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Integer Quadratic Programming (IQP) problem

 NP-hard problem

 Approximate solution

Problem Formulation
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Continuous Relaxation

Related works

Spectral matching-ICCV 2005

Spectral matching with affine constraint-NIPS 2006

Doubly stochastic relaxation
GA-PAMI 1996

POCS-PAMI 2004

RRWM-ICCV 2010

SCGA-ECCV 2012

Probabilistic  Models

……



Discrete Methods

Related works

Integer Projected Fixed Point (IPFP) -NIPS 2009

Factorized Graph Matching (FGM) - CVPR 2012

Discrete Tabu Search –ICCV 2015

Hungarian-BP-CVPR 2016
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Related works
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Sparse Relaxation

Related works

Spectral matching (SM)-ICCV 2005

Game-theoretic matching (GameM)-ICCV 2009, IJCV 2011

Elastic net matching (EnetM)-ICCV 2013

Sparse nonnegative matrix factorization (SNMF)-PR 2014
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 Each row of solution matrix X is sparse

 There is no zero row in solution matrix X

Local Sparse Model

Observations

Motivation

Local sparse model for matching



Local sparse matching

L12 norm 

 L1 norm on each row encourages sparsity

 L2 norm on rows encourages that there is no zero row

Local sparse 

Local sparse model for matching

Bo Jiang, et al., A Local sparse model for matching problem, AAAI 2015



Algorithm

is the matrix form of 

Properties

Local sparse model for matching

Bo Jiang, et al., A Local sparse model for matching problem, AAAI 2015
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Local sparse model for matching
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Integer Quadratic Programming (IQP) problem

Binary constraint preserving matching

Motivation



BPGM formulation

 As ϒ becomes larger, the more closely x approximates to discrete

 It provides a series of relaxation models

Binary constraint preserving

Binary constraint preserving matching

Bo Jiang, et al., Binary constraint preserving graph matching, CVPR 2017



Theoretical analysis

Property 1. When ϒ = n, where n is the number of features, BPGM

model is equivalent to original matching problem

Binary constraint preserving matching

Property 2. When ϒ = ||x*||, where x* is the optimal solution of problem

(2), BPGM model is equivalent to the matching problem (2)

Balanced model between (1) and (2)

Bo Jiang, et al., Binary constraint preserving graph matching, CVPR 2017



Theoretical analysis

Binary constraint preserving matching

Lemma 3. There exists a parameter ϒ0 such that BPGM with ϒ=ϒ0 has

a global optimal solution

Path-following strategy 

Starting from global optimal solution and aims to obtain 

the discrete solution

Bo Jiang, et al., Binary constraint preserving graph matching, CVPR 2017



Algorithm

Binary constraint preserving matching

Bo Jiang, et al., Binary constraint preserving graph matching, CVPR 2017
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Multiplicative update matching

Doubly stochastic relaxation Doubly stochastic relaxation

Continuous solution
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Multiplicative update matching

Convergence

Optimality

Bo Jiang, et al., Graph Matching via Multiplicative Update Algorithm, NIPS 2017



Multiplicative update matching

Top: start from uniform solution

Middle: start from Spectral Matching (SM) solution

Bottom: start from Random Walk (RRWM) solution

Bo Jiang, et al., Graph Matching via Multiplicative Update Algorithm, NIPS 2017



Multiplicative update matching

Synthetic data



Multiplicative update matching
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Conclusion and Future works

 Sparse relaxation model for matching problem

 Binary constraint preserving model for matching

Multiplicative update algorithm for matching

More theoretical analysis on Multiplicative matching

More effective algorithm to solve sparse matching model 

Matching objective relaxation 

Future works

Conclusion
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