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1. Mecro nucuumussl (Moayns) B crpykrype OIIOII BO: nucnunnnnaa oTHOCUTCS K 00s3arenbHOl yacTtu bioka 1 «/{ucuuruinnel (Momynn).

2. BxoaHble TpeOoBaHUs Ui OCBOCHMS IJUCLMIUIMHBI (MOIYJs), IPEABapUTENIbHbIE YCIOBUSA: Ui OCBOCHMS IUCLHUIUIMHBI TpeOyeTrcs: BIlaJeHUE
MHOCTPAaHHBIM SI3BIKOM HE HIDKE ypoBHs B2 mo o0meeBpomneiickoil mkane ypoBHel Biagenus nHoctpanHbiMu si3bikamu CEFR, 3Hanue tepmuHonorun
0 crenuanbHOCTH «DyHIaMeHTaIbHasi MAaTEMAaTHKa» Ha aHTJIMMCKOM s3bIKe, 0a30Bbl€ HABBIKM COCTABJIEHUS! HAYYHOT'O JOKJIaJa U MIPEICTABICHUS €ro
ayJIMTOPUU, HABBIKU PabOTHI C IUTEPATYPOH MO CHELMATIBHOCTH.
3. Pe3ynpTraThl 00y4eHuUs MO0 JUCHUILIMHE (MOAYIIO), COOTHECEHHBIE C TPpeOyeMbIMH KOMIETEHIIUSIMH BbIITYCKHUKOB.

Il1aHupyemble pe3y/ibTaThbl 06yUYeHHs 10 AUCHUIIMHE (MOAYJII0)

CozeprxaHue U KOJl KOMITETeHIIMH.

UHauKaTop (mokasaTeJib) AOCTUKEHUS
KOMIIeTEeHIIUH

Il1aHupyeMble pe3yJIbTaThl 06y4eHUs MO0
JHUCIUIUINHE, CONPSKEeHHbIE C UHANKATOPaMH
JOCTHKEHHsI KOMIeTeHIUi

YK-4. CniocobeH mpuMeHATh COBPEMEHHBIE
KOMMYHUKATHBHbIE TEXHOJIOTUH, B TOM YHCIIE
Ha MHOCTpaHHOM(BIX) s3bIKE(aX), IS
aKaJIeMUYeCKOro U MpoecCnoHaIbLHOIO
B3aUMO/ICHCTBUS.

VYK-4.1. 3naer nureparypHyto Gpopmy
rOCyJapCTBEHHOTO SI3bIKa, OCHOBBI YCTHOH H
MUCbMEHHON KOMMYHHUKAIMU HA HHOCTPAHHOM SI3bIKE,
(YHKIMOHAIBHBIE CTUIJIA POJTHOTO SI3bIKA,
HE00X0IUMBIE JIJIS MPO(ECCHOHATILHON AESITEIBHOCTH.
VK-4.2. YMmeeT BbIpaxkaTb CBOM MBICIIH Ha
rocy/1apCTBEHHOM, POJHOM M HHOCTPAHHOM SI3bIKax B
po(heCCHOHATBHOM JIEATEIbHOCTH.

VK-4.3. ImeeT npakTU4ECKHI OTIBIT COCTABIECHUS
TEKCTOB Ha TOCYAAPCTBEHHOM M POJHOM SI3bIKaX, OIBIT
MepeBojia TEKCTOB ¢ MHOCTPAHHOTO SI3bIKa Ha POJIHOM,
OIIBIT TOBOPEHHS Ha TOCYAaPCTBEHHOM U
WHOCTPAaHHOM $I3bIKaX B MPO(eCCHOHAIBHOM
JIeSITEIbHOCTH.

YK-4.1. 3-1 3naTh

rpaMMaTHKy aHTIUHCKOTO S3bIKA, TEPMHUHOJIOTHIO
CHEIMATFHOCTH Ha aHTIUICKOM SI3BIKE, JIEKCHKY,
UCTIOJIB3yEeMYIO B aKaJeMHYECKOH U
poQecCHOHATLHON Cpejie, CTHIIMCTUIECKHE
0COOCHHOCTH HAyYHOU PEeUH, CTHIINCTHICCKIE
0COOEHHOCTH HAYYHOTO TEKCTA.

YK-4.2.3-1 YmeTh

rPaMOTHO M3JIaraTh MBICITH Ha aHTIIUICKOM SI3BIKE B
YCTHOH M MMUCBMEHHOHN (JOpPMax C yIETOM
(yHKIMOHANBHO- CTHIMCTHYECKHX OCOOCHHOCTEH
Hay‘{HOﬁ p€4uu; BOCIIpUHUMATDh Ha CJIYyX U IIOHUMAThb
coJiep)KaHue COOOIICHNH Ha aHTITUHCKOM SI3BIKE
Hay4HOr0 (DYHKIIMOHAIBHOIO CTHJIS; IOHUMATh U
IIEPEBONUTH HAYYHYIO JIUTEPATYPY 110 CIIEHAILHOCTH
Ha aHTJIMMCKOM SI3bIKE, AHAJIM3UPOBATH JIUTEPATYPY 110
CIIEUUATBbHOCTH U U3BJIEKATh U3 IPOUYUTAHHOTO
HeoOXoMMyto HH(opMaluio; pedhepupoBaTh
ayTEeHTUYHBIE TEKCTHI MO CIIELIUATILHOCTH; COCTABIISATh
U MIPEACTABISATh HAYYHBIN JOKIJIA] C YYETOM
YCTaHOBJICHHBIX MPaBUJ B MEXIYHAPOIHOM HAyIHOM
COO0O0IIIECTBE; BECTH HAYYHYIO JUCKYCCHIO M 3aIIUIIATh
MIPEJICTAaBICHHYO paboTy

YK-4.3. B-1 Bnaaersb

HaBbIKAMH YCTHOTO M MUChMEHHOTO OOIICHHS Ha




AHTJIUICKOM SI3BIKE B aKaQJICMUYCCKOM U
PO ECCHOHATTEHOM COOOIIECTBE!, MPEACTABICHUS
HAay4YHOTO JIOKJIaJ[a ¥ y4acTHs B HAYYHOW JMCKYCCHUHU.

4. ®opmar o0yueHus: — O4Has, ay IMTOPHBIEC 3aHITHUSI CEMUHAPCKOTO TUIIA.

5. O6beM OUCHUILTUHBL (MOJYJI1) COCTABISET 4 3.€., B TOM uucie 68 akaJeMUYeCKHX YacOB, OTBEICHHBIX HA KOHTAKTHYIO pa0OoTy 00y4aroumxcs ¢
npernoiaBaTenemM, 76 akaeMUUYECKUX YacOB Ha CAMOCTOATENBbHYIO paboTy 00yYaroImuXxcs.

6. ConepxaHue TUCIUTLUIMHBI (MOJYJISI), CTPYKTYPUPOBAHHOE 110 TeMaM (pa3jiesiaM) ¢ yKa3aHWeM OTBEJICHHOTO Ha HUX KOJMYECTBA aKaJeMHICCKHIX

4aCoOB U BHBI yqe6Hbe 3aHATHH:

6.1. CTpyKTypa AMCIUIUIHHBI (MOIYJIsS) IO TeMaM (pa3jienaM) ¢ yKa3aHHeM OTBEICHHOTO Ha HUX KOJMYECTBA aKaJeMUYECCKHX YacOB U BUJIBI YUCOHBIX

3aHATUH (B CTPOTOM COOTBETCTBUHU C YYEOHBIM IIIAHOM)

HanmeHnoBaHMe U KpaTKO€E COJACPKAHKE Pa3/ICIIOB U
TEM JTUCIMIIHHBI (MOTYJIs),

dopmMa NpOMEKYTOUHON aTTECTALUHU 110 JUCIUILINHE
(Momymt0)

Bcero
(qacwr)

B ToMm uucie

KonrakTHas pabora
(paboTa BO B3aUMOJICUCTBHH C MTPEIOIABATEIICM)

Buapl KOHTaKTHOM pabOTHI, Yachl

CamocrosiTenbHas padbora
oOyuatorerocs,
9achl
(6U0bl  CAMOCIMOSAMENLHOT
pabomul — acce, pepepam,
KOHMPOIbHAL paboma u np.
— YKa3vul8arOmcs npu
Heobx00umocmiu)

3aHATHS
3ansaTus CEMHHapPCK
JIEKIITHOHHOT O oro tumna*

Tumna*

Bcero




Moayns 1. Urenwe, mepeBox U 0oOCyxaeHue | 22 12 12 10

MPOYUTAHHOHN OOIIEHAYYHOM JTUTEPATYPHI U JINTEPATYPHI

10 CHELMATIBHOCTH.

Monyib 2. AHMIHACKHN 3bIK HAYyYHOTO TEKCTA. 6 4 4 2

Monyinb 3. 'paMMaTika Hay4YHOTO TEKCTA. 60 30 30 30

Texkymuii KOHTPOJIb: FpaMMaTUYECKUH TecT, iepeBoa | 4 4 4 0

TEKCTa IO CHEeHaTbHOCTH.

Monyinsb 4. PedepupoBanue HayqyHOro TEKCTa MO 12 6 6 6 — mMuCHbMEHHBIN 0030p

CIEeLUAIBHOCTH. Hay4YHOH JIUTepaTyphl 110
CTEUATBHOCTH

Mopyns 5. Hayunslii 1okaaa no CreuuanbHOCTH. 34 14 14 20 — Hay4YHBIH JOKIIAJ IO
CTEIHATBHOCTH

[TpomesxyTodHas aTTECTAalNs: YCTHBIN JOKIA]T 10 6 0 0 6

CMELUAIbHOCTH Ha aHTJIMICKOM SI3bIKE,

pedepupoBaHHe JTUTEPATYPHI TIO CIIEIUATBHOCTH

OK3amMeH

Hroro: 144 68 68 76




6.2. Coneprxanue paszieoB (TeM) TUCITUTIIIUHEI.

Ne
/o

HaumenoBanue pa3ienoB (TeM) TUCHUTLIAHBI

Coneprxanue pa3ziesoB (TeM) TUCHUTLTAHBI

Monyns 1. Urenue, nepeBo 1 00CyKIeHHE IPOUYNTAHHON OOIIEHAYyYHOW JIUTEPATYPHl U
JUTEPATyphl [0 CHELUATBHOCTH.

Machine learning, neural networks, pattern
recognition, databases, information storage and
retrieval, decision making support, augmented
intelligence, automatic  theorem  proving,
recommendation systems, big data mining,
natural language processing, human- centered
artificial intelligence, neural interface
technologies, knowledge representation and
automated reasoning.

Monyinb 2. SI3bIKk HAy4HOTO TEKCTa (Ha MaTepuase aHTJIMICKOTO A3BIKA).

I.HGKCI/IKO'FpaMMaTI/I‘{CCKI/Iﬁ AHAJIN3 HAYYHOT'O
TCKCTA.
3. JIekCUKO-CeMaHTHYECKIE HECOOTBETCTBUS

MpHU MEPEBOJIE.

4. 'paMMaTH4ecKie HECOOTBETCTBHUS PYCCKOTO
¥ aHTJIAHCKOTO S3BIKOB.

5. CHHTaKcHC HayYHOTO TEKCTA.

6. IlepeBogueckue TpaHCcHOpPMAIIHH.




Monynb 3. I'paMMaTuKa Hay4YHOTO TEKCTA.

1. The English Verb. Finite forms. Tenses

2. The English Verb. Finite forms. Aspect.

3. The English Verb. Non-finite forms. The
Infinitive. Infinitive constructions.

4. The English Verb. Non-finite forms. The
Present Participle.

5. The English Verb. The Past Participle.

6. The Nominative Absolute Participial
Construction.

7. The English Verb. The Gerund.

8. The English Verb. The Complex Object.

9. The English Verb. The Complex Subject.
10. The English Verb. The Subjunctive Mood.
11. The English Verb. The Modal Verbs.

12. Emphatic Structures. Inversion.

13.The Atrticle.

14. Irregular Plural Forms of the Noun.
Uncountable Nouns. Compound Nouns.

15. Degrees of Comparison. Constructions with
comparisons.

Monyns 4. PedeprupoBanre HayqdHOTO TEKCTa MO CIEUATbHOCTH.

1. ®yHKIMOHATBHO-CTUIIMCTUYECKHE
0COOCHHOCTH Hay4YHOM MHCbMEHHOM peyH Ha
AHIJIMHACKOM SI3BIKE.

2. AaHOTAaIHSI.

3. OcHOBBI peheprpoBaHUs HAYYHOTO TEKCTA.
4. O630p HAyIHOU JTUTEPATYPHI.




S. Mopyns 5. HayuHslii 10KIa/ 10 CIIEUAIBHOCTH.

1. ®yHK1MOHAIBHO-CTUIMCTUUECKHUE OCOOEH-
HOCTH Hay4YHOM YCTHOMW peud Ha aHTJIMHCKOM
SI3bIKE.

2. SI3pIK HAy4YHOTO JOKJaAa (Ha MaTepuaie
AHTJIMHCKOTO S3BIKA).

3. CTpyKTypa Hay4HOT0 JOKJaja Ha
AHTJIMHACKOM SI3BIKE.

4. OcoOEHHOCTH MaTeMaTH4EeCKOT0 HAyYHOTO
JIOKJIaJa.

5. OcHOBBI yOJIMYHOTO BBICTYTICHUS.

6. Benenue quckyccum.

7. Hayunslii nokiiag B ¢popmaTe Mpe3eHTaIuu.

7. ®onp oneHouyHbIx cpencts (POC) nmst olleHUBAHUS PE3YIbTATOB OOYUYCHHS TI0 TUCHUTIITUHE (MOJIYIIIO).

7.1. TunoBwie KOHTPOJIBHBIC 3aJaHW UM HMHBIC MAaTCPUAJIbI IJId IMMPOBCACHNA TCKYIICTO KOHTPOJIA YCIICBACMOCTH.

[Tpumep JIeKCUKO-TPaMMaTHYECKOTO TeCTa

1. Supply the missing articles in the text below and define their function in the context:

... Symmetries and ... first integrals are ... two fundamental structures of ... ordinary differential equations (ODEs). Geometrically, it is natural to
view ... nth-order ODE as ... surface in ... (n + 2) —dimensional space whose ... coordinates are given by ... independent variable, ... dependent
variable and its ... derivatives to order n, so that ... solutions of ... ODE are ... particular curves lying on this surface. From this point of view, ...
symmetry represents ... motion that moves each ... solution curve into ... solution curves; ... first integral represents ... quantity that is conserved
along each ... solution curve. [More precisely, ... symmetry is ... one-parameter group of ... local transformations, acting on ... coordinates of ...
(n + 2) —dimensional space, that maps ... solutions into ... solutions, and ... first integral is ... quadrature expressed by ... function of ... coordinates

involving ... independent variable, ... dependent variable and its ... derivatives to order n — 1, that is constant on each ... solution.]




2. Form a derivative from the following words:

1. ... (mathematics) modelling aims to describe the different aspects of the real world, their interaction and their dynamics through mathematics.

2. Unsupervised learning is ... (argue) more typical of human and animal learning. It is also more widely ... (apply) than supervised learning, since
it does not require a human expert to label the data ... (manual).

3. Labelled data is not only expensive to acquire, but it also contains relatively little information, certainly not enough to estimate the parameters
of complex models ... (rely).

4. Supervised learning is conditional ... (dense) estimation.

5. Many generic ... (classify) methods ignore any structure in the input features, such as ... (space) layout.

3. Make up sentences with complex subject from the following sentences and translate them into Russian.

1.
2.
3.
4.

5.

It is known that an infinite series is convergent, if its sum approaches closer and closer some definite finite value, as the number of its terms

increases without limit.

It is supposed that Hippocratus discovered many of the important properties of the circle.

It is likely that the postulates of the theory under discussion are of fundamental importance.

The origin of the systems of numerals we use today is obscure but it appears that these numerals were in common use in India in the X
century.

It is said that Descartes found a magic key that would unlock the treasure house of nature. What was that marvelous key? It does not seem
that Descartes himself told anyone explicitly, but they usually believe that it was no less than the application of algebra to geometry, analytic
geometry in short.

4. Translate the sentences below into English using complex subject:

1. ManoBeposITHO, YTO TAHHBIN METO]T TO3BOJIUT MOJIYIUTh HEOOX0AUMBIE pe3yabTaThl. 2. 3BecTHO, uTo O0mbInas Teopema depma OblIa JoKa3zaHa
Oujpro Yainzom B 1994 roay. 3. Berunciienust okazanuch HeBepHbIMU. 4. [Ipy pounx paBHBIX YCIOBUSAX PE3YIbTaThl SKCIIEPUMEHTA HE U3MEHSATCS.
5. Mbl HauMHAaeM U3y4YeHHE MAIIMHHOTO 00YyYEHHUs C O0CYKACHHSI KOHTPOJIUPYEMOT0 00yUeHHsI, KOTOPOE YacTO MPUMEHSETCS Ha MPaKTHKeE.



7.2. Tumossie KOHTPOJIbHBIC 3aJaHW UM HHBIC MaTCPUAJIbI AJId IIPOBCACHU A HpOMe)KYTOIIHOfI aTrTeCTanuu.

Conep:xaHue 3K3aMeHa

1. TIucbMeHHBIH IMepeBO] HA PYCCKUM SA3bIK TEKCTA 0 CHEIUaIbHOCTH (co ciioBapeM) B oobeMe 2500-3000 3nakoB. [Toaroroska — 45-60 MuH.
Y CeTHBIN nIepecKkas MIPOYUTAHHOTO U NIEPEBEICHHOIO TEKCTA.

UreHue U nepeBo/i Ha PyCCKUil sI3bIK TEKCTA MO CIIeNUaNbHOCTH (0e3 cioBaps u 0€3 MOJIATOTOBKH).

Becena no criermanbHOCTH (110 0030pYy JUTEPATYPHI, PEKOMEHIOBAHHOW HAYYHBIM PYKOBOJIUTEIIEM).

YcTHOe pedeprpoBaHre CTaThU U3 IEPUOINIECKOM MTEYaTH 10 aKTyalIbHBIM BOIIpocaM coBpeMeHHOoCTH. [loaroroska — 15-20 muH.

o

IIpumep 3K3aMeHalInOHHOIO OMJIeTa
1. Translate the following text into Russian using a dictionary and render it in English:

Every system representable by the basic finite-state model is assumed to be controlled by an independent synchronizing source, in the following
fashion: the system variables are not measured continuously, but only at the discrete instants of time at which a certain specified event, called a
synchronizing signal, is exhibited by the source. These instants of time are called sampling times, the vth sampling time being denoted by tv (v =1, 2,
...). An additional assumption is that the behaviour of the system at any sampling time ty is independent of the interval between t, and the previous
sampling time ty.1. Thus, the true independent quantity, against which every system variable is measured, is not time, but the ordinal number associated
with the sampling times. A system variable v(t), therefore, can be written as vy, which designates the value of v at the vth sampling time.

It should be emphasized that the foregoing assumptions do not imply that the time intervals between two successive synchronizing signals are
uniform; neither does it imply that a system variable, within such an interval, exhibits some specific mode of behaviour (say, remains constant). The only
implication is that, whatever the interval is, and whatever the system variations within the interval are, the values of the variables at the vth sampling
time depend on the number v and not on the value of t,.

Systems which conform with the time-discreteness assumption made above are said to be synchronous. Systems in which this assumption is not
valid are called asynchronous systems; such systems will not be discussed in this book. In practice, many systems which are inherently asynchronous
may be, for the purpose of analysis, treated as synchronous. As an example, consider a system composed of a switch controlling a light bulb. The input
variable is the position of the switch (on or off), and the output variable is the condition of the bulb (lighted or not lighted). The synchronizing source
in this case is the operator of the switch, and the synchronizing signal is the switch-throwing action. To the extent that the value of each variable at the
vth sampling time (i.e., when the switch is thrown for the vth time) is independent of the intervals between the sampling times (i.e., between one switch-
throwing operation and the next), the described system may be regarded as synchronous. Strictly speaking, however, the system is an asynchronous one,
since the operation of physical switches and bulbs does depend on the interval between successive switchings: when the switching frequency becomes
too high, one can no longer assert, for example, that the light is always on when the switch is on. Nevertheless, when the switching frequency is known
to be sufficiently low (this knowledge may be based on the specified characteristics of the synchronizing source), the system may be safely regarded



as a synchronous one. It may be remarked that the analysis of most digital computers encountered in practice can be adequatelyconducted under the
assumption that these devices constitute synchronous systems.
(Time discreteness from the book Introduction to the theory of finite-state machines by Arthur Gill)

2. Read and translate the following text into Russian without a dictionary:

While the excitation and response variables are, by choice, quantities which can be observed and measured by the investigator, the intermediate
variables are often of obscure nature and their values are often unmeasurable. The importance of the intermediate variables, however, does not lie in their
individual behaviors, but rather in their combined effect on the relationship between the input and output variables. This "combined effect,” like the
variables which cause it, is subject to the time-discreteness and alphabet-finitude assumptions introduced in Sections 1.3 and 1.4. The effect is called the
state of the system, the state at time t, being denoted by sv. The set of states which can be exhibited by a system is called the state set of the system and
is denoted by S.

The concept of a state can be accurately defined only through the role played by it in the postulation of the basic finite-state model. This role can be
described through the following two statements: (1) The output symbol at the present sampling time is uniquely determined by the input symbol and
state at the present sampling time. (2) The state at the next sampling time is uniquely determined by the input symbol and state at the present sampling
time. Thus, roughly, the state of a finite-state machine at any given sampling time is that variable which, together with the input symbol, enables one to
predict the output symbol at this sampling time and the variable at the next sampling time.

(States from the book Introduction to the theory of finite-state machines by Arthur Gill)

3. Present a talk on the scientific articles you have read on your specialization during the term. Specify the area of your research.
4. Discuss the following article from an English newspaper with the examiner.

After a year of lockdown, many of us are finding it hard to think clearly, or remember what happened when. There isn“t anything wrong with
us. It*s a completely normal reaction.

Although restrictions are now easing across the UK, with greater freedom to circulate and socialise, lockdown for many of us has been “a
contraction of life, and an almost parallel contraction of mental capacity.” What we call brain fog, Catherine Loveday, professor of cognitive neuroscience
at the University of Westminster, calls poor “cognitive function”. That covers “everything from our memory, our attention and our abilityto problem-
solve to our capacity to be creative. Essentially, it*s thinking.” Studies showed that people performed worse when lockdown started, but improved as
restrictions loosened, with those who continued shielding improving more slowly than those who went out more.

One powerful factor could be the fact that everything is so samey. Loveday explains that the brain is stimulated by the new, the different, and this
is known as the orienting response: “If adults are watching a boring lecture and someone walks into the room, it will stir our brain back into action.”
Loveday suggests that if we can attend a work meeting by phone while walking in a park, we might find we are more awake and better able to concentrate,
thanks to the changing scenery and the exercise; she is recording some lectures as podcasts, rather than videos, so students can walk while



listening. She also suggests spending time in different rooms at home — or if you only have one room, try “changing what the room looks like. You could
change the pictures on the walls or move things around for variety, even in the smallest space.”

Brain fog has resulted partly from ,,degraded social interaction. The blending of one day into the next with no commute, no change of scene, no
change of cast, could also have an important impact on the way the brain processes memories. Experiences under lockdown lack “distinctiveness” — a
crucial factor in “pattern separation”. This process, which takes place in the hippocampus, at the centre of the brain, allows individual memories to be
successfully encoded, so we can distinguish one memory from another and retrieve them efficiently. The fuggy, confused sensation that many of us
will recognise, of not being able to remember whether something happened last week or last month, may well be with us for a while.

(Brain fog: how trauma, uncertainty and isolation have affected our minds and memory from the Guardian, 2021)

ITKAJIA U KPUTEPUU OUJEHUBAHUA pesysbTaToB 06ydenus (PO) nmo gucuuninbe (MoAyJio)

OneHka 2 3 4 5

e
BU/IbI OIIeHOYHb

CpeJCTB

3HaHuA OTcyTcTBUe 3HAaHUM dparmMeHTapHbIe 3HAHUS O6uiue, HO He CdopmupoBaHHbIE
epamMmamuku CTPYKTYpPUPOBaHHbIE 3HAHUA cUCTeMaTU4eCcKre 3HaHUA

aHaAulicko2o A3blKa,
mepMuHo102UU,
¢dyHKYUOHANBHO-
cmuaucmu4eckux
ocobeHHocmell
NUCbMEHHO020 HAYYHO20
mekcma u ycmHou
HAay4HoU pevu Ha
aH2AUTICKOM s3blKe
(8udsl oyeHoUHbIX




cpedcms: ycmHble u
NUCbMeHHble 0NPOChl,
KOHMPO/IbHbIE pabombl,
mecmul)

YMeHus

NOHUMAMb HAYYHYH0
peub Ha AH2AULICKOM
s3blKe, 2PAMOMHO
¢dopmyauposamsv
8bICKA3bIBAHUS,
NOHUMamMb U
aHau3uposams
HAy4YHyw aumepamypy
(8udvsl oyeHOYHbIX
cpedcma: ycmHble u
NuUcbMeHHble 0NPOChl,
KOHMPpO/IbHble pabomol,
mecmbi)

OTcyTcTBHE yMEHUN

B LiesioM ycreniHoe, HO He
CUCTEMATUYECKOE YMEHUE

B nesiom ycnemHoe, HO
coJieprkalliee OTAeJIbHble
npo6eJsibl yMeHue (AomyCcKaeT
HETOYHOCTH
HENPUHLMUIHAJIbHOTO
xXapakTepa)

Ycnemxoe u

CUCTEeMATH4YEeCKOEe YMEHHUE

HaBbIku

(B/1afieHUs, ONBIT
JlesITeJIbHOCTH)
umeHus U nepegoda
Hay4Ho20 mekcma no
cneyua/abHoOCmu ¢
aHaAulickozo s3blKa,
npedcmas.ieHusi
Hay4Hoz2o dokaada no
cheyuaabHoOCmu,
HanucaHusi aHHOMayuu
Hay4H020 d0K/Aada,
pedepuposaHus
Hay4H020 mekcma,
gedeHusi duckyccuu

OTcyTCcTBHE HaBbIKOB
(B/1afeHUH, onbITa)

Hasnuue oTAe/IbHBIX HABBIKOB
(Hanmyre pparMeHTapHOTO
OTBbITA)

B uesioMm, cpopmMupoBaHHblIe
HaBbIKH (BJIaJleHHs), HO
UCIOJIb3yeMble He B aKTUBHOM

dbopme

CdopmMupoBaHHbIe HAaBBIKU
(B1afeHus1), IpUMeHsieMble

IIpH pelieHru 3a4a4




(8udbt oyeHoUHbIX
cpedcme: nUCbMEHHBIU
0630p Hay4YHOU
AUumepamypbl, HaQy4Hbsll
doksad, aHHomayus
Hay4Ho20 doKaaoaq,
HayuHas duckyccusi)

8. PecypcHoe obecnieueHue:
e [lepeueHb OCHOBHOW M JONOJIHUTEIHHOM

mutepatypsl, A. OCHOBHas IUTEpaTypa:

1.

2
3.
4

2

~

12.
13.
14.
15.
16.
17.
18.

AHrno-pycckuii cnopapb Matemaruueckux tepmuHoB / [Tog pex. I1.C.Anexcanaposa. — M.: U3narenbctBo «Mupy, 1994.

. Brironckas JI.H., I'puropreBa 1. A. Anrnuiickuii S3bIK U1 MexaHUKoB U MaTematukoB (yactu [ u II). M., MI'V, 2014.

I'puropnesa U.A. Coopuuk ynpaxuenuii. M., MI'Y, 2001.

. Kopneesa M.C., [lepexanbckas T.K. YueOHoe nocobue no pa3BUTHIO HAaBBIKOB aHHOTHPOBAHUS U peepUpoBaHUs ISl CTYACHTOB CTapIINX

Kypcos. M., MI'Y, 1993.

JloBarep A. Pyccko-aHINIMHCKHM CJI0Baph MaTEMATUUECKUX TEPMUHOB. 2-¢ n3a. 1990.

MartgeeBa A.C. AHIHMIICKUN S3BIK. YUeOHOE MOCOOHE I MaruCTPAHTOB MEXaHUKO-MaTemMaThnieckoro ¢akynsrera MI'Y umenu M.B.
JIomonocosa. M.: MAKC Ilpecc, 2018.

IMepexannckas T.K. An Introduction to Scientific Communication. M., MI'Y, 2002.

A Practical Guide to English Grammar. IIpaktiueckoe mocodue o rpaMMaTUKe aHMIIUICKOTO si3bika: YueOHoe mocodue. M.: MAKC
IIpecc, 2016.

. Aggarwal, Charu C. Neural Networks and Deep Learning: A Textbook. Springer, 2018.
10.
11.

Karpova, L. S. A Practical Guide to Giving a Talk on Mathematics. M., 2019.

Ellenberg, J., Tips on giving talks /

[https://quomodocumque.files.wordpress.com/2010/09/talktipsheet.pdf]

Gore S., Smith, D.G. English for Socializing. Oxford University Press, 2013.

Powell, D., et al. Grammar Practice for Upper Intermediate Students. Pearson Longman, 3rd edition, 2008.

Grussendorf, M., English for Presentations. Oxford University Press, 2011.

Halmos, P.R. How to Talk Mathematics / [http://people.kth.se/~tilmanb/Halmos%20-%20How%20t0%?20talk%20Mathematics.html]
Kowalski, Gerald J., Maybury, Mark T. Information Storage and Retrieval Systems: Theory and Implementation, 2" edition, 2002.
Kra, B. Giving a Talk /[http://www.math.northwestern.edu/~kra/papers/talks.pdf]

McCarthy, M., O’Dell, F., Academic Vocabulary in Use. Cambridge University Press, 2nd edition, 2005.



http://people.kth.se/~tilmanb/Halmos%20-%20How%20to%20talk%20Mathematics.html
http://www.math.northwestern.edu/~kra/papers/talks.pdf

19. Murphy, Kevin P. Machine Learning: A Probabilistic Perspective. The MIT Press, illustrated edition, 2012.

20. Penguin Dictionary of Mathematics / ed. by David Nelson. — 4" ed.— Penguin Reference Library, 2008.

21. Porter, D. Check your vocabulary for Academic English / 3" ed. — London, 2007.

22. Tao, T. Talks Are Not the Same As Papers / [https://terrytao.wordpress.com/career-advice/talks-are-not-the-same-as%20papers/]
23. Tao, T. Be considerate of your audience / [https://terrytao.wordpress.com/career-advice/be-considerate-of-your-audience/]

op!

. JononHuTenpHas 1MTeparypa:

Cox K., Hill D. English for Academic Purposes. Pearson Education Australia, 2004.

English for Academics. Cambridge University Press, 2014.

Thompson, K. English for Meetings. Oxford University Press, 2011.

Trzeciak, Jerzy. Writing Mathematical Papers in English: a practical guide. European Mathematical Society. Revised edition. 1995.
Wallwork A. English for Academic Correspondence and Socializing. Springer, 2011.

Wallwork A. English for Academic Research: Vocabulary Exercises. Springer, 2013.

Wallwork A. English for Academic Research: Writing Exercises. Springer, 2013.

Wallwork A. English for Presentations at International Conferences. Springer, 2010.

Wallwork A. English for Research: Usage, Style, and Grammar. Springer, 2013.

O SApuesa H.K. Hayunas peus Ha aHrnmiickoM si3bike. M.: @aunTa, 2000.

[Tepedens pecypcoB HHPOPMAIIMOHHO-TEICKOMMYHUKAIIMOHHOM ceTH «HTepHeT (Mpu He0OXOAMMOCTH)

Cocunckuit A.b. Mathematical English: Lecture notes [Dnextponnsiit Teker] / Cocunckuii A.b.
http://ium.mccme.ru/s13/MathEnglish.html.
http://www.eng.math.msu.su/special _language.htm
https://www.khanacademy.org/
oald8.oxfordlearnersdictionaries.com/
http://dictionary.cambridge.org/
http://www.pearsonlongman.com/dictionaries/
WWW.COUrSera.org
www.new.ted.com/
[ ] MaTepI/IaJ'ILHO-TCXHI/I‘-ICCKOC O6CC1’[C‘-ICHI/IC JOUCIHHUITIJIINHBI:
O6pa3OBaTeJ'H>HaH opraHusaiuys, OTBETCTBCHHAA 3a peajin3aluto ,Z[aHHOﬁ HpOFpaMMLI, pacnojiaract COOTBeTCTByI-OH_Ief/i MaTepHaHLHO-TeXHquCKOfI 6a30ﬁ, BKJIFOYast
COBPEMEHHYIO BEIUHUCIUTEIHHYIO TEXHUKY, 00bETINHEHHYIO B JIOKAIIbHYIO BEIYUCIUTEILHYIO CETh, HIMEIOIIYI0 BEIX0T B IHTEpHET. VICITONB3yIOTCS CIeITHaTM3NPOBAHHEIE
KOMITBIOTCPHBIC KJIACChl, OCHAILICHHBIC COBPECMCHHBIM O60py,ELOBaHI/IeM. MaTepI/IaHLHaSI 6a3a COOTBCTCTBYCT I[eﬁCTBYIOH_II/IM CaHUTAPHO-TCXHUYCCKUM HOpMaM U
O66CHC‘II/IBaeT MMPOBCCHUC BCCX BUIOB BaHHTI/Iﬁ (na60paTopHoﬁ, HpaKTH‘{eCKOfI, }.II/ICI.II/IHJ'II/IH&I)HOfI nu Me)KI[I/ICI_II/IHJ'II/IHapHOﬁ HOI[FOTOBKI/I) u Hay‘lHO-HCCJIe,Z[OBaTeHLCKOﬁ
padoThl 00YUAIOIIMXCS, MPEIYCMOTPEHHBIX YUCOHBIM IIJIAHOM.
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http://ium.mccme.ru/s13/MathEnglish.html
http://ium.mccme.ru/s13/MathEnglish.html
http://www.eng.math.msu.su/special_language.htm
http://www.khanacademy.org/
http://dictionary.cambridge.org/
http://www.pearsonlongman.com/dictionaries/
http://www.coursera.org/
http://www.new.ted.com/

8. CooTBeTcTBHUE pe3ysibTaToB 00yueHus 1Mo JanHoMy teMeHTy OITOII pesynbratam ocBoenust OITOII ykazano B O6mieit xapaktepuctuke OITOII.

9. S3pIk peno1aBaHus — AaHTITUHCKHIA.
10. ABTopsl mporpaMmsl — fo1., K.¢.H. JI.C. Kapnosa, x.¢.-M.H., c.H.c. A.B. ['anatenxo.
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