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Graphs Everywhere

Jure Leskovec, Stanford CS224W: Analysis of Networks 



What is Graph Matching
Graph Matching finds node correspondence among 
graphs.

Yan, Cho, Zha, et al. “Multi-Graph Matching via Affinity Optimization with Graduated 
Consistency Regularization.” IEEE T-PAMI 2016.



Node correspondence by an 
assignment matrix

Solution: assignment matrix, i.e. 
a partial permutation matrix

5 detected features 4 detected features

Assume one-to-one correspondence

b

4

Sift feature
CNN feature
…



Node-wise linear assignment 
problem

Hungarian Algorithm 
(Kuhn & Munkres, 1955)

Global optimality is ensured by
O(n^3) time complexity where n is the number of nodes

Linear Assignment Problem

T

Node-to-node 
affinity/cost matrix

f

4 fb



Edge-wise graph matching

2nd-order Feature (eg, Edge Length)

1st-order Feature (eg. Local Texture)

Graph Matching (quadratic)

Feature Matching (linear)

Edge
Similarity

Edge Similarity

5 3

cb

Build graph by Delaunay Triangulation



Graph matching: a combinatorial 
optimization formulation

Edge SimilarityNode Similarity

Node Compatibility Edge Compatibility

Node-Edge Index

Affinity 
maximization

S. Gold and A. Rangarajan, “A graduated assignment algorithm for graph matching,” IEEE Transaction on PAMI, 1996

A. RangarajanSteven Gold



A more clean writing by an 
affinity matrix

(Leordeanu & Hebert, 2005)

Edge-to-edge relations

M. Leordeanu M. Hebert

M. Leordeanu and M. Hebert, “A spectral technique for correspondence 

problems using pairwise constraints,” in ICCV, 2005

Affinity matrix:



Node-to-node affinity

(Diagonal)

b3

b3



Edge-to-edge affinity

(Off-Diagonal)

c5

b3



Quadratic Assignment Problem

NP-hard

Branch-Bound
Koopmans & Beckmann, 1955

Lawler, 1963
Loiola et al, 2007



Spectral Approximation

Not Tight Not Discrete

Spectral Method
is Faster M. Leordeanu M. Hebert

T. Cour J. Shi

M. Leordeanu and M. Hebert, “A spectral technique for correspondence 

problems using pairwise constraints,” in ICCV, 2005

P. S. T. Cour and J. Shi, “Balanced graph matching,” in NIPS, 2006

Faster



Double-stochastic Approximation

 S. Gold & Rangarajan, 1996

 Cho et al, 2010

 Leordeanu et al, 2009

 … 

Not Discrete

Not Convex
(K is Indefinite)

Slower

S. Gold and A. Rangarajan, “A graduated assignment algorithm for graph matching,” IEEE 

Transaction on PAMI, 1996

M. Cho, J. Lee, and K. M. Lee, “Reweighted random walks for graph matching,” in ECCV, 2010

M. Leordeanu, M. Hebert, and R. Sukthankar, “An integer projected fixed point method for 

graph matching and map inference,” in NIPS, 2009

Gradient Method

is More Accurate

A. Rangarajan M. Cho K. Lee M. Leordeanu M. Hebert R. SukthankarS. Gold



Matching more than two graphs

• More practical problem, with more information to use

Graphical object query and 

indexing, shape analysis  

SIGGRAPH’12

Optical image Infra-red line-

scan image

Cartographic data

Info fusion PRL’97 3-D weak reconstruction 

ICCV’15

Exploring collections of 3D models using fuzzy correspondences, SIGGRAPH’12

Multiple Graph Matching with Bayesian Inference, Pattern recognition letters’97

Multi-Image Matching via Fast Alternating Minimization, ICCV’15



Existing multiple GM methods

Main categories
✓ Designate one of the graphs as the reference, and match 

all the others to the reference graph

• A. Sole-Ribalta, F. Serratosa, Models and algorithms for computing the common labelling 
of a set of attributed graphs, CVIU 2011

✓ Compute pairwise matchings, based on which improve 

overall accuracy

• D. Pachauriy, R. Kondorx, V. Singh, Solving the multi-way matching problem by 
permutation synchronization, in NIPS 2013

• Y. Chen, G. Leonidas, and Q. Huang. Matching partially similar objects via matrix 
completion. In ICML, 2014

✓ One-shot multiple feature set (not graph) matching

• Z. Zeng, T. H. Chan, K. Jia, and D. Xu. Finding correspondence from multiple
images via sparse and low-rank decomposition. In ECCV, 2012

• X. Zhou, M. Zhu, and K. Daniilidis. Multi-image matching via fast alternating 
minimization. In ICCV, 2015

F. Serratosa

D. Pachauriy

Y. Chen

Z. Zeng

X. Zhou



Composition based Affinity 
Optimization
Key idea: efficiently generate new 

candidate solutions by composition 

G1 G2

G3

G1->G2 

G1->G3->G2

Find higher affinity score 

solution via composition 

Interpolating 

graph (son)

FatherMother
Affinity



A simple & general algorithm

Post-processing
For enforcing overall 

consistency

Still only local two 

graphs are involved in 

evaluation function Jij

Local 

noise

Modeling 

error



Recall over fitting in machine 
learning

• Affinity score (noise, bias) <-> Empirical term (noise, bias)

• Consistency score <-> Regularization term



Cycle consistency as regularizer

G
i

G
j

G1

G2

K=1,2,…Decide the updating order of Xur in ascending order of Cp(Xij,X)

Inconsistent matchingsConsistent matchings

G1

G2 G3

G1

G2 G3

1

1’1’’

Consistency 

implies accuracy



Gradually consistency-weighed CAO
(TPAMI’16)

Affinity term Consistency score

Consistency

Gradually added

Yan, Cho, Zha, et al. “Multi-Graph Matching via Affinity Optimization with Graduated 
Consistency Regularization.” IEEE T-PAMI 2016.
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Learning Matching Function
A matching function with learnable weights:

𝑔𝜔(𝒢1, 𝒢2) = argmax
𝜋

𝜔,Φ 𝒢1, 𝒢2, 𝜋

• Share weights for affinities in Φ 𝒢1, 𝒢2, 𝜋 ;

• 𝒢1, 𝒢2 are built on labeled images.

Loss function:

𝐿 =
1

𝑁
෍

𝑖,𝑗

Δ 𝑔𝜔 𝒢𝑖 , 𝒢𝑗 , y𝑔𝑡 + 𝜆Ω 𝜔

Caetano et al., “Learning Graph Matching.” TPAMI 2009.

matching result

learnable weights

node/edge affinities

empirical term regularization



Learning Graph Structure

A reference graph model (𝒢) is learned for each category 
of object.

Matching function

𝑔𝜔(𝒢, 𝒢
′) = argmax

𝜋
𝜔,Φ 𝒢, 𝒢′, 𝜋

• Multi-dimensional weights for Φ 𝒢, 𝒢′, 𝜋 ;

• 𝑎𝑖 , 𝑎𝑖𝑗 of reference graph are learnable;

• Input graph 𝒢′ is matched to learned graph model 𝒢;

• Graph learning is solved under SSVM.

Cho, Alahari, and Ponce, “Learning Graphs to Match.” ICCV 2013.

reference graph



Learning Matching Features:
Deep Learning of Graph Matching

Combination of CNN and graph matching.

• End-to-end training with back propagation;

• First formulation of deep learning in graph matching.

Image 

1

Image 

2

CNN 

(VGG16)
SM* Matching

* Leordeanu and Hebert, “A Spectral Technique for Correspondence 

Problems Using Pairwise Constraints.” ICCV2005.

Zanfir and Sminchisescu, “Deep Learning of Graph Matching.” CVPR2018.

Offset Loss

Learnable
Fixed



Deep Learning of Graph 
Matching

Limitations

• Performance bottleneck (SM is not a sota GM solver);

• High computational cost;

• Offset loss failed to exploit the combinatorial nature of graph matching;

• Failed to model matching in deep learning (only CNN features are 
learned).

Zanfir and Sminchisescu, “Deep Learning of Graph Matching.” CVPR2018.

Image 

1

Image 

2

CNN 

(VGG16)
SM Matching

Learnable
Fixed

Offset Loss



Spectral Matching (SM)

1

2
3

a

b

c

1a

2b 3c

1b

2c

3a

1c

2a

3b

Graph 1 Graph 2 Association Graph

Leordeanu and Hebert, “A Spectral Technique for Correspondence 

Problems Using Pairwise Constraints.” ICCV2005.



Spectral Matching (SM)

Matching of two graphs: 

find clustering in association 
graph

(Still NP-hard)

Solved approximately via 
spectral method:

max
x

xT K x , 𝑠. 𝑡. x 2 = 1

Equivalent to finding 
maximum eigenvalue of K.

1a

2b 3c

1b

2c

3a

1c

2a

3b

Association Graph

Leordeanu and Hebert, “A Spectral Technique for Correspondence 

Problems Using Pairwise Constraints.” ICCV2005.



Offset Loss (regression)
The offset loss adopted, is based on a metric named
“displacement vector”

The predicted “displacement vector” is computed by 
weighted votes from all predictions.

position in 

source

position in 

target

displacement 

vector

Source 

Image
Target 

Image



Permutation is not regression
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Learning Combinatorial 
Embedding Networks for 
Deep Graph Matching

Runzhong Wang, Junchi Yan* and Xiaokang Yang

ICCV’19 Oral/IEEE TPAMI 2020 https://arxiv.org/abs/1904.00597

Project website: http://thinklab.sjtu.edu.cn/IPCA_GM.html

Code: https://github.com/Thinklab-SJTU/PCA-GM

https://arxiv.org/abs/1904.00597


PIA-GM: 
Permutation loss & Intra-graph 
Affinity

• Intra-GNN models graph affinity features;

• Sinkhorn layer solves correspondence efficiently;

• Permutation loss provides strong supervision for 
combinatorial problem.

Image 

1

Image 

2

CNN 

(VGG1

6)

Intra-

GNN
Sinkhorn

Permutation 

Loss

Learnable
Fixed

1024

GNN

2048

CNN feature for each extracted 

feature point in image

Output vector for each feature 

point



Intra-GNN

Intra-GNN is mainly inspired by Graph Convolutional 
Network (GCN)

Feature aggregated from adjacent nodes.

Graph structure → Embedding vectors.

Kipf and Welling, “Semi-Supervised Classification with 

Graph Convolutional Networks.” ICLR 2017.

updated node

adjacent node

aggregation path

𝑓𝑚𝑠𝑔

𝑓𝑛𝑜𝑑𝑒

𝑓𝑚𝑠𝑔

𝑓𝑚𝑠𝑔



Intra-GNN

Intra-GNN is mainly inspired by Graph Convolutional 
Network (GCN)

Feature aggregated from adjacent nodes.

Iterate over all nodes.

Kipf and Welling, “Semi-Supervised Classification with 

Graph Convolutional Networks.” ICLR 2017.

updated node

adjacent node

aggregation path

𝑓𝑛𝑜𝑑𝑒
𝑓𝑚𝑠𝑔

𝑓𝑚𝑠𝑔

𝑓𝑚𝑠𝑔



Intra-GNN

Intra-GNN is mainly inspired by Graph Convolutional Network (GCN)

Feature aggregated from adjacent nodes.

𝑓𝑛𝑜𝑑𝑒 and 𝑓𝑚𝑠𝑔 are neural networks and weight-sharing among all nodes.

Kipf and Welling, “Semi-Supervised Classification with 

Graph Convolutional Networks.” ICLR 2017.

updated node

adjacent node

aggregation path

𝑓𝑛𝑜𝑑𝑒

𝑓𝑚𝑠𝑔

𝑓𝑚𝑠𝑔



Distance Metric

The similarity (distance) between two vectors from the 
feature space of the output of GNN, is learned.

𝑠 𝑥𝑖 , 𝑥𝑗 = exp 𝑥𝑖
𝑇 𝐀 𝑥𝑗

Where 𝐀 is the matrix with learnable weights.

Exponential function enforces non-negativity of 𝑠
(required by the later Sinkhorn step).



Sinkhorn Algorithm

Non-negative matrix → Doubly stochastic matrix

Sinkhorn solves Linear Assignment Problem (LAP) in 𝑂(𝑘𝑛𝑚), and is 
capable for back propagation.

• 𝑘: number of iterations; 𝑛 × 𝑚: matrix size

Sinkhorn and Knopp, “Concerning Nonnegative Matrices and Doubly Stochastic Matrices.”

0.3 0.5 0.1 0.1 1

0.2 0.1 0.6 0.1 1

0.4 0.1 0.2 0.3 1

0.1 0.3 0.1 0.5 1

1 1 1 1

3 10 1 3 17

4 4 12 6 28

4 2 2 9 17

1 6 1 15 23

12 22 16 33

Row-Norm

Col-Norm

Row-Norm

Col-Norm

Sum

Sum

Sum

Sum



Permutation Loss

𝐿𝑝𝑒𝑟𝑚 =
1

𝑁
෍

𝑖𝑗

𝑆𝑖𝑗
𝑔𝑡
log 𝑆𝑖𝑗 + 1 − 𝑆𝑖𝑗

𝑔𝑡
log 1 − 𝑆𝑖𝑗

Permutation loss is the inherent choice of combinatorial problems 
like graph matching. 

0.3 0.5 0.1 0.1

0.2 0.1 0.6 0.1

0.4 0.1 0.2 0.3

0.1 0.3 0.1 0.5

1 0 0 0

0 0 1 0

0 1 0 0

0 0 0 1

cross-entropy

prediction 𝑆 ground truth 𝑆𝑔𝑡



PCA-GM:
Permutation loss & Cross-graph 
Affinity

Cross-graph GNN is adopted to aggregate features 
across graphs.

Image 

1

Image 

2

CNN 

(VGG1

6)

Intra-

GNN
Sinkhorn

Permutation 

Loss

Learnable
Fixed

Cross-

GNN

Intra-

GNN



Cross-GNN
Features are aggregated from nodes with similar features 
across graphs.

updated node (in Graph 1)

source node (in Graph 2)

aggregation path

Graph 1 Graph 2

𝑓𝑛𝑜𝑑𝑒
𝑤11𝑓𝑐𝑟𝑜𝑠𝑠

𝑤12𝑓𝑐𝑟𝑜𝑠𝑠
𝑤13𝑓𝑐𝑟𝑜𝑠𝑠



Similarity Prediction
The cross-graph aggregation path is defined by cross-graph similarity, computed 
from feature vectors from shallower layers.

Given two graphs to be matched. Consider each node in Graph 1.

reference node
Graph 1 Graph 2



Similarity Prediction
The cross-graph aggregation path is defined by cross-graph similarity, computed 
from feature vectors from shallower layers.

Evaluate the similarity between the reference node and all nodes in Graph 2.

updated node (in Graph 1)

similarity metric
Graph 1 Graph 2



Similarity Prediction
The cross-graph aggregation path is defined by cross-graph similarity, computed 
from feature vectors from shallower layers.

The similarity scores, 𝑠𝑖𝑗, is stored into 𝑛 × 𝑚 matrix.

updated node (in Graph 1)

similarity metric
Graph 1 Graph 2

𝑠11
𝑠12𝑠13
𝑠14
𝑠15

𝑠16



Similarity Prediction
The cross-graph aggregation path is defined by cross-graph similarity, computed 
from feature vectors from shallower layers.

Similarity 𝑠𝑖𝑗 is transformed into weights 𝑤𝑖𝑗 by Sinkhorn.

updated node (in Graph 1)

similarity metric
Graph 1 Graph 2

𝑤11
𝑤12𝑤13

𝑤14
𝑤15

𝑤16



Cross-graph Aggregation

Features are aggregated through the weighted 
predicted path, in the previous step.

Self-loop is reserved in cross-graph aggregation.

updated node (in Graph 1)

source node (in Graph 2)

aggregation path

Graph 1 Graph 2

𝑓𝑛𝑜𝑑𝑒
𝑤11𝑓𝑐𝑟𝑜𝑠𝑠

𝑤12𝑓𝑐𝑟𝑜𝑠𝑠
𝑤13𝑓𝑐𝑟𝑜𝑠𝑠



Cross-graph Aggregation

Aggregation steps are repeated for every node 
in Graph 2.

updated node (in Graph 2)

source node (in Graph 1)

aggregation path

Graph 1 Graph 2

𝑓𝑛𝑜𝑑𝑒
𝑤11𝑓𝑐𝑟𝑜𝑠𝑠



IPCA-GM:
Permutation loss & Iterative 
Cross-graph Affinity

Cross-graph GNN is updated iteratively.

Image 

1

Image 

2

CNN 

(VGG1

6)

Intra-

GNN
Sinkhorn

Permutation 

Loss

Learnable
Fixed

Cross-

GNN

Intra-

GNN

Iterative Path

Intra-

GNN
Sinkhorn

Cross-

GNN

Intra-

GNN

Weight 

matrix

Matching 

matrix



Comparison

GMN (Zanfir et al. CVPR2018) PCA-GM (Ours)

Graph 

Modeling

Performance bottleneck of SM Deep GNN embedding model with 

cross-graph aggregation

Matching 

Solver

Loss 

Function

Offset loss:

Weaker supervision.

Permutation loss:

Stronger supervision and inherent 

choice of graph matching.

Learned 

Features

Only CNN features CNN features, graph affinities



Result on Synthetic Dataset

• Our method (PCA) is robust 
to noise.

• Our method (PCA) is robust 
to the scale of graphs.



Result on VOC Keypoint

Method Graph Modeling Loss Function Accuracy

GMN (Zanfir et al.) SM Offset loss 55.3

GMN-PL SM Perm loss 57.9

PIA-OL Intra-GNN Offset loss 61.6

PIA Intra-GNN Perm loss 63.0

PCA Cross-GNN Perm loss 63.8

VOC Keypoint dataset contains 20 categories of instances, labeled with keypoint

coordinates.

Our method outperforms deep learning peer method GMN (Zanfir et al. CVPR 

2018).



Result on WillowObject

Method face m-bike car duck w-bottle

HARG-SSVM (Cho et al.) 91.2 44.4 58.4 55.2 66.6

GMN trained on VOC 98.1 65.0 72.9 74.3 70.5

GMN finetuned on Willow 99.3 71.4 74.3 82.8 76.7

PCA trained on VOC 100.0 69.8 78.6 82.4 95.1

PCA finetuned on Willow 100.0 76.7 84.0 93.5 96.9

Our method outperformed non-deep learning method HARG-SSVM (Cho et al. 

ICCV 2013).

It also shows that the learned knowledge can be efficiently transformed among 

different datasets.



Ablation Study

VGG16 feature Intra-graph 

embedding

Cross-graph 

embedding

Distance metric Accuracy

✔ ✔ ✔ ✔ 63.8

✔ ✔ ✔ × 63.6

✔ ✔ × × 62.1

✔ × × × 54.8

× × × × 41.9

Ablation study is performed on VOC Keypoint dataset.



Generability Study

Confusion matrix on 8 categories of VOC Keypoint dataset.

Result shows PCA learns generable knowledge among 
similar categories (like cat and dog).



Neural Graph Matching 
Network: Learning Lawler's 
Quadratic Assignment Problem 
with Extension to Hypergraph 
and Multiple-graph Matching

Runzhong Wang, Junchi Yan* and Xiaokang Yang

Accepted to IEEE TPAMI 2021

https://arxiv.org/abs/1911.11308

https://arxiv.org/abs/1911.11308


Overview Our pipeline includes end-to-end learning of:

• Neural Graph Matching (NGM)

• Neural Hyper-Graph Matching (NHGM)

• Neural Multi-Graph Matching (NMGM)

Especially, NGM is the first learnable solver for QAP



Neural Graph Matching

• Joint learning on CNN feature and QAP solver

• Problem solved effectively via deep embedding on 
association graph

Learning Feature Learning QAP

Lawler's QAP

CNN

images feature extractor affinity matrix association graph embeddings matching

Optional

Sinkhorn



Association Graph

• Graph Matching Problem → Classification on Association Graph

• Node-node affinity → node in association graph

• Edge-edge affinity → edge in association graph

1

2

a

b
c 1c 2a

1b2c

K1a:2b

K1a:1a

K2b:2b
1a

2b

M. Leordeanu and M. Hebert, “A spectral technique for correspondence problems using 
pairwise constraints,” in ICCV, 2005



Embedding based Classifier
(QAP Solver)

• Efficient node embedding on the association graph

• Affinity matrix → Matching matrix

• We adopt vanilla GCN for its effectiveness and 
simplicity:

Lawler's QAP

CNN

images feature extractor affinity matrix association graph embeddings matching

Optional

Sinkhorn



Channel-wise Edge Embedding

Split over

channels

Node Embedding
N x C

Edge Embedding
N x N x C

Split over

channels

(N x N) x C

(N) x C

x x C

New Node Embedding
N x C

Edge embedding as channel-
wise adjacency matrices

Further improvement can be achieved, namely NGM+.



Sinkhorn Embedding

node embedding

fc

scoring

(vectorized)

S
in

k
h

o
rn

scoring

matrix

matching

matrix

matching

(vectorized)

Sinkhorn embedding

Performance Gain

Enforcing matching 

constraint during embedding

reshape



Extension to Hyper-Graph Matching

Neural Graph Matching

(NGM)

Neural Hyper Graph Matching

(NHGM)

1st, 2nd features higher order features

association graph association hypergraph

aggregation along edge aggregation along hyperedge

1

2

a

b
c

1c

2a

1b

2c

K1a,2b

K1a,1a

K2b,2b

1a

2b 3

3a

3b

3c

e e

1c

2a

1b

2c

1a

2b

3a
3b

3cH1a,2b,3c

(a) association graph (b) graph matching (c) association hypergraph



Extension to Multi-Graph Matching

• End-to-end Multi-Graph Matching via Permutation 
Synchronization:

1) Get pairwise matching result by NGM

2) Build joint matching matrix

3) Compute leading eigenvectors

D. Pachauriy, R. Kondorx, V. Singh, Solving the multi-way matching problem by 
permutation synchronization, in NIPS 2013

Compute 

leading N 

eigenvectors

(N=3)



Synthetic Point Registration

(a) NGM & NHGM performs comparatively against powerful RRWM

(b)(c) NHGM shows its robustness against deformation and outliers

(d) NMGM gains steadily w.r.t. number of graphs.



QAPLIB Benchmark

NGM outperforms popular SM and 

RRWM on most instances

The learned solver generalizes 

soundly to unseen QAP instances



Real Image Matching

• NGM performs comparatively as 
PCA-GM (even slightly better)

• NHGM outperforms NGM by 3rd

order affinity

• NMGM achieves improvement by 
fusing multi-graph information

• NGM+ reaches state-of-the-art 
performance
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Joint matching and cuts (CVPR’18)

T. Yu, Junchi Yan et al, Joint Cuts and Matching of Partitions in One Graph, CVPR 2018. 

Problem formulation: Joint cuts and 

matching of two objects in one single image

Motivation: graph cuts aim to separate 

dissimilar objects, matching aims not

Limitation: the key points are assumed to 

be detected in prior.



Main idea 
(CVPR’18)

Graph cuts

Graph matching

Match agrees cuts

Joint Cuts and Matching of Partitions in One Graph, 
CVPR 2018



Clustering aware matching
(AAAI’20, NeurIPS’20)

• Clustering-aware Multiple Graph Matching via Decayed 

Pairwise Matching Composition, AAAI 2020

• Graduated Assignment for Joint Multi-Graph Matching and 

Clustering with Application to Unsupervised Graph Matching 

Network Learning, NeurIPS 2020



Incremental matching
ECCV'18, ECCV'20

T. Yu, J. Yan, W. Liu, B. Li, Incremental Multi-graph Matching via Diversity and Randomness based Graph Clustering, 

ECCV 2018

Z. Chen, Z. Xie, J. Yan, Y. Zheng, X. Yang, Layered Neighborhood Expansion for Incremental Multiple Graph 

Matching, ECCV 2020



Large-scale graph matching for 
social networks/bioinformatics



Joint matching and link 
prediction (IJCAI’19/TKDE’20)

Problem: Joint matching and link 

prediction

Motivation: two can benefit each other

Limitation: result relies on data’s 

distribution.

Assumption

A person in different social networks 

will have:

similar degrees

similar neighbors (friendship)

similar attributes (name, age, sex, 

location, text…)

……

Joint Link Prediction and Network Alignment via Cross-graph Embedding, IJCAI 2019

Cross-network Skip-gram Embedding for Joint Network Alignment and Link Prediction, TKDE 2020



Construct an undirected 
compound network



Embedding visualization



Combinatorial Learning of Graph Edit Distance via Dynamic Embedding. In CVPR 2021.
94

Learning to solve Graph Edit Distance (CVPR21): 
The Best of Two Worlds:
Compute ℎ(𝑝) in A* by Neural Network

Input graphs

Output ℎ(𝑝)

Graph Edit Distance



Joint Graph Edge Building and Matching (ICML’21) 

Deep Latent Graph Matching, ICML 2021 
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Summary

• Introduction on graph matching

• Learning of graph matching

• Embedding based deep graph matching 
pipeline

• Other techniques
 Joint graph matching and graph cut

 Joint graph matching and clustering

 Incremental matching of multiple graphs

 Joint link prediction and matching

 Optimal transport examples



Outlook

• Large-scale & robust network alignment

• Incremental matching of graphs online

• Matching against massive outliers

• Discovery and construction of graphs

• Meta-learning of graph matching solvers

• Multi-task with graph matching e.g. cut, 
link prediction etc.
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