Bomnpock! 151 “TOroBoro KOHTpoJIsi o aAucuuruinie “KommnesrotepHoe 3peHue’.

1. KakoBa OCHOBHas II€JIb KOMITBFOTEPHOTO 3PEHHUS M KaK OHO OTIIMYACTCS OT
oObrYHON 00paboTkM m300paxkeHuii? Kakue HOBBIE 3a7aun HEOOXOIUMO peliaTh B
npoiecce 00padoTKU N300pakeHni?

2. Kakuie OCHOBHbBIE HAIlpaBJIEHUsI UCKYCCTBEHHOTro nHremiekra (MN) cymecTByror
U Kakue y HUX OocHOBHble mpuMeHeHMs? Kaxue obmactu MM Hambonee mmpoko
IPUMEHSIOTCA U KAKOBA UX MPAKTUYECKask 3HAYMMOCTh?

3. O6wsacaute xu3HeHHbIN Uk M. TTouemy BakHO, uT00BI MM -cucTeMbl ObLIH
3O PEeKTUBHBIMU W AJANTUBHBIMH, U KAKHUE TEXHUYECKHUE M METOAOJOTUYECKHUE
MOAXO/AbI CYIIECTBYIOT JIJIA TOCTUKEHUS ITON 1enn?

4. O0BACHHUTE TPU OCHOBHBIE 3TaIla MPOLECCAa KOMIIBIOTEPHOTO 3pEHUS U ONUILNUTE
UX 3HaYEHHE, KaK ITH Tallbl BMECTE YITydIlalOT aHAINU3 U300paKeHU?

5. OObsiCHUTE MOHATHUE MUKCEINSI U €r0 3HaYeHue B o0paboTke m3obpakenuid. Kak
U3MEHSIETCS UHTEHCUBHOCTD MUKCENS B 8-OMTHOM CEpOM HM300PaKEHUH U KaK ITO
BIIMSIET HA KAUE€CTBO U300paxkeHus?

6. Uro Takoe kanapsl B cexkyHay (FPS) u xak oHM BIMAIOT Ha KauecTBO BHUAEO?
CpaBHuTte 00b1uHbIe 3HaueHUs1 FPS 1 00bsicHUTE UX TPUMEHEHMS.

7. Paznuuute OMHapHBIE, CephIC U IIBETHBIE M300pakeHus. [lepeuncnure TUIMHYHbBIE
NPUMEHEHUST NI KaXJ0ro TUMa H300paKeHHM, B KaKuX OOJacCTSIX ATH THUIIBI
M300paKeHUI MTpeanouTuTenbHee?

8. UTo Takoe MOBBIMIEHNE PE3KOCTH M300paKCHHS M TIPUBEANTE IIPUMEP OTHOTO U3
IITUPOKO MCTIOIB3YyEMBIX AJITOPUTMOB JIUISI ATOU 11EJTH, KaK ATH aJITOPUTMBI pabOTa0T
U B KaKUX Ciydasx oHH d(PPEeKTUBHBI?

9. KakoBa nenp pynkuuu cv2.getRotationMatrix2D u xak oHa HCTONb3yeTcs AJis
BpaIIeHUs N300paKeHus1, Kak 3Ta (PyHKIIHUSI U3MEHSET n300pakeHne?

10. Jlaitte undopmaruio o nerekropax CoOensi, dTamax OOHApYXKEHHS KpacB
n3o0paxeHu U ux d3PHEKTUBHOCTH, OOBSICHUTE MIPUHIUIIBI UX PAaOOTHI U 00J1aCTH
MIPUMEHEHUSI.



11. daitte nndopmalimio 0 OCHOBHBIX HAINIPABICHUSIX UCKYCCTBEHHOI'O MHTEIICKTA
(M) n mmpoko mpuUMEHSIEeMbIX 00acTsIX, TOAPOOHO OOBSICHUTE IPEUMYIIECTBA U
MPaKTUYECKUE MPUMEHEHHUSI KaXJ0T0 HAPaBICHUSI.

12. Jlaitte mHpopmarmio o naerekropax l[IpromTra, sTamax oOHApYyXEHHUS KpacB
n300pakeHnid 1 ux 3(pPeKTHBHOCTH, KaK pabOTaIOT ATH JCTEKTOPHl U B KaKHX
n300paxkeHusIx oHU Y3PHEKTUBHBI?

13. B d4em 3akirouaercsi OCHOBHOE OTIMYME TiIyOokoro oOyueHus (DL) wu
TPAAUITMOHHOTO MarmuHHOTO 00ydyeHuss (ML), oObscHHTE TpeuMyIIecTBa H
HEJOCTATKH Ka)I0TO MOIX0/1a ¢ IPUMEPAMHU ?

14. [Jaiite unpopmanuiro o nperekropax KsHHHM, 3Tanax oOHapy>KeHUs KpaeB
n300pakeHu U Ux 3PHEKTUBHOCTH, OOBSICHUTE MPOLIECC UX PaOdOThl U MPUMEPHI
MIPUMEHEHUS.

15. Kak cBeprounbie HelipoHHble ceTd (CNN) 00paldaTheIBatoT JaHHBIE U300paKEHUS,
KaKu€ UX OCHOBHBIE KOMITIOHEHTHI M KAKOB MPUHIUI paboThl apXUTeKTypbl CNN?

16. KakoBa poyib aKTUBAallMOHHBIX (PYHKIMI B HEUPOHHBIX CETAX, KaK (PYHKIUS
ReLU mnomoraer B miyOOKOM OOy4YeHHMH, NPHUBEAUTE MPUMEPHl MHPEUMYILECTB
¢bynkiuu ReLU.

17. Kakue cymiecTByrOT pasnuunbie GyHkiuu noteps (loss functions) B HelpOHHBIX
CeTSAX W KaK OHM BJIMSIIOT HAa MPOU3BOIUTEIHLHOCTh MOJEIH, B YEM 3aKITIOYAIOTCS
pasIuYms MEXIY PA3TMIHBIMA (YHKIIUSIMH ITOTEPH?

18. KakoBa ¢yHkiust cBepTouHbix ciioeB B CNN U kak runeprnapaMerpbl, TAKUE Kak
pasMep ¢unsrpa U mar (stride), BIUSIOT Ha BBIXOAHBIC JaHHBIC?

19. KakoBa ponb cioeB noaBeibopku (pooling) B konTekcte CNN U modyemy oHu
BaXKHBI JJ1s1 00pa0OTKH M300paKeHUi, KaKue OCHOBHBIE TUIIBI pooling CyIIEeCTBYIOT
U KaK OHU paboTaroT?

20. Haitte nHGOpMaLIMIO O HIMPOKO UCTIOIB3YEMbIX IU(POBBIX U300PAKEHUAX U X
pa3INursX, ISl KAaKUX LeJIeH UCIIONIb3yeTC s KaXK bl TUI N300paskeHus?

21. KakoBa OCHOBHasi pojb W3BJIICUCHUS MPHU3HAKOB (features) B KOMIBIOTEPHOM
3peHUH, KaK OJTOT TMPOIECC CIOCOOCTBYET pACIO3HABAHUIO OOBEKTOB U
OTCJIC)KMBAHUIO, M KK 3TU MPOIECCHI BIUSIOT HA MIPUIOKEHUS?



22. Yro takoe 6ubmoreka OpenCV u kakas QyHKIUS UCTIONB3YETCS IS 3arpy3Ku
n3o0pakenuii (mpumep)? Jlaiite wHGOPMAUIO O OCHOBHBIX BO3MOKHOCTSIX
oubmmorexu OpenCV.

23. Kak MaremMaTuuecKku MpeACTaBIAIOTCS HU(PPOBbIE M300pAKEHUS U YTO O3HAYAET
dbynkuus F(X, y) B 3ToM KOHTEKCTE?

24. OOcynute CBSI3M KOMIIBIOTEPHOTO 3pEHHUS C TaKUMH OOJacTsIMHU, Kak
UCKYCCTBEHHBIN HHTEJUIEKT, poOOTOTeXHHMKa W Ouosorus. Kak 3T obmactu
CHOCOOCTBYIOT Pa3BUTHIO KOMIIBIOTEPHOTO 3pEHUA?

25. Kakue cylecTBYIOT TUIBI MaIIMHHOTO 00y4yeHus (ML), 00bsICHUTE MPUHITUIIBI
paboOTHI KXKI0TO TUIIA C MPUMEPAMH U IPUBEIUTE UX TPEUMYIIIECTBA.

26. Kakue pasznuuus CymiecTBYIOT MexIy mnepeoOyuenuem (overfitting) wu
HenooOyuennem (underfitting) B mpormecce oOydeHHS MOJAEIH, KaK MOXKHO
OTIPENICTATh KaXJ0€ M3 ITUX COCTOSHHA W KaKHEe METOIBI WX IMPEAOTBPAIICHUS
CyHIECTBYIOT?

27. Haiite unpopmauuto o noustusix udmepenuit (1D, 2D, 3D, 4D), uro oHu
MPEACTABISAIOT COOOM M B KAKUX CIydasiX MPUMEHSIOTCS?

28. OOBsICHUTE OCHOBHBIC pA3NIMUMS MEXJY aHAJOTOBBIMU H IUGPOBBIMU
CUTHAJIAMH C TIpUMEpPaMH, B KaKUX OOJACTSAX MPEANOYTUTEIHHO HCIOIb30BaTh
Ka)KObIH TUII cCUrHaja?

29. Haitte uHpopManuio O HaubOoIee pacHpOCTPAHCHHBIX THUMAaX UU(POBBIX
M300paXeHU, NX MPEUMYIIIECTBAX U HEJOCTATKAX.

30. Kakue npouecchl BBINOIHAIOTCS ¢ MoMoIbio 0ubaunorekun Matplotlib u kakue
THUTIBI 1300paKEHUI MOXKHO CO3/1aBaTh C TIOMOIIIBIO ATOW OUOTUOTEKH?

31. OObsicaute paznuuus Mexay 2D u 3D gunbsrpamu, npuBeauTe MpUMEPHI HX
MIPUMEHEHMUSL.

32. Kak u3MEHSIOTCS pa3Mepbl W 3HAYCHUS H300paKCHUS NPH NPUMEHCHUU
najgauura? OObsICHUTE C IPUMEPaAMH.

33. Yro Takoe ciou noaBsioopku (pooling)? OObsicHUTE WX TUIBI (HallpuMeEp, max
pooling, average pooling) u ux poib B 00paboTKe N300pKEHUI C TPUMEPAMH.



34. Jlalite kparkyro uHpopmaiuio o Ooubnuorekax Python, ncmonmb3yembix mis
ob6paboTtku m3obpaxennii (Harpumep, OpenCV, Pillow, scikit-image).

35. JIns yero ucnomp3ytorcsi Oubmuorekn NumPy u Pandas? OObsicHute ux
pa3iuuurs U 3HaUeHUe 17151 00pabOTKH U300paKeHHI.

36. Kakue pynkmum ucnonb3ytorcs B Oudmorteke OpenCV niis u3MeHeHUs pa3mepa
n3o0paxenusa? B yuem ux paznuams?

37. Kak paborator ¢uiabTpbl HU3KKMX U BbICOKMX YacToT (high pass u low pass)?
Kakyto posib oM Urparot B 00paboTKe N300paskeHU?

38. Urto takoe mporecc pazmbitus (blurring) nzobpaxenus? Kak TUnsl pa3mbITus
(Hanmpumep, rayCccoBO WJIM MEIMAHHOE) BIMSIOT Ha KAU€CTBO U300paKEeHUS ?

39. Uto Ttakoe cBeprka (convolution)? Kak ona ucnosb3yercs npu oOpaboTke
M300paKEHUI U KaKHe 3Tallbl BKIIIOYAET?

40. Yto Takoe mpolecc yaydlieHus: pe3koctu nzoodpaxenus (sharpening)? Kak on
U3MEHSIET JIeTalld U300pakeHus?

41. Yro takoe ckonbzsiiee rucrorpammupoBanue (histogram sliding)? Kak sror
IPOLIeCC U3MEHSET I[BETa U KOHTPACT N300paskeHUs ?

42. Kax ructorpamma BeipaBHuBaHus (histogram equalization) u3meHsieT 1BeTa U
APKOCTh U300pAKEHUS, U IOYEMY 3TO BaXKHO?

43. Kakyto ¢ynkuuio npenocrasiser oudnumorexka OpenCV mjisi BbIpaBHUBAHUS
TUCTOrPaMMBbI U300pakeHH s ?

44, Kakue METOAbl UCIOJNB3YIOTCS JUIsl OMpPENeSICHUs TpaHul] OObBEKTOB B
n3o0paxxenuu (Hanpumep, Canny edge detection) u kakue pe3yiabTaThl OHU JAIOT?

45. Yto Taxoe transfer learning (mepenoc o0yuenusi)? Kak ero npuMeHUTh U KaKue
€ro npeumMyniecTra’?

46. KaxoBa ponb 3amopaxkuBanus cioes (freezing) B moaxone transfer learning? Kak
3TO BBINOJHAETCS?

47. Yto Takoe fine-tuning cnoes? KakoBa ux oCHOBHas 11€JIb U MMPEUMYIIIECTBA?



48. Kak pao6orator ¢ynknuu cv2.threshold wu cv2.adaptiveThreshold ms
npeodpazoBaHus U300pakeHust B OuHapHyto Gopmy? B uem ux paznuuus?

49. Kaxk paoorarot ¢pyakiuu CV.THRESH BINARY u CV_THRESH OTSU? Kaxk
OHM M3MEHSIOT U300pakKeHHUSI?

50. Yro Takoe MOJTHOCTHIO cBs3aHHas HeiipoHHas cerh (fully connected neural
network)? Kak ona pabotaeT 1 kakue y Hee IPUMEHEHUS B PeaIbHOM KHU3HU?

51. O6bsicHUTE pazauuus Mexay OuHapHou kinaccudukarmeit (binary classification)
U MHOTOKJIaccoBoi kiaccudukanuen (multiclass classification). [IpuBenute
MPAKTUIECKHUE PUMEPHI IS KaXkKTOH.

52. TlompoOHO OOBACHUTE OCHOBHYIO II€Ib CETMEHTAllUd HW300paXeHU u
pacCKaxuTe 0 €€ MPUMEHEHHUSX B KOMITBIOTEPHOM 3pEHUHU C TIPUMEPAMH.

53. OObsicHUTE 3Tanbl aaropuTMa JAETeKTopa rpaHull KaHHU M pacckaxuTe o ero
IPEUMYIIECTBAX 110 CPABHEHUIO C IPYTUMU METOAaMH OOHAPYKEHUSI TPAHMIL.

54. Onumwure OCHOBHBIE KOMIIOHEHTHI CBepTOouHOWM HedpoHHou cetu (CNN)
(convolution layer, pooling layer, fully connected layer), kak onu padotaroT u ux
GyHKIUU.

55. Jlaitte mompoOHyr0 HHGOpPMAIMI0O O MIABHBIX METOAaxX OOHApYXKEHUS JIHUI
(manpumep, kackaasl Haar cascades, HOG, MeTosbl Ha 0CHOBE ITyOOKOTO OOyUYEHNS)
U OOBSICHUTE UX Pa3IUdUs.

56. OObsicHMTE KOHLICTIIIMIO '"W3BJIEUEHUs Npu3HakoB, feature extraction" B
KOMITBIOTEPHOM 3pEHHUH, €€ 1IeJIb U KaK 3TO UCIOJB3YETCS B MAITMHHOM OOYYCHHH C
MIPUMEPAMH.

57. Kak pa6oraet cetb YOLO (You Only Look Once), kakoB €€ 0CHOBHOM MPUHIUIT
paboThI ¥ YeM OHA OTVIMYAETCS OT JIPYTUX AJITOPUTMOB OOHAPYKEHUST 0OBEKTOB?

58. OOBsicHUTE pa3IUYHs MEXIy CEMAaHTHYECKOW CerMEHTAIlMel U CerMEeHTAaINeH
3K3EMIUISIPOB, PUBEAUTE MPUMEPHI CIIYy4aeB, KOITIA KaX bl METOJ UCIIOIb3YyETCH.

59. O6mbscHUTE, KaKk pabOTaeT AJITOPUTM BhIPABHUBAHUS TUCTOTPAMMBI B 00paboTKe
N300paKEHUH, U PACCKAKUTE O €T0 MPEUMYIICCTBAX M OTPAaHUYCHUSX.



60. OObACHHUTE pazTUYUS MEXKAY CIOSIMHU CBEPTKM M CIOSMH TMOABBIOOPKHU,
00BACHUTE POJIb KaKI0r0 U3 HUX B apxutektype CNN ¢ npumepamu.

61. OObsicHuTe npolieMy nepeodyueHus: B IITyOOKUX HEUPOHHBIX CETAX, MOUYEMY
OHa BO3HMKAaeT M Kak €€ m30ekaTb C MOMOIIBI0 METOJOB, TAKHX KakK IpOM-ayT,
ayrMEHTalMs JaHHBIX U peryiaspuzainus (dropout, data augmentation,
regularization).

62. JlaliTe yeTKoe onpeneneHnue UCKyccTBeHHOro unreuiekra (M), ero ocHOBHbIE
HanpasieHus (Hanpumep, 00paboTKa €CTECTBEHHOTIO SI3bIKa, KOMIIBIOTEPHOE 3pEHHE,
pPOOOTOTEXHHKA) U OOBACHUTE KaXK]I0€ C MPUMEPAMHU.

63. OOBACHUTE KJIIOYEBBIC PA3IMYUS MEXKIY MAIIUHHBIM OOy4YEHHEM M TIIyOOKUM
oOy4yeHHeM, NMPUBEAUTE MPHUMEPHI 3a4a4, ISl KOTOPBIX 3(PPEKTUBEH KaxIblil U3
MOJXO/OB.

64. O0bsicHUTE pa3au4us MEKIy OOyUYEHUEM C yUUTEIEM U O€3 yUUTEIs, IPUBEIUTE
o/IpoOHYI0 MH(OPMALIMIO O MPEUMYIIECTBAX U OIPAaHUYEHUAX KaXJI0r0 MOIX0/a.

65. OObsicHUTe, Kak padoTaeT 00yueHHUE C MOAKPEIJICHUEM, OMUIINUTE KOHUETIINU
"Harpanel" u "Hakazanusi (reward and punishment), U npuBenUTE NPUMEPHI
MPAKTUYECKUX MPUMEHEHUN ATOro MeToAa (HarpuMep, UTPOBBIE MPOrPaMMbl UITH
yIpaBieHue podoTamMu).

66. OOBsICHUTE, YTO TAKOE AKTUBALIMOHHAS (PYHKIIHS, OMUIIUTE Pa3IuYHbIC €€ TUIIBI
(manpumep, ReLU, sigmoid, tanh), u 00bsAcHHUTE, KOTa UCIOJIB30BATh KAKIYIO U3
HUX C IPUMEPaMH.

67. Kparko onummre OCHOBHBIE THIBl ApPXUTEKTYp DIIyOOKOro oOydyeHus u
00BSICHUTE, KAKHE 33/1a4M OHU PEIIAIOT C MPUMEPaMHU.

68. OObsicHHTE, KaKk padoTaeT ajJropuTM OOpPaTHOrO PacHpOCTPaHEHHUS OUIMOKH,
KaKOBa €ro IeJIb ¥ KaK OH CBSI3aH C METOJIOM I'PaINEHTHOTO CITyCKa.

69. Pacckaxute o npuHuuie padbotsl anroputMma Support Vector Machine (SVM),
€ro NMPEeuMyIIECTBaX U OTPAHUYCHUSIX.

70. Onwmmure, kak padortaet anropuTM K-means, oObsiCHUTE mIaru mporecca
KJIACTEPHU3aLUH U PUBEAUTE IPUMEPHI €r0 MPAKTUYECKOTO TPUMEHEHUSL.



71. Uro Takoe oOpaboTka ectecTBeHHOro s3bika (Natural Language Processing),
Kakue €€ OCHOBHBIC KOMIIOHEHTHI W KakKk paboTaroT anroputmbl? B kakmx
MPAKTUYECKUX 00IACTIX UCTIONB3YETCSI 3Ta TEXHOJIOTHSA?

72. OOBSICHUTE OCHOBHBIC Pa3IMUMs MEXIY KJIacTepU3alMed M Kiaccudurarmein
(Clustering/classification), mpuBeauTe NpuUMephl 3aAad, A KOTOPHIX MOAXOIUT
KaXIbIi U3 METOJIOB.

73. Kakoe 3HaueHNE UMEIOT dTUUECKUEC U MOPaJIbHBIC BOIIPOCHI B CUCTCMaXx I/H/I, qTo
CJICAYCT YUUTBIBATD ITPH NPOCKTUPOBAHHUUN TAKHUX cucrem?

74. Kak paborarot "Harpaga" u "Hakazanue" (reward and punishment), B 00yueHuu
C TIOJKPEIJICHUEM M KaK OHU BIHSIOT Ha TIOBE/ICHNE areHTa?

75. O0bacHuTE KitoueBble pazinuus mMexay MW u poOOTOTEXHUKOW, PUBEANUTE
IPUMEPSHI 3a]1a4, JJI1 KOTOPBIX NOAXOANUT Ka)Kask U3 TEXHOJIOTU.

76. OOBACHUTE CBS3b MEX]Y KOMITBIOTEPHBIM 3pPEHHEM U TIIyOOKHMM OOyudeHHEM,
WUTIOCTPUPYS, KaK 3TH TEXHOJOTUU PabOTaIOT BMECTE C IPUMEpPaMH.

77. Yto Takoe ayrmeHtanus aaHHbiX B MW m kak 3TOT MeToj momoraer B
npeaBapuTeILHON 00pabOTKE JaHHBIX ?

78. Uto Takoe mpenBapuTesibHas 00paboTKa JaHHBIX, KaKue €€ OCHOBHBIC ATaIbl U
KaKyl0 pPOJib 3TOT MPOLIECC UTPAET B aHAIU3E JAHHBIX ?

79. Kak paboraer meron transfer learning B8 I u xak ero MOXXHO NMPUMEHUTH B
0071aCTH KOMIIBIOTEPHOTO 3PEHMUSI?

80. OOBsIcHHTE, KaK pabOTaIOT OCHOBHBIE KOMIIOHEHTHI HEHPOHHOM ceTU (BXOTHOM
CJIOM, CKPBITBIE CJIOU, BBIXOJTHOM CIIOH), KAKOBA UX POJIb U (PYHKIIMH.

81. OObsicHUTE, KaK KaXIblii U3 OCHOBHBIX KOMIIOHEHTOB CBEPTOYHON HEMPOHHOM
ceTu (CBepTKa, MOABBIOOPKA, MOJHOCTBIO CBSI3AHHBIA CJIOI) BBIMOJIHSAET CBOU
(YHKIMU 1 KaK OHH B3aUMOZEHCTBYIOT MEXKIY COO0il.

82. Kak paboraet addext pazmbitus ['aycca B 00paboTke n300pakeHHit, KaKoBa €To
OCHOBHAsI II€JTb U TZI€ OH MMPUMCHSIETCS?

83. Uro Takoe amroputm SIFT (Scale-Invariant Feature Transform), kakoBbl ero
OCHOBHBIC ITPUHITUIIBI H KAKWE 33J1a49H OH peraeT?



84. Yro Takoe transfer learning, kak 3TOT moaXoj padoTaeT U B KAKMX MPAKTUIECKUX
MPUIOKEHHUSIX KOMIIBIOTEPHOTO 3pEHHSI OH UCIIOJIb3yeTCsA?

85. Kak paGoraror mMeromsl oOHapyKeHHs TpaHUIl B 00paboTKe H300pakeHuw,
KaKOBBI UX 0COOEHHOCTH U T7e OHU npuMeHstorca? [IpuBenurte mpumepsl.

86. Uto Takoe nepeoOydeHre B ITyOOKOM OOyUYEeHHH, KAK OHO BO3HUKAET U KaKHE
MeTtonbl (Hanmpumep, dropout, early stopping, data augmentation) cymecTByIOT JJIs
€ro MpeI0TBPAIICHUS?

87. O0bsACHUTE pEeuMyIlIeCTBa U HEJOCTaTKU 00yueHus ¢ yuurenem B U, B kakux
o0nacTsx 3ToT noaxon 3(hPeKTUBEH.

88. Kak myOokoe oOyueHuMe NMOMOraeT B pPaclno3HABAHUU H300pAKEHUM, KaKHe
OCHOBHBIE TEXHHUKH HCTIONB3YIOTCSA U MPUBEIUTE IPUMEPHI UX PUMEHEHUS ?

89. Kakue npeumyimiecTtBa Ja€T HUCIoyib30BaHue transfer learning B cucremax
pacno3HaBaHus U300pAKEHUM U KaKue Pe3ybTaThl 3TOT MOAX0J MOXKET 1aTh?

90. Kak paboTaeT moaBbIOOpKa B CBEpTOUHBIX HEUPOHHBIX ceTsax (CNN), kakoa e
LEJIb U KaK OHA YIY4YlIaeT MPOU3BOAUTEILHOCTh MOAEIH?

91. Kparko omumuTe WHCTPYMEHTHI U OMOIMOTEeKH, ucnoibzyembie B MU u
KoMInbloTepHOM 3peHuu (Hanpumep, OpenCV, TensorFlow, PyTorch), u o0bsicaute
UX OCHOBHBIE (D)YHKITUH.

92. Yo Takoe OTClIe)KMBaHUE OOBEKTOB B KOMITBIOTEPHOM 3PEHUH, KaK OHO paboTaeT
U TJ€ UCIIOJIb3YETCS Ha MPAKTHKE?

93. O0OBsicHUTE pa3nuyue MeXIy "uccienoBanueM” u "IkcruTyaranyen” B 00yueHun
C TIOAKPETIIICHHEM, KaK MOKHO COaTaHCUPOBATh 9TH JIBa MOAX0/a?

94. Kakyo pojib UTpaeT APOM-ayT B HEUPOHHBIX CETAX, KaK 3Ta TEXHUKA yITydIlIaeT
MOJIEJIb M KaK OHa TIOMOTraeT hu30exarth nepeodyyeHus?

95. OObBsicHUTE pa3Iuyusi MEXIy UICHTU(UKAIMEH W ayTeHTU(UKALMEH JIHI] C
nomolpro N, rae oM NPpUMEHSIOTCS M KAKKE Y KaXA0r0 OAX0/1a IPEUMYIIECTBA.

96. Kak pa6oraer "duisrp" (mmu simpo) B apxutektype CNN, Kakyi pojib OH
BBITIONTHSIET U KaK MOBBITIAET 3PPEKTUBHOCTH ceTr?



97. Kak BbINOIHSETCSA KJIaCcTCpu3anunAa B O6y‘{CHI/II/I oe3 YUUTCIIA, KaKUC MCTOIbI
HCIIOJIB3YIOTCA U B KaKUX o0acTax MMPUMCHACTCA 3TOT HOI[XOI[?

98. Uto Takoe "oOpamIIsFoIuii IpsIMOYTOJILHUK" B 00OHAPY>KECHUH 00BEKTOB, KaK OH
paboTaeT 1 Kak MOMOraeT B aHAJIN3€ TaHHbIX?

99. O0bsicHUTE OCHOBHBIE pa3ianuuns Mex 1y apxutekrypamu VGGNet u ResNet, ux
OTJINYMA B apXUTEKType U 001aCTH MPUMEHEHUS C IPUMEPaMHU.

100. Yro Takoe mnakeTHas HopMaiu3alus B IIIyOOKOM OOy4eHUH, KakoBa €€
OCHOBHas 11€JIb U KaKue MperuMyIiecTBa oHa AacT?
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