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Evolution of computing: Breaking walls

A singIeCOre Use muHcore I logfgvé‘eﬁcé&:";ég‘% u%:ggggg%enson
architectures i g g0l galICT Sgfered |
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J. Castrillon, et al. "A Hardware/SofWHeterogeneous Systems", In IEEE Transactie8sale
Computing Systems, vol. 4 _Do=a=pD.-253, Jul 2018.
| Massive parallel and heterogeneous systems
| Specialization: TPUs, Al engines|riBi&
I Novel interconnects & distributed computing
| Emerging memories &nmemory computing
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Evolution of computing: Breaking walls
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Evolution of computing: Software
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Why new abstractions?

v void cfd_kernel(

2 double Alrestrict 7][7],

3 double ulrestrict 2161[71(71(7],
‘ double v[restrict 2161[71(71(7])
s
&

Vijke = E E E Akk' J]'Au’u‘l' i'k'e

i'=03"=0k'=

{
f* element loop: */f
Wha.t We Want - for(int e =9 e < Zﬂﬁ‘; e*+) {

for(int i@ = @; i@ < 7; i@++) {
9 for(int j@ = @; j@ < 7; jo++) {
10 for(int k@ = @; k@ < 7; k@++) {
" vlel(ie][je][ke] - @.@;
2 for(int i1 = 2; 11 < 7; i1++) {
for(int j1 = 2; j1 < 7; ji++) {
for(int k1 = 2; k1 < 7; k1++) {

What we (naively) code “.ieieie: - acerrin

* ALjellir)

wow

" * Alkel[k1]

* * ule](11]0)1](k1];
" }YYrryl}

0 } /* end of element loop =/

0}

What compilers see
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Semantic gap

P P P
'vijk,e=§ E E Aprr Ajjr Ajirthiv jrier e

i'=03'=0 k'=0 3

What we want :

L]
n

2

What we (naively) code

T

s

What performance experts code

performance gap

void cfd_kernel(
double Al[restrict 7][7],
double ul[restrict 216][7
double v[restrict 216][7
{
/% glement loop: #*/f
for(int e = @; e < 216
for(int i@ = @; i@ < 7;
for(int j@ = @; jo < 7,

6; er+) {
Ty ier+) {

1071071,
1071070)

v Jer) {

for(int k@ = @; k@ < k0+*) {
vlellie][je]lCke] = w @;
for(int i1 = 2; i1 < 7; i1+4) {
for(int j1 = 2; j1 < 7; ji++) {
for(int k1 = 2; k1 < 7; k1++) {
viel(iel[jel(ke] += A[i@]l[i1]

YY1 i1}

} /* end of element loop

}

= ALjelri1]
* Alka1[k1]

* ulel[i1]071](k1];

x »“
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void cfd_kernel(
double Al[restrict 7](7],
double ulrestrict 2161[(71C7]1[7],
double v(restrict 2161(71(71(7))

/* element loop: =/
#pragma omp for

for (int e = 2; e < 216; e++) {

double t6[7](71(7];
/* 1st contraction: */
lpragma simd
for (int i@ = 0; i@ < 7; i0++) {
for (int i1 = 8; i1 < 7; i1++) (
/* #pragma simd =/
for (int 12 = 9; 12 < 7; 12++) {
double t8 = 0.09;
for (int i3 = @; i3 < 7; i3++)
t8 += A[10][i3] » ulel[i1][12][i3];
te[i0][i1]0i2]) = t8;
} } )} /* end of 1st contraction =/
double t7[71C71(7];
/* 2nd contraction: =/
u;wr,:',','nn s1ma
for (int i4 = 0; i4 <
for (int i5 = 9; i5 <
/* fpragma simd =/
for (int i6 = 9; i6 < 7;
double t9 = 08.9;
for (int i7 = @; 17 < 7; i7++)
t9 += A[i4]J(i7) » t6(i5)(i6](i7);
t7(i4][i5](i6] =
} } )} /» end of 2nd contraction */
/* 3rd contraction: =/
Hpragma simd
for (int i8 = 0; i8 < 7; i8++) {
for (int i9 = 8; 19 < 7; 19++) {
/* Bpragma simd =/
for (int 110 = 9; 110 < 7; 110++) {
double t10 = 0.0;
for (int i11 = @; 111 < 7; i11++)
t10 += A[i8](i11] = t7[i9](i10][iNn];
vlel(i8][i9](i10] = t10;
} } } /* end of third contraction =/

7, i4++) (
7; 15++) {

i6+4) {

} /* end of element loop */



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

Semantic gap ! performance gap 5 (double vlrestrict 2161(7)(7)(7))

/* element loop: =/

¥pragma omp for

s for (int e = 2; e < 216; e++) {

§p : §p : §P : i void cfd_kernel( ’ double t6[7](71(7];
Vijke = Akk'Ajj’Aii’ui'j’k'e , double Alrestrict 71[71, :: i:rlif"c‘c.:::actzon: */
i'=07'=0k'=0 3 double ulrestrict 216J[(71071(7], 2 for (int i@ = 0; i@ < 7; i0++) (
. double v[restrict 2161[71(71(7]) & for (int i1 = 9; i1 < 7; i14+) (
s { " /* #pragma simd =/
What we want ¢ /v elemant loop: #/ D T By A
. for(int e = 2; e < 216; e++) { for (int i3 = 0; i3 < 7; i3++)
for(int i@ = @; i@ < 7; i@++) { " t8 += A[10][i3] * ulel[i1]012][i3];
for(int j@ = @; jo < 7; jo++) { ; 16[10][111[12.]‘4 t8; _
forint ko = 0; ko < 7; ko) ( s A S
vlel(ie][je][ke] - @.@;
for(int i1 — il < 7;

for( w j144
for(int K1 ; K14 4
vle][ie] += Alie]li1]

* ALjelli1]

‘ . ..‘ ; - 3 . ’];

7 [ tvon | Even | I — Bank Arrary - =3
hitps://www.hpcwire.cola017/04/10/ n e .. M HBMFPGA
vidia-respondsgyoogle-tpu-benchmarking/ n ) [ e mon L

Lee,Sukhanet al. "Hardware Architecturesand : TSVs & Pe;;;\:}y £

L

Jerts code i E

for (int i11 = @; 111 < 7; i11++)

Software Stack for PIM Based on CommerWh
DRAM Technology: Industrial Product." ISCA 2021.

Inrmemory

W t10 += ALE8]1(i11] = t7[i9](i10][iN]);
7 @ vle](i8][ig](i1e] = t1e;
© Pro aCCEIeratOr )22 o } } } /* end of third contraction =/

“ } /* end of element loop */



. faed &
Example for tensors expressions (CFD, ML) - ;

| EXxpressictanguage for tensor operations and optimizations
I Originally for spectral element methods in computational fluid dynamics

= source = ... auto A = Matrix(m, n), B = Matrix(m, n),
Ve (A ® A ® A) Ue var input A : matrix & C = Matrix(m, n); '
) var input u . tensorIN & _ ’ !
Interpolatlon kernel var input output v : tensorOUT & auto u = Tensor<3>(n, n, n);
var input alpha ] & auto v = (A*B*C) (u);
var input beta ] & ] )
v =alpha *( A# A#A#uU. Fortran and C++ integration
[[5 8] [3 7] [16]]) + beta * v
e pi
LR L T P public domain
..4: [.:;.: ."._-:g }I . - s s
g Mg m R o =:'l.-.
Erdrord iy
\ p Feden s e Ty
N. A. Rink, et alGPFDIlangHighlevel code generation for hig T a4 o > N g
order methods in fluid dynamicsO. RWDSLO18. - W2 -"3}}"
N.A. Rink, N. A. and J. Castrillofel®a type-safe imperative '-\_.:!S'.'-
Tensor Intermediate LanguageO, ARRAYO19;:6®. 57 .
. - CHAIR R
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Closing the performance gap
% -
.. : : -+ CFDlang(outer) Interpolation
I Not really optimization magic = 20 - A .
y p g *-=x  CFDlang(inner) ‘," \ A »«.,"“ oy
| Leverage expert knowledge << hand-optimized # 15 - (AN A "X RN
. ” w-v DGEMM S g R O N
| Algebraic identities Seslaneclidized CRUE RN . N Yesindl )
6"‘-:8 - 3 vl /", "
5 - _.,-'/‘.'A,.'""".rr-.:' 4 emery -
& A
Vijk = Z (Akn - (Ajm * (Ail * Uimn)) v
Lm,n 0 T T T T T T
2 4 6 8 10 12
p+1
Vijk = Z (Akn * Ajm) - (Ail - Uimn) .
ey d 20 A Inverse Helmholtz
fY e
”, \\‘ e “."‘.d- ..... o g‘
Vijk = Z (Akn . ((A jm Ail) : u[mn)) Ly 15 ,I' ?‘f*‘*+<> ! '
l,m,n S o- RS SN NP N
O e ,&.-:;Jf?" P v:"’ﬂ:;? k
N. A. Rink, et alGFDlangHighlevel code generation for 5 ?:’jz-;.&:::gf% ________ .
highorder methods in fluid dynamicsO. RWDSLO18. e -
e’
O | | | | | |
2 4 6 8 10 12
+1

A. Susungiet al., "Metaprogramming for Crod3omain
Tensor Optimizations", GPCED18 pfZ9
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Closing the performance gap

I Not really optimization magic
| Leverage expert knowledge
| Algebraic identities

vk = Y (Akn - (Ajm - (Ail - Uimn)) Easy to generate,

lipetad hard to transform
Vijk = Y, (Akn * Ajm) - (Ait * imn) |

I,m,n
Vik = ) (Akn - (Ajm - Ait) - Uimn))

I,m,n

N. A. Rink, et alGFDlangHighlevel code generation for
high-order methods in fluid dynamicsO. RWDSLO18.

A.Susungiet al., "Metaprogramming for Crod3omain Mrailn . | .
3 Actual code variants

Tensor Optimizations", GPCEO18 pf2279
10 © Prof. J. Ca




TeML: Meta-programming for tensor optimizations =

{program) = (stmt) {program)
. . . e
|
I Generalize for crosdomain tensor expressions . - oo
. i - | (id) = @(id): (expression)
I Formal semantiesd composition of transformatio | codegen ((ids)
| init(...)
E lstripmine(l.r.v)] = {expression) | :Zﬂpmﬂ{mz
. . =) c'.\'pr ession
Ao let (iy, ... {ir,xs)...) = o(l) (Texpression) = scalar ()
(b,e.1) = i, Pumll’ = tile(l.v)] = | tensor ([({ints)])
-’ id), iters)? — (iters))
i, =(0,(e=b)/v-1,1) lp = stripmine_n(l/.d,v) | ' (("‘ y e
: & o I, = interchange_n(l,. 2, 2d ~ 2) | vop ((id). (id), [(iters)?, (iters)?])
ipgy=0G+v-ib+v-ip+(v-1),1) L = interchange nls. %.2d—3) | op ((id), (id), [(iters)?, {iters)?]) — (iters))

in (i <‘.; [<’.: 1 xs)]) ) Phprog {Lexpression) := build ({id))
l4-, = interchange_n(l;_,.d.d)) stripmine ((id), (int), (int))

E;llinterchange(l,ry,r2) ] = I’ =interchange_n(l;_,.d + 1,d - 1)
Ac.let (i].... (irl.. ..(l-r_,.XS)... ) ) - O'(I)

0 Clgsoo Unpooes{lngs X8) 550 0o i)

|
| interchange ({id), {int), {int))
| fuse_outer ({id), (id), (int))

| fuse_inner ({id), {int))
| unroll ({id), (int))

{iters) wm [(ids)]
. . . {ids) == (id) (, (id))*
Formally defined Higher-level transformations (ints) += (int) (,Cint))

transformation primitives via composition

A. Susungiet al. "Metaprogramming for cross
domain tensor optimizationr@PCEQ18, 732

- = CHAIRFOR
11 © Prof. J. Castrillon. Keynote, LCTES 2022 B e o



Cross-domain tensor optimization

(a) mttkrp (b) bmm

Cfaed =

(c) sddmm

1.5
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1.54

[ﬂ 0 TensorFlow 18 Pluto I8 TeML ]

el
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] }
~
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wri
o.

[El

2 4 8 1 2 4

Cores Cores
(d) gconv (e) interp

v
°
-

”™
e

2 Performance of Pluto
could be reproduced

<
~

0.7

Higher abstractioh
more optimization
potential

2 1 8

Cores

(f) helm

A. Susungiet al. "Metaprogramming
for crossdomain tensor optimizationsC
GPCEO18, 7@
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TelL: Formal language — added value cfc;d.m

I Core common to multiple tensor languages "###&07%+(- 1% "I&0(#1!12
I 3"#"$Y
I Indexfree notation and strong type system ¥ . $ . ;
# 7

I Provably no outof-bound accesses 4 j ;((; H iso
; | 0
950-!@4."8A"B"3@4.">A."&789#422
|+ Context — Memory — (list of Nat) — U ltranspigiyey L pljyy.- -y Jtapseop Jigpeces Jk| =
Ix|Tpi=pxi le]T ulir,- ... | TR j W
()] T pi=[e]T pi [diagio iy e] T pljrs- -« sdig=1sJigsJige1s -+ s j W — Y K
laddepey|[Tpi= e Tpi+ e Tpi :.el]r”lj"'"'j""'."j""’j""*" T 'jf""j""j“ -2 Jk]
:mul e C’ll] Tpi= [[eo]] ['p l_l . [[elﬂ rp-l-. if tyPe;~Fe(.) =] ﬂexpa_fe']; ;D;lr[l/l] [Jlj,_':‘_jlnfljlﬂjkl e
leg) Tpi-[e]T i, otherwise :
[prodeo es] Tt Go#iy) = [eol T prio - [ea] T i ﬂpr‘oj'i me] I"p T ...,j;_l,{',‘ - .,j.,\.] =
if rankr(eg) = length(iy) and ranky(e,) = length(i,) el T plin. . dictomajis k]
‘redsiel Tulin. ... ji-tdiveeoadi ] = 20 led T p iy, oo sjicram,jiy ..., ir] . if typer(e) = [ny,..., [[THRTE 0 TR T N+
N.A. Rink, N. A. and J. Castrillofel®a type-safe imperative Tensor Intermediate LanguageO, ARRAYO1%®p. 57
13 © Prof. J. Castrillon. Keynote, LCTES 2022 “tn =§§£‘Ehﬁim



TellL In MLIR

I"H$%E ('

n

llllllll

' Primitive ops instead of index maps e il I~
| Easier to express identities (@gtrfs) e P PAERE
. . . . - - - $8% I"#$ ‘< o()
I Uses symbolic math, infinite precision T [
$)(%*+(
| Scalar types )&
| Scllprovides scalar operators I o B
| ScllprovidesRationalsNeutrals, E i;
1 C &0+, ,
| Base2 providegparametric T e
. s | IOl 34 — > 2134 | i
binary number types ’ S
| Based2 models (custom) hardware --------- IS,
i 19+)+ /i/ I
14 © Prof. J. Castrillon. Keynote, LCTES 2022 ' - —----" 1 o




Multi-level lowering with MLIR

I Encoding transformations

" # $%&(O*+S, - . 0 (((

11 # $%&'(6,%2 17 17 0 (((
18 # $%&'(6,%2 11 17 0 (((
19 # $%&'(6,*2 18 1 0 (((
" # $%&'(,%2 53225 - 19

11 # $%&'B6,*2 '=>1?7 0
$%+@*AB/B/ C-<D>
$%+@*AB/B/B/ C-<D

18 # $%&'(2&34 8 9 11 0O (((

" # $%&'(,%2 8 18 0 (((

15
B 44

Fission 11 # $%&'(2&34 - . !/ 0 (((
" # $%&'(,%2 53225 - 11 0 (((

11 # $%&'(6,*2 17 11 0 (((

T 19 # $%&'(,%2 53225 8 18 0 (((
Distributivity 1< # $%&'(6,2 17 19 0 (((

" # $%&'(6,52 17 1< 0 (((

IE # '&+3'4($%+@*,F,%@G36%7?
HI&>J>KIMDI&L> 1&>J>KLMDIJ>KLN

Fusion (O
'&+3'4(P3%P:
&+@=> 1E 0 (((L
*$@I1!" 0 (((L
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Domain-specific optimization

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

t=(S®(s® @ w"),, )

t=CRSR®S u)axbyczxyz @ @ kernel @

©:0.0a |2
B %
Og

&S
0%
©

bcx

ax

©
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FPGA code generation: Bus-attached FPGAS S

1 H2020 EU Project: Convergence HPC, Big Data and ML /'/I"\.
C. Pilato, et al. "EVEREST: A design environment for estr@l@big data analytics on heterogeneous o’
EVEREST

platformsO, DATE 2021

I Inverse Helmholtz Kernel s feveresth2020
pS.//everes .eu
Lifetime analysis Menosyne
ve=(S®S@S)D.'(S' ®S' ®ST) u, (polyhedral analysis) memsubsystem gen (buffer sharing
t =S #S # S # u
o = by & B
v S # S # S # r

s [l{ma—» ACC,
* cen 'lr — =

AlMsBs) PLM, , [€=> ACC, .,

K. F. AFriebe] S.SoldaviniG. Hempel, C. Pilato, J. Castrillon, "From De8jzecific Languages to Memedptimized Accelerators for Fluid
Dynamics", Proceedings of the FPGA for HPC Workshop, held in conjunction with IEEE Cluster 2021, Sep 2021 . m
gg"&’.{d
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https://everest-h2020.eu/

FPGA code generation: Bus-attached FPGAs Sl

1 H2020 EU Project: Convergence HPC, Big Data and ML : '.
) g g PR

I Exploring configurations on small FPGAs *
I Example on Inverse Helmholtz kernel EVEREST

https://everesth2020.eu

8 =02 . 10 No Sharing 496
é 400 Y/ BlNo Sharing (Theory)
= 6 ; 0o Sharin Max
4.86 e g
g 4 = A e 288
’ £ 200 124 144
2 1.00 0.90 0.69 2 62 79 H
] — o0 31 36 H
§- A A =X \6
Q¥ ¢ %Z ¥ 7 1 2 4 8 16

K. F. AFriebe] S.SoldaviniG. Hempel, C. Pilato, J. Castrillon, "From DeS8yeacific Languages to Memedptimized Accelerators for Fluid
Dynamics", Proceedings of the FPGA for HPC Workshop, held in conjunction with IEEE Cluster 2021, Sep 2021
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FPGA code generation: HBM FPGA ?t

1 H2020 EU Project: Convergence HPC, Big Data and ML //I\"\\
' HBMFPGA and Cloud FPGA (ongoing) EVEREST

https://everesth2020.eu

150

g cu
00 System
: Intel

108.286

| 103.018

100

52.393

GFLOPS

IR

S.SoldaviniK. F. AFriebe| et al. OAutomatic Creation of HBgindwidth Memory Architectures from DosSgiecific Languages: The Case of
Computational Fluid DynamicsGArXiy, arXiv:2203.10850 (Mar. 2022)
. = CHAIRFOR
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FPGA code generation: HBM FPGA

I H2020 EU Project: Convergence HPC, Big Data and ML
I HBMFPGA and Cloud FPGA (ongoing)

tttttttt

EVEREST

150
Ag Cu § ® ‘ https://everesth2020.eu
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1z £ 2 g (H_3% 2 s . 88z |
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Emerging data-centric architectures =
I Compute (almost)place, avoid data “hom A o [ e 2
movement, transformations to match primitives 2’;‘_’:‘:‘:<. ‘ s005: g 55T,
I Novel archltectu_res for nearemory and m Communicatidn
memory computing dominates
arithmetic——

Bank Array

Bartolini, S., an8iagioP. "Parallel

e Programming in Cybd?hysical

Bt i : ( ] Systems." CybePhysical Systems
i 7 e ey Security. Springer 2018

PIM
CUBOT

y Unit

Samsung Lee Sukhanpet al. "Hardware Architecture and UPMEMoy G—mektuna, Juan, et al. "Benchmarking a new paradigm: An
Software Stack for PIM Based on Commercial DRAM  experimental analysis of a real processingnemory architectureatXiv
Technology: Industrial Product.” ISCA 2021. preprint arXiv:2105.03814 (2021).

. “m CHAIRFOR
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. . . : Cfaed &=
Emerging memories and IN-Memory computing >

I Compute wplace, avoid data movement, transformations to match primitive

In-PCM Computing In-RTM Computing

—.  Crossbar of memristive devices || |NRRRMRUGIRHIIL N~ oeeeeckeeeeeeeeey geeeeeess e W T §
Ny E 3
al1 \\rl :-“/ '::t .:“l {“4 ::4 ; §
a’ ry <y wr | @ ————d  JE 7 | et s e ' -
2 ,—';I h '2:_' q’ i '3'5’ - I A ~ :E."x z
GI'+21 ’ Gl-21 ’ ' :H-Fz 'L.;Il‘ RO wm '{l:: surz
a4 e NN X A T o S """"1';;;'& """"
\7 \7’ \7 Y. Wang et al., "An Energgfficient Nonvolatile in
Memory Computing Architecture for Extreme Learnin
Machine by Domaiwall Nanowire Devices," in IEEE
’1 ’2 , 128 Transactions on Nanotechnology, 2015.
=l I EEn

Joshi, Vinay, et al. "Accurate deep neural network inference

using computational phaskange memoryNature Parkin, Stuart SRJasamitsidayashi, and Luc Thomas. "Magnetic domalh
Communicatisril.1 (2020): +13. racetrack memoryScience320.5873 (2008): 19G194. I
22 © Prof. J. Castrillon. Keynote, LCTES 2022 wwow 28:5#2‘.,“.:'.0..



Emerging memories and in-memory computing

I Compute wplace, avoid data movement, transformations to match primitive

In-PCM Computing

Crossbar of memristive devices ] [

In-RTM Computing

a
d

What are primitives in tmemory computing?
d. | InPCMdot-products,non-linear functions E -

I InRTM bulk logic anahajority operations efficient countingE =

I Others: (approx.gontentaddressablememoriesHeFETE&) e

in IEEE

ri
%

=l s

—_ L 4 '.' r'
w
Joshi, Vinay, et al. "Accurate deep neural network inference . . . } _
using computational phashange memoryNature Parkin, Stuart SRJjasamitsidayashi, and Luc Thomas. "Magnetic domalh

Communicatiodd.1 (2020): 113. racetrack memoryScience320.5873 (2008): 19G194.
. - CHAIR
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End-to-end compiler for PCM acceleration

I MLIR frontend for general tensor expressions

| Reuse GEMM transformations fitoralg (in MLIR)
' Highlevel transformations and loweringG@&MV dialect

&,0 SXQWLPH
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= [ |
WE 7KH 2SHQ &,0 &RPSLOHU 2&& 3,835
: O O O
AYa[sy 2 Tm o e T T T | +|=] = = = +RVW ED NHQG
i )URQWH :‘Aﬂ - —|:) o e T T T | —TE (()) ﬂﬂﬂﬂﬂ 6_§ L _'6W $VVHPE HU

- J - J L J i Z\
Y R Y
*(00 FHQWULRDUGZDUH VSHFLAF *HQHULF ¢ @ i ?

KDUGZDUH DJQRVSVDLMVHV '&( &6
SDVVHV ,167&0% MLIR

A. Siemieniulk..CheliniA. A. Khan, J. Castrillon,xebes H.Corporaal T. Grosser, M. Kong, "OCC: An Automateedt&fthd Machine Learning
Optimizing Compiler for ComputihgMemory", In IEEE TCAD 2021
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cfaed i

Lowering examples =
def contr(intl6(K,L,M) A, intlé6(L,K,N) B) linalg.matmul (%A, %B, %C)
-> (intlé6é(M,N) C) ,U, lowers to
{ // tiled GEMM in the CIM dialect
cC(m,n) += A(k,l,m) >~ B(l,k,n) %$c0 = constant 0 : i32
} %$cl = constant 1 : 132

$id = constant 0 : i32 // tile id
1}) scf.for %i = %c0 to %tiledRows step %cl {
scf.for %] = %c0 to %tiledCols step %cl {

| lowers to
$0 = linalg.transpose (%A, {2, O,

s j e, 8 2 OISR
%3 = linalg.reshape($1, {{0, 1}, 2}) —> stempTile = cim.allocDuplicate (%tileC)
// eligible for offloading to CIM scf.for ¥tk = %c) to 3numTiles step ¥cl {
liiles - cimsmmasay B 3

// loop interchanged GEMM cim.write(%ié, $tileB) ! !

scf.for %k = %c0 to %numTiles step %cl { : . . .
scf.for % = %c0 to $tiledCols step %cl { Sim.Matwul (sic, Stileh, Stevpiile)

$tileB = cim.copyTile (%B, %k, %3) cim.barrier (%1d)

cim.write(%id, %tileB) @ // tileC +; EemgT.'lieC . Til
scf.for %i = %c0 to %tiledRows step %cl { : cim.accumulate (3tileC, 3%tempTile)

$tileC = cim.copvyTile (%C, %1i, %]
PY \We. ke I cim.storeTile (3tileC, %C, %i, %7)

}
}

cim.storeTile (%tileC, %C, %i, %3j)
. - CHAIRFOR

}
} 1. Keynote, LCTES 2022 e o
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Optimization results: Beyond Matmult =

Bnarm ile ! ttilesinterchange | B tile+parallel I ¥ tile+interchange+parallel

Bnarm  tileln tilc+inlcrchange ! I tile+parallel # B tile+interchange+parallel
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Racetrack memories and shifts

Latency highly depends on allocation and address traces

Systerrevel simulators (interoperable w/ e.g. gemb)
Compiler optimizations for scalars, arrays and instruction:

[ nsiuction memory |
ey

Off-chip memory Scratch-pad
interface memory (RTM)

0ﬂ‘~ch|p memory (DRAM) | T Dta

s Control signals

Address space

Sense amplifier

Khan, et al. RTSimA Cycleaccurate Simulator for Racetrack Memories”, In IEEE Computer Architecture Letters, 2019
Khan, et al. "Generalized Data Placement Strategies for Racetrack Memories", DATE 2020
Khan, et al. 8hiftsReducéMinimizing Shifts in Racetrack Memory 4.00, ACM TACO 2019

Multanenet al. OEnerggfficient Instruction Delivery in Embedded Systems with Domain Wall MemofpQERE

UL CHAIRF
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Tensor expressions on RTMs

I Consecutive accesses can begtméed
I Avoid Orewinding the tapeO

/01234/567489:;4 /01234/567489:;4

/<=58=>?7489: 4

[<=58=>77489::4

C7@#>A%,B B7@#>1A%(B ST@H#>IA*GB
Hfo; +, | | [} ..;. +’ (@) (@) LN ) E\tg
S . 3, $, 2
oS ' ° L +( 2'4:;
;%} +( ( ® ° e - (¥ >< . . — : S‘S\z
% N o« o 1 %
- ! 5, 3 $1%( ! Ia

wgo6l HSO( HSY&IY(

L™
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Latency comparison vs SRAM

I Unoptimized and nasve mapping: Even worse latency than SRAM
| 24% average improvement (even with very conservative circuit simulation)

w

OSRAM ORTM-nasve ORTM-opt ORTM-opt-ps — — — —

11 OB R ) ) ) L

4 8 16 32 64 128 256 512 1024 2048 Avg
Tensor size

Normalized latency
= N
= 6] N a1

o
o

o

A. A. Khan, et al'Optimizing Tensor Contractions for Embedded Devices with Racetrack MemorP&isétchCTESO19, {ii8,52019
A. A. Khan, et al. OOptimizing Tensor Contractions for Embedded Devices with Racetrack and DRAM MemoriesO. ACM TECS 2020
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Energy comparison vs SRAM

I Higher savings due to less leakage power
| 74% average improvement (in addition to savings due to DRAM placemen

=
N

OLeakage Energy ORead/Write Energy O Shift Energy

[EEY
|
|

|

o
0
[
[

o
SRAM

RTM-opt [T 11
RTM-opt-ps |__T 1]
RTM-opt [T 11
RTM-opt-ps [T
RTM-opt
RTM-opt-ps 111
RTM-nasve

SRAM

RTM-naeve

SRAM

RTM-nasve

SRAM
SRAM
SRAM
SRAM
SRAM
SRAM
SRAM
RTM-nasve| T [ ]

RTM-opt
RTM-opt-ps |__T 1]
RTM-opt
RTM-opt-ps |__T 1]

Normalized energy
o o o
N N »
RTM-nasve
RTM-opt
RTM-nasve
RTM-opt
RTM-opt-ps
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RTM-opt [T 11
RTM-opt-ps [T [
RTM-nasve
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RTM-opt-ps [T 1]
RTM-nasve[ T [ ]
RTM-opt
RTM-opt-ps [ 1]
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RTM-opt-ps

128 256 512 1024 2048

I
(o9}
=
»
w
N
D
I

Tensor size

A. A. Khan, et al'Optimizing Tensor Contractions for Embedded Devices with Racetrack MemorpP&its&@chCTESO19, {118, 52019
A. A. Khan, et al. OOptimizing Tensor Contractions for Embedded Devices with Racetrack and DRAM MemoriesO. ACM TECS 2020
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Generalization: RTM optimizing compiler

1 Jointly optimize layout and operation scheduling
' Interplay with other (polyhedral) loop optimizations: Tiling, fusion, E

T 033522(=-.9Y
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Khan, et al. "Polyhedral Compilation for Racetrack MemoriesO. IEEE TCAD 2020
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Example: Optimizations for strencils for RTM

I Average improvements in performance (~20%) and energy consumption (-

rtmst ®rtm-slt ©isl ®wisl-rtmst © isl-rtm-slt

150% 1 =

120% -

90% -

60% -

30% -

RTM Shifts (normalized)

0% -~

5 B o 5 > 5"0 = g 5§ z =8 = ‘3 =4 > K] ‘ =z E 4 = =
EASBEEEEENEEEEEEEEE LRI EEER R
5 “ 3 3 T 5 8 § ° & “ 8 5 3 % % g 3 @ £ & £ 5 e ¢
E S § 2 g 8 8 = 8 = & 5 & 8
B o o B2 . <
s = Kernel cosmo
Khan, et al. "Polyhedral Compilation for Racetrack MemoriesO. IEEE TCAD 2020
! B cyareon
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Random forests =

root
I Popular way for decision making @ edge \‘o
. left subtree right subtree
I Example of lespredictable access = W
I Use training statistics for tree placement
10% 90% 50
B<15?
s )] s T3 DT4 s— )T s—— DT 10 DTS s DT20
2 2 B 2 2 2 2
38 13 Bg 3.2 E_g. %g 3.3
Eég 43 $Z3 g3 3 8% 35 8z 3
=2 o = = =2 o = = =2 o
S B O Q= u S RE OE Q=g UHSE J=u B UHOF o=e3 23 g5 S2E3 ;E‘ SEETEL
S R R e i i s
¥ o © C.Hakert BLOwingTrees to the Ground: Layout
iz Optimization of Decision Trees on Racetrack
A _‘ J ]l MemoryO, DAC 2021
. ' *
0.8x - o * b o *he _
e
0.6x == X * * X g * X ° he
e @ * * Xy ‘: x| | & K wee  Naive placement
* p X X L]
0.4x = 0% | 8 .:0 3 X & X 5 bl B4 bd by e BLO.
* 60390 O <Ok : X “ '3'.&*:* a ° ’ *' N o * * ShiftsReduce
0.2x = ® gl .‘9*..*.'.0." o :: o it . i
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In-RTM computing

I Transverse reads

I Pass current through nanowire (not for shifting)
| Sensed resistance correlates with the amount of ones (group XOR)

lr..‘,:@? t K‘ v .._.-.-- Barrier

1 Fixed layer
K. Roxy, IEEE T Nano 2020

AV * I 'ro.d

I Studying how to generalize from this through kamatted designsE
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Example: Hyper dimensional computing (HDC) it _-

I HDC: Embed data in 10dimension®VonNeuman Bottleneck!
| Leverage bulkvise binary operations
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Khan, A. AQllivier, S.,LongofonpS., Hempel, G., Castrillon, J., & Jones, A. K. (2022)-iBspired Cognition in Next

Generation Racetrack Memories. In ACM TECS 2022 [ JILL P
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Example: Hyper dimensional computing (HDC) Cf;%

{1HDCR ! " FPGA

2 108
g 5-$.9/
3} 9(:.$8.$/ I
Eot5 9()5*&-'.03 yose
§ 9(:&$8<.$/ P
O‘ 4

10

~6x faster and 5.3x less

? “Encoder "Sim €I energy over FPGA accelerator
2. 10'°

: i

§ 10' ‘ : KJ KJ 3®'\
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Khan, A. AQllivier, S.,LongofonpS., Hempel, G., Castrillon, J., & Jones, A. K. (2022).-dBpaiad Cognition in Next
Generation Racetrack MemoriesO In ACM TECS 2022
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Summary

I Tame evemncreasing system complexity
' Domainspecific abstractions, compilation flows, E
' Example for tensor expressions
| Optimization for CPU,-imemory, RTM placement, E

I Challenges
' Understanding and modeling primitives from down bel
| Simulators, prototypes in interdisciplinary research effi*
I Optimization/DSE: MIstmpler heuristics useful again? ’
I Joint work across stack layers will be key! . T{;‘:‘l

J. Castrillon, et al. "A Hardware/Software Stack for Heterogeneous Systems", In IEEE
Transactions on Mufcale Computing Systems, 2018
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