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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

Y

yupexxJieHre B ciiero o6pa3oBaHus
«YensabuHckuil rocygapcTBeHH i yHuBepcurter» (©) BOY BO «Uen) Y»,

Mwuacckuii - unuan
Ka- efpa . puk/IaZiHOW MaTeMaTUK!

®oH/ o1[eHOUH 1 CpefCTB . O AUCIU. TMHe «A2pora3ofuHaMUyecKuid 2KC. epUMeHT»
. 0 Ha. passieHutO . oarotoBku 01.03.02 3 pukiagHas MaTeMaTUKa U UH- OpMaThka4. po- wib «MaremMaTnyeckoe MOJie/IMPOBaHUE»

@) BOY BO «Uen) ¥»

Bepcus fokymenTa 51 |

ctp. 3 u3 25 |

3epB I 2k3eM. Jisip::iii:

1. AC , P7 &, HOA, : EH, 0 HBIX CPEJC?7.

Ha. paBnenue . ogroroku: 01.03.02 IlpuknadHas mamemamuka u UH(pOpMamuka
Ha. paBneHHOCTS (. po- wib,: Mamemamuueckoe mooeauposaHue
HOucuy. nmuHa: A3po2a3o0uHamuueckuil 3KkcnepumeHm

CemecTp wusyueHus: 7/

dopma . poMeXXyTOUHOM aTTeCTaljuu: 3auem

2. EPE0 EHb ®, PMUP- EMBIX K, M E7EH: U

2.1. KomniereHjuM "'3aKpensiéHHbIE 3a JMCIUTIMHON

WN3yuenne  AuUCLU. TUH «A3po2azo0uHamuueckull  SKCnepumeHm»
Ha. PaBJIeHO Ha - OPMUPOBaHuUe CAeAYIOIM] KOM. eTeHL1H:
Koz CopeprkaHue
KOM. e5 . 3 epeueHs . jaHupyem 1
S KOM. eTeHLIUU I/IH,L[I/IKEITOP JIOCTIDKEHUS] KOM. e5 PesyALTATOB OByueHs . O
COrJIaCHO TeHLMH B cooTBeTCcTBUM ¢ O3 O3
(.o ®) OC JIACITU. JTHHE
d) OC,
1 2 3 4
YKA C. ocoben ocy5 | YKHA.1 Hamb TelHUYecKue TepS
LeCcTBJATL fe5 | VIMeeT . pefcrasiieHue O . paBuial | MUH W OCHOBH € . OHS5
JIOBYIO KOMMY5 | U . PUHLU. al /1eJI0BOM YCTHOM U THS a2pOoryujporasouHas
HUKALMIO B YCTS | . ICbMEHHOW KOMMYHUKAL[MU Ha MUKW Ha aHTJIMMCKOM 53 5
HOU U . UCbMEHS | TOCY[,apCTBEHHOM 513 Ke Ke
Holi - opmal Ha | Poccutickoit ®enepaliuu 1 Ymemb . epeBoAUThL Te1HUS
rocygapcrBeHS | uHoctpaHHoMm( 1, s3 ke(al, YyeCcKue M HayyH e CTaTbU
HOM 513 Ke Poc5 | YKA.2 . 0 aZporasoluHaMUKe C
cuiickor Pene5 | [leMOHCTpUpyeT yMeHUe aHIJIMMCKOTO Ha PYCCKUU
paLuy U UHOS OCYLL[eCTBJIAATh [1e/I0BYIO A3 K
ctpanHoM( 1, KOMMYHUKALMIO B YCTHOM U Bnademb HaB Kamu ute5
3 ke(al, . ICbMeHHOM - opmal4 HUsl HayuH 1 crareii. o
WC. 0J1b30BaTb METOJ, Y HaB KU aZpora3oZiluHaMUKe Ha aH5
JIeJIOBOTO OO1IeHUs TJINNCKOM $I3 Ke
YK*.3
VmeeT HaB KU /I€JIOBOTO OOLIeHUS
Ha rocyZlapCTBeHHOM A3 Ke PocS
cuiickoii @eiepaliii U MTHOCTPaHS
HOoM( 1, 13 ke(al,
3 K5l C. ocobeH K 3 K5l1.1. imeet . pefcrasiieHure 0 HAMb TEOPETUUECKYHO
oTpaboTke coBpemeHH 1 Metozal OCHOBY ZKC. epYMeHTaJlbS
. pOUHOCTH 14 | . poBefeHHs pacyeToB . apaMeTpoB | H 1 aZporuzapora3ogrHas
aZ2pofvHaMuyec | Harpy>KeHusi KOHCTPYKLUH MUYeCcKU 1 uccaeoBaHUM U

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

Y

yupexxJieHye B ciiero o6pa3oBaHus
«YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,

Mwuacckuii - unuan

Ka- egpa .

PUK/IaHOM / aTe/ aTUKU

@DoH/ OLjeHOUH 1 CpejCTB . O AWCLU. JTMHe «A2pora3ofrHa/ n4ecKuil 2kc. epu/ eHT»
. 0 Ha. paByieHuto . oAroToBkU 01.03.02 3 puknajHas / ate/ aTuka U UH- op/ atuka4. po- unb «Mare/ aTuueckoe / ofjeIMpoOBaHUE»

@) BOY BO «Uen) ¥»

Bepcus foky/ enta 51

cTp. 4 u3 25 3epB i 2k3e/ . sisip

Kul4

Te. JI0- U3UUecK
nul
lapakTepucTuK
m3nenuii PKT Ha
OCHOBe

coBpe/ eHH 1

. aKeTOB

. puknagH 1

. porpa/ / 4k

/ aTe/ aTUUecKoS
/'y / ofenvdpoBab
HUIO B 00/1acT!
nuHa/ nkudbans
JIMCTUKYU U

y. paB/eHUst

. onéto/ Ha 6a5
3e coBpe/ eHH 1
KO/ . broTepH 1
TelHoJ/IOTUiA

W3eTMU4BKITIOUast / eTof

KOHeuH 1 2ne/ eHtoB40CHOBal
Teopuu Te. Jio. epefaunsd
PaJMaLIMOHHOTO Te. 1000/ eHa4
coBpe/ eHH 1/ etomal oOpaboTku
JaHH 14/ are/ atnueckul / etomal
. poBefieHus1 bayuMCcTHUeCKr 1
pacuetoB4ocHoBal aZpoguHa/ uku4
/ eTopal . pOEKTUPOBaHUS PaKeT.

3 K51.2. [le/ oHCcTpupyeT Y/ eHue
. py/ eHATb COBpe/ eHH e CUcTe/
aBTO/ aTU3UPOBAHHOTO

. poextupoBanusi (CA3 P,4 B TO/

uncse: . aKkeT . puknazH 1
.porpa/ /  KOHeUHOS1e/ eHTHOro
aHa/mm3a; . akeT . puknagH 1
. porpa/ / ISt 06paboTku
2Kc. epy/ eHTanmbH 1 JlaHH 14

aBTO/ aTu3aLuu 2KC. epy/ eHra.
3K5.3. W/ eer
0.

. paKTU4yeCcKuu
T / ate/ aTU4YeCKOro
/ omenupoBaHUsI W . pU/ €HeHusd

. akeToB . pukaagH 1 . porpa//

ISt peleHus 3a/1a4

aZpora3sojivHa/ Uku4 Te. JIOBOU
3aiqutT 4 . pouHocTh4 [AuHA/ VKU

nBwKeHus B oomactu PKT.

/ eton / ate/ aTUYeCKOro
. JJAHUPOBaHUs 2KC. epud

/ eHTOB

Ymemb B OupaTh He00105
o/ oe obopyzoBaHued
a..apatH e cpefcTtBa4coS
CTaBJ/ISITb CTPYKTYPH €
cle/ aBTO/ atM3upoBaHS
H 1 cucre/ 2Kkc. epu/ eHS
TaabH 1 KccaenoBaHuii4

. py/ eHeHsTh . porpa/ / 5
Hoe obec. eueHue Jiis Ta5
kul cucre/

Bnademb . pakTuuecku/ u
HaB Ka/ . OCTaHOBKU 2KCS
. epu/ eHtasibH 1 rugpoa2s
pora3zoauHa/ nueckul ucs
cnefoBaHUM4HaB KW / aTeS
/ aTA4eCcKoro . JJaHupoBaS
HUS 2KC. epy/ eHTOB U . pUS
/ eHeHus1 . porpa/ / HOTO
obec. eueHust

3.C, JEP)KAHME, : EH, 0 HbIX CPEACY.

, JUC: 1 JIMHE

3.1 . bl OI]eHOYHBIX CPeACTB

Haw/ enoBan | Han/ eHoBaH

ue ue
No. / KonTtponmpye/ Koj Ko/ . eTemiyn/ OLIeHOYHOTO | OLIeHOYHOIO
ete/ / cpefCcTBa CpefCTBa Ha

. laHUpye/ e pe3ysbTaT 00yuyeHUs

paszen hine| . po/ exyTou

TEKYILero 1300071
KOHTPOJIS arTecTalyu

1 OKc. epw/ eHran | 3 K5l 3 epeBog Bo. poc k

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKHW POCCUN

deepanbHOe roCcyjapcTBeHHOe OropKeTHOe 06pa3oBare/ibHOe
yupeXkieHue B cIero o6pa3oBaHus
«YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,
Mwuacckuii - uman

Y

Ka- enpa . puk/iajHOIN MaTeMaTHKU

@DoH/ OLjeHOUH 1 CpejCTB . O AWCLU. JTMHe «A2pora3ofrHaMAvecKuii 2KC. epUMeHT»

@) BOY BO «Uen) ¥»

. 0 Ha. paBjieHuto . oAroToBku 01.03.02 3 puknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MO/|eIMpOBaHue»

Bepcus gokymenTa 51

cTp. 5 u3 25 3epB i 2k3eM. Jisip

KO3 {1 Ne

BH e Haem TeOPeTUYECKYH OCHOBY 2KC. EDUMEHS | aHIVIOA3 YH | 3aueTy
WCC/Ie0BaHuUs TasibH 1 aZporugporasoguHamuyeckul ucs 1 Hayun 1
. porieccoB C/e[JOBaHUM U MeTOJ, MaTeMaTHuecKoro crared
. O[IBOZIHOTO . JIJAHUPOBAHUA 2KC. ePUMEHTOB JTabopartopH
cTapra YK e paboT
Haem TelHUUeCKUe TEDMUH U OCHOBH e

. OHATHUSA a2pOrufporasojHaMyKU Ha aHS

TJINHACKOM 53 Ke
Jkc. epuMmenTan | 3 K51 3 epeBoj, Bo. poc k
bHOE Bnadeem . PaKTH4eCKUMHU HaB KaMHU | aHIVIOSI3 UH | 3a4eTy
0. pezesieHue . OCTaHOBKU 2KC. epUMeHTa/IbH 1 1nayun 1
TUApOAWHAMUYE | THApoaZporasofuHaMuueckul uccieqoBaHuii4 | crareii
ckul HaB KA MareMaTWU4yeckoro . jiaHupoBanus | JlaboparopH
lapakTepucTuK | 2KC. epIMEHTOB e pabor
TeJI Bpall[eHUs YKA4

Ymeem . epeBoUTh TelHUUECKHE Y HAYUH e

CTaTbU . 0 aZpora3oZvHaMUKe C aHIJINHCKOTO

Ha PYCCKHMH 13 K
Jkc. epumenTan | 3 K51 3 epeBoj, Bo. poc k
bHOE Bnadeem . pPaKTH4eCKUMU HaB KaMU | aHIVIOSI3 UH | 3aueTy
0. pefieyieHue . OCTaHOBKU 2KC. epUMeHTa/IbH 1 1nayun 1
aZporaszofiHaM | TWApoaZporasoguHaMuueckrl mccienoBanuii4 | crareid
nueckul HaB KA MareMaTWyeckoro . jiaHupoBaHws | JlaboparopH
lapakTepucTuK | 2KC. ePUMEHTOB e pabor
TeJI Bpall|eHHs YKA4

Bnadeem HaB KaMH uTeHMsS HayuH 1 crareit

. 0 a2pora3o/JMHaMUKe Ha aHIJIMACKOM $i3 Ke
A2pobanmuctuu | 3 K51 3 epeBof, Bo. poc
ecKui Ymeem pa3pabar BaTh aJrOPUTM  DEIIEHHUsS | AHIVIOSI3 YH | 3aueTy
2KC. epUMeHT 337y AVHaMUKU4 0a/uTMCTUKK4 y. paB/ieHUs 1Hayun 1

. 0leTOM  KocMHUuyeckMl — a..apatoB U | crareid

B Oupatb  Heoblogumoe  ob6opyzoBanued | JlabopaTtopH

a..aparH e cpencread COCTaBJIATH | e paboT

CTPYKTYpH e cleM  aBTomMaTusupoBaHH 1

CUCTEM.
Meton wu 3 K51 3 epeBoj, Bo. poc k
Cpe/iCcTBa Ymeem B Oupath HeobloarMoe 00Opy/iOBaS | aHITIOSI3 YH | 3auUeTy
uU3MepeHul . pu | HUeda. . apaTH e CpeACcTBa4COCTaB/ISITh 1 Hayun 1
TUZpOrasojuHa | CTPYKTypH e clem aBTrOmMaTusvpoBaHH 1 crarer
Muyeckul cucTeM 2kc. epuMeHTanbH 1 uccnenoBanuiid | JlaboparopH
vccneoBadusil | . pUMeHeHsTh . porpaMMHOe 00ec. eyeHue e pabor

J1 Takdl cucrem

JlabopatopH e pabor 4 crathM [ . epeBojad  KPUTEpPUM U . OKa3aresn

OlLlIeHHWBaHUSI B paMKal TeKyIlero KOHTDOJISI . pe[icTaB/ieH B paboueii . porpamme
OLleHOUH 1 cCpeacTB U KOHTPOJIBHOS
u3MeputesbH 1 MarepuasioB 1paHATCA Ha Ka- e[pe U SBASIOTCS  yueOHOS

. 0 [OucCLH. JIMHE.

© @) BOY BO «Yen) ¥»

3 0/H € KOM. JIeKT



MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

\‘)} yupexxJieHye B ciiero o6pa3oBaHus
@ «YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,

Mwuacckuii - unuan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

@DoH/ OLjeHOUH 1 CpejCTB . O AWCLU. JTMHe «A2pora3ofrHaMAvecKuii 2KC. epUMeHT»
. 0 Ha. paByieHuto . oAroToBku 01.03.02 TIpuknajgHas MaTeMaTUKa U UH- OPMaTHKa, . po- Uib «Maremaruueckoe MO/|eIMpOBaHue»
@) BOY BO «Yen) ¥»

Bepcus fokymenTa 56 cTp. 6 u3 25 Tleps i 2x3eM. J1s1p KOITUA Ne
MeTOoAHYeCKHMMHU MdaTepuadiaMn OrpaHHU4Ye€HHOr'o (KOH- HAeHI1na/JIbHOIO,
. OJIb30BaHUAA.

3.2 Coep)xaHue OL[eHOYHBIX CPe/JCTB //isf TeKylleH aTrTecTalumn
JIaGopaTopHbIie padoThI

[lpegycMoTpeHH # . porpaMMoil  Kypca LMKJI  pabOT  COZEp)KUT  Kak
He. OCpe/ICTBeHHOe B . OJiHeHWe J1abopaTOpHOTO . paKTUKyma CTy[eHTaMd, Tak U ul
ydacThe B 2KC. epUMeHTa/bHOIICCenoBaTeibckul paboral, . poBogum 1 AO «) PII
MakeeBa».  JTOT J/1abopaTOpH ¥ . PaKTUKyM . peflHa3Hau€H [/ O3HAaKOMJIEHUs C
2KC. epUMeHTa/lbH MU  MeTofiaMHh W CpeACTBaMH  T'MpoaZpora3ofuHaMuueckul
WCC/IeJOBAaHUH, JTOJDKEH C. 0COOCTBOBAThL Oojiee rTyOOKOMY YCBOEHHIO JIEKITMOHHOM UaCTH
KypCa, . OHUMaHHI0 - U3MYECKOr0 CM (Jla paccMmarpvBaeM 1 BO. pOCOB U . PUBUTHIO
HaB KOB HUC. O/Ib30BaHHsI COBPEMEHHOU U3MepUTeIbHOM a. . apaTyp
JlabopamopHas paboma Nel. OTcTpen MmofenbH 1 gBuraresiei.

Pacuét mozenbHOTO . opoloBoro apuraresisa. OTpaboTKa pe>KMMOB [JBUTATess] Ha
ra3o/IMHaMU4eCcKoM cTeHie. VI3MepeHusi BHYTPUKaMePHOTO /1aB/IeHUs], TEM. epaTyp

JlabopamopHas paboma Ne2. ) myOOKOBOAH ¥ ra3ouHaMHUueCKUA CTeH]I.

Mogens uspenvsa. Mogens malTHOM yCcTaHOBKU. DHeproysesl. Pacuér . apameTpoB
JBWKeHUs1 U BHyTpullalTH 1 rasoguHamMuyeckyl . poLieccoB /Jisi KOHKDETHOM MOJeu
v3zenus, Mofenud IalTHOW YCTaHOBKM W Mofenu 2Heproysna. CpeicTBa HM3MepeHMs.
TpebGoBanusi K cpefcTBaM u3MepeHus. VcciefoBaHusl . apaMeTpOB JBWKeHUsl B IalTe,
BHyTpuwialtTH 1 rasogvHaMuueckul . poLieccoB . py [JBWKEHUU MOZENIU U3Jenus B
malre (. ycku Ha I1yOOKOBOZHOM ra3ofMHaMHUECKOM CTeHJe ,. AHaiu3 pe3y/lbTaToB
. YCKOB.

JlabopamopHas paboma Ne3. ) uapobaiivcTHuecKrii bacceiH.

bannmuctuueckass mopenbs usgenusi. Mogenb mialTHOW yCTaHOBKU. OHEProyses.
Pacuér . apamMeTpoB . POL[eCCOB . OIBOJHOTO CTapTa AJisi KOHKPeTHOW Oa/uiucThdecKou
MoJien, MoJieny IalTHOM yCTaHOBKH, Mofenyd 2Heproysna. CpezicTtBa M3MepeHMs.
TpeboBaHus K cpeAcTBaM H3MepeHHUs. BOpTOBO# perucrparop [jisi pervCcTpUpPOBaHUS
u3Mmepsiem 1 . apameTpoB. VccienoBaHus . pOLIeCCOB . OABOAHOTO CTapTa . pu CTapTe
OarmucTiyeckod  Mofend U3 MoOZenbHOM  malTHOW — ycTaHOBKM (. yCKU B
rugpobancTiyeckom OacceliHe,. AHaiu3 pe3yabTaTOB . YCKOB. TeH3oMeTpuuecKas
Mozenb u3aenusi. Mozaenb malTHOM yCTaHOBKM. DHeproy3es. Pacuét ruapoguHamuyecul
Harpy3oK . py CTapTe KOHKPETHOU TeH30MeTPHUUeCKOW MOJenu U3 MOZeJbHOU IalTHou
ycraHoBku. CpeZicTBa u3MepeHusi. TpeOoBaHUs K Cpe/iCTBaM M3MepeHwus. VcciemoBaHus
TUpoJuHaMUYecKr] Harpys3ok . pU CTapTe TeH30MeTPHUYeCKOW MOZe/Nr W3 MOJeIbHON
malTHOW ycTaHOBKM (. YCKM B THApoOasmcTHueckom OacceiiHe,. AHa/iu3 pe3y/ibTaToB
. YCKOB.

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

\‘)} yupexxJieHye B ciiero o6pa3oBaHus
@ «YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,

Mwuacckuii - unuan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

@DoH/ OLjeHOUH 1 CpejCTB . O AWCLU. JTMHe «A2pora3ofrHaMAvecKuii 2KC. epUMeHT»
. 0 Ha. paBjieHuto . oAroToBku 01.03.02 3 puknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MO/|eIMpOBaHue»
@) BOY BO «Yen) ¥»

Bepcus gokymenTa 51 cTp77 u3 25 3epB i 2k3eM. Jisip KO3 U Ne

JlabopamopHass paboma Ne47 Bosblllasi CKOPOCTHasi THUApPOAWHAMUYeCKass Tpyba cC
TOpU30HTa/IbH M pabouuM y4acTKOM7

Mogenu uzgenuii v Ul 21eMeHTOB [/ UC. TaHWUH B TMIPOAMHAMUYECKOH TpyOe7
OTa/loHH e Mojle/in7) uapoJuHaMuueckre Tpé1koM. oHeHTH e BeC «TputoH 33 C3B» u
«Tputon333 CH4»7 CpencrBa v3MepeHHs . apaMeTpOB CKOPOCTHOTO . OTOKa BOJ B
paboueM yuacTke TUApPOTPYO 4 yIyioB aTtakd Mogenu7 BecoB e uC. TaHUSI MOfeNH B
T'UpoiMHaMUUeckoil Tpybe .pu c. omHOM U AByl- a3HOM oOTekaHusil (. posivBKa
KOHKpeTHON  Mogenu4 . epBuuHasgs o0OpaboTka  2KkC. epuMmeHTasibH 1 maHH 1,7
O. penenenue . O3ULMOHH 1 rUApoAuHaMuYeKkul lapakTepucTuk Mozenv
(KO2- - LIMeHTOB . POZIOIBHOM CU 4 HOPMalbHOW CHA W . POAOIBHOIO MOMEHTa, . O
. OlyUeHH M 2KC. epyUMeHTa/lbH M IaHH M7AHanu3 pe3y/bTaToB UC. TaHWi/

JlabopamopHass paboma Ne57 Bonblilasi CKOpPOCTHasi THApOAWHaMUYecKas Tpyba c
BepTUKaAbH M pabouyurM ydacTKom7

OcoOeHHOCTH . pOBeZleHWS WC. TaHWW .pU HaJAyBe W BaKyyMUPOBaHUU
rugpoaviHamuueckor Tpy6 7 KaBepH B ropusoHTassH 1 U BeptuKanbH 1 . oTokal
JKUAKOCTH (0COOEHHOCTM W OTauuus,7 VIc. TaHWs TH. OBOM MoOAenu wu3jenus C
KaBUTAaTOPOM B BEPTMKAJIbLHOM . OTOKE >XUAKOCTH7 Pa3BUT e ecTecTBeHHas (. apoBasi, U
VCKYCCTBeHHas1 (ra3oBasi, KaBepH B BepPTHUKaJbHOM . OTOKe >xugkoctu/ O. peneneHuve
yucsia KaBuTauuu . otoka’/ O. pefjleneHHe umMc/ia KaBUTaLUWW Uil pa3BUTOM KaBepH 7
N3yueHue . apaMeTpoB U CTPYKTYp KaBepH Ha . po3pauH 1 . onymogensl?7 BiusHue
yucen Ppyza U KaBUTALIMK Ha FreOMeTpUUeCKre . apaMeTp O0CeCUMMEeTPUYHOU Pa3BUTOM
KaBepH (J/iMHa KaBepH 4 HauOOJNBIINN JUAMeTp . 0. epeUHOr0 CedeHus KaBepH , B
BEPTUKA/IbHOM . OTOKE >KUJKOCTU/3 OCTPOEeHUe rpa- nueckul 3aBucuMocCTei’

JlabopamopHas paboma Ne67) a3ogrHamuueckue 6apokamep 7

Bonbuion BakyymHOjuHamuueckud crteHpg ) PLI7 Tu.oB e wmogenu puis
. poBefieHUsI 2KC. epUMeHTa/ibH 1 uccieqoBaHui B rasoauHamuueckul 6Gapokamepal?
OcHOBH e cpencTBa u3MepeHUsi/ YuacThe B THU. OBOM  2KC. epUMeHTe Ha
ra3ofMHaMHU4eckoil 6apokamepe WM OO/BIIOM BaKYyMHOSIMHAMUUECKOM CTeH[|7

JlabopamopHas paboma Ne77MareMaTtrueckasi 00paboTKa pe3y/bTaToB 2KC. epuMeHTa7

Ommbku w3mepeHudt (Tpyd e4 cucremaruueckued ciydaiiH e,7 KocBeHH e
usMepenusi/ Metoz OLIEHKM CYMMapHOM . OTPeIIHOCTH 2KC. ePUMEeHTA/JbHOIO
0. peflefieHys1 THApoaZpoavHamuueckul lapakrepuctuk7 OO6paboTka pgaHH 1 . pu
0. peflefieHUH  0e3pa3MepHOrO  KO2- - UI[UeHTa  CHJI 7M000BOTO  CO. POTHBJIEHUS
0CeCMMMETPHUYHOTO TeJia BpalleHus17

AHI/1093bIYHbIC Hdy4HblI€ CTATbH /I/If IepeBoad

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCUU
de/iepasbHOE TOCYAAPCTBEHHOE BIOKeTHOe 00pa3oBaTebHOe

\‘,} yupexxJieHye B ciiero o6pa3oBaHus
@ «YensbuHckuii rocygapcTBeHH i yHuBepcuteT» (©) BOY BO «Uen) Y»,

Mwuacckuii - unuan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

@DoH/ OLjeHOUH 1 CpejiCTB . O AWCLU. JTMHe «A2pora3ofrHaMu4yecKuii 2KC. epuMeHT»
. 0 Ha. paByieHuto . oAroToBku 01.03.02 TIpuknajgHas MaTeMaTUKa U UH- OPMaTHKa, . po- Uib «Maremaruueckoe MO/|eIMpOBaHue»
@) BOY BO «Yen) ¥»

Bepcus fokymenTa 51 cTp. 8 u3 85 IepB i1 2x3eM. JisIp KOITHA Ne

CIENTIFIC REPg}RTS

OPEN Using human brain activity to guide
“machine learning

RuthC. Fong'?, Walter J. Scheirer’* & David D. Cox?

: Machine learningis a field of computer science that builds algorithms that learn. In many cases,
Received: 16 March 2017 : machine learning algorithms are used torecreate 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

| guidefor machine learning algorithms. Here we demonstrate a new paradigm of “neurally-weighted”

. machine learning, which takes fMR| measurements of human brain activity from subjects viewing
images, and infuses these data into the training process of an cbject recognition learning algerithm to
make it more consistent with the human brain. After training, these neurally-weighted classifiers are
able to classify images without requiring 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 improvements with already high-performing convelutional neural netwerk
features. The effectivenass 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- "%, 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.

Ovur 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*. Purthermore, 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

1Department of Engineering Science, University of Oxford, Information Engineering Building, Oxford, OX1 3FJ,
United Kingdom. 2Department of Computer Science and Engineering, University of Notre Dame, Fitzpatrick Hall of
Engineering, Natre 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 5t, Cambridge, M4, 02138, USA,
R.C. Fong and W.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 Iearninﬁ 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 accurale, biologically-consistent
decision-making boundaries, We trained supervised dassification models for four, visual object categories (i.g., humans,
animals, places, loods), weighting individual training images by values derived from IMRI 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 (iLe., 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 (ROIs) 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 RO,
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*4°): 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*:

@fz) = max (0,1 — z) (1)

where z =y flx), y € {—1, 41} 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 reﬁres ents 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:

@lx 2) = max (0, (1 — 2) - M(x, 2)) (2)

where
Mix,2) = {1 +e, ifz<l

otherwise (3)

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

Inits general form with an unknown method of generating activity weights, AWL penalizes more aggressively
the misclassification of stimuli x with large activity weight ¢,. The proposed paradigm involves training a binary
SVM dassifier on fMRI voxel activity and using Platt probability scores as activity weights. With this method, a
large activity weight c, denotes that the {MRI activity corresponding to visual stimulus x is predicted with high
confidence to be a positive example for a given binary classification tasle There are several possible explanations
of what a large activity weight ¢, connotes about visual stimulus x: 1. it corresp onds 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 li: Train image classifier
A. Collect per-stimulus activity B. Train classifier on IMRI activity vectors D. Conventional image classifier training
vectors

“stimulus does not

contain an animal® . us:fmbou o

Stirulus

“stimulus contains
an animal”
C. Activity welghts derived from distance
te decision boundary
TMRI Images

Activity Vector

Figure 1. Experimental workflow for biologically-informed machine learning using {MRI 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 (ie., 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 Lo 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
(Le., 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).

stimuli with large activity weights were dear 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 {MRI-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 VM 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, fora given combination of ROls and a given object category, the fol]owing two—phasc
procedure was carried out (Fig. 1):

1. Generate activity weights {':.r} by calibrating the scores of a Radial Basis Function (RBF) kernel SVM
binary dassifier, e.g.. f : X, — [0,1], trained on the training voxel data for the combination into probabili-
ties via a logistic transtormation** (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, (x;,) connotes how likely voxel activity ¥ was recorded when the subject
was viewing an image in a given object category, e.g., humans. {MRI-based activity weights were only
generated for voxel activity associated with images that were clear positive and negative examples of a given
class. Forall other examples (e.g., images that contained multiple classes, such asa person with a pet
animal),¢, = 0.

2. Create five balanced classification problems (Fig. 81). For each balanced problem and a set of image
descriptors, train and test two binary SVM classification models, e.g., f : X; — {—1, +1}, withan
RBF-kernel-one that used the HL function and another that used an AW function conditioned on the
activity weights (¢, } from the first step (Fig. 1D and E). Two image features were considered: HOG is a
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 dassification models for four visual classes on tMRI 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 (AW L) function. These graphs show results of experiments that generated activity weights
by using voxels from all seven higher-level visual ROls (i.e., EBA, FEA, 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 AW L loss reduces misclassification error using both features, it
particularly improves the performance of handcratted HOG features. (C-E) Mean error reductions gained by
switching trom 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;,,e 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 IMRI decoding literature focuses on three ROIs: EBA, FEA, and PPA™?, "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
(=127} were used. See Figure 53 for a similar plot for CNN features and Figures S4and 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 dassifiers 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 ROI
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 overall 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 ROI
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 SWMs 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 S4 and S5 and
accomparnying supplementary text further detail how a null sample is generated. Figures 3 and 83 show which ROLs
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 ramework 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.

Anather 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 ﬁgnc—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 {MRI 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 (.39 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 » 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.

DataSet. The data set consisted of 1,386 500 x 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 SPM#8 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 IMRI 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, X} is a
646-dimensional vector with the response amplitudes of all samples for voxel £, a.ndxu’ is the j-th sample’s rescaled
amplitude for voxel i.

e
X - min(x;)

) = minl) )

A oSE
X =

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 subsel 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 sets
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 Ii:;erformed to tune the soft margin penalty parameter C and RBF parameter ~ 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 stimuli in the training set that are part of the clear sample set.

Experimental Design. Each ofthe 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 VI1.Feat
library’s vl_hog function*®, which computes UsCTTI 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 et 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 RBE-kernel SVM classifier trained on the training voxel data for that combination, following
the fMRI activity weight calculation procedure described abave.

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 (HHOG 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
strongpo sitive 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 REF kernels were trained without any parameter tuning,
using parameters C=1 and = 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 partitions 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 nr individual confidence intervals with a collective confidence
interval of 1 —o, the adjusted confidence intervals were calculated calculated via1 — ™. With these adjusted confi-
dence intervals (m = 127, . =0.05and o =0.01), we compared the outputs of the emp’frical 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. The fMRI and image data that support the findings of this study are from Stansbury et al.*!
and are available from them on reasonable request.
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3.3. Kpurepuu onieHMBaHUA 10 BUAAM OLIEHOYHBIX CPeACTB

Kpurepun onjeHUBaHHsA J1a00paToOpHOI padoThI:
" TIMYHO"
1, cTymeHT nerko OPWEHTHPYeTCS B Cofiep)kKaHuM yuyeOHOTO Marepuasias

CBOOOZIHO . 0/Ib3yeTCsl . OHSITUMH M a. . apaToM;

2, obnajilaeT yMeHUeM CBSI3 BaTh TEOPHIO C . PAKTUKOW;

3, 3HaeT U . PaBUJIbHO . pUMEHSIET - OPMY/T ;

4, pelieHHe 3a/lauM 3a. KCAHO . OHATHO4aKKypaTHO4. 0C/e/J0BaTe/bHO;

5, 3a. MCaH . paBWIbH U OTBET
"Xopouio"

1, CTymeHT JeMOHCTpHpYeT . OJIHO€ OCBOEHHEe TeOpeTHUYeCKOro marepuanad
B/IaJleeT . OHATUMH M a. . aparomM4 0CO3HAHHO . DUMEHSIET 3HaHUS [Jid pelleHus
. paktnueckul 3azay;

2, 3HAeT W . pUMeHsIeT - OpMyJ/T  4HO [10. YCKaeT Hebosbliie HeTOUHOCTH;

3, pellleHVe 3aJauyu 3a. MCaHO4 HO He . puBeZileH - OpMy/a 4 C . OMOILbIO

kotop 16 M. poBemeH pacuer ;
4, 3a. UCaH . paBWJIbH U OTBET
"- MOBJIETBOPHUTE/ILHO "

1, CTymeHT JeMOHCTpPUPYeT He. OJTHOe OCBOEHMe TeOpeTUUeCKoro Marepuasiad
.Jiolo BrajieeT . OHATUMH M a..aparom4 . ji0lo OpPUEHTHUPYeTCS B U3yUeHHOM
Marepuasie;

2, 3HaeT OTAe/ibH e - OpMy/l 4HO [0. YyCKaeT 3HauuTe/ibH e HeTOUHOCTU B Ul
. PUMEHEeHUY;

3, pelueHue 3aJauu 3a. UCAHO HeBepHO4He . puBeJileH - OpMy/a 4C . OMOLLbIO
kotop 16 nu.poBegeH pacuer ;

4, 3a. ¥CaH . paBUIbH U OTBET
"HeynoB/1eTBOPUTE/IHHO "
1, cTymeHT uMeeT pa3po3HeHH e40eCcCHUCTeMH e 3HaHUS,;
2, He MOXKET . PUMEHSATh 3HaHUS [IJIs PelleHus . pakThueckul 3ajau;
3, pellieHue 3a/lauu 3a. UCaHO HeBepHO MO0 OTCYTCTBYeT;
4, 3a. ¥caH He. paBWIbH I OTBeT /MO0 He 3a. MCaH OTBET

Pabora4. o pe3yabTataMm . pOBepKU KOTOPOU B CTaBJieHa olieHKa «HeyaoBieTBo5
pUTe/IbHO»4B03BpalllaeTcs CTy/IeHTYy Ha AopaboTKy7CTyZeHT He MoXeT 6 Tb /105
. YIIIeH /1o 3aueTa io Tel . op4. OKa He . pe/iICTaBUT UC. PaBJIeHHYIO paboTty7

KpuTepuu ouieHUBaHUA NepeBo/ja CTaThU:
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“5” — «ortnuHO1 (963600 6anoB, «3auteHo» — 600 — 79% . OHUMaHUsI OCHOBHOS
ro cofiep>kaHust Te%6Ta4 cTyneHT ymeeT cBOOOJHO (. OUTU CBOOOAHO, U apryMeHTHUS
pOBaHO B €% 3 BaThCs1400CTOATETHFHO M3/araTh COfiepkaHue . POUMTAHHOT047105
ruuec%i B CTpavBaTh CBOe COOOIIeHe4pa3BUBaTh OT/ieIbH € . OJIOXKeHUs U Jie5
JIaTb COOTBETCTBYIOLME B BOJ 4U3/I0KeHHWe O- OPMJIEHO . PaBUJIbHO I'PaMMaruyeS
% u 1e%uuec%i’/

“3” — «xopomol (7639 6anoB, «3auteHO» — 79% . OHUMAHUSI OCHOBHOTO COIEpS
yKaHUS Te%aTadCTyIeHT MoXKeT %9aT% u3marath CoJiepykaHue . pouuTaHHOTro 060c5
HOBAThb ¥ OOBSCHUTDL CBOU B3IJIsAJ, 4B W3J/I0KEHHUH 0. yCYaioTcs 853 He3HaUUM e
rpammatuuec%ie unu ne%euuec%ie ommb%i7

“3” — «ypoBaerBopuTenabHol (60579 6an, «3aureHo» — 79 — 90% . oHUMaHUS
OCHOBHOT'O COZlep>KaHus TeYaTa4CTyJeHT MOXKeT UC. 0JIb30BaTh . POCT € - pa3 |

. peAsioyKeHUsi4HO HeJJOCTaTOYHO . OHSITHO U 00OCTOSITe/TbHO M3/1arath CofiepyKaHue

. POUMTaHHOT04B U3n0KeHU 853 rpamMmmaruuec%ie wmm ye%ruec%ie om6%:17
"2” — «HeypoBiaeTBopuTeabHo1 (0560 Oans, «He 3auTeHo» — MeHee 90% . oHMMab
HHSI OCHOBHOIO CcoziepykaHus TeYaTaducakeHue coziepkanrs4. pes 1ieHue %61mus
yecTBa rpamMarudec%il v ne%uuec%il ormmbo%cTyeHT BiaZieeT HeZ0CTaTouS

H M (JIOBapH M 3a. aCcOM43aTpyAHsSeTCs B U3/I0)KeHUY . POUUTaHHOr 0/

3. ,PAd, K P,.EJEHUA W KPU7EPUMU , : EHU. AHUS
P, MEX- 7, 0H, T A77EC7A:

3.1. opsAOK TpoBeJleHHs U COfiep)KaHHe OIeHOUYHBIX CpPe/CTB
NMPOMEe)XyTOYHO arTecTaniu

3ayeTr . pOBOAUTCS B - OPMe . NCbMEHHOSYCTHOIO 0. poca7 Ha . ucbMeHH i
OTBeT CTyZeHTa oTBoaUuTCs 40 MUHyT43aTeM OTBET . pOBepsieTCsl . pe. ojjaBaresiem4
. py HeobloauMOCTH MOTYT 6 Th 3aJlaH  yYTOUHSIFOLL[ME BO. pOoC 7

. OMPOCHI K 3a4eTy
67 HeoOlomuMmocTh . poBefieHMSI ~ Ha3eMHOM (y1abopaToOpHOM,
ruipoa2pora3ofuHaMuuec%ii otpabotr%i7OcHOBH e 21a.  oTpaboT%i7
870cHOBH e . pobnem 4cBsi3aHH e C . OABOAH M CTapTOM7
37C. ocob . omBomHoro crtapra4ul oCHOBH e 0COOEHHOCTU U OT/INUMSI/
47C. 0cob cHWKeHUs TUApoArHaMudec%il Harpy30%. py . OJBOJHOM
crapre’/
970cCHOBH e aHamuTUYeC%ie 3aBUCHUMOCTH . OBOAHOIO cTapra’
67 @usnuec%ie . polecc 4co. poBoXKAAloLIKe . OABOJH M CTapT MOAEIU U3eS
st u3 mwalt 7
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773Tta. . omBogHOro craptad4ul lapakTepH e 0coOeHHOCTH7
87MopenupoBaHue . OIBOAHOTO CTapTa40CHOBH € KPUTepUH . ofobusi7
970cHOBH e TpeboBaHUs K 000PYOBAaHUIO AJis 2KC. epUMeHTa/IbH 1 uccienos
BaHWM . OZJBOAHOTO CcTapTa’
607) ugpobanmucTruecKrie yCTaHOBKY (OTeUeCTBeHH e U 3apybexxH e, /s 2Kch
. epuMeHTa/ibH 1 uccnenoBaHUM . OABOAHOrO ctapTta’ OCHOBH e CUCTeM U 21e5
MeHT 21Ul yCTaHOBOK7
667bannicTuueckre MoJie/Id U TEH30MOZe/U JJ/1s1 2KC. epUMeHTa/ibH 1 uccienos
BaHUl . of1BoiHOTO cTtapta’M1 ocobeHHOCTH U oTnurs7 TpeboBaHUs K MOjie/isiM7
687 AHa/iMTUYeCKre 3aBUCUMOCTUA pacyéTa CWI TITM MOZEIbHOrO0 TBEpAO0S
TO. JIMBHOTO JBurarens/ MeTofuka W obopyzgoBaHue /i1 2KC. epUMeHTa/IbHOTO
0. pefiejieHus CUJI TATU U JaBjieHuss MogesibHoro P T7
637 MetoguKka 2KC. epUMEeHTa/IbHOTO 0. pejejieHus TMApoAvHaMUueckul u
malTH 1 .apaMeTpoOB . pU [IBWKEHUM MOjieNii nu3fenus B malte (r1ybokoBoAH i
ra3oJlMHaMHUYeCKuil CTeH/, 7
647MeTofuKa 2KC. epUMeHTaJIbHOTO 0. pefie/ieHUsl TUAPOAMHaMUYeCKU]l Harpy S
30K C HC. O/Ib30BAaHHEM TeH30MeTpHuecKul mozenei (ruapodaiucTHIeCKuid 6ach
ceii, 7
697Metonuka uccnenoanui . po0eccoB . oIBoAHOrO cTapTa (. ocsie B lozma us
malT , . pu JBWKEHUM MOJeTH U3/Ie/vs Ha . OIBOAHOM y4acTKe (THApoOamcTS
yeCcKuii baccenH, 7
667 CpefcTBa nsMepeHus4. puMeHsieM e . pu ucciaenoBanusil . poOeccos . o5
BofiHOTO cTapTta’ TpeboBaHusi K HUM7 BOPTOBOI perucTparop /s perucTpupoBab
HUs u3MepsieMm 1 . apameTpoB?
677MeTo/ ra3oruipaBavueCKor aHa/JIOTUU . P U3yYEeHUH U UCCJIeIOBaHUH . POS
OeccosB . ogBoAHOrO CTapra’
687 O61He 3aBUCMMOCTH /1T TUAPOAWHAMHUeCKHU1 cuim M MoMeHTOB7 be3pasb
MepH e K02- - M0ueHT CuI ¥ MOMEHTOB7
6973 oHsaTHE O . pucoeqHEHH 1 maccal?7 OKC. epUMeHTalbH € MeTOJ, 0. peS
JlejieHust Ko2- - MOMeHTOB . pUcoeilMHEHH 1 mMacc Tesl 3aJJaHHOU - OpM 7/
807CucrteM ocCel KOOpAMHAT B 2KC. €pUMEHTaIbHOU ruipoguHamMuke7 O. UK S
Te CBSI3aHHYIO0 U CKOPOCTHYIO CUCTeM KOOpPJWHAT . DU . pOBeJleHur BecoB 1 UcS
TaHWM B OOJIBIIION CKOPOCTHOM TUApOAUHAMUUeCKol Tpybe7
867 O6r1jasi . pobsieMa CoO. pOTUBJ/IEHUSI Te/ . PU JIBIDKEHUU B BOJle B peXKuMe
C. JIOIHOTO oOTeKaHusi7 MeTos,  yMeHblieHUs] CO. poTvB/eHUsi7 Co. pOTUB/IeHHUE
TeJ1 C YaCTUYHOU U . OJTHOM KaBuTaluen7
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887 MopenvpoBaHue . pOU3BOJILHOIO HEYCTAaHOBUMBILErOCHd ABWXKEHUS Tejla B
YKUAKOCTH . pU C. JoltHOM M KaBuTaOuoHHOM obOTekanusil7 Kputepuu ®pynad
PentHonbacad4dvinepad4uncia kaBuralun7/

837 3 03u0MOHH e TuApoAVMHaMHUuUeCcKre lapakTepuCTUKU TeJ BpallleHus/
OCHOBH e MeTOZ, U 2KC. epUMeHTa/ibHOe 00opyJoBaHue (0TeueCTBEHHOE U 3apy5
6exxHoe, Asis Ul 0. peneneHus/

847Bonblie CKOPOCTH e ruApoguHamMudeckue Tpy6 ) PII c ropusoHTanmbH M
M BepTUKaibH M pabourMu ydactkamu’7 OcHOBH e cucteM 7 OcobenHoctu4 1a5
pPaKkTepUCTUKH/

897 Mogenu u3nenvi U Ul 21eMeHTOB /i UC. TaHUM B TMAPOAMHaAMUUeCKU 1
Tpy6al70cobeHHOCTH 1 TpeboBaHUs K MOAe/siM (B 3aBUCUMOCTH OT BUJja UC. Ta5
HUM, 7OTaJIOHH e Moje/n7

867 3amaun BecoB 1 MiC. TaHWUM Mofesel . py C. JIOIIHOM U ABy1- a3HOM 0065
TekaHusil B rupipoguHamuueckul Tpybal7B uém 3akirouaeTcss MeTOAMKa . poBefie5
HUSA BeCOB 1 uC. TaHuuU?

877Kakue ruppogrHamMmuyeckve lapakTepuCTUKKA MOXKHO O. PeZle/IMTh Ha OCHOS
BaHWM BecoB 1 MC. TaHWM? )/ie U KaK MOXKHO WC. 0JIb30BaTh pe3yabTaT . ofo05
H 1lwuc. TaHumM?

887) upponrHamuueckye Tpélkom. oHeHTH e Bec «TputoH 33 C3B» u «Tpub
ToHB3 C4»7 U1 ocobenHocty u ommums/ 3 puH0u. aeuctBus 2tul THAPOAMHAS
muueckrl BecoB7 Kakum obpa3oMm B flanH 1 Becal yuMT BaeTcsl B3aMHOEe BJTHSIS
HUe KOM. OHeHT?

8970. penenenue kaButaOun7/3 prpoja BO3HUKHOBeHUs: KaBuTtaO0un/Craguu KaS
ButaOun7Metosn opranuza0uu pa3BuT 1 kaBUTaOWMOHH 1 TeyeHuU7

3073 punOu.  mogenvpoBaHusl KaBuTa0uoHH 1 TeueHun7 Kpurepun ®pypad
PeitHonbacad Bebepad uncio kaButaOun7 Kakumu . yTSMU MOXKHO IOCTUTaTh HU35
kul uucen kaButa0u (Ha . puMepe aHa/aM3a aHAJMTHUYECKOM 3aBUCMMOCTU UHKCJIa
kaBuTtalumy, ?

367 3 pakTUuecKue . yTH WC. 0JIb30BaHUs Pa3BUTON KaBuUTaOuM /it 00beKToB4
JOBKYLIM1CS . 071 BOAOW4B TOM UMCJ/IE U . DU . OABOJHOM CTapTe?7

387Mertouika 0Opa30BaHUsI UCKyCCTBEHHOW KaBepH 3a CuéT . ofayBa ra3za7Kob
2- - u0ueHt paclopa . ogayBaeMoro ra3a4oT Kakvl . apaMeTpoB OH 3aBUCHT ?

337KaBepH B ropusoHTaqbH 1 U BepTuKanbH 1 . oTokal »kuakoctu (0cobeH5
HOCTHU U oT/nuus, 7/ Biusaue yncen @pyga u kaButaluu Ha reoMeTpUdeckye . apas
MEeTp OCEeCMMMETPUUYHOM Pa3BUTOM KaBePH B BEPTHKA/IBHOM . OTOKE KUIKOCTH7

347 Heo61logquMOCTb BBe/leHHs . 0. PABOK K pe3y/jbTaTaM U3MepeHuii4. omydaes
M 1 .pu 2kc. epuMeHTasibH 1 uccienoBanusil ruapogrHaMmudeckul lapakrepub
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CTHK TeJl BpallleHusl B rUApoArHamMudeckul Tpybal7 3 epeunc/iuTb OCHOBH € . 05
. paBKH (C 0ObsiICHeHUsAMH, /151 6onbiinl ckopocTH 1 ruapogvHamMudeckul Tpy67

3970CHOB METOAWKU YuéTa BJUSHUSA CTEHOK pabouero yuacTka 00JbIIION CKOS
POCTHOM THIPOAVMHAMUYECKOU TPyO 4B3alIMHOTO B/IMSHUS . OiBECH 1 yCTPOMCTB
Y MOJIeJIA Ha pe3y/bTaT 2KC. epuMeHTalbH 1 ucciefsoBaHui/

367Cun 1 MOMeHT 4[eWCTBYIOIIUE Ha JieTaTe/lbH U a. . apaT B . onéte7Ko2- 5
- u0ueHT aZ2poauHaMuyeckrl CUI U MOMEHTOB4K02- - UOMeHT faBjieHus/

3770OCHOBH € KpUTepuH . 0fo0us B 2KC. epuMeHTabHOM a2poguHamuke? Kpub
TepuU . 0100Hs1 . 0 CKUMaeMOCTH U . 0 BA3KOCTH cpef, 7

387Knaccu- ukaOus a2pogrHamuueckul Tpyo4Bug u M. 73 puHOu. yctpoiid
cTBa a2poauHamMuueckul Tpy670cob6eHHOCTH ¥ OCHOBH € . apaMeTp oOTpacyieB 1
a2poavHaMuueckul Tpy67

397Mopgenu v3penui (Tes BpallleHus1, U Ul 21eMeHTOB [I/I1 UC. TaHUU B a2po5
auHamuueckul Tpy6al u razopuHamuueckrnl 6apokamepal7Mopenu ajis Ti. oB 1
uc. TaHui7/OCHOBH e TpeboBaHUS K MO/iesisiM (B TOM UKC/ie K pa3Mepy MoJesiel, 7
HecranpgaptH e mopenu?/

397 OcobeHHOCTH TW. OB 1 WIC. TaHW: BeCOB e4/peHakH e4KaJopuMeTpud
yecKue4cTpyiH e4KruHeMaTHueckne40pockoB e7

407Metopuka . poBefieHus ApeHaxkH 1 uc. Ttanun7Cpencta usMmepenusi7PacS
yéT aZpogvHamuueckul ko2- - MOMEHTOB . O AUarpaMMam pac. pefiesieHust JaBiieS
HYS Ha . 0Bep1HOCTH Tesia BpallleHUs17

467MeTtonvKa . poBefieHUst BeCOB 1 uc. TaHui73 puHOU. JeHCTBUSI TEH30MeTS
puueckul aZpoagrHamMuueckul BecoB’/Pacuét aZpoguHamuueckul Ko2- - nOueHTOB
Ha OCHOBaHWM Pe3yJ/IbTaToOB BeCOB 1 MC. TaHUMN7

487) azogquHaMmuueckue 6apokamep 7McciemyeM e ra3ogdHaMAuecKHe 3a/1auM
. pu oTtpaboTke neraresibH 1 a. . apatoB7 bapokamep LIHUVMAII (rKoponés, 7
Bbonbiioii BakyymMmHOquHaMuueckuii cteH/1 ) P1I4ocob6erHocT?

437MopenupoBaHue rasogrHamuueckul . po0eccos . py . poBejeHUN UCCIef05
BaHUM B ra3oguHamuueckul 6apokamepal7 OCHOBH e KpuTepuu . omobusi7 Bua
uc. TaHui7C. ocob wumuTaOuu CTpyM ABUraTesei7

447Metopn, 6pockoB 1 uc. TaHuii7V1 oCHOBH e 0COO@HHOCTH U OT/IMUMS OT
WC. TaHuM B a2popuHamuueckrl Tpybal73 peumyiiiectBadHenocrarku’ A2pobans
mictuueckue Tpyo 706macty MojenvpoBanusa7HecTaHzapTH e UCC/Ie0BaHusT/

497 A2pobamictuyeckue Tpacc (oTeuecTBeHH e U 3apybexxH e,7 OTKp Tast
a2pobancTiueckass Tpaccad OCHOBH e . apaMmeTp 4 ocobeHHocTH7 V3mMepeHHe
CKOpPOCTHM . O/1éTa Tes BpaljeHus Ha Tpacce/ Merton  peructpa0uvd MOMEHTOB
. posiéTa Ha Tpacce?’
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467MeTtaresibH e yCTpoOMCTBa (. OpoloB e40A4HOCTY. eHYaT e W JBYy1CTy. eHuaS
T e JIerkora3oB e . yiiku,7 Mogenu Jjsi 2kC. epuMeHTanbH 1 a2pobaivctiuyeS
ckul uccienoBaHnii4 OCHOBH e TpeOOBaHUS . pU . pOeKTUPOBaHUN4 0COOEHHOCTH
U omnuus/ 3 Of0H 1A Mojened U c. ocob wul oTAesneHusi OT Mojernel B
. oniére/

477MeTOAUKU 2KC. €pUMEHTA/IbHOTO 0. pefiesieHus Ko2- - n0ueHTa 1060Boro cob
. POTUBJIEHUS] TeJl BpalljeHUs . pu UC. TaHusil Ha a2pobasMcThueckoi Tpacce7
3 apameTp 4BUsIOLIKME HA TOYHOCTD Pe3yJIbTaToOB 2KC. eprMeHTa’

4870cHoBH e . puHOu. paboT .epBuuH 1 . peoOpa3oBatesneii (aTUMKOB,4
. puMeHsiem 1 .pu ruapoaZporaszoguHamuueckul wuccnenoBaHusil (TeH30pe3uS
CTUBH U 2- - eKT4 . be3021eKTPUUeCKUU 2- - eKT4 2- - eKT U3MepeHusi 21eKTpruueS
CKOM EMKOCTHU421eKTPOMAarHuTH e sIBjieHus, 7

497C. ocob wu3MepeHMs JlaB/IeHUM . Py TWIpoa2pora3oAruHaMudeckul uccienos
BaHUsA1 B . OTOKe XUJKOCTU WM ra3a4Ha . oBep1HOCTH Tes BpalleHus1/

907C. ocob wu3MepeHUsi CKOPOCTe . OTOKa JKUAKOCTH WU rasa . pu TUapoa2s
poauHamMHuuecKul uccienoBanusil (Ma e CKopocTH400JIble CKOPOCTH, 7

967C. ocob wu3MepeHHUs TeM. epaTyp Ta3a B . OTOKe a2poJuHaMHYeCKO TpyS
6 4rem. epaTyp .apora3oBoii CMecH B IialTe . pu . OABOAHOM CTapTe MOJeNU U35
nenvsi/

987 O. THueCcKWe METOZ WCC/IeIoBaHUN OOTeKaHWs TeJsl BPAI€HHS . OTOKOM
JKAJIKOCTU WM Ta3a B ryjpoaZpoiuHamMuueckr] yctaHoBKal (TeHeBOW4 IIIMPEHS
TeHeBON4uHTep- epeHOUOHH ¢, 70cob6eHHOCTU40TIMUMS 7

937Metop, Busyanu3a0uu TeuyeHus Ha . oBeplHOCTH Tes1 BpalljeHusl B a2poaud
Hamuueckul Tpybal (MeTop 11e/TKOBUHOK4 MeTO/, MaC/IsTHOM . JIEHKH U pa3M Baeb
MOTIO . OKp TUsI4MeTO/, KaOJIMHOBOIO . OKp THS4MeTOo/, . apOBOr0 2KkpaHa U Jjia3ep5
HOT'0 HOXKa4MeToZ, B COKOBOJIBTHOT'O pa3psza v Ap7 7

947 Ombku n3mepenuit (rpyd e4 cucrematnueckued ciayuaiid e,7 MeToavka
00paboTKKM pe3ynbTaToB 2KC. epUMeHTa B Cydyae . pIMOTO HW3MepeHUs uccienyes
MOTO . apameTpa?

997 Oumbky n3mepennii7 KoceeHH e m3MepeHusi7 Metoanka obpaboTku peb
3y/IbTaTOB 2KC. €PUMEHTA B C/lyyae KOCBeHH 1 M3MepeHHH MUCKOMOrO . apameTpa’

967Meton, 00eHKH CyMMapHOM . OTPEeIIHOCTU 2KC. epUMEHTAa/IbHOTO 0. pefeneS
HUA ryuipoaZporasofrHaMuueckul lapakTepucTuk?/

977 ABTOMaTU3UpPOBaHH e cucTeM 00paboTKu 2KkC. epuMeHTanbH 1 faHH 1

Ha ruzipoaZ2pora3oquHamuyeckul crenzaal ) P17

4.2. Kpumepuu oyeHU8aHusi KomnemeHyuti 8 xo0e NPOMelCymo4Hou am-
mecmayuu
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Kop, Kpurepuu orjeHMBaHus

KOM. o1 3 laHMpyeM e pe3y/bTar

- o0yueHus . 0 AUCLIU. JITHE 3aureHo He 3auTteno

YK 3Haet: TelHnyeckue TepMuS | 3HaeT: TelHnueckue TepmuS | He 3Haet: TelHnyeckue TepS
H U OCHOBH e . OHATHUS H U OCHOBH e . OHSITHS MUH ¥ OCHOBH e . OHATHUS
a2poryupora3ofiHaMUK{ Ha | a2porujiporasofMHaMUKH Ha | a2porujporasojuHaMHUKH Ha
aHIJIMMCKOM 513 Ke aHIJIMMCKOM 513 Ke aHTJIMMCKOM 513 Ke
- MeeT: . epeBoJuUTh TelHUS | - MeeT: . epeBoAUTh TelHuS | He ymeet: . epeBoguTh Tel5
YyecKue ¥ HayYH e CTarbd . O | YeCKHWe M HayuyH e CTaTbU.O | HAYeCKHe U HAy4YH e CTaTbu
aZpora3o/IMHaMUKe C aHIJIMUS | a2pora3ojuHaMUKe C aHIJIMKS | . 0 a2pora3oJuHaMUKe C aHS
CKOTO Ha PYCCKUH 53 K CKOT'0 Ha PYCCKUM I3 K TJIMHACKOTO Ha PYCCKUM I3 K
. JlafieeT: HaB KaMW UTeHUs1 | . jlafieeT: HaB Kamu ureHus | He Biajeer: HaB Kamu uTeS
HayuH 1 crareii. o aZpora5> | HayuyH 1 craTeii.o aZpora5 | HUs HayuyH 1 craTeii.o aZ2po5
30/lMHAMVKe Ha aHIJIMHACKOM | 30/JMHaMUKe Ha aHIVIMMCKOM | ra3o/jMHaMYKe Ha aHIJIMiS
A3 Ke a3 Ke CKOM A3 Ke

3 K5l 3HaeT: TeOpeTUYeCKYH 3HaeT: TeOpeTUYeCKyro He 3HaeT: TeopeTruecKy:o

OCHOBY ZKC. epuMeHTa/lbH 1
aZporuzpora3oguHamMmuyes
ckul vccie0BaHUM U METOS
I MareMaTU4ecKoro . JJaHUuS
poBaHUs 2KC. ePUMEHTOB

OCHOBY ZKC. epuMeHTa/lbH 1
aZporuzipora3oguHamMuye’s
cKkul uMccie[oBaHUM U METOS
I MareMaTWU4ecKoro . JlaHhS
poBaHUs 2KC. epUMEHTOB

OCHOBY ZKC. epUMeHTa/lbH 1
aZporuaporasojHaMru4ecKrl
UCCJIe/JOBaHUM U MeTo, Mab
TeMaTU4yeCcKoro . JIJaHUpOBaS
HUA 2KC. @PUMEHTOB

- MeeT: B Oupath HeoOlogub
Moe obopyoBaHHeda. . apaTs
H e CpeAcTBa4CoCTaB/IATh
CTPYKTYpH e clem aBTOMaS
TU3UPOBaHH 1 cucrteM 2Kc5

. epuMeHTaJIbH 1 uccienoBas
HUI4. pUMEHEeHSATh . po5
rpamMMHOe obec. edeHue Jijist
Takul cucrem

- meeT: B Oupath HeoO61oau5
Moe o0opysoBaHueda. . apaTh
H e cpencTBa4coCTaB/IsATh
CTPYKTYpH e clem aBTOMab
TU3MPOBaHH 1 cucrteM 2Kc5

. epuMeHTa/ibH 1 uccnenoBas
HUI4. pUMEHEHSTh . pO5
rpaMMHOe obec. edeHue Jjist
Takul cucreMm

He ymeet: B 6upaTh Heo6105
nuMoe obopyoBaHueda. . a5
paTH e CpefiCcTBa4COCTaB/IATh
CTPYKTYypH e clem aBTOMaS
TU3WPOBaHH 1 cucrteM 2KC. €5
puMeHTanbH 1 UccieoBad
HUI4. pUMEHEHSATh . pO5
rpaMMHOe obec. eueHue Jjist
Takul cucrem

. JIaJieeT: . paKTUYeCKUMU
HaB KaM . OCTaHOBKHU ZKC. €5
puMeHTanbH 1 rugpoaZporas
30MHaMu4ecKul uccaenoBas
HUN4HAaB KaMU MaTteMaThueb
CKOrO . JaHUPOBaHUs 2KC. e5
PUMEHTOB U . pUMEeHEeHUs

. porpaMMHOT0 00ec. eueHust

. JIaJieeT: . paKTUYeCKUMHU
HaB KaM . OCTaHOBKH 2KC. €5
puMeHTaNbH 1 ruppoaZporas
304uHamMuyeckul uccienoBas
HUI4HAB KaMW MaTteMaThueS
CKOTO . JJaHUPOBaHUs 2KC. e5
PUMEHTOB U . pUMeHeHUsI

. porpaMMHOr0 06ec. eueHus

He Biapeer: . pakTHUUeCKUMHA
HaB KaM . OCTAaHOBKH 2KC. €5
pyuMeHTanbH 1 rugpoaZporaS
304uHamMuyeckul rucciienoBas
HUI4HAaB KaMW MaTemMaTtuyeS
CKOrO . JaHUPOBaHUs 2KC. e5

PUMEHTOB U . pUMEeHEeHHsI

. porpaMMHOr0 0bec. eueHus

3.3. Kputepuu orjeHUBaHuA 3aueTa

3UCbBMEeHH U U

. ICbMEHHOSYCTH M OTBeT
[OUCLY. IUH  OLIeHUBAEeTCS . OJIOXKUTENIbHO C B CTaBJIeHWEM OLIeHKU «3auyTeHol B
cnepyromul ciayyvasl:

5 CTygeHT ry0OOKO U . OJTHO BjiajieeT cofepkaHueM yueGHOro MaTepuara;
yMeeT CBfI3 BaTb TEOPUI0 C . PAKTUKOW4 pellaeT COOTBETCTBYHOLME 3ajaund

CTyJeHTa .0 BO. pocaMm
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TeopeTUueCcKue B BOJ, . OATBep)KJaeT . puMepaMu4- aktramu4adHH MU HayuH 1
VCC/Ie[IOBAaHUM; OCYILEeCTB/IsIET MeX. PeIMETH e CBs3ud . peayiokeHus. [lenaer
B BOJ JIOTUYHO4 YETKO. ; CHO W KpPaTKO H3/araeT OTBeT HA . OCTaBJIeHH e
BO. pOC ; yMeeT 0O0CHOB BaTh CBOU CYKIEHUS U . PO- €CCUOHATbHOYTUYHOCTHYO
. O3ULIMI0 .0 Wu37araeMomy BO. pocy. [aH .onH W4 pa3BEépHYT U OTBET Ha
. OCTaB/IeHH # BO. POC; . OKa3aHa COBOKY. HOCTb OCO3HaHH 1 3HaHM 00 00BeKTe
u3yueHusi4 joKa3aTe/lbHO pacKp T OCHOBH e . oJiokeHUsi (CBOOOJHO 0. epupyeT
. OHATUSIMU4TepMUHaMK4. epCOHAIUSIMUA U [IP.,; B OTBeTe . POC/IeXKUBAETCS YETKas
CTPYKTypa4 B CTpPO€HHas B JIOTUYECKOW . OC/e/l0BaTe/bHOCTHU; OTBET W3/I0XKeH
JIUTepaTypH M I'PaMOTH M 13 KOM U HOCUT CaMOCTOsITe/TlbH M lapakTep.

— OTBeT CTyJeHTa COOTBETCTBYeT YyKa3aHH M B Ile KpurepusiM4 HO
cofiepkaHUe OTBeTa MMeeT OT/e/lbH € HeTOUHOCTH (HeCyll[eCTBeHH e OIIMOKH, B
V3JIOKEHUM TeOPeTUYeCKOro W . PAKTUUeCKOro Marepurasiad OT/iMyaeTCs MeHbLIen
00CTOsITENILHOCTHI04TTyOHHOM4 000CHOBAaHHOCTBIO U . OJTHOTOM; O /U [0. yIlleH
HETOUHOCTU B 0. PefleJIeHWW . OHSTUN4 . epcoHanuii4 TepMuHOB4 natr u nap4
70. VIIIeHH e OIIMOKK WC. PaBJSIOTCA MaruCTPaHTOM . OCJie [I0. OJTHUTeNbH 1
BO. POCOB . pe. ofiaBareJis.

— CTyfeHT oOOHapy)XMBaeT 3HaHWe W . OHHMaHWe OCHOBH 1 . OIO’KeHUH
yueOHOT0 MaTepuasiad HO W3jaraeT ero He. OJTHO4 He. 0CJieloBaTe/lbHO4 10. yCKaeT
HETOUHOCTH U CYIIeCTBEHH e OIIMOK{ B O. pefieJIeHHUH . OHATHI4 - OPMY/TUPOBKE
. OJIO)KeHU4 He . pUB/ieKaeT [/ apryMeHTalluM OTBeTa OCHOBH € . OJIO’KeHUS
KOHIle. TyanbH 1 W HoOpMaTMBH 1 J0OKyMeHTOB4 He yMeeT 00OOCHOBaTb CBOH
Cy)KZeHus; HaOmomaeTcs HapyllleHWe JIOTUKM U3J/IOKeHHs; B OTBeTe He
. DUCYTCTBYIOT [OKa3aTe/JbH € B BOJ ; C- ODMHUDOBAaHHOCTb yMEHUH . OKa3aHa
c1abo. OTBeT OT/IMUYAeTCsi HU3KUM YPOBHEM CaMOCTOSTeNTbHOCTH4 He COJep)KUT
COOCTBEHHOM . PO- €CCHOHA/IbHOSTUYHOCTHOM . O3UILUH.

OueHka «He 3auTeHOl 3a .VWCbMEHH M W . UCbMEHHOSYCTH M OTBET
CTyZeHTa . 0 BO. pOCaM JUCLW. JIMH B CTaB/IsSeTCs B ciyvasil4korga:

— CTYZIeHT UMeeT pa3po3HeHH e40ecCUCTeMH e 3HaHWs: He yMeeT B JIeJisiTh
[7laBHOE UM BTOPOCTE. eHHOe; 0. YCKaeT OLIMOKM B 0. pefie/ieHUd . OHATUi4
- ODMY/IMPDOBKe  TeopeTuyeckul . onokeHni4 wuckakaeT ul M c©1; He
OPUEHTHPYeTCs B HOPMAaTUBHOXOHIL[e. Tya/lbH 14 . porpaMMHOSveToauueckul4
uccienoBaresibckul —Matepuanal4 Oec. OpsiIoUHO YW HeEyBepPeHHO U3jaraeT
MaTepuas; He yMeeT COeUHSITb TeOpeTHYeCKHe . OJIOKEHHs C . PaKTUKOH; He
yMeeT .pUMEHSTh 3HaHUs /a1 000CHOBaHHS U OOBSCHEHUS - aKTOB4 He
yCTaHaB/IUBAET MeX. peJJMETH e CBSA3U.

[lpu HeoblogMMOCTM UWHBaAWAaM U JiMIaM C OrpaHUYeHH MU
BO3MO)KHOCTSIMM ~ 3[I0PDOBbSI . P€JJOCTaB/IAeTCA 0. OJTHATe/IbHOe BpeMs /ISl
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. OITOTOBKH OTBETA Ha 3d4eTe.

3.3. Pe3ybTaThl MIPOME)XXYTOUHOM aTTeCTALlMd U YPOBHHM C()OPMHUPOBAHHOCTH

KOMIIeTeHI{UH
YpOBeHb 0CBOEHUS KOM. eTeHIMH OnieHka
3 POJIBUHYT U 3aUTeHO
ba3oB 1 3aYTEHO
3 0poroB W 3aUTeHO
KOM. eTeHIIMM He C- OPMHPOBaH He 3aUTeHO

- poBHHU ()OPMHUPOBAHUA KOMIIeTeHI[HM:

1. 3 oporoB U ypoBeHb:

. pell. onaraetr - OpMHpPOBaHHe KOM. €TeHLIMM Ha HauyaJlbHOM YDOBHE: 3HaHHue
oObeKTa, . peameTa, IIeJid, 3afad a2pora3’ofAMHAMHYECKOro 2KC. ePUMEHTa,
TEePMUHOJIOTHUI0, . DUMEHSIEeMYK) . pU . pOBelleHMd aZporasogrHamMuueckul
WCC/Ie[IOBaHNM, COBDEMEHH € MeTo[ - M3udeckul ucCCaefoBaHUNA Mojesien
jeraresibH 1 a.. aparoB; CTyeHT 3HaeT TelHWUeCKWe TePMHUH U OCHOBH e
. OHSITUSI a2pOTH/IPOTa30/JTMHAMUKU Ha aHTJIMMCKOM $I3 Ke.

2. ba3oB 1 ypoBeHb:

. peJl. ojlaraeT - OpMHUPOBaHKE KOM. eTeHIIMM Ha 0Oojiee B COKOM YpOBHe: CTy[eHT
3HaeT TeOPeTUUeCKYH OCHOBY 2KC. epuMeHTa/ibH 1 a2poruaporasofauHamMuueckul
VCC/IeZIOBAHUM M METOJ,  MareMaThueCKoro . /JAaHMPOBaHUS 2KC. ePUMEHTOB;
C. 0cobeH /laBaTh pa3BepHYT e OTBeT Ha TeopeTUYeCKHe BO. pOC [WCLH. JIUH ;
COCTaBJISITh CTPYKTYPH € clem aBTOMAaTu3upOBaHH 1 CUCTEM
2KC. epUMeHTanbH 1 UCCef0BaHUM; yMeeT . epeBOJUTh TelHUUeCKWe U HayuyH e
CTaThy . 0 a2pora3ofuHaMUKe C aHTJIMMCKOTO Ha PYCCKUU 53 K.

3. 3 pOABUHYT U YPOBEHb:

. pell. onaraeT - OPMMUPOBaHUE KOM. €TeHLIMM Ha B COKOM YPOBHe, TOTOBHOCTb K
CaMOCTOSITeJTbHOM . PO- €CCUOHA/IbHOU [1eITe/IbHOCTU: BJa/ieeT . paKTUUeCKUMU
HaB KaM . OCTAaHOBKM  Z2KC. epuMeHTa/ibH 1  rujpoaZporasofuHamMuuveckul
WCC/Ie[IOBaHWM, HaB KaMM MaTeMaTH4yeCcKOro . /JaHWPOBaHUS 2KC. EpUMEHTOB,
. pPUMEeHeHUs] . porpaMMHOr0 o0bec. eueHusl, aHAIU3UPYyeT 2KC. epUMEHTa/IbH e
JJAHH €; yBEepeHHO BjaJieeT HaB KaMuM 4YTeHusl HayuyH 1 crarem .o
aZpora3ofjiHaMUKe Ha aHIJIMHMCKOM 13 Ke.
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