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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

yupexzieHue B

crrero o6pa3oBaHus

Ka- enpa . puk/iajHON MaTeMaTHKU

«YensabuHckuil rocygapcTBeHH i yHuBepcurter» (©) BOY BO «Uen) Y»,
Muacckuii - unvan

®oHj oLjeHOUH 1 cpefCTB . 0 AUCLH. IvHe «KoM. broTepHasi aBToMaTu3alus 2KC. epruMeHTa»
. 0 Ha. passieHutO . oarotoBku 01.03.02 3 pukiagHas MaTeMaTUKa U UH- OpMaThka4. po- wib «MaremMaTnyeckoe MOJie/IMPOBaHUE»

@) BOY BO «Uen) ¥»

Bepcus fokymenTa - 1 |

cTp

.3u324 | 3epB i 2k3eM. Jisip

1.

AC - P: ®- HJIA - IIEH- 1 HBIX CPE/IC: B

Ha. paBnenue . ogroroku: 01.03.02 IlpuknadHas mamemamuka u UH(pOpMamuka
Ha. paBneHHOCTS (. po- wib,: Mamemamuueckoe mooeauposaHue

Jucnou. nvHa:
ceMuHap)

Komnbiomep

CemecTp wusyueHus: 7/
dopma . poMeXyTOUHOM aTTeCTaljuu: 3auem

N3yueHue nucCLy. TUH

Hasa asmomamu3sauyus

JKcnepumeHma

HAyuHbIU

2. EPE1EHH ®- PMUP. EMBIX K- M E: EHIIUI
2.1. KomniereHjuM "'3aKpensiéHHbIE 3a JMCIUTIMHON

«Kom. proTepHasi aBTOMaTu3alusi 2KC. epuMeHTa»

Ha. paBJ/ieHO Ha - OPMUPOBaHUe CIeAYIOUM] KOM. eTeHIUi:

Kon
KOM. e- Copeprxanue VHavKaTop [OCTHXKEeHUs 3 epeueHsb . 1aHupyem 1 pe-
TEHLIMM | KOM. eTeHLUil Co- KOM. eTeHLUI B COOTBeT- 3y/IbTaTOB O0YYeHus . O JuC-
(.o rnacHo @) OC ctBuu ¢ O3 O3 LIU. JTUHe
d) OC,
1 2 3 4
YK-4 C. ocoben ocymie- [ YK-4.1 3HaTh
CTB/SATH JlefioByt0  [MIMeeT . peficTaB/ieHue O OCHOBH € TeDMUH [WCLIU-
KOMMYHMKAI[MIO B |. paBuial u . puHIu. al . IMH Ha aHIJIMHCKOM 53 Ke.
YCTHOM U . UCbMEH- |[1eJIOBOM YCTHOW U . UCbMEHHOM Y MeThb
HOM - opmal Ha rocy-KOMMYHUKAl[UU Ha uuTaTh TelHUYECKYIO I0KY-
/TaDCTBEHHOM 513 Ke T[OCyJapCTBEHHOM I3 Ke MEHTALUI0 Ha aHTYICKOM I3 -
Poccutickoii @enepa-Poccutickoit @enepaiyu u Ke.
LU U vHoctpaHHoMm( 1, a3 ke(al, |BusageTs
uHoctpanHoMm( 1, |YK-4.2 HaB KaMH MC. 0JIb30BaHUS
a3 ke(al, /leMOHCTpUpyeT yMeHUe TelHUUYECKOU JOKyMeHTaluu
OCYILLeCTBJISITh /1e/IOBYIO Ha aHIJIMHCKOM 53 Ke.
KOMMYHUKALMIO B YCTHOM U
. ICbMEeHHOM - opmal4
WC. 0JTb30BaTh METOJ, U
HaB KU JIeJIOBOTO OOL[eHHs
YK-4.3
ViMeeT HaB KM JIeJIOBOTO 00-
I|eHKs] Ha TOCy/JapCTBEHHOM
13 Ke Poccutickoni @egepaiumn
v nHoctpaHHoM( 1, s13 Ke(al,
3 K-1 C. ocoben K otpa- 3 K-1.1. VimeeT . peacraBieHue 3Hamb OCHOB clemoTelHUKH

OoTKe . pouHOCTH 14
aZpoauHamMuueckr14
Te. JIO- U3nyeckul

0 coBpemeHH 1 metopal
. pOBeJieHus1 pacueToB
. apaMeTpOB Harpy>KeHust

- YHKI[MOHa/MbH 1 yCTPOMCTB
aBTOMaTU3UpOBaHH 1 cucrem4
OCHOB cleMoTelHMKU LU- -

© @) BOY BO «Yen) ¥»
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MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

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

Mwuacckuii - uman
Ka- espa . puksiafiHoM / aTe/ aTUKu

®oHJ oLjeHOUH 1 cpeACTB . 0 AUCLK. HHe «Ko/ . broTepHasi aBTo/ atu3alus 2KC. epy/ eHTa»
. 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 - 1

cTp. 4 u3 24

3epB i 2k3e/ . sisip

lapakTepucTUK u3ze-
it PKT Ha ocHOBe
coBpe/ eHH 1 . ake-
TOB . pUK/IagH 1

. porpa/ / 4k / are-

/ aTnyecko/ y / ofe-
TMPOBaHUIO B 00/1a-
cTv avHa/ uKu46ai-
JIMCTUKU U y. paBiie-
HUs . oieTo/ Ha basze
coBpe/ eHH 1

Ko/ . btoTepH 1 Tel-
HOJIOTHH

KOHCTPYKLMM H3fenuii4
BK/ItOYasi / eTof, KoHeuH 1
2ne/ enToB40CcHOBal Teopun
Te. JIo. epefaun4
paJIMal[OHHOTO Te. 1000/ eHad
coBpe/ eHH 1/ etopal
06paboTku JanH 14

are/ arnueckul / etomal
. poBeZieHus1 bayuMcTHUeCKr 1
pacuetoB4ocHOBal
aZ2popviHa/ vkud/ etomal
. POeKTUPOBaHUsI PakKeT.

3K-1.2.
y/ eHue

e/ oHCcTpupyeT

. pY/ eHsATh
CcoBpe/ eHH e cucre/
aBTO/ aTU3UPOBAHHOTO

. poektupoBanusi (CA3P,4 B

TO/ yucse: . akeT

. pukiagH 1 . porpa/ /
KOHEYHO-2/1e/ eHTHOTO
aHanu3a; . akeT . pukiaagH 1
.porpa//  pgng  obpabOTKH

2kc. epy/ eHTasibH 1  fgaHH 14
aBTO/ aTv3aluu 2KC. epy/ eHra.
3K-1.3. W/ eer . pakTHueCcKuu
0. T / are/ aTU4eCcKoro
/ ofe/poBaHUs U . pU/ eHeHUs
. aKeTOB . puknagH 1
. porpa/ / pjg pelieHusi 3ajad

aZporasofiiHa/ UKu4 Te. JIOBOM

3amur 4 . POYHOCTHA
[IHa/ KU [ BYDKEHUS B
obnactu PKT.

po- aHasnoroB 1. peobpa3oBa-
Teel;
3 pyHIA. paboOT JAaTUHMKOB
1151 U3/ epeHus / elaHnueckul
BesunH. C. 0c006  UC. 0J1b30-
BaHUSA KO/ . brOTepa JJis
y. paByieHus logo/ 2xkc. epu-
enta. OOIue . pUHIK. U
TpeboBaHUs4. pefbsBisie/ e
K aBTO/ aTU3UPOBaHH / CH-
cre/ a/ .- CocTaBH e Ko/ . O-
HEeHT aBTO/ aTWU3UPOBaHH 1
HcciefoBaTe/IbCKUl cucre/ .
Ymemb
. py/ €HSIThb . pUHI[A. . peod-
pa3oBaHud pa3/MuH 1 - usu-
yeckul BeJIMUMH B L[U- POBYIO
- op/ y.
3 pu/ eHsITb U3/ epuTeNibH e
aTUMKU41[M- pO-aHa/IOroB e
Y aHa/IOTOBO-LIM- POB €
. peobpasoBaTesiu
( nademb HaB Ka/ U . pyu/ eHe-
HYs U3/ epuTesibH 1 faTtuu-
{(034]41/1— po-aHanoroB 1wu
aHaJIoroBO-LiK- poB 1. peo6-
pa3oBareei;
HaB ka/ v . pakThueckou pea-
JI3aLiuy aBTO/ aTU3UPOBaH-
HOM cuCTe/  WCC/Ie[JOBaHUM.
Har ka/ v . OJK/IIOUEHHS K
KO/ . bIOTepY . epu- epuriH 1
YCTPOWCTB U ero Ko/ / yHHKa-
LUK C IpYTW/ Y KO/ . brOTepa-
{ n4uc. onb3ys . apaj/uleNlbH U
1 . OC/ie[loBaTe/lbH ¥ UHTep-
- elC  CoeIUHEeHHH.

3. C- JEPKAHHME - IEH- 1 HBIX CPE/IC: B

- JVICLIA JIMHE

3.1 Buapbl oLeHO4YHbIX CpeacTB
Kontpompye Haw/ eno | Haw/ eHoBaH
Ne. / Koz ko/ . ereHjuu/
/ erel [/ BaHUe ve
. JlaHupye/ e pe3y/ibTaT 00yJeHuUs
paszen OLIEHOYHO | OLIEHOYHOI'O

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKHW POCCUN

deepanbHOe roCcyjapcTBeHHOe OropKeTHOe 06pa3oBare/ibHOe

Y

Mwuacckuii - unuan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

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

@oHp oLjeHOUH 1 cpefcTB . 0 AUCLU. THHe «KoM. bloTepHast aBTOMaTHU3aLUsl 2KC. epUMeHTa»
. 0 Ha. paBjieHuto . oAroToBku 01.03.02 3 puknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MO/|eIMpOBaHue»
@) BOY BO «Uen) ¥»

Bepcus gokymenTa 51 cTp. Sus3 24 3epB i 2k3eM. Jisip KO3 U; Ne
ro Cpe/CTBa Ha
CPe/CTBA | . POMEXYTOU
JUIST HOU
TeKYIL|ero | arTecTalyu
KOHTPOJISI
3 K51 Bo. poc K
3Haer c. 000 HC. 0/Ib30BaHUS 3auery.
KOM. bIOTEepa /IS y. paB/ieHus: 100M 3 pakTuye
2KC. epUMEHTa4CTPYKTYPy ajpecariy B Crast
OcHOB . pojeccopH 1 ycrpolicTsal; pabora
clemoTelHMKHM | ¥YMeeT paboTaTh C [BOUUH M - OPMaTOM Nel4
- VHKLMOHA/b | MALIMHHOIO UCYMCIeHUa4paboTaTs ¢ Bo. poc
H 1 MHTEp- eiCH MM yCTPOICTBAMH A
1 o cobeceso
YCTPOMCTB coequHeHUs OI0KOB
aBTOMATU3MPO | ABTOMATU3MPOBAHH 1 cucrem; BaHUA
BaHH 1 BiafieeT MeToaMu . paKTH4eCKOM 3 epesog
o aHrnosa3
cucTeMm peam3aLyy aBTOMATH3UPOBAHHOM -
CHCTEM MCC/IeOBAHMIA.
HayuH 1
YK craTeit
3HaeT OCHOBH € TepMUH [MCLH. JIMH
Ha aHIJVIMKCKOM $3 Ke
3 K51 Bo. poc K
3HaeT BYJ, /IaTUMKOB U ul 3 PaKTHUe | 3ayery,
K/IaCCU- MKaLMio4Buy . peobpasopanmii | CK%
- n3uueckul gBneHnii4. OHATUA pabora
3 pUHLU. TepMO2IeKTprUyeCcTBa ¥ TepMo. ap ; Ne2
pa6or YMeer . 0 BHjly [JaTUMKa . OHUMATh €r0 Bo. poc
5 [ATUMKOB [/ | TM. Y HasHaueHue4. o/lyyarb A
U3MepeHHs VH- OpMALHIO C M060ro aTurka B Buzie4 cobecezio
MelaHuueckul | . OHATHOM . O/Ib30BATeJIIO; BaHWA
BeJIMYHH BriajieeT MeToiaMu CUMT BaHusi janH 1 | S CPEBOA
dHIJION3 Y
. ocjie 0TpabOTKH cucTeM o1
YK
1 5 HayuH 1
YMeeT unTaTh Te [HMUeCKyIO JOKYMEHTAS | rareij
LIMI0 Ha aHIVIMICKOM 513 Ke.
3 K51 3 paktnue | Bo. poc K
Kast yery.
3HaeT K/IaCCH- UKAL[UI0 cKa 3A9ETY,
OcHoB N paboTa
. peobpasosaresieii . 0 TH. amM4
clemoTrelHUKHU N Ne3
- YHKLMOHA/ILH € YCTPOMCTBa Ha
U- poS Bo. poc
3 0. epayuoHH 1 ycuwmurensl ais
a”ajoros 1 .. | s
eobpasopare | B - O/HEHIA MaTeMathueckul o. eparuii; ofecero
- P YMeeT BoccTaHaBIMBaTh UC1OAH ¥ A
e BaHMSA
CUrHa/4B CUUT BaThb . OTPELIHOCTh 3
epeBo
CUrHasa; PeBoA
aHrnos3

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

\‘)} yUpeXX/IeHHe B CIIero 00pa3oBaHUs

@ «YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,
Muacckuii - unvan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

@oHp oLjeHOUH 1 cpefcTB . 0 AUCLU. THHe «KoM. bloTepHast aBTOMaTHU3aLUsl 2KC. epUMeHTa»
. 0 Ha. paByieHuto . oAroToBku 01.03.02 TIpuknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MOZ|eIMpOBaHue»
@) BOY BO «Uen) ¥»

Bepcus fokymenTa - 6 cTp. 6 u3 24 Tleps i 2x3eM. J1s1p KOITUA Ne

BiiasieeT HaB  KaMM . OIK/IFOUEHUS
. ocjefioBare/ibH 1 LIWH METO0M
«OTHEHHOIO . poBoJa»4HaB KaMmu
. OAK/IIOUeHus . apayiesibH 1 munH4

JIOTUYECKUM . peoOpa30BaHKEM B 1

. PUOPUTETHOM IIIK- paTope HayuH 1
. peobpa3oBares. crareii
YK-4

Brageer HaB KaMM KC. 0/1b30BaHUs
TelHUUECKOU JOKYMEeHTaI[UM1 Ha
AHIVIUUCKOM 513 Ke.

Tu. oB e 3amaHusa4 KOHTpPOJBH e pabor 4 Tect KpUTepUU U . OKasareiau
OlleHWBaHMS B paMKal TeKyIllero KOHTpOJIsl . peficTaBlieH B paboueii . porpamMme
.0 paucuy. mmHe. [losiH e KOM. IeKT  oOLeHOYH 1 CpefCcTB UM KOHTPOJIBHO-
usMeputesbH 1 MarepuasioB 1paHATCA Ha Ka- ejpe U SBASIOTCS yueOHO-
MeTOAUYeCKUMU MarepuaiaMu OrPaHUYeHHOI0 (KOH- HUJIeHLIMaIbHOTO,
. OJIb30BaHUA.

3.2 Coep)xaHue OL[eHOYHBIX CPe/ICTB /I/isl TeKyIler arTecTaluun
pakTuueckKasi pabora 4 1

Homep | BapunaHTt 1 BapwnaHT 2

1 Kakne 6blBalOT KOHTaKTHble TEPMOMETpPbI? | Kakme 6biBaloT 6eCKOHTaKTHbIE TEPMOMETPbI?
OtBeT: TepmMonapsl, TepmomeTp | OTBET: NMMPOMETPbI, PaAMOMETPbI, TeN 0BU30PbI
COMpPOTVB eHwus, MaHOMeTpuyeckme
TEPMOMETPbI, TEPMOMETPbI pacLUVPEHUs

2 Mo pucyHKy onpefe uTb BuA Aatyuka | o pucyHKy onpefe UTb BUA AaTyYMKa

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKHW POCCUN

defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe
yupexxJieHye B ciiero o6pa3oBaHus
«YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,

Y

Mwuacckuii - unuan

Ka- enpa . puk/iajHOIN MaTeMaTHKU

@oHp oLjeHOUH 1 cpefcTB . 0 AUCLU. THHe «KoM. bloTepHast aBTOMaTHU3aLUsl 2KC. epUMeHTa»
. 0 Ha. paByieHuto . oAroToBku 01.03.02 TIpuknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MOZ|eIMpOBaHue»
@) BOY BO «Uen) ¥»

Bepcus fokymenTa - 1 cTp77 u3 24 Tleps i 2x3eM. J1s1p KOITUA Ne
ORGSR X X XL RENEE N N
g \ .-‘Q_o_t_t
- L]
2 \ F SO
.? ’«-—
‘ 4 NN, 500 0% 5
. N %0, Yot N
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- /
/
; T T 5
6
T
)
2 N
77N
ZIN
}p
. OTBeT: Nbe3oJartymnk YCKopeHus
OTBeT: Nbe3ofatynk AaB eHus
3 Mo Buay parunka onpene WUTb ero BUA: Mo BuAay paryumnka onpene WTb ero BUA:
[ 2 o
A . |
N
Lo U
OrtBerT: VHAYKTVBHBIT JaTyuunk C
NEPEMEHHbLIM 3a30POM OTBeT:  VIHAYKTVBHbIA  AaTuMk € NPOChU bHbIM
MarHUTHbIM 3KpPaHOM
, Odatunk . EO1. MH nwutaetca  Tokom | Adatumk . EQO1. NH nutaetca TokoM yacTtoToi 1222 3y,
4yacToToi , 22 3u " NCro b3yeT | n nucrno bayert TpaHchopMaTOpHYHO cuctemy
TpaHChOpMaTOpHYID CUCTEMY BK HUYEHUS. | BK toYeHus. Kakoe Hanpsi4 eHne Heobxooumo nogars,
Kakoe HanpsideHne HeobxoguMo nogatb, | ec U ncno b3yercd 2 06BMOTKM  CcTapTepa?
eC 1 UCMNO b3yeTcsi 2 06MOTKM cTaptepa? | OTBeT: 112 BO bT
OtBeT: 36 BO bT

Bomipocsl j/isi codeceoBaHMA:
170ns kaku1 1jesied Mc. 0/1b3YIOTCS aHA/IOTO-1{U- POB € U L- PO-aHa/loroB e . peobpasoBarenu
curHasioB? KakoBa ul pomb B coBpemeHH 1 2nmektpoHH 1 ycrporicrBal? Ilepeuncivre

OCHOBH e 2ra.
27 TlosicHUTe CyU[HOCTh U OOIUe . PUHIIM.

06pa6OTKI/I aHajoroB 1 CUTrHaJIOB O1- pOB MM METOAaMH U . OACHUTE ul Cy'Tb7

LI1i- PO-dHAJIOTOBOT'O W dHAaJIOTO-IJ1- POBOI'O

. peobpasoBaHuii7 Kakve 6a30B e y3/1 UC. Ob3YIOTCS . pU . OCTPOeHuH . peobpa3oBareneii? Ha

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

\‘)} yUpeXX/IeHHe B CIIero 00pa3oBaHUs

@ «YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,
Muacckuii - unvan
Ka- efpa . pyK/IaZiHOW MaTeMaTUKH

®ong o0eHouH 1 cpezcts . o aucOu. mvHe «KoM. broTepHasi aBTomaru3alust 2kC. eprMeHTa»
. 0 Ha. paBjieHuto . oAroToBku 01.03.02 3 puknajgHas MaTeMaTUKa U UH- opMaTuka4. po- uib «Maremaruueckoe MO/|eIMpOBaHue»
@) BOY BO «Uen) ¥»

Bepcus fokymenTa 56 cTp78 u3 89 3epB i 2k3eM. Jisip KO3 U Ne

yeM Oasupyercss Ou- poSaHanoroBoe . peobpa3oBaHue? Kakue ocHOBH e 0. epaQun
B . ONHSIOTCS . pu aHasoroIu- poBoM . peobpa3oBaHunu? B uem cocrout HeAocTatok wul
coBMeltnieHusi? Kakue c. 0co6 WucC. 0/ib3yrOT Jyis aHasioroS)u- poBOro . peoOpa3oBaHUs U B UeM
ul cylHoCTL?

373 epeurc/iiTe OCHOBH e Kjaccu- MKaOuoHH e . pu3Haku LIA3 u All3 7Kakue lapakrtepH e
. pusHaku umerot LIA3 u AIJ3 ?

97Ha Kakue Tpy. . MOXHO pa30ouThb TelHuueckue . okaszatenu [JA3 u AL[3 ?

57 Ha3oBUTe OCHOBH e CTaTW4yecKWe U /[WHAMWYeCKWe . OKasarend . peoOpa3oBaresieii?
3 osicHUTe4Kakue KauecTBa . peoOpa3oBaresieii OHU lapakTepu3yroT/

67 3 epeuncsMTe OCHOBH € TH. .apasenibH 1 A3 ¢ cymmupoBaHuem 2rtajioHH 1
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OPEN 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,

i 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

| 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 object recognition learning algerithm to
make it more consistent with the human brain. After training, these neurally-weighted classifiers are
able toclassify 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 improvements with already high-performing convelutienal neural network
features.The effectiveness of this approach points to a path forward for a new class of hybrid machine
learning algerithms which take both inspiration and direct constraints fromneuronal data.

Received: 16 March 2017

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.

OQur 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 methad 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

1Department of Engineering Science, University of Oxford, Information Engineering Building, Oxford, OX1 3FJ,
United Kingdom. *Department 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 learnin % 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 dassification models for four, visual object categories (i.e., humans,
animals, places, foods), 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 (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 (ROIs) in the brain had greater impact on performance.

Results
Visual cortical {IMRI 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 ROls,
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*:

dfz) = max (0,1 — 2) (0

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 associalcg 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:

@ylx 2) = max (0, (1 — 2) - M(x, 2)) (2)
where
Mix, 2) = {1 b B2
1, 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 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 an 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 (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 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
(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 a%ressively 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 tMRI-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 ROls and a given object category, the fol]owing two -phasc
procedure was carried out (Fig. 1):

1. Generate activity weights {c_} by calibrating the scores of a Radial Basis Function (RBF) kernel SVM
binary dassifier, e.g. { : 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. 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}, withan
RBF-kernel-one that used the HL function and another that used an AWL function conditioned on the
activity weights {c,} from the first step (Fig. 1D and E). Two image features were considered: HOG is a
handcrafied 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 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 AW L loss reduces misclassification error using both features, it
particularly improves the performance of handerafted 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!"%2, x;,,e Xy 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, FFA, 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 ofall 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 cach object category. Permutation tests and Bonferroni correction
(=127} were used. See Figure 53 for a similar plot for CNN features and Figures S4 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 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
wellas 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 ROL
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 ROl 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 ROL
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 S4 and 55 and
accomparying 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 apportunities 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. Puture 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 ine-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 ROT
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 biclogically-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 mn
slice thickness, and 0.3%mn 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.

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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inthe 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 partof 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# package® was used. Custom MATLAB® software was used to perform all other preprocessing
of lunctional data. To constrain the dimensionality of the IMRI 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 et 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.

fMRIActivity Weight Calculation.  All of the fMRI 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 4, ,'t: isa
646-dimensional vector with the response amplitudes of all samples for voxel i, and x, i is the j-th samples rescaled
amplitude for voxel i.

Xy — min(%)

max(%;) — min(%;) (4)

Al e
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 ﬂe rformed to tune the sott 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 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 = 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 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 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 (IHOG 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
stronsgpo 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 RBF 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 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 confiden ce intervals. To create m individual confidence intervals with a collective confidence
interval of 1 —a, the adjusted confidence intervals were calculated calculated via1 — ™. With these adjusted confi-
dence intervals (n =127, ar=0.05and ov=0.01), we compared the outputs of the empirical CDF function Fy(x) for
cach 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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Bepcus fokymenTa 56 cTp. 68 u3 84 3epB i 2k3eM. Jisip KO3 U; Ne

3.3. Kpurepuu onieHMBaHUA 10 BUAAM OLIEHOYHBIX CPeACTB

KpuTepuu oLileHMBaHUA pellieHUs NPaKTUYeCKUX 3aJaHum

«3aUTeHO»
6, Pabora . pefcTaB/ieHa B yCTaHOB/IEHH U CPOK M O- OpMJIeHa B COOTBETCTBUU
C yCTaHOBJIEHH MU TpeOOBaHUSIMU
8, PaboTa Ha. ¥icaHa CaMOCTOSITe/IbHO U B Hell B . OJTHOU Mepe pacKp T BO5
. pOC KOHTpOJbH 1 3amaHuu
3, Wc. onb30BaH  C. elMajgbH € UCTOYHUKYU (HOPMAaTUBHOBAKOHO/IaTe/IbH €
aKT U JUTepaTypa,

4, paboTa coiep>XHT . PaBU/IbHYIO - OPMY/IUPOBKY . OHSITHM U KaTeropui

5, B OCBeII|eHWH BO. POCOB 3a/laHUM He coiepXXUTcsi Tpy0 1 ommbok
6, . PY pellleHu 3a/laHui c/lejlaH . PaBWJIbH € Y apryMeHTHPOBaHH € B BOS
A
«HE 3aUTeHO»

6, CTYJI€HT He C. PaBWICS C 3aJaHUSIMU

8, B paboTe He pPacKp TO OCHOBHOe COZiep>KaHUe BO. pOCOB4HMeIOTCs TpyD e
OLIOKU

3, MMEIOTCS SIBH € . pU3HaK! . jlaruara

4, 0- opM/IeHHe paboT He COOTBETCTBYeT TpebOoBaHUSAM

Pabora4. o pe3ysbTaTaM . pOBepKU KOTOPOM B CTaBjIeHa OIfeHKa «He 3auTeHOo»4
BO3BpalllaeTcs CTYAeHTY Ha 10paboTky. CTyIeHT He MOXKeT O Tb ZI0. yIIleH /0
c/laum 3adeta o Tel . op4. OKa He . peJICTaBUT UC. paBIeHHYIO paboTy.

Kputepuu onieHKH codeceJ0BaHHs
«OTJIAYHO»

6, CTy/IeHT JIeTKO OPUEHTUPYETCS B COZiepKaHuU yueOHOro MaTepuana4cBoboas
HO . OJIb3yeTCSl . OHATUUH M a. . apaTom;

8, obamaeT yMeHHeM CBSI3 BaTh TEOPHUIO C . PAKTUKOM4B CKa3 BaTh U 060c5
HOB BaTb CBOM CY’K[EHUs
«loporio»

6, CTyJeHT JeMOHCTPUPYeT . 0OJIHOe OCBOEHUe TeOpPeTUYeCKOro MaTepuasiadsiiad
JleeT . OHATUUH M a. . apaTOM40pPHUEeHTUPYEeTCS B U3yYeHHOM MaTeprane4rpamoTS
HO U3J1araeT CBOO . O3UL[MIO
«YJOBJIETBOPUTE/ILHO»

© @) BOY BO «Yen) ¥»




MUWHOBPHAYKU POCCHUU
defepabHOE FOCYAApCTBEHHOE OI0KeTHOe 00pa3oBarebHOe

\‘)} yUpeXX/IeHHe B CIIero 00pa3oBaHUs

@ «Yensbunc%iii rocynapcteHH i yHuBepcuret» (©) BOY BO «Uen) Y»,
Muacc%iii - unvan
Ka- espa . pu%iazsHoi MaTeMatu %t

®ong o0eHouH 1 cpezcts . o aucOu. mvHe «KoM. broTepHasi aBTomaru3alus 296. eprMeHTa»
. 0 Ha. paByieHuto . oarotoB%i 01.03.02 3 pu%iagHas MateMatn%a U uH- opmatu%a4. po- unb «Maremaruuec?ve Mo/ieIIpOBaHUE»
@) BOY BO «Uen) ¥»

Bepcus fo%wmenta 56 cTp769 us 29 3eps I 2%eM. m151p KO3 1; Ne

6, CTYZleHT JeMOHCTPUPYET He. OJTHOe OCBOeHUHe TeopeThuec%oro Mmarepuanad
. 1010 BnazjeeT . OHATUMH M a. . apatoM4. 1010 OpUeHTUPYeTC sl B U3yUeHHOM MaS
Tepuasie4HeyBepeHHO u3jaraet CBOIO . 03u0uo
«HeYJIOBJIETBOPUTETbHO»

6, CTyJeHT UMeeT pa3po3HeHH e40eccrCTeMH e 3HaHUs4He yMeeT B Je/iATh
rJIaBHOe U BTOPOCTe. eHHoe410. yc%aeT oin0%i B 0. pefie/leHUH . OHATHI41C%85
Karorue ul cm o
2, 6ec. OpsAIOUHO U HEYBEPEHHO U3/1araeT MaTepuarl

Kputepuu oLieHUBaHM epeBo/ia CTaTbu:

“5” — QoTimuH02 (965600 OanoB, «3auTeHo» — 600 — 75% . OHUMaHHSI OCHOBHOS
o coziep>kaHus Te% a4 cTymeHT ymeeT cBOOOHO (. OUTH CBOOOAHO, U apryMeHTHUS
pOBaHO B %3 BaThCsI400CTOATEHLHO M3/1araTh COZiepkKaHWe . POUMTAHHOT047105
ruuec%i B CTpavBaTh CBoe CO0OIIeHe4pa3BrBaTh OT/ie/IbH € . OJIOXKeHUs U Jle5
JlaTb COOTBETCTBYIOIME B BOJ| 4U3/I0)KEHHE O- OPMJIEHO . PaBU/IbHO I'PaMMaTuyeS
%1 u ne%uuec%i’

“5” — Oxopomro2 (765 6anoB, «3auTeHO» — 75% . OHUMaHHUSI OCHOBHOTO COZlep5
YKaHus Te%6TadCTyIeHT MOXKeT %paT% r3/arath cofiepkaHue . POUMTaHHOTO 000CH
HOBATh U OOBSCHUTH CBOU B3IVISI 4B W3/IOKEHUH 0. YC2ar0TCs 253 HEe3HAUMM €
rpamMmatuuec%ie umm seY%uuec%ie ommb%i7

“3” — OymoBeTBopuTebHO2 (60575 6ami, «3auteHo» — 75 — 50% . oHUMaHUs
OCHOBHOTI'0 CoZiep)KaHus Te%6Ta4CTyNeHT MOXKeT UC. 0/1b30BaTh . POCT e - pa3 |

. peyIoyKeHUsI4HO HeJJOCTAaTOYHO . OHSITHO M 00CTOSITe/TbHO U3/1araTh CofiepKaHue

. POUYMTAHHOT04B M3/I0XKeHNHU 253 rpaMMaTruec%ie wim yie%enuec%ie omo%i7

"2” — OneypoBieTrBopuTeabH02 (0560 6ann, «He3auTeHO» — MeHee 50% . oHUMa5
HHSI OCHOBHOTO COZiep>KaHus Te%aTtaduc%akeHve cojepkaHusi4. peB 1eHve Y015
yecTBa rpammatuuec%il u ne%uuec%il ommbo% cTyseHT BrajeeT HeAOCTaTOuS
H M CJIOBapH M 3a. acOM43aTPYyJHSAETCS B U3/I0’KEHUU . POUYUTAaHHOI 07

5. -PAA- K P- BEAEHUA W KPU: EPUA - IEHUBAHUA
P- MEX. : - 1H-  A: : EC: AllUA

5.1. OPAAOK TIIpOBeJeHMs] M Cojep)KkaHHe OLeHOUHbIX CpejACTB
NMPOMEe)XYTOYHOM aTTecTaljuu

3aueT . pOBOJUTCS B - OPMe . MCbMEHHODyCTHOrO 0. poca’7 Ha . uCbMeHH 1
oTBeT CTyZeHTa oTBoauTca 90 MuHYyT4 3areM OTBeT . pOBepsieTCs
. pe. ofiaBarenieM4 . pu HeoOloAMMOCTH MOTYT O Tb 3aZlaH  YTOUHSIFOIIIME
BO. poCc 7
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Bonpocsi a5 3auera

67 OcHoBH e .puHOu. pabor .epBuuH 1 .peobpa3oBareneii (gaTumb
KOB,4 . pumeHseM 1 .pu ruapoaZporasoguHamuueckul wuccimegoBaHusil

(TeH30pPe3UCTUBH U 2- - eKT4 . be302JTeKTPUUEeCKUUN 2- - eKT4 2- - eKT r3MedS
peHUst 21eKTpUUeCKOr éMKOCTU42TeKTPOMarHiTH e sIBJIeHus], 7

87 C. 0cob u3MepeHUsl AaB/ieHUN . pU TUpoa2porasofuHaMudeckul uch
cnenoBaHusi1 B . OTOKe JKUAKOCTHU WJIK ra3adHa . oBeplHOCTH Tesl BpalleHus 7
C7C. oco6 wu3MepeHMsI CKOPOCTeM . OTOKa KUAKOCTU WU Tra3a . pU TUAPOS
aZpopvHamuueckul wuccienoBaHusil (Man e ckopocTu4 Gosiblliie CKOpobS
CcTH, 7

97Meton, o00eHKM CyMMapHOM . OTPEIIHOCTU 2KC. EPUMEHTAa/IbHOrO 0. peS
JleJieHys TUpoaZ2porasoauHamuueckr] lapakTepucTuk’?

57 ABTOMaTH3MPOBaHH € CUCTeM 00paboTku 2Kc. epuMeHTasbH 1 AaH5
H 1 Ha rugpoaZporaszoauHamuyeckul crenpal ) P17

67001ue . puH0u. U 3afaum aBTomMarr3aluun’7

77CTpyKTypa aBTOMaTU3MPOBAHHOM CUCTEM 7

87CucrteM cuucieHus/

973 peobpa3oBarenu - u3nueckul siBeHN7 AKTUBH € U . aCCUBH € u3Meb5
pUTeNbH € AaTuruKu/

607 DnekTpoMelaHrnueckue gaTuvky (cMeleHusi4 ne- opmaOundcun 4 naB5
neHusi4. otokadakcesepomeTrp 4. pOCTPaHCTBEHHOTO . OJIOXKeHus, 7

667 3 be302neKTpuuecKre AaTuvku (. be30KepamMudeckue [JaTuyukud . be3o5
. puBOZ 4. be30KepaMuuecKue . peobpa3oBaresnu, 7

687 TepMo2nekTprueckre AaTuvky (TepMO. apH e JaTulKu TeM. epatyp 4
Pe3UCTUBH € U . OJIy. POBOJAHUKOB e [aTuuku4. upoMmeTpus, 7

6C70. Tnueckue paarunku/ aruvku n3obpaxenusr7 CCD yvHelika u MaTpub
0a7

697 O. epa0uoHH U ycunutensb/ @yHKOMOHAMBH € YCTPOMCTBA Ha 0. epab
OvioHH 1 ycunurens17YacToTH e 21eKTpuyeckue - WisTp 7

6573 puHOu. . OCTpoeHUst U30IMPOBaHH 1 U3mepuTenbH 1 ycunurenen?’

66711u- posaHanoros e . peobpa3oparenu (L[A3,7

6773 apamiensH e ITIA3 7

6873 ocnenoBarenbH e [1A3 7

697 Ananoro3u- poB e . peobpa3oBarenu (ALl3,7

8073 apamnensH e ALI3 7

8673 ocnenoBaresibHOS apasuienibH e ALL3 7

8873 ocnenoBarenbH e ALL3 7

© @) BOY BO «Yen) ¥»




Y

MIMHOBPHAYKI POCCHUU

deepanbHOe roCcyjapcTBeHHOe OropKeTHOe 06pa3oBare/ibHOe
yupeXkieHue B cIero o6pa3oBaHus

«YensbuHckuil rocygapcTBeHH i yHuBepcurteT» () BOY BO «Uen) Y»,
Mwuacckuii - uman

Ka- enpa . puk/iajHOIN MaTeMaTHKU

®ong o0eHouH 1 cpezcts . o aucOu. mvHe «KoM. broTepHasi aBTomaru3alust 2kC. eprMeHTa»

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

@) BOY BO «Uen) ¥»

Bepcus fokymenTa 56

cTp786 u3 89 3epB i 2k3eM. Jisip KO3 U; Ne

8370. TuueCckKue NAaTUHKHU . OJIOXKEeHUsI/

8973 punOu. . ocTpoeHust U30MPOBaHH 1 W3mepuTenbH 1 ycunmuresnen?
857YacToTH e 21eKTpuueckue - WibTp 7/

8B/Buj wuHTep- ericoB7

8L7Tu. wuHTep- eficHoro obmMeHa (cuH1poHH W4acuH1poHH HW4n301poHS
H 1,7

8873 apannensH 1 LPTS opt (1lapakTepucTuky, 7

8P73 ocnepoBarennsH 1 COMA opr (lapakTepucTuKy, 7

3073 opt . ocnepoBarenbHas umHa USB (1apakTepuctykuy, 7

5.2. Kpurepum onleHMBaHMsI KOMINETeHLUH B X0/e MPOME)XyTOUHOM aT7
TeCTalUuu

KOIE?AQT 3 TaHMpyeM e pesymbTar Kpurepuu o0eHviBaHust

A oOyuenus . o fucOu. uHe 3aUTeHO He 3a4TeHO

YK® | 3uaer ocHOBH e TepMuH | 3HaeT OCHOBH e Tepmu5| He 3HaeT OCHOBH e Tep5
qucOu. IMH  Ha aHTIMiS H aucOu.ivH Ha aHS| mMuH  gucOu. IMH ~ Ha
CKOM 513 Ke7 IJINKCKOM 513 Ke7 aHIVIMKCKOM 513 Ke7
YMmeer uurath TelHuue5| YMeer uutath TelHuue5| He ymeer uurath TelHuS
CKyr0 JokymeHTa0uWrO Ha | CKyr0 J0KyMeHTaOur0 Ha | yeCKyro JoKyMmeHTa(uro
aHTJIMACKOM 53 Ke7 aHTJIMACKOM 53 Ke7 Ha aHTJIMMCKOM 513 Ke7
Bnageer HaB kamu ucS| Brmageer HaB Kamu ucS| He BiasieeT HaB Kamu
. ONIb30BaHUsI TelHUUeCKOH | . 0/Ib30BaHUsI ~ TelHWUeS | UC. 0/b30BaHUs TelHnueS
JokymeHTa0uy Ha aHrIMKS | CKOW JoKyMeHTa0ud Ha | cKo [JokyMeHTa0ud Ha
CKOM 513 Ke7 aHTJIMMCKOM 3 Ke7 aHTJIMMCKOM A3 Ke7

3K% 3Haem ocHOB clemoTel5 | 3Haem ocHOB clemorel5 | ) e 3Haem ocHOB cleMo5

HUKU - YHKOWOHa/IbH 1
YCTPOUCTB aBTOMaTU3UPOS
BaHH 1 cucrem40CcHOB
clemorelnuku Ou- poS
aHasioroB 1 . peobpa3oBab
Teel;

3punOu. pabor gaTuud
KOB [i/1s1 U3MepeHus MelaS
HU4YecKu1 BesIMuuH7

C. ocob wc. onb30BaHUs
KOM. bIOTepa 151 y. paBjed
Hus logom 2kc. epuMeHTa’
O6ugue . puaOu. U TpeS
OoBaHus4. pefbSBIIsSIEM e
K aBTOMaTU3UPOBaHH M
cucrtemaM?75CocCTaBH e
KOM. OHeHT aBTOMAaTU3US

HUKU - YHKOWOHa/IBbH 1
YCTPOUCTB aBTOMaTH3U5
poBaHH 1 crcTteM40CHOS
B clemorelnuku Ou- 5
po5anasioroe 1. peo65
pasoBareieli; 3 puHOU.
paboT [ATUMKOB AJIs U35
MepeHUst MelaHnueckul
BemmuuH7C. ocob  uch

. 0JIb30BaHUS KOM. bIO5
Tepa JJis y. paByieHus 105
noM 2kc. epumeHTa7065
e . puHOU. ¥ TpeboS
BaHUs4. pebsiBIsieM € K
aBTOMAaTU3UPOBAaHH M
cucremam?75CocTaBH e
KOM. OHEHT aBTOMAaTHD

TelHUKHU - YHKOWOHA/IbS
H 1 yCTpoOWCTB aBTOMabS
TU3upoBaHH 1 cucrem4
OCHOB clemoTelHUKH
Ou- poSaHanoroB 1

. peobpa3oBarereii;
3punOu.  pabotr gath
UMKOB [JI1  W3MEpPEeHHs

Melanuueckul BenmuuH7
C. 0cob6 WHC. 0/Tb30BaHHUS
KOM. blOTEpa Ajisl y. paBS
neHus logom 2Kkc. epud
MeHTa7 OO6uue . puHOUS
u TpeboBaHusi4. peabs
SABJIleEM € K aBTOMaTU3uS
pOBaHH M cucremam’/ 5
CoCTaBH € KOM. OHEHT
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Bepcus fokymenTa - 1

cTp. 22 u3 24

TlepB i 2x3eM. JisAp : @ :::

pOBaHH 1 uccienoBaTeb-
ckul cucrem.

3UpOBaHH 1 uccienoBa-
TeJIbCKU1 cucrteMm.

aBTOMAaTU3UPOBaHH 1 ucC-
cefoBare/ibCkul cucTeM.

Ymeem . pUMeHSATh . pUH-
I[4. . peobpa3oBaHus
pasimmuH 1 - usmyeckul
BeJIMYMH B L|U- POBYIO

- opmy. IIpumeHATs HU3Me-

YMeeT . pUMeHATb . pUH-
1H. . peobpa3oBaHHUs
pa3imuH 1 - m3myeckul
BeJIMYUH B  LjU- POBYIO
- opmy. IIpuMeHATE U3Me-

) e ymeem . pUMEHSITh . PUHIIHU-
. peobpa3oBaHus pa3/inu-
H 1 - usudeckul BeTMUMH B

uu- posyio - opmy. IIpume-
HATb U3MEpUTE/IbH €
JaTurKu4i- po-aHaso-

pUTE/IbH € JaTUMKu4 pUTE/bH € JNaTunKu4

rOB € U aHaJIoroBO-1[U- -
I[U- PO-aHA/IOTOB € W aHa- | I[U- PO-aHaJIOTOB e U

poB e . peobpa3oBarenu
JIOTOBO-IIU- POB € . peob- | aHasoroBO-1IM- POB €
pa3oBaTesiu . peobpasoBaTenu

( 1a0eem HaB KaMmH . pu-
MeHeHUsl U3MepuTesibH 1
JlaTUMKOB41[1- pO-aHaJo-
roB 1 ¥ aHa/IOTOBO-1TU- -
poB 1. peobpa3oBaTereii;
HaB kamu . pakTuueckou
peaiu3alid  aBTOMAaTH3U-
POBaHHOU CUCTEM HCCJe-
JoBaHui. HaB kamu . ofI-
K/IIOUEHUs] K KOM. BIOTepY
. epu- epuiH 1 yCTpOMCTB
U ero KOMMYHHUKAlLlUA C
JPYTMMHU KOM. blOTepamu4
VIC. OJIb3ySl . apajUleJibH U

( 1a0eem HaB KaMHu . pu-
MeHeHUsl U3MepuTesibH 1
JlaTYMKOB411- PO-aHasIo-
roB 1 ¥ aHa/IOTOBO-1TU- -
poB 1. peobpa3oBa-
TeJen;

HaBplKaMH  NpaKTHYeCKOH
pea/M3anuy aBTOMAaTH3UPO7
BaHHOH CHCTeMBbI HCC/IefoBa7
Hui. HaBbikamMu nopkiioue?7
HUA K KOMNbIOTepy nepude?7
PMIHBIX YCTpPONCTB H e30
KOMMYHHKAI[UU C [py3uMH
KOMIbIOTepamMu' HCHO0/Ib3yS
napa’uie/IbHbIN U Moc/IefoBa7

) e 81adeem HaB KamMu
. PUMeHeHUsI U3Mepu-
TeJibH 1 gaTumkoB4
Y- po-aHasioroB 1 u
aHaj0roBo-1u- pos 1

. peobpa3oBarernei;

HaB kamu . pakTuueckoil pea-
JM3aliy aBTOMAaTH3UPOBAHHOM
cucteM  ucciefoBaHuid. Ha-
B KaMH . OAKJIOUeHUs K
KOM. bIOTEPY . epu- epuiiH 1
YCTPOMCTB M ero KOMMYHHKa-
MM C APYTMMH KOM. bIOTepa-
MU4 UC. 01b3ysl . apajyieslbH U
U .ocnejoBaresibH W HWHTep-

- TeJIbHbIA HUHTepdelchl €07 | - elic  COoeUHEHU.
M . OC/e[loBaTeNbH U WH- | erppenmii.
Tep- eMC  COeJUHEHUH.
5.3. Kputepuu onleHUBaHUsA 3a4yeTa
[lucbMeHH ¥ W . UCBMEHHO-YCTH W OTBeT  CTyJeHTa .0 BO.pocam

JUCLU. IMH OLIeHUBAaeTCs . OJIOXKUTEe/IbHO C B CTaB/eHWeM OLeHKU (3auTeHo2 B
cnepyromul ciyyvasil:
— CTy[eHT 1y0OKO UM . OJTHO BjafieeT Cofiep>kKaHreM yueOHOro marepuana; ymeeT

CBSI3 BaThb TEOPUID C . PaKTUKOW4 pelllaeT COOTBeTCTBYyIOIIMe  3ajaurd
TeopeTUYecKrue B BOJ, . OATBep)KJaeT .puMepaMu. [lermaeT B BOJ  JOTMUHO4
YeTKO. ; CHO W KpaTKO H3/1araeT OTBeT Ha . OCTaB/ieHH € BO. pOC ; yMeeT

000CHOB BaThb CBOM CyxzeHus. JlaH .onH W4 pa3BépHYT ¥ OTBeT Ha
. OCTaB/IeHH # BO. pOC; . OKa3aHa COBOKY. HOCTb OCO3HaHH 1 3HaHMU 00 00beKTe
n3yueHusi4 yTBep)KJeHUs TeopeM . pHBelileH C JoKa3aTenbCTBamMu4 CBOOOAHO
0. epupyeT . OHATUAMU4TEDMUHAMU; B OTBETE . POC/Ie)KMBAeTCsl YETKasi CTPyKTypas
B CTpPOEHHas B JIOTUUECKOU . 0CJ/Ie[l0BaTe/IbHOCTH; OTBET M3J/I0KEH JIMTepaTypH M
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rPAMOTH M I3 KOM M HOCUT CaMOCTOSITeJIbH M lapakrep; BCe peLleHUs 3ajau
B . OJIHEH BEPHO.
— OTBET CTyZeHTa COOTBETCTBYeT yKa3aHH M B Ille KpUTepusiM4 HO CoieprKaHue
OTBeTa MMeeT OT/ie/lbH € HEeTOYHOCTH (HeCyl[eCTBeHH e OIMIMOKH, B W3JI0KeHUU
TEOPEeTUYECKOTO0 U . PaKTUUeCKOro  Marepuajiad OTIMYaeTcsi  MeHbllen
00cTOsTeIbHOCTHI04TTyO1HOM4 000CHOBAaHHOCTBIO U . OTHOTOM; O /U J0. YIIeH
HETOUHOCTH B O. peZieJIeHUM . OHATHI4 /0. yil[eH He3HauuTe/lbH e OIMOKU B
pellleHUM 3afaud 0. YII[eHH € OIIMOKW WC. PaB/IIOTCA  CTYZEHTOM . OCJie
J10. OJIHUTe/IbH 1 BO. pOCOB 2K3aMeHaropa.
— CTyZleHT oOHapy)kKuBaeT 3HaHWe W . OHUMaHWe OCHOBH 1 . 0/ioKeHU yueOHOro
Marepuasia4 HO WU3JjlaraeT ero He. 01HO4 He. 0CJ/iejoBaTe/IbHO4 [10. yCKaeT
HETOUHOCTH U CYIIeCTBEeHH e OLIMOKW B 0. pefie/ieHUH . OHSITUI4 - OpMY/IUPOBKe
. ONio)keHWM4 Hab/rolaeTCsl HapyllleHWe JIOTUKW UW3/I0)KeHUs; B OTBeTe He
. PUCYTCTBYIOT JOKa3aTe/JlbH € B BOJ ; C- ODMHUDOBAaHHOCTb yYMEHUH . OKa3aHa
c1abo4pio. yilleH He3HauuTebH e OLIMOKHU B pellieHnH 3a/1au.

OueHka OHe 3auTeHO02 3a .WCbMEHH M W . UCbMEHHO-YCTH M OTBET
CTy[leHTa . 0 BO. poCaM JUCLIU. JIMH B CTaB/seTcs B ciydasl4koraa:
— CTYIEHT WMeeT pa3po3HeHH e4 OecCUCTeMH e 3HaHWs: He yMeeT B [JeNsThb
I7laBHOe W BTOPOCTE. €HHOE; [I0. YCKAaeT OIMMOKU B 0. pefle/leHUHd . OHATHI4
- OpPMY/IMPOBKE TeopeTuueckul . onoxkeHni4uckakaet ul cM cJ1; 6ec. opsiZiouHo U
HeyBePEHHO u3JlaraeT MaTepuari;
— He yMeeT COEAUWHSITb TeOpeTUYeCcKUe . OJIO)KeHHs C . PAaKTHUKOH; He yMeeT
. PUMEeHSITh 3HaHUs Aj1s1 000CHOBaHUSI U OOBSICHEHUS - aKTOB4 He yCTaHaB/IMBaeT
MeK. peJMEeTH e CBS3U.

5.5. Pe3y/ibTaThl IPOME)XXYTOUHOM aTTeCTallMi U YPOBHU c(hopMHUPOBaH7
HOCTH KOMIIeTeHI{UM

YpoBeHb OCBOEHUSI KOM. eTeHIUI O1eHKa
3 POABUHYT W 3aUTeHO
ba3oB 1 3aUTeHO
3 OporoB i 3aUTeHO
KOM. eTeHIIMU He C- ODMUPOBaH He 3aUTeHO

. poBHU ()OpPMHUPOBAHUA KOMIIeTeHI[UM:

1. 3 oporoB U ypoBeHb:
® . pef. oylaraeT - OPMHUPOBaHME KOM. eTeHLIMM Ha HayaJbHOM YDOBHe:
3HaHUWe oObekTa4. peamertadiiennd3azad . peodpa3oBaHUs pa3iuuH 1
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- U3U4ecKr1 BeJIMUMH B LIU- POBYIO - OPMY;
® CTygeHT C.oco0eH [aBaThb OTBeT Ha TeOpeTUUYeCKUe BO. POC

OUCLIM. TUH 4 UC. 0nb30BaTb 0a30B e TepMUH ; . PeJCTaB/sATh B
KOHTPOJIbHOW 00Iye lapakTepucTUKu o00bekTad . peamerad uemud
3ajau KOM. bIOTePHOM aBTOMaTH3aLu 2KC. epUMeHTa;

WHTEp. PeTUPOBaTh YUeOHYIO UTEpPAaTypy M C. PABOUH € WUCTOUHUKHU
. 0 KOM. bIOTEDHOW aBTOMAaTH3aLM 2KC. epUMeHTa.
2. ba3oB 1 ypOBeHb:

® . pen.onaraeT - OPMUpDOBAaHWE KOM. eTeHI[MMI Ha 0Oosiee B COKOM
yPOBHE: - ODMHUDYeTCs 3HaHWe MeTOZIOJIOTUM . peoOpa3oBaHUs
pazimud 1 - usmueckul  BeMUMH B I[M- POBYHO - opMy4
COOTBeTCTBYHOLIU] TepMUHOB40CHOBH 1 HayuH 1 TpynoB;

® CTyZeHT C. 0coOeH [aBaTb Pa3BepHYT e OTBeT Ha TeopeTHYecKue
BO. pOC  [JUCOW. IUH ; . PEeACTaBlATb B JOKdaje . OoApoOH e
OT/IMUMTE/TbH € lapakTepuCTUKM COBpeMeHH 1 oTpacieri4 MeTofoB
aBTOMAaTH3aLMU 2KC. epUMeHTa; UHTep. peTUPOBaTh U aHaJIW3MpOBaTh
HayyH e Tpy4 .O aBTOMarv3alii 2KC. epUMeHTa; WC. 0/1b30BaTh
COBpeMeHH e  UH- OpMaljMOHH e  TelHo/sorMM B OCHOBe
clemorelHuke.

3. 3 pOABUHYT U YPOBEHb:

® . peA. ojaraeT - OPMHUPOBaHHWE KOM. eTEHI[MM Ha B COKOM YpOBHe4
TOTOBHOCTb K CaMOCTOSITeJTbHOW . PO- eCCUOHA/IbHOM [esiTe/TbHOCTH:
- OPMUPYeTCs 3HaHue O C. eliu- UKe COBpeMeHH 1 MH- opMaLMOHH 1
TelHONMOrMM B aBTOMaTW3alWW 2KC. epUMeHTa4 CUCTeM  TEePMUHOB;
aKkTyajbH 1 Ha. paBneHus1 KOM. bIOTEDHOM  aBTOMAaru3aluu
2KC. epyMeHTa;

® CTygeHT C.ocobeH WUC. 01b30BaTb CHUCTeMYy HayuH 1 . OHATUM
KOM. bIOTEDHOUM aBTOMAaTH3alliy 2KC. epuMeHTa; IyO0KO pacKp BaTh
B JIOKJIaJie C. elu- UKy COBpeMeHH 1 WH- opMmaluoHH 1 TelHomoruu
B aBTOMarv3alyy 2KC. epUMeHTa; CaMOCTOSITeJIbHO . pUMeHSThb
TeopeTuyeCckue 3HaHUS [yJIs . JJAHUPOBAHUSl HWCC/Ie0BaHUA C
. OMOILIBIO KOM. bIOTEpPH 1 Te1HOJIOTHH.
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