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World Is Built For Dense

Hardware Utilization Programming Systems
* Peak Performance (GEMM) » Abstractions that Work across
. 70-80% of CPU Different Algorithms (Dense

Linear Algebra, Image
* 80-90% of GPU Processing, Deep Learning, ..)

* Optimizations « BLAS, Halide, TensorFlow, ...
* Prefetching, Branch »  Optimizing Compilers
Predictions, TLB, cache, .. + Tiling, Vectorization, Unrolling, ..
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For Example, Sparse Tensors Are Everywhere
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Ignoring Sparsity Is Throwing Away Performance
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Ignoring Sparsity Is Throwing Away Performance
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Sparse Problems Are Everywhere
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Complexity Of Sparse Code

while (B1l_pos < B1l_pos[iB + 1]) {

int iB = 0; int jB@ = Bl_crd[B1l_pos];
int C@_pos = CO_posl[o]; int Al_pos® = (iB x Al_size) + jBO;
while (CO_pos < C@_pos[1]) { for (int B2_posl = B2_pos[B1_pos];
int iC = C@_crd[CO_pos]; B2_posl < B2_pos[Bl_pos + 1]; B2_posl++) {
;?t(gg_endiE)CQ_pos + 1; int kB2 = B2_crd[B2_posl];
i iC == int A2 4 = (Al 0 x A2_size) + kB2;
while ((C@_end < CO_pos[1]) && (CO_crd[CO_end] == iB)) { iTAZ pEEZ? = 3}52_3821]; a :
CO end++; - B
B1l_pos++;
C { : . - ) _{ o
fé'?t‘ Blipi ai pOi[lBj: 0 1 < M ’ l++ while (C1l_pos < CO_end) {
int C1_pos = C@_pos; int jC@ = Cl_crd[C1_pos];
while ((B1_pos <d?1 pos[?B + 1]) && (C1_pos < C0_end)) { int Al_posl = (iB % Al_size) + jCO;
int jB = B1l_crd[B1_pos int C1_end® = Cl_pos + 1;
= gl cr [ 1 pogl; __ : - hile ((Cl_endd < Co_end) & (C1_crd[C1_end@] == jC@))
f@t ot B!t*Alj e)+0; j < n; j++) { he1e TICL_endo <Co_end) &5 (c1_crdlc1_ o)) 1
in _pos = (i siz j . 1
1nt i;ﬂ"t T])_B52+ 19— l*n + J ; for (int C2_posl = C1_pos; C2_posl < C1l_end@d; C2_posl++) {
_ int kC2 = C2_crd[C2_pos1];
whble (4C1 end :EQ end) & (CL crd[C1 end] == j)) { int A2_pos5 = (A1_p621 *x A2_size) + kC2;
, QLlang++; 1kn + ’ A[A2_pos5] = CIC2 posll;
¥
indb -télg‘?pos 1_pos]; 0 @ 1 C1_pos —Ena
0s = pos } else {
'Tfl E’BZ pgs:lf Z';DOSkl pax + @);&& k2 peg < O_FHd)k{'l'+) ‘{ for (int B1_pos@ = Bl_pos[iBl;

int k os]; B1l_pos@® < Bl_pos[iB + 1]; B1l_pos0++) {
o o — o o o o int k . S]._ . int jB1 = B1l_crd[B1_pos@]; B
7/.7 k - Z] k _|_ CIL] k int kingt( P%B BZ*O + ki int /]xl_posz = (iB *_Xl_size) + jB1;

int A pos = for (int B2_pos2 = B2_pos[Bl_pos0];
H CEP AE;:$ ] [ ] ’ B2_pos2 B2_ Bl pos® ; 1]; B2 _pos2++
A[AZ pos S[? pos C k ’ _posz < _pos[Bl_pos@ + 1]; _p ) {

int kB3 = B2_crd[B2_pos2];

clee 2t (8 == [0 int A2_pos6 = (Al_pos2 % A2_size) + kB3;
A[A2 pos] B[BZ_pos] ATA2 pos6] = BIB2 pos2]:
}
C[G=posf; =
z\ E 1 gt ’ , b
if (kB == k) B2_pos++; e (iC == iB) Ca _ 0 end:
}' if (kC == k) C2_pos++; if (1 iB) Ce_pos _end;

y - iB++;
CSF COO } while (B2_pos < B2_pos[B1_pos + 11) { v}vhile (iB < B@_size) {

int kB@ = B2_crd[B2_posl; for (int B1l_posl = B1_pos[iB];

int A2_pos@ = (Al_pos * A2_size) + kBO; B1_posl < B1_pos[iB + 11; B1_posl++) {
A[A2_pos@] = B[B2_posl; int jB2 = Bl_crd[B1_pos1];
) B2_pos++; int Al_pos3 = (iB % Al_size) + jB2;

for (int B2_pos3 = B2_pos[B1_posill];

while (C2_pos < Cl_end) { B2_pos3 < B2_pos[Bl_posl + 11; B2_pos3++) {

int k€0 = C2_crd[C2_pos]; _ int kB4 = B2_crd[B2_pos3];
int A2_posl = (Al_pos * A2_size) + kC0; int A2_pos7 = (Al_pos3 * A2_size) + kB4;
A[A2_posl] = C[C2_pos]; A[A2_pos7] = BIB2_pos3];
C2_pos++; . }
} else if (jB == j) { iB++;

for (int B2_pos@ = B2_pos[Bl1_pos]; 1
B2_pos® < B2_pos[B1l_pos + 1]; B2_pos@++) {
int kB1 = B2_crd[B2_pos@];
int A2_pos2 = (Al_pos x A2_size) + kB1;
A[A2_pos2] = B[B2_pos0];

} else {
for (int C2_pos@ = C1l_pos; C2_pos@ < Cl_end; C2_pos0++) {
int kC1 = C2_crd[C2_pos0];
int A2_pos3 = (Al_pos x A2_size) + kC1;
A[A2_pos3] = C[C2_pos0];

if (jB == j) Bl_pos++;
(jC == j) Cl_pos = Cl_end;



Sparsity Is Currently Addressed One-Problem-At-A-Time

Ei SpM
CSparse gen (SPMV)
a = Bc
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a=Blc+d A=b+C+D A=BC COO ELLPACK (CSB Data Analytics CPU ]
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World Is Built For Dense...What About Sparse?

Hardware Utilization Programming Systems

e Peak Performance (GEMM) » Abstractions that Work across Different

+ 70-80% of CPU Algorithms
¢« 80-90% of GPU  BLAS, Halide, TensorFlow, ...

* Optimizations »  Optimizing Compilers
» Prefetching, Branch Predictions, TLB, cache, .. * Tiling, Vectorization, Unrolling, ..

* Peak Performance (PageRank, SpMv  What abstraction??

template<typename APPLY_FUNC>
void edgeset_apply_pull_parallel(Graph &g, APPLY_FUNC apply_func) {
int64_t numVertices = g.num_nodes(), numEdges = g.num_edges();

O parallel_for(int n = 0; n < numVertices; n++) {
o I I for (int socketId = 0; socketId < omp_get_num_places(); socketId++) {
O local_new_rank[socketId] [n] = new_rank[n]; } }

int numPlaces = omp_get_num_places();
int numSegments = g.getNumSegments("sl");
int segmentsPerSocket = (numSegments + numPlaces — 1) / numPlaces;
#pragma omp parallel num_threads(numPlaces) proc_bind(spread){
int socketId = omp_get_place_num();
for (int i = 0; i < segmentsPerSocket; i++) {
int segmentld = socketId + i * numPlaces;

0 if (segmentId >= numSegments) break;
40 /O auto sg = g.getSegmentedGraph(std::string("sl"), segmentId);
#pragma omp parallel num_threads(omp_get_place_num_procs(socketId)) proc_bind(close){

)
Pa ePlaI I #pragma omp for schedule(dynamic, 1024)
for (NodeID localld = 0; localld < sg—>numVertices; localld++) {

NodeID d = sg—>graphId[localld];
for (int64_t ngh = sg—>vertexArray[localld]l; ngh < sg—>vertexArray[localld + 1]1; ngh++) {

32 /0 . D - NodeID s = sg->edgeArray[ngh];
ense a rIX u local_new_rank[socketId] [d] += contrib[s]; }}}}}
parallel_for(int n = 0; n < numVertices; n++) {

24% for (int socketId = 0; socketId < omp_get_num_places(); socketId++) {

new_rank[n] += local_new_rank[socketId] [n]; }}}
struct updateVertex {
void operator() (NodeID v) {
double old_score = old_rankl[v];
1 60 new_rank[v] = (base_score + (damp * new_rankl[v]));
O error[v] = fabs((new_rank[vl - old_rank[vl)) ;
old_rank[v] = new_rank[v];

new_rank[v] = ((float) 0) ; }; };
void pagerank(Graph &g, double xnew_rank, double *old_rank, int xout_degree, int max_iter) {

8(y for (int i = (0); i < (max_iter); i++) {
O parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {

contrib[v] = (old_rank[v] / out_degreelv]);};
edgeset_apply_pull_parallel(edges, updateEdge());

0 _— parallel_for(int v_iter = 0; v_iter < builtin_getVertices(edges); v_iter ++) {
O updateVertex() (v_iter); }; }

Cache Miss
Rates




Expression Language

Sparse Tensor Compiler (Taco)

A=BoC A=B+C a=aBc+ Ba
A=aB A=0 A=BC
a=bOc A=B® (CD)

Aij = ZBiklOljij A= BT a = BTBC
M Azkz = ZBUkCJ Akj — ZBileljDij
A =Y BiCy J !
i ; R Aij = (Z Bijkzcijk) + Dy
- k
C = Z Miijlek: Pil T = Zzl(z ZJOZJ)(Z Zkezk:)

a= Y M;jPjx My Py My ProMyo Py

ijklmmnop T HE

A = BCd

Format Language
Dense Matrix DCSR CSR BCSR

COO CSFDIA ELLPACK (~gp PROGRAMMING
Hash Maps Blocked COO  csc The Sparse LARGUAGE

DCSC  Sparse vector gi,-ked DIA Tensor Compiler
(TACO)

Dense Tensors  Blocked Tensors

<A NVIDIA.

CUDA.

Schedule Language

vectorize
split
parallelize

POS reorder

orecompute divide
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Expression Language

A=DBc+a a = Bc
A=BoC A=B+C a=aBc+ fa
A=aB A=0 A=DBC
a=bOc A=B® (CD)

Aij = ZBileljij A= BT a = BTBC
kl

A= BCd

Aijk = )  BiriCly y B
! ; ! Aij = (Q_ BijrCise) + Dy

- k
17kl - :
: i J k
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Format Language

Dense Matrix DCSR CSR BCSR
COO (CSFDIA ELLPACK CSB

Hash Maps  gjocked COO g0
DCSC Sparse vector Blocked DIA

Dense Tensors  Blocked Tensors
PackBITS Banded VBR Ragged
L 777 RLE Definite Symmetric

Schedule Language

SO vectorize
orecompute divide Sp“t.
parallelize

Looplet Language

Lookup Run Spike

Pipeline  Stepper  Jumper
Switch Shift

Aikz = ZBijk?Cj Akj — ZBileljDij
; >

Structured Data Tensor Compiler

Structured Data
Tensor Compiler

THE

PROGRAMMING
LANGUAGE

<ANVIDIA.

CUDA.
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Generated Sparse Code Performance Matches Hand-Optimized Libraries

rmaill
a = Bc+a a = Bc
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— () )
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kl il
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Generated Sparse Code Performance Matches Hand-Optimized Libraries
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Challenges Of Sparse Array Compilation

Irregular Sparse Iteration void wasted Coiteration Optimize
Data with limited O(1 work and Over Complex Parallelism
Structures access iterations Data and Locality
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Challenges Of Sparse Array Compilation

Irregular Sparse Iteration Avoid wasted Coiteration Optimize
Data with limited O(1) work and Over Complex Parallelism
Structures access iterations Data and Locality
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3 4 5 5
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Format
Language

CSF

Dense

Compressed

Compressed
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Dense Tensors Are Flexible But Can Waste Memory

o1 @ s

0T A B
locate(1,2) : 15*4 + 2 @ N
2 =
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Sparse Tensors Can Be Compressed By Adding Metadata

Compress¢Coordinatelows, (62R):s 0 | 3

: 0 | A B
Ml [l |c|D E
cols ri) ’ i
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We Model Tensor Formats As A Hierarchy Of Per-Dimension Formats

Slice 3

ense
n... Coordinates

'wa%?%g 0 0 2 3 1 1/3 0 3

[0 | 2 5] A B C D E F G H J




Per-Dimension Formats Can Be Composed In Many Ways

Dense Compressed Singleton
3 0 23
CSR A B
0 2 5 0 | C D E
0212 33
2 F
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Per-Dimension Formats Can Be Composed In Many Ways

Dense Compressed Singleton
06 0 pi 3
Coordinates 01017112 A B
l C D E
02123 3
2 F
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Tensor
formats

Level Formats Can Be Composed In Many Ways

Dense  Level Compressed Singleton
formats Hashed Range Offset
Coordinate matrix CSR Dense array tensor Coordinate tensor
Compressed Dense Dense Compressed
Singleton Compressed Dense Singleton
Tinney and Walker, 1967 Dense Singleton
Mode-generic tensor BCSR CSB ELLPACK
Compressed Dense Dense Dense
Singleton Compressed Dense Dense
Dense Dense Compressed Singleton
Dense Dense Singleton [Kincaid et al. 1989]
[Baskaran et al. 2012] [Im and Yelick 1998] [Buluc et al. 2009]
Block DIA
Hash map vector Hash map matrix DIA Dense
Hashed ashed Dense Range
[Patwary et al. 2015] ashed Range Offset
Offset Dense
[Saad 2003} Dense
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Sparsity Beyond Zero Fill Values

1

OO0 0|5 |2

8| 8|8 | 2|2

1

1

| 06|06 |O0

3131 3[/0[0]0]0/0

2
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0O0S

coord

vals

Sparsity Beyond Zero Fill Values

Compressed Level Format 0 1 2 3
O 5 |13 |16 |23 0 1 1 1 0
Ol 12|06 |7 21314 |56 | 71012101234 |5 |7]|7 1 6 6 6 6
1111|155 c/lo|1|1|1]|1(3|3(3|1]1(1]8|8|8]|2]|2 2 3 3 3 0

8
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Sparsity Beyond Zero Fill Values

DOS

coord

vals

Fill

0 1 3
0|5 |13|16|23 0 1 1 0
ol1]2]6]7 2|34 |5|6|7|0]1]2]0 61666
111]1]5]5 661 /1]|1[1]|3|3]3]:1 313|3]|0
1111 1] 8

Compressed Level Format with a Fill Value

O[5 |9 [17]21
3|4 |5|6 |7 213|012 |3|4 5|6 /|7
O[]0 |]0|5]|5 66 3(3[3|]0[]0|]0|0/|0
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00S

coord

vals

O[5 1316|233

oco(112|oe6| 701|234
1/1]1]5 5|6 |6 |6|6|1
O[5 |9 17|21

314|507 0|1]2|3]|0

O, 0|05 |5|6|06|06|6]|3
Run Length Encoding (RL
O3 5|7 |9

0O/ 3|/6|0]4,0|3|0)|3]|6
1105|6130 1|8]2

O
5/ 6|7|0|1|2|0|1|2|3|4|5]|7]|7 1
111133 |3[1|1]|1|8|8|8|2]2 2
3

-) Level Format

e Extension of the Compressed Format
e |astvalue is the Fill Value

Sparsity Beyond Zero Fill Values

Unifying Sparsity
and Lossless
Compression

20



Performance Advantage In Lossless Compression
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Dynamic Sparse Tensors

» All formats so far (CSR, COO, DIA, ELLPACK, RLE etc.) are static

« Computing on them can be very fast
« But...inserting or deleting an element can be (asymptotically) slow

 Many real world Applications are dynamic

Dynamic Graph Processing Sparse Neural Network Training

Training
te

2) Update
t=o él ez tg -k" % <_ %
https://blog.twitter.com/engineering/en_us/topics/insights/2021/

temporal-graph-networks k (4) Grow (3) Drop /
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o ~ WO N <+ O

Dynamic Sparse Tensors

* Need pointer-based, recursive data structures
* Novel Node Schema Language

« Automatically generate the data structures

» Automatically Generate the code for iteration

—(0:A>(1:B>(2.0)

(1D > 2:E)

(0 F (1G> H >4

(0 K> (2 L4 Mo

def list {
e : elem nonempty
n : list
seq = {e}, n

by

def list_head {
h : list
3

Linked List

OO~ WO N =+ O

6 N:| 6
—> 0:A | 1:B | 2:.C 0 —> 0:A | 2:C > 1: B
1
—> 1:D | 2. E 2 —> 1:D | 2. E
—> 0:F | 1:G | SH— 4. J 3 —> O:F | 1:G| 4:Jd —> 3:H
4
—> 0:K|2:L |4 M—> &N 5 —> 2| —> 0:K | 5 N—> 4 M

O

0:A

def blist {
e : elem[B] nonempty
n : blist
B : size in [0, 3]
seq = {e}, n

3

def blist_head {
h : blist

3

Block Linked List

def vblist {
e : elem[B] nonempty
n : vblist
B : size
seq = {e}, n
3

def vblist_head {
h : vblist

}

Variable Block Linked List

o 1 2 4 5
oA |B|C i ; |
'NEEEE
20 |DE| |
3V F |G H | J
S
5 K L M| N
01 2 3 45
Niﬁj
0:A[1:B|2:C| [1:D|2:E| NE Y | |
Aar”'S%;::l“‘ﬁs; 0:F|[1:G] 4 | oK 2L 5N | |
‘(/S:%E> O:F | <i;:>
def supertype btree
l 0:K|2:L P s
P = @ £ N def btree_internal : btree {
: e : elem[B] nonempty
2:C (1:G) 8:H c : btree[B] nonempty
cl : btree nonempty
def ctree { B : size in [1, 3]

h : elem nonempty

t elem[N] nonempty
1 : ctree

r : ctree

N : size

seq =1, h, {t}, r

}

def preflx {

e : elem[N] nonempty

r : ctree

N : size

seq = {e}, r
3

C-Tree

seq = {c, e}, cl
3

def btree_leaf : btree {
e : elem[B] nonempty
B : size in [1, 3]
seq = {e}

by

def btree_root {
r : btree

}

B-Tree 29
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Compressed Storge Formats

No O(1) random access ﬂ Compressed

locate(2, 0, 2) ﬂ Compressed

° Compressed

Values

o

0

- I—O € " O I—O <G

30

80

20

60
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Sparse lteration Spaces And Iteration Graphs

Aij = Z Bijk * Ck
-t

Brik Ck Biik Gk
[ N N fo /oo o A oV &V oY
AL N N ey | S
W] i | fVerorey | Y
I A 3 I B [iovfeyzoriey |
| loB@ea /o BB c1 |//oV&0 20 60y LU LA
K ° \ < < K

Intersection

Sparse Dense
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Sparse lteration Graph Examples
a; = ;Bij C; a; = ZoszﬁY + 6d ZHBZJ (Bi; + Cij) d; Uil = %:Zl: Biiki ¢ji

* CL

BA/CM d1 A/CL1 \; a1
BZ * C1 B2 * C1 02 f * d1
9 1) 9
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Code Generation From Iteration Graph

Dense

Dense

Dense

Compressed

Compressed

Compressed

dense dimension

compressed dimension

—_—

merged dimensions

—_—

compute statement

—_—

A = E Bk * Ck
k

int pB3 = B3_pos|[pB2];
int pcl = cl_pos[0@];
while (pB3 < B3_pos[pB2 + 1] && pcl < cl_pos[1]) {
int kB = B3_crd[pB3];
int kc = cl1_crd[pcl];
int = min(kB, kc);
if (kB == k &% kc == k) {
) A[pA2] += B[pB3] * clpcll;
if (kB == k) pB3++;
if (kc == k) pcl++;
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Challenges Of Sparse Array Compilation
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VMlerge Lattice For Multiplications

a; = b;c;

N\

Multiplication requires intersection

int pbl = bl _pos[0];
int pcl = cl_pos[0];
M while (pbl < bl_pos[1] && pcl < cl_pos(1]) {
? int ib = bl_crdlpbll;

int ic = cl_crd[pcll];

C b int i = min(ib, ic);
C if (ib == i && ic == i) {
ali]l = blpbl] * clpcll];

I3

if (ib == i) pbl++;

if (ic == i) pcl++;
¥



Mlerge Lattice For Additions

a; = b; + ¢
\ int pbl = bl_pos[0];

Addition requires union int pcl = c1_pos[0];
while (pbl < bl_pos[1] && pcl < cl_pos[1]) {
int ib = bl_crd[pb1];
int ic = cl_crdlpcll];
int i = min(ib, ic);

b C if (ib == i &% ic == i) {
° alil = b[pbl]l + clpcll;
}
else if (ib == i) {
C b ali] = blpbll;
}
else {
(:? , alil = clpcll;
if (ib == 1) pbl++;
if (ic == 1) pcl++;
}

while (pbl < bl_pos[1]) {
int 1 = bl _crd[pbll];

§2§ alil = blpbl++];
I3

while (pcl < cl_pos[1]) {
int i = c1_crd[pcl];
ali]l = clpcl++];

}
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Merge Lattice For A Compound Expression
= 0; +¢; + d;

S

a

[/

int pbl = bl_pos[0];

int pcl = cl_posl0];

int pdl = d1_pos[0];

while (pb
int ib = bl_crd[pbl];
int ic = cl_crd[pcll;
int id = d1_crd[pd1];
int i = min(ib, ic, id);

if (ib == 1 && ic == i && id == i) {
alil = blpb1l] + clpcl] + dlpdl];

}

else if (ib == i && id ==
alil = blpbl] + d[pdl];

}

else if (ic == i && id ==
alil = clpcl]l + dlpdill;

else if (ib == i && ic ==
, alil = b[pbl]l + clpcll;
else if (ib == i) {

alil = blpbll;

else if (ic == i) {
alil = clpcll;

}

else {

alil = d[pd1l;

}

if (ib == 1) pbl++;
if (ic == 1) pcl++;
if (id == 1) pdl++;

1 < bl_pos[1] && pcl < cl_pos[1] && pdl < dl_pos[1]) {

i) {

i) {

while (pcl < cl_pos[1] && pdl < d1_pos[1]) {

b

int ic = cl_crd[pcl];

int id = d1_crd[pd1];

int i = min(ic, id);

if (ic == i && id == i) {
alil = clpcl]l + dlpdill;

else if (ic == i) {
, alil = clpcll;
else {

ali]l = d[pd1l;

if (ic == 1) pcl++;
if (id == i) pdl++;

while (pbl < bl_pos[1] && pdl < d1_pos[1]) {

)

int ib = bl_crd[pbl];

int id = d1_crd[pd1l];

int i = min(ib, id);

if (ib == i && id == i) {
ali]l = blpb1l] + d[pdil];

¥
else if (ib == i) {
alil = blpbl];

else {
ali] = d[pd1]l;

if (ib == i) pbl++;
if (id == i) pdl++;

while (pbl < bl_pos[1l] && pcl < cl_pos[1]) {

int ib = bl_crd[pbl];

int ic = cl_crd[pcl];

int i = min(ib, ic);

if (ib == i && ic == i) {
alil = blpb1l]l + clpcll;

¥
else if (ib == i) {
, ali]l = blpbll;
else {

alil = clpcll;

if (ib == 1) pbl++;
if (ic == 1) pcl++;

while (pdl < d1_pos[1]) {
int id = d1_crd[pd1];
alid] = dlpd1il;
pdl++;

while (pcl < c1_pos[1]) {
int ic = cl_crd[pcll];
alicl = clpcll];
pcl++;

while (pbl < bl_pos[1]) {
int ib = bl_crd[pb1l];
alib]l = blpbll;
pbl++;
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Beyond Multiply And Add
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Merge Lattice For Additions

a; = b; + ¢
\ int pbl = bl_pos[0];

Addition requires union int pcl = c1_pos[0];
while (pbl < bl_pos[1] && pcl < cl_pos[1]) {
int ib = bl_crd[pb1];
int ic = cl_crdlpcll];
int i = min(ib, ic);

b C if (ib == i &% ic == i) {
° alil = blpb1l]l + clpcll;
}
else if (ib == i) {
C b alil = blpbll;
}
else {
(:? , ali]l = clpcll;
C if (ib == i) pbl++;
if (ic == i) pcl++;
}

while (pbl < bl_pos[1]) {
int 1 = bl _crd[pbll];

§2§ alil = blpbl++];
I3

while (pcl < cl_pos[1]) {
int i = c1_crd[pcl];
ali]l = clpcl++];

}
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Vlerge Lattice For Xor

a; = b; D c;

int pbl = bl _pos[0];
int pcl = cl_posl0Q];
while (pbl < bl_pos[1] && pcl < cl_pos[1]) {
int ib = bl_crd[pb1];
int ic = cl_crdlpcll];
int i = min(ib, ic);
if (ib == i && ic == i) {
e e e
¥
else if (ib == i) {
alil = blpbl];

F
else {
ali]l = clpcll];
}
if (ib == i) pbl++;
if (ic == 1) pcl++;
}

while (pbl < bl_pos[1]) {
int 1 = bl _crd[pbll];
alil = blpbl++];

}

while (pcl < cl_pos[1]) {
int i = c1_crd[pcl];
ali]l = clpcl++];

}
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User Defined Functions

def bitwise and(x, y):
X, y =>{
return x & y;

def ged(x, y):
x, 0 => { return abs(x);

} 0, v => { return abs(y)
X, vy =>{ x = abs (x);
properties: y = abs(y);

while (x '= 0)
int t = x;
X VY 5 X;
Y t;

}

return y;

}

commutative
annihilator=0

iteration space:

{z # 0y U{y # 0}

}
}

{
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Challenges Of Sparse Array Compilation
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lteration And Coiteration

Dense Compressed

AYAYAYAYaAYaAYaYaYaYaYa N\ AYA N
Increment Next

Variable Pack .. cq

Dense Compressed Run Length Blocked blocks BITS

Dense Increment Next/lookup

Next/next two-
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Run Length

Blocked

Variable 44
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Looplet Language

* A general language to Iterate over structured data
* |terating over complex structured data expressed using a language of a few primitives

* Lookup * Spike o Stepper * Shift
* Run * Pipeline o Jumper « Switch
Pipeline
/ : \
Stepper
A
| Spike Spike Spike Spike |
A A \ \
/ | | | \
Run Scalar Run Scalar Run Scalar Run Scalar Run
A A YJY \ A A \ A A

/ | | | | | I \




Looplet Language

* A general language to Iterate over structured data

* |terating over complex structured data expressed using a language of a few primitives
* Lookup * Spike o Stepper * Shift
* Run * Pipeline o Jumper * Switch

» Code generation from the iteration protocols is simple and mechanical

for 1 = l:y.start-1

visit (i, O)
for 1 = y.start:y.stop

visit(i, y.val[i + 1 - start])
for 1 = y.stop + l:end

visit (i, O)

Run —

Pipeline — Lookup —

Run —




Looplet Language

* A general language to Iterate over structured data

* |terating over complex structured data expressed using a language of a few primitives
* Lookup * Spike o Stepper * Shift
* Run * Pipeline o Jumper « Switch

» Code generation from the iteration protocols is simple and mechanical

* Jo coiterate, merge the individual iteration protocols
» Use rewrite rules to simplify



Looplet Language Supports Many Types Of Structured Data

Ragged Matrix Run Length Matrix Symmetric Matrix

( 3.0 2.0 8.6 04 08 89 4.0 2.3 9.8 \ ( 1 1 1 1 1 1 1 1 \ ( 0.0 46 3.2 3.3 \

1
1
1
3

CO | = =

1
1
1
) 4.1 7.3 9.0 8.9 89 0.9 1.6 3

S 0.0 9.8 3.6

1
1
3 4.7 8.2 89 87 3.9 7.0 &.1 1
20 6.8 0.9 1.1 3.7 5.0 6.5 4.0 2.6 1
0.9 5.1 59 74 0.1 5.5 1
\ 7.8 99 41 19 14 3.3 3.4 8.3 4.1 ) \ I 1 1 1 1 1 ) \ 3.3 0.3 7.1 7.4 2.7 5.1 34 )
P. Fegade, T. Chen, P. B. Gibbons, and T. C. Mowry, “The CoRa Tensor D. Donenfeld, S. Chou, and S. Amarasinghe, “Unified Compilation J. Shi, S. Chou, F. Kjolstad, and S. Amarasinghe, “An Attempt to
Compiler: Compilation for Ragged Tensors with Minimal Padding” for Lossless Compression and Sparse Computing” Generate Code for Symmetric Tensor Computations”

* Unifying what is currently done by multiple compilers
* Hybrid “have-it-all” formats
* Expanding into other types of structures
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Scheduling
Language

void reorder(IndexVar i1, IndexVar 12);

void fuse(IndexVar i, IndexVar j, IndexVar f)

void split(IndexVar i, IndexVar i1, IndexVar i2, int size)

void divide(IndexVar i, IndexVar i1, IndexVar i2, int size)

void pos(IndexVar i, IndexVar p, Access a)

void coord(IndexVar p, IndexVar 1)

void parallelize(IndexVar i, ParallelUnit pu,

ReductionStrategy rs)

void unroll(IndexVar i, int unrollFactor)

void bound(IndexVar i, int min, int max)

void precompute(IndexExpr e, vector<IndexVar> vars,
Tensor w);



Sparse lteration Space Transformations

0 1 2 3 4 5
0e ® °
Scheduling AP! e C . s
void reorder(IndexVar i1, IndexVar i2); 3 0)(2) (5 (1)(3)(4)(2) (4|1) (4
void fuse(IndexVar i, IndexVar j, IndexVar f) 4 [ | alblcldlelfl gn|i
void split(IndexVar i, IndexVar i1, IndexVar i2, int size) 5
void divide(IndexVar i, IndexVar i1, IndexVar i2, int size)
void pos(IndexVar i, IndexVar p, Access a) Y S S 1 .
®

void coord(IndexVar p, IndexVar i) 7
| - 0 7 2) (5
void parallelize(IndexVar i, ParallelUnit pu, 2
. 3 0)(2)(5) (1) (3)(4))(2) (4) (1) (4
ReductionStrategy rs) )

void unroll(IndexVar i, int unrollFactor) s s a ‘ b ‘ c/d e flglh i]]j
h . ] . . 5
void bound(IndexVar i, int min, int max)
void precompute(IndexExpr e, vector<IndexVar> vars, 9 1 2 5 4 s
0

Tensor w);




Sparse lteration Space Transformations

int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) {

for (int32_t 1 = ©; 1 < Al_dimension; i++) {
for (int32_t jA = A2_pos[i]; JA < A2_pos[(1 + 1)]; jJA++) {

int32_t j
y_vals[i]
}
}

return 0;

A2_crd[]jA];
y_vals[i] + A_vals[jA] * x_vals[]];

51



Sparse lteration Space Transformations

int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) { SChedUI|ng Commands
i6£32_t i_pos = 0;
int32_t i = 0; ‘fuse(" l’ f)

for (int32_t fposA = 0; fposA < A2_pos[Al_dimension]; fposA++) {
if (fposA >= A2_pos[Al_dimension])
break;

.pos(f, fpos, A(i, j))

int32_t f = A2_crd[fposA];
while (fposA == A2_pos[(i_pos + 1)]) {
i pos = 1_pos + 1;
i = 1i_pos;
}
y_vals[i] = y_vals[i] + A_vals[fposA] * x_vals[f];
}

return 0,
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Sparse lteration Space Transformations

int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) { SChedL”lng COmmandS
i6£32_t i_pos = 0;
int32_t i = 0; fuse(i, |, f)

for (int32_t block = ©; block < ((A2_pos[Al_dimension] + 2047) / 2048); block++){
for (int32_t warp = 0; warp < 8; warp++) {

pos(f, fpos, A(, |))

for (int32_t thread = 0; thread < 32; thread++) { .Spl!t(prS, bIOCKs prSl, NNZ PER TB)
for (int32_t thread_nz = 0; thread_nz < 8; thread_nz++) { .Spllt(prSl, warp, prSZ, NNZ PER WARP)
%"Si—t :POSi = thread 252 * ;h'e:d—"z; .split(fpos2, thread, thread nz, NNZ PER THREAD)
int32_t fposl = warp * + fpos2;
int32_t fposA = block * 2048 + fposi; reorder({block, warp, thread, thread nz})
if (fposA >= A2_pos[Al_dimension])
break;

int32_t f = A2_crd[fposA]l;

while (fposA == A2_pos[(i_pos + 1)]) {
i_pos = 1_pos + 1;
1 = 1_pos;

}
y_vals[i] = y_vals[i] + A_vals[fposA] * x_vals[f];
}
}
}
}
return 0,
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void computeDeviceKernel®(taco_tensor_t * _ _restrict__ A, int32_t* i_blockStarts,

Sparse lteration Space Transformations

global__

taco_tensor_t * _ _restrict__ x, taco_tensor_t * _ restrict__ y){

}

int32_t block = blockIdx.x;
int32_t thread = (threadIdx.x % (32));
int32_t warp = (threadIdx.x / 32);

double tthread_nz_val = 0.0;
int32_t pA2_begin = i_blockStarts[block];
int32_t pA2_end = i_blockStarts[(block + 1)];
int32_t fpos2 thread * 8;
int32_t fposl = warp * 256 + fpos2;
int32_t fposA = block * 2048 + fposl;
int32_t i_pos = taco_binarySearchBefore(A2_pos, pA2_begin, pA2_end, fposA);
int32_t i = i_pos;
for (int32_t thread_nz = 0; thread_nz < 8; thread_nz++) {
int32_t fpos2 = thread * 8 + thread_nz;
int32_t fposl = warp * 256 + fpos2;
int32_t fposA = block * 2848 + fposl;
if (fposA >= A2_pos[Al_dimension])
break;

iHon o onon

int32_t f = A2_crd[fposA];
while (fposA == A2_pos[(i_pos + 1)]) {
i_pos = i_pos + 1;
1 = 1_pos;
}
tthread_nz_val = tthread_nz_val + A_vals[fposA] * x_vals[f];
if (fposA + 1 == A2_pos[(i_pos + 1)]) {
atomicAdd(&y_vals[i], tthread_nz_val);
tthread_nz_val = 0.0;

}
}

atomicAddwarp<double>(y_vals, i, tthread_nz_val);

Scheduling Commands

fuse(l, ), )

pos(f, fpos, A(l, |))

Split(fpos, block, fposl, NNZ PER TB)

split(fpos1, warp, fpos2, NNZ PER WARP)

split(fpos2, thread, thread nz, NNZ_ PER_THREAD)

reorder({block, warp, thread, thread nz})

.parallelize(block, ParallelUnit::GPUBIock,
OutputRaceStrategy::lgnoreRaces)

.parallelize(warp, ParallelUnit:: GPUWarp,
OutputRaceStrategy::lgnoreRaces)

parallelize(thread, ParallelUnit::GPUThread,
OutputRaceStrategy:: Atomics)

int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) {

gpuErrchk(cudaMallocManaged((void**)&i_blockStarts, sizeof(int32_t) *
((A2_pos[Al_dimension] + 2047) / 2048 + 1)));

i_blockStarts = taco_binarySearchBeforeBlockLaunch(A2_pos, i_blockStarts,
(int32_t) ©, Al_dimension, (int32_t) 2048, (int32_t) 256, ((A2_pos[Al_dimension] +
2047) / 2048));

computeDeviceKernel@<<<(A2_pos[Al_dimension] + 2047) / 2048, 32 * 8>>>(A,
i_blockStarts, x, y);
cudabDeviceSynchronize();

} e c4



Sparse lteration Space Transformations

__global__

volid computeDeviceKernel@(taco_tensor_t * _ restrict_ A, int32_t* i_blockStarts, SChEdUIlng Commands
taco_tensor_t * _ restrict__ x, taco_tensor_t * _ restrict__ y){
-ir.1;32~t block = blockIdx.x; .fuse(i, j; f)
int32_t thread = (threadIdx.x % (32)); .pOS(f fpos A(l ]))
int32_t warp = (threadldx.x / 32); split(fpos, block, fpos1, NNZ PER TB)
double precomputed[8]; split(fpos1, warp, fpos2, NNZ PER_WARP)
for (int32_t pprecomputed = 0; pprecomputed < 8; pprecomputed++) { split(fpos2, thread, thread nz, NNZ PER THREAD)
: precomputed [pprecomputed] = 0.0; reorder({block, warp, thread, thread nz})

.precompute(precomputedExpr, thread nz,

for (int32_t thread_nz_pre = 0; thread_nz_pre < 8; thread_nz_pre++) { th d t d)
reaqd nZ pre, precompuie

int32 t thread_nz = thread_nz_pre;

int32 t fpos2 = thread * 8 + thread_nz; parallelize(block, ParallelUnit::GPUBIock,
int32_t fposl = warp ® 256 + fpos2; OutputRaceStrategy::IgnoreRaces)
int32_t fposA = block * 2048 + fposl; - TR
, _ S parallelize(warp, ParallelUnit::GPUWarp,
if (fposA == A2_pos[Al_dimension])
Break: OutputRaceStrategy::IlgnoreRaces)
parallelize(thread, ParallelUnit::GPUThread,
int32_t T = A2_crd(fposAl; OutputRaceStrategy::Atomics)
precomputed[thread_nz_pre] = A_vals[fposA] * x_vals[f];
}
double tthread_nz_val = 0.0;
for (int32_t thread_nz = 0; thread_nz < 8; thread_nz++) { int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) {
tthread_nz_val = tthread_nz_val + precomputed[thread_nz]; gpuErrchk(cudaMallocManaged((void**)&i_blockStarts, sizeof(int32_t) *
if (fposA + 1 == A2 pos[(i_pos + 1)]) { ((A2_pos[Al_dimension] + 2047) / 2048 + 1)));
atomicAdd (&y_vals[i], tthread_nz_val); i_blockStarts = taco_binarySearchBeforeBlockLaunch(A2_pos, i_blockStarts,
tthread_nz_val = 0.0; (int32_t) ©, Al_dimension, (int32_t) 2048, (int32_t) 256, ((A2_pos[Al_dimension] +
} 2047) / 2048));
}
atomicAddwarp<double=(y_vals, i, tthread_nz_val); computeDeviceKernel@<<<(A2_pos[Al_dimension] + 2047) / 2048, 32 * 8>>>(A,
} i_blockStarts, x, y);

cudabDeviceSynchronize();

}... -



Sparse lteration Space Transformations

__global__ ]
void computeDeviceKernel®(taco_tensor_t * _ restrict_ A, int32_t* i_blockStarts, SChedUI|ng Commands
taco_tensor_t * _ restrict__ x, taco_tensor_t * _ restrict_ y){
int32_t thread_nz = 0; .fuse(i, j, f)
int32_t fpos2 = thread * 8 + thread_nz; .pOS(f prS A(| ]))
int32_t fposl = warp * 256 + fpos2; it f, E)l i( f 1. NNZ PER TB
int32_t fposA = block * 2048 + fposl; -Spli ( POsS, DIOCK, TPOS4, — — )
_t fp posi; :
int32 t f = A2_crd[fposA]; split(fpos1, warp, fpos2, NNZ_PER_WARP)
if (block * 2048 + fposl + 8 >= A2_pos[Al_dimension]) { SpP |t(fp082, thread, thread_nz, NNZ_pER_THREAD)
for (int32_t thread_nz_pre = 0; thread_nz_pre < 8; thread_nz_pre++) { _reorder({bmck’ warp, thread, thread_nz})

int32_ t thread_nz = thread_nz_pre;
int32_t fpos2 = thread * 8 + thread_nz;
int32_ t fposl = warp * 256 + fpos2;

precompute(precomputedExpr, thread nz,
thread nz pre, precomputed)

int32 t fposA = block * 2048 + fposi; .unroll(thread nz_pre, NNZ PER THREAD)
if (fposA >= A2_pos[Al_dimension]) .parallelize(block, ParaIIeIUnit::GPUBlock,
break; OutputRaceStrategy::lgnoreRaces)
R ——— parallelize(warp, ParallelUnit::GPUWarp,
precomputed[thread_nz_pre] = A_vals[fposA] * x_vals[f]; OutputRaceStrategy::IgnoreRaces)
} parallelize(thread, ParallelUnit::GPUThread,
ilse { OutputRaceStrategy::Atomics)

#pragma unroll 8
for (int32_t thread_nz_pre = 0; thread_nz_pre < 8; thread_nz_pre++) {

int32_t thread_nz = thread_nz_pre; int compute(taco_tensor_t *y, taco_tensor_t *A, taco_tensor_t *x) {

int32_t fpos2 = thread * 8 + thread_nz; .

int32_t fposl = warp * 256 + fpos2; gpuErrchk(cudaMallocManaged( (void* *)&i_blockStarts, sizeof(int32_t) *

int32_t fposA = block * 2048 + fposi; ((A2_pos[Al_dimension] + 2047) / 2048 + 1)));

int32_t f = A2_crd[fposA]; i_blockStarts = taco_binarySearchBeforeBlockLaunch(A2_pos, 1i_blockStarts,

precomputed[thread_nz_pre] = A_vals[fposA] * x_vals[f]; (int32_t) ©, Al_dimension, (int32_t) 2048, (int32_t) 256, ((A2_pos[Al_dimension] +
} 2047) / 2048));

_ computeDeviceKernelO<<<(A2_pos[Al_dimension] + 2047) / 2048, 32 * 8>>>(A,
} i_blockStarts, X, y);
cudabDeviceSynchronize();
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Availability of TACO

C++ Tensor Library

Format CSR({Dense,Sparse});
Format CSF({Sparse,Sparse,Sparse});
Format SVEC({Sparse});

Tensor<double> A({1024,1024}, CSR);
Tensor<double> B = read(“B.tns”, CSF);:
Tensor<double> ¢ = read(“c.tns”, SVEC);

Var i, j, k;
A(i,j) = B(1i,j,k) * c(k);

A.compile();
A.assemble();
A.compute();

/ Some Rights

Reserved
(Vanilla) MIT License

tensor-compiler.org

github.com/tensor-compiler/taco

PyTACO

import taco
from taco import sparse, dense

taco.format([dense, sparsel])
taco.format([sparse, sparse, sparse])
taco.format([sparse])

taco.tensor([2, 3], csr, dtype=taco.float32)
taco.tensor([2, 3, 4], csf, dtype=taco.float32)
taco.tensor([4], sv, dtype=taco.float32)

| I | I

B[0,0,0]
B[1,2,0]
B[1,2,1]
C[O] 4.
C[1] = 5.

W N =
e 0

@ @ I 1

1, J, k = taco.get_index_vars(3)
A(1,j).assign(B(1,j,k) * C(k))
print(A)

print(taco.tensor_dot(B, C))

print(taco.parse("A(i, j)

print(taco.etnsum("i1jk,k->1j", B, C))

Online Code Generator

O ® < ] > tensor-compiler.org & O M ] +

taco: the tensor algebra compiler Docs  Publicatons ~ Demo  GitHub

This is an alpha implementation of the tensor algebra compiler theory and contains known bugs, which are documented here. If you find
additional issues, please consider submitting a bug report.

Input a tensor algebra expression in index notation to generate code that computes it:

y(i) = A(i,3) * x(3) : GENERATE KERNEL
Tensor Format (reorder dimensions by dragging the drop-down menus)
Dimension 1
y Dense
Dimension 1 Dimension 2
A Dense Sparse
Dimension 1
X Dense
COMPUTE LOOPS ASSEMBLY LOOPS COMPLETE CODE

/* The generated compute loops will appear here */

The generated code is provided "as is" without warranty of any kind. To help us improve taco, we keep a record of all tensor algebra
expressions submitted to the taco online server.

Icons made by F ik from ‘ n.com is licensed by CC

tensor-compiler.org/codegen/  ss


http://github.com/tensor-compiler/taco
http://tensor-compiler.org
http://tensor-compiler.org/codegen
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Publications On TACO

. WACO: Learning workload-aware co-optimization of the format and schedule of a sparse tensor program.
Jaeyeon Won, Charith Mendis, Joel Emer, Saman Amarasinghe.

International Conference on Architectural Support for Programming Languages and Operating Systems
(ASPLOS).

Apr, 2023. Bibtex.

. Compilation of Dynamic Sparse Tensor Algebra.
Stephen Chou, Saman Amarasinghe.

Proceedings of the ACM on Programming Languages.
New York, NY, USA. Oct, 2022. Bibtex.

. Format Abstractions for the Compilation of Sparse Tensor Algebra.
Stephen Chou.

PhD Thesis, Massachusetts Institute of Technology.

Cambridge, MA. Aug, 2022. Bibtex.

. Compilation of Sparse Array Programming Models.

Rawn Henry, Olivia Hsu, Rohan Yadav, Stephen Chou, Kunle Olukotun, Saman Amarasinghe, Fredrik
Kjolstad.

Proceedings of the ACM on Programming Languages.

Chicago, IL, USA. Oct, 2021. Bibtex.

. Automatic Generation of Efficient Sparse Tensor Format Conversion Routines.

Stephen Chou, Fredrik Kjolstad, Saman Amarasinghe.

Proceedings of the 41st ACM SIGPLAN Conference on Programming Language Design and Implementation.
New York, NY, USA. Jun, 2020. Bibtex.

. A Framework for Computing on Sparse Tensors based on Operator Properties.
Rawn Henry.

MEng Thesis, Massachusetts Institute of Technology.

Cambridge, MA. May, 2020. Bibtex.

. Automatic Optimization of Sparse Tensor Algebra Programs.
Ziheng Wang.

MEng Thesis, Massachusetts Institute of Technology.
Cambridge, MA. May, 2020. Bibtex.

. A Unified Iteration Space Transformation Framework for Sparse and Dense Tensor Algebra.
Ryan Senanayake.

MEng Thesis, Massachusetts Institute of Technology.

Cambridge, MA. Feb, 2020. Bibtex.

Charles Jennifer Johnson Computer Science MEng Thesis Award - 1st place, 2020.

. Sparse Tensor Transpositions in the Tensor Algebra Compiler.
Suzanne Mueller.

MEng Thesis, Massachusetts Institute of Technology.
Cambridge, MA. Feb, 2020. Bibtex.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Sparse Tensor Algebra Compilation.

Fredrik Kjolstad.

PhD Thesis, Massachusetts Institute of Technology.

Cambridge, MA. Feb, 2020. Bibtex.

George M. Sprowls PhD Thesis Award in MIT Computer Science, 1st place, 2021.

A Tensor Algebra Compiler Library Interface and Runtime.
Patricio Noyola.

MEng Thesis, Massachusetts Institute of Technology.
Cambridge, MA. May, 2019. Bibtex.

Tensor Algebra Compilation with Workspaces.

Fredrik Kjolstad, Peter Ahrens, Shoaib Kamil, Saman Amarasinghe.
International Symposium on Code Generation and Optimization.
Feb, 2019. Bibtex.

SuperTaco: Taco Tensor Algebra Kernels on Distributed Systems Using Legion.
Sachin Dilip Shinde.

MEng Thesis, Massachusetts Institute of Technology.

Cambridge, MA. Feb, 2019. Bibtex.

Format Abstraction for Sparse Tensor Algebra Compilers.
Stephen Chou, Fredrik Kjolstad, Saman Amarasinghe.
Proceedings of the ACM on Programming Languages.
New York, NY, USA. Oct, 2018. Bibtex.

Unified Sparse Formats for Tensor Algebra Compilers.
Stephen Chou.

SM Thesis, Massachusetts Institute of Technology.
Cambridge, MA. Feb, 2018. Bibtex.

The Tensor Algebra Compiler.

Fredrik Kjolstad, Shoaib Kamil, Stephen Chou, David Lugato, Saman Amarasinghe.
Proceedings of the ACM on Programming Languages.

New York, NY, USA. Oct, 2017. Bibtex.

OOPSLA Distinguished Paper Award.

Taco: A Tool to Generate Tensor Algebra Kernels.

Fredrik Kjolstad, Stephen Chou, David Lugato, Shoaib Kamil, Saman Amarasinghe.

Proceedings of the 32Nd IEEE/ACM International Conference on Automated Software Engineering.
Piscataway, NJ, USA. 2017. Bibtex.

An Investigation of Sparse Tensor Formats for Tensor Libraries.
Parker Allen Tew.

MEng Thesis, Massachusetts Institute of Technology.
Cambridge, MA. Jun, 2016. Bibtex.
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* Novel formats for
» Faster computation
 More compactness
* More types of structured data

* Scheduling
» Algorithmic Auto-scheduling
* Learned Auto-scheduling
* Unifying Sparsity
» Tensors: TACO
* Graphs: Graphlt

* Hardware Support for Sparsity

Google

* Reimplementation of TACO sparse
tensor theory in MLDIR
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What Is Next...
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* Integrating TACO into Pydata Sparse



il Commit Group

* Current & recent projects
* SEQ: A DSL for bio informatics
* TACO: A DSL for sparse tensor algebra

* Graphlt: A DSL for gra

oh analysts

 Buildlt: A Multistage programming framework in C++

* Cola: A DSL for data compression

« Simlt: A DSL for sparse systems

* MILK: A DSL for Optimizing indirect memory references

* Cimple: A DSL for Instruction and Memory Level Parallelism
* Codon: A Pythonic DSL framework

* Tiramisu: A polyhedral compiler for data parallel algorithms

* [themal: Performance prediction using machine learning
* VeGen: Generating Vectorizers for vector instructions beyond SIMD
* Vemal: Vectorization using machine learning

* goSLP & Revec: Modernizing vectorization technology
* OpenTuner: An extensible framework for program autotuning
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