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» More efficient exponent code
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» Design Approach
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> Generalized Minimal Residual (GMRES) method
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» SuiteSparse Matrix Collection
» Subset of 295 square, full rank matrices with less than 10* non-zero entries
» Custom metadata postprocessing and packing
Procedure for each matrix A and type T
1. Generate random b such that ||b||, = 1 (seeded Xoshiro PRNG)
2. Solve system Ax = b in float128 using custom sparse QR solver
3. Convert (A, b) to T, yielding (A, b)
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Sort all errors to obtain cumulative error distribution

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



LU (1/2)

8 and 16 bits
Ow |- Ow |+
04 |- 00 |-
10
70 |-
—_
=
<)
.
=
3 float8 float16
2 50 - takum8 51 takum16 i
_"r'u' ........... it8 | [ ] positl6
L — - —-bfloat16
=
=
)
K 30
0
10 /
0 1
5 o
-10 & i i i - | | |

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



LU (2/2)

32 and 64 bits

0Oy
5
—
=
<]
=
] 0
[}
2
5
°
0]
[
=
o
E
g
= -5
-10

—— float32
takum32 -5

----------- posit32

0%

Laslo Hunhold, James Quinlan

-10

-15

-20

—— float64
| takum64 —
----------- posit64

25% 50% 75% 100% 0% 25% 50% 75% 100%

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

10



QR (1/2)

8 and 16 bits

Ow

[eero]

30

20

logyq(relative error)

10

5

0
-5
| | | | |

Ow -

1

1

- Qg |- \'
1

1

1

1

1

| |
30 - I

I

—— float16 :

takum16 :
. 20 || e positi6 i
———-Dbfloatl6 :

|

|

|

] 10

0%

Laslo Hunhold, James Quinlan

25%

50% 75% 100% 0% 25% 50% 75%

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

100%

11



QR (2/2)

32 and 64 bits

] ] ] ]
OOw float32 — float64
5 takum32 N 0 takum64 —
----------- posit32 e pOSit64
b3 0
[%
2
)
@
o -10
!
&
2 -5
or | | | ] 20 | | | |
0% 25% 50% 75% 100% 0% 25% 50% 75%

Laslo Hunhold, James Qu

inlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

100%

12



MPIR (1/2)

(L, W, H) = (8,16,32) and (L, W, H) = (16, 16, 32), relative tolerance 10~3 and 1073

I I I I I
Qg Qg (| —— float
takum
........... posit
Ow Ow -
—
)
c
3
v 2 = 2 g
c = = = -
© - ] - H
+ - — - -
©
© - i - |
2
£ 1 E 1 B
= = E = |
S = E = E
% - , - ]
9 i ] i ‘J !J:
0 — 0 —
—0o0 — —00 —
| | | | | |

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



MPIR (2/2)

(L, W, H) = (16,32,32) and (L, W, H) = (16,32, 64), relative tolerance 1076 and 10~°

Qg (| —— float - Qg || —— float
takum takum
........... posit weees pOSIt
00y |- :i O |- o
2 2

log(iteration count)

|
o

| | | | | |
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



GMRES (1/2)

8 and 16 bits, restart value 20, relative tolerance \/ef10ats and y/Eficatie

T ]
oo |- Q0w float16
takum16
........... positi1é
Al 4 ———-bfloat16
—
o
c
3
o
o
c
.9
B 2 2
=
[
e
N
o
=
a0
o
0 0
| | ‘ : : ‘

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

15



GMRES (2/2)

32 and 64 bits, restart value 20, relative tolerance y/€f1cat32 and \/Eficatea

] ] ] ]
OOw float32 — Ow float64 —
takum32 takum64
----------- posit32 e pOSit64
4 . 41 :
=
c
3
o
o
c
o
._g ol
£
!
a0
o
0
—0o0
| | | | | |
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

16



Conclusion

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

17



Conclusion

Summary of Results

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

17



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

17



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse

» Posits and takums overall superior than IEEE 754 floats

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

17



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse

» Posits and takums overall superior than IEEE 754 floats

> takuml6 always better than bfloat16 (unlike posit16)

Laslo Hunhold, James Quinlan

Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers

17



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse
» Posits and takums overall superior than IEEE 754 floats

> takuml6 always better than bfloat16 (unlike posit16)
| 2

Takums significantly outperform posits in some benchmarks, especially GMRES
(against intuition)

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



Conclusion

Summary of Results
» bfloat16 overall better than float16, but sometimes worse
» Posits and takums overall superior than IEEE 754 floats
> takuml6 always better than bfloat16 (unlike posit16)
| 4

Takums significantly outperform posits in some benchmarks, especially GMRES
(against intuition)

Discussion

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse
» Posits and takums overall superior than IEEE 754 floats

> takuml6 always better than bfloat16 (unlike posit16)
| 2

Takums significantly outperform posits in some benchmarks, especially GMRES
(against intuition)

Discussion

» bfloatl6 is a better general-purpose format than float16

Laslo Hunhold, James Quinlan Evaluation of Bfloat16, Posit, and Takum Arithmetics in Sparse Linear Solvers



Conclusion

Summary of Results

» bfloat16 overall better than float16, but sometimes worse
» Posits and takums overall superior than IEEE 754 floats

> takuml6 always better than bfloat16 (unlike posit16)
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Takums significantly outperform posits in some benchmarks, especially GMRES
(against intuition)

Discussion
» bfloatl6 is a better general-purpose format than float16

> Posits have some shortcomings (precision loss further from 1, limited dynamic
range), but overall better than IEEE 754 floats

» Takums suggest new mixed-precision workflow: Reducing n only affects
precision, not dynamic range
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