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Tpeb6oBaHUA K 3HAHUAM U YMEHUAM
CTYAEHTA No pe3ysibTaTaMm
caMoCToATE/IbHOU y4YebHOo-
Nno3HaBaTe/IbHOM OEeATEeNIbHOCTU B Xoae
BbIMO/IHEHUA PaboThI

B pe3ysibTaTe caMOCTOATEIbHON Yy4eOHO-TI03HABATEIBHOM JIeATeIbHOCTU B XO7Ie
BBITIOJTHEHU S KOHTPOJIbHOU pabGOThI CTY/JIEHT /I0JIKEH:

BbITh ClIOCOOEH OCYIIECTBIISTD /I€JI0BYI0 KOMMYHHUKAIIUIO B YCTHOM

Y MMCbMEHHOU (popMax Ha roCyZapCTBEHHOM si3bIKe Poccuiickoi

denepalii U THOCTPAHHOM(-bIX) SI3bIKE(-axX).

3HATh:
MIPUHIUIIBI IOCTPOEHUS YCTHOI'O ¥ IIMCBMEHHOT'O BBICKa3bIBAHUS
Ha PyCCKOM Y MHOCTPAHHOM $I3bIKaX;
IpaBujia U 3aKOHOMEPHOCTH ZIeJI0BOI YCTHOU U MMCbMEHHOU
KOMMYHUKAIUH.

YMeTs:
IIPUMEHATH Ha IIPAKTUKE [IeJIOBYI0 KOMMYHUKAIAIO B YCTHOM
U MMCbMEHHOU hopMax, MeTOZbI U HABBIKU /I€JIOBOTO OOIIEHUS
Ha PyCCKOM Y HHOCTPaHHOM SI3bIKaX.

Bianers:
HaBBIKAMU YTEHUS U MIEPEeBO/ia TEKCTOB HA UHOCTPAHHOM SI3BbIKE
B ITpoheCCUOHAIBHOM OOLIEHUH;
HaBbIKAMHU /I€JIOBBIX KOMMYHUKAIIUI B YCTHOU M MMCBMEHHOU (hopMme
Ha PyCCKOM Y MHOCTPAHHOM $I3bIKaX;
METOJUKOU COCTABJICHUS CYXKJEHHUS B MEXJINYHOCTHOM /1€JI0BOM

O6H_IeHI/II/I Ha PyCCKOM U MHOCTPAHHOM S3bIKaX.
Z[JIH IOIy4Y€HUs 3a4€eTa 110 aHFﬂHﬁCKOMy A3BIKY CTYACHT JOJ/I2KEH:

IpEABABUTH OTPELNEH3NPOBAHHYIO ITPETIOAABATEIIEM KOHTPOJIbHYIO pa60Ty

No 1 ¢ BBITTOJIHEHHO! MMCbMEHHO pab0TOM HaJl OIUOKAMU;



YMETh YCTHO «3aIUTUTh» KOHTPOJIbHYIO paboTYy, T.€. AaTh 'PAMMaTHIECKOe
000CHOBaHME JIF0O0I0 U3 BHITIOJTHEHHBIX 3aaHUIL;

MPEIbSIBUTH TETPAJb-CII0BAPD, B KOTOPYIO 3aIMMCHIBAINCH B TEUEHHE
y4eOGHOr0 To/Ia CJI0BA, HEOOXOIUMBIE /ISl BBITIOJTHEHUST KOHTPOJIBHOM
paboThI;

YMETh MMPAaBUJIBHO YUTATh U ITEPEBOIUTH TEKCTHI U3 “MeToguuecKre
YKa3aHUs 110 AaHTJIMHCKOMY SI3BIKY K BBIITIOJTHEHUIO KOHTPOJIBHOU paboThI
Ne 1 crynentamu dakysibreTa JUCTAHIIMOHHBIX PopM 00yueHus” s
CTYZIEHTOB 1 Kypca 3a04HOr0 (paKyJIbTeTa, ITOJIb3YysICh CBOEH TETPa/IbIo-
CJIOBapeM, OTBeUaTh Ha BOITPOCHI IO COZIEPIKAHUIO TEKCTA; YMETh ITPOUUTATh
U TIEPEBECTU CO CJIOBAPEM HE3HAKOMBIN TEKCT 06’beMOoM 500 TTeYaTHbIX

3HAKOB (TeKCT BbIAACTCSA ITPEINOAaBATE/IEM HaA 3aqéTe).

0611(1/1171 IOPAAO0K AOITYyCKA BBINTOJTHEHHBIX CTYyJE€HTAMN pa60T K 3a1IuTE BO BpEMA

OYHBIX 3aHATHUH (CECCUM)

Pe3ynbTaT mpoBepKU HeiicTBus cryaeHTa

Pa6ora fomyiieHa K 3aiuTe 6e3 NCIpaBIeHU CTy[eHT IPUHOCUT paboTy Ha OYHbIE 3aHITUS

B pacCli€d4aTaHHOM BUJE JJIS 3alIUThHI.

Pa6ora fjomylieHa K 3aiuTe ¢ ucnpasieHusMy | CresiaB vcIipaBIeHUs B paboTe, TAe 3TO yKa3aHo
IIperofiaBaresieM, CTyIeHT He ITPUChLIAeT
IIOBTOPHO paboTy Ha MTPOBEPKY, & IPUHOCUT
HCITPaBIEHHYIO pab0Ty Ha OYHBIE 3aHSITUS

B pacCli€d4aTaHHOM BUJE JJIS 3alIUThI.

Pa6ora He foIylIeHa K 3a1UTe CrenaB ucrpaBiaeHUs B paboTe 0 yKa3aHUIO
TIPETIO/IaBaTesIsA, CTYAEHT IPUChLUIAET PaboTy

Ha MTPOBEPKY ITOBTOPHO, /IO TEX IOP, TIOKa paboTa
He OyZieT AOIyIlleHa K 3a1uTe 6e3 UCIpaBaeHUi
WIN C HE3HAUUTEbHBIMU UCTIPABIEHUSIMU.




3apaHuea 0N KOHTPOJIbHOM paboThil

BAPUAHT 1

1. HaliguTe npejjio)keHHe CO CJI0KHBIM MOZJIeXaIIMM B ab3arie 37 Tekcra
U IIepeBEeAUTE 3TO IIPEJIOKEHUE;

2. Haiigure peiyioxkeHNe C He3aBUCMMBIM IPUYACTHBIM 000POTOM B a63a1ie
11 Tekcra ¥ mepeBeUTe ITO IIPEAJIOKEHUE;

3. HaiiauTe npeiookeHue ¢ repyHJUuaIbHbIM 000pOTOM B ab3alie 44 Tekcra
U IIepeBeAUTE 3TO IIPEJIOKEHUE;

4. [TucbMeHHO TiepeBeauTe ab63alibl 1 — 4 Tekcra.

BAPUAHT 2

1. HafizmuTe mpeaoKeHUe CO CJI0KHBIM JIOTIoJIHEHHEM B a63arie 3 TekcTa
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)keHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
9 TekcTa U TIepeBeIUTE 3TO MPEIJIOKEHNUE;

3. Hafligure mipefijiockeHUE C cocJIaraTeJIbHbIM HaKJIOHEHUEM B ab3arlle 6
Tekcra U repeBeiuTe 3TO MPeIJIoKEeHUE;

4. [TucbMeHHoO TiepeBeanTe ab3alibl 5 — 7 Tekcra.

BAPUAHT 3

1. HaflimuTe mpeaoKeHUE CO CJI0KHBIM JIOTIoJIHEHHEM B a63arie 4 TekcTa
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM ITPUYACTHBIM 000pOTOM B ab3alie
1 TekcTa U TIepeBeiuTe ITO MPEJJIOKEHNE;

3. Haiigure mipejijiookeHue C cocjiaraTeJlbHbIM HaKJIOHEHUEM B ab3atie 48
Tekcra U repeBeJIUTe 3TO MPeJIOKEHUE;

4. [TucrMeHHoO TiepeBeTe ab3aiibl 8 — 10 Tekcra.



BAPUAHT 4

1. HalimuTe mpeaioKeHUe CO CJI0KHBIM TTOZJIeXaIUM B ab63atle 2 Tekcra
U TIEpEBEIUTE ITO MPEJI0KEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM ITPUYACTHBIM 000pOTOM B ab3alie
4 TekcTa U IEpeBeIUTE ITO MPEAJIOKEHUE;

3. Hailigure mipejijiookeHue C cocjiaraTeJbHbIM HaKJIOHEHUEM B ab3atie 47
Tekcra U repeBeiuTe 3TO MPeIJIOKEHUE;

4. [TuckMeHHO TiepeBeanTe a63a1ibl 11 — 12 Tekcra.

BAPUAHT 5

1. HalimuTe mpeaioKeHUe CO CJI0KHBIM JIOTI0JIHEHMEM B ab3arie 46 Tekcra
U TIEpEBEIUTE ITO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
48 TekcTa U TIepeBeIUTE 3TO MPEeJIJIOKEHHUE;

3. Haiijgure npejioskeHue ¢ repyHJuaIbHbIM 000poTOM B ab3arie 1 Tekcra
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

4. [TucrMeHHoO TiepeBeanTe ab63a1ibl 13 — 16 Tekcra.

BAPUAHT 6

1. HafimuTe mpeaioKeHUe CO CJI0KHBIM JIOTI0JIHEHMEM B ab63arie 46 Tekcra
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
37 Tekcra u nepeBeJIUTE 3TO MPEAJIOKEHUE;

3. Hailigure mipejijiookeHue C cocjiaraTeJlbHbIM HaKJIOHEHUEM B ab3atie 46
Tekcra U repeBeiuTe 3TO MPeJIOKEHUE;

4. [TucrMeHHoO TiepeBeanTe ab63alibl 17 — 19 Tekcra.

BAPUAHT 7

1. HalimuTe mpeaioKeHUe CO CJI0KHBIM TTOZ/IeXaIUM B a63atle 3 Tekcra

U IIEPEBEANTE I3TO ITPEAJIOKEHUE,



2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM ITPUYACTHBIM 000pOTOM B ab3alie
36 Tekcra u repeBeJIUTE 3TO MPEAJIOKEHUE;

3. Haliaure mipejijiockeHME C cocjiaraTeJTbHbIM HaKJIOHEHUEM B ab3artie 45
Tekcra U repeBeiuTe 3TO MPeIJIoKEHUE;

4. [MTuckMeHHoO TiepeBeanTe a63a1ibl 20 — 24 Tekcra.

BAPUAHT 8

1. HafimuTe mpeaioKeHUE CO CJI0KHBIM TOZjIeKalnuM B ab3atie 33 TekcTa
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
32 Tekcra U repeBeIUTe 3TO MPEAIOKEHUE;

3. HaiiauTe npejioskeHue ¢ repyHJUaIbHbIM 000poTOM B ab3alie 37 Texcra
U TIEpEBEIUTE 3TO MPEJIOKEHUE;

4. [TuchkMeHHO TiepeBeanTe ab63a1ibl 25 — 27 Tekcra.

BAPUAHT 9

1. HafimuTe mpeajiokeHUe CO CJI0KHBIM JIOoTIoJIHEHMEM B ab63arie 40 Tekcra
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
30 Tekcra u repeBeIUTE 3TO MPEAIOKEHUE;

3. Hailigure mipejijiockeHME C cocjiaraTeJTbHbIM HaKJIOHEHUEM B ab3artie 45
Tekcra U repeBeiuTe 3TO MPeIJIOKEHUE;

4. [TucrMeHHO TiepeBeanTe a63a1ibl 28 — 30 Tekcra.

BAPUAHT 10

1. HafimuTe mpeaoKeHUE CO CJI0KHBIM JIOTIOJIHEHHEM B a63arie 5 TekcTa
U TIEpEBEIUTE 3TO MPEAJIOKEHUE;

2. Haiiaure nipe/iyio)KeHHE C HE3aBUCUMBbIM TPUYACTHBIM 000pOTOM B ab3alie
13 Tekcra U repeBeJIUTe 3TO MPEAJIOKEHUE;

3. Haligure mipejijiockeHME C cocjiaraTeJTbHbIM HaKJIOHEHUEM B ab3artie 45
Tekcra U repeBeiuTe 3TO MPeIJIOKEeHUE;

4. [TucrMeHHO TiepeBeanTe a63a1ibl 31 — 33 Tekcra.



TeKcT

BAPUAHT 1

BIG DATA IN REAL ESTATE? FROM MANUAL APPRAISAL
TO AUTOMATED VALUATION

1. Real estate is the largest asset class in the world. It received its own global
industry classification in August 2016 and makes up, on average, 5.1% of any
institutional portfolio. Determining the value of commercial real estate
remains elusively hard, a workforce of 74,000 appraisers in the United States
alone still manually assessing the value of assets that are sometimes worth
billions of dollars.!

2. Appraisals are typically considered to be based on the capitalization of the
net income of an asset using a yield (or cap rate) that has been inferred from
neighboring transactions, or comps. However, transactions of comparable
properties being never truly comparable in either time or building
characteristics, appraisers are typically anchored on previous valuations or
the previous transaction price of a building. The result is that property
appraisals typically lag the market and provide smoothed approximations of
true market prices, with values that are artificially low in bull markets and
high in bear markets.

3. Today’s otherwise hyper-efficient capital market regards these imprecise
measures of value to be obviously problematic: Appraisal-based price
indexes, still used by many investors as the benchmark of choice, are
incorrect as a result; lenders and investors do not have access to accurate
pricing data to underwrite assets; and assessing the risk of real estate assets
on the balance sheets of banks and investors is challenging, which turned
out to be especially problematic during the most recent downturn in 2007. In
addition, the real estate sector facing significant cost from the appraisal
bureaucracy, the U.S. appraisal market alone has an annual turnover of
some USD 90 billion, which is indirectly paid by the ultimate owners of real
estate (i.e., public and private pension plans, insurance companies, banks,

and their respective constituents and clients).



4. The precision of appraisals having been a topic of both popular debate and
academic study for multiple decades, Cannon and Cole most recently
analyzed the accuracy of appraisals for the U.S. commercial real estate
sector, using 1984-2010 data from the National Council of Real Estate
Investment Fiduciaries (NCREIF). Comparing property appraisals with
actual transactions, the authors proved average appraisals to differ in more
than 12% above or below the subsequent transaction price (correcting for the

time lag between property transactions and valuations).

BAPUAHT 2

5. These results are consistent with the findings of Fisher, Miles, and Webb for
the 1978-1998 period. They documented an average absolute deviation of 9%
to 12.5% between appraisals and transaction prices. Outside of the United
States, MSCI has published an annual research report for more than a
decade, comparing valuations and sale prices (before 2016, this was under
the IPD umbrella, the commercial equivalent of NCREIF). The MSCI June
2016 report shows significant variation across countries and years. The
report shows absolute difference between property appraisals and actual
transactions to range between 7.7% (Italy) and 13.9% (Japan).

6. To circumvent the error inherent in appraisals, the commercial real estate
industry has developed alternative property index series, such as the
transaction-based indexes marketed by Real Capital Analytics (RCA), as well
as sophisticated unsmoothing techniques that would deal with otherwise
lagged and artificially smooth performance benchmarks. These measures do
not resolve the fundamental problem of imprecise measurement of value for
other parts of the industry, which might not be interested in index
construction, per se, but rather in the precise valuation of an individual real
estate asset for investment or financing purposes. “Better” appraisals and
indexes also do not address the cost inefficiency stemming from traditional,
manual appraisals.

7. The imprecision and inefficiencies of property appraisals still lingering, the
real estate industry has witnessed a significant increase in the availability of
data and the advent of machine learning techniques, which are now widely
used in medical research and in applications such as search algorithms and
recommendation engines, examples of machine learning applications

varying widely, from fraud detection by PayPal to the personalized online

10



advertising that we have grown used to. In the single-family housing market,
some nascent products are using the combination of data abundance and
machine learning modeling, including, for example, House Canary’s
automated valuation model and Zillow’s much-discussed “Zestimate.” In
this study, we provide a practical application of big data in combination with
sophisticated modeling techniques to develop an automated, machine-based
valuation model for the commercial real estate sector. We focus on the
multifamily sector, enabled by access to a dataset of some 54,000 U.S.

multifamily assets.

BAPUAHT 3

10.

This dataset is enriched by a wide set of both standard demographic and
economic measures and more modern, hyperlocal metrics, such as proximity
to music events, bars and restaurants, and green space and local crime
incidence. Rather than traditional hedonic models, which are limited both
statistically and by a researcher’s predisposition toward “standard”
explanatory variables, we then apply assisted machine learning models that
rely on (stochastic) decision trees. These models could sift through millions
of combinations of thousands of variables, training and testing the model on
randomly selected parts of the datasets, leading to precise out-of-sample tests
of predictive performance.

We find strong evidence on the superiority of automated valuation models
(AVMs) over traditional appraisals—the median absolute error of the
automated model we develop is 9%, which compares favorably against the
accuracy of traditional appraisals, the model producing an instant value at
every moment in time at a very low cost. We also provide evidence on the
importance of using hyperlocal information on the location of an asset. The
use of economic and demographic data at the census tract and ZIP code level
being standard practice in real estate modeling, new information layers
gleaned from a wide variety of sources, including social media data, police
records, and amenities related to economic vibrancy, add significant value to
pricing models.

This study is important for multiple reasons. First, precise, timely
estimations of property values are critical for real estate investors and
lenders to make informed underwriting decisions, where systematic errors

or biases in valuations might have adverse effects on the provision of equity
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or debt. Second, as Cannon and Cole noted, “investors, regulators, and
others rely upon appraised values to assess returns on the USD 11 trillion
U.S. commercial real estate market,” and automated property valuations
would provide a more accurate reflection of both the real estate stock (i.e.,
the value of real estate on the balance sheet) and flow (i.e., real estate
returns from changes in capital values). Third, AVMs could be used for
stress testing under adverse economic scenarios, which remains a much-
needed tool for regulators, banks, rating agencies, and investors. Fourth, the
availability of an instant, accurate property value might spur financial
innovation in the real estate sector, such as automated loan origination by
banks, defined contribution products for private real estate investments, and
arbitrage products for commercial real estate (comparable to emerging
products for the single-family sector, such as Opendoor.com).

BAPUAHT 4

METHODOLOGY

11.

An AVM is a service that uses mathematical models to provide the estimated
value of a property at a specific point in time. Importantly, being
independent of the use of a capitalization rate (the cap rate, in jargon terms),
which would have been critical in traditional property valuation techniques,
AVMs can take different approaches to compute a property’s value. Such a
cap rate is simply derived from the net operating income (NOI) of an asset
divided by its transaction price. For valuation purposes, the cap rates of
three to five recently transacted, nearby buildings are typically used,
adjusting for differences between the appraised property and the transacted
properties. In contrast, an AVM incorporates all transactions in a given
market, assuming a relationship between value and independent variables
that is consistent across locations. Most AVMs using regression (hedonic)
model today, some more modern algorithms use adaptive estimation models

or neural, self-learning network models.

HEDONIC APPROACH

12.

Hedonic AVMs are well recognized in the real estate sector. Following
Rosen [1974], hedonic pricing models require information on basic property
attributes, such as construction year, size, and the extent of capital
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improvements, as well as locational characteristics. These models typically
include a search engine that compares the attributes of the subject property
with comparable properties using a radius search pattern or other logical
search parameters over a predetermined period. Hedonic AVMs are
common because they are based on simple regression models that are easy
both to implement and understand. The main disadvantage is that
regression models are global models, which means that they generate a
single predictive formula that is constant across the entire range of variables
(e.g., property attributes, amenities, and contextual data.). However, many
variables having a nonlinear relationship relative to the predicted value, one
single model might not be successful at predicting property value in the

most accurate way.

BAPUAHT 5

MACHINE LEARNING APPROACH

13.

14.

Instead of traditional hedonic models, we can also apply decision tree
models. Such models sequentially divide the dataset into subsets in order to
apply a regression model to each subset. There are two types of decision
trees, depending on the type of target variable: classification trees, which are
aimed at predicting categorical variables, and regression trees, which predict
continuous variables. The value of an asset being continuous, we use
regression trees for the AVMs developed in this article.

A regression tree algorithm finds the best predictors from the set of
independent variables by first minimizing the variance of a regression
between each combination of the dependent and an independent variable.
This yields the order of importance of the variables. Each of the explanatory
variables then represents a node in the decision tree. The first node, also
called the root node, contains the entire dataset (or at least the part of the
dataset that is used for training the model). The split point within the root
node is based on the best predictor and is determined by applying a cost
function that minimizes the variance in a regression line for both
subsamples. The order of importance is calculated again for the set of
independent variables, based on the sample in the leaf node (the second
layer of nodes in the tree). The best-performing independent variable having
been selected, and the split is repeated. This procedure is recursive in all
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15.

branches of a tree and is repeated until a limit is reached (i.e., the desired
depth of the tree).

More generally expressed, for each explanatory variable (or predictor), the
data are split at one of the nodes of a decision tree, where the node’s level in
the tree is based on the strength of its relation with the dependent variable.

TYPES OF MODELS

16.

Decision trees have several advantages over hedonic regression models and
other machine learning techniques. For instance, decision trees are simple
to understand and to interpret, and statistical significance can easily be
calculated. Decision trees are also able to handle categorical variables, so

there is no need to (manually) create dummy variables.

BAPUAHT 6

17.

18.

Decision trees can make predictions in a very short computing time, even
with large amounts of data. Despite these advantages, decision trees have
some limitations. First, they can have unlimited vertical growth, until the
nodes have a sample of just one observation. These deep trees produce very
complex models that take all the noise from the training data. This effect,
which is called overfitting, generates models that yield poor predictions for
unseen data. Second, deep decision trees are non-robust in the sense that a
small change in the training data could result in a big change in the tree and
thus a big change in the final prediction. If decision trees are too shallow, on
the other hand, they produce neither good models nor good predictions.
This effect is called underfitting.

To overcome the limitations of decision tree models, one can create multiple
decision trees and then obtain the average prediction. This is called an
ensemble of trees, and it is a powerful method to obtain better predictive
performance as compared to what would be obtained from any of the
constituent decision trees alone. One of the most popular ensembles of trees
is the random forest model, which consists of bootstrapped samples of the
original training dataset. Using the bootstrapped sample, a decision tree is
fully developed so that each of its nodes could be calculated by selecting
random explanatory variables. The whole process, each time starting with a
new bootstrapped sample, is repeated many times. This process ensures that
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19.

each decision tree generated were different and uncorrelated with the
others. The final prediction of the target variable is a weighted vote, or the
average of the predictions of all trees in the collection. Random forest
models are quite good at reducing variance; therefore, they are suitable to
reduce the overfitting generated by single, deep decision trees.

Another well-known ensemble method is stochastic boosting. In gradient
boosting models, many small decision trees are built sequentially from
residual-like measures from the previous tree. At each iteration, a tree is
built from a random subsample of the dataset (selected without
replacement), producing an incremental improvement of the model.
Ultimately, all of the small trees are stacked together as a weighted sum of

terms.

BAPUAHT 7

20.

The overall model accuracy progressively improves with each additional
term. Because of their structure, boosting models are aimed at decreasing
the selection bias in the data. For the AVM modeling in this article, we use
both the random forest model and two gradient boosting methods: gradient
boosted trees and XGBoost (eXtreme Gradient Boosting is an advanced
implementation of the gradient boosting algorithm).

MODEL PERFORMANCE

21.

22.

Data science offers several key performance indicators (KPIs) that allow for
precise measurement of the performance of a model. Comparable to
financial decision-making, one KPI does not necessarily tell the truth, and it
is therefore desirable that multiple indicators be exploited. For the models
developed in this article, we deploy two measurements: robustness,
measured by explained variance or R?, and accuracy, measured by the mean
squared error (MSE) or the mean or median absolute percentage error
(MAPE and MdAPE, respectively).

The optimal model maximizes explained variance while optimizing the
accuracy. Obviously, there is a trade-off between these two KPIs—a robust

model is not necessarily accurate, and vice versa.
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MODEL TESTING

23.

DATA

24.

It is important that the parameters that reduce the error in the model
prediction be estimated. This can be achieved through model testing, which
is often referred to as crossvalidation. Cross-validation is a technique that is
used to evaluate model performance on unseen data. In general, a dataset is
divided into train and test datasets. The train dataset is used to build the
prediction model, and the test dataset is used to evaluate the model. The goal
of crossvalidation is to define a dataset to test the model during the training
phase to limit either underfitting or overfitting. We calibrate the model
based on 70% of the data (randomly selected) and use the remaining 30% as
the test set.

For any valuation of a commercial asset, manual or automated, information
on both NOI and actual property transactions represents critical input. We
concentrate on multifamily assets to develop the automated valuation
model, focusing on the states of California, Florida, and Texas. The decision
to focus on multifamily assets in these states is based on data availability
rather than any preference or prior. We collect information on NOI and
basic property characteristics from a large multifamily lender for the 2011-
2016 period.

BAPUAHT 8

25.

We expand the initial dataset of 12,958 multifamily assets by collecting
information on 4,154 multifamily assets from commercial mortgage-backed
securities (CMBS) pools, which are available in the public domain.
Additional data on 26,922 multifamily assets are sourced from RCA, a
leading global provider of property transaction data. In total, these three
datasets contain 36,586 unique properties and 7,448 duplicates (these
duplicates follow from the fact that RCA also records sales transactions on
properties financed by the multifamily lender that supplied the NOI data,
and some assets change ownership during the sample period). It is
important to note that building data are not equally available across datasets
and locations (see Exhibit 2 for a review). Most importantly, the RCA
database includes information on NOI for just 27.7% of the transactions. We
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26.

27.

therefore develop three separate AVMs: one model including NOI, one
model excluding NOI, and one model including modeled NOI (using an NOI
model).

For the NOI model, we use the dataset that includes the combined
information from the large multifamily lender, CMBS data, and the RCA
dataset on multifamily assets. This dataset has a total of 84,305 observations
in 36,586 unique properties, with 26,354 missing NOI values or NOI values
measured before the year 2011, which are removed. During the data
preparation, we also remove outliers based on the construction year and the
target variable (NOI) by using a cutoff of 1.5 or 5 times the interquartile
range (IQR).> We also remove observations in the dataset that have a year of
construction that is later than 2017 (in the future) or date from the 19th
century. We obtain a final dataset of 57,127 observations for 28,145 unique
properties.

The dataset to model asset value comprises just 5,164 transactions between
the years 2011 and 2016, which limits the performance of the model. Outlier
analysis and removal, similar to the NOI model, is applied to the dataset:
The year built in the future is removed, as are obvious data errors, reducing
the dataset by 40 observations. We also exclude properties that have over 524
units (1.5 times the IQR), around 100 properties total. This leaves a dataset
of 5,018 unique transactions between 2011 and 2016.

BAPUAHT 9

28.

29.

We enhance the dataset with detailed information on property
characteristics (attributes), such as the number of units, unit size, presence
of amenities, and so on. Property characteristics are obtained from property
tax data, which are available through the county assessor’s website as a
download, or an online form that uses address or parcel number as input.
Information on tax-relevant property characteristics is available either at the
unit level or the parcel level. For the former, data are summed across all
units on a parcel.

The set of property characteristics being quite exhaustive, we dedicate
significant resources to obtain detailed locational data, following the real
estate mantra of “location, location, location.” To be able to document all the
different types of locational amenities that are relevant for property value,
we first calculate catchment areas for each property, which are based on real
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driving times using the surrounding road network. A catchment area is a
polygon that represents how far a person can drive within a certain amount
of time. The catchment area is then intersected with three main data
categories: amenities (e.g., restaurants, bars, green space, music events,
schools), market data (e.g., construction permits, vacancy rates, crime data,
local mortgage delinquency rate), and census data (e.g., population, income,
employment). In addition, we include U.S.-wide macroeconomic data (e.g.,
the S&P 500, 30-year mortgage interest rate). See the Online Appendix for
the complete list of variables. Each of the catchments is calculated for 3-, 5-,
10-, 15-, and 30-minutes’ driving time, which, when multiplied by the wide
range of independent variables, leads to a dataset that includes thousands of
variables.

EMPIRICAL RESULTS

30.

We develop separate models for property value and NOI. For the NOI model,
we estimate both a Los Angeles (LA) model and a three-state model,
whereas we estimate only a three-state model for the value model, the
limited number of transactions simply not allowing for more granular
analysis. Before and during the modeling process, some variable
transformations are conducted. For example, NOI and property value are
scaled by the number of units in the property to properly compare smaller-
and larger-unit properties and to reduce the variance in the distributions of
NOI and value.

BAPUAHT 10

MODEL PERFORMANCE

31.

The research provides the KPIs for the model that predicts transaction price
per unit. Note that NOI is not included as an explanatory variable in this
model. The key statistics in evaluating the models are robustness, as
measured by the R? and the accuracy of the prediction, as measured by
MdAAPE. The results provide some important insights. First, the three
machine learning models have significantly better performance compared to
the simple hedonic model (where the hedonic model includes the same set
of explanatory variables). Using hedonic modeling, the R?* of the value/unit
model (excluding NOI) is 0.58, whereas the R? of the gradient boost machine
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32.

33.

34.

learning model is much higher at 0.74. This finding indicates that more
advanced modeling techniques could be quite beneficial to real estate
market analysis. Second, the MAAPE of the best performing model is 18.8%,
which is slightly worse than the average manual appraisal, indicating the
importance of including NOI in the model.

Therefore, we add NOI to the model. Given the strong correlation between
NOI and transaction price, the performance of the simple ordinary least
squares (OLS) model improves quite significantly, with an R? of 0.84, the XG
Boost machine learning model being still superior, with an R? of 0.92. The
MAAPE of the most accurate model is very high, at 9.3%—we use this model
for a more detailed comparison with traditional appraisals in the next
section.

The following research shows the results of the machine learning models
applied to NOI data, predicting the NOI/unit both for the LA metropolitan
statistical area (MSA) and for the three states of California, Florida, and
Texas. The results are consistent with findings for the value models:
Machine learning techniques show superior performance relative to
traditional OLS. In addition, predicting transaction prices across states
provides higher accuracy as compared to predicting transaction prices
within an MSA. Although this is counterintuitive—after all, real estate is
often perceived to be a local business—it shows that the relationship
between explanatory variables such as distance to public transport and
presence of schools would hold across regions, increasing the sample size for
predictive models from three to five local comps to thousands of
observations across states. In addition, in a sample that covers a wider
geography, the cross-sectional variation of some of the variables (e.g., census
data) will increase, leading to a more robust model.

In the absence of information on NOI for a multifamily asset, we use the
predicted NOI as an input to estimate property value. The results of this
exercise are encouraging, with strong robustness of the models (the R*
ranges from 0.80 to 0.82) and an MdAPE of 13.9% at best, not dissimilar to
the models that include NOI as an explanatory variable.

INPUT VARIABLES

35.

The AVMs estimated in this article are distinct from traditional models not

just because of more advanced modeling techniques but also because of the
use of nonstandard explanatory variables, including hyperlocal measures of
economic activity. To show the relative importance of property
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36.

37.

38.

characteristics, locational information, and time-varying macroeconomic
indicators, the research provides an overview of each category of variables
and its importance in the different models.

Property characteristics being dominant in none of the models, the results
are quite striking. For the model that predicts NOI per unit in the LA
market, property characteristics explain less than half of the variance (48%),
whereas information on local amenities, census data, and local market
dynamics have 52% of the weight. Importantly, 36% of the weight is on
property attributes that could be retrieved from tax records, which are open
to the public. In the other models, location explains up to 84% of NOI/ unit
and 83% of value/unit. Although the real estate maxim “location, location,
location” is an old adage in the property market, these results empirically
confirm the importance of detailed locational information in predicting
property prices.

The advantage of machine learning modeling is that a model does not have
to be constrained to the 10 to 15 variables that the researcher deems
important for property value. Instead, an unlimited number of variables
could be used by the model, computation power being the only constraint.
To predict value, NOI per unit is obviously the most important attribute. In
addition, the year of construction and average size of the unit are important.
Furthermore, locational variables like “green space within 30 minutes” and
“music events within 30 minutes” are considered to be the variables with the
highest weight. These variables should be measured at a very detailed level
of granularity, which would make them useful proxies for indicators such as
income, employment, and neighborhood vibrancy.

Similarly, the most important variable in predicting NOI per unit is the
delinquency rate on single-family homes—of course, such a measure is not
considered by multifamily tenants and investors directly, but it provides a
very granular measure of neighborhood prosperity that cannot otherwise be
measured directly.

SUMMARY AND IMPLICATIONS

39.

Assessing the market value of real estate is a daunting task that is still
performed manually, typically by comparing an asset to a small set of
previously transacted reference buildings that are somehow comparable. We
argue that the advent of more advanced modeling techniques, including
machine learning, and the growth of data availability, both in frequency and
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40.

41.

42.

43.

44,

level of observation, allow for the development of AVMs for the real estate
sector.

How does the AVM for multifamily would stack up against traditional,
manual appraisals? Previous research has shown the difference between
appraisals and transactions to range from 10% to 15% (Cannon and Cole
[2011]; MSCI [2016]). In addition, an appraisal typically takes about three
weeks to obtain and costs some USD 3,000-5,000 for the average commercial
asset. The research shows the automated valuation model to beat traditional
appraisals on all counts: The MdAPE between property value as predicted by
the model and the actual transaction price is 9.3% for multifamily assets in
the states of California, Florida, and Texas. Of course, the median error
masks a broader distribution: 52% of automated valuations are within 10% of
the actual transaction price, and 92% of automated valuations are within
30% of the actual transaction price.

The results are to a large extent determined by the NOI of an asset, as well as
granular information on the local market. Importantly, in the absence of
information on NOI, our model allows for the inclusion of estimated NOI,
leading to a model with a performance equal to the average appraisal—an
MAAPE of 13.9%.

The implications of these findings are exciting, although perhaps unnerving
to some. For underwriting and refinancing purposes, AVMs could provide
an instant indication of property value, which would save significant time
and resources for portfolios of both investors and lenders, as well as those
interested in a single property. This would be especially beneficial on the
lending side, where the debt service coverage ratio is a leading indicator,
with the loan-to-value as an important, but secondary, input in the
underwriting process.

Automated appraisals would provide banks, insurance companies, pension
funds, and other institutional investors and lenders with an accurate, instant
revaluation of the assets on the balance sheet, obviating the need for an
expensive and lengthy annual (or quarterly) revaluation process, which
regulators increasingly require. Such instant assessment of the market value
of the book is especially useful in times of market volatility.

The timeliness of automated valuations also allows for the development of
financial trading strategies and innovations in the underwriting process. For
example, instant assessment of the value of a commercial real estate asset
could be used for new investment models, comparable to what Open-door
has developed in the single-family market. Instant and accurate assessment
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45.

46.

47.

48.

of the value of a portfolio of assets could be used for arbitrage trading on real
estate investment trusts, not dissimilar to the quant trading strategies used
by some hedge funds, and banks can resort to automated origination models
that obviate the need for (costly) underwriting processes.

Of course, the model developed in this article needs further work to be ready
for broader application in the real estate industry. The model needs
extension across both time and space—from three states to the entire United
States and from the 2011-2016 period to a period that includes the full
market cycle, including a significant downturn. Although the model is
calibrated based on real market transactions (which also reflect decreases in
prices) and includes general macroeconomic indicators as well as real-
estate-specific market indicators (such as the mortgage delinquency rate,
local market rents, and vacancy rates), the current model is calibrated
against the backdrop of a rising market with decreasing cap rates. An
important question is how the model responds to declining markets and
increasing cap rates. Including a longer time period would also allow for
further investigation of time variation in the importance of certain locational
and property attributes in the automated valuation model.

In addition, some would argue that multifamily is a relatively homogeneous
real estate type relative to retail or office buildings (although previous
research from Cannon and Cole [2011] showed the difference between
appraisals and transactions values to be lowest for office and industrial
assets).

The AVM therefore needs to include other property types, where the relative
paucity of property transactions might be a constraint (but probably no more
so than for traditional appraisals).

Finally, for the industry to accept an automated valuation over a traditional,
manual appraisal will take significant education as well as market adoption
by leading lenders and investors. The importance of the appraisal business
for the bottom line of traditional real estate advisory firms, such as CBRE,
C&W, Colliers, and JLL, remains significant, especially during periodic dry
spells with limited brokerage activity, and the real estate appraisal industry
is deeply entrenched in the traditional real estate business. Notwithstanding
the opportunities being able to bring more accurate, instant, and cheaper
valuations, the USD 90 billion valuation industry would have much to lose
from disruption of the decades-old model of manual appraisals.
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MeToaunyeckme ykasaHu4
MO BbINOSTHEHUIO KOHTPOJIbHOM PaboThI

rPAMMATUYECKMUN KOMMEHTAPUNA

AHTJIUNCKUM SI3BIK — aHaﬂHTquCKHﬁ, T.€., BHAYEHHUE CJI0OBA BO MHOI'OM OITPEAECIACTCS
KOHTEKCTOM (I‘paMMaTI/IIIeCKI/IM OKPY>X€HUEM JaHHOTO CJIOBA, CI/IHTaKCI/ICOM). YT00BI

paboTaTh C AHAUIMTUYECKUM SI3bIKOM HEOOXO0AMMO OBJIa/IeTh OCHOBAMHU aHAJIN3A TEKCTA.
KTKOYEBDIE MPUHLMMbI AHITTTMMCKOIO 93blKA:

YacTb peuu 4yacTo onpejessgercs PyHKIMeNH c0Ba B IPEJI0KeHNH,
T.€. TeM, KAKUM YJIEHOM IIpe/IJIOKEHUS ABJSIETCS JAHHOE CJI0BO;
[TpesiokeHUe B AaHTJIMHCKOM SI3bIKE CTPOUTCS BOKPYT JIOTUUECKOM
dopmysst SP[O] (Subject, Predicate, [Object] — ITogyexxaiee, CkazyeMoe,
[[TpsiMoe ZI0TIOTHEHMUE | ); U3 3TOTO CJIEAYET, UTO:
[MTopexkaliee Bcerga Oy/eT cjieBa OT CKa3yeMoro;
Bce o6cTosiTesIbCTBA JOJDKHBI OBITH CIIPaBa OT CKa3yeMoro, a eCJIU eCTh
HEOOXOJJUMOCTb ITIOCTABUTH €I'0 CJIEBA, TO OHO Oy/ieT 060C00JIeHO
3aIIsITOM;
JlorosTHeHUS He peKOMEH/IyeTCsl CTaBUTD CJIeBa OT MO/|JIeXKAIIETO,
IIOTOMY UTO 3TO 3aTPYAHUT ITIOHUMaHeE TEKCTa;
Korza He06X0/IMMO IMOCTAaBUTh CKazyeMoe Iepe/ o/ JIeKal1M,
TOJIBKO JIMYHas popMa IJ1arosia MeHsIeTCsI MECTOM C TT0/IJIeXKAIVIM;
BCE OCTaJIbHbIE WIEHBI CKa3yeMOro IPU 3TOM OCTAIOTCSI HA CBOEM
MecTe, CIIpaBa OT MO IeXKalllero;
[TpusHakoM ckazyeMocTH siBysieTcs Jinunas opma riiarosa (Finite Form),
TIepPBbI IJ1aroJ CKa3yeMoro;

Cka3zyeMoe UMeeT CJIeIyIoLe CBOMCTBA:

JInno; } BBIpaXXaloTCs TOJIbKO JINYHOI hopMoii
1arosia (TIepBbIM [JIar0JI0M CKa3yeMoro)

Yucio;

Bpewms;
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MO,ZLaJIbHOCTb; } Bpra}KaIOTCSI TJ1aroJibHbIMU I'pyIiIriaMmn

Bup;
3aor
JInuHag ¢popma riaroJia:
COry1aCyeTcs C IoAJIeXKalM B JIMIE U YUCJIIE;
OIIPEACIIACT q)OpMaJIbHOG BpeEMsI ITPEAJIOKEHUSA;
Cl’IpH)KeHI/Ie rjaroJia be 1 CMBICJIOBOIO IJIaroJsia start:
Be Start
Hacmosuiee epems (Present Tense)
En. yucio MH. 9yucio En. yucio MH. gucio
0500 (0] Am 0500 (0)
Start
I stuno Are I stuno
11T sturo Is 1T tuno Starts

ITpoweduiee spems (Past)

I u III tuua Was

Bce nunia Started
I tuno Were

MopasbHOCTD BBIPAXKAETCS IJIar0JIbHBIMU IPYIIIIaMU C MOJA/IbHBIMU

[J1aroJIaMu, a MOZ,AJIbHBIN IJ1aroJI — IIePBBIi [JIaroJ CKa3yeMoro,

T.e. IMYHAas (popMa IJ1arosia;
MoganpHas rpynmna:  MoJaubHbIH riarosa + MHQUHNATHUB;
[TockosibKy MOfaIbHBIN IJ1ar0J1 MOYKET ObITh TOJIBKO B CKa3yeMOM
U TOJILKO Ha IIEPBOM MECTE, TO IBYX MOJA/IbHBIX IJIar0JIOB B OJ{HOM
CKa3yeMOM OBITh He MOXKET; B CIydae HEOOXOJUMOCTHU CJIeyeT

IIOJIb30BATHCA 9KBUBAJICHTAMUW MO AJIbHBIX I'JIAr'0JIOB, HAIIPUMED:

He may be able to attend classes next week.

B03MO0>XHO, OH CMOXKET HpI/IﬁTH Ha 3aHATHUA Ha Cﬂeﬂymﬂleﬁ HeeIIe.
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" MO,Z[aIIbeIe TJ1aroJibl:

Present... may can must will shall
Past... might could would should

NB: V ryiarosia must HeT OopMbI ITPOILEIIET0 BpeMeHU (1 OH He UCIIOIb3yeTCs
C OTpUIATeIbHOM YacTuIlell not); SKBUBaJIEHTAMM €My CJIy>KaT riaroJssl have to,
be to, have got to, moaspHbIe r1arosisl will u shall B mpomesniem BpeMeHu uinu
MOJJIBHBIN ri1aros ought to, y KOToporo HeT (pOpMbI HACTOSIILIETO BPEMEHU.

NB: Bo3aM0>xHO, Bbl 00paTUIM BHUMAaHUE Ha TO, UTO /IO CUX TIOP peyb He IIIa

o0 O6yzy1ieM BpeMeHU. [lesio B ToM, 4To (hOpMBI Iy1arosia Oyayiiero BpeMeHu

B QHIVIMICKOM SI3bIKE HET, a JIJIs1 €T0 BhIPAXKEHUS UCIIOIb3yeTCs JIF000H
MOZAIbHBIN r71arosi. IIoaToMy Hazio 6bITh OCTOPOXKHBIM B UCIIOJIb30BAHUU
r1aroJioB will u shall. DTu TJ1aT0JIbI BEIPAXKAOT €111€ U JO/DKEHCTBOBAaHUE (TJ1aroJ
will — BosieBoe, a ruiaro shall - He3aBucumoe). Hampumep, mpeyioykeHue

“The applicants will have good English language command” B pekjiaMe 0 Iipueme
Ha paboTy He OyJieT, CKopee BCero, IepeBOUTHCS OyyLIM BpeMeHeM, IOTOMY
YTO COUCKATEJIAM BPsiJ, iU OyAyT Ipe/iiaraTh Kypc aHIVIMICKOTO A3bIKa; BUAVIMO,
9TO TpeJIoKeHue Oy/ieT epeBesieHo Kak « CoMcKaTesu 10/DKHBI (Hallle BOJIeBOe
TpebOoBaHMeE) XOPOILO BJIa/IeTh AHTJIUHACKUM 13bIKOM». U nipegsioxkenue “You shall
not pass!” BpsiZi I MOXKHO TlepeBecTU OyAyIiuM BpeMeHeM (« Tl He MpoRAEIb!»),
HO He3aBHUCUMOE JJOJDKEHCTBOBAHME XOPOILIO MepeasTcss NHPUHUTHUBOM: «Tebe
He TpoiiTu!» O6paTrTe BHUMaHUe Ha TO, 4To riaroJ shall peko ncroab3yercs

C IEPBBIM JIMIIOM, HO OY€Hb YaCTO — CO BTOPBIM U TPETHUM.

C ipyroii CTOpoHBI, Iy1aros will B HacTosileM BpeMeHU B COYETAaHUU C TPYIIION
Perfect Oyzer vaiiie mepeBOAUTHCS HA PYCCKU SI3bIK ITPOLLIEIINM BpeMeHeM,
HarnipuMmep, “You will all have seen from the handouts, which you have in front of you...”
Oy/leT IepeBOAUTHCS «BbI Bce, KOHEUHO, YoKe TTOHSJIN U3 pa3aTOYHOIo MaTepuaa,
KOTOPBIH JIXKUT TIEpesi BaMHU...» (3/1eCh ry1aroJi will mepeaéT 3HaueHUE «KOHEYHO
(>xe)». OH MOXKET TIepe/iaBaTh U 3HAaUeHNe «Hy HUKaK» ¢ oTpulilanueM: “The engine won’t
start” («/IBUraTe/ b HUKaK He 3aBOJIMTCSI» ), @ TaKOKe «BcE-Takm»: “If the weather will be
fine...” (Ecsin moroja Bcé-Taku Oy/ieT Xopolas...) U T.7. B 11es10M, coueTaHus rjiaroJia
will ¢ BUJOBBIMU I'PyIIIAMU Yallle IepeBOAUT 3HaUeHUe B BBICOKYIO B CTEIIeHb
BEpOSITHOCTH (epistemic meaning) u He nepefa€T 3HaUeHNE OYTyI[HOCTH HallleM

00BIYHOM MOHHMMAHUH.
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BylylIIHOCTB ke MOYKEeT Iepe/iaBaThCs JI0ObIM MO/IaJIbHBIM IJIaroJioM, O3Havyast
Ty WJIX UHYIO CTEIIeHb YBEPEHHOCTH WUJIU TPeOOBATEIbHOCTH, U AaXke 6€3 MOAATbHBIX
ryiarosioB: “He arrives tomorrow morning.” («OH pue3xaeT 3aBTpa yTpom»), “We’re
visiting our parents next Sunday.” «Mbl cobrpaemMcsi HABECTUTb POAUTEsIEN
B OJirpKaliliee BOCKpeceHbe. »

B aHriuiickoM si3bike — ABe BUJI0BbIe rpy1ibl: Perfect u Continuous;
J1y1s1 06pa30BaHMs ITUX BUZOB UCTIOJIb3YIOTCS IJIar0JIbl-
onepaTtopsl have u be;

Perfect: have + Participle II;
Continuous: be + Participle I;

MecTo 3TUX IPYIII B CKa3yeMOM — I10cjie MoJaIbHOU IPyIIIIbI
1 B CTPOr'O OIlpe/ie/IEHHOM Iopsi/iKe: CHadasia — Perfect, 3aTtem —
Continuous (PC);
I'pynma Passive - be + Participle II - Bcerga B ckasyeMoM Ha
IIOCJIEHEM MECTE;

I'maronbHBIE TPYIIIIBI:

Ha3BaHUe I'PYyIIIbI BUJ| TPYIIIBI IpyUMephl

He must come. - OH fo/bkeH NpuiiTu. / OH, HaBepHoOE,

puzeT.
MopanbHas

rpymma modal + Infinitive | The door will not open. - Jiseps He oTkpoetcs. / JIBepsb

HUKAK HE OTKPBIBAE€TCS.

You must be mistaken. — Bol, HaBepHOe, OIINOAETECh.

. The changes have become evident. — IlepeMeHBbI cTanu
a. Perfect Have + Participle II
OYEBU/THBIL.

. o Russia is entering the global market. — Poccusi BcTymaer
b. Continuous Be + Participle I
B MUPOBBIE PHIHOYHBIE OTHOIIEHMUSI.

BuioBbIe TPYIIIIHI

were supported '
3a1oroBast rpymna The changes were supported by the community of the

. Be + Participle II town. — IlepeMeHbI GbLIN MOIEPIKAHBI
Passive

O6H.LeCTBeHHOCTLIO ropoaa.
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Do + Infinitive

How do you create a simple memorial? — Kax co3gatb
IIPOCTOI MeMopuan?
He does not feel well. - OH He coBceM XOpOILO ce6s
YYBCTBYET.

You do speak English well. — Bbl B caMoM Jiejie XOpOIIO
TOBOPUTE I0-aHTJIUUCKH.

NB: Ha camoM fiejie HUKaKUX IPYIII He CyliecTByeT. ECTb MeXaHU3M
yIpaBJieHUsl, U3BECTHBIU 110 IIKOJIBHOMY KypCYy PyCCKOTO sI3bIKa (TIpe/iJIoru
YOPaBJIAIOT Ma/Ie)KHBIMU OKOHYAHUSIMHU CyILI[eCTBUTEIbHBIX): B Perfect riaros-
oneparop have ynpasiset opmoii (Participle 1) caemyromiero 3a HUM IJ1aroJia;

B Continuous ryarosi-oneparop be ynpasiseT popmoii (Participle I) ciegyrouero
3a HUM IJIaroJjia; aHaJIOTUYHO U B Passive riiarosi-orneparop be ynpasiseT GpopMoi
(Participle IT) ciemyrorero riaroJa.

" Takum O6p8.30M, MBbI UM€EeM 4 IJ1arojbHbIe TPYIIIIBI B CTPOT'O

OHpe,ZLeJIéHHOM IIOPAOKE, o6pa3y101u1/1e ry1aroJIbHbI€E KOHCTPYKIINU,

Y KOTOPbIX:

B ciryyae ckazyeMoro IepBblii [J1aroJ1 — IJ1aroJji-ornepaTop

(the Modal, have, be) - B tmuHO (hopMe, a MOCTEHUMI I1aros —
CMBICJIOBOI;

Ecyi KOHCTPYKIYS He SIBJIIETCS CKa3yeMbIM, TO IJ1aroJibl-
OTIepaTopbl — TOJIBKO be uin have; MogaibHbBIN I1aroj

(the Modal) — Bcerpia inyHast opma, a 3HaUYUT, BCET/a SABISIETCS
IIPU3HAKOM CKAa3yeMOCTH;

B 1106011 r71aros1bHOM KOHCTPYKIIMY CMBICJIOBOM IJIaroJI —
MOCIeIHUI;

['narosibHbIe KOHCTPYKIUM, KOTOPbIE HE SBJISIOTCA CKa3yeMbIM,
000POTHI, HA3BIBAIOTCS T10 TIepBOU opme ruiarosa. Tak, eciu

Ha repBoM Mecte crouT npuyactue (Participle I miu Participle
IT), To 060POT HA3bIBAETCS MMPUYACTHBIM, U T.]I.

I'naronpHas rpynna do + Infinitive ncrosb3yercs B Tex ciyyasx,
KOTI'/Ia JIJIsi TpaMMaTHUYeCKUX oIlepalriiii HeoOXoiuMa rj1arobHast
IpyIlia, HO OHAa OTCYTCTBYeT. Takye Ccilydyau BO3HUKAIOT, KOT/a
CMBICJIOBOH TIJ1aroJ1 sIBJIeTC JIUYHON pOopMOIA riiaroJia,
Hanpumep, He speaks English, B BOIpOCUTEJIbHBIX U

OTPHULATEJIBHBIX ITPEAJIOKCHUAX.
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6. ®OopMBI IJ1aroJia, KOTOpble He COIJIACYIOTCA C ITOAJIEXKAIUM, T.€.,
He SIBJISIIOTCS JIMYHBIMU, Ha3bIBalOTCsl HesmnuHbpiMu popMamu riiarosa,
Non-finite forms. 9To — MeHa, 06pa30BaHHbIE OT IJIaroJja:
. T'epynauii — M4 cyliecTBUTeIbHOE, 00pa30BaHHOE OT IJIarosa
(Uto?), Gerund - V+ing;
. [TpuyacTtue — ViMs mpujiarateJbHOe, 00pa30BaHHOE OT IJIaroJia:
(Kakoit?), Participle:
. HetictBuTesibHOe — Present Participle, Participle I - V+ing;
. CrpagaresibHoe — Past Participle, Participle II - V+ed
JU1s1 TIpaBUJIbHBIX r1arosioB (regular verb) u I1I-a opma -
JU1s1 HempaBWIIbHBIX (irregular verb);

. Nupunutus - Ums tenu, Infinitive - to V.

NB: HesinuHble (QOpMBI IJ1aroJia ABJISIOTCS YaCTSIMU PeYU B OTJIMYUE OT JIUYHOU
(hopMbI, KOTOpast ITPe/ICTABIISIET COO0I WieH MpeJIoKeHUs, T.€., GOpMUpYeT
Mapajiurmy CIpsbKeHUs (COTJIacyeTcsl, CIpsraeTcs ¢ mojyiexxanium B Jlnie

u Yucse). [Toaromy y Participle II -ed — cydduxc, a y mporie/iiiero BpeMeH!
JIMYHOU (POPMBI IJ1arosa -ed — OKOHYaHUE.

Hesrunble (popMbl He MOTYT OMpPeeATh PopMaTbHOE (IpaMMaTUYECKOe) BpeMs
npeasiokeHus. PopMasbHOE BpeMsi onpefiesisieT ToIbKO (1) mnuHast popma
rJ1arosa.

Korza ¢opmbl 1y1arosioB coBnajaoT (HampuMmep, y l'epyHaus u JleficTBUTEIbHOTO
IpUYacTus, a Takke y CTpasaTeIbHOTO MPUYACTUS U (POPMBI ITPOLLIEIIETO
BpeMEeHU ), UX TPUHA/IJIEKHOCTD OIPe/eIIeTCs UCKIIOUUTEIbHO KOHTEKCTOM,

T.e. TpaMMaTU4ecKoi pyHKIMel (TeM, KaKUM YWIEHOM IPe/IJIOKEeHUS SIBIISETCS
JaHHas ¢opma).

4[ ®OPMbI FMATrONA }—

[ NMYHASR J { HENMYHBIE ]

—.[ FepyHawiA (MMs cywecTBUTENbLHOR) ]

—-[ Mpuyactue (MmMA npunaratensHoe) ]
l
¥ ¥
[ JlelicTBHTEIBHOE ] [ CrpanarenbHoe ]

_.[ WHMHUTUB (MMA uenu) J
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HpI/IHL[I/Il'I O6p&30BaHI/IH CKa3yeMOoro " rjiaroJibHbIX O60pOTOB — OJJMUHAKOB.

Pa3H1/1ua — B TOM, YTO CKa3y€EMO€ HAYNHAETCA C JIMYHOM (bOprI rjaroJia,
KOTOpAas COIIaCyeTCAd C IOAJIEXKAIINM, a4 Y O60pOTOB JIUIHOM (1)0pr1

rjiaroJia HET, IIOTOMY YTO B HUX HET ITOAJIEXKAIIETO.

dbopma

rmarona | + | ¢opma

riarona | +| d¢opma

rnarona | + | ¢opma

rjaroja

n¢r Hr Hr Hr
BCIIOMOT. BCIIOMOT. BCIIOMOT. CMBICIL.
TJIaroJ TJIaroJ TJIaros TJIaroJt

[TpuMep co CKa3yeMbIM:

These are the major triangulation networks, which have been established.

ndr — HazBanue rpymibl
(3 1., MH.4.),
Present > Present
Have + | Participle I1 > Perfect
Be + | Participle 11 > Passive
establish
have been established Present perfect passive

Omo enasHwie mpuan2yJiAyuOHHsvle cemu, Komopbole ceniuac VCMAHOBIEHbL.

[TpuMep c JeenpruyacTHbIM 060POTOM:

The problem having been solved, we analyzed it at the conference.

ITockosibKy 3a/1aua ObLIa pelieHa, Mbl pa300paiu e€ Ha KOH(pepeHIuU
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Participle I

have + Participle II > Perfect
be + Participle II Passive
solve
having been  solved Perfect Passive

NB: B aHT/TUIICKOM SI3BIKE HE BBIAEJIAIOT ACCITPHUYIACTHUE, HO 3TO HE 3HAYUT, YTO
€ro HET. HpI/IqaCTI/Ie OTBEYAECT Ha BOITIPOC «Kakoii?» u saBysgeTcs OIIPpEACJICHUEM

K CyIIECTBUTEJIbHOMY; AECTIPUYACTUE XK€ OTBEYAET Ha BOIIPOC «Kak? HpI/I KaKOM
YCJIOBI/II/I? UT.O»HA q)aKTI/I‘IeCKI/I SABJSICTCA HAPEUYHEM, 06p8.30BaHHbIM OT rJjiaroJia.
YuuTbIBag TO, UTO B pYCCKOﬁ TpaMMATHUKE AECIIPUIACTHUE PACCMATPUBACTCS, HET
HUKAKOT'O CMbICJIa OTKA3bIBAThCSI OT 3TOM q)OprI 1PN aHAJIN3€ aHTJIOA3BIYHOI'O
TEKCTA C TOUYKU 3PpEHUS PYCCKOI'0 A3bIKA.

[TpuvacTHBIN 060POT CTOUT ITOCJIE OIIPEIEISIEMOTO CYI[ECTBUTETHFHOTO; €CITH
K€ TAKOBOT'O HET, TO 000POT SIBJISIETCS JIeeTTPUIACTHBIM U BBITIOJIHSIET (PYHKITUIO
00CTOATE/ILCTBA.

8. ITomumo I'1arosbHBIX TPYIIII IIPEAJIOKEHNE COCTOUT U3 IMeHHBIX rpyIiI
" VMeHHas rpyiIira:

" BCErjJd 3aBE€pHIACTCA OIIPEACIACMBIM CYINIECCTBHUTC/ILHBIM, T.€.,

€CJIN UNUTAaTh IIPEJIOXNKEHUE C KOHIIA K €T0 Ha4YaJly, TO CHa4YaJIa
BbI YBUJIUTE OIIPEAELIISIEMOE CYIIIECTBUTE/IbHOE (KOHeu prngl),
M1 3HAYMT, HAJ0 MCKATh HA4YaJI0 aTOM T'PYIIIIBI CJIEBA OT HETO;

" 00BIYHO HAYMHAETCS C nmpeasora, a B €ro OTCyTCTBUE —

C omipeJieJieHusl, BRIpAYKEHHOT'0 apTUKJIeM (a/an, the),

MPUTSHKATEIbHBIM / OTHOCUTEIBHBIM (CM. Ha cTp. 70)

(my, your...), ykazareabHbIM (this, that, such...) unu
HeoIlpe/ieIEHHO-KOJIMYeCTBeHHbIM (much, many...)
MECTOUMEHUEM, KOJTUUEeCTBEHHBIM UJIU MOPSIKOBBIM
YUCJIUTENBHBIM (0ne, two, ... first, second...), IpuIaraTeJbHbIM,

npru4acTuemM, CymeCTBUTE/IbHbIM U T.A., HAITPUMED:
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of the precise size and shape

" Eciu MEXAY ABYMsI COCEAHUMU CYyIIECTBUTE/IbHBIMU
OTCYTCTBYET ITPEIJIOT NJIN 3HAK ITPETTMHAHNA, TO JIEBOE SIBJIAAETCSL

orpejieJieHreM K IpaBoMy (IIpaBUJIO psifia), HAITPUMeED:

The first method._| is restricted | to surveys | of a limited scope | and consists | of
systematic elimination | of discrepancies | between adjoining or overlapping
triangulation networks|.

B npuBe€HHOM BBILIE NIPEJIOKEHUH IT0CIeHA rpynna between adjoining or
overlapping triangulation networks 3aBepiiaeTcs CyleCTBUTEJIbHBIM networks. O6paTture
BHUMAaHUeE Ha TO, YTO IIepeJ; HUM CTOUT €LE OJHO CYyLIECTBUTEIBHOE, HO MEXy HUMU
HET HU IIpeJIora, HU 3HaKa [IPEIUHAaHNS, T.€., 3TU /IBa CYLIIECTBUTEIbHBIX HAXOAATCS B
OJIHOM rpymIie, IIepBOe U3 KOTOPBIX, (riangulation, ABJIseTCS ONpeieJIEHUEM KO BTOPOMY,
IOCJIeJHEMY B 3TOH IpyIlIie, networks, T.e. — TPUAHTYJISILIUOHHbIE CETH, CETH
TPUAHTYJIALMUA. B 3TOI rpyIme ecTs JiBa onpejesieHus, adjoining or overlapping,
BbIpa)K€HHBIE JieliCTBUTeIbHBIMU ITpuuacTusiMu (Participle I), cBI3aHHBIMU MeXAY
co00i1 COI030M 0F, T.€., SIBJISIOUUMUCS OZHOPOAHBIMU OIpe/ieIeHUSIMU.
CrepoBaTesibHO, BCS IpyIIia Oy/IeT IePEeBOAUTHCS: «MEX/Ty TPUMBIKAIOIINMU WU

TIEPEKPHIBAIONIUMUCA TPUAHTYJIAITMOHHBIMU CETIMI.

NAOEXHAA CUCTEMA B AHITTMNCKOM A3bIKE. MPEOJNIOT,
COKO3, COKO3HOE C/1OBO, HAPEYME

1. CJIe,Z[yeT O6paTI/ITb BHHMMAHHWE Ha TO, YTO B AHTJIUICKOM SI3BIKE

HCIIOJIB3YROTCS TE€ XK€ CaAMBbI€ ITAACXKHU, YTO U B PYCCKOM S3bIKE:

Nominative IMeHUTEeTbHBIN
Genitive PopgurebHbII
Dative JlaTe TbHBIN
Accusative BUHUTETBHBIN
Instrumental TBOpUTETBHBIN
Ablative [TpenioKHbII
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" B PYCCKOM A3bIKE ITPEAJIOTN YITPABJISIIOT ITaACXKHBIMY OKOHYaHUAMU

CYHIECTBUTEJIBHBIX, d TAKO€ CYIIECTBUTEIIBLHOE OIIPEAECIIACT ITaAEXK €TO

orpejiesIeHU i, HalpuMep:

N

«0K010 60AbULOLL LYHCU»

NB: B COBPEMEHHOM AHTJIUCKOM SI3BIKE MMaZi€X>KHbIE OKOHYaHUA OTCYTCTBYIOT,
HO IIPEAJIOTU IIO-IIPEXKHEMY OIIPEACIISIOT ITaACKU CYIIECTBUTE/IbHBIX (I/IHaIIe,
IIpeEaIoroB OBl He 6bIJIO). Ha,z[excHaﬂ CHUCTEMA B HH,HOGBPOHGIZCKHX A3bIKAX —
HaZlyMaHa 1 HEIIOC/TIEA0BATE/IbHA: OAWH ITPEAJIOT MOXKET YIIPABJISATH
OKOHYaHUSMHA pa3HbIX Hagexcef/’l, a OJIVH ITaAEXX MOXKET YIIPABJIATHCA
HECKOJIbKMMU ITPpEAJIOraMU. B 11060M CJIydae, ITOCKOJIBKY B PYCCKOM SI3bIKE
najgexxHasda CUCTEMa 6oJiee BbIpA>XK€HA, HaM HET CMBbICJIA OT He€ OTKa3bIBAThCSI.

" 3aBUCUMOCTbD na,z[encef/’l OT IIPpEAJIOTOB B AHTJIMHCKOM SI3bIKE

OTHOCHUTEJIbHO pYCCKOﬁ HaﬂeH(HOﬁ CHUCTEMbI:

IMeHUTETBHBIN ITafeX bes mpeziora
PopguTeIbHBIN Haex of, from, for
JlaTeTbHBIN Mafex to

BUHUTEHLHBIN MaJIe)x in, on, into, onto
TBOPUTETBHBIN MA/IEIK by, with, between
ITpenioKHbBIN Hagex in, on, about

Hajsio moMHUTH, UTO MPEJIOTOB — MHOTO 6ostblre (100+), a cama cucteMa — yCJIOBHa.

B KaXXIOM KOHKPETHOM CJIyda€ Ha/Zl0 I10JIb30BaAThCA CJIOBapéM. gﬂer IMPpUBEACHDbI JINIIb

CaMbI€ UCITOJIBb3YEMBIE ITPEJIOT .

= Bes mpeiora ucosib3yroTcs TOIBKO (1) cieayroliyie UMeHHbIe
IPYIIIIbL:
. Ilopexaniee;
= VIMeHHast 4acTh CKa3yemMoro (MOXXeT OBbITh U C IIPE/IJIONOM );
" IIpsimoe TOMOJIHEHHUE.
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. [Tpsimoe JTorioTHeHUE — GeCITpe/IJIOYKHOE J0TI0JIHEHNEe B BUHUTETbHOM
Tajie)xe mocJie repexogHoro (transitive) ryiarosa: «IIpoutu (Koro?

. [TepexoHbBII IJ1ar0J — IJ1aroJj1, KOTOPbI TpedyeT 1ocsie cebs MpsIMOro
JorosTHeHYs1. Hampumep, repexoJHbIMU SIBJISTFOTCS TJIaroJibl let,
describe, translate, make, determine u T.11.

. B oTsinume OT nepexoHbIX IJIarojIoB HelepexoAHbIe He MOTYT
HCTI0JIb30BAThCS C MPSIMBIM JIOTIOJIHEHHWEM, HallpuMep, go, be, stand u
T.J.

. I'maros be mpucoeuHseT kK cebe MMeHa, 00pa3ys ¢ HUMU «COCTaBHOMU
OIIPEJIeJIUTEIIb», [I0ATOMY CYILIeCTBUTEIbHOE, CTOSIIEe
HETIOCPe/ICTBEHHO 3a IJ1arosiom be (c mpeyiorom uau 6e3),
CTaHOBUTCS OIpe/iesieHreM (MU 00CTOATETHCTBOM) B COCTaBE 3TOTO
OIIpeJie/IUTe IS, a He JI0NoTHeHreM. ['1aros be B 3Tom ciryyae
CTaHOBUTCS IJIar0JIOM-CBSI3KO B COCTABHOU UMEHHOI KOHCTPYKIIHH.
AHaJIOrMYHO Be/lyT cebd rarosisl become, turn out, seem, appear u
T.71. [lojoOHbBIE COYETaHUSI BOBMOXKHBI KaK B CKa3yeMOM, TaK U B
000poTax.

. Kpowme Toro, riepexo/HOCTb BCeryia TepsieTCs B CTPajjaTeIbHOM 3aJI0Te,
Passive, 1 BCIKUU CMBICJIOBO# TJ1aroj B HEM CTAaHOBUTCS
HerepexoAHbIM. O6 3TOM BCer/la Ha/lo TIOMHUTh ITPU aHAJIU3€
npezsioxkeHus. C 1pyroii cropoHsl, Passive — rpyrmmna c riaroyiom be, u
CKa3aHHOE BbIIIIE BIIOJTHE OTHOCUTCS K 3TOM TpyIIIe.
9TO MpaBUJIO He KacaeTcs rpyIbsl Continuous, KoTopasi o6pasyeTcs
IJIaroJioM be, HO He TepsieT MePeXOJHOCTU.

. B 11r060M cityyae, ecai Y UMEHHOM I'PyHITbI HET MPeJjIora, TO 3Ta
rpymnia siBIsieTCsl OHUM U3 TPEX MepeYrCIeHHBIX BbIIIE YWICHOB
TIpeJIJIOKEHMS.

. B Cepe/iiHe TPYIIIIbI IIPEJJIOrOB U ApTUKJIEN He ObIBAET; IIpeJIor
— BCerjia Ha IepBOM MeCTe, a ApTUKJIb — Ha BTOPOM, €CJIU €CTh
TIpeJIJIOT, WJIU Ha TIEPBOM, €CJIU €T0 HET;

. VIMeHHO TOTOMY, UTO MPEJJIOT BCerJa CTOMT B TPyIINe Ha
TIepBOM MeCTe, IBOMHBIX ITPeJIJIOroB He ObiBaeT. Takue
00pa3oBaHUs KaK out of COCTOAT U3 HApedus out U mpeJijiora of, a
o06pa3oBaHUs TUIA in front of — U3 UMEHHOI TPYIIIHI in front 1
npejJiora of.

Ba)kHO MOHUMATH pa3HUIYY MEXKY IIpe/IJIoramMu, COI03aMHU, COI03HBIMU

CJIOBaAaMH 1 HApPpEUUSIMU, O6pa3OBaHHbIMI/I OT IIpEJIOTOB.
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" Hpe,[[JIOI‘I/I, KaK y>K€ I'OBOPUJIOCH, YIIPABJISAIOT ITAAE€XKaAMU
CyHIECTBUTEIIbHBIX;

. Co103bI CBSI3BIBAIOT paBHOIIPaBHbIE (1), T.€. OTHOPOAHbIE YIEHbI

npezjIoXkeHus. B caMoM ziesie, BbI HE MOYKeTe CBA3aTh COI030M

CyIleCTBUTEJIbHbBIE B PA3HBIX Mafie)kax («s1 1 Tebe») WU JINUHYIO

(dhopMy r1arosia ¢ HeJIMYHOU («YUTAJ UJIM TUCATh» ). COI030B B

AHIJIMICKOM SI3bIKE HE TaK MHOTO: and, or, as, but, though, both...

and..., as well as, either ... or..., neither ... nor...;

. Coro3HbIe CJI0Ba OTJIMYAIOTCS OT COI030B TEM, YTO COIO3HbBIE CI0BA

B OTJIMUME OT COI030B HE OPUEHTUPOBAHBI HA pAaBHOIIPaBUE YJIEHOB

npezsioxkeHns. COI03HbIE CJI0BA CBSI3bIBAIOT HE YJIEHBI ITPE/IJIOKEHUS,

a 6oJiee KpyIHbIe 00pPa30BaHU: IPUIATOYHBIE IPEJJIOKEHUS 1

060poThl. CaMble YacThble COIO3HbBIE CJI0BA — that, which, when, where,

though, how, while, since, thereby, therefore, insomuch as, u T.71. CO103bl,

CBSI3bIBAIOIIIME TTPU/ATOUHbBIE MTPEJI0YKEHN S, CTAHOBATCS COI03HBIMU

CJIOBAMU, HO YCTAHABJIUBAIOT COYMHUTEJIbHYIO CBA3b B IPEJIOKEHNH,

T.€.,

MO-TIPEeXKHEMY AeHCTBYIOT KaK COIO3bI.

. CouyMHUTeJIbHBIE COI03HBIE CJI0BA HAJI0 OTJIMYATh OT COI030B,
IIOTOMY YTO MHAaYe BbI Oy/leTe NCKATh OZHOPOAHBIE YJIEHbI
MIpe/IJIOXKEHUS TaM, TJie UX HeT, U aHAJIU3 TIPe/IJIOKEHUS
3aTPyHUTCSI.

. Tak Kaxk mpeJIory yIpaBJIsioT Ma/le)KaMU CYIeCTBUTEIbHBIX,

HO Y CYLIECTBUTEJIbHBIX OTCYTCTBYIOT 1a/Ie)KHbIe OKOHUAHUS, IIPEJJIOT

MOYKET TePATH CBSI3b C CYIIeCTBUTEIbHBIM U BBITIOJHATH (DYHKIIUIO

Hapeuusi, HallpUMep, B PyCCKUX MPEJI0KEHUIX «BOKPYT IoMa»

(BOKpYT — IpezJIor), HO «OTJITHUCH BOKPYT!» (BOKPYT — Hapeuue),

«IIpupacTasi» K rjaaroiy. Takue rj1arojibl CYUTaIOTCs (Dpa3oBbIMU

(phrasal verbs). Hanpumep, ripezjior on, Tepsist QyHKIIUIO IIPeJJIora,

CTaHOBUTCS HapeureM U HauMHaeT YKa3blBaTh Ha IIPOZ0JKEHNE

JeCTBUSI, HAITPUMEDP: gOo On, speak on, U T.J.

OTHOCUTEJIbHOE NMPUJTATATEJIbHOE
N MPUTAXKATESTbHbIV MALEX

HpI/IT}I}KaTeJIbHBIﬁ Image>x B AQHIJIMHICKOM SI3bIKE BBITIOJIHSIET Ty XK€ q)YHKIII/IIO, qTo

OTHOCUTEJIBHOE€ IMTPpUJIAraT€JIbHOE B PYCCKOM: OTB€EYA€T HA BOIIPOC «Yeir?»
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NB: JIt0601BITHO, YTO CYIIeCTBUTEIbHOE M MeCTOuMMeHNe B IIpuTsHkaTeIbHOM
rajiexe BeIET cebs He KaK CYL[eCTBUTEIbHOE, MaZIe)X KOTOPOI'o ONpe/essieTcs
MPEeJIOroM, a KaK OTHOCUTEIbHOE IIPUJIaraTeJbHOe U OTHOCUTEIbHOE

’Ke MeCTOMMEeHUeE, UCITOJIb3YSICh B CTATyCe OMpe/ie/IeHNsI B UMEHHBIX IpyIIax,

a He B CTaTyce OIpeesIsieMoro CylleCTBUTeIbHOr0. IHBIMU CJI0BaMU, €CJIU OHO
BBIIJISIZIAT, UCIIOJIB3YeTCs U BeJIET ceOsl KaK IpuiaraTesibHoe, TO HeT HUKAKUX
OCHOBAaHMUI Ha3bIBATh €TI0 MPUTHKATEIbHBIM I1a/1€7KOM CyIlecTBUTeIbHOrO. To,
YTO HA3bIBAIOT MPUTSDKATEIBHBIM I1aJ[€’KOM CYILIeCTBUTEIBLHOI'O, €CTh HE YTO MHOE
KaK OTHOCHUTEJIbHOE IIpUIaraTesibHoe, 8 MECTOMMEHUE, KOTOPOe eMy
COOTBETCTBYET (my, your, his, her 1 T.7i.) — OTHOCUTEJIbHOE, & HE IIPUTSKATEIbHOE.

Hpe,HJIO)KHbIe nu 6eCHpe,Z[JIO)KHBIe OTHOCHUTEJIbHBIC ITPpUJIaAraTCJIbHbIEC CTAHOBATCS
CymeCTBUTEIIbHBIMU 6]'[8.1"0Aapﬂ ABYM A3bIKOBBIM ITpOLI€CCaM, U3BECTHHIM B
JIMHI'BHCTHKE KaK:

" DJLIUIICUC — IIPOITYyCK B Pp€YU MMOBTOPAIOIIUXCA UJIN JIETKO

BOCCTaHABJ/IMBAEMbIX M3 KOHTCKCTA CJIOB 1 Bpra)KeHHﬁ;

I like my room more than sister’s (room).
Most KOMHAaTa MHE HPaBUTCS 0OJIBIIIE, YeM CECTPUHA (YeM KOMHATa MOEM
CECTpBI).

B npumepe BeIllie than — COr03, KOTOPBIi CTOUT Iepes] TpUIaraTesibHbIM sister’s;
3HAYUT HA/I0 HAWTU paBHOIIPABHBIN eMy WieH Hpe/JIoKeHUs OJIVDKe K er0 Hadauly, my,
a 9TO MeCTOMMEHME HAXOAUTCSl B UMEHHOM I'PYTIIIe 11y Yoom 1 BBITIOTHSAET (DYHKI[UIO
orpejiesIeHUsI K CYlLIeCTBUTeIbHOMY room. CiieZloBaTeIbHO, Sister’s — TOXKe OIlpe/iesieHre

K IIOBTOPAIOIIEMYCSI (I/I IMOSTOMY HpOHYH_[eHHOMY) CymeCTBUTEIIBHOMY room.

" CY6CTaHTHBaHHH - 06p3.30BaHI/Ie CymeCTBUTEIIBHOT'O 13 ﬂperfI

4aCTU pe€4H, B JdHHOM CiIydae€ — IIpruJjlaraTe€jibHOro:

She preferred John’s notebook to Peter’s.
Ona npezanouyia HOyTOyK J[>koHa [leTMHOMY.
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B IMPpUMEPE BBIIIEC ITPEJIOT YKA3BIBAET HA TO, YTO OTHOCUTEJ/IbHOE ITPpUJIAraTE€JIbHOE
CTaHOBUTCS CYIIECTBUTEIBHBIM, ITOCKOJIBKY ITPEJIOTH YIIPABJIAIOT ITAAE€KaMW UMEHHO

CymI€CTBUTEIJIbHBIX.

OBOPOTbl COMPLEX OBJECT M COMPLEX SUBJECT
(OBLWME COOBPAXEHWE)

O6oporom Complex Object (c105xHOe JOTOTHEHNE) TTPUHSTO Ha3bIBATh KOHCTPYKIIUIO,
B KOTOPOI1 MHUHUTHUB CTOUT I1OCJIE OTIOJIHEHU S, BBIPAXKEHHOI'O CYILeCTBUTEIbHBIM
WJIM MECTOMMEHMEM B OOBEKTHOM Maie)ke, ¥ 00pa3yeT ¢ HUM CJI0XKHOE JIOTI0JTHEHUEe
K [IPe/IIeCTBYIOLIEMY [JIaroJIy.

3TOT 060POT He SABJSIETCS [JIar0JIbHBIM, PaBHO Kak 1 06opoT Complex Subject
(coxxHOE mofIeXKallee) XOTs B UX COCTaB BXOAUT UHPUHUTUB. Ciie/lyeT 3aMeTUTb, UYTO
Ha3BaHUS 3TUX 000POTOB MPUBS3AHBI K JIONIOJTHEHUIO U TTo/JIexKaleMy (KaKkoi Obl
YaCThIO PEUU OHU HU OBLIU BBIPAYKEHBI) — K YJIE€HAM IPeJJIOKEHUs, TO €CTh
(yHKIIUSAM, @ THPUHUTUB — YacTh pe4H, TO eCTh aprymeHT. KakoBa jxe ero yHKIuUs,
HaM U IIPEe/ICTOUT BBISICHUTb.

CJIe,Z[yeT U1 HadaJsia ITPOTHUBOIIOCTABUTD ITOXOXKHE 10 (bopMe BBIPAXKECHUS TUIIA:

I asked him to come earlier. — 51 mompocui1 ero NpURTH paHbllle;
I'wanted him to come earlier. ~ — 51 xores1, 4TOOBI OH MPUILIE]T paHbIIIE;
I expected him to come earlier. — 51 oxuzias, 94To OH IPUAET PaHbILE;
I saw him come earlier. — S BUJIeJ1, 4TO OH IIpUILIEJI PaHBbIIIE.

HeCMOTpﬂ Ha BUIMMOEC (bOpMaIIbHoe CXOoAacCTBO AHTJIUMCKUX BAPpHWAHTOB
Hpe,HJIO)KeHHI;’I, HUX IIEPEBOALI HA pYCCKI/Iﬁ SA3BIK PA3/INYAaI0TCsA. s IIPUBEACHHDBIX HUXKE
IIPUMEPOB BUAHO, YTO HpH‘-IHHOfI Pa3HOro IepeEBOad 4aCTO ABJIAIOTCA pa3JiIMinsd B

CO4YE€TAE€EMOCTHU IJIarojJIOB B PyCCKOM U AHTJIUICKOM s13bIKaX. COmocTaBUM cieayromnume

NIPEAJIOKCHUA:

AHITTUHACKUN A3BIK Pycckuii 431K

I ask him to come. (MHpUHUTUB) 51 mpo1iry ero IpuUTH.
(MuduHUTUB)

I'want him to come. (MTHOUHUTUB) 51 xouy, UTO+06bI OH IpHUILLIEJ.
(CocnararespHOoe HaKJIOHeHNe; THPUHUTHB
HEJIOMYCTUM. )
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I suggest that he come.

(CocnararenbHOe HakIOHeHUE) — VTHPUHUTUB

HEOOITyCTUM.

S mpepsiararo emy IpUNTH.

(MuduuauTue) — CociaraTeibHOE HAKJIOHEHE
BO3MOXKHO: §I Ipejiiarato, YTo0bl OH OPUIIIE.

I expect him_to come.

(UndpuanTiB) — CocnaraTesibHOEe HAKJIOHEHHE
BO3MOXKHO: I expect (that) he come.

S oxxupato, uyto oH npuzet. (Byyiee Bpemst)

Hu I/IHq)I/IHI/ITI/IB, HMH cocCjiaraTeJibHOE

HaKJIOHEHHWE HEAOITYCTUMBI.

Ecsin mpu niepeBo/ie TaKUX MpeJJI0KeHUI Ha PYCCKUI SI3bIK ITPOGIEeMbI 0OBIYHO

He BO3HUKAIOT (32 HEKOTOPBIM UCKJIIOUeHueM: want, would like), To ipu nepeBojie

Ha aHTJIMHMCKUM SI3bIK BAXKHO IIOMHUTD, YTO I'JIar'0Jibl SUPpPOSe — KIIPEAIIOTIOKUTDL,

suggest — «IIPEJIOKUTB», propose — «IIPeJJIOKUTh», demand — «TpeboBaTh»,

recommend — «peKOMEH/I0BAaTh/COBETOBATb», necessitate — «TpebOBaTh» TPEOYIOT

HCITOJIb30BAHUS 1TOCJIE Ce0sT IIPUAATOYHOI'O ITPEJIOKEHMA B COC/IAraT€JibHOM

HaKJIOHCEHHMU.

XO0Ts 32 OCTaJIbHBIMHU MMEPEXOJHBIMU IJIaroJiaMH BOSMO>XHO MCITOJIb30OBAHHUE

MH(UHUTHBA, ero QyHKIIUU OYAyT pa3andyatbcs. CpaBHUTE aHAJIOTUU:

She found the room to be empty/rebuilt.

Ona o6HapyXuIa KOMHATY
ITyCTOM/TIepeieTaHHOM [4TO KoMHAaTa (6bLIa)

IycTa/mepeenanal.

She saw him cross/crossing the street.

OHa BU/Iea, YTO/KaK OH MePeXOI yIUuIly (ero
IIePEXOISIINM YIIUILY ).

I thought it best to take no chances.

51 momymaJt, 9To JIy4lile He UCIIbITHIBATh CYZb0Y.

I expected him to stay in practice.

A OXXUJaJI, YTO OH IIPOJO/IKUT IMPAKTUKOBATD.

*T.e. IJIaroJlaMu, KOTOPBbIE HAIIPABJIAIOT I,Z[el‘;ICTBI/Ie Ha JOIMMOJTHEHNE, CPABHUTE: TJIAT'0JI to walk —

«HUATU» HE SABJISAETCH IIEPEXOAHBIM, TaK KdK HE Tpe6yeT rocJie cebst JOTIOJIHEH U, a IJ1aroJj to take (a

book) — «6paTh (KHUTY)» SBIISIETCS ITEPEXOTHBIM.

CO6CTBeHHO, I/IH(bI/IHI/ITI/IB B TAKOM KOHTEKCTE OJIMIKE TI0 q)YHKHI/II/I K OITpEACTIEHNTO,

d HE OJOIIOJIHEHUIO, ITPUYEM B aHaJIOTUYHOM (bYHKHI/II/I MOJKET OKa3aThCs JIF0Oast

HE/IN4YHAasA (bopMa TrjaroJia, a H€ TOJIbKO I/IH(1)I/IHI/ITI/IB, TOYHEE, J1100as1 4acTh peun,

CITOCOOHAST BBITIOIHSATD (bYHKI_U/IIO OIIpEAC/ICHUA.

HepeBoA TaKHX Hpe,HJIO)KeHI/Iﬁ CMYIIIA€T, TAK KaK HECMOTPs Ha TO, YTO B

AHTJINHCKOM IIPEAJIOKEHUU SIBHO HUCIIOJIB3YETCS OIIPEAC/INTE/IbHAS (bYHKU;I/IH, IIpu
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IIEpEBOAE, KaK ITPABUJIO, IIPUXOAUTCA UCIIO0JIb30BATh ITPUAATOYHBIC JJOIIOJTHUTE/IbHBIC
TIPEAJIOKECHU .
Takue O60pOTbI CIIEAYET OTJIMYATD OT COYETAHUA ABYX U 6oJiee AOHOJIHGHI/II?I, OJHUM

N3 KOTOPBIX ABJISAETCSA I/IH(1)I/IHI/ITI/IB, HaIIpuMep:

He chose an article to translate. OH BBIOpaJI CTATHIO (UTOOBI / JJI51 TOTO, YTOOBI)
LIepPEeBECTH/1JIA IePEBOJA.

OHU HE CUUTAKTCA CII0XKHBIM AOITOJIHEHUEM, YTO ITPEACTABJ/IACTCA CIIPpABEAJINBbBIM:
TaKO€ COYETAHHE HE ABJIACTCA O60pOTOM.
MO>XHO 3aMEeTUTb Q)YHKI_II/IOHHJIBHOG CXOoAacCTBO I/IH(1)I/IHI/ITI/IB3. B COCTaBE CJIOXKHOTI'O

JOIIOJIHEHMA M CJIOXKHOTI'O ITOAJIEXKAIIETO C HH(bI/IHPITI/IBOM B (I)YHKI_II/II/I OIIpECAC/ICHUA:

We expect him to come MBI 0KUZjaeM, 4TO OH IIPUJIET.
He is expected to come Oxxugaercs, 4TO OH IIPUZET.
He is the last to come OH 6yieT OC/IeJHUM, KTO MPUJIET.

BuiniMo, 661710 ObI TOUHEE OTIPEAEATH CI0XKHOE JI0TIOJITHEHNE — KaK JIOTIOJTHEHUE
C UH(PUHUTUBOM B (GDYHKIIMU OIlpesiesieHus (110 MOJIe/IU «3HATh/CYUTATD/ ... KOTO?
KaKOBBIM?»), a CJIOXKHOE TTo/IIeKalliee — Kak IoJijerkaliee ¢ ”HOUHUTHBOM B (PYHKLIMHU
ompeziesieHUs (110 MOJIETU «CUUTAThCS/TIPE/ICTABAATHCS/ ... KAKOBBIM?).

OmnpenesnaTh GyHKIMIO MHQUHUTHABA BCETja BaYKHO, IOTOMY YTO OT 3TOT'0 MOYKET

3aBHUCETH CMBICJI ITIEPEBO/A. HOCMOTpI/ITe Ha CJ'Ie,ILy}OIJ_LI/Iﬁ IIpuMep:

The standards decree an abundance of screening CraHzapThl yCTaHABIMBAIOT HOPMY
to reduce the visual impact. Ha KOJIMYECTBO 3aCJIOHSIOINX OO BEKTOB,

KOTOPBIE YMEHBIIAIOT BU3YaJIbHOE BIIEYATIEHUE.

Ecsii ObI B JAaHHOM ITpHMepe UHOUHUTHUB UMeJT QYHKITUIO JOTIOJHEHUS («YTO...»),
TO CMBICJI IIPEJJIO’KEHUST ObLT ObI TIaMeTPaIbHO ITPOTUBOTIOJI0XKHBIM CMBICITY
MpUBEEHHOr0 IepeBo/ia («..., YTO 0OMJIE 3aCTOHSAIOIINX 0OBEKTOB JIOJDKHO
OTrpaHUYMBATh BHU3YyaJIbHOE BIIEUATIEHUE»), 4 €CIU (PYHKI[UIO 00CTOSITEIbCTBA 11U, TO
«... [IJI TOTO, YTOOBI OTPAHUYMUTDH BU3yaJIbHOE BIIeYaTIeHe». B JTaHHOM ke ciydae
MH(OUHUTHUB SIBJIIETCS He JOTOJIHEHUEM MJIU 00CTOSITEIbCTBOM K IJ1aroJty decree —
«TIOCTAHOBJIATB», & OIpeZieIeHHEM K JIOTIOJIHEHUIO — CyIlecTBUTeIbHOMY abundance

— «obue», To eCTh Mbl UMeeM Jiesio ¢ o6opoTom Complex Object.
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Oo6opot Complex Object

(CJIO)KHOG AOIIOJTHEHHE C I/IH(l)I/IHI/ITI/IBOM B (I)YHKIII/II/I OHpeI[eJIeHI/Iﬂ)

['71arosiel, ocjie KOTOPBIX MOXKET YIIOTPeOJIATHCS CI0XKHOE OTI0JIHEHUE, 0003HAYAIOT:

. YMCTBEHHYO IeSITeIbHOCTD (know — «3HaThb», believe — «Iosaratb»,
think — «JtymaTb», 1 p.),

. YyBCTBEHHOE BOCTIPUSITUE (See — BUJIETh, hear — CIIbIIIATH U Jp.). [locie
[JIar0JI0B YYBCTBEHHOI'O BOCIIPUATUSL UHOUHUTHUB B 3TOI KOHCTPYKIIUU
HCTI0JIb3YyeTCsl 6€3 YaCTUILHI tO.

= a Tak)Ke Show — «II0Ka3bIBATh(-Cs1)/TIPOSBIISITH(CST)», prove —

<<,HOK8.3BIB8.TB/ TIOATBEPIXKAATE» 1 HEKOTOPBIE APYI'UE€ I'J1ar0JIbI;

I saw the girl/her walk along the street. S Bupes, 4TO JeByIlIKa/OHA 1111 T10 YJIULIE.

['aroJi, mocjie KOTOPOTO CTOUT CJI0XKHOE JIOTIOJTHEHUE, HE JIO/HKEH ObITh
B CTpa/laTeIbHOM 3aJI0Te, TaK KaK MHA4Ye OH MOTepsieT CBOKMCTBO MePEeX0JHOCTH.

ITOT 060POT IPOIIE BCETO TTEPEBOIUTD MTPUIATOYHBIM IOTIOJTHUTETHHBIM
MIPE/IJIOKEHUEM, C COI030M «UTO», «ITOOBI», «KaK». MTHOUHUTUB IIPU 3TOM CTAHOBUTCS
CKa3yeMbIM MPUAATOYHOI'0 IIPeJIOKEHUS, a CTosIIIee Iepes HUM JIOTI0JIHEHUe
CTaHOBUTCS ero mnojyiexainum. [Tocse riarosa expect —«0XUAaTh» UHOQUHUTUB
TepeBOAUTCS Iy1arosoM Oyayiero BpeMmenu. Perfect Infinitive Bcerga nepeBoguTcs

[JIaroJioM Ipoumeanero Bp€EMeEHU.

I know this student/him to work much. 51 3Ha0, YTO ATOT CTYZEHT/OH MHOTO paboTaer.
They expect them/their friends to come here. OHU 0XKUJIAIOT, YTO OHU/UX [IPy3bsl IPUJYT CIO/A.
The teacher wanted the exercises to be written ITperogaBaTesib XOTEJI, YTO0BI YIIPAYKHEHUS

at once. HaIHCaJIM cpasy JKe.

Everyone knows Petrov to have been a good Bce 3Ha10T, yTO I1eTpoB GBI XOPOIIUM

specialist. CITEIIUAJIFICTOM.

CJ100KHOE JIOTI0JTHEHNE MOYKET BXOJIUTh B COCTAB OIPeIeTUTETLHOTO
WJIU JIOTIOJIHUTEJILHOT'O TIPUAATOYHOTO MpeyioxkeHus1. Torjia onpezenseMoe
UH(PUHUTHUBOM JIOTIOJTHEHUE MOYKET BBIPAXKAThCsI OTHOCUTEIbHBIM MeCTOMMeHMeM that,
what, which nnm onyckatbes (B mocsiezjHeM ciydae (GyHKIIMIO JOTOTHEHWS BBIIIOTHSIET
TO ZIOTIOJIHEHUE [JIABHOT'O IIPe/IJIOKEHMSI, Ha KOTOPOe YKa3bIBaJIO ObI OMyIleHHOE

MECTOHMMEHUE).
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Mendeleev predicted the eventual discovery
of certain elements (which) he had assumed to be

missing from the table.

MeH,Z[eJIeeB IpeACKa3al BOSMOXXHOE OTKPbITHE

HEKOTOPHIX 2JIEMEHTOB, KOTOPLIE, KAK OH

npeariosaraja, OTCYTCTBOBAJIN B €T0 Ta6m/1ue.

At present time, 96 substances are known, which

chemists consider to be elements.

B Hacrosiiiee Bpems CylIecTByeT 96 BELIECTB,
KOTODpBIE, KaK IPeAIIoIaraloT XUMUKH, SBJISIOTCS

SJIEMEHTAMMU.

Oo6opot Complex Subject

(cnoxHOe moIerkaliee ¢ ”THPUHUTUBOM B (DYHKITUU OIIpe/ieIeHI )

I'maroiel, mmociie KOTOPBIX UCIIOJIBb3YETCA ,Z[aHHbeI O60p0T, pa3aesIAr0TCA Ha ABE I'PYIIIIBIL

- TJy1aroJjibl, KOTOPBIE UCIIOJIB3YIOTCA B CTPAAATEIbHOM 3aJIOTE;

- TJy1aroJjibl, KOTOPBIE UCITIOJIb3YIOTCA B I,I[EEI‘/JICTBI/ITeJ'II:oHOM 3aJI0re.

B CTpaAaTE/IbHOM 3aJ10T'€ VCITIOJIb3YROTCS I'J1ar0JIbl, 0603Haqa}01u1/1e YMCTBE€HHYIO

AEATCIIBHOCTD 1 YYBCTBEHHOE BOCIIPUATHE (ki’lOW — «3HaTb», consider — «CUUTATDH»,

believe — «momnaratb», think — «IymaTh», See — «BUIETH» U [IP.)

B I[eﬁCTBHTeHbHOM 3aJI0T€ UCITOJIB3YHOTCS TOJIBKO HECKOJIBKO I'JIar'0JIOB: seem,

appear — «KazaTbCsi», prove, turn out — «0Kas3bIBaThCsI», happen, chance —

«CIIy4aTbhCA».

Kpome Toro, JaHHBII 060pOT MCIIOIB3YeTCs MOCIe BhIpayKeHUH to be likely —

«BIIOJTHE BEPOSITHO», t0 be certain — «HECOMHEHHO», to be unlikely —

«MaJIOBEPOSTHO/BPSIZ JIN», t0 be sure — «KOHEUHO».

HpI/I IIEpEBOE CKa3yeMOeE AHTJIUICKOTO MMpEAJIOKECHU S o6pa3yeT rJiaBHOE€ (‘-IaCTO

0e3JIMYHOE I HEOIIPECACTICHHO-JINMYHOE: KMU3BECTHO» «BCE€ 3HAIOT», KCUUTACTCS >,

KKAXKETCSI» U T.J.) Ipe/IJIoKeHUe, a ojjIexalee 1 UTHGUHUTUB 00pa3yloT

IIPUAATOYHOE JOIIOJTHUTE/IbHOE ITPEJIOKEHUE. BpeMﬂ CKa3yeMoro B 5TOM

IIPEAJIOKEHUU OIIPEAECIIACTCA 110 CKa3yEMOMY AHTJIUCKOrO IIPEOJIOKCHU .

Travel by ferryboat down an urban river in

America and you are likely to see the featureless
backs of buildings.

Ecam BaM IpuieTCsl eXaTh Ha IIapoMe Yepes peKy

B YepTe ropo7ia, TO Bbl BIIOJTHE BEPOSITHO YBUJIUTE
HeB3pavHbIe 33/[HUE (pacajbl 3MaHUI.

Cne,z[yeT 3aMETUTDb, YTO B HEKOTOPBIX CIIydadX BOZMOXKEH IIEPEBO/ C

HCIIOJIb30BAHMEM KOHCTPYKITUU NOIIOJIHEHUSA C OIIPEAECTIEHVUEM B TBOPUTEIbHOM

majiedxe.
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High intensity of traffic seems likely to occur over KaxkeTcs BII0JIHE BEPOATHBIM, YTO CO BpEMEHEM

time between the university and city hall. MEX/y 3JaHUEeM TOPOZACKOr0 CAMOYIIPABJICHUS
Y YHUBEPCUTETOM YIMYHOE ABIDKEHHUE OyJeT

WHTEHCHBHBIM.
The results of these two experiments proved to OKa3aJIoCh, YTO PE3YyJILTATHI ITUX ABYX
overlap. 9KCIIEpPUMEHTOB ITepeKpbIBatoTcs (Pe3ysIbTaThl

9TUX ABYX SKCIIEPUMEHTOB, KaK OKAa3aJ10Chb,

[IEPEKPHIBAJINCH / IEPEKPHIBAIOTCS).

(CpaBHI/ITeZ ...0OKa3aJI1MChb HeperbIBaIOH_U/IMI/ICSI)

This work is sure to contribute to the solution of this | OTa paboTa, 6e3ycI0BHO, IIOMOXKET PELIUTh

problem. JaHHYIO 3a7ja4y.

FrEPYHOWMAJIbHBbIE OBOPOTDI

Eciu ,Z[eﬁCTBHe, BBIPpAXXE€HHOE T'€PYHAMEM, HE UMEET HUKAKOI'O CJIOBA-OIIPEAEC/IEHNA,
YKa3bIBAIOIIETO Ha CY6’BeKT Aef/’ICTBI/Iﬂ, TO 3TO O3HA4YAE€T, YTO ﬂeﬁCTBHe IIPOU3BOAUTCS
CaMUM IIOJIEXKAIIHNM ITPEATTOKCHUA.

Eciu I,Z[ef/,ICTBI/Ie MMPpOU3BOAUTCS APYI'IM JIMITOM, TO IIE€PEN F€PYHANEM CTOUT CJIOBO,

BbIpaXKarouiee JIMo, IIponu3BOAsAIICE 3TO I,Z[ef/,ICTBI/Ie. TakyMM CJ10BaMHU MOI yT OBITh:

CyI€CTBUTEJIBHOE B ITPUTSXKATECIbBHOM TIAIEXKE,
IIPUTAKATEIIbHOE MECTOUMEHMUE,

CyIl€CTBUTEJIbHOE B 00BEKTHOM I1aIe>Ke.

I'epyHAMaIbHBIE 000POTHI IEPEBOJATCS MPUAATOYHBIM IIPE/JI0KEHHUEM C COI030M
“gT0”, “4TO0BI”, C IPELIECTBYIOUIUM «TO». [IpU 3TOM repyH AN CTAHOBUTCS
CKa3yeMBbIM 3TOr0 IIPEJJIOKEHMs, a OIIpeiesIeHUe Tlepe]; HUM CTAaHOBUTCS MOJJIEXKAIUM

9TOr0 IMpEAJIOKEHUA.

Instead of reducing the costs for the project the BmecTo TOro, 4T06BI COKPATUTh PACXO/bI HA

developer went upscale. IIPOEKT, Pa3pabOTUMK ITOBBICHJI UX.

After translating a number of articles with the ITepeBesist HECKOJIBKO CTaTel ¢ IpernojiaBaTesiem,

teacher they decided to try translating a article OHU PelINJIN TOIPoO0BaTh IEPEBECTU

without being helped. AQHAJIOTUYHYIO CTaThI0 CAMOCTOATEJIBHO.

Yesterday we learnt about his leaving Moscow. Buepa MBI y3Ha/IM O TOM, YTO OH Y€3XKAeT / 0 ero
0TBHe3/1e U3 MOCKBEL
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We chose this article as we did not know about its
having been translated by Stan.

Mbl BBI6paIII/I 9Ty CTaTblO, TaK KdK HE 3HaJ/IH, HTO

ee yoke nepeBea CT3H.

He insisted on my being examined by the physician.

OH HacTavBaJI HA TOM, YTOOBI MEHST OCMOTpPET

Bpad.

On setting the instruments properly the geodesists
started making observations.

ITocsie TOro, KaK MprUOOPHI OBLIN MIPAaBUJIBHO
YCTaBJIEHBI, T€0J|e3MUCThI IIPUCTYIININ K

U3MEPEHUAM.

HE3ABMCUMbIN MPUYACTHbIV OBOPOT

KOHCTPYKLII/IH BKUTHOYAET ITPUYACTUE U CYHIECTBUTEIIBHOE NJIM MECTOMMEHUE, KOTOPOE

CTOUT Iiepe HUM, KpOME TOI'O, ITOCJIE ITPUYACTUSA MOTYT CTOSATH 3aBUCUMBbBIE OT HETO

CJIOBaA. ﬂaHHblﬁ HquaCTHbIﬁ O60pOT HE BXOAUT B COCTAB IVIABHOI'O ITPEJIOXKEHUA 1U

IIO5TOMY BCETAAa OTAEJIEH OT HETO 3aIIsITOM. HepeBo,J:[ 060p0Ta 3aBUCHUT OT €Iro MeCTa

OTHOCHUTEJIBHO I'VIABHOT'O ITPEJIOXKEHMA: €CJIU OH CTOUT II€PE/] HHUM, TO IIEPEBOANUTCA

IIPUAATOYHBIM 00CTOSITETbCTBEHHBIM IMPpEAIOKECHUEM («KOI‘,Z[a», «II0CJIE TOr'0o, KaK»,

«TaK KaK»), €CJI CTOUT II0CJIE HETO — IMPEAJIOKEHHUEM C COUYMHMTEJIBHOM CBSI3BIO (C

COI03aMU «IIPUYIYEM», «a», KHU», «HO»), HHOTAAa MOXKET IIEPEBOAUTHCA CaMOCTOATEC/IbHBIM

6€CCOI03HBIM ITPE/IJIOKEHUEM.

The problem having been solved, we analyzed it at

the conference.

ITocsie TOro, KaK Mpo6JIeMy pelIvIg,

MbI OOCYZMIU ee Ha KOH(DEPEHIIUU.

Electronic distance measuring equipment having

become available, the accuracy of surveys has

increased significantly.

ITOCKOJIBKY 3JIEKTPOHHOE 000PyZ0BaHUE /IS
W3MEPEeHUs paCCTOSTHUI CTaJIO ZOCTYITHO,

TOYHOCTb Chb€EMKHN 3HAYUTETIBHO BO3POC/Id.

HAKITOHEHWNG B AHITTMMCKOM A3bIKE (MOOD)

FpaMMaTI/IKa OIpeaeIsi€T HAKJIOHEHNE KaK I'PAMMATUYECKYIO KaTETOPUI0 rj1aroJja,

KOTOpas BbIPpAXKAET OTHOIECHHWE TOBOPUMOI'O K ﬂeﬁCTBHTeﬂbHOCTH. C Takum

OIpeCJIEHUEM MOXXHO COIJIaCUTBCS TOJIBKO B TOM CJIy4dae, €CJIN 3TOM

I,I[E!I‘/JICTBI/ITeJ’IbHOCTbI—O CUMTAaTb CaMO COO6IHeHI/Ie, HO TOr'Zla TaKO€ OITPEAC/ICHUE

CTAHOBUTCS OECCMBICIIEHHBIM. I[YMaeTCH, IIpaBUJIbHEE OBLIIO OBI TFOBOPUTH 00

OTHOIICHWHU I'OBOPALIETO K CBOEMY COO6H_LeHI/IIO, ITOCKOJIbKY OTHOIIIEHHUE COO6H_[eHI/Iﬂ K

I,I[E!I(/JICTBI/ITe.TIbHOCTI/I HE SBJISIETCA BOIIPOCOM I'paMMATUKU. Ho TOraa MblI CBA3bBIBAEM

HaKJIOHEHHE C MOJJdJIbBHOCTBIO — OTYACTH 3THU ABJICHUA ﬂeﬁCTBHTeﬂbHO II0OX0XKH, HO

(bYHKU;I/II/I HAKJIOHEHHS HE OTpaHUYKMBAIOTCS MOJJAJIBHOCTBIO. HaxsioHeHus — 310 Apyrasd
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crucTeMa KOOp/IUHAT.

OcHoBHasi 0CO6eHHOCTb HAKJIOHEHUST HE B CMBICJIOBOM, a B popMaibHOI 06J1aCTH,
TOYHEE B TOM, KaK U3MeHeHUe (OPMbI BbICKa3bIBAHUS BbI3bIBAET U3MEHEHME €TI0
CMBICJIA.

Bormpoc, Ha KOTOPBIi MBI TTOTIBITAEMCSI OTBETUTD, COCTOUT B TOM, HACKOJIBKO
000CHOBAHHO B I'PaMMAaTUKe OIPeJIesITIOTCS HEKOTOPhIE MOHATHS U HACKOJIBKO
MIPaBOMEPHO HEKOTOPbIE SIBJICHUS aCCOLIUUPYIOTCS C TAKUMU IMOHATUSIMU. PaHee Mbl
yoKe CTAJIKUBAJIMCh C TTOI0OHBIMU CITy4assMU: COBPeMeHHbIe 3apyOeKHbIe 'PAMMATHKH,
HaIlpUMep, UTHOPUPYIOT IIOHATHUE BH/IA, TEM CaMbIM, YCI0XKHSS 00bsICHEHHUE CTPYKTYPhI
CKa3yeMOro, BbI3bIBasl HEZIOYMEHUE YUAIIUXCSl OTHOCUTEIBHO JIOTUKU U CMbICTIA
HCII0JIb30BaHMUS [JIar0JIa U IJ1aroJIbHBIX KOHCTPYKIIUH.

ITprMepHO TaK ke 0OOCTOUT /IeJI0 C HAKJIOHEHUSIMU. 3apy0OerKHble TPaMMaTUKU
BBIJIEJISIIOT YeThIpe TUIIA «yCJIOBHBIX» (conditional) mpejioykeHuii, He onpeiesiss Ipy
9TOM, UTO TAKOE «yCJIOBHOCTb», U He 00bEJUHSIS UX C ITIOBEJIUTEIbHBIM HAKJIOHEHUEM
(Imperative). Ha riepBblii B3I/ 11€J1b TAKOT'O YIIPOLIEHUSI OUe€BUHA — CTY/ICHTY,
M3YyYaIoleMy SI3bIK C TPAKTUYECKOI 11eJIbI0, COBCEM He 00513aTe/IbHO 3HATh
CIelMaJIbHYI0 TEPMHUHOJIOTUIO U BOIIPOCHI TEOPUM I'paMMaTUKu. Ha fese ke
OKa3bIBAETCS, YTO IOHUMAaHME JIOTUKH SI3bIKOBOTO SIBJIEHUS U BBEJIEHHE OJTHOI'O JIUIIh
TepMMHA [103BOJISIET U30€KaTh MEXaHUUECKOI'0 3alIOMUHAHUS 11eJI0M Ha/[yMaHHOM
CHUCTEMBI U PACHIMPUTH BO3MOXKHOCTH UCTIOJIb30BaHMS paHee OCBOEHHOTO
IpaMMaTUYECKOTO MaTepuaJia.

PaccMoTpuM cHCTeMy YCIOBHBIX MIPeI0KEeHUH, IPUHATYIO B 3apy0eKHBIX
rpamMatukax. TpauiIMOHHO B aHIJIMICKOM SI3bIKE BBIZIEJISIOT YEThIpe TUIIA YCIOBHBIX

MIPEJJIOKEHUA.

YcioBHOe 1ipeioyxeHue 0 CTeTIeHu:

Ifheis.at home, it is after 9 p.m. now

Eciiu oH moma, To ceityac 6oJIbIle JAE€BSATH BE€UEPa.

B oTeuecTBeHHOM rpaMMATUKE TAKUE MPEATIOKEHUA PACCMATPUBAKOTCA KaK YCIIOBHBIE
IIpUAaTOYHBIE, YTO, HECOMHEHHO, IIPABUJIBHO - BE/lb OHU OTJIMYAIOTCS OT APYTUX
IIPUAATOYHbIX Hpe,Z[JIO)KeHI/II;’I TOJIbKO COI030M. B crucTteme IIPUAATOYHBIX Hpe,Z[JIO)KeHI/IIL/,I,
TaKUE IIPEAJIOKEHU A BBITJVISIAT Kylad 0oJiee K MECTY, UEM B CUCTEME YCIIOBHOCTHU.

W HBIMHU C/I0BAMM, OTHECEHUE YCJIOBHOT'O ITPEAJIOKEHUA K YIKE HMemlHeﬁCﬂ CHUCTEME

IIpouIe HEOIIPaBAaHHOI'O CO3JaHMA HOBOI.
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YcaoBHOe mipejiockeHre 1 cTerieHu:

If he is at home, he will phone you

Ecsiv oH OyzieT J0Ma, OH TeOe TTO3BOHMUT.

Ha nepBbIii B3TJISI/] TAKOE MTPEJIOKEHUE IeUCTBUTEIBHO BBITJISIAUT HEOOBIUHO, TAK
KaK BpeMs NPUAATOYHOr0 MPeAJI0KEeHUS HE COBITQIaeT CO BpEMEeHEM IJIaBHOT0. ITO
006CTOSITEeJILCTBO, BPOJIie OBI IO/HKHO TTO3BOJIUTh HAM OTHECTU TaKOe IMPeJIoKeHUE K
0co60it kareropuu. OJJHAKO MbI YK€ TOBOPUJIU, UTO B AaHTJIMHCKOM SI3bIKE HE
cyliecTByeT (popMbl Oy Tyliero BpeMeH! — rJ1aroJi will umeet (opMy HACTOSIIIETO
BpPEMEHH, 3TO MOJJAJTbHBIN IJ1aroJl.

Ho nouemy Torja B NpuAaTOYHOM IIPEZJIOKEHUN HE CTOUT MOJAJIbHBINA IJ1aros?

Jla moTOMy, YTO MOZ@JIbHBIH IJ1aroJj BhIpaXkaeT OTHOLIEHUE MOBOPAIIEro K
COOOILIEHMUIO, a JIs1 TOBOPSIIETo yCI0BUE — 33/laHHAsI N3BHE HEOIIPE/|eJIEHHOCTh; OHO He
3aBUCUT OT roBopsiiero. Ckopee HA000POT — MPEATIONOKEHNE TOBOPSIIIETO 3aBUCUT OT
ycsoBus. Ho BeZib IpeoI0KEeHNE COLEPIKUTCS B IJIABHOM IIPEJJIOKEHNUH, KOTOPOe KaK
pas CoAEPIKUT MOJAJIbHBIN ri1aros (J1r000H, a He ToJIbKO will). Bece ioruyHo.

C Taxoii JIOrMKOU MOYKHO ObLJIO GBI HE COTJIACUTHCS WM ITOCYUTATh €€ Ha[yMaHHOM,
ecsiv ObI He OIHO 00CTOATebCTBO. OKa3bIBAETCS, €CJIU MPUAYMATh TAKOE YCJIOBUE,

K KOTOPOMY MOYKHO OBbLJIO ObI BHIPA3UTh CBOE OTHOILIEHME, TO MOZAIbHbBIHI IJ1aroJj
00s13aTeJIbHO MTOSIBUTCS B IIPHUJATOYHOM yCJIOBHOM IpefijioykeHnu. Hampumep,

B ITPEJIOKEHUAX, COOTBETCTBYIOIINX PYCCKUM IIPENJIOKEHUAM C HAPEUUAMU «BCE-

OKa)KeTCsI IoMa, OH Tebe mo3BoHUT); If he should be at home, he will phone you (Eciy on

BIAPYI OKAXXETCA 1OMa, OH Tebe HOSBOHI/IT). CJIG,I[OBaTeJIbHO, 00BIYHOE OTCYTCTBUE
MOJAJIBHOT'O I'J1aroJjia B YCJIOBHOM IIPUAATOYHOM ITPEAJIOKEHUU SBJISIETCS BOIIPOCOM
CEMaHTHUKH, 4 HE TPAMMATHUKH.

BaxHO TOJIBKO He 3&6BIB3.TI>, 4TO OTCYTCTBUE (1)0pr1 6y/1ymero BpEMEHU
M MCITIOJIb30BAHHME BMECTO HEE€ MO/IaJIbHBIX I'VJIaroJiOB B AHTJIMICKOM SI3BIKE CKAa3hIBAETCS
Ha €T0 CTPYKTYpPE€ B OOJIBIIIEN CTEIIEHU U 00Jiee II0CJIEAOBATEJIBHO, YEM B PYCCKOM.
HpI/I,Z[aTO‘{HbIe YCJIOBHBIE TTPENJIOKEHNA OYE€EBUHO JEMOHCTPUPYIOT CBOIO
IIPUHAJIEX)KHOCTD K U3'BbABUTE/IBHOMY, 4 HE YCJIOBHOMY, HAKJIOHEHUIO. Crano 6BITI>, 9TOT
THUIIL Hpe,Z[JIO)KeHI/Iﬁ HE OTJIMYAETCS OT MIPEABIAYIIIETO 1 BBITIAAAET U3 CUCTEMBI YCJIOBHBIX

MIPEJJIOKEHUA.
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Ycia0BHOE MpejyiocKeHre 2 CTeTIEHU:

If he were at home, he would phone you.

Eciiu 661 OH OBLI JJOMa, OH ObI TeO€e TO3BOHUI.

B pyccKoM sI3bIKe TaKue MPeJI0XKEHNs IIPUHATO OTHOCUTD K COCJIaraTeJIbHOMY
HAKJIOHEHUIO, [I0CKOJIbKY YCJIOBHS BOOOIIle MOXKET He ObITh: It’s time you behaved
yourself (ITopa 6bI Te6e BecTU ceOs1 HOpMaIbHO), I wish I were in your shoes (XoTes OBl st
OBITH He TBOeM MecTe). VX oTVin4yue OT NpeAbIAYIINX CTelleHel YCI0BHOCTH
3aKJIF0YAaeTCsl B TOM, UTO JI(T 3TUX IIPEJJIOKEHUI CTOST B IIPOLLIEALLIEeM BpeMeHU, HO He
BBIPXKAIOT IIPOLIEIIET0 BpEMEHHU, @ yMEHBIIAIOT CTeNIeHb YBEPEHHOCTH F'OBOPSILIETO B
TOBOPUMOM. DTO TOT CJIy4aid, 0 KOTOPOM Mbl TOBOPUJIM, OITMCBIBAsi MOJAJIbHbIE IJIar0JIbl
- Epistemic meaning.

ITpupaToyHOE YCIOBHOE Ipe/IJIOKEeHNE 3/1eCh He OTJIMYaeTcst OT PaHee OIIMCaHHbIX U
He IIpeJICTaBJIsIeT cO00i HUYero OpUuriHaabHOrO — BeIOMpaeMas popMa oIpesesisieTcs
repesiaBaeMbIM CMBICJIOM. Ba)kHO, 4TO, KaK y»ke TOBOPUJIOCH, 10 CMBICJIY TaKOe
IIpe/IJIoKeHNe MMeeT OTHOLLIeHNe He K ITpoutefuieMy (!), a K HacTosdieMy — Oygyliemy
BpPEMEHU: HETPY/JHO ITIOHATbh, YTO B TAKUX IPEJIOKEHUAX BAXKHO HE BpeMs, a TO, 4To,

XOTsI ObI B B006pa)KeHI/II/I, IIpEAIToIara€Moe BO3MOXKHO, JOITyCTHUMO.

Yci10BHOE TIpeiyioyKeHUe 3 CTeTIeHH:

If he had been_at home, he would have phoned you.

Eciiu 661 OH OBLI JOMa, OH ObI TeO€e TO3BOHUI.

Taxkoe Ipe/iyI0’KeHME I10CIe0BaTeIbHO Pa3BUBAET HU/JIeH, BbICKa3aHHBIE BbIIIE: €CIU
(hopma IpoleAero BpeMeH! He BbIPaXKaeT CMBICJIA ITPOLIeIIIero BpeMeHH,
TO IOCJIEAHUM JJ0JDKEH IIepefjaBaThCsl KAKUM-TO IPYIUM crioco6oM. OffHaKo, Kak
MBI TOBOPIUJIN YyTh paHee, BAYKHO He BpeMs — Ba)KHa JJOIyCTUMOCTD,
‘peATosIaraeMoCcTh’ COOBITHS, IIPU YCJIOBUM WM 6€3 Hero, U BO3MOXKHOCTb CaMOT0
yCJIOBUSI, €CJIM TAKOBOE MMeeTCsl. 3HAUUT, HaM JI0CTaTOYHO I10Ka3aTh, YTO
npejnosaraeMoe yxe () He BO3MOXKHO, a [iJIs1 3TOI'0 HaM JJOCTaTOYHO BOCIIOJIb30BAThCS
IJIaroJIbHOM rpynmnoii Perfect. B pycCKOM sI3bIKe yCJIOBHBIE IIPE/IJIOXKEHUS 2 U 3 CTEIIeHU

HE Pa3/IMYar0TCs, ITIO3TOMY MHOT A CJIEAYET NCII0JIb30BATh JOIIOJIHUTEIIbHBIE,
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JIEKCUYECKUe UM KOHTEKCTyasIbHbIe, CIIOCOOBI Iepejlayl CMbIC/Ia HEOOPATUMOCTH
COOBITHS.

CrepnoBaresibHO, €CJIUN JJaXKe IPUHSATDH JAHHYIO0 CUCTEMY YCJIOBHBIX ITPe/IJIOKEHU, a
OHA MPUHSTAa MHOT'MMU 3apy0eKHbIMU I'PaMMaTUKAMU, BaKHO IIOHUMATh, UTO OHA
00beTUHSIET SIBJIEHUS COBEPIIIEHHO PA3IMYHOU MPUPO/IbI (TIepBbIE 1BA —
U3BSIBUTEIFHOE HAKJIOHEHME; TIOCIEHIE JIBa — cOcJIaraTe/IbHOe HaKJIOHEHME; BCe
MMEIOT OTHOIIIEHHE K CBOMCTBAM MOJIAJIbHBIX IJIaroJI0B; HO, CAMOE IJITaBHOE, BCE TUIIBI
HUKaK He 00BbeIMHSIOTCS MIOHSATHEM YCJIOBHOCTH). Bosiee Toro, BCce TUIIBI MOTYT
00pa30BbIBATh CMEIIaHHbIE MEXKY COO0M KOHCTPYKI[UH, YTO BbI3bIBAET HEJJOYyMEHUE
CTY/IEHTOB U CIIOPbI CIIELIUAIMCTOB, Harpumep, How can he be at home if he couldn’t have
come before 9? (Kak 0H MOXKeT OBITh JIOMa, €CJTU HE MOXXET TAKOT'O OBITh, YTOOBI OH
MIPUIIIEST paHbIlle JEeBITU?).

ITocko/IbKYy TPaJIMIIMOHHO PyCCKasi TpaMMaTHKa PacCCMaTPUBAET TaKue
MpeJIJIOKEHUS B CUCTEME HAKJIOHEHU U (M3BIBUTEIBHOTO U COCIAraTeIbHOTO), HET
HUKAaKOI'0 CMbICJIa YXOAUTH OT TPAJUIIMOHHO IIPUHSTOTO MOJX0/1a, U MbI He OyZieM
HapylIaTh yCTAHOBJIEHHBIN MOPsIZIOK. TeM 6osiee 4TO MBI yoke 3HaeM, YTO KaK
Ha3bIBaeTCs (CM. BBIIIE).

E1ie oiH BOTIPOC, CBA3aHHBIN C CUCTEMOU HAKJIOHEHUH, KacaeTCsl OBEJTUTETLHOTO
HaKJIOHEHMUSI.

[IpUHSATO CYNTATD, UTO HOBEJIUTEIbHOE HAKJIOHEHME BbIPKAET OOy KAeHNe

K ZICHICTBUIO U B aHTJIMICKOM $I3bIKe 00pa3yeTcs MH(UHUTUBOM IJIarosa 6e3 4acTHIbI
to Uy, 4To 60Jiee KOPPEKTHO, «COBITa/IaeT C OCHOBOM ri1arojya». CiefyeT, O[HaKo,
3aMEeTUTb, YTO BbIpakeHUue “Long live the king!” (Ja 31paBCTByeT KOpPOJIb!) ITOOYK/1aeT
K JIEUCTBUIO B TOM ke Mepe, uTo U “Let me do it” (J]aBaii st 3TO c/ies1at0) — TO €CTh
HU B Kakoil. Ckopee BCce-TaKu MOBeJIUTeIbHOE HAKJIOHEHUE B AaHTJIMHCKOM SI3bIKe
BBIpAYKaeT JKeJIaHUe rOBOPSIILEro, YTOOBI UTO-TO ObLIO CAETaHO TeM, K KOMY 00paIieHo
coobiieHue (Besb B «JlaBaii s 3TO C/IeJIat0» KTO-TO JIOJDKEH «IaTh» MHE 3TO CEIATh).
B 3TOM CMBICIIEe TOBEIUTEIBHOE HAKJIOHEHUE COTMIKAETCS C COCIaraTe/IbHbIM
HAaKJIOHEHMEM HACTOSIIero BpeMeHH, HallpUMep, KaK B PyCCKOM sI3bIKe: «ByJlb TOTOB» —
«ByJlb OH )KUB WJIM MEPTB...», U B aHIJINHCKOM s13bIKe: “Be ready!” — “Be he live or be he
dead...” Crioco6 o6pa30BaHUs TOBEJINUTEIBHOTO HAKJIOHEHUS TTOATBEPIK/IaeT TAaKyI0
TUIIOTE3Y.

JleiicTBUTEIbHO, TOBEJINTEIbHOE HAKJIOHEHUE HE MOYKET 00pa30BbIBATHCS
0T MH(UHUTHBA, ITIOCKOJIbKY OTpULlaHNe NHPUHUTHUBA UMeeT popMy “not to Infinitive”
(unu to not + Infinitive) — I asked you not to do it (5I mpocus Te6st ITOTO HE JIe/1aTh).
B rioBesinuTeIbHOM K€ HAaKJIOHEHUU OTPULIaHHEe 00pa3yeTcs «AeXypHOii» I1arobHON
rpynnoii “don’t + Infinitive”, T.e. oTpullaTesbHasA YaCTULIA CTABUTCS TT0CIe (DOPMBI

TOBEJIUTEIbHOTO HAaKJIOHeHUs — Do not do it, unu 6osiee KaTeropudHo — Do you not do it!
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(He menatii aToro), Don't you dare enter my house! (He cMmeli BXOJUTB B MO#i fijom!).

[To106HO cocaraTeJibHOMY HaKJIOHEHUIO ITPOLIEAIIEro BpeMeH!, KOTOPOe Mbl YiKe
paccmaTtpuBaiu — Shouldn’t he have helped you... (Ecau 661 OH BpyT TeGe He IIOMOT'...),

Shouldn’t you look in your room first? (He sy4ie i Tebe CHauasIa IIOUCKATh y ce0sl B
KOMHare?), 0Ha, B 3TOM CMBICJIe, CpPoAHH J1r. COOCTBEHHO 3TUM CXOZCTBO UMIIepaTHUBA
(TI0BEJIUTEIBHOTO HAKJIOHEHU ) C JIPT M OTPaHUYMBAETCS, IIOCKOJIBKY B ITPEAJIOKEHUAX
B [IOBEJINTEJIbHOM HAKJIOHEHUHU HET MOJJIeXKAIEro — JIMII0, K KOTOPOMY aZipecyeTcs
MIO)KeJIaHUe, He SIBJISeTCs MO/JIeKAIINM, a 3HAUUT, He JIeHICTBYeT CHUCTeMa CIIPsDKeHN ],
TaloKe KaK He JIeHCTBYeT B HeM U KaTeropusi BpeMeHH.

OfHaKo, ¢ cocyiaraTesJIbHbIM HaKJIOHEHUEM y UMIIepaThBa CXOJCTB 0OJIblIIe,
cpaBHure: “If you had been in my shoes...” => “Had you been in my shoes...”, “If you
were in my shoes...” => “Were you in my shoes...” 1 “Be you in my shoes...” - “Be (you)
in my shoes!”. ITo cioco6y 06pa3oBaHus BCe MPUMEPhI UAEHTUYHBI. TpeTuii npumep
II0-PYCCKHM MOXKET 3By4aThb «By/ib ThI HA MOEM MeCTe...», a YeTBEePThIi — «Byzb (0ke) Thl
Ha MoeM MecTe!». CocyiaraTesIbHOe HAKJIOHEHHE HacTOSIIIero BpeMeHU 4acTo COBIIaaeT
C UMIIEPAaTUBOM B PyCCKOM U aHIVIMKCKOM SI3bIKaX HACTOJIbKO, UTO 10 CMBICJIY MEXAY
HUMM pa3HUILA nponazaeT, HampumMep: Read the book and you will know (ITpounTaii

'”

KHUTY, U y3Haelllb), “Be he ever so handsome, I should never like him!” (Byap on
MUCaHbIM KpacaBlleM, MHe ObI OH BpsiJ| JIM IOHPaBUWJICS ). MofaIbHbIE TJ1aroJjibl MOTYT
HCII0JIb30BaThCs B MMIlepaTrBe: May he rot in hell! (Uto6 emy ruuTs B axy!), Will you
help me! (ITomorute MHe!).

Takyum 06pa3oM, Mbl MOXKEM BbIICJINTh B QHIVIMMCKOM SI3BbIKE, ITyCTh He 6e3yCJI0BHO,
TPU HAKJIOHEHUSI: U3bIBUTEIbHOE (HaCTosILee U MPOoILeAllee BPeMs), COCIaraTeJbHOe

(HaCTOﬂI_I_Iee U Impomeanee BpeMﬂ) H ITOBCJIUTEJILHOE.

The system cannot correct for deflection of the
vertical.

MN3BABUTEC/IbHOE HAKJIOHEHNE, HACTOSAIIEE BPEMST

Takast cucTeMa He MOXKET CAEJIATD ITOIIPABKY Ha

OTKJIOHECHUE BEPTUKAJIN.

I'was trying to explain but he wouldn'’t listen.

M3BABUTC/IbHOE HAKJIOHEHHME, ITPOIIEAIIEE BpEMA

S oeITanach O6"I>HCHI/ITI>, HO OH ITPOCTO HE CTaJI

CIyHmiaThb.

Install an edge restraint around all exposed sides of
the pavement.

IIOBEJIMTEC/IbHOE HAKJIOHEHHNE

YcraHoBuTe onaﬂy6}<y BOKPYT BCEX OTKPBITHIX

CTOPOH IIepUMeTpa TPOTyapa.

Be he live or be he dead, I'll grind his bones to make
my bread!

cocjiaraTeJIbHOC HAKJIOHEHHUE, HACTOAIIEEC BPEMST

YKUB OH WM MepTB, 5 IIepeTpy ero KocTu cebe Ha

xJ1e0!
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If these places were allowed to flood, how would they Ecsiu 6561 GbLIO IT03BOJIEHO 3aTOIISATE 3TU
be best managed? TEPPUTOPUH, TO KaK ObLIO GBI JIydllle BCEI0 UMHU

pacropsiKaThbes?
cocjiaraTesJibHOe HaKJIOHeHMe, ITPOLIe/jiiee BpeMs

Many of the problems could have been avoided if a MHOTHX 3TUX ITPO6IIEM MOXKHO OBLIO OBI M30€XKATh,
specialist had been contacted. ecyy OBl CBSI3AJTHCH CO CITEITUATIICTOM.

(cocnmararesibHOe HaKJIOHEHUE, IIpolie/iliee Bpems,
COBEepIIIeHHBIH BUJ)

OmpejiesieHrE CUCTEMbI HAKJIOHEHU TI0 CMBIC/TY MaJIo IIOMOT'aeT ITIOHUMAaHHI0
MeXaHHU3MOB 00pa30BaHUs U B3aUMOJIEHCTBUS HAKJIOHEHUH B peuu. [lepeBounKU
YaCTO CTAIKUBAIOTCS C TPYHOCTBIO TIepe/iauul CpeiICTBAMU O HOTO SI3bIKa CMBICJIA TOTO,
YTO ICHO 1 6JIar03By4HO B AAPYyroM. FIMeHHO MoHUMaHue (POPMaIbHOI CTOPOHBI SI3bIKA
M03BOJISIET YYBCTBOBATH IJIACTUKY pe4H, €€ SMOIIOHAIbHbIE 1 CMBICJIOBbIE OTTEHKU.

PerysisipHOe OTC/Ie)KMBaHNE BpeMeH JIT U COMTOCTABIeHNE X C UMEIOIIMMUCS
B TIPe/IJIOXKEHUU MOJIAJTbHBIMU CJIOBAMU U OOCTOSITETbCTBAMU BPEMEHMU, & TAKKE
HX COITOCTaBJIEHUE B CAMOCTOSITETbHBIX JIU TIPEJJIOKEHUSIX UJIU B COCTABE OZTHOT'O
CJIOYKHOT'O TIPe/IJIOKEHUSI TT03BOJISIIOT IOCTATOYHO TOYHO YJIOBUTh HIOAHCHI COMHEHUS,
00TeKaeMOCTU U HEHABSI3YMBOCTH COCJIaraTe/IbHOTO HaKJIOHeHUs1. Hampumep, 4acTo
(HO He Bcerza), KOTJa B YCJIOBHOM YacTH MpeJIOYKEeHMs UCTI0JIb3yeTcs (popMa
MPOIIEJIIEr0 BPeMEHH, MOSIBJSIETCS CTUMYJI K BOCIIPUSITUIO HE IIPOLIe/IIero BpeMeHH ,
a cocJiaraTe/IbHOro HaKJIOHEHUS.

WHorzaa TpebyOTCsS yCUIINS, YTOOBI 110 COAEPIKAHUIO TEKCTA OIIPE/IeIUTh, UMEeeTCs
JIV BBU/Iy TIPOILIE/IIIIee BpeMsl MJIM JKe coclaraTesibHOe HakjloHeHue. HeTpyiHo
MPEAII0NI0XKUTE, YTO 3TU TPYJHOCTH JIMO0 00YCIaBIUBAIOTCS CyYalHBIMU (PaKTOpaMU
— HEBHUMATEJIbHOCTHIO U HEOPEIXKHOCTHIO TOBOPSIIIETO K CBOEH peuu, TMO0 CO3AaI0TCs
aBTOPOM TIpeJTHAMEePEHHO — JIJIs MPUJJaHUS BbICKa3bIBAHUIO 00 bEMHOCTH,
MHOTOTIJIAHOBOCTH MJIU YK€ IIPOCTO AJISl TOTO, YTOOBI /Ie30pHEHTHPOBATD U 3aITyTaTh
yuTaTesis (BIpoueM, Cepbe3HbIN aHAIN3 TEKCTA HEPEAKO MTPUBOAUT K HEOXKUTAHHBIM
BBIBO/IAM).
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MeToaunyeckme ykasaHu4
Mo BbIMNOJIHEHUIO U OPOPMIIEHUIO
KOHTPOJIbHOM PaboThbl

CTyZieHT J10J/DKEeH BBITIOJTHUTD OIUH U3 BApUAHTOB KOHTPOJIBHOU paboThI B
COOTBETCTBUM C MOCIeAHEN U PO cTyieHYecKoro umdgpa.
BBIMOJTHATH TUCHbMEHHYIO0 KOHTPOJIBHYIO paboTy CJIe/lyeT B TEKCTOBOM
penakrope Word. Ha TUTY/IbHOM JIMCTE JIO/DKHBI ObITh HAITMCAHbI
(haMuiInsl, MTHALAAJIBI, aZipec CTyIeHTa, NP U HOMEP KOHTPOJIBbHOMN
paboThL.
KonTposbHast paboTa [joKHA ObITh OPOpMIIEHA B COOTBETCTBUU CO
CJIeIyIOIIMMU TPeGOBAaHUSIMU:
paboTa J10/DKHA OBITH BBITIOJTHEHA HA KOMITBIOTEDE;
paboTa 10/HKHA UMETh «OObIYHbIe» TT0JIS /IJIs1 UCITPaBJIEHUH,
3aMeYaHU, 00bACHEHUI Y METOAMYECKUX YKAa3aHUHN PeljeH3€eHTa;
AHTJIMWCKUI TEKCT 3aJJaHNU CJIelyeT ITMCaTh Ha JIEBOM CTpaHUIIE,
PYCCKUil IepeBo/; — Ha IIPaBOii CTpaHUIle, 003aTeIbHO CTPOTO
HAIIPOTUB aHIJIMHCKOrO TEKCTA, JaXKe €CJIU JJIsl 3TOr0 IIPUXOJAUTCS
OCTaBJISITh ITPOGEJIBI MKy CTPOUKaMu. Hike IpUBOUTCS cXxema
pacroJioKeHusI MaTepuasa KOHTPOJIbHOU paboThI;
repe, KaXKapIM pasziesioM (yrpaxHeHUeM, TEKCTOM U T.J.)
KOHTPOJIbHOI paboThl TpebyeTcs yKa3aTh 3a/jJaHue, KOTopoe Bbl

JOJDKHBI BBIITIOJIHUTD.
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OBPA3EL, BbIMO/IHEHNA KOHTPOJIbHOW PABOTDI

ITona

3ajjaHue K JaHHOMY paszey (YIpa)KHEHUIO WK TeKCTy) KOHTpoabHOU | IToss
paboter. Hanmpymep, «IIpouTHTe TEKCT U MICbMEHHO IIepeBeguTe C 1-

oro 110 3-i1 a63aIibI»

AHTJIUHACKUN TEKCT Pycckuii Tekcr

AHTJIUACKUN U PYCCKUI TEKCThI JOJDKHBI OBITh PACIIOIO0KEHbI

HAIIPOTHB JIPYT JIpyTa

NCMNPABJIEHUE KOHTPOJIbHOW PABOTbDI
HA OCHOBE PEUEH3UN

[Tpu moJlyueHNHU OT pelieH3eHTa IPOBEePEeHHOI KOHTPOJIbHOM paboThI
cje/lyeT BHUMATEJIbHO IPOYUTATh PEI[eH3UI0, 03HAKOMUTHCS C
3aMeYaHUSMU pelieH3eHTa U IPOaHaIU3UPOBATh OTMEUEHHbIE B paboTe
OIIINOKHU.

Ecsiu KoHTposIbHAsI paboTa JOMylieHa K 3a4eTy, HO B Hell UMeIoTCs
OIIUOKH, CJIEyeT BBIIIOJIHUTH pab0Ty HaJ| OIMOKAMU U MPEbABUTH €€ Ha
OYHOM ceccuu.

Ecsiu KoHTpOsIbHAsI paboTa JOMylieHa K 3a4eTy C UCITPaBJICHUSIMHU, CIe/lyeT
MpopaboTaTh yKa3aHHbIE PElleH3eHTOM rpaMMaTHUYeCKUe pas/ieibl.

Ecsiu koHTposIbHAsI paboTa He JoMIylieHa K 3a4eTy, CJIeyeT BbIIIOJHUTh ee
enie pas. [Ipexxzie 4eM IPUCTYIIUTD K TOBTOPHOMY BBITIOJIHEHUIO
KOHTPOJIbHOI paboThl, Cjie/lyeT TpopaboTaTh 'paMMaTUYeCKHe TEMBI,
yKa3aHHbIE PelleH3eHTOM.

B ciydae 3aTpysHeHU ITpU BBIIIOJIHEHUM KOHTPOJIBHOM pabOoThI CTY/IEeHT
MOYKET 0OPAaTUTHCS 32 MMCbMEHHON WJIM YCTHOM KOHCYJIbTallel Ha

kadenpy iuHrsuctuku MUNUT'AuK.
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KOHTpoO/IbHble 3aQaHUA

,HJIH TOTr'O YTOOBI IMIPpAaBUJIbBHO BBITIOJIHUTD 3a/laHUE, HeO6XO,Z[I/IMO YCBOUTH CJIEAYIOLINE

pa3feiibl Kypca AHTJIUHCKOTO SI3bIKA I10 peKOMeH,HOBaHHOI;,I JINTEPATYDPE.

I'pamMaTHyeckuii KoMMeHTapuii (cTp. 25 - 48 ganHoi KoHTpoibHOI paboTh)
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