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Introduction

As the demand for deep-learning increases, specialized hardware dedicated
to low-precision matrix-multiplication, which is the kernel of those tasks,
has been developing (e.g., NVIDIA Tensor Core, Google TPU, ARM
Matterhorn’s Matmul)

multiplication.

Method (Ozaki scheme)

* Our method is based on the Ozaki scheme [4], which is
an accurate matrix-multiplication algorithm based on
the error-free transformation for dot-product/matrix-

* In this study, we modified the original version of the
Ozaki scheme, which was designed to be computed
using DGEMM, to be computed using Tensor Cores
on FP64 input/output.

NVIDIA Tensor Cores are a special

0zaki scheme for Tensor Cores

processing unit that enables 4 X 4

function (C <-DGEMM-TC-CR(m,n, k, A, B
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matrix multiplication operations
on FP16 inputs with FP32
precision and return the result on
FP32. Besides, cuBLAS provides

r=1
for (¢ =

Tensor Core operation
with FP32 accuracy

(Acpric[sal,calsa]) < SplitA(m, k, A)
Bapii[ss], cplsp]) < SplitB(k,n, B) |

for (p=1:54)

// Aspic is obtained on FP16
// Bspis is obtained on FP16

This can be performed with

1: d .
sp) do o cublasGemmeEx using Tensor Cores

the cublasGemmEx routine using
the above Tensor Core operation.

Cupr = GEMMgp3z(m, 1m0, k, Aspie
Clpo[r] = ScaleUp(Clups, ca

Bspic[d]

xcgq)) ﬁ

ScaleUp com utes element-wise

)

* Markidis et al. [1] proposed a method to achieve nearly the SGEMM r+=1 scalar- multlp ication of two matrices
equivalent accuracy on the matrices with the dynamic range supported on end for |
FP16 using the cublasGemmeEx routine. end for Spitting for a vector

In this poster, we present an accurate DGEMM implementation, which has
the DGEMM compatible interface and can be computed using
cublasGemmEx on Tensor Cores

(for matrix multiply, it is performed for inner-product wise direction)
function ((@spiit[sz), c[sz]) < Split(n,x))
p = ceil(log2(urpsa ') — (Log2(urps2 ') — log2(n))/2)

Our implementation returns the correctly-rounded result: it supports bit-
level reproducibility and is compatible with other correctly-rounded
GEMM s such as ExBLAS [2] and OzBLAS [3]

NearSum [5] com

C = NearSum(Clape,T)
end function ’\

correctly-rounded summation

p=maxo<i<n—1(|i])

Data and computation precisions on GEMM routines

J =.0 Ugpgs denotes the unit round-off of FP64: Ugpgy = 2752
utes the while (1 # 0) do Urp3, denotes the unit round-off of FP32: ugps, = 224
j=j+1
7 = ceil(log2(u))
o =2t

Tenp = flreea((® +0) — 0) // @ is the split vector on FP64

Mat.A |Mat.B |Mat.C Computation - .
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] 0 . X
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interface without Tensor Cores

end function

Performance on Tesla V100
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Conclusion

* We presented an accurate GEMM implementation with the DGEMM compatible interface using
cublasGemmeEx performed on Tensor Cores, which returns the correctly-rounded result on FP64

* The performance depends on the input matrices. For example, for matrices initialized with
random numbers having the dynamic range of 1E+9, we achieved approx. 1.2 TFlops.

* Although our implementation brings no performance advantage against cuBLAS DGEMM on
GPUs that support fast FP64 (1/16 of Tensor Cores), it can be beneficial on hardware with
limited FP64 support such as NVIDIA Tesla T4, whose FP64 performance is 1/256 of Tensor Cores.

* Our approach opens the way to utilize Al-oriented hardware, which supports limited FP64
performance, for more general purposes and may impact the system co-design.

* The latest work including some extensions will be published soon.
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