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200 usages, 701 usage pairs annotations
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Ficure 1. Diachronic Word Usage Graph for the target word
plane for two time periods. Nodes are word usages, edges are
human judgements of semantic proximity in word usage pairs.

Introduction

Lexical Semantic Change Detection (LSCD; see [1-3]) involves
automatically identifying words that change meaning over time. Schlechtweg
et al. [4] formulates the LSCD task as follows: given a list of target words
and two sets of word usages from two time periods, the goal is to rank the
words by the magnitude of their semantic change.

Datasets for LSCD are typically annotated using the Diachronic Word
Usage Graph (DWUG) framework [5], illustrated on Figure 1. Assume we
are given a target word (e.g. plane) and two time periods of interest
(e.g. XIX century and XX century). As a preliminary step, the examples
of sentences or paragraphs with the target word are collected from two
corpora of real texts spanning the desired time periods; these examples are
referred to as word usages. Then, human annotators assess how close
the meanings of a target word are in individual pairs of usages. The
resulting set of pairwise annotations gets represented in a graph, called the
Diachronic Word Usage Graph, where nodes are word usages and edges are
annotations.

In the next step, the resulting graph gets clustered in an effort to
determine distinct word senses. Finally, the authors semantic change
is defined as change in sizes of clusters/senses. In more mathematical
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terms, the higher the Jensen-Shannon Distance between the frequency
distributions of word senses in two time periods, the stronger the semantic
change.

Fully automatic LSCD systems vary in how they model semantic
change. Some rely only on pairwise semantic proximity between usages,
while others produce fully automatic inferred senses via clustering. Thus,
LSCD systems internally solve other well-established tasks in the field of
lexical semantics: Word-in-Context and Word Sense Induction.

Word-in-Context (WiC) is a task of estimating semantic proximity in a
word usage pair. E.g. a usage pair “...parallel with the ground plane...” and
“...lower compartments of a plane...” has low semantic proximity, and
“...parallel with the ground plane...” and “...the two planes, upon which
we project...” has high semantic proximity. Some LSCD systems also
internally solve the Word Sense Induction (WSI) task. WSI is a clustering
task, where, given a set of word usages for some target word, the goal is to
group those usages into discrete clusters; the clusters are to align with
word senses.

Recent LSCD systems can be broadly categorized in WSI-based and
WiC-only systems. WSI-based LSCD systems have an advantage in
interpretability, since they estimate semantic change directly from changes
in inferred senses, while the internal mechanics of WiC-only systems are
less interpretable. WiC-only systems have achieved state-of-the-art results
[6-8], outperforming WSI-based alternatives [9-11].

A contradictory situation occurred in the field: WSI-based LSCD
systems that perform clustering and thus more closely mirror the DWUG
annotation pipeline underperform relative to WiC-only systems that
implement a completely different approach to modeling semantic change
[2,12]. In this paper, our aim is to address this contradiction and present a
fully automatic LSCD system that closely follows the well-established
DWUG framework, providing a clear and interpretable way to automatically
model semantic change.

To summarize, our two main contributions are as follows:

(1) A LSCD system that explicitly infers word senses and achieves
state-of-the-art performance. Our system offers controllable sense
granularity, which is important because the sense boundaries are
often fuzzy [13].

(2) A novel AnnotRI metric for the WSI task, better suited for DWUGs.
It uses only reliable manually annotated data as gold labels and
enables evaluation at varying levels of granularity of word senses.
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FIGURE 2. Steps of the DWUG pipeline for quantifying
semantic change

1. Related work
1.1. Diachronic Word Usage Graphs

We will first describe in more detail how the semantic change is
quantified in the DWUG framework. It is a three-step procedure, illustrated
on Figure 2.

The first step (Figure 2a) involves human annotators, who rate
the semantic proximity of usage pairs sampled from two time periods
on a four-grade scale reflecting Blank’s degrees of semantic proximity:
homonymy, polysemy, context variance, and identity [14].
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It is essentialy Word-in-Context task, solved by human annotators.
Usages become nodes, and the human judgments define edge weights. In
the second step (Figure 2b), usages from both periods are jointly clustered
using correlation clustering [15]; the resulting clusters are interpreted as
word senses.

Thus, Word Sense Induction is solved in the DWUG framework
semi-automatically: the manual human judgements are clustered with
an automatic method. In the third and final step (Figure 2c¢), the
ground-truth semantic change score for each target word is calculated as
the Jensen-Shannon distance between the sense distributions across the two
periods.

Based on the use of Jensen-Shannon distance, we refer to the resulting
semantic change score as JSD (Figure 2d).

In summary, existing DWUGs include manually annotated usage pairs,
silver' inferred senses obtained by clustering the annotated graph, and a
final semantic change score for each target word. Originally, DWUGs
were created [16] for English (en), German (de) and Swedish (sv), and
subsequently for Spanish (es; [12]), Norwegian (three time periods, two
datasets: DWUG-no12, DWUG-n023; [17]), and Chinese (zh; [18]).

Kutuzov and Pivovarova [19] use an alternative COMPARE [20]
semantic change score for Russian DWUG-rul2, DWUG-ru23, and DWUG-
rul3. For each target word, COMPARE is the average of annotator
judgments in the «compares group, consisting of all usage pairs with
the first usage from the older corpus and the second from the newer
one (the dashed lines on Figure 1 and Figure 2). COMPARE assumes
that predominantly low judgments in this group indicate substantial
semantic change. This procedure does not involve clustering and thus
does not produce inferred senses. In other words, COMPARE only
involves the Word-in-Context subtask, and no Word Sense Induction. The
intermediate steps in the COMPARE annotation procedure are therefore
less interpretable than those in JSD, as they do not reveal which senses
appeared, disappeared, or changed in frequency over time. The JSD score,
however, has its own downside: it relies on automatic clustering, which may
introduce additional errors. Despite these differences, COMPARE and JSD
have been shown to correlate strongly [5].

We use the word silver to highlight the semi-automatic nature (manual pairwise
annotation with automatic clustering) of inferred senses in DWUG.
2For exact versions of the datasets we use in our evaluation refer to Appendix 8
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1.2. Lexical Semantic Change Detection methods

Automatic Lexical Semantic Change Detection methods can be broadly
categorized into WSI-based and WiC-only Average Pairwise Distance
(APD) methods, loosely mirroring the JSD and COMPARE annotation
procedures. WSI-based methods [9-11,21] employ clustering to implicitly
infer senses, thus addressing WSI as an intermediate step. They then
calculate the Jensen-Shannon distance between cluster distributions across
periods. In contrast, APD methods [22-24] quantify semantic change by
averaging model-predicted semantic similarity scores in word usage pairs,
similarly to COMPARE.

Both the WSI-based and APD approaches rely on a WiC model that
produces similarity scores for pairs of usages, the step that is manually
annotated in DWUGs. WiC is a well-established task in lexical semantics
on its own with a number of automatic systems to choose from. For
instance, Laicher et al. [25] use BERT [26] and Giulianelli et al. [27] use
XLM-Roberta [28] as WiC models, surpassing non-transformer approaches
without any fine-tuning. Specialized WiC models, namely GlossReader [8],
DeepMistake [7], and XL-Lexeme [6], further improve quality through task-
specific fine-tuning. More recently, [2,29, 30| demonstrate the capabilities
of general-purpose LLMs as WiC models, reporting 1-3% improvements
over aforementioned specialized models in several languages. However, we
leave LLMs as WiC models out of scope due to their substantially higher
inference cost® relative to smaller specialized models.

A recent unified evaluation on DWUGS [2] finds that APD outperforms
WSI-based methods on all DWUG benchmarks, including those with JSD
gold labels. This is counterintuitive, since WSI mirrors the JSD pipeline
more closely than APD. In addition to end-to-end LSCD evaluation, Periti
and Tahmasebi [2] separately evaluate the WiC and WSI components, but
their WSI evaluation has limitations:

(i) The WiC predictions are only done for graph edges that had manual
annotation, implicitly incorporating gold information at prediction
time (see Section 2).

3For example, [80] show Llama-3.3-70b to be the best performing LLM for LSCD.
Llama-3.3-70b has 70 billion parameters, while XL-Lexeme has only 0.35 billion, so the
inference cost is ~200 times higher for Llama.
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(i1) Silver inferred senses are treated as gold labels in WSI evaluation,
although they are not explicitly annotated by humans but inferred
using an automated procedure (see Section 2).

(#13) No systematic hyperparameter selection is used for correlation
clustering, leading to heuristic suboptimal choices that can underrate
strong models (see Section 4.1).

2. Word Sense Induction evaluation on DWUGs

We aim to build a WSI-based system, we thus need a way to reliably
evaluate WSI quality in our diachronic setup. One of the key challenges in
using DWUGs for WSI is the reliability of gold clustering. The inferred
senses in the DWUGs are not manually annotated but are created through
an semi-automatic procedure. The reliability is further undermined in some
DWUGs by the sparsity of edge annotation, which means only a small
proportion of usage pairs is annotated (e.g., 210% of all possible edges in
DWUG-en). Although correlation clustering can handle missing edges, such
clustering is inherently less reliable than clustering on a fully annotated
graph.

To address the reliability issue of silver inferred senses, we propose an
alternative WSI evaluation for DWUGs. In addition to comparing predicted
clusters with silver inferred senses using Adjusted Rand Index (ARI), we
introduce AnnotRI (Annotation Rand Index, inspired by the Rand Index;
[31]). Unlike ARI, which compares complete clusterings, AnnotRI evaluates
directly on manually annotated usage pairs. It measures the percentage of
usage pairs in which the system’s clustering decision (the same cluster or
different clusters for a given usage pair) matches the binarized human
annotation. In other words, AnnotRI is the binary accuracy of a WSI
system on a set of human-annotated usage pairs. AnnotRI thus bypasses
inferred senses and relies directly on manual judgments. By varying the
binarization threshold for human annotations along the four-grade scale
(homonymy, polysemy, context variance, and identity) AnnotRI can assess
clustering quality at different sense granularities using the same gold data;
we report AnnotRIQ1.5, AnnotRI@2.5, and AnnotRI@3.5. This is helpful
because the boundaries between the senses of the word are often not well
defined [13].
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3. WSl-based LSCD system

We propose a fully automatic LSCD system that follows the DWUG
framework, which we denote CC+JSD (Correlation Clustering+Jensen-
Shannon Distance). First, a specialized WiC model produces pairwise
semantic proximity of all usage pairs of the target word in both time
periods. Notably, our system works with any WiC model, but requires some
model-specific parameter selection in the clustering step (see Section 4.1).
In our evaluation, we include specialized WiC models: GlossReader (8],
XL-Lexeme [6], and DeepMistake [32]*. Having obtained WiC predictions
for usage pairs, we use them as the edge weights to build a DWUG.

In the second step, we cluster the DWUG using Correlation Clustering
[15], which we denote CC for short. Formally, CC seeks a partition C
of the usage set U that minimizes the total disagreement:

(1) LECOH= > g o+ >, Iyl

(ui,ugz):ri; >0, (wg,uz):ri; <0,

c(ui)#c(uy) c(ui)=c(u;)
where

r;; is the similarity score predicted by the WiC model,
c(u) is the cluster assignment and

0 is the threshold parameter.

The first term penalizes placing similar usages (with r;; > ) into different
clusters, and the second penalizes placing dissimilar usages into the same
cluster.

We chose correlation clustering specifically over other clustering
algorithms to mimic the DWUG annotation pipeline as closely as possible.
The original reasons described in [16] mostly translate to our fully-automatic
setting:

(¢) CC finds the optimal number of clusters on its own.

(#1) It is more robust to errors, as it uses the global information on the
graph. That is, a wrong judgment can be outweighed by the correct
ones.

4QGlossReader and DeepMistake have multiple publicly available checkpoints, we
select the ones with the best performance on previously held shared tasks. See Appendix
9.
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(#19) It directly optimizes an intuitive criterion — the sum of cluster
disagreements, i.e., the sum of negative edge weights within clusters
plus the sum of positive edge weights across clusters.

We place special emphasis on tuning the threshold parameter in CC
(see Section 4.1). The threshold determines which edge weights are treated
as positive versus negative in the optimization objective of CC and is
crucial for cluster quality. Adjusting it controls cluster granularity (coarser
vs. finer). At the same time, our novel metric, AnnotRI (see Section 2),
allows us to fine-tune the granularity of the predicted clusters to align with
four levels of semantic proximity.

Finally, having clustered the usages, our CC+JSD method collects the
two frequency distributions of usages in clusters for two time periods. We
compute the Jensen-Shannon distance between those two distributions
as the final semantic change score for a given target word. The LSCD
benchmarks require to rank a list of target words, we assign the semantic
change score to each of them and sort the list accordingly.

Previously, Periti and Tahmasebi [2] reported the evaluation of a
similar system in their computational annotation setup. However, in their
setup a WiC model only reannotates the manually annotated edges, hence
the name “computational annotation”. In other words, it skips the edges
that were missing in the original DWUG annotation, effectively leaking the
DWUG structure at prediction time. We instead use WiC predictions for
all possible edges, presenting a more realistic setup for automatic LSCD
systems.

4. Evaluation results
4.1. Word Sense Induction

We first study how the CC threshold affects the WSI results on
DWUG benchmarks. We use specialized WiC backbones: XL-Lexeme
[6], GlossReader [8], and DeepMistake [7]. For each model, we collect
the distribution of similarity scores across all DWUGs® and use ten

5Score ranges depend on the WiC model. We therefore use a fixed grid for a given
model across DWUGs to generalize to new datasets and languages.
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FIGURE 3. The WSI results for correlation clustering depending
on the threshold. The grey vertical line represents the average
of similarity scores across all benchmarks for each model, the
CC threshold used in [2].

quantiles of this distribution as candidate CC thresholds. We report ARI
(against silver inferred senses), as well as AnnotRIQ1.5, AnnotRI@2.5, and
AnnotRI@3.5. The results are presented in Figure 3.
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We observe consistent trends across benchmarks for each model.
Typically, the optimal CC threshold increases with the AnnotRI threshold:
similarity quantiles of 0.1-0.2 yield the highest AnnotRIQ1.5, quantiles
of 0.2-0.3 are optimal for AnnotRI@2.5, and quantiles of 0.4-0.5 are optimal
for AnnotRI@3.5. In particular, setting the threshold at the average
distance (as in [2]) produces relatively fine-grained clusters, which align
best with AnnotRI@3.5. Consequently, this threshold is not optimal for
ARI. As expected, ARI better aligns with AnnotRIQ2.5, as the threshold
of 2.5 has been used in the creation of silver inferred senses, treated as gold
labels in the ARI calculation.

For our end-to-end LSCD evaluation, we set the threshold based
on AnnotRI@2.5. More specifically, to select the CC threshold without
data leakage, we perform a 10-fold cross-validation across benchmarks
(DWUG-en, DWUG-es, etc.): for each held-out benchmark we select the
threshold that maximizes the average AnnotRIQ2.5 on the remaining
nine®. We also test the same setup with ARI instead of AnnotRI@2.5 for
DeepMistake (see Appendix 10) and find that optimizing AnnotRIQ2.5 is
beneficial for the end-to-end LSCD metric on six out of seven JSD-based
benchmarks, validating the usefulness of AnnotRI.

4.2. End-to-end LSCD evaluation

Having thoroughly studied the WSI substep, we return to the Lexical
Semantic Change Detection evaluation for our CC+JSD system (Correlation
Clustering+Jensen-Shannon Distance). The WiC model is a parameter of
this system. CC+JSD first collects WiC predictions for all usage pairs to
automatically build a DWUG, then runs Correlation Clustering to infer
senses and finally computes the cluster-level Jensen-Shannon Distance
between the two time perids to produce a single semantic change score for
a target word. For a selected WiC model (XL-Lexeme, DeepMistake or
GlossReader) we use cross-validation of the CC threshold with AnnotRIQ@2.5
as the target metric, as described in Section 4.1.

We evaluate the LSCD systems on DWUG benchmarks with the
standard LSCD metric: Spearman rank correlation between predicted and
silver semantic change scores for the provided list of target words. We

6This yields an unbiased estimate for a new language/dataset outside the test
benchmarks.
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also include the best WSI-based systems from [2]: XL-Lexeme Affinity
Propagation (AP+JSD) and What-is-Done-is-Done (WiDiD). We also
report APD results with the XL-Lexeme, DeepMistake, and GlossReader
backbones in two versions: APD,;;, which follows [2] and computes APD
on all usage pairs for a target word and APD,,,,, which follows [32] and
computes APD only inside the “compare” group (see Section 1.1).

The evaluation results are presented in Table 1. Tool CC+JSD
establishes the new state-of-the-art on all JSD-based benchmarks except for
DWUG-es’, outperforming both the previous WSI-based approaches and
APD. We also see that in some of the JSD-based benchmarks (DWUG-en,
DWUG-de, DWIG-sv) the Spearman rank correlation with the gold
semantic changes scores is .891, thus approaching optimal performance.

Overall, we see methods that more closely adhere to the gold data
creation process achieve higher quality: CC+JSD often outperforms APD
on JSD-based benchmarks, while the opposite holds for COMPARE-based
DWUG-ru. We thus resolve the contradiction observed in previous work,
where WSI-based systems performed worse than APD, despite more closely
following the annotation procedure for JSD-based DWUG benchmarks. We
mainly attribute the weaker performance of previous WSI-based approaches
to the misalignment between the predicted clusters and the silver inferred
senses in the clustering step, which we addressed in Section 4.1.

5. Interpretability and Error Analysis

As mentioned previously, WSI-based methods allow us to track
how specific senses of a word change over time. We demonstrate this
interpretability by examining the results of GlossReader CC+JSD on
DWUG-en.

We assign sense descriptions (cluster labels) by inspecting a sample of
a dozen usages from each inferred sense and selecting the best-fitting
description from the Oxford Dictionary for the given word.® The first thing
we observe is the abundance of usages with incorrect clustering.

"DWUG-es underpinned the SemEval 2021 shared task, where DeepMistake
DM-MCL—es+APD won. We attribute the strong DWUG-es APD results to careful
task-specific tuning of the DeepMistake pipeline.

8 For large-scale sense description annotation, automatic methods can be used; e.g.,
[30,33].
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TABLE 1. LSCD evaluation results on DWUGs. Spearman
rank correlation is the metric. COMPARE is used as gold
labels for Russian, JSD for other DWUGs. The star (*)
denotes reproduced results from [2]. Best results for WSI-based
systems and APD systems are in bold font, the best overall is

underlined.

WiC Model LSCD en de es noj2 no23 sv zh AVG
WSI-based Methods
XL-Lexeme AP+JSD*|.49 .50 .12 30 .38 .12 .31 .32
XL-Lexeme  WiDiD* .65 .68 .52 b6 .46 .47 .56 .56
XL-Lexeme CC+JSD |.72 .84 .65 55 .59 .85 .77 71
DeepMistake CC+JSD |.81 .91 .67 .85 .61 .90 .76 .79
GlossReader CC+JSD |.891 .76 .65 .64 .70 .83 .68 .74
APD
XL-Lexeme APD?, |.886 .84 .66 .66 .64 .81 .73 .75
XL-Lexeme  APDemp |.87 .84 .56 65 .66 .82 .73 73
DeepMistake APDemp |.87 .87 .72 .83 .63 .77 .67 77
GlossReader APDcemyp |.87 .78 .70 62 .65 .79 .70 73
WiC Model LSCD ruje rujz ruzs AVG
WSI-based Methods
XL-Lexeme AP+JSD*| .11 .13 .05 .10
XL-Lexeme  WiDiD* 18 .36 .35 .30
XL-Lexeme CC+JSD .62 .76 .66 .68
DeepMistake CC+JSD .70 .75 .81 .75
GlossReader CC+JSD 66 .76 .74 .72
APD
XL-Lexeme APD?, .80 .86 .82 .826
XL-Lexeme  APDcmp 79 .85 81 .82
DeepMistake APDcmyp .83 .84 .83 .833
GlossReader APDemyp 78 .81 .78 .79

115

In almost every cluster, we assign the label for the most common sense

(determined manually) inside the cluster, and ignoring the usages with

errors. Seeing so many errors is surprising, given the high overall LSCD

metric of 0.891 in the setup we analyze. Therefore, we argue that there is

still much room for quality improvement at the usage level.
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TABLE 2. Top-3 words with the highest semantic change score
from DWUG-en predicted by GlossReader CC+JSD. Clusters
with five or fewer examples in either time period were filtered
out. Each word has a total of 100 usages in each time period.
The XIX period includes usages from years 1810-1860 and the
XX period includes years 1960-2010.

Time Period
Word Sense Description XIX XX A

plane  geometric 71 23 -48
aircraft 20 63 +43
graft political bribery 15 67 +52
agricultural technique 41 7 -34
medical transplant 34 12 -22
prop support (abstract) 24 21 -3
support (physical) 29 10 -19
theatrical /film props 12 20 +8

Table 2 shows how the distribution of usages in the predicted clusters
changes between the two time periods for three words with the highest
predicted degree of semantic change.

Despite usage-level errors, the system is still able to identify sense-level
semantic change. For example, the system captures the semantic change for
the highest-ranking word plane®, shifting from being a predominantly
geometric term to becoming used to describe a type of aircraft.

However, the same example also highlights a limitation: 20 usages from
1810-1860 were incorrectly'® assigned to a large “aircraft” cluster, even
though the concept did not exist in that period. As a result, the system
may struggle to detect the true emergence or disappearance of a sense,
sometimes interpreting it as a frequency shift within an existing sense.

9which is also the highest-ranking word according to gold labels

Owe inspected them all manually
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TABLE 3. Top-3 words with the highest difference in predicted
semantic change score between CC thresholds optimized for
AnnotRIQ1.5 and AnnotRI@3.5. For each lemma there is
a total of 200 usages. Clusters with 10 usages or less are
excluded.

CC threshold optimized for

Lemma AnnotRI@1.5 AnnotRI@3.5
prop physical 127 | physical 45
construction 31
theatrical /film 31
abstract 65 | abstract 45
stab all 187 | stabbing act 124
attempt 24
attempt 10
pain 13
multitude | all 200 | large group 101
variety 98

Another issue is the abundance of tiny clusters in the predictions, often
with only a single usage''. After manual inspection, we conclude that these
are predominantly clustering artifacts rather than genuine niche senses.

To conclude, while the system demonstrates good LSCD performance
and captures overall semantic change, there is still room for improvement
on the sense level and even more so on the usage level.

We also examine the clusters with different granularity. We take
three words where the predicted JSD scores with a lower CC threshold
(optimized for AnnotRI@1.5) and the higher CC threshold (optimized for
AnnotRIQ3.5) differ the most. The summary is presented in Table 3.

The largest difference occurs for the word prop, where the lower
threshold reduces the JSD from 0.72 to 0.12. Basically, every “physical”
sense of the word gets merged into a single cluster when using the lower
threshold. We also see that for two of the three words, the lower CC
threshold yields an “all” cluster with almost all usages, which is arguably
suitable for words stab and multitude.

A similar issue was also reported by the authors of DWUGs when using correlation
clustering [16].
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While analyzing the predictions with the higher CC threshold, we were
frequently unable to distinguish between senses; for the word stab the two
“attempt” clusters contained usages with a very similar sense. In general,
although the CC threshold optimized for AnnotRI@3.5 aligns better with
the Oxford Dictionary, it also frequently introduces many small clusters
indistinguishable (at least for us) from the other clusters. We hypothesize
that per-word selection of the CC threshold may address this issue, which

we leave for future work.

6. Conclusion

We proposed a practical, fully automatic WSI-based LSCD system that
follows the DWUG annotation paradigm end-to-end: WiC similarities for
all usage pairs, CC with a tuned threshold, and JSD over predicted senses.
We also introduced AnnotRI, which evaluates WSI directly against manual
pair annotations and naturally supports different sense granularities.
Guided by AnnotRI, careful tuning of the CC threshold yields strong
and often state-of-the-art LSCD results on JSD-based benchmarks while
retaining the interpretability of sense-based models. Our analysis shows
that, despite errors for individual word usages, WSI delivers actionable
insights by tracking which senses drive semantic change.

7. Limitations

« Our WiC backbones exclude large LLMs due to cost and latency;
results may improve with stronger yet efficient models.

« CC jointly clusters usages from both periods, which may limit
detection of truly novel/vanishing senses.

« DWUGS are sparsely annotated in some languages; AnnotRI uses
only annotated pairs and may reflect annotator coverage biases.

« Computing all-pairs WiC similarities is quadratic in the number of
usages; scaling to larger DWUGs requires approximation or pruning.

» Performance varies with gold definitions (JSD vs. COMPARE);

conclusions for one supervision signal may not generalize to the other.
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TABLE 4. LSCD evaluation using Spearman rank correlation

between predicted and gold semantic change scores for Deep-
Mistake CC+JSD using AnnotRI@2.5 and ARI.

WiC Model WSI metric‘ en de es nol2 no23

sv  zh
DeepMistake  AnnotRI@2.5 | .81 .91 .67 .85 .61 .90 .76
DeepMistake  ARI .85 .71 .57 .69 b9 87 .74

8. Benchmark versions

DWUG-en 2.0.1, DWUG-de 2.3.0, DWUG-es (LSCDiscovery) 3.0.0,
DWUG-no (NorDiaChange) 1.0.1, DWUG-ru (RuShiftEval 2021) 2.0.1,
DWUG-sv 2.0.1, DWUG-zh (ChiWUG) 1.0.0

9. Model versions

XL-Lexeme™ [6]. We use cosine distance between unnormalized
embeddings, as the original paper suggests.

GlossReader™, part of the winning solution [34] at [12]. We use L1

distance between L1l-normalized embeddings, as the original paper
suggests.

DeepMistake™, denoted as MCL+RSS+DWUG-es+XL-WSD in [32].

10. Using AnnotRI and ARI for threshold selection

Table 4 presents LSCD results when employing AnnotRI@2.5 and ARI
as metrics optimized in cross-validation to select CC threshold.
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Bb16op m HacTpoiika rpaHyJISpHOCTH 3HAYE€HU B 3aja4e
BbISIBJICHUSI JIEKCUKO-CEMAaHTUYECKUX M3MeHEeHM!it

Jenuc Bnagucnasosna Kokocuuckmit!, Jlomunuk I1laexTBer?,
Huxomait Buktoposua Apedben?

1 MockoBckunii rocynapcTeeHHbiii yHusepcuteT umenn M. B. JlomoHocosa, Mockea, Poccus
2Vuusepcuter LUTtyTtrapra, LLtytrapT, Nepmanus
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AnHoTauns. UMsydenune Toro, Kak MEHSIIOTCsI 3HAYEHUsI CJIOB, sIBJISIETCSI JTABHEN
3aa4eil IMHIBUCTUKHU. MBI IpeacTaBiiseM aBTOMATUYIECKUAN I10/1X0/1, KOTOPI
rpyHnupyeT yrnorpeb/eHns: CJI0Ba B KJIACTEPHI, COOTBETCTBYIOIIHME €r0 3HAYEHUIM, U
U3MepsieT, KaK YacTOTa yIOTPeOIeHNs] 3TUX 3HAYEHUN MEHSIeTCS MEXKIy MCTOPUIECKU-
Mu nepuogamu. MeTos ciieqyeT yCTOSIBITUMCS MIPOIIELY PaM, UCIOIb3YEMbIM ISt
CO371aHMsI COBPEMEHHBIX BPYUIHYIO AaHHOTMPOBAHHBIX A3BIKOBBIX pecypcos (Diachronic
Word Usage Graphs), u 1103BoJisieT OJIb30BaTEIsIM HACTPAUBATD CTEIleHb YKDPYTHEHUST
WM JIETAJIN3AIUH 3HaUYeHuii. Mbl TakKe BBOIUM HOBYIO METPHUKY, CIEITAAJILHO
AIANITUPOBAHHYIO JJIsT THAXPOHUIECKUX TPAGdOB CIOBOYIOTPEOIEHIIT 1 TIO3BOJIAIONLY 0
Ha/IE?KHO OIl€HMBATh KadeCTBO KJIaCTepPOB.

Ha naHHBIX HECKOJIBKHMX SI3BIKOB IPEJIJIOXKEHHBIN TOJIX0J], IIOKA3bIBACT PE3Y/IbTAThHI
Ha yPOBHE CYIIECTBYIOIIUX aJbTE€PHATUB, & 4acTO U JIy4YIlle UX, COXPaHAS IIPU 3TOM
SICHbIE ¥ MHTEPIIPETUPYEeMbIe BbIXO/HbIE JaHHbIEe, KOTOPbIE IIOKA3bIBAIOT, KAKNe
3HAYEHUA CJIOBA BHOCAT BKJIAJ B cCeMaHTHYIecKoe mamenenue. ((Ceasannvie mexcmo:
CMamvby, Ha GH2AUTCKOM U HG PYCCKOM A3BIKAT )

KntoueBble cnoBa u pasbl: BBISBIEHNE JEKCUKO-CEMAHTUIECKUX U3MEHEHMUIA,
JTUAXPOHUYIECKUE Tpadbl CIOBOYIIOTPEOIEHUN, MHY KIS 3HAYEHUN CJI0B
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Beepenne

BoisiBiienne siekcnko-cemantnyecknx m3menennii (Lexical Semantic Change
Detection, LSCD; c¢m. [1-3]) cocronT B aBTOMATHIECKOM OIPEIEIIEHIN CJIOB,
3HaYeHNe KOTOPBIX MeHsieTcs: co BpemeHeM. Schlechtweg et al. [4] dopmymupyror
zagaay LSCD ciemayronmum 06pa3oM: JlaHa COBOKYITHOCTD UEAEEHIT CA0E U
JBa HAbOpa cA060ynompebieHuti 13 IBYX BPEMEHHBIX ITEPUOI0B; TpedyeTcst
PAHXKHUPOBATDH CJIOBA MO BEJIMYNHE UX CEMAHTUYECKOTO U3MEHEHUS.

Habopsr gaunabix mis LSCD obbrano anrorupyiores B pamkax Diachronic
Word Usage Graph (DWUG) [5], kak moka3aHo Ha pucyHke 1.

DWUG for target word PLANE
200 usages, 701 usage pairs annotations

Inferred sense
mmm Inferred sense 0
Inferred sense 1
A A A A Inferred sense 2
| [Sense 2] ...be parallel to any plane, that plane to which they...| Inferred sense 3
Vi A a mmm Inferred sense 4
A A A
¥ A ) A A Inferred sense 5
A A A oA AT . Inferred sense 6
| [Sense 0] ...lower compartments of a plane if a hole is suddenly... |
L =

[ ¥ 7\ A A
Lk { . .
&Y O -\ A XA —a Time period & edge type
[[Sense 1] ...parallel with the ground plane....} ¥/ e Period 1 (1827-1925)
S A, A . 4 Period 2 (1926-2009)
A Same-period edge
N eof /oA /| Cross-period edge
X AN AT~
| [Sense 3] ...The two planes, upon which we project any... | A
7y A7%A
A A
A
X \ Al A
i A N \
A Judgment
A A 1 (different)
A A 2
A 3

4 (similar)

Pucynok 1. /Imaxpouwndeckuii rpad cJIoBOynoTpedbIeHui njist
1IeJIEBOTO CJIOBa plane B ABYX BPEMEHHBIX MEPUOJAX. ¥3JIbI COOT-
BETCTBYIOT CJIOBOYIOTPEDOJIEHUsIM, pebpa — IKCIEPTHBIM OIeHKaM
CEeMAHTHUYECKON OJIM30CTH B Iapax CJIOBOYIOTPEOJIeHNIA.

IIpeamosozkum, 9TO 33JIaHO TIeJIeBoe CJIOBO (Hampumep, plane) u apa
MHTEepecyIomux BpeMeHHbx nepuoga (manpumep, XIX u XX seka). Ha
IIPEJIBAPUTE/IHHOM dTAlle U3 JBYX KOPIIYCOB PEATHHBIX TEKCTOB, OXBATHIBAIOIINX
HY2KHbIE TTEPUOJIbI, COOMPAIOTCS TPUMEPHI IPEJIOYKEHN U a03aIIeB C TeJIEBBIM
CJIOBOM; TaKWe MPUMEPHI HABBIBAIOTCS CAOBOYNOMPEOACHUAMY. SATEM IKCIEPTHI
OIIEHUBAIOT, HACKOJIbKO OJIM3KN 3HAYEHHUS IIEJIEBOTO CJI0BA B OTIE/IBHBIX MAPAX
yrorpebsiennii. [TosyueHubIii HAOOP MOMAPHBIX AHHOTAIU IIPEICTABIISETCS
B BHjle rpada, Ha3bIBAEMOI0 JUAXPOHUIECKUM IpadoM CJI0BOYHOTpeOIeHNUI:
y3J7bl rpada COOTBETCTBYIOT CJIOBOYIOTPEOJIEHUAM, a Pedpa — aHHOTAIUSIM.

Ha ciremyromem mare mojtydeHHbIi rpad KJIacTepusyercsi, YTOObI BbI-
JIeJTUTH OTJEJIbHBbIC 3HAUEHUs CJIOBA. HaKoHell, ceMaHTUYIEeCKOe U3MEHEHNE
olpe/iessgercs Kak U3MeHeHne pa3MepoB KJiacTepoB/3Hadenuii. B Gosee
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dopmaTbHBIX TepMUHAX: UeM 0oJbiie paccrosuue /[xxkencena—Illennona mex iy
PaCIpe/ieJIeHUsIMI YaCTOT 3HAYEHUH CJIOBA B JIBYX BPEMEHHBIX [T€PHOJAX, TEM
CUJIbHEE CEMAaHTUIECKOe N3MEHEHUE.

TTostHOCTBIO aBToMaTn4deckue cucrembl LSCD passimmuarorcs Tem, Kak
OHU MOJIEJIUPYIOT ceMaHTH4eckoe m3menenve. OHU ONUPAIOTCA TOJIHKO
Ha MOMAPHYI0 CEMAHTUYECKYIO DJIU30CTh MEXKLY YHOTPEOJIEHUSIMU, TOTIA
KaK JIPyTHe MOJIyIAiOT MOJHOCTHIO ABTOMATHIECKN BBIBEIEHHDBIEC 3HAYCHUST
¢ moMotpio Kiacrepuzanuu. Tem cambiv cucrembl LSCD BHYTpu cebst permator
U JIpyTHe XOPOIIO U3BECTHBIE 3a/1a4n Jiekcnaeckoii cemantuku: Word-in-Context
u Word Sense Induction.

Word-in-Context (WiC)—5T0 3aa4a OLEHKH CEMaHTHYECKON OJIN30CTH
B nape cjaosoynorpebienuit. Hanpumep, napa ynorpeosenuit «...parallel
with the ground plane...» u «...lower compartments of a plane...» umeer
HU3KYI0 CEMaHTHYECKYI0 O/IM30CTh, a mapa «...parallel with the ground plane...»
u «...the two planes, upon which we project...» — Boicokyto. Hekoropnie
cucrembl LSCD Takxke BHYyTpu cebst pemaioT 3aadqy WHIYKINA 3HAYEHUH CIIOB
(Word Sense Induction, WSI). WSI—sto 3aza4a kiacrepusanuu: 1o Habopy
CJI0BOYNOTPEOIEHUT HEKOTOPOIO TIEJEBOr0O CJIOBA HYYKHO CIPYIITAPOBATH ITU
yIOTPeOJIEHUST B JIUCKPETHBIE KJIACTEPBI, COOTBETCTBYIONIIE 3HAYEHUSIM CJIOBA.

Cospemennbie cucreMbl LSCD MOXXHO B IMIUPOKOM CMBICJIE PA3JIE/IUTh HA
WSI-ocnoBannbie 1 WiC-only-cucremsr. WSI-ocHoBanubie cucrembr LSCD
00JIaIAI0T IPEUMYIIECTBOM UHTEPIPETUPYEMOCTH, IIOCKOJIbKY OIEHUBAIOT
CEMaHTHYECKOE M3MEHEHNE HEIIOCPEICTBEHHO 10 M3MEHEHUsIM BbIBEIEHHBIX
3HAYEHUI, TOra Kak BHyTpeHHU MexanmsMm WiC-only-cucrem MeHee nHTEpD-
nperupyeM. WiC-only-cucrembl gocTurin pe3ysibTaToB ypoBHs state-of-the-art
[6-8], npesocxona WSI-ocnosanmbsie ambreprarussl [9-11].

B obstactu coxkuinack nporuBopeunBasi curyarusi: WSI-ocHoBaHHBIE
cucrembl LSCD, KOTOpBIE BBITTOJIHAIOT KJIACTEPU3AIUIO U TIOITOMY OJIIKe
BOCIIPOU3BOJIAT Tiporienypy annorupoBanuss DWUG, yerynator WiC-only-
cUCTeMaM, PeaJIM3yIOIUM COBEPIIIEHHO WHOM MMOIXO0M K MOJIETMPOBAHIIO
CEMaHTHIECKOTO n3MeHeHus [2,12]. B 9Toif cTaThe MBI CTPEMUMCST yCTPAHUTH
9TO TPOTUBOPEUHE U HMPEJCTABATDH MTOJTHOCTHIO ABTOMATUIECKYIO CHCTEMY
LSCD, koropast 61u3ko ciemayer ycrosiieiics cxeme DWUG u jraer sICHBI,
HHTEPIPETUPYEMBIil CII0CO0 ABTOMATHYIECKOI0 MOJICTUPOBAHUS CEMAHTHIECKOTO
M3MEHEHUsI.

NTak, ABa OCHOBHbIX BKM1aAa Hawe paboTbl TakoBbI:

(1) Cucrema LSCD, koTopast siBHO BBIBOJIUT 3HAYEHUS CJIOB U JTOCTUATAET
KavgecTBa ypoBHs state-of-the-art. Harmma cucrema mogaep:xuBaer ympas-
JISIEMYIO TDAHYJISIDHOCTD 3HAYEHUI, 9TO BAXKHO, MOCKOJIBKY T'DAHUITHI
MeKJly 3HAYEHUsIMU 9aCTO Pa3MBITHI [13].

(2) Hoasi merpuka AnnotRI jurst 3amaan WSI, jydrie rogxosimast st
DWUG. Ona ucrosip3yer B Ka4eCTBe 3TAJJOHHBIX METOK TOJIBKO HAJIEXKHBIE
BPYUHYIO AaHHOTUPOBAHHBIE AHHBIE W TO3BOJISIET OIEHUBATH KAIECTBO
[IPU PA3HBIX YPOBHSIX TPAHYJISIPHOCTU 3HAYEHUI CJIOB.
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1. Cesa3aHHble paboTbi
1.1. AwaxpoHuyeckue rpadbl CnosBoynoTpedneHnia

Cravasa mopobHee OMmIeM, KaK CeMAaHTHIECKOe M3MEHEHUE KOJIMIeCTBEH-
Ho orenuBaercs B pamkax DWUG. Do Tpexsrannas Iporeaypa, IOKa3aHHAd
Ha pUCYHKeE 2.

(a) Stage 0: Mcnonb3oBanue 3a 1Ba (6) Stage 1: Word-in-Context

BPEMEHHBIX IEPHO/Ia
Stage 3: JSD(P1, P2)

10 P1 (Time Period 1)
X3 P2 (Time Period 2)
X
0.8
o
S _
3
%06 X
2 os
[=]
2 o
£
20.4 ohs
a_‘i 0
K B
0.2 R
| o
ARl
0.0 oL 16 K] Bl B
: e0 o1 2 3 @4 o5 6 7 8
() Stage 2: Word Sense Induction (2) Stage 3: OneHKa CEMAHTUYECKOTO

m3menenust JSD(P1, P2)

Pucynok 2. Dranet DWUG-mponeaypsl i KOJTUIECTBEHHOMN
OIEHKM CEeMaHTUYECKOTO U3MEHEHUS

Ha nepsom stamne (pucyHoK 26) y4acTBYIOT 9KCIEPTBL: OHU OIIEHUBAIOT
CEMAHTHYIECKYI0 OJIM30CTh map yrnoTpebJeHuil, BHIODAHHBIX U3 JIBYX BPEMEHHBIX
[IEPHO/IOB, 0 YETHIPEXOAJUILHOI IIKaJIe, OTPAXKAIOIEil CTEIEHN CeMAaHTHIECKON
6mm3octu o Blank: omonnMus, mosmmceMusi, KOHTEKCTHAS BAPUATHBHOCTD U
ToXKIecTBO [14].
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Ilo cyrn, sro 3amaga Word-in-Context, penraemast skcuepramu. YIo-
TpebJIeHUsT CTAHOBSATCS y3JIaMU, & 9KCIEPTHBIE CYXKIEHUsS 3aJal0T Beca
pebep. Ha Bropom srane (pucyHok 26) ynorpebseHus u3 000uX IePUOIOB
COBMECTHO KJIACTEPU3YIOTCS € TIOMOIIBI0 KOPPEJISIIMOHHO KiacTepusamun [15];
[TOJIyYeHHBIE KJIACTEPhI HHTEPIPETUPYIOTCS KaK 3HAYEHUsI CJIOBA.

Takum obpazom, B pamkax DWUG 3amaga Word Sense Induction
peaeTcs moJlyaBTOMATHIECKU: PYUHBIE SKCIEPTHBIE ONEHKU KJIACTEPU3YIOTCA
ABTOMATHIECKIM MeTOIoM. Ha TpeTbeM, 3aKI0UNTeIbHOM dTane (PUCYHOK 26)
UCTUHHAS OIEHKA CEMAHTHIECKOTO M3MEHEHHUsI JIJIsi KAYKIOT0 I[EJIEBOTO CJIOBA
BbIUuCsiercs: Kak paccrostuue JIxencena—Illenrona Mex iy pacripejieieHusIMU
BHAYEHUH 110 JIBYM IIEPUOJIAM.

ITockonbKy ucnonbsyercst paccrosune Jxkencena—I1lennona, najee Mbl
HA3bIBAEM UTOIOBYIO OIEHKY CeMaHTH4eckKoro usMenenusi JSD (pucynok 22).

Urak, cymecrytomue DWUG BKIIOYAIOT BPpYyYIHYIO aHHOTUPOBAHHBIE
napbl yOOTPeOJIeHN, cepebpanvie’ evisedennvie 3Hamenua, 0Ty dJeHHBIe
KJlacTepu3aIyeil aHHOTHPOBAHHOTO Ipada, U UTOrOBYIO OIEHKY CeMaHTUIECKOTO
M3MEHEHMs JIjIsl KazKJI0ro mejeBoro ciosa. [lepsonayaabao DWUG 6buim
cozzanel [16] mus arrmiickoro (en), Hemenkoro (de) u meejckoro (sv), a
3areM JiIsl ucnaHckoro (es; [12]), HopBeKCcKoro (Tpu BPeMEHHBIX MePUOJIA, J1Ba
nabopa panubix: DWUG-n012, DWUG-1n023; [17]) u xuraiickoro (zh; [18])3.

Kutuzov and Pivovarova [19] ucnoas3yor aabTepHATHBHYIO OIEHKY
cemanrudeckoro uzmenenns COMPARE [20] g pycckux nabopos DWUG-
rul2, DWUG-ru23 u DWUG-rul3. [Ins kaxmgoro menesoro ciosa COMPARE
OIIPEJIETIAETCS KAK CPEeJIHEe SKCIIEPTHBIX OIEHOK B IPYIINE «COMPAre», COCTOSIIEH
U3 BCEX Iap ymoTpedJieHnit, rie epBoe ynorpedseHne B3ATO u3 6ojee cTaporo
KODpIIyca, a Bropoe—u3 60jiee HOBOro (IIyHKTHPHBIE JITHUU HA PUCYHKax 1
u 2). COMPARE npeamosnaraer, 9T0 IpeUMyIIECTBEHHO HU3KUE OLEHKU B
9TOM IpyIie YKa3bIBAIOT HA 3HAYUTEIHLHOE CEMAHTHIECKOE M3MEHEHHUE. DTa
IIPOLIE/Iypa He BKJIIOYAET KJIACTEPU3AIIUIO U IO3TOMY HE MOPOXKIAET BHIBEICHHBIX
snavenuii. MapiMu ciiopamu, COMPARE Bkirouaer Tosbko moazagagy Word-
in-Context, no me Word Sense Induction. [IpomerkyTrounbie sTamb mporeIyphbl
annorupoBanust COMPARE mosromy menee uaTeprperupyembl, uem B JSD:
OHU HE TIOKA3bIBAIOT, KAKWMe 3HAYEHUs] MOSABUJINCH, UCIE3ITH WJIA U3MEHUIIN
qactory co BpemereMm. Omgaako y JSD ecth cobCTBEHHBI HEIOCTATOK: 9TA
OIIEHKA OIUPAETCS Ha aBTOMATHYECKYIO KJIACTEPHU3aIUIo, KOTOpas MOMKET
BHOCUTB JIONIOJIHUTESIbHBIE OomuOKku. HecmoTpst Ha 9TH pasnauyns, 6b1710
nokazano, ¥ro COMPARE u JSD cuibno Koppesupyior [5].

1 Mp! HCIIONIB3yeM CITOBO «CepeGpsIHbIEs, ITOGHI TIOMUEPKHYTH MOJIyaBTOMATHIECKHil
xapakTep BbIBeaeHHbIX 3HadeHnit B DWUG: pyunas nmomapHas aHHOTAIUST COMETAETCS C
aBTOMaTHUYECKON KJlacTepu3alueii.

2Tounble BepcHu HAGOPOB JAHHBIX, HCIIOIBL30BAHHBIX B HAINEl OIEHKE, IIPUBEICHBI B
OPUIOXKEHUH 8
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1.2. MeTtoabl BbISsBNEHNA NEKCUKO-CEMAHTUYECKMUX U3MEHEHNIA

ABromaTnueckue METObI BBISBJICHUS JIEKCUKO-CEMAHTHICCKUX M3MEHEHUI
MOXKHO B IIAPOKOM CMBIC/IE pa3aejnTh Ha WSI-oCHOBaHHBIE METOJIBI U
WiC-only-meronpt cperero nonapuoro paccrosuus (Average Pairwise Distance,
APD), 9o npubiu3uTebHO COOTBETCTBYET IIpoleiLypaM anHorupoBanus JSD u
COMPARE. WSI-ocroBanubie MeTogsl [9-11,21] nCnosub3yiorT KIaCTEPU3AIMIIO
JIJIsT HesIBHOTO BBIBOJIA 3HAYEHUI, TeM caMbiM pertast WSI Kak mpoMexkyTOodHyTo
3aj1aqy. 3aTeM OHU BBIYUCIAIOT paccrosiuue /xkerncena—IllenHoHa MeX Ty
paciupeneIeHusIMIA KJIACTEPOB 110 IepuojgaM. B orimunme or mux, APD-
MeTOJIBI [22—-24]| KOJTMYEeCTBEHHO OIIEHUBAIOT CEMaHTHYECKOe M3MEHEHNe,
YCPeIHsIS TPEICKA3AHHBIE MOJIEIBIO OIEHKN CEMAHTUIECKOH OJM30CTH B mapax
cnoBoynorpebsennit, anagormano COMPARE.

Kax WSI-ocuoBanunie, Tak u APD-mojxompr onupatores Ha WiC-momenn,
KOTOpAasi BBIJAET OIEHKH CXOJICTBA JJIA Iap yrnoTped/eHnil, TO eCTh aBTO-
maruzupyer tor mar, kotopbiii B DWUG annorupyercs Bpyuanyoo. WiC
caM 110 cebe SIBJISIeTCsT XOPOIITO U3YIeHHON 3a/iadell TIEKCHIECKON CeMaHTUKH,
JIJIsI KOTOPOU CYIIECTBYET PsiJi aproMarndeckux cucreM. Hampumep, Laicher
et al. [25] ucnosbayror BERT [26], a Giulianelli et al. [27] ucnomnssyror
XLM-Roberta [28] kak WiC-Mo/enu, 1peBocxo/ist HeTpaHChHOPMEPHBIE HOXO/bI
6e3 Kakoro-jaubo 000y IeHUsI.

Cuenuasnusuposannbie WiC-monesn, a umenno GlossReader [8], DeepMistake
[7] u XL-Lexeme [6], 1010JHATEILHO OBBIIAIOT KAYECTBO OJ1arofapst 1000y e-
HUIO TIOJT KOHKPETHYIO 3a/1ady. B Gosee Hemapanx paborax 2,29, 30| nokasansr
BosMmoxkHOCTU LLM obmiero Hasznadenusi B pojiu WiC-mopeteii: coobraercst
06 yiyumenusax Ha 1-3% OTHOCHTE/LHO yKa3aHHBIX CIICIUAJIU3UPOBAHHBLIX
MOJIeJiell B HECKOJIbKUX S3bIKAX.

Omnako mul octasiasieM LLM kak WiC-momenn 3a paMKaMu JaHHON paboThI
U3-3a CyIIEeCTBEHHO GoJiee BBICOKOI cTomMocTH mHdepenca’ Mo CpaBHEHHIO C
MEHBIIUMU CIIEIUATN3APOBAHHBIMYI MOJIEJISIMU.

Henasusa yaudunuposannas onenka na DWUG [2] nokaseiBaer, 4ro
APD mpesocxonur WSI-ocuoBanubie metojnpl Ha Becex DWUG-6enumapkax,
BKJIIOYAs Te, TJIe STAJJOHHBIMUA MeTKamu ciyzkar JSD. D1o mporuBopeant
UHTYUIUY, TOCKOJIbKY WSI 6/uzke Bocpoussoaut JSD-mporemypy, yeMm
APD. TTomumo end-to-end-onenku LSCD, Periti and Tahmasebi [2] oraesnsro
onenuBaioT KoMmoneHTsl WiC u WSI, Ho ux WSI-oreHka nMeer orpaHudeHus:

(1) WiC-tipesicka3aHust BBITOJTHSAIOTCS TOJIBKO 1Jisi pebep rpada, KOTopbie
UMeJI PYIHYIO aHHOTAIMIO, YTO HESIBHO BKJIIOYAET 30JI0TYI0 HHMDOPMAIIAIO
Ha dTale HpecKa3anus (CM. paszien 2).

3 Hamnpuwmep, [30] mokaseiBaror, uro Llama-3.3-70b siBasiercst sryummeit LLM st LSCD.
Llama-3.3-70b comepzkut 70 MuianapnoB mapaMerpos, Torga kak XL-Lexeme — Toasko 0.35
MUJIJTHAP/I; CJIEIOBATEILHO, CTOMMOCTh nH(epenca s Llama npumeprno B 200 pa3 BbiIIIe.
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(it) CepebpsiHble BBIBEIEHHBIE 3HAUEHUsT PACCMATPUBAIOTCS KaK 30JI0ThIE
merku ripu WSI-oreHke, XOTsi OHU He aHHOTHUPOBAHBI JIFOIBMU STBHO, &
HOJIyYeHbl aBTOMATHYECKO Mporeaypoii (cM. pasmen 2).

(472) He mcmosb3yeTcst cUCTeMaTUIEeCKUM TOA00P TUTIEPHAPAMETPOB /TS
KOPPEJIATIMOHHON KJIACTEPUIAIIAN, UTO BEJIET K IBPUCTHICCKUM HEOITU-
MaJIbHBIM BBIGOpPAM U MOXKET 3aHMKATh KAUeCTBO CUJIbHBIX Mogeseil (cm.
paszgei 4.1).

2. Ouenka Word Sense Induction Ha DWUG

Mpg1 crpemumcs mocrpoutb WSI-0CHOBaHHYIO CUCTEMY, II09TOMY HAM
HyYKeH CIIoco0 HaJe:KHO OleHUBATh KadecTBo WSI B Hamel quaxpoHUIecKOn
moctanoBke. OjiHa U3 KIt0UeBbIX 1podsieM uciojib3oBanuss DWUG mis WSI—
HaJIEeXKHOCTh 30J10TOI Kjacrepusaruu. BeiBenennbie 3aaderns B DWUG e
AHHOTUPYIOTCS BPYYHYIO, & CO3JAIOTCS € TOMOIIBIO MOJIYaBTOMATHIECKO
[IPOTIEY PhI.

B nmexkoropeix DWUG HameXHOCTD TOIMOTHUTEIBHO CHUXKAETCS Pas3-
PEXKEHHOCTHIO aHHOTAINY pedep: AaHHOTUPOBAHA, JIUIh MaJjias JIOJsl mmap
ynorpebuennii (manpumep, ~210% Bcex Bozmoxubx pebep B DWUG-en). Xora
KOPPEJANMOHHASA KJIACTEPU3ALMS CIIOCOOHa paboTaTh ¢ OTCYTCTBY IOIUMUI
pebpamu, Takasi KJIacTepU3alus 10 CBOEH MPUpOe MeHee HaJlesKHa, IeM
KJIACTEPU3AIHs Ha TIOJTHOCTHIO AHHOTUPOBAHHOM Tpade.

Yrobbl permuThb IpobaeMy HaJIeKHOCTH CepeOPSIHBIX BHIBEICHHBIX 3HAYCHHUIA,
MBI TIpefiaraeM asibrepHaTuBHyto oreHKy WSI qiis DWUG. B mononunenune
K CPaBHEHUIO IPEJICKA3AHHBIX KJIACTEPOB C CEPEOPIHBIMU BbHIBEIEHHBIMU
snadenusmu ¢ nomorbio Adjusted Rand Index (ARI), mbr BBogum AnnotRI
(Annotation Rand Index, no ananorun ¢ Rand Index; [31]). B omune or ARI,
KOTOpBI# cpaBHUBaeT moJHbe Kiaactepusarmn, AnnotRI onernnBaer kagecTBo
HEIIOCPEICTBEHHO Ha BPYYHYIO aHHOTHPOBAHHBIX Hapax ynorpebiaenuii. Ona
U3MEPSET JI0JIIO0 Nap YIOTPeOJIeHNH, B KOTOPBIX KJIACTEPU3AIMOHHOE PEIIeHIe
cucreMbl (OJMH KJIACTEP WM PA3HbIE KJIACTEPDI JJIs JAHHOM Naphbl) COBIAIAET
¢ OMHAPM30BaHHON KcHepTHON annoTanueir. Mubmvu croBamu, AnnotRI—sTo
6unapHast accuracy WSI-cucreMbl Ha MHOYKECTBE BPYUIHYIO AHHOTHPOBAHHBIX
nap ynorpebsenuit. Tem cambiMm AnnotRI 06xonuT BbIBeieHHBIE 3HAYEHUST U
OIIMPAEeTCd HAIPAMYIO Ha Py4HBbIE CyKJeHusl. MeHsis mopor OnHapu3anum
9KCIIEPTHBIX OIEHOK HA YeThIPEeXOAJIHHON MIKaje (OMOHUMUSI, TIOJUCEMHUS,
KOHTEKCTHAsI BADUATUBHOCTD U TOXKIeCTBO), AnnotRI moxker onenusarh
Ka4eCTBO KJIACTEPU3AIUY [IPU PA3HBIX T'PAHYJISAPHOCTIX 3HAYEHUN HA OJTHIX
U TeX YK€ 30JI0ThIX JAHHBIX; Mbl mpuBoauM AnnotRIQ1.5, AnnotRIQ2.5 u
AnnotRIQ@3.5. 9710 m0I€3HO, MTOCKOIBKY IPAHUIIBI MEXKJLY 3HAUCHUSIME CJIOBA
YACTO HEYEeTKO Olpe/ieeHs [13].
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3. WSl-ocHoBaHHas LSCD-cucrema

Mu1 npepgaraem mosHoCThIO aBromarndeckyio LSCD-cucremy, cie-
ayronryio DWUG-nozaxony; nasee oboznadaem ee CC+JSD (Correlation
Clustering+Jensen-Shannon Distance). Cuavasa cnermasnsuposansas WiC-
MOJIEJTb TIPEJICKA3BIBAET MOMAPHYI0 CEMAHTHIECKYIO OJU30CTD JJIs 6Cex Tap
YIOTPeOJIeHNiT 1IeJIEBOTO CJIOBa B 000MX BPEMEHHBIX Mepuojax. BaxkHo, 4To
Haria cucreMa paboraer ¢ aoboit WiC-mo/1e1bio, HO TpedyeT HEKOTOPOTo
mojbopa crernuuIHbIX JJIs MOJIE/IA ITapaMeTPOB Ha, Tale KIacTepU3aIiunn
(em. pasmen 4.1). B Hammeil orieHKe Mbl BKIIIOYAEM CIEIUAN3NPOBAHHbIE
WiC-monemu: GlossReader [8], XL-Lexeme [6] m DeepMistake [32]*. Tlomyuuns
WiC-npejickazanust Jijis ap ynoTpebIeHnil, Mbl UCIIOIb3YeM UX KaK Beca
pebep myia noctpoennss DWUG.

Ha Bropom mrare mbr kiiacrepuzyeM DWUG ¢ moMOIIb0 KOppeJIsiiiuOHHON
kiacrepusaruu [15], nanee kparko CC. @opmanbuo CC umer pasbuenue C'
MHOXKeCTBa yrnorpebsennii U, MUHIMU3UPYIOINIEE CyMMapHOe HECOTJIache:

(1) Lo = > o+ > Inls

(ug,uz):ri; >0, (ug,ujz):ri; <6,
c(uq)Fe(u;) c(ui)=c(u;)
rie
r;j — OIlEHKa CXOJICTBA, NpefcKazannag WiC-momesso,

c(u) — HasHaveHWe yIOTPEOJIEHNsI KIACTepy, a

#  — mOpOroBBIi mapamerTp.

ITepBoe caraemoe mTpadyeT MOMeIleHNe MOXOKIX ynoTpeberuit (¢ r;; > 0) B
pasHble KJIACTephl, a BTopoe mTpadyer MOMeNeHne HEIIOX0XKUX YIIoTpedIeHnit
B OJIMH KJIACTEP.

Mpr BBIOpaM IMEHHO KOPPEJISIITUOHHYIO KJIACTEPU3AIUIO, & HE JIPyTrue
AJI'OPUTMBbI KJIACTEPU3ALUK, YTOObI KaK MOXKHO Ojimke Bocupoussecru DWUG-
[pOILEyPy aHHOTHpOBaHwUsl. Vcxomuble npuyuHbl, onucannbie B [16], B
OCHOBHOM IIEDEHOCATCSI U HA HAIIY IIOJTHOCTHIO aBTOMATHIECKYO IIOCTAHOBKY:

(¢) CC caMOCTOSATEIHHO HAXOIUT ONTHMAJIHLHOE YHCJIO KJIACTEPOB.

(i¢) Omna Gostee ycTOWINBA K OIMIMOKAM, IIOCKOJIBKY HCIOJL3YET IVIO0AIBHYIO
nadopMaImio o rpade: HeBEpHOe CYXKICHNE MOXKET ObITh IEePEBENIeHO
KOPPEKTHBIMH.

4V GlossReader u DeepMistake ecTb HECKOIBKO IIyBJIMUHO AOCTYIHBIX YEKIIOAHTOB; MBI
BBIOMpAEM Te, KOTOPbIe IIOKa3aJ/IH JIydlllee KadyecTBO Ha paHee npoBeneHHbIX shared tasks. Cm.
npusoxKenue 9.
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(472) OHa HAIIPAMYIO ONITUMU3NPYET WHTYUTUBHBII KPUTEPUl — CyMMY KJIACTep-
HBIX HECOTJIACHIi, TO eCTh CyMMY OTPHUIIATEJIbHBIX BECOB pebep BHYTPHU
KJIACTEPOB U IIOJIOXKUTEIHLHBIX BECOB Pedep MeXK/1y KJIaCTePaMHU.

Ocoboe BHUMaHME MBI yjieJisieM HaCTpPOiKe nopozosozo mnapamerpa B CC
(cM. paspmen 4.1). Tlopor onpesensier, Kakue Beca pebep CIMTAIOTCS OJIOXKHA-
TeJIbHBIMU, a8 KaKue OTpuiiaTeibHbIMU B IesieBoit pyukimn CC, u Kpuruieckn
BazKeH JIJIsI Ka9eCcTBa KJIacTepoB. Kro HacTpoiika yIpaBJisieT TPaHyIIPHOCTHIO
kJacTepos (6osee yKpyInHeHHbIe niau 6oJiee JietasbHble). IIpu sToM Hama
noBas merpuka AnnotRI (cMm. paznen 2) mos3BojisieT TOHKO HACTPAMBATH
I'PaHYJISIPHOCTD MPEJICKA3aHHBIX KJIACTEPOB B COOTBETCTBUU C YETHIPbMS
YPOBHSIMU CEMaHTHUIECKON OJIN30CTH.

Haxowner, mociie kiiacrepusanuu yrnorpebsenuit Ham meron CC+JSD
cobupaer JiBa pacipejie/ieHis YacTOT YIOTPeOJIeHHil 110 KJiacTepaM Jijist IBYX
BPEMEHHBIX IIepuonoB. Mbl BeruncasieM paccrosiaue xencena—Illennona
MEXKJy ITUMU JBYMsI PACIIPeIEIEHUSIMI KaK UTOOBYIO OLEHKY CEMAHTHIECKOIO
M3MEHeHUsI Il JaHHOTO IiejieBoro cjaosa. Ilockosbky LSCD-6enumapku
TpeOyIOT PAHKHUPOBATH CIIUCOK IEJIEBBIX CJIOB, Mbl HA3HAYAEM KaXKJIOMY CJIOBY
OIIEHKY CeMaHTHYEeCKOI0 M3MEHEHUsI U COPTUPYEM CIIMCOK 110 9TOI OIEHKE.

Panee Periti and Tahmasebi [2] coobmanm 06 oneHKe TOX0XKel CuCTeMBbI
B [TOCTAHOBKE BBIYUCJIATEHLHOTO aHHOTHpOBaHUsL. OJIHAKO B UX MOCTAHOBKE
WiC-moesth mepeaHHOTHPYET TOJIBKO BPYUHYIO pa3MedeHHbe pebpa, 0TCIoIa
HazBaHme «computational annotations. IuabiMu cjioBaMu, OHa MPOITYCKaeT
pebpa, orcyrcrBoBasiiue B ucxoiaHoir DWUG-anHOoTauu, 9410 (DakTUIECKH
npuBoauT K yreuke ctpyKrypsl DWUG Ha stare npegckazanust. Mbl, HAIPOTHUB,
ncnosibzyeM WiC-mpejicka3anust Jijisi BCeX BO3MOYXKHBIX Pebep U TeM CaMbIM
paccMaTpuBaeM 60J1ee PEATUCTUIHYIO TTOCTAHOBKY JIJIsI aBTOMATUIECKIX
LSCD-cucrem.

4. Pe3ynbtaTbl OUEHKN
4.1. Word Sense Induction

Cuagasta mbl u3ydaem, kak CC-mopor BimsieT Ha pe3ysibrarsl WSI Ha
DWUG-6erumapkax. Mbl ucniosibdyem crenuaiunsupoBantabie WiC-Mozesn Kak
ocuoBy: XL-Lexeme [6], GlossReader [8] u DeepMistake [7]. Jnst xaxgoit
MO MBI COOMpaeM pacupeeeHue oeHoK cxoacTsa no scem DWUG?® u

5 [lmanasons! oneHoK 3asucaTt or WiC-monesn. ITosTOoMy U1s1 TAHHOM MOIEJIN MBI
ucnosibdyeM ukcupoBanuyto cerky 1o scem DWUG, 4Tobbr 06001aThCs Ha HOBble HaOOPbI
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HCIIOJIb3YEM JIECATh KBAHTHUJIEN 3TOTO PaCIpejie/IeHns KaK KAHTUIATHI JIJIst
CC-nopora. Mpr ipuogum ARI (orHOCHTENBHO CEPEOPIHBIX BHIBEIEHHBIX
sHadennii), a rakzke AnnotRIQ1.5, AnnotRIQ2.5 u AnnotRI@3.5. Pesysbrarst
[IPEJICTABJIEHBI HA PUCYHKE 3.
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PucyHok 3. Pesynbrarer WSI 151 KOppessimoHHOR KiacTepu-

3alluy B 3aBUCUMOCTHU OT IIOpOra; cepasd BEpTUKaJIbHAasA JIMHUA

0603HAYAET CpejlHee 3HAYeHUe OIEHOK CXOJCTBA 10 BCeM GeHuMap-

KaM I Kaxkoi mogenn, 1o CC-mopor, ncnonp30Banubii B [2]

JaHHBIX U A3BIKH.
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Mpe1 HabTIOIa€M yCTOMYNBBIE TEHIEHITUN 110 OeHIMapKaM I KazK10H
mogesn. O6sraro onruMasibhbiil CC-mmopor pacrer Bmecte ¢ moporom AnnotRlI:
kBauTmwm cxoucrsa 0.1-0.2 maror mamaydmmit AnnotRIQ1.5, kpanruim
0.2-0.3 onTumasububl A1 AnnotRIQ2.5, a kpanTuau 0.4-0.5 onTuMa bHBL st
AnnotRI@3.5. B wactHOCTH, yCTaHOBKA IIOPOra HA CPEJHEM PACCTOSHUM (KaK
B [2]) maer oTHOCHUTENHHO MEJIKO3EPHUCTBIE KJIACTEPDI, KOTOPbIE JIYUIlle BCEro
coorBercTByIOT AnnotRI@3.5. CieoBaresbHo, 3TOT HOPOT HE ONTUMAJIEH JIJIs
ARI. Kax u oxujanocs, ARI smyumie cormacyercs ¢ AnnotRIQ2.5, mockonbKy
mopor 2.5 UCIOJIb30BAJICsS IPU CO3/IAHUN CEPEOPSHBIX BHIBEJICHHBIX 3HAYECHUI,
pacCMaTpUBAEMbIX Kak 30J10Thble MeTKU 1pu pacdere ARI.

Hns mameit end-to-end-omenku LSCD mbr 3amaem mopor Ha OCHOBE
AnnotRI@2.5. Bostee koukpeTHo, aT066! BIOpaTh CC-iopor 6e3 yreukn
JIAHHBIX, MbI BBIIIOJIHsIEM 10-KpPaTHYIO0 KPOCC-BaJIUIAIMIO 110 DEHIMAPKAM
(DWUG-en, DWUG-es u T. 11.): i KazKJIOTO YAEPKAHHOIO GeHIMapKa
BBIOMpaeM Topor, Makcumusupyiomuii cpeaanii AnnotRIQ2.5 na ocraBmuxcs
nesaTu®. Mpl Tak»Ke mposepsieM Ty e noctanosKy ¢ ARI smecTo AnnotRIQ2.5
s DeepMistake (em. npusioxenue 10) u oOHApY2KUBaeM, 9TO OINTUMU3AIAS
AnnotRIQ@2.5 mostezna g uroropoit LSCD-meTpuku Ha mectn u3 ceMu
JSD-ocHOBaHHBIX OEHUMapPKOB, YTO IMOATBEp:KIaeT rnojesnoctb AnnotRI.

4.2. End-to-end-ouenka LSCD

Tloapo6bro uzyuns WSI-tiommar, Mbl BO3BpaIaeMcsi K OIIEHKE BbISBJIE-
HUS JIEKCUKO-CEMAHTUIECKUX M3MeHenuii qyra Harreil cucrembl CC-+JSD
(Correlation Clustering+Jensen-Shannon Distance). WiC-moaens sBiistercs
napamerpoM 91oit cucreMmbl. CC+JSD cnagana cobupaer WiC-mpegckasanust
JJIst BCeX Iap ynorpebsenunii, 4robbl aBromarndecku rnocrpourb DWUG,
3aTeM 3aIlyCKAET KOPPEJISIIHOHHYIO0 KJIACTEPU3AIUIO [IJIsi BHIBOJIA 3HAUEHHUIT 1,
HaKOHEIl, BBIYUC/IsIeT KjaacTrepHoe paccrostaue J[xxencena—IIleHHOHA MexK Ly
JIByMsI BPEMEHHDBIMU [IEPUOJAMU, TOJIyUas €JIMHYIO OIEHKY CEMAHTUIECKOrO
u3MeHenus Jist 1esesoro cyosa. s seibpannoii WiC-mozenn (XL-Lexeme,
DeepMistake nim GlossReader) mbl ncnons3yem kpoce-saimarmio CC-mopora
¢ AnnotRIQ2.5 B kauecTBe 11eJ1€BOII METPUKH, KaK OIMKUCAHO B paszese 4.1.

Mper oneruBaeM LSCD-cucrembr Ha DWUG-6eHuMapkax craHIapTHON
LSCD-merpukoii: panroBoit koppessiueir CimpMeHa MexKIy TpeICKa3aHHbIMI
U cepeOPSIHBIMUA OLIEHKAMI CEMAHTUYECKOrO M3MEHEHUs /ISl 3aJaHHOIO CIIICKA
1eJIeBbIX ¢JI0B. Mbl TakyKe BKJOUaeM Jiydiire WSI-oCHOBaHHBIE CHCTEMBI U3

%910 maer HECMEIIEHHYIO OIIEHKY J1JIsl HOBOT'O A3blKa/Habopa JaHHBIX 34 [peleIaMu
TECTOBBIX OEHYMAPKOB.
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[2]: XL-Lexeme Affinity Propagation (AP+JSD) n What-is-Done-is-Done
(WiDiD). Kpowme Toro, mbi ipuBogum pesyibrarsl APD ¢ ocnoBamu XL-Lexeme,
DeepMistake u GlossReader B nByx Bapuantax: APD,;;, KoToperit cienyer [2]
u Berauciasier APD no Bcem mapam ynorpebsenuit niesesoro ciosa, 1 APDy,,,
KoTopbiit caenyer [32] u Borauciager APD ToIbKO BHYyTpH IPYNIIBI «COmMpare»
(cm. pasgen 1.1).

Pesysibrarsr onenkn npejcrasiensl B tadbsuie 1. Uacrpyment CC+JSD

TapuuA 1. Pesymprarer LSCD-omenkn za DWUG. Merpuka—
panroBasi Koppesisinusi Crimpmena. [[jisi pyccKoro si3blka B KauecTBe
30J10TbIX MeToK ucnosibdyercs COMPARE, juia ocranmbHbIX
DWUG - JSD. 3sesnouka (*) 0603Ha9aET BOCIPOU3BEICHHBIE
pesysbrarsl u3 [2]. Jlyumme pesynbrars! miust WSI-ocHOBaHHBIX
cucrem n APD-cucrem BbIIeIeHBl YKUPHBIM, JIyqIINi PE3yIbTAT B
[[EJIOM — IOYEPKUBAHNEM.

WiC-monens LSCD en de es noj2 nozz3 sv zh AVG

‘WSI-ocHOBaHHBbIE METOAbI
XL-Lexeme AP-+JSD* .49 .50 .12 30 .38 .12 .31 .32
XL-Lexeme WiDiD* 65 .68 .52 .56 .46 .47 .56 .56
XL-Lexeme CC+JSD |.72 .84 .65 55 .59 .85 .77 71
DeepMistake CC+JSD |.81 .91 .67 .85 .61 .90 .76 .79
GlossReader CC+JSD |.891 .76 .65 .64 .70 .83 .68 .74

APD

XL-Lexeme APD?, .886 .84 .66 .66 .64 .81 .73 .75
XL-Lexeme APD¢mp |87 .84 .56 .65 .66 .82 .73 .73
DeepMistake  APDcemp |87 .87 .72 .83 .63 .77 .67 i
GlossReader APDemp |87 .78 .70 62 .65 .79 .70 73

WiC-monennr LSCD ruje rujz ruzs AVG

‘W SI-ocHOBaHHBIE METOAbI
XL-Lexeme AP+JSD*| .11 .13 .05 .10
XL-Lexeme WiDiD* 18 .36 .35 .30
XL-Lexeme CC+JSD 62 .76 .66 .68
DeepMistake ~ CC+JSD .70 .75 .81 .75
GlossReader CC+JSD .66 .76 .74 .72

APD
XL-Lexeme APD>, .80 .86 .82 .826
XL-Lexeme APDemp 79 .85 .81 .82
DeepMistake  APDemp .83 .84 .83 .833

GlossReader APDemp 78 .81 .78 .79
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BBIBOJUT Ha HOBBIM ypoBeHb Ha Bcex JSD-ocHOBaHHBIX GeHUMapKax, KpoOMe
DWUG-es’, npesocxoss Kak npezkane WSI-ocHoBaHHbBIe TOAXOIbI, TaK U
APD. Msr Takzke BUIuUM, 9TO Ha HEKOTOPBIX JSD-0CHOBaHHBIX HEHIMAPKAX
(DWUG-en, DWUG-de, DWIG-sv) panrosas koppeJsiusa Crupmena ¢
30JI0TBIMU OIEHKAMU CEMaHTUIEeCKUX n3MeHeHuit jjocturaer .891, To ecTh
pubINKAETCS K ONTHMAJBHOMY KadeCTBY.

B mesom Mbr BugumM, 9TO METOBI, H0Jiee OJIU3KO CJIEIYIOIINE IIPOIECCY
CO3JIaHUsI 30JI0ThIX JTaHHBIX, TOCTUraloT OoJsiee Bhicokoro Kadecrsa: CC+JSD
qacTto npesocxoautr APD ma JSD-ocHOBaHHBIX GeHUMApPKaX, TOIA KAK JIJIs
COMPARE-ocuoBanroro DWUG-ru HabroaeTcss obparHasi KapTuHa. Tem
CaMBIM MBI pa3pernaeM MMPOTHBOpeYdne, OTMEYEeHHOE B IPEJIbIIYIINX paboTax:
WSI-ocuoBanubie cucrembl paboranu xyxe APD, xorsa 6mxke ciaegoBasin
mporeaype anHoruposanus mis JSD-ocnoBanubix DWUG-6eramapkos. Mbr B
OCHOBHOM CBsI3bIBaeM OoJiee citaboe KadaecTBO mpekHux WSI-ocHOBaHHBIX
TIOJIXO/IOB C HECOOTBETCTBUEM MEXKJIy IPEeCKA3aHHBIMU KJIacTepaMu U cepedpsi-
HBIMU BBIBEJIEHHBIMU 3HAYEHUSIMU Ha, Talle KJIaCTePU3alU; STy MPobIeMy MbI
paccmaTpuBasu B paszeie 4.1.

5. NuTepnpeTtupyemoctb n aHanus owmodok

Kak ynomunasiocsk Bbime, WSI-ocHOBaHHBIE METOJIBI TO3BOJISIFOT OT-
CJIEXKUBATh, KaK KOHKPETHbIE 3HAYEHUS CJIOBA MEHSIFOTCSI CO BpPEMEHEM.
MBI 1eMOHCTPUPYEM 3TY WHTEPIIPETUPYEMOCTD, aHAJIU3UPYS PE3YIbTATHI

GlossReader CC+JSD na DWUG-en.

Mpb1 HazHAUaEM OLMCAHUS 3HAUYEHUN (METKH KJIACTEPOB), IPOCMATPUBASI
BBIOOPKY IPUMEPHO U3 JII02KUHBI YIOTPEOJIEHIIT 13 KAa2XKI0T0 BBIBEIEHHOTO
3HaYeHNsA W BbIOWpas Hanbosee moaxoasimee omucanne u3 Oxford Dictionary
JUs aHHoro cioka.® Tlepsoe, 4To MbI HABJIIOaeM, — HOJIBITIOE KOJHUIECTBO
ynorpebJjieHnii ¢ HeBepHOil Kjiactepusanueil. [loutn B KaxK10M Kjiacrepe Mbl
HA3HAYaeM MEeTKy Hambosiee 9acToro 3HaueHusl (OIpPeeIeHHOTO BPYIHYO)
BHYTPHU KJIacTepa, UTHOPUPYS OMIMOOYHBIE YIIOTPeOseHns. Takoe KOJIM4ecTBO
omubOK yJIUBUTEJBHO C yaeToM BbIcoKo urorooit LSCD-merpuku 0.891 B
aHAJIM3UPyeMoil mocTaHOBKe. 1109TOMY MBI CYHTaeM, 9TO HA YPOBHE OTIEJbHBIX
yIoTpeOJIeHUI OCTAeTCs 3HAYUTEIbHBIN ITPOCTOP IS YIIydIIeHnsT KAIeCTBA.

"DWUG-es nexan B ocuose shared task SemEval 2021, rue no6emun DeepMistake
DM-MCL—es+APD. MsI cBsizbiBaeM cusibHble pe3yiibrarbl APD na DWUG-es ¢ TiarensHoi
task-specific-nacrpoiikoit DeepMistake-maiiiaiina.

8 s KpynHOMACIHITAOHON pasMeTKU OIMCAHUN 3HAYEHUN MOXKHO HCIOJIb30BaThb
aBTOMATHYECKHE METOAbI; HapumMep, [30,33).
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B rabuuie 2 nmokazaHo, KaK paclpejesieHne yIoTpedjeHnil Mo npecKa3aH-
HBIM KJIACTePaM MEHSIeTCS MEXKJIy JIBYMsI BpDEMEHHBIMH IIEPUOJaMU JIJIS TPEX
CJIOB ¢ HAWOOJIbIIEl IPeCKA3aHHON CTEIEHbI0 CEMAHTUIECKOTO H3MEHEHHS.

TabuuA 2. Tpu coBa ¢ HAMOOIBITIEH OMEHKON CEMAHTUIECKOTO
u3menenust u3 DWUG-en nio npeckasanusm GlossReader CC+JSD.
Kitacrepsl ¢ IsThIO WJIM MEHBIIAM YUCJIOM [PUMEPOB B JIIOOOM U3
BPEMEHHBIX ITEPUOJIOB ObLIM OT(UILTPOBAHbBI. [lJIsi KaXK10ro cjaosa
Bcero umeercs 1o 100 ymorpebiennit B Kaxka0M nepuose. Ilepuon
XIX Beka Bkjro4aeT yrnorpebsenus 3a 1810-1860 rospl, a mepuos
XX Beka—3a 1960-2010 rozpi.

Bpewmennoit mepuosn

CanoBo Omnucanmue 3HaAYEHUS XIX XX A
plane TeoMeTpUYeCcKoe 71 23 -48
JIeTaTeJILHBIHM alnapaT 20 63 +43
graft TOJINTUYECKAsT B3ATKA 15 67 +52
CeJIbCKOXO3AHCTBEeHHBII ITpHeM 41 T -34
MEeIUIMHCKASA TPAHCIIJIAHTAIIAS 34 12 -22
prop onopa (abcTpakTHAs) 24 21 -3
onopa (dbusndeckast) 29 10 -19
TeaTpaJIbHbIN /KHHOIIHBIA PEKBU3UT 12 20 +8

Hecmotpst Ha omubku Ha yposHe ynoTpeOseHnil, cucreMa Bce XKe CHocoOHa
BBISIBJIATh CEMAHTHUYECKNE M3MEHEHUsI Ha ypoBHe 3Hadenwii. Hampumep,
cucremMa (pUKCUPYeT ceMaHTHIecKoe U3MeHeHue Jist cioa plane®, cTosmero
Ha IePBOM MeCTe B PaHKUPOBAHUU: OT IPENMYIIECTBEHHO T'€OMETPUIECKOTO
TEPMHHA OHO IIEPEXOUT K YHOTPEOIEHNIO [T 0003HAYEHNS THIIA JIETATEIBHOIO
anmapara.

Opmako TOT Ke IpuUMep TOKa3biBaeT u orpanndenune: 20 ymorpebseHuil u3
1810-1860 romos 6bLTH OMMHIO0YHO™® OTHECEHBI K GOJILIIOMY KJIACTEPY <«JIeTa-
TEJIHHBIN armapaTy, X0Ts TaKOoil KOHIIENT B TOT IIEPHUO/] €Ie He CYIIeCTBOBAJI. B
pe3yJIbrare CHCTEeME MOYKET OBITh TPY/HO OOHADYKUBATH UCTHHHOE TOSIBJICHIE
WJIN WCYE3HOBEHNE 3HAYEHUS; WHOTJA OHA MHTEPIPETUPYET €ro KakK CIBUT
YACTOTHI BHYTPHU y2Ke CYIIECTBYIONIETO 3HAYCHUSI.

9KOTOpOe TaK»Ke SABJISIETCS CJIOBOM C HAMOOJIBIIUM U3MEHEHUEM COIJIACHO 30JIOTHIM
MEeTKaM

10 \pr BPYUHYIO MPOCMOTPENH UX BCE
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Eme oaa mpobsiema— n3obusne oueHb MaJIEHbKUX KJIACTEPOB B TIPEJI-
CKa3aHMAX, 9aCcTO COCTOSIIUX BCero m3 oamoro ymorpebienns''. Ilocie
PYYHOIT TPOBEPKHU MBI 3aKJII0YAEM, UYTO ITO MPEUMYIIECTBEHHO apTedaKThI
KJIacTepU3alluu, a He HACTOSIUe peKue 3HAYEHUSI.

Wrax, xoTs cucrema nemoncrpupyet xoporee kadectso LSCD u yasiuBaer
001IIee CeMaHTUYIECKOe U3MEHEHNE, OCTAETCHA IIPOCTPAHCTBO [JIs YLy IIIEeHUs Ha
YPOBHE 3HAUYEHUIT U TeM DoJiee Ha YPOBHE OTIEIbHBIX YIIOTPEOJIEHUI.

Mpr Takzke aHaau3UpyeM KJIACTEPBI C Pa3HOM rpaHyIspHOCTHIO. Mbl
bGepeM TPU CJIOBa, JIjisi KOTOPBIX IpejicKasanabie JSD-oeHkuy ripu 6oJiee
muskoM CC-mopore (onrnmusuposanioM it AnnotRIQ1.5) u Gostee BBICOKOM
CC-nopore (onrumuzuposantom i AnnotRIQ3.5) pasimvarorcs cusbhee
Bcero. CBojKa IpuBeJeHa B Tadbauie 3.

TapyimuA 3. Tpu ciaoBa ¢ HanboJIbINENH PA3HUIIEH B IPEICKA3AH-
HOM OITeHKE CEMaHTHIeCKOTro u3MeneHusi Mmexkay CC-moporammu,
onTuMu3UpPoBaHHbIME Jyig AnnotRIQ1.5 1 AnnotRIQ3.5. T
Kaxk70i teMMbl Bcero nmeercst 200 ymorpebsenuit. Kimacrepsr ¢ 10
MJIM MEHBIITUM YUCJIOM YIIOTPEOIEHUN MCKIIOUEHBI.

CC-nopor onTuUMMU3UPOBAaH 1JIsA

JIemma AnnotRI@1.5 AnnotRI@3.5
prop dbusmueckoe 127 | dusudaeckoe 45
CTPOUTETHCTBO 31
TeaTp/KUHO 31
abcrpakTHOEe 65 | abcTpakTHOE 45
stab BCE 187 | akT ymapa HOXKOM 124
TIOIBITKA 24
TOIIBITKA 10
6071b 13
multitude | Bce 200 | GosbImas rpymma 101
pasHoobpazue 98

Hawubosbmas pa3auia HabIIOIaeTCs s CI0OBa prop: bojiee HU3KUN TOPOT
camxkaer JSD ¢ 0.72 mo 0.12. Pakrtudecku Bce «dDU3NIECKUE» 3HATCHUS
CJIOBa CJMBAIOTCS B OJIMH KJIACTEP [IPH UCIOJIB30BAaHUK OOJiee HU3KOI'O IIOPOra.
MpbI Tak»kKe BUIAUM, YTO JiJjIsl ABYX U3 Tpex cjioB 6osiee Huskuit CC-mopor
JIaeT KJIaCTep «BCEe», BKIIIOYAIONIUIT [TOYTH BCE YHOTPEOJIEHNUS; 9TO, BEPOSITHO,
YMECTHO it cjioB stab m multitude.

M Toxoxas npobiaema Taxyke orMedasnach asropamu DWUG npu uCHOIb30BaHHN
KOPPEJISIIIMOHHOM Kitacrepusanun [16].
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ITpu anasmze npejckazanuii ¢ 6osee BoicokuM CC-110pOroM MblI 9aCTO
He MOIVIN Pa3/InuuTh 3HAUEHUS; JIJIsI CJI0Ba stab /Ba KyracTepa <«IIOIBITKA
COZIEPKAIN YIIOTPEOIEHNUS ¢ OU€Hb TOXOXKUM 3HaYeHHeM. B memoM, xoTs
CC-nopor, ontumusupoBanHbiil jjist AnnotRIQ3.5, jiy4re coriacyercst ¢
Oxford Dictionary, oH Tak»Ke 9acTO BBOIUT MHOYKECTBO MAJIBIX KJIACTEPOB,
HeOTIIMIUMBIX (110 KpaiiHeil Mepe sl HAC) OT APYIUX KJIACTEPOB. Mbl
npejmosiaraeM, 9To Beibop CC-mopora OTJesbHO JJIsT KarKJIOTO CJI0Ba MOYKET
PeIuTh 3Ty MPOoBJIEMY; 9TO OCTAeTCsl HAIpaBIeHneM OyIyIneil paboThl.

6. 3akntoudeHne

Mper npeimoKun MpakTUIEeCKyI0, MOJTHOCTBIO aBToMaTudecKyo WSI-
ocHoBauuyio LSCD-cucremy, koropas ciexyer DWUG-mapaurye aHHOTHPOBa-
Hust OT Havasia 10 KoHna: WiC-cxomersa s Beex map ynorpebsennii, CC ¢
HacTpoeHHBIM roporoM u JSD 1o mpencka3anabiM 3HaYEHUsIM. MBI Takke
BBesin AnnotRI, koropas onenuBaer WSI HApSMYI0 OTHOCHTEIHHO PYJHDBIX
MTOIIAPHBIX AHHOTAIUN ¥ €CTECTBEHHO IO/JIEPKUBAET PA3HbIe I'PAHYJISIPHOCTH
gHadenunii. Yupasisemas AnnotRI rmarensuas nacrpoiika CC-iopora gaer
cutbHBIE, YacTo state-of-the-art-pesynsrarer LSCD na JSD-ocnoBannabIx
OeHUMApPKaX, COXPaHssi HHTEPIPETUPYEMOCTb MOJIe e, OCHOBAHHBIX Ha 3HAUe-
Husix. Ham anajims mokasbiBaeT, 9To, HECMOTPsI Ha ONIMOKY JIJIsi OT/IEIbHBIX
cioBoynorpebsennit, WSI faeT mpakTUIecKu MOJIe3HbIE BBIBOJIBI, TO3BOJISS
OTCJIEXKMBATH, KAKWE 3HAYEHUS OIPEJIEIISIIOT CEMAHTHIECKOe U3MEHEHE.

7. OrpaHunuenus

o Hamu WiC-ocuoBb! nckiouaior 6osbimne LLM u3-3a croumocru u
3aJIEPIKKU; PE3YJIbTATHI MOI'YT YLy UIINThCs IIPU UCIIOJIB30BaHUU 0OJiee
CHJIBHBIX, HO TIpU 3TOM 3D PEKTUBHBIX MOJIEEIR.

CC coBMECTHO KJIACTEPU3YET yHOTPEOIEHNsI U3 000MX IEPUOIOB, UTO
MOKEeT OTPAHUYUBATH BbIIBJIEHUE NEHICTBUTEIFHO HOBBIX WX UCYE3AIOITNAX
3HAYEHUI.

« DWUG B HEKOTODPBIX SI3bIKAX Pa3pekKeHHO aHHOTHPOBaHbI; AnnotRI
UCIIOJIB3YET TOJBKO AHHOTHPOBAHHBIE TIAPDI U MOYKET OTPasKaTh CMEIICHUST
9KCIIEPTHOIO MOKPBITHS.

Berancierne WiC-cxofcTB Uit BceX Tap KBaJIPATHIHO IO IUCTY
yroTpebsiennii; macmrabupoBanue Ha 60jiee kpymabie DWUG Tpebyer
AIMTPOKCUMAITIH WU OTCEUCHUSI.

Kauecrso 3asucur ot onpe/iesenns 3010Tbx MeToK (JSD nin COMPARE);
BBLIBOZBI JIJIST OJIHOTO CUTHAJIA CYIEPBU3UH MOTYT He IEPEHOCHTHLCH Ha

JAPYIroi.
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8. Bepcuu benHumapkos

DWUG-en 2.0.1, DWUG-de 2.3.0, DWUG-es (LSCDiscovery) 3.0.0,
DWUG-no (NorDiaChange) 1.0.1, DWUG-ru (RuShiftEval 2021) 2.0.1,
DWUG-sv 2.0.1, DWUG-zh (ChiWUG) 1.0.0

9. Bepcuu mopeneii

XL-Lexeme*™ [6]. Mbl ucnosib3yeM KOCHHYCHOE PACCTOSHHUE MEXKIY HEHOP-
MAaJII30BAHHBIMU SMOEIIUHIAMNI, KAK PEKOMEH/IYETCs B HCXOJIHOM CTarbe.

GlossReader™, wacrb mobemusutero pemnennst [34] va [12]. Mbl ucnonssyem
L1-paccrostane mexry L1-HOpMaM30BaHHBIMU SMOETUHTAMUI, KAK
PEKOMEH/IyeTCS B UCXOIHOU CTaThE.

DeepMistake™, o6oznauenusniit kKak MCL+RSS+DWUG-es+XL-WSD B
[32].

10. Ucnonb3osanue AnnotRIl n ARI gns Bbibopa nopora

Tasauia 4. LSCD-oneHka ¢ UCIIOIb30BaHIEM PAHTOBOI KOppeJis-
nuu CroupMmeHa MeXKJLy [PeJICKa3aHHBIME U 30JI0THIMU OIEHKaMU
ceMaHTHUYeCKOro uaMmenenusi nius DeepMistake CC+JSD npu
ucnob3oBarnn AnnotRIQ@2.5 u ARI.

WiC-mogens WSI-meTpuka ‘ en de es nol2 no23 sv zh
DeepMistake AnnotRIQ2.5 81 .91 .67 .85 .61 .90 .76
DeepMistake ARI .85 .71 .57 .69 b9 87 .74

B rabsune 4 npusegens LSCD-pesynbraTs! mpu ucnopzoBannn AnnotRIQ2.5
u ARI Kak MeTpHUK, ONTUMU3UPYEMBIX B KPOCC-BAJUIAIMEA JJI BHIOOPA
CC-niopora.
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