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Graphs

Graphs are a general language for describing and analyzing
entities with relations/interactions




6 /I\/Iany types of data are graphs
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7 /Many types of data are graphs
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Outline

U Graph Query Processing
A Subgraph Isomorphism
A Graph Similarity

A Community Search

U Graph Data Management
A Graph Data Quality Management

A Graph Generation



9 /Subgraph Isomorphism

s

A Query graphn  (hOHQ)

A Data graph™O (w hO HQ

A Subgraph Isomorphism: injective functionQ dw° w:
Alon @) "QQ o
Al'Qom)n aQ (0)RQ (0) N Qe

A Determining the existence of subgraph isomorphism is
NP-complete.




1o/Subgraph Isomorphism

7
Subgraph Counting

Subgraph Counting: Given a query graphr} and a data graph™Q the problem is to count the number of
subgraphs in the data graph that match the query graph by subgraphsomorphism.

Subgraph isomorphisms

~r ~s ~7

7. (6 )OO

=y
=y




11/Subgraph Isomorphism

7
Subgraph Counting

Subgraph Counting: Given a query graphr} and a data graph™Q the problem is to count the number of
subgraphs in the data graph that match the query graph by subgraphsomorphism.

Subgraph isomorphisms
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Subgraph Isomorphism

Subgraph Counting

Subgraph Counting: Given a query graphr} and a data graph™Q the problem is to count the number of
subgraphs in the data graph that match the query graph by subgraphsomorphism.

Subgraph isomorphisms

Z (6 mM)O O )
2 (M) LW )
3 (6w )O O )




Graph Similarity

Graph Edit Distance

LetQ start with a fundamental graph similarity metric: Graph Edit Distance.

Graph Edit Distance aims to determine the minimum number of edit operations required to transform one graph
into another,and the sequence of edit operations Is called a graph edit path.

Edge
/ deletion /
4%
Sy, %6
%
]
Node Edge
Relabeling Insertion F

S et

Figure 1: An optimal edit path for transforming G to G'.
GED(G,G’) = 4.



7 .
14 Community Search

s

U Definition: Community search (CS) is defined as the
task of finding a cohesive subgraph that contains a given
set of query nodes, emphasizing query-driven discovery
of structurally and attributably close and well-connected
communities within a larger graph.

U A guery set contains one or more nodes that belong to
the same community.

U We have disjoint community search and overlapping
community search, depending on whether a node can
only belong to one community.

Community Search



15/ Knowledge Graph

/
Definition of Knowledge Graph

Knowledge Graphs defined as a graph of data intended to accumulate and convey knowledge of
the real world, whose nodes represent entities or concepts and whose edges represent relations
between them, typically accompanied by ontologies and schemas.
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Graph Quality Management

As aspecficdata type, researches on knowledge graph are in the same line with general data type.

Definition —_ c 1
: : - ntrinsic ontextua
The extent to which data arf for a specified use |
andfree of defectswith respect to explicit, context ARGy SURSSIEER relevancy, trustworthiness,
completeness, timeliness, diversity. quantity

specific criteria.
redundancy = pata Quality

D I m e n SI O n PRSI IRROIIER DimenSionsavailability security
. . ‘- 1lity, conciseness ) )
The extent to which data arfét for a specified use PR ) osnstiia, Mteinking
. . . interpretability
andfree of defectswith respect to explicit, context Representation Accessibility

specific criteria.

Lifecycle

a data lifecycle pipeline contains five steps, name’

data generation, information extraction, data > P T > Ig;ggggln>> ittt >> Analysis >> Application>

integration, analysis, and application.




Graph Data Generation

Definition of Graph Generation

Given a sedf observed graphs {Graph generatioraims to construct a generative mode|
to capture the distributiorof these graphs, from which new graphs can be sampl&db

The generation process can be conditiomedadditional informationQ i.e., conditional graph
generation' DD ' P to apply specific constraints on tlygaphgeneration results.
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Graph Query Processing

U Subgraph Isomorphism
A Subgraph Matching
A Subgraph Counting

U Graph Similarity
A Graph Edit Distance

U Community Search

A Disjoint Community Search

A Overlapping Community Search



Subgraph Matching

Definition

{1 The objective of theubgraph matching searching for atlubgraph
Isomorphism$rom query graph g to data graph G

Definition II.1 (Subgraph Isomorphism). Given a query graph
g = (V,F) and a data graph G = (V’,E’), a subgraph
isomorphism is an injective function f;s, from V to V' such
that (1) Yo € V, fi(v) = fi(fiso(v)); and (2) Ve(u.) €
E? e(f-iso(?-L):J‘iso(q--’)) < E!'




21/ Subgraph Matching

s

Definition

Wang, H., Zhang, Y., Qin, L., Wang, W., Zhang, W., & Lin, X. (2022, May). Reinforcement learning based query vertex ordering model for
subgraph matching. In 2022 IEEE 38th International Conference on Data Engineering (ICDE) (pp. 245-258). IEEE.



Subgraph Matching : RLQVO

Existing Subgraph Matching Methods

The backtracking-based methods can be partitioned in three
main phases:

1. The complete candidate vertex set generation.
2. Matching order generation.

3. Matching enumeration.



23 Subgraph Matching: RLQVO

s

Limitations of Existing Order Generation Methods

The existing subgraph matching methods usually generate the
matching order based on the heuristic values, here are some
examples:

A Degree-based ordering
A Infrequent label first ordering
A Path-based ordering.




Subgraph Matching: RLQVO

Limitations of Existing Order Generation Methods

Two major limitations:

A Cannot fully use the graph information.
A Greedy heuristics can lead to local optimum.



25/ Subgraph Matching

Vi
If ordering based on degree (RI)

Degree 2

(a) Query Graph ¢ (b) Data Graph G



Subgraph Matching

If ordering based on label frequency

LE: 1/13 LF: Label frequency

LF: 3/13

(a) Query Graph ¢ (b) Data Graph G



o7 Subgraph Matching : RLQVO

7
Framework
Action Space Update
Query Graph l State Update /"\
v
— P2
ANEZAN Next Node
P3 | Selection
w— u3 | 1.',4 — e
Data Graph — N .
N / \ 2
---"‘-\—u-
/ \ T~ Us Ug @ Mask
N L
RNV » y
s h \—/
Input Feature RL-QVO Predicted
Graphs Initialization Computation Probabilities

Wang, H., Zhang, Y., Qin, L., Wang, W., Zhang, W., & Lin, X. (2022, May). Reinforcement learning based query vertex ordering model for
subgraph matching. In 2022 IEEE 38th International Conference on Data Engineering (ICDE) (pp. 245-258). IEEE.



7 .
28 Subgraph Matching : GNN-PE

DesignGraph Neural Network (GNN)ased embeddings for graph verticeghich enable the

subgraph matching with 100% accuracy

Prior works usually trained and used GNN on distinct training and testing graph datasets
To enable the trained GNN to be over the same training/testing graph data set, we explore basic units of the dat:

(i.e., unit star subgraphs) with a finer resolution
Transform the subgraph matching over graphs todbeninance search problem in the

vector space
Train the GNN model to learn the dominance relationship between unit star subgraphs
Generate node and path dominance embeddings by the trained GNN

GNNbased path embedding (GNRE) framework foefficient subgraph matching algorithn

Costmodetbased query plan generation
Graph partitioning, pruning strategies, index construction over path embeddings, andwaylthash joirbased

refinement

s

5



7
29 Subgraph Matching : GNN-PE

f I star structure > dominance — node/path embedding index
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30 Subgraph Matching : GNN-PE
,/ Unit structures
Unit star graphQ ("Q ): A star subgraph
containing a center verted N (O (N VY wn)
and its thop neighbors

Unit star substructuré : A (star) subgraph of the 9query unit star graph g,
unit star subgrapfiQ , i.e..i P "Q

unit star graph g,,.

embedding l < I
Dominance relationship 0(gq,)  0(gy,)

If a query vertex] in the query graphj matches
with a data vertex0 , then it must hold that

¢EQ 0¢Q

Intuition

IfP "Q°Q mustbeoneoh Qa & dzo ail N@@z @/@\@ @
l

:
34



Graph Query Processing

U Subgraph Isomorphism
A Subgraph Matching
A Subgraph Counting
U Graph Similarity
A Graph Edit Distance
U Community Search

A Disjoint Community Search

A Overlapping Community Search
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32 Subgraph Counting : Existing Works
NSIC| KkDDo 2 0]

s

Node representations { J I % (E
] = Estimated
- ] L I count

Graph pair
representation

Node representations
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33 Subgraph Counting : NeurSC

7
1 Neural Subgraph Counting method: NeurSC

Substructure Wasserstein
Extraction Estlmator

Query graph g, Q g“‘b ) N Approximate
Data graph G “RY ,/ subgraph counts

¢(q)

Extract
substructures



Subgraph Counting : NeurSC

9 Substructure Extraction

A Complete Candidate Vertex S@ )Y

A 6 ) for query vertexd N wis a set of data verticasN w
A If (6h) exists in a match from to "Q thenv N § "

A Candidate setof quem;;: 6 ™) * « 679

A First, we determine the complete candidate vertex set for all que
vertices usingocal pruningandglobal refinement e 9 e G
A Based omeighboringandlabelinformation v2 Ug
A Induced subgraphs of G with verticestK) are used as the

candidate substructures, denoted 43 ’010 V11

Gsub
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35 Subgraph Counting : NeurSC

4
1 Wasserstein Estimator

A Intra-Graph Neural Network
A For both query graph and substructure.
A Capture structural and attribute information.

A Inter-Graph Neural Network

A Construct a bipartite graph for inter-relationship.
A Capture the mapping relationship between query
vertices and corresponding candidate vertices

Estimated & ( )
Subgraph Counts "‘“b* 9
MLP
hp |||||l“|Il|l|
Concatenation
—Readout . Readout—
A A | Wasserstein :
‘Discriminator A Y
| L
... s -_’.--
amma it

Intra-Graph
Neural Network

Inter-Graph
Neural Network
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36 Subgraph Counting : NeurSC

2
1 Wasserstein Estimator eiiaia il
A Readout Subgraph Counts CS:‘&:
A Sum Pooling hy [TTTITPITTI
A Concatenation of intra- and inter-graph representations. —Readout C°“°ate”at'°“ oatiogi—
A Prediction H, —b \ 4= Houp
A Multi-layer perceptron. S  Waterstein
i . .. 77Dlscr|mmat07 - T A
A Wasserstein Discriminator . ‘~

A Minimize Wasserstein distance betwegrand O

A Further utilize the vertex correspondence informatiay
betweenr) and"O

AL (RO ) B. Qe B. Q)

A Expressive Power . S —

. . . Inter-Graph
A WEst is as powerful as 1-Weisfeiler-Lehman test. Neural Network Neural Network
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37 Subgraph Counting : LearnSC

s

An efficient and unified framework, LearnSC [ | CDEO 2 4]

Decomposition Representation Aggregation

|
|
0.310.910.7 |
0.4/0.4]0.6 :
0.3/0.1}0.2 : é é @
0.9[0.6[0.7 | 03] R et 4 xyy bl 4
05[03l08 | \ 06 P .
[ — Estimations for subqueries
N K 0.5
_ Node R 0.8 l
Skeleton Subqueries representations i _
L0 0.3l C A A A
oo 0-8] xy C e | C v | C
G g, L 04 ¥ ¥ y
‘ 05 Estimations for substructures
0.8

Neural networks

Node

Substructures representations
Hou, W.,, Zhao, X., & Tang, B. (2024, MagqrnscAn efficient and unified learnidgased framework for subgraph counting problem2024 IEEE 40th
International Conference on Data Engineering (IGpyk)26252638). IEEE.

Estimated count
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38 Subgraph Counting : LearnSC

A
LearnSC" data graph decomposition

U Data graphs artarge, lead to heavy cost
on deep learning models

U Data graph contains multiplenqualified 4,

nodes which are rgligiblefor matching
results Query graph Data graph

Decompose data graph, remove unqualified nodes/edges, extract key parts
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39 Subgraph Counting : LearnSC

A
Data graph decomposition

U Filter candidate nodes
To remove unqualified nodes
A Neighborhoodinformation

A lterative removal

ul: [1, 3, 4]

u2:[2,5,6,7,8, 9]
u3: [2, 5, 6,7, 8, 9]
ud: [10, 11, 13, 14]
u5: [10, 11, 13, 14]

Query graph Initial candidates

ul: [1, 3, 4]

u2: [ 5, 8, 9]
u3: [ 6, 8,9]
u4: [10, 13, 14]
us: [ 11,13, 14]
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40 Subgraph Counting : LearnSC

A
Data graph decomposition

U Extract substructures
Extract substructures according to candidates

A Vertexinduced subgraphs

ul: [1, 3, 4] O O Q
u2[ 5 809 Vi Voo Yy
us:[ 6, 8,9 O . O O O
ud: [10, 13, 14] Vs Ve v

5 g Vo
us: [ 11,13, 14]
Vlo' Vll' V‘ V14'

13

Filtered candidates Valuable data graph nodes substructures
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41 Subgraph Counting : LearnSC

A
Data graph decomposition

U Extract substructures
Extract substructures according to candidates
A Vertexinduced subgraphs

A Butavoidredundantedges

ul: [1, 3, 4] O O Q
u2:[ 5 8 09 Vi Voo Yy
ud:[ 6, 8,9] O . O O O
u4: [10, 13, 14] Vs Ve v

5 g Vo
usb: [ 11, 13, 14]
Vlo' Vi 1' V‘ V14'

13 V13

V14
Filtered candidates Valuable data graph nodes substructures
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42 Subgraph Counting : LearnSC

A
LearnSG Query graph decomposition

U Query graphs arearious Explicitly learn
subgueries to improve the representation
gualities

U The dependencyamong subqueries are
supposed to be reserved

Query graph Data graph

Decompose query graph, reserve dependency, improve representation quality

Hou, W., Zhao, X., & Tang, B. (2024, MagarnscAn efficient and unified learnidgased framework for subgraph counting problem2024 IEEE 40th
International Conference on Data Engineering (IGpk)26252638). IEEE.
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43 Subgraph Counting : LearnSC

A
LearnSG query graph decomposition

U Skeletornbased query graph decomposition
Split query into subqueries, with a skeleton reserving dependency
A Post process after splitting

A Built a skeleton recordingonnecting relationsand shared nodes

Query graph Subqueries Skeleton
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44 Subgraph Counting : LearnSC

Vi
LearnSG Representations

U To embed nodes in substructures and subqueries into vectors, which captures
iImplicit feature

A MLPIhNodeattribute features
A GNNIbTopology features

o 0.2f0.8jo.8| 3 0.3[0.9{0.7
11010 1 -1

0.3]0.6{0.6 4[0.4]o.

CI O |o]!]1 i el gl G_’(én.h”"Q%). n, 9|2 R Ko
0.110.240.2 Z|Z =] Z( 2l —>| Z|Z 0.310.1}0.2

O |ojo]o 0.8[0.7]0.7 0.9(0.6{0.7

U, o @ |o]o]o 0.5j02fo2f  { GNN module ) 0.5{0.3f0.8

0 01,0 t [ Tt

Xul Xu2 Xu3 hu1 th hu3 h”l h“z h“}

Input graph Label Label Node

encode embeddings embeddings
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45 Subgraph Counting : LearnSC

/
LearnSG Interaction —
’, 0.1 06 0.2
z
U Subgraph counting is based on subgraph S SN

matching

U Thepotential matching informationamong
guery node and data graph node is essential

Interact cross graphs, capture potential matching information

Hou, W., Zhao, X., & Tang, B. (2024, MagarnscAn efficient and unified learnidgased framework for subgraph counting problem2024 IEEE 40th
International Conference on Data Engineering (IGpk)26252638). IEEE.
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Vi
LearnSC"' Interaction

U Constructintergraph
Only potential matching nodes interacts
A Candidates are potential matching nodes

A Query nodes connect to their candidate to construct an

Intergraph
ul V3
v, .V13
“O—0
Vs .V14
Us MV9

A subquery and a substructure Intergraph
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47 Subgraph Counting : LearnSC

s

LearnSC' Estimation

U Representations capturdabel features
topology features,and potential matching
Information

U Using representations to estimate the count
of a subguery in a substructure

Readout representations, estimate counts

0.3
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0.5

0.8

1.0

0.8
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0.8
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48 Subgraph Counting : FlowSC

Vi
Motivation

Unsatisfactory Candidate Filtering

A GQL! and EdgeBipartite? do not take triangle edge (6 hd ) into consideration, so U is not removed from 6 6
A TriangleSafety2 can remove U from 6 0 , but is limited by efficiency issue.

1 HuahaiHe and Ambuj K. Singh. 2008. Grapha-Time: Query Language aAdcess Methods for Graph Databases. In Proceedings of SIGM@B1805
2 WonseokShin, Siwoo SongunsoadPark, andMook-Shin Han. 2024. Cardinallstimation of Subgraph Matching: A FilterBgmpling Approach. In Proceedirfs/LDB. 16971709.
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Vi
Motivation
Lack of explicit modelling between structural features and subgraph counts.

Estimated & ( )
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— (N — C(Q) Hq ) i O e Heup ‘ Io} mloz |
4 L o : ‘ 3o, |
%jo 7 X0 NZACHEN losfosfos [
& AT A { Wasserstein : } bslosbs]
{Discrimi : I \ RN
. . 5;: Network with | Pischinatos ; D Node
Active Learner ‘ — ] Skeleton Subquenes [ representalions N
........ ) Voo
[ '
(T TR _1 R :::<;, A
5 | . Q .- O‘:;O__O Q ‘ oodooorer]
> Eel 0.2J0.3J0.2]o.6)0.4403] | '
label T T L . »:’ } oe[o2fos|orfofos] |
embedding - ‘ Lofosfrofoslodos]
Initial Q ------- \ 0.7J0.7Jo.1]o.1]1.ofos] |
G Features G h ‘ |
q Intra-Graph sub q Inter-Graph ‘Wb Node ‘
Neural Network Neural Network Substructures representations

LSS NeurSC LearnSC

A They do not capture the explicit relationship between structure and specific counts, but regress blindly.
A unsatisfactory performance in both efficiency and accuracy.
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Vi
Motivation

Inspired by the candidate-tree based counting:

Limitations:
A Based on a spanning tree, the constraints of non-tree edges are ignored.
A Isomorphism constraints are not considered in the tree counting.
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Vi
Overview

3-step learning-based method: FlowSC

1 1
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Build HQ i { 2 | i l
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| ! oJlo]) T ¥ i root
: ! l’ \ I Q

I o o !
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e gy | e ([ |
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Candidate Filtering . Flow-learning Prediction
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s

Our solution T BipartitePlus: Bipartite graph-based filtering can be enhanced by the connectivity

check for the neighbors of the matching vertex pairs.

C(u)
HORY
U3 Vs
BY3 of BipartitePlus C(uy) Ve

CS refined by BipartitePlus

0 isremoved fromo 6 byoO




Subgraph Counting : FlowSC

Flow Learning

A FlowSC: Simulating the candidate tree-based counting by flow-learning

A One-pass Bottom-up Message-passing - simulating the bottom-up dynamic programming

Vo Level 0

/N
Vo V4 Vs :V2Q5\V4Q V5b ] [VOO Level 1
~./ LN |
Ve v,O] ([v,OVO v,0 ] Level2
(b) He (c) Message-passing View in H-

A Customized Message Aggregation i take matching condition checks into learning

A Prediction - regression
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A
Accuracykvaluation
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Graph Query Processing

U Subgraph Isomorphism
A Subgraph Matching
A Subgraph Counting

U Graph Similarity
A Graph Edit Distance

U Community Search

A Disjoint Community Search

A Overlapping Community Search
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56  Machine Learning Models for Graph Edit Distance

How about learning

[ SU Qa

F 2 Odza

-based techniques for graph similarity

2y F Fdzy RIFYSyYydl £ 3INI LK

aAYATL |

NA &

YS i N.

Graph Edit Distance aims to determine the minimum number of edit operations required to transform one graph
into another,and the sequence of edit operations Is called a graph edit path.

Edge
/ deletion /
% %
Sy, %6
%
]
Node Edge
Relabeling Insertion F

S et

Figure 1: An optimal edit path for transforming G to G'.

GED(G,G’) = 4.
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Vi
GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

Graph edit distance can be modelled as maximum bipartite matching.

(a) Input Graph Pair (b) Graph Edit Path (c) Bipartite Graph  (d) A Maximum

(G, G,) from G, to G, between (V,, V,) Bipartite Matching
6! & & & FiAddayellownode3) 0 e
i N S
B AT S Nddan sdoe (1Y ‘; 1 1
ouas | EEEER] e
G, ’\C/O { Addanedse 2.3, | 202
L W 3 O3

a, b: An instance of graph edit path. ¢, d: Solving GED via bipartite matching.
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Vi
GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Twastep Framework:

A Using GNN to predict a GED and generate a node matching matrix.
A Postprocessing the node matching matrix to find a short edit path.

(c) Bipartite Graph  (d) A Maximum
between (V, V,) Bipartite Matching

Bipartite graph matching

U

Bipartite graph
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s

GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Twastep Framework:

A Using GNN to predict a GED and generate a node matching matrix.
A Postprocessing the node matching matrix to find a short edit path.

One-hot Feature
of G, (IV,| x )

CINO

5

One-hot Feature

Node Embedding
H(Gy) (V4| X dgwn)

N

Cross

Matrix

GNN

Y

Module

Cross
Matrix

Module

4

Node Embedding

H(G3) (V2| X dgnn)

Matching Matrix
Amatch (|V1| X |V2|)

Cost Matrix
Acost (IV1] X |V3])

Bias
(scalar)

" v
GED
Prediction

Ground-truth
Matching Matrix
Lmatch M
» BCE |
Lvalue
MSE
Ground-truth GED
SimScore*(G,,G,)
=1/7
Predicted GED
(scalar)
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GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Twastep Framework:

A Using GNN to predict a GED and generate a node matching matrix.

A Postprocessing the

D‘{ESBZ 17 96 64 6 86 349

110 263 1 917 2
2117 946 5 12 14

node matching matrix to find a short edit path.

1 1 1 1
2 2 2 2
3130 10 63 310 5 50 31 531 31 531 31 3 531
418 377 6 220332 47 11 4 377 a 377 a 11 ‘ 377
5116 164 7 404 125 251 32 5 404 5 104 5 404 5 32
o 1 2 3 4 5 [ o 1 2 3 4 5 ] o 1 2 3 4 5 6 o 1 2 3 4 5 ] [I) 1 2 é 4 5" é
Matching Matrix 4,4 cn Maximum Weight Matching My 2nd-best Matching M, 3rd-best Matching (M) 4th-best Matching (M,)
W(M,) =3298 GED(M,) =5  W(M,) = 3265 GED(Mz)=2  W(M;)=2932 GED(M3) =10  W(M,) = 2926 GED(M,) = 10
[ e e e e
1
V V
—1 2 2
1iLo 6|0 0 6
1
oo 194 1 o
1ERE —
1
1 3 5
| 4 1
1
5 3 — Add an extra node (6
: Gy = (Vy, Ey, Ly) (6)
1

to match node 0 of V5.




7 . . I
51 Machine Learning Models for Graph Edit Distance

A
Diff GED : Computing Graph Edit Distance via Diffusion -based Graph Matching

Can diffusion models be applied on Graph Edit Distance Computation?

Diffusion models for generation of (bipartite) graph matching.

Top-k Maximum Weight Node Mappings

GED(G,G") =2 Blased & Sparse / GED(G,G") =7 GED(G,G') = 12 GED(G,G") =9 GED(G,G') = 12\
[} o -n.m 001 0.01 0.01 0.01 0.01 - o 0o 0 [ 0o 0 0o 0 0 0 0 o o o0 | 0 0 o o0
0 o 0.1 0.01 0.01 0.01 0.01 o0 0 . o o o 0 0 0 oo 0o 0 o0 6 0 0 0 0
L] 0.01 001 001 0.01 LA 00 o 0 0 0 00 0 o 00 o0 0 0 0
o 0.01 001 0.01 0.01 0.01 0.0 o 1] o o ] ] o o 0 1] o o 1] o o o 1] o
0 0.1 0.01 0.01 0.01 0.01 0.0 o0 [ o0 0 0 [ ] 0o o0 00 0
0 0. 0.01 0.01 0.01 0.01 0.01 0 0 o o0 0 0o o0 0 o - 0o 0 0 0o 0 0
Ground-truth Matching Matrix Predicted Matching Matrix Top-1: Matching weight = 5.94 Top-2: Matching weight = 4.96 Top-3: Matching weight = 4.96 Top-4: Matching weight = 4.96

GED(G,C') = 6 GED(G,G') = 11
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Huang, Wei, et al. "Diff GED: Computing Graph Edit Distance via Diffusion-based Graph Matching." arXiv preprint arXiv:2503.18245 (2025).
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Diff GED : Computing Graph Edit Distance via Diffusion -based Graph Matching

In the first phaseDiffGEirst samplesQrandom initial node matching matrices, th@iffMatchwill denoise

the sampled node matching matrices.

In the second phase, one node mapping will be extracted from each node matching matrix in parallel, and edit
paths will be derived from the node mappings.



