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Primitives compose to compute expressions:

Hierarchical sparse iteration

a—_—

D, 0-

Level
Scanner
Bi
compressed

Hierarchical Streams

Xi coordinate
stream

Repeater ]

Ci

T

SpM*SpM

Data flows through computation spatially

ViVi¥; Xy = By - i

Stanford University

"
Level
Scanner i R
Bk I S
o (O]
compressed 5
(]
@

Level g Level
Scanner > = '™ Scanner
Ck = Cj
compressed —l compressed

Dropped

Xi coordinate stream®
Xj coordinate stream™

Repeater
Bj

Xj coordinate
stream

Array
B vals

Array
Cvals

Coordinate
Dropper

>

Multiplier

SAM
aph

—>

Vector Reducer

Level
Writer
Xi
compressed

Level
Writer
Xj
compressed

Level

Writer

Xvals
compressed

25




Primitives compose to compute expressions:

Format agnostic
Hierarchical sparse iteration

a—_—

D, 0-

Level
Scanner
Bi
compressed

Hierarchical Streams

Xi coordinate
stream

Repeater ]

Ci

T

SpM*SpM

Data flows through computation spatially

ViVi¥; Xy = By - i

Stanford University

"
Level
Scanner i R
Bk I S
o (O]
compressed 5
(]
@

Level g Level
Scanner > = '™ Scanner
Ck = Cj
compressed —l compressed

Dropped

Xi coordinate stream®
Xj coordinate stream™

Repeater
Bj

Xj coordinate
stream

Array
B vals

Array
Cvals

Coordinate
Dropper

>

Multiplier

SAM
aph

—>

Vector Reducer

Level
Writer
Xi
compressed

Level
Writer
Xj
compressed

Level

Writer

Xvals
compressed

25




Primitives compose to compute expressions:

Format agnostic
Hierarchical sparse iteration

a—_—

D, 0-

Level
Scanner
Bi
compressed

Hierarchical Streams

Data flows through computation spatially
Stream Merging

Xi coordinate
stream

Repeater ]

Ci

T

SpM*SpM

ViVi¥; Xy = By - i

Stanford University

"
Level
Scanner i R
Bk I S
o (O]
compressed 5
(]
@

Level g Level
Scanner > = '™ Scanner
Ck = Cj
compressed —l compressed

Dropped

Xi coordinate stream®
Xj coordinate stream™

Repeater
Bj

Xj coordinate
stream

Array
B vals

Coordinate
Dropper

>

Multiplier

SAM
raph

—>

Vector Reducer

Level
Writer
Xi
compressed

Level
Writer
Xj
compressed

Level

Writer

Xvals
compressed

25




Primitives compose to compute expressions:
SpM*SpM

Format agnostic
Hierarchical sparse iteration

a—_—

D, 0-

Level
Scanner
Bi
compressed

Hierarchical Streams

Data flows through computation spatially
Stream Merging

Xi coordinate
stream

Repeater ]

Ci

T

Tensor broadcasting

ViVi¥; Xy = By - i

Stanford University

. \
Level
-
Scanner [ @ F---ccccccccccaaaaay »> Repeater
Bl M o Bj
compressed 5
(]
@
Level 2 Level . .
c .. X3 coordinate
Scanner e B ™  Scanner J <tream
Ck > cji  f-----cRiiloll.
compressed —l compressed
Dropped

Xi coordinate stream®
Xj coordinate stream™

Array
B vals

Coordinate
Dropper

>

Multiplier

SAM

—>

Vector Reducer

Level
Writer
Xi
compressed

Level
Writer
Xj
compressed

Level

Writer

Xvals
compressed

25




Format agnostic

Hierarchical sparse iteration

a—_—

D, 0-

Level
Scanner
Bi
compressed

Hierarchical Streams

Data flows through computation spatially

Xi coordinate
stream

Repeater ]

Ci

T

ViVi¥; Xy = By - i

Stanford University

SAM

° ° ° o ra h
Primitives compose to compute expressions: i
[ ]
SpM*SpM
Tensor broadcasting
—) \ Xi coordinate stream® Coordinate Level
Level Xj coordinate stream™ pyopper |yl W}r;;er
->
ScaBr]Lner """""""""" * Repeater 5 compressed
< B Bj Array o
compressed o Bvals | 5 é Level
2 = L & Writer
Level S £ 1. Level Xj coordinate 5 S XJ
Scanner - Scanner stream s I compressed
Ck > cj  f----Ciillilll. Array g <
compressed compressed C vals Level
—l N Writer
D q Xvals
roppe | compressed
Stream Merging Computation
25




SAM

° ° ° o o ra ph
Primitives compose to compute expressions:
SpM*SpM
Format agnostic
Hierarchical sparse iteration Tensor broadcasting
/ —) Xi coordi.nate stream™ . dinate Leyel
Level Level Xj coordinate stream™ pyopper |yl W}r;;er
D, 0- Scanner """ttt > Scanner ke T
Bi i coordinate Bk 1 . ™ RepBe_ater Ay . compressed
compressed stream i = J - - > o
p compressed 5 B vals . 3 Level
2 = L g Ll \writer
Level e Level . . = — . X4
c |.. Xj coordinate J
___________________ > Repceiater ” Scanner > - g Scanner ’ stream Arra § % COmpl’essed
D, 0 Ck > Ci B et - Yy —> =
f compressed compressed Cvals Level
. . —l N Writer
Hierarchical Streams X vals
) ) Dropped compressed
Data flows through computation spatially | | i I
Stream Merging Computation SRR

Construction

ViVi¥; Xy = By - i

Stanford University 25



SAM

° ° ° o ra h
Primitives compose to compute expressions: i
[ ]
SpM*SpM
Format agnostic Sparse outer-level accumulation
Hierarchical sparse iteration Tensor broadcasting
/ — Xi coordi.nate stream™ . dinate I Leyel
Level T ovol Xj coordinate stream™ pyopper |yl ‘ W}r(lier
D, 0- Scanner """ttt > Scanner ke T
Bi Xi coordinate Bk 1 . > RepBe_ater Array . compressed
compressed stream compressed 2 J Y Bvas =2 o S T evel
) o o
o | 1 Iy e L.l \Writer
Level 2 Leve . : = = . X3
c |.. Xj coordinate J
Repceiater *| Scanner e > Scanner J <tream Arra = % compressed
D,0-----mmr e > Ck > cji  f-----cioialll. - = s
f compressed compressed C vals Level
. . —l N Writer
Hierarchical Streams X vals
_ . Dropped compressed
Data flows through computation spatially | | i I
Stream Merging Computation Tensor

Construction

ViVi¥; Xy = By - i

Stanford University 25



SAM

° ° ° o ra h
Primitives compose to compute expressions: i
[ ]
SpM*SpM
Format agnostic Sparse outer-level accumulation
Hierarchical sparse iteration Tensor broadcasting
/ — Xi coordinate stream™ .o inate | Level
Level T ovol Xj coordinate stream™ pyopper |yl ‘ Writer
D, 0- ¥ Scanner  f--""TTttTToooo > Scanner ke T » *x
Bi xi coordinate Bk 1 . Repeater Array . compressed
"l © Bj .
compressed stream compressed g *  Buvals =>> . é Lovel
o 3 e Writer
R t Level g Level X3 coordinate g g % AV Xj
epce_a & 1 Scanner > = |"™™ Scanner J ‘ 3 = compressed
D,0-=smeepmncnnenens > . ck . ci  f----- steam .. o Aray <
f compressed compressed Cvals Level
i i —l N Writer
Hierarchical Streams X vals
_ _ Dropped compressed
Data flows through computation spatially | | i I
: Stream Merging | Computation Tensor

Construction
Input Iteration and Stream Merging

ViVi¥; Xy = By - i

Stanford University 25



SAM

° ° ° o o ra ph
Primitives compose to compute expressions:
SpM*SpM
Format agnostic Sparse outer-level accumulation
Hierarchical sparse iteration Tensor broadcasting
/ — Xi coordinate stream™ .o inate | Level
Level Level Xj coordinate stream™ pyopper |yl ‘ Writer
D, 0- ¥ Scanner  f--""TTttTToooo > Scanner ke T » *x
Bi xi coordinate Bk 1 Repeater Array . compressed
"l © Bj .
compressed stream compressed g > Bvals > . é T evel
o = L e L.l \Writer
Level e Level . : = = . X3
c |.. Xj coordinate S J
Repceiater > scanner » E "| scanner J <iream A 3 5 compressed
D,0----ccmsmoooeee > Ck > Cj  fe----2iiiiialll. A =X <
f compressed —l compressed C vals Level
i i Writer
Hierarchical Streams T =1y als
) ) Dropped compressed
Data flows through computation spatially | | i I

: Stream Merging I Computation Tensor

Construction

Input Iteration and Stream Merging

ViVi¥; Xy = By - i

Stanford University 25



Inner-product algorithm

Level
D.0-*  Scanner : :
Bi Xi coordinate
compressed stream
Repeater
D,0--ccecmmcccaaaaaan > ci

e

Level
Scanner
Cj
compressed

Repeater
Bj

Xj coordinate
stream

\V/Z\V/]\V/ka = sz X ij

Stanford University

SAM

Graph
Level
) ) Writer
Level R Xi coordinate stream — Xi
Scanner . compressed
o Bk > 8 Array
compressed o B Values
) 5 e Leyel
& s Lyl S Writer
Level o s 2 X values
Scanner Ml = = P compressed
X _ Array K]
> ¢ ] C Values S
compressed @ Level
Xj coordinate stream = W”t.er
Xj
Dropped compressed
26




Inner-product algorithm

Level
D.0-*  Scanner : :
Bi Xi coordinate
compressed stream
Repeater
D,0--ccecmmcccaaaaaan > ci

e

Level
Scanner
Cj
compressed

Repeater
Bj

Xj coordinate
stream

\V/Z\V/]\V/ka = sz X ij

Stanford University

SAM

Graph
Level
) ) Writer
Level R Xi coordinate stream — Xi
Scanner . compressed
o Bk > 8 Array
compressed o B Values
) 5 e Leyel
& s Lyl S Writer
Level o s 2 X values
Scanner Ml = = P compressed
X _ Array K]
> ¢ ] C Values S
compressed @ Level
Xj coordinate stream = W”t.er
Xj
Dropped compressed
26




Inner-product algorithm in SAM
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Custard’s compiler algorithm to SAM

Format Language
Expression B=({sparse,sparse}, Schedule
{mode0,model}) . .
X@j — BZk) * Ck:] C=({sparse, sparse}, reorder(i, k, J)
{model, mode0})

Stanford University
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Compiler:

Custard’s compiler algorithm to SAM Custard
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Demo: Generating SAM graphs with Custard

> ./sparse demo.sh compile

e This runs the applications in . /sam/compiler/sam-kernels. sh through the
Custard compiler

* All SAM graphs generated in . /sam/compiler/sam-outputs/

* View the SpMSpM kernel matmul ijk in
./sam/compiler/sam-outputs/png/matmul ijk.pngin
VSCode or using docker cp

* We will also view a smaller kernel, mat elemadd in
./sam/compiler/sam-outputs/png/mat elemadd.png,
which we will be using for the rest of the demo
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Although abstract, SAM binds to real hardware

Sparse Abstract Machine

TS
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Although abstract, SAM binds to real hardware

Sparse Abstract Machine
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Programming dataflow requires an abstract
machine that a compiler can target

High-Level
Input Languages
(APIs)

Sparse Accelerator
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Programming dataflow requires an abstract
machine that a compiler can target

[Hsu et al. ASPLOS 2023]
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SAM as the architectural specification of our sparse

CGRA

fabric

Primitives added to the memory tile (To write, store and read fibertrees)

(" Level Writer h ( Level Scanner )
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N J i : J
Primitives added to the PE tile (To compute on fibertree indexing data (coordinates and references)
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refl —> » reft Intersecter Reducer
coord1 ) _ /Unioner > out
DS,108742 intersection | p S,8 4 in &>
- coord [DS 109857655J DS,27 180
DS,9841 1 0 0
0 . [DS,10987421
coord2 —» union \_ J
ref2 —> DS,N98N4N1||/ = <
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) < outer Dropper
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SAM as the architectural specification of our sparse
CGRA fabric

4 Level Writer

1
I Write

~

Primitives added to the memory tile (To write, store and read fibertrees)

Level Scanner )

-

N: empty token )

N
Repeater
— ref

coord Seg/Val  coorgt
FIFO  Firo ! | 7%
A Data ! :
Coordinate - |
- < Counter E ref_in - i i D];F»
(AG) Write Segment/ | ! re
Value FSM |1 !
[ A
Segment : . !
> ?’-\G {[ root Coordinate
FSM
1
Write FSM_ | o
L ) )
Primitives added to the PE tile (To compute on fibertree indexing data (coordinates and references)
e N/ N
refl —> » reft Intersecter Reducer
coord1 ) _ /Unioner e out
DS,108742 intersection | p S,8 4 in &>
5 i1 = coord (DS, 10985,7655,) DSR2 B
. [(DS,10987421
coord2 —» union \_ Y,
ef2 —> DS,N98N4N1 =
r + ref2 > ‘ DS,3210 DS,310 Coordinate

outer coord —>
inner coord >

)

DS,31S5,5,205,1
% 1 0 >0 0

_, outer Dropper
coord
—»> inner coord

(DS,315,205;1 | )

Stanford University

31



SAM as the architectural specification of our sparse

CGRA fabric

Primitives added to the memory tile (To write, store and read fibertrees)

ref2 —

(" Level Writer . \( Level Buffer \( Level Scanner )
- Segments 64x512 a
coord H } Coordinates SlngIeS-RPX; Seg/Val  coorgt D]:t:
Write ’ FIFO FIFO | | coor
A Data ! |
] Sooranare sl [ rerm N I
. 1 1
(AG) || write t 4 ‘ Qiaihe "”‘ef ‘ Segment/ |1 | i | *ef
ALl Segment || Coordinate || Segment ||Coordinate Value FSM i i
Segment Writer Writer Reader Reader : ! V_ !
Ly AG {[ root Coordinate
i A A L'D I FSM
1 —— - - -
H 1
L Write FSM | L [ ‘ )
Primitives added to the PE tile (To compute on fibertree indexing data (coordinates and references)
4 N/ R
refl —> » reft Intersecter Reducer
coordl ) _ /Unioner e out
DS,108742 intersection | p S,8 4 in &>
= i1 - coord [D5110985076550J DS,27 180
. [(DS,10987421
coord2 —» union.— o —— QN Y,

.
DS,N98N4N1
+ ref2 (PS5 N9BNANT] PP

N: empty token )

DS;321O

Repeater\ outer coord =

- ref inner coord &>

/\[05131505020501]

Coordinate )

_, outer Dropper

coord

—» inner coord

(DS,315,205;1 |

/

Stanford University

31



SAM as the architectural specification of our sparse
CGRA fabric

Primitives added to the memory tile (To write, store and read fibertrees)
(" Level Writer - \( Level Buffer \(

1
- Segments 64x512 a
coord Coordinates Sl e
. SRAM
Write

Level Scanner )

SO ) Sl
Fo o | coord

1
. Data ’ { '
Coordinate A .
> Counter E[ | § § Arbiter §Cache line § | ref_in ---3 | i m’
. ache line | I ref
-'
(AG) A d:ﬁ;’;‘; — — (e selgm‘;’;tp{l bl
Segment || Coordinate || Segment ||Coordinate =T ! !
Segment Writer Writer Reader Reader A I A
> AG {[ root Coordinate
A A % A L»D I FSM
N [ b= 1 |==" - —= =
L i e L 1<—( y

Primitives added to the PE tile (To compute on fibertree indexing data (coordinates and references)
p

N/ N
refl ref1 Intersecter Reducer
empty fiber € -
coord1 Pty /Unioner

> i i i + out
DS,108742 '“terse‘:t:’" DS,8 4 in - T
— oo D27 150
DS,9841 (DS,10985,7655, 0

union [0 S,10987421

coord2 N J
. ref2 _e:%%Dﬁber—_: )—»D]]—» ref2 / a Ds,3210 Coordinate )
[ Repeater || outer coord —> > coord Dropper
S, 0 ref — - ref inner coord — —> inner coord
2 1] coord —» Ps,315,5,2085,1] EEEEEEEET

AN /

Stanford University 31



SAM as the architectural specification of our sparse

CGRA fabric

Primitives added to the memory tile (To write, store and read fibertrees)
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SAM as the architectural specification of our sparse

CGRA fabric

Primitives added to the memory tile (To write, store and read fibertrees)
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SAM as the architectural specification of our sparse
CGRA fabric

Primitives added to the memory tile (To write, store and read fibertrees)
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Hardware-aware sparse datatflow graph

* CGRA architecture and microarchitecture requires more
transformations during binding

* Introduce the concept of a hardware-aware SAM graph

e Performs transformations like:
e Broadcast removal
e Decomposition of N-joiners to binary joiners
* Merges Level Scanners and Level Writers
* Inserts Level Buffers
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Demo: Mapping to CGRA Microarchitecture

>./sparse demo.sh lower

e This runs the SAM graph through the lowering process to produce a hardware-aware
sparse dataflow graph

* \We can visualize that graph in
/aha/sam/hw aware mat elemadd.png
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Tool flow that maps SAM to a CGRA
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Tool flow that maps SAM to a CGRA

Stanford University
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Demo: Generating CGRA Bitstream for sparse
applications

Run the following command:

> ./sparse demo.sh gen

* This generates a CGRA bitstream from the hardware-aware graph using tools
introduced later

* |t also generates a testbench that runs an example matrix through, checking it with
gold (written in Numpy)

* Explore output files generated in
/aha/garnet/SPARSE TESTS/mat elemadd 0/
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e Dataflow hardware, like CGRAs, can speed up
sparse computation

* Presented ideas from the Sparse Abstract
Machine and Onyx

 SAM is an abstract IR that represents sparse tensor
algebra as dataflow graphs
 SAM comes with the Custard front-end compiler

* Introduced the AHA flow for sparse applications

Conclusion
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