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Balance: computation vs. communication

100

Sustained (streaming)
Memory Bandwidth is falling
behind Peak FLOPS rates,
but every other kind of
memory access is falling
behind even faster....

1990 1995 2000 2005 2010 2015 2020

Trends in the relative performance of floating-point arithmetic and several classes of data
access for select HPC servers over the past 25 years. Source: John McCalpin



<ANVIDIA.

FP64 34 teraFLOPS
FP64 Tensor Core 67 teraFLOPS
FP32 67 teraFLOPS
TF32 Tensor Core 989 teraFLOPS*
e oATIGensor 1,979 teraFLOPS:
Core

FP16 Tensor Core 1,979 teraFLOPS:
FP8 Tensor Core 3,958 teraFLOPS:
INT8 Tensor Core 3,958 TOPS:
GPU memory 80GB
g::dwgt“:’y 335TB/s

: ’ 2X
14x
14x
2X

3

AMDR1 TUT
PERFORMANCE MI250
Compute Units 208CU
Stream Processors 13,312

Peak FP64/FP32 Vector 45.3 TFLOPS

Peak FP64/FP32 Matrix 90.5 TFLOPS 2x 4
Peak FP16/BF16 362.1 TFLOPS y
Peak INT4/INT8 3621 TOPS

MEMORY

Memory Size 128GB HBM2e

Memory Interface 8,192 bits

Memory Clock 1.6GHz

Memory Bandwidth

up to 3.2TB/sec?

* (Dense) Matrix Performance >> Vector Operation Performance
* Low Precision Performance >> High Precision Performance
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Compute Performance [GFLOP / s]

Matrix fp64
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Linear System Ax=b with cond(A) = 10’
( apache2 from SuiteSparse ) NVIDIA V100 GPU

Double precision GMRES

Initial residual norm Relative residual ~1012

sqrt(r™t r): 9670.36
Final residual norm
sqrt(r*T r): 9.6639%e-09

T

Single precision GMRES
Initial residual norm
sqrt(r™t r): 9670.36
Final residual norm
sqrt(r*T r): 0.00175464
GMRES iteration count:
GMRES execution time:

Relative resi

25000
27376 ms

dual ~1077

~2x faster!

GMRES iteration count: 23271
GMRES execution time: 43801 ms
104 ]
g —k— DP-GMRES
©
.'5 1072 4
o
2 1075 A
=
(I) 20I00 40I00 GOIOO 80I00 10(I)00
Iteration

forward error = ( unit round-off ) * (linear system’s condition number)

N. Higham: Accuracy and stability of numerical algorithms. SIAM, 2002.
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Compute Performance [GFLOP / s]
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103 -

ory-bound operations
(sparse linear algebra)

data access in low precision
Biaster access X
ecover high precision algorithmically

A

Ne leave a lot compute power unused

Ne may convert data to high precision and
compute in high precision without performance loss

.ol
Compute-bound operat'ib';'
(dense linear alg

® run arithmetic in low pr
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Traditionally, we use a strong coupling between the precision
formats used for arithmetic operations and storing data.

Maybe this is not the right thing?

We should compute in fp64

Lossless Compression
* Huffman encoding
* 1277,1278

= .

Maybe we should use the free compute cycles (vector/tensor

cores) to compress the data

Compression / Conversion needs to happen on-the-fly

explicit

(on-the-fly) implicit

Arithmetic Operations
IEEE 754 DP
Lossy Compression

* Low precision
Memory Accessor | >

s ZFP,SZ, ..
Compressed Data
Memory Operations
Compute Output
Register Global Memory

AHp ———!App -~
E - :
O 'YDP — Ysp
: ]

Xpp [—————Xpp
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Arithmetic Operations

IEEE 754 DP
Traditionally, we use a strong coupling between the precision “T,t’f’;‘m:":f"::;::: = h Losmmre:::‘ﬂon
formats used for arithmetic operations and storing data. D e cmoty Scceok.. ;::tcsa;n formats
Maybe this is not the right thing? Compressed Data
We should compute in fp64 Mer . ™
Maybe we should use the free compute cycles (vector/tensor 30
cores) to compress the data AP LA S
Compression / Conversion needs to happen on-the-fly

Input ; Compute . Output

Global Memory Register Global Memory

explicit

(on-the-fly) implicit
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Linear System Ax=b with cond(A) = 10’
( apache2 from SuiteSparse ) NVIDIA V100 GPU

Double precision GMRES

Initial residual norm Relative residual ~1012

sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 9.6639%e-09
GMRES iteration count: 23271

GMRES execution time: 43801 ms

T

Single precision GMRES
Initial residual norm Relative residual ~107
sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 0.00175464

GMRES iteration count: 25000
GMRES execution time: 27376 ms

~2x faster!

104 N
g —4— DP-GMRES
©
.'5 1072 A
(9]
g
2 1075 A
=

0 2000 4000 6000 8000 10000
Iteration

forward error = ( unit round-off ) * (linear system’s condition number)

N. Higham: Accuracy and stability of numerical algorithms. SIAM, 2002.
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¥ MGS-GMRES<fp64,fp64>

GMRES<fp64,fp64>
_ GMRES<fp64,ip32>
Compressed Basis (CB-) GMRES GMRES<fp64,fp16>
L . . . {) GMRES<fn64
* Use double precision in all arithmetic operations; ~ GMRES
» Store Krylov basis vectors in lower precision;
* Search directions are no longer DP-orthogonal; arithmetic precision memory precision
* Hessenberg system maps solution to “perturbed” 1007
Krylov subspace;
* Additional iterations may be needed; £
* Aslong as the loss-of-orthogonality is moderate, 2 105k
we should see moderate convergence degradation; g
8
°
1010t
o
£
o
Z
10-15 I | ]
0 500 1000 1500

Iteration number
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Linear System Ax=b with cond(A) = 10’
( apache2 from SuiteSparse ) NVIDIA V100 GPU

Double precision GMRES

Initial residual norm Relative residual ~1012

sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 9.6639%e-09
GMRES iteration count: 23271

GMRES execution time: 43801 ms

T

Single precision GMRES
Initial residual norm Relative residual ~107
sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 0.00175464

GMRES iteration count: 25000
GMRES execution time: 27376 ms

~2x faster!

104 N
g —4— DP-GMRES
©
.'5 1072 A
(9]
g
2 1075 A
=

0 2000 4000 6000 8000 10000
Iteration

forward error = ( unit round-off ) * (linear system’s condition number)

N. Higham: Accuracy and stability of numerical algorithms. SIAM, 2002.
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Linear System Ax=b with cond(A) = 10’
( apache2 from SuiteSparse ) NVIDIA V100 GPU

Double precision GMRES

Initial residual norm Relative residual ~1012

sqrt(r™t r): 9670.36
Final residual norm
sqrt(r*T r): 9.6639%e-09
GMRES iteration count
GMRES execution time:

Single precision GMRES
Initial residual norm Relative residual ~107
sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 0.0017546
GMRES iteration counft:
GMRES execution time

N——

Compressed Basis GMRES
Initial residual norm
sqrt(r™t r): 9670.36

Final residual norm

sqrt(r*T r): 9.6591e-09
GMRES iteration count
GMRES execution time:

Relative resiJuaI ~1012

Accuracy of DP GMRES
Performance similar to SP GMRES

17



NVIDIA V100 GPU

GMRES<fp64,fp64>
O GMRES<fp32,fp32>
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CB-GMRES using 32-bit storage
preserves DP accuracy
(SP-GMRES does not)

Normalized residual norm

GMRES<fp64,fp64>
O GMRES<fp32,fp32>
GMRES<fp64,fp32>

T

NVIDIA V100 GPU

GMRES<fp64,fp16>
r {) GMRES<ip64,int32> T -
107° - — GMRES<ip64,int16> A T -+
f A s bcd:
L0000009080060006044545,HR00 6000090 00REEC00000000
I L _e
T AS A < © A Q ¢ o
A T i A il
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O GMRES<fp32,fp32>

NVIDIA V100 GPU
GMRES<fp64,fp32>
GMRES<fp64,fp16>
r {) GMRES<ip64,int32> T -
g 10°F — GMRES<ip64,int16> A T -+
S " A e
= F000000©9080066800860455455R00 00000%o0 00R@EC00000000
CB-GMRES using 32-bit storage 3 0 N o o I %% ¢ 9§
[} r e - i
preserves DP accuracy o 10-10 75ﬂAAAA%Av %v @_ Ay D A 6l o4 L
(SP-GMRES does not) E 00000V o o AT — 5 a2
R GO 00 Dese ¢ 00 #v & 0 & A OBN
2 e e
25 —
A
Speedups problem-dependent ol + A
A
A v
Speedup @1.4x (for restart 100 58
peedup 014 S+ TS g 9 2398%8.5077. 5 vEox53%5
% $ETTBYBIBRYFIBETS o 9BBY g oI T AR A ARS SASRR AR
16-bit storage mostly inefficient Se A oo © a
Qwn 1 A +
&L ae***%***%****%*%*g;é A* 4 % « * X % % *****gi*%%****ﬁ
G o5 -
A LB T
== Ginkgo T ¥ A
AIiagaJI, Anzt H, GrUtzmacherT, Quintana— 0 e B ; [ ; T T ‘\\ | \‘\ [ \e) I N I |
: : ! . N .
8l\r;I|REESS' Zgrﬁiash_AE. rCfompressed baﬁys @g}g}ol\o}o}o;&\:‘\%\%%%\%%\%&Q&&% oégo&obi o %Q%o%b\;; & §j§%<o®;) @?9‘5?@@\@"\\9?@2 o /’:boobzq‘oo@\@@é & S5 A‘ZQC’(\
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High Performance Computing Applications. @ %&’ &
2022;0(0). doi:10.1177/10943420221115140 Matrices
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Mixed Precision Multigrid

smoothing
The Multigrid
V-cycle
Finest Grid prolongation
\ restriction (interpolation)

Note:
smaller grid

First Coarse Grid

high precision

low precision

fine matrix F from A

fine level
~ 3 ,1

Restriction R M
N\

.
G

7’
coarse matrix C ,’  Prolongation P

coarse level

F from previous C

4 next MultigridLevel
\A IY

.
¢+ continue

A/;ike Tséi
Ms3
Linear Solvers in Large Distributed
Applications - Part | of Il

T

MultigridLevel

Stephen F. McCormick, Joseph Benzaken, Rasmus Tamstorf: Algebraic error analysis for mixed-precision multigrid solvers, https://arxiv.org/abs/2007.06614



https://arxiv.org/abs/2007.06614

smoothing
The Multigrid
V-cycle
Finest Grid prolongation
\ restriction (interpolation)
L] low precision
\ Il
\ 7
A 4
Note: S
smaller grid N
N7
|__First Coarse Grid _| |j

== Ginkgo

high precision

Restriction R

multigrid::build ()
.with_max_levels(10u) // equal to NVIDIA/AMGX 11 max levels
.with_min_coarse_row (64u)
.with_pre_smoother (sm, sm_f)
.with_mg_level (pgm, pgm_f)
.with_level_selector(

[J(const size_type level, const LinOp*) -> size_type {
// Only the first level is generated by MultigridLevel(double).
// The subsequent levels are generated by MultigridLevel (float)
return level >= 1 7 1 : 0;

b

.with_coarest_solver(coarest_solver_f)

fine matrix F from A

fine level

Y
’
., coarsematixC ,’ Prolongation P
M

coarse level

F from previous C

N\A P 4

.
¢+ continue

-

next MultigridLevel

T

MultigridLevel

22



smoothing
—_—

The Multigrid
V-cycle

Finest Grid

prolongation
(interpolation)

Note:
smaller grid

First Coarse Grid

== Ginkgo

1| multigrid::build ()

2 .with_max_levels(10u) // equal to NVIDIA/AMGX 11 max levels

3 .with_min_coarse_row (64u)

4 .with_pre_smoother (sm, sm_f)

5 .with_mg_level(pgm, pgm_f)

6 .with_level_selector(

/4 [1(const size_type level, const LinOp*) -> size_type {

8 // Only the first level is generated by MultigridLevel(double).
9 // The subsequent levels are generated by MultigridLevel (float)

10 return level >= 1 7 1 : 0;
11 »
12 .with_coarest_solver(coarest_solver_f)

high precision

Restriction R N

low precision

ms per iteration

ms per iteration

fine matrix F from A

fine level
~
K A - MultigridLevel

7’
. coarse matrix C ,*  Prolongation P

- - ——- ’

coarse level

F from previous C
& next MultigridLevel
\A ;'

-——---

.
¢+ continue

I NVIDIA AmgX (DP)

M AMG (DP)

1 AMG (MP)

02-13 033 -04-13
MFEM beam with different setting
M AMG (DP)

-03-14

I NVIDIA AmgX (DP) Il AMG (MP)

-03-7

-03-18
MFEM L-shape with different setting

-04-18 -04-17

23



smoothing
—_—

The Multigrid
V-cycle

Finest Grid

prolongation
(interpolation)

Note:
smaller grid

First Coarse Grid

== Ginkgo

] » fine matrix F from A )
high precision = o= £ S
fine level
~ '1 .« e
N . - MultigridLevel
o %
Restriction R~ o coarsematixC < Prolongation P
- = e - ’
coarse level ;
o F from previous C
low precision next MultigridLevel

\\A 4

-——---

.
¢+ continue

I NVIDIA AmgX (DP)

M AMG (DP)

1 AMG (MP)

1| multigrid::build ()

2 .with_max_levels(10u) // equal to NVIDIA/AMGX 11 max levels
3 .with_min_coarse_row (64u)

4 .with_pre_smoother (sm, sm_f)

5 .with_mg_level(pgm, pgm_f)

6 .with_level_selector(

/4 [1(const size_type level, const LinOp*) -> size_type {
8

// Only the first level is generated by MultigridLevel(double).

ms per iteration
>

02-13 033 -04-13 -03-14
MFEM beam with different setting
M AMG (DP)

Mike Tsai

W NVIDIA AmgX (DP) .
Natalie Beams

9 // The subsequent levels are generated by MultigridLevel (float) %10'5
i(l) - return level >= 1 ? 1 : 0; g, YHM Tsai, N Beams, H Anzt
2 . .. . . .
12 .with_coarest_solver (coarest_solver_f) 2 .. Mixed Precision Algebraic Multigrid on GPUs

International Conference on Parallel Processing
and Applied Mathematics, 113-125, 2022
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DP-SP-HP

double

single

half

half
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double
single
half
half
GINKGO’s AMG (DP) GINKGO’s AMG (DP-SP) GINKGO’s AMG (DP-SP-HP) | Ginkco’s AMG (DP-HP)
problem res. norm #iter time[ms] | res. norm #iter time[ms] |res. norm #iter time[ms] |res. norm #iter time[ms]
2cubes 6.56e-09 20 14.62 6.56e-09 20 12.91 | | NalN 800 493.44 NalN 800 485.06 |
cagel3 3.68e-10 11 15.49 3.68e-10 11 14.09 4.24e-10 11 14.18 6.15e-10 15 17.79
cagel4 3.41e-10 10 32.98 3.41e-10 10 29.80 3.73e-10 10 29.04 7.02e-10 13 35.15
offshore 1203.64 800 770.56 1533.85 800 688.64 NaN 800 706.05 NalN 800 671.65
thermal2 2.18e-06 349 489.08 2.38e-06 425 536.09 NaN 800 952.22 NalN 800 919.08
tmt__sym 6.95e-05 359 371.70 7.41e-05 401 379.21 NaN 800 703.40 NaN 800 684.14
beam(0313) 3.05e-15 44 43.65 3.05e-15 44 40.89 5.53e-15 86 80.72 7.27e-15 127 117.62
l-shape(0317) 4.64e-14 160 195.31 4.78e-14 171 191.62 3.74e-11 800 869.77 | 2.19e-07 800 868.83

26



implicit

AHP

Input

vector matrix

DP-SP DP-SP-HP
double double
Compute Output B
:—Ao-p‘ _ single single
- ::|—’:YDP Ysp -
' XpP -
- single ] half

single O half

(a) fp32: Single-precision IEEE Floating Point Format

Exponent: 8 bits . Mantissa (Significand): 23 bits

Range: ~1e™3® to ~3e™

nEEEEEEEEMMMMMMMMMMMMM“HIHHHHHHM

(b) fp16: Half-precision IEEE Floating Point Format

.Exponent; Sbits _ . Mantissa (Significand); 10 bits
Eszesuuuuuuuuuu

(c) bfloat16: Brain Floating Point Format

Exponent: 8 bits Mantissa (Significand): 7 bits
'eeeeeeeeuuuuuuu

Range: ~5.96e°® to 65504

Range: ~1e % to ~3e*

27



vector matrix
DP-SP DP-SP-HP m
double double
single single
single ] half
single 0O half
GINKGO’s AMG (DP-SP-HP) | GINkGO’s AMG (DP-HP) JINKGO’s AMG (DP-SP-BF) iINKCGO’s AMG (DP-BF)
problem res. norm #iter time[ms] | res. norm #iter time[ms] | res. norm #iter time[ms] |res. norm #iter time[ms]
2cubes | NaN 800 493.44 NaN 800 485.06 6.70c-09 20 13.53 1.15¢-08 20 13.31 |
cagel3 4.24e-10 11 14.18 6.15e-10 15 17.79 3.67e-10 11 13.88 3.71e-10 11 13.76
cagel4 3.73c-10 10 29.04 7.02¢-10 13 35.15 3.40¢-10 10 29.46 3.42¢-10 10 27.60
offshore NaN 800 706.05 NaN 800 671.65 1416.76 800 713.00 2045.25 800 692.75
thermal2 NaN 800 952.22 NaN 800 919.08 2.80e-06 597 730.73 2.92¢-06 635 723.24
tmt__sym NaN 800 703.4 NalN 800 684.14 9.59e-05 649 593.51 9.87e-05 754 665.21
beam(0313) 5.53e-15 86 80.72 7.27e-15 127 117.62 3.15e-15 14 42.90 3.29e-15 14 42.99
l-shape(0317) 3.74e-11 800 869.77 | 2.19e-07 800 868.83 | 5.0le-14 186 203.06 | 5.10e-14 192 208.69
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Natalie Beams

== Ginkgo

YHM Tsai, N Beams, H Anzt

Three-precision algebraic multigrid on

vector
DP-SP

double

single

GPUs Future Generation Computer
Systems 149, 280-293, 2023.

single

single

0

matrix

DP-SP-HP

double

single

half

half

JINKGO’s AMG (DP-SP-HP)

;INKGO’s AMG (DP-HP)

GINKGO’s AMG (DP-SP-BF)

iINKCGO’s AMG (DP-BF)

problem res. norm #iter time[ms] | res. norm #iter time[ms] | res. norm #iter time[ms] |res. norm #iter time[ms]
2cubes | NaN 800 493.44 NaN 800 485.06 6.70¢-09 20 13.53 1.15¢-08 20 13.31 |
cagel3 4.24e-10 11 14.18 6.15e-10 15 17.79 3.67e-10 11 13.88 3.71e-10 11 13.76
cagel4 3.73¢-10 10 29.04 7.02¢-10 13 35.15 3.40¢-10 10 29.46 3.42¢-10 10 27.60
offshore NaN 800 706.05 NaN 800 671.65 1416.76 800 713.00 2045.25 800 692.75
thermal2 NaN 800 952.22 NaN 800 919.08 2.80e-06 597 730.73 2.92¢-06 635 723.24
tmt__sym NalN 800 703.4 NalN 800 684.14 9.59e-05 649 593.51 9.87e-05 754 665.21
beam(0313) 5.53e-15 86 80.72 | 7.27e-15 127 117.62 | 3.15e-15 11 42.90 | 3.29e-15 14 42.99
l-shape(0317) | 3.7T4e-11 800 869.77 2.19e-07 800 868.83 5.01e-14 186 203.06 5.10e-14 192 208.69 |
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Mixed Precision Preconditioning

Preconditioning iterative solvers

Block-Jacobi preconditioner is based on block-diagonal scaling: P = diagp(A)

Why should we store the preconditioner matrix P “Lin full (high) precision?

Use the accessor to store the inverted diagonal blocks in lower precision.

Idea: Approximate inverse of system matrix to make the system “easier to solve”: Plx~At

andsolve Ax =05

& P lAz=P %

Each block corresponds to one (small) linear system.

Larger blocks typically improve convergence.

Larger blocks make block-Jacobi more expensive.

Be careful to preserve the regularity of each inverted diagonal block!

s Az =0 .

1T
BEmE
Processing Units

|EEE 754 DP

Lossless Compression
* Huffman encoding .
o s Data Accessor | ovPrection
. IS,

Compressed Data
MemoryOperations
Memory

-
T ;

Lossy Compression

Custom formats

30



T

\_

Choose how much accuracy of the preconditioner
should be preserved in the selection of the storage format.

All computations use double precision,
but store blocks in lower precision.

Invert the diagonal block
using Gauss-Jordan elimination.

Compute condition number
and exponent range.

Select storage format:

16-bit  fps1o=> fpg7 == fp114
N 4

32-bit fps23 = fp1120
N

64-bit fp11s2

+ Regularity preserved;
+ Flexibility in the accuracy;
+ ”Not a low precision preconditioner”
+ Preconditioner is a constant operator;

+ No flexible Krylov solver needed ;

Overhead of the precision detection

(condition number calculation);

Overhead from storing precision information

(need to additionally store/retrieve flag);

Speedups / preconditioner quality problem-dependent;

31
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100

Block distribution

B couole NN single NN et NN 1120 NN 114 m
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I terations (adaptive) [Jl] Time (adaptive) [} CG converged? |} CG + Jacobi converged? [ CG + adaptive Jacobi converge

iRt iiiiiiiiiiitiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiinii

NVIDIA A100 GPU
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Can mixed precision accelerate Sparse Solvers? T|_|T|
— Yes, but we have to work harder...

Esew
LR B B
Arithmetic Operations
IEEE 754 DP
Lossless Compression Lossy Compression
* Huffman encoding * Low precision
. 77,1278 Memory Accessor _ et

SR ST

Compressed Data

Memory Operations

Full precision
product

A IEEE © o

Sum with
FP32
accumulator

NVIDIA Tensor Core operation.

The performance is limited by the bandwidth

Hardware increasingly features powerful matrix
engines

We should use these "free” FLOP/s

One strategy is to use lossy/lossless data
compression for memory operations and
communication

We need efficient need on-chip data compression
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We have no standard for sparse operations

cuSPARSE, rocSPARSE, oneAPI, PETSc, Trilinos...
all have different interfaces & functionality

We try to define an interface that allows for horizontal
and vertical compatibility:

» Useful as building blocks for high-level algorithms
* Vendors can wrap their current interface

* Horizontal: bindings for Fortran, C, ...

SparseBLAS workshop

https://icl.utk.edu/workshops/sparseblas2023/index.html

Next week:
https://icl.utk.edu/workshops/sparseblas2024/index.html

Want to participate in the discussion
—reach out hanzt@icl.utk.edu

Iy Hartwig Anzt - Sie vee

: ® Director of the Innovative Computing Laboratory (ICL) an...
1 Woche - @

Three days of good talks, discussions, and prototyping are over: Thank you for
the sparseBLAS workshop held at the Innovative Computing Laboratory (ICL)
of the Tickle College of Engineering at the University of Tennessee. Together
with experts from Intel Corporation, NVIDIA, AMD, Arm, MathWorks, University
of California, Berkeley, Intel Labs, Computing at ORNL, Karlsruher Institut fur
Technologie (KIT), RIKEN, Lawrence Livermore National Laboratory, Sandia
National Laboratories, and Massachusetts Institute of Technology, we worked
on defining a common understanding and interface design for sparse linear
algebra functionality.

T
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== Ginkgo

Ginkgo Is a C++ framework for sparse numerical Unear algebra. Using a universal inear operator
abstraction, Ginkgo provides basic building blocks such as the sparse matrlx vector product for a
wvarlety of matrix formats, iterative solvers, and preconditioners. Ginkgo targets multi- and
many-core systems, and currently features back-ends for AMD GPUs, ln«l CPU/GPUS, NVIDIA GPUs,
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Memory Accessor for NVIDIA A100 GPU

Compute Performance [GFLOP / s]

104 .

103 -

BERL.

/

Access‘E<fp64:‘fp32>
fp64
fp32

Peak fp64 performance
Peak fp32 performance

100

10 102
Arithmetic Intensity [FLOP / Value]

103

Lossless Compression
* Huffman encoding
* 1277,1278

T

Arithmetic Operations

IEEE 754 DP

Lossy Compression
* Low precision

Memory Accessor sisaall
o ZFP,SZ, ...

Compressed Data

Memory Operations

T. Gritzmacher
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