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Abstract
Annotating the meanings of a word over time in order to document their emergence or disappearance presents
substantial implementation challenges. These difficulties arise for several reasons, notably the need for sufficient ex-
pressive power in the annotation paradigm to capture unconventional or rare meanings, as well as issues of scalability
related to the number of annotations required. The first challenge is particularly acute in the context of historical texts,
where modern annotators must interpret word meanings in sources that are temporally distant and often absent from
contemporary dictionaries and language use. The second challenge is inherent to the distribution of word meanings,
which tend to occur sparsely and intermittently over long time spans. In this paper, we examine several annotation
paradigms, discussing their respective advantages and limitations. We also present a pilot study on English and
Swedish. Our results indicate that a usage-sense inventory based annotation paradigm can be adopted in place of a
usage-pairs-based approach while maintaining expressivity power and reducing the complexity from quadratic to linear.
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1. Introduction

The creation of datasets capturing word meanings
by means of human annotation has long been, and
continues to be, fundamental to the development
of language technologies capable of understand-
ing human language and its dynamics. However,
a persistent challenge in annotation is that word
meanings are latent, fuzzy variables whose bound-
aries are difficult to define. There is rarely a clear
point at which one meaning ends and another be-
gins, neither within a single period nor across time
periods. Often, the set of meanings present in text
vary across sources; different genre will use words
in different ways (e.g., think of a worm in magazines
on gardens or computers).

As a result of the difficulty to capture meanings,
researchers commonly rely on an approximation
that equates meanings with senses by which we
refer to word meanings that have been defined by
expert linguists or lexicographers as discrete, tan-
gible entities, such as the sense definitions found
in dictionaries. In the annotation task, people then
get to label words in naturally occurring text with
one (or more) senses from the sense repository. A
task often called word sense disambiguation. As
with most standard annotation tasks, each instance
is annotated by several annotators and the majority
label is chosen.

But even using a sense repository as an approx-
imation, significant challenges remain. One such
challenge is that the sense inventories, although
created by experts, reflect the experts’ conceptu-
alizations of meaning. This means that the way in
which the semantic space is divided is not neces-
sarily deterministic, nor are the resulting senses
fully reflected in natural language. Indeed, even

88

among experts, such as lexicographers, there is
often disagreement about how meanings should be
delineated. This issue is commonly referred to as
the lumpers versus splitters problem where on the
one hand, lumpers tend to group similar meanings
together, and on the other, splitters aim to document
even the smallest variations. When a dictionary is
used as a reference for sense inventories, this di-
chotomy is reflected in the representation of word
meanings. And because dictionaries are typically
the product of the work of multiple teams, compiled
over long periods of time and subject to updates
and revisions, the final resource is often inherently
heterogeneous affecting the resulting annotations.

Also on the computational models, this has an
effect. Models trained and evaluated on such re-
sources tend to be effective at recognizing clear
semantic distinctions, such as homonymy or cases
of polysemy involving evident shifts in domain, for
example in metaphorical extensions of meaning.
However, when the same models are required to
recognize subtle differences in meaning, their per-
formance deteriorates significantly.’

An alternative way of annotating for word mean-
ing (both synchronically and diachronically), has
gained popularity in the past decade. Instead of
basing itself in the use of sense repositories from ex-
ternal sources, it makes no assumptions on which
meanings exist for a word in the corpus. The mod-
eling paradigm instead compares pairs of usages

'It should be noted that even humans tend to show
lower agreement in such cases, suggesting that the un-
derlying reason is likely that individual perception plays
a large role. Consequently, the internal models of mean-
ing that each individual holds become more influential in
these instances.
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of a word sampled from the corpus and allows the
user to make decisions on the similarity of a tar-
get word across two usages. Based on judgments
on a larger set of usage pairs, senses can be in-
duced. Such datasets exist for many languages un-
der the name Word-In-Context (WiC) which refers
to synchronic data with binary annotation (same
meaning/ different meaning), or (Diachronic) Word
Usage Graphs (DWUG). In the WiC case, the aim
is often to use the data for evaluation of large lan-
guage models and hence to have many words with
few usage pairs for each. In the DWUG case, how-
ever, the aim is to study words and their meanings
over time, and thus many more usage pairs are in-
cluded and consequently, many more annotations
are needed.

In fact, when we want to annotate word meanings
over time, as opposed to traditional word sense dis-
ambiguation that takes place synchronically, we
must take into account the volume of data needed
to answer the question: when did a meaning ap-
pear, change, or disappear? This necessitates
sampling from large scale historical archives, fre-
quently involving thousands of occurrences of a
word for each time period to reduce the number of
annotations needed, while maintaining the distri-
bution of the senses present in the text. Because
of the scalability issue, often a gross simplification
has been used: two far apart time periods are com-
pared to each other to determine change in the
senses found for a word. However, this view is very
limited and does not allow us to build realistic mod-
els that can trace the dynamics of individual senses
over time. But, when we take further time periods
into account, the scale of annotation explodes and
becomes infeasible.

In this paper, we address the challenge of anno-
tation scalability through a pilot study in which we
compare different annotation paradigms. Based on
our results, we argue that a more efficient approach
can be adopted while maintaining a level of quality
comparable to that of existing methods. These re-
sults will then feed into our large-scale annotations
of meaning change across multiple time periods.

2. Annotation Paradigms

In this section, we describe the different paradigms
for annotating word meanings and introduce the
terminology used throughout the paper. A usage of
a word refers to a specific instance of that word in-
context, thatis, a word instantiated within a naturally
occurring sentence. A sense is a discrete entity that
captures a particular interpretation of a word, and
a sense inventory is the set of all possible senses
associated with a word. In this article, references
to definitions generally denote those provided in
dictionaries. When we discuss scalability, these
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have to be multiplied by the number of desired
annotations per instance. Standard is to have three
annotators and take as the majority vote as the label
in the case of binary labels, and an average of the
(ordinal) values otherwise.

Example of Annotation We use an example to
illustrate, in numerical terms, how many annota-
tions are required. In our example, we consider a
specific word, with 3 senses, 20 usages per time pe-
riod (the minimum adopted so far in (Zamora-Reina
et al., 2022)), and 10 time points.

2.1. Usage-Usage (U-U)

This paradigm follows a two step procedure for an-
notating word meanings. Annotators are presented
with a single pair of word uses at the time, and are
asked to assess how similar these uses are, that
is, how similar the meaning of the word is across
the two contexts. As an example, we can use the
target word rock in the sentences / listened to rock.
and / threw a rock. where the similarity is low, while
| listened to rock. and | went to a rock concert. has
a high similarity. The resulting similarity judgments
across multiple pairs of usages for the same target
word are then aggregated and can be thought of
as a graph. In each graph representing a single tar-
get word, nodes are the usages of the target word
while edges between the nodes correspond to the
similarity judgments. The edges of the graph group
together usages that are most similar to one an-
other, where each group can be said to correspond
to a distinct meaning of the target word.

Similarity between pairs of uses can be assessed
either in a binary manner or on a continuous scale.
In the binary setting, corresponding to the Word in
Context task, annotators choose between two op-
tions: either the two uses express the same mean-
ing or they express different meanings. When sim-
ilarity is expressed on a graded scale, the task is
often referred to as a Graded Word in Context task.

An alternative to binary judgments is the se-
mantic relatedness scale introduced in the DUREL
framework, which consists of four values ranging
from 1 to 4. Here, 1 denotes Unrelated, 2 Distantly
Related, 3 Closely Related, and 4 Identical. This
scale is inspired by Blank’s notion of semantic prox-
imity and establishes a correspondence between
the four values and the categories of homonymy,
polysemy, context variance, and identity.

Scalability: This annotation paradigm scales
quadratically since each usage has to be com-
pared to each other usage. In diachronic annota-
tion, this becomes problematic. Consider our ex-
ample, one word with 20 usages for 10 time points,
we have a total of 200 usages. The total num-
ber of possible pairwise comparisons (annotations)



4: Identical Identity
3: Closely related  Context variance
2: Distantly related Polysemy
1:  Unrelated Homonymy
Table 1: The DURel relatedness scale

(Schlechtweg et al., 2018) and the respec-
tive Continuum of semantic proximity proposed by
Blank (1997).

would then be (U(U —1))/2 = 19,900. If each com-
parison is annotated by at least three annotators,
this amounts to 59,700 individual annotations. In
practice however, it is infeasible to annotate each
instance with every other (and has only been done
for ChiwUG where 40 Chinese words with 40 us-
ages each were annotated by two annotators, re-
sulting in about 60,000 annotations (Chen et al.,
2023a)). Instead, common practice is to sample
among the usage pairs while ensuring that suffi-
cient connectivity remains among the usages, see
e.g., (Schlechtweg et al., 2021a).

Previous annotations and experiences Most
notably, this style of annotation was used for the
SemEval-2020 Task 1 on Unsupervised Lexical
Semantic Change Detection (Schlechtweg et al.,
2020). The work was followed up by benchmarks
for multiple languages, including Russian (Kutuzov
and Pivovarova, 2021a,b), Spanish (Zamora-Reina
et al., 2022), Norwegian (Kutuzov et al., 2022),
and Chinese (Chen et al., 2023b, 2022), as well
as reannotations for Swedish, German and English
with smaller set of usages and higher density of
usage pair annotations (Schlechtweg et al., 2024).
For binary Usage-Usage annotations with a tem-
poral dimension, also TempoWiC (Loureiro et al.,
2022) is available, focusing on shorter time spans
within social media. In general, all WiC data where
the labels are assigned by human annotators (as
opposed to derived from external resources e.g.
WordNet) fall in this category, see e.g., (Cassotti
et al., 2023).

In terms of temporal bins, at least for the origi-
nal SemEval corpora, each subcorpus was around
40-50 years in size® and thus significant amount
of change occurred already in within a single time
period. With limited annotation budgets, there is a
natural trade-off between a high number of usages
(regardless of time period) versus a high density
of annotation between the usage pairs. If we can

2This choice was made for several reasons. Firstly,
corpora tend to grow in size over time. So to ensure
that a sufficient number of usages exist for most words
included in the benchmark, the initial time period needed
to be broad. Secondly, the choice to have large time bins
for each subcorpus was made to increase representation
of each sense.
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afford a limited set of annotations, the more us-
ages we have, the less dense becomes the graph.
For 200 usages, there are 19,900 pairs. A 5,000-
annotation budget will result in a density of 0.25.
While for a smaller set of 100 usages, 5,000 anno-
tations covers the whole graph. This trade-off is dis-
cussed by Schlechtweg et al. (2024) who showed
that it is preferable to have a higher degree of anno-
tated pairs rather than a larger number of usages,
as it leads to more robust sense clusters.

2.2. Usage-Sense (U-S)

In this paradigm, annotators are presented with a
word usage and the definition of one of its senses,
and they are asked to determine whether the sense
definition corresponds to the meaning expressed in
that particular usage. As before, this judgment can
be made either in a binary fashion or on a continu-
ous scale. In the binary setting, annotators decide
whether the use and the definition reflect the same
meaning or not. This task is commonly referred to
as Target Sense Verification (TSV). When a con-
tinuous scale is employed, annotators assess how
similar the meaning expressed by the word use is
to the meaning described by the proposed sense
definition, typically using the four value semantic
relatedness scale.

We included this annotation paradigm in our pilot
to allow for each sense to be considered indepen-
dently from the other senses, as to avoid potential
bias where users do not assign a sense because
another one is a better fit. Another advantage is
that users do not need to be overwhelmed with in-
formation, making the task complex. If a word has
20 senses as opposed to three, the choice of which
one fits the best becomes much more difficult. If
instead the annotator sees a single sense at the
time, the choice is independent of the number of
senses a word has.

Scalability: This annotation paradigm scales
linearly with the number of usages. For each word,
we will have kU instances to annotate, where & is
the number of senses of the target word. In our
example, this results in 600 annotations (each of
the 200 usages is paired with each of the 3 senses).
That is two orders of magnitude less the than usage-
usage annotation framework.

Previous annotations and experiences: To
the best of our knowledge, this annotation schema
has not been tested in previous research as the
obvious downside is an increasing annotation need
without obvious benefits. Erk et al. (2013) and Cas-
sotti and Tahmasebi (2025), however follow this
paradigm to some extent as they ask annotators to
provide for a usage, a rating with respect to each
sense in the sense inventory. While these are not
independent, and can be randomized and mixed
with annotations for other usages to maximize anno-
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Sense Definitions

graft

1) A shoot or scion inserted in a groove or slit made in another stock, [..] 2) Surgery. ‘A
portion of living tissue transplanted [..] 3) A ditch; a moat; [..] 4) The depth of earth that
may be thrown up at once with a spade; [..] 5) A kind of spade, used in digging drains. 6)
Work, esp. hard work. / A trade, craft. 7) The obtaining of profit or advantage by dishonest
or shady means; [..]

twist

1) A divided object or part. 2) The twisting of threads into a cord, and derived senses. 3)
A slight or weak support upon which something depends; [..] 4) An act or the action of
turning on or as on an axis; [..] 5) A dance in which the body is twisted from side to side;
[..] 6) A young woman, a girl. [..]

konduktor

1) Person som saljer och kontrollerar biljetter och andra fardbevis pa tag. 2) Elektroteknisk
ledare, Overférare av kraft, [..] Kan ocksa anvandas bildligt. 3) Titel f6r arbetsledare
eller uppsyningsman vid slott, [..] 4) En i militarutbildad byggnads- eller arbetsledare vid
fastning och dylikt; [..] 5) Arbetsledare vid byggnadsverk [..]

motiv

1) Underliggande orsak till viss handling 2) Amne fér konstnérlig framstéllning sérskilt inom
bildkonst och litteratur; [..] 3) Minsta melodisk-rytmiska enhet av musikstycke, vanligen
aterkommande och Iatt igenkannlig 4) Spets- eller broderiarbete i avpassade delar till

pasattning pa underklader, [..]

Table 2: U-S and U-SI sense inventories for graft, twist, konduktér, and motiv.

tator objectivity, the results are as close as currently
exist.

2.3. Usage-Sense Inventory (U-SI)

In this paradigm, annotators are presented with a
word usage and the definitions of all the word’s
senses at once. It follows a standard word
sense disambiguation setting, where the annota-
tors choose either the best fit, or alternatively, the
set of best fitting senses. Like for prior annotation
paradigms, this judgment can be made either in
a binary fashion or on a continuous scale. Prior
research has shown that there are great benefits
to allowing annotators to provide a graded rating to
every sense, rather than choosing top senses. Erk
et al. (2013) found that the latter can lead to a bias
in assigning a single best sense (and by implica-
tion, not assigning the rest). However, grading all
senses increases the number of annotations and
becomes equivalent to the U-S scenario above.
Scalability: This annotation paradigm is the
most scalable one (assuming one does not require
a rating for each and every sense). The schema
scales with the number of usages and is thus linear,
as each usage is judged only once with respect
to all senses (in our annotation example this cor-
responds to 200 annotations). Despite the linear
scaling, the annotation task becomes complex if
each usage is to be judged with respect to a large
set of senses. The cognitive effort for keeping all
senses in memory to make a good choice increases
with the number of senses. After annotating a larger
set of usages, the annotator typically becomes fa-
miliar with the senses, which reduces the required
effort. However, a cold-start problem remains if the
annotator pauses for some time and later returns to
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the task. Thus, to have maximum gain from this an-
notation schema, it is important not to overload the
user with too many, or too long, sense descriptions.
Previous annotations and experiences: This
annotation paradigm is standard for word sense
disambiguation tasks. While typically, in WSD, the
temporal dimension is lacking, the task itself is iden-
tical. Prominent examples of WSD data are Sem-
Cor (Miller et al., 1994), Sense-Eval (Snyder and
Palmer, 2004; Edmonds and Cotton, 2001a,b) and
SemEval (Moro and Navigli, 2015; Navigli et al.,
2013; Agirre and Soroa, 2007a). A notable dif-
ference between some of these corpora and the
paradigm we are proposing above is that some
of these corpora disambiguate not only a target
word but all words in the sentence. We propose
disambiguating only a target word.

2.4. Other Paradigms

Beyond the paradigms described above, prior work
has explored bottom-up sense induction through
context clustering (Agirre and Soroa, 2007b;
Schitze, 1998), substitute-based approaches (Mc-
Carthy and Navigli, 2007), and direct semantic
change judgments across time (Cook et al., 2014).

2.5. Reliability

In the U-U paradigm, previous work (Schlechtweg
etal., 2021b; Cassotti and Tahmasebi, 2025) clearly
shows that annotators struggle to reach agreement
on adjacent categories (e.g., Identical vs. Closely
Related). This error can be systematic, stemming
from differing perceptions of semantic proximity
among annotators, or it may arise from the intrinsic
difficulty of the task. In particular, the scale values



are not anchored to easily interpretable or objective
reference points, which can even lead to inconsis-
tencies within the same annotator’s judgments.

3. Expressivity Power

In general, U-U is a paradigm with greater expres-
sive power than U-S and U-SI, because the anno-
tation scheme does not impose explicit constraints
on which meanings can be labeled, leaving the
representation of meaning implicit. However, in
practice this theoretical advantage does not fully
materialize, due to the clustering choices.

Clustering is typically performed using correla-
tion clustering (Bansal et al., 2004) with a fixed
threshold to binarize the relations between nodes,
commonly set at 2.5. Under this scheme, all node
pairs with a score above the threshold are treated
as valid links, while those below it are discarded.
As a consequence, clusters may include node pairs
with an average score of 3, grouping them together
despite only moderate relatedness.

Regarding the senses used in U-S and U-SI
paradigms, we can make several choices. The
first one is to use all senses available at all time pe-
riods. This results in redundant senses presented
to the user at some time periods, as, e.g., the sense
of e.g., computer virus did not exist for the word
worm in year 1900. However, to reduce the num-
ber of senses to only those presumed active at the
time from which the sentence stems, has several
consequences. Firstly, we would need to make
assumptions about validity periods of senses on
the basis of dictionaries. However, often dictionar-
ies are normative and have poor correspondence
with empirical data; words can be used with specific
senses before the senses conventionalize and thus
are attested in the dictionary. Secondly, the order
of the sentences annotated should be random, also
across time periods, to avoid that the annotators
make a priori choices based on knowledge of the
time period. The set of senses presented to the
annotators can thus be a biasing factor and should
therefore include all senses. Finally, from a cog-
nitive perspective, we assume that the annotators
get aquatinted with the senses and their order, thus
changing the set, or order, of the senses between
instances can lead to additional cognitive load.

4. Pilot

Our long-term goal is to annotate a set of words
across 10 time periods. However, our limited bud-
get constrains the total annotation hours we can
fund, which in turn limits the number of annotations
we can obtain. The higher the price of an anno-
tation paradigm, the fewer words and/or usages
we can afford to annotate. Before we scale up
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tl t2
English CCOHA 1810-1860 CCOHA 1960-2010
Swedish  Kubhist 1790-1830  Kubhist 1895-1903

Table 3: Time periods of subcorpora for English and
Swedish from which annotation data was sampled.

the annotations, we therefore need a good evalu-
ation of the complexity of the different annotation
paradigms together with an estimate of how many
annotations per hour that can be done.

4.1. Data Annotation

To test the different annotation paradigms, we
started from the existing resampled DWUG dataset
for English and Swedish (Schlechtweg et al., 2024).
In particular, we focused on two English target
words (graft and twist) and two Swedish target
words (motiv 'motif and konduktér ’conductor’).
The choice of languages, and thus dataset, was
pragmatic as we plan on annotating both in our
future work.

In the resampled DWUG dataset (DWUG hence-
forth), each of these four words includes up to 50
usages, one half drawn from period T1 and T2
respectively. The corresponding time spans and
corpora are reported in Table 3. For each word
there is a maximum of 1,225 usage pairs that can
be annotated. However, only a subset of these
pairs were actually annotated: on average, approx-
imately 35% for English and 60% for Swedish. In
total, the number of annotated usage pairs amounts
to 855 for motiv, 981 for konduktér, 342 for graft,
and 509 for twist.

We extended the DWUG dataset (U-U) by anno-
tating the usages of the four target words, employ-
ing the U-S and U-SI paradigms®. For Swedish,
we recruited six native Swedish annotators. For
English, we selected three annotators: two native
speakers of British English and one native speaker
of Canadian English.* We recruited both sets of
annotators such that they had studied either linguis-
tics or languages at the university level. Swedish
annotators were paid standard hourly wages for
research assistants, while English annotators re-
ceived a lump sum voucher.

Sense Inventories One of the challenges in both
the U-S and U-SI paradigms is defining the set of
senses to be used for annotation. In particular, for
diachronic annotation it is essential to ensure that
the sense inventory also includes senses that are
now obsolete or have disappeared, as well as those
that have been introduced more recently.

3The dataset and the code are available on Github
4Our English annotators were a convenience sample.


https://github.com/ChangeIsKey/annotating-word-meaning-over-time

Dictionaries rarely capture all the senses of a
word; in practice, it is often necessary to aggregate
information from multiple lexicographic sources.
Moreover, sense definitions should be as precise
as possible, while minimizing overlap between def-
initions.

It is also necessary to adjust the granularity of the
senses to the specific research objective. Some
dictionaries adopt an extreme splitter approach,
listing dozens of senses for a single word. This
creates difficulties in both paradigms. In the U-S
paradigm, the number of examples to annotate with
additional senses. In the U-SI paradigm instead,
the annotator’s cognitive load increases, as they
must select the correct sense from a large set of
closely related definitions.

Given the sensitivity and complexity of construct-
ing a sense inventory, we believe that the only way
to ensure its reliability is through careful manual
curation®. For this paper, a member of our team cu-
rated the sense inventories for the four target words,
drawing on a combination of definitions from SO
and SAOB for Swedish & and from the OED for En-
glish 7. In some cases, the definitions were slightly
modified to make them more general and to cover
a broader semantic field. The definitions for the
four words are reported in Table 2.

Annotation Setting For the annotation process,
we used Qualtrics®. For each language, we cre-
ated a survey including the two target words. The
survey presents all examples sequentially, first for
the U-S paradigm and then for the U-SI paradigm.
For all annotators of a language, we use the same
order of paradigms, words, and usages so that,
when annotators begin with the U-S paradigm, they
are not yet familiar with the complete sense inven-
tory but instead discover them progressively. The
annotation order was as follows:

» Swedish:
Usage-Sense (konduktér) — Usage-Sense
(motiv) — Usage-Sense Inventory (konduktdr)
— Usage-Sense Inventory (motiv)

» English:
Usage-Sense (twist) — Usage-Sense (graft)
— Usage-Sense Inventory (twist) — Usage-
Sense Inventory (graft)

SManual curation of the sense inventory also allows a
hypothesis-driven approach: If the aim is to study certain
aspects of change, then more fine-grained senses can
be included to reflect those aspects while other senses
can remain more coarse.

bhttps://svenska.se

"https://www.oed.com

8https ://www.qualtrics.com
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Word Lang. a(U-S) «(U-SI)
konduktér swedish 0.818  0.759
motiv swedish  0.888 0.882
twist english 0.552 0.593
graft english 0.739 0.795

Table 4: Inter-annotator agreement. Krippen-
dorff's o for Usage-Sense (U-S) and Usage-Sense
Inventory (U-SI) annotation.

Given the high number of examples to be anno-
tated, annotators were given two weeks to com-
plete the entire survey. During this period, they
were allowed to pause the annotation process and
resume it later from where they had left off. We
recorded several metadata variables, including the
time elapsed between opening an example and the
first click, the last click, and the final submission,
as well as the total number of clicks.

In the U-S paradigm, annotators are provided
with a word’s usage and a single candidate sense
of that word. They are asked to answer yes or no as
to whether the definition corresponds to the mean-
ing of the word in that specific usage. Annotators
may also select Cannot decide. In that case, they
must choose between two options: | cannot decide
because the text is noisy (e.g., OCR errors) or |
cannot decide because the text is ambiguous. This
choice is exclusive: if annotators select Cannot
decide, they cannot simultaneously answer yes or
no.

In the U-SI paradigm, annotators are provided
with a word in context and the full inventory of
senses. They are also given the option to indi-
cate that none of the provided senses adequately
captures the meaning of the word (Other), in which
case they must supply a textual explanation of the
intended meaning.

Annotators are allowed to select Other simulta-
neously with one or more of the predefined senses.
By contrast, the choice of Cannot decide (again di-
vided into noise and ambiguity) remains exclusive
in this paradigm as well. The annotation guidelines
and the interface were provided in the annotators’
native language.

4.2. U-S vs U-SI paradigm

Agreement To assess whether the U-S and U-
S| paradigms yield comparable annotations, we
examine the bootstrap estimates of Cohen’s « of
the intra-annotator agreement reported in Tables 5
and 6. These estimates directly quantify cross-
paradigm agreement at the annotator level, clus-
tered by usage with 95% confidence intervals. The
inter-annotator agreement instead is reported in
Table 4
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Figure 1: Time in seconds (y-axis) spent by each annotator (shown in the columns) and annotation
paradigm (U-S first row, U-SI second row), relative to the number of annotated examples (x-axis) for the

words konduktor and

konduktor motiv
ann1i 1.000[1.000, 1.000] 0.981 [0.935, 1.000]
ann2 0.853[0.763,0.929] 1.000 [1.000, 1.000]
ann3 0.797[0.691, 0.892] 0.953[0.892, 1.000]
ann4 0.891[0.805,0.956] 0.907[0.812,0.979]
ann5 0.762[0.656, 0.860] 0.938 [0.880, 0.985]
ann6 0.946 [0.882, 1.000] 0.915[0.809, 0.983]

Table 5: Intra-annotator agreement. Bootstrap
estimates of Cohen’s « (U-S vs U-SI), clustered by
sentence, with 95% confidence intervals (Bey =
2000).

twist

ann1  0.633 [0.455, 0.787]
ann2 0.780 [0.651, 0.891]
ann3  0.905 [0.791, 0.980]

graft

0.948 [0.896, 0.987]
0.966 [0.926, 1.000]
1.000 [1.000, 1.000]

Table 6: Intra-annotator agreement. Bootstrap
estimates of Cohen’s  (U-S vs U-SI), clustered by
sentence, with 95% confidence intervals (Beg =
2000).

For the Swedish targets, intra-anntoator agree-
ment between paradigms is consistently high. For
konduktér, r ranges from 0.762 to 1.000 across
annotators. For motiv, x values are even higher,
ranging from 0.907 to 1.000. These values indicate
substantial to almost perfect agreement, showing
that U-S and U-SI produce highly similar annotation
outcomes for these words. A similar pattern holds
for the English word graft, where x values range
from 0.948 to 1.000.

The only notable deviation appears with twist,
where « ranges from 0.633 to 0.905. While two an-
notators show high agreement (> 0.78), one anno-
tator exhibits only moderate agreement (x = 0.633).
Overall, the results do not prove strict equivalence
between U-S and U-SI. However, the consistently
high x values for three of the four target words
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Figure 2: Time in seconds (y-axis) spent by each
annotator (shown in the columns) and annotation
paradigm (U-S first row, U-SI second row), relative
to the number of annotated examples (x-axis) for
the words twist and

demonstrate strong practical comparability. Addi-
tionally, we note that almost all annotators are more
consistent between U-S and U-SI for the second
word they annotate, which could be an effect of
learning the task. E.g., Swedish annotator 5 has a
0.762 agreement rate for konduktér but 0.938 for
motiv.

Annotation Time To analyze annotator effort
over time, we extracted page-level completion
times from Qualtrics logs for both paradigms (U-
S, U-SI) and both languages (English, Swedish).
For each item, the system records the time (in sec-
onds) between page load and submission, which
we use as a proxy for annotation duration. We
aggregate these times per annotator and per tar-
get word, forming sequences of annotation times
across items.

Two limitations apply. First, task order was fixed
(U-S before U-SI), which may create an order ef-
fect if familiarity gained during U-S facilitates U-SI.
Second, recorded times likely overestimate true
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effort, as pages could be left open before submis-
sion. The timings should therefore be interpreted
as approximate. To mitigate extreme delays, anno-
tation times were capped at 120 seconds. We then
applied moving-average smoothing separately per
paradigm: a trailing window of 10 observations for
U-SI and 30 for U-S, reflecting longer sequences
in the latter. Separate time-course plots were gen-
erated per annotator and language (Figures 1 and
2).
Across languages, a consistent pattern emerges
after the warm-up phase: U-Sl is generally faster
and more stable than U-S. Once the sense inven-
tory is internalized, U-SI| becomes a direct selection
task. In contrast, U-S requires sequential evalua-
tion of each sense, increasing the number of micro-
decisions per item.

In Swedish (Figure 1), convergence is relatively
smooth, particularly for motiv, where half of the an-
notators quickly reach low, stable times under U-SI.
In English (Figure 2), graft shows similarly efficient
behavior, especially under U-SI. By contrast, twist
exhibits greater variability and spikes, particularly
under U-S, consistent with its lower cross-paradigm
agreement.

4.3. Comparison to the U-U paradigm

For each usage, we derive sense labels by ag-
gregating individual annotator judgments through
majority voting. For both U-S and U-SI, we count
the frequency of each individual sense across an-
notators and assign the sense with the highest
frequency to the usage, applying a random tie-
breaking where necessary.

The special label cannot decide is not treated
as valid assignment in the comparative analysis.
We restrict evaluation to usages that receive a valid
cluster assignment in all three paradigms (U-U, U-S,
U-Sl).

Each sense has a corresponding group consist-
ing of all usages that have the sense as a label. To
quantify similarity between the diverse usage group-
ings, we compute the Adjusted Rand Index (ARI)
pairwise between U-S, U-S, and U-Sl groupings. To
assess how the different paradigms capture mean-
ing change, we compute the Graded Change Detec-
tion (GCD) score by first deriving, for each method,
the distribution of groupings across two time pe-
riods and then calculating the Jensen—Shannon
divergence between these distributions; higher di-
vergence indicates stronger redistribution of senses
across time and is interpreted as greater semantic
change.

The results reported in Table 7 show that twist
yields the lowest ARI scores across all pairwise
comparisons, which mirrors the generally lower
agreement observed for this word in all annotation
paradigms. In contrast, graft presents a different
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pattern: while U-S and U-SI are in perfect agree-
ment with each other, their clustering diverges from
U-U, resulting in only moderate ARI scores. A close
qualitative analysis reveals that in the U-U paradigm
one cluster contains a mixture of examples belong-
ing to sense 1 and sense 2, which, although concep-
tually related through the notion of transplantation,
refer to clearly distinct domains, horticulture and
medicine. This merging is likely due to annotators
frequently assigning an average relatedness score
of 3 to such cross domain pairs, which, given the
clustering threshold, leads to their aggregation into
a single cluster. As a consequence, the seman-
tic change scores differ substantially, with a GCD
value of 0.467 in U-U compared to 0.815 in both
U-S and U-SI, indicating that U-U underestimates
the degree of change for graft by smoothing over
a redistribution between domain specific senses
across time.

5. Conclusion

In this paper, we examined three annotation
paradigms for capturing word meanings over time:
Usage—Usage (U-U), Usage-Sense (U-S), and
Usage—Sense Inventory (U-SI), with particular fo-
cus on the trade-off between scalability, reliability,
and expressive power. Through a pilot study on
two English and two Swedish target words, we em-
pirically compared these paradigms with respect to
inter- and intra- annotator agreement, annotation
effort, and their ability to model diachronic semantic
change.

Our findings demonstrate that the U-SI paradigm
offers a compelling balance between efficiency and
quality. While U-U provides high theoretical ex-
pressive power by not constraining annotators to
predefined sense inventories, in practice this ad-
vantage is limited by relatedness labels and the
selection of thresholds as well as parameters for
the clustering based on heuristics.

Between the two inventory-based paradigms,
U-SI emerges as the more efficient option. Cross-
paradigm agreement between U-S and U-SI
was consistently high for three of the four tar-
get words, indicating that the two methods pro-
duce largely comparable sense assignments. At
the same time, annotation time analyses indicate
that U-SI requires less annotator effort once the
sense inventory has been internalized, reflecting
its single-decision structure compared to the re-
peated micro-decisions required in U-S. Given that
both paradigms scale linearly in the number of us-
ages, the lower cognitive and temporal cost of U-SI
makes it preferable for large-scale diachronic an-
notation projects.

Importantly, our results do not establish
strict methodological equivalence between



Word ARI GCD
USvsU-U U-SIvsU-U U-SvsU-SI U-U uU-S U-Si
konduktér 0.703 0.731 0.954 0.603 0.748 0.748
motiv 0.789 0.877 0.895 0.202 0.255 0.307
twist 0.368 0.434 0.717 0.508 0.461 0.445
graft 0.508 0.508 1.000 0.467 0.815 0.815

Table 7: ARl and GCD scores by word and annotation paradigm.

paradigms. Variation across words, most no-
tably for twist, highlights that lexical complexity and
sense granularity influence human agreement.
Overall, our pilot study supports replacing
usage-pair-based annotation with a usage—sense-
inventory framework in large-scale diachronic se-
mantic annotation. U-SI maintains high reliability,
reduces annotation time, scales linearly, and pre-
serves meaningful distinctions in semantic change
modeling. These properties make it particularly
well suited for our long-term objective of annotating
word meanings across multiple time periods while
operating under realistic budget constraints.
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