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WHAT IS A TENSOR?

mode-0: scalar a :
mode-1: vector A;
mode-2: matrix A;

J

mode-n: general tensor Ak -
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mode-0:

mode-1:

mode-2:

mode-n:

WHAT IS A TENSOR?

o a - ' ' '
o Ai - ' m -
o Ai’j ' ' m '
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BASIC LINEAR SUBPROGRAMS

1969 - BLAS Level 1: Vector-Vector
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BASIC LINEAR SUBPROGRAMS
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TENSORS ARE UBIQUITOUS

Deep Learning Quantum Chemistry Condensed Matter Physics
O PyTorch NWCHEM —E{— ITENSOR
7[ @ .QO
PYRO LS-DALTON ju|la
CYNN TAL-SH
*  Multi-GPU
TensorFlow . Out-of-Core

TensorlLy

TAL-SH: Itensor:
TensorLy: Julia: & 14 NVIDIA.



CUTENSOR

A High-Performance CUDA Library for Tensor Primitives

Tensor Contractions (generalization of matrix-matrix multiplication)

: 0o

Element-wise operations (e.g., permutations, additions)

Mixed precision support

Generic and flexible interface
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TENSOR CONTRACTIONS

Examples
0

Einstein notation (einsum)
Modes that appear in A and B are contracted
Examples

Dm’n =« ZkAm,k * Bk,n // GEMM
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TENSOR CONTRACTIONS

Examples
0

Einstein notation (einsum)

Modes that appear in A and B are contracted

Examples
Dpn=0aApny*Brn /1 GEMM
D, nm, = CAm_ km, * Bkn /1 Tensor Contraction
D, ninym, = CAm, km, * Benyn, // Tensor Contraction
D, minym, = CAm, kimok, * By ki ngm, // Multi-mode Tensor Contraction

18 <ANVIDIA.



TENSOR CONTRACTIONS

Examples (cont.)

o: 0 o

Examples
Dppn = Ay, x By // outer product
D, nm, = A Am, m, * Bn // outer product
D i, = CAm ki, * B, // batched GEMM
D, niiyngm, = CAm. ki, m, * Ben,nyly // single-mode batched tensor contraction
Do, motin,mat, = CAm. ki, 1,m, * Brngngig, // Multi-mode batched tensor contraction
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TENSOR CONTRACTIONS

2l 4N -

DHC(z‘1 ..... i) \IlD(a\IlA(AHA(il ..... in)) * lI’B(BHB(z‘1 ..... zn))) + B\PC(CHC(il ..... zn)))

¥ are unary operators
E.g., Identity, RELU, CONJ, ...
Mixed-precision
No additional work-space required
Auto-tuning capability (similar to cublasGemmEx)

High performance
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TENSOR CONTRACTIONS

Key Challenges

Keep the|fast FPUs|busy

Reuse data infshared memory & registersias much as possible

Coalesced accesses to/from global memory
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TENSOR CONTRACTIONS

Key Challenges

Loading a scalar a .

Loading a vector A; I
v

Loading a matrix A;j )

Loading a general tensor Ak

‘ ()
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TENSOR CONTRACTIONS

Technical insight

[1] Paul Springer and Paolo Bientinesi: “Design of a high-performance GEMM-like Tensor-Tensor Multiplication” (2016) 23 SANVIDIA.



TENSOR CONTRACTIONS

Technical insight

n - GEMM-like( , )
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[1] Paul Springer and Paolo Bientinesi: “Design of a high-performance GEMM-like Tensor-Tensor Multiplication” (2016) 24 SINVIDIA.



TENSOR CONTRACTIONS

Technical insight
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TENSOR CONTRACTIONS

Technical insight
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PERFORMANCE

Tensor Contractions

< M M
8000
A cutensor (GV100)

Random tensor contractions:
70007 ~ PyTorch(GV100) « 3D to 6D tensors
@ TBLIS (1x Xeon Platinum 8168)

00001 TBLIS (2x Xeon Platinum 8168) e FPé64
L 5000
4
0 4000
™
® 3000
2000+
1000

~8x over two-socket CPU

0 200 400 600 800 1000
‘test case
Arithm

TBILS (https://github.com/devinamatthews/tblis) 27 <ANVIDIA.




GFLOPS/s

PERFORMANCE ’ “ ’

Tensor Contractions

14000 = e O o0, | Ran3d§r;:) t()egst%rn ggpstractions:
| PyTorch (GV100) .
12000 TBLIS (1x Xeon Platinum 8168) « FP64 (data) & FP32 (compute)
10000 ® TBLIS (2x Xeon Platinum 8168)
8000
6000
O,’ S , : !
0 200 400 600 800 1000

test case

TBILS (https://github.com/devinamatthews/tblis) 28 <ANVIDIA.



Element-wise Operations



ELEMENT-WISE TENSOR OPERATIONS

I R

Dy hen = @ Acwnn

Dy hnen = 0 Acwnn + BBewnn

Dy nen =min(aAcwan, BBewnn)

Dynen =aAcwnn+ BBwhen TV Cunen

Dy nen = A RELU(Acwnn) + BBwhen TV Cwnen

Dy nen = FP32(a RELU(Acwnn) + B Bwnen TV Cwhen)
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ELEMENT-WISE TENSOR OPERATIONS

DHC(io,i oin) = @apc(Pan(a ‘I’A(AHA i ) B¥p(By ',...,in)))’ 7‘IJC(CHC(i0,i1,...,in)))

¥ are unary operators

E.g., Identity, RELU, CONJ, ...
@ are binary operators

E.g., MAX, MIN, ADD, MUL, ...
Mixed-precision

High performance
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PERFORMANCE

Element-wise Operation

A cuTensor (GV100)
1 ¥ memcpy (GV100)
800 HPTT (1x Xeon Platinum 8168)
iy ® HPTT (2x Xeon Platinum 8168),
e}
5 600-
-
S
2 400 o
= vy
S200| se
@ (J
qm,‘&'b'.-*ﬁ'a/m#&-'ﬁ%’mmvs e
0. >

HPTT (https://github.com/springer13/hptt)

60 80
test case

g0 o

~5x over two-socket CPU
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* FP32 tensor permutation (e.g., reformatting)



CUTENSOR’s API



TENSOR CONTRACTIONS

API
o Bk

cutensorStatus_t cutensorContraction
const void *alpha, const void

const void

const void *beta, const void

void

( cuTensorHandle t handle,

*A, const cutensorTensorDescriptor_t descA, const
*B, const cutensorTensorDescriptor_t descB, const
*C, const cutensorTensorDescriptor_t descC, const
*D, const cutensorTensorDescriptor_t descD, const

cutensorOperator_t opOut, cudaDataType_t typeCompute, cutensorAlgo_ t algo,
void *workspace, uint64 t workspaceSize, // Workspace is optional and may be

cudaStream t stream );

Devin Matthews et al. “Tensor interfaces”: https://github.com/MolSSI/tensor-interfaces/blob/master/interface.md

int modeA[],
int modeB[],
int modeC[],
int modeD[],

null
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TENSOR CONTRACTIONS

cutensorStatus_t cutensorContraction
const void *alpha, const void

const void

const void *beta, const void

void

API

( cuTensorHandle_t handle,

*A, const cutensorTensorDescriptor_t descA,
*B, const cutensorTensorDescriptor_t descB,
*C, const cutensorTensorDescriptor_t descC,
*D, const cutensorTensorDescriptor_t descD,

cutensorOperator_t opOut, cudaDataType_ t typeCompute, cutensorAlgo t algo,
void *workspace, uint64_t workspaceSize, // Workspace is optional and m

cudaStream_t stream );

-

const int modeA[],
const int modeB[],
const int modeC[],
const int modeD[],

ay be null

Da,b,m,n,c =« Zo,p(Aa,o,p,b,c * Bo,m,p,n) + IBCa,b,m,n,c

auto status = cutensorContraction (handle,

alpha, A, descA, { ‘a’, ‘o’,
B, descB, { ‘0o’, ‘m’,
beta, C, descC, { ‘a’, ‘b’,
D, descC, { ‘a’, ‘b’,

CUTENSOR_OP_IDENTITY, CUDA R_3

nullptr, 0, stream );

p’, b7, ¢t ),
p,) ‘n) }J

(mJ, (‘n), (C.’ },

m), (n), ('C) },

2F, CUTENSOR_ALGO_DEFAULT,

Devin Matthews et al. “Tensor interfaces”: https://github.com/MolSSI/tensor-interfaces/blob/master/interface.md
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ELEMENT-WISE OPERATION

API

g-0-

cutensorStatus_t cutensorElementwiseTrinary ( cuTensorHandle t handle,

const void *alpha, const
const void *beta, const
const void *gamma, const

cutensorOperator_t opAB,
cudaStream_t stream );

void *A, const cutensorTensorDescriptor_t descA, const int modeA[],
void *B, const cutensorTensorDescriptor t descB, const int modeB[],
void *C, const cutensorTensorDescriptor t descC, const int modeC[],
void *D, const cutensorTensorDescriptor t descD, const int modeD[],
cutensorOperator_t opABC, cudaDataType t typeCompute,

Iry
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ELEMENT-WISE OPERATION
AP

Iry

||
Q
+
(@8]

cutensorStatus_t cutensorElementwiseTrinary ( cuTensorHandle_t handle,
const void *alpha, const void *A, const cutensorTensorDescriptor_t descA, const int modeA
const void *beta, const void *B, const cutensorTensorDescriptor_t descB, const int modeB
const void *gamma, const void *C, const cutensorTensorDescriptor_t descC, const int modeC
void *D, const cutensorTensorDescriptor_t descD, const int modeD
cutensorOperator_t opAB, cutensorOperator_t opABC, cudaDataType_t typeCompute,
cudaStream_t stream );

Dw,h,c,n — min(O(Ac,w,h,nr ,BBC,W,h) + VCW,h,c,n

auto status = cutensorElementwiseTrinary ( handle,
alpha, A, descA, { ‘c’, ‘w’, ‘h’, ‘n’ },
beta, B, descB, { ‘c’, ‘w’, ‘h’ },
gamma, C, descC, { ‘w’, ‘h’, ‘c’, ‘n’ },
D, descD, { ‘w’, ‘h’, ‘c’, ‘n’ },
CUTENSOR_OP_MIN, CUTENSOR_OP_ADD, CUDA_R_16F,

stream );
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CUTENSOR

CUDA library for high-performance CUDA tensor primitives
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Pre-release available at:
https://developer.nvidia.com/cuTensor

Your feedback is highly appreciated.
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CUTENSOR

cutensorStatus_t cutensorCreateTensorDescriptor ( cutensorTensorDescriptor t *desc,

cutensorStatus_t cutensorContraction

const void* alpha, const
const

const void* beta, const

void
void
void
void

unsigned int numModes,
const int64_t extent[],
const int64_t stride[],
cudaDataType_t dataType,
cutensorOperator_t unaryOp,
const int vectorIndex,
const int32_t vectorWidth);

(cuTensorHandle_t handle,

*A, const cutensorTensorDescriptor_t descA,
*B, const cutensorTensorDescriptor_t descB,
*C, const cutensorTensorDescriptor_ t descC,
*D, const cutensorTensorDescriptor t descD,
cutensorOperator_t opOut, cudaDataType_ t typeCompute, cutensorAlgo t algo,

void* workspace, size t workspaceSize,

cudaStream_t stream );

Devin Matthews et al. “Tensor interfaces”:

const
const
const
const

int
int
int
int

modeA[ ],
modeB[ ],
modeC[ ],
modeD[ ],
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