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Graph and Graph Pattern Matching

Graph is Prevalent!

(O  Person O Product | @ city @ Country
(O—() Knows O—>O purchases | (O—@ Livesn  O—@ Locatedin

Graph Pattern
Matching

(b) Graph G (c) The mappings of pin G

(a) Pattern p




Interactive Graph Pattern Matching

(O Person O Product ' © City @ Country

O—0O «Knows (O—) Purchases | (O—Q@ Livesin O—@ Locatedin

Recommendation o~ Q: p (without predicates) Query Tuning [ Usability }
______ E' Not Good

Which Pattern?

Q p.where(vl.age < 30 && v2.age < 30)

O
G .
@ —" l. Not Good
@ Q: p.where(vl.age < 30 && v2.age < 30
&& v3.name=="“iPhone14Pro”)

Non-Expert Gotlt [ Performance J
(a) Pattern p (b) Interactive GPM

uz | oul ] w4 [Scalabinty]
u2 u3 us

(c) Graph G (d) The mappings of pin G




IGPM: Requirements and Features

Usability Performance} [ Scalability J
/Featurel /Featurez ) /Feature3: N
Declarative Language Automatic Optimization Distributed Execution
p= g-(V()-r)natC(h ( i) (... X
S o =
asE‘v;’;:ouig‘Eurc:ases’;:ast’vz’;’ O O_)O C&) ?_ ;—_
N % - /) o /

\ J
|

Are there any existing solutions?

-Ne04j Q, TigerGraph




IGPM: Existing Solutions and Challenges

.Ne0dqj

[

Featurel:

Declarative Language

Q Support Cypher

pi

F ()

f1

} low-order

— high-order

Feature?2: Feature3:

Automatic Optimization

Distributed Execution

O Limited Optimization

Cannot guarantee worst-case optimal

* Only support binary join operation

* large intermediate results size

Only use low-order statistics to estimate plan cost
* Inaccurate plan cost estimation

!

Challengel: Optimization
e Guarantee worst-case optimal
e Adopt high-order statistics

—_—

X Single Machine Design

— Bad execution plan!

—




IGPM: Existing Solutions and Challenges

@ TigerGraph

[

Featurel: Feature?2:
Declarative Language Automatic Optimization
O Support GSQL X Manually Query Tuning

However, it requires query pre-installation!

|

Feature3:
Distributed Execution

|

Q Distributed Design

* Pre-install the queries before they can

Challenge2: Compilation

be executed in the TigerGraph - ) )
. 8 p * Timeliness
* Involves native code generation and ) )
compilation Support interactive manner

* 1~3 minutes per query, too long!
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System Overview

U p = g.V().match (
S Q as(‘vl’).out(‘Knows’).as(‘v2’),
E ‘@ as(‘vl’).out(‘Purchases’).as(‘v3’),
as(‘v2’).out(‘Purchases’).as(‘v3’)
R )
F [ Pattern Parser (84.1) ]
D
R
o GLogue Frequently queried patterns PatternDesc
Manager
N
T (553) [ Plan Optimizer (§5.4) 1
E|
N {ﬁ
D DataflowDesc
Graph
B
A [ Graph Sparsifier (§5.2) ] [ G Serv.lce ]
C 5 | Dataflow Plugin (§6.1) |
t
K i:iii;?;aﬁon [ Dataflow Executor 1
hdfs://, h.
E Al an
N o, . .
D | [ Partition 1 (id % # ==1) ]




Frontend: Pattern Parser

U p = g.V().match (
S ° as(‘vl’).out(‘Knows’).as(‘v2’),
E ‘ v3 as(‘vl’).out(‘Purchases’).as(‘v3’),
as(‘v2’).out(‘Purchases’).as(‘v3’)
R Q ) g.V().hasLabel('Person').match(
Gremlin as('vl').outE('Knows').as('el').inV('Person').as('v2'),
as(‘v1l’).outE(’LivesIn’).inV(‘City').as('v3'),
F AT [ BRI PEISE (§4'1) ] as(‘v2’).outE(‘LivesIn’).inV(‘City').as('v3’))
R
0o GLogue Frequently queried patterns PatternDesc MATCH (v1: Person) -[e1:Knows]-> (v2: Person),
N Manager Cypher (v1: Person) -[Livesin]-> (v3: City),
(v2: Person) -[LivesIn]-> (v3: City)
T ($5.3) [ Plan Optimizer ($§5.4) ]
El
N Sparsified DataflowDesc Pa rse
D Graph
B PatternDesc { sentences: [ |
A [ Graph Sparsifier (§5.2) ] [ RPC Ser\{lce ] GetV(", ‘v, Person, None)],
c e _Dataflow Plugin (§6.1) | GetE('v1’, ‘e1’, Knows, Out)],
K initialization . Dataflow Executor 1| ... GetV(‘el’, ‘v2’, Person, Target) ], ... ] }
E hdfs://graph.
N data
D | [ Partition 1 (id % # ==1) ]
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Frontend: GLogue Manager

v I o B V) B

OZMHAAZ20XXH

ozmHROQPW

p = g.V().match (
as(‘vl’).out(‘Knows’).as(‘v2’),
as(‘vl’).out(‘Purchases’).as(‘v3’),
as(‘v2’).out(‘Purchases’).as(‘v3’)

)

(o
L

[ Pattern Parser (84.1) ]
)
GLogue Frequently queried patterns [ PatternDesc |
Manager
(§53) jGLogue [ Plan Optimizer (§5.4) ]
\ J

DataflowDesc

Sparsified
Graph

— [ RPC Service )
[ Graph Sparsifier (85.2) ] | Dataflow Plugin (§6.1) |

System
initialization [ Dataflow Executor 1

| [ Partition 1 (id % # ==1) ]

O3 O—=0O3
O2 O—=0 4

Q2 O—02

Patterns and Frequencies

O~>O—>0O3
OO0 s

%3 2

1 Build, Update, Maintain

Level=1 Level =2 Level =3

P1 Pa P7

11




Frontend: Plan Optimizer

U p = g.V().match (
S ° as(‘vl’).out(‘Knows’).as(‘v2’),
E ‘@ as(‘vl’).out(‘Purchases’).as(‘v3’),
as(‘v2’).out(‘Purchases’).as(‘v3’)
r| ()
F [ Pattern Parser (84.1) ]
)
R
(o] GLogue Frequently queried patterns PatternDesc
N Manager
$s. -
T 1955 [ Plan Optimizer (§5.4) ]
El .
N i
Sparsified DataflowDesc
D
B
A [ Graph Sparsifier (§5.2) ] [ RPC Ser\{lce ]
C : | Dataflow Plugin (§6.1) |
K inyiif;?;ation [ Dataflow Executor 1
E
N o . . 0 —
D | [ Partition 1 (id % # ==1) ]

PatternDesc { sentences: [ [
GetV(”, ‘v1’, Person, None)],
GetE(‘vl’, ‘e1’, Knows, Out)],
GetV(‘el’, ‘v2’, Person, Target) ],

]}

Level =1

Plan Generation

Level =2 =

Source (GetV(",'v1"))

s

Join (‘'v1’, 'v2’, ...)

DataflowDesc Join ('v2', V3, ...)

/\
FlatMap (GetE(‘'v1’,'e1’)) FlatMap (GetE(‘v1’,"))
N N
Map (GetV(‘e1’,'v2)) Map (GetV(®,'v3’))

Source (GetV(”,'v2))

S~

~

Map (GetV(",'v3))

———

—> Sink (‘'v1’, ‘e1’, ‘'v2’, 'v3’)

FlatMap (GetE('v2',"))

12




Frontend

Y

)

! 1
I |
= g.V().match ( ’J: GetE(‘vl’, “, Knows, Out), i
l l
! 1

@ Source (GetV(NA ,'v1’, Person, NA))
[ GetV(NA, v1’, Person, NA), l

GetV(”, v2', Person, Target) Pz FlatMap (GetE( v\ll/ ", Knows, Out))

1,
STTTTTIIIIIIIIIIIIIIIIIIIIIIIIY Map (GetV(”/v2’, Person, Target))
[ GetV(NA, ‘v1’, Person, NA), \L

|

1

(,17 ‘ ’ .~ GetE(‘v1’, “,Purchases, Out), !
as(‘vl’).out(‘Purchases’).as(‘v3’), =~~~ l Attachment Map (GetE(‘v1’/_t’, Purchases, Out))

1

1

1

as(‘vl’).out(‘Knows’).as(‘v2’),

I GetV(”, ‘'v3’, Product, Target)

], N
fipipinioioiniioioinioioiniuiotolutoipinitplpinipipel o b3 @ Intersection Map (GetE(‘v2’/_t’, Purchases, Out))
[ GetV(NA, ‘v2’, Person, NA), (2 ¢

as(‘v2’).out(‘Purchases’).as(‘'v3’) .__
GetV(“, ‘'v3’, Product, Target) \L

“““““““““““““““““ Sink (‘v1’, ‘v2’, ‘v3’)

| |
1 1
! “,y 0 1
s GetE('v2) “, Purchases, Out), ! () Unwrapping FlatMap (GetV(‘_t’'v3’, Product, Other))
: :
1 |

(a) Gremlin’s match() Parse (b) PatternDesc Optimize (c) Execution plan Embed (d) DataflowDesc

13



Backend: Distributed Dataflow Engine

U 0 p = g.V().match (
s as('vl').out(Knows’).as(v2’), ( RPC Service ] ( RPC Service ]
E @ as(‘vl’).out(‘Purchases’).as(‘v3’), [ Dataflow Plugin ] [ Dataflow Plugin ]
as(‘v2’).out(‘Purchases’).as(‘v3’)
R ) [ Executor 1 ] [ Executor 2
- [ Pattern Parser (§4.1) ] | Partition 1 (id % #==1) | | Partition 2(id % #==2) |
)
R
o GLogue Frequently queried patterns PatternDesc
N Manager
§5. .

T 1952 Plan Optimizer ($§5.4)
E \ / / Query 1 (DOP=[2]x([1]) Query 2 (DOP=[2]x[2])
N Sparsified DataflowDesc v v 5 v v \y Loop body .- ’
D Graph execution ™
. | RPC Servi ] Dynamic — S | | L)
A [ Graph SparSiﬁer (§52) ] € - e scheduling E::::".'.'.tsn:".:y:::".'.'.'.': E::::".'.'.]':lznl“.:y:::".z'.'.’:
C [ Dataflow Plugln (§6-1) ] 5 CPU .:E CPU .:E CPU .:E CPU E E CPU .:E CPU .:E CPU .:5 CPU .:

System reeeceeeeteenetennas SR L L
K initialization [ Dataflow Executor 1 ] \ Compute node 1 / \ Compute node 2 )
E
N
D | [ Partition 1 (id % # ==1) ]

14




Backend: Graph Sparsifier

Original graph

U p = g.V().match (
S @ as(‘vl’).out(‘Knows’).as(‘v2’),
E e as(‘vl’).out(‘Purchases’).as(‘v3’),
as(‘v2’).out(‘Purchases’).as(‘v3’)
R )
F [ Pattern Parser (84.1) ]
)
R
o GLogue Frequently queried patterns PatternDesc
N Manager
§5. -
T 1955, Plan Optimizer (§5.4)
E ~ Sparsify
N Sparsified DataflowDesc
D Gra o] h Sparsified graph
B ] S
A [ Graph Sparsifier (§5.2) ] [ LS Ser\{lce ]
C — | Dataflow Plugin (§6.1) |
K inftialization [ Dataflow Executor 1
E
N — T
D | [ Partition 1 (id % # ==1) ]
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GPM Execution Plan

* Graph Pattern Matching Plan Space:
* Worst-Case-Optimal Join Plan, based on Vertex Expansion

0 ~o0-§ -4

e Binary Join Plan

O—=0 x O=0 x O—=0 x O=>0 =

* Hybrid Plan , _
Best GPM execution plan lies
in the hybrid plan space!
O = 00O x O—0 x O—=0 =

Vertex Expansion D4 Binary Join

Target Pattern

17




GPM Execution Plan

* Key to GPM Execution Plan Optimization:
* Minimizing Intermediate Results

* Comparison between the plans generated by GLogS and Neo4j for LDBC Bl11 query separately

(O Person O City . Country

O—0O Knows (O—@ Livesin O—@ Locatedin

I e S A S SN C I VO

[0 Lomo-i Ay & HeR ssgﬁges s

TS R OO0 OO0 - O=0 1 O=0 i Why is GLogS’s plan better?
(3) Query 8821 1180623 | 387,573,. | 387,573 | | 387573 | 387,573} | 92459 |

* Hybrid Execution plan
* High-order statistics

(c) The execution plan of Neo4j, Plany 18




Cost Model for GPM Execution Plan

* Define a Cost Model to estimate the cost of every possible GPM execution plan
* Cost of accessing intermediate results from the memory (either local or remote memory)
» Cost of operations (vertex expansion, binary join)

(O Person O City @ Country
O—(O Knows Q—>O Livesin O—@ Locatedin
Cop P2 f Py 0 Par 0 Pst 0 Pel [ QP
0 oo eeOfEEQ:a__:egios: ;s%é@;: ;sgégs: 929!
(a) Query : 2,882 180,623} 1\ 387,573 | 387573 | 387,573, \ 387,573 |\ 92,459 |
Pattern (b) The execution plan of GLogS, Plang
(9882 py P3 " @b+ Y D5\ . @
050 o ! L
““““““ o Sl P
NS P a1 A A
O>0~@: - T A g FooooTo R RN g
ey pr N.5149644 0 M {49800 11 M {3650,839 ) | X1 1,614,204
 O—0_ ;1 O0=0 000 O—>O _ _________ |
9882 P2 i 9882 Py 1 9882 Di! i _ 9882 P2

(c) The execution plan of Neo4j, Plany »




Cost Model for GPM Execution Plan

° Plan(p) — (CD — {p1: P2, Pn = p}» ' = [TerZJ ""Tm])
* p;: intermediate pattern
* 7;: operation on intermediate patterns, Join or Vertex Expansion

* F(p;): Frequency(count number) of the p; in the graph.
+ Cost(Plan(p)) = XprcoF (') + Teer Cost(z)

* Cost (]Oin({p51’p52} - pt)) = af (T(p51) + T(psz))
+ Cost(Expand(ps = pr)) = veXfeq(ps) Die19e; () = e () Ni=1 7,
* We find that F(p;) is the key to the entire cost model!

20




Cost Model for GPM Execution Plan

How to extract various of F(p;) from graph |

efficiently? Graph Sparsifier

What data structure should be used to

organize all kinds of p;, F(p;) and t;? — Glogue

Based on p;, F(p;) and 1;, how to generate o
optimized plan for a given query? m—) Plan Optimizer

21




Graph Sparsifier

* It’s cost-prohibitive to compute F(p;)
directly from the original large graph
datasets.

e Conduct sparsification on each
partition of the graph, and then
aggregate them to form the
sparsified graph G*

* Use F..(p;)(with normalization) as
an estimation of F(p;) for cost
evaluation

.Q Sparsified Graph G*
\

[
Graph
Partition O

=

Executor O

Aggregate

T
AOOK K

Graph Graph Graph
Partition 1 Partition n-1 Partition n
Executor 1 Executor n-1 Executor n

22




Graph Sparsifier: Stratified Sparsification

e O—O Knows |O—( Purchases| O—@ Livesin |{O—@ LocatedIn

F(e) 10000 50000 3000 100

1 Uniform Sparsification, rate 1%

e O—O Knows |O—( Purchases| O—@ Livesin (Q—@ Locatedin J\ Very likely J

|
F*(e) =100 ~500 <30 =1 to be 0!

o

M 1 ) Pattern Vanishing!
*
X F(e) F(e)

e O—O Knows |O—( Purchases| O—@ Livesin |(Q—@ LocatedIn
rate 1% 0.2% 3% 100%
F*(e) ~100 ~100 ~100 100

Stratified Sparsification: rate min(1,

23




GLogue

* How to organize p;, F(p;) and t;?
* Table-based catalog isn’t good enough!

O Person O City O Country g}:D
% Knows % Livesln% IsLocatedIn% (a) Pattern, p

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Ds T D: Di F(p;) y edund -
O -[e: Knows]-> % O f, any rRedunaancies!
O -[e: Knows]-> % O ‘,

<-[e:LivesIn]- Oé—O%O | %l f3 Difficult for

: Plan Generation
<-[el:LivesIn]-,
OO -[e2:LivesIn]->, %)j ------------
% -[e:LivesIn]-> O% m fa

24




GLogue

(O Person O city O Ccountry @:}
% Knows % Liveslnm IsLocatedIné

- (a) Pattern, p

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

bi
-[e: Knows]-> % O f
-[e: Knows]-> % O

Ps
O
O
% <-[e:LivesIn]- m % f5
<-[el:LivesIn]-,
% -[e2:LivesIn]->, C@) ------------
% -[e:LivesIn]-> W@ W £,

edge property vertex property .




GLogue

Algorithm 1: Constructing GLogue: (G*, Level).

O Person O Clty O Country 1 Function constructGlogue (Level): GLogue

2

C )= ) Knows ( )—( ) Livesin ( )—( )IsLocatedIn? 3
- (a) Pattern, p !

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, L e e e e e e e

16

17
18
19

20
21

22

oy

Initialize GLogue with level = 1,2 precomputed ;
for 3 <i< Level do
Let OSet maintain all p of i vertices in ascending
order via |E,|;
for p € QSet do
L updateFromPattern (p, GLogue);

| return GLogue;

unction updateFromPattern (p, GLogue)
GLogue.addVertex (p, #(p)) ;
for p;, Cp & |Vp,|=|V,|—1do
if not GLogue.contains(p;) then
L updateFromPattern (p;, GLogue);

for e = (s,t) € E, \ E), do
\\ let p/, be the pattern with e adding to py;

eMap.insert(e, i—gi—; );

| GLogue.addEdge ((ps, p),eMap);

for ps ,p;,, Cp & Ep, UEp, =E, do
if not GLogue.contains(py, ) then
|_ updateFromPattern (py,, GLogue);

if not GLogue.contains(py,) then
| updateFromPattern (py,, GLogue);

| GlLogue.addEdge ((ps,,P), (Ps,sZ (Ps,)))s

26




Plan Optimizer

Level =1

Level =2

Level =3

v

Best Execution Plan

Potential Execution Plan

Algorithm 1: The Plan Optimizer.

1 Function PlanOptimizer (GLogue, PatternDesc)

2
3
4

10
11
12
13
14

15
16
17

18
19
20

21

Construct a pattern p from the PatternDesc;
Let QSet organize all induced subgraphs of p by level;
Initialize a PlanMap to record {p : (plan,cost)} with
patterns in level 1 and 2 pre-computed;
for 3 < level < |V,| do
for p € QSet[level] do
\\ | searchPlan (p,PlanMap,GLogue);

| return PlanMap.get(p);

unction searchPlan (p, PlanMap, GLogue)
Initialize Plan(p) and Cost(Plan(p)) « ;
for edge = (py,, p) € GLogue.getEdges(p) do
(planl,costl) < PlanMap.get(ps, );
if edge is a vertex extension then
Compute a new plan’ by merging planl and
L Expand(p;, = p);

else if edge{(py,, # (ps,))} is binary join then

(plan2,cost2) < PlanMap.get(py, );
Compute a new plan’ by merging planl, plan2

and Join({py,,Ps,} = P);
Compute a new cost’ of plan’ by Equation‘l#
if cost’ < Cost(Plan(p)) then
| Update Plan(p) as plan’ and the cost as cost’;

| PlanMap.insert(p, (Plan(p), Cost(Plan(p))));

27




Plan Optimizer

* If the pattern is not contained within the GLogue
 Decompose the pattern step by step
* Use this formula to estimate the frequencies of patterns not present in the GLogue.

F(p1)XF(p2)
* F0) = AVEpip, ~ripmyy P = P1UD
Level =4 Level =5
P11
_— - < = ~
Iy N
_ ¥ g % )
- ~ 4
P1o S -

Best Execution Plan

v

Potential Execution Plzgn




Outline

Background and Motivation

System Overview

Feature Highlights

Evaluation

Conclusion

29




Environment and Datasets

Disk Network Numbers

CPU Memory

1 frontend server
Up to 16 backend servers

EDR 25Gbps InfiniBand network
Full Bisection Bandwidth

2*24-core Intel(R) Xeon(R)
Platinum 8163 CPUs at 2.50GHz

Table: Configurations for servers used in the experiments

512GB 2TB PCIE SSD

Graph |V| |E| Size y
Gq 3M 17M 1.5GB 100%
G3o 89M 541M 40GB 1%
G100 283M 1,754M 156GB 0.1%
G300 817M 5,269M 597GB 0.1%

G1000 2,687M 17,789M 1,960GB 0.03%

Table: LDBC graphs used in the experiments

30
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Experimentl: V.S. Neo4j and TigerGraph

GLogS 1 thread Neo4j GLogS TigerGraph
GLogS 32 threads
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Figure: GLogS V.S. Neod| Figure: GLogS V.S. TigerGraph

GLogs achieves 51X and 57% speedup compared with Neo4j and TigerGraph, respectively.
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Experiment2: High-order Statistics

Level =2 Level =3 Level =4
Slow-down(%) 966 245 243
Generation Time(s) 6 55 1664
Memory Usage(GB) 2 3 105
# Patterns 34 248 4164

Table: The effectiveness of high-order statistics
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Experiment3: Sparsification
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Figure: Stratified V.S. Uniform Sparsification Figure: Sparsification of graphs with different scale

Uniform sparsification requires a higher rate to achieve same performance as stratified sparsification.
Small graph requires a higher rate to have a good plan.
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Experiment4: Scalability
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Figure: Scale-out experiments for groupl queries
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Figure: Scale-out experiments for group2 queries

Most queries scale well, with up to 15X (average 6 X) performance gain from one machine to 16.
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Experiment4: Scalability
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Figure: Scale-up experiments for groupl queries Figure: Scale-up experiments for group2 queries

Up to 23 X (average of 10X ) when increasing the number of threads from 1 to 32
The scalability of p, and p4 is insignificant due to a skewed workload.
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Experiment4: Scalability
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Figure: Data-scale experiments for group1 queries Figure: Data-scale experiments for group2 queries

As the graphs become larger, most queries demonstrate an almost linear trend in performance degradation.
For pg, its performance degrades by 3X from Gz, to G199, due to its short duration and limited graph exploration.

For p4,, its performance degrades by 100 X from G5, to G400, due to the large cost of join operation.
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Conclusion

* GLogS system solves iGPM, meeting the requirements of:
* usability
* performance
* scalability

* Allows user interactively submit GPM queries

e Supports automatic optimization for arbitrary GPM queries:
* adopt high-order statistics
e guarantee worst-case optimal

* Proposes a novel graph-based structure GLogue:
* maintain the high-order statistics of the graph

* Capable of deployed in a large cluster to handle real-life large graphs
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Related Work

* GPC: A Pattern Calculus for Property Graphs
 https://dl.acm.org/doi/10.1145/3584372.3588662

e GQL Standard
* https://www.gqlstandards.org/

GPM Queries are gradually being standardized and becoming increasingly important!

GLogS is continuously evolving with the graph community and standards!
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https://dl.acm.org/doi/10.1145/3584372.3588662
https://www.gqlstandards.org/

Scan to visit GraphScope Github Repo:
https://github.com/alibaba/GraphScope

THANK YOU




