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MMHOBPHAYKU POCCUUA

defepanbHOe FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBaTeIbHOe
yUpeXXieHre BhICIIero o6pa3oBaHus
«YensabuHCcKU rocygapcTBeHHblii yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Ol

Muacckuii punvan
Kadenpa npukiafHoi MaTeMaTHKA

DoH/, OLIeHOYHBIX CPEJCTB 0 AUCLUIUIMHE «JIorrnyeckoe IporpaMMHApOBaHUE»
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Bepcus fokymenTta - 1

cTp. 4 u3 38

[TepBeIii 3K3eMIUISIP

KOITHA Ne

1. ITACITOPT ®OHJA OOEHOYHbLIX CPEJCTB

HanpaBnenue noaroroBku: 01.03.02 I1pukaaoHas mamemamuka u uH¢hopmamuka
HanpaBneHHoCTH (ripoduiib): Mamemamuueckoe MooeaupogaHue
Hucuunnmza: JIoeuueckoe npo2pammuposaHue

CemecTp usyueHus: 8

dopma rpoMeXXyTOUHOM aTTeCTalun: 3auém

2. IEPEUEHHh ®OPMUPYEMbBIX KOMIIETEHITVN

2.1. KomneTeHIIMH, 3aKpeIIéHHbIE 3a JUCHMIIMHOU
N3yyeHue JUCLUIUVIMHBI «J/IorMueckoe nmporpaMMHpOBaHKe» HaripaB/eHO Ha
dhopmMupoBaHUe CreAyIIMMX KOMITeTeHIUH:

Kopapl Copepxkanue VHauKaTOphl JOCTUKEHUS ITepeueHs ryiaHUpyeMbIX
KOMITeTEeHI[UH KOMITeTEHI[UI KOMITeTEHI[MI B COOTBETCTBUM | pe3y/bTaTOB 00yUeHHs T10
(mo ®I'OC) | cormacHo PI'OC c OIIOIT JUCIUTITUHE
YK-4 Criocoben YK-4.1 Nmeet tipefcTaBieHve | 3Hamb TEPMHAHOJIOTHIO
OCYIIIeCTB/ISATh 0 TMpaBU/ax U NMPUHLUIAX TIpeIMeTHOM 00/1aCTH Ha
JleJIOBYIO JleJIOBOM YCTHOM U aHTIMMCKOM $I3bIKe
KOMMYHUKAI[MIO B | MMCbMeHHON KOMMYHUKALIUU Ymemb 1iepeBOJUTb Ha
YCTHOU U Ha roCyJjJapCTBEHHOM SI3bIKe PYCCKUI1 SI3bIK U
MACbMEHHOU Poccutickont ®efepariuu u dbopMynupoBaTh Ha
dbopmax Ha MHOCTpPaHHOM(BIX) si3bIKe(ax). aHTIMMCKOM $I3bIKe
rocygapcrseHHOM | YK-4.2 JlemoHCTpUpyeT IIOCTAaHOBKHU 3a/1a4 C
SI3bIKE yMeHUe OCYLeCTBISTh WCTI0/Tb30BaHUEM S3bIKa
Poccutiickoit [leJIOBYHO KOMMYHHUKALMIO B [Tponor.
®denepaliuy 1 YCTHOU U NMMUCbMeHHOU Bnademb HaBbIKaMu
“HOCTpaHHOM(BIX | dhopMax, UCTIOB30BaTh METOAbI | hopMynMpoBaHUs Ha
) si3biKe(ax) Y HaBBIKH /IeJIOBOTO OOIEeHUs. | aHIJTUHCKOM SI3bIKe
YK-4.3 ImeeT HaBbIKU MOCTAHOBKMU 3a/1au C
JIeJIOBOTO OOLIeHUs Ha WCTI0/Tb30BaHUEM S3bIKa
rOCy/lJapCTBEHHOM $I3bIKe [Tponor.
Poccutickoit ®enepaliuu u
MHOCTPaHHOM(bIX) sI3bIKe(ax)
[K-2 CriocobeH [MK-2.1. leMoHCTpHpYyeT 3Hamb H6a30BbIe
VICII0/Ib30BaTh 3HaHUe CTela/IM3UPOBAHHbBIX | KOHLIEIMIUN
0a3oBbIe SI3bIKOB MIPOTPAMMUPOBaHUs U | [leK/lapaTUBHOU
aZIrOPUTMbI U TIPOBe/IeHHs] MaTeMaTUYeCKUX | MapaurMbl JIOTUUeCKOTO
cpeAcTBa pacueToB, TEXHOJIOTHYECKOH MpOrpaMMHPOBaHUS U
MPOEKTUPOBAHUsS | Cpefibl TPOrpaMMKPOBaHHUS, KJIaCChl 3a/jay,
MIPOrPaMMHOTO TOPsIJOK OpraHu3alyu (hopMyMpyeMbIX U
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DI'BOY BO «Henl'¥Y»

Bepcus fokymenTta - 1

cTp. 5 us3 38

TlepBblii 3K3eMILISIp

KOITHA Ne

obecrieueHus

BBIUMCJIUTE/TLHOTO MPOoLiecca,
WHCTPYMEHTaJIbHbIE CPe/ICTBA
JUTst pa3paboTKu
TIPOrpaMMHOT0 0b6ecrieueHus.
[IK-2.2. Yutaer
JOKyMEHTAL[|IO T10 OTTMCAHUIO
Cpe/ibl IPOrpaMMHPOBAHUS U
OpraHu3al|uu
BBIUMCJIUTE/TLHOTO MPOoLiecca,
paboTaeT ¢ mporpaMMHBIMU
CpeZiCTBaMH OO0II[eTO
Ha3HaueHUsl, IPUMEHsIeT
WHCTPYMeHTaJTbHbIe CPe/[CTBA
JUIs1 pa3paboTKu
TIPOrpaMMHOT0 00eCITeUeHus.
[TK-2.3. VimeeT npakThue CKUI
OTIBIT COCTaBJIeHUS
MaTeMaTH4eCKOro OMUCaHUs
00BEKTOB MCCeI0BaHNS,
pa3paboTKH aJIrTOPUTMOB,
OT/IAZIKK TEKCTOB TIPOTPAMM.

pelllaeMbIX B paMKax
JIOTUUEeCKOTO0 Mo/X0/a K
TTOCTPOEHUIO SKCITePTHBIX
CUCTEeM U peLleHUIO 3a/jau
HCKYCCTBEHHOTO
VHTeJIIeKTa; CUCTeMbI
JIOTUYECKOTO
TIPOrpaMMUPOBaHUsT
[Mponor-[, SWI-Prolog,
GNU-Prolog u Visual
Prolog.

Ymemb IpUMeHATb
PEeKYPCHBHbIE METO/IbI U
CTPYKTYDBI JAHHBIX B
JIOTUYEeCKUX TTPOTrpaMMax;
TIPUMEHSITh BCTPOEHHbIe
JIoTUYeCcKue TpeJuKaThl B
cpenax [Iponor-/, SWI-
Prolog, GNU-Prolog u
Visual Prolog.

Bnademb HaBBIKOM
CaMOCTOSITe/IbHOTO
CO3/IaHusI TIPOCTHIX 6a3
3HaHWM; pa3paboTKH
TIPOCTBIX JIOTUUeCKUX
TIporpaMM B cpefiax
[Mponor-[, SWI-Prolog,
GNU-Prolog u Visual
Prolog.

3. COAEP)XAHME OIIEHOUYHbBIX CPEACTB I10 AUCLHHUITVIMHE

3.1. Bujbl 011eHOUHBIX CPeACTB

HaumenoBanue HavmeHnoBaHue
Kop komnieTeHLm/ OLIEHOUHOT0 OLI€EHOYHOI0
Ne KonTponvpyemslie A H ! H
TJlaHUpyeMble Pe3y/bTaThl cpejiCTBa AJist Cpe/icTBa Ha
n/n TeMbl/ paszie’ibl .
obyueHus TeKyLero TPOMEKYTOUHOM
KOHTPOJIsI aTTecTaluu
1 | BBenenue B YK-4 [TepeBog, cTaretii 110 Tecr, 3amaua
JIOTUYeCKoe 3Hamb TepPMUHOJIOTHIO “HGOPMaIMOHHBIM
MpOrpaMMHUPOBAHUE | TIpeIMETHOM 00s1acTh Ha TEXHOJIOTHSIM C

Y OCHOBBI S13bIKa
ITponor

aHIVINHCKOM SI3bIKe

Ymemb niepeBoJUTh Ha PyCCKUM
SI3bIK ¥ (DOPMY/TUPOBATh Ha
AHIVIMMCKOM sI3bIKe [10CTaHOBKU

aHT/IMHCKOTO Ha
PYCCKUi1 SI3BIK.
3amauu Ay
KOHTPOJIbHBIX
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MIHOBPHAYKI POCCHUU

defepanbHOe FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBaTeIbHOe
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Bepcust sokymenra - 1 cTp. 6 m3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne

3a71au C UCTIOTb30BaHUEM sI3bIKa
[Iposior.

IK-2

3Hamb 6a30BbIe KOHLETILIMK
JIeK/TapaTUBHOM MapaiurMbl
JIOTWYeCKOT0 TIPOrPaMMUPOBaHMUS
Y K/1acChl 3a/1au,
(hopMyMpYyEeMBIX U pelllaeMbIX B
paMKax JIOTHYecKoro Moxoza K
TOCTPOEHUIO FKCTIEPTHBIX
CHCTEM U PEIIeHUI0 3a/1au
WCKYCCTBEHHOTO UHTeJIIEKTa;
CHCTEeMBI JIOTHUEeCKOTO
nporpammupoBanus [Iponor-/1,
SWI-Prolog, GNU-Prolog u
Visual Prolog.

Ymemb npUMeHSITb PeKypCUBHbIe
METO/[bl U CTPYKTYPhI JIAHHBIX B
JIOTUYeCKUX MPOorpaMMax;
MIPUMEHSIT BCTPOEHHbIe
JIOTUYeCKHe TIPe/INKaThl B Cpe/iax
[Tponor-/1, SWI-Prolog, GNU-

pabot

Prolog u Visual Prolog.
Perienue 3ajau YK-4
MeToAaMHu Bnademb HaBbIKaMu
JIOTUYeCKOTO (hopmynrpoBaHUs Ha

TPOrpaMMHUPOBAHUST | AHITIMKACKOM $I3bIKe IT0CTaHOBKU [epeBog cTareii 1o
3a/lau C UCI0/Ib30BaHUEM s13bIKa VMH(OPMaLMOHHBIM

[Tposnor. TEXHOJIOTUSIM C
I1K-2 aHIVIMICKOTO Ha
2 . Tecr, 3amaua
Bnademb HaBBIKOM PYCCKUH SI3BIK.
CaMOCTOSATeTbHOT0 CO3/laHUs 3ajaum st
MPOCTHIX 6a3 3HAHMI; KOHTPOJIBHBIX
pa3paboTKu MPOCTBIX pabot

JIOTUUEeCKUX ITPOrpaMM B cpefiax
Iponor-/, SWI-Prolog, GNU-
Prolog u Visual Prolog.

TuroBble 3aJaHuWs, KPUTEPUU W TIOKa3aTeId OLIeHWBAaHUS B paMKaxX TeKYIIero
KOHTPOJISI TIPe/ICTaB/IeHbl B pabouel mporpaMMe AMCHMIVIMHBL (Momyst). ITosHble
KOMIT/IEKTBI OL[€HOUHBIX CPEJCTB W KOHTPOJbHO-U3MEPUTE/bHBIX MaTepuaioB
XpaHsTCs Ha Kadepe.

3.2. CopepxaHue OLeHOYHBIX CPeJCTB
TecToBbIe 3afjaHus N0 JUCIUILVIHHE «/loruyeckoe mporpaMMHupoBaHHue»
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MIHOBPHAYKI POCCHUU

defepanbHOe FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBaTeIbHOe
yUpeXXieHre BhICIIero o6pa3oBaHus

«YensabuHCcKU rocygapcTBeHHblii yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan

Kadenpa npukiafHoi MaTeMaTHKA

CDOH,E[ OLI€EHOYHBIX CPeACTB 110 AUCLUIIINHEe «Jlornueckoe TNporpaMmMurpoOBaHue»

110 HarpaeJ/ieHuto noarotoBky 01.03.02 IpuknazHasi MaTeMaTrKa ¥ MHGQOpPMaTHKa, Mpodusib «MaTeMaTuueckoe MOJe/TUPOBaHe»

DI'BOY BO «Henl'¥Y»

Bepcust sokymenra - 1 cTp. 7 w3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne

Yacts 1. OTKphITHIE Bonipock (10 3ajanmin)

Ne | Bonipoc

1 | JauiTe onpefjeneHye J10ruueckou (geknapaTUBHOW) apaJurMel IporpaMMUpoBaHys. B uém
3aK/IrouaeTcs eé pyHaMeHTalbHOe OT/IMYMe OT UMIIePaTUBHOIO MOAX0/a?

2 | Onuiumre CTPYKTYPY NpOrpaMMel Ha si3bike TTposior. VI3 kakvx 6a30BbIX KOMIIOHEHTOB OHa
COCTOMT U KaK CHCTeMa MHULIMMPYeT NOMCK OTBeTa Ha 3arpoc?

3 | O6bsicHuTe MexaHu3M yHH(UKaLMK (OTOXKJecTBIeHus TepMoB) B [1posore. Kakyto posib oH
WTpaeT B MIPOIleCCe COTIOCTABJIEHUS 3arpoca C (hakTaMu U TIpaBUIaMy 0a3bl 3HAHUK?

4 | Packpoiite ripuHLMIT paboThl MexaHH3Ma rorcka ¢ Bo3BparoM (backtracking). B kakux
CHUTYalMsIX TIPOMCXOJUT OTKAT K MpeAbIAyIel TOuKe BEIOOpa M KaK UM MOYKHO YTIPABJISITh?

5 | Onuiuvre CUHTAKCUC U BHYTPEHHIOI CTPYKTYPY CIIMCKOB B IIposiore. Kak BoigensaroTcs
r0JIOBa M XBOCT CTIMCKA, M KaK 3TOT NIPUHLIMIT UCTIO/b3yeTCs TIPYU PeKypPCUBHOW 00paboTke
JaHHBIX?

6 | OOBsicHUTe Ha3HaUEHUEe W MeXaHU3M JIelCTBUS Tipeivkara otceuenus (!). Kakue 3amaun
ONITUMH3alY BBIYMCIEHUN U MTPeJ0TBpallieHHs1 n30bITOUHOrO repebopa OH pelaet?

7 | OnuiuurTe nporjecc paboTkl ¢ 6a3amu 3HaHMM B cpefax SWI-Prolog u ITposor-/I. Kak
3arpy’karoTcsi BHeIllHUe (paii/ibl, BBITIOIHSETCS 3alpoC ¥ UHTEPIIPeTUPYIOTCS
MHO)KECTBEHHbIE OTBETbI CUCTEMBI?

8 | Packpoire noHATHE pEKYypCUM B JIOTUYECKOM NIpOrpaMmupoBaHuu. [Ipuseaure npumep
PEKYPCUBHOIO Mpe/ivKara /i/isl BbIUKMCIEeHUs JJIMHbI CITMCKA WU CYMMBbI €0 371eMEeHTOB.

9 | CpaBHuTe MpaBU/a CUHTaKCcHCa IiepeMeHHbIX B Auanekrax [Iponor-ZI u SWI-Prolog. Kakue
TpeboBaHus NpebsB/ISIOTCS K MepBoii OyKBe MMeHH NepeMeHHOM U Kak OIpe/iensieTcs eé
001aCTh BUJUMOCTH?

10 | ITepeBesnTe Ha PyCCKUM SA3BIK U [JaiiTe KPaTKoe MOsICHEHHe K/TH0UeBbIM TePMUHAM U3

TeXHUUYeCKOU JOKyMeHTal[uM Ha aHT/InMCKOM si3bike: fact, rule, query, backtracking,
unification, cut.

Yacts 2. 3akpbiThie Bonpockl (10 3agaHuin)

Ne | Boripoc 1 BapyaHThI OTBETOB

1 | Jlornueckas rapajurma fiBjisseTcsl pa3sHOBUHOCTBIO:

1 | a) omepalMoOHHOTO MPOrPaMMHUPOBaHUsT; 0) JeK/1apaTUBHOTO MPOTPaMMUPOBAaHWUS; B)
CTPYKTYPHOTO TIPOTPaMMHPOBAHUST; T) 00bEKTHOTO MPOrPaMMHPOBAHUSI.

1 | MaremMaTtuueckyrO OCHOBY si3biKa IIposior cocrasisiet:

2 | a) A-ucuucsienre Yépua; 6) anredbpa CIIUCOUYHBIX CTPYKTYP; B) UCUHC/IEHHE TTPEeJUKATOB
repBoro rnopsizika (00beKThI TIPeACTaB/ISIOTCS AU3bIOHKTaMU X0PHaA); I') TeOpHsi KOHEUHbIX
aBTOMATOB.

1 | I'onoBa crivcka otfesnisieTcsi OT XBOCTa CUMBOJIOM:

3 |a)!;6);B)\;1)>

1 | Orceuenue B ITposiore 3a/jaeTcss CUMBOJIOM:

4 |a)!;06)/;B)\;1)"

1 | KommeHnTtapuu B IIposiore 3aar0Tcs nocjie CUMBOJIA:

5 |a)//;6)%;B){;r)/*

1 | 3ansiTasg MeXXay LieJiIMU B ONMCAHWU MPaBU/Ia WM B CJIOXKHOM 3arpoce CAYKUT aHa/I0OrOM
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MIHOBPHAYKI POCCHUU
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DI'BEOY BO «HUenl'Y»

Bepcust sokymenra - 1 crp. § m3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne

6 | cumBosa:
a) KOHBIOHKI[MH; 0) TM3bIOHKIIMY; B) OTCEUEHHSs; T) pa30reHusl.

Touka B KOHLIe OMMCcaHus TIpaBu/ia Win (akra sIB/sieTCsl aHa/IoroM CUMBOJIA:
a) KOHBIOHKI[UH; 0) JU3bIOHKIIMY; B) OTCEUeHHs; T) pa3bueHus (TepMUHaTOpa

YTBEPK/eHUSI).

N =

AHOHUMHasl TlepeMeHHasl 33/]JaeTCsi CHMBOJIOM:
a)a; 6)x;B) ;)"

[Mporpamma Ha ITpoJsiore eCcTb COBOKYITHOCTB:
a) mpaBu; 0) hakToB; B) yTBepKAeHUH (K/1ay3); ) COOBITHH.

YHudukaius — 3T0:
a) KOHKpPeTHU3allys TIepeMeHHbIX; 0) repeurc/ieHre; B) MpoBepPKa UCTUHHOCTH; T)
OTOKJEeCTB/IEHHE TEPMOB.

O N|O |00

Yacts 3. 3aganus Ha cooTBeTcTBHeE (5 3a/laHUN)

Ne | 3ajanue

2 | YcTaHOBUTE COOTBETCTBHE MEKY KOMIIOHEHTaMU JIOTMYeCKOU MPOrpaMMBbl M UX

1 | onucanuem:

1) ®akr; 2) [IpaBuno; 3) 3anpoc; 4) [Ipegukar

a) OTHolIeHre MeXTy 00beKTaMu TipeaMeTHOM o61acty; 6) be3ycioBHO UCTUHHOE
yTBepxxzeHue; B) COCTOUT M3 r0JIOBBI U TeJla, UCTUHHO TPY BbITIOJIHEHWW yCIOBUM; T)
Borpoc K crcteme 0 6e3yC/I0BHOM WK YCJIOBHOM MCTUHHOCTH YTBEPXK/€HUS

2 | YcraHOBUTe COOTBETCTBHE MeX/Yy OrnepaLysMu HaJ, CIIMCKaMU U UX

2 | CHHTaKCUCOM/pe3y/IbTaTOM:

1) [Tomosa | Xeocr]; 2) [1; 3) append(L1, L2, L3); 4) [a, b, c]\br>a) ITycToit criicok
(6a3o0BbIit ciyuait pekypcun); 6) KoHkareHalus IByX CITUCKOB B TPeTHi; B) Pa3enenue
CMMCKa Ha MepBbId /1eMeHT U 0CTaToK; I') CIMCOK 13 TPEX aTOMOB

N

YcTaHOBUTE COOTBETCTBHE MEX/Y ClleliaabHbIMKA CUMBOJIaMu [Iposiora 1 ux goruueckou
3 | posbtO:

1)%;2)!;3),;4).

a) OgHOCTpOUHBI KOMMeHTapwii; 6) OTceuenue (puKcarus BbIOOPa, 3arpeT BO3Bpara); B)
Jlornueckoe U (riocsefoBatebHOe BhIMIOHEHUe 1iesieid); ') TepMUHATOP Kiay3bl
(pa3bueHue yTBEpK/AEHUH)

2 | YcraHOBUTe COOTBETCTBUE MEXK/Y CUHTAaKCMUeCKUMHU MpaBUIaMU MepeMeHHbIX U

4 | puanekramu IIposora:

1) Haumnaetcsi co crpounoit 6ykebl v _ (IIposior-/]); 2) HaurHaeTcst ¢ MporyicHON
oyksel win _ (SWI-Prolog); 3) Cumeon _; 4) AToM, 3aK/TFOUEHHBIN B OJJUHAPHbBIE KABBIUKH
a) JlokasibHasi/TobanbHast lepeMeHHast KOHKPEeTHOTO JiiasekTa; 6) AHOHUMHas
riepeMeHHast (UTHOpUPYeTCs Py yHU(PUKaIuK); B) [IpaBuio uMeHOBaHUS IiepeMeHHbIX
SWI-Prolog; r) IlpaBuio nMeHoBaHus repeMeHHbIX [Tposior-/]

2 | YcraHOBUTE COOTBETCTBHE MEX/Y aHITIMACKUMU TEPMUHAMH U3 JOKYMEHTAL[U U UX

5 | pyCCKUMHU 3KBUBa/IeHTaMU/CYThIO:

1) fact; 2) rule; 3) backtracking; 4) clause

a) MexaH13M TOMCKa C BO3BPATOM K TPeIbIAYIIUM TOYKaM Bbibopa; 6) be3ycioBHO
HCTHHHOE YTBEP’KAEHHe 0 TIPeIMeTHOM 00/1acTH; B) YTBepxkeHue ((hakT Uiv MpaBuUIo),
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Bepcus fokymenTta - 1
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TlepBblii 3K3eMILISIp

KOITHA Ne

| cocTapsistiolee 6a3y 3HaHWH; T') YC/I0BHOe yTBep)KaeHHe Buzia «I'omoBa, ecyii Teno»

K/IIOYM K TECTY 1 KPUTEPU OLIEHUBAHUA

Ne BepHbliii oTBeT Kputepuu orjeHrBaHus

3a/jaHus

1 Jlornueckas rmapagurma OrmvchbiBaeT 1 6as: uéTKOe orpesiesieHue +
«UTO» HY)KHO BBIYMC/UTDL (MHp 3a/laud, | KOPPEKTHOE MPOTHUBOIIOCTAB/IEHHE
00BEKTBI, OTHOLIIEHHsT), a He «KaK» “MIepaTuBHOMY nogxozy. 0,5 6asia:
(mocsieoBaTeIbHOCTh KOMaH). TOJILKO OTIpefiesieHre Oe3 CpaBHEHHs UK
OTuume OT UMIepaTHBHOM: OTCYTCTBHE | HeTOYHOCTH. 0 6a/I/I0B: HeBepHOe
SIBHOTO YTIPaBJ/IEHUS TIOTOKOM MOHMMaHHWe TlapaIurMbl.
BBINOJIHEHMS], TIporpaMMa = 6asa
3HaHWM + 3arpoc, BbIYKUCIEHHe =
JIOTUUeCKUI BBIBOJI,.

2 [Tporpamma cocTout u3 GakToB, mpaBua | 1 6a: mepeuricjieHbl KOMITOHEHTHI +
u 3arnpocoB. Cucrema 3arpyskaet b3, OTMCaH MeXaHW3M UHULUUPOBAHUS
ToJIyyaeT 3ampoc, MbITaeTcs 0Ka3aTh BbIBO/a. 0,5 6as1a: TOTBKO KOMITOHEHTBI
ero UCTUHHOCTD TTyTEM COTIOCTaB/I€HUSI | WK TOJILKO MexaHu3M. 0 6as1/ioB:
C YyTBEP)XK/IEHUSIMU U BBIBOJIA MyTaHULIA C
JIOTUYEeCKUX CJIe[ICTBHUI. KOMITWJISILIMEe/MHTepIipeTaLieii Apyrux

SI3BIKOB.

3 YHudukaiys — rporiecc 1 6asun: ompeiesieHye + ponb B
COTIOCTaBJIEHUsI [IBYX TEPMOB C LieJTbI0 JlOKa3aTesbCTBe 3anpocoB. 0,5 0asa:
c/lenarh UX UIeHTUYHBIMU My TEM TOJBKO OTipefiesieHHe 6e3 CBS3U C
TIO/ICTAHOBKY 3HaueHUH B IepeMeHHble. | BbITIOIHeHeM. 0 0a/IioB: HeBepHOe
OcHOBa MexaHH3Ma /J0Ka3aTe/IbCTBa: MOHMMaHMe TIporiecca.
3anpoc YHUPULIUPYETCS C TOJI0BOM
ripaBuia/QakTa.

4 Backtracking — aBromatnyeckuii 1 6ast: puHLMT paboTh + yC/I0BUS
BO3Bpar K M0C/IeJHel TOUKe BbIOOpa cpabarbiBaHus + criocoObl ynpasnenust. 0,5
TIpY HeyZlaye B TeKyIlleil BeTKe 0as1a: TOJTBKO MPUHLMIT WU YCI0BUS. 0
BbIunC/ieHud. [Tpoucxoqut, ecnu Lenb 0a/I/I0B: TIyTaHUIIA C PeKypCUel Win
He MOXeT ObITh JJOKa3aHa UIu OLIMOKaMHU.
3arpoIleHbl albTepHATUBHbBIE PeIIeHus
(;). YripaBnsieTcsi oTCeueHueM !.

5 Crmcok = [T'onoBa | XBocr]. 'omoBa — | 1 6a/r: CTpyKTypa + MeXaHU3M
TIePBbI 3/IEMEHT, XBOCT — OCTaBIIMICS | peKypCcHUBHOI o6pabotku. 0,5 6asia:
CTIMCOK (MOKET OBITh MyCTHIM []). TOJIBKO CTPYKTypa be3 oObsicHeHus
Vcnonb3yeTcst AJisi peKypCUBHOM pekypcuu. 0 6an10B: HeBepHbIi
JeKOMITO3UI|H: 00paboTKa ToJIoBHI, CUHTaKCHUC.
PEKYPCHUBHBIM BbI30B /111 XBOCTA.

6 ! pukcupyet TeKyIIuii BLIOOp Tiesiel u 1 6a/un: MexaHu3M + >2 TIpaKTHUe CKUX

TiepeMeHHbIX, 3arpelijasi BO3BpAT Ha3af
yepe3 JAHHYIO TOUKY. Pelraet 3agaum:

3aj1au onTuMu3anuu. 0,5 6aJiIa; TOMbKO
MexaHu3M WM 1 3azava. 0 6as/10B:
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UCK/TIOUeHUE U30BbITOUHBIX BEIUMCIEHUH,
peanu3aius if-then-else,
JleTepMUHHU3alMs TIPe/IUKaTOB,
ONTUMU3AIHSI TTAMSITH.

HeBepHOe MMOHMMdHHEe OTCeYeHU .

7 3arpy3ka: consult('file.pl'") wu 1 6a/ur: KOMaH/BI 3aTPy3KH + MPOLECC
use_module. 3anpoc BBOAUTCS MOC/IE ?-. | BBITIONHEHUS + ocobeHHOCTH cpef. 0,5
CucTeMa BBIBOJUT true/Tio[iICTAHOBKH, 0aJs1/1a: TOJTBKO KOMaH/Ibl JTH TOJTBKO
1o ; ULLeT anbTepHaThBbl. SWI-Prolog ocoberHocTH. 0 0a/I/I0B: HEBEPHOE
nogaepkuBaetr REPL, oTnaguuk trace. OIMCaHue Cpe/bl.

[Tposnor-/] umeeT rpaduueckuii
HHTepdeiic.

8 Pexypcus: ripeuKar BbI3biBaeT cebsi C TI,N) :- len(T,N1), N is N1+1."
YMEHBIIIEHHBIM apryMeHTOM, I0CTUTast
6a3oBoro ciyuas (06e1uHo []). TTpumep:

“len([1,0). len([_

9 [Mposor-/]: mepemeHHasi HauMHaeTcsi cO | 1 6asI: KOppeKTHbIe TpaBUIa 000Ux
cTpouHoii Oyksbl umi _. SWI-Prolog: ¢ | guanekToB + obnacts BugumocT. 0,5
npornucHOU 6ykBbI umu _. O6nactb 0as1;1a: TOJIBLKO OZIHO TPaBUJIO Wu 6e3
BUJUMOCTH: JIOKaJTbHA B TIpe/iesiax obsact BUIMocTH. 0 6as/I/I0B: MyTaHUI[A
OJJHOTO yTBep>K/eHusl (K/ay3bl). B CUHTaKCHcCe.

AHOHMMHasi _ — He3aBUCHUMBbIe
9K3eMIIISIPhI.

10 fact — daxr; rule — paBusio; query — 1 6a/un: BepHBIi TIepeBoji BCeX 6 TEPMUHOB
3arpoc/uenb; backtracking — mouck c + Kparkoe rosicHeHue. 0,5 6aa: 34
BO3BparoM; unification — yHubukarms; | tepmuHa. 0 6a/I0B: <3 TEPMUHOB WU/
cut — oTceyeHue. OLIMOKH.

11 0) JeKapaTUBHOTO MPOrpaMMupoBaHus | 1 6asT 3a MpaBU/IBHBINA BEIOOD. 0 6a1/10B

3a OIIHOKY.

12 B) MCUHMC/IeHHE TIPeJUKATOB TIEPBOTO 1 6as1 3a MpaBU/IBHBINA BEIOOD. 0 6a/10B
ropsifka (0OBEKTHI IPe/ICTaB/ISAIOTCS 3a OIIHOKYy.

JU3bIOHKTaMu XOpHa)

13 0)° 1 6as1 3a MpaBW/ILHBIN BeIOOP. 0 6am10B

3a OLIMOKY.

14 a)! 1 6as1 3a MpaBU/IBLHBINA BEIOOD. 0 6a/1/10B

3a OLIMOKY.

15 6) % 1 6as1 3a MpaBU/IBHBINA BEIOOD. 0 6a//10B

3a OLIMOKY.

16 a) KOHBIOHKI[UH 1 6a/1 3a MpaBWILHBIN BeIOOP. 0 6a1I0B

3a OIIHOKY.

17 r) pa3buenus (TepMHUHATOPA 1 6as1 3a MpaBWILHBIN BeIOOP. 0 6aI0B
YTBEPKIEHHS]) 3a OIIHOKY.

18 B) _ 1 6a/1 3a MpaBW/ILHBIN BeIOOp. 0 6a1I0B

3a OIIHOKY.

19 B) YTBepKAeHMH (K/1ay3) 1 6as1 3a MpaBU/IBHBIN BEIOOD. 0 6a1/I0B
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3a OIIHOKY.

20 I') OTOXKJeCTB/IEHHEe TEPMOB

1 6a1 3a MpaBU/IBHBINA BEIOOD. 0 6a//10B
3a OIIHNOKY.

21 1-6, 2-B, 3-T, 4-a

1 6asn 3a Bce BepHble napsl. 0,5 6asia 3a
2-3 BepHble niapsl. 0 6a/10B 3a <1 BepHyIO

napy.

22 1-B, 2—a, 3-0, 4-1

1 6as1 3a Bce BepHble napsl. 0,5 6aia 3a
2-3 BepHble iapel. 0 6as/10B 3a <1 BepHyHO

napy.

23 1-a, 2-0, 3-B, 4T

1 a1 3a Bce BepHbIe napel. 0,5 6asia 3a
2-3 BepHble niapel. 0 6a/110B 3a <1 BepHyIO

napy.

24 1-1, 2-B, 3-0, 4-a

1 6as1 3a Bce BepHble naphl. 0,5 6asia 3a
2-3 BepHbIe nlapbl. 0 6a/I0B 3a <1 BepHYIO

napy.

25 1-6, 2-1, 3—a, 4-B

1 6as11 3a Bce BepHbIe Taphl. 0,5 6asia 3a
2-3 BepHble Tiapbl. 0 6a/110B 3a <1 BepHyIO

napy.

IIIka/1a mepeBojia 0a//I0B B OLIEHKY

Cymma 6anioB | OrieHKa

YPOBEHB 0CBO€HUA KOMHETEHL[I/Iﬁ

13-25 3auTeHo

[ToporoB.siti / ba3osslii / [IpoABUHYTHIN

0-12 He 3auteHo | KomrieTeH1IMM He ChOpMHUPOBaHbI

Ot1ieHOUHbIe CpeACTBa Tpe/cTaBieHbl HabOpOM 3ajau [Jisi TIPOBeJeHUs
KOHTPOJIbHBIX paboT, BBLITIOJHSIEMbIX CTy[AeHTaMH B 3ajlaHHble CPOKH, TECTOM M
HabopoM 3azay, TMpeAro/ararwluX KOMITBIOTEPHYIO peasiv3alidio, OLieHWBaeMyHo
TiperioZiaBaresieM B IIPUCYTCTBUU 3K3aMeHYeMOro.

3.2.1. 3agauu /151 NPOBe/IeHHsI KOHTPO/IBHBIX PadoT.

3ajaun [/ TIPOBeJieHWs] CaMOCTOSITeNbHBIX paboT cobpaHbl Ha caiiTe
aBTOMAaTUUeCKOU TMPOBEPKU TMPOTrPaMM Ha TeCTOBBIX BXOAHBIX JaHHBIX Ha CauTax

https://acmp.ru u https://ipc.susu.ru

1_11\/119_[ Howmep Ha carite HasBanue 3agauu
1 1212 «IIpocTbie» yucna
2 1312 ApudmeTrueckue ornepaiuu
3 1179 [Bakabl fBa
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4 1271 Homuk
5 1274 3ameyare/ibHbIe UKC/ia
6 1878 Kopobku
7 173 Haob6opor
8 1331 HyneBas cymma
9 1596 ITomapok
10 80 ITouck coBnajeHu
11 1178 [ToxuTuTesb [JIUHBI
12 1246 [IpoBepka
13 1276 [IpousBejeHue
14 89 CuactivBele rlepeCcTaHOBKU
15 182 TpeyroysbHUKU
16 1275 TpeyronbHUKU-2
17 199 YpaBHeHUs Ha CTPOKax

3.2.2. IIpumep cTaThH AJIA IIepeBoja
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SCIENTIFIC REPLIRTS

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,

Rocetved: 16 March 2017 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 consistent with 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 tolarge performance gains when used with traditional machine vision features,
as well as to 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.

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.

3 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®-2%, 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®*3,
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

1Department 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 Scence, Harvard University, 52 Oxford 5t., Cambridge, MA, 02138, USA.
R.C. Feng 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 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 (1.e., humans,
animals, places, foods), weighting individual training images by values derived from fMRI recordings in human visual
cortex viewing those same images; once trained, these models classify images without the benefit of neural data.

Our “neurally-weighted” models were trained on two kinds of image features: 1., histogram of oriented gradi-
ents (HOG) features™ and 2., convolutional neural network (CNN) features (i.e., 1000-dimensional, pre-softmax
activations from AlexNet'® pre-trained on the ImageNet dataset'). HOG features were the standard, off-the-shelf
image feature representation before the 2012 advent of powerful CNNs!, while CNNs pre-trained on large data-
sets like ImageNet are known to be strong, general image features, which can transfer well to other tasks*40,
‘While machine vision research has largely focused on improving feature representation in order to make gains
in various, challenging visual tasks, another complementary approach, which our paradigm falls under, is to
improve the decision making process. Thus, we hypothesized that our decision boundary-biasing paradigm
would yield larger gains when coupled with the weaker HOG features, thereby enabling HOG features to be more
competitive to the stronger CNN features.

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

Results
Visual cortical 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 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*®:

dy(z) = max (0,1 — z) 1)

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

However, incorporating brain data into a machine learning model relies on the assumption that the intensity
of a pattern of activation in a region represents the neuronal response to a visual stimulus. A strong response
signals thata 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 {MRI measurements, in addition to using the typical HL penalty:

@ulx, 2) = max (0, (1 —z) - M(x, 2)) 2)
where
M(x,z):{1+cx’ i.fz<1-
1 otherwise (3)

and c, > 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 c,. The proposed paradigm involves training a binary
SVM classifier 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 I: Derive per-stimulus “activity weights” from fMRI data Phase II: Train image classifier
A. Collect per-stimulus activity B. Train classifier on fMRI activity vectors D. Conventional image classifier training
vectors
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Figure 1. Experimental workflow for biologically-informed machine learning using fMRI data. (A) fMRI was
used to record BOLD voxel responses of one subject viewing 1,386 color images of natural scenes, providing
labelled voxels in several conventional, functional ROIs (i.e., EBA, FFA, LO, OFA, PPA, RSC, and TOS)*.

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

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

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

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

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

2. Create five balanced classification problems (Fig. S1). For each balanced problem and a set of image
descriptors, train and test two binary SVM classification models, e.g., [ : X — {—1, +1}, withan
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 AWL loss 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'*2 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. $2). We observed that adding fMRI-derived activity weights
provided a large improvement to models using HOG features compared to those using CNN features (Fig. 2A and
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Figure 3. Statistical influence of each ROI in binary object classification models using fMRI activity weighted
loss (AWL) and HOG features. In each graph, the percentage of the 64 ROI combinations containing a specific
ROI that had a mean classification accuracy greater than that of all 127 sets of experiments is plotted. The
threshold for the 95% confidence interval (p < 0.0004) is overlaid, showing which ROIs significantly differed
from the respective null distribution for each object category. Permutation tests and Bonferroni correction
(ev=127) were used. See Figure S3 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 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 overall 127 mean clas-
sification accuracies. The aim is to test the significance of individual ROIs in generating salient activity weights
that yield above-average classification accuracy rates. Thus, these samples simulate randomly assigning ROI labels
to the 127 combinations. If individual ROIs did not significantly contribute to the above-average mean accuracy
rates observed, above-average mean accuracy rates of combinations that include specific ROIs falling near the
mean of the null distribution should be observed. To generate each of the 1,000,000 samples, 64 of the 127 ROI
combinations were randomly selected. Then, a count was taken of how many of those 64 randomly selected com-
binations have a mean classification accuracy that is greater than the average of that of all 127 sets of experiments
corresponding to the 127 total ROI combinations. A sample is normalized to represent a percentage by dividing
this count by 64. Finally, the actual percentage of the 64 ROI combinations including a given ROI (e.g., all 64 ROI
combinations that include EBA), that yield above-average mean classification accuracy when compared to the
overall mean classification accuracy for all 127 combinations is compared to the null distribution.

When using HOG features to train activity-weighted loss 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 $5 and
accompanying supplementary text further detail how a null sample is generated. Figures 3 and S3 show which ROIs
significantly differed from the respective null distributions for each object category. This analysis more rigorously
confirms the significance of the EBA region in improving the classification accuracy of the humans and animals
categories and of the PPA region in improving the accuracy of the buildings and foods categories. Most notably,
the EBA region dramatically exceeds the significance thresholds of the null distributions for humans and animals.
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Discussion

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

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

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

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

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

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

Methods

fMRI Data Acquisition. The fMRI data used for the machine learning experiments presented in this paper
are a subset of the overall data from a published study on scene categorization*'. All fMRI data were collected
using a 3T Siemens Tim Trio MR scanner. For the functional data collection for one subject, a gradient-echo pla-
nar imaging sequence, combined with a custom fat saturation RF pulse, was used. Twenty-five axial slices covered
occipital, occipitoparietal, and occipitotemporal cortex. Each slice had a 234 x 234 mm? field of view, 2.60 mm
slice thickness, and 0.39mm 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. The data set consisted of 1,386 500 x 500 color images of natural scenes from*"¢!, which the subject
viewed while his brain activity was being recorded (see*' for more details on the dataset). These images were used
as both stimuli for the fMRI data collection, and as training data for the machine learning experiments. Within
this collection, the training set consisted of 1,260 images and the testing set of 126 images. Per-pixel object labels
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in the form of object outlines and semantically meaningful tags were available for each image. A subset of these
labels were mapped to one of five object categories: humans, animals, buildings, foods, and vehicles. For each
image and for each of the five object categories, if at least 20% of an image’s original pixel labels were part of a
given object category, that image was tentatively labeled as a positive sample for that category. We sampled 646
images that were labelled with a single object category. There were 219 humans images, 180 animals images, 151
buildings images, 59 foods images, and 37 vehicles images (a category, due to its small size, that only contributed
negative examples).

fMRI Data Preprocessing. To perform motion correction, coregistration, and reslicing of functional
images, the 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 fMRI 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 respanse amplitude for voxel i, &; is a
646-dimensional vector with the response amplitudes of all samples for voxel i, and x, ; 18 the j-th sample’s rescaled
amplitude for voxel .

. x;— min(¥)

Y = max(X) — min(X)) (o)

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

Activity weights for training were generated using a modification of the k-fold cross validation technique.
For a given training set that is a subset of the whole 1,386 set, the collection of voxel data for the training set’s
images in the 646-stimuli clear sample set was randomly split into five folds. For each of these folds, we held out
the current fold as test data and combined the other four folds as training data. With this newly formed training
set, a grid search was performed to tune the soft margin penalty parameter C and RBF parameter ~ 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 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, 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 partitions 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 y= l/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 {MRI-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 1o, the adjusted confidence intervals were calculated calculated via1 — = With these adjusted confi-
dence intervals (m= 127, 0 =0.05 and ov=0.01}, we compared the outputs of the empirical CDF function Fy(x) for
each null distribution X that corresponded to an object category and set of image features as well as each ROL

Data availability. The fMRI and image data that support the findings of this study are from Stansbury ef al.*!
and are available from them on reasonable request.
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3.3. Kputepuu onileHUBaHUsA 110 BHaM OLI€HOUHbIX CPe/JCTB

Kpurepuu onjeHuBaHUA IOHMMaHMUA TEKCTa:
“5” — «oTimuHO» (96-100 6anoB) «3auTeHo» — 100 — 75% roHUMaHUs
OCHOBHOT'O CO/lep)KaHUs TeKCTa, CTyAeHT yMeeT cBOOOJHO (1ouTH cBOOOHO) U
apryMeHTHPOBaHO BbICKa3bIBaTbCsl, 0OCTOATENIBHO U3/1araTh CofiepykaHue
MPOYMTAHHOTO, JIOTUYeCKU BbICTPauBaTh CBOe CO0DIIeHre, pa3BUBaTh OT/e/IbHbIe
T0JIOXKEHUS U JleJlaTh COOTBETCTBYHOIIME BbIBO/bI, M3/10KEHHEe 0(POPMIIEHO
TIPaBU/IbHO FPaMMaThyeCKH U JIEKCUYe CKH.
“4” — «xopommo» (76-95 06anoB) «3auTeHO» — 75% ITOHUMAaHHUSI OCHOBHOTO
coJepyKaHusl TeKCTa, CTYAeHT MOKeT KpaTKO U3JjlaraTb CofepykaHve IpOUYUTaHHOIo
000CHOBATh U OOBSICHUTH CBOU B3IVISIZIbI, B U3/IOXKEHUU [IOMTYCKAtOTCS 2-3
He3HauMMble TPAMMaTUYeCKUe UK JIeKCUUeCKre OITUOKH.
“3” — «ypoBieTBOpPUTEIBHO» (60-75 6amn) «3auTeHo» — 75 — 50% moHUMaHus
OCHOBHOTI'O COZIep>KaHMsI TEKCTa, CTYZIeHT MOKeT MCI0JIb30BaTh MPOCThIe (hpa3bl U
TNpeJ/I0’KeHKs1, HO HeI0CTaTOUHO MOHSATHO U 00CTOATeNbHO M3/laraTh Cofiep kKaHue
MPOYMTAHHOTO, B U3/I0KEHUU 2-3 rpaMMaTHyeCcKue UK JeKCUuecKue OInOKy.
"2” — «HeygoBeTBOpHUTENBHO» (0-60 Oan) «He 3auTeHO» — MeHee 50%
TIOHUMAaHMS OCHOBHOI'O COZlepyKaHUs TeKCTa, UCKaKeHUe COoZleprKaHus,
npeBblllIeHre KOJIMUeCTBa rpaMMaTiyeCcKuX U JIEKCUUeCKUX OLIMOO0K, CTyZeHT
B/1a/leeT HeOCTAaTOYHbIM C/IOBAPHBIM 3allacoM, 3aTPYAHSETCS B U3JI0KeHUN
TIPOYUTAHHOTO

Kputepun onjeHUBaHHs KOHTPO/IbHOUH PadoThI
«OT/IMYHO»
1) CTyzeHT JIerko OpUEeHTUPYeTCs B COZIep’KaHuM yueOHOTro MaTepuasia, CBOO0HO
T0JIb3yeTCsI TIOHSATUHHBIM artriapaToM, 006/1a/laeT yMeHUeM CBSI3bIBaTh TEOPHIO C
TTPAKTHUKOM, BbICKa3bIBaTb 1 000CHOBBIBATh CBOM CYXK/IEHUS;
1) 3HaeT ¥ MpaBUILHO PUMeHsIeT (POPMYJIbI;
2) 3HaeT Y MpaBU/IbLHO NMPHUMeHsieT HOPDMAaTHBHbIE JOKYMEHTHI;
3) pellieHYe 3a/1auM 3aMMCaHO MOHATHO, aKKypaTHO, TTOC/Ie/]0BaTe/bHO;
4) 3anMcaH NpaBUJIbHBIN OTBET
«XOPOILLIO»
1) cTygeHT AeMOHCTPUPYET MOJTHOe OCBOEHUe TeopeTUueCKOro MaTepuasa,
B/a/leeT MOHSATHUMHBIM anrnapaToM, OPUeHTUPYeTCsl B U3yUeHHOM MaTtepualie,
OCO3HAHHO MpPUMeHsIeT 3HaHUs /1Jisl pellleHUs] PaKTUueCKUX 3afiau, r[paMOTHO
M3/1araeT CBO) MO3ULIMIO;

© ®T'BOY BO «Uenl'Y»




Ol

MUWHOBPHAYKU POCCUU
defepanbHOe FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBaTeIbHOe
yUpeXXieHre BhICIIero o6pa3oBaHus

«YensabuHCcKU rocygapcTBeHHblii yHuBepcuteT» (PI'BOY BO «Uenl'Y»)

Muacckuii punvan

Kadenpa npukiafHoi MaTeMaTHKA

CDOH,E[ OLI€EHOYHBIX CPeACTB 110 AUCLUIIINHEe «Jlornueckoe TNporpaMmMurpoOBaHue»

110 HarpaeJ/ieHuto noarotoBky 01.03.02 IpuknazHasi MaTeMaTrKa ¥ MHGQOpPMaTHKa, Mpodusib «MaTeMaTuueckoe MOJe/TUPOBaHe»
DI'BEOY BO «HUenl'Y»

Bepcus fokymenTta - 1

cTp. 23 u3 38

[TepBeIii 3K3eMIUISIP

KOITHA Ne

2) 3HaeT U ripuMeHsieT (hOpMyJibl U HOpMaTUBHbIE JOKYMEHTHI, HO JJOMTyCKaeT
HeOo/IbIIINe HeTOUHOCTH;
3) pellieHre 3a/lauM 3alMCaHO, HO He MpUBe/ieHbl (P OPMYJIbI, C TIOMOLLBI0 KOTOPBIX
ObUTM TIPOBe/IeHbI pacyeThl;

4) 3anMcaH NpaBUJIbHBIN OTBET
«y[0B/IETBOPUTE/IHHO»

1) cTyzmeHT 1eMOHCTPUPYET HeIOIHOe OCBOEHVEe TeOPeTUYeCKOro MaTepuarnia,
TJIOXO BJIaJieeT MOHATUUHBIM anrapaToM, TJI0X0 OPUEHTHUPYETCS] B U3YUeHHOM
Marepuase, HeyBepeHHO U3/araeT CBOIO MO3ULIKIO;
2) 3HaeT OT/ie/ibHbIe (DOPMYJIbI U HOPDMATHBHbBIE IOKYMEHTbI, HO IOy CKaeT
3HauMTe/IbHble HeTOUHOCTH B UX IPUMEHEeHUY;
3) pellieHye 3a/lauy 3alMCaHO HeBEPHO, HO He MpUBeZieHbl (POPMYJIbl, C TTIOMOILbIO
KOTOPBIX OB TTPOBeJieHbl PACUeThl;
4) 3anucaH NpaBUJIbHBIN OTBET
«Hey/I0B/IeTBOPUTE/IbHO»

1) cTymeHT umeeT pa3po3HeHHbIe, OeCCUCTeMHbIe 3HAHUS, He yMeeT BbIZIe/IsTh
I7IaBHOE ¥ BTOPOCTeTeHHOe, [0TyCKaeT OIMOKY B OTIpe/ie/IeHUH TIOHATHUH,
VCKa)Karol[ye UX CMBICTT;
2) GecriopsiIouHO ¥ HEYBepeHHO H3/laraeT MaTepuasl, He MOXKeT TIPUMEeHSTh 3HaHUs
J/151 pellieHus TIpaKTUUeCKUX 3a/iay;
3) peliieHHe 3a/lauy 3aICaHO HeBEPHO MO0 OTCYTCTBYET;
4) 3arvcaH HelpaBU/IbHBIA OTBeT MO0 He 3arcaH OTBET

4. TIOPAAOK ITPOBEJEHNUA W KPUTEPUMU OLIEHUBAHUSA
IMPOMEXYTOUYHOUN ATTECTAILIUA

4.1. IlopAfoK mnpoBeJjeHMs1 U COJep)KaHUue OLIeHOYHBIX CpejACTB
NMPOME)XYTOYHOM aTTeCcTaluu
K cpaue 3auéTa [10MyCKarOTCsA CTY[€HTbI, BbIMOJHUBIINME CAaMOCTOSITe/IbHbIE
paboTel B 00bEéMe He MeHee 50%.
Cpaua 3ayéta TIPOXOAWUT B KOMIIBIOTEDHOM Kjacce B BUE TecCTa C
MOC/eAYIOIIMM pellleHHeM MPOCThIX 3a/iau Y 3aZiau CpefiHel C/I0KHOCTU Ha CauTe C
aBTOMaTUueCKOU MPOBEPKOM.

Bonpocsl Tecta

Ne
/1

dopMy/MpoOBKa BOIpoCa

BapuaHTbl 0TBETOB

1 | Ilapagurma

TPOrpaMMHUPOBAHMUSI- 3TO

a) CTW/Ib MPOTPaMMUPOBaHUS
b) MHO)KeCTBO 6a30BbIX (PYHKITHIM
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C) 000061eHHas KOHIeNTyaabHas CXeMa,
crocob MporpaMMUPOBAHUS

d) COBOKyIHOCTb 0OBEKTOB,
00OMEeHHBAIOIIMXCST MeXXAY CO00M
COOOIIIeHNSIMHU

2 B noruueckom
MPOrpaMMUPOBAHUU

a) TIporpaMMa COCTOMT U3 CTPYKTYD
JaHHBIX (00BEKTOB 00pabOTKN) U
anropuTMa (MeTozia 06paboTKN)

b) BMeCTO omnucaHus aaropydTMa perieHust
3aJ]auM OTMCBLIBAETCS MUD 3a/IauM, KaKue
1MeroTCsl 00beKThl, UX CBOUCTBA U
OTHOILIeHUSI MEXTY HUMU

C) eIUHCTBEHHOM yIIpaB/sitoILei
KOHCTPYKILIMe! sIBJISIeTCS BBI30B
byHKLMM

d) mMup 3aJjauM OTMMChIBAETCS KaK
COBOKYITHOCTb 00BEKTOB, 00/1a/1af01I[1X
HEKOTOPBIMU CBOMCTBAMHU U
BCTYIAIOIIMX BO B3aMMO/IeHICTBHE

3 B noruueckom
MPOrpaMMHUPOBAHUU

a) 3a OCHOBY onMcaHusg 6epyrcs
OTHOITIEHUSI MeXTy 00beKTaMu

b) cyiliecTByeT HEKOTOPOEe MHOKECTBO
6a3oBbix (OYHKIWH, U BCe ApyTHe
(bYHKIUN CTPOATCS U3 6a30BBIX MYHKI[UN
C TIOMOILIbIO0 KOMITO3ULIUU:
max3(a,b,c):max(a,max(b,c))

C) 3a OCHOBY OIMCaHus bepyTcs He
OTHOILIeHUs], @ caMU 00BeKThl. OOLEeKT
COCTOUT U3 JJaHHBIX (BHYTPeHHSIs
CTPYKTYypa 00beKTa) U MeTo[0B (Habop
orieparyii, TPUMEHUMBIX K JJaHHOMY
00BEeKTY)

d) mporpaMMUCT [I0/KEeH B SIBHOM BUJIE
OMUCATh BCE BbIUMC/IEHUS], KOTOPbIE
JI0JDKEeH MpojiesiaTh KOMITbIOTED

4 | Jlornueckas iporpamMma — 3T0

a) A-ucumcnenuve Yépua u Teopusi
PEeKYPCUBHBIX (DYHKLIN
b) COBOKYITHOCTb OOBEKTOB,
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d)

0OMeHMBAIOIIMXCST MeXAY coboi
COOOIIIeHUSIMHU

Wjies aBTOMaTH3UPOBAHHOTO CHHTEe3a
TIpOrpamMM Ha OCHOBe (popMaslbHBIX
crieLipUKaLMi 3a/]aun

6a3a ganHbix (B/1) o mpegMeTHON
obsiactu 3aaun. Ee npuMeHeHue
MHULIMAIU3UPYeTCs 3arpocom. ITonck
OTBETa Ha 3aIpoC 3aK/I0UYaeTcd B
TIIOMBITKE JIOTUYECKOr'0 BBIBOJIA 3aIIpoca
Ha OCHOBAHMUH (PAKTOB U IIPaBUII,
nMeromuxcs B b/1

5 | Jlornueckas nmapagurma
SIBJIIETCS PAa3HOBUAHOCTBIO

OrepaLyoOHHOr0 MPOrPaMMUPOBaHUS
JeK/1apaTUBHOTO MPOrPaMMKDOBAaHUS
CTPYKTYPHOT'O TIPOrPaMMUPOBaHUS
00BEKTHOTO IIPOTPAMMUPOBaHUSI

6 | 3wk [Tposior (Prolog) Obin
pa3paboraH

B 1958 rogy [J»xoHoM Makkaptu

B 50-e roge! /xumom bakycom

B Havase 70-x ronos AnaHoMm Konmepos
B 1980 rogy BesipHom CtpaycTpyriom

7 | MareMaTtuyecKyo OCHOBY
s3bika [IpoJsior cocrassier

d)

A-ricuncienvie Uépua v Teopust
PEeKYPCUBHBIX (yHKIIUM

MHO>KeCTBO 0a30BbIX (PYHKIIMM, U BCE
apyrue GyHKI[UH CTPOSITCS 13 6a30BBIX
(YHKLIMM C TOMOII[bI0 KOMIIO3HULAU:
max3(a,b,c):max(a,max(b,c))

NncyncneHne npeankaroB nepBoro nopsagka HQI/I
9TOM OOBLEKTEI ITPeAMeTHON 00/1aCTH, UX
CBOMCTBA Y CBSA3U IIPEICTAB/ISIOTCS
JU3BHOHKTAMU XOpHa

anredpa CIMCOUHBIX CTPYKTYP

8 | Hauneie B Ilposiore wumeroT
THII:

a)
b)
)
d)

JIOTAYEe CKAU

11eJIbId WX Bellje CTBeHHbBIN
(dhakThl WM TTpaBUIa

UM CI0BOU WA CTDOKOBBIM

9 | IIpou3BosibHas
MOC/1e/10BaTeIbHOCTh
CUMBOJIOB, 3aK/TFOUeHHasl B

a) TepMOM
b) KOMMeHTapreM
C) repeMeHHOU
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TlepBblii 3K3eMILISIp KOITH S Ne

KdBbIYKH HA3bIBAETCA

d) cTpokoit

10

['onoBa crimcka otaensieTcst OT
XBOCTa CUMBOJIOM

a) !
b) |(+)
c) /
d) \

11

Ortceuenue B [Iposore
3a7laeTCsi CUMBOJIOM

a) !(+)
b) /
c) \
d) |

12

Kommentapun B IIposore
3a/1at0TCSA MOCJIe CUMBOJIA

a) //
b) % (+)
) {
d) /*

13

CHHTaKCHC IepeMeHHOU B
[Iposore-/I;

a) OHa JI0/DKHA HAUMHATHCSI CO CTPOYHOM
OYKBBI WJIK CUMBOJIA ITOJUYePKUBAHUS U
cofiep>kaTh TOJIBKO CUMBOJIbI OYKB, 1IUGDP
Y TIOZiUePKUBaHUS

OHa JI0/DKHA HaUMHATbCS C TIPOITUCHOM
6YKBLI U CMMBOJIA HO,E[qepKI/IBaHI/IH n
cofiep>KaTh TOJIBKO CUMBOJIbI OYKB, IIUGDP
Y TIOiU€PKUBaHUS

OHa JO/DKHA COCTOSITh U3 OHOM OYKBBI
VI HAYMHATHCA C OVKBBI U COIePrKATh
TOJILKO CHUMBOJIBI OVKB, LIU(MD U
3aKaHYMBATLCS anoCcTpodom

OHa JI0JDKHA HAUMHATBCSI CO CTPOUHOM
OyKBbI ¥ CUMBOJIA TIOJ{UePKHUBAHUS U
cofiep>kaTh TOJTBKO CUMBOJIBI OYKB, 1IUGMP
Y TI0JUePKUBAHUS

b)

d)

14

CHHTaKCHUC TepeMeHHOM B
SWI-Prolog:

OHa JI0/’)KHA COCTOSITh U3 OZIHOM OYKBBI
WJIA HauMHAThCS C OYKBBI U COZlep>KaTh
TOJIBKO CUMBOJIBI OYKB, LIp U
3aKaHYMBaTbCS arioCcTpodom

OHa JI0/PKHA HAUYMHATbCSI CO CTPOYHOM
OyKBbI WM CUMBOJIA MTOJYePKUBAHUS U
CoZiep>KaThb TOJbKO CUMBOJIBI OYKB, LTU(P
Y TIOiUePKUBaHUs

C) OHa JO/DKHA HAUMHAThCS C MIPOMMCHOU

b)
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TlepBblii 3K3eMILISIp KOITH S Ne

d)

OVKBBI WJIM CUMBOJIA MOIYePKUBAHUS U
cofiepkaTh TOMbKO CUMBOJIbI OVKB, 1IUGD
Y IoJYepKUBaHUs

OHa [J0JDKHA HAUMHAThCSI CO CTPOUHOM
OyKBbI U CUMBOJIA TIOZUePKHUBAHUS U
cofiep>kaTh TOJTBKO CUMBOJIBI OYKB, 1IUGMP
Y TIO/IUePKUBaHUS

15 | AHOHMMHas repeMeHHast a) a
3a/1aeTCsi CUMBOJIOM: b) x
_ ()
d) ?
16 | B nporpamme Ha [Iposiore a) JIOKaJIbHBI B TIpe/iesiax BCeX a/ibTePHAaTUB
riepeMeHHbIe: OJHOTO TpeAUuKaTa
b) sioKa/bHBI B peiesiaX OJTHOTO
YTBEDKJeHHUS
C) r100asbHbI
d) aHOHWMHBI
17 | [Iporpamma Ha Ilponore ecte | a) a. COBOKYITHOCTb TIPABUJI
b) coBOKymnHOCTb (hakTOB
C) COBOKYIHOCTb YTBEDXKIEHUU
d) COBOKYITHOCTh COOBITHI
18 | 3ansiTas MeXxay Lie/siMU B a) KOHBIOHKIIUU
OTKMCAHWM MpaBUJIa UK B b) AU3BIOHKLIUU
CJIOXKHOM 3aripoce CIyXKUT C) OTCeueHus
aHaJIOTOM CHMBOJIA d) pa3buenus
19 | Touka B KOHLIe ONUCaHUS a) KOHBIOHKIUU
rpaBwWIa Wid (PaKTasiBIsIeTCS b) AU3BLIOHKIIMU
aHasI0roM CMMBOJ1a C) OTCeYeHUs
d) pa3buenus
20 | dakr: a) COCTOWT U3 OJHOM TOJIOBHOM 1/ U

OJIHOI MK 00J1ee XBOCTOBLIX LIEJIeH,
KOTOpble UCTUHHBI TTPU HEKOTOPBIX
YCIOBUSX

9TO0 OJWHOYHA 11e/1b, KOTOpad,
0e3yC/I0BHO, UCTMHHA

COCTOUT U3 OIHOM TOJIOBHOM L€/ U
OJJHOM XBOCTOBOM 1|€/T1, KOTOPbIE
VMICTUHHBI TP HEKOTOPBIX YCJIOBUSIX
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TlepBblii 3K3eMILISIp

KOITHA Ne

d)

BOIIPOC MMOJIb30BdTe/IA K CUCTeMe O TOM,
KadKHe yTBepXXAeHUA SAB/IATCA
HNCTUHHBIMH

21

[IpaBusno:

a)
b)

d)

3TO OAWHOYHAas Lie/lb, KOTopas,
6e3yC/I0BHO, UCTHHHA

COCTOMT U3 OIHOM IOJIOBHOM L€/ U
OJJHOM XBOCTOBOM 1|€/T1, KOTOPbIE
WCTUHHBI P HEKOTOPBIX YCIOBUSIX
COCTOMT M3 OJHOM T'0JIOBHOM LIeJI1 U
0JIHOM M/ 060Jiee XBOCTOBBIX 11e/1€H,
KOTOPbIe NCTUHHBI TP HEKOTOPBIX
YCI0BUAX

BOIIPOC T10/Ib30BaTeNsi K CUCTeMeE O TOM,
KaKuve yTBep)KJeHHsI SBIISIFOTCS
VCTUHHBIMU

22

Lenb:

COCTOUT U3 OIHOM T'OJIOBHOM L€/ U
OfiHOM Mn OoJlee XBOCTOBBIX I[eJTel,
KOTOpbIe UCTUHHBI IPH HEKOTOPBIX
YCTIOBUSIX

BOIIPOC K CUCTeMe 0 6e3yC/IOBHOMN WU
YC/I0BHOW MCTUHHOCTHU YTBEDXKIEHUS
3TO OJIMHOYHAs 1ie/ib, KOTOpasi,
6e3yC/1I0BHO, NCTUHHA

COCTOMT W3 OJJHOM FOJIOBHOM L€/ U
OJTHOM XBOCTOBOM LIeJIh, KOTOPbIE
HMCTHUHHBI TP HEKOTOPBIX YCJIOBUSIX

23

Yuudbukaiys:

KOHKpeTH3dlls ITepeMeHHBIX
rnepeynciieHre

IMMPpOBEPKA HCTUHHOCTHU
OTOXIeCTB/IeHue

24

CrnoptcmeH(X):-
dbyrbomct(X).
OTO npuMep 3armcu:

aTroma
3aripoca
e

IpaBuUsIa

Ycnosue 3agaun: Cokpar — yesoBex.
Bce mronu cmepTHBL.
human(sokrat).

a) ?mortal(sokrat).
b) ?mortal(stranger).
c) ?mortal(W).
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human(platon). d) ?human(sokrat).
mortal(S) :- human(S).
Haiitu: Cmepren i Cokpar? Kakas
3anuch OyzeT BepHOM?
2 | YKaKuTe HeKOPPeKTHYO a) cremneHb(X,n,y):-
6 | peKypCHBHYIO IIPOrpaMMmy: BOJIBIIIE(n,0),!,cTenens(x,#n-1#,z),
PABHO((#x*z#,y).
crerneHb(X,_,1).
b) crenenb(x,0,1).
cTerneHb(X,N,y):-CTeneHb(X,#n-1#,z),
PABHO(#x*z#,y).
c) creneHb(x,0,1).
cTerneHb(X,n,y):-
BOJIBIIE(n,0),cTrenennb(X,#n-1#,z),
YMHOXEHUE(x,z,y).
d) crenenn(x,0,1):-!.
CTerneHb(X,Nn,y):-
CJIOKEHUME(k,1,n),cTenens(x,k,z),
PABHO(#x*z,y).
2 | I3BecTHa vH(OpMAaLUs O a) ? npe3sugeHt( _, 1825).
7 | mpesugenTax Poccuiickori AH B IX b) ? npe3ugent("YBapoB", _).
BeKe: c) ? npe3ugeHT("YBapoB", 1825).
pykoBozu("Ysapos", 1818, 1855). d) ? pykoBoaun(¥Yeapos, 1825).
pykoBoau("baynos", 1855, 1864).
pykoBoau("Jlutke", 1864, 1882).
pykoBoau/("Toncroii",1882,1889).
nipe3uzeHT(X,Y):-pykoBogui(X,H,K),
HE(MEHBIIIE(Y,H)),
HE(BOJIBILIE(Y,K)).
3arnpoc "[leCTBUTENBHO /1 YBapOB
Ob11 TIpe3uzieHTOM B 1825 rogy"Oyzmer
BBIIVIAJIETh C/IeAYIONMM 00pa3oMm:
2 | Criicok — a) 3TO MHOYKeCTBO TIPe/I/IoXKeHHI 00
8 OZJHOM Y TOM >K€ OTHOLLIEHUU
b) 3To mocniesoBaTeILHOCTL U3
MIDOU3BOJILHOTO YMCJIA 3IEMEHTOB
C) 3TO 0OBEKTHI, KOTOPbIe COCTOSIT U3
HEeCKOJIbKUX KOMITOHEHT
d) 3TO mporecc, Ha BXOZ, KOTOPOTo
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TlepBblii 3K3eMILISIp

KOITHA Ne

TMO/IAl0TCS /IBa TEpMa
2 | DJieMeHThbI CIIUCKa a) pas3esisroTCs 3alsThIMUA U
9 3aK/TIOUalOTCS B (PUTypPHBIE CKOOKH
b) pa3gensitoTcs TOUKaMU 1
3aKJ/TFOUalOTCS B KBaJ[paTHbIe
CKOOKHM
C) pasle/sAroTCs 3alSIThIMU U
3aK/IFOUAOTCS B KBaJIpaTHBIE
CKOoOKM
d) pa3pmensitoTCs TOUKaMU U
3aK/TFOUar0TCsl B UTYPHBIE CKOOKH
3 | [ 3HH, TeHHUC, TOM, /bDKY ]. [Ipumep | a) crvcka
0 | 3anucu: b) mpaBuna
C) aroMa
d) dyHKTOpa
3 | B criucke [3HH,[M3pu,azal| a) 4 snemeHTa
1 | [[Tom,mkoH,nut]]] b) 5 snemeHToB
c) 6 3/1eMeHTOB
d) 3 ssiemMeHTa
3 | Kakoii criocob rpe/icTaB/IeHus a) [a,b,cl=[a|[b,cll=[ab]|[cll=[ab,c|
2 | CIIMCKOB He BepeH? [1]
b) [a, b, c]=[al[b]lc]l]
c) [ab,cl=[a.[bcll=[ab.[c]]=[ab,c.
L1
d) [ oHH, TeHHHUC, TOM, JIBDKY ]
3 | Kakoii CTpyKType AaHHbIX 1T0j00eH a) ouepelb
3 | ciucok? b) crek
C) BEKTOp
d) mMaccuB
3 | Kakas 1ie/ib, IpuMeHsiemMast 1Jist a) ?add(_, [Mecsul’, mait, Mecsay2’ | _ ],
4 | IOMCKa B CITMCKE BCEX MECSILIEB, (1B, heBp, Mapt, arnp, MaH, HIOHD, MIOTb,
Y/JIOB/IeTBOPSIIOLIIasi HEKOTOPOMY ;/'}Z’CZ;T’: O:HTbHompb’ AeK]).
yCIoBHI0, ChOpMY/IMpPOBaHa He BePHO Mecsi2 = HioHb
M He [aCT ONUCAHHOTO Pe3y/bTata? | b) 2 add( [lo’, [maitTocne’].[aHE. des,
MapT, afnp, Mau, UIOHb, UIOJIb, dBI, CEHT,
OKT, HOSIODB, JeK]).
Mo = [auB, deB, MapT, anp]|
[ocnie = [MIOHB, MIOJIb, ABI, CEHT, OKT,
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HOSI0DB, JIeK].

c) ?add(Mdo’, [maii | [Tocne’], [saHB, des,
MapT, arp, Maii, UtOHb, HUIOJIb, BT, CEHT,
OKT, HOSIOPB, ZeK]).

o = [aHB, ¢deB, Mapr, arip]
[MTocse = [MrOHB, UIO/Ib, ABT, CEHT, OKT,
HOSIOPb, /1eK].

d) ?add(_, [Mecsaw’, mal| _ ],[sHB, (eBp,
MapT, arp, Maii, UtOHb, HUIOJIb, BT, CEHT,
OKT, HOSIOpB, f1€K]).

Mecsu = anp

3 | Onpenenvre aBa npeaukara
5 | ueTHasigMHA(CMMCOK) U
HeueTHasigMHa( CrIMCOK)

a) uetHasggvHa( [ ] ).

yetHasiayMHa( [[Tepsoiit’ | [TepBbiit’] ) :-
HeueTHasizyiMHa(OcTanbHbIe’).
HeueTHasizyHa( [ _ ]).

HeueTHasizyivHa( [[TepBriid’ | OcTanbHble’] ) :-
yeTHasigyiMHa(OcTanbHbIe).

b) uetHasgmuHa( [ ] ).

yetHasiayMHa( [[Tepsoiit’ | [TepBbiit’] ) :-
HeueTHasizyiiHa(OcTanbHbIe’).
HeueTHasizyHa( [ _ ]).

HeueTHasiAyiHa( [OcTanbHbIe’ |
Ocranbhbie’] ) :-

yeTHasizyiHa( OcTasibHbIe’).

c) vetHasiaamHa( [ ]).

uvetHagaauHa( [T1epBebiit’|OcTanbHble’] ) :-

HeueTHasgamuHa(OcTanbHbIe’).
HeverHasymHa( [ ]).

HevetHasmuHa( [TTepsoiii’| OcranbHbie’] ) :-
uetHasginHa(OcraabHbie’).

d) yetHasiguHA( [ ] ).

uetHasgmMHa( [OctanbHbie’ | OcTanbHbie’] ) :-
HeueTHasiyiMHa(OcTaibHbIE).
HeueTHasizyHa( [ _ ]).

HeueTHasizyivHa( [[TepBeiii’ | [TepBobiid’] ) :-
yeTHasigyiMHa( OcTasbHbIe’).

w

Onpepnenvre npegyuKar

6 | mamuagpomM(C), rpy NoMoLLU
OTHOILIeHUST 00paTUTh. CIIICOK
Ha3bIBaeTCs MaJvHPOMOM, eC/IA OH
YUTAETCSl OJMHAKOBO, KaK CJieBa

a) obparuts(C) :- mamuuapom(C, C).

b) manuaapom(C) :- o6patuth(C, C).

¢) nanuHApoM(06paTuTh) :- 06paTuTh(C,
Q).

d) namuuaapom(C) :- o6patuTh(06paTUTBh,

C).
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HaIpaBo, TakK U CIIpaBa HajeBo.
Harpumep, [m,a,n,a,m].

Onpepenvre OTHOLLIEHWE
pa3ouennecmucka(Cnmcox’,
Cnucok1’, Cnncok2’) Tak, uToObI
OHO pacripezieisijio 3JIeMeHThI CITUCKA
MeXAy AByMs criickamMu Cnucokl v
Cnucok?2 1 yTOOBI 3TH CITUCKH OBLTH
TIPUMEPHO O/IMHAKOBOW [I/TUHBI.
Hanpumep: pa3buenuecrnucka( [a, b,
c, d, el, [a, c, e], [b, d]).

a) pazbuenunecrmcka( [X], [X], [ ]).

paszouenuecrmcka( [X], [X], [ ]).
pa3buennecrcka([ X,Y|Crmcok’],[ X |
Crincok1’],[Y | Crincok2’]) :-
pa3buennecrcka( Crimcok’, Crimcok1’,
Cnucok?2’).

b) pas6uennecrmcka( [ 1, [ 1, [ 1).
paszouenunecnmcka( [X], [X], [ 1).
pazounenunecrmcka( [X, Y | Comcok’], [X |
Crincok1’],[Y | Coucok2’]) :-
pa3ouenuecnucka( Crvcok’, Crmcokl’,

Crmcok2’).

pasouennecricka( [ 1, [ 1, [ ]).

pasouennecrmcka( [X], [X], [ ).
pazouenuecrmcka( [X, Y | Cnimcok’], [X |
Crnincok1’],[Y | Crincok2’]) :-
pa3buenunecrnmcka( Crimcok’, Crincok1’,
Crircok?2’).
pa3buenuecrnmcka( Crimcok’, Crincok1’,
Crircok?2’).
d) pas6uenunecnucka( [X], [X], [ ).
pazouenunecrmcka( [X, Y | Crincok’], [X |
Crncok1’],[Y | Crincok2’)) :-
pazbuenunecrnucka( Crimcok’, Crincok1’,
Cnmcok?2’).

w

OHPE,E[EHI/ITE yAa/ieHne U3 CItiCKa
BCex BXO)K,E[EHI/Iﬁ 3d4/IdHHOI'O 3/IeMEeHTa

oo

a) delete([],_,[]).

delete([x|Y],x,Z):- delete(Y,x,Z).
delete([a|Y],x,[a|Z]):- delete(Y,x,Z).

b) delete([1,_,[1).

delete([x|Y],x,Z):- .
delete([a|Y],x,[a|Z]):- delete(Y,x,Z).

c) delete([1, .[1).
delete([x]Y],x,Z):- !, delete(Y,x,7Z).
delete([alY]1.x.[a]|Z]):- delete(Y,x,Z).

d) delete([],_,[]).

delete([x|Y],x,Z):- !,delete([Y],x,Z).
delete([a|Y],x,[a|Z]):-
delete([Y],x,2).
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3 | YkaxkuTe HeBepHOe YTBeP)XIeHHUe O a) CIKUCKU UMEIOT O[JMHAKOBYIO JIUHY
9 | AByx criuckax [AHs,0ns,FOns] u b) oauH cnMcok sB/sIeTCS
[Ans,FOns,0ms] riepeCTaHOBKOM IpyToro
C) CHOHCKW DaBHbI
d) roJioBBI CITUCKOB COBIAJAOT
4 | B pe3yJsibTare 3aripoca Lenu ? a) x=6 y=7
0 | YMHOXEHMUE(5,x,y,37) 6ymeT b) x=7 y=0.4
TIO/Ty4YeHO c) HET
d) x=7 y=2

3.2.3. IIpumMepsl 3a1au fj1s 3auéta

Ne | dopmynmpoBKa 3a7aHus
1/

1 | CocTaBUTh NIpaBU/IO, pa3zessitollee CIIUCOK UMEH-0TYECTB Ha CIIMCKU MYKCKUX U
JKeHCKUX UMeH 0e3 0TYeCTB:
?BBI0OP([” AHHa ITeTpoBHa”,“VBanH ViBaHoBrY”,”T'y3ens 3uHatoBHa” ],M,XK).
M=[WBaH]
JK=[AnHa,l'y3enb]

2 | CocTaBUTD TMpaBUIO 0TOOPA U3 [IByX CIUCKOB TOJBKO T€X CJIOB, /1Jisi KOTOPBIX B
JPYTOM CITMCKe HeT COOTBeTCTBYIOLLET0 eMy C/I0Ba-TiepeBEpThIIIia:
?cnoBa([yda,pot,Tom,eaal,[Top,prc,moTt],C).
C=[yda,ena,puc]

3 | [aHo 3a/jaHue: COCTaBUTh TTPABWIIO pa30breHus 3aZIlaHHOTO CIIMCKA YKCeNT Ha TPU
YaCTU OTHOCUTE/IbHO JBYX 3a/laHHBbIX I'PAHUL] — MaJible, TPOMEeKyTOUHbIe U
OosbIne.

[TpuBeeHHOE HIDKe pellieHre paboTaeT KOPPEKTHO He BCeryia: MHOT A Urca U3
MCXO/THOTO CIIMCKA He TI0Ma/Iat0T HU B O/IUH U3 BBIXOJHBIX CITHCKOB.

a) HaliTi 3HaueHus1 mapaMeTpoB, TIPU KOTOPBIX TTPOSIBISIETCS OIIMOKa.

0) Haiitu o1iMbKy U UCIIPaBUTb.

drstp(_,_[1,[1,01,00).
buneTp(x,y,[a|A],[a|b],B,I'):-MEHBIIIE(a,x),bunstp(x,y,A,b,B,I).
bunsTp(X,y,[a|A],b,B,[a|l']):-BOJIBIIE(a,y),bunstp(X,y,A,b,B,I').
bunsTp(X,y,[a|A],b,[a|B],T'):-
MEHBIIIE(a,y),BOJIBIIE(a,x),bunsrp(x,y,A,B,B,I).
?bunsTp(10,20,[25,1,17,2],6,B,T).

B) /lopaboTath peliieHNe C UCTIOH30BaHUEM OTCEUeHHM.

4 |?
cnoBa([HoBocubupck,Omck, Yensounck,Muacc,Aina, Y da,Camapa,Mocksal,b,B,

© ®T'BOY BO «Uenl'Y»




MIHOBPHAYKI POCCHUU

defepanbHOe FOCYAAPCTBEHHOE O0KeTHOe 00pa3oBaTeIbHOe
yUpeXXieHre BhICIIero o6pa3oBaHus

«YensabuHCcKU rocygapcTBeHHblii yHuBepcuteT» (PI'BOY BO «Uenl'Y»)
Muacckuii punvan

Kadenpa npukiafHoi MaTeMaTHKA

110 HarpaeJ/ieHuto noarotoBky 01.03.02 IpuknazHasi MaTeMaTrKa ¥ MHGQOpPMaTHKa, Mpodusib «MaTeMaTuueckoe MOJe/TUPOBaHe»

CDOH,E[ OLI€EHOYHBIX CPeACTB 110 AUCLUIIINHEe «Jlornueckoe TNporpaMmMurpoOBaHue»

DI'BOY BO «Henl'¥Y»

Bepcust sokymenra - 1 cTp. 34 u3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne

).

b=[Omck,A1a, Y da]
B=[Muacc,Camapa,Mockga]
I'=[HoBocubupck,YensabHuHCK]

5 | CocTaBUTb MpaBU/IO pacueTa CyMMbI ITOKYTIOK B COOTBETCTBUM C LieHaMU U

CITCKOM:
1jeHa(Mb110,20).11eHa(x1e0,18).11eHa(Macio,28).11eHa(M0J10K0,24). . .
?cymma([x/1e6,M0M0K0,MbIIO0],C).
c=54

6 | CocTaBUTb MPaBUJIO pacyeTa BbIOOpa IPy30B M3 CITMCKAa B COOTBETCTBUM C UX
BeCaMH M IPy30IT0AbeMHOCTbIO PIOK3aKa:

Bec(cdoHapp, 1).Bec(xs1e6,2).Bec(manarka,4).sec(kpyra,5).sec(tomop,3)...
?prok3ak([Tomop,xs1ed,poHapb,nanarka,kpymal,10,P).
P=[donaps,nanatka,kpyma]

P=[xn1e6,kpyma,Tornop]

7 | YIopsiounTh 3a/laHHBIA CITUCOK TOBAPOB T10 YOLIBAHUIO I[€HBbI:
1jeHa(mb110,20).11eHa(x1e0,18).11eHa(Macio,28).11eHa(M0JI0K0,24). . .
?copt([x716,M0/10K0,MBL10,Maci0],C).

C=[mac/10,M0JI0KO,MbLJ10,X/1€0]

8 | CocTaBUTb MPaBUJIO, COTIOCTABJISIOIEEe 3a/JaHHOMY CITMCKY TOBApOB CITHCOK
TOJILKO T€X TOBApOB, Ha KOTOPbIe MOXKHO TTOTPATUTh 3a/JaHHYI0 CyMMY 0e3 c/jaud,
KYITMB TOBap OIHOIO HAMMEHOBAHHS B HECKOTBKUX 3K3eMIL/IsSIpax:

1jeHa(Mb110,20).11eHa(x/1e6,18).11eHa(Mac0,28).11eHa(Mo10K0, 15). . .
?BrIOOP([X/1€6,M0/10K0,MBI10,MaC/10],90,C).
C=[x/1e6,M0/10KO0]

9 | CocraBuTh NpaBWIO, pa3jestoliijee CIIMCOK C/I0B Ha CITUCKU CJIOB MY>KCKOTO,

JKEHCKOTO U Cpe/IHero po/ia:
?BBIOOP([MOTOKO,Ke hup, pskeHKa, brdu 0K, uaii,xese,kona],M, X, C).
M=[kedup,bnduaok,uaii]

K=[pspKkeHka,kona]
C=[monoxko,xere]

1 | CocTaBuTh IpaBUIIO, TIO3BOJISIOIIEe HANTH B 3aZJlaHHOM CITHCKe Harbosiee 4acTo

0 | BCTpeyaroLUIiCs 3/1eMeHT:
?nonynspHbI([FOns,0ns1, Axs, FOns,FOpa, pa, Ans, FOns, Acs],C).
C=HOnsa

11 | CoctaBuTh npaBuio, hopMUpYyHOIliee U3 ABYX CIMCKOB MOJIOZBIX JIFOJel CITMCOK

BO3MO>KHBIX T1ap:
?napbi([Bansi,Bacsa,Bosal,[Bans,Mpa],C).
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C=[Bans_Bans,Bacs_Wpa]
C=[Bans_HWpa,Bacs_Bans]
C=[Bans_Basnsa,Bosa_HWpa]...
1 | CocTaBuTh NMpaBU/IO pa30reHUs 3a/IaHHOTO CITHMCKA Ha 2 PaBHBIX WM PUMEPHO
2 | paBHBIX M0 JJIMHE CIIUCKA:
?pasbuenue([FOns,Kons,Ans,Auron,iaHal,A,B).
A=[HOna,Kons]
b=[Ans,Auton,HHa]
1 | Ang, Maiua, Hacta v Brka — Kyidiu yeTsIpe I1aThsl: KpaCHOe, pO30BOe,
3 | opaH)KeBOe U CUHee.
A) KpacHoe niiatbe Kymnuna AHsl, a po30Boe — Mailia;
B) AHns B3sis1a po30Boe I1aThbe, @ BUka Kynuia opaHXeBoe;
C) Hacts 3abpasia po3oBoe, a Brika — cuHee 1i1athe.
KT0 uTO Kymu/, eciiv U3BeCTHO, UTO MOJIOBUHA KaXKI0TO YyTBEePXKAEHUs UCTUHHA, a
TI0/I0BMHA — JIOXKHA?
1 |B onmumnuaze yuactBoBasiu: Asiia, HuHa, Buka, Puta u Couns. iMeeTcs 0siTh
4 |BbICKa3bIBaHUU:
A) IlepBoe mecTo 3aHsina Asna, a Puta okasanack TpeTbeu;
B) IIsaroii 6bi1a Buka, a BoT HuHa 1ojiHsiiach Ha TiepBOe MecCTo;
C) Hert, nepBoe mecTo 3aHsiia CoHsl, a BOT Buika, 6bl71a BTOpOH;
D) Puta Ha noc/iefjHeM, NsiTOM, MecTe, a HuHa Oblnia mpeamocieqHel;
E) [a, HunHa Oblna feliCTBUTE/IbHO YeTBEPTOM, a TIepBOM — AJlia.
Ecnm u3BeCTHO, 4TO B KaXK/I0M BbICKa3bIBAHUM OJHO YTBEDP>)KIEeHUe NPaBU/IbHOE, a
JIPYroe HeT, TO KTO 3aHsi/1 IePBOe MeCTO, OCTaJIbHble MeCTa?
1 | CocTaBuTh paBuUIo, MO3BOJISAIOIEe HA OCHOBe MH(OPMALIMK O TOM, KTO B KAKOM
5 | ropope BbIPOC, TIOTYUUThb CITUCKU 3€MJISIKOB:
BbIpoc(Bansi,Muacc).seipoc(Kocts, Y da).
BbIpoc(Bacsi,Muacc).Beipoc(Caiiia, Y a).
?3emsiku(C).
C=[Bacs,Bans]
C=[Cama,KocTts]
4.2. Kputepum OILleHMBAaHHUS KOMIIeTEHIIMA B Xo0je MPOMEXyTOUHOMH
arrecTranum
3auem
Kog, ITnanvpyeMsble pe3y/bTarhl Kpurepun onieHBaHus
KOMIIeTeHLIMH 06YIIEHI/IH 10 AUCLIUIT/INHE 3auTeHO He 3auteHo
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YK-4 3HaeT: TepPMUHOJIOTHIO 3HaeT: TepPMUHOJIOTHIO He 3HaeT: TepMUHO/IOIUIO
TpeAMeTHOM 00/1aCTH Ha MpeAiMeTHOM 06/1acTH Ha TpeAMeTHOM 00/1aCTH Ha
aHIVIMMCKOM $I3bIKe AHIVIMMCKOM SI3bIKE AHIVIMMCKOM $I3bIKe
YMeeT: niepeBOAUTE Ha Ymeet: nepeBogUTh Ha pycckuii | He ymeeT: mepeBoAUTh Ha
PYCCKUI1 A3BIK U A3bIK ¥ (JOPMY/IMPOBATh Ha PYCCKUI1 A3bIK U (POPMY/IUPOBaTh
¢dhopmynrpoBarth Ha aHIVIMHCKOM sI3bIKe [TOCTAHOBKM | Ha aHIVIMMCKOM $I3bIKe
aHIVIMHCKOM $I3bIKe 3a/lau C MCTI0/Ib30BaHNEM sI3blKa | TIOCTAHOBKM 3a/iau C
TI0OCTaHOBKH 3a/iay C IIponor UCIo/b30BaHueM s3bika [Iposor
WCTI0/Ib30BaHHEM $I3bIKa
[Tponor
Bnapeer: HaBbIKaMU Bnapeer: HaBbIKamMu He BiajeeT: HaBbIKaMU
(hopMyMpoBaHus Ha (opMynrpoBaHus Ha (hopMynMpoBaHus Ha
aHIVIMHCKOM SI3bIKe aHIVIMMCKOM $I3bIKe ITOCTAHOBKM | QHIVIMICKOM sI3bIKe TI0CTaHOBKU
TIOCTaHOBKH 3a/iau C 3a/lau C MCII0/Ib30BaHKeM sI3bIKa | 3a/iau C MCIO/Ib30BaHUEM sI3bIKa
UCTIO/Ib30BaHUEM sI3bIKa IIponor [Iponor
[Iponor

TIK-2 3Haer: 3Haer: He 3Haert:
6a3oBble KOHLIenuu | 6a3oBbie KOHLIeruu | 6a3oBbie KOHL|eMLIUN
JleKnapaTUBHOM  MapajurMel | JeK/i1apaTUBHON napajiurMsl | JeKaapaTUBHON rapajjurmol
JIOTHYeCKOro JIOTUYeCKOro JIOTYeCKOro
NpOrpaMMHPOBaHUs U KJIacChl | MPOrpaMMUPOBAHUsT W K/AcChl | IPOrpaMMHPOBaHUsl M KJIacChl
3ajay, (QopmynMpyeMbix U | 3ajau, (opMymupyeMmbix U | 33jay,  (OpPMyIMpyeMbIX U
peliaeMbIX B paMKax | pellaeMbIX B paMKax | pelaeMbIX B paMKax
JIOTUUECKOT0  TOAX0J4a K | JIOTUY4eCKOro rnojxoAa K | JIOTUYeCKOro oA X0Aa K
TIOCTPOEHHIO 5KCIIePTHBIX | TOCTPOEHUI0 9KCIEPTHBIX | TOCTPOEHHIO 9KCIepPTHBIX
CUCTEeM U pelIeHuI0 3ajau | CUCTeM W pelIeHHI0 3ajau | CUCTeM U pelIeHHI0  3ajady
UCKYCCTBEHHOTO WHTe//IeKTa; | NCKYCCTBEHHOTO  WHTe/JIeKTa; | UICKyCCTBEHHOTO  WHTeJIeKTa;
CUCTEMBI JIOTUYeCKOIo | CUCTeMbI JIOTUYeCKOTO | CHCTeMbI JIOTM4eCKOro
nporpamMmmupoBanust  Ilposor- | nporpammupoBanust Ilposor-/l, | mporpammupoBanust Ilponor-/i,
[, SWI-Prolog, GNU-Prolog u | SWI-Prolog, GNU-Prolog wu | SWI-Prolog, GNU-Prolog wu
Visual Prolog Visual Prolog Visual Prolog
Ymeert: Ymeer: He ymeer:

TIPUMEHSITh PeKypCHBHBIE | TTPUMEHSITh PeKypCHUBHBIE | TTPUMEHSITh PeKypCHBHBIE
METOZIbI U CTPYKTYDbI JaHHBIX | METOJbl M CTPYKTYDPHI /JaHHBIX B | METOABI U CTPYKTYPHI JAHHBIX B
B JIOTMYECKUX TporpaMmax; | JIOTM4YecKuX nporpammax; | JIOrh4ecKHx rporpammas;
MIPUMEHSITh BCTPOEHHbIe | IPUMEHSTh BCTPOEHHbIe | MPUMEHSTh BCTPOEHHbIe
JIoTUYecKre  TIpeAuKaTbl B | JIOTUYeCKWe  TpeAWKaTbl B | JIOTUUeCKHWe  TIpeJuKaThl B
cpefax  IIposor-ZI,  SWI- | cpemax Ilposor-II, SWI-Prolog, | cpegax Ilposnor-Zl, SWI-Prolog,

Prolog, GNU-Prolog u Visual
Prolog

GNU-Prolog u Visual Prolog

GNU-Prolog u Visual Prolog

Bnapeet:
HaBLIKOM  CaMOCTOSITe/TbHOTO
Co3/iaHuUs TIPOCTBIX 6a3

3HaHWH; pa3pabOTKU MPOCTHIX
JIOTUUECKUX  TpOrpaMM B
cpegax  Ilpomor-ZI,  SWI-
Prolog, GNU-Prolog u Visual
Prolog

Bnapeet:

HaBBIKOM CaMOCTOSTE/TLHOTO
CO37jaHUs1 TIPOCTBIX 0a3 3HaHWIL;
pa3paboTKu MPOCTBIX

JIOTHUYeCKUX MPOrpaMM B cpefax
Iponor-ZI, SWI-Prolog, GNU-
Prolog u Visual Prolog

He Bn1apeer:

HaBBIKOM CaMOCTOSITE/ILHOTO
CO37laHKs TIPOCTHIX 6a3 3HaHUM;
pa3paboTku TIPOCTBIX
JIOTUUEeCKHX MPOrpaMM B Cpefiax
Iponor-/], SWI-Prolog, GNU-
Prolog u Visual Prolog

4.3. Kputepum oleHMBaHUS 3ayeTa
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110 HarpaeJ/ieHuto noarotoBky 01.03.02 IpuknazHasi MaTeMaTrKa ¥ MHGQOpPMaTHKa, Mpodusib «MaTeMaTuueckoe MOJe/TUPOBaHe»

DI'BOY BO «Uenl'Y»
Bepcust sokymenra - 1 crp. 37 u3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne
O1ieHKa HeynosnetBopurenbHO YIOBIETBOPUTENIBHO Xopol1io OTnnyHO
HabpanHas cymMMa
0,
banzos (% Metee 50 50-75 76-95 96-100
BBIMO/THEHHBIX
3a/ianuii) (max — 100)
OrnieHka He 3auTteHo 3auTeHO
HabpanHas cymMMa
(0]
banos (% Menee 50 50-100
BBITTOJTHEHHBIX
3ajanui) (Max — 100)

«3a4TeHO0» — TeCT BBINIOJIHeH C pe3yssTaToM He MeHee 50%, pelleHa U mpolia

BCe TeCThl Ha CaliTe aBTOMaTHUUeCKOM MPOBEPKH O/[Ha 3a/iaua
«He 3aUTeHO0» — TeCT BbIINOJIHEH C pe3y/bTaToM He MeHee 50%, 3a/iaua He pelleHa;

«He 3a4TeHO0» — TeCT BbIIOJIHEH C pe3y/ibTaTroM MeHee 50%.

YPOBHHU

4.4. Pe3ynbTrarnl NMPOMe)KyTOUHOU arTecTanum 7|
c(hopMHPOBAHHOCTH KOMITETEeHI|M I
YpoBeHb 0CBOEHHsI KOMIIeTeHLIUM O1jeHKa
[TpoABUHYThIN 3aUTeHO
ba3oBbiii 3aUTeHO
[ToporoBbiii 3aUTeHO
KOMITeTeHLIMY He c(hOpMHUPOBaHbI He 3aYTeHO

YpoBHu popMupoBaHNsi KOMIIEeTeHIMHA:

1. TToporoBbeI YpOBEHB:
* TipeAnosaraeT (pOpMHUpPOBaHUE KOMIIETEHI[MM Ha Hadya/JbHOM YDOBHE: 3HaHUe
OCHOB JIOTUU€CKOT0 TTPOrpaMMUPOBaHMS;
* CTyZieHT criocobeH faBaTh OTBETHI HAa TeOPeTUUeCKUe BOIIPOCHI AUCLIATITMHBI
Ha Y/I0BJIETBOPUTE/ILHOM YPOBHE.
2. ba3oBbll ypOBeHb:

* mipearnosiaraeT (GopMHpOBaHMe KOMIIETEeHI[MM Ha Oojiee BBICOKOM YpOBHe:
dopMUpyeTcsi KOMIUIEKCHOe 3HaHWe 0COOeHHOCTell W TIpUMeHeHHsT MeTOZOB
JIOTUYECKOTO MPOrpaMMHPOBaHMUS;
* CTyZieHT criocobeH aBaTh pa3BepHYThble OTBEThI HA TEOpPeTUUeCKUe BOIMPOCHI
JAUCLIUTITMHBL; CrI0CO0eH pelaTh MpakTUUecKue 3a/jaHusl.
3. IIpoBUHYThIM YPOBEHb:
* npernosiaraeT (GopMUpPOBaHUE KOMITETEHLIMM Ha BEICOKOM YPOBHE, UCII0/Ib3YeT
MojiydeHHble 3HAaHUSI M YMEHUsS TMpU H3YYEeHUM CMEeXHbBIX AUCLUIUIUH,
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Bepcust sokymenra - 1 crp. 38 u3 38 TTepBeIii 3K3eMIUISIP KOITHA Ne

oOHapy)KMBaeT TOTOBHOCTb K  CaMOCTOATE/IbHOM  TTpodeccrHoHaIbHOM
JesiTeNTbHOCTY;
* CTy#AeHT CcrocobeH apryMeHTHPOBaThb COOCTBEHHYIO TOUKY 3peHUs,
cdbopMympoBaTh COOCTBEHHbIE BBLIBOABI HAa OCHOBe TIPUMEHEHHS YCBOEHHBIX
KOMITeTeHLIUM.
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