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e [lporpama HaBYaNbHOI AUCLUNIHU
1 Onwuc HaBYaNbHOI AUCLUNAIHMY, iT MeTa, NnpegMeT BUBYAHHA Ta pe3y/IbTaTu HaBYaHHA
Yomy maiibymHbomy ghaxieyro eapmo s4umu came yto Oucyunidy?

MawuHHe Has4YaHHA — ye Memod aHani3y 0aHux, Akul aemomamu3sye nobyoos8y aHaniMu4Hoi mooeni.
Lle 2any3b wmy4Ho20 iHMeneKkmy, 3aCHO8AHA HA idei, W0 cucmemu MOXYymb 84UMUCH HO OCHOBI OGHUX,
8UABAAMU 3AKOHOMIPHOCMI ma npulimamu pilueHHsA 3 MiHIMAAbHUM 8MPYYAHHAM AOOUHU.

3a805KU HOBUM 06YUCABAALHUM MEXHO02IAM Cb0200HI MAWUHHE HOBYAHHA He CXOXe HA MAWUHHE
HAB8YAHHA MUHYM020. BOoHO Hapodusoca 3a808KU po3mni3HABAHHIO 0bpasie ma meopii, 32i0HO 3 AKOH
Komn’romepu MOoXymes 84yumucs, He byswiu 3anpoepamosaHUMU HO BUKOHAHHA KOHKPemMHUX 3080aHb;
00CniOHUKU, AKI YiKasaaAmMbCA WMyYHUM iHMesneKmom, Xominu 0i3HaMUCb, YU MOXYmb Kommn'romepu
syumuca Ha 0aHux. ImepayiliHuli acnekm mMawuHHO20 HABYAHHA 8aX(AUBUU, OCKibKU, MOOEsi MOXYMb
camocmiliHo adanmysamucs 00 Ho8uX OGHUX. BoHu e4ameca Ha nonepedHix o064YucCneHHAX 04
OMPUMQaHHA HadiliHUX, MO8MOPHBAHUX piweHb ma pe3yabmamis. Lle Hayka He HO8a4, asne Maka, wo
Habpana Hosux obepmis.

Xoua 6a2amo an20puMMi8 MAWUHHO20 HABYAHHSA ICHYIOMb 8X(e 0a8HO, MOX(AUBICMb A8MOMAMUYHO20
30CMOCYBAHHA CKAAOHUX MAMEMAMUYHUX 064uCeHb 00 8eaAUKUX OaHUX — 3HO8Y i 3HO8Y, 8ce weuouwe |
weuowe — € HedasHbol pPO3pobKot. OCb KifbKA WUPOKO PO3PEKAAMOBAHUX MPUKAAdie rnpo2pam
MAUWUHHO20 HOBYAHHS, AKi 8GM MOXYymb 6ymu 3Haliomi:

e CunbHo po3niapeHuli camokeposaHuli asmomobine Google? CymHicmb MAWUHHO20 HABYAHHSA.



® OHnaliH-pekomeHOayii, maki Ak npono3uyii 8i0 Amazon, Netflix, Spotify ma YouTube? lpozpamu
MQAWUHHO20 HABYAHHA 0714 MOBCAKOEHHO20 HUMMA.

® 3Haeme, WO KniEHMU Kaxcyme npo seac y Twitter? MawuHHe HOBYAHHA 8 MNOEOHAHHI 3i
CMBOPEHHAM iHe8ICMUYHUX MPasusl.

® BuseneHHA waxpaticmea? O0He 3 Halibinbw 04EeBUOHUX MA 8AM/AUBUX 30CMOCY8AHbL Y HAUWOMY
c8imi cb0200Hi.

Xmo yum Kopucmyemoca? binowicmes eanyseli, o npayroome 3 seaukumMmu obcszamu 0aHUX, 8U3HAAU
UIHHICMb mexHo02ii MaWUHHO20 HABYAHHA. Ompumyroyu iHcalimu 3 yux OaHUX — 4aCmo 8 PedsibHOMY
yaci — opaaHizayii Moxcyme npayrosamu echekmusHiuie abo ompumamu repesazy Had KOHKypeHmamu.

Ceped npuyuH 8UB4YeHHA MAWUHHO20 HABYAHHA BAM(/IUBOID, HO HAW 10240, € 8eaAUYe3Hi 3aprnaamu ma
npemii, AKi MoXyme ompumysamu eKcriepmu 3i Wwmy4Ho2o iHmesnekmy. Malixe 8ci 8enuUKi mexHos102i4yHi
KOMMQAHIi Marome AKUUCbL MPOEKM WMy4YHO20 iHMesieKmy, i B0HU 20mMo8i NAamumu eKkcrnepmam minsloHu
donapis, wob dornomoemu suKoHamu o2o. Xo4da nysa 0ocmynHux ¢axieuis-00cs1iOHUKI8 3 MAWUHHO20
HOBYAHHA 3pocmae, ye 8idbysaemoca HedocmamHbo WeUOKo. Ha uyeli Yac nonum Ha KeasnigikosaHy
poboyy cuny 8 2asy3i CUMbHO repesulyye NPorno3uuil, 3apna1amu CmpiMmKo 3pocmaroms, i Ua cumyauis
WBUOKO He 3MIHUMbCA.

Mema ducyunaiHu. O3Haliomumu cmydeHmig 3 Cy4aCHUM CMAHOM MexHO102ili MAWUHHO20 HABYAHHA.

Mpeomem OucyunaiHu. 02180 MAWUHHO20 HABYAHHA, BK/AKYAKYU HABYAHHA 3i s4umesnem ma be3
syumess, enuboke HABYAHHA, 3a0a4i KOMMN'OMepHo20 30py, KOAAbopamusHy Ginempauyito, 320pMKosi
ma peKkypeHmHi HelipoHHI mepexci, 0epesa po3e8’sa3Kis, 8unadkosi snicu, 0bpobKy npupodHoi mosu.

Ou4iKyeaHi pe3ynomamu HAOBYAHHA.
daxoei KomnemeHMHoOCM.

®K 18. 30amHicmb peanizo8ysamu 3aCMOCYHKU 3 BUKOPUCMAHHAM KOHUenuyil wmy4Ho2o iHmesnekmy,
iHM#ceHepii 0aHUX Ma MAWUHHO20 HOBYAHHS, 30KpeMa 0414 Kibep-(i3udyHUX ma eHep2emu4yHUX cucmem.

MpozpamHi pe3ynbmamu Ha8YAHHA.

MPH 34. Bmimu po3pobasmu 3aCMOCYHKU 3 8UKOPUCMAHHAM KOHUenyili wmy4YyHo20 iHmesaekmy ma
MQOWUHHO20 HABYAHHA 3 8PAXYBAHHAM cneyugiku npedmemHoi obaacmi eHepeemuYyHoOI 2any3i.

2 MpepekBi3uTX Ta NOCTPEKBI3UTU AUCLMNAIHU (MicLe B CTPYKTYPHO-NOriYHiA cxemi HaBYaHHA 3a
BiANOBiIAHOIO OCBITHLOIO NPOrPamolo)

AucyunniHa sus4yaemoscs y cbomomy cemecmpi. [lpepeksizumamu € Kypcu “Buwa mamemamukxa”,
“Teopia lmosipHocmell” ma 00uH 3 Kypcie, 0e sukopucmosyemosca mosa Python. [Mocmpeksizumis y
0aH020 Kypcy Ha 6AKanaspcbKoOMy pieHi HEMAE.

3 3MmicT HaBYaNbHOI AUCUUNAIHN
Bcmyn 00 2n1uboKo20 HABYAHHS.
Bid modesni 0o 3acmocCyHKY.
Modeni knacugpikamopa.
Knacugpikauis 306paxceHs

IHwi 3a0a4i Komn'tomepHozo 30py
TpeHy8aHHA cy4yacHoi mooeni.
KonabopamusHa ginsmpauis.

TabauyHi moodeni.

© % N O U A WL N =

06pobKa npupoOHOi Mo8U: peKypeHMHi HelipOHHI Mepexci.


https://www.nytimes.com/2018/04/19/technology/artificial-intelligence-salaries-openai.html
https://www.nytimes.com/2018/04/19/technology/artificial-intelligence-salaries-openai.html
https://www.nytimes.com/2018/04/19/technology/artificial-intelligence-salaries-openai.html
https://www.nytimes.com/2018/04/19/technology/artificial-intelligence-salaries-openai.html
https://www.nytimes.com/2017/10/22/technology/artificial-intelligence-experts-salaries.html
https://www.nytimes.com/2017/10/22/technology/artificial-intelligence-experts-salaries.html

10. O6pobKa 0aHux 3a donomozoro bibniomeku fastai.
11. Nobydosa mosHoi modesi 3 HynA.

12. 320pmko8i HelipoHHI mepexi.

13. Moodeni muny ResNet.

14. Apximekmypa 30CmMocCyHKis.

15. Npouec mpeHysaHHA moodesned.

16. Nobydosa HelipoHHOI Mepexti 3 HyAA.

17. 32opmkosi modeni 3 CAM.

18. [Mobydoesa Knacy fastai Learner 3 Hynas. [1idcymkosi OymKu.

4 HaBuanbHi matepianu Ta pecypcu
bazosa nimepamypa:

Howard, J., Gugger, S. Deep Learning for Coders with fastai and PyTorch: Al Applications Without a PhD:
Sebastopol, CA: O’Reilly Media, 2020. 624 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=2668D405E21C8708BB3192CDD9I2D8DAF

JAodamkoea nimepamypa:

1. Albon, C. Machine Learning with Python Cookbook: Practical Solutions from Preprocessing to Deep
Learning: Sebastopol, CA: O’Reilly Media, 2018. 366 C. URL:
http://gen.lib.rus.ec/book/index.php?md5=1b8a00c4b487665f8c785761b3bb8f4b

2. Harrison, M. Machine Learning Pocket Reference: Working with Structured Data in Python:
Sebastopol, CA: O’Reilly Media, 2019. 320 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=904606F860FEA95C671B3821CBBDE6C7

3. Géron, A. Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow: Concepts, Tools,
and Techniques to Build Intelligent Systems: Sebastopol, CA: O’Reilly Media, 2019. 856 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=E98CBB67C93AD4EF9C550E215E6248BD

4. Chollet, F. Deep Learning with Python: Shelter Island, NY: Manning Publications, 2017. 384 c. URL:
http.//libgen.is/item/index.php?md5=584B39E75A5B9E072467AFD6A684DOFB

5. Machine Learning Crash Course / Google Developers: URL:
https.//developers.google.com/machine-learning/crash-course

6. Elger, P., Shanaghy, E. Al as a Service: Shelter Island, NY: Manning Publications, 2020. 325 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=68556641E787AFDCI9C8BD105D707B27E

7. Ameisen, E. Building Machine Learning Powered Applications: Going from Idea to Product:
Sebastopol, CA: O’Reilly Media, 2020. 260 c. URL:
http://libgen.is/book/index.php?md5=7253B8C7533DAA5F7747F332B2ED7D2F

8. Hurbans, R. Grokking Artificial Intelligence Algorithms: Shelter Island, NY: Manning Publications,
2020. 392 C. URL:
http://gen.lib.rus.ec/book/index.php?md5=050DE26CAF73D5D7196B5543ED15530F

9. Trask, A. W. Grokking Deep Learning: Shelter Island, NY: Manning Publications, 2019. 325 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=9beb350de2902304edb5e437alc5ab3f

10. Rao, D., McMahan, B. Natural Language Processing with PyTorch: Build Intelligent Language
Applications Using Deep Learning: Sebastopol, CA: O’Reilly Media, 2019. 256 c. URL:
https://learning.oreilly.com/library/view/natural-language-processing/9781491978221/



11.

12.

13.

14.

15.

16.

17.

18.

19.

Morales, M. Grokking Deep Reinforcement Learning: Shelter Island, NY: Manning Publications,
2019. 450 C. URL:
http://gen.lib.rus.ec/book/index.php ?’md5=F83946E7A76E64E0C309CBIA2086551E

Zai, A., Brown, B. Deep Reinforcement Learning in Action: Shelter Island, NY: Manning Publications,
2020. 277 C. URL:
http://gen.lib.rus.ec/book/index.php?md5=F2F28879523CAE239FFB89EA6A533A1A

Koul, A., Ganju, S., Kasam, M. Practical Deep Learning for Cloud, Mobile, and Edge: Real-World Al
& Computer-Vision Projects Using Python, Keras & TensorFlow: Sebastopol, CA: O’Reilly Media,
2019. 620 C. URL:
http://gen.lib.rus.ec/book/index.php?md5=4EE9011651DEBD8F5F3B5A9503E48921

Pointer, I. Programming PyTorch for Deep Learning: Creating and Deploying Deep Learning
Applications: Sebastopol, CA: O’Reilly Media, 2019. 220 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=38984CF4F0C132A92DD1B20578A116DA

Foster, D. Generative Deep Learning: Teaching Machines to Paint, Write, Compose, and Play:
Sebastopol, CA: O’Reilly Media, 2019. 330 c. URL:
http://libgen.is/book/index.php?md5=41fd02aff65fdb65143d0a9ff0c60fda

Lane, H., Hapke, H., Howard, C. Natural Language Processing in Action: Understanding, analyzing,
and generating text with Python: Shelter Island, NY: Manning Publications, 2019. 544 c. URL:
http://libgen.is/item/index.php?md5=dc168df28d64176a28151ccee6674d5a

Bengfort, B., Bilbro, R., Ojeda, T. Applied Text Analysis with Python: Enabling Language-Aware Data
Products with Machine Learning: Sebastopol, CA: O’Reilly Media, 2018. 332 c. URL:
http://libgen.io/book/index.php?md5=eOefddaa7b373e509d189655ba3189b0

Raschka, S., Mirjalili, V. Python Machine Learning: Machine Learning and Deep Learning with
Python, scikit-learn, and TensorFlow 2: Birmingham, UK: Packt Publishing, 2019. 770 c. URL:
http://gen.lib.rus.ec/book/index.php?md5=6ab53d6bd918569dbbf95eed84ac51ab

Cai, S., Bileschi, S., Nielsen, E. Deep Learning with JavaScript: Neural networks in TensorFlow.js:
Shelter Island, NY: Manning Publications, 2020. 350 C. URL:
http://gen.lib.rus.ec/book/index.php?md5=0c26a4efdas5e3f77c4f3a20a76af4c48

e HaB4YanbHUI KOHTEHT
MeToauKa onaHyBaHHA HAaBYa/IbHOI AUCUUNNIHU (OCBITHBOrO KOMMNOHEHTA)
Bcmyn 00 2n1uboKo20 HABYAHHS.
1.1.  HelipoHHi mepexi: cmucaa icmopis.
1.2. Ak susyamu 2nuboke HABYAHHA.
1.2.1. Bawi npoekmu ma seaw murn MUC/IeHHA.
1.3.  bBibniomeku: PyTorch, fastai, and Jupyter (i yvomy ue He mae 0cobs1uB8020 3HAYEHHS).

1.4. Bawa nepwa mooers.

1.4.1. Poboma 3 cepeepom GPU 0518 21ub0KO20 HABYAHHS.
1.4.2. 3anyck nepwoao HOymOoyKy.

1.4.3. LLlo make MmawuHHe HaB8YaHHSA?

1.4.4. LLlo make HelipoHHa mepexca?

1.4.5. TepmiHo02is 21UOOKO20 HOBYAHHS.

1.4.6. HegiooinbHi obmexceHHA 2a1uboKo20 HABYAHHA.



1.4.7. AK npaytoe Haw po3nizHasa4y 306parxeHs.

1.4.8. Yomy Has4uscs Ha po3nizHasa4y 306paxeHs.
1.4.9. Po3nizHasaui 306paxceHb, AKi MOXymb po3s’sazyeamu 3a0adyi, He nos’sa3aHi i3
306paXceHHAMU.

1.4.10. lloemopeHHA mepmiHonozi.
1.5.  [nuboke HABYAHHA — Ue He MinbKuU KAacugikayis 306paxceHs.
1.6. MHoxcuHa sanidauii ma mecmosa MHOMCUHA.
1.7.  Possaxcugicme rpu 8U3HAYEHHi Mecmosux MHOMCUH.
1.8. MomeHm “Bubepu csoto npuzody”.
Bid modesni 00 npodaKwHy.

2.1. Mpakmuka enuboKo20 HABYAHHA.

2.1.1. MoyuHatroyu eaacHul npoekm.
2.1.2. CmaH 21ub0K020 HABYAHHA.
2.1.3. [1ioxio Drivetrain.

2.2.  36upaHHA OaHUX.
2.3.  Bio Data 0o Dataloaders.
2.3.1. AyameHmayis OaHUX.
2.4.  TpeHysaHHA Mmodeni ma (i020 8UKOPUCMAHHA 018 OYUUWEeHHA OAHUX.

2.5.  [lepemeopeHHs modesni Ha 8e63aCMOCYHOK.

2.5.1. BukopucmaHHs modeni 0014 susedeHHs.

2.5.2. CmeopeHHA HoymbyKy-3acmocyHKy 3 Moodei.

2.5.3. lMepemeopeHHs HOyM6YKy Ha CripasxcHili 3aCMOCyHOK.
2.5.4. Po32opmaHHA 30CMOCYHKY.

2.6.  AK YHUKHYymu Kamacmpodau.
2.6.1. HenepedbauysaHi HacnioKu ma 380pomHuli 368’sA30K.
2.7.  lNo4uHalime secmu 602!
M1id kanomom: mpeHyB8aHHA Kaacugpikamopa yugpp.
3.1.  [liKkceni: ocHosa Kommn’tomepHO20 30py.
3.2. [epwa crnpoba: cxoxcicmo nikcesie.
3.2.1. Macusu NumPy i meH3opu PyTorch.
3.3.  ObyucneHHA MempuK 30 00MOMO20H0 WUPOKOMOB/IEHHA.
3.4. CmoxacmuyHuli 2padieHmHuli cryck.
3.4.1. ObyucneHHA epadieHmis.
3.4.2. Imepauyii 3 memnom HaB4YAHHA.
3.4.3. Mpuknao CrcC.
3.4.4. Midcymku CrC.
3.5.  ®yHkuia empam MNIST.



3.5.1. Cuamoio.
3.5.2. CrcimiHinakemu.
3.6.  CKnadaro4vu sce pa3om.
3.6.1. CmeopeHHA onmumizamopa.
3.7. [odasaHHs HeniHiliHOCMI.
3.7.1. Mdemo anubwe.
3.8.  [loemopeHHA mepmiHonoaii.
Knacudpikayis 306paxceHs.
4.1.  Bid cobaK i komis 0o nopid meapuH.
4.2.  [lonepede npusedeHa 00 EOUHO20 PO3MIpY.
4.2.1. Mepesipka ma Hanazo0xceHHA DataBlock.
4.3.  Kpoc-eHmponiliHi smpamu.
4.3.1. Mepeansad akmueayili ma mimokx.
4.3.2. Softmax.
4.3.3. JlozapugmiyHuli kpumepili nodibHocmi.
4.3.4. B3ammas nozapugpmy.
4.4.  IHmepnpemauia modesned.

4.5.  [NoKpaw,aHHA Hawoi modesii.

4.5.1. [TowyK 3Ha4YeHHA memmny Ha8YaHHA.
4.5.2. Po3mopoxteHHA ma nepeHic Ha8YaHHA.
4.5.3. LJucKkpumiHaHmMHuUl memn Ha84aHHA.
4.5.4. Bubip KinbKkocmi erox.

4.5.5. nuboki apximekmypu.

4.6.  BucHosKu.
IHwi 3a0a4i Komn’romepHo20 30py.
5.1.  Knacugikayis 3 6aecamema mimkamu.
5.1.1. JaHi.
5.1.2. Mobydosa DataBlock.
5.1.3. biHapHa Kpoc-eHmpornisi.
5.2.  Pezpecis.
5.2.1. 36upaHHsA OaHUX.
5.2.2. TpeHysaHHA Mmooderi.
5.3.  BucHoskKu.
TpeHy8aHHA cy4yacHoi mooeni.
6.1. Imagenette.
6.2.  Hopmanizauyis.

6.3.  Progressive Resizing.



7.

8.

6.4. Test Time Augmentation.
6.5.  Mixup.
6.6. Label Smoothing.
6.7.  BucHosKu.
3aHypeHHs y KonabopamusHy inempayito.
7.1.  [lepwuli noensd Ha OaHi.
7.2.  Has4YaHHSA HO NPUXOBAHUX (hAKMOPAX.
7.3. CmeopeHHAa Dataloaders.
7.4.  KonabopamusHa thinempayis 3 HyA.
7.4.1. Po3nad sazis.
7.4.2. CmeopeHHsA 81aCcHOI Moodesni 8KAAOEHHH.
7.5. IHmepnpemauia eknadeHs ma 3MiujeHo.
7.5.1. BukopucmaHHsA fastai.collab.
7.5.2. BidcmaHb exknadeHHs.
7.6.  [loyamKose 3a8aHMaMeHHA MoOesi KonabopamusHoi Ginempauii.
7.7.  [nuboKe Has4aHHA 019 KosnabopamusHoi Ginempayii.
7.8.  BucHosKu.
3aHypeHHs y mabauyHe MoOento8aHHS.
8.1. KamezopianbHi 8Knad0eHHs.
8.2.  [lo3a 2nuboKUM HaBYAHHAM.
8.3. fdamacem.
8.3.1. 3mazaHHA Kaggle.
8.3.2. [Modusumocsa Ha OaHi.
8.4.  [lepesa yx8asneHHA piuieHsb.

8.4.1. 0O6pobka aam.

8.4.2. BukopucmanHsa TabularPandas i TabularProc.
8.4.3. CmeopeHHA 0epesa yxeasneHHs pilleHs.
8.4.4. KamezopianbHi 3MiHHI.

8.5.  Bunaokosi nicu.
8.5.1. CmeopeHHA 8unadkosoeao sicy.
8.5.2. Momunka Out-of-Bag.

8.6. IHmepnpemauis moodeni.

8.6.1. Bapiauia 0epes 0514 enesHeHOCMi npo2Ho3y8aHHH.
8.6.2. Baxcnusicme 03HGK.

8.6.3. YcyHeHHA Mmanosaxmnusux 3MiHHUX.

8.6.4. YCcyHeHHS Ha0AUWKO8UX 03HAK.

8.6.5. YacmkKosa 3anexHicme.



8.6.6. Bumik 0aHux.
8.6.7. IHmepnpemamop depes.

8.7.  Ekcmpanonayia ma HelpoHHI mepexi.

8.7.1. 3adaua ekcmpanonayii.
8.7.2. 3Haxo0xeHHA No3a0oMeHHUX OaHUX.
8.7.3. BukopucmaHHA Helipomepeci.

8.8.  AHcambrnese HaBYAHHA.
8.8.1. bycmiHe.
8.8.2. [ToeOHAHHA 8KNAOEHb 3 IHWUMU Memooamu.
8.9.  BucHosKu.
9. 3aHypeHHs y 06pobKy NpupoOHOi MOBU: peKypeHmMHI Helipomepexci.

9.1.  [lonepedHsa obpobKka mekcmy.

9.1.1. ToKeHu3ayis.

9.1.2. ToKeHu3ayia cnis 3 fastai.

9.1.3. TokeHu3ayis niopsaokis.

9.1.4. Hymepukanizauis 3 fastai.

9.1.5. Po3KknadaHHA mekcmis y nakemu 0715 MO8HOI moderni.

9.2. TpeHy8aHHA Knacugikamopa mexkcmis.

9.2.1. MoeaHa modens 3 sBuKopucmaHHAM DataBlock.
9.2.2. TOHKe HanauwmysaHHA MO8HOI Mmoderi.

9.2.3. 3bepexceHHa ma 3a8aHMaxceHHA moodeel.
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6 CamocrTiitHa poboTa cryaeHTa/acnipaHTa
CmyodeHm sumpauyamume 3-4 200UHA HaO MUXOeHb Ha camocmiliHy pobomy 3 mamepiasom Kypcy.
e [oniTMKa Ta KOHTPOb
7 NoniTMKa HaBYaAbHOI ANCUUNAIHM (OCBITHDOrO KOMMNOHEHTA)

CmyodeHmu ompumytomes banu 3a npasusnbHe Ma 84aCHe 8UKOHAHHA nabopamopHux pobim. 3azanbHull
pelimuHe (Kinekicme 6anis) cknadaemoca 3: 1) nabopamopHux pobim (y popmi npakmMu4HUX 30800Hb 3
npozpamysaHHs) 60%, 2) ekzameHy 40%.

Hapasi 8 kypci HasasHi mpu nabopamopHi pobomu, KoxcHe oyiHreEMbCA 0o 20 banis. CmydeHm nosuHeH
30amu npasusbHoO BUKOHAHY 1abopamopHy pobomy npomsa2om 080X muicHie 3 OHA 8u0aYi 3a80aHHA 014
OMPUMGAHHA MOBHOI Kinbkocmi 6anis, 8 iHWOMY 8unadKy 3acmocosyromsca wmpagHi 6aau He binbwe
40% 8i0 3a2an16HOI KinbKocmi 3a nabopamopHy pobomy.

8 BuAau KOHTPOJIIO Ta PeiTUHroBa CUCTEMA OLiHIOBAaHHA pe3y/bTaTiB HaBuaHHA (PCO)

MomoyHuli koHmpons: MKP, nabopamopHi pobomu

KaneHOapHuUli KOHMPOsb: 3004HOHO (POPMOIO HABYAHHA He nepedbayeHull.

Cemecmposull KOHMPOAb: eK3ameH

Ymosu 0onycky 00 ceMecmpo8o20 KOHMpPO: 3apaxy8aHHA ycix nabopamopHux pobim, cemecmposull
pelimuHe He meHwe 40 basie.

Tabnuuga BignosigHoOCTI peMTUHroBmx 6aniB OLiHKaM 33 YHIBEPCUTETCbKOIO LLKa0I0:

Kinbkicms 6anie OuiHka
100-95 BiamiHHO
94-85 Oyxe nobpe
84-75 Jobpe
74-65 3a[0BiNnbHO
64-60 JocTaTtHbo
MeHwe 60 He3apoBinbHO
He BMKOHaHi yMOBM AONYCKY He gonyuweHo
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