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An Effective Approach for Robust Metric Learning in the
Presence of Label Noise

Davood Zabihzadeh™, Saeed Zahedi? & Reza Monsefi?
!Department of Computer Engineering, Hakim Sabzevari University, Sabzevar, Iran
23Engineering Faculty, Ferdowsi University of Mashhad, Mashhad, Iran

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 kKNN. 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 tol each feature.
2 person re-identification S ={(x;,x;) | 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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Algorithml. RTripDML (Robust Triplet-based
Distance Metric Learning)

Inputs:
X training instances
T: set of training triplets

1.Compute imp; and tar; for each training instance
Xi
2. Compute C; = Cp(l; = 0) = Cexp (—%ﬁmr"

3. Solve optimization problem (3) using weighted
libsvm package
4. Obtain M using (6) 5. M = psd(M)
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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 1000 24
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Algorithm2. Robust KNN

Inputs:
X: training instances
Xiese: 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 1 percent of data in X with the highest
label noise probability
3. for each instance Xipg; IN Xtest
3.1 Compute k nearest neighbors in Set X

3.2 Predict label of x,,, 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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\3 (Table-2): The kNN classifier accuracy using the learned metric of the proposed and other competing methods.
A3 Data Set nl % RTripDML RDML BLMNN L1_DML SVM_TRIP Euc
3_) 0 96.9840.97 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
2,\ 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
N 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
‘D_ 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
71,' 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
9 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
3 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
g\_ 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
’1 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
\T 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 97.44+0.17 95.91+-0.24 97.20+-0.25 95.62+-0.29 95.07+-0.39
“a 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
X 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
_9\- 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
N 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
3 S| sarae1sy | RTIEOBY) 61704037 | c2e6+067 | 9286+107 | 89.38+-123
X Extended Yale 10 93.24+-1.36 93; 94—+i 00 90.41+-1.34 90.83+-0.87 90.17+-1.68 88.34+-1.19
- Faces 15 91.33+-2.18 89..83:-0..96 89.21+-0.89 88.30+-0.81 87.30+-1.53 86.80+-0.81
20 90.50+-1.42 89.2140.82 86.51+-1.28 84.48+-1.83 84.44+-1.91 84.56+-1.07
P 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 gg%:g?g 84.64+-4.14 85.22+-2.79 84.64+-4.14 84.06+-3.97
) 10 86.38+-3.49 84.90+-3.81 84.06+-5.12 83.62+-2.09 84.06+-5.12 83.48+-3.01
Australian 15 84.20+-2.83 82.61+-3.59 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 ;fgg: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+-4.16 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 gggg:ggg 96.40+-1.19 97.20+-1.30 97.30+-1.25 95.90+-0.55
10 97.70+-1.48 96.45+—0.49 96.30+-1.20 97.30+-0.76 96.40+-1.56 95.60+-0.74
Caltech101-10 15 97.30+-1.04 95.60+-0.75 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 3.62 412 412 5.87
) b gio ig 1.25 1.87 412 4.25 4.25 5.37
Avg. Rank 20 1.00 237 4.00 4.62 3.87 5.12
1.00 2.25 3.75 5.25 3.87 487
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%).
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