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Why new abstractions

P P P
void cfd_kernel
Vijk,e = E E E Akk’Ajj’Aii’uz"j’k’e (

i'=05'=0 k'=0

/* element loop: */

What we want

1
2
3
4
s {
6
7
8
9

double A[restrict 7][7], -
double ulrestrict 216][7]1[7]1(7], TFz;:::;fﬂ
double v[restrict 2161[71[71[7]) R
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for(int e = 0; e < 216; e++) {
for(int i0Q = 0; i0Q < 7; i0++) {
for(int jO = @; jO < 7; jo++) {
10 for(int k@ = 0; ko < 7; ko++) {
1 vlel[ie][jel[ke] = @.0;
12 for(int i1 = 0; i1 < 7; i1++) {
for(int j1 = 0; j1 < 7; j1++) {
Wh . I d for(int k1 = 0; k1 < 7; k1++) {
at we (naively) code V[el[i01[j01Cko] += A[i0][i1]
* A[jel[3j1]
17 * A[kO][k1]
18 * ulel[i1]103110k1];
19 }r YY1}
2 } /* end of element loop */
a )
What compilers see
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void cfd_kernel(
double A[restrict 71[7],
double ul[restrict 2161[7][71(7],

Semantic gap = performance gap e neg Sk

/* element loop: */

#pragma omp for

for (int e = 0; e < 216; e++) {
double t6[71[71(7];

1 void cfd_kernel( :
Vijk,e = Z Z Z Akk’AJJ’Au'uz '3'k’e double A[restrict 71[71, :? ;;r;;ac‘;?;;acuon' e
t'=075'=0k'= 3 double ulrestrict 216][7][7]1(7], » for (int i@ = 0; i0 < 7; i0++) {
4 double v[restrict 216]1[7]1[71[7]) 13 for (int i1 = 0; i1 < 7; i1++) {
s { 14 /% wpfagm? simd *{ .
6 /* element loop: */ = fo;oﬁ:,;: ig i 2;0%2 sl o £
tht we want 7 for(int e = 0; e < 216; e++) { 1 for (int i3 = 0; i3 < 7; i3++)
8 for(int i0Q = 0; i0Q < 7; i0++) { 18 t8 += A[i0][i3] = ulel[i1][i2][i3];
9 for(int jO = 0; jo < 7; jo++) { 19 t6[i0][i11[i2] = t8;
. — O . 20 } } } /* end of 1st contraction */
10 for(mt-ke - 0; ko f 7; ko++) { - double t7071071071;
n vlelliel[jel(ke] = 0.0; 2 /* 2nd contraction: */
12 for(int i1 = 0; i1 < 7; i1++) { o #pragma simd
for(int j1 = 0; j1 < 7; j1++) { 2 for (int i4 = 0; i4 < 7; i4++) {
Wh 1. o I d for(int k1 = 0; k1 < 7; k1++) { 5 for (int i5 = @; i5 < 7; i5++) {
. . . . 26 /* #pragma simd */
ar we (nqlve Y) coae vlellie](jellke] += ALi0][i1] " for F()ini i6 = 0; i6 < 7; i6++) {
* ALjelj1] 5 double t9 = 0.0;
17 * A[ko][k1] 2 for (int i7 = @; i7 < 7; i7++)
18 * ulelJ[i1]1[j11Ck1]; 30 t9 += A[i4](i7] » t6[i5](i6][i7];
3 t70i4][i5]1[i6] = t9;
" INERED 2 } } } /* end of 2nd contraction */
20 } /* end of element loop */ = Rt (R S P
21 } 3 #pragma simd
35 for (int i8 = @; i8 < 7; i8++) {
36 for (int i9 = @; i9 < 7; i9++) {
/* #pragma simd */
for (int i10 = 0; i10 < 7; i10++) {
What performance experts code double 10 = 0.0;
for (int i11 = 0; i11 < 7; i11++)
a t10 += A[i8][i11] * t7[i9][i10][i11];
. . 2 vlel[i8][i9][i10] = t19;
© Prof. J. Castrillon. IMACAW. 2023 Z Vi35 el B Hiird onteastien w)

B 4 Y «« ) /* end of element loop /



void cfd_kernel(
double A[restrict 71[7],
double ul[restrict 2161[7][71(7],

Semantic gap = performance gap e neg Sk

/* element loop: */
#pragma omp for
for (int e = 0; e < 216; e++) {

void cfd_kernel( double t6{71(71(7];

p P P
'Uijk,e:E E E Agrr Ajjr Aiirtirjrgre

1
. / ion:
2 double A[restrict 7]1[7], : “;;Z;;f?;;mxlon o
/=0 35'=0 k'=0 3 double ulrestrict 216]1[71[71(7], 12 for (int i0 = 0; i0 < 7; i0++) {
4 double v[restrict 216]1[7]1[71[7]) 13 for (int i1 = 0; i1 < 7; i1++) {
s { 14 /* #pragma simd */
for (int i2 = 0; i2 < 7; i2++) {
6 /* element loop: */ =
; 1 double t8 = 0.0;
What we want . for(int e - 0; € < 216; ev+) ¢ s Bebdaes G B
8 for(int i@ = 0; i@ < 7; i0++) { 18 t8 += A[i0][i3] * ulel[i1]1[i2]1[i3];
for(int jo = 0; jo < 7; jo++) { 1 te[ie][i1][i2] = t8;
for(int ko = 0; ko < 7; ko++) { 20 } } } /* end of 1st contraction */
vlel[iel[jol[ke] = 0.0; )
i1

for(int i1 =
for(i

+= A[i@][i1]
* ALjel1lj1]

vle][iQ]

-
RS N N 1;
R A2 LR O IZ RSuA Bank Array R0 :
1 % < - -
https://www.hpcwire.com/2017/04/10/n 2 [Cow [0 EriporF i 17 ; HBM-FPGA
vidia-responds-google-tpu-benchmarking / a )} [ S cecution Unt
Bank Array
Lee, Sukhan, et al. "Hardware Architecture and
LA \41IL L1V = W, 21V ™~ 7, alUur"y {

double t10 = 0.0;
for (int i11 = @; i11 < 7; i11++)
t10 += A[i8][i11] = t7[i9][i10][i11];
vlel[i8][i9][i10] = t10;
} } } /* end of third contraction */
} /* end of element loop */

Software Stack for PIM Based on Commercial Wh :
DRAM Technology: Industrial Product." ISCA 2021.
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There is only su much we can do/reconstruct... =

O Lots of progress: polyhderal compilers, trace-driven dynamic parallelization,
patterns/ idiom extraction, ...

High-level of abstraction DSLs start herel
Bridge gap: Domain < ‘
experts 2 C++ /fortran

z. [ ]
> DSLs for performance: Halide,
C+ Spiral, TVM, TensorFlow,
Firedrake...
Mig. &
oy, 3
Ofabs’la
Clioy,
L. Chelini, et al. "Progressive ot iovalof et arars
Raising in Multi-level I Il
|R." CGO 202] o m CHAIRFOR
5 © Prof. J. Castrillon. IMACAW. 2023 el .
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Sample DSLs :

O CFDlang O OpenPME
. time loop
Vijke = S‘T S‘Akk' N,An,u”,k, start: 0 stop: 1000 o -
=0 5/=0 k' — temporal method: explicit_euler
spatial method: DG-PSE
source = ... QE =Du * V2u —u x v + F x (1 — u)
var input A : matrix g%
var input u : tensorIN 5 = Dv * Vv + u x v> — v * (F + k)
var input output v : tensorOUT

var input alpha : []

var input beta : []

v=alpha * (A#A #A #u
[[5 8] [3 7] [1 6]]) + beta * v

22 22 & 2 2

auto A = Matrix(m, n), B = Matrix(m, n),
C = Matrix(m, n);

auto u = Tensor<3>(n, n, n);

auto v = (AxBxC) (u);

... = CHAIRFOR
6 © Prof. J. Castrillon. IMACAW. 2023 T .
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Sample DSLs cfaed &

O CFDlang O OpenPME Ko >N
b — i DC-PSE
= &2 - time loop
Vijke = Y T YAIck’ Ajjr Agirty jrire start: 0 sto] wmods
=0 7/=0 k'— temporal meth
spatial metho
source = ... Ou = Du *x V-
var input A : matrix gg
var input u : tensorIN
var input output v : tensorOUT

var input alpha : [] [ ovenrem [l openeme UniGM 10

var input beta : []
v =alpha * (A # A # A # u . .580 LOC NormGM
[[5 8] [3 7] [1 6]]) + beta * v -

22 22 & 2 2

MulNM

auto A = Matrix(m, n), B = Matrix(m, n),
C = Matrix(m, n);

auto u = Tensor<3>(n, n, n);

auto v (AxB*C) (u);

Execution time in s

Domain-specific

efficient auto-tuning

7 © Prof. J. Castrillon.i °7" T |1 ! - 1es 1ea 1e5 1e0
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Closing the performance gap
X
« e . . +++ CFDlang(outer i\ Interpolation
O Not really optimization magic glouter) 4 A P X
==X CFD]ang(lnner) ;X X, PO e
< : 'l \‘ ’1.3-.}\_._‘ I: \\\
 Leverage expert knowledge O--< hand-optimized £ 15 - IR\ A AN 72,81
AI b . .d . %-v DGEMM 8 ,'."','*-\’b:\-:'Q ",'"',n_\ .é\*\_ P ‘,:,"_:', .V.\"\‘; g
I E W AN S £
d gebraic identities &--5 specialized f 10 ;,-,'Q; - ’-v-.':.’&"fi )
<33 T /_x A
5 - ,’A},\'a. ::: Z ..... o ._..ﬂ/'.’d
& ¥
Vigk = ) (Akn - (Ajm - (Ait - Uimn))
l m.n 0 I 1 1 | | 1
T 2 4 6 8 10 12
Dl
Vijk = Y (Akn  Ajm) * (At Uimn) X
I 20 i\ Inverse Helmholtz
fY e,
:" \ +. Pt 2 h
_ 15 - ! <>‘ \ -+, e ; \
Oijk = Z (Akn . ((Ajm -Ail) -ulmn)) gm [ i ..+.,.,+.. ,0\
l.m.n — ,"/’ \<>‘="\'<>\ /" Rso, O 5 ‘\‘Q
T = 10 i \ st N N .
o _x,fgf ;}.: _i%" ./‘: v.:\' —‘E.;_X’ Y,
N. A. Rink, et al. “CFDlang: High-level code generation for 5 ?‘- ::«i-,-.ig.'.‘.:::gf:.ﬂ_ _____ o &
5
g
0 | | | | | |
2 4 6 8 10 12
AN

high-order methods in fluid dynamics”. RWDSL’18.

A. Susungi, et al., "Meta-programming for Cross-Domain
Tensor Optimizations”, GPCE’18 pp. 79-92.
8 © Prof. J. Castrillon. IMACAW. 2023
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Closing the performance gap

O Not really optimization magic
O Leverage expert knowledge

O Algebraic identities

Vijk = Z (Akn - Ajm - (il - Uimn)) Easy to generate,
Lm,n hard to transform

Vijk = ) (Akn * Ajm) - (Atl - Uimn)

I,m,n

Vijk = Z (Akn - ((Ajm - Ail) - Uimn))

ILm,n

N. A. Rink, et al. “CFDlang: High-level code generation for
high-order methods in fluid dynamics”. RWDSL’18.
A. Susungi, et al., "Meta-programming for Cross-Domain : 2s p ;
g Temer Optimizations", GPCE'18 pp. 79-92. ooy 4 Actual code variants
© Prof. J. C £ {1 =




Cross-domain optimizations

(a) mttkrp

(b) bmm

8 1.5
J0TensorFlow 18 Pluto I8 TeML
o
- -
6 s -
@ 1
nv'-
4 o
o)
>
= o
2 ik =
- -
o O
0
1 2 4 8 4 8
Cores
(d) gconv (e) interp
10 4
~
g -0
N -
L= ™
’ £ 3 N
6
3 8
= 2 2 2 ==
4 ) )
i 9 8
I i | PN b o~ ~ o
2 = - v v -
—_ = = (=} =)
0 0
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(c) sddmm
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Bl
= et
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— )
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S
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w
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NN
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Performance of Pluto
could be reproduced

Higher abstraction 2
more optimization
potential

A. Susungi, et al. "Meta-programming
for cross-domain tensor optimizations”,
GPCE’18, 79-92
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cfaed &
Tell: Tensor Intermediate language 7

. : A = placehol h), ='A'
0 Formalized core common to multiple tensor placeholder((m,h), name="A")
B = ")
languages
g g . k = z Alek] k")
O Index-free notation and strong type system c s
O Provably no out-of-bound accesses sum(A[k, 1] * B[k, i1, axis=k))
"] : Context — Memory — (list of Nat) — L |transpigiye| L plj,-.., Jigssoes T Jkl =
[x]Tpi=pxi [e]T 1 lits- - -, Jiys+ oo Jigs+ s Jk]
[(e)]Tpi=[e]T put [diagioire] T pljr,- - s jio-1sdigs Jigt1s - - - sJis=1sJiy - -5 Jkl =
:[add €o 81]] rﬂ i= [Ieo]] r/ll-+ IIeI]] ryl- ﬂe]] rll [jl’ e ,jio—l’jiosji0+l9 ‘e ajil—lvji(),ji] ‘e ’jk]
lexpaine] T pljts. - sfiz1sfisfists-- - Jk] =

leo] T[] [es] T ez, if typep(eo) =[]

mul Fpi=
1 eoelﬂ Hi { [[eo]]l“/ll_'[[el]]rl“_» otherwise

[prodeg e T p(ip#y) = [eo] T pip - [er] T pity s

lel T pljrs- - sji-tsists- - -kl
[projime] T plj, ... ji-1sji---»Jk] =

if rankr(e,) = length(ip) and rankr(e;) = length(;) lel T plins- - sdimrsmsjis - ok
lredsielTpli, .. ojictaive gkl =20 _Tel T pliy, ... jiciam,jis ..., ji]. if typer(e) = [ny,. .., i1 Mo Misge. .., nestl

N.A. Rink, N. A. and J. Castrillon. “Tell: a type-safe imperative Tensor Intermediate Language”, ARRAY’19, pp. 57-68
. = CHAIRFOR

11 © Prof. J. Castrillon. IMACAW. 2023 el .
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Intermediate abstractions in MLIR

O Started by Google ~2018, now in public domain

Lattner, Chris, et al. "Mlir: Scaling compiler infrastructure for domain specific computation." 2021 IEEE/ACM International Symposium
on Code Generation and Optimization (CGO). IEEE, 2021.

C++
3O Not an IR, but an extensible framework '

d to describe intermediate abstractions Python DSL

:) Optimize std::vector

(called dialects),

O to optimize representations between dialects

(transform, lower or raise), OpenMP-IR GMP-IR

d that builds on the success of LLVM to build

community /infrastructure and reuse

(“LLVM_qUGIiTy" q” ll-he qu) Source: T. GI'OSSGF, Univ. Edlnburgh
I =l CHAIRFOR
12 © Prof. J. Castrillon. iIMACAW. 2023 o
I a4
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Tell in MLIR | y

lowers to

linal
O Primitive ops instead of index maps i

classify to_ -

O Easier to express identities (big-O trfs) cfdlang oy e

tensor

0 Uses symbolic math, infinite precision

extract

tosa

0 Specialization path

to custom hardware

K. F. A. Friebel, J. Bi, J. Castrillon, "BASE2: An IR

for Binary Numeral Types" (to appear), In ACM
HEART 2023

No contracts | Weak contracts | Strong contracts

... = CHAIRFOR
13 © Prof. J. Castrillon. IMACAW. 2023 ComEnLn
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Domain-specific optimization 7

O Encode algebraic transformations (Interpolation as example)
O Direct feedback to expert via DSL export

(s®(s® (s @) ny)ax

bcx

kernel

t=(S®S®S® u)axbycz"yz @
@—

&
| I M coMmPILER

14 © Prof. J. Castrillon. iIMACAW. 2023 CONSTRUCTION
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High-level buffer re-use 7

O Generate host code and accelerator code (for HLS) m

O Generate liveness info (buffering, memory subsystem gen) EVEREST

# S #u . [[1 6] [3 7] [5 8]]
https://everest-h2020.eu

=S # S
r =D % t
=S # S

# S # r . [[0 6] [2 7] [4 8]]

v 0 No Sharing 496
E 400 7 No Sharing (Theory)
e 0o Sharing Max 988
- I A ' R  mm |
b
£ 200
: o 124 144
Z  |311g 36 ] H
0 [ == I—] ] |—| /
1 2 4 8 16
m
K. F. A. Friebel, et al., "From Domain-Specific Languages to Memory-Optimized
memory_interfdce Clnd Gddress-spoce Accelerators for Fluid Dynamics", Proceedings of the FPGA for HPC Workshop,
e held in conjunction with IEEE Cluster 2021, Sep 2021
compatibilities E BE g

15 © Prof. J. Castrillon. iIMACAW. 2023 HEE W oy



https://everest-h2020.eu/

Putting it all together 7

O,
Q
1]

O Complex compilation/design flow from DSL to system-level architecture

) DSL-to-C ) C-to-System ) System-to-Bitstream ) Execution )
—] ,( Olympus L B (" Vitis B
S mmn o o » . =
e T oo Platform — Analysis > — HLS Host CPU
ar input alpha : [] s S e . — — Resource &
2x neut alphe s () £ pecification ) Latenc Host C = E}
R B Y e C Kernel Minimal C++ Ee oster W g | z;‘::ojl .l
CU Wrapper oL —
—_\ .. [l N Binary
E = \ . _F i G- Optlmlze - E tPCIe
CFDlang Sharing Memory [} Optimized ™ e
Info Mnemosyne Architecture ce+cu B VT R
—) |
s / _\_. _l ’ ] Bitstream Alveo FPGA
— —_— — 1
— —— — 1
1
Array Port Info System CFG '
nfo J —
1
'

Optimization Selection

S. Soldavini, K. F. A. Friebel, M. Tibaldi, G. Hempel, J. Castrillon, and C. Pilato. “Automatic Creation of High-Bandwidth Memory Architectures from
Domain-Specific Languages: The Case of Computational Fluid Dynamics”. In: ACM TRETS, Sept. 2022.

I =l CHAIRFOR

16 © Prof. J. Castrillon. IMACAW. 2023 el .
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FPGA code generation: HBM FPGA C;

0 H2020 EU Project: Convergence HPC, Big Data and ML
O Transformations for a 17x speedup (same precision) EVEREST

150
An CU ® https://everest-h2020.eu
>
00  System S
- -~ Intel s
100 ]
wn
oy
Q
5
50
® 0 1
(= N wn un
16 [ B iy 8 .
o AN o
O A ZZa I
2 2
g,&se\\s\ Q,\g@& "
V® JO°
000 %\)

S. Soldavini, K. F. A. Friebel, M. Tibaldi, G. Hempel, J. Castrillon, and C. Pilato. “Automatic Creation of High-Bandwidth Memory Architectures from
Domain-Specific Languages: The Case of Computational Fluid Dynamics”. In: ACM TRETS, Sept. 2022.

... = CHAIRFOR
17 © Prof. J. Castrillon. IMACAW. 2023 T .
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C[N[ 0

f
FPGA code generation: HBM FPGA C;

0 H2020 EU Project: Convergence HPC, Big Data and ML /ﬂ\

O Variants with up to 24x better energy efficiency EVEREST

150
An CU § ® ‘ https://everest-h2020.eu
S~
U0 system 2 - 5
- -~ Intel 60 w GFLOPS/W - GOPS/W =
100 o
& 0o Average ™ Ba Alveo E
@) - Intel 4 8
— oS &)
= S . 3 .
© - 2 2 g -
50 —_— Bz 40 = o v ¥ ot e 8 3 E
S 2 & b Q 2 - e = O ) o g8 %
28 28 ao &5 ¥ = 2R3 SH ES . SH=E 3
wie-gf-25-28.22 ¢ 223 253 s NER | 3
o o N o 0 i E 2
& eﬂ\‘\% sc{‘& ‘»e\\ - = g _ = E )
v o 5§ \S o = = E 2 E = . &
WP O ¢ Hlls E 3 =l E g
&
. ] g16 -
<. Goal: Transparent to domain-expert (user of e.g., WRF framework)
Domc

o\)\’" oo\)" Q . 6Y‘ - Q &Y'“ 0\)\)" oo\)" Q" éY\. - Q" e . &Y\ —
18 ¥ w&& i g’d@e’ *‘c\*’“e b w&é ¢+ qd&e’ ¢+


https://everest-h2020.eu/

Base2: Custom precision analysis

P P P
O Interpolation  vijke = DD A Ay Awijie

i'=0 j'=0 k'=0

float

48 1 exp_bits
40 - 1.0
321
24 + w 0.8
©
16 - _
8 1 at) 06 5
481 > °
40 - 2 0.4 2
32 A w 7
24 - S, 0.2
5
16 -
8 1 3 0.0
8 16 24 32 40 48 8 16 24 32 40 48 8 16 24 32 40 48
frac_bits frac_bits frac_bits
Significand precision p Exponent range Id E
(exp_bits = 6) (frac_bits = 32)
19 © Prof. J. Castrillon. iIMACAW. 2023
. 4 yb |

CENTER FOR

clfaed -

K. F. A. Friebel, J. Bi, J. Castrillon,
"BASE2: An IR for Binary Numeral
Types" (to appear), In ACM HEART
2023

L B cuairror
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Emerging data-centric architectures

O Compute (almost) in-place, avoid data
movement, transformations to match primitives

O Novel architectures for near-memory and in-
memory computing

Samsung, Lee, Sukhan, et al. ISCA 2021
UPMEM by Gdémez-Luna, Juan, et al. arXiv:2105.03814 (2021)

In-PCM Computing: Joshi, Vinay, et al. Nature Communications 11.1 (2020): 1-13.
CAM accelerators: Hu, Sharon, et al. 2021 IEDM

__________

PIM Chip

Crossbar of memristive devices

|
4 Pk

DRAM die

flPiM DRAM die [

[P DA oo Ga | |G
HPiM DRAM die fi

HPimM DRAM die i
HPIM DRAM die i
1

j»—:lr 7 ©

H Bufferdie Hi

-

h k

64-bit DP
20pJ)

&

CENTER FOR
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20mm

.

/l 26pd

DRAM
256pJ 16 nJ I pg v

256-bit buses
"l

256-bit access

8 kB SRAM
Communication
dominates

arithmetic

20 © Prof. J. Castrillon. IMACAW. 2023

50 pJ

inJ

Efficient
‘ 500p) off-chip link

Source: Dally, NVIDIA
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HOE W coMPILER
CONSTRUCTION




21

cfaed i
Compilation for heterogeneous CIM/CNM systems -

O A partial landscape /taxonomy of the CIM and CNM systems

Compute near-/in-memory (a subset of systems)

All CNM systems are DRAM-based and
some of them are commercially
available. CNM

.......
""""""""""""
'''''
-----
. .

RRAM : PCM MRAM RTM . S/DRAM

A. Khan et al, "CINM (Cinnamon): A Compilation Infrastructure for
Heterogeneous Compute In-Memory and Compute Near-Memory
Paradigms", arXiv, Jan 2023

W W cyarror

© Prof. J. Castrillon. IMACAW. 2023 A .
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Towards a generalized MLIR infrastructure :

O Entry: linear algebra abstraction (common to ML frameworks and beyond)
O Intermediate languages for in and near memory computing
O Target-specific models and optimizations

7 “ R
Device specific Target device
optimizations v
g Canonicalization - Tile = : T
Algorithm » - allocate / transfer - Loop unroll / N » Host backend
/ execute L Linker
: e —= v \w 4 Generic optimizations &
Domain-specific ~ Abstraction conversion to LLVM IR T
abstraction over CINM ) : 2
devices Device aware Device APIs
abstractions
~ 7/

A. Khan et al, "CINM (Cinnamon): A Compilation Infrastructure for DISRUPTIVE MEMORY TECHNOLOGIES

Heterogeneous Compute In-Memory and Compute Near-Memory 27 DFG PRIORITY PROGRAM 2377
Paradigms”, arXiv, Jan 2023 o o

.=. a = CHAIRFOR
© Prof. J. Castrillon. IMACAW. 2023 CONSTRUETION




Towards a generalized MLIR infrastructure
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O Entry: linear algebra abstraction (common to ML frameworks and beyond)
O Intermediate languages for in and near memory computing
O Target-specific models and optimizations

/1.‘

Languages

Algorithm

7

Description

A. Khan et al, "CINM (Cinnamon): A Compilation Infrastruct
Heterogeneous Compute In-Memory and Compute Near-M

=

Canonicalization
passes

Domain-specific
abstraction

- Tile
- Vectorize

Abstraction
over CINM
devices

/

Paradigms", arXiv, Jan 2023

23

cinm.op.add/sub tensor<?xT> same as lhs
cinm.op.min/max —"'— —"—
cinm.op.and/or/xor —"'— —"'—
cinm.op.popcount —"— —"—
cinm.op.majority —"— —"'—
cinm.op.sum —"— —
cinm.op.exclusive_scan —"— —
cinm.op.transpose tensor<?x?xT> —
cinm.op.gemm —"— tensor<?x?xT>
cinm.op.gemv —"— tensor<?xT>
cinm.op.histogram —"— —'—
cinm.op.similarity<enum> | tensor<?x?x?> tensor<?x?x?>
cinm.op.topk tensor<?x?> index
-.. = CHAIRFOR
o . COMPILER
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UPMEM example: Matmult 7

def mm(int32(64, 64) A, int32(64, 64) B) -> (int32(64, 64) C) {
C(i,j) += A(i,k) * B(k,J)

where i in 0:64, k in 0:64, j in 0:64

I B cuairror
HON W compPILER

CONSTRUCTION

}
uint32_t mram_base_addr_A = (uint32_t) (DPU_MRAM_HEAP_POINTER );
uint32_t mram_base_addr_B = (uint32_t) (DPU_MRAM_HEAP_POINTER + ROWS = COLS =*
> sizeof (T));
uint32_t mram_base_addr_C = (uint32_t) (DPU_MRAM_HEAP_POINTER + 2 % ROWS * COLS
> x sizeof (T));
for(int i = (tasklet_id » point_per_tasklet) ; i < (
> (tasklet_id+1l) *point_per_tasklet ) ; i++) {
if( new_row != row ) {
mram_read ( (__mram_ptr void constx) (mram_base_addr_A + mram_offset_A),
< cache_A, COLS * sizeof (T));
}
mram_read ((__mram_ptr wvoid constx) (mram_base_addr_B + mram_offset_B),
<> cache_B, COLS * sizeof(T));
dot_product (cache_C, cache_A, cache_B, number_of_dot_products);
}
mram_write( cache_C, (__mram_ptr wvoid %) (mram_base_addr_C + mram_offset_C),
«— point_per_tasklet * sizeof(T));
24 }
]
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UPMEM example: Matmult

def mm(int32(64, 64) A, int32(64, 64) B) -> (int32(64, 64) C) {
C(i,J) += A(i,k) * B(k,]J)
where i in 0:64, k in 0:64, j in 0:64

$D = linalg.matmul ins (%A, %B : tensor<64x64xi32>, tensor<64x64xi32>)
outs(%C: tensor<64x64xi32>)
return %D : tensor<64x64xi32>

$C = scf.for %i = %cst0_i to %cst64_i step %cstl6_i
<.oe>
$B _tile = tensor.extract slice %B[%02, %0l][1l6, 16][1l, 1]:
tensor<64x64xi32> to tensor<l6x16xi32>

$A t b = bufferization.to_memref %A tile: memref<16x16xi32>

$B_t b = bufferization.to _memref %B tile: memref<16x16xi32>

$A dev = cnm.load matrix $A t b[%c0, %c0] {leadDimension = 16: index}
: memref<16x16xi32> -> !cnm.matrix<lé6xlé6xi32>

$B_dev = cnm.load _matrix $B_t b[%c0, %c0] {leadDimension = 16: index}

: memref<l6x16xi32> -> !cnm.matrix<l6xl6xi32>
$C_part = cnm.op.gemm %A dev, %B dev: tensor<16xl6xi32>, tensor<l6x16xi32>
gout tile = arith.addf %in tile, %C_part: tensor<l6x1l6xi32>
scf.yield %out tile : tensor<l6xl6xi32>

}

gout result = tensor.insert slice %C_tile, %in result[%00, %o0l][16, 16][1, 1]:
<eoo>
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UPMEM example: Results

cpu-tiled ~ BLAS' " dpu-1d 8 dpu-5d I8 dpu-10d

104 |

—
(e
N

Execution time
_(sec, log scale)
et
()
o

]
N
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Matmult
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Speedup
(norm. to CPU)
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1-DIMM
5-DIMMs

dpu-1d
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CIM Pipeline: Cross-bar example |

O MLIR dialect for general tensor expressions (Tensor Comprehensions)
0 Reuse GEMM transformations from linalg
O Lower to CIM dialect (co-existing with SCF and Standard)
O Lower CIM dialect to runtime APIs

_ _ CIM Runtime
Progressive lowering > Library "
4 Ak
tc The Open CIM Compiler (OCC) g E IEPEI =
\/ ¢ TTTT
ML Frontend - o v=ben @ @ () +[= @ Host-backend
Teckyl —> x  Linalg i om > @ scr > E standan —» Assembler

Linker
- J L J L J a %
T T T
GEMM-centric hardware-specific Generic Opt. i ;}

hardware-agnostic passes DCE, CSE
passes INST-CMB

A. Siemieniuk, L. Chelini, A. A. Khan, J. Castrillon, A. Drebes, H. Corporaal, T. Grosser, M. Kong, "OCC: An Automated End-to-End Machine
Learning Optimizing Compiler for Computing-In-Memory", In IEEE TCAD, 2021

[ = CHAIRFOR
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Lowering examples (somewhat beyond matmult) 7
def contr(intl6(K,L,M) A, intlé6(L,K,N) B) linalg.matmul (32, %B, %C)
-> (intl6 (M, N) C) ﬂ,lowers to
{ // tiled GEMM in the CIM dialect
c(m,n) += A(k,l,m) = B(,k,n) %c0 = constant 0 : i32
} $¢l = constant ‘1. § 132
| lowers to $id = constant 0 : i32 // tile id
%0 = linalg.transpose (%2, {2, 0, 1}) scf.for %1 = %c0 to %tiledRows step %cl {
$1 = linalg.transpose (%8B, {1, 0, 2}) scf.for %) = %c0 to %tiledCols step %cl {
%2 = linalg.reshape (%0, {0, {1, 2}}) $tileC = cim.copyTile(%C, %i, %3J)
%3 = linalg.reshape (%1, {{0, 1}, 2}) % tempTile = cim.allocDuplicate (%tileC)
// eligible for offloading to CIM scf.for %k = %c0 to %numTiles step %cl {
linalg.matmul ($2, %3, %C) $tileA = cim.copyTile (%A, %i, %k)
$tileB = cim.copyTile (%B, %k, %3J)

// loop fnterfhangedoGEMM' ) clin wEite(Bid. SLilen)
scf.for %k = %c0 to %numTiles step %cl { ¥ i T % .
o “ R B cim.matmul ($id, %tileA, %tempTile)
scf.for $3 = %c0 to %tiledCols step %cl { . : e
= cim.barrier (%id)

$tileB cim.copyTile (%B, %k, %3Jj) ) shiee B tEnpElle

cim.write (%id, %tileB) i late (%tileC. %t Ti1
scf.for %i = %c0 to %tiledRows step %cl { ein.aceumilate (NELIE: Swmmplile)

$tileC = cim.copyTile (%C, %i, %3J)

}

cim.storeTile (%tileC, %C, %i, %3)

cim.storeTile(%tileC, %C, %i, %]) }
) }
. .CHAIRFOR
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Optimization results: Crossbars beyond matmult

A. Siemieniuk, L
Learning Optim
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Execution Cycles
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Racetrack memories

O Racetrack memories (RTM)
.
O Extreme density 7 7
. . Off-chip memory Scratch-pad
O Sequential bit access per cell - »
0 Sequentiality on top of locality = £
. —— Data
. Off-chip memory (DRAM) | ... Control signals
2 Ex.: Placement for tensor contraction ,
Address space

O Different approaches for in-RTM

computin roposed
PUTING PTop b == 4 ¢ Pt * 04 4+ Pt ¢

O Example: Transverse reads ]\ =———x={ Barrier

Fixed layer

d Interesting data-allocation problems AV [

K. Roxy, IEEE T Nano 2020

... =CHAIRFOR
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Example: Hyper dimensional computing (HDC)

O HDC: Embed data in 10 k-dimensions — Von-Neuman Bottleneck!

O Leverage bulk-wise binary operations

@ Inference Training
T — 10 o I
Input tem * Binding * Binding Item
ltems * Permutation * Permutation Memory

Mapping to Memory

* Bundlin * Bundlin
5] HD-Space g Query Class g
Hypervector Erm— Hypervector
s S g

g

L

Query Pl ‘\ Tralnlng Data

~

N Result. DT (Text Corpus)
- \\ Ea nic Closest Similarity ~ "7==-____ P

Base Vectors

t[f00101leec010]—»  (10O[1011eee010 \
' n 1101000---110—>p(ﬁ)0110100~00011 1111110eee101
| O0[011T1011eee001]—»p?3)[021 01110700 11010[10eee110—3HTHR (0111010eee101)
! 3
» d[@XToooTr1eee00a]— p(d)[TT 00100t 10 0101110eee010 (1101010eee110
V4 T
/ Base Hypervectors - Population
/ yp -\\\\\\\\ \\\\ 4-gram Hypervectors Language lext Hypervector
( oo Hypervector
@ HD Vector Rotation @ @ Result
L I I |
Permutation and Binding Bundling Similarity Check

Khan, A. A., Ollivier, S., Longofono, S., Hempel, G., Castrillon, J., & Jones, A. K. (2022). Brain-inspired Cognition in Next

Generation Racetrack Memories. In ACM TECS 2022 B EE areor
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Example: Hyper dimensional computing (HDC) _

INHDCRINFE
Z 10° ~6x faster and 5.3x less energy
£ over FPGA accelerator
2104
=
~
ot LI gl
F& L& dsP &< L& P ¥ g L L - x
,§ o . - ‘ Traini.ng Data
= " Encoder " Sim_C
] . . .
£ 1018 WiP: Adding in-RTM and CAM-
g e ese .
2 based primitives to compiler
1|
c 10 framework
2
g
=

Result
|

slk slv spaswe Similarity Check

Khan, A. A., Ollivier, S., Longofono, S., Hempel, G., Castrillon, J., & Jones, A. K. (2022). “Brain-inspired Cognition in Next
Generation Racetrack Memories” In ACM TECS 2022

.:. H = CHAIRFOR
32 © Prof. J. Castrillon. IMACAW. 2023 comPRER
[/ s s T



Write / Search KEY T
. . R MASK ’ : NOR-type logic circuit IF
Associative Processors with RTMs = T e
L Cell —{ Cell — Cell | {Cell H| |: fEChargs Sense -
' ! : Amplifier !
S kS ok e it s e M | ,
] . . ] B | Cell [—{Cell L Cell [{Cell [ |: RTM nanowire | |
O Search-write computational paradigm with 3| — ™= 7 T |¢}"
= 2
. % 1 Cell — Cell — Cell |— Cell - P s ceess Port Domaln |
CAM-based memories i e e e N -
—{ Cell — Cell —{Cell — Cell | |:
' bg b1 by b3 by
[T T T T 01 LT

0 Use RTM nanowires for multi-bit serial
Stordge Ina Ce” Latency and energy efficiency comparison for 256x32-bit adders

600 1 B Latency e 372
Il GOPS/W 550

d Improved performance and energy 500 {

500

efﬁCienCY! 400

450

- 400

GOPS/W

350

J. P. C. de Lima, A. A. Khan, H. Farzaneh, J. Castrillon, "Efficient Associative Processing - 300

with RTM-TCAMs" 1st in-Memory Architectures and Computing Applications Workshop
(iIMACAW), 2pp, Jul 2023

r 250

0 A
RRAM-Hyper-AP RTM-Hyper-AP RTM-Hyper-AP-opt
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Summary 7

O Challenging & exciting computing landscape!

O Abstractions important to target emerging and domain-specific systems
O Beyond infrastructure: Need execution models of non Von Neumann

O Beyond energy efficiency: undersstanding of full-life-cycle sustainability

P P P for (int e » 9; e < 216; e*+) (
- E § E 1 void cfd_kernel( ’ Nlt KSF:"HT.][’]‘;
Vijke = Akk'A)j'Ai"ui'j'k'c 2 double A(restrict 7](7], “ . "l g
i'=0j'=0 k'=0 ’ double ulrestrict 216](71(71(7], for (int 10 = 9; 10 < 7; 10++) (
double v[restrict 216](71(71(7)) for (iat i1 = 0; 11 < 7; 11++) (
: (,. 2lement 10oc ’orkin::)‘e,lz'v';IZ--)(
o L Lo double t& = 0.9;
What we want for(int e = @; e < 216; e++) { for (int 13 = @; 13 < 7; 13++)
for(int i0 = 9; i0 < 7; *e

8 += AL10)(13) » wled(i1I(12)(13);
t6L10I(11](12) = t8;

for(int ke = 0; ko < 7; e e ceneract on

vlel(iel[jel[ke] = o.¢

for(int i1 3 i

for (i

for(int k1

)
i0+9) {
for(int §0 = 0; jO < 7; je++) {
ko++)
)

s s = v, s
double t10 = 0.¢;
for (int i e i1 < 7; i11e9)
10 += ALIBI[AN] » e7049)(1100(4N]);
vle](i8](i9](110] = t1e;
} )} ) /* end of third contractic

In-memory
accelerator

-.. =CHA|RH)R
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