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Weakly Supervised Learning Framework Based on k Labeled Samples

FU Zhi'*, WANG Hong-Jun"?, LI Tian-Rui'?, TENG Fei'?, ZHANG Ji'*

'(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 611756, China)
*(National Engineering Laboratory of Integrated Transportation Big Data Application Technology (Southwest Jiaotong University),
Chengdu 611756, China)

Abstract: Clustering is an active research topic in the field of machine learning. Weakly supervised learning is an important research
direction in semi-supervised learning, which has wide range of application scenarios. In the research of clustering and weakly supervised
learning, it is proposed that a framework of weakly supervised learning is based on k labeled samples. Firstly, the framework expands
labeled samples by clustering and clustering confidence level. Secondly, the energy function of the restricted Boltzmann machine is
improved, and a learning model of the restricted Boltzmann machine based on k labeled samples is proposed. Finally, the model of
ratiocination and algorithm are proposed. In order to test the framework and the model, a series of public data sets are chosen for
comparative experiments. The experimental results show that the proposed weakly supervised learning framework based on k labeled
samples is more effective.

Key words: machine learning; weakly supervised learning; clustering model
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Fig.1 Weakly supervised learning framework based on & labeled samples
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RRCPE AR b HER 28 08 LT
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Table 2 Summary of the datasets

2 Ml BE 4

pIEES HEAR FEA % FnH
alphabet 814 892 3
aquarium 922 892 3
bed 888 892 3
blog 943 892 3
border 840 892 3
brain 891 892 3
ufo 889 899 3
ufoll 881 899 3
venus 891 899 3
video 936 899 3
voituretuning 879 899 3
weed 876 899 3
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24 TWHER
AARAGURLR L, ENRREEEZRPUREENRAL G 2UREREESH B ZRPIR %
SR LA 7 2, IFH k-means k. AP S1VEM DP SR RIEAR S 5 & ML 45 4 10 77 20,06 BodE B
AT IR AR B R R ARG W T BB AR 20T LG A5 B, 21 FH A 28 F0 4l FE R fE AT VPAN . 3R 3 R T84
R SR TE N R S0 T (ke .
Table 3 Accuracies of different model algorithms (%)
3 AR LA 2 L (%)

k-means DP AP k-means.RBM DP.RBM AP.RBM k-means.W-RBM DP.W-RBM AP.W-RBM
alphabet 469136 43.2099 46.0494 48.382 7 46.4198 482716 48.395 1 46.172 8 48.518 5
aquarium  45.1648 41.4286 47.8022 48.901 1 41.7582 46.593 4 49.1209 44.395 6 47.033
bed 48.4058 41.0145 40.724 6 479710 42.1739 41.5942 49.346 4 41.739 1 42.173 9
blog 55.8427 42.5843 519101 53.932 6 44.6067 54.1573 55.9551 43.707 8 53.932 6
border 43.2222 39.6667 43.2222 42.666 7 41.000 0 43.4444 423333 43.5555 43.3333
brain 44.6835 41.1392 42.1519 46.0759 41.7722 44.6835 46.316 5 43.291 1 43.797 5
ufo 43.8271 39.5061 43.2099 428395 40.1235 41.8519 43.950 6 422222 43.8272
ufoll 441414 41.0101 47.4747 46.262 6 39.8990 46.969 7 47.474 7 40.101 0 47.5757
venus 50.6329 40.7595 55.5696 51.392 4 425316 55.1899 51.0127 44,5570 55.643
video 435106 40.7447 43.1915 43.1915 39.6806 43.1915 43.6170 41.3830 42.340 4
voituretuning 49.4118 44.8040 54.607 8 50.098 0 52.5490 55.2940 50.980 4 52.843 1 51.568 6
weed 46.0185 38.5185 45.8333 47.129 6 41.1111 464814 47.4815 40.370 4 45.740 7
average 46.8146 41.1988 46.8123 47.403 6 42.8021 47.3102 47.998 7 43.694 9 47.123 7

2 3 RN AR AN IR SR 2 TR B B v R R R AL R 3R 3 T LA H AR SO H RO T kMRS RE A Y
2 BRIEIR 2% S AV 27 =) 45 B b I #F aquarium 55 7 /N E8E 56 1 k-means. W-RBM HU15 # £ TE 7 %, 7£ alphabet
5 3 AN HHE S AP W-RBM U 1 5 IR 2, 7 border %04 45 1, AP.W-RBM U5 1 i A£ IE# % ALAE St 5
VAT IR A 240 W-RBM 5 B ARG A — 7€ B S T Rtk W-RBM 15 B0 7E 22 S8 0 5 b 9 v 3 o T FL A A Y
R Bf 6.
Table 4 Purities of different model algorithms (%)
* A4 AFEBRILLE (%)

k-means DP AP k-means. RBM  DP.RBM AP.RBM k-means. W-RBM DP.W-RBM AP.W-RBM
alphabet 0.5244 0.5476 0.5244 0.526 8 0.528 0 0.526 8 0.524 4 0.550 2 0.5256
aquarium 0.6809 0.6809 0.6809 0.685 1 0.680 9 0.680 9 0.686 9 0.680 9 0.680 9
bed 0.5940 0.6563 0.6563 0.659 4 0.661 5 0.663 5 0.652'5 0.657 3 0.662 5
blog 0.6823 0.6722 0.6709 0.678 5 0.672 2 0.696 2 0.674 7 0.6759 0.702 5
border 0.5391 0.5120 0.5261 0.538 0 0.530 4 0.528 2 0.5315 0.514 1 0.540 2
brain 04778 0.4580 04753 0.484 0 0.459 3 0.488 9 0.493 8 0.465 4 0.508 6
ufo 04354 04171 04500 0.472 0 0.436 6 0.459 8 0.478 0 0.440 2 0.467 1
ufoll 04405 04165 04570 0.448 1 0.4316 0.464 6 0.4519 04114 0.472 2
venus 0.6030 0.5158 0.5891 0.6129 0.5515 0.5950 0.616 0 0.520 8 0.5890
video 0.4970 04902 0.4893 0.486 4 0.501 0 0.490 3 0.487 4 0.501 3 0.489 3
voituretuning  0.6711 0.6711 0.6711 0.6750 0.673 7 0.6750 0.679 0 0.671 1 0.671 1
weed 04878 0.4356 0.4611 0.464 4 0.442 2 0.504 4 0.453 3 0.436 7 0.502 2

£ 4 @R T ARIERMAE R 4 PSR SE LA RS2 0] 0 5 4 B P A 3R 4 AT LR H,
ASRBMET bk DR ICFEAR R Z BRIOUR 22 2R 22 ) 45 R R A UF ,7F aquarium 55 4 DR &-
means. W-RBM HU 5 i FE 40 2 1F blog 5 4 AN s #5 7 , AP.W-RBM B8 T e fE 41 & ;#F alphabet F1 video 4 4
H,AP.W-RBM H1§ T e AR 45 ; HAE S i B AR 4l B B, W-RBM A5 8 S5 A 6 — 52 3 7. (R, W-RBM BB 7
ZHBAR G A T AR R Y Al

3 RYENMREE

ASCAEX R GG HE 2 S BT Frh 3R T — R T & DARICREAS B 99 MO B 22 ST HE SR I HE S iE T 2R 26
REKBFELI T HRICAEARIY eI Z IR PR % @ LI REE s B0 AT 7 okilk S th 72T & MRickeA
152 PRI R 22 2 WL SRR SE i 1 A Y 3 B e v A e i, OF Hal s (€ /] k-means. AP, DP $iikh
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W-RBM AR ZH 5 Dy Jl 208 BU AR5, K 2 1t 2 17 bR A e A F) . HL B L 5 9 S R AR A Bl S
A LAE BT kA FRICREAS K 55 B 5 STHEZR R0 T ke AR I RE AR 1) 52 IR 3B /R 26 8 L2 SIS 1 R0 43 4
£ EACTBLRY Be 00 10 B SR B A 0 AR SCHRE A AR 07 58 A W AT HL v 280 HA) AE 52 TR SR O BIE 7E oy, 3RATT I g 4k 2R
ANERITIET ke APRICREA ) 55 M8 22 ST HE SR 5 H o 2% 2 55 B 22 SO BE R (A LG R
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