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Smlar Vectov

TENSOR

Modern data is inherently multi-dimensional.
CONTRACTIONS g

NVIDIA especially interested due to ML.

Portability, BLAS spec, efficiency.




TENSOR CONTRACTIONS

Cc = A4 Bg

Az AGLL) A(:2,)
o 0
ol Jﬂ =

21

Ca21
€.g. Cmnp = Amnk ka

» Core primitive of multilinear algebra
e BLAS level 3 — unbounded compute intensity.
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What do we have?

Tensor computation libraries

@ Arbitrary/restricted tensor Efficient computing frame

operation of any order and @ Static analysis solutions
dimension ® PPCG [ISL] (polyhedral)
@ Tensortoolbox (Matlab) @ TCE (DsL)
® FTensor (C++) © Parallel and distributed primitives
© Cyclops (C++) @ BLAS, cuBLAS
@ BTAS (C++) @ BLIS, BLASX, cuBLASXT

@ All the Python...

JIA.



TENSOR LIBRARIES

Explicit permutation dominates.

Consider Cppp = Akm Bpkn.
o Akm — Amk
@ Bokn — Bipn
© Conp — Crmpn

Q Cm(pn) = Amk Bk(pn)

o Cmpn — Cmnp

1

0.8
0.6
0.4
0.2
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n

100 200 300 400 500
n

(Top) CPU. (Bottom) GPU. The fraction of time
spent in copies/transpositions. Lines are shown with
1, 2, 3, and 6 transpositions.
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EXISTING PRIMITIVES

« GEMM

e Suboptimal for many small matrices
 Pointer-to-pointer BatchedGEMM

 Available since MKL 13.1b and cuBLAS 4.0

C[p] = aop(A[p]) op(BIp]) + B C[p]

cublas<T>gemmBatched(cublasHandle_t handle,
cublasOperation_t transA, cublasOperation_t transB,
int M, int N, int K,
const T* alpha,
const T** A, int 1dA,
const Txx B, int 1dB,
const T* beta,
Tx*x C, int 1dC,
int batchCount)

6 NVIDIA.
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EXISTING PRIMITIVES

Pointer-to-Pointer BatchedGEMM

CUBLAS SGEMM Performance, K40c GPU
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EXISTING PRIMITIVES

Pointer-to-Pointer BatchedGEMM

Except actually...

CUBLAS SGEMM Performance, K40c GPU CUBLAS SGEMM Performance, P100 GPU

3,000 10,000

2,500
= - 8,000
3 ot
12 12
= =
§ 2,000 §
B = 6,000
&) o
@ 1,500 ®
g S
S S 4,000
g g
= 1,000 =
& £
5] 5] —SGEMM N2 x N
AL A+ 2,000 — N SGEMMs N x N

500 .d SGEMMs N x N — N Streamed SGEMMs N x N
—— BatchedSGEMM+Overhead N - N x N —— BatchedSGEMM+Overhead N - N x N
0 — StridedBatchedSGEMM N x N x N 0 / — StridedBatchedSGEMM N x N x N
0 100 200 300 400 500 600 700 800 900 1,000 0 100 200 300 400 500 600 700 800 900 1,000
N N

Solution: StridedBatchedGEMM
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STRIDED BATCHED GEMM

cublas<T>gemmStridedBatched(cublasHandle_t handle,
cublasOperation_t transA, cublasOperation_t transB,
int M, int N, int K,
const T* alpha,
const T* A, int 1dAl, int strideA,
const T* B, int 1dB1, int strideB,
const T* beta,
Tx C, int 1dC1l, int strideC,
int batchCount)

« Common use case for pointer-to-pointer batched GEMM
e No pointer-to-pointer data structure or overhead
e Performance on par with pure GEMM (P100 and beyond)

9 NVIDIA.



CONTRACTIONS

Cmnp — A** X B***
Crmnp = C[m+ n-1dC1 + p - 1dC2]

Case | Contraction Kernell Kernel2 Case | Contraction Kernell Kernel2

11 | AmkBinp | Con(op) = Akak(np) Connfp] = AmkBrefp] | 41 | AkoBimp | Crnnfp] = BrimipAn

12 | AmkBion | Confo] = AmkBioin | Cimfnlp = AmkBrpin] || 42 | AknBiom | Connfp] = BkT[p]mAk,,

1.3 | AmkBokp | Confp) = A,,,ank[p] 43 | AnBmip | Connfp] = Bmk[p)Akn

14 | AmkBpkn | Crfnlp = A"’kBpk [n] 4.4 | AxnBpkm

15 | AmkBupk | Con(op) = AmkBlpyic | Crnnlpl = AmkBoigpic || 45 | AknBrpk | Connle] = BrmolicAkn

16 | AmkBonk | Confrlp = Amk Bl 46 | AnBomk

21 | AumBinp | Contop) = AtmBi(np) | Crnlp] = AkmBias] || 51 | ApkBimn | Cimm)p = BigmmApk | Crle = BmimApk
22 | AmBign | Crnfpl = AgmButpln | Crmtelp = AkmBroln] || 52 | ApkBiam | Comlolp = BifnjmApk

23 | AmBoko | Conlp) = AbmBri 53 | AxBmin | Crinlp = BrmkimA

24 | AwnBokn | Conirlp = AbmBokii 54 | ApBokm

2.5 | AmBuok | Cinnp) = AkmBiagy | Cmlol = AkmBijppi || 55 | ApkBmnk | Cimnyp = B(mmkAgk | Cominlp = Bt Api
2.6 | AmBonk | Confnlp = A[meT[n]k 5.6 | ApkBnmk

31 | ABimp | Crnfpl = Bl Ank 6.1 | AkpBimn | Cimnp = Bii(mn)ko | Conlinlp = Bigmin Ao
3.2 | AkBiom | Crnlp] = ByjpmAnk 62 | ApBiom | Cfnlp = BinjmAk

33 | AnBrko | Crnlol = Brilpl Ak 6.3 | AkpBmkn | Cminlp = BrmilnlAkp

34 | AuBokm 6.4 | AkpBokm

35 | AnBmpk | Cinnfp) = BmfolkAnk 6.5 | ApBmnk | Cmn)p = BmmkAkp | Cmlnlp = Brm{nkAkp
3.6 | AwBomk 6.6 | AkpBomk

: Single GEMM

(Provided compact layout)
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CONTRACTIONS

Cmnp — A** X B***
Connp = C[m + n-1dC1 + p - 1dC2]

Case | Contraction Kernell Kernel2 Case | Contraction Kernell Kernel2

1L | AnkBinp | Cn(op) = AmkBi(np) | Connlp] = AmkBinip] || 41 | AknBhmp | Connfp] = B Akn

12 | AmkBipn | Connlp] = AmkBigeln | Crminlp = AmkBigln] || 42 | AknBrom | Connle] = BipjmAkn

13 | AmkBokp | Confp) = A,,,anTk[p] 43 | AwnBmkp | Connlp] = Bmiip]Akn

14 | AmkBpkn | Confolp = AmkBpyiny 44 | AwnBokm

15 | AmkBupk | Con(p) = AmkBpyic | Connlel = AmkBylopic || 45 | AknBrmpk | Connfe] = BrmfelicAkn

1.6 | AmkBonk | Confnlp = Amk Bk 46 | AnBomk

21 | AwnBinp | Cin(op) = AkmBk(np) | Cronlp) = AkmBiatp || 51 | ApkBiamn | Cmmp = By Aok | Clirlp = Btmiri Aok
2.2 | AimBion | Confp] = ApmBripln | Colrlp = AkmBrolrl || 5-2 | ApkBiom | Cimlilo = ByjmjmApk

23 | AmBukp | Crnfe] = AtmBrkip] 53 | ApBmn | Cminlp = Bkt Apk

24 | AmBokn | Confrp = AImB;([n] 54 | ApBnkm

2.5 | AmBopk | Cin(op) = AkmB(npy | Cnlol = AmBafgli Il 55 | ApkBamnk | Clmmyp = BimmpkAsk | Conlp = Bunfilk A
26 | AumBonk | Confnp = A[mBj[n]k 5.6 | ApkBnmk

3.1 | AuBimp | Crnfp] = BigmipAr 6.1 | AkpBimn | Cimnp = By(mnyAkp | Crntrlp = Bmir Ak
3.2 | AkBiom | Crnlp] = ByjpmAnk 62 | ABim | Clnlp = ByojmAhe

33 | AnBrko | Crnlp] = Bmilpl Ak 6.3 | AkpBmkn | Cminlp = BrmiinAkp

34 | AuBokm 6.4 | AkpBokm

3.5 | AnkBmpk | Cinnfp) = BrmiplkAni 6.5 | ApBmnk | Cmn)p = BmmkAkp | Cmlnlp = Bm{nkAkp
36 | AwBomk 6.6 | AkpBomk

: Single SB-GEMM
(Any layout)
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[FN]z'j __ 6—27rzz'j/N

FAST FOURIER

Ubiquitous primitive in computational sciences
TRANSFORM : P P

Arguably one of the oldest and most well-studied

Performance on modern architectures...

12



SOt o=

Transpose P — M.
P local FFT's of size M.
Twiddle factors T.
Transpose M — P.
M local FFTs of size P.
Transpose P — M.

SPLIT-RADIX FFT

13
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GPU 1

GPU 2

SPLIT-RADIX FFT

Profile

‘ 16.ISSS 16A|565 16.‘575 16.?8S 16.§9S 16;65 16,?1 s 16.§ZS 16.§3S 16.?45
[=] [0] Tesla P100-SXM2-16GB
[=| Context 1 (CUDA)
L 57 MemCpy (HtoD)
L 57 MemCpy (DtoH)
=7 MemCpy (DtoD) | [N i i [ | | .
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
L T MemCpy (PtoP) Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]
[ [ [ [ [ - I
Compute
— 927
1D FFT cuFFTXT, 2xP100, ComplexDouble, N = 2
Streams
[=] [1] Tesla P100-SXM2-16GB
[=| Context 2 (CUDA)
L 57 MemCpy (HtoD) i
L 57 MemCpy (DtoH)
- Memcoy (0ro0) | [ i i i i -
Memcpy PtoP [asynd] Memcpy PtoP [async] Memcpy PtoP [async]
L 7 MemCpy (Pto) Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]
[ [ = [ [ [ | ] |

Compute

14
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FMM-FFT
Edelman et al. 1999

Fnip D"~ 'Fyp
FN[PD DP_lFN|pD

Fn =
FNlpDP—l . DP—lFN|PDP—1

Low-rank structure
oi(F1024[0:256, 0:256])

0 50 100 150 200 250
Singular value, o; 15 <ANVIDIA



STRUCTURED DENSE MATRICES AND FMM

e SVD: A=UDV*

e Low-Rank: K = UR?“XT V* A A

'_3:10[_]

/7 1\ \

/7 1\ \

e Hierarchically LR: Krg=UrtKz7V>; }D_J T AR AR

e H-Semi-Separable: Kr;=UzUz K7;V:V; SRS

e H2-Matrix/FMM .

NVIDIA.



FMM-FFT

Fy=IpQ@Fy) Iy p(Iyy Fp) My p

My p = IIp s diag(Ins, C1,Co, ..., Cp) s p

Block diagonal matrix with P blocks of M x M.
Direct application would destroy asymptotic complexity of the FFT and not effect communication.

However, each C is a dense kernel matrix.

17 NVIDIA.



COTANGENT FMM

o = o1 (7 (3= m+ 5)
« One dimensional gy
 Uniform — source/target are the integers ! \
* Periodic )
e Distributed
e Size M-by-M
e P of them!

e Interleaved

18 NVIDIA.



FMM-FFT

Fy=IpQ@Fy) Iy p(Iyy Fp) My p

My p = IIp s diag(Ins, C1,Co, ..., Cp) s p

1. Compute P — 1 distributed FMMs of size M x M.
2. M local FFTs of size P.

3. Transpose P — M. } 2D M x P FFT

4. P local FFTs of size M.

NVIDIA CONFIDENTIAL. DO NOT DISTRIBUTE. 19 NVIDIA.



FMM OPERATORS

Level
- :
e S: “Source” M2L
o T: “Target” o L2L
e M: “Multipole”
o L: “Local” ! . . . 3 Tree
M2M M2L
v L2L L2L
FEEEEEEEEEEREE “
S2M L2T L2T
\nput/ output
M/ 2t AP AN AN, |
S2T S2T @MZM Lzm
r L
Each operator is an (implicit) matrix. som Lot

>

mll

S2T

20
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PARAMETERS OF THE FMM-FFT

FFT N=MDP

P FMMs to perform of size Mx M

e FMM

e Rank Q
e Leaf box size M7,
« Base level B

. Leaf level L = 10g2(M/ML)

IIIIIII



DISTRIBUTED FMM

All2All Gather

Halo 2b

Halo 2b

Halo Ib




INTERPOLATIVE FMM

Chebyshev interpolations

» Use Chebyshev interpolations as the intermediate data
» Same operators across all boxes M2L

3

; L2L
; L2T

23 <ANVIDIA.

» Same operators across all levels
o Almost same operators across all FMMs

e Express as tensors and efficiently compute.




S2M/L2T

Mé?—l)qb — SZqu Spmb
Tpmb = L2Tmg Lp—1)qb + Tpmb

Tree Leaf (M) >
Sources (S)

Computed with single BatchedGEMM

R [

R [

—_ _ Q.

O O

24 NVIDIA.



Performance [GFlop/sec]

3,000

2,500

2,000

1,500

1,000

500

BATCHED MATRIX-MATRIX MULTIPLY

N
(a) K40c GPU

Yf,K40
B
Yd,K40
—SGEMM N2 x N x N
—— BatchedSGEMM N - (N x N x N)
—DGEMM N2 x N x N
/) BatchedDGEMM N - (N x N x N)
100 200 300 400 500 600 700 800 900 1,000

10,000

8,000

6,000

4,000

Performance [GFlop/sec]

2,000

cublas<T>gemmStridedBatched
in cuBLAS 8.0

7Y f,P100

Brjo

Yd,P100

‘ ’,“ ’ I | e~ [T
(M’M;MWMMM/W e Lt L

’,V// —SGEMM N2 x N x N
—— BatchedSGEMM N - (N x N x N)
—DGEMM N2 x N x N
BatchedDGEMM N - (N x N x N)
100 200 300 400 500 600 700 800 900 1,000
N

(b) P100 GPU

25 <ANVIDIA.



M2M/L2L

S >

), B /41 SoT 2 T

/+1 /+1
[’ZOCJ(%) = L2L gk L kb T [’W(%)
e o—J—o o——o—o Parent (M) >
-1 0 1
R P $ ¢ Children (M)

Computed with single BatchedGEMM

26 NVIDIA.



® M2L
S2T/M2L 1
S S2T )'YT
7;7/1) — Ssz(]—Z) Sp]b S2T 1 = {;:z (%(p‘f—Pk')) iig

£ p— £ ¢ T Zi % s
Lpib — MQLijS Mp](b+8) MQLf;ijS:cot (?(Ej_§+s)+ﬁ(p+l))

» Also Level-3 Linear Algebra computations, but no BLAS primitives.
o CUSTOM KERNELS

27 NVIDIA.



M2M
o
:\ M2L

INTERPOLATIVE FMM  _,
S ST
Operator Storage Compute
S2TE) = cot (1 =) + 5p5 + 1-p) P(4M.-1) <\3|>2LM\
-~ T - - Compute on the fly!
|S2M;; = €; (s5) = {AM(SJ) Zfse_ - | QML
o _____\ iAo | Total Precomputation (S2ZM+M2M):
Sy ZM 3 _ ZOk Fl
M2ME = (zJ;tl) 202 Q*M.+Q ops
A S ﬂ_ ...... Z _ _ _ Total Overhead (SZM+M2M):
M2L) = cot (2_L(5f ~ )+ st Np) 4(L-B)PQ? 325-28)PQ?2  QM.+Q? ~ 12k Bytes
L2L3;:€J(22i):M2MJi Yo 422 .
| L2Ty; = £ (t:) = S2Mj; QM. 2PMQ

_____________

28 <ANVIDIA.



ALGORITHM

Algorithm 1 The FMM-FFT via tensor contractions.

2 ME 1y = S2Mom Spmb /I S2M
2: SendRecv S halo. // COMM S
3: 'En'b = SQTp(j_i) Spjb /I S2T
4: for =L —1,...,B do
s Mby = M2Mg MULL /I M2M
6: for {=L,..., B—1do
7. SendRecv M halo. // COMM M*
. L I V4
8: LL,=M2LE. ME . // M2L ¢
9: All-to-all gather MZ. // COMM M?PB
. B _ . B
10: L‘mb = M2TL s ij(b+s) /l M2L B
1: 1y = Loy M1y // REDUCE
12: forézB,...,L—ldo .
1 1
132 Lot = L2Lg, Loy + L0051/ L2L
14: 7;)mb = L2qu ‘Cé)—l)qb R 7;)mb /I L2T
15: Tomb = Pp(Tpmp + 27p) // POST
16: FM,p T /1 2D FFT

: Primitive — vendor optimized

cublas<T>gemmStridedBatched

: Custom kernel

: FMM Communication

29
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OMPARISON

Profile

16.155 16'.51 s 16..525 16'.53 S 16._54 s 16.'555 16'.565 16.?7 s 16.‘585 16'.59 s
[=! [0] Tesla P100-SXM2-16GB
[=] Context 1 (CUDA)

L 57 MemCpy (HtoD)

7 MemCpy (DtoH)

-7 Memcpy (0toD) | [ | i [ | i [

Memcpy PtoP [as... Memcpy PtoP [as..

L Y MemCpy (PtoP) Memcpy PtoP [as... Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]
Memcpy PtoP [async] Memcpy PtoP [async] Memcpy PtoP [async]

[ || . [ . I

e 1D FFT cuFFTXT

‘ 10.18s 10.19s 10.2s 10.21s 10.22s 10.23s 10.24s
T 1D FFT FMM-FFT
=/ Context 1 (CUDA) =
57 MemCpy (HtoD)
- MemCpy (DtoH)
7 MemCpy (DtoD) s
| | Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
Memcpy PtoP [as...| Memcpy PtoP [as... Memcpy PtoP [as... Memcpy PtoP [as...
L MemCpy (PtoP) | py [ py [ py [ py [
[maxwell..| | - maxwell d-. void d.. I —
void my_s2t<int=8, int=1, int=16, int=8, int=16... .
Compute

30 <ANVIDIA.



FMM-FFT PROFILE

10.]85 10.]95 10:25 10.?15 10.|22$ 10.?35 10.?45
(=] [0] Tesla P100-SXM2-16GB
[=] Context 1 (CUDA)
L 57 MemCpy (HtoD)
L 57 MemCpy (DtoH)
L 7 MemCpy (DtoD) —
I I

- S¥ MemCpy (PtoP)

Compute

Emph: 255 FMMs of size 524k x 524k in 32ms

31 <ANVIDIA.



Speedup over 1D cuFFTXT
— [\&] w >~

[en)

2xK40c, PCle
FMM-FFT Performance

ComplexFloat 2xK40c

EH FMM-FFT Measured | |
Il FMM-FFT Roofline
B 2D cuFFTXT

212 213 214 215 216 217 218 219 220 221 222 223 224 225 226 227

ComplexDouble 2xK40c

212 213 214 215 216 217 218 219 220 221 222 223 224 225 226 227

32 <ANVIDIA.



Speedup over 1D cuFFTXT

2xP100, NVLINK
FMM-FFT Performance

ComplexFloat 2xP100

[l FMM-FFT Roofline
B 2D cuFFTXT

E FMM-FFT Measured ||

212 213 214 215 216 217 218 219 220 221 222 223 224 225 226 227 228

ComplexDouble 2xP100

212 213 214 215 216 217 218 219 220 221 222 223 224 225 226 227

33 <ANVIDIA.



Speedup over 1D cuFFTXT
— [\ w >

o

8xP100, NVLINK
FMM-FFT Performance

ComplexFloat 8xP100

B FMM-FFT Measured
] FMM-FFT Roofline
B 2D cuFFTXT .

214 215 216 217 218 219 220 221 222 223 224 225 226 227 228 229
N

ComplexDouble 8xP100

214 215 216 217 218 219 220 221 222 223 224 225 226 227 228
N

34 <ANVIDIA.



Fraction

oS o o ©
o \} ~ [} oo
T T T T 1

EFFICIENCY

—
T

| lem2L B

1 0om2L ¢

1 BEs2T

1 TIB-GEMM
1 InFMM

| IDFMM-FFT

216 217 2‘18 219 220 221 222 223 224 225 226 227
N

e >95% BatchedGEMM

o 60% S2T/M2L
e >90% FMM-FFT

35 <ANVIDIA.



PARAMETER DEPENDENCE — M,
Points per leaf box per FMM

 Trade #levels for S2T comp

e Counting flops not enough
e Want intensity increase

e Tune performance for M_=64

Operations [GFlops]

1,000

ComplexDouble, 2xP100, N=2%7, P=256, B=3, Q=16

300

600 N

400
200

—— FMM Ops [GFlops]
—a— FMM Model [msec]
—o— FMM Measured [msec]

/ 150
/

1 250
200

1100

Time [msec]

90

!0
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PARAMETER DEPENDENCE — P

ComplexDouble, 2xP100, N=227, M =64, B=3, Q=16

e Flops/Intensity approx constant 200 \ \ x 160
o Trade #levels for #FMMs B . —+—FMM Ops [GFlops]
S 150 —a— FMM Model [msec] 1120 —
(E d —e— FMM Measured [msec] 2
. Large P good 2 100 . |--&- 2DFFT [msec] 180 %
o ’,
. £ £
Fill up B-GEMM R =
e More square 2D FFT )

37 NVIDIA.



PARAMETER DEPENDENCE — B

e Not very significant

 Scale to 128 GPUs
w/o complications

Operations [GFlops]

ComplexDouble, 2xP100, N=2%7, P=256, M.=64, Q=16

600
200
400
300
200
100

—a— FMM Ops [GFlops]
—m— FMM Model [msec]
—eo— FMM Measured [msec]

38

150
195
100 3
75 £
=
50 &
25
0
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PARAMETER DEPENDENCE — Q

Quadrature order of FMM interpolation
ComplexDouble, 2xP100, N=2%7, P=256, M.=64, B=3

Z 100 40
e Accuracy tuning with = 80 $32 =
performance dependence 2 60 124 g
g 40 116 2
= —a— FMM Ops [GFlops] A=
C“% 20 —=— FMM Model [msec] | | 8 =
O \ \

| T T T T |
0O 2 4 6 8 10 12 14 16 18 20 22 240

|
6 & 10 12 14 16 18 20 22 24

(@)
)
g -

Q
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FUTURE

e Integration into cuFFT

 Application to 2D/3D FFTs?
e Convolutions

« NUFFT, Sparse FFT nearly out-of-the-box

» Volta predictions and measurements
» Mixed precision (e.g. FP16 far-field) to use Tensor Core?

e Persistent Matrix Batched GEMM (cuBLAS optimization)
« Staged Persistent Matrix Batched GEMM (cooperative groups, RNNs)

40 NVIDIA.



CONCLUSION

o FMM-FFT trades 2/3 communication in 1D FFT for P FMMs
« Viable on highest comp:comm architecture available

» Detailed implementation that relies heavily on existing primitives

e Primitives >95% efficient
e Two custom dense kernels >60% efficient
e Entire FMM-FFT >90% efficient

» Tunable accuracy-performance tradeoff

« Compute model accurately predicts performance

| Cris Cecka, “Low-communication FMM-accelerated FFTs on

GPUSs” International Conference for High Performance
Computing, Networking, Storage, and Analysis (SC), Denver,
CO, November 12-17, 2017

Yang Shi, U.N. Niranjan, Animashree Anandkumar, and Cris Cecka. '
“Tensor contractions with extended BLAS kernels on CPU and |
GPU” In 2016 IEEE 23rd International Conference on High }
Performance Computing (HiPC), pages 193-202, Dec 2016
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