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AsporasoaHaMuU4YeCcKuit 3KcrepuMenT, 2026, ouHas
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ITpotokon 3acemanust Ne 8 ot 24.02.2026

IIpencenaTenb YueHOro coBeTa
Mmnacckoro ¢pwmana @I'BOY BO
"YUenl'V" COIJIaCOBaHO T.B. ManbkoBa

3acemannem Kadeapbl MPUKIAAHON MaTeMaTUKM

ITporoxkosn 3acemanmst Ne 6 or 30.01.2026

3aBemyroimii Kadempoin COIJIaCOBaHO E.B. lytukoBa

ABTOp (cocTaBUTEND) I.®. Koctun

CrpykTypa GoHIa OLEHOYHBIX CPEACTB AJIS IPOMEKYTOYHOM aTTeCTAlMM 10 AVCHUILIHE
cooTBeTCTBYeT npuKasy pekropa PI'bOY BO «Uenl'V» or 27.09.2022 r. Ne 573-1 «O6
yTBepP>KACHUM Ia6/I0HOB IOKYMEHTOBY.
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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

DY

yupe>kieHre BhICIIero o6pa3oBaHus
«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

crp. 4 u3 31 TlepBbIii 3K3eMIUISIp

KOITHA Ne

1. ITACITOPT ®OHJA OOEHOYHbLIX CPEJCTB

Harnpasnenue nogroroBku: 01.03.02 TlpuknadHasa mamemamuka u UH(hopmamuka
HarpasnieHHoCTh (podusib): Mamemamuueckoe Mooeaupogauue
OuctmrinHa: A3po2a3o0uHamuuecKkuil 3KcnepumeHm

CemecCTpsl usyueHus: 7

dopma rpoMeXXyTOYHOM aTTeCTallud: 3auem

2. IEPEUEHHh ®OPMUPYEMbBIX KOMIIETEHITVI

2.1. KomneTeHIIMH, 3aKpeIIéHHbIE 3a JUCHUIIIMHOU

N3yueHue JUCLIUTUIVHBI «A3po2azoouHamuuecKull 5KCnepumeHm»
HarnpaeJ/ieHO Ha (J)OPMHUPOBAHUE CJIEAYIOLIMX KOMIETeHLWIA:
Kogpbi
CopepyxaHue
KoMIIe- N [TepeueHb M/IaHUPYEMBIX
S KOMIeTeHLIUI MH,I[I/IKEITOPLI JIOCTYKEHUsT KoMIIe- De3yIILTATOB 0ByUeHs 10
(o COrJ1aCHO TeHLUM B cooTBeTCTBMU ¢ OITOTII N ——
@rocC
PIroc)
1 2 3 4

YK-4 Criocoben ocy- | YK-4.1 3Hamb TexXHUUYeCcKue Tep-
1IeCTB/ATh fie- | MIMeeT npe/cTaB/ieHue O MpaBWiaXx | MUHBI U OCHOBHBIE TTOHSI-
JIOBYIO KOMMY- | U MPUHLMMAX Je/I0BOM YCTHOM U THS1 a9POTrKUJpOra3o/juHa-
HUKALIMIO B YCT- | MACbMEHHOW KOMMYHUKALIUU Ha MUKW Ha aHTJIMMUCKOM $I3bI-
HOW U NTUCbMEH- | TOCY[apPCTBEHHOM $I3bIKe Ke
Holi ¢opmax Ha | Poccuiickoit Pesepaiuu u Ymemb niepeBOAUTH T€XHU-
rocyZlapCTBeH- | HHOCTpaHHOM(bIX) s13bIKe(ax) yecKue U HayuyHble CTaTbU
HOM s3bIKe Poc- | YK-4.2 T10 a3porasofHaMuKe C
cutickoii @eie- | JleMOHCTpUPYeT yMeHUe aHTJIMMCKOTO Ha PYCCKUM
paLyu U UHO- OCYILeCTBJISATh /Ie/IOBYIO SI3BIK
CcTpaHHOM(bIX) KOMMYHHUKAI[{IO B YCTHOU U Bnademb HaBbIKaMU uTe-
A3bIKe(ax) NMCbMeHHOM (opmax, HUS HAYYHBIX CTaTey 1Mo

VICTI0/Tb30BaTh METO/Ibl U HABBIKU asporasoJMHamMHKe Ha aH-
ZIeJIOBOTO OOIIeHusT TJINHACKOM SI3bIKe

YK-4.3

MIMeeT HaBBIKH [|e/I0BOTO OOIIIeHUS

Ha rocyJjlapCTBeHHOM si3bIke Poc-

cukickor Pesepaliii U MHOCTpaH-

HOM(BIX) si3bIKe(ax)

[TK-1 CriocobeH K [TIK-1.1. NmeeT nipesicTaBieHue O 3Hamb TeOpPeTUYEeCKYHo
orpaboTke COBpPEMEHHBIX MeTo/lax OCHOBY 3KCIIepUMEHTa/Ib-
TIPOYHOCTHBIX, TIPOBe/IeHUs pacyeToB MapaMeTpPoOB | HbIX a3pOru/ipora3ouHa-
a’po/ilMHaMMuueC | Harpy>KeHusi KOHCTPYKLIUH MUYeCKUX UCCTIe/JOBaHUM U

© ®I'BOY BO «Yen'Y»




MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

DY

yupe>kieHre BhICIIero o6pa3oBaHus
«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

crp. 5u3 31 TlepBbIii 3K3eMIUISIp

KOITHA Ne

KHX,
TeriopusnuecK
nx
XapaKTepUCTUK
m3nenuii PKT Ha
OCHOBE
COBPEMEHHBIX
M1aKeTOB
TIPUK/IATHBIX
TIporpamm, K
MaTeMaTHueCcKo-
My MO/Ie/TUPOBa-
HUIO B 00/1aCTH
JTUHAMUKHU, Oa-
JINCTUKU U
yTpaB/IeHUsS
0IETOM Ha Oa-
3e COBPEMEHHBIX
KOMITBIOTEPHBIX
TeXHOJIOTUI

W3/1e/IUM, BK/TIOUasi MeTO[]
KOHEUHBIX 3/IeMeHTOB, OCHOBax
TeopHH Terionepeadu,
PaJIUAlIMOHHOTO TeTI000MeHa,
COBpeMEHHBIX MeTo/lax 00paboTKu
JlaHHBIX, MaTeMaTUUeCKHUX MeTOoZax
TIpoBe/leHusi OalTMCTHYe CKUX
pacueToB, OCHOBAaX a3pOJUHAMUKH,
MeTOZ,aX MPOeKTUPOBaHUs PAKeT.
[IK-1.2. JleMOHCTpHpyeT yMeHuUe
TIPUMEHSTb COBPEMEHHbIe CUCTeMbI
aBTOMAaTH3UPOBAaHHOTO
npoektupoBanusi (CAIIP), B Tom
yucie:

ITaKeThbI MMPUKJ/IdJHBIX

nporpaMM  KOHEUHO-3/IEeMEHTHOI'0O

aHa/lM3a; TAKeTbl  TMPHUKIAJHBIX
MIpOrpamMm JUTST 06paboTku
5KCTIePUMEHTAJTbHBIX JIAHHBIX,

dBTOMAaTHU3dljMK1 3KCIIEPUMEHTA.

[MK-1.3. VMeeT mpakTH4eCKUU
OTIBIT MaTeMaTHyeCcKoro
MO/Ie/TUPOBAaHUSI W TIPUMeEHEeHUst

MaKeToB TMPUK/IAJHBIX MPOrpamMmm

hinti peleHust 3a/1a4
a’sporaso/IMHaMUKH, TerJIOBOU
3allIUThl, TPOYHOCTH, AUHAMHUKHU

nBrkeHus B obmactu PKT.

METO/[bl MaTeMaTHUYeCKOT0
TJTAaHUPOBAHMS SKCIIepH-
MEHTOB

Ymemb BbIOUpPaTh HEOOXO-
qumoe obopyzoBaHue,
amraparHble Cpe/iCTBa, CO-
CTaBJ/IATb CTPYKTYPHBIE
CX€Mbl aBTOMaTU3UPOBAH-
HBIX CUCTEM 5KCIIePUMeH-
Ta/IbHBIX MCC/Ie/JOBAaHUH,
IIPUMEHEHSTh TTPOrPaMM-
Hoe obecrieueHue /s Ta-
KUX CUCTEM

Bnademb TIpakTUYeCKUMU
HaBbIKaM TIOCTaHOBKH KC-
TIepUMeHTa/IbHbIX TUPOa3-
porasoiIMHaMUYeCcKHX HC-
crefiloBaHWM, HAaBbIKU MaTe-
MaTHUYeCKOTo TIJIaHUPOBa-
HUS SKCIIEPUMEHTOB U TIPH-
MeHEeHHSs [IPOrPaMMHOI0
obecrnieueHust

3. COAEP)KAHUME OIIEHOYHbBIX CPEACTB 110 AUCIHHUITVIMHE

3.1 Bujbl oleHOUHBIX CPeACTB

HanmenoBan | HarmeHoBaH
ue ue
KonTponupyem OLIEHOYHOTO | OL€HOYHOTO
Nert/ povpy Kop komniereHmn/ H H
ble TeMbl/ cpefCTBa Cpe[iCTBa Ha
yl TIaHUPYEMBIe pe3y/bTaThl 00yUeHus
paszesnbl st TIPOMEKYTOU
TeKYILero HOM
KOHTPOJIA aTTecTaluu
1 JkcnepuMenTtan | I1K-1 ITepeBog, Bonpocsl K

© ®I'BOY BO «Yen'Y»




MMWHOBPHAYKU POCCUNA

defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
yupe>kieHre BhICIIero o6pa3oBaHus
«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan

Y

Kadenpa npukiafHol MaTeMaTHKU

@DOH/| OLIEHOYHBIX CPE/ICTB T10 JUCLIUTUIMHE «A3POra30AuHaMUueCKU KCIIEPUMEHT»

PI'BOY BO «Yenl'Y»

T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

[J1 TAKUX CUCTeM

Bepcus fokymenTa - 1 crp. 6 u3 31 TlepBbIii 3K3eMIUISIp KOIMUA Ne __
bHbIE 3Haem TeOPeTUYECKYH0 OCHOBY 3KCIIEDUMEH- | aHIVIOSA3BbIUH | 3aueTy
WcceoBaHus TalbHbIX a3pOTKpOra3oAuHaMUUeCcKUX UC- bIX HayUHBIX
TMpOL{eCCOB CeJOBaHUM U MeTO/Ibl MaTeMaTUUeCKOro crared
MOZIBOAHOTO TJIAHUPOBaHUs 3KCIIEPUMEHTOB JTabopartopH
cTapTa YK-4 ble paboThI

3Haem TexHUUYECKHE TEPMHUHBI U OCHOBHbIE

TIOHSITUS @3POrU/Ipora3oiMHaMUKY Ha aH-

TJINHACKOM sI3bIKe
OkcnepuMenTtan | [TK-1 [TepeBog, Bonpocsl k
bHOE Bnadeem MpaKTHue CKUMH HaBbIKAMU | aHIVIOSI3BIUH | 3a4eTy
onpejesneHye MOCTaHOBKU 9KCIIePUMEHTA/IbHBIX | bIX HAyUHbIX
TUpOAUHaMUYe | THpoa’pora3ofvHaMUueCcKUX WCCe[oBaHuM, | cTaTeit
CKUX HaBbIKM ~ MaTeMaTHueckoro IlaHMpoBaHus | JlabopatopH
XapaKTepUCTHK | 3KCIIEPUMEHTOB bIe paboThI
TeJs1 BpallleHust YK-4

YMmeem TiepeBOAUTb TeXHUUYECKUE U HayUHble

CTaTbU MO a3pora3oJMHaMUKe C aHIJIUHCKOT0

Ha PYCCKHMH SI3BbIK
OkcnepuMenTtan | [TK-1 [TepeBog, Bonpocsl k
bHOE Bnadeem MpaKTUue CKUMH HaBbIKAMU | aHIVIOSI3bIUH | 3a4eTy
orpeiesieHNe MTOCTaHOBKHU 9KCIIePUMEHTA/IbHBIX | bIX HAyUHBIX
a’jporaszojiHaM | TWAPOAa3pOra3oJuHaMUUeCKHUX WCC/IeoBaHUM, | cTareid
HAYeCKUX HaBBIKM MareMaTMuyecKkoro IuiaHupoBaHus | JlabopatopH
XapakKTepUCTUK | SKCIIepUMEHTOB bIe paboThI
TeJI Bpall[eHHs YK-4

Bnadeem HaBbIKaMU UTeHUsI HAyUHBIX CTareit

T10 a3pora3o/lMHaMUKe Ha aHIVIMHCKOM S3bIKe
Aspobammictuy | TTIK-1 ITepesog, Bormpocsl k
ecKui Ymeem pa3pabatbiBaTh arOPUTMBI PEIIEHUS | AHITIOS3BIYH | 3aueTy
9KCIIEPUMEHT 3a7ay AVHAMWKW, Oa/UTMCTUKW, YTpaB/IeHUS | bIX HAyYHBIX

MOJIETOM  KOCMHYeCKMX  alfnapatoB M | cTaTel

BeIOMpaTh  HeoOxopuMoe  obopyznoBanue, | JlTabopaTtopH

arraparHsble CpeJiCTBa, COCTaBJISATE | bie paboThI

CTPYKTYPHbIE CXeMbl aBTOMAaTHM3HMPOBaHHBIX

CUCTEM.
Mertonb! 1 [IK-1 Ilepesof, Bomnpocsl k
cpefcTBa Ymeem BriOUpaTh HeoOX0AMMOE 000PYAOBa- | AHIVIOSI3BIYH | 3aUeTy
W3MepeHUld TIpU | HUe, arnmnapaTHble CpeiCTBa, COCTaB/ISTh bIX HAyUHBIX
TUAPOra3o[uHa | CTPYKTYPHbIE CXeMbl aBTOMaTU3MPOBAHHBIX crareu
MHYECKHUX CHUCTEM 3KCIIepUMEeHTaNILHBIX UCciieloBaHul, | JlabopatopH
WCC/IeIOBaHUsIX | MPUMEHeHSTh MPorpaMMHOe obecrieyeHue ble paboThI

JlabopatopHble pabOTHI, CTaTbH [jIs II€PeBOjA,
OlLIeHMBAHUSI B PaMKaX TeKYIIlero KOHTPOJISl TIpe[CTaB/IeHbl B paboyeil rmporpaMme

10 JUCLIUILIMHE.

IlonHBIE KOMITJIEKTBI

KpUTEepUM U T[I0Ka3aTe/u

OLIEHOUHBIX CpeACcTB M KOHTPOJIBHO-

N3MEPUTEJIbHBIX MdTE€PHUAJIOB XPAHATCA HA Ka(be,qpe n ABJ/IAIOTCA y‘-IE6HO-

© ®I'BOY BO «Yen'Y»



MIHOBPHAYKI POCCHUU

defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
yupe>kieHre BhICIIero o6pa3oBaHus

«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan

Kadenpa npukiafHol MaTeMaTHKU

Y

@DOH/| OLIEHOYHBIX CPE/ICTB T10 JUCLIUTUIMHE «A3POra30AuHaMUueCKU KCIIEPUMEHT»

T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1 crp. 7u3 31 TlepBbIii 3K3eMIUISIp KOITUA Ne
MeToAuYe CKUMH MarepuaaaMu OrpaHUUeHHOI0 (KoH(UIeHIIMa/TBHOTO)
T10JIb30BaHUS.

3.2 Cojep)xaHue OL[eHOYHBIX CPe/JCTB //ifl TeKylleH arTecTalum

TecToBble 3aJjaHNA M0 AUCHMII/IMHE «A3POra3ofuHaMUYeCKHH IKCIIePUMEHT»
YacTb 1. OTKpbITbIe BOMpochk! (10 3agaHwnit)

No | ®opmynMpoBKa 3aJaHUs

1 | HdaiiTe omnpedeneHre TOABOJHOIO crapTa. Kakue OCHOBHble ¢H3UUecKrde IMpOoLeCChl
COIIPOBOK/JAIOT BBIXOJ, MOJe/IM U3/le/Ivs U3 LIaxXThl?

2 | TlepeuniciuTe OCHOBHble KpUTepUM MO/00MS, UCIO/Ib3yeMble TIPH MOJe/MPOBAaHUN
1o/1BO/IHOTO cTapTa. [ToscHuTe dhu3nueckuii cMbICT urcia Ppyjia ¥ uKcia KaBUTalvu.

3 | Omuimmre MeTOAWKY BEeCOBBIX HCMBITAaHUKM  Mofiesieli B OOJBIION — CKOPOCTHOM
TMpOJUHAMUYECKOM TpyOe. Kakue rHIpoguHAMUUECKHE XapaKTEPUCTHUKH MOXKHO
orpe/ie/IUTh M0 pe3y/ibTaTaM TaKUX MUCTIbITaHUM?

4 | Yro Takoe kKaBuTauus? OTMUILWTe CTaJAWU pPa3BUTUS KaBUTALMA M METOAbI OpraHU3aLiiu
Pa3BUTHIX KaBUTALIMOHHBIX TEUEHUH.

5 | lNosicHuTe MPUHLUI AeUCTBUSI TUAPOAUHAMUUECKUX TPEXKOMITIOHEHTHBIX BeCOB « TPUTOH».
Kak B [JaHHBIX BeCaxX yUUTHIBAETCS B3aMMHOE B/IUSIHHE KOMIIOHEHT?

6 | OnuinMTe OCHOBHBIE TWITBI a3pPOAMHAMMUECKUX TpyO M ux Kraccudpukarmoo. Kakue
KpUTepuu 1ofo0us HeoOXoauMo coOmofaTh TIPM  TIPOBEIEHWM  WCTIBITAHUM B
a’poJiIMHaMUUeCKUX Tpybax?

7 | Uro Takoe ra3omuHaMuueckas Oapokamepa? [Ijisi pellleHMs] KaKWUX 3ajau TMPUMEHSIOTCS
TaKWe YCTaHOBKHY TPY 0TPa0OTKe JieTaTeIbHBIX arrapaToB?

8 | OmmiMTe ONTHYECKWE MEeTO[bl WCC/Ae/[0BaHUSI OOTEeKaHUs Tej BpaileHus (TeHeBOM,
[IUTUPEH-TeHeBOM, UHTeP(epeHIIMOHHbIN). B uéM MX 0C00eHHOCTH U OT/INUMS ?

9 | Kakue Bujpl OIMOOK WM3MEPEHHH CYIeCTBYIOT B SKCIIEPUMEHTA/lbHOM T'MIPOAWHAMHKE?
OnumimTe MeToaUKy 00pabOTKY pe3y/IbTaToB SKCIIePUMEHTA MPU KOCBEHHBIX U3MePeHUsIX.

10 | [TosicHuTe CyTh MeToJa Ta30THJPAaBINUECKOM aHalOTUXA TIpU U3yUeHWH TIPOLieCCOB
MOABOAHOIO CTapTa. B KaKuxX c/yvyasix OH NpUMeHUM?

YacTb 2. 3akpbITble BONPOChI (BbibepyTe 0AMH NpaBubHbIi 0TBeT) (10 3agaHuit)

Ne | ®opmyIMpOBKA 3a/JaHUs BapuaHTbI OTBETOB

11 | Yucno  dpyma  XapakTepusyeT | a) CUI MHEPIMM K CHJIaM BS3KOCTH; 0) CHU/T MHEPLIUK K
OTHOLIEHUeE: CU/aM TSDKeCTH; B) CUJ JaB/IeHUs] K CHIaM WHepLUH;

') CUI TIOBEPXHOCTHOTO HaTsDKEHUSI K CUJIaM UHEePLIUU

12 | KaBUTaroHHoe YHUCIIO o o = Efo“ i S )
ornpefiensieTcsi 1o Gopmyre: a) V", 6) “ ;B) VoL T) pv?

13 | I'uapoguHaMuueckue BeChI | a) U3MepeHus JaBJieHus B TIOTOKe; 0) W3MepeHUst TPEX
«Tputon-3IIC»  mpegHa3HaueHbl | KOMIIOHEHT TMAPOAWHAMHUYECKHUX CUJT U MOMEHTOB; B)
LIS pPerucTpauyy Temrneparypsl MOTOKa; T') BU3yalIu3alydn

TeyeHUs!

14 | TTpu MozieTMPOBAaHMYK TIOZIBOJHOTO | @) uMcao PeliHombAca; 6) uucio Maxa; B) uucIIo

CTapTa  OCHOBHBIM  KputepueM | @pyna; r) uncio Ctpyxans
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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

Y

Muacckuii punvan

yupe>kieHre BhICIIero o6pa3oBaHus
«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Kadenpa npukiafHol MaTeMaTHKU

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»
OIr'eE0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 crp. 8 u3 31 TlepBbIii 3K3eMIUISIp KOIMUA Ne __
110/1I00MST SIBJISIETCS:
15 | TeH3oMeTpHruecKas MOZIeSTb | @) HW3MEepeHWs TeMIlepaTypbl TOBEPXHOCTH; 0)
W3/e/us UCTI0b3yeTCs [iIs: orpefiesieHUs] TUAPOJAWHAMUYECKHWX Harpy3ok; B)
perucTpalii CKOPOCTM TOTOKa; T) BHU3yalu3aluu
KaBepHbI
16 | lllnupeH-MeTOx TO3BOJISIET | @) pacrpe/ie/ieHre TeMrepaTypbl Ha MOBEPXHOCTH; 0)
BU3yaIM3UPOBaTh: rpajueHThl TJIOTHOCTA B TIOTOKe; B) JIMHUU TOKAa Ha
TIOBEPXHOCTHU TeJia; T) JaB/ieHre B IOTPaHUYHOM CJI0e
17 | T'a3ogquHaMuyeckass ~ Gapokamepa | a) TIPOIIECCOB TOZABOJHOTO CTapra; 0) Tonéra Ha
TIPUMEHSIeTCS /ISt MO/Ie/TMPOBaHMS: | OO/BIINX BBICOTaX M B BaKyyme; B) KaBUTAI[MOHHBIX
TeueHUH; T') yapHbIX BOJH B BOJie
18 | Cuctemarnueckas oirnbKa | a) UMeeT C/y4yaiHbIM Xapakrep; 0) MOBTOPSIeTCS TPU
W3MEepEeHUN XapaKTepU3yeTCsl TeM, | MHOTOKPAaTHbIX HW3MEPEeHUsIX; B) YMeEHbLIaeTcs C
YTO: yBeJIMUEHWEM YHC/Ia M3MEpeHU; T) He TOoAAaéTCs
yuéry
19 | bopToBoii perucTparop B |a) VyIpaBleHUs MoJe/nblo; 0) perucTpupoBaHUs
9KCIIepUMeHTax MOJIBOAHOTO | U3MepsieMbIX MapaMeTpOB B peajlbHOM BPEMEHM; B)
cTapTa npejHa3HaueH JJIs: repefaud JaHHBIX Ha Oeper; Tr) cTabuIM3alLuu
TPaeKTOPUU
20 | MeTof, Mac/IsTHOM TJIEHKY | @) U3MepeHwUs JlaBieHust; 0) BU3yaM3aldy CTPYKTYPbI

TIpPUMEHSETCA AJIs:

MOrPaHUYHOTO CJI0S1 HAa TIOBEPXHOCTH; B) OMpe/ie/ieHust
TeMIIepaTyphl; I') perMCTPALY KaBUTALUH

YacTb 3. 3agaHusa Ha cooTtBeTcTBUe (5 3agaHuii)

Neo | 3aganue

2 | YcraHOBUTE COOTBETCTBHE MEXAY KpPUTEpHeM mojo0usa u ero ¢usndeckou

1 | uHTepnpeTalueii:
A) UYucno PehinHompaca — 1) OTHOmeHWe CWI MHEpPUMU K CWIaM  BSISKOCTH
b) UYucno ®pyga — 2) OrTHollleHMe CWI WHEPUMM K CWIaM  TSDKeCTH
B) Uucno kaButaumu — 3) XapakTepusyeT COOTHOILIEHVe J1aB/eHus U AUHaMUUYeCKOro
Haropa 1IpU KaBUTaLUU
') Yucno Maxa — 4) OTHoLLIeHHe CKOPOCTH MOTOKA K CKOPOCTH 3BYKa

2 | YcraHOBUTe COOTBeTCTBHE MeX/]y THIIOM 3KCIepMMeHTa M peliaeMoil 3ajauei:

2 | A) Becossle ucnbitanuss — 1) OnpesienieHre K03QpQULIMEHTOB THAPOJUHAMAYECKUX CUJT U
MOMEHTOB
b) [peHakHble ucnbiTaHuss — 2) VI3smepeHue pacripefiesieHus JaB/ieHNs 10 TTOBEPXHOCTH
Tesa
B) KaBurauyonnsle ucrneitanusg — 3) VccnefoBanve napaMeTpoB pasBUTOM KaBepHbI U
yucia KaBUTaLU
I') BpockoBsle ucnbiTanuss — 4) OnpezesieHne aspofvHaMUYeCKUX XapaKTepUCTUK MpU
CBOOOZIHOM TT10/IETE MOJIE/IN

2 | YcraHOBUTE COOTBETCTBHE MEXAY H3MePHTeIbHBIM NPUOOPOM M W3MepsieMOM

3 | BeJIMUMHOM:

A) TeH30aTUUK — 1) Hedopmarus, CHUJa, JlaBjieHue
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MIHOBPHAYKI POCCHUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
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Kadenpa npukiafHol MaTeMaTHKU

@DOH/| OLIEHOYHBIX CPE/ICTB T10 JUCLIUTUIMHE «A3POra30AuHaMUueCKU KCIIEPUMEHT»

T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1 crp. 9u3 31 TlepBbIii 3K3eMIUISIp KOITUA Ne
b) Ilbe3osnekTpuyeckuii gatuvik — 2) /lMHaMuueckoe JaBjieHWe, y/AapHble Harpys3Ku
B) Tepmonapa — 3) Temmneparypa rasa 15017 JKUJKOCTH

I') TpyOka ITuto — 4) CKOpoCThb ITOTOKa

2 | YcraHOBUTE COOTBETCTBHE MEXJY ONTHYECKHM METOl0M U €ro 0CO0eHHOCTHIO:

4 | A) TeneBoii wMetos — 1) BusyanusupyeT BTOpble T[POW3BOJHbIE TIJIOTHOCTH,
YyBCTBUTE/IEH K yZapHbIM BOJTHaM
b) HlnupeH-meton — 2) BusyanusupyeT nepBble NMPOU3BOAHbIE TIOTHOCTH, MOKAa3bIBaeT
rPaHULIbI HEOJHOPOJHOCTeN
B) WHrepdepeHionHbiii  MeTos, — 3) Ilo3BosisseT KOMMUECTBEHHO U3MepSITh
pacripefiesieHye IJIOTHOCTHU Io TI0JTHO TeueHust
I') MeTop na3epHoro Hoxka — 4) Bu3yanu3auys CTPYKTypbI TTOTOKA B MJIOCKOCTH CeueHust
C TIOMOILIBIO MO CBEYEHHbIX YaCTHL]

2 | YcraHoBUTEe COOTBeTCTBME MEXAY 3TanoM MOJBOJAHOIO CTapTa HM  ero

5 | XxapaKTepHUCTHUKOH:

A) [IBwxkeHue B maxte — 1) @opMupoBaHue 1Mapora3oBoii CMeCU, pOCT BHYTPHUILIAXTHOTO
JlaBIeHNs
b) Beixog u3 maxtel — 2) B3aumopelicTBHe BBIXJIONHON CTPYHW C BOZOW, oOpa3oBaHue
KaBepHbI

B) TIlogBognbili yuyacTok — 3) [IBW)KeHMe B CIUIOIIHOM JKUAKOCTH C YYETOM
TPUCOeJUHEHHBIX Mmacc
I') Beixog Ha moBepxHOCTh — 4) [Ipobutre CBOOOAHONW TOBEPXHOCTH, W3MeHeHHe

TUAPOJVMHAMUUECKHUX Harpy30K

K/oun K TECTY U KPUTEPUU OLIEHVBaHWS

Ne BepHeblii oTBeT Kputepuu onjeHnuBaHus

3a/jaHust

1 TMoABOAHBINA CTAPT — 3aIlyCK JIeTaTeIbHOTO armapara | 2 6aJiia: MoHoe OMUcaHue +
us3 IOJBOJHOIO [10JIOKEHUS. [Mpoueccer: | dusnueckue mporecch; 1
(opmurpoBaHue raporasoBou cMecy, | 0a/ur: yacTuuHbIA OoTBeT; 0
B3aMMO/IeMICTBME  CTPyWd [JBUratenss C  BOZOM, | 6a/10B: HEBepHO
obpa3oBaHue KaBepHbI, TU/IpOHaMUUe CKUe
Harpy3Ky Ha KOpMycC, IMHaMUKa BbIXOZA U3 LIAXThI.

2 Kpurepun: ®pyna Fr=V/ \/ﬁ (MHepLUS/TSKeCTh), 2 banmna: 'BCG KpHTePHH *
Pejinonbaca Re = pVL/1 (unepuus/BsskocTs) noscuenns; 1 - Gamr 1-2

> | KpuTepus; 0 0asioB:
KaBUTAL[UM 0 = (P — ) /(0.5pV?) IIpu | gepepHoO
MO/IBOZHOM CTapTe 0CHOBHOU — Dpyya.

3 Mopenb 3akperuisseTcsi Ha Becax B pabouem yuactke | 2 Oa/uia:  MeToAuMKa  +
TpyOBI, 3aJalOTCST yron arakd, CKOPOCTb TIOTOKA. | TlepeueHb XapaKTepucTuk; 1
V3MepsIOTCS CUIBbI U MOMeHThI. Onpegensiorcsi: Cx, Oann: uacrnuubii oreer; 0
Cy, my; — K03 ULeHTHI TT 7 ji | 0a/L10B: HeBepHO

, POZO/IBHOM, HOPMaJ/IbHOU
CUJIbI U MOMEHTA.
4 KaBwuraipiss — obOpa3oBaHue MapoBbIX MOJIOCTeH NpU | 2 0aJiyia:  oripefesieHde  +

© ®I'BOY BO «Yen'Y»




Y

MMWHOBPHAYKU POCCUNA

defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

yupe>kieHre BhICIIero o6pa3oBaHus

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

crp. 10 m3 31 TlepBbIii 3K3eMIUISIp

KOITHA Ne

JIOKQ/IbHOM TMaJileHuM JaBneHusi Hwke Pv. Craguu:
Haya/ibHasi, pa3BuTasl, CynepKaBUTaLUs. MeToabl:
CHW)KeHHe JlaB/ieHUs], yBelIMueHrue CKOPOCTH, TOJ/YB
rasa.

ctaguu + Metonel; 1 Oasm:
yaCcTUUHbINA OTBeT; 0 0a/I/I0B:
HEBEpPHO

5 [Mpunuun:  u3MepeHwe fedopMalud  yOpyrux | 2 6aswia: MPUHLUM + Criocob
3JIEMEHTOB TEH30pPe3UCTOPAaMU. YUET B3aUMHOrO | yuéTa BausgHMs; 1 OGawr:
B/USIHUS — Yepe3 Marpully KaaubpoBOUHBIX | TOJMBKO MpuHLMI; 0 0asioB:
KO3 PUIIMEHTOB, OmpeJe/isseMyl0 TIDU TapUpPOBKe | HEBEPHO
BECOB M3BECTHBIMU Harpy3Kamu.

6 Turbl: 03BYKOBLIE, TPAHC3BYKOBbIE, CBEPX3BYKOBhIe, | 2 Oa/uia: Kiaccupukauus +
TUTEepP3BYKOBbIE; 3aMKHYTbIe, Pa30MKHYThIe. | KPUTepUH; 1 0ast:
Kpurepui: Re, M| rpu Heo6xogumocTin — mogo6ue | YaCTHUHBIA OTBeT; 0 GanioB:
Teriopu3nueCK1UX rnapaMeTpoB. HEBEPHO

7 Bapokamepa —  ycTaHOBKa [/l Co3[aHus | 2 0aJ/ia: orpefeneHue +
pa3peXxeHUs] WIM 3a[aHHOTO JaBjeHWs. 3afauu: | 3ajaud; 1 Oa/mur  TOJBKO
MO/ie/IMpOBaHKe BBICOTHBIX YCJIOBUH, WCC/Ie[0BaHUe | ompefeeHre/3afauu; 0
HCTeUeHUs1 CTPYH B pa3pekeHHYIO Cpe[ly, TeIIOBbie | Da/I/IOB: HeBEPHO
WCITIBITAHUSI.

8 TeHeBOM: UYBCTBUTENEH K VZP, y/japHbIe BOJIHBL | 2 Gana: Bce TpU MeToja +
Ilmpen:  uyBCTBUTeIeH K VP,  rpaHuupl | O b 1 6anm  1-2
HEOJHOPOJHOCTEM. WuTepdepeH1MOHHbII: MeTo/a; 0 6a/1108: HeBepHO
KOJIMUeCTBEeHHOe U3MepeHue P.

9 Ommbku: rpybOble (TIpoMaxH), CHCTeMaTHYecKue | 2 0a/ia: BBl OINMOOK +
(noBTOpsItOLLMECs), C/lydaliHble (CTOXaCTUYeCKHe). | MEeTOZMKA; 1 ot
KocBeHHBIe M3MepeHHsI: MMOTPELTHOCTb BBIYUC/ISIETCS | YaCTUUHBIA oTBeT; 0 6asioB:
yepe3 yaCTHble TpPOM3BOJHbIe  (YHKIMHA  OT | HEBEPHO
Y3MepsieMbIX BeJIAYMH.

10 MeToz OCHOBaH Ha aHa/IOTMA ypaBHEHWH JBIWKeHUs | 2 Oamma: cyte + o06sactb
raza ¥ JKMJKOCTHA TIPH OIpPeeIEHHBIX YCIOBUSX. | MPUMeHUMOCTH; 1  fasur
[TpuMeHUM IS KaueCTBeHHOTO aHa/M3a | TOMbKo CcyTh; 0  GasuioB:
ra3oJuHaMMUeCcKuX TIPOLeCCOB TMpU TOABOAHOM | HEBEPHO
CTapTe, KOTla IOMUHUPYIOT MHEePLIMOHHbIE CUJIBI.

11 0) cu MHEePLIMH K CHJIaM TSDKeCTH 1 6amn: BepHbli BbIOOp; 0

0a/1/10B: HEBEPHO

12 = PPy 1 Gamn: BepHbit BbIGOp; 0
a) call 0a/1/10B: HEBEPHO

13 0) u3MepeHusi TPEX KOMIIOHEHT TUApPOAMHaMUYeckuX | 1 0asur: BepHbId BbIOOp; 0
CWJ1 1 MOMEHTOB 0a/1/10B: HEBEPHO

14 B) uncio Ppyna 1 ©amn: BepHbli BbiOOp; 0

0a/1/1I0B: HEBEPHO

15 0) onpenesieHUst TUAPOAMHAMUYECKUX Harpy30K 1 ©6amn: BepHbli BbIOOp; 0

0a/1/1I0B: HEBEPHO

16 0) rpaiueHThI TVIOTHOCTH B TIOTOKE 1 ©Oamn: BepHbld BbIOOD; 0
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MIHOBPHAYKI POCCHUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
\"} yupe>kieHre BhICIIero o6pa3oBaHus
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Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
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OIr'eE0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 crp. 11 3 31 TlepBbIii 3K3eMIUISIp KOIMUA Ne __
0a/1/1I0B: HEBEPHO
17 0) mosiéta Ha OOJBILIMX BBICOTAX U B BAKyyMe 1 ©6amn: BepHbli BbIOOp; 0
0a/1/10B: HEBEPHO
18 0) MOBTOPSIETCS P MHOTOKPATHBIX M3MEPEHUSX 1 ©amr: BepHbli BbiOOp; 0
0a/I/1I0B: HEBEPHO
19 0) perucTpypoBaHUs M3MepsieMbIX TMapaMeTpoB B | 1 0as/ur BepHbIi BbIOOp; 0
peayibHOM BPeMEeHH 0aJ/1I/1I0B: HEBEPHO
20 0) BU3yanu3alvy CTPYKTYPhl MOrPaHUYHOrO /1o Ha | 1 ©0asur: BepHbId BbIOOp; 0
MOBEPXHOCTHU 0a/1I/1I0B: HEBEPHO
21 A-1,B-2,B-3,T-4 2 fasa: Bce BepHO; 1 DA
1 ommbka; 0 OammoB: >2
OIIMO0K
22 A-1,B-2,B-3,T-4 2 pa/uta: Bce BepHo; 1 6amr:
1 oumbka; 0 OamioB: >2
OLIMO0K
23 A-1,B5-2,B-3,T-4 2 6asa: Bce BepHO; 1 awt:
1 ommbka; 0 OammoB: >2
OIIMO0K
24 A-1,B-2,B-3,T-4 2 da/uta: Bce BepHO; 1 bamt:
1 ommbka; 0 OammoB: >2
[0 i11% (6109
25 A-1,B-2,B-3,T-4 2 pa/ta: Bce BepHO; 1 baswr:
1 ommbka; 0 OamioB: >2
[0)111%(0]0)S

LLIkana oueHnBaHusa

Cymma 6aioB | OrieHKa YpoBeHb 0CBOEHHSI KOMITETEHLIUN
36—40 OtnyHo (5) [TpoABUHYTHIN

28-35 Xopowo (4) ba3oBbIit

20-27 YoBneTBOpUTeHHO (3) [ToporoBbiii

0-19 HeynosnetrBopuTesnbHO (2) | KomnereHimy He chopMUPOBaHbI

JIaGopaTopHbie padoThI

[TpenycMOTpeHHBIH  MpOrpaMMOM  Kypca LMK  pabOT  COAEP)KUT  Kak
Herocpe/ICTBeHHOe BbITIOJTHEHWe J1abopaTOpHOTrO TPAKTUKyMa CTY[AeHTaMW, TaKk U MX
ydacThe B 3KCIIepUMEeHTabHO-UCC/e[oBaTebCcKuX pabotax, mpoBogumbix AO «['PII
MakeeBa».  DTOT J/1abOpaTOPHBLIM TIPAKTUKYM IpeHA3HAaueH /1 O3HAaKOMJIEHUs C
JKCTIIepUMEHTA/IbHBIMA ~ METOJaMM W CpPeICTBAaMHM  TMIPOa’pora3ofrHaMHue CKHX
WCCIeJOBAaHUH, JTOJDKEH CII0COOCTBOBAThL Oojiee rTyOOKOMY YCBOEHHIO JIEKIIMOHHOM UacTH
Kypca, MOHUMaHUI0 (PU3NUECKOr0 CMbBIC/IA PAaCCMaTPUBAaeMbIX BOIPOCOB W TPUBUTHIO
HaBBIKOB MCIT0/Ib30BaHUSI COBPEMEHHOM M3MEPUTE/TbHOM arraparyphl.
Jlabopamopuas paboma Nel. OTcTpenbl MOJeNbHBIX IBUTaTe/IeH.

Pacuét mMozenbHOTO MOPOX0oBOTO ABuraresisa. OTpaboTKa pe>KMMOB [JBUTATess Ha
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Muacckuii punvan
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@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»
OIr'eE0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 crp. 12 u3 31 TlepBbIii 3K3eMIUISIp KOITUA Ne

ra3ouHaMU4ecKoM cTeH/e. Vi3MepeHusi BHyTPUKaMepPHOTO /laB/ieHus], TeMIepaTyphl.

JlabopamopHas paboma Ne2. I'my60KOBOZAHBIH ra30[JUHAMHUECKUNA CTEH].

Mogenb uznenus. Mogesib IIaXTHOM YCTaHOBKU. JHeproyses. Pacuét mapameTpoB
IBWKEHUS] M BHYTPHILIAXTHBIX Ta30[jMHAMUYECKUX TPOLIECCOB /I/Isi KOHKPETHOW MO/e/u
W3/1e/IUs, MOJIeNIM LIAXTHOW YCTaHOBKUA W Mofenu 3Heproysna. CpeicTBa W3MepeHWUsl.
TpeboBaHus K cpeicTBaM M3MepeHusi. VicciieoBaHUs MTapaMeTPOB JBMKEHHUsI B IIIaxTe,
BHYTPHILAXTHBIX Ta30JUHAMHUECKUX IIPOLIECCOB TPU [BI)KEHUH MOJEIN W3[e/Us B
maxte (MyCKH Ha TyOOKOBOAHOM ra30fiMHAMHUECKOM CTeHZie ). AHa/lu3 pe3y/bTaToB
Ty CKOB.

JlabopamopHas paboma Ne3. I'napobaicTiue CKuid OacceiH.

Bannvctuueckas mozens usfenus. Mofesb LIaXTHOW YCTAaHOBKU. DHEProysell.
PacuéT mapamMeTpoB TIPOLIECCOB TOJBOJHOTO CTapTa /il KOHKPeTHOW OasnmcThyecKkoi
MoJlelIi, MOJie/I1 IIaXTHOW YCTaHOBKH, MoOZend 3Heproysna. CpezacTBa H3MepeHWUs..
TpeboBaHWs K CpeAcTBaM H3MepeHUs. BOpTOBOI peructparop st peruCTPUPOBAHUS
M3MepsieMbIX MapameTpoB. McciienoBaHusi MPOLECCOB TOABOAHOTO CTapTa IPU CTapTe
OanmMCTUUeCKOW  MoJend W3  MOJE/NbHOW  IIaXTHOM  yCTAaHOBKHM  (MYCKM B
rUpo0aIMCTHYeCKOM OacceliHe). AHa/ln3 pe3yabTaTOB IMYCKOB. TeH30MeTpuuecKas
MoJesib u3fenvsi. Mozienb 1axTHOW yCTaHOBKU. DHeproysen. Pacuét ruipogrHaMyuyecux
Harpy30K IpH CTapTe KOHKPEeTHOW TeH30MeTpUUeCKOW MOJenu W3 MOJeNbHOM IaXTHON
yctaHoBkU. CpezicTBa M3MepeHusi. TpeboBaHUs K cpeficTBaM u3MepeHus. VcciemoBaHus
TUIPOJMHAMUYEeCKHUX Harpy3o0K TPU CTapTe TeH30MeTPHUUYeCKOW MOofe/d W3 MOJe/bHOMN
IIIaXTHOM yCTAHOBKHU (ITyCKW B TMIPOOA//TMCTUUECKOM OacceiiHe). AHamu3 pe3ynbTaToB
Ty CKOB.

JlabopamopHass paboma Ne4. Bonblllasi CKOpPOCTHasi THApPOAWHaAMUYecKass Tpyba ¢
TOPH30HTa/IbHBIM PabOUHM YUaCTKOM.

Mogenu uszieivii ¥ UX 3/1IeMEHTOB [/Isl UCTILITAaHUM B THAPOJMHAMUYECKOU TpyOe.
OTasioHHble Mozenu. I'napogrHaMyuyeckre TpEXKOMITIOHeHTHbIe BeChl « IputoH 3I1C-3» u
«TputoH-3I1C-4». CpezncrBa u3MepeHUsi I1apaMeTpOB CKOPOCTHOIO IIOTOKA BOJbI B
paboueM yuacTKe TUAPOTPYOBI, VIVIOB aTakKd Mofend. BecoBble WCIIBLITaHUS MOJENU B
TMIPOJMHAMUYECKOl TpybOe TIpW CIJIOIIHOM M JByx(da3HOM o00TeKaHHUsIX (TIpOJIMBKa
KOHKDETHOW  Mofie/id, TiepBUYHasg  00paboTKa  SKCIIePUMEHTANbHBIX  JJaHHBIX).
OnpeneneHvie TO3ULIMOHHBIX TUIPOJMHAMUYEKUX  XapaKTepUCTUK Mo/Ienu
(ko3(ppuLIeHTOB TMPOAOABHOW CHUJbl, HOPMA/JIbHOW CWJIbI M TIPOJ0JIBHOIO MOMEHTA) 0
T0J/TyYeHHBIM SKCTIepUMEeHTAa/IbHBIM JJaHHBIM. AHa/M3 pe3yabTaToB UCTIbITAHUM.

JlabopamopHass paboma Neo5. Bosblllasi CKOpPOCTHasi TUApoOAWHaMUYecKass Tpyba c
BePTHUKAIbHBIM Pab0OUYMM yUaCTKOM.

OcoOeHHOCTH TIPOBe/IEHUS] WCTIBITAHWM TIPU HaJAyBe W BaKyyMHUPOBaHUHU
ruipoguHamMudeckoid TpyOnl. KaBepHbl B TOPU30HTa/lbHBIX M BePTHUKA/IbHBIX IMOTOKAaX
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KUAKOCTA (0COOEHHOCTM W OT/IWYMs). McrnbITaHUs TUITOBOM MOJENMA W3AeTusl C
KaBUTaTOPOM B BepTHKA/JbHOM TOTOKe >KUIKOCTH. Pa3BuThbie ecTecTBeHHas (TlapoBasi) U
HCKyCCTBeHHasi (ra3oBasi) KaBepHbl B BepPTUKa/JbHOM IOTOKe >XUAKOCTU. OripeziesieHue
yhC/la KaBUTAlMM TOoTOKa. OripesiesieHWe UMC/Ia KaBUTALUWA /i1 Pa3BUTOM KaBepHBI.
V3yuyeHre mapaMeTpOB M CTPYKTYPhbI KaBePHBI Ha ITPO3pPauyHbIX TOJYMOe/sX. BausHue
yucen dpyzna v KaBUTal[MM Ha TeOMeTprUUYeCKUe rmapaMeTpbl 0CeCUMMeTPHUYHON pa3BUTOMN
KaBepHbI (yIiHAa KaBepHbI, HaUOOMbBIIINNA AWaMeTp TIOTIepeUHOT0 CeueHUs] KaBepHbI) B
BePTHUKaIbHOM TIOTOKE >KUJKOCTH. [TocTpoeHMe rpaduuecKrx 3aBUCHMOCTEM.

JlabopamopHas paboma Ne6. I'a3oiuHaMHuUeCKrie OapoKaMephl.

bonbiioil BakyymMHO-AuHamuueckui creHy, ['PL]. TumoBesle ™Mopenu [Jst
TIPOBEJIeHUsT SKCTIIePUMEHTA/IbHBIX MCCIe[OBaHUM B Tra30[MHaMHUeCKUX OapoKamepax.
OCHOBHbIE  Cpe[CTBa U3MepeHHs. YuacThe B THUIIOBOM SKCIIepUMeHTe Ha
ra3oJuHaMHUUeCcKoi Oapokamepe Wiu 60/bIIOM BaKyyMHO-AMHAMHUECKOM CTEeH[I.

JlabopamopHas paboma Ne7. Matematuueckast 06paboTKa pe3y/ibTaToB KCIIepUMeHTa.

Owmbku wusMepeHuit (TpyOble, cucTemaThyeckue, ciydaiiHele). KocBeHHbie
u3MepeHusi. MeToabl  OLIEHKM CyMMapHOW TOTPELIHOCTH SKCIepUMeHTabHOIro
oripeZiesieHHsT TUAPOA’POAWHAMUYECKMX XapakTepucTWK. OO0paboTka [JaHHBIX TIpH
oripefiesieHny  Ge3pa3mepHoro  ko3dduieHTa CUIbl  JI0O0BOTO  COTIPOTHBIIEHUS
0CeCMMMETPUYHOIO0 TeJla BpallleHus.

AHI/1093bIYHbIE Hdy4YHbI€ CTaTbH /1A [I€peBOoAad
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SCIENTIFIC REPg}RTS

OFEN Using human brain activity to guide
“machine learning

Ruth C. Fong'?, Walter J. Scheirer>? & David D. Cox?

Machine learningis a field of computer science that builds algorithms that learn.In many cases,

machine learning algorithms are used to recreate a human ability like adding a caption to a photo,

Accepted: 2 August 2017 - driving a car, or playing a game.While the human brain has long served as a source of inspiration for

Published online: 29 March 2018 * machine learning, little effort has been made to directly use data collected from working brains as a

. guide for machine learning algorithms. Here we demonstrate a new paradigm of “neurally-weighted”
machine learning, which takes fMRI| measurements of human brain activity from subjects viewing

Received: 16 March 2017

images, and infuses these data into the training process of an object recognition learning algorithm to
make it more consistentwith the human brain. After training, these neurally-weighted classifiers are
able to classify images withoutrequiring any additional neural data. We show that our neural-weighting
approach canlead to large performance gains when used with traditional machine vision features,

. as well as to significant improvermnents with already high-performing convolutional neural network

- features. The effectiveness of this approach points to a path forward for a new class of hybrid machine

: learning algorithms which take both inspiration and direct constraints from neuronal data.

Recent years have seen a renaissance in machine learning and machine vision, led by neural network algorithms
that now achieve impressive performance on a variety of challenging object recognition and image understanding
tasks!->. Despite this rapid progress, the performance of machine vision algorithms continues to trail humans
in many key domains, and tasks that require operating with limited training data or in highly cluttered scenes
are particularly difficult for current algorithms*”. Moreover, the patterns of errors made by today’s algorithms
differ dramatically from those of humans performing the same tasks*®, and current algorithms can be “fooled”
by subtly altering images in ways that are imperceptible to humans, but which lead to arbitrary misclassifications

- of objects'*~'2 Thus, even when algorithms do well on a particular task, they do so in a way that differs from how

* humans do it and that is arguably more brittle.

: The human brain is a natural frame of reference for machine learning, because it has evolved to operate with
extraordinary efficiency and accuracy in complicated and ambiguous environments. Indeed, today’s best algo-
rithms for learning structure in data are artificial neural networks'-'%, and strategies for decision making that
incorporate cognitive models of Bayesian reasoning'® and exemplar learning'” are prevalent. There is also grow-
ing overlap between machine learning and the fields of neuroscience and psychology: In one direction, learn-
ing algorithms are used for fMRI decoding'®-*, neural response prediction®-*%, and hierarchical modeling®-**.
Concurrently, machine learning algorithms are also leveraging biological concepts like working memory™, expe-
rience replay®’, and attention*>* and are being encouraged to borrow more insights from the inner workings
of the human brain**. Here we propose an even more direct connection between these fields: we ask if we can

. improve machine learning algorithms by explicitly guiding their training with measurements of brain activity,

- with the goal of making the algorithms more human-like.

: Our strategy is to bias the solution of a machine learning algorithm so that it more closely matches the internal
representations found in visual cortex. Previous studies have constrained learned models via human behavior®*>,
and one work introduced a method to determine a mapping from images to “brain-like” features extracted from
EEG recordings*. Furthermore, recent advances in machine learning have focused on improving feature rep-
resentation, often in a biologically-consistent way®, of different kinds of data. However, no study to date has taken
advantage of measurements of brain activity to guide the decision making process of machine learning. While

'Department of Engineering Science, University of Oxford, Information Engineering Building, Oxford, OX1 3PJ,
United Kingdom. 2Department of Computer Science and Engineering, University of Notre Dame, Fitzpatrick Hall of
Engineering, Notre Dame, IN, 46556, USA. *Department of Molecular and Cellular Biology, School of Engineering
and Applied Sciences and Center for Brain Science, Harvard University, 52 Oxford St., Cambridge, MA, 02138, USA.
R.C. Fong andW.J. Scheirer contributed equally to this work. Correspondence and requests for materials should be
addressed to D.D.C. (email: davidcox@fas.harvard.edu)
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our understanding of human cognition and decision making is still limited, we describe a method with which we
can leverage the human brain’s robust representations to guide a machine learning algorithm’s decision boundary.
Our approach weights how much an algorithm learns from each training exemplar, roughly based on the “ease”
with which the human brain appears to recognize the example as a member of a class (i.e., an image in a given
object category). This work builds on previous machine learning approaches that weight training®, but here we
propose to do such weighting using a separate stream of data, derived from human brain activity.

Below, we describe our biologically-informed machine learning paradigm in detail, outline an implementation
of the technique, and present results that demonstrate its potential to learn more accurate, biologically-consistent
decision-making boundaries. We trained supervised classification models for four, visual object categories (i.e., humans,
animals, places, foods), weighting individual training images by values derived from fMRI recordings in human visual
cortex viewing those same images; once trained, these models classify images without the benefit of neural data.

Our “neurally-weighted” models were trained on two kinds of image features: 1., histogram of oriented gradi-
ents (HOG) features™ and 2., convolutional neural network (CNN) features (i.e., 1000-dimensional, pre-softmax
activations from AlexNet" pre-trained on the ImageNet dataset'). HOG features were the standard, off-the-shelf
image feature representation before the 2012 advent of powerful CNNs', while CNNs pre-trained on large data-
sets like ImageNet are known to be strong, general image features, which can transfer well to other tasks*.
‘While machine vision research has largely focused on improving feature representation in order to make gains
in various, challenging visual tasks, another complementary approach, which our paradigm falls under, is to
improve the decision making process. Thus, we hypothesized that our decision boundary-biasing paradigm
would yield larger gains when coupled with the weaker HOG features, thereby enabling HOG features to be more
competitive to the stronger CNN features.

Finally, these models were then evaluated for improvement in baseline performance as well as analyzed to
understand which regions of interest (ROISs) in the brain had greater impact on performance.

Results
Visual cortical fMRI data were taken from a previous study conducted by the Gallant lab at Berkeley*'. One adult
subject viewed 1,386 color 500 x 500 pixel images of natural scenes, while being scanned in a 3.0 Tesla (3T) mag-
netic resonance imaging (MRI) machine. After fMRI data preprocessing, response amplitude values for 67,600 voxels
were available for each image. From this set of voxels, 3,569 were labeled as being part of one of thirteen visual ROIs,
including those in the early visual cortex. Seven of these regions were associated with higher-level visual processing; all
seven higher-level ROIs were used in object category classification tasks probing the semantic understanding of visual
information (only the higher-level ROIs were used due to the semantic nature of the classification tasks; earlier regions
typically capture low- to mid-level features like edges in V1*>** and colors and shapes in V4*%): extrastriate body area
(EBA), fusiform face area (FFA), lateral occipital cortex (LO), occipital face area (OFA), parahippocampal place area
(PPA), retrosplenial cortex (RSC), transverse occipital sulcus (TOS). 1,427 voxels belonged to these regions.

In machine learning, loss functions are used to assign penalties for misclassifying data; then, the objective
of the algorithm is to minimize loss. Typically, a hinge loss function (Eq. 1) is used for classic maximum-margin
binary classifiers like Support Vector Machine (SVM) models*:

&(z) = max (0,1 — z) (1)

where z = y - f(x), y € {—1, +1] is the true label, and f(x) € R is the predicted output; thus, z denotes the
correctness of a prediction. The HL function assigns a penalty to all misclassified data that is proportional to how
erroneous the prediction is.

However, incorporating brain data into a machine learning model relies on the assumption that the intensity
of a pattern of activation in a region represents the neuronal response to a visual stimulus. A strong response
signals that a stimulus is more associated with a particular visual area, while a weaker response indicates that the
stimulus is less associated with it¥. Here, the proposed activity weighted loss (AWL) function (Eq. 2) embodies
this strategy by proportionally penalizing misclassified training samples based on any inconsistency with the evi-
dence of human decision making found in the fMRI measurements, in addition to using the typical HL penalty:

@y(x, 2) = max (0, (1 — z) - M(x, 2)) ()]
where
Mix, 2) = {1 +ec, ifz<1
1, otherwise (3)

and ¢, > 0 is an activity weight derived from fMRI data corresponding to x.

In ts general form with an unknown method of generating activity weights, AWL penalizes more aggressively
the misclassification of stimuli x with large activity weight c,. The proposed paradigm involves training a binary
SVM dlassifier on fMRI voxel activity and using Platt probability scores as activity weights. With this method, a
large activity weight ¢, denotes that the fMRI activity corresponding to visual stimulus x is predicted with high
confidence to be a positive example for a given binary classification task. There are several possible explanations
of what a large activity weight ¢, connotes about visual stimulus x: 1. it corresponds well to a canonical neural
response pattern for the positive class, and 2. its highly confident predictive quality suggests that more upstream
parts of the visual cortex would recognize its corresponding image with ease. The second explanation is diffi-
cult to test without further data of human recognition quality. However, it was qualitatively observed that visual
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Phase |: Derive per-stimulus “activity weights” from fMRI data Phase II: Train image classifier
A. Collect per-stimulus activity B. Train classifier on fMRI activity vectors D. Conventional image classifier training
vectors
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Figure 1. Experimental workflow for biologically-informed machine learning using fMRI data. (A) fMRI was
used to record BOLD voxel responses of one subject viewing 1,386 color images of natural scenes, providing
labelled voxels in several conventional, functional ROIs (i.e., EBA, FFA, LO, OFA, PPA, RSC, and TOS)*'.

(B) For a given binary object category classification task (e.g., whether a stimulus contains an animal), the
visual stimuli and voxel activity data were split into training and test sets (not shown). An SVM classifier was
trained and tested on voxel activity alone. (C) To generate activity weights, classification scores, which roughly
correspond to the distance of a sample from the decision boundary in (B), were transformed into a probability
value via a logistic function®. (D,E) The effects of using activity weights were assessed by training and testing
two classification models on image features of the visual stimuli: (D) One SVM classifier used a loss function
(i.e., hinge loss [HL]) that equally weights the misclassification of all samples as a function of distance from the
SVM’s own decision boundary. (E) Another SVM classifier used a modified loss function (i.e., activity weighted
loss [AWL]) that penalizes more aggressively the misclassification of samples with large activity weights. In
training, these classifiers in (D) and (E) only had access to activity weights generated in (C); in testing, the
classifiers used no neural data and made predictions based on image features alone. (Images used in this figure
are from®® and are freely available via https://creativecommons.org/publicdomain/zero/1.0/CC01.0).

Activily Vector

stimuli with large activity weights were clear positive examples (i.e., a single, dominant object of the class of inter-
estin the image, like the one in the bottom right of Panel C in Fig. 1), providing evidence for the first explanation.

‘With this formulation, not all training samples require an fMRI-generated activity weight. Note that ¢, =0
reduces the AWL function to a HL function and can be assigned to samples for which fMRI data is unavailable.
AWL is inspired by previous work®, which introduced a loss function that additively scaled misclassification pen-
alty by information derived from behavioral data. AWL replaces the standard HL function (Eq. 1) in the objective
of the SVM algorithm, which does not have access to any information other than a feature vector and an arbitrary
class label for each training sample in its original form.

Experiments were conducted for the 127 ways that the seven higher-level visual cortical regions could be com-
bined. In each experiment, for a given combination of ROIs and a given object category, the following two-phase
procedure was carried out (Fig. 1):

1. Generate activity weights {c_} by calibrating the scores of a Radial Basis Function (RBF) kernel SVM
binary dlassifier, e.g., f; : X; . [0,1], trained on the training voxel data for the combination inta probabili-
ties via a logistic transformation*® (Fig. 1A-C). x;,e X} is a vector containing the response amplitudes for
all the voxels in a given ROI combination that were recorded when the subject was viewing image x;, and
the resulting probability ¢,; = f, () connotes how likely voxel activity ¥ was recorded when the subject
was viewing an image in a given object category, e.g., humans. fMRI-based activity weights were only
generated for voxel activity associated with images that were clear positive and negative examples of a given
class. For all other examples (e.g., images that contained multiple classes, such as a person with a pet
animal),c, = 0.

2. Create five balanced classification problems (Fig. S1). For each balanced problem and a set of image
descriptors, train and test two binary SVM classification models, e.g., f, : X;; — {—1, +1}, with an
RBF kernel one that used the HL function and another that used an AWT. function conditioned on the
activity weights {c_} from the first step (Fig. 1D and E). Two image features were considered: HOG isa
handcrafted feature that is approximately V1-like®*; CNNs are learned feature representations that
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Figure 2. Results showing the effect of conditioning dlassification models for four visual classes on fMRI data
during supervised training (Fig. 1). (A,B) Side-by-side comparisons of the mean classification accuracy between
models that were trained using either (A) HOG features or (B) CNN features and either a hinge loss (HL) or
activity weighted loss (AWL) function. These graphs show results of experiments that generated activity weights
by using voxels from all seven higher-level visual ROIs (i.e., EBA, FFA, LO, OFA, PPA, RSC, and TOS). For each
object category and choice of image features, the models trained using AWL were significantly better (p < 0.01
via paired, one-tailed t-testing). While using AWLloss reduces misclassification error using both features, it
particularly improves the performance of handcrafted HOG features. (C-E) Mean error reductions gained by
switching from HL to AWL loss when using conditioning classifies on brain activity from individual ROIs (i.e.,
EBA, FFA, or PPA) show that certain areas produce significantly better results for the specific categories they are
selective for. Error bars are standard error over 20 trials in all cases.

approximate several additional layers of the ventral stream'**”. x;;,¢ X}, is a vector containing either HOG
or CNN features for image x;.

Experiments were performed for four object categories: humans, animals, buildings, and foods; see methods
for more details.

‘We demonstrate that using activity weights derived from all of the higher visual cortical regions significantly
improves classification accuracy across all four object categories via paired, one-tailed testing (Fig. 2A and B). A sub-
stantial amount of fMRI decoding literature focuses on three ROIs: EBA, FFA, and PPA™2 This is in part because
these three regions are thought to respond to visual cues of interest for the study of object recognition: body parts,
faces, and places respectively. Given the overlap between these visual cues and the four object categories used, we
hypothesized that activity weights derived from brain activity in these three regions would significantly improve
classification accuracy for the humans, animals, and buildings categories only in instances where a response would
be expected. For example, PPA was expected to improve the buildings category but to have little, if any; effect on the
humans category (Fig. 2E). A comparison of models that used activity weights based on brain activity from these
three regions and models that used no activity weights aligns well with the neuroimaging literature (Fig. 2C-E).
Classification accuracy significantly improved not only when activity weights were derived from voxels in all seven
ROIs or from voxels in the individual EBA, FFA, and PPA regions but also when activity weights were derived
from voxels in most of the 127 ROI combinations (Fig. 52). We observed that adding fMRI-derived activity weights
provided a large improvement to models using HOG features compared to those using CNN features (Fig. 2A and
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Figure 3. Statistical influence of each ROI in binary object classification models using fMRI activity weighted
loss (AWL) and HOG features. In each graph, the percentage of the 64 ROI combinations containing a specific
ROI that had a mean classification accuracy greater than that of all 127 sets of experiments is plotted. The
threshold for the 95% confidence interval (p < 0.0004) is overlaid, showing which ROIs significantly differed
from the respective null distribution for each object category. Permutation tests and Bonferroni correction
(ev=127) were used. See Figure 3 for a similar plot for CNN features and Figures $4 and S5 for an explanation
of how the null distribution was sampled.

B). These results suggest that improvements in decision making (e.g., the use of salient activity weights based on
brain activity) may be able to compensate for poor feature representation (e.g., HOG features). They also imply
that some of the information carried by activity weights may already be latently captured in CNN features. Despite
their relatively smaller performance gains, activity weighted classifiers for CNN features still demonstrate that the
state-of-the-art representation, which is often praised as being inspired by the mammalian ventral steam, does not
fully capture all the salient information embedded in internal representations of objects in the human brain.

Additionally, statistical analysis by permutation was carried out to test whether the above-average mean accu-
racy rates observed in classification experiments for the humans and animals categories that included EBA, as
well as in the experiments for the buildings and foods categories that included PPA, were statistically significant or
products of random chance. For each object category and set of image features, a null distribution with 1,000,000
samples was generated. Each sample in the null distribution reflects the percentage that a random set of 64 ROIL
combinations would have an mean classification accuracy (i.e., averaged over 20 samples, 20=4 partitions x 5
balanced problems) that is greater than the overall mean classification accuracy averaged over all 127 mean clas-
sification accuracies. The aim is to test the significance of individual ROIs in generating salient activity weights
that yield above-average classification accuracy rates. Thus, these samples simulate randomly assigning ROI labels
to the 127 combinations. If individual ROIs did not significantly contribute to the above-average mean accuracy
rates observed, above-average mean accuracy rates of combinations that include specific ROIs falling near the
mean of the null distribution should be observed. To generate each of the 1,000,000 samples, 64 of the 127 ROIL
combinations were randomly selected. Then, a count was taken of how many of those 64 randomly selected com-
binations have a mean classification accuracy that is greater than the average of that of all 127 sets of experiments
corresponding to the 127 total ROI combinations. A sample is normalized to represent a percentage by dividing
this count by 64. Finally, the actual percentage of the 64 ROI combinations including a given ROI (e.g., all 64 ROI
combinations that include EBA), that yield above-average mean classification accuracy when compared to the
overall mean classification accuracy for all 127 combinations is compared to the null distribution.

‘When using HOG features to train activity-weighted loss SVMs to classify humans, 98.44% of the 64 combi-
nations that include EBA yielded above-average accuracies, which well exceeded the null distribution of probable
percentages if EBA did not have a significant effect in improving the classification accuracy. Figures $4 and S5 and
accompanying supplementary text further detail how a null sample is generated. Figures 3 and 53 show which ROIs
significantly differed from the respective null distributions for each object category. This analysis more rigorously
confirms the significance of the EBA region in improving the classification accuracy of the humans and animals
categories and of the PPA region in improving the accuracy of the buildings and foods categories. Most notably,
the EBA region dramatically exceeds the significance thresholds of the null distributions for humans and animals.
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Discussion

Our results provide strong evidence that information measured directly from the human brain can help a machine
learning algorithm make better, more human-like decisions. As such, this work adds to a growing body to litera-
ture that suggests that it is possible to leverage additional “side-stream” data sources to improve machine learning
algorithms®**. However, while measures of human behavior have been used extensively to guide machine learn-
ing via active learning®-¥, structured domain knowledge*®, and discriminative feature identification®, this study
suggests that one can harness measures of the internal representations employed by the brain to guide machine
learning. We argue that this approach opens a new wealth of opportunities for fine-grained interaction between
machine learning and neuroscience.

‘While this work focused on visual object recognition and fMRI data, the framework described here need not
be specific to any one sensory modality, neuroimaging technique or supervised machine learning algorithm.
Indeed, the approach can be applied generally to any sensory modality, and could even potentially be used to
study multisensory integration, with appropriate data collection. Similarly, while fMRI has the advantage of meas-
uring patterns of activity over large regions of the brain, one could also imagine applying our paradigm to neural
data collected using other imaging methods in animals, including techniques that allow single cell resolution over
cortical populations, such as two-photon imaging®. Such approaches may allow more fine-grained constraints
to be placed on machine learning, albeit at the expense of allowing the integration of data from smaller fractions
of the brain.

There are several limitations with this first instantiation of the paradigm. First, we derived a scalar activity
weight from high-dimensional fMRI voxel activity. This simple method yielded impressive performance gains
and corresponded well to the notion of ease of recognition; however, much more meaningful information cap-
tured by the human brain is inevitably being ignored. Future biologically-informed machine learning research
should focus on the development and infusion of low-dimensional activity weights, which may not only preserve
more useful data but also reveal other dimensions that are important for various tasks, but are not yet learned by
machine learning algorithms or captured in traditional datasets.

Another constraint on our specific experimental set-up was the limited amount and distribution of our data
(N= 1260 images), which restricts us to considering broad object categories instead of fine-grained ones. It
remains to be seen whether our paradigm would similarly bolster machine learning algorithms tasked to dis-
criminate among fine-grained classes that are less clearly distinguished in the visual cortex (e.g., furniture, tools,
sports equipment). Given how robustly humans can distinguish among numerous fine-grained categories that do
not necessarily have dedicated visual processing regions, such as EBA for human body parts, we hypothesize that
using brain activity from all higher-level ROIs (Fig. 2A and B) would yield similar improvements in performance
for fine-grained classification tasks. However, we suspect that using activity from a single, higher-level ROI, such
as EBA, FFA, or PPA (Fig. 2C-E), will not confer significant improvements and that no single higher-level ROI
will be substantially influential (Fig. 2C-E), but rather, the aggregate semantic information encoded and distrib-
uted throughout all higher-level ROIs will be responsible for any observed benefits from biologically-informed
training for fine-grain classification tasks.

Furthermore, while we demonstrated our biologically-informed paradigm using support vector machines,
there is also flexibility in the choice of the learning algorithm itself. Our method can be applied to any learning
algorithm with a loss formulation as well as extended to other tasks in regression and Bayesian inference. An
analysis of different algorithms and their baseline and activity weighted performance could elucidate which algo-
rithms are relatively better at capturing salient information encoded in the internal representations of the human
brain™.

Our paradigm currently requires access to biological data during training time that corresponds to the input
data for a given task. For instance, in this work, we used fMRI recordings of human subjects viewing images
to guide learning of object categories. Extending this work to new problem domains will require specific data
from those problem domains, and this will in turn require either increased sharing of raw neuroimaging data,
or close collaboration between neuroscientists and machine learning researchers. While this investigation used
preexisting data to inform a decision boundary, one could imagine even more targeted collaborations between
neuroscientists and machine learning researchers that tailor data collection to the needs of the machine learning
algorithm. We argue that approaches such as ours provide a framework of common ground for such collabora-
tions, from which both fields stand to benefit.

Methods

fMRI Data Acquisition. The fMRI data used for the machine learning experiments presented in this paper
are a subset of the overall data from a published study on scene categorization®'. All fMRI data were collected
using a 3T Siemens Tim Trio MR scanner. For the functional data collection for one subject, a gradient-echo pla-
nar imaging sequence, combined with a custom fat saturation RF pulse, was used. Twenty-five axial slices covered
occipital, occipitoparietal, and occipitotemporal cortex. Each slice had a 234 x 234 mm? field of view, 2.60 mm
slice thickness, and 0.39 mm slice gap (matrix size =104 x 104; TR =2,009.9 ms; TE = 35 ms; flip angle =74°;
voxel size=2.25 x 2.25 x 2.99 mm?). While*! recorded fMRI activity for four subjects, in this work, we only use
the brain activity from one subject out of the original four. The experimental protocol was approved by the UC
Berkeley Committee for the Protection of Human Subjects. All methods were performed in accordance with the
relevant guidelines and regulations.

Data Set. Thedata set consisted of 1,386 500 » 500 color images of natural scenes from*"®, which the subject
viewed while his brain activity was being recorded (see*' for more details on the dataset). These images were used
as both stimuli for the fMRI data collection, and as training data for the machine learning experiments. Within
this collection, the training set consisted of 1,260 images and the testing set of 126 images. Per-pixel object labels
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in the form of object outlines and semantically meaningful tags were available for each image. A subset of these
labels were mapped to one of five object categories: humans, animals, buildings, foods, and vehicles. For each
image and for each of the five object categories, if at least 20% of an image’s original pixel labels were part of a
given object category, that image was tentatively labeled as a positive sample for that category. We sampled 646
images that were labelled with a single object category. There were 219 humans images, 180 animals images, 151
buildings images, 59 foods images, and 37 vehicles images (a category, due to its small size, that only contributed
negative examples).

fMRI Data Preprocessing. To perform motion correction, coregistration, and reslicing of functional
images, the SPM8 package®? was used. Custom MATLAB® software was used to perform all other preprocessing
of functional data. To constrain the dimensionality of the fMRI data, the time series recordings for each voxel
were reduced to a single response amplitude per voxel, per image by deconvolving each time course from the
stimulus design matrix using hemodynamic response function®. See Stansbury ef al* for additional details about
the fMRI data acquisition and preparation that are not directly related to the machine learning experiments we
describe in this work.

fMRI Activity Weight Calculation.  All of the {MRI data were scaled to bring the value of each dimension
within the range of [0, 1] for RBF SVM training. For each voxel, we calculated the minimum and maximum
response amplitude across all 1,260 original training samples. All voxels for the 646 images used in our experi-
ments were then scaled using Equation 4, where x; is the j-th sample’s response amplitude for voxel i, ] is a
646-dimensional vector with the response amplitudes of all samples for voxel 7, and x'is the j-th sample’s rescaled
amplitude for voxel .
, %, — min(x)
[ R T S —
¥ max(x) — min(x]) (4)

The main challenge of generating weights from brain activity (i.e., activity weights) lies in reducing
high-dimensional, nonlinear data to a salient, lower-dimensional signal of “learnability”. The supervised machine
learning formulation used in this work requires a single real valued weight per training sample for a loss function
(described below). Activity weights were computed by using a logistic transformation*® to calibrate the scores
from SVMs with RBF kernels trained on brain activity. For each object category and for all voxels from a given
combination of ROIs, we made use of all the positive samples for that object category as well as all the samples
that are negative for all object categories; together, these are the aforementioned 646 samples (i.e., clear sample
set). Only activity weights for this subset of a partition’s training set, as opposed to annotations for all 1,386 stim-
uli were generated. This constraint maximized the signal-to-noise ratio in the activity weights and improved the
saliency of activity weights for a specific object category by only weighting clear positive and negative samples.

Activity weights for training were generated using a modification of the k-fold cross validation technique.
For a given training set that is a subset of the whole 1,386 set, the collection of voxel data for the training set’s
images in the 646-stimuli clear sample set was randomly split into five folds. For each of these folds, we held out
the current fold as test data and combined the other four folds as training data. With this newly formed training
set, a grid search was performed to tune the soft margin penalty parameter C and RBF parameter -y for an RBF
SVM classifier using the LibSVM package®. Finally, activity weights were generated by testing the classifier on
the held-out fold to produce Platt probability scores™ of class inclusion. This process was repeated for all five folds
to generate activity weights for the collection of stimuliin the training set that are part of the clear sample set.

Experimental Design. Each of the original 500 x 500 colored images were down sampled to 250 x 250 gray-
scale images, with pixel values in the interval [0,1]. A layer of Gaussian noise with a mean of 0 and variance of
0.01 was added to each of these images. For each image, two feature descriptor types were independently gener-
ated. Histogram of Oriented Gradients (HOG) descriptors with a cell size of 32 were generated using the VLFeat
library’s vl_hog function*’, which computes UoCTTI HOG features®. Convolutional neural network (CNN)
features were generated using the Caffe library’s BLVC Reference CaffeNet model', which is AlexNet trained
on ILSVRC 2012, with minor differences from the version described by Krizhevsky ef al."*. 1000-dimension
pre-softmax activations from CaffeNet were used as the CNN image features. Four partitions of training and test
data were created. In each partition, 80% of the data was randomly designated as training data and the remaining
20% was designated as test data.

For each partition, experiments were conducted for the 127 ways that the seven higher-level visual cortical
regions (i.e., EBA, FFA, LO, OFA, PPA, RSC, and TOS) could be combined. In each experiment, for a given com-
bination of higher-level visual cortical regions and for a given object category, two training steps were followed:

1. Activity weights were generated for a sampling of training stimuli, ones that are part of the 646-stimuli clear
sample set, using an RBF-kernel SVM classifier trained on the training voxel data for that combination, following
the fMRI activity weight calculation procedure described above.

2. Five balanced classification problems were created from the given partition’s training data. For each bal-
anced classification problem and each set of image descriptors (HOG and CNN features), two SVM classifiers
were trained and tested-one that uses a standard hinge loss (HL) function® and another that uses a activity
weighted loss (AWL) function described by Equations 2 and 3. Both classifiers used an RBF-kernel.

The hinge loss function in Equation 1 is solved via Sequential Minimal Optimization®®. It is not necessary to
assign an activity weight ¢, € C derived from fMRI data to every training sample; ¢, can be 0 to preserve the out-
put of the original hinge loss function. In our experiments, ¢, < [0, 1], where ¢, corresponds to the probability
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that x is in the object category in question; this results in penalizing more aggressively the misclassification of
strong positive samples. The libSVM package was used to train and test SVM classifiers using a hinge loss func-
tion®*. To train classifiers using an activity weighted loss function, we modified publicly available code for an
alternative additive loss formulation®.

For each object category, combination of higher visual cortical regions, and set of image descriptors, we cre-
ated five balanced classification problems. For each problem, we created a balanced training set with an equal
number of positive and negative examples. For all object categories, because there were more negative than posi-
tive samples, all positive samples were used in each balanced problem and the same number of negative samples
were randomly selected for each balanced problem. The balanced problems only balanced the training data; each
balanced problem used the same test set: the partition’s held-out test set.

For both loss functions, binary SVM classifiers with RBF kernels were trained without any parameter tuning,
using parameters C=1 and 7= 1/number of features. The activity weighted loss function incorporates the cali-
brated probability scores from the first stage voxel classifiers as activity weights. We assigned these activity weights
to the training samples that are members of the 646-stimuli clear samples set. For samples without fMRI-derived
activity weights, activity weights of 0.0 are used. Finally, classifiers were tested on the partition’s test set. In exper-
iments using CNN features, RBF-kernel SVM classifiers converged during training, even though the vectors con-
sisted of high-dimensional data.

Statistics for ROl Analysis. Because our analysis of the influence of specific ROIs involves comparing 127
quantities, to avoid multiple comparisons and to control for the family-wise error rate, Bonferroni correction was
applied to adjust all confidence intervals. To create m individual confidence intervals with a collective confidence
interval of 1—ey, the adjusted confidence intervals were calculated calculated via1 — . With these adjusted confi-
dence intervals (m =127, «=0.05 and o =0.01), we compared the outputs of the emp'i'rical CDF function Fy(x) for
each null distribution X that corresponded to an object category and set of image features as well as each ROL

Data availability. ThefMRI and image data that support the findings of this study are from Stansbury et al.**
and are available from them on reasonable request.

References

Russakovsky, O. et al. Imagenet large scale visual recognition challenge. IJCV 115, 1-42 (2014).

Karpathy, A. et al. Large-scale video classification with convolutional neural networks. In IEEE CVER (2014).

Karpathy, A. & Fei-Fei, L. Deep visual-semantic alignments for generating image descriptions. In JEEE CVPR (2015).

Borji, A., Sihite, D. N. & Itti, L. Quantitative analysis of human-model agreement in visual saliency modeling: A comparative study.

IEEE T-IP 22, 55-69 (2013).

Borji, A. &Itti, L. Human vs. computer in scene and object recognition. In IEEE CVPR (2014).

Bendale, A. & Boult, T. Towards open world recognition. In JEEE CVPR (2015).

Hoiem, D., Chodpathumwan, Y. & Dai, Q. Diagnosing error in abject detectors. In ECCV (2012).

Scheirer, W.]. et al. Perceptual annotation: Measuring human vision to improve computer vision. [EEE T-PAMI 36, 16791686

(2014).

Pramod, R. & Arun, 8. Do computational models differ systematically from human object perception? In IEEE CVPR (2016).

10. Szegedy, C. et al. Intriguing properties of neural networks. InJCLR (2014).

11. Goodfellow, I, Shlens, J. & Szegedy, C. Explaining and harnessing adversarial examples. In ICLR (2015).

12. Nguyen, A, Yosinski, I. & Clune, J. Deep neural networks are easily fooled: High confidence predictions for unrecognizable images.
InIEEE CVPR (2015).

13. Krizhevsky, A., Sutskever, I. & Hinton, G. E. Imagenet classification with deep convolutional neural networks. In NIPS (2012).

14. Jia, Y. et al. Caffe: Convolutional architecture for fast feature embedding. CoRR abs/1408.5093, hitp://arxiv.org/abs/1408.5093
(2014).

15. Mnih, V. et al. Human-level control through deep reinforcement learning. Nature 518, 529-533 (2015).

16. Tenenbaum, J. B., Griffiths, T. L. & Kemp, C. Theory-based bayesian models ofinductive learning and reasoning. Trends in Cog. Sci.
10, 309-318 (2006).

17. Jakel, F. et al. Does cognitive science need kernels? Trends in Cog. Sci. 13, 381-388 (2009).

18. Kay, K. ef al. Identifying natural images from human brain activity. Nature 452,352-355 (2008).

19. Mitchell, T. M. et al. Predicting human brain activity associated with the meanings of nouns. Science 320, 1191-1195 (2008).

20. Naselaris, T. et al. Bayesian reconstruction of natural images from human brain activity. Newron 63,902-915 (2009).

21. Reddy, L., Tsuchiya, N. & Serre, T. Reading the mind’s eye: decoding category information during mental imagery. Neuroimage 50,
818-825 (2010).

22. Yamins, D. et al. Hierarchical modular optimization of convolutional networks achieves representations similar to macaque it and
human ventral stream. In NIPS, 3093-3101 (2013).

23. Yamins, D, et al. Performance-optimized hierarchical models predict neural responses in higher visual cortex. PNAS 111, 8619-8624
(2014).

24. Kriegeskorte, N., Mur, M. & Bandettini, P. Representational simil arity analysis—connecting the branches of systems neuroscience.
Front. in Sys. Neuro. 2(2008).

25. Agrawal, P. ef al. Pixels to voxels: Modeling visual representation in the human brain. arXiv:1407.5104 (2014).

26. Cichy, R. M., Khosla, A., Pantazis, D., Torralba, A. & Oliva, A. Deep neural networks predict hierarchical spatio-temporal cortical
dynamics of human visual object recognition. arXiv preprint arXiv:1601.02970 (2016).

27. Riesenhuber, M. & Poggio, T. Hierarchical models of object recognition in cortex. Nature Newroscience 2,1019-1025 (1999).

28. Serre, T, Oliva, A. & Poggio, T. A feedforward architecture accounts for rapid categorization. PNAS 104, 6424-6429 (2007).

29. Pinto, N. et al. A high-throughput screening approach to discovering good forms of biologically inspired visual representation. PLoS
Computational Biology 5 (2009).

30. Graves, A. et al. Hybrid computing using a neural network with dynamic external memory. Nature 538, 471-476 (2016).

31. Mnih, V. et al. Human-level control through deep reinforcement learning. Nature 518, 529-533 (2015).

32. Gregor, K, Danihelka, L, Graves, A., Rezende, D. ]. & Wierstra, D. Draw: A recurrent neural network for image generation. arXiv
preprint arXiv:1502.04623 (2015).

33. Xu, K et al. Show, attend and tell: Neural image caption generation with visual attention. arXiv preprint arXiv: 1502.03044 2, 5(2015).

POSLEVIEY, ey B

A0

SCIENTIFIC REPORTS | (2018) 85397 | DOI:10.1038/s41598-018-23618-6 8

© ®I'BOY BO «Yen'Y»




MIHOBPHAYKI POCCHUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
\”} yupexxJieHre BbICIIero 06pa3oBaHus
@ «YensabuHCcKU rocygapcTBeHHbli yHUBepcuteT» (PI'BOY BO «Uenl'Y»)
Mwuacckuii ¢punmman
Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPeJCTB 0 AUCLUIIIMHe «A3porasojuHaMuuecKuii SKCIiepuMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»
STBOY BO «Uenl'Y»

Bepcus fokymenTa - 1 crp. 22 u3 31 ITepBblii 3K3eMILISIp KOITHA Ne

www.nature.com/scientificreports/

34. Lake, B. M., Ullman, T. D., Tenenbaum, J. B. & Gershman, S. ]. Building machines that learn and think like people. arXiv preprint
arXiv:1604.00289(2016).
35. Chen, D., Li, S., Kourtzi, Z. & Wu, 5. Behavior-constrained support vector machines for {MRI data analysis. JEEE T-NN 21,
16801685 (2010).
36. Spampinato, C. ef al. Deep learning human mind for automated visual classification. arXiv preprint arXiv: 1609.00344 (2016).
37. Bengio, Y., Louradour, ]., Collobert, R. & Weston, J. Curriculum learning. In Proceedings of the 26th annual international conference
on machine leaming, 41-48 (ACM, 2009).
38. Dalal, N. & Triggs, B. Histograms of oriented gradients for human detection. In TEEE CVPR (2005).
39. Oquab, M., Bottou, L., Laptev, I. & Sivi, J. Learning and transferring mid-level image representations using convolutional neural
networks. In Proceedings of the IEEE conference on computer visian and pattern recognition, 1717-1724 (2014).
40. Wang, N, Li, 5., Gupta, A. & Yeung, D.-Y. Transferring rich feature hierarchies for robust visual tracking. arXiv preprint
arXiv:1501.04587(2015).
. Stansbury, D., Naselaris, T. & Gallant, J. L. Natural scene statistics account for the representation of scene categories in human visual
cortex. Neuron 79, 1025-1034 (2013).
42. Lee, T. S, Mumford, D., Romero, R. & Lamme, V. A. The role of the primary visual cortexin higher level vision. Vision research 38,
2429-2454 (1998).
Marr, D. & Hildreth, E. Theory of edge detection. Proceedings of the Royal Society of London B: Biological Sciences 207, 187-217
(1980).
44, Luedk, C. et al. The colour centre in the cerebral cortex of man. Nature 340, 386-389 (1989).
45. Desimone, R. & Schein, S. J. Visual properties of neurons in area v4 of the macaque: sensitivity to stimulus form. Journal of
neurophysiology 57, 835-868 (1987).
46. Cortes, C. & Vapnik, V. Support-vector networks. Machine leaming 20, 273-297 (1995).
47. Kanwisher, N., Stanley, D. & Harris, A. The fusiform face area is selective for faces not animals. Neuroreport 10, 183-187 (1999).
48. Platt, ]. Probabilistic outputs for support vector machines and comparison to regularized likelihood methods. In Smola, A., Bartlett,
P. & Scholkopf, B. (eds.) Advances in Large Margin Classifiers (MIT Press, 2000).
49, Vedaldi, A. & Fulkerson, B. VLFeat: An open and portable library of computer vision algorithms, http:/fwww.vlfeat.org/ (2008).
50. Cox, D. D. & Savoy, R. L. Functional magnetic resonance imaging (fMRI) brain reading: detecting and classifying distributed
patterns of fMRI activity in human visual cortex. Neuroimage 19, 261-270 (2003).
. Kriegeskorte, N. et al. Individual faces elicit distinct response patterns in human anterior temporal cortex. PNAS 104, 20600-20605
(2007).
Spiridon, M., Fischl, B. & Kanwisher, N. Location and spatial profile of category-specific regions in human extrastriate cortex. Hum.
Brain Mapp. 27, 77-89 (2006).

4

4

=

.

=}

=

5

5!

b

53. Vondrick, C., Pirsiavash, H., Oliva, A. & Torralba, A. Acquiring visual classifiers from human imagination. arXiv preprint
arXiv:1410.4627 (2014).

54. Cohn, D. A., Ghahramani, Z. & Jordan, M. I. Active learning with statistical models. Journal of Artificial Intelligence Research 4
(1996).

55. Kapoor, A, Grauman, K., Urtasun, R. & Darrell, T. Active learning with gaussian processes for object categorization. In IEEE ICCV
(2007).

56. Jain, P. & Kapoor, A. Active learning for large multi-class prablems. In IEEE CVPR (2009).

57. Settles, B. Active learning literature survey. University of Wisconsin, Madison 52, 11 (2010).

58. Kunapuli, G., Maclin, R. & Shavlik, ]. W. Advice refinement in knowledge-based svms. In NIPS 17281736 (2011).

59. Deng, J., Krause, J., Stark, M. & Fei-Fei, L. Leveraging the wisdom of the crowd for fine-grained recognition. IEEE T-PAMI 38,

666-676 (2016).
60. Ohki, K. & Reid, R. C. In vivo two-photon calcium imaging in the visual system. Cold Spring Harbor Protocols 2014, pdb-prot081455
(2014).
. Yao, B,, Yang, X. & Zhu, 5.-C. Introduction to a large-scale general purpose ground truth database: methodology, annotation tool
and benchmarks. In International Workshop on Energy Minimization Methods in Computer Vision and Pattern Recognition, 169-183
(Springer, 2007).
. University College, London, UK. Statistical parametric mapping (SPM) version 8. hitp://www.filion.udl.ac. uk/spm/software/spm8/
(2009).
63. MathWorks. MATLAB, R2010a (2010).
64. Kay, K. N, David, 5. V., Prenger, R. |, Hansen, K. A. & Gallant, ]. L. Modeling low-frequency fluctuation and hemodynamic response
timecourse in event-related fmri. Human brain mapping 29, 142-156 (2008).

65. Chang, C.-C. & Lin, C.-J. LIBSVM: A library for support vector machines. ACM Transactions on Intelligent Systems and Technology
2, 27:1-27:27 Software available at http://www.csie.ntu.edu.tw/ cjlin/libsvm. (2011).

66. Felzenszwalb, P. E. et al. Object detection with discriminatively trained part-based models. IEEE T-PAMI 32, 1627-1645(2010).

67. Evgeniou, T., Pontil, M. & Poggio, T. Regularization networks and support vector machines. In Smola, A., Bartlett, P. & Schélkopf,
B. (eds.) Advances in Large Margin Classifters (MIT Press, 2000).

68. Platt, ]. Fast training of support vector machines using sequential minimal optimization. In Advances in Kernel Methods - Support
Vector Learning03/16/2017;08/02/2017 (MIT Press, 1998).

69. cc0. photo. cc0.photo. hitp://cc0.photo (2017).

6

6

[

Acknowledgements

The authors would like to thank J. Gallant and D. Stansbury for providing the fMRI data used in this study, as
well as for helpful discussions regarding this work. This work was supported in part by NSF IIS Award #1409097,
[ARPA contract #D16PC00002, and an equipment donation from the NVIDIA Corporation. R.C.F. was supported
in part by the Harvard College Research Program.

Author Contributions
R.C.E, WJ.S., and D.D.C. designed research and wrote the manuscript text; R.C.E. performed research and
prepared all figures.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-23618-6.
Competing Interests: The authors declare no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

SCIENTIFIC REPORTS | (2018) 85397 | DOI:10.1038/s41598-018-23618-6 9

© ®I'BOY BO «Yen'Y»




MIHOBPHAYKI POCCHUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe
\‘)} yupe>kieHre BhICIIero o6pa3oBaHus
@ «YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoH/| OL|EHOYHBIX CPEeJICTB M0 AUCLUITIMHE «A3pora3ofMHaMUyeCcKUid SKCIiepUMeHT»
T10 Harpae/eHuto 1oArotoBku 01.03.02 IpukiazHas MaTeMaTHKa U MHGOpPMaTrKa, Mpoguib «MareMaTuueckoe MoJie/TMPOBaHUe»
OIr'eE0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 cTp. 23 u3 31 TlepBbIii 3K3eMIUISIp KOITUA Ne

3.3. Kpurepuu onieHMBaHUA 110 BUAAM OLIEHOYHBIX CPeACTB

Kpurepun onieHUBaHus J1ab0paToOpHOi padoThI:
"OT/nuHO "
1) cTymeHT 7nerko OPUEHTHPYEeTCS B Cojiep)KaHuM yuyeOHOTO Marepuara,

CBOOO/THO T10/1b3yeTCsl TIOHATUMHBIM arrapaToM;

2) obmajaeT ymeHHeM CBSI3bIBaTh TEOPUIO C TTPAKTHKOM;

3) 3HaeT U MPaBUWILHO NIPUMeEHSIET (hOPMY/IbI;

4) pellieHYe 3a/jlaud 3alMCaHO TIOHSATHO, aKKypaTHO, MTOC/eI0BATe/bHO;

5) 3anucaH MpaBWIbHBIA OTBET
"Xopouio"

1) cTyneHT JeMOHCTpHpYyeT MOJIHOe OCBOEHHEe TeopeTHUeCKOro marepuaria,
B/IaZleeT MOHATUMHBIM arraparoM, OCO3HAaHHO TIPUMEHSIET 3HaHUS [JI PelleHus
NpaKTUUeCKUX 3a/ay;

2) 3HaeT U rpuMeHsieT POPMYJIbI, HO JJOTTyCKaeT Hebosiblie HeTOUHOCTH;

3) pellieHWe 3a/lauM 3alyMcaHO, HO He TipuBeZieHbl (DOPMYJbl, C TOMOILbIO

KOTOPBIX ObLM TTPOBEJIeHbI PACUETHI;
4) 3anvcaH NpaBUIbHBIN OTBET
"YnoBsierBopuUTe/IbHO "

1) cTymeHT JeMOHCTpPUPYeT HeIOJHOe OCBOEHMEe TeOpeTUUeCKOro Marepuala,
MJIOXO B/aZieeT MOHSITUWHBIM arrapaToM, IJIOXO OPUEHTUPYEeTCS B H3YyUE€HHOM
MaTepuarie;

2) 3HaeT oTAe/nbHble (OPMYJIbl, HO /IONyCKaeT 3HAUUTe/IbHble HETOYHOCTH B UX
TIpUMEeHeHUY;
3) pellieHHe 3a/la4M 3alMCaHO HEBEPHO, He MpUBeJeHbl (POPMYIbl, C TOMOILbIO
KOTOPBIX OB TIPOBeJieHbl PACUeTHhl;
4) 3anucaH NpaBWIbHbIN OTBET
"HeynoB/1eTBOPUTE/IBHO "
1) ctymeHT uMeeT pa3po3HeHHbIe, OeCCHCTEeMHbIe 3HAHUS;
2) He MOXKET TIPUMEHSATh 3HaHUS [IJ1 PeLleHUs MPaKTUUeCKUX 3a/1ad;
3) peliieHHe 3a/lauy 3aryMCaHO HeBEPHO MO0 OTCYTCTBYET;
4) 3arvcaH HelpaBWIbHBIA OTBeT MO0 He 3aricaH OTBET

PaboTa, 10 pe3y/bTaTam IMPOBEPKH KOTOPOU BhICTaB/ieHa olleHKa «HeyjoB/ieTBoO-
PUTe/IbHO», BO3BpAlllaeTCsl CTy/IeHTYy Ha AopaboTKy. CTyZileHT He MOXeT ObITh Jj0-
MylleH /10 3a4eTa /o TeX Top, MOKa He TIpeJiCTaBUT UCIIpaBIeHHYI0 paboTy.

KpuTepuu oLieHUBaHUA NepeBo/ja CTaThU:
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“5” — «oTyImuHO» (96-100 6anoB) «3auTeHo» — 100 — 75% MOHMMaHUST OCHOBHO-
IO COZiep>KaHUsI TeKCTa, CTYAeHT yMmeeT CBOOOHO (TTOYTU CBOOOAHO) U apryMeHTHU-
POBAHO BbICKA3bIBaThCsl, 00CTOSATETHFHO H3/IaraTh CofiepKaHue MPOYUTAHHOTO, JIO-
r'ueCKU BbICTPaWBaTh CBOe COOOIIIeHre, pa3BUBaTh OT/ie/IbHbIE TOIOKeHUS U Je-
JlaTb COOTBETCTBYIOIIIME BbIBOAbI, M3/I0)KeHHEe 0(pOPM/IEHO MPaBUILHO rpaMMaTuye-
CKU U JIEKCUYeCKMU.

“4” — «xopomo» (76-95 6an1oB) «3auTeHO» — 75% ITOHUMaHUSI OCHOBHOT'O COZIep-
JKaHUS TEKCTa, CTYZIEHT MOXKeT KPaTKO M3/arath CoJiepyKaHue MpOUYUTaHHOTro 000cC-
HOBAThb ¥ O0BSCHUTL CBOU B3IJISIIbI, B M3/I0O’KEHUH JIOMYCKAIOTCs 2-3 He3HAUUMbIe
rpaMMaThueCKHUe WM JIEKCHUYeCKHe OITHOKH.

“3” — «ypoBieTBOpPUTEIBbHO» (60-75 6amn) «3auTeHo» — 75 — 50% MoHUMaHus
OCHOBHOT'O CO/lepKaHUsI TEKCTa, CTY[IeHT MOXKeT UCI0JIb30BaTh MPOCThIe (Ppa3bl U
TIpe/I0’KeHus1, HO HeIoCTaTOUHO MOHSATHO U 00CTOATeTbHO M3/laraTh cofiepykaHue
TIPOUMTAHHOTO, B U3/I0XKEHUU 2-3 TpaMMaTrhyecKre Win JeKCuueCcKue OIOKU.

"2” — «HeypoBIeTBOPUTETBbHO» (0-60 6asin) «He 3auTeHO» — MeHee 50% MOHUMa-
HHUSI OCHOBHOTO COJiepP>KaHUs TEKCTa, UCKa)KeHHe COZleP>KaHus, TIPeBbIILIeHre KOJTU-
YyeCTBa rPaMMaTHYeCKUX U JIEKCUUeCKUX OIIMOO0K, CTYJeHT B/aZieeT Hef0CTaTou-
HBIM CJIOBapHbBIM 3ariacoM, 3aTPYAHSeTCs B U3/1I0KeHUU TIPOYUTaHHOIO.

4. TIOPAAOK IIPOBEAEHMA WM KPUTEPUHM OIEHNBAHUA
ITPOMEXYTOUYHOM ATTECTAIIUN

4.1. IlopsAfoK mNpoBeJeHMsI U COJep)KaHHe OLIeHOYHBIX CpeACTB
NMPOMEe)XyYTOYHOU aTTeCcTaluu

3aueT NMpPoBOAUTCS B (hOpMe MUCbMEHHO-YCTHOro orpoca. Ha mucbMeHHBbIM
OTBeT CTyZleHTa OTBOAUTCA 40 MUHYT, 3aTeM OTBET IPOBEPSeTCs Ipero/jaBaTeseM,
1py¥ HeoOXO0AUMOCTH MOTYT OBITH 3a/laHbI YTOUHSIOIIMIE BOTIPOCHI.

Bonpocsi K 3auery

1. HeobOxoguMoCTb  TIpOBe/leHHsT ~ Ha3eMHOM (71abopaTopHOi)
TU/IPOaspora3oAruHaMuuecKoii 0TpaboTku. OCHOBHBIE 3Tarbl OTPAOOTKHU.

2. OcHoBHbIe TIPO6IEMBI, CBSI3aHHBIE C TIOABOAHBIM CTapTOM.

3. Crioco0OblI MOIBOTHOTO CTapTa, MX OCHOBHBIE 0COOEHHOCTH U OT/IUUMSI.

4. Criocobbl CHIKeHUS TUAPOAMHAMUYe CKUX Harpy30K TIPU TTO[BOHOM
cTapre.

5. OCHOBHbIE aHAIUTHYeCKHe 3aBUCHUMOCTHU TIOABOAHOTO CTapTa.

6. dusnyeckue MPOLIECChI, COMTPOBOXK/AIOIINE TIOABOJHBIA CTapT MOJeIN u3jie-
NIV U3 [IAXThI.
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7. DTaribl MOABOJHOTO CTApTa, X XapaKTepHble 0COOEHHOCTH.

8. MopenupoBaHue MOBOAHOTO CTapTa, OCHOBHbIE KPUTEPUU TOA00US.

9. OcHoBHbIe TpeboBaHUsI K 000PYIOBaHUIO ZIJisi SKCIIEPUMEHTAaJ/IbHBIX UCC/Ie/I0-
BaHMWU MOABOAHOTO CTapTa.

10. T'uapobanmicTryeckre yCTaHOBKY (OTeueCTBeHHbIe U 3apyOeXKHbIe) [J1sT SKC-
MepUMEeHTaIbHbIX UCC/IeJOBAHUM MOABOAHOrO cTapTa. OCHOBHBIE CUCTEMBI U 3Jie-
MEeHTbI 3TUX YCTaHOBOK.

11. banucTuyeckue MOAe/Id U TeH30MOZ /U /1S S9KCIIepUMeHTaJIbHbIX UCC/Ie0-
BaHUI MOABOAHOTO cTapTa. VIx 0co6eHHOCTH U OT/IMuMs. TpeboBaHUS K MOZIEJISIM.

12. AHanuThuecKue 3aBUCMMOCTH pacuéra CWJIbl TATU MOZEIbHOIO TBEpZO-
TOTUIMBHOTO JBUTrarens. MeToguka W o0bOopyzoBaHHe /i 3KCIIepUMEHTa/IbHOTO
oripe/iesieHus CUJIbl TATU U JaBjieHus MogesibHoro PI/IT.

13. MeToauka >3KCIepUMeHTa/IbHOrO OIpefie/ieHUs TUAPOJAUHAMUYECKUX U
IIIaXTHBIX TIapaMeTPOB TPH [IBWKEHUU MOJIe/IU W3fenvs B 1axTe (T1yO0KOBOAHBIM
ra3ofilMHaMUueCKuii CTeH[T).

14. MeTojyiKa 3KCIIepUMeHTAaIbHOIO OnpejesieHrs IMApoAUHaMUYeCKUX Harpy-
30K C HCITO/Ib30BaHHEM TEH30METPHUUECKUX Mojesnel (ruapodaimcTHuecKuii bac-
CeuH).

15. MeToavKa rccieoBaHMM MPOLIeCCOB MOABOAHOIO cTapTa (Moc/e BbIXo[a U3
IIaXThl) TIPY JIBWKEHUH MOZIe/TH WU3/ie/vsl Ha MTO/IBOIHOM yuacTKe (TUAPOOaICTH -
yeckuii bacceiin).

16. CpenctBa u3mMepeHusi, TIpUMeHsieMble TIPY UCC/IeI0BaHUAX MPOLIECCOB MO/ -
BOJIHOTO cTapTa. TpeGoBaHUs K HUM. BOPTOBO# perucrparop //isi perucTpupoBa-
HUS U3MePsiIEMbIX [MapaMeTpOB.

17. MeTop, ra3oryuipaBJiMyeCcKOr aHa/I0TuM MPU U3yUYeHUU U UCCIe[0BaHUU TIPO-
L[eCCOB MOJBOAHOIO CTapTa.

18. Ob1re 3aBUCMMOCTH [jis TUAPOJWHAMUYECKUX CUT U MOMeHTOB. be3pas-
MepHble KO3 (hHULIMEeHTbI CUJT U MOMEHTOB.

19. IToHsATHe O MpUCOEAUHEHHBIX MaccaxX. JDKCIIepUMeHTa/lbHble MeTO/bI Orpe-
neneHus Ko3@UI[HeHTOB MpHUCOeJHEHHBIX MacC TeJl 3a/IaHHOM (POpMBI.

20. CucTteMbl 0Ccel KOOpAWHAT B SKCIePUMeHTa/IbHOW TUAPoJrHaMuKe. OnuIIm -
Te CB3aHHYI0 U CKOPOCTHY0 CHUCTeMbl KOOPJAWHAT TPU TMPOBeJeHUH BeCOBBIX UC-
MbITaHK B OO/BIIION CKOPOCTHOM TH/IPOAMHAMUUECKOU TPYyOe.

21. Ob6mas npobsemMa COMPOTHB/IEHHUS Te/ TIPU ABW)KEHUU B BOJle B PEXKUME
cruioniHoro obTekaHusi. MeTozibl yMeHbIIIeHUsI COTIpoTuB/ieHrs. CONpOoTHUBIeHHEe
TeJ1 C YaCTUYHOU U MOJTHOM KaBUTaLlAeu.
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22. MopenvpoBaHye TIPOM3BOJIBHOIO HEYCTAaHOBUBILErOCH ABWXKEHUS Tejla B
YKUIKOCTH TIPH CIIOITHOM M KaBUTAaLMOHHOM oOTekaHusix. Kputepuu ®pysa,
PentHonbACa, Diinepa, yncia KaBUTAL[U.

23. Tlo3uLMoOHHBIE TUPOAUHAMUYECKHE XapaKTepPUCTUKW TeJsl BpalleHHs.
OcHOBHbIE MeTO/Ibl M IKCTIepHMeHTalbHOe 00opyzoBaHue (0TeueCTBEeHHOe U 3apy-
OeXkHOE) [I71s1 KX OIpe/ie/IeHusl.

24. Bosiblliie CKOPOCTHBIe TUAPOAUHaMUYecKre TpyOb! ['P1I ¢ ropu3oHTabHBIM
W BepTHKa/IbHbIM pabourMy ydacTkamu. OCHOBHbIe cHUCTeMbl. OCOOeHHOCTH, Xa-
PaKTepPUCTHUKMU.

25. Mojenu u3fieiii U UX 3JIeMEHTOB [IJi1 UCTIBITAaHUM B TUAPOAMHAMUUE CKUX
Tpybax. OcobeHHOCTH 1 TpeboBaHUs K MOe/siM (B 3aBUCUMOCTH OT BU/la UCITbITA-
HUI). DTa/lOHHbIE MOJEH.

26. 3a/1aun BeCOBBIX UCMBITAHUM MOZesiel MpHY CIIOIIHOM M AByXdha3HoM 00-
TeKaHUsIX B TUAPOJUHaAMUUeCcKuX Tpybax. B uém 3akirouaeTcss MeToAuKa TpoBejie-
HUSL BECOBBIX UCTTBITAHUN?

27. Kakue ruipoauHaMuyecKre XapaKTepUCTUKY MOXKHO OIpefie/IuTh Ha OCHO-
BaHWM BECOBBIX WCIBITAaHWN? [le 1 KaK MOXKHO HCII0/Ib30BaTh pe3y/bTaThl M0f00-
HBIX UCTIBITAaHUM?

28. 'uppoagvHamuueckre TPEXKOMITIOHeHTHbIe BeChbl « IputoH 3I1C-3» u «Tpu-
ToH-3T1C-4». X 0cobeHHOCTH W OoTums. [IpUHIIUTT JeHCTBUS 3TUX THAPOJWHA-
MHYeCKUX BecoB. KakM 00pa3oM B JIaHHBIX BeCaxX YUMTHIBAETCS B3aMHOE BJTHSI-
HUe KOMIIOHEHT?

29. Onpepnenenuve kaButanuu. I1prpoga BO3SHUKHOBeHUsS KaBuTaluu. Ctaguu Ka-
BUTAL[MU. MeTo/ibl OpraHy3al|iy pa3BUTLIX KaBUTAI[MOHHBIX TeUeHUM.

30. TIpyuHLMIIBI MOJIe/IMPOBAHUsI KaBUTALMOHHbIX TeueHuH. Kputepuu ®dpyna,
Petinonbaca, Bebepa, urcio kaBuTtaiuyi. KakumMu MyTSIMH MOYKHO [OCTHTAaTh HU3-
KUX YuCesl KaBuTaluy (Ha TpuMepe aHa/v3a aHaJIUTHYeCKOM 3aBUCHMMOCTHU UHKCJIa
KaBUTaLN)?

31. IlpakTuueckue MyTH WCIIOIb30BaHUS PA3BUTON KaBUTAIUM /Jii OOBEKTOB,
JABIDKYILLMXCS TI0J] BOAOW, B TOM UMCJ/Ie U IPU MOABOJHOM CTapTe.

32. MeTtoauka o6pa3oBaHUs UCKYCCTBEHHOM KaBepHBI 3a CUET TofAyBa ras3a. Ko-
3¢ dULIMEHT pacxo/ia MoAAyBaeMoro rasa, OT Kakix rapaMeTpOB OH 3aBHUCHUT ?

33. KaBepHbI B TOPU30HTAIBHBIX ¥ BEPTHKA/IbHBIX TIOTOKAX KUAKOCTH (0COOeH-
HOCTU U oTnumsi). BivsiHue uvcen ®pyna v KaBUTAL[MM Ha reoMeTprUyeCcKue rapa-
MeTpbl 0CeCUMMEeTPHUYHOM Pa3BUTOM KaBepHbI B BePTHUKA/IbHOM MOTOKE YKHUKOCTH.

34. Heo6x0quMOCTh BBe/leHHsI TIOTIPAaBOK K pe3y/ibTaTaM HM3MepeHUM, ToyJae-
MBIX TIPYA 3KCIIepUMEHTAa/IbHbIX MCC/IeL0BaHUAX TMAPOJAUHAMUUYECKUX XapaKTepu-
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CTUK TeJl BpallleHusl B TUAPOAWHaMUUecKux Tpybax. [TepeuncinTb OCHOBHbIE T0-
NpaBKH (C 00BsICHEHUSIMU) i1 OOBIINX CKOPOCTHBIX TU/IPOAUHAMUYECKUX TPYO.

35. OCHOBbI METOAMKM yuéTa BAUSHUS CTEHOK pabouero yyacTtka 60/bIION CKO-
POCTHOW THIPOAVMHAMUYECKOU TPYObI, B3aMMHOT'O BJIMSIHUS TIOABECHBIX YCTPOMCTB
Y MOZIeJIA Ha pe3y/bTaThl SKCIIepUMeHTaTIbHbIX UCCIeJOBAaHUM.

36. Cusibl U MOMEHTHI, /IeHiCTBYIOIIMe Ha JieTaTe/bHbIN anmapar B rosiéte. Koag-
buLMeHTbI a3po/IMHaMUUeCKUX CUJT U MOMEHTOB, KO3(PUI[MEHT AaB/IeHUs.

37. OCHOBHbIE KpUTEPUU TIOA00US B SKCIIEpUMEHTa/IbHOM aspoarHamuke. Kpu-
TepUU 1o[00HsI TI0 CKUMAEMOCTH U TI0 BSI3KOCTH CPeJibl.

38. Knaccudukanys a3poitHaMUueCKUX Tpy0, BUBI U TUMbL. [IpUHIIATT yCTPOM-
CTBa a3pojiHaMuueckux Tpy6. OcobeHHOCTH ¥ OCHOBHbBIE ITapaMeTpPhl OTPAC/IeBbIX
a’poJuHaMHUueCcKux Tpyo.

39. Mopenu u3nenvi (Tes BpalljeHHsI) U UX 3/IeMeHTOB JijIsl UCTIbITaHUM B a3po-
AUHaMHUUeCKUX Tpybax u ra3ofiiHaMuyecKrux 6apokamepax. Mojenu /Jisi TUTIOBBIX
ucnbiTaHui. OCHOBHBIe TpeboBaHUS K MofiesisiM (B TOM UKC/ie K pa3Mepy Mojesieid).
HecrangaptHbie Mogenu.

39. OcobeHHOCTH TUIIOBBIX UCTIHITAaHUI: BECOBBIE, IpeHa)KHbIe, KaJIOpUMEeTpPU-
Yyeckue, CTpyHHble, KWNHeMaTHueCcKue, OpOCKOBBIE.

40. MeToauka NpoBe/leHUs! ApeHaXKHbIX UchbITaHud. CpefcTBa usmepenusi. Pac-
YéT a’poJMHAMUYEeCKUX KO3((UIMEeHTOB MO AuarpaMMaM pacripefie/ieHusi JlaBiie-
HUS Ha TIOBEPXHOCTH TeJia BpalleHus.

41. MeToauKa rpoBe/ieHYsI BeCOBbIX UCTIbITaHUW. [IpUHIMM AeMCTBUSI TEH30MeT-
pUYEeCKUX a’3poJMHaMUYeCcKUX BecOB. PacuéT aspojuHaMuyecKkux Ko3(h(PUI[MeHTOB
Ha OCHOBAHUM pe3y/IbTaTOB BeCOBbIX UCIILITAaHUM.

42. T'azogquHaMuueckue 6apokamephl. VcciemnyemMble Ta30[uHaMAvueCKUe 3a/1auu
1py 0TpabOTKe JleTaTebHBIX armaparoB. bapokamepsr IIHUMMAIII (r.KoposniéB).
Bosnbliioi BakyymMHO-AnHaMuveckuii cteH I'P1l, ocobeHHOCTH.

43. MogenupoBaHue ra30JUHaMUuYeCKUX MPOLeCCOB TIPU MPOBeJeHUN UCCIe0-
BaHWM B ras3ofuHamMuueckux Oapokamepax. OCHOBHbIe KpUTepUU MoAo0us. Buabl
ucnbiTaHui. CriocoObl UMUTAIIUM CTPYH ABUTATeTel.

44. MeTtoabl OPOCKOBBIX MCIBITAHUN. VIX 0CHOBHBIE 0COOEHHOCTU M OT/IMYMS OT
WCTIBITAaHUH B a3poAiMHaMUueCcKux Tpybax. IIpeumMyiiectBa, Hefoctatku. Aspobari-
nmuctuueckue Tpyobl. Obmactu MofenvpoBanus. HectaHzapTHbIe UCC/Ie0BaHKS.

45. AspobasMcTiuueckue Tpacchl (OTeuecTBeHHbIe U 3apyOekHbie). OTKpbITas
aspobasyiMcTiyeckass Tpacca, OCHOBHBbIE MapaMeTphbl, 0COOeHHOCTU. V3mepeHHe
CKOPOCTH TIO/IETa Tes BpalljeHWs Ha Tpacce. MeToAbl perucTpaly MOMEHTOB
IIpoJIeTa Ha Tpacce.
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46. MeTaTe/ibHble YCTPOMCTBA (TTIOPOXOBbIE, OIHOCTYIIeHUaThbie U JBYyXCTyIleHYa-
Thle JIerKora3oBble MyIIKW). Mogenu [ijisi SKCIiepUMeHTa/lbHbIX a3pobasuicTruye-
CKUX MCC/IeIOBaHUM, OCHOBHbIe TpeOOBaHUS TIPY MPOEKTUPOBAHUM, 0COOEHHOCTH
u omuus. [lopmoHbl Ajis Mofenell U criocobbl X OTAe/ieHHsT OT Mojesnel B
T10JIETE.

47. MeTOAMKHY SKCIIEPUMEHTAILHOTO OIpeziesieHys Ko3dduireHTa 1000Boro co-
MPOTUB/IEHUsI Te/l BpallleHus] TIPYM UCTIBITaHUSIX Ha a3po0a/l/IMCTUUecKoM Tpacce.
[TapameTpsl, BAUSIOL[YE HA TOYHOCTh pe3yJ/IbTaTOB 3KCIIepPUMEHTA.

48. OcHOBHbIE TIPUHIUTIBEI pabOTHI TIEPBUUHBIX TTpeoOpa3oBaTesieli (aTUUKOB),
MPUMEHSIEMbIX TP THJpP0Oa’pora3’oHaMUUeCKUX WCC/Ie[0BaHUsIX (TeH30pe3u-
CTUBHBIN 5QQeKT, Mbe3031eKTpuueckuid 3Pp@ekT, 3¢p(eKT n3MepeHus: 3/eKTpruye-
CKOUW éMKOCTH, 3/IeKTPOMarHUTHbIE SIBJIEHUS).

49. Crioco0ObI U3MepeHUs /1aB/ieHH TIPU THIPOa3pora3oAuHaMHUUe CKUX UCCIe[0-
BaHUSIX B MOTOKE KUJKOCTH WM ra3a, Ha [IOBEPXHOCTHU TeJl BpalLleHUs.

50. Crioco0bI M3MepeHUsT CKOPOCTel TMOTOKa »KUAKOCTH WM ra3a TpU TUpoas-
POIHAMUYeCKHUX UCC/IeIoBaHUSIX (MaJible CKOPOCTH, 0O0JIbIINe CKOPOCTH).

51. Crioco6bI M3MepeHUsl TeMIiepaTyphl ra3a B MOTOKe a3poJMHAMUUeCKOU TpY-
Obl, TemMrepaTyphbl Iapora30BoOi CMeCH B IIaxTe MPU MOABOAHOM CTapTe MOJeNu 13-
JeNvs.

52. OnTuueckre MeTOAblI UCCAe0OBaHUIN OOTeKaHUsi Tesl BpallleHUs] TOTOKOM
JKAJKOCTH WM Tas3a B THJpOa’poJuHaMUYECKUX YCTaHOBKax (TE€HEBOM, LLTUPEH-
TeHeBOU, MHTep(depeHIMOHHBIN). OCOOeHHOCTH, OT/IUYHS.

53. MeTozb! BU3yanu3aly TeYeHUs Ha MOBEPXHOCTU TeJl BpalljeHus B a3poju-
HamMuueckux Tpybax (MeTop, 111e/IKOBUHOK, MeTOJ MacC/sSHOW TJIEHKW W pa3MbiBae-
MOT'O MOKPBITHS], MEeTOZ, KAOJIMHOBOTO TOKPBITHS, METO/, [IapOBOr0 3KpaHa U jasep-
HOT'O HOXKa, MeTO/] BLICOKOBOJIBTHOT'O pa3psijia v Ap.).

54. Owmbky M3MepeHui (rpyOble, cCUCTeMaTHUecKue, CiydaiiHbie). MeToaMKa
00paboTKKM pe3y/nbTaToB JKCIIepUMeHTa B Cydae TPSIMOT0 M3MepeHHsl Ucciiefye-
MOTO rapamMeTpa.

55. Oumbku n3mepenuii. KocBeHHble u3MepeHus. MeToquka oOpabOTKH pe-
3yJ/IbTaTOB SKCIIePUMEHTA B C/Iyyae KOCBEHHBIX U3MepeHHH MCKOMOr0O TlapameTpa.

56. MeTozb! OLleHKM CYMMAapHOM MOTPEIHOCTH 3KCIIePUMEeHTAaIbHOTO OTpe/ierie-
HUS TU/IP0Aas3pOra3ojuHaMHUyeCKUX XapaKTepUCTHK.

57. ABTOMAaTH3UpPOBAHHbIE CUCTEMBbI 00PabOTKU SKCIIEPUMEHTATbHBIX JAHHBIX
Ha ruipoasporasoguHaMmuueckux crengax ['PLI.

4.2. Kpumepuu oyeHu8aHusi KomnemeHyuti 8 xo0e NPOMelCymo4Holl am-
mecmayuu
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Kog N Kpurepuu oLieHMBaHUs

COMMET JIaHWpyeMble pe3y/bTaThl

- 00yueHust 110 AUCLUTTHE 3aureHo He 3auteno

YK-4 3HaeT: TeXHUUECKUe TepMU- | 3HaeT: TexHUuyeckue TepMu- | He 3HaeT: TexHUYeCKue Tep-
Hbl U OCHOBHBIE ITOHATHS HbI ¥ OCHOBHBIE TTOHATUS MUHBI ¥ OCHOBHBIE [TOHATHS
a’poryupora3’oiMHaMUK{ Ha | a3pOrM/pora3oHaMHUKN Ha | a’sporujporas’ouHaMUKU Ha
aHIJIMHACKOM sI3bIKe aHIIMHACKOM SI3bIKe aHITIMHACKOM SI3bIKe
Ymeer: niepeBOJUTL TeXHU- YMeer: niepeBOJUTH TeXHU- He ymeet: 1iepeBoJUThH TeX-
yecKue U HayuyHble CTaThbU M0 | YeCKHe U Hay4Hble CTaThbU [0 | HUUECKHe U HayuHble CTaTbu
asporas3ofiiHaMUKe C aHIVIMK- | a3pora3o/jMHaMMKe C aHIJIMi- | 110 a3pora3ojuHaMHKe C aH-
CKOTO Ha PYCCKUH SI3bIK CKOT'0 Ha PYCCKUM SI3BIK TVIMHACKOTO HA PYCCKUM SI3BIK
Bnapgeer: HaBbIKaMu uTeHUs: | Byiajeer: HaBblKamu uTeHuss | He B/iajieeT: HaBbIKaMH UTe-
Hay4HBIX CTaTel Mo aspora- HayuHBIX CTaTel 1o aspora- HUS HAyYHBIX CTaTel 1o aspo-
30/lMHAMVKe Ha aHIJIMHACKOM | 30/jJMHaMUKe Ha aHIVIMHACKOM | raso/juHaMyKe Ha aHI/IiH-
sI3bIKe sSI3bIKe CKOM f3BIKe

TK-1 3HaeT: TeopeTUUeCKyIO 3HaeT: TeopeTHUUeCKyIo He 3HaeT: TeopeTHUecKyto

OCHOBY 3KCIEePUMEHTA/TLHBIX
a’poru/Iporaso[uHaMuye-
CKUX UCC/Ie[JOBaHUM 1 MeTO-
[ibl MaTeMaTH4eCcKOro TIaHu-
POBaHMSI IKCTIEPUMEHTOB

OCHOBY 3KCIIepUMEHTa/TbHBIX
a3porupora3oJuHaMuye-
CKMX UCC/IeJOBaHUI U METO-
[ibl MaTeMaTH4eCcKOro TlaHu-
pOBaHMs IKCIIEPUMEHTOB

OCHOBY 3KCITePUMEHTa/TbHbIX
asporyapora3oAHaMHuyeCcKux
HCCneloBaHUN U METO/TbI Ma-
TeMaTUuYeCcKOro IjIaHupOBa-
HUS 9KCTIEDUMEHTOB

YMeet: BLIOMpaTh HEOOXOM-
Moe 0b0py/ioBaHMe, arrapar-
HbI€ CPe/ICTBA, COCTAB/ISTh
CTPYKTYpHBIE CXeMbI aBTOMa-
TU3UPOBAHHBIX CUCTEM JKC-
TeprUMeHTa/IbHBIX UCCIIe/|0Ba-
HUH, IPUMeHeHSTh TIPo-
rpaMMHOe obecriedeHue Jjist
TaKUX CUCTEM

YmMmeet: BEIOMpaTh HEOOXO/H-
Moe obopyZioBaHHe, arnmapar-
HbI€ CPe/ICTBA, COCTAB/IATh
CTPYKTYPHBIE CXeMbI aBTOMa-
TU3UPOBAHHBIX CHCTEM JKC-
TieprMeHTa/IbHBIX CCIIe/[0Ba-
HUMH, IPUMEHEeHSITh TPO-
rpamMMHOe obecriedeHue Jjist
TaKUX CHCTEM

He ymeert: BbIOMpaTh HEOOXO0-
JuMoe 0bopyZoBaHue, arma-
paTHbBIE CPeJICTBA, COCTAB/ISThH
CTPYKTYpHbBIE CXeMbI aBTOMa-
TU3MPOBAHHBIX CUCTEM JKCIIe-
PUMeHTa/TbHBIX UCC/Ie[J0Ba-
HUMH, IPUMEHEeHSITh TIPO-
rpaMMHOe obecrieueHue Jist
TaKMX CUCTEM

Biageer: npakTuyeCcKUMU
HaBbIKaM [TOCTAHOBKU 3KCTIe-
pUMeHTabHBIX THpoaspora-
30/iMHaMUYeCKHUX UCC/Ie/l0Ba-
HUM, HaBbIKAMU MaTeMaTHUue-
CKOrO IJIaHUPOBaHUsI 3KCIIe-
PUMEHTOB U NTPUMeHeHUsT
MPOrpaMMHOro obecrieueHust

Bnapeer: npakTuyecKUMu
HaBbIKaM [T0CTAHOBKHU 3KCIIe-
pUMeHTabHBIX THpoaspora-
30/]MHAMUYeCKUX UCCIIe/l0Ba-
HUi, HaBbIKaMU MaTeMaTHhye-
CKOT'O IIJIaHUPOBaHUS JKCIIe-
PUMEHTOB U TPUMEHEeHUsT
MIPOrpaMMHOr0 obecreueHust

He By1ajieeT: npakTHYeCKUMH
HaBbIKaM TOCTAaHOBKH JKCIIe-
PUMEHTAJIbHBIX THAPOa’pora-
30/JAHaMUYECKHX MCC/Te/[0Ba-
HHI, HaBbIKAMH MaTeMaThye-
CKOT0 TUIAaHUPOBAHUS KCIIe-
PUMEHTOB U TIPUMEHEHHUSI
IIPOrpaMMHOI0 00ecreueHust

4.3. Kputepum oLjleHUBaHUs 3auyeTa

[TucbMeHHBI W TIMCbMEHHO-YCTHBIM OTBET  CTy[eHTa I[10 BOIpocam
JUCLIUTI/IMHBI OL|€EHWUBAeTCS MOJIOXKUTEbHO C BbICTAaB/IEHUEM OLIEHKH «3auTeHO0» B
C/IeyIOIIUX Cyvasx:

- CTygeHT myOOKO U TIOJTHO BJIafieeT Cofiep>KaHueM y4eOHOro Marepuaria;
yMeeT CBsi3bIBaTb TEOPUI0 C TIPAKTHKOW, pelllaeT COOTBETCTBYIOIME 3ajjauH,
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TeopeTUUecKue BbIBO/bI MOATBEPXK/aeT rpuMepamMu, (hakTaMu, JaHHBIMA HayUHBIX
WCC/Ie[IOBaHMM; OCYIeCTB/sIeT MeXKIIpeJMeTHble CBsI3M, TpeyiokeHus. [lenaeT
BBIBOZIbl JIOTUYHO, YeTKO. SICHO M KpaTKO W3/araeT OTBeThl Ha TOCTaBjeHHbIe
BOTIPOCHI; yMeeT 060CHOBBIBAaTh CBOU CYKAEeHUs 1 TIPO(eCCHOHA/TbHO-TUYHOCTHYHO
MO3UIMIO TI0 W3/1araeMoMy BOIpOCY. [laH TIO/HBIM, pa3BEPHYTHIM OTBET Ha
TIOCTABJ/IEHHBIA BOMPOC; IMOKa3aHa COBOKYIMTHOCTb OCO3HAHHBIX 3HaHUM 00 06BeKTe
W3yueHus], JOKa3aTe/IbHO PaCKPhIThI OCHOBHBIE TTOJIO’KeHHUSI (CBOOOAHO orepupyeT
TIOHATUSMU, TEPMHUHAMMU, TIEPCOHATUSIMHU U [IP.); B OTBETE MPOC/IEKUBAETCS UETKAsk
CTPYKTYpa, BBICTPOEHHAs B JIOTMUECKOW II0C/IeZi0BaTe/IbHOCTH; OTBET H3JI0XKeH
JTUTEepaTyPHBIM I'PAMOTHBIM SI3bIKOM M HOCUT CaMOCTOSITE/TbHBIN XapakKTep.

— OTBeT CTyJAeHTa COOTBETCTBYeT YyKa3aHHLIM BBIIIe KPUTEPHUSM, HO
cofiepkaHHe OTBeTa UMeeT OT/e/lbHble HETOUHOCTH (HeCyll[eCTBeHHbIEe OIIMOKHN) B
W3/I0)KeHUU TeopeTUUeCcKoro M TPAKTUUeCKOro MaTepuasa, OT/IMYaeTCsl MeHbliei
00CTOSATE/NHOCTBIO, TMYOHHOM, 060CHOBAaHHOCTBIO Y TMOJTHOTOM; OBIM JOMYIIE€HBI
HETOUHOCTH B OIpeJe/ieHnd TIOHATWM, TepCOHaNui, TePMHUHOB, JAaT U p,
JOTyIIleHHbIe OIIMOKK WCTIPaBJISIOTCS MaruCTPaHTOM I10C/e /IOTIOJTHUTE/TbHBIX
BOTIPOCOB TIPeTIoZiaBaTeis.

— CTyfeHT oOHapy)XMBaeT 3HaHWe W TIOHUMaHWe OCHOBHBIX TTOJIOXKeHUHN
yueOHOro MaTepuasa, HO M3JlaraeT ero HeroJHO, Heroc/iefoBaTebHo, A0MyCKaeT
HETOUYHOCTH U CYIIleCTBeHHbIe OIMMOKUA B OTpe/e/IeHUH TTOHATHH, (hOpMYTHMPOBKE
TIOJIOYKEeHWM, He TIPUB/IEKAeT [/Isi apryMeHTAal[id OTBeTa OCHOBHBIE ITOJIOKEHUS
KOHIIETITYa/IbHBIX W HOPMAaTMBHBIX [JOKYMEHTOB, He yMeeT 00OCHOBaTh CBOU
CYy)KZIeHUsl; HaOmozaeTcss HapylleHHe JIOTMKH HW3J/IOKEHHWsS; B OTBeTe He
MIPUCYTCTBYIOT JlOKa3aTe/ibHbIe BBIBOJBI; C(HOPMHUPOBAHHOCTh YMEHHI ITOKa3aHa
c1abo. OTBeT OT/MUAeTCsi HU3KMM YPOBHEM CaMOCTOSITEIbHOCTH, He COZAEpIKUT
cobcTBeHHOM TTpO(deCcCHOHATbHO-TMUHOCTHOM TTO3UIUH.

O1leHKa «HEe 3auTeH0» 3a IMMCbMEHHBIM U THCbMEHHO-YCTHBIA OTBeT
CTy[eHTa I10 BOIPOCaM JUCIIUTUIMHBI BBICTAB/ISIETCS B C/TyUasix, KOrja:

— CTY[EeHT UMeeT pa3po3HeHHbIe, OeCCUCTeMHbIe 3HAHUS: He yMeeT BbI/Ie/ISITh
I7laBHOE W BTOPOCTENeHHOe; [OMyCKaeT OIMMOKU B Ofpe/ie/leHUd TIOHATHH,
(bOpMYyMPOBKE  TEOPeTHUYECKHUX  TIOJIOKeHWM, WCKa)kKaeT WX CMBICT; He
OPHUEHTUPYeTCS B HOPMAaTHUBHO-KOHIIENTYa/IbHBIX, TPOTPaMMHO-MEeTOZNYECKHX,
MCC/IeIOBaTeIbCKUX — Marepuanax, O0ecriopsijoyH0 U HeyBepeHHO U3jaraet
MaTepHa; He yMeeT COeJUHSTh TEeOPETHUECKHe II0JIOKEHHWS C TMPAKTHUKOW; He
yMeeT TIPUMEHSTb 3HaHUA [y OOOCHOBaHWS M OOBSICHEHWS (aKTOB, He
yCTAHAB/IMBAET MEXKITPeIMETHBIE CBSI3H.

[lpy HeobOXOAMMOCTM UWHBaAMAaM U JiML@M C  OrpaHAYeHHbIMHU
BO3MOKHOCTSIMUA ~ 3710POBbsSI  TIPEJIOCTABJISIETCSI  [JOTIO/IHATe/TbHOe BpeMsl /st
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IIOATOTOBKHM OTBETA Ha 3d4eTe.

4.4. Pe3ynbTaThl IPOMEXYTOUHOM aTTecTalui ¥ YPOBHU C()OPMHUPOBAHHOCTH
KOMIIeTeHIUH

YpOoBeHb 0CBOEHHS KOMINETEeHIMH OneHka
[1poABHUHYTHIN 3aUTEeHO
ba3oBbIi 3auTeHO
[ToporoBsiii 3aUTeHO
KOMIIeTeHLIMU He C(hOPMUPOBAHbI He 3aUTeHO

YpoBHuU (hopMHUpPOBaHHS KOMIIETE€HI|M:

1. IToporoBelii ypOBeHb:

npeznosiaraeT (opMUpOBaHWE KOMIIeTeHIIM Ha HayaJlbHOM YPOBHe: 3HaHUe
oObeKTa, TMpeaMeTa, IIeJid, 3a7ad a’3pora3’oAMHAMHYECKOro JSKCIIePUMEHTa,
TePMUHOJIOTHIO, TPUMEHSIEeMYIH0 TpU TPOBEJEHHWH  a3pora3ojvHaMuyeCKux
HCCIe/IoBaHu, COBpeMeHHble MeTO[bl (H3MUeCKUMX HCCAefloBaHUN Mojesieid
JleTaTe/IbHbIX anrnapaToB; CTY[JeHT 3HaeT TeXHUYeCKWe TePMUHbI U OCHOBHbLIE
TOHSTHS a3POTrUAPOra3o0uHaMUKY Ha aHIVIMKCKOM SI3bIKe.

2. ba3oBbIii ypOBEHb:

nperonaraeT (opMupoBaHUe KOMIIeTeHI[Mii Ha 6osiee BLICOKOM ypOBHeE: CTYAEHT
3HaeT TeOpPeTUUYeCKYH) OCHOBY 3KCIIePUMEHTAa/IbHBIX a3pOrupora3ofuHaMuueCcKux
WCC/IeIOBAaHUA W METOAbl MaTeMaTUUeCKOTrO TIJIaHWPOBAHUS SKCIIePHUMEHTOB;
crioco0eH /1aBaTh pa3BepPHYTHIE OTBETHI Ha TEOPETHUECKHE BOTIPOCHI AUCIATIIMHEI,
COCTAaBJISITh CTPYKTypPHbIE CXeMblI aBTOMAaTHU3MPOBAHHbBIX CUCTEM
SKCIepUMEeHTa/IbHbIX UCCIe0BaHUM; YMeeT TepeBOIUTh TeXHUUeCKHe W HayuHble
CTaTbU MO a3pora3oJiMHaMUKe C aHIJIMHMCKOrO Ha PYCCKUM SI3bIK.

3. [IpoABUHYTHIN YPOBEHb:

npeirosniaraetT (GOpMUpOBaHUEe KOMIIETEHIIMM Ha BHICOKOM YDPOBHE, TOTOBHOCTb K
CaMOCTOSITe/TbHOM TIPO()eCCUOHAIBHOW [/1eSITe/IbHOCTU: BJafieeT MpPAaKTUYeCKUMU
HaBbIKaM  TIOCTAaHOBKU  JKCIIEPUMEHTA/IbHbIX  THIpOa’pora3ofuHaMuueCKuxX
WCC/Ie[IOBaHWM, HaBbIKAMHM MaTeMaTH4YeCKOro IJIaHUPOBAaHUSI SKCIIEPUMEHTOB,
NIpUMeHeHUs] TMPOTPaMMHOI0 o0ecrieueHus], aHaIU3UPYyeT 3SKCIepUMeHTa/IbHbIe
JlaHHble; yBEepEeHHO B/aZieeT HaBbIKAMM UTEeHMsI Hay4yHbIX CTaTed TI0
a’pora3oiIMHaMMKe Ha aHT/TUKWCKOM SI3bIKe.
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