Lk
|
— S WESTFALISCHE
WILHELMS-UNIVERSITAT
——————— OV e

MLIR

Using MLIR
for Multi-Dimensional Homomorphisms

Ari Rasch, Richard Schulze, Sergei Gorlatch

University of Mlnster, Germany




A\ Please Notice AA

This talk will be on a quite high level:

we have no technical contribution so far;

we have a vision/idea about how our MDH approach could look like in
MLIR;

we want to first discuss and asses with you guys how useful such an
integration could potentially be from your point of view.



Our Background

We are the developers of the MDH approach:

Generic Executable Different y
roqaram code architectures & input/output

program code prog characteristics
Hig h-l e ve’ S i ﬁ_z -ny
program abstraction ; | 3}\ \“/\QD . ‘

nd_hon( f, (®1,..., @) —> — : — . &
A A : A
Generation Optimization Executlon A’
[PACT’19, IJPP’18] [TACO’20, CCPE’18, HPCC’17] [JOS’19, ICPADS’18] ‘ \

* Multi-Dimensional Homomorphisms (MDHs) are formally defined to cover data-parallel computations:
linear algebra routines (BLAS), stencils computations, ...

* We enable conveniently implementing MDHSs by providing a high-level DSL for them.

* We provide a DSL compiler that automatically generates auto-tunable low-level code (OpenCL, CUDA,
OpenMP, ...) for MDHSs;

* Qur generated code is fully automatically optimizable (auto-tunable) — for any particular combination of a
target architecture and/or input/output characteristics — by being generated as targeted to an abstract
machine model and as parametrized in all these abstract model’s performance-critical parameters. 3



Stencils

CPU Gaussian (2D)| Jacobi (3D)
RW | PC | RW | PC

| wuft[21 [[4.90] 5.96 | 1.94 | 2.49 |
MKL-DNN || 6.99 [14.31| N/A | N/A
GPU Gaussian (2D)| Jacobi (3D)
RW | PC | RW | PC

Lift [2] 2.33 | 1.09 | 1.14 | 1.02
cuDNN || 3.78 |19.11| N/A | N/A
[2] Hagedorn et. al, "High

Performance Stencil

Code

Generation with LIFT.”, CGO’18
(Best Paper Award).

Experimental Results

Data Mining

Probabilistic Record Linkage
CPU 27 | 216 | 217 | 218 | 219 | 220
|exr[s]|| 187 | 206 | 498 | 138 | 2834 | 3936

[5] Forchhammer et al. “Duplicate Detection on GPUs.”, HFSL’13.

often better performance than

: well-performing competltors [1] :

[1] Rasch Schulze Gorlatch "Generatlng Portable ngh Performance Code via Multl—
Dimensional Homomorphisms.”, PACT 19

Tensor Contractions

GPU

Tensor Contractions

RW1 | Rw2 | Rw3 | Rw4 | RW5 | RW6 | RW7 | RWS | RW Y

| cogent (3] || 2.26 | 1.6 | 2.2 | 124 | 118 | 1.36 | 1.48 | 1.44 | 1.85 |

| F1Ca]

|| 119 | 2.00 [ 1.43 | 2.89 | 1.35 | 1.54 | 1.25 | 2.02 | 1.49 |

[3] Kim et. al. "A Code Generator for High-Performance Tensor

Contractions on GPUs.”, CGO’19.

[4] Vasilache et al.

"The Next 700 Accelerated Layers: From
Mathematical Expressions of Network Computation Graphs to
Accelerated GPU Kernels, Automatically.”, TACO’19.

Linear Algebra
GEMM GEMV
U Rw | pc | RW | PC
Lift [6] || fails | 3.04 | 1.51 | 1.99
MKL 4.22 | 0.74 | 1.05 | 0.87
i GEMM GEMV
RW | pc | RW | PC
Lift [6] || 4.33 | 1.17 | 3.52 | 2.98
cuBLAS || 2.91 | 0.83 | 1.03 | 1.00

[6] Steuwer et. al, "Lift: A
Functional Data-Parallel IR for
High-Performance GPU Code
Generation”, CGO’17.




Experimental Results

Our better results are because:

Lift

Relies on transformation rules which
require hand pruning (infinitely-large)
optimization space for exploration.

¢ We rely on a large

optimization space [1] — designed & optimized §
{ toward an arbitrary: MDH, architecture, and input/output '
characteristics — which we explore fully automatically via

EKR Java

Not auto-tunable for input size &
inefficient memory usage.

. Jadvanced auto-tuning mechanisms [2]. =~

Intel MKL/MKL-DNN &
NVIDIA cuBLAS/cuDNN

Tensor Comprehensions & COGENT

Optimized toward only average high performance
over different input/output characteristics.

Rely on smaller optimizations spaces and/or
no parallelization in summation dimensions.

[1] Rasch, Schulze, Gorlatch. "Generating Portable High-Performance Code via Multi-Dimensional Homomorphisms.”, PACT 19
[2] Rasch, Schulze, Steuwer, Gorlatch. “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via Auto-Tuning Framework ATF”, TACO’20
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Motivation — MDH in MLIR

The MDH approach aims at combining important advantages over related approaches:

/

Performance Portability Productivity
competitive to functional and performance ,
best available ~ — over architectures and l;asy O use
- solutions I input/output characteristics L expressive

However, our current implementation has weaknesses:

e Prototype implementation — technically inconvenient to use in praxis (e.g., for TensorFlow);
e Systematic code generation for particular models, but not over models;

e Implementation hard to maintain & extend - makes collaboration complicated.

- Let’s make it better in a new MLIR implementation!



MDH in MLIR — Our Vision

Overview:

Examples
‘Tenso rFlow I\ (pseudocode)

\\ /;
k - P ezt £ £ 00, conv2d (.. L)
V 2 d ‘ : :' \1{“ .A—,;m.».v - e /,
GEMM ‘ O H

High-Level .

Dialect

} shift compe,}i oy S 7 -
1 ~_.°We”.”9 her )

parallel_for<l=1,d=1>( .. )

MDH Implementation| o parallel_for<.>( .. )
(machine-agnostic) | @ t/*-*"

_MEM_REGION<1=1> float al .. 1;

Low-Level
Dialect

= sl ———————— — -
= — ——

\

\

\

A\
A\
\

y A ) \\ get_global_id( .. )
f/ GPU ) t get_global_id( .. )
S ol o B ae—— | 7
Dialect __local float al .. 1;

’f' Machine |
¥ Dialects }

~

red: implemented/provided by us

black: implemented/provided by user & community




MDH in MLIR — Our Vision

Dialects:

Level Requirements Example (pseudocode)

------------------------- % = s mEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEoEEE NN NN NN EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
] .

Given by the user (TensorFlow, etc). tf.nn.conv2d(...)

Agnostic from hardware & optimization details.

 md_hom( x, (++,++,+,+) )

Expressive enough to represent various kinds of data-parallel
computations.

Should capture — in a structured manner — all high-level
information relevant for generating efficient low-level code.

Optimizations expressible (parallelization, tiling, memory, etc). : parallel_for<l=1,d=1>( .. )
: parallel _for<.>( .. )

{ /% .. x/ }

Uniform for different machine dialects.

' Low-Level §
{ Dialect 3§ :
SUSRGURNRS B _MEM_REGION<1=1> float al .. ];

Provided by MLIR community (GPU, LLVM, etc). get_global_id( .. )
:  get_global_id( .. )

{ .}

§ Machine § :
§ Dialects ¥ :

__local float al .. 1; 8



MDH in MLIR — Our Vision

Lowering:

Level Requirements Example (pseudocode)

------------------------- % = s mEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEoEEE NN NN NN EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
] .

: tf.nn.conv2d(...)

\5; 5 shall be very easy for the programmer due tof :

| : md_hom( *, (++,++,+,+) )

t High-Level { :
{ Dialect j

any target combination of:

1) MDH, 2) device, 3) input/outputf; parallel for<l=1,d=1>( .. )
characteristics ) Y

parallel_for<.>( .. )
{ /% .. x/ }

' Low-Level §
t Dialect §

machine dialects can be easily targeted withf f;,_,x_

£ our approach

: get_global_id( .. )

ey . get_global_id( .. )
| Machine § : : 3 _i )

§ Dialects § :

~

__local float al .. 1; 9



MDH in MLIR — Our Vision

Workflow:
: mlir-opt GEMM.mlir
Run: : -MDH -V100
: —-I1S=10x500x64

-4 MDH DEV IS Config

GEMM V100 10x500x64 NT=10, T1S=5, ..

.;_ High-Level GEMM V100 * NT=16, TS=8, ..

§ Dialect } | GEMM % * NT=128, TS=4, ..
Generated & Extended

% MDH via Auto-Tunin

| Low-Level . Implementation &

Dialect

(= alternatively: analytical cost model, ML, ...)

straightforward +/

J s g > < SACTTE g s < SAETTEE g s < ° Sor— g SArTTEE g s ~ SAETT
Ay N _ S P S S ~ =

¥ Machine § GPU
§ Dialects § Dialect

10



Agenda

S T ET WT . eI Tl -." i Bt W
Lo o . . = q S >y oo

£1.WDH - Domain-Specific Language & Examples

. MDH in MLIR — The MDH High-Level Dialect

2 .~ . U R N s e I Vet et Al S e a I O 9 7

. MDH Code Generation & Optimization Approach

. MDH in MLIR — The MDH Low-Level Dialect

. Conclusion

High-Level
Dialect

Low—Level

Dialect
(rather briefly)

-~

11



MDH — Domain-Specific Language

The MDH representation (DSL) relies on three higher-order functions (a.k.a. patterns):

1. in view - prepares (domain-specific) input data
2. md hom - uniformly specifies computations

3. out view - prepares (domain-specific) output data

Example: MatMul » MatMul = out view( .. ) o md hom( .. ) o in view( .. )

1. in_view( A,B )( i,3,k )( A[iyK], B[ky3] )

input data accesses

matrices ~indices for
| input matrices
2. md_hom(/*, (++,++,%) )
' i = e 1 . sum in
3. out_view( C )( 1,J )( C[1,3]1 ) " multiply elements ( dimension k

, / -_ { in Aand B

- output |

‘ matrix  indices for ‘ acg:;ies - .

’ output matrix | . concatenate in

‘ dimensions i & j

-> Close to MLIR’s Linalg/Affine Dialects — we compare soon!

12



MDH — Examples

Popular computations as MDHSs:

Linear Algebra [1]

GEMM = md_hom( %, (++, ++, +) ) o in_view( A,B )( i,j,k )( A[i,k], BIk,j] )
GEMV = md_hom( x, (++, +) ) o in_view( A,B )( i, k )( A[li,k], BIK] )
DOT = md_hom( x, ( +) ) o in_view( A,B )( k )( A[k] , BIk] )
e Stencil Computations 1]
Access neighboring elements : Tk _ _
within their input buffer Conv_2D = md_hom( , (++,++,+,4) ) o in_view(..)
................................................. Jacobi 3D — md_hom( J_func’ (++’++’++ ) ) O in_VieW(".)
Data Mining [2] | ...+ A
PRL = md_hom( weight, (++, Qmax) ) o in_view(..) §....‘?.p.‘?.".‘?‘.t..e.st..‘?T‘..9:“:?.'1.‘?'?f.l.r.‘.e.‘?..‘?f"‘ff"‘...t.‘.’.“f‘? .....
T L ST PR Machine Learning [1]
Often very high d_imensional L T >
................ te.g., 7. dims) i TC = md_hom( *, (++,.,++ , +,.,+) ) 0 in_view(..)

Further examples: MLP, SVM, ECC, ..., Mandelbrot, Parallel Reduction,

[1] Rasch, Schulze, Gorlatch. "Generating Portable High-Performance Code via Multi-Dimensional Homomorphisms.”, PACT’ 19 13
[2] Rasch, Schulze, et al. “High-Performance Probabilistic Record Linkage via Multi-Dimensional Homomorphisms”, SAC’19



MDH — Examples

“Machine Learning Systems are Stuck in a Rut” [HotOS’19]:

n,co __ Y\ pnci Ci>Co
Vn, X, Y, Co - Vx,y _Z Z‘ ZJ Psx+kx,sy+kkax,ky
kx ky Ci

Capsule MatMul
Networks

conv2d-CapNT( .. ) =

in view( P,W )( n,x,y,c0 , kx,ky,ci, 1,j,k )( P[ n,ci , s*x+kx,
s*y+ky, i,k ], W[ei,cO0 , kx,ky, k,J] ) o

md_hom( *, (++,++,++,++ , +,+,+, ++,++,+ ) ) O

out view( V )( n,x,y,c0, i,J )( V[ n,c0,x,y, i,3 1)

14



Existing MLIR Dialects vs. MDH

Questions:

Linalg vs. MDH

Affine vs. MDH

Is Linalg
stronger than
MDH?

(MDH =< Linalg)

Is Affine
stronger than
MDH?

(Affine < MDH)

Is MDH
stronger than
Linalg?

(Linalg = MDH)

Is MDH
stronger than
Affine?

(MDH = Affine)

(“stronger” in terms of “information content” — definition on next slide) 15



Existing MLIR Dialects vs. MDH

For two representation R1and Ry, we say representation R is:

« stronger than R; (R1 £ Ry) iff there exist transformations —»1: R1~»R; and -»2: R,~R1
such that forallrpe Ry, itholds:r1 =1 r -2 i’ = r1 = r{;

» strictly stronger than R; (R1 < Ry) iff: R1 £ R, and R; £ Ry,

Example: C++ < OpenMP

1. C++ < OpenMP: C++ -1 OpenMP -, C++

{ T

] ] removes
identity pragmas

2. OpenMP # C++: OpenMP -1 C++ {»2i OpenMP
e X

removes pragmas

pragmas unrecoverable /A

16



Is Linalg Stronger than MDH (MDH = Linalg) ?

No, Linalg is not stronger than MDH (please correct us if we are wrong):

Linalg does not capture all information
required to recover the original MDH program A\

#matmul _accesses = [

.............. *mlnik)_g"m; k)l
. ='i€m,n,k)—>‘(’k, n);
- = e et et
MDH -; Linalg: e ki, My k)t D)
Ll ‘ ‘:::' ________ ] .........
et T #matmul_tl”alt={
o e T e e ratOnL Ry pes = Tparallel”,
1. in_view( ArB”TT”ﬁ}ﬁvixfigéfﬁ?ﬁT””Brkjhﬂf)_ }parallel", reduction"]
2. md_hom( ®;- CEEHE BT e e e
e et R P TTTE [RAEET lindtg.generic-#matmul_trait
3. out_view( C-)y( m,n )( C[ m,n ] )  “refe T ins (%A, %B : ..) outs®sC : ..){
-------- ~bbo (...

L] @‘ u
MatMul in MDH Sa-=. UL %a, %b: f32
% = addf %c, %d: f32
1

inalg.yield %e : f32

MatMul in Linalg

17



Is Linalg Stronger than MDH (MDH = Linalg) ?

No, Linalg is not stronger than MDH (please correct us if we are wrong):

Linalg does not capture all information
required to recover the MDH program A\

#matmul_trait
iterator_types
“parallel”, Mreduction™]

}

["parallel",

linalg.generic #matmul_trait

ins(%A, %B : ..) outs(%C : ..){
~bbo(..)
%d = mulf %a, %b: f32

% = addf %c, %d: f32
linalg.yield %e : 32

MatMul in Linalg

l. in view( A,B )( m,n,k )( A[m,k], B[k,n]

2. md hom( *, (++,++,+) )

3. out view( C )( m,n )( C[ m,n ] )

)

MatMul in MDH

"
"
"
"u
"
"
] b
.....
"
"
"
]
L]
L]
L]
L]
.
Il

T
.,
.
.
b

L]
~
L]
L]
L]
~
e
L]

. md hom( (a,b,c)rct+ta*b, (++,++%2) )

3. out view( C )( m,n )( C[ m,n ] )

)

MatMul in MDH
(generated from Linalg)

18




Is Linalg Stronger than MDH (MDH = Linalg) ?

Question: why does Linalg not explicitly capture combine operators?

l. in view( A, B )( m,n,k )( A[m,k], B[k,n] )

#matmul _accesses = | 2. md hom( *, (++,++,+))

(m, n, k) == (m, k), o

(m, n, k) - (k, n), 3. out view( C )( m,n )( C[ m,n ] )
[ Mk men) MatMul in MDH
#matmul _trait = {

doc = "C(m, n) += A(m, k) x B(k, n)", When generated from Linalg: have to

indexing_maps = #matmul_accesses, use “?" (a.k.a. “unknown combine

library_call = "linalg_matmul",

_ _ operator”) instead of “+” [1]:
iterator_types = ["parallel", "parallel", "reduction"]

1 md_hom( (a,b,c)~c+a*b, (++,++,7?) )
. . ) [1] Rasch, Schulze, Gorlatch. md_poly: A
linalg.generic #matmul_trait Performance-Portable Polyhedral Compiler Based on
ins(%A, %B : memref<?x?xf32, stride_specification>, Multi-Dimensional Homomorphisms. IMPACT'20
memref<?x?xf32, stride_specification>) (WIP)

outs(%sC : memref<?x?xf32, stride_specification>)
{other-optional-attributes} {
~bb0(%a: 32, %b: 32, %c: f32)

%d = mulf %a, %b: 32

%e = addf S%c;=%d+=32

linalg.ylield %e : f32

MatMul in Linal
? (= questions summarized at the end of talk) 19



Is Linalg Stronger than MDH (MDH = Linalg) ?

“Modular Divide-and-Conquer Parallelization of Nested Loops ” [PLDI'19]:

#parallel for reduce e

for( .. ) {
#parallel for reduce +vec
for( .. ) {
Vinner +vec= /% .. */;
s
Vouter ®= Vinner; Maximum
b Bottom Box Sum
(MBBS)
MBBS = md hom( id, ( D, +yec ) )
(at,...,an,) ® (b1,...,bn) = (a1,...,0n,0, +b1,...,0y + by )
(al,...,am) + (bl,...,bm) = (&1—|—b1,...,am—|—bm)

MBBS — MDH Implementation

- can MBBS be efficiently implemented in Linalg?



Is Linalg Stronger than MDH (MDH = Linalg) ?

“Modular Divide-and-Conquer Parallelization of Nested Loops ” [PLDI'19]:

#accesses

Il
|
=
=
-

#trait = {

iterator_types =

s
linalg.generic #trait
ins( .. ) outs( .. ) { .. } {

#parallel for reduce +yec
for( .. ) {

Vinner +vec= /% .. */; <

["reduction"]

#parallel for reduce o

for( .. ) A
#parallel for reduce +vec
for( .. ) {
Vinner +vec= /% .. */;
}
| A A
Vouter ®= Vinner; 3 *,

}

Inner for loop of MBBS
inherently sequential/
opaque in Linalg?

Maximum
Bottom Box Sum
(MBBS)

MBBS =

MBBS - MLIR Linalg

X
md hom( id, ( @, +tyec ) )

MBBS - MDH Implementation
21



Is MDH Stronger than Linalg (Linalg = MDH) ?

Yes, MDH is stronger than Linalg (please correct us if we are wrongq):

#matmul_trait = {

“parallel", "reduction"]

}

linalg.generic #matmul_trait

lnS(oA %B : ) OUtS(oC .
~bbo(..) :
%d mulf oa, %b: 32

addf %c, %d: f32
nalg. yleld %e : 132

%
%e
11

iterator_types = ["parallel",

) {

1.
2.

3.

in view( A,B )( m,n,k )( A[m,k], B[k,n] )

md hom( (a,b,c)rct+a*b,

(++,++,2) )

out view( C )( m,n )( C[ m,n ] )

MatMul in Linalg

(examples from slides 17/18)

MatMul in MDH
(generated from Linalg)

22




MDH vs. Affine

MDH and Affine seem equivalent (please correct us if we are wrong):

------------
.............
..................
L -
--------
‘‘‘‘‘‘
an
......
....

-
*
"

Conv_2D = .. o md_hom( %, (++,++,+,+) ) o0 ..

MDH implementation

}
by
}

func @conv_2d(%D :
%0 = alloc memref<98x98xf32>

parallel (%x, %y) = (0, 0) to (98, 98) { f’—____—__—-"““--§_

affine.parallel (%kx, %ky) = (@0, @) to (2, 2) reduce ("addf") { Explicit jn
affine.load %D[%x + %kx, %y + %kyl : memref<100x100xf32> Representaﬁon

affine.load %K[%kx, %ky] : memref<3x3xf32>

mulf %1, %2 :

affine.yield %3 :

affine.

%0 =

o° o° o°
WN =
in 1 nun

return %0

memref<100x100xf32>, %K : memref<3x3xf32>) —> (memref<98x98xf32>) {

32
32

affine.store %0, 0[%x, %yl :

memref<98x98xf32>

Conv2D

MLIR Affine Dialect

In contrast to Linalg, Affine seems to explicitly capture combine operators.

23



Existing MLIR Dialects vs. MDH

Summary:

Linalg vs. MDH

Affine vs. MDH

Is Linalg

stronger than X
MDH?

(MDH =< Linalg)

Is Affine
stronger than
MDH?

(Affine =< MDH)

v

Is MDH
stronger than
Linalg?

(Linalg = MDH)

v

Is MDH
stronger than
Affine?

(MDH = Affine)

v




MDH in MLIR — The MDH High-Level Dialect

Example: square all elements in a tensor and sum up results

func @main() {
%tnsr = constant dense <[1.000000e+00, 2.000000e+00, 3.141500e+00]>

: tensor<3xf64>

%sresult = "mdh.hom" (%tnsr) {func = @pow2, op = @"+"
: (tensor<3xf64>) -> fo64

return

}

func @pow2(%arg0: f64) —> f64 {
%square = mulf %arg@, %sargd : f64
return %square : f64

}

func @"+"(%arg@: f64, %argl: f64) —-> f64 {
%sproduct = addf %arg@, %argl : f64
return Sproduct : f64

}

MDH High-Level Dialect

« Implemented within a student project (thanks to Benedikt Rips & Jan Speer!)
* First steps toward a high-level dialect in MLIR for MDHs

e Currently many(!) restrictions: one combine operator, no input/output views, ...




Summary: MDH High-Level Dialect

Dialects:

Requirements Example (pseudocode)

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------
L]

Agnostic from hardware & optimization details. \/ md_hom( x, (++,++,+,+) )
Expressive enough to represent various kinds of data—parallel§

i High-Level { °
{ Dialect } :

computations. v :
Should capture — in a structured manner — all high-level information§

relevant for generating efficient low-level code. \/

S S~

i Low-Level § :
! Dialect | :

§ Machine § :
¥ Dialects § :

20



Agenda

. MDH — Domain-Specific Language & Examples

High-Level
Dialect

. MDH in MLIR — The MDH High-Level Dialect

S B LAt IS T e R . T SERT e cmwen MBS TR Vgl P SRV 8 SR g
NP YW A ORI - e PN F O3 T R A R IIREY V. B L ORI - e AR 2 T RO, S IIREY V. B L ORI - e RO eI e L.V S 9L PN

. MDH Code Generation & Optimization Approach Low—Level

‘-i

Dialect
. MDH in MLIR — The MDH Low-Level Dialect (rather briefly)

oBf I = R ARSI T BV /UK 5 SR T RIS I R VL oY 7y - S 038 T R AN T BOE Y, | DD ooty Ny S5 o3 YW = s
e Tt AL A G b Rl LSt Ll 2 S e i £ B DB T e STy A b dc £ i it A e L
- o - e - I — ‘LB PP SO Y VY N N e - Ty ~ L. B : TS e - ST — .

. Conclusion

27



Reminder: MDH Low-Level Dialect

Dialects:

Requirements Example (pseudocode)

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------

i High-Level { °
{ Dialect } :

Optimizations expressible (parallelization, tiling, memory, etc). : parallel_for<l=1,d=1>( .. )
} ¥ Uniform for different machine dialect. parallel_for<.>( .. )

! Dialect §
SSNOUHNN. B _MEM_REGION<1=1> float al .. 1;

§ Machine § :
¥ Dialects § :

28



MDH — Target Machine Model

We use a uniform Abstract Machine Model (AMM) for MDHs:

Hierarchical

<

\

/

Co
Mo

AN

\

NN

Cs Cs || Cs Cs || C3 Cs || Cs Cs
Ms| [Ms|IMs]| [Ms{IMs| |Ms||Ms| |Ms
Scalable

>

Co

C1

Co

Cs

Core
Model

Memory
Model

29



MDH — Target Machine Model

Examples/Instances of our abstract machine model.

DEV e GPU <
GM pen / DM \ CUDA
/ \ SMX SMX
CU CU SM SM
LM LM / /

/ \ / \ WP WP WP WP
PE PE PE PE av| 0 [RM aM| [RM
PM| | PM PM| | PM

/\ / 0\ / 0\ / 0\
cC cc || cc cc || cc cc || cc cC
av | Iem e [amllam ] Iam |l em | | R
13 OpenMP
CPU

E E Multi-Device

C - C :

L1 L1 / / \\ 5
SIMD SIMD || | oviona | | owioa | | rviora| o

. OpenCL CUDA CUDA CUDA oo




MDH Implementation

We rely on a uniform approach for generating auto-tunable low-level code for MDHSs [1]:

No. | Name Range Description
1 | NUM_THREADS<V'% | {1,...,Ng4} | number of threads
2 | TILE_SIZE="-9> {1,...,Ngq} | sizes of tiles
3 Ondh-co Si«D computation order
4 | Offreads Sp thread arrangement
5 | MEM_INP<t-4.imP> | f1 1} | memory regions for input
6 e o Sb input buffer dimension order
7 | MEM_ouT<t-¢-out> 1 {1 L} | memory regions for output
8 | oSOtz Sp output buffer dimension order

Auto-Tunable Parameters

= =

All parameters are chosen as optimized for
an arbitrary:

MDH
- abstract machine model

- input/output characteristics

[1] Rasch, Schulze, Gorlatch. "Generating Portable High-Performance Code via Multi-Dimensional Homomorphisms.”, PACT'19 31



MDH in MLIR — The MDH Low-Level Dialect

Example: Matrix Multiplication — for 3-layered machine model (e.g. OpenCL)

// 1. Core/Memory Layer
parallel_for( p<1,0> = 1,..,32 ) MatMul = .. o md_hom( %, (++, ++, +) ) 0 .

parallel_for( p<1,1> = 1,..,32 ) ode o
’ =1,.,32 ' ] :
parallel_for( p<1,2> = 1,..,32 ) “600 ' High-Level §

for<l>( t<1,0> = 1,..,8 ) Qs ¢ Dialect 3}
for<1>( t<1,1> =1,..,8 ) N _ Notncearieaiiovinaioiin
for<1l>( t<1,2> =1,..,8 )
copy: A<0> —> A<l>
copy: B<@> —> B<1>

V

__MEM_REGION_@ RES_1[ .. 1[ .. 1;

// 2. Core/Memory Layer
parallel_for( p<2,0> = 1,..,32 )
parallel_for( p<2,1> =1,..,32 )
parallel_for( p<2,2> =1,..,32 )

_____ e ——— (
for<1l>( t<2,0> =1,..,8 ) - ! 1
for<l>( t<2,1> =1,..,8 )
for<1l>( t<2,2> =1,..,8 )
copy: A<l> —> A<2>
copy: B<l> —> B<2>

__MEM_REGION_1 RES_2[ .. 1[ .. 1;

[* .07

i  Low-Level |

. Dialect | 30



MDH in MLIR — The MDH Low-Level Dialect
Lowering: MDH High-Level Dialect = MDH Low-Level Dialect

// 1. Core/Memory Layer
parallel_for( p<1,0> = 1,..,32 )
parallel_for( p<1,1> = 1,..,32 )
parallel_for( p<1,2> = 1,..,32 )

for<l>( t<1,0> =1,..,8 )
for<l>( t<1,1> =1,..,8 )
for<1>( t<1,2> =1,..,8 )
copy: A<0> —> A<l>
copy: B<@> —> B<1>

__MEM_REGION_@ RES_1[ .. 1[ ..

// 2. Core/Memory Layer
parallel_for( p<2,0> = 1,..,32 )
parallel_for( p<2,1> = 1,..,32 )
parallel_for( p<2,2> = 1,..,32 )

for<l>( t<2,0> =1,..,8 )
for<l>( t<2,1> = 1,..,8 )
for<1l>( t<2,2> =1,..,8 )
copy: A<l> —> A<2>
copy: B<l1l> —> B<2>

_ _MEM_REGION_1 RES_2[ .. ][ .

[ .07

1;

1;

!

| 2. Dimension J

Low-Level }
Dialect  }

MatMul = .. o md_hom( =,

,‘ High-Level ]

| 1. Dimension {4

e e -

i 3. Dimension

i

i

e e =

[1] Rasch, Schulze, Gorlatch. "Generating Portable High-Performance Code via
Multi-Dimensional Homomorphisms.”, PACT’19

33



MDH in MLIR — The MDH Low-Level Dialect

Lowering: MDH Low-Level Dialect = MLIR Machine Dialects

// 1. Core/Memory Layer // 1. Core/Memory Layer
parallel_for( p<1,0> = 1,..,32 ) _ | p<1,0> = get_group_id( .. );
parallel_for( p<1,1> =1,..,32 ) g P<1,1> = get_group_id( .. );
parallel_for( p<1,2> =1,..,32 ) » | p<1,2> = get_group_id( .. );
for<l>( t<1,0> =1,..,8 ) for<l>( t<1,0> =1,..,8 )
for<l>( t<1,1>=1,..,8 ) - for<l>( t<1,1>=1,..,8 )
for<l>( t<1,2> =1,..,8 ) for<l>( t<1,2> =1,..,8 )
copy: A<0> —> A<1l> copy_A_glb_to_lcl_(..);
copy: B<@> —> B<1> copy_B_glb_to_1lcl_(..);
__MEM_REGION_@ RES_1[ .. ][ .. ]; “mpe—semmscmmmmm __global RES_1[ . 1[ .. 1
[BseudocodiJ [Bseudocode
A
,‘ Low-Level .~ ' Machine i
Dialect Dialect !
straightforward

(per design)

34



Conclusion

1. The MDH approach aims at combining the goals of performance, portability,
and productivity for data-parallel computations targeting multi- and many-
core architectures;

2. The MDH approach often achieves competitive/higher performance than well-
performing competitors (MKL, cuBLAS, etc);

3. MLIR enables using MDH in a structured manner for different applications
(e.g., TensorFlow) and systematically generating code for different
programming models (OpenCL, CUDA, OpenMP, etc);

Our Questions:

1. Does Linalg explicitly capture combine operators? It not — why?

2. What is the difference between Linalg and Affine regarding the level of

abstraction from your point of view?
Your Questions?
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