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Abstract: Learning with label ambiguity has recently been a popular topic in machine learning and data
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mining research. Label distribution learning (LDL) deals with label ambiguity by assigning probabilistic
labels to each instance. Existing LDL methods are designed for training data that is uniformly distributed.
However, in real-world applications, the training data is typically not uniformly distributed. In this paper,
we propose a cost-sensitive method for label distribution learning (CSLDL) to deal with the non-uniformly
distributed training data. We designed a novel loss function by applying the density information of in-
stances. The descriptive set was firstly averaged over multiple bins. The empirical density vector for each
class label was then derived by counting the number of instances in these bins. Secondly, in order to con-
struct the continuity between different bins, we employed neighbor samples to modify the empirical densi-
ty of the target bins. Specifically, we convolved the empirical density vector with a symmetric kernel so
that each bin took into account not just the current bin but also nearby bins. Finally, a cost matrix was
constructed using the modified density vectors, combined with Kullback-Leibler (K-1.) divergence to deal
with non-uniformly distributed training data. Experiments were undertaken on ten real-world datasets
compared with six state-of-the-art algorithms. Results demonstrate the effectiveness and superiority of our
proposed algorithm.
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Natural-Scene 0. 651 740.000 8 0.440 0£0.000 6 0.463 140.003 0 0.505 940.017 1 0.502 1+0.007 7 0. 460 3+0.000 6 0.450 8+0.000 §
FBP5500 0.498 5+0.000 3 0.171 5£0.000 1 0.201 0£0.001 8 0.389 340.016 8 0.178 3+0.002 1 0.163 2+0.000 5 0.154 5£0.000 9
Yeast-cde 0.2357£0.003 5 0.047 24£0.000 1 0.042 9£0.000 4 0.047 6£0.000 8 0.043 2+0.000 3 0.042 7£0.000 2 0.042 5£0.000 1
Yeast-cold 0.211 3£0.003 5 0.064 3£0.000 1 0.059 5£0.0009 0.059 8£0.0009 0.059 60.000 3 0.059 3£0.000 2 0.059 3£0.000 1
Yeast-spoem 0.179 540.010 9 0.091 8£0.000 3 0.087 2£0.000 4 0.087 340.003 7 0.087 140.001 4 0.086 9£0.000 2 0.087 4£0.000 1
Avg. Rank 6.9 4.3 3.6 5.7 4.0 2.4 1.5
F* 4 KFE LDL EEM Fidelity LR R (FHELIRAEE)
B4 PT-Bayes AA-kNN SA-BFGS LDL-HR LDL-LDM LDL-SF CSLDL
M2B 0.489 6+0.001 5 0.819 74£0.001 3 0.8185£0.001 9 0.832140.0055 0.849 710.0023 0.822 7+£0.002 0 0.836 7£0.001 9
Emotion6 0.614 740.003 9 0.772 3£0.003 6 0.795 9£0.000 2 0.783 620.006 3 0.7950+0.002 5 0.801 5+£0.002 3 0.806 9£0.000 7
Movie 0.928 5+0.000 4 0.970 24£0.000 3 0. 968 7£0.000 3 0.956 620.0009 0.972 6+0.000 1 0.961 9£0.000 2 0. 971 §£0.000 1
Twitter-LDL 0.620 7£0.008 0 0.756 7£0.001 3 0.790 3£0.001 3 0.568 140.002 2 0.714 9£0.001 5 0.790 6£0.000 2 0.793 1£0. 000 4
Flickr-LDL 0.586 940.0014 0.737 24£0.4629 0.777 9£0.000 4 0.645 640.001 7 0.736 8+0.000 6 0.777 24£0.000 1 0.780 8£0.000 1
Natural-Scene ~ 0.588 7£0.000 8 0.728 0£0.0009 0.737 7£0.001 7 0.673 040.016 4 0.708 6+0.005 3 0.730 0£0.000 5 0.747 7£0.000 5
FBP5500 0.751 240.000 2 0.960 2£0.000 1 0.944 6£0.000 3 0.807 140.014 4 0.956 2+0.001 4 0.959 9+0.000 2 0.968 5£0. 000 2
Yeast-cde 0.938940.001 6 0.997 940.000 0 0.998 2+0.000 1 0.997 9£0.000 1 0.998 2£0.000 0 0.998 2£0.000 1 0.998 2+0. 000 1
Yeast-cold 0.953 2+0.001 1 0.996 4£0.000 1 0.996 9£0.000 1 0.996 8£0.000 2 0.996 9£0.000 0 0. 996 9£0.000 1 0. 996 9=£0.000 1
Yeast-spoem 0.966 5+0.003 6 0.992 8+£0.000 1 0.993 5£0.0001 0.993 240.0009 0.993 240.000 0 0.993 6£0.000 1 0.993 6£0.000 1
Avg. Rank 6.9 4.5 3.2 5.5 3.1 2.6 1.4
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