKIT and
IntelMKL, two popular sparse linear algebra libraries. And by
emitting code that avoids materializing temporaries, which
both libraries need for many combinations of source and
target formats, our technique outperforms those libraries by
1.78 to 4.01× for CSC/COO to DIA/ELL conversion.

CCS Concepts: • Software and its engineering → Ab-
straction, modeling and modularity; Source code gen-
eration;Domain speci!c languages; •Mathematics of com-
puting → Mathematical software performance.
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1 Introduction
Sparse multidimensional arrays (tensors) are suited for repre-
senting data in many domains, including data analytics [2, 6],
machine learning [41, 46], and others. Countless formats for
storing sparse tensors have been developed [5, 7, 8, 10, 13, 14,
23, 27, 34–37, 47, 49, 50, 53, 55, 60, 61] to accelerate kernels
like sparse matrix-vector multiplication (SpMV), and new
formats are constantly being proposed in recent literature.
No format is universally superior in every circumstance,

since the ideal format for storing a sparse tensor depends
on its structure and sparsity, the operation being performed,
and the available hardware. Applications typically need to
perform di"erent operations on the same tensor, and each
operation may require the tensor to be stored in a distinct
format for optimal performance. Importing data into a sparse
tensor, for instance, can be done e!ciently if the tensor is
constructed in the COO format [7] or the DOK format [54],
since they support e!cient appends or random insertions of
new nonzeros. Computing SpMV with the tensor, however,
can be done more than twice as fast if the tensor is stored in
CSR [55], which compresses out redundant row coordinates
and thereby reduces memory tra!c [17]. Alternatively, if
all of the tensor’s nonzeros are clustered along a few dense
diagonals, then storing it in DIA [49] minimizes memory
tra!c even more while exposing vectorization opportunities,
further improving SpMV performance by up to 22% as a
result [17]. Thus, to optimize the performance of both data
import and compute, an application must convert the tensor
from COO (or DOK) to DIA (or CSR). And in applications like
preconditioned solvers and sparse neural network training
where a tensor might only be computed with a few times,
the conversion must be e!cient so that the overhead does
not outweigh gains from using an optimized format [20].

General-purpose sparse linear and tensor algebra libraries
like SPARSKIT [48] and Intel MKL [24] thus strive to support
e!ciently converting tensors between as many formats as
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pings of nonzeros when converting between formats.We also
develop a query language that can extract statistics about
sparse tensors, and we show how to emit e!cient analysis
code that computes such queries. Finally, we de#ne an ab-
stract interface that captures how data structures for storing
a tensor can be e!ciently assembled given speci#c statistics
about the tensor. Disparate formats can implement this com-
mon interface, thus letting a compiler emit optimized sparse
tensor conversion code for arbitrary combinations of many
formats without hard-coding for any speci#c combination.

Our evaluation shows that the technique generates sparse
tensor conversion routines with performance between 1.00
and 2.01× that of hand-optimized versions in SPARSKIT and
IntelMKL, two popular sparse linear algebra libraries. And by
emitting code that avoids materializing temporaries, which
both libraries need for many combinations of source and
target formats, our technique outperforms those libraries by
1.78 to 4.01× for CSC/COO to DIA/ELL conversion.

CCS Concepts: • Software and its engineering → Ab-
straction, modeling and modularity; Source code gen-
eration;Domain speci!c languages; •Mathematics of com-
puting → Mathematical software performance.

Keywords: sparse tensor conversion, sparse tensor assem-
bly, sparse tensor algebra, sparse tensor formats, coordinate
remapping notation, attribute query language
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1 Introduction
Sparse multidimensional arrays (tensors) are suited for repre-
senting data in many domains, including data analytics [2, 6],
machine learning [41, 46], and others. Countless formats for
storing sparse tensors have been developed [5, 7, 8, 10, 13, 14,
23, 27, 34–37, 47, 49, 50, 53, 55, 60, 61] to accelerate kernels
like sparse matrix-vector multiplication (SpMV), and new
formats are constantly being proposed in recent literature.
No format is universally superior in every circumstance,

since the ideal format for storing a sparse tensor depends
on its structure and sparsity, the operation being performed,
and the available hardware. Applications typically need to
perform di"erent operations on the same tensor, and each
operation may require the tensor to be stored in a distinct
format for optimal performance. Importing data into a sparse
tensor, for instance, can be done e!ciently if the tensor is
constructed in the COO format [7] or the DOK format [54],
since they support e!cient appends or random insertions of
new nonzeros. Computing SpMV with the tensor, however,
can be done more than twice as fast if the tensor is stored in
CSR [55], which compresses out redundant row coordinates
and thereby reduces memory tra!c [17]. Alternatively, if
all of the tensor’s nonzeros are clustered along a few dense
diagonals, then storing it in DIA [49] minimizes memory
tra!c even more while exposing vectorization opportunities,
further improving SpMV performance by up to 22% as a
result [17]. Thus, to optimize the performance of both data
import and compute, an application must convert the tensor
from COO (or DOK) to DIA (or CSR). And in applications like
preconditioned solvers and sparse neural network training
where a tensor might only be computed with a few times,
the conversion must be e!cient so that the overhead does
not outweigh gains from using an optimized format [20].

General-purpose sparse linear and tensor algebra libraries
like SPARSKIT [48] and Intel MKL [24] thus strive to support
e!ciently converting tensors between as many formats as
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