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Introduction

Problems with existing metric learning methods
 Applying PSD: expensive

* No PSD: noisy

 pos/neg samples: largely unbalanced

Experiments

Analysis: low rank and individual improvement
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Contributions

* APG solution to the PSD constrained logistic metric learning problem e s S e

 Asymmetric pos/neg sample weights to balance pos/neg costs 0 810 20 3040 60 100
Advantages Fig. 1. Fast rank shrinkage. Fig. 2. Low rank selection. Fig. 3. Improvements by PSD and

weighting.
Comparison of metric learning methods with the same LOMO feature

Xopa. | 3823 0230 XQDA 16.56 41.44
MLAPG | 15.60 40.48
LMNN | 10.80 34.24
KISSME | 10.64 31.60
ITML 9.44 27.04
LDML 8.16 22.24
PRDC 7.52 23.84
LADF 6.00 27.36

Fig. 5. On the QMUL GRID database.

« PSD+APG leads to low rank and smooth metric
 APG solution iIs fast in convergence
 PSD and asymmetric weights lead to notable improvements

XQDA 38.23 92.18
KISSME 33.54 90.47
LMNN 28.42 85.32
LADF 27.63 88.29
ITML 19.02 67.34
LDML 13.99 48.73
PRDC 12.15 48.26

Cross-view Logistic Metric Learning

Formulation
» Mahalanobis distance : D3;(x,z) = |x —z|3; = (x — z2) T M(x — z)
+ Loss function : fam(x,z) = log (1 + ey(Dfa(xﬁ)—#))

_ n m asymmetric pos/neg
° : F(IN) = %7 ) &7 i -
Full loss (M) => Zj=1w”“(x“ =2 sample weighting

Fig. 4. On the VIPeR database.

Comparison to the published results
rank=10
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Method

MLAPG 40.73 | 82.34 | 92.37 Proposed

XQDA 40.00 | 80.51 | 91.08 MtMCML [19]
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Q/SP constraint, smooth the solution

kBiCov 31.11
LADF 30.22
SalMatch 30.16
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APG SOlUtiOﬂ Mid-level Filter*| 29.11 | 65.95 | 79.87 KISSME [10] 11.70
MMCML | 28.83 | 75.82 | 88.51 | 2014 TIP [19] Fig 7. On the QMUL GRID database LDML [7] 10.92
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Method rank=20
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 Proximal operator: P,,(M,V;)=F(V;)+ (M -V, VF(V,;))+ o M — V|5 SDALF | 19.87 | 49.37 | 65.73 | 2013 CVIU [I] xgﬁilﬁ] ?1?}? SDALF[1] 4.87
Mt KISSME | 19.60 | 62.20 | 77.00 |2012 CVPR [10] Mid-toxel Filior [32] 3430 :
. : PCCA 19.27 | 64.91 | 80.28 |2012 CVPR [20] Coevel TIET Loo) - oS . Y. .
Update rule : C: = Vy —mVF(Vy) = UtA—tU"tF PRDC | 15.66 | 53.86 | 70.09 2013 TPAMI [37]  SaVateh 130 2849 Fig. 9. On the CUHKOS3 database
ELE | 12.00| 44.00 | 61.00 | 2008 ECCV [0] C'e“‘zgcbhée[t.‘;‘f]“ s
_ _ _ Fig. 6. On the VIPeR database. Fig. 8. On the CUHK Campus database.
 Dimension reduction: P;=Uf(A+1)/2

Dp,(x,2) = |P; x — Py 2|3
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Project Website and MATLAB Source Code

http://www.cbsr.ia.ac.cn/users/scliao/projects/miapg/




