IEIRNIBFLH/UFE F—2~N—2 Vol.10 No.4 36-40 (Dec. 2017)

TI7Z=HIV/ — ]

BIRRG X35 v 22 5+ — 212k 5
275 T NR— 2D T ~NIYERE

Ak TEHLY K 2D

ZftH 2017F6F10R, HikH 20174F8R7H

BE . ZOPHEH WV FEOHERX, FNUFETFT—5 IR LT -5 %) T lAGDETHHE
BEEDENET IV EEL I ETH D, PHD ) FETLLACSENLFED 1 DI12T7 NIWEIED D 57,
BEEOERWTFT =712 7NV %D CLE)ZOWENIELTLE ) L WIREND L. AHIZETIE,
HBZ TG T ETDT T LT+ =710 OhDNL—VERLIFLOWTFEZREL, EBRFEL2 DX
DR EEGREFET LI LICL T, TN ET =8I — A TH > THEWIHERED
ETNEFETLILENTE L, FEEBTE, EFEEXRVF Y= 7= IZHEHL, BAFOHEMZL T X
MEHEER T TT NIV R LT L L CENE LR DRSS Nz,

X—TJ— R I IRE T AT —r, TAOVHE, EEH

Graph-based Label Extension
Using Restricted Discriminative-random Walk
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Abstract: The goal of many semi supervised learning is to make a model with high classification performance
by successfully combining labeled data and unlabeled data. Label propagation is one of the techniques often
used in semi supervised learning, but there is a problem that performance is lowered because labels are
attached to data with low confidence. In this research, we propose a new method that imposes several rules
on random walk on directed graph, learning stronger classifiers such as deep learning, and so on, it is a
case with extremely few labeled data even with a high performance model you can learn. Experiments show
that the proposed method is applied to benchmark data, and compared with the method in which labels are

increased by performing existing simple label propagation, the result exceeding that is obtained.
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Fig. 1 The behavior of random walk on 2 neighborhood di-
rected graph.
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Fig. 2 The behavior of the restricted discriminative random

walk when the same label is given to nodes in separate

communities.
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Table 1 Statistics of the dataset. (* indicates that it is in-

cluded in test data and learning data.)

F=Fty b | TNUHTF=SH | TAVET -S| TANT=58 | 2T A%
MNIST 100 50000 10000 10
Mushroom 20 5686 2438 2
Iris 30 100 50 3
CORA 70 2708 * 7

®2 H7—5Ly MBS ETEDLEHR (« #013 Rosenfeld
5 5] DX 2 2B L)
Table 2 Comparison result of each method in each dataset. (*
referred to Fig.2 in Rosenfeld et al. [5].)

MNIST | Mushroom Iris | CORA
CNN 0.727 0.559 | 0.660
MLP 0.707 0.724 | 0.960
linear-SVM 0.693 0.605 | 0.940
poly-SVM 0.594 0.517 | 0.820
k-NN 0.670 0.751 | 0.960
labelProp 0.098 0.528 | 0.667
InfProp 0.480 =
REFZE+CNN 0.909 0.632 | 0.711 0.213
REFE+MLP 0.823 0.761 | 0.980 | 0.556

*1 http://yann.lecun.com/exdb/mnist/

https://archive.ics.uci.edu/ml/datasets/mushroom
https://archive.ics.uci.edu/ml/datasets/iris
*4 https://relational fit.cvut.cz/dataset/CORA

*2
*3
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Fig. 3 Results of learning by giving two labels per class to the
MNIST dataset. (The number of learning is plotted on
the horizontal axis and the accuracy rate on the vertical

axis.)
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