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Emerging systems: Examples
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Emerging systems: Examples 7

Extreme heterogeneity, non Yon Neumann paradigms, custom
number representations, custom data mapping, complex APls, ...
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void cfd_kernel(
double A[restrict 7][7],
double u[restrict 216][7][7]1(7],

Abstractions and compilation s Sallevipteyis 510D

/* element loop: */

#pragma omp for

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

2 : 2 : } : 1 void cfd_kernel( :
Uijk,e fikk’quj’fqzVQLZJ’k’ , double A[restrict 71[7] 10 g*1st<mpifcmon:*/
’ 1 pragma sim
t'=075'=0k'= 3 double ulrestrict 216][7][7]1[7], s for (int i@ = 0; i@ < 7; i0++) {
4 double v[restrict 2161[71[71[7]) 13 for (int i1 = @; 11 < 7; i1++) {
s { 14 /* #pragma simd x/
1 for (int i2 = @; i2 < 7; i2++) {
6 /* element loop: */ 3 &
What we want S for(int & = 0; 6 < 216; et) { «  BREOEe . .
: R ] H ' 17 for (int i3 = 0; i3 < 7; i3++)
8 for(int i@ = 0; i0 < 7; i0++) { 18 t8 += A[i@][i3] * ulel[i1][i2][i3];
9 for(int jo = 0; jo < 7; jo++) { 19 t6[ie][i1][i2] = _
10 for(int ko = 0; ko < 7; ko++) { » (}’ }bi /:7?7“]1(;;[17;? contraction */
n V[E][i@][j@][k@] =0.9; :: /:u2n§ contraction: */
12 for(int i1 = 0; i1 < 7; i1++) { S #pragma simd
for(int j1 = 0; j1 < 7; j1++) { 2 for (int i4 = 0; 14 < 7; i4++) {
. for(int k1 = 0; k1 < 7; k1++) { 25 for (int i5 = 0; i5 < 7; i5++) {
What we (nonvely) code v[el[i01[jeI[ke] += A[i@1[i1] . ;;,”;;:if";’;;"‘g.*ge ey
* AEjQ][j]J 28 double t9 = 0.90; ,
17 * A[k@][k1] 2 for (int i7 = @; i7 < 7; i7++)
18 * ulel[i1][(j11Ck1]; 30 t9 += A[i4][i7] = t6[i5][i6][i7];
3 t7[i4][i5][i6] = t9;
” 3*} }d} 11 }l 1 32 } } } /* end of 2nd contraction %/
w0 } end of element loop */ 33 /* 3rd contraction: */
21 } 34 #pragma simd
35 for (int i8 = 0; i8 < 7; i8++) {
36 for (int i9 = @; i9 < 7; i9++) {
/* #pragma simd */
for (int i10 = 0; i10 < 7; i10++) {
What performance experts code double 110 = 0.0;
for (int i11 = @; 111 < 7; i11++4)
)] t10 += A[i8][i11] = t7[i9][i10][i11];
. 2 vle][i8][i9][i10] = t10;
© Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024 i 3.5 Feanl oF BRIFG contructicn ot
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Abstractions and compilation
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1 void cfd_kernel(
2 double Alrestrict 7][7], r
3 double ulrestrict 216]1[7]C7](7], 12
4 double v[restrict 216]1[71[71[7]) 13
5 { 14
6 /* element loop: */ i
;  for(int e = 0; e < 216; e++) { ;
8 for(int i@ = 0; i@ < 7; i0++) { 18
9 for(int jo = 0; jo < 7; jo++) { 19
10 for(int ko = 0; ko < 7; ko++) { 2
v[e][10][J0][k0] = 0.0; “
for(lnt i < 7; i1+4) {

; 31) {
< 7; kK1++) {
+= A[i0][i1]
* A[jol[j1]

for(int
vlelli

HBM+FPGA
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void cfd_kernel(
double A[restrict 7][7],
double ul[restrict 216][7][7](7],
double v[restrict 216][7]1[71(7])
{
/* element loop:
#pragma omp for
for (int e = 9; e < 216; e+t)
double t6[71(71[7];
/* 1st contraction:
#pragma simd
for (int i0 = 0; i0 < 7;
for (int i1 = 9; i1 < 7;
/* #pragma simd */
for (int i2 = 9; i2 < 7;
double t8 = 0.9;
for (int i3 = 0; i3 < 7; i3++)
t8 += A[i@]1[i3] * ule][i1][i2][i3];
t6[i0][i1][i2] = t8;
} } } /% end of 1st contraction */
double t7(71(71[7];
/* 2nd contraction:
#pragma simd
for (int i4 = 0; i4 < 7;
for (int i5 = @; i5 < 7;

/% #nraema simd x/

*/

*/

io++) {
i1+4) {

i2++) {

*/

i4++) {
i5++) {

Bank Array

PIM
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Abstractions and compilation

Need for higher-level programming abstractions and next-gen
compilers as well as novel computational and costs models for
emerging accelerators
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Abstractions: Tensor expressions (Physics, ML)

O CFDlang

— >3

p P P - :
Vijk,e = SJ 51 SJAkk'Ajj’Az‘i’uz"j’k’e

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

source =
var input A matrix
var input u tensorIN

var input output v
var input alpha : []
var input beta : []

v=alpha * (A#A #A #u

Plenty of other great DSL examples, e.g., Spiral, TACO,
Halide, Lift, Firedrake, ML frameworks, ...

tensorQUT

22 22 & 2 2

[[5 8] [3 7] [1 6]]) + beta * v

+=+ CFDlang(outer)
*=--x  CFDlang(inner)
O--< hand-optimized
¥-v DGEMM

=0 gpecialized

© Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024
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N. A. Rink, et al. “CFDlang: High-level code generation for high-
“luid dynamics”. RWDSL’18.
\eta-programming for cross-domain tensor
E'18,79-92.
| J. Castrillon. “Tell: a type-safe imperative
 Language”, ARRAY’19, pp. 57-68

L = CHAIRFOR
HON W compPILER

CONSTRUCTION



Tensor intermediate language (Tell) in MLIR

O MLIR: Multi-level intermediate reps. @

Affine
1 Define own abstractions and transforms MLIR § i

i
<« O
g

O Progressive lowering (and raising)

Standard
; \4 \4 ;
. el . . : MLIR LLVM IR 5
O Tell: Primitive ops instead of index maps 5 MLIR |
O Easier to express identities (big-O trfs) LLVM IR
d Uses symbolic math, infinite precision _materialize
. ’// ‘\‘\\\*
O Lowers to SW and/or HW (with custom ‘ vased |- - Pt o Tpamb )
. fdl ;
number representations) T war ] et o] tensor
N =" \\ , /
oL _19v!e3-_’ linalg : _e_x;_)o_rt B @
S. Soldavini, et al. “Automatic Creation of High-Bandwidth Memory Architectures from Domain- R lower affine I
Specific Languages: The Case of Computational Fluid Dynamics”. In: ACM TRETS, 2023 Tt |\\ lower _yl SCf

K. F. A. Friebel, J. Bi, J. Castrillon, "BASE2: An IR for Binary Numeral Types", In ACM HEART 2023 Tt T
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Compiling for near/in-
memory
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Colorful landscape :

The Landscape of Compute-near-memory and
Compute-in-memory: A Research and Commercial Overview

[ ]
3 Lots in and near memo ry sys’rems! ASIF ALl KHAN, TU Dresden, Germany
JOAO PAULO C. DE LIMA, TU Dresden and ScaDS.AI, Germany
HAMID FARZANEH, TU Dresden, Germany
JERONIMO CASTRILLON, TU Dresden and ScaDS.AI, Germany

2024

A. Khan, et al "The Landscape of Compute-near-memory and Compute-in-
memory: A Research and Commercial Overview." arXiv:2401.1442 (2024)

Operation Type
[ T T cinm. {add,sub,mul,div,min,max}(%lhs, %rhs) T XT —T
ey [ass] ek — s cinm. {and,or,xor,not}(%lhs, %rhs) TXT ST
' cinm.gemv(%lhs, %rhs) SmXn x gn _, M
cinm.gemm(%lhs, %rhs) Smxk x gkxn _y gmxn
| Commonqliﬁes cinm.transpose(%in, %perms) S*"xN* - §
cinm. {histogram,majority}(%in) sn — sk -
. . cinm.topk(%in, %k) S"XxN - S*xXN
4 Hierarchical HW cinm.simSearch #E, #k (%inl, %in2) Ex Nk x 8" x §" x N — Sk
. . cinm.mergePartial #op #dir (%lhs, %rhs) EXDXTXT—-T
 Common high-level operations cinm. popCount (%in) T >N
cinm.reduce #op (%in) ExS*"—> S
A. Khan et al, "CINM (Cinnamon): A Compilation Infrastructure for cinm.scan #op (%in) ExS" — S"

Heterogeneous Compute In-Memory and Compute Near-Memory
Paradigms", ASPLOS’25

... = CHAIRFOR
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CINM: Generalized MLIR infrastructure [

O From linear algebra abstractions (common to ML frameworks and beyond)
O Intermediate languages for in and near memory computing
O Pattern recognition, target-specific models and optimizations

= Ry ( )

O PyTorch  Description Lowerin g /le eline Target device/simulator
» Target device selection

1F TensorFlow linalg

- N Abstraction over
. tosa CINM devices
Supported architecture Abstraction over cnm/cim

specification programming models

Di‘ggter;gt’%?\sénc Device-specific abstractions
L : and optimizations

crossbar scf & arith

Host backend

Linker

Generic optimizations &
conversion to LLVM IR

Device/simulator
APls

" . - DISRUPTIVE MEMORY TECHNOLOGIES
A. Khan et al, "CINM (Cinnamon): A Compilation Infrastructure for Heterogeneous Compute In-Memory and 2977 DEG PRIORITY PROGRAM 2377

Compute Near-Memory Paradigms”, ASPLOS’25
H. Farzaneh et al. “C4CAM: A Compiler for CAM-based In-memory Accelerators”, ASPLOS'24

L = CHAIRFOR
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CNM architectures

d Commonalities

O Many PIM units, fixed-/multi-function

O Multiple address spaces

0 Can be synchronous/asynchronous

PIM-enabled Memory

B

Gobmez-Lunag, Juan, et al.

O Abstract programming model similar arXiv:2105.03814 (2021)

to GPUs: scatter, execute and gather HBM DRAM Die

BANK BANK BANK

PIM PIM PIM
UNIT  UNIT UNIT

BANK BANK BANK

TSVs & Periphery
BANK | BANK BANK  BANK

M S T T N Y AT a T a Ve Ve e Ve Ve VAT e Ve Ve VA Ta W e v

Lee et al., FIMDRAM, ISCA 2021

... =CHAIRFOR
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UPMEM example: Matmult

BARRIER_INIT (my_barrier, NR_TASKLETS) ;
int main() {

{

{

{

barrier_wait (&émy_barrier);
int32_t point_per_tasklet = (ROWS*COLS)/NR_TASKLETS;
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
* sizeof (T));
for(int i = (tasklet_id » point_per_tasklet) ; i < (
(tasklet_id+1) xpoint_per_tasklet ) ; i++) {

if( new_row != row ) {

(uint32_t) (DPU_MRAM_HEAP_POINTER + 2 % ROWS % COLS

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 x sizeof (T));
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UPMEM example: Matmult

def mm (int32 (64, 64) A, int32(64, 64) B) -> (int32 (64, 64) C) {
C(i,3j) += A(i,k) * B(k,3J)
where i in 0:64, k in 0:64, j in 0:64

%3 = cinm.op.gemm %0, %1 : (tensor<64x64xi32>, tensor<64x64xi32>) -> tensor<64x64xi32>

Tiling to fit on hardware

-4

L IC L I ® 000

%2 = affine.for %arg0 = 0 to 64 step 16 iter args(%argl = %0) -> (tensor<64x64xi32>) {
%3 = affine.for %arg2 = 0 to 64 iter args (%arg3 = %argl) -> (tensor<64x64xi32>) { J
%A slice = tensor.extract slice %AT%argO, 0] [1le, 641 [1, 1]
$B slice = tensor.extract slice %0[%arg4, %arg2] [64, 1] [1, 1]
sres cinm.op.gemm %A slice, %B slice

(tensor<1l6x64xi32>, tensor<64x1xi32>) -> tensor<l6xlxi32>
t = tensor.insert slice %res into %C[%arg0, %arg2] [l6, 1] [1, 1]

o°

}
affine.yield %3 : tensor<64x64xi32>

. . . . r |l . . . .
€

... = CHAIRFOR
15 © Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024 L.
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UPMEM example: Matmult

%2 = affine.for %arg0 = 0 to 64 step 16 iter args(%argl = %0) -> (tensor<64x64xi32>)
%3 = affine.for %arg2 = 0 to 64 iter args(%arg3 = %argl) —-> (tensor<64x64xi32>) ({
// extract slices

%5 = cinm.op.gemm %A slice, %B slice
(tensor<1l6x64xi32>, tensor<64x1xi32>) -> tensor<l6xlxi32>
insert slice back

}
affine.yield %3 : tensor<64x64xi32>

cinm-to-cnm

%wg = cnm.workgroup : !cnm.workgroup<lxléxl>
// input preparation

%A buf = cnm.alloc() for 3wg lecnm.buffer<64xi32 on 1lxloxl>
$B _buf = cnm.alloc() for 3wg lecnm.buffer<64xi32 on 1lxloxl>
%C _buf = cnm.alloc() for 3wg lecnm.buffer<i32 on 1xloxl>
cnm.scatter %A slice into %A buf[#map] of Swg : ... // filling buffers on devices
cnm.scatter %B slice into %B buf[#mapl] of %Swg : ... // filling buffers on devices
cnm.launch %$wg in (%A buf, %$B buf : ...) out (%C buf : ...) {

“"bb0 (%row: memref<6in32>, %col: memref<64xi3§>, gres: memref<i32>):

linalg.reduce ... // %res += Srow * %col

}
cnm.gather 3%C buf[#map2] of %wg into %C slice
cnm. free_workgroup swg

© Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024
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UPMEM example: Matmult

Host code
func.func @main () {
%1 = upmem.alloc dpus 'upmem.hierarchy<lxléxl>
scf.for %arg0 = %$c0 to %c64 step %$cl6 {
scf.for %argl = %$cO0 to %$c64 step %cl {

upmem.scatter %subview[264, 64, #map] onto %1
upmem.scatter %alloc 0[8, 64, #mapl] onto %1
upmem.scatter %0[0, 1, #map2] onto %1
upmem.launch func @dpu kernels::@main %1
upmem.gather %alloc 1[0, 1, #map2] from %1

}
upmem. free dpus %1
return

lupmem.hierarchy<lxl6x1>

© Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024
| R

CENTER FOR

clfaed -

=

Device code

upmem.module @dpu kernels {
upmem. func @main ()
attributes {num tasklets = 1 : 164} {

upmem.memcpy mram to_ wram
upmem.memcpy mram to_wram
scf.for %arg0 = 0 to 64 {

%6 = memref.load %1[%arg0] memref<64xi32>
%7 = memref.load %3[%arg0] memref<64xi32>
%$8 = memref.load %5] memref<i32>

]
%9 = arith.muli %6, %7 : 132
%10 = arith.addi %9, %8 : i32
memref.store %10, %5[]
}
upmem.memcpy wram_ to mram
upmem.return

memref<i32>

I l CHAIRFOR
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Manual designs 2-5x faster than qued fiche
CPU. CINM 1.5-2x faster than 7
hand-optimized code

UPMEM example: Results

cinm-4d cinm-opt—4d cinm-8d cpu-opt prim-4d cinm-opt-4d prim-8d
. cmm opt 8d | I c1nm-16d | I cmm-opt-16d U1 cinm-opt-8d § # prim-16d I ¥ cinm-opt-16d
10 S s e sssscmcsesssasnessssdadsacsasasacs et asasscsasacac At a0t acac st a 0 a0 a0 s 86 8 s b e
2
g -
2 0) g 10
= £2
g %D I I I = 2103
= S oo
Q =R
] =~
< 0 3
=10 5 102
> W R &
& &.& & o‘ & &N

Opi‘lmlzcﬂ'lons dChIeve A. A. Khan,et al. "CINM (Cinnamon): A Compilation Infrastructure for

10x-40x less lines

40%_50% speedup He'rerogentfous Compute In-Memory and Compute Near-Memory
Paradigms"”, ASPLOS’25 of code
(geomean)
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CIM: Lowering examples

def contr(intl6(K,L,M) A, intlé6(L,K,N) B)
-> (intle (M, N) C)

{
C(m,n) += A(k,l,m) = B(,k,n)
}
Crossbar of memristive devices
gl e
| K ER R
2 I—REE - S T wy
G"»1 [ G | I [
a '
s R % K
Yy ¥ y v 00T ¥
b ¥4 \V; \V4
Iy I bg
ﬂ I V_ Y
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Optimization results: Crossbars beyond matmult 7

Bmarm  tile " / tile+interchange ! ¥ tile+parallel I ¥ tile+interchange+parallel

1011

Execution Cycles
(log scale)
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Content-addressable memories (CAMs) and Processors

O Emerging Content-addressable memories (CAM:s)
and associative processors (APs)

O APs: Different programming paradigm based on
search and write

P ' Search 10~1~- " Write ==1-0
_Key | (a) ! (b) | (©)
| "o 1o 11 &1 & 31

Mas - -
_— LT oo {I() $ 3 8 1 I
— Word 0 : N :
] ... .. 1" [1 001 1|[o=1][1 o00=111=0|[1]
= : g | 1
5 [ Word El B2 LSS | L ~
5 = [ FEX Co Jipr v 1 1 ofo]
o ord 2 -a ’ B T B Rt ,
gl R LB -;2, tfr oo o)fo=1]i]1 001 10=0]1]
= : o s [ 3 s I i .
w . - |2 - = : :
................... ~ = i 3 SRR -
Word N Tag |~ [ooo 1 1| 0o JI[0 0 0o 1 1][o
CAM Search all words in parallel  Write all tagged
Selected bit columns for search/write words in parallel

= Bit column is not selected for search/write and corresponding mask bit is set to 0

21 © Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024
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WORD1

WORDnN

WORD n-1

Oy

LOCATION

I Zha, Yue, and Jing Li. "Hyper-AP: Enhancing associative
processing through a full-stack optimization." 2020
ACM/IEEE 47th Annual International Symposium on
Computer Architecture (ISCA). IEEE, 2020.
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CINM: Lowering for different CAM-based acc.
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7

O PyTorch  Description Z.%arglz bank, %arg2: matl %tl= cim.matmul (...) Selective
% 3 %arga: = = ci i
» Ta arg array, 7»arg sub-array %tZ cim.sign (...) sequh
IF TensorFlow hnam scf.parallel (%argl) = ... { scf.parallel (%argl) = ... {
™ e s
scf.parallel (%arg4) = ... { scf.parallel (%argd) = ... {
dist = torch.frobenius_norm(...) cam.search best eucl (...) scf. for (%arg5) = -+ {//selective search
s, v = torch.topk(...) %t3:2 = cam.read best (...) L.
%t4 = cam.merge_partial_subarray cam.search best eucl (...)
s %t3:2 = cam.read best (...)
l }} e MC %t4 = cam.merge_partial_subarray (...)
)
%v:2 = cim.execute(... o -
%t1 = cim.norm (f”)) ({ %t1= cim.matmul (...) TCAM
%t2, %t3 = cim.topk (...) %tz = cim.sign (...)
})c1m.y1eld (...) scf.parallel (%argl) = ... {
SRS éé%.parallel (%arg4) = 5
ééﬁ.search best eucl (...)
%t3:2 = cam.read best (...)
%t4 = cam.merge_partial_subarray (...)
}' . L B charFor
22 oL e ron
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Content addressable memories (CAMs) 7

Wasach owe |
O NVM-based CAMs: Great for KNNs, One-shot learning, ... . @“‘“E%“""'@ o
O CINM support for similarity and CAM arch exploration E, @ ) &) ; i
O Avutomatic flow from TorchScript matches manual designs 15 (EHE)

C4CAM-3b | ' C4ACAM-2b ! 8 C4CAM-1b+LSH M 1 Cosine-GPU I Euclidean-GPU

= 100 2 10° £ 10°
g 80 2 10% | 1 8%
g = S g 102
Q 60 J : %—é 84 =
. R T ) "I W C WQ c10 C WQ
Dataset Dataset Dataset

H. Farzaneh, et al. “C4CAM: A Compiler for CAM-based In-memory
Accelerators”, ASPLOS, 2024

KNN results (128x128 CAM): 14x faster and

~104 less energy compared to GPU
23 © Prof. J. Castrillon

1)




Logic-in-memory in NVMs
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O Massively parallel multi-operand bit-wise operations in-memory
O Complex mapping of operands, operations and temporaries to columns

1073 .

——— @ opt @ naive
>
2 6 @ 100%
™ 87%
S ® 100% ® 75%
"8 ® 62%
A 4 ] ® 50%
— ® 3%
?ﬁ 097562 ® 25%
~ } 3;/3:,% @ 12%
Q 2 ® 25% ® 0%
= 12%
. 0%
UE;, " ReRAM

0
20 40 60 80

Latency (us)
H. Farzaneh, et al. “"SHERLOCK:

Scheduling Efficient and Reliable Bulk
Bitwise Operations in NVMs", DAC 2024
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reram-1024
N B stt-mram-512

reram-512

g 10—1 I o

BE0)

"§ 'g 10—2 v o

» w

g T
s N

z 10—4 .......

stt-mram-1024

Optimized mapping: Less

latency (3x), better
reliability (~1.4x)

© Prof. J. Castrillon. ABUMPIMP @ Euro-Par. 2024

sobel aes

Orders of magnitude
better EDP vs CPU baseline
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O Automatic optimization for heterogeneous in-memory

Max Pooling
CONV, 128 Ch.
CONV, 128 Ch.

Max Pooling
CONV, 256 Ch.
CONV, 256 Ch.

FC, 512 Neur.

FC, 512 Neur.

FC, 10 Neur.

CONV, 64 Ch.
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<
©
>
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o
o

computing

2 Domain-specific abstractions

0 Abstract primitives, compute model, trade-offs

O Safe and correct optimization with high-level compilers J — A
; : J
v
5 MLIR LLVM IR :
J Challenges ey i -

O Still work on (formal) modeling primitives e N

O Simulators, prototypes in interdisciplinary research efforts %

O From algorithmic abstractions to geometry (device parameters)

= = CHAIRFOR
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