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DEVELOPMENT AND COMPARATIVE ANALYSIS OF SEMI-SUPERVISED LEARNING
ALGORITHMS ON A SMALL AMOUNT OF LABELED DATA

The paper is dedicated to the development and comparative experimental analysis of semi-supervised learning approaches based on a mix of unsupervised
and supervised approaches for the classification of datasets with a small amount of labeled data, namely, identifying to which of a set of categories a
new observation belongs using a training set of data containing observations whose category membership is known. Semi-supervised learning is an
approach to machine learning that combines a small amount of labeled data with a large amount of unlabeled data during training. Unlabeled data, when
used in combination with a small quantity of labeled data, can produce significant improvement in learning accuracy.
The goal is semi-supervised methods development and analysis along with comparing their accuracy and robustness on different synthetics datasets. The
proposed approach is based on the unsupervised K-medoids methods, also known as the Partitioning Around Medoid algorithm, however, unlike K-
medoids the proposed algorithm first calculates medoids using only labeled data and next process unlabeled classes — assign labels of nearest medoid.
Another proposed approach is the mix of the supervised method of K-nearest neighbor and unsupervised K-Means. Thus, the proposed learning algorithm
uses information about both the nearest points and classes centers of mass.
The methods have been implemented using Python programming language and experimentally investigated for solving classification problems using
datasets with different distribution and spatial characteristics. Datasets were generated using the scikit-learn library. Was compared the developed
approaches to find average accuracy on all these datasets. It was shown, that even small amounts of labeled data allow us to use semi-supervised learning,
and proposed modifications ensure to improve accuracy and algorithm performance, which was demonstrated during experiments. And with the increase
of available label information accuracy of the algorithms grows up. Thus, the developed algorithms are using a distance metric that considers available
label information.

Keywords: Unsupervised learning, supervised learning. semi-supervised learning, clustering, distance, distance function, nearest neighbor,
medoid, center of mass.

K. C. AIMKOBHH

PO3POBKA TA MMOPIBHSAJILHUM AHAJII3 AJITOPUTMIB HABYAHHSA 3 YACTKOBAM
3AJTYYEHHSIM BUMTEJISI HA MAJIHA KIJIBKOCTI PO3SMIYEHUX JTAHUX

Jlana po6oTa npucBsideHa po3poOIi Ta MOPIBHAIEHOMY aHAIIi3y aJrOpPUTMIB HaBYaHHS 3 YACTKOBHM 3aTydEeHHSM BUMTEINs, 3aCHOBAHUX Ha IOE€IHAHHI
HEKOHTPOJIbOBAHHX Ta KOHTPOJIbOBAHUX MiJXOMIB [0 Kiiacuikaiil HAOOPiB JaHKUX 3 HEBEIMKOIO KIJIBKICTIO MAPKOBAHNX JAHHX, 4 CAME BHSBIICHHIO, 10
SIKOi 3 HAOOPY KaTeropiii HOBE CHOCTEPEKCHHS HAJICKHUTH 3a JOIIOMOT0I0 HABYAJILHOTO HAOOPY JaHHX, 1[0 MiCTUTh CHOCTEPEIKCHHS, IPHUHAICKHICTD 0
kaTeropii skux Bizoma. HaBuaHHS 3 Y4aCTKOBHM 3allydeHHSIM BUHUTENS — L€ MiAXiJ 10 MAaNIMHHOTO HAaBYAHHS, SKUH ITO€NHYe HEBEIMKY KiJIbKiCTh
MapKOBaHHUX JIAHUX 3 BEJIMKOIO KiJbKICTIO HEMapKOBAaHHMX JIAHMX MijJ 4ac HaB4aHHA. HemapkoBaHi JaHi, SKIIO X BUKOPUCTOBYBATH B MOEJHAHHI 3
HEBEJIMKOIO KiTbKiCTIO MApKOBAHUX JAHUX, MOXKYTh 3HAUHO MOKPAIIUTH TOUHICTh HABYAHHS.
Meroro po6oTH € po3poOka Ta aHaJi3 METO/[iB HABYAHHS 3 YACTKOBHM 3aTydeHHSM BUHTEIS, a TAKOXK MOPIBHAHHS X TOYHOCTI Ta HaAIHHOCTI Ha Pi3HUX
Ha0Opax IUTYYHHUX JaHHUX. 3alPONOHOBAHMI MiJIXiZl 3aCHOBAaHMI Ha METOJIi HEKOHTPOJILOBAHOTO HaBYaHHS K-MemoiniB, TaKOXK BIZIOMHUIL SIK allrOPUTM
P030uTTS HABKOJIO MENOI/IB, O/IHAK, HA BiAMIiHY BiJ K-Meoi/iB, 3arpONOHOBAaHNUI AJIITOPUTM CIIOYATKy OOYMCIIIOE MEIOINN, BUKOPHCTOBYIOUH JIUIIIE
MapKoOBaHi JaHi, a nani o6po0Oiisie He MapKOBaHi eJIEMEHTH - IPU3HAYAE MITKH HaHOMIDKINX Menoi/. IHITM 3aIpOnoOHOBAaHNM IiIXO/IOM € TIO€THAHHS
KOHTpPOJIbOBaHOTO MeToay K-HalOmmK4ix cyciiiB Ta HeKOHTpoJIbOBaHOTO K-cepenHix. [1pu 1iboMy 3arponoHOBaHHid AITOPUTM HaBYaHHSI BUKOPUCTOBYE
iH(pOpMAILiIO SIK PO HAWOIMKYI TOYKH, TaK 1 MPO KJIACH IIEHTPIB MacH.
Meroxu Oymu peanizoBaHi 3 BAKOPHUCTaHHSIM MOBH IporpamyBaHHs Python Ta ekcriepuMeHTaNBHO TOCIIDKEHI /UTst BUPIMEHAS npobieM Kiacugikamii
3 BUKOPHCTaHHSAM HAOOpiB JaHMX 3 PI3HUMH PO3MOAITIOM Ta MPOCTOPOBUMHU XapakTepucTukamu. Habopu nanux Oymu cdopmoBaHi 3a JOMOMOTrOI0
6i0mioreku scikit-learn. Byno mopiBHSIHO po3poOIeHi MiAXoau 3a iX cepenHIo TOYHICTh 3a BCiMa JaraceTaMmu. byio mokasaHo, 110 HaBiTh HEBEJHKI
KIJTBKOCTI MapKOBaHWX IaHHUX JO3BOJISIOTh BHKOPHCTOBYBATH HABUaHHS 3 YAaCTKOBUM 3allydeHHSM BYHTEINS, a 3alpoNOHOBaHI Mopudikamil
3a0e3MeuyoTh MiBULICHHS TOYHOCTI Ta POOOTH AJITOPUTMY, IO OyJ0 MPOJEMOHCTPOBAHO MiJl Yac €KCHEPUMEHTIB. | 31 30UIbIICHHSIM JOCTYIHOL
iH(popMalii mpo SPIUKH, TOYHICTH AJTOPUTMIB 3pOCcTa€e. TaKUM YMHOM PO3pOOJIEHI ANrOPUTMH BUKOPHCTOBYIOTH METPHKY BiJIICTaHI, SIKa BPaxOBYe
JIOCTYITHY iH(OPMAILIO IPO APITHK.

Ku1rouoBi ci10Ba: HaBuaHHS 0€3 y4nTENsI, HABYaHHS 3 YUUTEIEM, HABYAHHS 3 YACTKOBUM 3aTly4eHHSIM BUUTEIS, KJIaCTepU3allis, BiACTaHb, QyHKIISL
BiJICTaHi, HAHOMMKYMIL CyCizt, MENOiM, IIEHTP Mac.

K. C. AIMKOBOH

PA3PABOTKA U CPABHUTEJIbHBINA AHAJIU3 AJITOPUTMOB OBYYEHMSI C YACTUYHBIM
IMPUBJIEYEHUEM YUHUTEJIA HA MAJIOM KOJIUMYECTBE PASMEYEHHBIX TAHHBIX

Jlannast paboTa mocBsieHa pa3paboTKe W CPABHUTEIBHOMY aHAIHM3Y aITOPUTMOB OOYYEHHUS C YACTHIHBIM MPUBICICHUEM YUHUTENs, OCHOBAHHBIX HA
COYETAHUH IMOJXOJIOB C MPHUBJICUCHUE YUHUTENd M 0e3 K KiacCU(UKAIMd HaOOPOB JaHHBIX ¢ HEOOJBIINM KOJMYECTBOM MapKHPOBAHHBIX JAHHBIX, &
HMMEHHO BBISIBIICHHIO, K KaKO# M3 Habopa KaTeropuii HOBOe HaOJII0IeHHEe MTPEICTOMT C IIOMOIIIBIO0 Y4eOHOT0 Habopa JaHHBIX, COEPIKAIIET0 HAOIIOCHNUS,
MPUHAUISKHOCTH K KATETOPHH KOTOPBIX n3BecTHA. OOyUeHne ¢ YaCTHIHBIM MPUBICICHAEM YIUTEIS — ITO MOAXO0/] K MAIIHHHOMY 00YYIEHUIO, KOTOPBIH
coyeraeT HeOOJBIIOe KOJMUECTBO Pa3MEUCHHBIX JTAaHHBIX ¢ OOJBIINM KOJMYECTBOM HE Pa3MEUCHHBIX JaHHBIX BO BpeMs oOydeHus. He pazmedeHHbIe
JIaHHBIE, €CITH UX MCIIOJIL30BATh B COYETAHUH C HEOOIBIIMM KOJIMYECTBOM Pa3MEUEHHBIX JAHHBIX, MOI'YT 3HAYMTEIBHO YIYUIIUTH TOYHOCTH OOYUEHHUSI.
Llenpio paGoThl SIBISETCSI pa3paboTKa M aHAIM3 METONOB OOYYCHHs C YACTUYHBIM MPUBICYCHHEM YUHTENS, a TAK)Ke CPABHEHHE MX TOYHOCTH H
HaJISKHOCTH Ha pa3IMYHbIX HA0Opax UCKYCCTBEHHBIX JAaHHBIX. [Ipe/IoKeHHBIN 110IX0/1 OCHOBAH Ha MeTojie 00yueHus Oe3 yuurens K-Memonn, Takxe
M3BECTHOTO KaK arOpUTM Pa30KMBKa BOKPYT MEIOM/I, OHAKO, B OTIMYKE OT cTaHgapTHoro K-Menou, npeiiosKeHHbIi alrOpUTM CHAYalla BEIYKUCIIAET
MEJIOH/IbI, HCTIONB3YSI TOJBKO Pa3MeUeHHbBIC JaHHbIE, a Jaiblie 00pabaThiBacT He pa3MEUEHHBIC — Ha3HAYACT METKH OMIKAHIINX MeTouI0B. Jpyrum
TIPEIUI0KSHHBIM IIOIXO/IOM SIBIISIETCS COUYETaHNe MeToaa o0ydeHus ¢ yanteneM K-Ommkaimmx coceneit u o0ydenus 0e3 yaurens K-cpennux. [Ipu atom
MPEJIOKEHHBIN arOPUTM 00YYEHHUS UCTIONB3YET MHMOPMAIIMIO KaK O OJIMKAUIINX TOUKH, TaK M O KJIaccax [EHTPOB Macc.

MeTtop! ObUTH Pean30BaHbI C HCIOIb30BAHUEM SI3BIKA MPOrpaMMupoBanusi Python u skcrepuMeHTanbHO MCCIEMOBAHBI UTS PEIMIEHHsT TPOOIEMBI
KJIacCH(UKAIMHU C KCIOJIb30BaHHEM HA0OPOB JAHHBIX C PA3IMYHBIMHU PACIIPEACICHUEM H MPOCTPAHCTBCHHBIMU XapakTeprcTHKaMi. Habopbl JaHHBIX
ObLTH cHOPMHUPOBAHEI ¢ TOMOMIBI0 GrOIHoTekH SCiKit-learn. Bruti mpoBeieHo cpaBHEHNE Pa3pabOTAHHBIX TOIXOI0B Ha OCHOBE UX CPEIHEH TOUHOCTH
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10 BCEM JaTaceTa. bbuio mokas3aHo, 4TO Jaxke HEeOOJbIINE KOJMMYECTBA Pa3MEUCHHBIX NAHHBIX MO3BOJSIIOT HMCIIONB30BATh OOYYCHHE C YACTUYHBIM
NPUBJIEYCHUEM YUUTENS, a MPeIIoKeHHbIe MOAU(UKAUU 00eCIeunBalOT IOBBIIICHHE TOYHOCTH M YCTOHYMBOCTH QITOPUTMa, 4TO OBLIO
MPOJEMOHCTPUPOBAHO BO BPEMs DKCIEPUMEHTOB. M ¢ yBelMuYeHHEM AOCTYNMHOH HHGOPMALMU O SIPJIBIKH, TOYHOCTh AJrOPUTMOB pacTeT. Takum
obpa3oM, pa3paboTaHHbIC AITOPUTMBI UCIIONB3YIOT METPUKY PACCTOSIHUS, YIUTHIBAIOLIYIO TOCTYITHYIO HH()OPMALIMIO O METKaX KJIacCOB.

KnioueBble cioBa: oOydueHne Oe3 yuurens, oOydeHHE ¢ yduTeleM, OOydeHHE C YAaCTHUYHBIM HPHUBIEUYCHHEM YUYHTENs, KIacTepH3allus,

paccrosiHue, QYHKIUUS pacCTOSHUS, OKaiImii cocell, MeJOM/, LIEHTP Macc.

Introduction. A large amount of data was produced
recently, and nowadays humanity had the opportunity to
store and process all this data. In all spheres of life people
try to use these data for optimizing business and life-
improving using Al and data mining.

There are several approaches to data processing and
analysis problem within the framework of machine learning
paradigms. One of them is unsupervised learning [1] when
we try to detect inner structure or patterns without human
supervision. The most efficient approach in machine
learning is supervised learning, when we have some data
with labels and try to learn a function on data points as label
pairs. In many cases, there is no opportunity to label all data
from different cases, causes are too complex and expensive
experiments, data streaming with large frequency [2], or
just high cost of data labeling. Therefore, in this case a
satisfactory compromise is semi-supervised learning when
we use datasets with a small amount of labeled that allows
learning better inner structure (fig 1).
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Fig. 1. Example of unlabeled data in semi-supervised learning

Semi-supervised  learning  includes  different
approaches, and can be used for any popular data analysis
problems, such as clustering [3], anomaly detection, latent
variables models.

The object of the study is the process of the data points
classifications, namely, identifying to which of a set of
categories a new observation belongs using a training set of
data containing observations whose category membership
is known.

The subject of the study is development of semi-
supervised methods for data classification.

The purpose of the work is to develop an improved
semi-supervised method using already exist supervised and
unsupervised approaches and compare their accuracy and
robustness.

Problem statement. Given a set of [ labeled

examples {< x1,y; >, ..., < x;,y; >}, where x; — feature
vector of i-th example and y; — its label (class), and a set of
u unlabeled data {x;,1, ..., X140} X1, %2, o, X144 € X and
V1, V2, -, X € Y. The goal is to determine some function
using given sets, that will correct map points from X to Y:
f(x;) =, for any point from X.

Related work. The semi-supervised learning
described in literature not so widely as unsupervised or
supervised, especially algorithms implementation.

In [4] Jesper E. van Engelen and Holger H. Hoose
gives an overview of semi-supervised approaches describes
assumptions of semi-supervised learning especially:
smoothness, low-density and manifold.

Semi-supervised approach  demonstrates  high
efficiency in solving clustering problems, the idea of using
of clustering algorithm was described in the review [5]. The
majority of these methods are modifications of the popular
k-means clustering method.

One of the simplest unsupervised approach is K-
Medoids also known as Partitioning Around Medoid
algorithm was proposed in 1987 by Kaufman and
Rousseeuw in [6]. A medoid is a point in the cluster, whose
average dissimilarities with all the other points in the
cluster is minimum.

K-medoid is a partitioning technique of clustering,
which clusters the data set of n objects into k clusters, with
the number k of clusters assumed known a priori.

Both the k-means and k-medoids algorithms are
partitional, which breaking the dataset up into groups, and
both attempt to minimize the distance between points
labeled to be in a cluster, and a point designated as the
center of that cluster. In contrast to the k-means algorithm,
k-medoids choose data points as centers and can be used
with arbitrary distances, while in k-means the center of a
cluster is the average between the points in the cluster
(fig. 2). Consequently, K-medoids is more robust to noise
and outliers as compared to K-means.

(a) Mean (b) Medoid

Fig. 2. Mean and medoid difference

The supervised approach described in [7]. The nearest
neighbor decision rule assigns to an unclassified sample
point the classification of the nearest of a set of previously
classified points. Thus, for any number of categories, the
probability of error of the nearest neighbor rule is bounded
above by twice the Bayes probability of error. In this sense,
it may be said that half the classification information in an
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infinite sample set is contained in the nearest neighbor.

One of the popular semi-supervised methods is
kernels based methods [8], especially Transductive support
vector machines [9, 10]. This method has the same pros and
cons as classic Support Vector Machine, but the main cons
are that the algorithm works only with binary classification
and has exponential computation time while a data set to
increase.

Semi-supervised methods. As a baseline was chosen
clustering algorithms implemented in the scikit-learn
library [11, 12]. Algorithms use different approaches and
library has interfaces for using custom metrics.

The proposed algorithm uses the K-medoid approach
as a base idea. However, unlike K-medoids the proposed
algorithm first calculates medoids using only labeled data
and next process unlabeled classes —assign labels of nearest
medoid.

This algorithm has the following pros:

— reduced processing time, because required only
multiple iteration throw points unlike standard K-medoid;

— more robustness to wrong assigned labels, because
the algorithm gives higher weights to labeled data in the
medoids calculation step.

Another proposed approach uses the idea of K-nearest
neighbors and K-Mean algorithm, because for classifying
we use both information about the nearest points and
classes centers of mass (algorithm 1).

As a distance metric was used Euclidean distance but
any metric could be used.

Classes’ centers do not recalculate after each
assignment, because experiments show that it does not
bring results but takes more computation time.

So, the described above method allows:

— consider information about the nearest point,
because in most cases point has the same label as its
neighbors;

— combine a different kind of information;

— tune weight of different sources using input
parameters.

Experiments. For experiments purpose was
generated multiple datasets using sklearn library. Each
dataset contains 250 points in 2D space. Available only
10% of labels as default. In addition, datasets have multiple
clusters with different distributions and shapes (fig. 3).

We will compare different approaches to find average
accuracy on all these. In Tab. 1 we can see that the best-
unsupervised method is K-nearest neighbors based
algorithm has higher average accuracy. The fig. 4 shown
the same result. Especially the K-nearest neighbors based
approach has better accuracy in case of closely located
clusters with the same distribution.

Another required feature of a semi-supervised
algorithm is quality versus a number of labels dependency:
more labels — higher quality and vice versa. However, fig. 5
shows that the proposed methods perform more accuracy
with increasing number of available labels.

Table 1 — Accuracy comparison

Method name Dataset name Average
Moons | Aniso | Varied | accuracy
K-medoids based 0.860 | 0.864 | 0.904 0.876
K-nearest neighbors
based
(N=5,C=2) 0.904 | 0.900 | 0.912 0.905

Algorithm 1. Object classification using K-NN based approach

Input:

X — feature matrix n*m, n — number of objects, m — number of features
y — labels vector of length n, y[i] = -1 if no label data for i-th object

K — number of nearest points
C — weight of nearest class center
Output:
y_predicted — vector of length n with object labels

1: y predicted < empty list of length n
2:  unlabeled_idxs « list of indexes where y = -1
3:  labeled_idxs «<list of indexes where y > -1
4:  center_coordinates « list of center coordinates for each class, calculated using available labels
5. random shuffle unlabeld_idxs
6: foriinunlabeld_idxs do
7: distances_i < distances from i-th object to each object with indexes in labeled_idxs
8: argsort distances_i
9: nearest_idxs < indexes of first K elements from distances i
10: classes_dist_i < distance from i-th object to each classes' center
11: neares_class_idx < index of nearest class to i-th object
12: cls_counts « list, where j-th element denote numbers of points belong to j-th class among nearest_idxs
13: cls_counts[neares_class_idx] « cls_counts[neares_class_idx] + C // add additional value for class with nearest center
14: label < argmax(cls_counts)
15: y_predicted[i] « label
16: end for
17: foriin labeled_idxs do
18: y_predicted[i] < y[i]
19:  end for
20: returny_predicted
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Fig. 3. Datasets visualization; the legend shows classes’ label, -1 — unlabeled point;
a, b — moons dataset, 2 classes, with non-convex and separable shapes;
¢, d —aniso dataset, 3 classes, convex shape with same class variation, not separable;
e, f — varied dataset, 3 classes with a convex shape and different class variation, also not separable
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Fig. 4. Predicted labels visualization; a, ¢, f — unsupervised K-Medoids;
b, d, f— semi-supervised K-nearest neighbors based method
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