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Graphs

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




6 /Many types of data are graphs
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7 /Many types of data are graphs
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Outline

» Graph Query Processing
e Subgraph Isomorphism
« Graph Similarity
« Community Search

» Graph Data Management

« Graph Data Quality Management

 Graph Generation



9 /Subgraph Isomorphism

s

* Query graph q = (V,E, f)
« Datagraph G = (V',E', f1)

* Subgraph Isomorphism: injective function fiso: V = V':

« Vvu eV, fitw) = fi(fiso(Ww))
« Ve(u,u') € E,e(fiso (W), fiso(u')) E E

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




1o/Subgraph Isomorphism

7
Subgraph Counting

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

Subgraph isomorphisms

1. (ul, Uy, us, U,4) - (vl, V4, Us, le)




11/Subgraph Isomorphism

7
Subgraph Counting

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

Subgraph isomorphisms

1. (ul, Uy, us, U,4) - (vl, V4, Us, le)
2. (uq,uy,usz,uy) = (v, Vg, Vs, V11)




12/Subgraph Isomorphism

7
Subgraph Counting

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

Subgraph isomorphisms

1. (ul, Uy, us, U,4) - (vl, V4, Us, le)
2. (uq,uy,usz,uy) = (v, Vg, Vs, V11)
3. (u1» Uz, Us, u4) - (v1» Uy, Vg, 7711)




Graph Similarity

Graph Edit Distance

Let’s 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
256, 005
\f’o
Node Edge
Relabeling Insertion F

S et

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



14/Community Search
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» 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.

» A query set contains one or more nodes that belong to
the same community.

» 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

Y
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.
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Graph Quality Management

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

Definition - c 1
. . .ge ntrinsic ontextua
The extent to which data are fit for a specified use
and free of defects with respect to explicit, context- A COMSISIEACT relevancy. trustworthiness.
completeness, timeliness, diversity. quantity

specific criteria.
redundancy = pata Quality

Dimensions

D i men SI on RERSEEE R availability, security
) . . tility . i . ) )
The extent to which data are fit for a specified use VORI CONCISEREss osnssing, Trtatlinking
. . . interpretability
and free of defects with respect to explicit, context Representation Accessibility

specific criteria.

Lifecycle
a data lifecycle pipeline contains five steps, namely,

P H H i Data Information Data A oy
data generation, information extraction, data > P T > g >> ittt >> Analysis >> Appllcahon>

integration, analysis, and application.




Graph Data Generation

Definition of Graph Generation

Given a set of observed graphs {G}, graph generation aims to construct a generative model pg (G)
to capture the distribution of these graphs, from which new graphs can be sampled G ~ pe (G) .
The generation process can be conditioned on additional information s, i.e., conditional graph
generation G ~ pg (G|s) to apply specific constraints on the graph generation results.
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Graph Query Processing

» Subgraph Isomorphism
« Subgraph Matching
« Subgraph Counting
» Graph Similarity
« Graph Edit Distance
» Community Search

* Disjoint Community Search

* Overlapping Community Search



Subgraph Matching

Definition

* The objective of the subgraph matching is searching for all subgraph
isomorphisms from 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(U):J‘iso(i-’)) < Ef'




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.



3" Subgraph Matching: RLQVO
/

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:

= Degree-based ordering

» [nfrequent label first ordering
= Path-based ordering.




Subgraph Matching: RLQVO

Limitations of Existing Order Generation Methods

Two major limitations:

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



25/ Subgraph Matching

7
If ordering based on degree (RI)

Degree: 2

(a) Query Graph ¢ (b) Data Graph G



Subgraph Matching

If ordering based on label frequency

LF: 1/13 LF: Label frequency

(a) Query Graph ¢ (b) Data Graph G



. Subgraph Matching: RLQVO
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Framework
Action Space Update

Query Graph l State Update 7\
P1
-

P2
N/ N\ Next Node
o " " — P3 | Selection
Data rap/ \:. /\ /H1 - Da
U u u / Mask
e \ / ~ 5 6 e Uz — Uy
\ ~ - NIVAN -
/ \ / \ Usg Ug pﬁ
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.



s Subgraph Matching: GNN-PE

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



" Subgraph Matching: GNN-PE

A
i 1 tar structu dominan node/path embeddin index
® Offline pre-computation [”"“? “E]—p[ dominance ;gJ—p[ ode/path cmbe g} consmfctmn}

extraction relationship learni generation

— Dominance relationship learning

— Index construction over path : . § ______ © = II _______ O %

vertex = vertex embeddmg
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e e | ]
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____________________u_r_u_t_ star graphs I path = path embedding : R*-tree Index
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7 :
20 Subgraph Matching: GNN-PE
¢ Unit structures
— Unit star graph g,,, (g4,): A star subgraph

containing a center vertex v; € V(G) (q; € V(q))
and its 1-hop neighbors

— Unit star substructure s,,.: A (star) subgraph of the

query unit star graph g,

unit star graph g,,.
unit star subgraph g,,, i.e., s,. € gy,
embedding l < I
® Dominance relationship 0(9q,)  0(gv,)
— If a query vertex g; in the query graph g matches
with a data vertex v;, then it must hold that

0(9q;) < 0(gy;)

A T
W)
vy

s
4

/
\

I
I
|
|

® Intuition

— Ifq € G, g4, must be one of v;’s substructures s, @\@ @/@\@ @

8 possible query star graphs s,



Graph Query Processing

» Subgraph Isomorphism

« Subgraph Matching

« Subgraph Counting
» Graph Similarity

« Graph Edit Distance
» Community Search

* Disjoint Community Search

* Overlapping Community Search
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32 Subgraph Counting: Existing Works
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g Subgraph Counting: NeurSC

/
* Neural Subgraph Counting method: NeurSC

Substructure Wasserstein
Extraction Est|mator

Query graph q. a gb‘“b ) N Approximate
Data graph G “RY ,/ subgraph counts

¢(q)

Extract
substructures



Subgraph Counting: NeurSC

Substructure Extraction

Complete Candidate Vertex Set (CS):

* CS(u) for query vertex u € V is a set of data vertices v € V'
* If (u, v) existsin a match from g to G, then v € CS(u)

Candidate set of query g: CS(q) =Uyey CS(1)
First, we determine the complete candidate vertex set for all query
vertices using local pruning and global refinement.

Based on neighboring and label information

Induced subgraphs of G with vertices CS(q) are used as the
candidate substructures, denoted as Gy

’011

Gsub

vz eﬁ)e .



5 Subgraph Counting: NeurSC

ya
- Wasserstein Estimator

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

k k-1 k
° ht(L) = MLP(k)((l + G(k))hgl ); ZuIENq(u) hgu))

* Inter-Graph Neural Network

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

k k k-1 K k
+ b = a(al)o®n )'ZvENGB(u) all)6W R0y

Estimated & ( )
Subgraph Counts S“”A 9
MLP
hp |||l||ﬂ|U|l|
Concatenation
——Readout + Readout—
Hq = = vHsub
A A §Wasserstein
‘Discriminator A 'y
| L
..... ....-
amma it

Intra-Graph
Neural Network

Inter-Graph
Neural Network




. Subgraph Counting: NeurSC

i
- Wasserstein Estimator T — -
« Readout Subgraph Counts Cs:&(:)
* Sum Pooling hy [T 1T
« Concatenation of intra- and inter-graph representations. b Readout—
* Prediction H, = \ o EHsub
* Multi-layer perceptron. g | oo

* Wasserstein Discriminator
* Minimize Wasserstein distance between g and Gqp
e Further utilize the vertex correspondence information
between g and G

* Ly(q,Gsyp) = ZuEV’(q) fom) — ZvEV’(Gsub) fo(hry)

* Expressive Power S — Gsup q

. . . Inter-Graph
 WEstis as powerful as 1-Weisfeiler-Lehman test. Neural Network Neural Network



o Subgraph Counting: LearnSC

s

An efficient and unified framework, LearnSC [ICDE24]

Decomposition Representation Aggregation

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

Neural networks

Node

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

Estimated count



o Subgraph Counting: LearnSC

s

LearnSC: data graph decomposition

» Data graphs are large, lead to heavy cost

on deep learning models

» Data graph contains multiple unqualified 4,

nodes, which are negligible for matching
results Query graph Data graph

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



3 Subgraph Counting: LearnSC

A
Data graph decomposition

» Filter candidate nodes
To remove unqualified nodes
* Neighborhood information

* |terative removal

ul: [1, 3, 4]

u2:[2,5,6,7,8,9]
us:[2,5,6,7,8,9]
u4: [10, 11, 13, 14]
us: [10, 11, 13, 14]

Query graph Initial candidates

ul: [1, 3, 4]

u2:[ 5, 8, 9]
us:[ 6, 8 9]
ud: [10, 13, 14]
us: [ 11, 13, 14]



W Subgraph Counting: LearnSC

Y
Data graph decomposition

» Extract substructures
Extract substructures according to candidates

e Vertex-induced subgraphs

ul: [1, 3, 4] O O O
u2:[ 5 89 v i Wy

1
3: 6, 8,9
3 : VO V6O VO \/9C>

u4: [10, 13, 14]

5 8
us:[ 11, 13, 14] ' ' ' '

Vio Vi Vis Viu

Filtered candidates Valuable data graph nodes substructures



e Subgraph Counting: LearnSC

Y
Data graph decomposition

» Extract substructures
Extract substructures according to candidates
e Vertex-induced subgraphs

* But avoid redundant edges

ul: [1, 3, 4] VO VQ V4Q

u2:[ 5, 8, 9]

1
3: 6, 8,9
w3 | VO V6O VO \/9C>

u4: [10, 13, 14]

5 8
us:[ 11,13, 14] ' ' ' '

Vio Vi1 Vis Viu

Filtered candidates Valuable data graph nodes

substructures



o Subgraph Counting: LearnSC

Y
LearnSC: Query graph decomposition

» Query graphs are various, Explicitly learn
subqueries to improve the representation

qualities

» The dependency among subqueries are

Query graph Data graph

supposed to be reserved

Decompose query graph, reserve dependency, improve representation quality



n Subgraph Counting: LearnSC

Y
LearnSC: query graph decomposition

» Skeleton-based query graph decomposition
Split query into subqueries, with a skeleton reserving dependency
* Post process after splitting

* Built a skeleton recording connecting relations and shared nodes

Query graph Subqueries Skeleton



s’ Subgraph Counting: LearnSC

4
LearnSC: Representations

» To embed nodes in substructures and subqueries into vectors, which captures

implicit feature
e MLP - Node attribute features

* GNN - Topology features

0.2lo.8fo8| \ 0.3/0.90.7
1010 1 -1

g, O o3fosfos) 4 | llglh, |t hit| laf 1\ Josfodos
O 9! 0.1]0.2]0.2 Z (3| | 2|3 — | 2|z 030.1o2

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

e o @ |ofofo o.s{o2fo2| GNN module ) 0.5{03]0.8

0 01,0 t [ Tt
Xul Xu2 Xu3 hu1 huz hu3 h”l h“z h“}

Input graph Label Label Node

encode embeddings embeddings



. Subgraph Counting: LearnSC

s

LearnSC: Interaction

» Subgraph counting is based on subgraph

matching

» The potential matching information among

qguery node and data graph node is essential

Interact cross graphs, capture potential matching information

'
'
"
' .
N
' ‘ 4
N
’ .
' N
’ .
. .
: .
.
'
o '
'
.
'
'
'
'
'

'

1.0|o.4

0.5

0.140.6

0.2

0.7|o.4

0.2

0.640.8

0.5

0.5)1.0

0.8




. Subgraph Counting: LearnSC

ya
LearnSC: interaction

» Construct intergraph
Only potential matching nodes interacts
* Candidates are potential matching nodes

 Query nodes connect to their candidate to construct an

ul V3
O< % .
v, . 13
“O—@
Vg .V14
”3HV9

A subquery and a substructure Intergraph

intergraph




o Subgraph Counting: LearnSC

s

LearnSC: Estimation

» Representations captures label features,
topology features, and potential matching

information

» Using representations to estimate the count

of a subquery in a substructure

Readout representations, estimate counts

0.3

0.6

0.5

0.8

1.0

0.8

0.4

0.5

0.8

0.4

>




w Subgraph Counting: FlowSC

A
Motivation

Unsatisfactory Candidate Filtering

« GQL' and EdgeBipartite? do not take triangle edge (u4, u,) into consideration, so v is not removed from C(u,).
« TriangleSafety? can remove v;from C(u,), but is limited by efficiency issue.

1 Huahai He and Ambuj K. Singh. 2008. Graphs-at-a-Time: Query Language and Access Methods for Graph Databases. In Proceedings of SIGMOD. 405—418.
2 Wonseok Shin, Siwoo Song, Kunsoo Park, and Wook-Shin Han. 2024. Cardinality Estimation of Subgraph Matching: A Filtering-Sampling Approach. In Proceedings of VLDB. 1697-1709.



g Subgraph Counting: FlowSC

2
Motivation
Lack of explicit modelling between structural features and subgraph counts.

Estimated

Subgraph Counts Cs“b*(q)
MLP
< hplllllllllllll
[ )
AN Concatenation Q
AL r—Readout X Readout— qx [
g A 7 - e O | |
C%‘ N : Ny 4 1 lo:3fosfor 1
_ A ~ C ‘ i 0.4]0.4J0.6
— = O w— C(Q) Hq - 0 SO | e Hqup _“ _____ 1 I'”'“IM 1
. H ~IA i I il il s |
%}Q 7 X0 i yC : I ||19 n.slu? I
S AT A Wassersteln } fshosbos] )
I I N v s
. g Q Network with , Dlscrlmlnator ? yy Mo
Active Learner . = Skeleton Subqueries [ representations A
) Ve
gl 0
cremm -1 4t
[T < S ; oodoforforor]
~ £ * Q-O«{}-Q IR i )
label T | oe[o2fos|orfofos] |
embedding -‘ > } Lofosfrofoslodos]
nitia | 0.7J0.7Jo.1]o.1]1.ofos] |
G Features G | |
q Intra-Graph sub q Inter-Graph 8“b ‘ Node ‘
Neural Network Neural Network Substructures representations
LSS NeurSC LearnSC

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



50/ Subgraph Counting: FlowSC

A
Motivation

Inspired by the candidate-tree based counting:

W(u, v) = 1_[ Z W (uc, v,)

UEN-(u) v.eC(uc|luw)

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



51/ Subgraph Counting: FlowSC

4
Overview

3-step learning-based method: FlowSC

| |
I | o— i
. 1/ (O] K I
Build H,, | | 2 |
: (. o](o] :4 ,..__i — | root
L \ Q
I : Loy : I
I ‘\_________O__/' : 0
I
Q H I One-pass Bottom-up | i .
Q I Message Passing : Customized | I Concatenation MLP
| el e | |
[ 21\ Aggregation,! | ~
O : o]J(o] ! I goot
Build H, | | |
| WJJleo ol |
I |
G H: I l
I I
. . I i I .
Candidate Filtering . Flow-learning ; Prediction



52/ Subgraph Counting: FlowSC

s

Our solution - 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

v, is removed from C(u,) by B,!.



Subgraph Counting: FlowSC

Flow Learning

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

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

VO

vy va| v v,Qv,Q V.0 ] (v,0]

~./ I 1
Ve v,0) (v,Ov0 v.O

(b) He (c) Message-passing View in H-

« Customized Message Aggregation - take matching condition checks into learning

« Prediction - regression

Level 0

Level 1

Level 2



. Subgraph Counting: FlowSC

Y
Accuracy Evaluation

= FlowSC FaSTest = [oqrnSC = NeyrSC e [SS
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Graph Query Processing

» Subgraph Isomorphism
« Subgraph Matching
« Subgraph Counting
» Graph Similarity
 Graph Edit Distance
» Community Search

* Disjoint Community Search

* Overlapping Community Search



7
Machine Learning Models for Graph Edit Distance

s

How about learning-based techniques for graph similarity

Let’s focus on 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 /
; %%

e, %
”
%

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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7
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
Gl O @ & — Addayellownode 3. Y et
i 4 -
CoEEpEEtaEsEs S Nddan sdoe (1Y ‘; 1 1
(0 1 S _'{‘qd_ ah ?(}g_e_(..l > §)_ ) 1 ‘/.
G,/ —{ Addanedge 2,3). ) .
L W 3 O3

a, b: An instance of graph edit path. ¢, d: Solving GED via bipartite matching.
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7
GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

* Using GNN to predict a GED and generate a node matching matrix.
* Post-processing 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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7
GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

e Using GNN to predict a GED and generate a node matching matrix.
* Post-processing the node matching matrix to find a short edit path.

One-hot Feature Node Embedding Matching Matrix : Ground-truth :
6, of G, (IVy] X d) H(G,) (V4] X ) Amaten (V] X [V,]) » Matching Matrix |
2 c[NO[s Tt (R ] |
0 0 [ 1 / N\ - | | 1
1 4 .:I Matrix —* BCE l I
OEE ’ > Module : :
:I I Lyaiue I
| 1
Cost Matrix I (MSE |
A Vil X V. ! |
GNN cost (l 1 | | 2 D I ¥ Ground-truth GED 1
/ Cross : SimScore*(G,,G,) :
Matrix —
| =1/7 I
Module I l
\ J A v
GED Predicted GED
One-hot Feature Node Embedding Bias Prediction (scalar)
of G, (|V;| X d) H(G3) (V2| X dgnn)

(scalar)
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7
GEDGNN: Computing Graph Edit Distance via Neural Graph Matching

A Two-step Framework:

* Using GNN to predict a GED and generate a node matching matrix.
* Post-processing the node matching matrix to find a short edit path.

0{382 17 96 64 6 86 349 04382 D‘{ 349 041382 04382

10 263 1 917 2
117 946 5 12 14

1 1 1 1 1
2 2 2 2 2
3130 10 63 310 5 50 3 531 3 ﬂ ER 531 3 531
4 4 4 4 4
5 5 5 5 5

18 377 6 220332 47 11 377 377 11 377
116 164 7 404 125 251 32 404 404 404 32
o 1 2 3 4 5 6 0o 1 2 3 4 5 6 0 1 2 3 4 5 6 o 1 2 3 4 5 6 o 1 2 34 5 6
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(M;)=2  W(M;)=2932 GED(M3) =10  W(M,) =2926 GED(M,) =10

6 |0

4 1
2

5

1

3

G, = (Vy, Ey, Ly) Add an extra node (6) Add an edge A6yt
M, to match node 0 of V5. match edge (1.0) of E>.
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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.

e e 9 = -

Ground-truth Matching Matrix

o 8 e o o
%_ /

o o o - o

GED(

(— T - T ] =

G,
L]
L]
0
1
L]
L]

G') =2

Biased & Sparse

0.4 0.01 001 0041 0.01 0.01 0.98

0.01 001 0.01 0.01 0.01 0.99 0.01
0.01 001 0.01 0.01 0.9 0.01 0.01
0.1 0.01 0.01 089 0.01 0.01 0.01
0.01 0.01 083 0.01 0.01 0.01 0.01

0.01 (0,89 0.01 0.01 0.01 0.01 0.01

Predicted Matching Matrix

oo

-~

0
Top-5: Matching weight = 4.96

Top-6: Matching weight = 4.96

Top-T: Matching weight = 4.96

GED(G,G') =7 GED(G,G') =12 GED(G,G") =19
6 0o 0o 0 0 0 1 0 o0 o 0o 0 01 0 0o o0 0o 0 0 1
o o o o o0 1 0 1 ] o 0 0 0 0 [ ] o o o 1 0
o0 0o 0 1 0 0 0 0o 0o 0O 1 0 0 0o 0o 0 0 1 0 0
6 0 0o 1 0 0o 0 0 o0 o 1 0 0 0 0 0 0 1 0 0 o0
6 0o /1 0 0 0o 0 o 0o/ 1 0o 0 0 O i 0o o o0 0 0 0
6 1 0o 0 0 o 0 o 1 o 0 0 0 o 0 1 0 o0 0 0 @0

Top-1: Matching weight = 5.94 Top-2: Matching weight = 4.96 Top-3: Matching weight = 4.96
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e = o e o

= = o - = o

2

/




6/ Machine Learning Models for Graph Edit Distance

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

In the first phase, DiffGED first samples k 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.

Phase 1: Node Matching Phase 2: Node Mappings & Edit Path Extraction

Matrices Generation

N A

G / r 3 N
fi
Initial M; N 0/
1 o 1 1 088 0.01 0.02 0.05
Greedy / Edit Path

o 1 0 o0 »  DiffMatch 003 085 01 0 —>» ——> # Edit operations = 4

>
002 011 089 0.09 / \

1 o 1 [/}

— > | GED(G,G") =4

Initial M} ‘ . ' X
[ 0 1 ‘ 0.02 0.89 0.08 0.03 0\ /
Greedy Edit Path
1 1 0o 1 > DiffMatch '—) 001 001 002 1 —— 3 —— > # Edit operations = 4
1 1 ] 1} 0.03 010 088 o0.02 X

M,




63/ Machine Learning Models for Graph Edit Distance

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

Experimental results: achieve state-of-the-art performance with nearly 100% accuracy.

| Datasets | Models | MAE | Accuracy | p | 7 | p@10 | p@20 | Time(s) |
Hungarian 8.247 1.1% 0.547 | 0.431 | 52.8% | 59.9% | 0.00011
V] 14.085 0.6% 0.372 | 0.284 | 41.9% 52% 0.00017
Noah 3.057 6.6% 0.751 | 0.629 | 74.1% | 76.9% 0.6158
AIDS700 GENN-A* 0.632 61.5% 0.903 | 0.815 | 85.6% | 88% 2.98919
GEDGNN 1.098 52.5% 0.845 | 0.752 | 89.1% | 88.3% | 0.39448
MATA* 0.838 58.7% 0.8 0.718 | 73.6% | 77.6% | 0.00487
DiffGED (ours) | 0.022 98% 0.996 | 0.992 | 99.8% | 99.7% | 0.0763
Hungarian 5.35 7.4% 0.696 | 0.605 | 74.8% | 79.6% | 0.00009
V] 11.123 0.4% 0.594 0.5 72.8% 76% 0.00013
Noah 1.596 9% 0.9 0.834 | 92.6% 96% 0.24457
Linux GENN-A* 0.213 89.4% 0.954 | 0.905 | 99.1% | 98.1% | 0.68176
GEDGNN 0.094 96.6% 0.979 | 0969 | 98.9% | 99.3% | 0.12863
MATA* 0.18 92.3% 0.937 | 0.893 | 88.5% | 91.8% | 0.00464
DiffGED (ours) 0.0 100% 1.0 1.0 100% | 100% | 0.06982
Hungarian 21.673 45.1% 0.778 | 0.716 | 83.8% | 81.9% | 0.0001
V] 44.078 26.5% 0.4 0.359 | 60.1% 62% 0.00038
Noah - - - - - - -
IMDB GENN-A* - - - - - - -
GEDGNN 2.469 85.5% 0.898 | 0.879 | 92.4% | 92.1% | 0.42428
MATA* - - - - - - -
DiffGED (ours) | 0.937 94.6% 0.982 | 0.973 | 97.5% | 98.3% | 0.15105
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Towards Unsupervised Training of Matching-based Graph Edit Distance Solver via

Preference-aware GAN

Optimization objective of Matching-based GED solver:
» Given a graph pair, find an optimal node matching matrix 7* that minimizes the edit cost ¢(G,,G,, ")

Supervised training objective of Matching-based GED solver g:

Lyec(n+)y = m gé(ﬂ* [v][u]log (7g, [v][u])) + (1 —7"[v][u]) log (1 — o (7, [v][u])))
What if ground-truth optimal node matching matrix r* is not available during training?
A naive approach: Starting from a random node matching matrix 7, train g4 to recover i by L), and
progressively update 7 with the latest best solution predicted by g4, — Lack of exploration
« A better approach: Not only trained to exploit, but also trained to explore better 7 efficiently

[’g(p = LTBC(TT) + A*Cexplore
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g Machine Learning Models for Graph Edit Distance

Towards Unsupervised Training of Matching-based Graph Edit Distance Solver via

Preference-aware GAN

How to explore better solutions? (How to design L,,,ior¢?)
* GAN-based approach: Given a node matching matrix 7, predicted by g4, a discriminator Dy is trained to
assign a score Dg(Gy, G2, Ry, ), and gy is trained to maximize Dg(Gy, G, ftg,) —> Leptore = —Do(G1,Ga, 7y,

How to train Dy? What score should Dy assign?
C(G],Gg,ﬂ) X 2
V| + V2

- A naive approach: Dy is trained to estimate the normalized edit cost £p, = (Dy(G1,Ga, ) — exp(— )?
* ldeally: g4 is trained to minimize the edit cost —— aligns with the optimization objective
But what if the following cases occur?

» 1, with normalized edit cost = 0.4 & m, with normalized edit cost = 0.6 — 7, is better than m,
 Case 1: Dg(Gy, G2, m1) = 0.1 & Dy(Gy, Go, ) = 0.9 —— Lp, = (0.1 — 0.4)?> + (0.9 — 0.6)% = 0.18
« Case 2: DQ(G]_, Gz, 7T1) = 0.6 & DQ(Gl, Gz,T[z) =04 —— LDG = (06 - 04)2 + (04 - 06)2 = 0.08

« Case 2results in lower L,, — Dy prefers Case 2 — g, prefers m; € m, should be preferred!
0 ¢
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Towards Unsupervised Training of Matching-based Graph Edit Distance Solver via

Preference-aware GAN

How to train Dy? What score should Dy assign?

* Preference optimization: if m, is preferred to (>) m4, then m, should be assigned a higher score than m;

* Dy is trained to maximize the score margin by minimizing the Bayes Personalized Ranking loss:

LBPR(Tcl,nz) = —log(a(D g(Gq, G2, m3) — D g(Gy, Go, 1))

Tg,

——

C(Gla G'.’? ﬁg,,) =4 C(Gly G'_’a Trlﬂ.if) 6 ED” EBPR(T),_%,’E) + LBPR(&!I,},‘T””“")
Greedy Decoding Update s A4 | | | I (G Gitiitiiihicaiaee
= Record = Dy Dy(G1, G2, Tiast) - gy > Tlast
777 - s Rast Lo/ 7270 | ] A || 7TEEEEE z—SOSSSNSNNONES x: Jé o
/-;I‘ \\iL‘:BPR(ﬁgr:,anlnsf)
V\Gl t t0
= 7~ q(7|7”) T ¥ c(G1,Ga,T) =6 7%
< e rmmmmmesmmmenaeny g ™
uy uz Dy(G1, G2, 7T) ¥ EBPR(T )
| Gy B
ug uy A
Lgptizize i Lyec 7
A4 Gumbel 9e
y Sinkhorn e 4
!., Timestep ? | Dy(Gr, G2y Trgy) | <. > Lesptors

— [,1.6(; + /\['e:l:plore
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Towards Unsupervised Training of Matching-based Graph Edit Distance Solver via

s

Preference-aware GAN
Experimental results: The matching-based GED solver trained with unsupervised preference-aware GAN

achieved performance comparable to that under supervised learning.

Datasets Models Type | MAE | Accuracy T | ptT 1t  p@101T p@207 | Time(s) |
Hungarian Trad 8.247 1.1% 0.547 0431 52.8% 59.9% 0.00011
Vi Trad | 14.085 0.6% 0.372 0.284 41.9% 52% 0.00017
GEDGW Trad | 0.811 53.9% 0.866 0.78 849% 85.7% 0.39255
Noah SL 3.057 6.6% 0.751 0.629 741% 76.9% 0.6158
AIDS700 GENN-A* SL 0.632 61.5% 0.903 0.815 85.6% 38% 2.98919
MATA* SL 0.838 58.7% 0.8 0.718 73.6% 77.6% 0.00487
GEDGNN SL 1.098 52.5% 0.845 0.752 89.1% 88.3% 0.39448
GEDIOT SL 1.188 53.5% 0.825 0.73 88.6% 86.7% 0.39357
DiffGED SL 0.022 98 % 0996 0992 998% 99.7% 0.0763
GEDRanker (Ours) UL | 0.088 92.6% | 0.984 0969 99.1% 99.1% | 0.0759
Hungarian Trad | 5.35 7.4% 0.696 0.605 748%  79.6% | 0.00009
A2l Trad | 11.123 0.4% 0.594 0.5 72.8% 76% 0.00013
GEDGW Trad | 0.532 75.4% 0919 0864 90.5% 922% 0.1826
Noah SL 1.596 9% 0.9 0.834 92.6% 96% 0.24457
Linux GENN-A* SL 0.213 89.4% 0.954 0905 99.1% 98.1% 0.68176
MATA* SL 0.18 92.3% 0.937 0.893 88.5% 91.8% 0.00464
GEDGNN SL 0.094 96.6% 0.979 0.969 98.9% 99.3% 0.12863
GEDIOT SL 0.117 95.3% 0.978 0.966 98.8% 99% 0.13535
DiffGED SL 0.0 100% 1.0 1.0 100% 100% 0.06982
GEDRanker (Ours) UL | 0.01 99.5% | 0.997 0995 100% 99.8% | 0.06973
Hungarian Trad | 21.673 45.1% 0.778 0.716 83.8%  81.9% 0.0001
\2l Trad | 44.078 26.5% 0.4 0.359  60.1% 62% 0.00038
GEDGW Trad | 0.349 93.9% 0966 0953 99.1% 98.3% 0.37496
Noah SL - - - - - - -
IMDB GENN-A* SL - - - . - - -
MATA* SL - - - - - - -
GEDGNN SL 2.469 85.5% 0.898 0.879 924% 92.1% 0.42428
GEDIOT SL 2.822 84.5% 0.9 0.878  92.3% 92.7% 0.41959
DiffGED SL 0.937 94.6% 0982 0973 97.5% 98.3% 0.15105

GEDRanker (Ours) UL | 1.019 94 % | 0.999 097 96.1% 97% | 0.15111




Graph Query Processing

» Subgraph Isomorphism

« Subgraph Matching

« Subgraph Counting
» Graph Similarity

« Graph Edit Distance
» Community Search

* Disjoint Community Search

* Overlapping Community Search
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» 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 close and well-connected communities
within a larger graph.

» A query set contains one or more nodes that belong to
the same community.

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

Community Search



g Disjoint Community Search: ALICE

Motivation

s

* Existing non-learning methods:

0 Structure Inflexibility
> k-core based ACS model | >

> k-truss based ACS model

0 Attribute Irrelevance

e Existing learning-based methods:

1 ﬁ | V(1) Fgo| |
|
q Partial edges of q
—— ) one-hop nodes D—( (
, / .f. . \
i o—ts @ | o j/
'::'i'" )—4 '_f:i'

€ Efficiency and scalability
issue for AQD-GNN

0 Interdependence among entities

AQD-GNN
with Feature Fusion
(a) ICS-GNN (one iteration) (b) AQD-GNN

Vanilla GCN




o Disjoint Community Search: ALICE

4 Our Method

Structure
; ] Cross-Attention
Vq. 1 Fq. : . A
q /1\ Local
- Structure-Attribute Conslislcncy
= U ) Consistency
— Structure-based
\:. Pruning " \
/ _Y < > 1 Y W, Cross-Attention
o Attribute-based ™ ) Encoder
S Pruning \ Attribute
&7 Gsub

* Candidate Subgraph Extraction
Q/ Structure-based pruning with density sketch modularity

 Attribute-based pruning
e Consistency-aware Net (ConNet):
V' Cross-Attention Encoder
V Structure-Attribute Consistency & Local Consistency



Disjoint Community Search: ALICE

* Structure-based pruning

V’ k-hop neighborhood with largest density sketch modularity

Al |ALDB| DB AG
R SEI?\ ';';4/__ 2\ /1 > 1-hop DSM: 0.504
TQIPOY PO >2-hop DSM: —0.094
HCI 8 DE; _5 ML '
IR, HCI ML >3-h0p DSM: 0.0

 Attribute-based nruningAé

Al AlLLDB DB
IR 4
\ 7

- 1

1)(2)(3)(4) (56 (7)(8)9) 10

XIS e NN
/6DB/ML _

10
HOT { THCI 5 ™ML .
IR AG DB ML Al IR HCI

IR Q

/5

Figure 4: node-attribute bipartite graph

Q/ k-hop neighborhood with largest bipartite modularity in the node-attribute bipartite graph
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o Disjoint Community Search: ALICE

ConNet Architecture

— Query. Attention
Stmcture M;-'F Concatenation T —i ]l Wq '__‘
V.- /'ix_ F __] J—} Cross-Attention I Ve L Fgl n 1 |
=r--..& q* 1 Encoder | ‘—+ q ! J;f 0 |
A4 oW
Structure-Attribute e » + () N
— Consistency e MLF o [ ] Value
.'\- \ /1 K‘: _* —
_ B —
a l;g_“‘ I
- Croas-Attentiunl > %
Encoder G.-;ub ’ % GIN ‘T‘
G Attribute . - :
**" Figure 5: Illustration of ConNet Figure 6: Illustration of Cross Attention Encoder

v Query EnCOdil’lg Xq = Hi(ﬂf)WJS’k), X.k = H[ﬂ,k}wés,k}, Xv — H(s,k]WJs,k]

X, Xt
X = SﬂftmaX( =k ), HIE:C_FU — XX-U
dk+1

k1 k
4 Graph Encoding M = MLPO® (14 e®) A 57 v bt

Q/ Lemma: ConNet is as powerful as the 1-WL algorithm.



Disjoint Community Search: TransZero

* Existing non-learning methods:

> k-core based CS model o Label Eree
> k-truss based CS model
> k-ECC based CS model

€) Structure Flexibility

4

* Existing learning-based methods:

E €2 Label Free

& Structure Flexibility

>QD-GNN :> €) Label Free

>COCELP €% Structure Flexibility

4
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2 Disjoint Community Search: TransZero

Our Method
' Offline CSGraph Loss |
:Pre-Training Transformer Function
0 ) / an [l :
T ¢"‘h‘m‘ Weight Personalization Loss | :
oo ...\ | soazaion L |
mlr] v
{jn]me ......................................................
: Search |
: Score 0.1 |- IESG
@ > i Compren —> 0.2 Solver
Query E T 0.4 +
G)—>» - 0.7
OG- ) ooenfl— 0.9
) ®

Data Graph

O, |

Two-stage framework:

Offline pre-training and Online search

Unsupervised community score learning:
Offline pre-training with CSGphormer

& & Online score computation via similarity

Unsupervised community identification:
Identification with Expected Score Gain

& & Local Search && Global Search



o Disjoint Community Search: TransZero

Offline Pre-training: Augmented Subgraph Sampler

DEFINITION 2. (Conductance [6, 46]). Given a graph G(V, E) and
a community C, the conductance of C is defined as:

e(C,0)|
min(dc, dE)

®(G,C) = (1)

where C = V\C is complement of C. e(C,C) is the edges between
nodes in C and nodes in C. dc is the sum of degrees of the nodes in C.

Conductance-based augmented subgraph sampler

K-hop subgraph with lowest conductance value
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Disjoint Community Search: TransZero

Offline Pre-training: CSGphormer

Node-level
| ZZ

i Transformer

! Representation | i Encoder

t P & §
Readout 3 : : A ‘Fccd ‘
Attention-based Readout o A, Forward !
T T T E S Network :
_’GBI
Transformer Encoder A W d:
[ Multi-Head !
e Transformer Encoder @ Attention |
Transformer Encoder b —
A R B " s i
g Tokenize 1 | 5 t l:mbcddlngsE
: frokeno frokent Hroken2 frokens ! : 080 :
k-hop (%o &&%o g}}o%o : Readout :
| ncigtbors O i | Layer ,
: Tk=0 Tk=l Tk=2 Tk=3 :

- [2

E Augmented
i Subgraph

Figure 3: Architecture of CSGphormer

...............................

A — é
P 1ol [© :

...............................

Algorithm 1: Forward Propagation of CSGphormer.

1 Xy «— {Dx,,,

Input: center node v, feature matrix X, adjacent matrix A,
transformer layers L.
Output: The node representation Z{,‘“d‘ and

community-level representation Z5°™ .

lxﬂ! Y Kxﬂ}

2 HIED) — XHW

3
4

5

6

7

oo

10

11

12

// L-layers transformer encoder.
for[=0,---,L—-1do
P « Position Encoding Construction

Hy «H" +P
H{™*Y = MHAN(H)) + HYY
] A Z FENNEED)) + gD

// Readout layer.

Zgude — ﬂHtEL:' s Z5°™ « Zero Tensor
fork=1,---,Kdo
o = —SR(CHFHS) W)
Z, exp((°Hy " [1FH, YW
zeom  zeom 4 g EH:EL]

return Z/1ode zcom




o Disjoint Community Search: TransZero

Online Search: IESG

1 > S
Expected Score Gain:  ESG(S,C, G) = |VC|T( Z Sp — uey ou Vcl)

/ veVe
# of internal nodes

T 1s a hyperparameter to control granularity
Identification with expected score gain

DEFINITION 4. (Identification with Expected Score Gain). Given
a graph G(V,E), the query Vg, the community score S and a profit
function ESG(-), IESG aims to select a community C of G, such that:

(1) Vc contains nodes in Vg, and C is connected; &&
(2) ESG(S, C, G) is maximized among all feasible choices for C.

\ . .
. d h high
The problem of IESG 1s NP-hard ggmerfuj;litty slcgore
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7

Disjoint Community Search: TransZero

Experiment results

Table 4: F1-score results under different settings

Settings Models Texas Cornell Wisconsin Cora  Citeseer Photo DBLP CoCS Physics Reddit | Average +/-
CST 0.1986 0.1975 0.2251 0.2111 0.1423 0.2019 0.2854 0.1252 0.2276 0.1463 -27.12%
EquiTruss 0.3120 0.3168 03079 0.2384 0.2240 0.2166 0.3252 0.1225 0.2471 0.2163 -21.46%
MKECS 0.3581 0.3177 03404 0.2364 0.2015 0.1975 0.2768 0.1152 0.2193 0.2068 -22.03%
Inductive CTC 0.3211 0.3482  0.3327 0.2558 0.2418 0.2626 0.3417 0.1059 0.2511 0.2431 -19.69%
QD-GNN 0.0821 0.0669 0.0683 0.0322 0.0536 0.0018 0.0372 0.0145 OOM OOM -41.50%
COCLEP 0.4044 0.2960 0.1804 03094 0.3058 0.4413 03066 0.4253 0.3389 0.2696 -13.95%
TransZero-LS 0.1801 0.1583 0.2074 0.5467 0.3906 0.5725 0.4407 0.4292 0.5075 0.4879 -7.52%

TransZero-GS 0.4283 0.3716 0.3755 0.5764 0.4535 0.6018 0.4326 0.4374 0.5113 0.4848 -

Transductive QD-GNN 0.6703 0.8408 0.6247 0.5062 0.4726 0.2205 04918 06356 OOM OOM +9.81%
COCLEP 0.4020 0.3167 03206 03685 0.3331 05060 03763 03549 0.4388 0.3270 -9.29%
Hybrid QD-GNN 0.3852 0.3644 0.5956 0.4789 0.4097 0.0833 03902 0499 OOM OOM -5.91%
COCLEP 0.3883 0.3313 0.2938 03615 0.3067 0.4388 0.3733 0.4027 0.4693 0.3071 -10.01%

+ CST, EquiTruss, MKECS, CTC and TransZero have consistent results under three settings as they are label-free. TransZero with Local Search is denoted as TransZero-LS, and
TransZero with Global Search is denoted as TransZero-GS. OOM indicates out-of-memory. The last column presents the average margin compared to TransZero-GS.

& TransZero has an outstanding performance, especially under the inductive

setting.



Graph Query Processing

» Subgraph Isomorphism

« Subgraph Matching

« Subgraph Counting
» Graph Similarity

« Graph Edit Distance
» Community Search

* Disjoint Community Search

* Overlapping Community Search



o Overlapping Community Search

s

Motivation and Application
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(1) Literature Discovery (2) Fraud Detection

1. Efficiently isolate the most relevant publications within huge citation networks.

Lhser Feslback

__________ S | [ Jp—— Ferommender
oL Wah A=

Recommendation
list

(3) Recommender System

2. Accurately detect fraudulent entities hidden in highly imbalanced transactional datasets.

3. Deliver a list of products closely aligned with each user’s interests from extensive catalogues.



82/ Overlapping Community Search

Background

O Nodes is allowed to have multiple
community affiliations. e AR E LD

Simon

Research interest: DB

Cathy "

L]

Research interest: Al E
v L]

L]

L]

Elmer ‘ X .

L]

Research interest: Al4DB o E

O Colors on nodes represent community
label, where nodes have multiple colors
means they belongs to different
communities.

O Each community exhibiting distinct
characteristics such as sizes, levels of
cohesiveness, and attribute patterns.

O Given the same guery node, different
users may seek different communities.



83/ Overlapping Community Search

Existing Solutions and Research Gaps

Algorithm-based; Popular algorithm-based
approaches use different structural constraints,
such as k-core, k-truss, and k-clique (Example(a)).

Machine learning-based: ML-based community
search models are task orientated and identify
communities b% prior knowledge learned from
ground truth labels (Example(D)).

:

]

]

]

]

]

]

]

1 el .

: (a) Identifying communities based on (b) Identifying communities based on

: predefined rules, e.g., 4-cliques overall node similarity.
5 i

1 T T T R A S e e e e T T T LT - 1

! v, o< %ﬁ ! (\,

: Lo ! O) Research Gaps

i v. e - A O ' &_,\

1 L . v e e 1

. R ® .

l O\~ & 9] ! O Both approach failed to isolate a ‘pure’
! m Vg . D ! community according to user specified
- Ve RN - ! requirement.

: X .

]

! (c) Overlapping c_om_m_unity should t!e (d) V\f‘hat about the_intersec_tion. setof ! U User should allow to select multiple targeted
, able to return an individual community various community combinations? 1

_______________________________________________________ ! communities and only search for the

intersect set.
Overlapping Community Search (OCS)



o Overlapping Community Search

Efficient and effective model structure - SMN

Preprocessing Propagation Stage Subspace Embedding

Multichannel Inputs / A
l-l n '
|| L I ©)
L l.l o r
mon nils B
W, € R**¢ S € Ré*¢

.~ | Spatial Loss U

(80,1, €0,25 -+ - aeﬂ,k)

Attention weights [ Classification Loss ] [L1 Penalty Term]

Framework of Simplified Multi-hop Attention Networks (SMN)

Sima, Q. Yu, J., Wang, X., Zhang, W., Zhang, Y., & Lin, X. (2025). Deep overlapping community search via subspace embedding. SIGMOD.



Overlapping Community Search

- Aggregation: Inspired by SGC [2], we removes the non-linear activation functions during aggregation to improve the model
training speed. This simplified model structure reduce the model training complexity to a multilayer perceptron levels, which

significantly increase the model training efficiency. Then, we generate multi-hop features channel during preprocessing stage
such as X, 41X, ... AkX.

Normalization: Removing the self-loop reduces redundancy in message passing and differentiates messages from each hop.

Propagation: Hop-wise attention is adopted to propagate and fuse the embeddings learned from different hops as:

e; = a(W' Ho,W'H;), Vie [0.k] exp (LeakyReLU(ei))

2jefo.k] €XP (LeakYReLU(ef )) .

a; =

- (@'W'Hy+@TW!H,),

K
H=o(W ([, D epw'Hy )
k=0
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s6  Overlapping Community Search

Effectiveness OCS & OCIS

Table 2: SMN performance in overlapping community search

Task Overlapping Community Search, OCS Overlapping Communities Intersection Search, OCIS
- . 1CS D COC  SMN SMN . ICS D COC  SMN SMN

Metric | Model || k-clique CTC  k-core GNN G?\IN LEP Topk cs k-clique CTC  k-core GNN GQNN LEP Topk cs Ave+
FBO 0.2478  0.2588 0.2423 0.7058 0.6710 0.2424 0.7427 0.7630 0.0572 0.0622 0.0551 0.6122 0.5982 0.6667 0.6547 0.7147 | 35%

FB107 0.2781 0.3024 0.2537 0.6835 0.6361 - 0.9035 0.9103 0.0712 0.0829 0.0609 0.5127 0.5760 - 0.7520 0.6520 46%

FB348 0.1543  0.1366 0.1443 0.8041 0.7338 0.6907 0.8517 0.7913 0.0916  0.0949 0.0840 0.7508 0.7316 0.6822 0.8114 0.8031 39%

FB414 0.2882  0.3119 0.2718 0.7941 0.6923 0.7286 0.8745 0.9006 0.0798  0.0907 0.0681 0.4107 0.4813 0.2080 0.7493 0.7533 | 45%

F1 FB686 0.0947  0.0881 0.1013 0.6366 0.6006 0.6512 0.6776 0.7075 0.0691 0.0825 0.0615 0.4077 0.4351 0.4201 0.4958 0.5966 | 32%
ENG 0.0471 0.0529 0.0553 0.6680 0.7422 0.1530 0.8172 0.7618 0.0471 0.0529 0.0553 0.6406 0.6792 0.1659 0.8096 0.7973 52%

CS 0.0395  0.0433 0.0408 0.6187 0.5878 0.1400 0.8301 0.8242 0.0395 0.0433 0.0408 0.6426 0.6472 0.1507 0.7383 0.7504 | 53%

CHEM 0.0594  0.0615 0.0623 05732 0.6151 0.1812 0.8585 0.8487 0.0594  0.0615 0.0623 0.6047 0.6940 0.2199 0.8734 0.8758 | 59%

MED - 0.0503 0.0622 0.6630 0.5704 0.1628 (0.8416 0.8540 - 0.0503 0.0622 0.6760 0.6927 0.1651 0.8405 0.8514 | 53%

FBO 0.1972  0.2115 0.1903 0.5446 0.5049 0.1379 0.5907 0.6168 0.0559 0.0609 0.0538 0.6022 0.5811 0.5172 0.6500 0.7080 | 34%

FB107 0.2386  0.2768 0.2048 0.5192 0.4664 - 0.8783 0.8913 0.0709  0.0827 0.0606 0.5113 0.5760 - 0.7520 0.6520 49%

FB348 0.1116  0.0940 0.1128 0.6724 0.5796 0.5275 0.7417 0.6547 0.0874 0.0924 0.0771 0.6649 0.6447 0.5460 0.7233 0.7157 36%

FB414 0.2538  0.2931 0.2294 0.6585 0.5294 0.5731 0.7769 0.8191 0.0795 0.0903 0.0673 0.3987 0.4680 0.2080 0.7380 0.7420 | 45%

JAC FB686 0.0661  0.0599 0.0728 0.4669 0.4292 0.4828 0.5124 0.5474 | 0.0641 0.0796 0.0554 0.3623 0.4002 0.2793 0.4645 0.5597 | 29%
ENG 0.0260  0.0296 0.0311 0.5015 0.5901 0.0828 0.6908 0.6152 0.0260 0.0296 0.0311 0.6259 0.6634 0.0917 0.7799 0.7659 49%

CS 0.0224  0.0249 0.0233 0.4479 0.4162 0.0753 0.7096 0.7009 0.0224  0.0249 0.0233 0.6124 0.6244 0.0839 0.7101 0.7206 | 51%

CHEM 0.0349  0.0363 0.0369 0.4017 0.4442 0.0996 0.7522 0.7372 0.0349  0.0363 0.0369 0.5744 0.6728 0.1298 0.8403 0.8392 58%

MED - 0.0288 0.0368 0.4959 0.3990 0.0886 0.7266 0.7453 - 0.0288 0.0368 0.6404 0.6472 0.0933 0.7946 0.8054 | 52%

FBO 0.1788  0.1245 0.2069 0.1535 0.2007 0.1029 0.3182 0.2905 0.1788  0.1245 0.2069 0.2117 0.2021 0.1673 0.5212 0.5418 | 25%

FB107 0.3790  0.5479 0.2054 0.1590 0.2794 - 0.6176  0.5937 0.3790  0.5479 0.2054 0.1554 0.2043 - 0.6395 0.6197 31%

FB348 0.3338  0.4700 0.3321 0.4626 0.4155 0.2345 0.5301 0.6550 0.3338 03380 0.3321 0.2023 0.1760 0.0771 0.3829 0.3582 17%

FB414 0.3695  0.4281 04250 0.4449 0.3914 0.3189 0.5669 0.6186 0.3695 0.4281 0.4250 0.3529 04286 0.1375 0.6318 0.6325 | 24%

NMI FB686 0.2862  0.2790 0.2225 0.2047 0.2864 0.1773 0.4040 0.3777 0.2862 0.2790 0.2225 0.2474 0.2662 0.2608 0.4723 0.4495 17%
ENG 0.0424  0.0545 0.0687 0.3201 0.4550 0.0325 0.5803 0.4810 0.0424  0.0545 0.0687 0.3094 0.4986 0.0333 0.7696 0.7590 48%

Cs - 0.0377 - 0.2936 0.2983 0.0097 0.5954 0.6033 - 0.0377 - 0.2985 0.4734 0.0047 0.6891 0.7043 | 47%

CHEM 0.0393  0.0396 0.0411 0.2745 0.2961 0.0297 0.6546 0.6405 0.0393 0.0396 0.0411 0.2636 0.4930 0.0107 0.7028 0.6896 | 54%

MED - 0.0556 0.0430 0.3916 0.2744 0.0746 0.6419 0.6726 - 0.0556 0.0430 0.3806 0.4606 0.0303 0.6728 0.6876 | 49%




UNIVERSITY
OF TECHNOLOGY
SYDNEY

¢:§-I¢

Vi.DE202

WELCOME TO LONDON

T

Machine Learning for Graph Data Management
and Query Processing

Graph Data Management

Speaker:
Hanchen Wang

Lecturer & ARC DECRA Fellow
Australian Artificial Intelligence Institute,
University of Technology Sydney

Contributors: Hanchen Wang, Ying Zhang and Wenjie Zhang



Graph Data Management

» Graph Data Quality Management
« Data Quality Assessment
« Data Quality Enhancement

» Graph Generation

« Learning-based Graph Generation

* Function-driven Graph Generation
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89 Introduction: Knowledge Graphs (KGs)

ya
o Structured, Multi-relational

o G=1{&R,F} ATriple > (Head Entity, Relation, Tail Entity)
(h,r,t) €F hte& reR

o e.g. (Eiffel Tower, is_located in, Paris)

A0\€ Loy, ’
?
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_____________
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Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).



Knowledge 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.

Intrinsic Contextual

accuracy, consistency., relevancy. trustworthiness.

completeness, timeliness, diversity. quantity

redundancy

Data Quality

- Dimensions
understandability

availability, security,
versatility, conciseness.
licensing. interlinking
interpretability

Representation Accessibility

>

Data
Generation

Information Data . L
> Extraction >> Integration >> Analysis >> Apphcahon>
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o1 Challenges for KG Error: Diverse Error Types

s

@® Missing Entity

@ Wrong Relation
(3 Missing Relation
@ Entity Confusion

Unknown Types - Unavailable Labeled errors

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).



KG Error Detection

Problem Statement

Given a knowledge graph G with potential errors
The proposed framework could learn a confidence score for each triple

Detecting errors by ranking all the scores

« How to design an augmentation mechanism for KGs?

- How to design a tailored encoder for KGs ?

Zhang, Q., Dong, J., Duan, K., Huang, X, Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).
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93 ContrAstive Knowledge Graph Error Detection (CAGED)

s

CAGED Model
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Trlples as Nodes
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via sim(Z4, x4)
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O, ©)

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).

,
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94 Augmentation Rules

s

» Augmentation rules are used to generate two views of KG in triple-level.

Normal triples Abnormal triples
X XA
2N 1 Consistency i Inconsistency
HOLLYWOOD

Z
117 g

@

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).



7
55 Augmentation Rules

s

h t h t h t h"  t h t h t
—_— — < — — —
View I BJ Gl
View II B] B

ot
6

View II

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).
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96 EaGNN Encoder

i
Error-aware Knowledge Graph Neural Network

. . - —__—_ —_ - - - V- == = = = = =~
Final representations/ | ] " ( ]
of triple x4 / 24 1 t |
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Attention weights | ? I :
| ~sessiesacess — ST T T leeese TYrORN
s s 1L \
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5 5 ) 0000 ©000 0000 SO 0000 0000 0000
@ner )
A I N
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1- : | ! | ! . N et ot
B i i LN i
. L f f f f U
Trainable vectors | g @ Y ) Y C o0 Py o0 |
of triple A \ ) _ y,
(enepe) S TopleA o Trplel _
Error-aware Layer: | ]I
‘;::::::::::::l
Local Information Modeling Layer: | |

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).
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57 EaGNN Attention Layer

s

» A tailored encoder is required to alleviate the impact of errors.

neighbors of q; - {q1,q>, ..., 4.}

Final rgpresentations(/ T ———————— ]— I _[— 1000000000 ]_ \\
oftriple x4 / z4 | t 1 |
Attention Coefficient Attention weights | GF ﬁB |
yd N AL LI I I T COR R DT DR
A — h'Cr
= AWa: Wa: {\hv/———l——'—\v ———————— —/:———]———\—4
a q;, W q s 5 1 | o000 e0e® ooee Ca e0ee o000 o000
tj 1 ) (8n &, &) |
S T A I R
| _ sasne | Bl e N
Attentional Function I- : | I | W e @
e e | o6 oo oo . oo oo oo |
of triple _ _ y;
eXp(afij) (en er,er) ~_ _ TupleA —~ Tdiplel  _

ajj = (Softmax Function)

k=1 €xp(ir)

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).
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58 EaGNN Attention Layer

Y
» A tailored encoder is required to alleviate the impact of errors.

aij, Ajj= |
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Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).
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99 Joint Optimization

7
» Translational Loss with Negative Sampling

E(h,r,t) = |len, + €, — €5

Lirans = Z Z maX(O,fy—i—E(h,r,t)—E(3,7’*,%)
(h,?",t)eg (il,’f‘,f)egA
» Contrastive Loss

exp (sim (x;,2;) /7)
Zje{l,Q,...,N}\{z‘} exp (sim (x;, z;) /7)

Xi Zj

Sim(xi, Zi) = ECOH(Xia Zi) — log

|x;| |z;]

Zhang, Q., Dong, J., Duan, K., Huang, X., Liu, Y., & Xu, L. (2022, October). Contrastive knowledge graph error detection. In Proceedings of the 31st ACM International Conference on Information & Knowledge
Management (pp. 2590-2599).



Graph Data Management

» Graph Data Quality Management
« Data Quality Assessment
- Data Quality Enhancement

» Graph Generation

« Learning-based Graph Generation

* Function-driven Graph Generation
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101 Missing Data Imputation
/

Problem Definition

Presidential information Presidential information

Birth

Name |Nation|Birth| Age | Place of birth && Name |Nation|Birth| Age | Place of birth
Age

Obama | USA | 1961 | ? Hawaii > | Obama | USA | 1961 | 62 Hawaii
Nation

Trump | USA [1946] 77 New York && Trump | USA |1946 | 77 New York

Place of birth
Biden ? 11942 | 81 | Pennsylvania — —>| Biden | USA [1942| 81 | Pennsylvania
Putin |Russia| 1952 | 71 [Saint Petersburg Putin [Russia| 1952 | 71 [Saint Petersburg

Xig| Xi2| Xi3| 2 | Xis 1] 1]11]0 1 Xi1| X12| X3 | Xya| Xis Xi1| X12| Xi3| Kya| X1s

le ? xlg .?CM ng 1 0 1 1 1 x;_:i xzz x;gg x24 .?ng le x22 x23 x24 x25

? x32 xaa ? x35 0 1 1 0 1 x31 xaz x33 x34 x35 x31 xsz xsa x34 xss

Data Matrix X Mask Matrix M Imputed Matrix X  Intermediate Matrix X
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102 Missing Data Imputation

s

Motivation
Generator Optimizer < Discriminator o1 [ Projection N\
Loss Loss : Sampler > layae |~ I
1 1 R 31| 232
T11| 212 T11 | 212 g T ?’ T51 | T52 T l
T [N T21 |E22 | m : | @31 | 32 [=» Imputer Weights Trzgsport
|  ER . 0SS
T31|T32 (= | % > 31| T30 =P ‘ : ‘ ’ o
// 31| 32 ' | ] | : T4 | Tq2 T Eyp 1 T
<] M Sampler T3 |®32)__ Projection _, |
T51 | T52 T51 | T2 - a1 | 240 Layer
Generator Discriminator -
(a) VGAIN (b) TDM

8 Heavily rely on the global distribution

8 Deploy a sophisticated deep learning (DL) model
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103 Missing Data Imputation

Y
Our Method Uncertainty
Retrieval NNGPI based
;= Calibration
Ty =)

31

. \ ;.ancertaimy
A X\ l .

» ':‘ 1 -> { }
(‘f 77 Prediction |

Z41

51

A Toy

* Framework design-NOMI
Q/ Neural Network Gaussian Process Imputator (NNGPI)

Q/ Retrieval Module and Uncertainty-based Calibration
* Theoretical foundation

Q/" NOMI can be reformulated as an instance of the EM algorithm
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s

Retrieval Module

Q//" Similarity computation
1 1

Lz (xi,xj) \/Z}Ll (xip — xfrrJE

S (I;\.‘k"}) =

v Select top-k similar neighbors
idx = top_rank (S (x;, X), K)

Q/ Input construction

x; = x;|[{SN (x5, x;) X x5,V € idx}
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105 Missing Data Imputation

s

Neural Gaussian Network Imputation

v' L'layer neural network / number of neurons in layer [
Pl
I I | ol
gf(X') = bi -+ Z Wijf:f (I)
j=1
! . [-1
f} (x)/—@f’(gj (x))

the non-linearity function

-1 f'l
= x . - .
Q/ Assume that 9j (%) represents a Gaussian Process, thus 7 Jj () is also a GP.

! I
Q/ 9 (x) 1s a summation of 1.1.d. terms. According to the Central Limit Theorem, 9; (x)

approach a Gaussian distribution when PI grows towards 1nfinity.
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106 Missing Data Imputation _ _
Algorithm 1: The Forward Propagation of NOML

/ .. . . Input: The test sample x,, training dataset {X, T}, neighbor
Traini ng ObjECtlves set size K, threshold r. Batch size ng.
Output: The imputation x,
1 Initialize the missing value in x,

e

{Xp, Tg} < Randomly select from {X, T} with size ng
while True do

// Retrieval phase.

1 for xj € Xg U x, do

5 L idx = top_rank (S (x;, X),K)

w

xi = xi|[{SN (xi,xj) X x;,Vj € idx}
// Imputation by NNGPI.
7 forl=1,---,L do

1 n 8 for xp, xleB Ux. do
— E 2 0 K (xp,24) =
L (X! T) - n ((g (xl) tl) ) 0% Fy (K '(xp.x{ LKA, 500,00 (e x))
1
0 | Hy, =Ky . (Kxgxs +051) " g(Xp)

1 'Kx. =Ko x. — ’K;B‘x.(’KXB.XB + Ugj)-l'KXB.x.
// Uncertainty based calibration.

& t.{m} _L)t{m l} I‘x-
13 Xo= t{m}
// Termination Check.
" if T(r < r then
15 [_ Break

16 return x,
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107 Missing Data Imputation

Experiments
Table 2. Statistics of the datasets

Dataset | # of data sample | # numerical | # categorical
Wine 178 13 1
Heart 303 7 7
Breast 699 9 1
Car 1,728 0 7
Wireless 2,000 7 1
Abalone 4,177 8 0
Turkiye 5,820 0 33
Letter 20,000 0 16
Chess 28,056 0 7
Shuttle 43,500 0 10
Retail 1,067,371 5 1
WISDM 15,630,426 3 2

e Metric

Zf:l i1 (1 = myj) (xij — Xi5)?
N Dy (1= my) |xij — %

Z?:l Z?:l(l — m;j)

RMSE(X,X) = J

MAE(X, X) =

* Missing Mechanism
Q‘/ MCAR P(M|X) = P(M|X°, X™) = P(M)

P(J".”_XH.XI”) — P(ﬂ”){”)
P(MIX°, X™) = P(M|X™)
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Experiments

il
il 'ul T Cgh o (TN

RMSE
L,
'—-
=

o

_
_
|_—
'_-
_
'—
——
'I—T_

Datasets

b
i b dai
LY b . 1 Y
| [] 1] »

Flg 3. Results of missing data [mputatmn (20% MCAR)

MAE

s s
5§ =
| -
_

W NOMI reduces the imputation RMSE, by 24.58% and 56.64% compared to VGAIN and TDM
W NOMI reduces the imputation MAE, by 25.14% and 37.16% compared to VGAIN and TDM
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On LLM-enhanced mixed-type data imputation with high-order message passing
Problem Definition

* Mixed-type Missing Data Imputation

Aims to impute the nimobserved elements in the raw data, i.e.. “miss | and make
the imputed matrix X as close to the real complete dataset X as possible. The
raw data matrix X may contain numerical, categorical and text data.

Name Nation Term
44
46

Obama
?

Putin

The Name of the
president is Biden

4

I I

Trump 45

Incomplete Datasets Models Imputation
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Background and Motivations

 Existing learning-based methods and rule-based methods:

>MICE

>GAIN / VGAIN :>
>GRAPE / IGRM

>TDM, ReMasker and so on

» Existing LLM-based methods:

>DFMs >

>Table-GPT / Jellyfish

@ Num. and Cate data

@ Text data

4

2

:> @ Num. and Cate data

@ Num. and Cate data

@ Text data

4

w
Id

@ Text data
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Motivation 1: Global-Local Information

. . Name ation erm

sy, he name of the president is relevant not Obams N-Ez | S

& only to their nation and term but also to ? ]
= the sequential relationship of terms. T

Theorem 3.1: Consider two imputation models, 09*! and 6!, where
g9+l captures both global and local information in the latent space,

and 6! captures only the local information. Assuming that interactions
of global and local information are independent, then we have:

V(09" Xmiss) < ¥(0!, Xpmiss),

indicating that a model capable of capturing both global and local
information achieves a lower imputation error.
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g
Motivation 2: High-order Relationship

MName Mation Term

@ Neither the nation nor the term alone is Obama | B | 44
: - ? | E= | 4

N2/  sufficient to fully determine the Name. e T wm |
Trump .E§ 45

Theorem 3.2: Consider two imputation models, olor] gnd 9[0:5],
where 0107] captures interactions up to order r in the latent space,
and 010 captures interactions up to orders, withr > s. We have

T(S[O:r] » Xmiss) < ‘P(@ [0:5] > Xmiss),

indicating that the model capable of capturing higher-order interac-
tions exhibits a lower imputation error.
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Motivation 3: Inter-column Heterogeneity and Intra-Column Homogeneity
MName Mation Term
ZEN The name is text data and the nation 1s Obama | BE | 44
2 - T [
. categorical data. Furthermore, the name i o |
format remains consistent across rows. Tump | B= | 45

Theorem 3.3: Consider two imputation models, 0P and 6, where P
captures the column patterns including intra-column heterogeneity
and intra-column homogeneity, while 0 does not. Then, we have:

T(Scps Xmiss) < T(H, Xmiss),

indicating that model 0°P capturing the column patterns achieves a
lower imputation error.
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Y
Our Method: UnIMP

Constructed Hypergraph

Chunking && | cell-oriented hypergraphs BiHMP adaptor tggeged  XFusin
progressive mas A [ = Fodes-Hyperedgs Hypersige-so-Hode e Projection head
i == L>olos |
'-_u'.:;;.[muuj = *g-}_—"=-'>
! 1 | r = 46
Putis - 4 L — - E:I
Tume | B | 45 | |._J u u - >
* Feature Encodin T
Mase aron Texm g
) P LLM backbo -
[ Cen | W | 4 | - ] = LLM-generated
] r @ =TT ;A.Thr =l L feature lL
Mame  Magon  Tem ':::" Teem ";:"&‘:’:‘ o '=D' |
Potls [ 4 b = I'akmiu'r » ﬂl_.' :=L> E "'“'-'U
T BT Serialization :
?h m Incmmn-n:&l:tc
.| Cell-Oriented Hypergraph Modeling: . Bidirectional Hi gh-order Message Passing:

Serialization and Tokenization Node-to-Hyperedge and Hyperedge-to-Node

and Propagation of LLM backbone
pas D XFusion Block and Projection Head
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Our Method: Cell-Oriented Hypergraph

Given a tabular dataset X with n samples, each containing d

features, we construct a hypergraph HG(V, &) as follows:

e For each cell x;; € X, we create a corresponding node v;4, € V,
where idx =i +d+ j.

e For nodes in the same column (i.e., nodes corresponding to
{x0j,x1j," - }), we construct a hyperedge e; € &.

e Similarly, nodes in the same row (i.e., nodes corresponding to
{xi0, xi1, - - - }) form a hyperedge e;,; € &.

Name | | Term

Nation ‘]{]
J B ,
Obama | == 44 F g 0
?2 E= | 6 | )
Putin | D 4 ? = 4
Trump L= 45 { | J
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Our Method: Feature Encoding

Attribute-Value Serialization

ow 1. The Nation of the
president: USA. The
I.:{} Term of the president: 46,

The Name=>;

Serialization

Row i, col_name=>{node data} EOS ?in

This is row (or col): i (or col name) EOS

Tokenization

{to, 1, - -, ts} = tokenizer(prompt-text)

Propagation of LLM backbone

Zp - {24, 24, -, 2;. } = LLM-backbone(ty, t1, - - -

Incomplete
sample

Tokenmzer
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7
Our Method: Bidirectional High-order Message Passing

4 Node-to-Hyperedge Hyperedge-to-Node )

i

=
=

S>§

{ )

W\
J

=i

Node- to Hyperedge Hyperedge-to-Node
= e U 241 = o (£ (conear [, 21, ., |))

ol = CONCAT (z, . zg;""
o (fz ( ( - ))) & Updates node representations.
v, Update the representation of hyperedge.
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Evaluation: Accuracy Over Numerical and Categorical Data

Table 4: Results of missing data imputation (20% MCAR)

RMSE MAE
Model Blogger Zoo Parkinsons Bike Chess  Shuttle  Power  Improve®  Blogger Zoo Parkinsons Bike Chess  Shuttle  Power  Improve®
MEAN 0.4315 0.4260 0.2062 0.223%  0.3079 0.0914 00869 45.22% 0.3631 0.3663 0.1473% 0.1561 0.2584 0.0467 0.0559 57.24%
KNNI 0.4417 0.2749 0.1891 0.2023  0.3246 0.0456 00T 35.75% 0.3337 0.1473 0.1207 01277  0.2606 0.0192 ooT 41.33%
MICE 0.4134 0.2645 0.1263 0.179% 02966  0.0426  0.0650 28.27% 0.36035 0.1731 0.0667 0.1097  0.2453  0.0131 0.0370 36.49%
VGAIN 04316 0.4114 0.1913 02219 02797 00786 00811 42 48% 0.3643 0.1891 0.1156 01363 0.2537 0.0352 0.050% 48.88%
TDM 0.4384 0.2949 0.1862 0.2444  0.3027 0.0769 0.0926 41 48% 0.3229 0.1490 0.0830 0.1499  0.2345 0.0350 00600 42.96%
GINN 0.4657 0.2761 0. 1466 0.1641 0.2911 0.0734 O0M 3241% 0.3444 0.1445 0.0884 0.0921 0.2339 00434 O0OM 36.97%
GRAPE 0.4304 0.3211 0.1064 0.1481 02749  0.0242 OOM 20.89% 0.3151 0.1605 0.0535 0.079% 02200  0.0073 O0OM 21.39%
IGRM 0.4551 0.3063 0. 1035 OOM DOM DOM O0OM 12.11% 0.3423 0.1621 0.0497 OO DOM O0OM O0OM B.T74%
DFMs 0.4413 0.4445 0.2412 0.2483 00T ooT ooT 41.53% 0.3676 0.2934 0.1647 0.1529 00T ooT 0oT 49 81%
Table-GPT 0.4237 0.4315 0.2246 0.2547 00T ooT 00T 30.91% 0.3572 0.2713 0.1761 0.1442 00T ooT 0oT 48997
Jellyfish 0.4133 0.4177 0.2127 0.1935 ooT 00T ooT 36.43% 0.3557 0.2719 0.1548 0.1478 ooT ooT ooT 47.38%
NOMI 04112 0.2576 0.1322 01582 03042 0.0237 0.0731 28.32% 0.3102 0.1442 00710 0.0740 02298 0.0071 0.0463 30.86%
ReMasker 0.4068 0.3309 0.1508 01277 0.2662 01111 ooT 2061% 0.3293 0.1807 0.0995 0.0655 0.2113 0.0545 00T 35.36%
UnIMP 0.4171 0.2979 0.1407 01730 0.2628 0.0398 0.0485 25.84% 0.3384 0.1822 0.0966 0.1121 0.2050 0.0238 0.0256 36.08%
UnIMP-ft 0.3972 0.2474 0.0990 0.1172 0.2142 0.0134 0.0425 - 0.3082 0.1428 0.0475 0.0602  0.1438 0.0040 0.0225 -

* Red text indicates the best result. Blue text indicates the second best result. 'OO0T" indicates out of time (with a limit of 10 hours). 'OOM’ indicates out of memory.

(V) These results highlight the excellence of UnIMP and UnIMP-ft in imputing numerical and
categorical data.
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Evaluation: Accuracy Over Text Data

Table 5: Results of imputation over text data

ROUGE-1p, Cos-Sim
Model Buy  Restaurant Walmart  Buy  Restaurant Walmart
DFMs 0.1535 0.0822 0.1420 0.8251 0.7609 0.7943
Table-GPT 0.1784 0.1398 0.1344 0.8345 0.8137 0.8254
Jellfish 0.2153 0.1675 0.2067 0.8418 0.8145 0.778
UnIMP 0.3327 0.4017 0.5594 0.8610 0.8774 0.9025
UnIMP-ft  0.4273 0.4326 0.5931 0.8892 0.8923 0.9177

@ Both UnIMP and UnIMP-ft outperform previous LLM-based methods consistently.



Graph Data Management

» Graph Data Quality Management
« Data Quality Assessment
« Data Quality Enhancement

» Graph Generation

 Learning-based Graph Generation

* Function-driven Graph Generation



Graph Data Generation

Definition of Graph Generation

Given a set of observed graphs {G}, graph generation aims to construct a generative model pg (G)
to capture the distribution of these graphs, from which new graphs can be sampled G ~ pe (G) .
The generation process can be conditioned on additional information s, i.e., conditional graph
generation G ~ pg (G|s) to apply specific constraints on the graph generation results.
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Decomposing Graph Generation into Recursive Expansion:

111]0 TSR
111 :> KKK :>
Of1]° 0 | K K,
K, Ko = K1 ® K,
3x3 9x9

81 x 81 adjacency matrix
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Decomposing Graph Generation into Recursive Expansion:

Kronecker product of matrices A and B is

given by
a.-LlB (1.»1.2B ¢ oo (1.-1_mB
. a..g.lB a.Q‘QB .« aa a.-;g..-,T-?.,B
C=A®B= . L .
NxM KxL

a-'n._lB a-"n,.QB R a-'-n,.-'m.B
N*K x M*L
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Decomposing Graph Generation into Recursive Expansion:

Kronecker graph: a growing

sequence of graphs by iterating

the Kronecker product:

KM= Kn= Ki® K| ®...K;
————

m t(imes

— Km-1 2 Ky
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Y
5 5 _ 5
10 LI lllllll | [P | lll"lReél lglrgﬁﬂ | D P B 3 | 10 LI Illlll | 7R GH | '”"Re'allglrIéBH 1 ol LILRAL - 10
100 B Kronecker —a— 10* Kronecker —a— 10*
3 L8 m-. E
€ 10° - y = 10° - 10°
~ - L\ 3 -
S| S 102 S 102
10" 10° 10"
10° 10° 0 1 = 3 10° 0 1 A T
10° 10’ 10 10° 10° 10 10 10° 10 10 10 10 10° 10 10 10
In-degree, k Out-degree, k Node tniangle participation

(a) In-Degree

(b) Out-degree

(c) Triangle participation
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Decomposing Graph Generation into two RNNs:

» Graph-level: generates sequence of nodes

» Edge-level: generates sequence of edges for each new node

h,

©_

ﬁi_
|

l —

13

%i_@)_

[ 1]

I

l
0
1
1

:
7

|
(]

l
0
0
1
1

S5

hy hs
© O—3
LT

Sample + Edge-level RNN

—

Graph-level RNN
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Train

Baselines GraphRNN

Visualization of input graphs and generated graphs

Community

You, Jiaxuan, et al. "Graphrnn: Generating realistic graphs with deep auto-regressive models." International conference on machine learning. PMLR, 2018.



7
/128 Autoregressive: GraphRNN

Quantitative Comparison on Generative Performance

Table 1. Comparison of GraphRNN to traditional graph generative models using MMD. (max(|V'|), max(|E|)) of each dataset is shown.

Community (160,1945) Ego (399,1071) Grid (361,684) Protein (500,1575)

Deg. Clus. Orbit Deg. Clus. Orbit Deg. Clus. Orbit Deg. Clus. Orbit
E-R 0.021 1.243 0.049 0508 1.288 0.232 1.011 0.018 0900 0.145 1.779 1.135
B-A 0268 0.322 0.047 0.275 0973 0.095 1860 O 0.720 1401 1.706 0.920
Kronecker 0259 1.685 0.069 0.108 0975 0.052 1.074 0.008 0.080 0.084 0441 0.288
MMSB 0.166 1.59 0.054 0304 0245 0.048 1.881 0.131 1239 0236 0495 0.775

GraphRNN-S  0.055 0.016 0.041 0.090 0.006 0.043 0.029 10~° 0.011 0.057 0.102 0.037
GraphRNN 0.014 0.002 0.039 0.077 0316 0030 10°° 0 107*  0.034 0935 0.217




Random Walk: NetGAN

Explicit vs. implicit models

* Explicit models have a parametric specification * Implicit models define a stochastic process
of the data distribution that directly generates data
* Observe patterns and manually specify a model e Likelihood free: learn by comparison with the
to capture them true data distribution (e.g. class probability
* Learnvia MLE, ... estimation, GANSs)
_ . p’
L =logp(X|60) o L=—
e de

fo

e

true data
distribution




Random Walk: NetGAN

Challenges

1. Single large graph as input

e Compared to e.g. many images in computer vision

2. Quadratic scaling and sparsity
e For N nodes there are N? possible edges
e Real graphs have | E| « N? significantly fewer edges

3. Discrete output samples
e Can’t easily backpropagate through sampling step

4. Permutation invariance
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Decomposing Graph Generation into learning a distribution of random walks over the graph

s




Random Walk: NetGAN

No gradients

Generator (| © | sample § $sample
T

Illm
—| Critic Wasserstein GAN oTL J
© I ol ) )
Gl'aph 1==*=-= ) —bCU f'\_,Cl_....
I I
LT S
1 I — h r>»>h,—
: : Dreal Dfake 0 !

Random ﬂ@_,_
walk

Model Framework Generator



Random Walk: NetGAN

0|0 |24 0 oo |10
0|0 |11 3 oo |10
Generator - CrcL (\}’Q ﬂ’ 29 | 7 0 | 18 ﬂple’ 1 1 0 1
00|14 0 oo |10
sum of transition adjacency matrix
counts

Graph assembly: sample edges with probability proportional to their transition counts
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Key point: Generate graphs that have similar structure but are not replicas

Original graph

Graph generated by NetGAN

Number of nodes

-
o
N

=
o
[

=
o
o

2 e Citeseer
X x  NetGAN
¢
é
¥
®
(2]
% ]
z.‘. .
X @0
» [z 3 ® XX
100 10! 102
Degree

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.
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€ Motivation
O Community Structure, as the main character of graph data, existing graph
generation solutions cannot handle this property.
O Existing autoregressive and random walk-based solutions are not efficient.

o — — i —— et

Prior @ "Fake Random! ® ' Generated
 — —_— —
Distribution Generator Walks Graphs

@4

Observed | @ Real Random| @ . . .
Graphs alks Discriminator gan




Beyond NetGAN: Community Preserving GAN

4 Contribution
O Community preserving graph generator: CPVAE-GAN (CPGAN)
O Community-preserving graph encoder: Ladder Encoder
O deprecate random walk sampling, leveraging autoencoder, which is efficient.

Original Graph CPVAE-GAN

o
Lori in
Ladder g

— R —
Encoder S

Lrec

Lgenerate

Reconstructed Graph

X
’ K/
A
/> ./‘l >
H (22 qcp(Zvae|Zrec)
\'/ Node Decoding Link Prediction
Zvae [ ]

hy-1 |
Generated Graph l H
(k)
Samples Po(AreclZyae) Zyae » GRU » FNN ——»
hy, | Inner product
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7
€ Experimental Results

Citeseer Pubmed PPI 3D Point Cloud Facebook Google

Graph

NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2)

SBM 19.7409 1940.1 44402 03401 11.3407 12401 37.04+13 114407 145420 21403 244409 13404
DCSBM  27.14+08 1.740.1 189402 0340.1 18.640.8 1.8403 373414 11.540.8 17.5+15 19403 294406 57405
BTER 273407  1.840.1 191402 03401 190407 1.72£0.1 38.14+1.2 12.140.8 179412 21402 303407 58405

MMSB 267409 44410 OOM OOM 154406 08404 7.14+04 13403 OOM OOM OOM OOM
VGAE 63.0404 29.041.5 42.0+03 150404 504406 40.0+£12 57.0408 82411 OOM OOM OOM OOM
Graphite  62.840.7 282+2.1 43.01+05 151404 523+0.8 334419 588404 132403 OOM OOM OOM OOM
SBMGNN 62.6+0.5 21.54+1.0 393405 14.1405 569404 31.04+1.6 592409 1594+1.1 OOM OOM OOM OOM
NetGAN 57.9405 20.1+03 OOM OOM 552405 302403 67.4+09 378426 OOM OOM OOM OOM

CPGAN  725+04 443415 458409 341+1.1 57.04+0.7 442413 70.6£0.6 39.9+1.4 54.74+1.0 284+1.6 38.7+0.5 30.840.5

Performance on Community-preserving graph generation

#Nodes | 0.1k | 1k | 10K | 100k

E-R 4.6e7* | 9.0e7® | 046 10.1
#Nodes | 0.1k | 1k | 10k | 100k B-A 10e™® | 12e7* | 0.11 1.17

Chung-Lu 7.2e” 2.5e” 0.18 2.38
MMSB 0.11 0.91 40.3 = SBM 6.1e7> | 0.09 2.58 37.1
Kronecker 1.39 1:55 3.25 4.73 DCSBM 6.2¢73 0.09 2.69 39.3
GraphRNN-S | 1.63 15.4 161 - BTER 1.28¢7% | 1.9¢7* | 0.16 0.25
VGAE 0.06 0.42 9.75 - MMSB 6.1¢7 | 0.09 2.56 -
Graphite 0.07 0.47 10.6 - Kronecker 85¢% | 0.08 1.00 9.69
SBMGNN 0.08 0.63 12.4 - GraphRNN-S | 0.27 4.74 63.6 -
NetGAN 0.27 2.80 31.1 2 VGAE 42e¢7% | 0.04 0.38
CondGEN-R | 0.18 253 . ) Graphite 6.1e”® | 0.06 0.64
CPGAN 0.35 0.70 6.39 32.9 SBMGNN [ 001 | 0.l 1.13

NetGAN 8.7¢7% | 0.09 1.12

CondGEN-R | 83e~2 | 0.15 - .

CPGAN 9.1e7% | 0.08 0.95 86.1

Comparison on training time
Comparison on infernece time
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Diffusion models: Two major processes.

* Forward process transforms data into noise.
* Generative process learns to transform the noise back into data.

Forward SDE
0x = f(x,t)ot + o(t)dw

DDPM

Xe =1—= Bt X +\/E_'Zt'zt~N(0rI)

NCSN _
Xt =Xe—1 + |0F —0fy 2, 2e ~ N (0, 1)

Data
Noise

Xt+1

Reverse SDE
ox = [f(x,t) — a(t)? -V, og p,(x)]0t + o (t)0&

DDPM
Xe—y = po(Xe, t) + /Bt - 21, 2o ~ N(0,1)

NCSN Annealed Langevin dynamics

Croitoru, Florinel-Alin, et al. "Diffusion models in vision: A survey." IEEE Transactions on Pattern Analysis and Machine Intelligence 45.9 (2023): 10850-10869.
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Diffusion model for graph generation: Motivation

* Motivation for discrete diffusion: no need to predict continuous values that do
not exist in the data + do not break sparsity

* Adding noise = sampling node or edge types from a categorical distribution.

 No edge = one particular edge type.

* The noise is sampled independently on each node and edge.

T Gt f:—l G

of/. o’ o «— @ :o... ‘ro
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Diffusion model for graph generation.

 Forward process adds noise using Markov transition matrix QF.
* Generative process learns to transform the noise back into data. A discrete

Gt~ lis sampled from the learned categorical distribution.
* Graph generation becomes a sequence of node and edge classification
tasks.

T CT Qt t—1 (;

G
PN IR USRS
% o IC. o
ross-entropy

Gi‘ lcvt (:k I
N «"pe L
> @ AB C

! 11
$olG) s (GG




Graph Data Management

» Graph Data Quality Management
« Data Quality Assessment
« Data Quality Enhancement

» Graph Generation

« Learning-based Graph Generation

* Function-driven Graph Generation



Molecular Graph Generation: applications

Drug Discovery: finding molecules with desired chemical properties.

A good drug needs to satisfy multiple objectives:

Non-toxic
Good
Drug

Easy to
synthesize

Cures
diseases

 The scale of potential drug-like molecules: 1033~106°Y
* The scale of existing chemical database: 10°

.""-—._ /O X
/.-\ ner t P \N
o—q—e Generate iy . \ )
."'—-..._——"'. (0] " N
o= _—e 2N
._-—""'. O & “, N
o HO OH
Generative r%
Model

Molecule
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Representation of molecular graphs: graphs

The caffeine molecule

chemical name: 1, 3, 7-trimethylxanthine
chemical formula: CgH1gN4O2

Nodes: Atoms

Edges: Chemical bonds between atoms

C — carbon atom

H — hydrogen atom
N — nitrogen atom

O — oxygen atom
CH3 — methyl radical

Edwards, Carl, Qingyun Wang, and Heng Ji. "Language+ molecules." ACL: Tutorial Abstracts. 2024.
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Goal of Molecule Graph Generation

Generating realistic, novel and unique molecules with
desired property.

e.g. drug-likeness, octanol-water partition coefficient
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GraphAF: a Flow-based Autoregressive Model for Molecular Graph Generation

Key ldea

e Decompose molecular
graphs into sequences

e Use autoregressive
flows to model the
sequences

&1 €2
: 1
©
V © ¥ > ©
1 2
€21-+] [3
T
-===* Noise from N(0, 1) ©

© Node: Atom
— Edge: Single bond
——— Edge: Double bond
............. Edge: No bond

Affine Transformation for Node Generation

EEE—
= Affine Transformation for Edge Generation
1

Sampling / Training Order




Molecular Graph Generation: Models

GraphAF: Model Framework

GCN T | &

MLP, MLP, t
o Z2 — Vi 1 y1 argmax
, =
ﬁg ..........
_ B v§
£3 _,ly l e




Molecular Graph Generation: Models

GraphAF: Goal-Directed Molecule Generation with RL

For drug discovery, we also want model to be able to optimize
the chemical properties of generated molecule.

e State: current sub-graph.

e Policy: autoregressive flow to generate node/edge based on
current subgraph.

e Reward: intermediate reward and final reward
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7
RGFN: Synthesizable Molecular Generation Using GFlowNets: Why FlowNet?

Generative Flow Networks (GFlowNets) are a relatively new family of generative models.

Goal: generating high reward, diverse samples in an amortized manner. All crucial in drug discovery!

Shortcomings of the existing methods:
MCMC - lack of amortization,
RL - mean-seeking behaviour; mode collapse.

How to do it? On high level: ensure that the probability of generating a sample is proportional to its reward:
p(x) ~ R(x). This can be done by training a sampling policy rt(x) (a machine learning model).
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7
GFlowNet for Molecule Design

O@ CH, Reward
OH

0}

Naproxen

.“
NiaReSel O

Ketoprofen

Reward

CH,
HyC CHy
OH
0

Ibuprofen /

'3'@_«(«‘ Reward

Reward

Key ingredients of GFlowNets:

State = current molecule

Action space = fragments to add
Reward function = property of
interest

How do we ensure molecules
are synthesizable?
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GFlowNet for Molecule Design

The goal: constrain the searchable space to highly
synthesizable compounds.

(while increasing the search space size as much as possible!)

Drug-like
molecules

Synthesizable
space

Current
libraries
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Antibody generation

Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures." NeurlPS (2022): 9754-9767.

(a)

Heavy Chain
Light Chain

Antigen

CDR
Antibody

P 1\?4
Gl

CDR-H CDR-L
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Antibody generation
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Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures." NeurlPS (2022): 9754-9767.
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Antibody generation
Antigen
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@
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Sample for (T-t) Steps
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Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures." NeurlPS (2022): 9754-9767.
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Antibody generation
Previous Work on Our Work
Antibody Sequence-Structure (Explicitly conditional
Co-design on antigen structure)

Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures." NeurlPS (2022): 9754-9767.
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What are Material Graphs

Materials are infinite periodic arrangements of atomsin 3D

LiCoO,
Cathode material for Li-ion battery
2019 Nobel Prize in Chemistry

‘f;fff
LS
< fﬂ.
ool
YBa,Cu,;0;,

First high-T superconductor
1987 Nobel Prize in Physics

Small molecules Materials

* Non-periodic, finite » Periodic, infinite

« 5-10 elements * All 94 naturally occurring elements
» Simple 2D graph * Graph difficult to define

Relatively simple valency rules + No general valency rules

@

o4

3D material structures must be directly generated, rather
than relying on intermediate graphs.
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Why Generate Materials?

Cicsp

Belsky, et al. Acta Crystallographica Section
B: Structural Science 58.3 (2002): 364-369.

There are only ~200k unique materials that are experimentally
known (in contrast, ZINC includes close to a billion drug-like
molecules).

Today’s material discovery is centred on these ~200k known
materials. Moving beyond them could offer exciting new
opportunities for multiple domains in materials science.
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Representation of Periodic Materials

Interdependence
due to periodicity

Key Component..
The unit cell (smallest repeating unit) of a material M can be fully defined by three lists:
Atom types: A=(a,,...,a,)EA"
Atom coordinates: X = (x, ..., xy) € RV*3
Periodic lattice: L = (I, 1,, [5) € R3*3
Infinite Periodic Structure:
{(zi",v)) | zi' = zi, ri' =ri + k{l; + kb, + ksls, ky, ky, ks € 7}
This represents the repetition of the unit cell across all integer translations of the lattice vectors.
Interdependence Due to Periodicity:
The periodic lattice L and atomic coordinates X are interdependent, as the lattice defines how atoms repeat in 3D space.
Goal: Jointly generate M = (4, X, L) that corresponds to a stable material.
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Generate a close random structure

°F T TS me e an o e e e - aE - e e - e - - R
l ® 05 + :- -: + 4 | Rand.init. ®
V———— 05 el - == - |
MLP pcc(2) ! fllon. o i a !
- AGG Composition ¢ Lattice L # of atoms N
b e e e e e e e e e e e e e e e o - o J L e e
z M= (AX

Use MLP,;s(z) (a neural network) to predict three aggregated properties for material generation:
Composition c: Sparse probability distribution over 100 element.
Lattice L: Rotation-invariant representation of the periodic lattice.

Number of atoms N: Probability distribution over possible atom counts.

Motivation: Use these easy-to-predict properties to simplify the task.
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Denoise the random structure

L———J

Update A. X via Langevin dynamics | ‘ |
> . l '

.
.

=N

PGNNpgc(M]|2)

Gradually deform M into a stable material structure M = (4, X, L) by iteratively:
* Adjusting atom coordinates.

e Updating atom types.

Physics-Guided Design: The GNN’s architecture inherently preserves physical constraints (e.g., lattice
periodicity, bond lengths).

Efficiency: Focuses updates on critical regions of instability.
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Generate novel realistic materials

Task: Sample from latent space to generate 10,000 materials

Evaluation metrics:

Validity: Generated materials satisfy struc./comp. requirements

COV: How many test materials are covered with a similar one

Property statistics: Similarity of property distributions

Result: Significantly outperforming all baselines

Validity (%)t

COV (%) 1

Property Statistics |

Method Data Struc. Comp. R. P p 9 # elem.
FTCP[ Perov-5 0.24 54.24 0.00 0.00 10.27 156.0 0.6297
Carbon-24 0.08 - 0.00 0.00 5.206 19.05 -
MP-20 1.55 48.37 4.72 0.09 23.71 160.9 0.7363
Cond-DFC-VAE Perov-5 73.60 82.95 73.92 10.13 2.268 4.111 0.8373
G-SchNet Perov-5 99.92 98.79 0.18 0.23 1.625 4.746 0.03684
Carbon-24 99.94 - 0.00 0.00 0.9427 1.320
MP-20 99.65 75.96 38.33 99,57 3.034 42.09 0.6411
P-G-SchNet Perov-5 79.63 99.13 0.37 0.25 0.2755 1.388 0.4552
Carbon-24 48.39 - 0.00 0.00 1.533 134.7 -
MP-20 77.51 76.40 41.93 99.74 4.04 2.448 0.6234
CDVAE Perov-5 100.0 98.59 99.45 98.46 0.1258 0.0264 0.0628
Carbon-24 100.0 - 99.80 83.08 0.1407 0.2850 -
MP-20 100.0 86.70 99.15 99.49 0.6875 0.2778 1.432
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Thank youl!

Hanchen Wang
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