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PARALLEL IMPLEMENTATION OF THE METHOD OF GRADIENT BOOSTING

The issue of machine learning has been paying more attention in all areas of information technology in recent times. On the
one hand, this is due to the rapid growth of requirements for future specialists, and on the other - with the very rapid
development of information technology and Internet communications. One of the main tasks of e-learning is the task of
classification. For this type of task, the method of machine learning called gradient boost is very well suited. Grading boosting
is a family of powerful machine learning algorithms that have proven significant success in solving practical problems. These
algorithms are very flexible and easily customized for the specific needs of the program, for example, they are studied in
relation to different loss functions. The idea of boosting is the iterative process of sequential building of private models. Each
new model learns based on information about errors made in the previous stage, and the resulting function is a linear
combination of the whole ensemble of models, taking into account minimization of any penalty function. The mathematical
apparatus of gradient boosting is well adapted for the solution of the classification problem. However, as the number of input
data increases, the issue of reducing the construction time of the ensemble of decision trees becomes relevant. Using parallel
computing systems and parallel programming technologies can produce positive results, but requires the development of new
methods for constructing gradient boosting. The article reveals the main stages of the method of parallel construction of
gradient boosting for solving the classification problem in e-learning. Unlike existing ones, the method allows to take into
account the features of architecture and the organization of parallel processes in computing systems with shared and distributed
memory. The method takes into account the possibility of evaluating the efficiency of building an ensemble of decision trees
and parallel algorithms. Obtaining performance indicators for each iteration of the method helps to select the rational number
of parallel processors in the computing system. This allows for a further reduction of the completion time of the gradient
boosting. The simulation with the use of MPI parallel programming technology, the Python programming language for the
architecture of the DM-MIMD system, confirms the reliability of the results. Here is an example of the organization of input
data. Presented by Python is a program for constructing gradient boosting. The developed visualization of the obtained
estimates of performance indicators allows the user to select the necessary configuration of the computing system.
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Statement of the problem

Recently there has been a rapid development of
computing power and this development has significantly
increased the ability to collect, process and analyze
information. These opportunities are now used in a
variety of subject areas, such as advertising, medicine
and trade [1]. The section of science that deals with the
research of algorithms for analyzing and forecasting
data using information systems is called machine
learning. Machine learning allows you to work with
parameters that are not manually set, but appear in a
semi-automatic mode thanks to the primary processing
of data. One of the main tasks of data analysis in
machine learning is the task of prediction and
classification [2]. There are many algorithms for solving
these problems, such as linear regression, support vector
method, nearest neighbors’ method, logistic regression,
solving trees, neural networks, etc. Unfortunately,
sometimes the data has complex or combined
properties, in such cases, not one algorithm or model is
used, but a set of models combined into a composition
(ensemble of models). Then the result is determined in
the form of aggregation of the results obtained, for
example, in the form of a linear combination [3]. The
first papers devoted to the study of this problem of weak
and strong learning algorithms were carried out in the
80's. Weak learning algorithm means that in a
polynomial time it is possible to build an algorithm of
recognition, the accuracy of which will be at least
slightly more than 50%. By strong learning ability it is
meant that it is possible to construct an algorithm in
polynomial time, which could give arbitrarily accurate

results. Studies have shown that strong training is
equivalent to a weak one, since a weak model can be
strengthened by constructing the correct composition
[2]. In 1996, based on these studies, the Ada Boost
algorithm was developed. This algorithm quickly gained
popularity due to its simplicity and efficiency. The
continuation and generalization of the Ada Boost
algorithm is a gradient boosting which is one of the
most popular ensemble methods. Successful application
of ensemble methods is conditioned by the variety of
basic models, on the basis of which the final model is
built. Boosting began to be actively used in the tasks of
ranking the issuance of search engines. This task was
discharged from the point of view of the function, which
is penalized for errors in the order of issuance, so it
became convenient to simply insert it into gradient
boosting realization [2].

One of the first to implement the AltaVista ranking,
and soon followed by Yahoo, Yandex, Bing and others.
Gradient boosting is not a specific algorithm, but a
general methodology, how to build model ensembles.
Moreover, the methodology is quite flexible and
extensible: it is possible to train a large number of
models, considering the various loss functions, and at the
same time to attach various weight functions to them [1].
The article presents the main stages of constructing a
model using parallel gradient boosting and decision trees
for solving the classification problem.

Objectives of the article. The aim of the article is to
describe the main steps of the gradient-boosting method for
e-learning tasks using the parallel construction of the
tree in the interest of creating information technology
for solving classification problems.
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Research and Results

We introduce some definitions and concepts.

Gradient boosting is a method of machine
learning for regression and classification problems
that creates a forecasting model in the form of an
ensemble of weak prediction models, usually
decision trees. He builds the model step-by-step, like
other enhancement methods, and generalizes them,
allowing to optimize an arbitrary differentiable loss
function. In Fig. 1 shows an example of the Python
gradient program boosting.

for i in range(30):
tree = DecisionTree(xi,yi)
tree.find_better_split(0)
r = np.where(xi == tree.split)[0][0]
left_idx = np.where(xi <= tree.split)[0]
right_idx = np.where(xi > tree.split)[0]
predi = np.zeros(n)
np.put(predi, left_idx, np.repeat(np.mean(yifleft_idx]), r))
np.put(predi, right_idx,
np.repeat(np.mean(yi[right_idx]), n-r))
predi = predi[:,None]
predf = predf + predi

ei =y - predf
yi = ei
# plotting after prediction

xa = np.array(x.x) # column name of x is x
order = np.argsort(xa)

Xs = np.array(xa)[order]

ys = np.array(predf)[order]

#epreds = np.array(epred[:,None])[order]

f, (ax1, ax2) = plt.subplots(1, 2, sharey=True, figsize
=(13,2.5))

ax1.plot(x,y, '0")

ax1.plot(xs, ys, 'r")

ax1.set_title(f'Prediction (lteration {i+1})")
ax1.set_xlabel('x’)

ax1.set_ylabel('y / y_pred')

ax2.plot(x, ei, 'go")

ax2.set_title(fResiduals vs. x (Iteration {i+1})')
ax2.set_xlabel('x’)

ax2.set_ylabel('Residuals')

Fig. 1. Python gradient program boosting

Busting is a meta-algorithm of machine learning
of the ensemble, which primarily reduces bias, as
well as variance in controlled learning and a family
of machine learning algorithms that turn weak
students into strong ones [6].

Decision trees are a way of presenting rules in a
hierarchical, consistent structure [1]. In Fig. 2
showed an example of the temporary parallel model
of boosting decision trees.

Loss functions - In mathematical optimization,
statistics, econometrics, decision theory, machine
learning and computational neuroscience, a loss
function or cost function is a function that maps an
event or values of one or more variables onto a real
number intuitively representing some "cost"
associated with the event [6].
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Fig. 2. Temporary parallel model
of boosting decision trees

Ginny index - A statistical indicator by which
one can describe the nature of the change of one
magnitude relative to the change in the other [1].

The main stages of the construction of the
method are shown in Fig. 3.

Input data:

— Decision trees built using a parallel method.;

— Architecture Classes (VLIW - GPU,
AMD/ATI Radeonv (HD5770), RISC - ARM

ThunderX, CISC - IBM System z10);

— decision time T, task;

— architecture characteristics: the number of
NM processors.

— Parallelization (CUDA, Open MP API-
interface, MPI)[2]

Output data:

A subset of the original data distributed in
accordance with the classes. Estimates of
performance indicators: acceleration, accuracy, time
building a model, the complexity of the program.
Consider the appointment and formalized description
of the main stages of modeling [1].

Stage 1 (symbol 2, Fig. 3) choice of the
architecture of the computer system, depending on
the requirements of the customer.

Step 2 (symbols 3,4,5,6, Fig. 3) - provides a
kind of decomposition depending on the chosen
architecture.

Step 3 (symbol 7, Fig. 3) - provides a choice of
technology for parallel construction of the algorithm
of gradient boosting.

Step 4 (symbol 9, Fig. 3) - building a decision
tree on each node (Fig. 3.4)

Stage 4 (symbol 8, Fig. 3) - the construction of
an ensemble of trees in one process.

Step 5 (symbol 10, Fig. 3) forwarding all an-
tree-trees to a single process. The parallelism of the
algorithm for constructing gradient boosting
becomes possible only with the method of
constructing the calculation process, based on the
use of the associativity of the addition operation to
calculate the loss factor.
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Input data:

- Decision trees constructed using parallel
computation;

- Time to solve the problem Tj;

- NM, — the maximum number of
processors;

- classes of parallel architectures {vliW-
GPU, AMD/ATI Radeon (HD5770),
RISC-ARMThunderX, CISC-IBM
Systemz10};

- parallel computing technology {CUDA,
Open MP, MPI}

2
Choice of the architecture of computing
systems NM=1

SISD

Data decomposition

—7
Choice of parallel processing technologies

Functional decomposition

|A

I~

— 8
The distribution of solution trees by the
number of processes

p |
Construction of decision trees ensemble on
every process
10 |

Implementation of the modified cascade scheme and
transfer the data to a single process
—11 [
Evaluation of performance indicators:
the time of building the model T,, the acceleration
S.m» the complexity of the program Q, coefficient
Logistic loss

No

Yes
< No —13 NM<= NM,
—15
Output data: Yes
- A subset of the classified data; 14
- evaluation of performance indicators: ’7 NM =NM + 1 —
Logistic loss coefficient,

problem solving time T,
acceleration,
error of results.

Fig. 3. The main stages of the method of parallel gradient boosting
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This stage is divided into several iterations. sum
able values are divided into (n/logyn) groups, each

of which contains fog,n elements;

Next, for each group, the sum of the values is
calculated using a sequential summation algorithm;
calculations in each group can be carried out
independently of each other (ie, parallel — for this,

there must be at least (n/fogzn) processors); further

for (n/log,n) the sum of individual groups is

applied cascade scheme. In this scheme, there are
two stages in the first stage of the cascade scheme,
all the initial data is divided into pairs and for each
pair the sum of the values is calculated, then all the

resulting sums of pairs are also divided into pairs
and again the summation of the values of the pairs,
[5]. This approach is the implementation of a
modified cascade scheme (Fig. 4).

The results of using parallelism in the
construction of gradient boosting can be commented
as follows.

The best acceleration gain is achieved by using
8 processes. Using the parallel gradient boosting
algorithm allows you to speed up the retrieval of
results by 14 times, but the process of writing a
program becomes more complicated, and adding
parallelism increases the probability of the need to
change the classifier (improving the detail)
otherwise the function of the classifier logistic loss.
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Obtaining
classification results
and obtaining a
coefficient loss factor

Fig. 4. The scheme of parallel gradient boosting

Level of confidence in parallel execution
72.24% when using one stream confidence level
68.1%.

Conclusions

1. The main stages of constructing gradient
boosting using a parallel construction of the decision

tree are considered for e-learning tasks in the
interests of creating information technology for
solving classification problems.

2. Parallelism of the gradient algorithm

It becomes possible only when construction of
the process of calculations, based on the use of
associatively of the operation of addition.
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IMapajesibHa peastizanisi MeTOxy rpaficHTHOrO OyCTiHTY
O. I'. Toncronysska, b. B. [lapmennes, O. FO. Mopo3

OcTaHHIM 4acoM NHUTaHHIO MAIlMHHOIO HAaBYaHHS IPUAUIAETHCS Bce Oulblle yBarm y BeiX ramys3sx iHhopmariiHux
TeXHOJOrii. 3 oqHOro OOKy Iie OB’ A3aHO 31 CTPIMKUM POCTOM BUMOT 10 MaiOyTHIX (axiBLiB, a 3 1HIIOTO - 3 Jy)KE IBUAKUM
PO3BUTKOM iH(pOpManifHUX TeXHONOriH Ta [HTepHeT KOMyHiKanii. OnHI€IO 3 TOJIOBHUX 3a1ady e-learning € 3agava kiacugikaii.
Jliis maHoro THIy 3amad ayxe Jo0pe MiIXOAUTh METOJ MAaIlMHHOIO HaBUAHHS ITiJ| HAa3BOIO IpamieHTHH OycTiHr. I'pamieHTHHI
OyCTHHI' Ll CIMEHCTBO IMOTY)KHMX aJTOPUTMIB MALIMHHOTO HaBUYaHHSA, SKi NPOJEMOHCTPYBAJIM 3HAYHUM YCIIX Y BHUpIIICHHI
NPaKTUYHUX 3aBIaHb. JlaHi anropurMu € IyxKe THYYKMMH 1 JIETKO HAJIALITOBAHUM I KOHKPETHHUX IIOTpeO® mporpam,
HAIPUKIIAJ, BUBYAIOTBCA MO BIJHOLIEHHIO 10 pi3HUMX (YHKUiH Brpar. Ines OycriHra nomdrae B iTepaTUBHOMY MpOLEC
OC/IiZIOBHOrO 10OYI0BK NpHUBaTHUX Mozelsield. KoxHa HOBa Mozenp HaBYA€THCS IPYHTYIOUMCh Ha iH(GOpMaLii npo MOMMIIKH,
3po0JIeHNX Ha TOIIepeTHhOMY €Talli, a pe3yabTyloda (GyHKIIs sBisie coOOk0 NiHIMHY KOMOIHAMLiI0 BCHOro aHCcaMOIIio Mozieleit 3
ypaxyBaHHAM MiHiMi3awii Oyab mrpaduuit pyakuii. MaremMaTHuHui anapaT rpafieHTHOro OYCTiHI'Y FrapHO IPUCTOCOBYEThCS JUIS
pimenHst 3ama4i knacugikarii. OnHak, 3 POCTOM KUIBKOCTI BXIJHUX JaHHX CTAa€ aKTyaJbHUM ITUTaHHS 3MEHIIEHHS dacy
noOynoBy aHcaMONI0 JiepeB pillleHb. BuKOpHCTaHHS HapanenbHUX OOYMCIIOBAIBHUX CHUCTEM Ta MapalelbHUX TEXHOJIOTiH
MPOrpaMyBaHHsI JI03BOJISIE OTPUMATH MO3UTHBHI PE3yJIbTaTH, ajle BUMArae po3poOKM HOBUX METOAIB MOOYIOBH I'pajliEeHTHOrO
OycTiHry. ¥ €TaTTi pO3KPHBAIOThCS OCHOBHI €Tallld METONy MapajenbHOi MOOYZOBH I'paJieHTHOro OYCTIiHTY ULl BUPILIEHHS
3amaui knacudikanii B e-learning. Ha BiaMmiHy Bin iCHYroYMX, METOJ I03BOJSE BPaxOBYBATH OCOOJIMBOCTI apXiTEKTypu i
opraizarii napajaeabHUX IPOLECiB B 00UMCIIOBAIFHUX CHCTEMAX 13 3araIbHOIO 1 PO3IOIICHO0 TaM sITTIo. B Meroxi BpaxoBaHa
MOJJIMBICTD OLIHKU MOKAa3HHUKIB e()eKTUBHOCTI MOOYJ0BH aHCAMOJIIO AepeB PIllleHb Ta MapaielbHUX anroputmis. OTpuMaHHA
MOKA3HHUKIB e()eKTUBHOCTI Ha KOXHIH iTepalii MeToly aornomarae oOpaTH palioHaNIbHY KUIBKICTh HapasieNIbHUX HPOLECOPiB B
obunciroBasbHIM cuctemi. lle n03Bonse NOMOrTHCS NOIANBIIOIO CKOPOYEHHS 4acy 3aBEpIICHHS TI'PajieHTHOro OycCTiHra.
ITpoBeneHe MOJENIOBAHHS 3 BUKOPHCTAHHIM TE€XHOJIOrIT napaienbHoro nporpamyBanis MPIL, moBu nporpamysanns Python s
apxiTekTypu obuucioBaibHOi cucremu DM-MIMD ninreepikye 10CTOBIPHICTh OTPUMAHKX pe3yibTaTiB. HaBoauThes npukiial
opranizauii BxizHux nanux. IIpencrasneno Python mporpamy juis nmoOynosu rpagientHoro Oycrinra. Po3poOnena Bisyanizaris
OTPHMaHUX OLHOK IIOKa3HHUKIB €()eKTHMBHOCTI JO3BOJSIE KOPHUCTyBady oOpaTH HeoOXinHy KOH]irypariro 004MCIIOBaIBHOL
CHCTEMHU.

Kaw4yoBi ciaoBa: rpaiieHTHE HiJCUICHHS; TApaICIbBHUN alrOpUTM; AEPEBO PIillleHb; OLIHKA e()eKTHBHOCTI MapajebHOro
aITOPUTMY; €IEKTPOHHE HaBUAHHSI.

[MapanneabHas peann3anusi MeTo1a rPaJueHTHOro OyCTHHTA.
E.TI. Toncronyxckas, b. B. Ilapmennes, O. 0. Mopo3

B nmocnemHee Bpemst Bompocy MamIMHHOrO oOydeHHsi yheisiercs Bce Oonblle BHUMAaHUS BO BCEX 00JIacTsIX
nHpopMaoOHHbIX TeXHONOrud. C OIHOHW CTOPOHBI 3TO CBSI3aHO CO CTPEMHTENIBHBIM pPOCTOM TpeOOBaHMH K OyIyIuM
CIIEIHAJIUCTOB, a C IPYTrOi - C OY4EHBb OBICTPBHIM pa3BUTHEM MH(GOPMALMOHHBIX TeXHONOruil 1 ViHTepHeT KoMMyHHKarmi. OqH0N
W3 TJIaBHBIX 3ajay e-learning siBisieTcs 3amada Kiaccuukarmu. /s JTaHHOTO THIIA 3aJa4 OYE€Hb XOPOIIO HMOIXOIUT METOI
MAIIMHHOT0 00y4YeHUsI 110J] Ha3BaHUEM T'paJieHT OycTuHT. [ pagueHT OyCTHHT 3TO CEMENCTBO MOIIHBIX aJlTOPUTMOB MAIIHHOTO
00y4eHHUs, KOTOpBIE IPOJEMOHCTPUPOBAIN 3HAYUTEIBHBIN yClleX B pEIICHWH IpaKTUUeCKuX 3anad. J[aHHble anropuTMbI
SIBJISIIOTCSL O4€Hb THOKMMU | JIETKO HACTPauBaeMbIM ISl KOHKPETHBIX HYXK IIPOrpaMMBI, HAIPHMeEp, H3y4al0TCsl 110 OTHOIICHUIO
K pa3nu4yHbIM (QYHKIHMSM HOTepb. Mnest OycTHHra 3aKiIiodaeTcsi B HTEPaTUBHOM IIPOIECCE ITOCIE0BATEIFHOTO HOCTPOSHHS
4qacTHBIX Mojeield. Kaxkias HOBast MOZieNIb yUUTCSl OCHOBBIBasICh Ha MH(opMamyy 00 omubKax, CAeTaHHBIX Ha MPEeIbIIyleM
JTame, a pe3yabTHUpYomas (YHKIUS IPeACTaBisieT COO0OH JMHEHHY0 KOMOMHAIMIO BCErO aHCaMOJsl MoJeleld C ydeToM
MHUHUMHM3AIHN J1I0001 mrpadHOi GyHKIMU. MaTeMaTndeckuil anmapaT IpaJieHTHOro OyCTHHIa XOPOIIO NPUCIOCa0IMBAEMBbIit
JUIsL perieHust 3axaun kiaccudukanuy. OmHAKoO, ¢ POCTOM KOJIMYECTBA BXOIHBIX JaHHBIX CTAHOBHUTCS aKTYaJbHBIM BOIPOC
YMEHBIIEHHs] BpEMEHH ITOCTPOCHUSI aHCaMOJIsl IepeBbeB peleHui. Vcnonp30BaHne napauielIbHbIX BBIYUCIHTEIBHBIX CUCTEM H
MapauIeNIbHBIX TEXHOJOTHH MPOrpaMMHPOBAHMS MO3BOJISET MOJNYYHTH MOJIOKUTEIBHBIE PE3YbTaThl, HO TpeOyeT pa3paboTKu
HOBBIX METOJIOB IIOCTPOCHUS TpagueHTHOro OycTuHra. B cTaThe pacKphIBalOTCS OCHOBHBIE 3Tallbl METOZAA IapajlIeIbHOM
MIOCTPOEHUS I'PaIMeHTHOr0 OyCTHHTa ISl pelieHus 3a1aun Kiaccudukanmy B e-learning. B otimume ot cymecTByommx, MeTox
MO3BOJISIET YYUTHIBATh OCOOEHHOCTH apXUTEKTYphl H OpPraHW3aliH MapaulelIbHBIX MPOLECCOB B BEIUYUCIUTEIBHBIX CHCTEMax C
obmeil U pacrpezeNieHHON MaMATbIO. B Meroze ydTeHa BO3MOMKHOCTH OLICHKH IOKa3arened 3()(EeKTHBHOCTH IIOCTPOEHUS
aHcaMmOJIsl IepeBhEB PEIICHUH M MapaulelbHBIX anropuTMoB. [lomydeHne mokasatenel 3()(EKTUBHOCTH Ha KaIOH HTepanuu
MeToJa IOMOraeT BHIOpaTh PAIMOHAIBHYIO KOJMYECTBO IapajUIebHBIX IIPOLECCOPOB B BBIYHUCIHUTENBHOW CHUCTEME. JTO
MO3BOJISIET JOOHUTHCS TAJIBHEHIIIEr0 COKPAICHNs] BPEMEHH 3aBepIIeHHs I'paJlieHTHOro OycruHra. [IpoBeieHo MoJeInpoBaHue ¢
HCITOJIb30BaHIEM TEXHOJIIOIHHU MapauiensHoro nporpammupoBanus MPI, si3eikn nporpammupoBanust Python s apxutektypsr
BbIUMCIUTENbHOH cucreMsl DM-MIMD nonrsep:kgaeT OCTOBEPHOCTh IIOJIYYEHHBIX pe3yibTaToB. lIpuBomurcs Inpumep
opraHu3aliy BXOIHBIX JaHHBIX. [IpexcraBnensr Python mporpaMmy muist mocTpoeHus rpagueHTHOro Oycrunra. Paspaborannas
BH3yallM3alUsl IOJYYeHHBIX OLIEHOK IT0Ka3zaTened 3()(EKTUBHOCTH II03BOJISIET IIOJIB30BATEIIO BBHIOPATh HEOOXOIUMYIO
KOH(UTYpaIHIO BEIYUCIHTEIHHON CHCTEMBIL.

Kao4deBble c0Ba: IOBHIIICHUE rpaancHTa, HapaJ'[J'leJ'[BHBIﬁ AJIrOpUT™M; IEPEBO pemeHHﬁ; OLICHKa 3(1)(1)GKTI/IBHOCTI/I
TapaJujICJIbHOI'O aJIrOpUTMa; JICKTPOHHOE 06y'-leHI/I€.
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