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Abstract

Many algorithms in machine learning, pattern recognition, and data mining are based on a
similarity/distance measure. For instance, the KNN classifier and clustering algorithms such as k-means
require a similarity/distance function. Also, in Content-Based Information Retrieval (CBIR) systems, we
need to rank the retrieved objects based on the similarity to the query. As generic measures like
Euclidean and cosine similarity are not appropriate in many applications, metric learning algorithms
have been developed with the aim of learning an optimal distance function from data. These methods
often need training data in the form of pair or triplet sets. Nowadays, this training data is popularly
obtained via crowdsourcing from the Internet. Therefore, this information may be contaminated with
label noise resulting in the poor performance of the learned metric. In some datasets, even it is possible
that the learned metrics perform worse than the general ones such as Euclidean. To address this
emerging challenge, we present a new robust metric learning algorithm that can identify outliers and
label noise simultaneously from training side information. For this purpose, we model the probability
distribution of label noise based on information in the training data. The proposed distribution function
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efficiently assigns the high probability to the data points contaminated with label noise. On the other
hand, its value on the normal instances is near zero. Afterward, we weight the training instances
according to these probabilities in our metric learning optimization problem. The proposed optimization
problem can be solved using available SVM libraries such as LibSVM efficiently. Note that the proposed
approach for identifying data with label noise is general and can easily be applied to any existing metric
learning algorithms. After the metric learning phase, we utilized both the weights and the learned metric
to enhance the accuracy of the metric-based classifier such as KNN. Several experiments are conducted
on both real and synthetic datasets. The results confirm that the proposed algorithm enhances the
performance of the learned metric in the presence of label noise and considerably outperforms state-of-
the-art peer methods at different noise levels.

Keywords: Robust Metric Learning, Label Noise, Outlier, Distance Measure
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(Figure-1): Weakness of Euclidean distance measure. Here,
the w, is a more discriminative feature compared to w,.

1 Positive Semi Definite However, Euclidean assigns the same weigh.t to. each feature.
2 person re-identification S = {(xi, xj) | x; and x; should be similar}

3 Content Based Information Retrieval D = {(x;,x;) | x; and x; should be dissimilar}
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(Figure-4): The syntactic dataset shown in the previous
figure. Here, the size of each data point is proportional to its
label noise probability (p(l; = 1)).
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(Figure-6): The Wine dataset after dimensionality reduction
and applying 10% label noise. Here, the size of each data
point is proportional to its label noise probability (p(l; = 1).
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(Table-1): Statistics of evaluated datasets
Data Set # classes | # samples #dim
Wine 3 178 13
Letters 26 20000 16
Extended Yale Faces 38 2414 4096
lonosphere 2 351 34
Caltech101 101 9143 10000
WDBC 2 659 30
Australian 2 690 14
German Credit 2 1000 24

@i sl p daialesl )3 g)cnlil oS pglie o
kNN w:u"”iﬂ sla eolpinn hg, lawgi aools
ol 00 00l RODUSt_KNN aS™ 555 oo ,6351 51 sole

.w.ﬂoa; oolaswl

Algorithm2. Robust kNN

Inputs:
X: training instances
Xiest: Set of test examples
k: k parameter in KNN
p: label noise probability vector
n: Percentage of noisy labels

1. Sort data according to p values
2. remove n percent of data in X with the highest
label noise probability
3. for each instance X o5 IN Xies:
3.1 Compute k nearest neighbors in Set X

3.2 Predict label of x4 based on the
weighted majority voting of its neighbors. Here, we
consider weight of each neighbor equals to

p(l; =1)
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(Figure-5): The Wine dataset after dimensionality reduction
and applying 10% label noise.
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(Table-2): The kNN classifier accuracy using the learned metric of the proposed and other competing methods.

Data Set nl % RTripDML RDML BLMNN L1_DML SVM_TRIP Euc
0 96.98+0.97 97.55+-2.19 | 96.60+-1.95 96.23+-1.78 97.36+-1.32 94.91+-2.36
5 96.79+-3.09 96.23+-2.81 95.66+-2.82 95.47+-0.97 94.91+-3.09 94.15+-2.43
Wine 10 96.98+-2.39 96.57+-3.73 | 94.53+-3.61 94.72+-3.54 92.45+-4.17 92.45+-3.88
15 94.91+-2.52 93.71+-3.13 90.94+-4.86 90.94+-4.34 90.19+-5.40 90.19+-3.65
20 94,91+-3.33* 91.32+-4.72 91.32+-3.47 86.98+-3.92 89.06+-2.64 87.55+-2.70
0 90.86+-2.96 90.86+-4.12 86.29+-3.59 88.57+-3.19 91.43+-3.64 83.71+-3.73
5 89.14+-2.26 87.14+-5.98 85.14+-5.01 83.71+-3.99 88.00+-3.73 83.71+-3.29
lonosphere 10 89.14+-2.96* 84.57+-3.10 84.00+-3.83 81.14+-4.89 84.57+-4.78 80.00+-2.86
15 89.71+-2.93* 84.00+-2.12 83.71+-5.31 82.29+-4.58 86.00+-2.35 80.57+-3.73
20 88.86+-3.70* 82.57+-4.89 82.00+-3.86 79.14+-8.72 80.57+-3.86 78.86+-3.41
0 97.70+-1.34 97.70+-1.73 94.51+-1.31 93.10+-0.74 95.75+-1.15 92.74+-1.45
5 96.64+-2.02 96.11+-1.48 94.16+-1.61 92.04+-1.77 93.45+-1.73 91.86+-2.29
WDBC 10 96.11+-1.48 94.16+-1.61 90.97+-1.15 89.20+-2.46 90.27+-3.54 89.73+-2.63
15 95.22+-1.34* 89.56+-2.11 88.50+-2.08 85.49+-4.18 88.32+-2.20 86.73+-3.48
20 93.63+-1.70* 83.89+-5.92 84.42+-3.10 82.48+-1.92 83.72+-2.55 83.36+-3.09
0 96.48+-0.20 97.4440.17 95.91+-0.24 97.20+-0.25 95.62+-0.29 95.07+-0.39
5 95.11+-0.19 96.47+-0.38* | 94.51+-0.34 95.05+-0.53 94.49+-0.17 93.98+-0.29
Letters 10 94.70+-0.22 94.55+-0.34 92.58+-0.28 91.97+-0.44 93.05+-0.19 92.15+-0.25
15 94.45+-0.33* | 91.77+-0.44 | 90.10+-0.34 89.39+-0.49 91.01+-0.22 89.79+-0.35
20 93.90+-0.38* 88.42+-0.17 87.13+-0.13 86.30+-0.21 88.01+-0.30 86.42+-0.55
0 96.72+0.84*
5 93.78+-1.57 05.7240 59* 91.70+-1.37 92.66+-0.67 92.86+-1.07 89.38+-1.23
Extended Yale 10 93.24+-1.36 03.94+100 | 9041+-1.34 90.83+-0.87 90.17+-1.68 88.34+-1.19
Faces 15 91.33+-2.18 89.83+.096 | 89-21+-0.89 88.30+-0.81 87.30+-1.53 86.80+-0.81
20 90.50+-1.42 89.21+0.82 86.51+-1.28 84.48+-1.83 84.44+-1.91 84.56+-1.07
89.38+-1.63 e 82.82+-2.43 80.75+-2.50 80.79+-1.76 81.33+-1.45
g 87.25+-4.88 gzgg:g% 84.64+-4.14 85.22+-2.79 84.64+-4.14 84.06+-3.97
10 86.38+-3.49 84.20+-381 | 84.06+-512 83.62+-2.09 84.06+-5.12 83.48+-3.01
Australian 15 84.20+-2.83 82 61+-359 | 82.46+-3.05 83.04+-2.21 82.75+-3.45 83.33+-4.99
20 84.35+-3.18 77.10+-5.56 80.00+-3.46 80.43+-3.28 79.42+-4.60 81.74+-4.51
81.45+-4.71 ' ' 75.51+-3.49 73.91+-2.71 74.78+-2.96 77.10+-5.56
g 72.40+-3.78 ;?gg:égg 70.40+-5.19 70.30+-5.46 70.90+-2.79 69.60+-1.34
10 71.80+-3.37 70.00+3.00 | 70-20+-3.95 68.20+-2.31 69.80+-1.79 67.80+-3.01
German Credit 15 70.30+-4.32 67.40+-4 25 | 67-40+-3.65 68.40+-3.36 67.20+-2.80 66.70+-2.39
20 69.50+-3.06 67.60+—4.l6 66.10+-4.20 67.60+-4.67 67.90+-5.02 65.70+-3.77
69.50+-3.79 ' ' 65.00+-4.32 66.80+-4.42 66.60+-4.57 65.20+-4.10
g 97.80+-1.15 gégg:ggg 96.40+-1.19 97.20+-1.30 97.30+-1.25 95.90+-0.55
10 97.70+-1.48 06.45+.049 | 96-30+-1.20 97.30+-0.76 96.40+-1.56 95.60+-0.74
Caltech101-10 15 97.30+-1.04 05.60+.075 | 95-40+-0.82 96.40+-0.42 95.80+-1.48 94.60+-0.96
20 97.60+-1.64* 93.37+—0.84 94.50+-1.94 94.90+-1.14 95.40+-1.75 93.00+-1.54
97.40+-1.52* ' ' 92.60+-2.27 93.10+-1.34 93.70+-2.28 91.40+-1.29
g 1.87 1.62 4.50 4.00 3.00 6.00
. . 1.25 2.00 3.62 4.12 4.12 5.87
oy buwgio ig 1.25 1.87 4.12 4.25 4.25 5.37
Avg. Rank 20 1.00 2.37 4.00 4.62 3.87 5.12
1.00 2.25 3.75 5.25 3.87 4.87
Total Avg Rank 1.25 2.02 4.00 4.45 3.82 5.45
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(Figure-7): Comparison of classification accuracy of the proposed and other competing methods vs label noise
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(Figure-8): Box-Plots of some results with the statistically significant differences (p-value = 5%).

5 (Y+)) o5k 51 LLDML 5 BLMNN (la s, 5o ko= L abline s Lol b b el )l ol loie

odgaze 31 RTrip-DML (solpiis by, ;0 N lode 2 C lade pads oo a4 cwl ool s 5
el o oudas (B4)) A yalib el sas Sl (107%,1) oL 5 Lmu;‘;.,"uj

gf ! Cross Validation

BY ol ) 6ylecs 1F) JLu


http://dx.doi.org/10.52547/jsdp.19.1.125
http://jsdp.rcisp.ac.ir/article-1-1096-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.52547/jsdp.19.1.125 ]

bl ol e a4y golpiing ailele Camslas 3l5me 5

S 25 a9 (a0 —F
YL sleanza g eosls e (y938l59, ORIPI L
ools canzy et lp 090l o] Sz
aile e, b5 il 5 Jsensysbay
Wlgs oo Dledbl il 598 o oolaiwl Crowdsourcing
oole cla sy, il oliil ey 5 aby ggl>
g S polie oz a8y blie )3 S te S0l
il gy by gsl> slalaze o bap] Sl
loiss, @) 4 e el ol S e glabi>de L
Lol 00 pslie S e (6550,

sl Fpe Yol (s, So Geon ol o
L aS ool al)| conr pp adg gol> sboosls lulis
0B Syt 650l Al slacusgame 5l colinl
aalol jo i @ 1) bools yogglades oz !
L aS Canl oads @l pas SO e (6,50l oS SO
Ay gol> slaools ).uL» (gl cballan 2359
GalS S5 jebds «SG ke Bjgel anld jo 1) s
2l yo ealand Foly G e s pdypglie el g v o
S ams e QLS Gheghy ol eizees 190,50 o]
©oloidan Ghyy Abiwgty odslownsa mls 5l 4>
KNN aile Gy (e o850 9902 sl Ol o
25 polie oz absi i 0 1) 5T 505 0500 3

aliSee slaoslsacgome (59, » b bl bl
a6 ot olpiin by, &5 A5 “’“l’
6 el ey wd gl slaosls lulis
e ool (3051 5 Soyte (5550l anl o lag)]
Caoglin Len glo by, 4 Cawd cadall)l oy oSl
Ol @hB 5 8)ls cazp adsi il 0 (s bl
S CEI VL iz a85 B0 0 b ool o >

aey ol 0 eail layls slp sleaey Sp
:)'| M)L.c
slaabels jo golrin by, 2l oy )
‘CBIR

T blass (6,50l sl ookt b, dnwgs Y

5- References &=l -0

[1] D. Zabihzadeh, R. Monsefi, and H. S. Yazdi,
"Sparse Bayesian similarity learning based on
posterior distribution of data,"” Engineering
Applications of Artificial Intelligence, vol. 67,

! Content Based Information Retrieval
2 Semi Supervised Learning

0so5] doghy, awlie 5 S 2 S sl
5 Sl ol plxil mlis 59, » p-value = 5% L )Ll
2l plo b jloloe ST gesl cpl sl aS ol
Wloads g I8 Jgaz cpl yo % Loyl
by gl S5 @ 4y 5 IS A, 5eSShe (peizren
oaladlal Joux cul 4 g oadaseine vyl o sl
Soged (A) S jo mlis s Sy gl ogdleay sl
shls bl sl as mls 51 S (Box-Plot) ae>
ol 00l pany i lolire S

a3 o L (V) JS5 9 (V) Jgur a5 joblon
3 denlio BB sla g, ple ar S (eoleiin s,
abaxde BB 650 Lleyl 0)50 soslsacgee plas
A ggl> slrools woys aliEl Lol SIS 5 ol
Tobw S Geized O (6508 il ety 8l i
Sope 650k slaghy, ple cwzp adg VL
bzl )3 9 W)ls (cwadlll () i (63,Sdos
e e Gl So e 653k

Sy S A anl bl ol b
Slrools g &y slrosls She auseid 4 jolB golgai
g Cawl alize glooolodcgommo 10 w489 (gol>
BB jsba sl 5 Gigel anld el lag] )*’L’
A2 o ualS glala>dle

KNN accuracy using learned metrics vs o2 values on lonosphere dataset, Label Noise=20%
- T : T T 9

88 - 1
87 1
86

[ RTRIP-OML
- - = Eucledian
85

Accuracy

L L L L L L L
1 1.5 2 25 3 35 4 4.5

ey S daeslio 3o 0% yially yili qusy (A JSCE)
1.¥+ oz y» 4895 L Ionosphere odldac gosxo 30 (golyaiion
(Figure-9): The effect of parameter 62 in the accuracy of the
proposed method in the Ionosphere dataset contaminated
with 20% label noise.
Srdpglie )3 N bl WU pwyp lp
SBsly o Ks isbeyl o ceoleris o, el
Robust- golgaion (59, guli LY+ a3 L lonosphere
A ade el oals aunlie owa Bl yug, L ODML
i sbel Sl eslanal b tolesl cpl 0 € el
2=l () JS8 el 00l pnd € =5 L il abolie
s oo slad |y Gobesl cpl 5l Lol>
3 solering by, b oe onalive o5 joblen
polde soles glilay a3l (g5l ooldacgos (ol

S0 (w8l gy 4 S (5 ety 0 Shoe 0 9:‘)"’

O 2le ) 5, VP Jle


http://dx.doi.org/10.52547/jsdp.19.1.125
http://jsdp.rcisp.ac.ir/article-1-1096-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.52547/jsdp.19.1.125 ]

o 3 Adg palp S ke pglite G T S Slm e Yy S Al

in the presence of label noise: a survey," IEEE
transactions on neural networks and learning

systems, vol. 25, no. 5, pp. 845-869, 2013.

[13] T. Yang, R. Jin, and A. K. Jain, "Learning
from noisy side information by generalized
maximum entropy model," in Proceedings of
the 27th International Conference on Machine
Learning (ICML-10), 2010: Citeseer, pp.

1199-1206 .

[14] K. Huang, R. Jin, Z. Xu, and C.-L. Liu,
"Robust metric learning by smooth optimiza-

tion," arXiv preprint arXiv:1203.3461, 2012.

[15] Y. Nesterov, "Smooth minimization of non-
smooth functions,” Mathematical programm-

ing, vol. 103, no. 1, pp. 127-152, 2005.

[16] D. Wang and X. Tan, "Robust Distance
Metric Learning in the Presence of Label

Noise," in AAAI, 2014, pp. 1321-1327 .

[17] H. Wang, F. Nie, and H. Huang, "Robust
Distance Metric Learning via Simultaneous
L1-Norm Minimization and Maximization," in
Proceedings of the 31st International
Conference on Machine Learning (ICML-14),
T. Jebara and E .P. Xing, Eds., 2014,
[Formatter not found: ResolvePDF]: JMLR
Workshop and Conference Proceedings, pp.
1836-1844. [Online]. Available: http:/jml-
r.org/proceedings/papers/v32/wangjl4.pdf.
[Online]. Awvailable: http://jmlr.org/proceed-

ings/papers/v32/wangjl4 .pdf

[18] S. Xiang, F. Nie, and C. Zhang, "Learning a
Mahalanobis distance metric for data
clustering and classification,”  Pattern
Recogn., vol. 41, no. 12, pp. 3600-3612, 2008,

doi: 10.1016/j.patcog.2008.05.018.

[19] D. Wang and X. Tan, "Robust Distance
Metric Learning via Bayesian Inference,”
IEEE Transactions on Image Processing, vol.

27, no. 3, pp. 1542-1553, 2018.

[20] D. Zabihzadeh, R. Monsefi, and H. S. Yazdi,
"Sparse Bayesian approach for metric learning

in latent space," Knowledge-Based Systems ,
vol. 178, pp. 11-24, 2019.

[21] K. Q. Weinberger and L. K. Saul, "Distance
Metric Learning for Large Margin Nearest
Neighbor Classification,” J. Mach. Learn.

Res., vol. 10, pp. 207-244, 2009.

[22] S. Al-Obaidi, D. Zabihzadeh, A. S. Rasheed,
and R. Monsefi" ,Robust Metric Learning
based on the Rescaled Hinge Loss," arXiv
preprint arXiv:1904.11711, 2019.

[23] F. Wang, W. Zuo, L. Zhang, D. Meng, and D.

O 2le ) 5Ll VP JLle

pp. 173-186, 2018.

[2] L. Lin, G. Wang, W. Zuo, X. Feng, and L.
Zhang, "Cross-domain visual matching via
generalized similarity measure and feature
learning,” IEEE transactions on pattern
analysis and machine intelligence, vol. 39, no.

6, pp. 1089-1102, 2017.

[3]1J. Lu, X. Zhou, Y.-P. Tan, Y. Shang, and J.
Zhou, "Neighborhood repulsed metric learning
for kinship verification,”" IEEE transactions on
pattern analysis and machine intelligence, vol.

36, no. 2, pp. 331-345, 2014.

[4] S. Bak and P. Carr, "One-Shot Metric Learning
for Person Re-identification," in Proceedings of
the IEEE Conference on Computer Vision and

Pattern Recognition, 2017, pp. 2990-2999 .

[5] N. Jiang, W. Liu, and Y. Wu, "Order
determination and sparsity-regularized metric
learning adaptive visual tracking,” in Computer
Vision and Pattern Recognition (CVPR), 2012
IEEE Conference on, 2012: IEEE, pp. 1956-

1963 .

[6] M. Guillaumin, T. Mensink, J. Verbeek, and C.
Schmid, "Tagprop: Discriminative metric
learning in nearest neighbor models for image
auto-annotation,” in Computer Vision, 2009
IEEE 12th International Conference on, 2009:

IEEE, pp. 309-316 .

[71 G. Chechik, V. Sharma, U. Shalit, and S.
Bengio, "Large Scale Online Learning of Image
Similarity Through Ranking," J. Mach. Learn.

Res., vol. 11, pp. 1109-1135, 2010.

[8] X. Hao, S. C. H. Hoi, J. Rong, and Z. Peilin,
"Online Multiple Kernel Similarity Learning for
Visual Search,” Pattern Analysis and Machine
Intelligence, IEEE Transactions on, vol. 36, no.
3, pp. 536-549, 2014, doi: 10.1109/TPAMI-

.2013.149.

[9] P. Wu, S. C. H. Hoi, P. Zhao, C. Miao, and Z.
Y. Liu, "Online Multi-Modal Distance Metric
Learning with Application to Image Retrieval,"
IEEE Transactions on Knowledge and Data
Engineering, vol. 28, no. 2, pp. 454-467, 2016,

doi: 10.1109/TKDE.2015.2477296.

[10] J. Li, C. Xu, W. Yang, C. Sun, and D. Tao,
"Discriminative Multi-View Interactive Image
Re-Ranking," IEEE Transactions on Image

Processing, 2017.

[11] A. Bellet, A. Habrard, and M. Sebban, "A
Survey on Metric Learning for Feature
Vectors and Structured Data,” Technical

report, 2014.

[12] B. Frénay and M. Verleysen, "Classification


http://dx.doi.org/10.52547/jsdp.19.1.125
http://jsdp.rcisp.ac.ir/article-1-1096-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.52547/jsdp.19.1.125 ]

g0 QT g eIl olpl a4 pwed WYY L o
9 w‘ ..\.e_,w.n ‘5..45.))3 olKisls ;o.l.c [WL-o. 9.;4:.{‘- uﬁ"Sb
GSen ol pl b plasoliwl ag,0 b yol> b o
Sl sgan (sp 50 dle 65l g JLKw 3o

5l el &L QLJQ‘ aslbl, L;al.....u
monsefi@um.ac.ir

Zhang, "A kernel classification framework for
metric learning," IEEE transactions on neural
networks and learning systems, vol. 26, no. 9,

pp. 1950-1962, 2015.

[24] C.-C. Chang and C.-J. Lin, "LIBSVM: A
library for support vector machines,” ACM
transactions on intelligent systems and

technology (TIST), vol. 2, no. 3, p. 27, 2011.

[25] L. v. d. Maaten and G. Hinton, "Visualizing
data using t-SNE," Journal of machine
learning research, vol. 9, no. Nov, pp. 2579-

2605, 2008.

$pSs Jeazallg )b ooljzamd dglo
w93 OBl Gl egian hee
S)ge paass ladine; el g
oeile 63k 5l a5 )le (59 WBe
St g eolSonls S o ylel loliss

09,5 Lbobil Gy jol> b o Gres (oras sl
olim.:‘é ‘U”?” dud)sw odim.:‘é ‘).:WLT Ls.m.b.e.n
Sl Cdled Jario (5)lg jums 1S

5l cwl @yle plasl asbll, glas

d.zabihzadeh@gmail.com,
d.zabihzadeh@hsu.ac.ir

o 1S (smtils b} damas
Ao owgd,d oRiils I egriae
Sy90 saass gl diw; .ol
b 4 gleiee bl addle
SnSol ey siledas 5 cus
yolo Jlo j0 0,8 o)lal Sl 5 oS olulils opiile
S olaibn) Cledbl 55lkd S powe leea
5l cwl @le plasl asbll, glas
s.zahedi@mail.um.ac.ir
5 Gr ebill Gae Lo,
amzia oSzils ) 0en Sig uSl
5 e 1AV b o S
¥ )l ‘) 095 6‘)350 9 M)l G»L...»)ls
Dl e o oSl sl olKasls
3w s Oyl S g besls Slbls,l ye ¢ J S
Sojey OS50 0,5 E8b,o YAAY 5 VAAY sl Jle
Oleeds VAAY JIVAAY b Jlo jo 3hy Jled jo
30 S ke oCasly o YA JIVAAL I e iy
gae g ol Cie gae (lped QLS eiS
9 el axils 5, en (Research Fellow) 5 jiagss

BY b ) 6)lecs 1F) JLu

&


mailto:d.zabihzadeh@gmail.com
mailto:s.zahedi@mail.um.ac.ir
http://dx.doi.org/10.52547/jsdp.19.1.125
http://jsdp.rcisp.ac.ir/article-1-1096-fa.html
http://www.tcpdf.org

