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Example: the
BronKerbosch

algorithm for
maximal
clique listing

algorithm BronKerbosch (R, P, X) is

if P and X are both empty then
report R as a maximal clique

choose a pivot vertex u in P U X

for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P :=P \ {v}
X = X U {v}
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algorithm BronKerbosch (R, P, X) is

if P and X are both empty then
report R as a maximal clique

choose a pivot vertex u in P U X

for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P :=P \ {v}
X = X U {v}

while not done
for all vertices v:
send updates over outgoing edges of v
for all vertices v:
apply updates from inbound edges of v
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if P and X are both empty then EE

report R as a maximal clique OE i

choose a pivot vertex u in P U X

for each vertex v in P \ N(u) do

BronKerbosch (R U {v}, P N N(v), X N N(v))
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algorithm BronKerbosch (R, P, X) is
if P and X are both empty then Many dgorithmsare NR
report R as a maximal clique complete or even EXPTIMI
choose a pivot vertex u in P U X
for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P :=P \ {v}
X = X U {v}
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Graph Mining: Challenges [RSsisis
Example: the =l Vertex sgbgraph structure, deeply recursive
Brom?erbosch I\/Ilamy_tohther Subgraph discovery no notion of iterations
i algorinms @ isomorphism Vertex
algorithm for P Frzquenrt] Non-straightforward
subgrap . )

aximal with similar
s g properties Link prediction )d! parallelism complicated
JUATIG, memory accespatterns

algorithm BronKerbosch (R, P, X) is
if P and X are both empty then Many dgorithmsare NR
report R as a maximal clique complete or even EXPTIMI

choose a pivot vertex u in P U X
for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P :=P \ {v}
X = X U {v}

Dense Complex algorithm
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Graph Mining: Challenges [k

listing
subgraph structure, deeply recursive
Satulple: e Many other disc%veriy no notion ofpitﬁrations
BronKerbosch Aeinie Subgraph orderings
- iIsomorphism Vertex .
algorithm for Frequent Non-straightforward

Dense Complex algorithm

with similar

maximal : : :
clique listing properties Link prediction subgraph parallelism complicated
JUATIG, memory accespatterns

algorithm BronKerbosch (R, P, X) is
if P and X are both empty then Many dgorithmsare NR

report R as a maximal clique complete or even EXPTIMI

choose a pivot vertex u in P U X

for each vertex v in P \ N(u) do

BronKerbosch (R U {v}, P N N(v), X N N(v))

Hardware getting not just
massively parallel but also

P =P\ {v} massively heterogeneous
X := X U {v}
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. . subgraph structure, deeply recursive
Example: the | Vertex grap ply

Bron-Kerbosch I\/Ilany_c;]ther Subgraph orderings <5 discovery g no notion of iterations
algorithm for a.ghor'.t o> isomorphism Vertex er—
maximal i Sl : = similarity & Non-straightforward

—

Frequent

e properties Link prediction ~ SuPgraph parallelism complicated
clique listing mining
et s e memaory accespatterns
| algorithm BronKerbosch (R, P, X) is 00T
if P and X are both empty then | EER | Many dgorithmsare NP
report R as a maximal clique v L I complete or even EXPTIM
[ choose a pivot vertex u in P U X : iER
J‘Z for each vertex v in P \ N(u) do Hardware getting not just
BronKerbosch (R U {v}, P N N(v), X N N(v)) massively parallel but also
P =P\ {v} massively heterogeneous
X := X U {v}
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Example: the
BronKerbosch
algorithm for
maximal
clique listing

Vertex

- Frequent
similarit

subgraph
mining
== '3

orderings '

algorithm BronKerbosch (R, P, X) is
if P and X are both empty then

report R as a maximal clique
choose a pivot vertex u in P U X
for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P .= P \ {V} EEE
=X U {v}
. rlll1
= rlllﬂ =
LIIIJ

L....l

m_—"
;i
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Complex algorithm

structure, deeply recursivej
no notion of iterations

Non-straightforward
parallelism complicated
memory accespatterns

T

Many dgorithmsare NP

complete or even EXPTIME
ER

Hardware getting not just
massively parallel but also
massively heterogeneous
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t heoretical easi |l y ha

potential ofdiversehardware
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SRS -
Processing Iin

Memory (PIM) [1]

A very promising tool to tackle
memory bottleneck [2, ...]
Processing-using- Processing-near-

memory (PUM) memory (PNM) A wellunderstood design [2. ...

=

Already used for simple grap
problems with a lot of success

3, ..]

[1] O. Mutlu et al. Amodern primer on processing memory 2021.
[2] S.Ghoseet al, Processingn-Memory. A Workloaddriven PerspectivelBM JRD, 2019
[3] C Gui et alA Survey on Graph Processing Accelerators: Challengé€3pmoudtunities JCST, 2019.
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(a) Set-centric algorithms & code

/% "t [* Triangle Counting. */

count of =0:ini
. tc = 0; init_sets( )
. _
H1angles T tor vin vertices:
‘{* "N(V)": fOI'W il'l N(V):
neighbors +=|N N
of v" */ ¥ I (V) m (W)I

tc /= 3; cleanup( )

[* More than 10 other
set-centric formulations of
graph mining algorithms */
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Overview

(a) Set-centric algorithms & code

/% "t [* Triangle Counting. */
count of

triangles */ tc = 0; init_sets()

for v in vertices:

neighbors tc +3 IN(V) M) N(w)|
OfV *1’ tc)':3’ =il UL

[* More than 10 other
set-centric formulations of
graph mining algorithms */
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Overview

P Implementation \
(a) Set-centric algorithms & code (b.1) Set-centric ISA
« ngn. [* Triangle Counting. */ sisa_set(...) SISA structure:
foxct sisa_vertices(...) :
count of tc = O; init_sets() — Software abstractions

t i | * ] R -
"N for vin vertices: sisa_union(...) % ZSlyle wrappers

/* "N(v)":  forw i 0L sisa_intersect(...) : :

neighbors e +JIN() AN} sisa_cardinality(.) > o oionS
tc /= 3; CTeamar sisa_delete(...)

/* More than 10 other

set-centric formulations of S . .
™ : et organlzatlon set representatlons
* 1 L]
graph mining algorithms */ set algorithms, theoretical analysis
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Overview
P Implementation \
(a) Set-centric algorithms & code (b.1) Set-centric ISA
/% ngev:  [* Triangle Counting. */ sisa_sef(...) SISA structure:
tcﬁgr{]\élgf; ., tc=0;init_sets() sisa_vertices(...) Sgﬁgg{;,l gtﬁ;ggtggs
for v in vertices: SiSﬂ_UﬂiOﬂ(...)

M N L sisa_intersect(...) _ _
Drre°rs tc +IN(V) M N(w)| sisa_cardinality(...) SISA instructions

tc/=3 sisa_delete(...)

/* More than 10 other (b.2) SISA sets

afégﬂﬁri:fi ggrgggﬂﬁﬁiﬁf! Set organization, set representations,
set algorithms, theoretical analysis

(c) SISA HW Memory subsystem, PIM acceleration

uonndaxg

SCU picks most
beneﬁmal variants
of set instructions
and accelerators
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... Set-centric paradigm & formulations of manygraph mining
algorithms, coming with guarantees fthlreoretical efficiency

... Set-centric ISA with high-performance set organization: set
representations & set algorithms

... Hardware implementation of SISA with processingusing
memory (SISRUM) and processing near memory (SiFhM)
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Set-Centric Paradigm & Formulations

algorithm BronKerbosch (R, P, X) is

if P and X are both empty then
report R as a maximal clique

choose a pivot vertex u in P U X

for each vertex v in P \ N(u) do
BronKerbosch (R U {v}, P N N(v), X N N(v))
P :=P \ {v}
X = X U {v}
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algorithm BronKerbosch (R, P, X) is iCahir- formulations
if P and X are both empty then
report R as a maximal clique

choose a pivot vertex u inlP U X We can use very efficient (e.g
for each vertex v in P \ N(u) do work optimal) graph mining
BronKerbosch (R U {v}, P 1 N(v), X 1 N(v)) : :
P o= P\ {v} algorithms and simply expose
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There are only a few set operations

they are easy to reason about
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Analysis of Expressiveness & Comparison to Other Paradigms

Abstraction or  Example Underlying Pattern M. Learning “Low-c¢.”

programming model design algebra? Key element Key operations Remarks

mc kc ds si vs lp ¢l av tc bf cc pr

Vertex-centric (ver-c)
Edge-centric (edge-c)
Array maps
GraphBLAS

GNN (graph neural
networks)

Pattern matching

Joins

Set-Centric
[This work]
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aph G=(V,E). Output: Effectiveness eff
prediction scheme. */

/# Input: A gr
1 /* Input: A graph G=(V,E). Output: Clustering CCE =/ — * of a given
2 for e=(o,u) €E [in par] do: //7 is a user-defined threshold

3 if |N(o)NN(uw)| >7: C=CU{e

Erpndm = /* Random subset of E */
Esparse = E\Erpdm ) /* Edges in E after removing E.pgm */

1
2
3
4
1 /% Input: A graph G. Output: Degeneral 5 ,/rqr cach eE(VXV)\Esparse , derive score S(e) that
6
7
8
9

Alg‘nrithm 11: Tar’viQ-Patrick 2 3 =0 //determines the chance that e appears in future. Here,

//one can use any vertex similarity scheme & from § 5.2.1.
/ % . (G). minim ol / patte .
1 /* Input: target graph (G), minimum SLuJDOF’It ; COL:II'It of a found pattern (o). - for e=(v,u) € (VXV)\Esparse [in par] do: compute S(v,u)
2 x Qutput: sets of frequent subgraphs of sizes 1,2,...k (Fy,Fa,...,Fp).x/ I : , ,
3F =V: k=2 //k=2 means we start recursion from edges P // Epredicf = /* Pick selected top edges with the highest § scores.
4 //Use all subgraphs in Fj_; to generate candidates of size k: i */
! L - |E NE /Derive the effectivene
5 while Fp._y #0 do: //Cj (below) are candidate subgraphs of size k = 10 eff = |predict rndm|) //Derive the effectiveness.
6 Fr. = 0; C). = candidate_gen(Fj_;) //Use any selected kernel[128] . ; . :
7 foreach g € C do: 5, ol Algorithm 10: Link prediction testing,.
8 cnt = SI(g, G) //For set operations in SI, see Algorithm 7 ptate
9 if cnt > on and gi Fk: Fk U= g . Output: All k-clique-stars, S.+*/
10 k++ ittern graph: output M(s); return; |d k-cliques (e.g., with Table 4)*/
Hate pairs to be added to M(s) =/ t with identified k-clique-stars.
Algorithm 8: Frequent subgraph mining [128]. O s .
- wore Fule */ 1 /* Input: A graph G. Output: Similarity SeR of sets AB.
_ 2 * Most often, A and B are neighborhoods N(u) and N(v)
9 for vel P\N(u) do: 9 checkTerm =[ [Ni(o1) NTa(s)| =1 |Nz(v2) N Ta(s)| 3 % of vertices u and 0. #/
10 BKPivot (. RU{o}l ., PnN(w) , XnoN({ 10 checkNew = |Np(v1) \ (M1 (s) UTi(s))| = [N2(02) \(Ma($)UTR(s)| 4 //7ooore similarity:
11 checkFeasibility = checkCore A checkTerm A checkNew 5 S(A,B) = |AnB| / |AUB| =/ |AnB| / (|A| + |B| -[ |[AnB|)
1 /# Input: A graph G. Output: S contains the maximal k-q 12 checkSemantic = verify_labels(oy, v3, s) //1f we use labels| 6 //0verlap similarity:
2 C = /* First, find (k+1)-cliques (use Listing {13 checkFeasibility = checkFeasibility A checkSemantic //1f we use 7 S(AB) = JAAB| " / min(]A|, |B)
38 = /+* Empty map where the keys are k‘C]iQL‘C‘S a . labels. I , B 8 //Certain measures are only defined for neighborhoods:
k-clique-stars */ 14 if checkFeasibility : s° = Newstate(s, oy, £3); Match(s’) 9 S(o,u) = Ny (1/log IN(w)]) //where we(N@AN@): Adanic Adar
15 //Check if labeling of ©; and v and their neighborhoods match ' v & ) o o o
4 for ¢ €C [in par] do: //For each (k+1)-clique d16 bool verify_labels(ovi, o2, S): 10 S(o,u) = X, (1/IN(w)]) //where wel N(o)NAN(u) ; Resource Alloc.
S(o,u) = |[N(@) NN //Com eighb
5 for v€c do: //for each vertex in clique ¢...|17 forall U; € Ni(o1) " Mi(s) : forall (U;,Ué) € M(s): i; SEZ:; B :NEZ;UNEE;: /;:1:;1::*@;;5
: - - ! . s = / g
6 SEOEIIEEIE) //Add ¢ to a k-clique-star. 18 if (L(vy) !'= L(vz)) or (L(v1,v]) !'= L(vz,v))): return false - SR
19 return true Algorithm 9: Example vertex similarity measures [148].
Algorithm 5: k-clique-star listing (our : : ;
g 1 g ( Algorithm 7: Subgraph isomorphism [69].




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Our design comes with...

1

... Set-centric paradigm & formulations of manygraph mining

algorithms, coming with guarantees fthlreoretical efficiency
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Our design comes with...

... Set-centric ISA with high-performance set organization: set
representations & set algorithms
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Set Representation

[ Input set ] Sparse Array (SA) Dense Bitvector (DB)
n =16 (#vertices)  W/bits] foran Size [bits]: . :
{0, ..., 15} element (usually V& x ] Size [bits]: n

_ a memory W0l'd)\ #vertices
An example set:

00000 0 000
{5,6,7,11,12} 50 N6l 70 N 2 1 1izooo1d n
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a memory wor \ #vertices
An example set: 00000 000 000
{5,6,7,11,12y 5 6 7 11 12 1 D@ e n

Set Algorithms

SA, SA (similar sizes)
n-------
N I . .

SA, SA (sizes vary a lot)
n-------

SA, DB
I I . . .
AENNRNERERER

DB, DB

Niaaaasanann

Other set operations
have similar variants
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Other set operations
have similar variants
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[ Input set ] Sparse Array (SA) Dense Bitvector (DB)
n =16 (#vertices) W [bits] f Size [bits]: . ,
{0, ..., 15} elerr[leln?](uc:‘uzri)); M; X ] Size [bits]: n
a memory wor \ #vertices
An example set: 00000 000 000
{5,6,7,11,12y 5 6 7 11 12 1 D@ e n

Merge: Iterate throughtwo input sets Set Algorithms
(sorted) identifying commorelements SA, SA (similar sizes)

P
NZoooos™ L

Complexity: O(n+m) SA, SA (sizes vary a lot)
n-------

N .
SA, DB

Galloping: iterate over the elements of a |-||-||-||-||-||-| - ()

smaller set andisea binary search to DB, DB

check if each element is in the bigger sg ﬂ============ — ODDI:II:IDI:IO

Other set operations
have similar variants
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Set Representation

Input set Sparse Array (SA) Dense Bitvector (DB)
n =16 (#vertices) W [bits] f Size [bits]: . :
{0, veey 15} elerr[leln?](ucguzrllli))r lzev&xl ] Size [bits]: n
a memory wor \ #vertices
An example set: 00000 000 000
{5,6,7,11,12y 5 6 7 11 12 1J ocoNENoooNN000 n

Merge: Iterate throughtwo input sets Set Algorithms
(sorted) identifying commorelements SF]. 2&\ (-S'm-mi Sﬁes‘ - rﬁ'i

I LE...]DDDO}

SA, SA (sizes vary a lot)

SA, DB
. . 1 P . 1P 1 |
Galloping: iterate over the elements of a TITTTTITIT ( )
smaller set andisea binary search to DB. DB

check if each element is in the bigger sg ﬂ============ — ODDI:II:IDI:IO

Complexity: O(m log n e e
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Set Representation

[ Input set J Sparse Array (SA) Dense Bitvector (DB) SISA oﬁgrs al
n =16 (#vertices) W bits] foran Size [bits]: ) _ these variants
{0, ..., 15} element (usuaLli)); W x Size [bits]: n

a memory wor \ H#vertices
An example set: 0
{5,6,7,11,12y 5 6 7 11 12 10 000lll000ll000n

Merge: Iterate throughtwo input sets Set Algorithms
(sorted) identifying commorelements SA, SA (similar sizes)

I'E'I

I I . -

n------ OLH.jDDDO
Complexity: O(n+m) SA, SA (sizes vary a lot)

n-------

1 |

SA, DB

Galloping: iterate over the elements of a T T ()

smaller set andisea binary search to DB, DB

check if each element is in the bigger sg ﬂ============ — ODDI:II:IDI:IO

Complexity: O(m log n PR
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Our design comes with...

... Set-centric ISA with high-performance set organization: set
representations & set algorithms
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Our design comes with...
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Our design comes with...

... Hardware implementation of SISA with processingusing

memory (SISRUM) and processing near memory (SiFhM)
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SISA Example Hardware Implementation

OEIELLE | Memory subsystem, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators
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Execute a given se
operation
OEIELLE | Memory subsystem, PIM acceleration
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beneﬁual variants
of set instructions
and accelerators



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
OEIELLE | Memory subsystem, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators
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SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
OEIELLE | Memory subsystem, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators
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SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
(c) SISA HW em, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators
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SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
(c) SISA HW em, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators

Consider set representations
(select SISRUM vs. SISRNM)
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SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
(c) SISA HW em, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators

Consider set representations Consider set operation variants
(select SISRUM vs. SISRNM) (select Galloping vs. Merge)
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SISA Example Hardware Implementation

Execute a given se Select the best set
operation operation variant
(c) SISA HW em, PIM acceleration

SCU picks most
beneﬁual variants
of set instructions
and accelerators

Consider set representations Consider set operation variant§l Use performance models (streami
(select SISRUM vs. SISRNM) (select Galloping vs. Merge) VS. random memory access)
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Evaluation
Goals & Setup

15
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Evaluation
Goals & Setup

Goal: SISAenables aceleraing
the state of theart

Main baselines:
,hon-set” : state of th
,set-based” : -cen#&it + standard HW,
.sisa” : -cen&it + PIM acceleration
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Goals & Setup Simulation Infrastructure: Sniper|1]

(cyclelevel)with the Pin frontend?2]

[1] W. Heirmanet al.,Sniper Scalable and accurate parallel migltire simulation ACACES, 2012.
[2] C-K.Luket al.,Pin building customized program analysis tools with dynamstrumentation ACMSIGPLAN Notices, 2005.
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Goals & Setup Simulation Infrastructure: Sniper|1]

(cyclelevel)with the Pin frontend?2]

Considered platforms: (1) SISA,

(2) ahigh-performance Oubf-Order
manycoreCPU

[1] W. Heirmanet al.,Sniper Scalable and accurate parallel migltire simulation ACACES, 2012.
[2] C-K.Luket al.,Pin building customized program analysis tools with dynamstrumentation ACMSIGPLAN Notices, 2005.
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Goals & Setup Simulation Infrastructure: Sniper|1]

(cyclelevel)with the Pin frontend?2]

Considered platforms: (1) SISA, Parametrization: Such as in past

(2) ahigh-performance Oubf-Order Ml work (Tessarect [3]); all baselines
manycoreCPU bandwidth scalability

[1] W. Heirmanet al.,Sniper Scalable and accurate parallel migltire simulation ACACES, 2012.
[2] C-K.Luket al.,Pin building customized program analysis tools with dynamstrumentation ACMSIGPLAN Notices, 2005.
[3] J.Ahnet al.,Ascalable processinig-memory accelerator for parallel grapimocessingISCA, 2015.
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Evaluation

Goals & Setup Simulation Infrastructure: Sniper|1]

(cyclelevel)with the Pin frontend?2]

Considered platforms: (1) SISA, Parametrization: Such as in past
(2) ahigh-performance Oubf-Order Ml work (Tessarect [3]); all baselines
manycoreCPU bandwidth scalability

Problems: k-cliques, kstar-cligques,

maximal cligues, clustering (using
the Jaccargdoverlap and total
neighborsas vertex similarity

coefficients), subgraph isomorphis

[1] W. Heirmanet al.,Sniper Scalable and accurate parallel migltire simulation ACACES, 2012.
[2] C-K.Luket al.,Pin building customized program analysis tools with dynamstrumentation ACMSIGPLAN Notices, 2005.
[3] J.Ahnet al.,Ascalable processinig-memory accelerator for parallel grapimocessingISCA, 2015.
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Evaluation

Goals & Setup Simulation Infrastructure: Sniper|1]

(cyclelevel)with the Pin frontend?2]

Considered platforms: (1) SISA, Parametrization: Such as in past
(2) ahigh-performance Oubf-Order Ml work (Tessarect [3]); all baselines
manycoreCPU bandwidth scalability

Graphs: biological bio-), interaction Problems: k-cliques, kstar-cliques,
(int-), social foc-), brain pn-), maximal cliques, clustering (using
dynamic D), web (web-), economica the Jaccardoverlap and total
(econ-), andstructural 6tr-) neighborsas vertex similarity
networks coefficients), subgraph isomorphis

[1] W. Heirmanet al.,Sniper Scalable and accurate parallel migltire simulation ACACES, 2012.
[2] C-K.Luket al.,Pin building customized program analysis tools with dynamstrumentation ACMSIGPLAN Notices, 2005.
[3] J.Ahnet al.,Ascalable processinig-memory accelerator for parallel grapimocessingISCA, 2015.
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Pattern Matching: Clustering (Jaccard based) [1]

Cores/threads: 32
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[1] S. Beamer et al.,
The GAP Benchmar
Suite 2015.
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Cores/threads: 32

Complexity: O(I¥)

cutoff
5 —

Pattern Matching: Clustering (Jaccard based) [1]
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[1] S. Beamer et al.,
The GAP Benchmar

Input graph |Baseline: Enon-set Bset-based [sisa Suite 2015.
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Complexity: O(I¥)

cutoff

Pattern Matching: Clustering (Jaccard based) [1]

SISA’s speedup
over non-set
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[1] S. Beamer et al.,
The GAP Benchmar

Input graph |Baseline: Enon-set Bset-based [sisa Suite 2015.
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Cores/threads: 32

Complexity: O(I¥)

Pattern Matching: Clustering (Jaccard based) [1]

SISA’s speedup SISA’s speedup

over non-set over set-based
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The GAP Benchmar
Input graph |Baseline: Enon-set Bset-based [sisa Suite 2015.
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Cores/threads: 32

Complexity: O(r)

SISA’s speedup k=5
over set-based

Pattern Matching: k-Cliques

SISA’s speedup
over non-set
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Cores/threads: 32

Complexity: O(3"3)

cutoff

Pattern Matching: Maximal Cliques

SISA’s speedup SISA’s speedup
over non-set over set-based
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