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Abstract

In this paper we propose a new Word Sense Induction (WSI) method and apply it to construct a solution for the
RuShiftEval shared task on Lexical Semantic Change Detection (LSCD) for the Russian language. Our WSI al-
gorithm based on lexical substitution achieves state-of-the-art performance for the Russian language on the RUSSE-
2018 dataset. However, our LSCD system based on it has shown poor performance in the shared task. We have
studied mathematical properties of the COMPARE score employed in the task for measuring the degree of semantic
change, as well as the discrepancies between this score and our WSI predictions. We have found that our method
can detect those aspects of semantic change, which the COMPARE metric is not sensitive to, such as appearance or
disappearance of a rare word sense. An important property of our method is its interpretability, which we exploit
to perform the detailed error analysis.
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MockoBckuil rocyaapcTBeHHBIN yHUBepcuTeT uMeHu M. B. JlomoHocoBa ¢
Mocxkosckwuii MccnenoBarensckuii Lientp Camcynr A
HarmmonansHbI nccenoBaTenbCKU YHUBEPCUTET «BhICITas mKojia 5JKOHOMHKH» V

AHHOTALUA

B naHHO¥ cTaThe MBI Ipe/IaraeM HOBBIM METOJ] PEIICHUS 334K BhIIeacHUS 3HaueHui cioB (WSI) u ctponm
Ha €T0 OCHOBE peIICHHE 33/1a4i 0OHapy)eHHs ceManTHdeckux cIBUros (LSCD). Ham anroputM BelAeIEeHIS 3HAYE-
HUM CII0B IPEBOCXOAUT IO KaueCTBY Npeabiayle MeTos! Ha faracere RUSSE-2018 s pycckoro s3pika. OgHako
Haima cucteMa pemenus 3anadn LSCD nmokaspiBaeT Hu3kue pesynsrarsl Ha RuShiftEval. Me1 u3yunnu maremaru-
yeckue cpoiictBa MeTpuku COMPARE, ucnons3yemoil B 1aHHOM 3afaue JUlsl OLEHKH CTEIEHU CEMaHTHUYECKOTO
C/IBUTA, a TAKXKE PACXOXKACHUS MEXIy AAaHHON METPUKOH M MpelCcKa3aHUsIMU HaIlero Metona. Mel 0OHapYKHIIH,
YTO Hall METO/ MOXET ONpeJeNsATh TAKUE CEMaHTUUECKHE CABUTH, K KOTOPBIM JlaHHAs METPUKA HE UyBCTBHUTEIIbHA,
HaIpUMeD, TTOABIEHNE MM UCIE3HOBEHUE PEAKOTO 3HAYCHHA. JIpyrM OTINYNTENbHBIM CBOIICTBOM HAIIIETO METOAA
SIBJISICTCS] HHTEPIPETUPYEMOCTD, KOTOPYIO MBI HCIIOJIB30BAJIH TIPH aHAIH3€ OMIHOOK.

KnroueBble ciioBa: 3aaqa oOHapYKEHUsSI CEMAHTHIECKUX CABUTOB, JIEKCHYECKHE MOACTAHOBKH, BBIIEICHUE
3HAUCHUH CJIOB.

1 Introduction

Lexical semantic change detection (LSCD) is a problem of detecting changes in word meaning over time.
Semantic change is a complex phenomenon which is hard to define or formalize. This results in different
data annotation schemes, a bunch of complementary metrics, and also different LSCD systems sensitive
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to different aspects of the whole phenomenon. The idea behind our approach is first to discover word
senses using a Word Sense Induction (WSI) method based on clustering of lexical substitutes. Then
we can study the discovered senses and find out if any new sense appeared or an old one disappeared
between two time periods. Unlike popular approaches to LSCD that build a single vector for each word
in each time period [11], our approach is much more interpretable because it can display examples of each
discovered sense, or label corresponding clusters with the words related to those senses. Following this
approach, we developed a system for the RuShiftEval [7] competition on LSCD for the Russian language.

Our WSI model is based on the method proposed in [2] for English, which generates lexical sub-
stitutes for all occurrences of a particular target word with BERT [6], and then clusters bag-of-word
representations of those substitutes. Lexical substitutes are usually different for target word occurrences
with different senses and similar for those with the same sense. For instance, the word mouse will re-
ceive substitutes like keyboard, monitor in the phrase connect the mouse to your PC, while in the phrase
laboratory mouse substitutes like frog, rabbit, monkey will be generated. We make the base method mul-
tilingual by replacing English BERT [6] model with XLM-R [5] model trained on texts in 100 different
languages. However, simply replacing BERT with XLM-R to generate substitutes does not work well
for the Russian language because the base method generates only single subword substitutes, which are
either functional words or word pieces. This results in poor inventory of meaning-bearing substitutes and
very poor WSI performance. Thus, we propose a technique to generate multi-subword substitutes, which
boosts WSI performance for the Russian language (and likely other languages too, though we did not
test it yet). Additionally, we propose and experiment with different Hearst-like patterns specific for the
Russian language, and also their combinations. Generating multi-subword substitutes and selecting the
best combination of Hearst-like patterns results in new SOTA on the bts-rnc dataset from RUSSE-2018
WSI competition for the Russian language.

During the RuShiftEval competition period we did not manage to achieve good values of the COM-
PARE metric used in the competition, and also could not outperform our strong but less interpretable
baseline based on the orthogonal Procrustes alignment of SGNS vectors, which was among three best
performing methods in the SemEval-2020 Task 1 LSCD competition [11], though that competition em-
ployed different annotation scheme and metrics. In the post-competition period we performed a math-
ematical analysis of the COMPARE metric and discovered that unlike our WSI-based method, it is not
sensitive to the appearance or disappearance of rare senses, but rather estimate the change in the relative
frequency of the most frequent sense. We show that for those words that have gained or lost one of their
senses the COMPARE metric can be either higher or lower than for those words that did not undergo any
change, which raises a question about the applicability of this metric for LSCD.

Based on our analysis of the COMPARE metric, after the competition we decided to try the same
substitution-based distance metric employed for clustering in our WSI method, but skipping the clustering
itself to adapt to the properties of the COMPARE metric. This adaptation gave large improvement of
the competition metric and outperformed the strong baseline. Finally, we performed error analysis of
our WSI-based method. It has revealed that there are actually cases when our method discovers the
appearance of a new rare sense, which the COMPARE metric is not sensitive to.

2 Related work

RuShiftEval [7] is the first LSCD shared task for the Russian language. There are three time periods in
the RuShiftEval competition (Soviet, pre-Soviet, and post-Soviet). For the evaluation, they were grouped
into three pairs of periods. The participants were asked to estimate the semantic shift of each test word
between all pairs of periods by providing 3 scores for each word. The data annotation scheme and the
evaluation metric follow those proposed as a part of the Diachronic Usage Relatedness (DURel) dataset
for German [12]. The performance of the participating systems was evaluated by calculating the Spear-
man correlation between the predicted word scores and the values of the COMPARE [12] metric. To
calculate the COMPARE metric during the dataset annotation, for each word and each pair of time peri-
ods several dozens sentence pairs were randomly sampled. In these pairs the first sentence was sampled
from the first period and the second sentence from the second period. Each sentence pair was annotated
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by humans using 1-4 scale where larger values corresponded to more similar senses of the target word.
Finally, annotations of sentence pairs were averaged to produce word scores. The COMPARE metric is
known to confuse polysemy and meaning change [12], in this paper we describe other interesting prop-
erties of this metric.

An alternative approach to annotation and evaluation was proposed in SemEval-2020 Task 1 [11],
where the authors tried to account for the appearance or disappearance of relatively rare word senses,
which the COMPARE metric is not sensitive to. They basically clustered word occurrences based on
human judgements about similarity of these occurrences by meaning. The transitivity of the same-sense
relation is exploited to improve annotation efficiency. Based on the obtained gold standard clustering
corresponding to word senses, two subtasks were proposed. The first subtask required binary classific-
ation determining if the set of senses of a particular word has changed. The second subtask required
ranking words according to the change in relative frequencies of their senses.

Our solution is based on a substitution-based approach to WSI [1, 2, 4] which exploits lexical substitutes
to distinguish word senses. Following [2] we used dynamic patterns and develop specific patterns for
the Russian language. We developed a lexical substitution model based on the XLM-R multilingual
masked language model [5], which is trained on texts in 100 languages. As a baseline we used the LSCD
method [10] based on orthogonal Procrustes alignment of SGNS word embeddings [8]. Similar methods
based on SGNS embeddings and different alignment techniques were the best performing methods in
SemEval-2020 Task 1 [11].

3 Methods of WSI and LSCD

Our LSCD system retrieves examples for the target word from each time period and performs WSI based
on lexical substitution for all those examples. The result of WSI is a clustering of word occurrences.
Our solution submitted to the competition analyzed the number of examples from each time period in
each cluster and made the predictions based on those numbers. The clusters can be labeled with distinct-
ive substitutes. Both these labels and the examples in each cluster can be examined, which makes the
proposed method interpretable.

After the competition, we developed a simpler LSCD method inspired by the revealed properties of
the evaluation metric. This method employs the same measure of similarity between lexical substitutes
that was used for clustering in the WSI algorithm, but skips clustering itself. This significantly improves
the evaluation metric, but makes the predictions less intuitive and interpretable.

3.1 Lexical Substitution and Word Sense Induction

Our WSI method employs lexical substitutes generated using the XLM-R masked language model
(MLM) [5] to represent word meaning manifested in a particular context. We tried several approaches to
generate substitutes. One of them is replacing the target word in the given text fragment with a special
token <mask> and asking the MLM to recover it. This results in contextually plausible words, but often
they are not related to the target word and do not describe its sense in any way. To solve this problem
we used dynamic patterns proposed in [1], which are Hearts-like patterns applied to the inputs of the
MLM. For instance, we can replace the target word T with "T and <mask>"or "<mask> and T",
resulting in words that can stand in a co-ordinated row with the target, mostly co-hyponyms of the target
word. We compared a number of such patterns and discovered that the best performance is achieved by
two symmetric patterns "T (a Taxkxe <mask>)" and "<mask> (a Taxxe T) " (literally trans-
lated as "T (and also <mask>) " and "<mask> (and also T)"), which were both selected
for our final solution.

However, the XLM-R vocabulary contains only functional and very frequent Russian words, most
content words are split into several subwords. We found that single-subword substitutes alone result
in poor performance of WSI for the Russian language and extended the base approach by generating
multi-subword substitutes. To achieve this, we insert several <mask> tokens in the pattern ("T and
<mask><mask><mask>", for instance). Then we generate substitutes from left to right using beam
search, i.e. we take K most probable subwords predicted by XLLM-R for the first <ma s k> token, for each
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of them predict K most probable continuations resulting in 2 sequences of two subwords filling two
<mask> tokens, and from them leave only K most probable sequences, etc. Unlike traditional language
models, a masked language model is not an autoregressive model. Thus, the described procedure is not a
mathematically sound way to deal with the distribution learnt by the model, though it gives empirically
good results. Some examples are presented in table 1. For our final solution we generated substitutes
consisting of 1 to 3 subwords.

Next, in order to represent the lexical meaning of the target word and not its grammatical form, the
generated substitutes are lemmatized. For each lemma the sum of the predicted probabilities of all of
its forms and across two symmetric patterns with different number of masks is calculated. Finally, K
substitutes with the highest sum of probabilities are taken for each example. Following [2], we build TF-
IDF bag-of-words vectors of the generated substitutes and clustered these vectors using agglomerative
clustering with cosine distance and complete linkage. For WSI experiments in section 4.1, the number
of clusters is either selected for each word individually using the silhouette score similarly to [4], or is
selected the same for all words based on training set metrics. For LSCD we iterated over several values
to obtain different clusterings (see section 3.2). Finally, for the qualitative analysis in section 4.4 only the
silhouette score was used.

cluster 1D sentence top 10 substitutes
0 JIOTIOJTHUTEIIbHBIX BEPTUKAIBHO PACIIOIOKEHHBIX KpbLaa: 2e-2 koJjeca: 9e-3 gpurarens: 9e-3
BUHTA (a Tak:ke <mask><mask>). C uensio onopsl: 8e-3 xBocTa: 7e-3 npyKuHbI: 6e-3
obecriedeHns] yCTOHYHMBOCTH BEPTOJIETa INIOCKOCTH APYTHX 3JIeMeHTOB: 6¢-3 mpuBoaa: Se-3
BpallleHHs] HECYIIUX BUHTOB ObUIM HEMHOTO JcKa: Se-3 JBYX JIOTOJIHUTENBHBIX: Se-3

HaKJIOHEHBI BHYTPb, 3THM AocTHrancs 3¢ dexr,
aHaJOrM4YHBIN 2 dekTy nonepeyHoro V kppuia

0 HaCTOsIIIee BpeMs pa3BOPaYUBaAETCS €TI0 ABUratenas: Se-2 kppuia: le-2 npuBoga: le-2
cepuiiHoe mpou3BoacTBO. OCHOBHBIMU KoJieca: le-2 amoprusaropa: le-2 xBocra: 8e-3
0COOEHHOCTSAIMH MAIlIMHBI ABJISETCS OTCYTCTBUE Ky30Ba: 8e-3 ero oTcyTcTBHE: 7€-3
XBOCTOBOTO BHHTa (a Takxke <mask><mask>) TOPMO30B: 6e-3 APYrux 3J1eMeHToB: 6e-3

U MOZy/IbHAsl KOMITOHOBKA. [IpenMymiecTsa
COOCHOH CXeMbl 00eCIeUIIN BEPTONETY CIIEIyIOIuUe
MOTPEOUTENBCKUE CBOMCTBA: — BBICOKYIO

1 MocJIe AECATH YacOB U CAJMINACh mokep: le-2 pyserky: 9e-3 B kapThl: 9¢-3
3aKkycbIBaTh. OHU yXKUHAIY, KapTouHsble: 7e-3 noto: Se-3 taiim: Se-3
IpyTHE UTPaH B CKPOMHEIE cnuHHUHT: 4e-3 TeHHUC: 4e-3 skcmpecc: 3e-3
BHHT (2 Takske <mask><mask>) u npedepanc, nramku: 3e-3

TPETHH NPOUTPHIBAINCEH B (GKEIE3KY» H
mrpadamu OKpPBIBaIM OrpoMHbIe pacxoasl Kpyxkka.

1 K CBOEMY COCIIYXKHBILY B KapThl: 8e-2 maxmarsl: 8e-2 Msu: 2e-2
IemkoBcKoMy, y KOTOpOTro pyJerky: 2e-2 Kyputh: le-2 crpenars: 9e-3
Ka)XIbIil IeHb cCOOMpPANTNCh YNHOBHUKHU UTPATh B TeHHHC: 8e-3 Xokkel: 8e-3 myTuTh: 7e-3
BUHT (a Takxke <mask><mask>) u nuts xonogaHoe Jipyrue urpsl: 6e-3

nuBo. «CBOEIO HEPEIIUTEIBHOCTHIO 5
HanomuHaro ['amnera. — gyman JlaeBckuit

Table 1: An example of inputs to the XLM-R model, generated substitutes and clusters assigned.

3.2 Semantic Change Detection

Our WSI method can be directly used to decide that a new sense appeared or an old disappeared between
two time periods if there are clusters containing only examples from one of the periods. However, for the
RuShiftEval competition the words had to be ranked according to some scores reflecting the strength of
semantic change. To calculate the score of semantic change for a particular word and two time periods, we
sampled A sentences containing this word from each time period and clustered all 2A sentences several
times using our WSI method with different number of substitutes and different number of clusters !. Then
from the clustered sentences we randomly generated B pairs of sentences with the first sentence from
an old period, and the second from a new one. Each sentence was sampled from the corresponding A
sentences with replacement. Then the final score was calculated as the average across all clusterings of the
indicators that both sentences fell into the same cluster. The intuition behind this method is the following.

LOur best submitted solution iterated over [50,60,70,80,90,100,200,300] substitutes and [2,3] clusters.
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If two word occurrences are identical in meaning, they are likely to be grouped together in many different
clusterings. However, if the meanings are different, they can be grouped together by chance or mistake,
but hopefully not too often. For the best submitted solution we set A = 60 and B = 120.

3.3 Cluster labeling

During WSI the clustering algorithm groups together those target word occurrences that have similar
substitutes. Thus, we can find those substitutes that are specific to each cluster. Following [2], we
calculate the Pointwise Mutual Information (PMI) for a given substitute and a given cluster. To label
each cluster, we select substitutes having the maximum PMI value with that cluster. Despite many noisy
substitutes appearing in such labels, they are still useful as compact representations of clusters. Thus, we
employ these labels for the qualitative analysis.

3.4 Cosine Similarity Averaging

After the competition we developed a new algorithm using the same distances between substitute vectors,
but skipping the clustering procedure. For each word we sampled A = 80 examples from each period.
For each pair of periods and each word we generated B = 120 pairs of sentences in which the first
sentence was from an earlier period and the second sentence was from a later period. Then, for each pair
of sentences we calculated the cosine distance between substitute vectors. Finally, for each target word
the average distance was calculated, producing the predicted word scores.

3.5 SGNS+OP+CD

As a baseline in our study we used SGNS vectors with orthogonal Procrustes alignment and cosine dis-
tance proposed in [10]. We got the best results with the following hyperparameters: windowsize=5, k=5,
t=0.001, dimensions=300, minCount=0, iters=5.

4 Results and Discussion

4.1 Experiments with Word Sense Induction

Table 2 compares our WSI method to the previous best results during and after RUSSE-2018 competition
on bts-rnc dataset [9] using the official metric of that competition, which is the Adjusted Rand Index
(ARI), and official evaluation scripts. All experiments and hyperparameter selection were performed on
the training set, while the final results in Table 2 are reported on the public and the private parts of the
test set.

model | public test ARI [ private test ARI
RUSSE-2018 results
AdaGram baseline [9] 0.262 0.213
RUSSE-2018 best result [9] 0.351 0.338
RUSSE-2018 2nd best result [3] 0.281 0.281
other published results
RuBERT semantic fingerprint [13] 0.21
bayes-comb-silnc [4] 0.502 0.451
bayes-comb-fixnc [4] 0.464 0.438
our results
andalso-2subwords-silnc 0.525 0.507
andalso-2subwords-fixne 0.564 0.573

Table 2: Comparison with the published results on the RUSSE-2018 bts-rnc dataset. Selecting the number
of clusters for each word using silhouette score (silnc) or as a hyperparameter on train (fixnc). ©The
subset of bts-rnc used to evaluate this method is not specified in [13].

To find optimal hyperparameters of the lexical substitution model, we employed maxARI metric in-
troduced in [4], which is the maximum possible ARI achieved by agglomerative clustering with different
number of clusters. First, we compare Hearst-like patterns that potentially can give good substitutes
for the Russian language. In Figure 1, we consider patterns with only one <mask> token, which is
to the left from the target word. We selected the best performing patterns "<mask> u T" ("<mask>
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and T"),"<mask> wmmau T" ("<mask> or T"),"<mask> (a Taxxe T)"("<mask> (and
also T)"), "<mask> (B ToMm umcye T)" ("<mask> (including T)").

For the selected patterns we considered two possible orders of the target word and the <mask> token.
After the competition we also experimented with symmetric combinations obtained by multiplying prob-
ability distributions over possible substitutes. This is equivalent to leaving only substitutes that are prob-
able in both patterns. Figure 1 shows that this symmetric combinations consistently improve the results
for all patterns, especially when multi-subword substitutes are generated. Interestingly, putting <mask>
to the right of the target, like in "T and <mask>", works bad when generating multi-subword substi-
tutes because multi-word expressions such as other varieties, in other places are often generated, which
are not very related to any particular word senses. Also we notice that generating two-subword substi-
tutes significantly improve the performance for symmetric combinations, while generating three-subword
substitutes seems to be an overkill.

Finally, Table 2 compares our WSI method using two-subword substitutes and symmetric combination
of "X (a maxxe X)" ("X (and also X)") to the best previous results on the bts-rnc dataset,
where it achieves the new state-of-the-art performance. The application of dynamic patterns sometimes
produces ungrammatical sentences. In Appendix D we provide some preliminary analysis of this problem.

<mask>

A
3
Q
n
~
)
4

<mask>-(a-Takxe-T)
<mask>-(B-ToM-4yncne-T)

<mask>-(B-4acTHOCTN-T)

names

<mask>-(Hanpumep-T)
<mask>,-a-Takxxe-T
<mask>-n-T
<mask>-nnn-T

0.2 0.4 0.6
max_ari

Figure 1: Comparison of different patterns with a single <mask> token.
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Figure 2: Comparison of patterns with different number and positions of <mask> tokens.

4.2 LSCD Results for RuShiftEval

In the RuShiftEval the systems were ranked by the Spearman correlation between their scores and the
values of the COMPARE metric for each word. This metric is the average of annotator predictions for
a set of sentence pairs, where the first sentence refers to an earlier time period, and the second to a later
one. Unfortunately, during the evaluation period we did not have the cosine averaging approach yet. The
results in Table 3 show that the cosine averaging method gives word scores that are much better correlated
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with the COMPARE metric compared to the submitted WSI-based method and SGNS+OP+CD baseline.
If submitted, the cosine averaging method could give us 4th place among all teams.

methods | pre-Soviet:Soviet | Soviet:post-Soviet | pre-Soviet:post-Soviet | average
best competition results

GlossReader 0.781 0.803 0.822 0.802

DeepMistake 0.798 0.773 0.803 0.791

vanyatko 0.678 0.746 0.737 0.720

our submissions

WSI based approach 0.274 0.202 0.307 0.261

SGNS + OP +CD 0.2690 0.2240 0.4230 0.3050
our post-evaluation results
Cosine Similarity Averaging | 0.671 [ 0.677 [ 0.658 [ 0.66

Table 3: LSCD results on RuShiftEval, Spearman’s rank correlation.

4.3 The COMPARE metric analysis

In this section we describe the properties of the COMPARE metric explaining what kind of semantic
changes does it reflect and what kind of changes it is not sensitive to. To simplify our analysis, we will
discuss only cases when a word has unrelated senses and each pair of its occurrences receive annotations
of 1 (entirely different senses) or 4 (same sense).

We start with a simple example. Suppose there is a word (a homonym) having two unrelated senses
in the old corpus with probabilities of 0.9 for sensel and 0.1 for sense2. First, suppose the least frequent
sense disappeared in the new corpus and only the most frequent is left. Then the second sentence sampled
from the new corpus always has the first sense of the target word. Thus, we sample a pair of sentences
with the same word meaning and receive the score 4 from annotators with probability of 0.9, while
sampling unrelated word meanings and obtaining the score 1 has the probability of 0.1 (Table 4 shows all
possible outcomes and their probabilities for this and the following cases). Thus, the expected value of
the COMPARE metricis 4% 0.9+ 1% 0.1 = 3.7. Now suppose that the most frequent sense disappeared.
The same calculations result in the COMPARE metric of 4x0.1+ 1x0.9 = 1.3. Finally, suppose nothing
changed, then the COMPARE metric will be 4 % (0.81 4+ 0.01) + 1 % (0.09 + 0.09) = 3.46. Thus, if
a sense has disappeared (or appeared, as the calculations are symmetric), the COMPARE metric can be
both near its maximum of 4 or its minimum of 1 depending on the sense frequencies. And when nothing
changed, the result is in between. Thus, the metric does not reflect appearance or disappearance of word
senses, but rather frequency distribution of those senses.

outcome outcome probability

sentencel | sentence2 | annotation | only sensel left only sense? left nothing changed

sensel sensel 4 0.9 0 0.81

sense2 sense2 4 0 0.1 0.01

sensel sense2 1 0 0.9 0.09

sense2 sensel 1 0.1 0 0.09
COMPARE=3.7 | COMPARE=1.3 | COMPARE=3.46

Table 4: Possible outcomes, their probabilities and corresponding annotations for our two sense example.

Now let us study the metric in a more general case. Suppose there are several unrelated senses of a word
with probabilities p = (p1, ..., pn) in the old corpus and ¢ = (g1, .., ¢, ) in the new one. For convenience,
let us order senses such that p; > ps > ... > p,. The COMPARE metric is the average over annotations
for sampled sentences. Thus, it is an estimate of the expected value of annotation for a pair of sentences
sampled from uniform distributions over the old and the new corpus, which is the sum of probabilities
of sampling the same sense? or different senses® of the target word from two corpora multiplied by the
corresponding annotations (4 or 1):

2which is the probabilities of sampling i-th sense from both corpora summed over all senses
3it can be simply calculated as the probability of NOT sampling the same sense
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sl~p,E32~q annot(sy, s2) = 4 % Zpiqi +1x(1— Zpiqi) =3 % Zpiqi +1
K3 K3 K3

Since ¢; are probabilities, this sum can be treated as a weighted average of p; with weights ¢;. This

weighted average achieves maximum when q; = 1 (only the most frequent sense left) and minimum

when ¢, = 1 (only the least frequent sense survived). When nothing has changed, it is somewhere in

between.

This analysis suggests that a method that predicts high semantic change scores for those words which
obtained or lost a rare sense will have low Spearman correlation with the COMPARE metric simply due
to the shown properties. At the same time, a method that is sensitive only to the change in the frequency
of the most frequent sense may be considered as a good LSCD method by this metric.

4.4 Qualitative and error analysis

In this section we study the discrepancies between the results of our WSI algorithm and the COMPARE
metric values. For each word we sampled 80 examples from the pre-Soviet period and 80 from the post-
Soviet period from the Russian National Corpus. From the test set we selected two groups of words,
including 50 words with COMPARE > 3 into the first group and 12 words with COMPARE < 2 into the
second group. According to the COMPARE metric, the second group shall contain words with strong
semantic shift while the first group shall not.

We applied our WSI algorithm to all of these words. We predicted that a word has acquired a new
sense according to our algorithm if there was a cluster containing at most two examples from the pre-
Soviet period and at least 4 examples from the post-Soviet period (such bounds compensate for mistakes
of the clustering algorithm). From the first group (high COMPARE) we took 10 words that acquired
a new sense according to our predictions, while from the second group (low COMPARE) we took 10
words which presumably did not acquired or lost any senses* (Table 5). Those words have the largest
discrepancy between our predictions and the values of the COMPARE metric in the gold standard.

first group second group
word COMPARE discrepancy type word COMPARE discrepancy type
Opurana 3.08 correct new sense (OK) yX 1.88 a lot of senses (OK)
KECTh 341 incorrect new sense HAJIOKCHHUE 1.78 a lot of senses (OK)
000CHOBaHME 3.58 incorrect new sense nonoca 1.41 all senses in one cluster
panent 3.38 incorrect new sense pocmuch 1.57 changed MFS (OK)
CBEPCTHHUK 3.82 incorrect new sense CCBUIKa 1.93 changed MFS (OK)
CITUCOK 3.05 incorrect new sense Tayka 1.89 all senses in one cluster
CTOTI 3.25 incorrect new sense XpeH 1.6 changed MFS (OK)
TYIHK 3.14 incorrect new sense LEHTP 1.87 a lot of senses (OK)
YBOJIbHEHHUE 332 senses are combined SAPO 1.47 changed MFS (OK)
YIIEBOIOPON 3.2 correct new sense (OK) SICTTH 1.9 a lot of senses (OK)

Table 5: Discrepancies between predictions of our method and the COMPARE metric. Discrepancies
that are not errors of our method are marked with (OK).

Appendix A shows clusters for the words from the first group, which obtained a new sense accord-
ing to our predictions. The first type of discrepancies (correct new sense), are those words, that really
obtained a new sense at least in our sampled subset of RNC, but were not detected by the COMPARE met-
ric. There are two words, 6pucada (military brigade / team of workers) and yeresodopoo (hydrocarbon
as a class of organic chemical compounds / oil and natural gas as economic resources), for which our
predictions seem to be correct. In Appendix C random examples containing these words from two time
periods and the assigned clusters are shown. For the first word 6puecadoa WSI found the most frequent
sense associated with the army, which was overwhelming in the pre-Soviet corpus, and the second sense

4Sense frequencies still might have changed, it can be easily detected from cluster sizes if required. However, it is an open
question whether LSCD methods shall detect only words that acquired or lost some sense, or words with relative frequencies
of senses changed also. To make our qualitative analysis more simple and clear, we selected the first option to retrieve words
for analysis.
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(a team of workers), which was found in the post-Soviet corpus only and is still relatively rare compared
to the first one. For the second word, WSI found the correct new sense associated with oil and natural gas
as economic resources, and an existing one associated with chemical compounds. Almost all examples
for the oil and natural gas” sense are from the post-Soviet corpus, the value of COMPARE metric are
relatively high probably due to the existing sense still dominating. The second type of discrepancies
(incorrect new sense) are the words owcecmon (tinplate), paney (satchel), cmon (table), obocnosanue (jus-
tification), mynux (deadlock), cnucox (list), ceepcmuux (coeval). Our method divided some senses into
more than one cluster. Thus, the prediction is wrong. The third type (senses are combined) consists of
one word ysonbrenue, the senses of ’vacation” and “dismissal” were merged into a single cluster, but a
few examples of the sense “dismissal” were put into a separate cluster.

In the second group (Appendix B), there are words with low COMPARE metric for which our method
has not found any new or lost senses. We found three types of such words. The first type (all senses
in one cluster) consists of the words nonoca (line / time interval / forest belt), mauxa (car / cart), for
which our method mistakenly found only one frequent sense not counting outliers. For the rest of the
words, the clustering results seem to be correct. Moreover, despite no senses were obtained or lost, the
observed distribution of sense frequencies explains low values of COMPARE metric. For the words sdpo
(nucleus / cannonball), ccoiika (deportation / reference), xpen (horseradish / man), pocnucy (list / paint-
ing / signature), the most frequent sense changed (changed MFS). The words razoocenue (imposition
/ overlay), oyx (spirit / ambience / ghost), yenmp (downtown / middle), sciu (manger / nursery / crib)
are highly polysemous, thus, receive low COMPARE values, which is a known problem for COMPARE
metric [12].

The results of our error analysis are shown in Table 5. We have found 10 words out of 20, for which our
method correctly predicted that the set of word senses has changed or has not changed. The discrepancy
with the COMPARE metric for these words can be explained by the fact that this metric reflects the
change in sense frequencies rather than the appearance or disappearance of senses, and also gives low
scores to highly polysemous words. Indeed, according to the analysis of the clusters built by our WSI
algorithm there was a significant change in relative frequency of the most frequent senses of several words
that have not obtained or lost senses. Also we have found highly polysemous words with low values of
the COMPARE metric. For two words with relatively high COMPARE values the appearance of a new
sense was correctly predicted, but this sense has not become the most frequent sense, which explains
the discrepancy. The most frequent error of our method is splitting a single sense into multiple clusters,
which we will try to overcome in the future work.

5 Conclusion

We proposed a WSI method achieving new state-of-the-art for the Russian language on the bts-rnc dataset.
Also we proposed two approaches for solving LSCD task. The first approach is based on our WSI method.
This approach has an important advantage of being interpretable. One can look at the clusters that contain
sentences from only one time period and understand which sense appeared or disappeared, or if this is
just a mistake of the algorithm. Our second method is less interpretable, but it achieves higher results
according to the competition metric.
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Appendix A  Words with high COMPARE and a new sense predicted

In Figure 3 we show 10 words from RuShiftEval dataset with COMPARE > 3, for which our method
predicted that a new sense appeared in the post-Soviet time period, i.e. returned a cluster containing at
least 4 examples from the post-Soviet period and at most 2 examples from the pre-Soviet period.

Words Cluster names

o
5
8
(=
]

NEW COUNT

[1] 2, apmuA, BatansoH, Garapen, BORCKD, JB3. OHEM3HA, OHEH3A
Gpuraga 0 0 61
1 cnymfa, MalMHA, OHW, YENDBEK, NOMMUKA, OPraHKsaLMe, A, BECh

1 1 1 19
'] CTpax, A, NHUO, IMas3, HopMa, CHIOA, KPacoTa, KB
L] 13 0 22
mecTs 1 GeToH, GpoH3a, IMUHKE, MENS30, W3, HAPTOH, MHUCT, MACNo
1 B5 1 53
2 MHOG0BE, KPACceTa, CHNa
2 2 2 5
'] NOCTPOEHME, HINOKEHHE, NPEKTHHA, TONKOBAHWE, NOHWMAHHE, BhIDAKEHHE
0 30 0 2
1 cosgaHue, paspaboTha, OCYLIECTENEHHE, NDOEKTHPOBAHKE, HCNONEI0BAHKE, PEANU3aLMA
1 b 1 18
2 APTYMEHT, (PEKT, B, APYTOMA, NMPHYHHA, PELIEHHE, ADTYMEHTALWA, AOKASATENRCTED
ofocHoBaHKe 2 6 2 17
3 NPOSKTHPOBAHKE, PAcyET, paspadoTia, Apyroi, CONEpMAHNE, pEWEHHE
3 V] 3 9
4 NPWSHAHME, DCHOBA, ONPAEAAHKE, NOATEEMAEHME, CMbICT, YCTAHOENEHHE
4 29 4 12
] PEIYNLTAT, ADYTOH, OCHOBA, BHPAMEHHE, COAEQMAHKE, OCHOBaHWE F
] 4 5 3
'] BOAA, B, APYT, APYroA, A, 40M, OHa, MPEeaMeT
paney,

1 aBToMmar. Ges, BenoCUNen, Beck, BEWMRA, MMas, ronosa, AeHsra
66

- =

ra
- o
R =l

1] IBpar, KoNnera, MOH, HE, OTEL, COPATHHK, YHEHHK, POOHKE
CHEPCTHHE 0 0 56
1 cameii, B3POCHEA, CTAPLWMA, C, WKOMEHHH, BECH, CEMbA, peBEHOK
1 2 1 24
0 NMCEMO, AOKYMEHT, TEHCT, AaTh, MPEANOMEHHE, KHWIE, FIMCT, amunun
0 4 [} 17
1 370, NaMATL, OCTANLHOR, B, NMCT, MYPHAMN, PERTHHN, PE3oMe
1 12 1 22
cnHcoR 2 OCTANBHOA, PEATHHE, COCTABE, GHH, N0, NMPOTPamMia, STOT, ApYrod
2 1 2 4
3 OMMcaHWe, No, HOMED, HaSBAHWE, NePeuSH, HEKOTODRIA, NOPTRET, GoTo
3 24 3 35
4 NpoTpaMma, OH, GBOA, PEECTP, YHCNO, TEHCT, B, OT4ET
4 4 2

1
(1] BMiono, CTaKaH, K, ApYroi, peBEHOK, B, OH, CTON
0 2 0 B
cTon 1 BHYTDH, FONOBA, JEEDb, KHWME, KOMHATA, KPOBATE, KYXHA, Medenh " c
2 OPYrof, Ha, W, K, B, NEPeA, 3an, Kpecno
2 1 2 4
(1] AOM, YTon, A0pOra, KoHEL, PAA, OfWH, B, 0BpatHo
0 14 0 27
1 NaHHKA, IATPYOHEHHE, COMHEHWE, YHAC, LUOK, TOYKE, XA0C, HAoGopoT
TYNHR 1 &1 1 22
2 -y -y 3, </S>, BETOMAT, BENOCHNEA, KNKOY, NACTONET
2 1 2 14
3 HpMSWC, OMACHOCTE, MPOBNEMA, NONOHEHHE, OH, CHTYAL WA, HONEA, TONEHD
3 4 3 17
0 apect, Gonestb, BEX0A, AOMHHOCTh, . IAABMEHME, , HIMEHEHHE
YBONBHEHHE 0 [}
1 B, Ha, pabiota, oTnyck, 0cB0G0AMTE, NOCNE, A, OH
1 1 1 5
0 BOAOPOL, BOSAYX. KHCOTA, GHHCEN, OH, Napa, pacTeop, ©
yrnegogopon 0 0 42
1 pecypc, chipsE, NPHPCAHBIR, HEMTAHOA, MUHEDANBHLIA, TONMKWED, W, HEMTENPOAYHT
1 2 1 a8

Figure 3: Words with high COMPARE that acquired a new sense according to our predictions
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Appendix B Words with low COMPARE and no new senses predicted

In Figure 4 we show 10 words from RuShiftEval dataset with COMPARE < 2, for which our method did
not find any new senses in the post-Soviet period compared to the pre-Soviet one, i.e. there is no clusters
with at least 4 examples from the post-Soviet period and at most 2 examples from the pre-Soviet period.

12

Words Cluster names OLD COUNT NEW COUNT
0 UIHYECHMA, IYIUMTE, YM, CEpALE, BONA, 300pP0BLE, pasyM, Teno
0 51 0 41
1 CTWNb, QOPMAE, BHA, NPHPOLA, HACTPOH, 06pas, XAPaHTED, SaN0H
1 17 1 21
Ayx 2 cBOW, cebA, COCTORHWE, hOPMAE, COSHAHWE, HACTPOEHWE, HACTPOW, CHNa
2 4 2 3
3 awren, Gor, UeNnosekK, A, 33K0H, APYTOA, o4, ceba
3 5 3 6
4 WpOBG, A, APYroR, cedA, CnoBo, CBOA, B, MHD
4 3 4 9
[1] B03ASACTEHE, MOMOLLE, ©, 63, ASACTEME, NpeAyNpeRasHUE, H, cetn
0 & 0 2
1  aIMWHMCTPATMEHGIA, BAMWHHCTPMPOBAHWE, BILICK, BILICKAHWE, BOINOMEHHE, BOIMELLEHHE
1 ? 1 61
2 TEME, O f {HE, YCTAHOBNA, HAMW4HE, HCTIONE30EaHHE
HanoMeHHe 2 3 2 2
3 C, W, BE3, HIMEHEHHE, HANOMEHHE
3 1 3 1
4 YCTEHOBKA, MIMEHEHHME, COINAHWE, HCTIONbIOBAHWE, YAANEHWE, W, HAHECEHWE, HAMKYME
4 10 4 11
5 cHATHE, G283, HE, HAHECEHHE, YAANSHHE, NOMOLLL, HCMONEIOBAHHE, YCTAHOBHA
5 22 5 3
0 GonbWwoi, B, BECH, BOKDYT, BOMIHA, Na3, ropa, rpaHwuua
o ; I
1 ropod, OHW, NOMb, OOHH, PRA, W, APYroA
1 2 1 0
0 GHOMMET, OTUET, CHEAEHHE, CTIMCOH, CTATEA, JAMHCH, HMA, 33H0H
pocnUeb 0 0 20
1 apXMTEKTYDA. AEKOP, MHECMHCE, HOMNOIMLMA, CRYNENTYDA, YRpALLIEHKE
1 T 1 60
0 asTop, aApec, MMA, MHOOPMALHA, ONUCAHWE, OTBET, TEKCT, YHasaHHe
CChINKa ] a0 0 50
1 Ha3Hb, Narepe, 06paTHO, OTAYCK, CMEPTL, yBUACTBS, apecT, BofHa
1 50 1 2
0 asBTo, aBToOYC, ABTOMELUWHE, 38T . B, BaroH, 1, BECh
TauKa 0 _
1 H, BPYro#
1 1 1 0
0 tes, Boja, Tpwl, Ko e, MACNO, MOMOKD, MACO, MEL
0 48 0 15
xpen 1 KTO, YTO, HA, KAHOHA, Mbl, HET, HUNTO, Gor
1 5 1 &8
2 Gpar, Mymur, Néc, MoR, pedé MONOT, ADYT, ©
2 27 2 7
0 HOMINEKE, ADM, NAPH, MECTO, CHMBON, MOPOA, Non, W
0 & 0 11
1 UEnb, MAaBHOE, KCTOMHHK, YECTEID, OCHOBA, MABHLIA, CHMBOM, TPaHHLA
1 w1 11
yeHtp 2 BEpX, YTON, KOHEL}, CTOPOHA, HA, BHE, NON, HANPOTHB
2 11 2 7
3 CTONKYA, PErWoH, PaRcH, 0ONacTs, HANPOTHME, DA, BOKDYT, ropog
3 21 3 25
4 WHCTWTYT, YHHBEPCHTET, APYION, HOMIMMENC, PETHOH, POCCHA, JOM, Oprad
4 3 4 26
0 EBHYTDH, IHK, KOPEHE, MONERYNA, OCHOBA, OCHOBAHWE, NOBEPXHOCTE, CTPYRTYPA
AOpoO 0 38 0 1
1 NATPOH, CTpena, GomMBa, MeY, NDAHAT, PAKETA, DYHA, KAMEHD
1 42 1 9
0 [peTcan, AETCHMA, MHTEPHAT, HIACE, Nareph, CAHATODHA, YYHMHLLE, YYpEsaEHHE
0 24 0 60
1 TOYIb, PYRA, BOOA, CIOBO, YENOBEK, OH, 38MMA, JBEDb
ACNH 1 25 1 5
2 L0pora, BOPOT, CTON, ABEPh, S0P, JOMMK, KOMHATA, Non
2 16 2 8
3 LEpKoBS, XpaM, HOMHATa, MOM, OH, TPYAL, PYKA, 3EMTA
3 14 3 6

Figure 4: Words with low COMPARE and no new senses predicted.
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Appendix C Examples of sentences for the words opuzada and y2neso0opoo

Tables 6, 7 provide examples of sentences for two words with high COMPARE metric for which our
method found a new sense. Each table contains 10 randomly sampled sentences from the pre-Soviet and
post-Soviet time periods. From these examples we conclude that our algorithm correctly detected that a
new sense appeared at least in the sampled examples. This sense is surely related to the old sense, but in
our opinion it is not equal to it.

cluster ID | sentence
Pre-Soviet
0 HI/I]"E[C Y Hac HET pe3epBa , U roCyaaps ¢ 6purau0|0 TEXOTHI CTOUT IMOYTH HA aBAHIIOCTAX

B CPEIMHE MyCTOro mpocTpancTsa ( BepetT ¢ 50 10 60 ) , pa3aensromiero Boicka
ThIpHOBCKHE ( Hukonaii HukonaeBnd ) oT BOMCK HACIEIHHKA .

0 BaranboHbl 00pa3LOBbIE , HO KOMAaHAUP GPHIaAbl FeHEepal-Maiop DIUTHC TaK MPUPOC K
TBap/IeHCKMM MOPSJIKaM , YTO HE MOJKET CBBIKHYTHCS C MBICIIBIO , 4TO OH He B KpacHoM
Cene : 3a J1Ba yaca Iepeji CMOTPOM M HaKaHyHE BEChMa IPOJIOJKUTEIBHO IPOU3BOIHIT

PENeTULIU NPOXOXKICHUEM LIePEMOHHAIBLHBIM MapIIEM C My3bIKOIO U XOPOBBIMHU COIJATCKUMH

OTBETAMH Ha HAYAJIbHUYECKHE IPUBETCTBHS .
0 Ha npaBom Gepery JlHenpa aeiicTBoBana u Il-ast koHHas apMust MO KOMaHIOW OBIBIIIETO
BOWCKOBOTO cTapinHbl MUPOHOBa , B cOcTaBe 2-0if , 16-0if 1 21-0ii kaBagepuiicKux
JIMBH3HI 1 0000i KOHHOW OPHrajbI .
B Ckopuapy u SIHke : 7-s u 8-s nerkas 6arapeu 15-i apTuiuiepuiickoii Gpuraab.

0 B norne He noTepsieTcs 1 BO3I0KEHHYIO HA HETO 3a/1ady BBIIOIHHT C YCIEXOM ; K
TOYMHEHHBIM CTPOTO TpeOOoBaTeleH , 6ECIPHCTPACTEH M CIIPABE/UIMB ...~ W TaK MHOTO

, U TIOTOM 3aKJitodeHue : “ JIocTOMH ObITh KOMAHAUPOM HEOT/ICIbHONH OpHraabl ~ .
0 Ha Kaskase , nocrynus B KypuHckuii ok , s 3actay bapaTHHCKOTO ye MOJIKOBHHKOM ,

KOMaHI0BaBILIMM OIHUM U3 OaraiboHoB KabapAMHCKOro 10JIKa , KOTOPbIH BMeCTe ¢
Kypunckum coctapistn 6puray , 1 XoTs TIOJIKH 9TU CTOSIHN B Pa3HBIX MECTHOCTSIX , HO
HX 4acTAM , KpOME KCIEUINH , HEPeIKO NPUXOAMIOCH BCTPEUAThCs B KPEIIOCTH
Tpo3Hoii , rae Obna mTab-KBapTHPA KOMAHINPOB OPUIrajbl M AUBH3UH , IPHUEM MOCIICIHHI
GBI B TO K€ BPeMsI M Ha4aIbHUKOM JieBoro (uianra KaBkasckoro kopiyca , 1 Koraa
BMecTo renepainia ®peiirar [ a ] npubsu1 B [po3Hy0 Ha4aIbHUKOM JIEBOTO (iaHra reHepai
Hectepos , 1o , kak 3HaKOMBIH paHee Bo BiagukaBkase ¢ ero ceMelcTBOM , s OCEIan
€ro Kaxaplii pa3 mo mpuxoze B ['po3nyto konoHH KypHHCKOTO Mmonka u3 KpernocTu
BO3BHXEHCKO# , TPUYEM MHE NMPHXOJMIIOCH BCTPEUaThest B oMe HectepoBa 1 ¢ KHs3eM
Bapstunckum .

0 Ilepen ppoHTOM renepana babuesa Obuti 0OHapykKeHBI Bce yacTy 11-0if KOHHOH apMuK
MuponoBa ( 2-ast, 16-ast u 21-as1 kaBajepuiickue AMBU3UH U OTAENbHAs KaBaJiepuiickas
Opurana) .
0 JlexaOpsi 4 51 Ha3Ha4YeH ObLI KOMAHJI0BaTh OPHUIa 00 PE3ePBHBIX POT 2 apTHILICPUICKOM
JIMBU3MH , M 23 apTriiepuiickoii Opuranst , s npussin Opuraay reasapst 1829 r . 1829
TOX .
0 Komanaups! moskoB BTOpoii OpHrajibl Tak e , Kak 1 cam Bynbdept , penxo ObiBanu ¢
HAaMH , IOTOMY 4TO OHH IILUTH C3aH , HA OJMH NEPeXox , U ABIsuch kK Ckobenesy ,
TOJIBKO KOTJIa JIOTOHSUTH HAaC Ha JJHEBKAX .

0 Tlopnuunselit noanucan : HauansHuk IaBHOTO mTada , apTuiuiepun renepan-maiiop Epmonos
Ipuxka3 no 1-it 3anaanoii apmun 88 25 aprycra 1812 rona [maBHas kBapTupa B nosunmu
npu bopoauue o Bose r1aBHOKOMaHIyOLIEro : ApTHIUIepHH reHepan-maidopy Kocrenerxomy
Mopy4aeTcsi B KoMaHoBaHue Gpuraga cocrosmas u3 Jlu6asckoro u Coduiickoro noaxos .

Post-Soviet
0 B rozip! cimy>kOb1 MOJIKOBHUKA B OpHMrajie NoJuMHEHHbIE He pa3 JOKJIabIBaIM €My O TOM ,
YTO “ CONATCKOE PAIKO ~ COOOIIAIO O MOTAHBIX Ja3aX B (hyHIAMEHTE TapHU30HHOTO
KiIy0a , uepe3 KOTOpbIe HEYyCTaHOBIIEHHbIC BOCHHOCTY KAIIUE SKOObI XOAHIU B “ CAMOBOJIKY
»

0 Kopoue , moka Butex nui B 00KOMOBCKOI TOCTHHHIIE , MBITAsICh 3a0bITh JIEBKY ,
cOexaBIIIYIO U3 MPOECCOPCKOii CeMbU Ha CTPOUTEIBCTBO KaMckoro ruranra ,
CTapLIEKJIAaCCHUILY , U3yPOIOBAHHYIO NEpeI0BOil GPHIraa0ii MajsIpoB KOMMYHHCTHYECKOTO
Tpy/a , OHEMEBIIYIO OT OOJIH , KOTJIa € CyHYJIH PyKaMH B U3BECTb M JIepiKaju TakK ,
MOTOMY YTO MEJUICHHO paboTaia , 1 Opuraay u3-3a Hee JIMIIHIN IPEMHU U IePEXOIAIIEro
U3 PyK B PyKH , Kak kpaHosiuua Kitapka , BeiMmena .

0 [puesxana cieacTBeHHas Opuraja .
0 B BBC u I1BO BkittoueHbI Takxke TpU aBuabasbl , 36HUTHASI pakeTHas Opuraja , ipyrue
YACTH W HOAPA3JICIICHNS .
1 B TOT ros orpoMHBIit HX 0M , TOXOXKHI Ha OACTHOH , OBLIT TOYHO OBI B3AT IPHUCTYIIOM H
TIOKOPHJICS OP/Ie HAITIOBATBIX , CIICMIAIINX CTPOHTENIBHBIX OPHIraj .
1 Bpurasa Yemana Bele3Kaia OTHBIHE TOJIBKO Ha IIOAMOTY OOBIBATEIISIM [IPU CEPbE3HBIX
pasbopkax ”, “ cTpenkax ” wim “ Haezmax .
0 3-it ( Pymenniicknii ) kopmyc : Ilexora : 7 muHeiHbIX monkoB ( 21 6aranboH ) , 7

CTPEJIKOBBIX OaTanboHOB , bocHuiickas 6puraja ( 6 6aranboHOB ) , I'peueckuit
BOJIOHTEPCKHUIA OrpaHnyHbIii noiik ( 3 6aranboHa ) , BocHuiickuil BosoHTepeKmit
norpaHu4HbIi nosk (4 6aranboHa ) , Hukimmdckuii anGanckuii BOJOHTEPCKUI OaTanboH ,
T'eprieroBUHCKHI MOrpaHNYHbIN OATaNTbOH .

1 3a )KMBOTHBIMH YXa)KHBACT Liesias OPMIajia )KEeHIHH , O/JHA U3 KOTOPhIX — skeHa Malika ,
JxaHuH .
0 He ucki1oueHo , 4To B COCECKOM KBapTHpe GPUIaja BHIOIHSIA OTASIbHbIE PA0OTHI .
1 AHnMyaHe crenuanbHyio Opuraay B 3abaiikajibe NpUCIaTh COOUPAIOTCS , YTOObI BCe
TIIATEIBHO MOJCYUTATH U BHECTH YUTHHCKHUIT ** JlokomoTus ” B Kuury pexopios
I'munecca .

Table 6: Examples of sentences with the word 6pucaoa
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cluster ID | sentence
Pre-Soviet
0 — Tlo M3N0KEeHUH B3MIAIA HA H30MEPHIO apOMATHYECKHX YIJIEBOJOPOIOB , TaM TOACHSETCS

, “4T0 1 B (hopMyre OeH301a HET HEOOXOAUMOCTH JOIYIICHHS PEaTbHOTO CYLIECTBOBAHHUS
ocratkoB ” (cTp . 23).

0 N3 8r JAVMETUIIAHT €JINKAJIAKTOHA ITOJIYYE€HO OKOJIO 2r IIEPETOHA , COCTOSBIIETO U3
THO(EHOBOTO YIJIEBOAOPOIA U THODEHOBOTO (peHONA .
0 TCHC])B s1 XOTeJ 6bI 0COOEHHO TIOAYEPKHYTH , YTO TAKOE pa3Inuue €ANHUIL] CPOACTBA

aToMa yIepojia Jjaxke He BO BCEX CIIydasix HeoOXOJUMO JUIsl OOBSICHEHHSI H30MEPHU
MpeeIbHbIX YIIIEBOXOPOIOB , €CIIH MOCIEIHSS JSHCTBUTEILHO HMEET MECTO .

0 JlyqineMy BBIXOZY NPEHSTCTBYET 00pa3oBaHue Oypo-KPacHOH CMOJIBI M YTJIEBOOPOIOB ,
KOTOPbIE BCEI/[a MPOMCXOST BO BPEMsl pEaKIHU HOAUCTOro OyTuIia Ha IHAHUCTYIO COIIb ,
U TaKkKe 00pa3oBaHue Oy THIAMKUHA PH JEHCTBUU COJSHON KUCIOTHI HA HPOLYKT .

0 B KOMETHBIX XBOCTaX , KOTOPbIE , KAK U3BECTHO , COCTOST IPEUMYIIECTBEHHO U3
ra3000pa3HbIX YIJIEBOAOPOIOB , MbI HIMEEM JIEJIO C OTAEIbHBIMU MOJIEKYJIAMH , PAjIyC
xotopbix 1108 cm , a mrotHOCTH d10 , Kak mokasan F. Exner ; B 3ToM cityuae ,
OZIHAKO , Hama (opmyra (5 ) HENPUMEHHMA BO BCEii CTPOTOCTH , TAK KaK OTAEIBHBIC
MOJIEKYJIbI HE CYTh aGCONIOTHO YEPHBIE TeJIa U PAIHYC HX MaJl CPABHUTENBHO C ITHHOM
BOJIHBI [IA/IAIOIIET0 HA HUX CBETA ; II09TOMY MbI MOYXEM TOJIBKO YTBEPKIATH , YTO
OTTAJIKUBAHUE XBOCTOB , BO MHOTO Pa3 IPEBbIILIAIOLIEe IPUTHKEHHE HX , IPUTOM Pa3InyHOE
JUTSL pa3INYHbIX BELIECTB XBOCTA M 00PATHO MPOIMOPILMOHATBEHOE KBaAPATy PACCTOSHHUS OT
ConHIga , He TPOTUBOPEYHUT HaIel hopmyrie .

0 I'pam Hamen B Bo3myxe aByx konei B Hero-Kectne 82,5-94,5 % nerkux yrieBoaopoios ,
4,5-16,5 % azora u 1,0-1,3 % xucnopoza .
0 B nepBblii pa3 Ob110 B3ATO Ha 2 T YIJI€BOAOPOAA 5 T MapraHIlOBOKUCIIOTO Kajus , 8 T
ezikoro Hatpa 1 1000 M1 BOAIBI .
0 Taxoe npeBpalieHne MeeT MecTo Juist ddriIeHa 1 Uit OyTrieHa jie JIIouHS ; clona ke

NPHHAUICKAT U ONIMCAHHbIC OTHOLIEHHs OyTUJICHA , OTKPBITOIO MHOIO , HO €CTh , OJIHAKO ,
MPUMeEP , YTO U3 YIVIeBOAOPO/A MOJIyYaeTCs AJIKOrOMb , He TOXKECTBEHHBIH , @ H30MEPHBbIit
C MIepPBOHAYAIBLHBIM ; TAKOBBI OTHOIICHUSI OOBIKHOBEHHOTO AMUIBHOTO JIKOTOJIS , aMHJICHA 1
aMUJICHTUJIpaTa .

0 B oboux ciryyasx Mbl JOJDKHBI HCKaTh IIPUYMHY H30MEPHUH KUCIIOT B H30MEPHH aINICHOB

WM JIBYOOPOMIICHHBIX IIPOITHIICHOB ; HO €CJIM IPHHSATD JUIS TIPOITMIICHa XUMHYECKOe
CTPOCHHUE , BBIPAXKEHHOE (HOPMYIION , TO YIIIEPOIHBIC aTOMBI STOIO YIJIEBOA0PO/IA HE
HAXOJIATCS BCE B OJIMHAKOBBIX XUMHYECKUX YCIOBHUAX , KAK 3TO HMEET MECTO JIIsl
YIVIEPOIHBIX aTOMOB JTHJICHA .

0 Jl1s peBpalLeHust 3TOro yriieBoaopoaa B TPUMETHIKAPOMHOI MOXKHO , OJHAKOXKE , KaK
MHOIO YKa3aHO Y€ H TIPEeXKIE , yIOTPEOUTh CEPHYIO KUCIOTY , Pa3BEICHHYIO 10 HEKOTOPOi
CTEIICHH BOOM ( OKOJIO 5 4. KMCIIOTHI Ha | 4. BOABI ) .

Post-Soviet
0 Hedrenoberua Ha BogocOopHOii momaau p. Bax , ciayxaieil BOZOHCTOUHHKOM T.
HmxueBapTOBCKa , CTaJIa IPUYHHOI TTOBBILICHHS MPEASIBHO JOIyCTHMOTO YPOBHS
coJiepKaHus HeTSHBIX YIIEBOAOPOIOB 1 TSDKEIBIX METAJIOB B PEYHOM M IUTHEBOM BOJIC [
20]
1 CypkoBa 1 A.A . Tpodumyka ( 1994 ) Gonee 85 % 3anacoB HeTH B OacceiiHe CBS3aHbI C
6a)KeHOBCKO-HEOKOMCKOH He(TAHON reHepallHoHHO-aKKyMyJISILIHOHHOI cucTeMoii ,
XapaKTepU3yIOIIEHCs TPEBOCXOAHBIM IO TOTEHIMATY HCTOYHHKOM YIJIEBOJLOPOI0B —
6a)KeHOBCKOH KPEMHUCTO-IIMHUCTO} TOJIIEH BEPXHEIOPCKOTO BO3PACcTa M MOPCKUMH
TecYaHUKaMH HEOKOMCKOTO BO3PacTa ¢ BBICOKMMHU KOJUIEKTOPCKHMH CBOWCTBAMH .

0 Ha Bropoii craauu ocymecTsisiercst ounctka BMC 0T 0cTaTKOB SMYITbCHIT JKHAKHX
YIJIeBOJOPOI0B B BOJIHOM (ase .
1 TTo mporro3y Xero/pkeca , MK pa3pabOTKH CIIAHIIEBBIX YIJIeBOIOPOIOB TpyieTcs Ha 2017

TOJ] , TIOCJIC Yero HaYHeTCs IaJieHNe , B Pe3ylbTaTe KOTOPOro 3a JIBa roja 100b4a
ynazet 10 ypoBHs 2012-ro .

1 B pesynbrare B Poccuu ceituac nmpakTHYECKH HET Ja)Ke CKOJIBKO-HUOY/Ib YCTOSBIIMXCS

JIaHHBIX 10 3aIfacaM U PecypcaM TaKHX YIJIEBOJIOPOIOB , KOTOPbIC HE BbI3bIBAIIH Obl
COMHEHHI U CIIOPOB Y 9KCIIEPTOB ( a Takue udpbl ecTh , Hanpumep , mo CHIA ) .

0 Tak , mPOBEACHHBIMU paHee PabOTaMH B PA3IHYHBIX KIMMATUYECKHX 30HAX ObLIO OKAa3aHO
, 9TO [IPU TeMIepaType , OIU3KOil K ONTHMAIBHOM , yTHIN3ALHS YIIIEBOAOPOI0B

nocrurana 90-100 % Bcero 3a HeckobKo JHei ( table ) .
B ycoBUsIX HU3KHUX LCH Ha YIJI€BOAOPOABI HHCTPYMCHTBI BEDKHBAHMSI HIITYT BCE .

—_

0 B npoMbIIuIeHHBIX BRIOpOCAX COIEpIKaTCsi CMEPTENIBHO SIOBHTHIC BEIIECTBA ;| OKUCH yIIeposa
, IBYOKHCH a30Ta , yIJIEBOAOPOABI .
0 B kauecTBe nepBHYHOTO aKkTa ()OPMUPOBAHHMS 3aJIEKH PACCMATPUBAIOCH CIIOHTAHHOE

Ta30BBIIENIEHHE H3 PACTBOPOB B 00JIACTH MX 3aKPHTHUECKOTO METACTAOMIIEHOTO HACKIIIECHUS
HU3KOKHMITAIIMMH YIJIEBOJOPOJaMH ( IIPEXKJIE BCETO , METAHOM ) .

1 — Cyns no BceMy , Aszep0aii/kaH 00pedeH ObITh HAIIMM IVIaBHBIM KOHKYPEHTOM Ha PhIHKE

YIJIEBOIOPOJIOB .

Table 7: Examples of sentences with the word yezesodopoo

Appendix D Ungrammatical sentences after application of dynamic patterns

After application of dynamic patterns some sentences may become ungrammatical. This may affect the
quality of generated substitutes. In this section we describe some preliminary study of this problem. We
consider the disagreement in number between a verb and its subject, which is one type of grammatical
errors that can be the result of application of dynamic patterns. We selected 3 real examples from the
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RUSSE-2018 bts-rnc dataset and also made up one simple sentence ourselves. Each example has a sin-
gular verb and a singular subject. After one of the dynamic patterns is applied to the singular subject,
it becomes plural and the agreement is broken. In tables 8, 9, 10 we show 10 most probable substitutes
(after combining substitutes consisting of 1, 2 and 3 subwords) generated for this broken sentence and
for the same sentence fixed manually.

Table 8 shows examples for the pattern "T » <mask>". For our made-up example and the first real
example the substitutes are syntactically plausible words, but mostly not related to the target word. After
fixing the agreement more co-hyponyms appear among substitutes, which is better for representing the
meaning of the target word. For the last two examples there are no significant changes in the substitutes
after fixing the agreement. For the pattern "T nymm <mask>" (table 9) substitutes differ less for correct
and incorrect versions of sentences and seem to describe the meaning equally well. The pattern "<mask>

(a rTaxxe T)" (Table 10) seems to be the most robust to incorrect agreement.

The inspected examples show that in some cases substitutes generated for a grammatical and ungram-
matical versions of the same sentence can be significantly different. It seems that this effect depends
on sentence complexity and dynamic pattern used. We plan to explore this effect in more details in our
future work.

sentence substitutes
Maapunk 1 <mask> e moxonagnoe He: 0.51 cam: 0.12 nuxoraa He: 0.08 ¢ ymoBombetBueM: 0.06 Bosce He: 0.04
MOPOXEHHOE. tax: 0.03 npaBxa: 0.03 Gonbure He: 0.02 He Tonbko: 0.02 B gercrse: 0.02
Maubunk 1 <mask> e mokonagHoe nesouka: 0.33 neBymka: 0.26 ero apy3sps: 0.23 mama: 0.10 xenmmna: 0.04
MOPOKEHHOE. Matb: 0.04 cecrpa: 0.03 ero mama Bmecte: 0.03 ona: 0.03 manpunk: 0.02

TlanTroxuH B Cruide ceituac. OH BBIMONI3TH HA YITHILY
ycren, a Ha 3o10TKOBa 6ajka m <mask> oGpynmiack. DX,
JIyIION KoMIIaHuy napeHs Obut! 28-nerHuii ['enHaaunii Tak u He

Bosce: 0.53 Bosce we: 0.09 kpoima: 0.09 we: 0.07 tak: 0.04 cama: 0.04
ropa: 0.04 na uero: 0.03 ona: 0.02 6e3 Toro: 0.02

TTanTioxun B Crummde ceityac. OH BBINOI3TH HA YITHILY
ycnedn, a Ha 3070TKoBa 6asika n <mask> oOpymmiuce. Ox,
JIyIION KOMIIaHUM napeHsb Obut! 28-netHnii [eHHaanii Tak u He

kpbima: 0.13 ropa: 0.12 nec: 0.06 crena: 0.05 nom: 0.05 Bce: 0.04
nepeso: 0.03 ropox: 0.03 cuer: 0.02 crensi: 0.02

nBopue B Jlernem cany.
BHOCHGJ:[CTBI/II/I €€ nepenaim B AKaE[BMI/I}O HayK. HCpBaﬂ KHWXHas
JaBka M <mask> Gbl1a OTKpbITa B [OCTHHOM JIBOpE Ha
TlerepOyprckoit cTopore. 31ech MPoIaBalli IIeYaTHbIC yKa3bl

marasut: 0.40 6udnunorexa: 0.25 anrexa: 0.07 xuurapus: 0.05
KkHIDKHBIH Marasus: 0.05 negarnuna: 0.05 peisok: 0.03 marasus xuur: 0.02
cronoBast: 0.02 6Gubmmorexn: 0.02

nsopue B JleTHem cany.
Brocnencrsuu ee nepenany B Akanemuto Hayk. Ileppasi kHKHas
JaBka M <mask> ObutH OTKPHITH B [OCTHHOM JBOpE Ha
ITerepOyprekoit cropone. 31ech NPOAABAIN MEUATHBIC YKa3hl

marasut: 0.52 6nbnmoreka: 0.16 kHkHbI Marasun: 0.12 anteka: 0.10
poiHOK: 0.06 nevarnuma: 0.05 nepsbrit marazun: 0.03 6udnuorexu: 0.03
marasussl: 0.03 kuurapus: 0.03

, HarajieHus, rpadexu Camapa, 30,
VIII. B cene BrikoBom Octpore orpadiena ka3eHHasi BUHHAS
JaBka u <mask> . [Toxumeno ka3eHHBIX qeHer 756 p.,
12 Beyiep BOAKH M COOCTBEHHBIX JICHET TOProBIIa

marasut: 0.44 toproser: 0.18 anreka: 0.06 cknax: 0.05 Toprossiit gfom: 0.05
6ank: 0.04 pectopan: 0.03 gom: 0.03 mpyroit marasus: 0.02
npyroe umymiectso: 0.01

, HarajieHus, rpadexu Camapa, 30,
VIIIL. B cene BeikoBom Ocrpore orpadiieHbl Ka3eHHast BUHHASI
aaBka u <mask>. IToxuieHo ka3eHHbIX aeHer 756 p.,
12 Beziep BOAIKH M COOCTBEHHBIX JICHET TOProBIa

marasus: 0.45 toprosew: 0.15 Toproseiii gom: 0.09 anreka: 0.07 gom: 0.06
6ank : 0.05 npyroit marasun: 0.05 ckian: 0.04 pecropan: 0.02 noyra: 0.02

Table 8: Examples with pattern "T u <mask>"
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sentence

substitutes

Manpunk niu <mask> en
IHIOKOJIaHOE€ MOPOKEHHOE.

neBouka, kotopbiit: 0.19 neBouxa ne: 0.14 manpuuk: 0.13 mansunxa: 0.07
ne: 0.07 gesymka: 0.05 on: 0.04 xennmna: 0.04 kax: 0.03 s: 0.03

Manpuuk uian <mask> enn moxoaagHoe
MOPOXXEHHOE.

Mel: 0.35 meBouka,: 0.13 geBouxa, kotopere: 0.09 Msr: 0.09 Ber: 0.08
mansanki: 0.04 nesymku: 0.03 Bor: 0.03 getn: 0.03 onu: 0.02

IMaurioxun B Cxande ceifyac. OH BBINON3TH HA YIUILY
ycmen, a Ha 3010TKoBa 6aska niam <mask> o6pymmace. DX,
JIYIIOH KoMIaHuu napens Obu1! 28-netHuit ['eHHamit Tak 1 He

ropa: 0.22 yro: 0.06 uto - To: 0.05 xpbima: 0.05 nepeso: 0.03 xe: 0.03
qom: 0.02 kamens: 0.02 kak tam: 0.02 crena: 0.02

IMaurroxus B Crimde ceityac. OH BBINOI3TH HA YIHILY
ycnedn, a Ha 3010TKoBa 6anka mian <mask> oOpymince. 9X,
JyIIO# KoMMaHuu napens Obu1! 28-netHuit ['eHHaauit Tak 1 He

ropa: 0.15 crena: 0.13 nom: 0.08 kpeima: 0.06 moct: 0.04 nepepo: 0.03
crenbl: 0.03 nec: 0.02 kamuu: 0.02 kamens: 0.02

nBopiie B JletHem cany.
Brniocnencruu ee nepenanu B Akagemuto Hayk. [lepBas kHKHas
JlaBKa MiM <mask> Obl1a OTKpeITa B [OCTHHOM BOpE Ha
TTetepOyprckoit cTopoHe. 371ech MPOAABAIH MEYaTHBIC YKa3bl

KHIDKHBIA MarasuH: 0.13 kuwxuuna: 0.12 peiHok: 0.08 kuuraphs: 0.05
anreka: 0.04 canon: 0.02 6azap: 0.02 xuurapus: 0.02 bubnuorexa: 0.01
6ubmmotexo: 0.01

sBopiie B JletHem cany.
BrocnencTeuu ee nepefany B AkaJeMuio Hayk. IlepBast KHIDKHAs
JIaBKa WM <mask> ObUIM OTKPHITHI B [OCTHHOM 1BOpE Ha
[letepOyprekoit cTtopone. 3aech MPoJaBaIy MeYaTHbIC YKa3bl

KHIOKHBIH Marasus: 0.18 6ubmiorexa: 0.15 maBku: 0.08 kumwkauma: 0.05
peiHok: 0.04 anreka: 0.04 kuuraphs: 0.04 6uGmuorexu: 0.03
bubnuoreka: 0.02 nepbiii Marazun: 0.01

, HanazieHus, rpabexu Camapa, 30,
VIII. B cene beikoBom Octpore orpadieHa ka3eHHasi BUHHAS
JaBka uiM <mask>. TToxumieHo ka3eHHbIX JeHer 756 p.,
12 Beziep BOAKH M COOCTBEHHBIX JICHET TOPTOBIA

marazut: 0.29 ckinan: 0.08 jom: 0.03 3aBenenue: 0.02 anreka: 0.02
pecropan: 0.02 toprosemu: 0.02 ¢pabpuka: 0.02 6ap: 0.02 nasku: 0.01

, HanazieHus, rpabexu Camapa, 30,
VIII. B cene brikoBom Octpore orpabieHsl Ka3eHHas BHHHAS
aaBka mim <mask> . [ToxuIneHo ka3eHHbIX JeHer 756 p.,
12 Benep BOAKM M COOCTBEHHBIX JICHET TOProBLA

marasus: 0.31 ckaax: 0.05 gom: 0.05 anrexa: 0.04 Toprosem: 0.03
pecropan: 0.03 Toprossrit om: 0.03 6ank: 0.02 npyroii marasun: 0.02
Marasus Bojku: 0.01

Table 9: Examples with pattern "T wmnu <mask>"

sentence

substitutes

Maupuuk (a Takike <mask>) en
UIOKOJIAAHOE MOPOKEHHOE.

mama: 0.18 ero popurenn: 0.18 s: 0.08 nama: 0.07 nesyiuka: 0.06
pomurenun: 0.06 ero 6abynika: 0.05 orer: 0.04 mars: 0.03 manbuuk: 0.03

Manpunk (a Tak:ke <mask>)
€JIA IIOKOJIAAHOE MOPOKEHHOEC.

ero poxurenn: 0.31 mama: 0.16 ponurenn: 0.14 nepymka: 0.09
ero 6abymika: 0.06 mars: 0.03 mansuauk: 0.03 getu: 0.03 mama: 0.03 s: 0.02

TanTroxus B Crutnde ceituac. OH BBIOJI3TH HA YITHILY
ycren, a Ha 30J10TKoBa 6aJika (a Takke <mask>) oOpyumiace. Ox,
JIyIIOH KOMIIaHUH TapeHb Obl1! 28-neTHnii ['eHHaauil Tak 1 He

Ha Hero: 0.11 ona: 0.04 mammna: 0.03 gom: 0.03 kpeima: 0.02 on: 0.02 s: 0.02

nseps: 0.02 moma: 0.02 ero: 0.02

TanTioxuH B Ckinde ceituac. OH BBIMON3TH HA YIAHIY
ycred, a Ha 30710TKOBa Gajika (a Takke <mask>) oOpynIIIICE.
DX, IylIOi KoMIaHuu napens Obu1! 28-netHuit ['eHHaamil Tak 1 He

kpbima: 0.04 gpyrue: 0.03 qoma: 0.03 momu: 0.03 na mero: 0.03 gom: 0.03
ocranbHble: 0.02 ropox: 0.02 ona: 0.02 on: 0.02

nBopue B JIeTHeM cafy.
Briocnencruu ee nepenanu B Akajemuio Hayk. [lepBas kHUKHAs
J1aBKa (a Takke <mask>) 6bi1a oTKpbITa B [OCTHHOM J1BOpE
Ha ITetepOyprckoii cTopoHe. 31ech MPoJaBaiy NeYaTHbIC YKa3bl

o6ubmmorexa: 0.35 marasun: 0.19 anreka: 0.15 peirok: 0.06
KHIDKHBIA MarasuH: 0.05 nevarnas: 0.03 xuuraphs: 0.03 kuwxuuna: 0.03
mys3eit: 0.02 bubnuoreka: 0.02

nBsopue B Jlernem cany. Bnocnenctsun
ee mepesany B AKaeMHuIo HayK. IlepBas KHIKHAsS
J1aBKa (a Takske <mask>) GbIIH OTKPBITHI B [OCTHHOM J(BOpE Ha
ITerepOyprckoii cropoHe. 3aech NPOJaBaIM I€YaTHBIC YKa3bl

6ubmuorexa: 0.25 anrexa: 0.20 marasun: 0.12 apyrue: 0.07 psirok: 0.03
KHIKHBIH MarasuH: 0.03 myseit: 0.03 marasunst: 0.03 gpyras: 0.02
6ubmorexn: 0.02

, HaraJieHus, rpabexu Camapa, 30,
VIII. B cene beikoBom Octpore orpabieHa Ka3eHHast BUHHas
J1aBKa (a Takke <mask>) . [ToxuiieHo ka3eHHbIX aeHer 756 p.,
12 BEAEP BOAKHU U CO6CTBCHHLIX JEHET TOproBua

marasut: 0.26 6ank: 0.07 gom: 0.05 anrexa: 0.05 npyroit marazun: 0.04
npyrue: 0.03 age npyrue: 0.03 moura: 0.03 6anku: 0.03 nensru: 0.02

, HanlaneHus, rpabexun Camapa, 30,
VIII. B cene BeikoBom OcTtpore orpadieHbl Ka3eHHas BHHHAS.
JaBKa (a Takke <mask>) . IToxuieHo ka3eHHbIX JeHer 756 p.,
12 Beziep BOKH M COOCTBEHHBIX JICHET TOPrOBIA

marazut: 0.26 gom: 0.07 6ank: 0.07 gpyroit marasun: 0.06 anrexa: 0.05
npyrue: 0.04 nee apyrue: 0.04 6anku: 0.04 moura: 0.03 toproser: 0.02

Table 10: Examples with pattern " T

(a Takxe <mask>)"
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