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1x1x1000

‘ Convolution+RelLU ‘ Max pooling ‘ Fully connected+RelLU ‘ Softmax
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Convolution & tensors

Input tensor Kernel tensor Output tensor
CXHXMW OC X IC X M X N H> X W’
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multiplication

* Dominate computation (>90% of runtime)
« Similar to generalized matrix-matrix multiply - Massive GPU parallelism
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Winograd convolution
F(m,r)

« Sample F(m = 2x2,r = 3x3) Winograd convolution
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Internal tile size:
m+r —1

Research questions:

« Can we reduce the overhead of Winograd transformations?

* How to properly choose the right a?

« How to run Winograd efficiently on a wide range of GPU platforms?

4/27/20 | Department of Computer Science | Laboratory for Parallel Programming | Arya Mazaheri | 9



TECHNISCHE
UNIVERSITAT
DARMSTADT

Winograd code generation workflow
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[Symbolic analysis]

» Represent the target matrix by symbols
« Perform multiplication and obtain the results

,gf/ _—1Xg0,0+0+0 _1Xgo’1+0+0 —1Xg0’2+0+0_
/_’1”@ 10 go,o+g1,o+gz,o go,1+g1,1_|_gz,1 Yo,2 _I_g1,2 _I_gz,z
7 A _| 2 2 2 2 2 2 2 2 2
/2 12 1/ ® 90,0_91,0_|_92,o 90,1_91,1_|_92,1 Joz _ J12 _I_gz,z
1 P 2 2 2 2 2 2 2 2 2
0&} r | 0+0+1xgye 0+0+1xgys 0+0+1Xgy,
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for (i = @0; 1 < alpha; i++) {
for (j =0; j < r; j+t) {
. o res[i][]j] = ©;
Matrix multiplication for (k = ©; k < r; k++)
code before optimization res[i][j] += G[i][k] * g[kI[jl;
}
}
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Optimizing Winograd transformations
[Index representation]

gf i —90,0 —Yo,1 —Y0,2 T
] 9o, g1, g2, 9o, 91, 92,
_10 1 go,o_l_g1,o_|_92,o 01 4 911 Y21 02 4 Y12 4 922
7 A _ | 2 2 2 2 2 2 2 2 2
/2 1/ ® 9oo 910 , 920 90,1_91,1_|_92,1 Joz2 Y912 _I_gz,z
y — +
h rh 2 2 2 2 2 2 2 2 2
"0 r g g
p 0> : 92,0 2,1 2,2
—
- —gO,] -
go,j+gz,j+g1,j
— | 2 2 2
Jo,j , 92, Y1,
+ —
2 2 2
i 92,j |

4/27/20 | Department of Computer Science | Laboratory for Parallel Programming | Arya Mazaheri| 13



) TECHNISCHE
UNIVERSITAT
DARMSTADT

Optimizing Winograd transformations
[Factorization]
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Optimizing Winograd transformations
[Common subexpression elimination]
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Optimizing Winograd transformations

[Code generation]
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Before optimizations After optimizations

for (i = @; 1 < alpha; i++) {
for (j =0; j < r; j++) {
Gg[i][]] = ©;
for (k = 0; k < r; k++)
Gg[i][J] += G[i][k] *
glk][3];

csel =
Ggle][]]
Gg[1][7]
Gg[2][7]
Gg[3][7]

for(j=0, j<4, j++){
glel[j] + gl[2][]];

-gle][il;
0.5%(csel + g[1][]]);
0.5%(csel - g[1][J]);
gl2]1[31;
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Tuning knobs
«  Winograd variant /
» Thread blocking }
» Register blocking
» Loop unrolling factor ~

* Winograd output tile size

Lowest runtime
kernel

Tensor operation kernel

float g[7][7];
float Gg[8][7];
float tmp[8][8];

const GASQ float *B = filts_ref + (k * 3 + c)
for (int 1 = 0; 1 < 7; ++i) {
for (int j =0; j < 7; ++j) {
glil[3l = B[7*j + il;
}
}

)

—
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Winograd convolution accuracy

* L1-norm error analysis for various Winograd internal tile sizes
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Winograd transformation optimization results

» Overall arithmetic reduction ratios related to transformation steps and the whole
Winograd algorithm for a single tile
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* Runtime comparison on Nvidia 1080 Ti
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Runtime (ms)

Performance portability
[Nvidia GPU]

;"A TECHNISCHE
UNIVERSITAT
DARMSTADT

* Runtime comparison of Winograd kernels generated by our method with
cuDNN vendor library on Nvidia GTX 1080 Ti.
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Performance portability
[AMD GPU]
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* Runtime comparison of Winograd kernels generated by our method with the
MIOpen vendor library on AMD Radeon RX 580.
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[Mobile GPU]
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» Validated the effect of auto-tuning on Mali G71 GPU
 ARM Compute library as a baseline

Hl ARM Computelibrary-Winograd B Boda No-Autotuning [ ] Boda Autotuning
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1.74x speedup

Speedup Autotunig/No-Autotuning
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Conclusion

« Symbolic analysis = Optimizing Winograd transformation steps

» Meta-programming - Enhancing the performance portability of
Winograd convolutions

Efficient Winograd convolution is
tricky to implement

When a = 8; largest arithmetic
reduction, acceptable accuracy

Performance portability on three
different architectures
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