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Conclusion

MTTKRP  Algorithms
Tensor  decompositions  is  a  set  of  unsupervised  methods  to  analyze  and  extract  
knowledge  from  tensors,  which  is  widely  used  in  healthcare  analytics,  image  
processing,  machine  learning,  and  social  network  analytics.  

Sparse  tensors
A  tensor  of  order  N  is  an  N-­way  array,  which  provides  a  natural  input  representation  
of  a  multiway  dataset.  Many  real-­world  tensors  are  sparse  and  have  specific  features.  
To  discover  useful  knowledge,  an  efficient  sparse  format  are  critical  to  algorithm  
performance  and  scalability.

• We  compare  and  summarize  COO,  CSF,  and  F-­COO  formats  from  storage  
space,  the  number  of  floating-­point  operations,  memory  traffic  aspects,  to  
motivate  this  work.

• We  propose  a  new  sparse  tensor  format,  Hierarchical  COOrdinate (HiCOO),  
which  largely  compresses  tensor  indices  in  units  of  sparse  tensor  blocks  under  
Z-­Morton  order  for  tensors  with  appropriate  block  locality.  Since  HiCOO format  
preserves  all  information  of  a  sparse  tensor,  only  one  HiCOO representation  is  
needed  in  tensor  algorithms.  

• We  further  accelerate  the  Matriced Tensor  Times  Khatri-­Rao  Product  
(MTTKRP)  operation  using  HiCOO format  on  multicore  CPU  architecture.  With  
a  bulk  scheduler  and  two  parallel  strategies  for  irregular  shaped  tensors,  
parallel  MTTKRP  exhibits  better  thread  scalability.  

• Overall,  parallel  MTTKRP  in  a  single  mode  using  HiCOO format  achieves  up  to  
3.5× (2.0× on  average)  speedup  over  COO  format  and  up  to  4.3× (2.2× on  
average)  speedup  over  CSF  format.  

We  test  our  algorithms  on  a  Intel  Xeon  CPU  E5-­2650 platform with 24  physical
cores.  The  sparse tensors are  from FROSTT  dataset [4].  We use  32-­bit  integers
for  indices,  64-­bit  integers for  nonzero pointers,  and  32-­bit  single-­precision
floating points  for  values.  The  block  size  is set  to  128.

Future,  we  will  implement  Tensor-­Times-­Matrix  (TTM)  operation  using  HiCOO and  
also  accelerate  HiCOO-­MTTKRP  and  HiCOO-­TTM  algorithms  on  GPUs.
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Fig.1:  A  third-­order  sparse  tensor  
Matricized Tensor  Times  Khatri-­Rao  Product  (MTTKRP)
MTTKRP  operation  is  the  most  expensive  computational  kernel  of  
CANDECOMP/PARAFAC  decomposition  (CPD),  a  popular  tensor  decomposition  
algorithm.

HiCOO Format
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HiCOO:  A  Hierarchical  Sparse  Tensor  Format  for  
Tensor  Decompositions

HiCOO format  blocks  sparse  sub-­tensors  and  is  represented  by  two-­level  indices  
with  less  bits.  It  is  an  extension  of  Compressed  Sparse  Blocks  (CSB)  format  [1].  
However,  we  store  blocks  in  a  sparse  pattern  instead  of  a  dense  long  array,  thus  
block  indices  also  use  less  bits.
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• Sequential  HiCOO MTTKRP
• Smaller  memory  footprints
• Better  data  locality
• Matrix  tiling

• Parallel  HiCOO MTTKRP
• Schedule  larger  blocks  for  
irregular  shaped  tensors.

• Two  strategies:  direct  
parallelization  and  privatization

Fig.2:  MTTKRP  performance  comparison

0.0

0.2

0.4

0.6

0.8

1.0 HiCOO

CSF

COO

nell1delidarpachoanell2
Tensors

N
or

m
al

iz
ed

 T
im

e
0.0

0.2

0.4

0.6

0.8

1.0

1.2
HiCOO

CSF

COO

nell1delidarpachoanell2

Tensors

N
or

m
al

iz
ed

 T
im

e

M3 M1 M3 M2 M3

Single  Mode All  Modes

0

30

60

90

120

150 HiCOO

CSF

COO

nell1delidarpachoanell2

tensors

G
B/
s

M3 M1 M3 M2 M3

Fig.  3:  The  bandwidth  of  MTTKRPs
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Fig.  4:  Thread  scalability  on  tensor  “nell2”

Average  Fiber  Size  per  Tensor  Block

(a) COO (b) HiCOO

ei ej ek valbi bj bki j k val

0 0 0 1
0 1 0 2
1 0 0 3
1 0 2 4
2 1 0 5
3 0 1 6
2 2 2

3 3 2

7

8

bptr

0 0 0 1
0 1 0 2
1 0 0 3
1 0 0 4
0 1 0 5
1 0 1 6
0 0 0

1 1 0

7

8

0 0 0

0 0 1
1 0 0

1 1 1

0

3
4

6

B0

B1

B2

B3


