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Introduction



5 Graphs

Graphs are a general language for describing and analyzing 

entities with relations/interactions .



6 Many types of data are graphs

Economic Networks

CitationNetworks

Imagecredit:MissoulaCurrentNews

Internet

Imagecredit:Science Imagecredit:LumenLearning

CommunicationNetworks EventGraphs

Imagecredit: visitlondon.com

UndergroundNetworks
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ComputerNetworks

FoodWebs

DiseasePathways

Imagecredit:Wikipedia Imagecredit: ResearchGate

CodeGraphs

Many types of data are graphs

3DShapes
Imagecredit:Wikipedia

Imagecredit:The Conversation

Networksof Neurons



8 Outline

ü Graph Query Processing

Å Subgraph Isomorphism

Å Graph Similarity

Å Community Search

ü Graph Data Management

Å Graph Data Quality Management

Å Graph Generation



9 Subgraph Isomorphism

Å Query graph ή ὠȟὉȟὪ

Å Data graph Ὃ ὠȟὉȟὪ

Å Subgraph Isomorphism: injective function Ὢ ȡὠᴼὠ:

Å όᶅᶰὠȟὪό ὪὪ ό

Å Ὡᶅόȟό ᶰὉȟὩὪ όȟὪ ό ᶰὉᴂ

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

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 2022 SIGMOD (pp. 160-175).



10 Subgraph Isomorphism

Subgraph Counting: Given a query graph ή and a data graph Ὃ, the problem is to count the number of 
subgraphs in the data graph that match the query graph by subgraph isomorphism.

Subgraph Counting

Subgraph isomorphisms

1. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 2022 SIGMOD (pp. 160-175).



11 Subgraph Isomorphism

Subgraph Counting: Given a query graph ή and a data graph Ὃ, the problem is to count the number of 
subgraphs in the data graph that match the query graph by subgraph isomorphism.

Subgraph Counting

Subgraph isomorphisms

1. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ
2. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 2022 SIGMOD (pp. 160-175).



12 Subgraph Isomorphism

Subgraph Counting: Given a query graph ή and a data graph Ὃ, the problem is to count the number of 
subgraphs in the data graph that match the query graph by subgraph isomorphism.

Subgraph Counting

Subgraph isomorphisms

1. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ
2. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ
3. όȟόȟόȟό ᴼ ὺȟὺȟὺȟὺ

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 2022 SIGMOD (pp. 160-175).



13 Graph Similarity

LetΩs 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.

Huang, Wei, et al. "DiffGED: Computing Graph Edit Distance via Diffusion-based Graph Matching." arXiv preprint arXiv:2503.18245 (2025).

Graph Edit Distance



14 Community Search

üDefinition: 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.

üA query set contains one or more nodes that belong to 

the same community.

üWe 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 Graph is 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.

Hogan, A., Blomqvist, E., Cochez, M., dôAmato, C., Melo, G. D., Gutierrez, C., ... & Zimmermann, A. (2021). Knowledge graphs. ACM Computing Surveys (Csur), 54(4), 1-37.



16 Graph Quality Management

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

Definition
The extent to which data are fit for a specified use 
and free of defects with respect to explicit, context-
specific criteria.

Dimension
The extent to which data are fit for a specified use 
and free of defects with respect to explicit, context-
specific criteria.

Lifecycle
a data lifecycle pipeline contains five steps, namely, 
data generation, information extraction, data 
integration, analysis, and application.

Xue, B., & Zou, L. (2022). Knowledge graph quality management: A comprehensive survey. IEEE Transactions on Knowledge and Data Engineering, 35(5), 4969-4988.



17 Graph Data Generation

Definition of Graph Generation

Given a set of observed graphs {G}, graph generation aims to construct a generative model Ð ' 
to capture the distribution of these graphs, from which new graphs can be sampled 'Ḑ Ð ' . 
The generation process can be conditioned on additional information Ó, i.e., conditional graph 
generation ' Ḑ Ð 'ȿÓ to apply specific constraints on the graph generation results.

{G} '

Xiang, S., Wen, D., Cheng, D., Zhang, Y., Qin, L., Qian, Z. and Lin, X., 2022. General graph generators: experiments, analyses, and improvements. The VLDB Journal, pp.1-29.
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19 Graph Query Processing

ü Subgraph Isomorphism

Å Subgraph Matching

Å Subgraph Counting

ü Graph Similarity

Å Graph Edit Distance

ü Community Search

Å Disjoint Community Search

Å Overlapping Community Search



20 Subgraph Matching

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.

¶The objective of the subgraph matching is searching for all subgraph 
isomorphisms from query graph q to data graph G



21 Subgraph Matching

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.



22 Subgraph Matching : RLQVO

Existing Subgraph Matching Methods

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.

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

Limitations of Existing Order Generation Methods

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.

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

ÁDegree-based ordering

Á Infrequent label first ordering

ÁPath-based ordering.



24 Subgraph Matching: RLQVO

Limitations of Existing Order Generation Methods

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.

Two major limitations:

Á Cannot fully use the graph information.

Á Greedy heuristics can lead to local optimum.



25 Subgraph Matching

If ordering based on degree (RI)

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.

Degree: 2

Degree: 2 Degree: 2

Degree: 2



26 Subgraph Matching

If ordering based on label frequency

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.

LF: Label frequency 

LF: 3/13 LF: 3/13

LF: 6/13

LF: 1/13



27 Subgraph Matching : RLQVO

Framework

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.



28 Subgraph Matching : GNN-PE

Ye, Y., Lian, X., & Chen, M. (2024). Efficient exact subgraph matching via gnn-based path dominance embedding. Proceedings of the 

VLDB Endowment, 17(7), 1628-1641.

¸ Design Graph Neural Network (GNN)-based embeddings for graph vertices which 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 data graph 

(i.e., unit star subgraphs) with a finer resolution

¸ Transform the subgraph matching over graphs to the dominance 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

¸ GNN-based path embedding (GNN-PE) framework for efficient subgraph matching algorithm
Cost-model-based query plan generation

Graph partitioning, pruning strategies, index construction over path embeddings, and multi-way hash join-based 

refinement



29 Subgraph Matching : GNN-PE

¸ Offline pre-computation
Dominance relationship learning

Index construction over path 

dominance embeddings

¸ Online subgraph matching 
Cost-model-based query plan 

Candidate path search in the 

embedding space by the index 

traversal

Ye, Y., Lian, X., & Chen, M. (2024). Efficient exact subgraph matching via gnn-based path dominance embedding. Proceedings of the 

VLDB Endowment, 17(7), 1628-1641.



30 Subgraph Matching : GNN-PE
¸ Unit structures

Unit star graph Ὣ  (Ὣ ): A star subgraph 

containing a center vertex ὺᶰὠὋ (ήᶰὠή) 

and its 1-hop neighbors

Unit star substructure ί : A (star) subgraph of the 

unit star subgraph Ὣ , i.e., ί ṖὫ

¸ Dominance relationship 
If a query vertex ή in the query graph ή matches 

with a data vertex ὺ, then it must hold that 

έὫ ṌέὫ

¸ Intuition

If ήṖὋ, Ὣ  must be one of ὺΩǎ ǎǳōǎǘǊǳŎǘǳǊŜǎ ί

embedding

Ye, Y., Lian, X., & Chen, M. (2024). Efficient exact subgraph matching via gnn-based 

path dominance embedding. Proceedings of the VLDB Endowment, 17(7), 1628-1641.



31 Graph Query Processing

ü Subgraph Isomorphism

Å Subgraph Matching

Å Subgraph Counting

ü Graph Similarity

Å Graph Edit Distance

ü Community Search

Å Disjoint Community Search

Å Overlapping Community Search



32 Subgraph Counting : Existing Works

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.

NSIC [KDDô20]

Node representations

Node representations

L L

DIAM

Graph pair
representation

ĔC

Estimated 
count



33 Subgraph Counting : NeurSC

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 
2022 International Conference on Management of Data(pp. 160-175).

¶Neural Subgraph  Counting  method: NeurSC



34 Subgraph Counting : NeurSC

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 
2022 International Conference on Management of Data(pp. 160-175).

¶Substructure Extraction

Å Complete Candidate Vertex Set (ὅὛ):

ÅὅὛό for query vertex όᶰὠ is a set of data vertices ὺɴ ὠ
Å If όȟὺ exists in a match from ή to Ὃ, then ὺɴ ὅὛό

Å Candidate set of query ή: ὅὛÑ ᷾ᶰ ὅὛό

Å First, we determine the complete candidate vertex set for all query 
vertices using local pruning and global refinement.

Å Based on neighboring and label information

Å Induced subgraphs of G with vertices ὅὛÑ are used as the 
candidate substructures, denoted as Ὃ



35 Subgraph Counting : NeurSC

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 
2022 International Conference on Management of Data(pp. 160-175).

¶Wasserstein Estimator

Å Intra-Graph Neural Network
Å For both query graph and substructure.

Å Capture structural and attribute information.

Å▐◊
▓

╜╛╟▓ ▓ꜗ ▐◊
▓
ȟВ◊ ╝ɴ▲◊

▐◊
▓

Å Inter-Graph Neural Network

Å Construct a bipartite graph for inter-relationship.

Å Capture the mapping relationship between query 

vertices and corresponding candidate vertices

Å▐◊
▓

Ɑ╪◊◊
▓
Ᵽ▓▐◊

▓
ȟВ○ɴ╝╖║◊

╪◊○
▓
Ᵽ▓▐○

▓



36 Subgraph Counting : NeurSC

Wang, H., Hu, R., Zhang, Y., Qin, L., Wang, W., & Zhang, W. (2022, June). Neural subgraph counting with wasserstein estimator. InProceedings of the 
2022 International Conference on Management of Data(pp. 160-175).

¶Wasserstein Estimator
Å Readout
Å Sum Pooling

Å Concatenation of intra- and inter-graph representations.

Å Prediction
Å Multi-layer perceptron.

ÅWasserstein Discriminator
ÅMinimize Wasserstein distance between ή and Ὃ
Å Further utilize the vertex correspondence information 

between ή and Ὃ
Åὒ ήȟὋ  Вᶰ Ὢ  Вᶰ Ὢ

Å Expressive Power
ÅWEst is as powerful as 1-Weisfeiler-Lehman test.



37 Subgraph Counting : LearnSC

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.

An efficient and unified framework, LearnSC [ICDEô24]

Decomposition Representation Interaction Estimation Aggregation



38 Subgraph Counting : LearnSC

LearnSC̔data graph decomposition

üData graphs are large, lead to heavy cost 

on deep learning models

üData graph contains multiple unqualified 

nodes, which are negligible for matching 

results

Decompose data graph, remove unqualified nodes/edges, extract key parts

Query graph Data graph

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



39 Subgraph Counting : LearnSC

Data graph decomposition

üFilter candidate nodes

To remove unqualified nodes

ÅNeighborhood information 

Å Iterative removal

Query graph

u1: [1, 3, 4] 
u2: [2, 5, 6, 7, 8, 9]
u3: [2, 5, 6, 7, 8, 9]
u4: [10, 11, 13, 14]
u5: [10, 11, 13, 14]

Initial candidates

u1: [1, 3, 4]
u2: [2, 5, 6, 7, 8, 9]
u3: [2, 5, 6, 7, 8, 9]
u4: [10, 11, 13, 14]
u5: [10, 11, 13, 14]

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



40 Subgraph Counting : LearnSC

Data graph decomposition

üExtract substructures

Extract substructures according to candidates

ÅVertex-induced subgraphs

Data graph

Filtered candidates

u1: [1, 3, 4]
u2: [2, 5, 6, 7, 8, 9]
u3: [2, 5, 6, 7, 8, 9]
u4: [10, 11, 13, 14]
u5: [10, 11, 13, 14]

Valuable data graph nodes

1v 3v 4v

5v 6v 8v 9v

10v 11v 13v 14v

1v 3v 4v

5v 6v 8v 9v

10v 11v 13v 14v

substructures



41 Subgraph Counting : LearnSC

Data graph

u1: [1, 3, 4]
u2: [2, 5, 6, 7, 8, 9]
u3: [2, 5, 6, 7, 8, 9]
u4: [10, 11, 13, 14]
u5: [10, 11, 13, 14]

1v 3v 4v

5v 6v 8v 9v

10v 11v 13v 14v

1v 3v 4v

5v 6v 8v 9v

10v 11v 13v 14v

Filtered candidates Valuable data graph nodes

10v 11v 13v 14v

substructures

üExtract substructures

Extract substructures according to candidates

ÅVertex-induced subgraphs

ÅButavoidredundantedges

Data graph decomposition



42 Subgraph Counting : LearnSC

Decompose query graph, reserve dependency, improve representation quality

Query graph Data graph

LearnSCσQuery graph decomposition

üQuery graphs are various, Explicitly learn 

subqueries to improve the representation 

qualities

üThe dependency among subqueries are 

supposed to be reserved

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



43 Subgraph Counting : LearnSC

LearnSCσquery graph decomposition

üSkeleton-based query graph decomposition

Split query into subqueries, with a skeleton reserving dependency

ÅPost process after splitting

ÅBuilt a skeleton recording connecting relations and shared nodes

Query graph Subqueries Skeleton
Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



44 Subgraph Counting : LearnSC

LearnSCσRepresentations

üTo embed nodes in substructures and subqueries into vectors, which captures 

implicit feature

ÅMLP Ҧ Nodeattribute features

ÅGNN Ҧ Topology features

Input graph Label 
encode 

Label 
embeddings

Node 
embeddings

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



45 Subgraph Counting : LearnSC

üSubgraph counting is based on subgraph 

matching

üThe potential matching information among 

query node and data graph node is essential

LearnSCσInteraction

Interact cross graphs, capture potential matching information

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



46 Subgraph Counting : LearnSC

LearnSC̔interaction

üConstruct intergraph

Only potential matching nodes interacts

ÅCandidates are potential matching nodes

ÅQuery nodes connect to their candidate to construct an 

intergraph

A subquery and a substructure Intergraph
Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



47 Subgraph Counting : LearnSC

LearnSC̔Estimation

üRepresentations captures label featuresι

topology features, and potential matching 

information

üUsing representations to estimate the count 

of a subquery in a substructure

Readout representations, estimate counts

Hou, W., Zhao, X., & Tang, B. (2024, May). Learnsc: An efficient and unified learning-based framework for subgraph counting problem. In2024 IEEE 40th 
International Conference on Data Engineering (ICDE)(pp. 2625-2638). IEEE.



48 Subgraph Counting : FlowSC

Motivation

Unsatisfactory Candidate Filtering 

1 '

Å GQL1 and EdgeBipartite2 do not take triangle edge (όȟό) into consideration, so ὺis not removed from ὅό .

Å TriangleSafety2 can remove ὺfrom ὅό , but is limited by efficiency issue.

1 Huahai He and Ambuj K. Singh. 2008. Graphs-at-a-Time: Query Language andAccess Methods for Graph Databases. In Proceedings of SIGMOD. 405ς418.
2 Wonseok Shin, Siwoo Song, Kunsoo Park, andWook-Shin Han. 2024. CardinalityEstimation of Subgraph Matching: A Filtering-Sampling Approach. In Proceedingsof VLDB. 1697ς1709.



49 Subgraph Counting : FlowSC

Motivation
Lack of explicit modelling between structural features and subgraph counts.

Å They do not capture the explicit relationship between structure and specific counts, but regress blindly.

Å unsatisfactory performance in both efficiency and accuracy.

LSS NeurSC LearnSC

Guo, Qiuyu, et al. "Efficient and Accurate Subgraph Counting: A Bottom-up Flow-ƭŜŀǊƴƛƴƎ .ŀǎŜŘ !ǇǇǊƻŀŎƘΦέ ±[5. нлнр



50 Subgraph Counting : FlowSC

Motivation

Inspired by the candidate-tree based counting:

Limitations:

Å Based on a spanning tree, the constraints of non-tree edges are ignored.

Å Isomorphism constraints are not considered in the tree counting.

(a) Query graph (b) Compact CS, Spanning tree

4

2211

11111

2

(c) Counting Candidate Trees (d) Success

(e) Fai lure (Injectivi ty) (f ) Fai lure (Non-tree edge)

Figure 4: New Running Example - Candidate Tree Sampl ing

We demonstrate in Section 7.4 that our strategy outperforms

other intuitively appealing alternatives.

Counting Candidate Trees. We develop a dynamic program-

ming algorithm to obtain the exact count of candidate trees for

a given . Let bea subtree of rooted at and ( , ) be

the number of candidate trees for with mapped to . The total

number of candidatetreesfor can becounted as ( ) ( , ).
For a leaf node and ( ), it is clear that ( , ) = 1.

For a non-leaf node and ( ), a candidate tree for

consists of candidate trees for for each child of , and the

candidate for each is chosen from ( | , ). Hence, we have

( , ) =
children of ( | , )

( , ) (2)

which can be computed in (| || |) time, employing a bottom-

up dynamicprogrammingapproach similar toJSub [56] andDAF[22].

Uniform Sampling of Candidate Trees. Basedon thecandidate

tree counts computed asabove, we develop a sampling algorithm

that returns each candidate tree uniformly at random. Let denote

a sample candidate tree for . Recall that the candidate tree is

def ned as a vertex mapping. For the root vertex , we sample

from ( ) with weights proportional to ( , ). For , let

be theparent of in . Given = ( ), we iteratively sample

( ) for with BFStraversal of . We choose ( ) from candidate

neighbors ( | , ) with weights proportional to ( , ).
The detailed implementation is presented in Algorithm 4.

Example 5.4. Figure 4 demonstrates the process of counting and

sampling candidate trees. For the query graph , the compact CSis

built asin Figure4b. Theedges ( 2, 4) and ( 3, 4) arenot included

to attain as they have larger densities of 2/ 3. Figure 4c shows

the value of resulting ( , ) after counting candidate trees.

Algori thm 4: (CS, , )

Input: The compact CS, a spanning tree of , the

computed weights

Output: A sampled candidate tree, uniformly at random

1 ̣ root node of ;

2 Sample[ ] ̣ draw from ( ) at random with

probability proportional to ( , );

3 foreach in BFStraversal of do

4 let be the parent of , and be Sample[ ];

5 Sample[ ] ̣ draw from ( | , ) at random with

probability proportional to ( , );

6 return Sample

For thesampling, westart with choosing a root with weight 2 : 4

for 1 and 2, respectively. For example in Figure 4d, when 2 is

chosen, 4 and 6 are theonly candidateneighborsof ( 1, 2) for 2

and 3 respectively, thusthey aresampled with probability 1. For 4,

we take a random sample from ( 4 | 1, 2). Analogously, ( 5) is

chosen among ( 5 | 3, 6). As the resulting mapping in Figure4d

is injective, we check whether non-tree edges ( 2, 4) and ( 3, 4)
are valid. Since ( 4, 8) and ( 6, 8) are both in the candidate edges,

Figure 4d is a success.

When 4 is chosen for both 2 and 5 (Figure 4e), the resulting

sample is an instance of failure since the mapping is not injective.

If ( 2) = 3 and ( 4) = 7, the candidate for query edge ( 2, 4)
is ( 3, 7). However, 7 ( 4 | 2, 3), and thus the instance in

Figure4f isalso a failure. Sinceonesuccesswas found among three,

and thereare6candidatetrees, wereturn 2astheestimate. In reality

there are two embeddings ( 2, 4, 6, 8, 3) and ( 2, 4, 6, 9, 3).

Theorem 5.5 (Uniform Sampling). Algorithm 4 samples candidate

tree for uniformly at random.

Sample Size. If we perform # trials and obtain # successes, the

sample success ratio Ĕ= # / # is an estimate of the true propor-

tion . Let denote the acceptable failure probability and denote

the tolerable relative error. To achieve the probability guarantee

P
[

1̮ ̸Ĕ̸
]
̹ 1̮ , we utilize the Clopper-Pearson in-

terval [11, 17], which is the interval ( (# ,# ), (# ,# )) such

that

P [ ( (# ,# ) ̸ ̸ (# ,# ))] ̹1̮ , (3)

where (# ,# ) and (# ,# ) arethevaluesthat can becomputed

from , # , and # (e.g., using the Boost library [1]). We adaptively

determinethesamplesizeby takingsamplesuntil 1̮Ĕ̸ (# ,# )
and (# ,# ) ̸ Ĕare met, leading us to:

P
[

1̮ ̸Ĕ̸
]

= P
[

1̮Ĕ̸ ̸ Ĕ
]

(4)

̹P [ (# ,# ) ̸ ̸ (# ,# )] ̹1̮ .

In our experiments where we had 1,000ï1,000,000 trials, we

found out that, irrespective of the number of trials, 88 successes

were suf cient to satisfy the condition stated with the Clopper-

Pearson interval (Equation 4) for = 0.05 and = 1.25.

For hard cases in which achieving the condition may require

an unreasonable amount of computation, we terminate the tree

sampling immediately and use the graph sampling described in

Section 6. For the experiments, we stop if there are no more than
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51 Subgraph Counting : FlowSC

Overview

Customized 

Message 

Aggregation

Readout

MLPConcatenation

Message-passing view in Message-passing view in 

Candidate Filtering

Build HQ

Build HC

One-pass Bottom-up

Message Passing Customized 

Message 

Aggregation
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Q

G

Flow-learning Prediction
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3-step learning-based method: FlowSC 
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52 Subgraph Counting : FlowSC

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

check for the neighbors of the matching vertex pairs. 

1

'
ὺ is removed from ὅό  by ὄ .



53 Subgraph Counting : FlowSC

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

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

Å Customized Message Aggregation ï take matching condition checks into learning

Å Prediction - regression

Flow Learning



54 Subgraph Counting : FlowSC

AccuracyEvaluation



55 Graph Query Processing

ü Subgraph Isomorphism

Å Subgraph Matching

Å Subgraph Counting

ü Graph Similarity

Å Graph Edit Distance

ü Community Search

Å Disjoint Community Search

Å Overlapping Community Search



56 Machine Learning Models for Graph Edit Distance

How about learning -based techniques for graph similarity

[ŜǘΩǎ ŦƻŎǳǎ ƻƴ ŀ ŦǳƴŘŀƳŜƴǘŀƭ ƎǊŀǇƘ ǎƛƳƛƭŀǊƛǘȅ ƳŜǘǊƛŎΥ DǊŀǇƘ 9Řƛǘ 5ƛǎǘŀƴŎŜΦ

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.

Huang, Wei, et al. "DiffGED: Computing Graph Edit Distance via Diffusion-based Graph Matching." arXiv preprint arXiv:2503.18245 (2025).



57 Machine Learning Models for Graph Edit Distance

GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

Graph edit distance can be modelled as maximum bipartite matching.

Piao, Chengzhi, et al. "Computing graph edit distance via neural graph matching." Proceedings of the VLDB Endowment 16.8 (2023): 1817-1829.

a, b: An instance of graph edit path. c, d: Solving GED via bipartite matching.



58 Machine Learning Models for Graph Edit Distance

GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

ÅUsing GNN to predict a GED and generate a node matching matrix.
ÅPost-processing the node matching matrix to find a short edit path.

Piao, Chengzhi, et al. "Computing graph edit distance via neural graph matching." Proceedings of the VLDB Endowment 16.8 (2023): 1817-1829.

Bipartite graph matching

Bipartite graph generation



59 Machine Learning Models for Graph Edit Distance

GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

ÅUsing GNN to predict a GED and generate a node matching matrix.
ÅPost-processing the node matching matrix to find a short edit path.

Piao, Chengzhi, et al. "Computing graph edit distance via neural graph matching." Proceedings of the VLDB Endowment 16.8 (2023): 1817-1829.



60 Machine Learning Models for Graph Edit Distance

GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

ÅUsing GNN to predict a GED and generate a node matching matrix.
ÅPost-processing the node matching matrix to find a short edit path.

Piao, Chengzhi, et al. "Computing graph edit distance via neural graph matching." Proceedings of the VLDB Endowment 16.8 (2023): 1817-1829.



61 Machine Learning Models for Graph Edit Distance

DiffGED : 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.

Huang, Wei, et al. "DiffGED: Computing Graph Edit Distance via Diffusion-based Graph Matching." arXiv preprint arXiv:2503.18245 (2025).



62 Machine Learning Models for Graph Edit Distance

DiffGED : Computing Graph Edit Distance via Diffusion -based Graph Matching

In the first phase, DiffGED first samples Ὧ random initial node matching matrices, then DiffMatch will 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.

Huang, Wei, et al. "DiffGED: Computing Graph Edit Distance via Diffusion-based Graph Matching." arXiv preprint arXiv:2503.18245 (2025).


