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IlopiBHsIHHA perpeciiHUX MoJeJiell y 3a/1a4i MPOrHO3YBAHHS BapTOCTI
aBTOMO0iJIs 32 tonmomororw ML.Net

AHoTamiss. JlociipKeHHsT PUCBSIYEHE MPOTHO3YBAaHHIO BapTOCTI aBTOMOO1ISA
3a IOMOMOTOI0 MaIlIMHHOTO HaB4YaHHs Ha ruiatrgopmi ML.Net Ha OCHOBI iXHIX TeXHi-
YHUX XapaKTEPHCTUK, TAKUX SK MOJEIb, PIK BHUIYCKY, THII MajuBa, MpoOir, 00'em
JIBUTYHA Ta BUTpaTa najauBa. B HociiKeHHI BUKOPHUCTAHO KijJIbKa alrOPUTMIB perpe-
cii, Takux sik LightGbmRegression, FastTreeTweedieRegression, FastTreeRegression
SdcaRegression 1 LbfgsPoissonRegression. Mozeni 6ynu oiiHeH1 3a MeTpukaMu R?
(xoedimieHT nerepminaiiii), absolute-loss (abcomorHa moxubka), squared-loss (kBaj-
patnuHa noxubka) Ta RMS-loss (cepeanbokBaapaTuuHe noxuoOka). Halikpamn pe-
3yJbTatk oTpuMani st mozeneit LightGbmRegression ta FastTreeRegression, 1o
HiATBEPHKY€ IXHIO BUCOKY TOUHICTh Y MIPOTHO3YBaHHI BapTOCTI TPAHCIIOPTHUX 3aCO-
0iB. JlocniPKeHHsT BIIKpUBA€ HOB1 MOXJIMBOCTI JJIA TMOAAIBIIOTO0 BIOCKOHAJICHHS

MoJieJiel Ta iHTerpailii B peajibHi O13HEC-TIPOLIECH.

Kui04oBi cii0Ba — MpoTrHO3yBaHHS I1iH, MAIIMHHE HABYAHHS, PErpecis, MTyd-
Hui iaTenekt, ML.Net.

Mopens LightGbmRegression € ogHi€r0 3 HaHOIBIT TPOIYKTUBHUX Y 3aB/IaH-
HsX perpecii. BoHa 0a3yeThcs Ha rpaJiieHTHOMY OyCTHHTY HaJl IiepeBaMu PillieHb, 110
JIa€ 3MOTY JTOCSITTH BUCOKOI TOYHOCTI 32 PaxXyHOK 1ITePaTHBHOTO MOKPAIIEHHS MOJIETII.
Leit miaxin 3abe3nedye MOENl 3aTHICTh MIBUAKO aJaNTyBaTHCS O CKJIaJHUX 3ajie-
)kHocter y nanux [1]. Y namomy Bunaaky LightGbmRegression npoaeMoncTpyBana
OJIUH i3 HalKpamux pe3yasTaTiB i3 nokasHukoM (R? = 0.9456) Ta HU3EKUM 3HAUYEH-
HAM cepeaHbokBaapaTudHOoi 1moxuoku (RMS = 1106.16) Ta aGcomt0THOI MOXUOKHU
(796.99), 1o cBimUUTH MpoO ii 3AATHICT TOYHO MepeadayaTH BapTICTh aBTOMOOLTIB Ha

OCHOBI TEXHIYHUX XapaKTEPUCTHK.
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Monens FastTreeTweedieRegression BUKOPUCTOBY€E aIrOPUTM JiepeBa PillicHb,
OpIEHTOBAaHMW Ha PpO3B’s3aHHA 3a7ad perpecii 3a JONOMOrow (QYHKII BTpar
Tweedie[1-2]. Lls Mmoaens € epeKTUBHOIO B YMOBAX, KOJHU 3QJIKHOCT1 M1’K 3MIHHUMH
MOXYTh OyTu ckiagHuMu Ta HemiHiiiHuMH. FastTreeTweedieRegression moka3zana
nokazHuk (R? = 0.9406) 3 HeBenMKOIO abCOMOTHOIO MoxuOKoio (810.83) i Takox
BiJI3HAYMJIACS BUCOKOIO TOYHICTIO Ta CTAOUTBHICTIO IPOTHO31B.

SdcaRegression (Stochastic Dual Coordinate Ascent) € momemtro, sika Bijoma
CBO€I0 €(PEeKTHBHICTIO Ta IIBHJAKICTIO B 3ajadyax JiHIHHOI perpecii. Bona mpaitoe
NUIIXOM OINTHMI3AIlli AyaJbHUX KOOPIAWHAT JJISi 3HAXODKEHHS MIHIMyMY (QYyHKITIT
BTpart.[1-2]. Xoua SdcaRegression mpoieMOHCTpyBasia HIDKYUM MOKAa3HUK TOYHOCTI,
sokpema(R? = 0.7629), ii nepepara moJjsrac B MBUAKIA 00poOLi Benukux HaGopiB
JaHUX, 1110 MOXe OyTH KOPUCHHUM Yy CIICHAPIAX, 1€ KPUTHYHO BAXKIIMBA IIBHIKICThH

LbfgsPoissonRegression  (Limited-memory  Broyden—Fletcher—Goldfarb—
Shanno) € MmeTroom onTUMi3allii, AKHIl 3aCTOCOBYETHCS IO 3a]a4 JIOTICTUYHOI Ta My-
accoHOBOi perpecii. L Moaenp BiA3HAYAETHCS CBOEIO 3/IaTHICTIO MPAIIOBATH 3 BEJIH-
KUMU Ha0OpaMu JTaHUX 3a paXyHOK €()EeKTHBHOTO BUKOPUCTaHHs nmam'sTi [1-2], ane B
HaIIOMY JOCIIPKEHH1 BOHA MOKa3ayia A0 HUXKYl pe3yJIbTaTH MOPIBHSIHO 3 1HIIIMMHU
mozensamu (R? = 0.8903).

Haiikpami  pesynprat  oTpuMmani wmogemsmu  LightGbmRegression 1
FastTreeRegression, siki mpoJeMOHCTPYBaJld BUCOKI MOKa3HUKH TOYHOCTI. OOMABI
MOJIEJI1 TaKOX MOKa3alu HU3bK1 3HaueHHs moxubok (RMS 1106.16 nns LightGbm ta
RMS 1119.53 nnsa FastTree), mo poOuTh ix e(eKTUBHUMU JJIs1 TPOTHO3YBAHHS PUH-
KOBOT BapTOCTi aBTOMOOLIIB. [HII Moneni, Taki Ak SdcaRegression, mokasanu ripiii
pe3yJIbTaTH 32 TOUYHICTIO, MPOTE BIAPI3HUIUCH OLIBIIOK0 MIBUAKICTIO OOpOOJICHHS J1a-
HUX, II[0 MOXe OYTH KOPUCHHUM Y 3a/1a4ax, /¢ MBUAKICTh € KpUTHUYHUM MapaMeTPOM.
TecTyBaHHS MOJENIel TaKOXK BHSIBUIIO, IO MOJIENI 3 BUCOKUM Koe(DimieHToM nerep-
MIHaIli 3/1aTHI 3a0e3NeYnTH CTa0lIbHI Pe3yJbTaTH MpHU poOOTI 3 BEIMKUMU Habopa-
mu fanux. L{e gae 3mMory iHTEerpyBaTH iX y peaibHi MpoIecH aBTOMOOITEHOT TIPOMHUC-
JIOBOCTI /ISl TIOKPAILEHHS OI[IHKA aBTOMOOLIIB MpU KyMiBIi, IpoAaxy abo cTpaxy-
BaHHI. YC1 pe3yibTaTu 300paxeHi Ha puc. 1.
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dd CarPricePrediction2.0ML.Model
Trainer RSquared Absolute-loss Squared-loss RMS-loss
SdcaRegression 0.7629 1772.96 5329386.09 2308.55
LightGbmRegression .9456 796.99  1223583.69 1106.16
FastTreeRegression .9442 796.62 1253346.60 1119.53
FastTreeTweedieRegression .9406 810.83 1335736.13 1155.74
FastForestRegression .8586 1321.55 3178151.88 1782.74
LbfgsPoissonRegression .8903 1156.92 2465560.64 1570.21
OnlineGradientDescentRegression .4694 2640.33 11927197.69 3453.58
OlsRegression .8614 1340.28 31150835.74 1764.95
LightGbmRegression .9442 803.35 1255334.93 1120.42
FastTreeRegression .9419 812.00 1305412.87 1142.55
FastTreeTweedieRegression .9438 798.53 1262436.95 1123.58
LightGbmRegression .9377 870.70 1400805.92 1183.56
FastTreeRegression . 9067 1e42.50 2097085.29 1448.13
FastTreeTweedieRegression .3925 10180.70 121227183.79 11010.32
LightGbmRegression .9353 872.32 1454538.75 1206.e4
FastTreeRegression 3444 7988.31 75183787.30 8670.86
FastTreeTweedieRegression 6543 12231.72 172072789.65 13117.65
LightGbmRegression .9024 1074 .39 2193549.59 1481.06
FastTreeRegression .9453 780.32 1228613.25 1108.43
FastTreeTweedieRegression .3669 4783.41 30729193.88 5543.39
LightGbmRegression .9317 893.70 1536269.38 1239.46
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Pucynok 1. Pe3ynbratu TpeHyBaHb MOJAEIIEN
BucHoBOK. JlocmimkeHHs POIEMOHCTPYBAJIO, 110 MoJei
LightGbmRegression 1 FastTreeRegression € HaitO11bI1 epeKTUBHUMU IS TPOTHO-
3yBaHHS BapTOCTI aBTOMOOLIIB, 3a0€3MeUy0Ud BUCOKY TOYHICTH Ta HAJIHHICTh pe-
3yNIbTaTiB. IX MO’KHA BUKOPHCTOBYBATH B PEAIbHHUX CLEHAPIAX JUIS OLIHKU TPAHCIIO-
pTHUX 3ac001B Ha PUHKY.
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Comparison of regression models in the task of predicting the cost of a car

using ML.Net
Rostyslav Bachalo, Svitlana Yatsyshyn

The research is devoted to predicting the cost of a car using machine learning
based on the ML.Net framework. Based on their technical characteristics, such as
model, year of manufacture, fuel type, mileage, engine size, and fuel consumption.
Several regression algorithms were used, such as LightGbmRegression, FastTreeT-
weedieRegression, FastTreeRegression SdcaRegression and LbfgsPoissonRegression.

The models were evaluated by R? (coefficient of determination), absolute-loss,
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squared-loss, and RMS-loss metrics. The best results were obtained for the
LightGbmRegression and FastTreeRegression models, which confirms their high ac-
curacy in predicting the value of vehicles. The study opens up new opportunities for

further improving the models and integrating them into real business processes.
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