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Automatic Mixing Precision Optimization for Matrix Multiplication Calculation

HE Haotian,ZHOU Bei, GUO Shaozhong,ZHANG Zuoyan, HAO Jiangwei, ]I Liguang and XU Jinchen

School of Cyberspace Security, University of Information Engineering,Zhengzhou 450001 ,China

Abstract The implementation of mixed-precision optimization for matrix multiplication computation greatly improves the per-
formance of matrix multiplication computation,but at the same time,compared with high-precision matrix multiplication compu-
tation, mixed-precision matrix multiplication computation introduces errors. In order to effectively reduce the errors introduced in
the mixed-precision computation, this paper implements an automatic mixed-precision tool AMAO for matrix multiplication com-
putation. On the basis of low precision times high precision plus basic mixing accuracy calculation, the tool divides the original
basic mixing accuracy calculation into two parts according to a certain proportion through the precision optimization algorithm of
iterative space division,one part uses high precision calculation method and the other part uses the basic mixing accuracy calcula-
tion method,and realizes the automatic generation tool of mixed accuracy code according to the algorithm. Experiments show that
compared with the mixed-precision tool AGMMMPC, the performance of mixed-precision codes generated by AMAO is reduced
by 5.90% on average,and the accuracy is improved by 49. 31% on average.

Keywords Mixed precision, Matrix multiplication, Polyhedral model, Scheduling transformation,Code generation
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Fig. 1 General compilation flow for polyhedral models
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float low_A[1024][1024];
float low_B[1024][1024];

// low

// amp_kernel
]
1

for (int ¢c0 = 0; c0 <= 1023:c0 += 1)
for (intcl =0;¢cl <=1023;cl +=1)
low_A[cO0][c1] = (float)A[cO][c1]:
for (int ¢c0 = 0; ¢c0 <= 1023; c0 += 1)
for (intcl =0;cl <=1023;cl +=1)
low_B[c0][c1] = (float)B[cO0][c!]:
for (int ¢c0 = 0; ¢0 <=1023;¢c0 += 1)
for (intcl =0;cl <=1023;cl +=1)
for (intc2=0;¢2 <=1023;c2+= 1)
C[cO0][c1] = (C[cO][c1] + (low_A[cO][c2] * low_B[c2][c1]));

P03 LR 5K B 4E M e 1T AR
Fig. 3 Calculation codes of basic mixed-precision matrix

multiplication

{Sy (i4j) :0<i<<M AN O<j<N;

S1(75)) :0<i<<M A 0<j<N;

S;(z‘,j,lz)-O<i<M/\O<j<N/\O<Ie<K} @)
Hop, —Akm g ..k #5EA) S, Fl S, 1) — R AT 52
WJ**XGL\

T WS 2 44 1 ) 2461 5 1 ) S 461 37 1] Y 0 T ER =2 1]
RS R RNES, AT NS AU B G

. K3 R AR A
ESH

{Sy (i) —=>low A, j): (0<i<<MAO<,;<N);

Sy Gaj)—>low_B(ij): (0<i<<MAO<j<<N);

Sy (isjsb)=>C_mizx(i,j): (O<i<MAOj<N)} (2)

VTR R

(S Gaj k) >AG ) (Oi<M A O0<<E<K);

Sy (ajsk) =Bk, ) (O<A<K A O<j<<N);

Sy Givjsk)>low A k) : (0<i<<M N O<A<<K);

S, (isjsk)>low_B(k,j) : (0O<A<KNO<j<N);

Sy (isjsk)>C_miz(i,j): (0<i<MAO;<<N)} (3)
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Fig. 4 Schematic of the scheduling tree before and after scheduling

transformation
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ik BEAREE S E

i A :rate(percentage of partitioning) ,band node

it :band_node_list

1. Initialize two new band nodes,band_nodel and band_node2.

2. For each domain D of the band node:

3. Create two new iteration domains, iter _ domainl and iter_
domain2.

4. For each statement S in domain D:

Create a new empty statement S in iter_domainl and a new emp-

ot

ty statement S in iter_domain2.
For each pair of affine constraints(C;,C;) in statement S:
If the pair is from the outermost loop(index=0) :

Calculate the rangeval=floor((C; —C;) * rate / 100).

© 0 NN >

Compute the new affine constraint pairs for iter_domainl and i-

ter_domain2 based onval and the original constraints C; ,C,.

10. Add the new constraint pairs to statements S; and S, respec-
tively.

11. Else:

12. Add the original pair of affine constraints(C;,C;) to both S;

domain

sequence

\

filter,:[{So(i,j.k):50<i<99 A\ 0=<;<99 NO<k<99;

/

filter:[{So(i,/,k):0=<i<49/\ 0<j<99/\0<k<99;
S\ (i) k):0<i<49\ 0<;<99 \0<£k<99;}]

|
[{So(iy) = (1/).81Gf) = (1)):S200, k) (1)K ]

sequence

filter, filter, filter,

/

[So(i)=(N] [S1G) =GN [S26.k)— (k)]

B 5 wftss

and S;.
13. Add iter_domainl to band_nodel and iter _domain2 to band_
node2.
14. Combine band_nodel and band_node2 intoband_node_list.

15. Return band_node_list.

B NERANZ MG R R TR GG 3R

&R ERIRE OS5 race B9 EE , R 6) 3214
i R [EME val ,
ey, rate
vaL—L(Cz cH 100J 6)

TR A By P o o R 4R B B A S AR A L Bl
rate P(H , SR T 45 S AN 2B IR AT — H 540 R W& . A 4K
/) rate (918 255 )L () P P R 6 A 9 R 43 L
rate {32 T 0K BE O 00 2k A 2 A] o SL AR GRS B O S AR
23 [ R/ A H

VA it TR 6 G R R TR 1 B A ], i 2 AR 2 ) R o U
BV EE M 5 Bras . 4 C =0,C, =99, rate =50 [, val =
49,50 53 7 W T AS AR A 8] g 5 rh g 4

Si1(i,k):50<i<<99/\ 0<;<<99N\0<k ‘)‘).:|
[{So(if) = (). S1G) = (). k) = (i)} ]

sequence

filter, filter, filter,

/

[SoliN)=(N] [S1G) = )] [Saifk) (/K01

)1 43 22 I #) 98 BE R

Fig.5 Scheduling tree after iteration space partitioning
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PRUEAT BE % 3 45 1 e/

3.2.2 KA

B A3 BT — b e R A B R B X AR T i 8L
A5 AE A AT T 401 . Gk 4301 U A7 Wit Al 51 A 4
Hﬂﬁﬁﬁﬁ%%ﬁﬁﬁﬁmﬁL B A

A R H R P IOC T RRE B B2l L SR A5 R BE T BT
ﬁm R T I TR A 40 O S O R A L DA B 4 SRR A
G BE VT S . AR SCHR AR B — AN 2 AR A ] R R AT R R
S FESE TR S 1) rh lE AT SR R R AR BT B SXORE T AR AT LU
VR B G B AR R T T ST P iR 2= N .

F T 2 X BT A Bl #h 47
G AT .
8k 2 B MBS
Hi A :array, band_node_list

Ak B R B Y 2R

it :local_array

1. retrieve the scheduling and additional information from the band_
node_list.

2. For each array of arrays do:

3. initialize the groups of array references.

4. For each any two groups of array do:

5. For each any access relation of groups do:

6. if the access ralations is overlapping then:

7. if one of access is write then:

8. combine these two groups into one group.
9. end

10. end

11. end

12.  end

13.  Partition the array reference groups based on the segmented
iteration domain,and then replicate the array intolocal_array.

14.  For each any two groups of array do:

15. For each any access relation of groups do:

16. if the access ralations is no overlapping then:

17. If both access operations are reads:

18. combine these two groups into one group.

19. end

20. If one access operation is a write and the other is a read:
21. combine these two groups into one group.

22. end

23. end

24. end

25. end

26. calculates index offsets and other information while perfor-
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iy 52K L &5 < T 1) 4 [ R T A 1 Sl iR 5 RS 1L

ming a series of checks.
27. update the information of thelocal_array.
28. end
29. Return local_array.
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domain

sequence

-

filtero:[ {So(7j ,k):0=<i<49 N\ 0<j<99 N 0<£k<99;
SW(ij R 0<i<49 N 0<j<99 N 0<E<99:}]

extension: {[[]— low_A(ij)]—~A(iy):[[]—low_B(ij)—~B(ij)}

[{So(@) = (i) S1(E) = ():S2(i: k)= (i )}

sequence
filtery filter; filter,
/ |
[So(E) ()] [$1GN—~ (D] [$2G7.0)—~ (0]

\

filter;:[ {So(7/.k):50<i<99 N\ 0<j<99 N\ 0<k=<99;
S1(ijF):50<i<O9IN 0<<99 N\ 0<E<99:}]

extension: {[[]— A(i,)]—=low_A(ij):[[1—B(@)—low_B(ij)}

|
[{ESo(@) = @) S1(@) = ()82 )= (k)3 ]

sequence
filter, filter; filter,
/ l
[So(Ef)—~ N1 [$1GE)—~EN] [S2Gi7. )~ (. 0)]

Bl 6 B i o3 M e 00 R B

Fig. 6 Scheduling tree after data flow analysis
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extension: {[[]— low_A(@j)]—A@)):[[]—low_B(ij)—B(i,j)}

sequence

filterg filtero filter;o

N

[{conv_in[[1—=Al#.i1]1}.{conv_in[[]—Blio.i1]]}]

sequence
filter, filter; filter,
[Soe@N—GEN] - [SiGE)N— (D]

[{conv_out[[]— Clio.i1]1}]
H{So(i) = (@)-$1G )= ()8 o)~ (i)} ]
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\

filter;: [ {So(7,.6):50<i< 99N\ 0=<<<99N\0<k<99;
S1(j.K):50<i<99/\ 0= =<99N\0=k<99:}]

extension: {[[]— A@)]—low_A(ij):[[1=B(G)—low_B(ij)}

|

[{So(Ef) = @) $1GE) = () S )~ (8.0} ]

sequence
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/ N
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Fig. 7 Scheduling tree after conversion
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B VR A5 4 6 B e 11 S AR A an 1R 8 BT

float low_A[1024][1024];
float low_B[1024][1024];
// low

// amp_kernel

f
il

for (int c0=0; c0 <=511;c0+=1)
for (intcl =0:¢cl <=1023;cl +=1)
for (int 2 =0; ¢2 <= 1023; c2 +=1)
C[cO0][c1] = C[cO][c1] + A[cO][c2] * B[c2][c1]:
for (int c0 = 512; c0 <=1023; c0 += 1)
for (intcl =0;¢cl <=1023;cl +=1)
low_A[cO0][c1] = (float)A[cO][c1]:
for (int 0 = 0; c0 <= 1023; c0 += 1)
for (intcl =0;cl <=1023;cl +=1)
low_B[c0][c1] = (float)B[cO0][c1];
for (int c0 =512; ¢0 <=1023;¢c0 += 1)
for (intcl =0;cl <=1023;cl +=1)
for (int ¢2 =0; ¢2 <=1023;¢c2+=1)
C[c0][c1] = (C[cO][c1] + (low_A[cO][c2] * low_B[c2][c1])):

[ 8 B ofe B ARG B T B AR A A 0 B
Fig. 8 Code core segment of matrix multiplication mixed precision

calculation
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Table 1 Test platform information
type X86 platform
CPU Intel(R) Core(TM) i7-9700K CPU
Compiler GCC9.4.0
1cC -00
PPCG 0.08.1
PPCG —-target=c
OS Ubuntu 20.04.4 LTS
TAFFO TAFFO V0.3.0
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5 TAFFO H b, PR8I0 L B3 T T 4. 63 %,

[ double
1 AGMMMPC
[ basic-mix
[ AMPO-SC
\:TAFFO
15
x i
)
B
il MH \ﬂwﬂﬂ il
i 5 > x‘L A B P A
RACs *"“‘f%»e*t S N
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Fig. 9 Acceleration ratios for different test sizes
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[ double
104 ] mix
[ 1 change
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100 == == 2= A= A
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Fig. 10 Matrix performance at the scale of 128 * 128 * 128
[ double
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Fig. 11 Matrix performance at the scale of 256 * 128 % 128 scale
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Fig. 12 Matrix performance at the scale of 256 % 256 * 128
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Fig. 13 Matrix performance at the scale of 256 * 256 * 256
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Fig. 14 Matrix performance at the scale of 512 * 256 * 256
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Fig. 15 Matrix performance at the scale of 512 * 512 * 256
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Fig. 19 Matrix performance at the scale of 1024 * 1024 * 1024
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Fig. 22 Matrix performance at the scale of 1023 * 1023 * 1023
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Table 2 Accuracy comparison test

Matrix size Basic-mix AMAO AGMMMPC AMPO-SC TAFFO

128 x 128 % 128 9.35x10 ¢ 6.668x10 ' 9.201x10 ! 2.36Xx10 ! 2.41Xx10 4

256 * 128 » 128 9.61x10 ¢ 8.776x10 10 9.201x10 1 2.36Xx10 ! 2.42X1074

256 % 256 x 128 9.74x10" 1 8.411x10° ' 9.581x10 1 2.23%x10 ! 2.43X1074

255 * 255 * 255 6.77x10 ¢ 5.606x10 1° 6.628x10 1© 2.25%X10 ! 4.87x104

256 * 256 * 256 6.72x10 1° 6.191x10 1© 6.60x10 17 2.23X10 ! 4.87X10 4

512 % 256 * 256 6.82x10 !¢ 5.936x10 1° 6.661x10 '© 2.24X10 ! 4.88X104

512 % 512 256 4.80 X107 10 5.961x10 1° 6.770x10 10 2.12x10 ! 4.88X104

511 %511 %511 4.83 x10° 10 4.228x10 10 4.759x10 10 2.37Xx10 ! 9.76 X104

512 %512 %512 1.80 X101 4.228x10 10 4,767 10 10 2.24x10 ! 9.76X10 4

1024 %512 % 512 1.83 X107 10 4.217x10 10 4.781x10 10 2.37Xx10 ! 9.76 X104
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1023%1023%1023 4,85 x10 ' 3.360 x10 '*  4.805x10 '° 2.13%x10 ! 9.56x10*
1024 %1024%1024 3,36 xX10 1° 3.006x10 1 3.336x10 1° 2.37X10 ! 1.95%x10 3
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