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01.03.02 ITpuknagHasa maTremaTuka u uapopmaruka, Maremaruueckoe MoaeIMpoBaHue,
KomnibioTepHasi aBroMmaTusanus skcrepumenTa, 2026, ounast

DoHJ OLIEHOYHBIX CPEACTB 0J00PeH U PeKOMEH/AOBaH:
[TpopekTop 1o yyebHO paboTe yTBepskaeHo 27.02.26 A.A. CanamaroB

Yuenbim coBeToM Muacckoro pwmana @I'6OY BO "YenI'V"

ITpotokon 3acemanust Ne 8 ot 24.02.2026

IIpencenaTenb YueHOro coBeTa
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CrpykTypa GoHIa OLEHOYHBIX CPEACTB AJIS IPOMEKYTOYHOM aTTeCTAlMM 10 AVCHUILIHE
cooTBeTCTBYeT npuKasy pekropa PI'bOY BO «Uenl'V» or 27.09.2022 r. Ne 573-1 «O6
yTBepP>KACHUM Ia6/I0HOB IOKYMEHTOBY.
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Kadenpa npukiafHol MaTeMaTHKU

®DoH/] OL[eHOUHBIX CPE/ICTB IO AUCHUTUIMHE « KOMITBIOTepHasi aBTOMAaTU3aLus SKCTIepUMeHTa»
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p ul p it p. , TP Ae/Iip
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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

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

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

cTp

.4u330 TlepBbIii 3K3eMIUISIp

KOITHA Ne

1. ITACITOPT ®OHJA OOEHOYHbLIX CPEJCTB

Harnpasnenue nogroroBku: 01.03.02 TlpuknadHasa mamemamuka u UH(hopmamuka
HarpasnieHHoCTh (podusib): Mamemamuueckoe Mooeaupogauue

Jucourivza:
ceMuHap)

CemecCTpsl usyueHus: 7
dopMa MpomMeXyTOYHOU aTTeCcTalyu: 3auem

KomnblomepHas

asmomamu3ayus

JKcnepumeHma

(HayuHbIll

2. IEPEUEHh ®OPMUPYEMbBIX KOMIIETEHITVI
2.1. KomneTeHIIMH, 3aKpeIIéHHbIE 3a JUCHUIIMHOU

N3yueHre AUCUUIUIMHBI «KOMITbIOTEpHAsi aBTOMAaTU3alUsi SKCIIePUMEHTa»
HaripaB/ieHO Ha (h)OpMHpOBaHUe CAeAYIOIMX KOMIEeTeHI[UM:

Kogpr
KOMIIe- CogeprxaHue WNHuauKaTopel JOCTHKeHUs [IepeueHb MyIaHUPYeEMBIX pe-
TEHJUM | KOMIIeTeHLU Co- KOMITeTEHLUM B COOTBET- 3yJIbTaTOB 00yUeHuUs TI0 JUC-
(mo rnacHo ®I'OC ctBuu ¢ OITOIT LIUTL/TMHE
PIr'oc)
1 2 3 4

YK-4 Criocoben ocyme- |[YK-4.1 3HaThb
CTB/ISTH JlefioByl0  [MIMeeT mpeficTaB/ieHre O OCHOBHbIE TePMUHBI AUCLIU-
KOMMYHMKAL[MIO B [MpaBW/aX M MNPUHLUIAX M/IMHBI Ha aHIVIMKACKOM $I3bIKe.
YCTHOU U MUCbMEH- |[1e/I0BOM YCTHOU U MUCbMEHHOU |Y MeTh
HOU popmax Ha rocy-KOMMYHHKAaLMX Ha YMTaThb TEXHUUYECKYIO 10KY-
/TapDCTBEHHOM SI3bIKe TOCYJJapDCTBEHHOM sI3bIKe MEHTAIIUI0 Ha aHT'CKOM SI3bI-
Poccutickoii @enepa-Poccutickoit @enepaliiuu 1 Ke.

LA U MHOCTpaHHOM(bIX) sA3bIKe(ax) |BuageTs
nHoctpaHHOM(bIX) |YK-4.2 HaBbIKaMU MCII0JIb30BaHUS
sI3bIKe(ax) [IeMOHCTpUpPYeT yMeHUe TeXHUUECKOU JJOKyMeHTalluu

OCYILeCTBJISITh JI€/I0BYIO Ha aHT/IMMCKOM $I3bIKe.

KOMMYHUKAI[MIO B YCTHOM U

NnicbMeHHOU (popmax,

WCTI0/Th30BaTh METO/bI U

HaBBIKU JIeJIOBOTO OOIIeHus

YK-4.3

ViMeeT HaBBIKM JIeJIOBOrO 00-

II[eHUsI Ha TOCy/1JapCTBeHHOM

s13bIKe Poccutickoit @efepariumu

V1 THOCTPaHHOM(BIX) s13bIKe(ax)

IK-1 Criocoben K otpa-  [IK-1.1. imeet ripescTaBieHue 3Hamb OCHOBBI CXeMOTEXHUKH
OOTKe MPOYHOCTHBIX, (0 COBPEMEHHBIX METO/IaX (YHKI[MOHATLHBIX YCTPONCTB
a’poiMHaMUYeCKUX, [IPOBeJeHUsI pacueToB aBTOMAaTH3UPOBaHHbBIX CUCTEM,
Terior3UUeCKUX  [TapaMeTpPOB Harpy»KeHusl OCHOBBI CXeMOTeXHUKH LU}-
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«YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

crp. 5u3 30

TlepBbIii 3K3eMIUISIp

KOITHA Ne

XapaKTepUCTHK U3/e-
muii PKT Ha ocHOBe
COBpPEMEHHBIX IMaKe-
TOB TIPUK/IaIHBIX
Mporpamm, K Mare-
MaTHUeCKOMY MO/jie-
MPOBaHUIO B 00/1a-
CTU JMHAMUKH, Oasi-
JTUCTUKHU U yTIpaBJie-
HUs [T0/IETOM Ha Oase
COBpPEMEHHBIX
KOMITBIOTEPHBIX TeX-
HOJIOTUH

KOHCTDPYKLIMM U3/,
BKJTIOUAsi METO/], KOHEUHBIX
3/IEMEHTOB, OCHOBaX TeOPUH
TerIonepeauH,
pa/IaI[MOHHOTO TeryIooOMeHa,
COBPEMEHHBIX MeTOZlaxX
00pabOoTKM [JaHHBIX,
MaTeMaTh4yeCKUX MeTo/jaxX
NpoBe/ileHusi OaTMCTHYe CKUX
pacyeToB, OCHOBaX
a3pOAMHAMUKH, MeTOZIax
MPOEKTUPOBAHUS PaKeT.

MMK-1.2.
yMeHue

HeMoHcTpupyeT
TIPUMEHSITh
COBpEMEHHbIe
aBTOMaTH3UPOBAHHOTO
npoektrupoBaHusi (CAIIP), B
TOM

qucsie: I1aKeThI

MPUK/IaJHBIX rporpaMm
KOHEYHO-3/IeMEeHTHOT0

aHa/v3a; MakeTbl MPUK/IaJHbIX
nporpamMm st 06paboTKH
5KCIepUMeHTa/bHbIX JIaHHBIX,
aBTOMAaTH3aLy SKCIIepUMeHTa.
[TK-1.3. VmeeT npakTU4YeCKUH
OTIBIT MaTemMaTuyecKoro
MO/Ie/TMPOBaHNs U NIPUMeHeHNs]
T1aKeTOoB TNIPUK/Ia/JHbIX
NporpaMM [yisi pellleHusl 3a/ay
a’poraso/IMHAMHUKH, TerIOBOM
3alUTHl, TIPOYHOCTH,

JAWHaMHUKH ABVKEHHUA B

obnactu PKT.

pO- aHA/IOTOBBIX TIpeobpa3oBa-
Tesei;

[TpUHLUITBI pabOTHI [aTYUKOB
/17151 U3MepeHHs MeXaHUYeCKUX
BesiMurH. CIIoco0bI UCIT0/IB30-
BaHUS KOMITbIOTEpa /1t
yTpaB/eHUsI XOZI0M KCIepu-
MeHTa. OOIIie TIPUHITUITBI U
TpeOOBaHUS, MPebsBIIIEMbIe
K aBTOMaTU3MPOBAHHBIM CU-
creMaM. - CocTaBHbIe KOMIIO-
HEHTbI aBTOMaTU3UPOBaHHBIX
1CCJIeI0BaTeTbCKUX CUCTEM.
Ymemb

MPUMEHSITb TTPUHLIUITBI TIPe06

CUCTEMbIpa30BaHMs Pa3/TMUHBIX (U3U-

YeCKUX BeJIMUMH B LIU(POBYIO
dbopmy.

[TpyMeHSITh U3MepUTe/bHbIe
[maTuMKH, 1[M(po-aHaIOTr OBbIe
1 aHA/I0rOBO-1IU(pOBbIe
npeoOpa3oBaTesu

Bnademb HaBbIKaMH TIpUMeHe-
HUS1 U3MEPUTe/IbHBIX AaTuk-
KOB, LIU(pO-aHa/IOTOBBIX U
aHaJI0rO0BO-1M(POBBIX MPe06-
pa3oBareei;

HaBbikaMy pakTUUeCKO pea-
T3alii aBTOMaTU3HUPOBaH-
HOW CHCTeMbI UCCIe/JOBaHUM.
HaBbIkaMy TIOAK/TIOUEHUST K
KOMITbIOTepY TiepudepruiiHbIX
YCTPOMCTB U €ro KOMMYHHKa-
L[UU C [PYTUMU KOMITbIOTepa-
MU, UCTIONB3YsI Tlapasyie/IbHbIA
Y TI0C/Ie/IoBaTe/IbHbIN UHTEep-
(helicbl coeTUHEHU.

3. COANEP)KAHME OLIEHOYHBIX CPEJICTB IO JUCIIAII/IMHE

3.1 Bujipl OLIeHOYHBIX CPe/ICTB

Ner1/
Iyl

KonTponupye
MbIe TeMbl/

Kog kommeteHIiun/

IJIaHUPYEMBIE pe3yJ/IbTdThl O6y‘—I€HI/IH

HaumenoBaH
nue

Haumeno
BaHUe
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MMWHOBPHAYKU POCCUNA

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

DU

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

(DOHA OLI€HOYHBIX CPeACTB IO AUCLIUITIMHEe «KOMI'II:}OTepHaH dBTOMaTH3alus SKCrIepuMeHTa»

T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1 crp. 6 u3 30 TlepBbIii 3K3eMIUISIp KOITUA Ne
OLIEHOYHO | OLIEHOYHOTO
ro cpeicTBa Ha
Cpe[iCTBa | TIPOMEXKyTOdY
paszesbl PeA POMEXY
IJ1sT HOM
TEKyIero | arTecTalyu
KOHTPOJISA
IK-1 Borpocsi K
3HaeT criocoObl MCII0/b30BaHMS 3auery.
KOMITBIOTEpa [/Is1 YIIPAB/IEHHS XO[,0M TlpakTnye
SKCIIePUMEHTa, CTPYKTYPY afipecariiu B CKast
OCHOBBI TIPOLIeCCOPHBIX YCTPOMCTBAX; pabora
CXeMOTeXHHKH | YMeeT paboTars ¢ gBorunbM opmarom | Nels
(YHKLMOHA/Ib | MAIIMHHOIO MCUMC/IeHHs, paboTaTh C Bornpoce
HBIX UHTePEHCHBIMU YCTPOMCTBAMM A1

1 - cobecezio
YCTPOWCTB coeiMHeHHs G/IOKOB
aBTOMAaTU3MPO | ABTOMATU3MPOBAHHBIX CHUCTEM; BaHHMA
BaHHBIX BrazieeT MeTo/[aMH TIpaKTUUe CKO Tlepesog

o dHIJIOA3bIY
cucTeM peanu3aly aBTOMaTU3UPOBaHHON i
CHUCTeMbI UCC/IeI0BAHUI.
K-4 HAY4YHBIX
YK- cTarei
3HaeT OCHOBHbIE TEPMUHBI UCLUTLIMHBI
Ha aHIJIMHACKOM SI3bIKe
[IK-1 Bonpoce! K
3HaeT BU/BI JaTUMKOB U UX Tlpaktnye | 3aqery,
knaccuyKaLyio, BUBI Ipeobpaszopanuii | (KA
(U3MYECKUX SIBIEHUH, TIOHATHS pabora
T[IpMHLMIIBI TEePMO3/IEKTPUYECTBA ¥ TePMOIIaphI; Ne2
paboTsI YMeerT 110 Bujly JaTurKa OHUMATh ero Bonpocs!

5 [aTUUKOB [/I1 | TWI M HasHaueHue, r0/1yJarh AL
U3MepeHust uHbOPMALHIO ¢ MOBOro JaTuuKa B Buge, | CO0CEO
MeXaHUUeCKUX | TMOHSATHOM TI0/Ib30BaTeJIio; BaHWA
BEJIMYMH BiajieeT MeTOAaMM CUNTHIBAHNS JaHHbIX | |1ePEBOA

AHIJIOA3BIY
rocsie oTpaboTKU CHCTEMBI.

HBIX
YK-4

HAYYHbIX
YMeET uMTaTh TEXHHUECKYIO AOKYMEHTA- | (rareij
LMIO Ha aHIVIMIACKOM S3BIKe.

3 OcCHOBBI [IK-1 [IpakTue | Bompocel K
CXeMOTEeXHHMKM | 3HaeT KIacCU(pUKALIO CcKast 3auery.
udpo- nipeobpa3oBaTesieit 1o THUTaM, pabora
aHAaJIOrOBbIX (pyHKLMOHA/ILHEIE YCTPOICTBA HA Ne3
npeobpasoBare | ONMepaLMOHHBIX yCUIMTEIAX 15 Bonpocel
nei BBINOJIHEHMS] MaTeMaTUueCKKMX OrepaLyi; | Jis

YMeeT BOCCTaHaB/IMBATL UCXOHBIN cobeceso
CUT'HaJI, BLICYUTHIBAT IO PELITHOCTh BaHUA
IlepeBof

© ®I'BOY BO «Yen'Y»




MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

\,’} yupe>kieHre BhICIIero o6pa3oBaHus

@ «YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

(DOHA OLI€HOYHBIX CPeACTB IO AUCLIUITIMHEe «KOMI'II:}OTepHaH dBTOMaTH3alus SKCrIepuMeHTa»

T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1 crp. 7 u3 30 TlepBbIii 3K3eMIUISIp KOITUA Ne

CUTHAja;
BiazieeT HaBbIKaMU MOAK/THOUEHUS
TI0C/IeI0BaTe/IbHBIX IIIMH METOI0M
«OTHEHHOTO TIPOBO/Ia», HABbIKAMU

TIO/IK/TFOUEHHs! Mapasule/ibHbIX ILIWH, AHITIOA3BIY
JIOTUUeCKUM NpeoOpa3oBaHUEM B HBIX
TIPUOPUTETHOM LuMdparope HayuHBIX
npeobpasoBarerisi. crarei
YK-4

BnazseeT HaBbIKaMU HCIT0/Tb30BaHUS
TeXHUUYECKOW JJOKYMEeHTal[u1 Ha
aHIVIMCKOM SI3bIKe.

TurioBble 3aiaHvsl, KOHTPOJbHBbIe pabOThI, TeCTbl  KPUTEpUH U TIOKa3aTesu
OLIeHHMBAHUSI B PaMKaX TeKYIIlero KOHTPOJIsl TIpe[iCTaB/ieHbl B paboyeil rmporpaMme
Mo ucuuriiHe. [lojiHble KOMIJIEKTbI OLIEHOYHBIX CPEICTB W KOHTPOJIbHO-
HM3MEepUTEbHBIX MaTepuajioB XpaHATCA Ha Kadeape U sABAAIOTCA  yueOHO-
MeToAUYe CKUMU MarepuaaaMu OTrpaHUUYEeHHOT0 (KoH(U1eHIIUA/IBHOTO)
T0JIb30BaHUSI.

3.2 CopeprkaHue OLIeHOUHBIX CPeACTB /I/Ifl TeKyIllel arTecTaluu

TecroBble 3ajaHus N0 AUCHUILVIMHEe « KOMIIbIOTepHasg aBTOMaTU3aLius

IKCIIepuMeHTa»
YacTtb 1. OTKpbIThIe BONpock! (10 3agaHuii)

Ne | ®opmyIMpOBKa 3aJaHus

1 | JauTe onpefeneHrie aBTOMaTH3UpOBaHHOM U3MePUTEIbHOW CUCTeMbl. Kakrie OCHOBHBIE
KOMIIOHEHTHI BXOZAT B e€ cocTaB?

2 | OnuimuMre NpUHLIUAI paboThl TeH30Pe3UCTUBHOrO AaTurKa. Kak nu3mepsiemasi BeJIurHa
ripeobpa3yeTcsi B IeKTPUUECKUIM CUTHA?

3 | B uém pasHuLa MeXx/ly aKTUBHBIMU U [TAaCCHBHBIMHU U3MepUTEeIbHBIMU 1aTUNKaMU?
[IpuBeguTe NpUMepbl KaXKA0r0 THUIIA.

4 | 3anuiLuTe OCHOBHBIE 3Tarlbl aHa/Ioro-IudpoBoro rpeobpasosanusi. [1osicHUTe CyTb KaX/10T0
JTana.

5 | Yro Takoe kBaHTOBaHUe curHana? Kak 1iar KBaHTOBaHUsI BAWsieT HA TOUHOCTh U3MEpPeHUI ?

6 | Onwmimre npuHIMI paboTsl TepMonapsl. Kakve dr3ndeckue siByieHus JiekaT B OCHOBE eé
(OyHKLIMOHUPOBaHUS?

7 | B uém ominuure napasiesibHbIX U riocaefoBaTebHbIX LIATT? Kakue npeumyiijecTsa u
He/I0CTaTKU UMeeT KaK/bli TUIT?

8 | Uro Takoe uHTepdeiic cBs3u? Onumimre 0cobeHHOCTH TlapasiienbHoro LPT-mopTa u
nocsegosaressHoro COM-nopra.

9 | Kakue BU/bI O1IMOOK U3MepeHUi CyliecTBYHOT? OMNUILINTe METOUKY OLIeHKA CyMMapHOU
TIOTPELIHOCTH KOCBEHHBIX U3MEpPEeHUN.

10 | OnuiLMTe Ha3HaUeHKUe U MPUHLIMIT pabOThI OTIePaljMOHHOT0 YCUIINTEIS B U3MepUTeTbHbIX

ternsix. Kakue @yHKIMOHa/bHBIE YCTPONCTBA HAa €r0 OCHOBeE BbI 3HaeTe?

© ®I'BOY BO «Yen'Y»




MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

DU

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

Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Yenl'Y»

Bepcus fokymenTa - 1

crp. 8 u3 30

TlepBbIii 3K3eMIUISIp KOITH S Ne

YacTtb 2. 3akpbITble BONpockl (BbibepuTe 0AUH NpaBu/ibHbIA 0TBET) (10 3agaHuin)

Ne | ®opmyIMpOBKa 3a/laHUs BapuaHTbl 0TBETOB

11 | Ten3ope3ucTuBHbIHN 3PPeKT a) U3MeHeHHH COTIPOTHB/IeHUsI IPOBOAHUKA TIPU €ro
3aK/TFOYaeTcs B: nedopmaiiyy; 6) BosHuKHOBeHHH J/IC npy Harpese

KOHTAaKTa IBYX MeTa/I/IOB; B) N3MeHEeHUHU éMKOCTH
KOH/IeHCaTopa Tipy CMellieHnr 00K/a/I0K; I') TeHepalyu
3apsifia PU MexXaHUUeCKOM BO3JeHCTBUM Ha
TMbe30KPHUCTaI

12 | TIbe3031eKTpUUeCKUA JaTurK a) MaCcCUBHBIM JlaTurKaM; 0) aKTUBHBLIM /IaTUMKaM; B)
OTHOCUTCSI K: 1M(POBLIM aTYMKaM; I') ONTUUECKUM /IaTUMKaM

13 | Paspsignocts ALITT a) MaKCHMa/bHYIO YaCTOTY BXOJHOTO CUTHasa; 0)
oripeiesisieT: KOJIMYeCTBO JAUCKPETHBIX YPOBHEH KBaHTOBaHUS; B)

BpeMsi peobpa3oBaHMs; T') HANpsDKeHUe TTUTaHUsT

14 | Onsa AIITT ¢ paspsaHocthio 10 | a) 256; 6) 512; B) 1024; ) 2048
OUT KOJIMUeCTBO YPOBHEM
KBAaHTOBaHUsI PaBHO:

15 | YacroTa AucKpeTU3aliu 1o a) paBHa MaKCMMa/IbHOM YacTOTe CUrHasia; 0) He MeHee
Teopeme KoTenbHUKOBA I0/KHA | YABOEHHOW MaKCUMabHOW UaCTOThI CUTHA/IA; B) He
ObITh: MeHee UeTbIpEXKPAaTHOW MaKCMMalbHON YaCTOThI

CUTHaJIa; T') IPOX3BOJILHOM

16 | Tepmomnapa paboraeT Ha a) TeH30pe3UCTUBHOTO 3¢ deKTa; 0) IMbe303/1eKTPUUECKOTO
OCHOBE: sddekra; B) ahdekra 3eebeka; r) achdekra Xosia

17 | IMapannensHbIi LIATT ¢ a) BBICOKOM TOUHOCTBIO M HU3KHUM OBICTPO/IeHiCTBHEM; 0)
CyMMHPOBaHUEM TOKOB BBICOKMM OBICTPO/IEICTBIEM U CIOKHOCTBIO Peasin3alium;
XapaKTepu3yeTcs: B) HU3KOW CTOMMOCTBIO U BBICOKOW TOYHOCTBIO; T)

YHUBEPCAJbHOCThIO PUMEHEeHUsT

18 | nTepdeiic USB 1o a) MEHBIIYI0 CKOPOCTh Tiepe/iauu JaHHbBIX; 0) O0JbIIYI0
cpaBHeHUI0 ¢ COM-niopTom CKOPOCTb Tlepe/jaull JAHHBIX ¥ BO3MOXKHOCTb «TOPSTUEro»
obecrieunBaeT: MOJK/TIOUEHHST; B) TOBKO aCUHXPOHHBIN PEXXUM

riepefiauy; T') mepejiauy TOJIbKO aHAJIOTOBBIX CUTHAJIOB

19 | OnepayyoOHHBIN YCUUTEb B a)K =1+ R;/Ry;6) K= —Rz/Ry; 8) K = R1/R3; 1)
WHBEPTUPYIOILEM BK/TFOUeHUN K=R,+R,
rMeeT KO3 ULIMeHT YCUIeHHUs:

20 | CucremaTthueckas a) UMeeT C/lyJalHbIM XapakTep U yMeHbLLaeTcs Py

MOTPEeIHOCTb U3MepPeHUN:

yBeJIMUeHUH YKC/Ia U3MepeHuit; 0) TIOBTOpsieTCs TIpH
MHOT'OKpaTHbIX U3MepeHHUsIX 1 MOXKeT ObITh yuTeHa; B)
BO3HHMKaeT TOJIbKO NPY KOCBEHHBIX U3MepeHUsX; I') He
n0A1aéTCsA OLleHKe U YYéTy

YacTb 3. 3agaHus Ha cooTtBeTcTBume (5 3aaaHunin)

No | 3aganue
2 | YcTraHOBHUTe COOTBeTCTBHE MeXX/y THIIOM JlaTYiKa U U3MepsieMoil BeIMUUHOM:
1 | A) Tensogaruuk — 1) lepopmarus, cuna, jaBieHue

b) Tepmonapa — 2) Temmneparypa
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MUWHOBPHAYKU POCCUU
defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

\,’} yupe>kieHre BhICIIero o6pa3oBaHus

@ «YensabuHCcKui rocygapcTBeHHblil yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»
OIr'e0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 crp. 9u3 30 TlepBbIii 3K3eMIUISIp KOITUA Ne

B) ITbe30akcenepomerp — 3) YckopeHue, BUOpaLyst
I') UnpykTuBHBIN faTuK — 4) [TepemellieHue, OIOXKeHUE

2 | YcraHoBHUTe COOTBETCTBHE MeXX/y THIIOM NMpeodpa3oBaTesis U ero XapaKTepUCTHKOM:
2 | A) MapannensHbiii ALIIT — 1) Bricokoe 6bIcTpo/ieiicTBIe, 60/IBIIIOe KOTMUeCTBO
kommnaparopos (2" — 1)

b) AIIIT nocnenoBaTe/ibHOTO MPUOIKeHUss — 2) YMepeHHOe ObICTPO/eiCTBYE,
1oc/iefjoBaTelbHOe YTOUHEHUE pa3psiioB

B) Curma-gensra ALIIT — 3) Bbicokasi TOUHOCTB 3a CYET LLIyMOBOUW MOZAYJISILIUU U
uudpoBoit huIbTpaLUU

[) ALTI c fBOViHBIM UHTErprpoBaHueM — 4) BriCcOKasi TOMeX0yCTOMUUBOCTb, HU3KOE
ObICTPO/IEHICTBHE

N

YcraHoBHUTe COOTBETCTBHE MeXX/y HHTep(elcoM U ero napamMeTpom:

3 | A) LPT-mopt — 1) IapasnnensHasi mepefiada, CKOPOCTh 10 2 M6uT/c, paccTosiHye 0 5 M
Bb) COM-nopt (RS-232) — 2) [TocnenoBaresbHas nepejaua, CKOPOCThb 10 115 KOUT/C,
paccrosiHve 10 15 M

B) USB 2.0 — 3) [TocnemoBarenbHas niepesiaua, CKOpocTh Ao 480 MouT/c, «ropsiuee»
TMOJIK/TFOUeHre

') Ethernet — 4) CeteBo#i nHTepdeiic, ckopoctb ot 10 Mbut/c go 10 I'éut/c

2 | YcraHoBUTe COOTBeTCTBHE MeXX/y BHAOM NOrPelIHOCTH M MeTO/I0M eé yuéTa:

4 | A) Cnyuaiinas morpemtHocts — 1) Cratrctiuueckast 00paboTKa, yBesMueHune ynciia
u3mepeHui, Berurcienrue CKO

b) Cucrematrueckast rorpeiHoctb — 2) KanbpoBka, BBe/jeHHe TIOTPABOK,
VICII0/Ib30BaHKe 3TaJl0OHOB

B) INorperHocTs KBaHTOBaHUSI — 3) YBenuueHue paspsaHocty AL, npumeHeHne
dbunpTpalvK nepej AUCKpeTU3alei

I') [orpemHocTs MeTozia — 4) CoBepIIeHCTBOBaHUE alrOpUTMa 00pabOTKH, yUéT
HeJIMHeHOCTe!

2 | YcraHoBHTe COOTBeTCTBHE MeXAY (PyHKLIMOHA/ILHOM cxeMoii Ha OY u eé

5 | Ha3HaAueHHeM:

A) ViHBepTupyoLmii ycunurenb — 1) YcuieHre curHasa Cc u3MeHeHveM ¢asbl Ha 180°
b) HeunBeprupymoiuii ycuiuTens — 2) YcuneHve curdaia 6e3 usmeHeHust ¢asbl,
BBICOKOE BXOJHO€ COTPOTHBJIEHUE

B) Cymmarop — 3) Asirebpandeckoe C/IOKeHHe HeCKOJTbKUX BXOJHBIX CUTHAIOB

I') UnTerparop — 4) BeinonHeHue onepaluy UHTerPUPOBaHUsI BXOAHOIO CUrHAasa Io
BpeMeHU

KMoun K TECTY U KPUTEPUU OLIEHVBaHWS

Ne BepHbliii oTBeT Kputepuu orjeHrBaHus

3a/laHus

1 ABTOMaTH3MpOBaHHasI U3MepHUTe/ibHas CUCcTeMa — | 2 fasiia: TIoJIHOe orpejiesieHre +
KOMITJIEKC TEXHUYeCKHX U POrPAMMHBIX CPe/ICTB | BCe KOMITOHeHThI; 1 6ast:
Ju1st cbopa, 06pabOTKM U TIpe/[CTaBIeHUs orpeziesieHre 6e3
M3MepuTe/IbHOM MHpopMaLui. KOMIOHeHTHI: KOMITOHEeHTOB/C omnbkoii; 0
JATYHUKWA, HOPMHUPYIOIIKe TTpeoOpa3oBaTeiy, 0a/I/I0B: HEBEPHO
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MMWHOBPHAYKU POCCUNA

defepanbHOE FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBare/lbHOe

\,’} yupe>kieHre BhICIIero o6pa3oBaHus
Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

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

(DOHA OLI€HOYHBIX CPeACTB IO AUCLIUITIMHEe «KOMI'II:}OTepHaH dBTOMaTH3alus SKCrIepuMeHTa»

PI'BOY BO «Yenl'Y»

T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

Bepcus fokymenTa - 1

ctp. 10 u3 30 TlepBbIii 3K3eMIUISIp

KOITHA Ne

ATTI/LIATI, unrtepdetic cBs3y, 1K c I10O,
WICTIOJTHUTE/TbHBIE YCTPOMCTBA.

TeH3ope3ucTop: 1pu JedopMaliii U3MeHSeTCs
JUIMHA U CeueHHe TTPOBOJHUKA — W3MEHSIeTCs

conporusnenne R = pl/S. Vamenenue 4R
TIPOTOpIMOHANBHO Aepopmary £: AR/R = K - £
rae K — xos¢duiieHT TeH309yBCTBUTETBHOCTH.
CurHaz CHUMaeTCsi MOCTOBOM CXeMOWM.

2 fpasuta: mpuHLMI + Gopmyna +
cxeMa; 1 6a/T: TOJIBKO
npuHLun/popmyna; 0 6an10B:
HEeBepHO

AKTUBHBIE IaTYNKU TeHEPUPYIOT /IeKTPHUUeCKUi
curHas 6e3 BHEIIIHEro MUTaHus (TepMoriapa,
Mbe30/1aTurK). [TacCUBHBIE U3MEHSIOT CBOU
rapamMeTphblI (COTIPOTUB/IEHHE, EMKOCTb) U TPeOyIOT
WCTOYHUKA MMUTaHUs (TeH304aTuVK,
TEePMOPE3UCTOP).

2 fasna: pa3uurie + MPUMephI;
1 6asr: TosIBEKO pasnuuue; 0
0a/1I/IOB: HEBEPHO

Oranbl ALIT: 1) JuckpeTtr3arusi — BbIOOpKa
CUrHajia yepe3 paBHble UHTepBasbl; 2)
KBaHTOBaHMe — OKpyI/IeHHe aMIUIUTY/bI 10
omwkatiiero ypoess; 3) KogupoBanue —
Tripe/icTaB/ieHle YPOBHs B ZIBOUUHOM KOZ€.

2 0aJ1a: BCe 3Tarlbl C
MosicHeHusIMH; 1 OasI/I: 3Tarsl
0e3 nosicHenuii; 0 0an/I0B:
HEBEepHO

KBaHTOBaHUe — 3aMeHa HelpephIBHOM
aMIUIATY/IBI IUCKPeTHBIMU YPOBHsAMH. I11ar

A = Upnax /2" Tlorpemnrocts kpantopanus £4/2.
YMeHbITIeHHe 11ara (yBedueHHe PaspsHOCTH)
TOBBILIAET TOYHOCTh, HO YCIOXKHSIET CXEMY.

2 fpasu1a: onpeziesieHue +
dopmyna + Brusiaye; 1 6awr:
yacTUUHbBIN oTBeT; 0 0a/1/10B:
HEBEepPHO

Tepmoriapa: /iBa pa3HOPOJHBIX MPOBOAHUKA,
CriastHHbIE Ha KOHIaX. [Ipy pa3HOCTH TemIieparyp
criaeB Bo3HUKaeT TepMo-IIC (3dpdexT 3eebeka).
E = a(Ty — T2), rpe @ — ko3¢ duupenT.
[TpuMeHsieTCsl /1Sl U3MepeHUs TeMIiepaTyp.

2 fasuta: npuHLMI + Gopmyna +
nprMeHeHue; 1 6a/uT: TOMBKO
ripuHIUIT; 0 6a/1/I0B: HEBEpHO

[TapannensHble LIAIL: Bce pa3pszbl
00pabaTbIBarOTCsl OIHOBPEMEHHO — BBICOKOE

BLICTPO/EHCTBYE, HO CIIOXKHasI cxema (2
snemMeHTOB). [locneoBaTeibHbIE: pa3psi/ibl
00pabaThIBalOTCS TIOOUEPENHO — HIDKE
ObICTpOZIENCTBHE, HO TIPOIIe pean3ariys, MeHbIIe
3/IEMEHTOB.

2 f6asna: cpaBHeHHe +
TperMyllleCTBa/HeAOCTaTKy; 1
0a/ut: TonbKO cpaBHeHue; 0
0a/1I/IOB: HEBEPHO

WnTtepodeiic — cpesactBo obmeHa AaHHbIMUA. LPT:
Trapasijie/ibHeIM, 8 OUT 3a TakT, 10 2 Mburt/c, 10 5
M. COM (RS-232): nocniegoBate/ibHbIH,
ACHHXPOHHBIN, 10 115 KOUT/C, 10 15 M, TIpoIIe
peasi3arysi.

2 fasna: omnpesienieHue +
napamMeTpsl 06oux; 1 6as:
TOJIKO O/IUH MHTepdetic/Oe3
napameTpoB; 0 6a/1/I0B: HEBEPHO

Buzpl: rpyOble (mpomaxu), cucreMaTiuecKie
(moBTOpSsItOLMECs), CyYaiiHble (CTOXaCcTUUeCKUe).

2 6anna: Bugsl + Gopmyna; 1
0asI1: TONbKO BUBI/hopmya; 0
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MMWHOBPHAYKU POCCUNA

®eziepaibHOE TOCYIAPCTBEHHOE Gro/pKeTHOe 00pa3oBaTeibHOe

yupe>kieHre BhICIIero o6pa3oBaHus

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU
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@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»

PI'BOY BO «Henl'Y»

Bepcus fokymenTa - 1

crp. 11 u3 30 TlepBbIii 3K3eMIUISIp

KOITHA Ne

Kocsennste: ¥ = f(xy,..., xn), TOrPeIlHOCTh

ar
Ay = [¥ (a—xiﬂx

MOrpemHoCTIX.

)2
i
P HE3aBUCHUMbIX

0a/1/1I0B: HEBEPHO

10 OY — ycunurens € BBICOKMM KO3 (ULIIEHTOM 2 fasnna: Ha3HaueHue +
ycunenus, fuddepeHIiabHbIM BXOZ0M. npuMepbl cxeM; 1 0asu1: TOMBKO
HasHauenwue: ycuneHue c1abbIX CUTHA/IOB Ha3HaueHHe/cxembl; 0 0asIoB:
JAaTUMKOB, (DUIBTpPALIMs, MaTEMaTHUe CKHe HEBEPHO
onepauuu. CxeMmsl:

WHBEPTUPYIOLUH/HEVHBEPTUPYIOIUN YCUTUTE]Th,
CyMMaTop, UHTerparop, AuddepeHLaTop,
KOMIIapaTop.

11 a) U3MEeHEeHUU COTIPOTHBJIeHHUS POBOJJHHKA MPHU 1 6a/n: BepHbIi BbIOOP; 0
ero gedopmMaru 0a/1I/1I0B: HEBEPHO

12 0) aKTMBHBIM JJaTUYMKaAM 1 6an: BepHbIii BeIOOP; 0

0aJ/I0B: HEBEPHO

13 0) KO/IMUeCTBO JUCKPETHBIX YPOBHEM KBaHTOBaHUs | 1 6a/i: BepHbIi BbIOOP; 0

0aJ1/1I0B: HEBEPHO

14 B) 1024 1 6ann: BepHbIii BeIOOP; 0

0a/I/I0B: HEBEPHO

15 0) He MeHee yJIBOEHHON MaKCHMa/IbHOW YaCTOThI 1 6an: BepHbIii BbIOOP; 0
curHasa 0a/I/I0B: HEBEPHO

16 B) a¢dekra 3eebeka 1 6asn: BepHbIi BeIOOP; 0

0a/I/I0B: HEBEPHO

17 0) BBICOKUM OBICTPOZIEMCTBUEM U CIIO)KHOCTBIO 1 6asu1: BepHbBI BBIOOD; 0
peau3aryu 0a/1/10B: HEBEPHO

18 0) OOMBIIIYI0 CKOPOCTD Tepejaul JaHHbIX U 1 6asu1: BepHbIi BIOOD; 0
BO3MO)KHOCTb «TOPSIUETr0» TOAK/IIOUEHHUST 0a/10B: HEBEpHO

19 6) K = —Rz/R; 1 6asu1: BepHbIi BIOOD; 0

0a/10B: HEBEPHO

20 0) MOBTOPSIETCSI TP MHOTOKPATHBIX U3MepeHUsX v | 1 6asut: BepHbI BeIOOD; 0
MOYKeT OBbITh yUTeHa 0a//10B: HEBEpHO

21 A-1,B-2,B-3,T-4 2 fas1a: Bce BepHO; 1 6am: 1

omoOka; 0 6amaoB: >2 omKbOK

22 A-1,B-2,B-3,T-4 2 pasta: Bce BepHO; 1 6am: 1

ornbka; 0 0a/110B: >2 OmKUO0K

23 A-1,B-2,B-3,T-4 2 pasu1a: Bce BepHO; 1 6am: 1

oinbka; 0 0a/110B: >2 omMKUO0K

24 A-1,B-2,B-3,T-4 2 pasu1a: Bce BepHO; 1 6amn: 1

oumbka; 0 0a/110B: >2 omMKrO0K

25 A-1,B-2,B-3,T-4 2 pasu1a: Bce BepHO; 1 6amn: 1

ommmbka; 0 0a/m10B: >2 omKrO0K
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MMWHOBPHAYKU POCCUNA

®eziepaibHOE TOCYIAPCTBEHHOE Gro/pKeTHOe 00pa3oBaTeibHOe

yupe>kieHre BhICIIero o6pa3oBaHus

Muacckuii punvan
Kadenpa npukiafHol MaTeMaTHKU

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

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»
STBOY BO «Uenl'Y»

Bepcus fokymenTa - 1 crp. 12 u3 30 TlepBbIii 3K3eMIUISIp KOITUA Ne
LLIkana oueHnBaHus
Cymma 6aioB | OrieHKa YpoBeHb OCBOEHMsT KOMITeTeHLIUM
36—40 OtmnuHo (5) ITpoABUHYTHIN
28-35 Xopoiiio (4) ba3oBbIii
20-27 Y10B/1eTBOPUTENBHO (3) [ToporoBei
0-19 HeynosnetrBoputenbHo (2) | KommeTteHiuy He chopMHUPOBaHbI
IIpakTnueckas padora Nel
Homep | BapnaHT 1 BapuaHTt 2
1 Kakve G6biBalOT KOHTaKTHble TEPMOMETPbLI? | Kakue 6blBatoT 6ECKOHTAKTHbIE TEPMOMETPbI?
OTBeT: Tepmonapbl, TepMomMeTp | OTBET: MMPOMETPbI, PAAVOMETPbI, TENI0BN30PbI
COMpPOTVBEHNS, MaHOMeTpUyeckme
TEPMOMETPbI, TEPMOMETPbI PACLUMPEHUS]
2 Mo PpuCYHKY onpeaenuTb BUA fAatuuka | Mo pucyHKy onpeaenuTtb Bug fatumka
\ﬁ PTG NN
; N\l
2 .a. OO
4 S — \‘
: 26 TN 5
EXSONH &
RSN
%
] T ¥ 5
s 6
7 |
W
W
| 1234
fe
OTBET: NbE30AATUNK AAB/IEHMS OTBET: Nbe30AATUMK YCKOPEHNA
3 Mo BMAYy faTuuka onpeaenuTb ero Bua; Mo BMAy faTumKa onpesenuTb ero BuA;

—eUa—r
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MMWHOBPHAYKU POCCUNA

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

DU

Muacckuii punvan

Kadenpa npukiafHol MaTeMaTHKU

@DoHJ, OL{eHOYHBIX CPe/CTB M0 AUCLUIIKHe «KoMIbloTepHasi aBTOMaTH3aLMisl SKCIIepUMeHTa»
T0 Harpae/eHuto 1oArotoBku 01.03.02 IlpukiazHas MaTeMaTHKa U UH(GOpPMaTrKa, Mpoguib «MareMaTiuueckoe MoJie/TMPOBaHUe»
OIr'e0Y BO «Uenl'¥Y»

Bepcus fokymenTa - 1 crp. 13 u3 30 TlepBbIii 3K3eMIUISIp KOIMUA Ne __
OtBerT: VHAYKTUBHBIi hatuuk c
nepemMeHHbIM 3a30p0M
OtBeT: VIHOAYKTUBHbIA  [atynk C  NPOMU/IbHbLIM
MarHMTHbIM 3KpPaHoM
4 HJatunk  CEJIbCUH  nutaetca  Tokom | Aatumk CEJIbCUH nutaetcsa Tokom vactoToi 1000 Iy,
yactotoin 400 My m ncnonb3yer | u NCNonb3yeT  TpaHcopMaTopHYIo cucremy
TpaHC(OpMaTOpHYI0 CUCTEMY BKJ/IOYEHUS. | BKNIOYEHUA. Kakoe HanpshkeHne Heobxoaumo nofarb,
Kakoe HanpsbkeHne Heobxogumo nojatb, | ecnu  ucnonb3lyerca 2 00MOTKM  cTapTepa?
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Bonpocs! /15 cobecegoBaHusi:

1. 1151 KaKuX 1ie/iel UCTOJIb3YIOTCSI aHaIOTO-1[U(pPOBbIe U 1M(PO-aHaI0roBbIe TIpeobpa3oBaTe/u
curHasnoB? KakoBa HX poOlb B COBpPEMEHHBIX 3JIEKTPOHHBIX YcTpoicTBax? [lepeuncivre
OCHOBHBIE 3Tarbl 00pabOTKH aHa/I0TOBBIX CUTHAJIOB IU(MPOBLIMUA METOJJAMU U TIOSICHUTE UX CYTh.
2. TlosicHuTe CyU[HOCTh U OOIIMe TPUHLMITEI [U(PO-aHAJIOTOBOTO W aHAIOTo-L[U(pPOBOrO
nipeobpa3zoBanuii. Kakue 6a30Bble y3/1bI UCIO/B3YIOTCS TIPU MOCTPOeHHH Tipeobpa3oBartesneil? Ha

yeM Oasupyercs 1U(PO-aHAIOTOBOE

rpeobpazoBaHue?

Kakve oCHOBHBIE oOrnepanuu

BBITIOJTHSIIOTCSI TIPU  aHA/IOTO-LIMGPOBOM Tpeobpa3oBaHMU? B ueM COCTOUT HEHOCTAaTOK WX
coBMelrieHusi? Kakve criocobbl MCMOMB3YIOT /11 aHaA0ro-LidpoBoro mpeobpa3oBaHusi U B YeM

VX CYLJHOCTb?

3. [lepeuniciiTe OCHOBHBIe KiaccudukaloHHble npu3Haku LJATT u ALITI. Kakue xapakTtepHbie

nipusHaku umerot LJATT u ATIIT?

4. Ha Kakue TPyTIITbl MOXKHO pa30UTh TexHUUecKre mokasatenu LJATT u ALIIT?

5. Ha3oBuTe OCHOBHble CTaTWYeCcKWe U /[AWHAMWYeCKWe TIOKasaTrenud TMpeoOpa3oBaTesiei.
[MosicHuTe, Kakue KauecTBa MpeoOpa3oBaresiell OHU XapaKTepU3yIOT.

6. Ilepeunciure OCHOBHbIe TUIbI MapaienbHbix LIAII ¢ cymMMHpOBaHMEM 3TaIOHHBIX
HanpspKeHUM U TOKOB. KakoBbl MX ocobGeHHOCTU? [losiCHUTE TIPUHIMIT 10 CTPOEHUSI CXeMbl U

paboThI KaXK0TO 13 rpeobpa3oBareiei.

7. Ha kakom mipuniune crpost LAII mocnemoBarensHoro tumna? [logcHUTe TDPUHLMI

noctpoenus v pyHkuronuposanus LAIT ¢ IINM.

8. Kakue 0a30Bble 37eMeHTBI UCMOB3yIOTCs B LIAII Ha TiepekrouaeMbIX KOH/EHCaTopax?
[TpuBenute cxembl 4-pa3psgnbix LIAIl ¢ marpulleld KOHZJ@HCAaTOPOB W IOSCHUTE TNPUHLIAII KX
pabotel. Kak crpourcs u paboraer curma-zensra IIATI? B ueM cocTosiT 0COOEHHOCTH
npeoOpa3oBaresieli Ha TiepeK/TFouaeMbIX KOHZIEHCATOpax 0 CPaBHEHHIO C Kjaaccuueckumu LIATI?
9. Urto Takoe cermeHrtanua? Kak OCyIeCTB/seTC CerMeHTHpOBaHWe C WCII0/b30BaHUeM
cTpokoBbIx LIATI? TlosicHUTe TpPUHIMIT TIOCTPOeHHs1 M paboTel cermeHTHMpoBaHHBIX LIAII c
TOKOBBIM BBIXOJIOM M C MCIT0JIb30BaHUEM MpeoOpa3oBaresist Ha MepeK/ro4aeMbIX KOH/JeHCaTopax.

10. IlepeunciuTe OCHOBHBIE THIIbI
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napa/uienbHbix ALTI? C mnomoripr0 Kakux CpeAcTB pgocturaetrcsi yrpoigeHve ALl npu
HebosbIONH TIoTepe ObICTpo fAeiicTBuss? [losicHUTE TPUHLUI TOCTPOEHHWsT U PabOTHI JIBYX
CTymeHuYaThbIX U KoHBelepHbIX ALIIT.

11. Tlepeunciure OCHOBHble Tulbl Tnoc/iefoBaTesnbHbIX ALl u  pmaliTe MX  KpaTKyro
XapaKTePUCTUKY. [IosICHUTe MPUHIUI TOCTpoeHus1 U paborel AILIIl Ha mMepeKIroUaeMbIX
koHgeHcatopax, ALII c naBorHeIM uHTerpupoBaHueM, AIIIl yCKOpeHHOro WHTerpHpOBaHUS,
AIIIT mociegoBareibHOTO MpUO/THKeHUsT, MHOTOCTyTieHuaThix AIITI rocieqoBarebHOTO CUeTa.
12. Uto cCoy>kMT OCHOBOM M1 mnocTpoeHusi curma-gensta ALII? TlosicHute nDpUHLMIIBL
Mopynsiun. Kakve cpesicTBa UCIOMB3YIOT i/ TIOBBIIIeHHs] KaueCTBa Ipeobpa3oBaHusi?

AHI/1013bIYHbIE Hdy4Hbl€ CTATbH /i II€peBo/ia
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OFEN Using human brain activity to guide
‘machine learning

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

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

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

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

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

- guide for machine learning algorithms. Here we demonstrate a new paradigm of “neurally-weighted”
machine learning, which takes fMRI measurements of human brain activity from subjects viewing
images, and infuses these data into the training process of an object recognition learning algorithm to
make it more consistentwith the human brain. After training, these neurally-weighted classifiers are
able to classify images withoutrequiring any additional neural data. We show that our neural-weighting
approach canlead to large performance gains when used with traditional machine vision features,

. as well asto significant improvements with already high-performing convolutional neural network

. features.The effectiveness of this approach points to a path forward for a new class of hybrid machine
learning algorithms which take both inspiration and direct constraints from neuronal data.

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

- humans do it and that is arguably more brittle.

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

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

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

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

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

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

Our “neurally-weighted” models were trained on two kinds of image features: 1., histogram of oriented gradi-
ents (HOG) features™ and 2., convolutional neural network (CNN) features (i.e., 1000-dimensional, pre-softmax
activations from AlexNet" pre-trained on the ImageNet dataset'). HOG features were the standard, off-the-shelf
image feature representation before the 2012 advent of powerful CNNs', while CNN’s 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 ROIs,
including those in the early visual cortex. Seven of these regions were associated with higher-level visual processing; all
seven higher-level ROIs were used in object category classification tasks probing the semantic understanding of visual
information (only the higher-level ROIs were used due to the semantic nature of the classification tasks; earlier regions
typically capture low- to mid-level features like edges in V1*>** and colors and shapes in V4*%): extrastriate body area
(EBA), fusiform face area (FFA), lateral occipital cortex (LO), occipital face area (OFA), parahippocampal place area
(PPA), retrosplenial cortex (RSC), transverse occipital sulcus (TOS). 1,427 voxels belonged to these regions.

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

é,(z) = max (0,1 — 2) W

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

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

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

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

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

(B) For a given binary object category classification task (e.g., whether a stimulus contains an animal), the
visual stimuli and voxel activity data were split into training and test sets (not shown). An SVM classifier was
trained and tested on voxel activity alone. (C) To generate activity weights, classification scores, which roughly
correspond to the distance of a sample from the decision boundary in (B), were transformed into a probability
value via a logistic function® (D,E) The effects of using activity weights were assessed by training and testing
two classification models on image features of the visual stimuli: (D) One SVM classifier used a loss function
(i.e., hinge loss [HL]) that equally weights the misclassification of all samples as a function of distance from the
SVM’s own decision boundary. (E) Another SVM classifier used a modified loss function (i.e., activity weighted
loss [AWLY]) 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).

Activity Vector

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

‘With this formulation, not all training samples require an fMRI-generated activity weight. Note that c,.=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 S¥M algorithm, which does not have access to any information other than a feature vector and an arbitrary
class label for each training sample in its original form.

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

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

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

approximate several additional layers of the ventral stream'**”. x,,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, 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 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
(o =127) were used. See Figure S3 for a similar plot for CNN features and Figures 54 and S5 for an explanation
of how the null distribution was sampled.

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

Additionally, statistical analysis by permutation was carried out to test whether the above-average mean accu-
racy rates observed in classification experiments for the humans and animals categories that included EBA, as
well as in the experiments for the buildings and foods categories that included PPA, were statistically significant or
products of random chance, For each object category and set of image features, a null distribution with 1,000,000
samples was generated. Each sample in the null distribution reflects the percentage that a random set of 64 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 over all 127 mean clas-
sification accuracies. The aim is to test the significance of individual ROIs in generating salient activity weights
that yield above-average classification accuracy rates. Thus, these samples simulate randomly assigning ROIlabels
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 $4 and 85 and
accompanying supplementary text further detail how a null sample is generated. Figures 3 and 53 show which ROIs
significantly differed from the respective null distributions for each object category. This analysis more rigorously
confirms the significance of the EBA region in improving the classification accuracy of the humans and animals
categories and of the PPA region in improving the accuracy of the buildings and foods categories. Most notably,
the EBA region dramatically exceeds the significance thresholds of the null distributions for humans and animals.
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Discussion

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

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

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

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

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

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

Methods

fMRI Data Acquisition. The fMRI data used for the machine learning experiments presented in this paper
are a subset of the overall data from a published study on scene categorization®'. All f{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 0.39 mm slice gap (matrix size =104 x 104; TR =2,009.9 ms; TE = 35 ms; flip angle =74°;
voxel size=2.25 x 2.25 x 2.99 mm?*). While*! recorded fMRI activity for four subjects, in this work, we only use
the brain activity from one subject out of the original four. The experimental protocol was approved by the UC
Berkeley Committee for the Protection of Human Subjects. All methods were performed in accordance with the
relevant guidelines and regulations.

Data Set. Thedata set consisted of 1,386 500 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 SPM8 package®? was used. Custom MATLAB®® software was used to perform all other preprocessing
of functional data. To constrain the dimensionality of the fMRI data, the time series recordings for each voxel
were reduced to a single response amplitude per voxel, per image by deconvolving each time course from the
stimulus design matrix using hemodynamic response function®. See Stansbury ef al*! for additional details about
the fMRI data acquisition and preparation that are not directly related to the machine learning experiments we
describe in this work.

fMRI Activity Weight Calculation.  All of the {MRI data were scaled to bring the value of each dimension
within the range of [0, 1] for RBE SVM training. For each voxel, we calculated the minimum and maximum
response amplitude across all 1,260 original training samples. All voxels for the 646 images used in our experi-
ments were then scaled using Equation 4, where x; is the j-th sample’s response amplitude for voxel i, ] is a
646-dimensional vector with the response amplitudes of all samples for voxel 7, and ;'3 the j-th sample’s rescaled
amplitude for voxel 1.
, %, — min(x)
X = —
¥ max(x) — min(x;) (4)

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

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

Experimental Design. Each of the original 500 x 500 colored images were down sampled to 250 x 250 gray-
scale images, with pixel values in the interval [0,1]. A layer of Gaussian noise with a mean of 0 and variance of
0.01 was added to each of these images. For each image, two feature descriptor types were independently gener-
ated. Histogram of Oriented Gradients (HOG) descriptors with a cell size of 32 were generated using the VLFeat
library’s vl_hog function®’, which computes UoCTTI HOG features*. Convolutional neural network (CNN)
features were generated using the Caffe library’s BLVC Reference CaffeNet model', which is AlexNet trained
on ILSVRC 2012, with minor differences from the version described by Krizhevsky ef al."*. 1000-dimension
pre-softmax activations from CaffelNet 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, FEA, LO, OFA, PPA, RSC, and TOS) could be combined. In each experiment, for a given com-
bination of higher-level visual cortical regions and for a given object category, two training steps were followed:

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

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

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

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

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

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

Data availability. ThefMRI and image data that support the findings of this study are from Stansbury et al.*
and are available from them on reasonable request.
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3.3. Kpurepuu onieHMBaHUA 110 BUAAM OLIEHOYHBIX CPeACTB

KpnTeplm OLl€HUBAHUA PEILIECHUA MPAKTHYIECKHUX 3ajf[aHI/Iﬁ

«3aUTEeHO»
1)  Pabora nipescTaBieHa B yCTaHOB/IEHHbBIN CPOK U 0pOopMIIeHa B COOTBETCTBUU
C yCTaHOBJIEHHBIMU TPeOOBaHUSIMU
2)  Pabota HamMcaHa CaMOCTOSIT€/TbHO M B HEM B TIOJTHOM Mepe PacKphIThHI BO-
MPOCHI KOHTPO/ILHBIX 3a/JaHUM
3)  HWcnonb3oBaHbl crieljiaibHble KCTOUHUKY (HOPMaTHUBHO-3aKOHO/aTe/IbHbIe
aKThbl Y IUTEpaTypa)

4)  paboTa COofIep>KUT MPaBWIbHYI (POPMYJ/IMPOBKY TMOHSITUM U KaTeropuii

5) B OCBell[eHUU BOTPOCOB 3a/IlaHUI He COJePXKUTCS TPYOBIX OMIMOOK

6)  Tpu pellieHu 3aZlaHUiA C/iesiaHbl TPaBU/IbHbIE U apT'yMeHTUPOBaHHbIe BBIBO-
JTbI

«He 3a4TeHO»

1)  CTyzeHT He cpaBWIICS C 3aJaHUSIMU
2) B paboTe He pacKpPBLITO OCHOBHOE CO/iep>KaHKe BOTIPOCOB, NUMeIOTCs TpyObie
OLIMOKHU
3)  WMeOTCs sSIBHble TIPU3HAKM I/laruaTa
4)  odopmneHre paboThl HE COOTBETCTBYET TPeOOBaHUSAM
Pabora, Mo pe3y/abTaTaM MPOBePKU KOTOPOU BBICTaB/IeHA OLleHKa «He 3aUTeHO»,
BO3BpAll[@aeTCsl CTYAEHTY Ha 10paboTKy. CTy/IeHT He MOKeT ObITh [JOMYILeH /10
c/lauy 3aueTa JIo TeX I10p, TI0Ka He Mpe/ICTaBUT UCTIPaBIeHHY0 paboTy.

Kpurepuu oneHkH cobecejoBaHUA
«OTJTUYHO»

1) cTyzeHT JieTKO OPUEHTHUPYeTCs B CO/lepyKaHrK yueOHOro MaTepurarna, CBo6o/-
HO TIO/Tb3YeTCs TIOHSITUIHBIM arrapaToM;

2) obmazaeT yMmeHHeM CBSI3bIBATh TEOPHIO C TIPAKTHKOM, BbICKA3bIBaTh U 060C-
HOBBIBAaTh CBOM CY K/I€HUSI
«XOPOLIIO»

1) cTyieHT IeMOHCTPUPYeT TIOJTHOe OCBOEHHe TeOPeTHUeCKOro MaTepuaria, Bia-
ZieeT MOHATUIHBIM amapaToM, OPUEHTUPYETCS B U3yUeHHOM MaTtepuasie, TpamMmoT-
HO M3/1araeT CBOIO MO3ULIMI0
«y[IOBJIETBOPUTETEHO»
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1) cTyaeHT 1eMOHCTPUPYeT HEMOJ/IHOe OCBOEHHE TeOpPeTUUeCKOro MaTepuania,
TJIOXO BJIaJleeT MOHSITUMHBIM arapaToM, IJI0X0 OPUEeHTHUPYeTCs B U3yUeHHOM Ma-
Tepuasie, HeyBepeHHO M3/1araeT CBOK MO3ULIUIO
«HEeYZI0BJIETBOPUTETBHO»

1) cTyeHT uMeeT pa3po3HeHHbIe, OeCCCTeMHbIe 3HaHUS, He YMeeT BbIIe/STh
rJlaBHOe U BTOPOCTeNeHHOe, IOy CKaeT OITHOKH B OTipe/ie/IeHUU TTOHSITHUM, NCKa-
Karollyie X CMbICI;

2) GecrniopsiIoUHO ¥ HEYBEPEeHHO W3/araeT MaTepual

Kpurepuu oneHNBaHNs NepeBOja CTAaTbH:

“5” — «oTIHuHO» (96-100 6annoB) «3auteHo» — 100 — 75% MoHUMaHUSI OCHOBHO-
'O COZiep>KaHUsI TeKCTa, CTYAEeHT yMmeeT CBOOOJHO (TTOUTH CBOOOAHO) U apTyMeHTHU-
POBAHO BBICKA3bIBaThCsl, 0OCTOSATETLHO M3/1araTh CoZiepKaHue IMPOYMTAHHOTO, JIO-
rMuecKy BbICTPaUBaTh CBOe COO0OIIeHre, pa3BUBaTh OT/ie/IbHbIe TTOIOXKEHUS U Jle-
JlaTh COOTBETCTBYIOII[ME BbIBO/bI, U3/10)KeHHEe 0(hOpM/IEHO MPaBUILHO TpaMMaruue-
CKU U JIEKCUUECKU.

“4” — «xopomo» (76-95 6an1oB) «3auTeHO» — 75% TOHMMaHWsI OCHOBHOTO COZIep-
JKaHUsI TEKCTa, CTY/IeHT MOXKeT KpaTKO MU3JaraTh CojJiep)kaHue MpouruTaHHOro o0oc-
HOBATh ¥ OOBSCHUTL CBOU B3IJISIIbI, B U3/I0KEHUU JIOMYCKAIOTCsA 2-3 He3HaUMMbIe
rpaMMaThueCKUe UM JIeKCUIeCKre OIIMOKH.

“3” — «ypoBeTBOPUTETBHO» (60-75 Gam) «3auteHo» — 75 — 50% moHUMaHus
OCHOBHOTO CO/iep>KaHUsI TEKCTa, CTY/IeHT MOXKeT MCI0JIb30BaTh MPOCThie (hpa3bl U
TIpe/IO’KeHHs1, HO HeIoCTaTOUHO TMOHSATHO U 06CTOATeTbHO H3/araTh CofiepykKaHue
TIPOYMTAHHOTO, B U3/I0KEHUU 2-3 TpaMMaThyeCcKre WA JieKCHueCKre OIIMOKH.

"2” — «HeypoBieTBopuTeabHO» (0-60 6ann) «He3auTeHO» — MeHee 50% MoOHUMa-
HHSI OCHOBHOT'O CO/lep>KaHHsl TeKCTa, UCKa)KeHUe COJiep>KaHusl, MPeBbIllIeHre KOJIv-
yecTBa TpaMMaTHUECKUX U JIEKCUUECKHX OIIHMOOK, CTYJEeHT Bja/leeT HeJoCTaTou-
HBIM C/IOBapHBIM 3ariacoM, 3aTPY/IHSETCS] B U3/10’)KEHUU POYHUTAHHOTO.

4. TIOPAAOK ITPOBEJEHUA W KPUTEPUMU OLEHUBAHUSA
ITPOMEXYTOUYHOU ATTECTAILIUA

4.1. Ilopsifoxk mpoBeAeHUs U COfep)KaHUEe OLIEHOYHBIX CPeACTB
NMPOMEe)XYTOYHOM aTTecTaluu

3auet NMpoBOAUTCS B (hOPMe MUCbMEHHO-YCTHOTO orpoca. Ha nucbMeHHbIN
OoTBeT cCTyAeHTa oOTBoguTcsi 40 MHUHYT, 3aTeM OTBeT TIPOBepsieTCs
TiperiojiaBaresieM, MpU HeOOXOJUMOCTU MOTYT ObITh 3a/laHbl YTOUHSIIOIIHE
BOIPOCHI.
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Bonpocs! pis 3auera

1. OcHOBHbIe TIPUHLIAITBI PabOTHI TEPBUYHBLIX Mpeobpa3oBaresnei (JaTuu-
KOB), TIDUMEHSIEMbIX TMPU THP0A3pOra3ofUHAMHAUYECKUX HCCIe0BaHUSAX
(TeH3ope3uCTUBHBIN 3G dEKT, mbe303/1eKTpuueckuil 3pdekt, 3dhdekT n3me-
peHUs 3NIeKTPUUeCKON EMKOCTH, 3/IEKTPOMarHUTHBIE SIBJIEHUS).

2. Criocobbl U3MepeHUsi AaB/IeHUH TPY TUPOA’pora3ofuHaMUUeCKUX HC-
C/1eJOBaHUSIX B TIOTOKE JKUJKOCTHU WJIM ra3a, Ha MIOBEPXHOCTH TeJl BpPall|eHus.
3. CriocoObl U3MepeHUsi CKOPOCTel TOTOKa KUAKOCTU WU Tra3a MpU Tufpo-
a3pOAMHaMUYeCKUX HCCIe[oBaHUsAX (Majible CKOPOCTH, OOJIbIle CKOpO-
CTH).

4. MeTo/ibl OLIeHKM CyMMapHOW MOTPeIIHOCTH 3KCIePUMEeHTa/IbHOTO orpe-
JleJleHrs TUp0aspora3oMHaMHUye CKUX XapaKTePUCTHK.

5. ABTOMaTM3MpOBaHHbIE CHUCTeMbl 00pabOTKU 3KCTiepUMeHTasbHbIX JaH-
HBIX Ha ryuJpoasporasofuHamMuyeckux credzgax ['PLI.

6. O6IIMe MPUHLIUIIBI M 3a/jaul aBTOMAaTH3alliH.

7. CTpyKTypa aBTOMaTu3MpOBaHHOW CUCTEMBI.

8. CrucTeMbl CUMC/IeHUS.

9. ITpeobpa3oBaTenu GhU3NUECKUX SBI€HUNH. AKTUBHBIE W ITACCUBHBIE U3Me-
pUTe/bHbIe JaTUUKU.

10. DnekTpomexaHUYeCKUe AaTuvKu (CMmelleHus, JeopMalium, CUbl, aB-
JIeHUs1, TI0TOKa, aKCe/IepOMETPbI, TPOCTPAHCTBEHHOTO TMOJIOKEHUST).

11. ITbe303/eKTpUYeCcKre JaTuyMKU (Tbe30KepaMuuecKde AaTuuhKu, Mbe3o-
TIPUBO/BI, Mbe30KepaMruyecKre peobpa3oBartesin).

12. Tepmos/sieKTpUuecKue JaTUYMKU (TepMOIMapHble JaTUYMKU TeMreparyphl,
Pe3UCTHBHbIE U TT0/yIPOBOJAHUKOBBIE JAaTYMKHU, TMPOMETPUSI).

13. Ontryeckue gatuuku. Jdatumku nzobpakenusi. CCD nuHelika U MaTpu-
a.

14. OnepaluoHHBIM ycuauTe b, OYHKIMOHA/BHBIE YCTPOUCTBA Ha orepa-
LIUOHHBIX ycuuTessix. YaCcTOTHBIe 37eKTpudeckre (GUIbTPhI.

15. TIpuHLUIIBI TOCTPOEHYS U30/IMPOBAaHHbBIX U3MEPUTE/IbHBIX yCUUTEEN.
16. Ludpo-aHanorossie ripeodbpa3oarenu (LIAIT).

17. IlapannensHele LIATIL.

18. ITocnenosarensHbie [TATL.

19. Ananoro-1udpossie ripeobpa3oBatenu (ALIT).

20. [TapannensHsie ALIII.

21. ITocnepoBaresibHO-TIapasuiebHbie ALITT.

22. ITocnepoBarenbHbie ALIT.
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23. OnTryeckue 1aTYMKU TTOJI0KEHUS.

24. TIpyuHUMNBI NOCTPOEHUS U30/IMPOBAHHBIX U3MEPUTE/IbHBIX YCUIUTEEH.
25. YacToTHBbIe 3/1eKTpuYecKre (PUIbTPBIL.

26. Bugsl untepdelicos.

27. Tunbl uaTepdeticHoro obMeHa (CMHXPOHHBINA, ACUHXPOHHBINA, NU30XPOH-
HBIN).

28. ITapannensHbii LPT-nopT (XapakTepUCTUKHN).

29. TIlocnepoarenbHbit COM-NOPT (XapakTepyUCTUKH).

30. ITopt nocnenoBarenbHas mivHa USB (XapakTepuCcTUKN).

4.2. KpnTepml OIl€eHMBaAHHUA KOMHQTEHI‘I/Iﬁ B Xo0je HpOMe)KyTO'{HOﬁ daTTeCTaluu

Kog 0 Kpurtepuu olleHUBaHUS

KOMITET JlaHWUpyeMble pPe3yJbTaThbl

CHIH 00yueHust TI0 AUCLUTINHE 3auTeHOo He 3auTeHO

YK-4 3HaeT OCHOBHbIE TepDMUHBI | 3HaeT OCHOBHble TepMmu- | He 3HaeT OCHOBHbIe Tep-
JUCLIUTITMHBI Ha aHT T~ Hbl JUCLUIIMHBI Ha aH- | MUHbBI AUCLMIUIAHBI Ha
CKOM SI3LIKeE. TJIAMCKOM SI3BLIKE, AHTJIMMCKOM SI3LIKE.
YmeeT uuTaTh TexHWUYe- | YMeeT 4uTaTh TexHuYe- | He ymeeT uuTath TeXHU-
CKYH0 [JOKYMEHTalMI0 Ha | CKy0 JOKYMEHTAL[MI0 Ha | YeCKYH [OKYMeHTaLHI0
AHTJIMMCKOM SI3LIKE. AHTJIMHCKOM SI3BLIKE. Ha aHTJIMACKOM SI3LIKE.
Bnageer HaBblkaMM HC- | Bnageer HaBblkamMu MC- | He BilafieeT HaBBIKaMHU
T10/Ib30BAaHUS TEXHUUYECKOH | IM0JIb30BAaHUS  TeXHHYe- | UCI0JIb30BaHUS TeXHHYe-
JIOKyMEeHTall[id Ha aHTJIMU- | CKOW [OKyMEeHTal[dd Ha | CKOM [OKyMeHTalud Ha
CKOM SI3LIKeE. AHTJIMHCKOM SI3BLIKE. AHTJIMFCKOM SI3BLIKE.

IK-1 3Haem OCHOBBI CXeMOTeX- | 3Haem OCHOBBI cxemoTeX- | He 3Haem 0CHOBBI CxeMO-

HUKU (YHKIMOHATBHBIX
YCTPOKNCTB aBTOMaTHU3HPO-
BAHHBIX CUCTEM, OCHOBBI
CXEeMOTeXHHUKH IU(po-
aHaJIOrOBbIX TpeoOpa3oBa-
Tenel;

[TpuHIUIBl paboTHI AaTYN-
KOB JI/I1 U3MEpeHUsI MeXa-
HUYECKUX BeJTUUHH.
Crioco0bI UCITO/Tb30BaHUS
KOMIIbIOTEpA [Jis1 yTIpaBJie-
HUS XO/JOM 9KCIIepUMEHTa.
OO0111vie TIPUHIUTIBI U TPe-
OoBaHMsl, TIPe/IbsB/ISIEMbBIE
K aBTOMaTHU3UPOBaHHBIM
cructeMaMm. - CocTaBHbIe
KOMITOHEHThLI aBTOMaTHU3HU-
POBaHHBIX UCC/II0BATE/Tb-

HUKH (QyHKLMOHATBHBIX
YCTPOMCTB aBTOMAaTH3U-
POBAHHBIX CHUCTEM, OCHO-
BbI CXeMOTEXHUKH UG-
PO- aHaJIOTOBBIX MTPe00d-
pa3oBareJieli; [IpuHLUTIBI
paboThI JaTUMKOB JI7IsT U3-
MepeHHUs] MeXaHUUeCKUX
BemunH. Crioco0bl Uc-
TI0/Tb30BaHUsT KOMITBIO-
Tepa Jijisl yIipaB/IeHus X0-
JoM 3KcriepumenTa. O6-
I1[¥ie TIPUHIUIIBI U Tpe6o-
BaHWs, PeIbsIB/IsieMbIe K
aBTOMAaTU3UPOBAHHBIM
cucreMaM. - CocTaBHbIE
KOMITOHEHTHI aBTOMaTH-
3WPOBAHHBIX UCC/Ie/I0Ba-

TeXHUKHU (DyHKI[FIOHAIb-
HBIX YCTPOMCTB aBTOMa-
TU3UPOBAHHBIX CHUCTEM,
OCHOBBI CX€MOTEXHUKU
1K(po- aHa/IOTOBBIX
nipeobpasoBareriei;
[MpunHIUnBl paboThl JaT-
YUKOB [JI1  WU3MEpPEeHHUs
MeXaHUYeCKUX BeUUUH.
Crioco6bl MCIOTb30BaHUs
KOMITbEOTEpa [yl yIipaB-
JIeHUs1 XOJIOM  3KCIlepH-
meHTa. OOLue MPUHIM-
bl ¥ TpeOOBaHUs, TIPe/b-
sIBJIsleMble K aBTOMaTU3U-
DOBaHHBIM CHCTEMaM. -
CocTaBHBIE KOMITOHEHTBI
aBTOMAaTU3UPOBAaHHbIX UC-
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CKHX CHUCTEM.

Te/IbCKUX CUCTEM.

C/1e10BaTe/IbCKHUX CHUCTEM.

YMmeem TIpUMEHSITh TIPUH-
I[UITBI TTPe0Opa3oBaHus
Pa3/INYHbIX GU3NUECKUX
BeJIMUMH B L[U(POBYIO
dopmy. IIpumMeHSTH U3Me-

YMeeT TNPUMEHSATh TIPUH-
UMl TIpeoOpa3oBaHus
Pa3IMUHbIX  (HU3NUECKHX
BeJIMUMH B LU(PPOBYIO
dopmy. ITpuMeHSTH U3Me-

He yMeem NpUMEHST MPUHL{H-
Tbl NpeoGpa3oBaHust pa3/ny-
HbIX (PU3MUECKUX BEJTMUMH B
tudposyto dopmy. [Tpume-
HATb U3MepUTe/IbHbIe
JlaTYMKH, UPpo-aHaio-

pUTeNbHbIE JATUNKH, pUTe/bHbIe JATUUKH,

rOBble U aHa/I0roBO-L{ud-
1[i(po-aHa/lOTOBbIe U aHa- | LU(pPO-aHAIOTOBbIe u

poBbIe Tipeobpa3oBaTesv
JIOTOBO-1[(POBLIe Mpeob- | aHa/IoroBo-1[UdpoBLIe
pasoBarenu npeoOpa3oBaTesu

Bnadeem HaBbIKamu Mpu-
MeHeHHs1 U3MepUTe/TbHBIX
JaTUMKOB, LU po-aHao-
TOBBIX Y aHAJIOTOBO-LIU(-
POBBIX TIpeoOpasoBaresnie;
HaBbikamy TpakTUuecKoin
peanu3alid  aBTOMAaTU3M-
POBaHHOM CUCTEMBI HCCIIe-
JoBaHvW. HaBblkamu mof-
K/IFOUeHUs] K KOMITbIOTepYy
nepudepuiiHbIX YCTPONCTB
U ero KOMMYHHUKAalUU C
JOPYTMMH  KOMIIbFOTEpaMH,
VICTIOJIb3YSl Tapasule/bHbIN
Y T0C/Ie[ioBaTe/IbHbIA MH-
Tepdelichl CoeIMHEHUH.

Bnadeem HaBbIKamMH TMpU-
MeHeHHs1 U3MepUTe/TbHBIX
JaTUMKOB, LU po-aHao-
TOBBIX Y aHA/IOr 0BO-LIU(-
POBBIX MMpeoOpa3oBa-

Tesneu;

HaBblkaMu  npaKkTH4ecKO#
peajM3alii aBTOMaTH3UPO-
BaHHOW CHCTeMBI HCC/Iei0Ba-
Hul. HaBbIKamMu nojk/ioye-
HUA K KOMINBIOTepy nepude-
PHMITHBIX YCTPOICTB H €ro
KOMMYHHKaIlMH C JPYTHMH
KOMIBIOTEPaMH, HCIO/Ib3Ys
napa/ule/IbHBIN U M0C/Ie/|0Ba-
TeJIbHbIH HHTepgeicsl  Co-
e TUHEeHHUH.

He 81adeem HaBbIKaMu
TIpUMeHeHUsI U3MepH-
TeJIbHBIX [JaTUUKOB,
LM(pOo-aHa/IOroOBbIX U
aHa/IoroBO-LIU(PPOBBIX

ripeobpa3oBaresei;
HaBblkamy mpakTH4ecKoi pea-
JIM3aLUM aBTOMAaTH3UPOBaHHOM
cucTemMbl uccienoBaHuil. Ha-
BbIKAMM  TIOJK/IIOUEHUS K
KOMIIbIOTepY — TiepudepuitHbIX
YCTPOWCTB U €ro KOMMYHHKa-
LMU C JPYTMMH KOMIIbIOTepa-
MU, WCIIOJB3YS TTapasulebHbINA
U TOC/Ie[OBaTe/bHbIA HUHTEep-
(eticpl coeTUHEHUH.

4.3. KpuTepum OLleHUBaHHs 3a4yeTa

[TMCcbMeHHBIM W THWCbMEHHO-YCTHBIM OTBeT  CTy[EeHTa II0 BOMpOCam
JUCLIUIIIMHBI OL|€EHVBAeTCs MOJOXKUTENBHO C BBICTAB/IEHUEM OLIEHKU «3auTeHO0» B
C1efyHOLMX Cydasx:

— CTyZeHT 1yOOKO U TIOJHO BJaJieeT cofiep)kaHueM yueOHOro marepuasa; ymeer
CBS3bIBaTh TEOPUID C TIPAaKTUKOW, pelllaeT COOTBETCTBYHOIUE  3a/aui,
TeopeTUUeCKHe BbIBOJbl MOATBEP)KJaeT rMpuMepamu. [le/aeT BbIBOABI JIOTMYHO,
yeTKo. SICHO M KpaTKo u3/araeT OTBeTbl Ha MOCTaB/JIeHHbIE BOIPOCHI; YMEET
000CHOBbIBaTb CBOM CyXJeHUsi. JlaH TIONMHBINA, pa3BEPHYTHI OTBeT Ha
TIOCTaBJ/IEHHBIA BOMPOC; IMOKa3aHa COBOKYIMTHOCTb OCO3HAHHBIX 3HaHUM 00 0OBeKTe
W3yueHus, YTBEP)KIEHWs TeopeM TMpHBeZieHbl C JO0Ka3aTelbCTBAaMHM, CBOOOAHO
ornepupyeT MOHATUSIMU, TEDMUHAMU; B OTBETe MPOC/Ie)KUBAETCS UETKasi CTPYKTYPa,
BBICTPDOEHHAs B JIOTUUECKOU TMOC/IeJ0BaTeIbHOCTH; OTBET U3JIOKEH JIMTepaTypPHbIM
IrPAMOTHBIM $I3bIKOM M HOCUT CaMOCTOSITE/TbHBbIM XapaKTep; BCe pelleHUs 3ajau
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BBITTOJTHEHBI BEPHO.
— OTBET CTy/IeHTa COOTBETCTBYET YKa3aHHBbIM BbIIIle KPUTEPHSIM, HO CO/lep)KaHHe
OTBETa UMeeT OT/e/IbHble HETOUHOCTU (HECYI|eCTBEHHbIE OMIMOKH) B WU3/IOKEHUU
TEOPEeTUYECKOT0O W TPAaKTHUeCKOro  Marepuasna, OT/IMYaeTCs  MeHbIIel
00CTOSATE/THOCTBI0, TITYOHHOM, 060CHOBAaHHOCTBIO Y TMOTHOTOM; OBI/IM JOMYIIE€HbI
HETOUHOCTH B OTpeZe/ieHUH TIOHATHM, AOMYIleHbl He3HauuTe/bHble OIMOKU B
pellleHWW 3a/lad, /OMYyll[eHHbIe OIMMOKK WCIIPAB/ISIOTCS CTYIEHTOM TI0C/ie
JOTIOJTHUTE TbHBIX BOTIPOCOB 3K3aMeHaTopa.
— CTyZleHT oOHapy>KUBaeT 3HaHUe Y TTIOHMMaHWe OCHOBHBIX TOJIOKEeHHH yueOHOTro
Marepuasa, HO U3/laraeT €ero HeMoJHO, Heroc/iefoBaTe/bHO, [IOMyCKaeT
HETOUYHOCTH U CYIIIeCTBeHHbIE OIMOKUA B OTpe/e/IeHUU TTOHATHH, (hOpMYTHPOBKE
TOJIOKEHWH, HaO/MofaeTcss HapyllleHHe JIOTUKHA W3J/IOKEHHUS; B OTBeTe He
MPUCYTCTBYIOT JOKa3aTe/bHble BBIBOAbLI; C(HOPMHPOBAHHOCTb YMEHHI IOKa3aHa
cs1abo, JOTTyIIeHbl He3HAUMTe/TbHbIe OIMOKY B PEIIeHUH 3a/au.

OLleHKa «He 3a4YTeHO0» 33 IMMChbMEHHBIM M TMCbMEHHO-YCTHBIA OTBET
CTy[eHTa I10 BOIIPOCaM [JUCIIMTUIMHBI BBICTAB/ISIETCS B C/TyUasix, KOrja:
— CTYeHT WMeeT pa3po3HeHHble, OecCHCTeMHble 3HAHUS: He YMeeT BbIJIeJISITh
I7laBHOE W BTOPOCTEIIEHHOe; [IOMyCKaeT OIMMOKU B OIpe/ie/leHud TIOHATHH,
(hopMYMPOBKe TeOpeTUUeCKUX TIOJIOKEHNH, UCKaXKaeT WX CMBICIT; OeCTIopsiZIouHo U
HeyBepeHHO M3/laraeT MaTepuar;
— He yMeeT COe[WHSTh TeOpeTUUeCKWe TIONIOKEeHHsI C TIPaKTUKOW; He yMeeT
NIPUMEHATb 3HaHUsA i1 000CHOBaHUS U 00BsiCHEeHHs (DAKTOB, He yCTaHAB/IMBAeT
MEXXIPeZIMETHBIE CBSI3H.

4.4. Pe3ysbTaTbhl NPOMEXYTOYHOM aTTeCTallid M YPOBHM C(OPMHPOBAHHOCTH

KOMIIeTeHIUH
YpoBeHb OCBOEHUs] KOMITeTeHLIUM O1eHKa
[TpogBUHYTHIN 3aUTeHO
ba3oBbIii 3aUTeHO
IToporosei 3auTeHO
KOMITeTeHL[MU He ChOPMHUPOBAHbI He 3auTeHO

YpoBHu popMupoBaHNsi KOMIIEeTEeHIMHU:

1. TToporoBbIi YpPOBEHB:
® mpeprnosiaraetT (OpMUpPOBaHME KOMIIETEHLIMM Ha HauyajlbHOM YDOBHE:
3HaHUe 00beKTa, MpeiMeTa, 11e/, 3aJau MpeoOpa3oBaHUs PA3IAUHBIX
¢bur3nUeCcKrx BeJIMUKH B LU(POBYIO hopMmy;
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CTyJeHT crnoco0eH [iaBaTb OTBETbl Ha TeOpeTHUeCcKHe BOIPOChHI
MUCLIMTUIMHBI, WCTOMb30BaTh 0a30Bble TEepPMUHBI; TPECTaB/sATh B
KOHTPOJIbHOW O00IllMe XapaKTepUCTHUKU 00beKTa, TpeAMeTa, LeH,
3aza4 KOMITbFOTEPHOU aBTOMaTHU3aLn 5KCIIePUMEHTa;
MHTEPIPeTUPOBaTh YUeOHYIO UTEpPaTypy U CIIPaBOUHbIE MCTOUHUKU
10 KOMITbFOTEPHOU aBTOMaTHU3aL[y SKCIIePUMEHTa.

2. ba3oBbIil ypOBEHb:

npeArnosiaraeT (QopMUpoBaHWe KOMIIETeHI[M Ha 0osiee BBICOKOM
ypoBHe: (QopMHUpyeTCs 3HaHWE MeTO/OJIOTUM  TipeoOpa3oBaHUs
pa3/MuHbIX  (U3UYeCKMX BeqMUMH B LUbpPoBylo  dopmy,
COOTBETCTBYIOIIUX TEPMUHOB, OCHOBHBIX HAYUHBIX TPYZOB;

CTyZeHT crioco0eH [aBaTh pa3BepHYTbie OTBEThl Ha TeOpeTHYeCKHe
BOTIPOCHI  TUCIIUTUIMHBI, TIPEACTaB/sATL B JOK/IaJie  TIOAPOOHBIe
OT/IMUMTE/TbHbIEe XapaKTePUCTUKU COBPEMEHHBIX OTpacjeid, MeTO/IOB
aBTOMaTH3alluyd SKCIIePUMEHTa; UHTEepPIIPeTUPOBaTh U aHa/M3UPOBaTh
HayuHble TPyAbl T0 aBTOMAaTH3alliMd SKCIIePUMEHTa; HWCII0/Ib30BaTh
coBpeMeHHble ~ MH(OPMAallMOHHbIE  TEXHOJIOTMM B OCHOBE
CXeMOTeXHUKE.

3. [IpoABUHYTHIN YPOBEHb:

npesrnosniaraeT (OpPMUpPOBaHHWE KOMIETEeHI[Mi Ha BBLICOKOM YPOBHE,
TOTOBHOCTb K CaMOCTOSITe/TbHOM MpO(deCcCUOHATbHON [1eITebHOCTH:
dbopMupyeTcst 3HaHUe O crieliu(rKe COBpeMeHHbIX HH(OPMaIMOHHbBIX
TeXHOJIOTUY B aBTOMaTH3allud 3KCIIepUMeHTa, CUCTeMbl TEPMUHOB,;
aKTya/IbHbIX ~ HarpaB/eHUsIX  KOMIIbIOTEDHOW  aBTOMAaru3aluu
9KCTMIePUMEHTa;

CTyJeHT CrocobeH WCI0/b30BaTh CHUCTEMY HAayUHbIX TTOHSATHM
KOMITLIOTEPHOM aBTOMAaTH3alluM dKCTIepuMeHTa; TTyOO0KO pacKphbIBaTh
B JIOK/ajie CrieliuuKy COBpeMeHHbIX MH(GOPMAlMOHHBIX TeXHOIOTUH
B aBTOMAaTH3alluM JKCTMepUMeHTa; CaMOCTOSATE/NbHO TPUMEHSTh
TeopeTuuYeCckKue 3HaHWsl [Jjis1 TUJIAHUPOBAHUS HWCC/IeOBAaHUS C
TIOMOII[bI0 KOMITbIOTEPHBIX TEXHOIOTHHA.
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