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Abstract

Word sense disambiguation is the task of se-
lecting a word’s applicable word sense in a
given context. However, ambiguous texts may
lack the information necessary to disambiguate
words completely, resulting in multiple word
senses with varying degrees of plausibility. We
design a dataset around this premise: Our sam-
ples consist of 4-5 sentence short stories, where
the more plausible word sense of the word to
be disambiguated has to be inferred via indirect
clues in surrounding sentences. We collect an-
notations from humans who rate the plausibility
of a given word sense on a scale from 1-5. In
total, our dataset contains 19,049 human word
sense annotations on 1,899 stories. We investi-
gate the performance of large language models
on our data and find that many poorly correlate
with human judgments. We also find that fine-
tuning on our data can increase performance.!

1 Introduction

Lexical ambiguity describes the presence of multi-
ple senses being applicable to the same word and
has been argued to be a functional property of any
efficient communicative system (Piantadosi et al.,
2012). Indeed, psycholinguistic studies have shown
that humans rapidly process such ambiguities in
context (see e.g. McDonald and Shillcock, 2003).
Computational approaches to resolving lexical am-
biguity in context, commonly referred to as the
task of word sense disambiguation (WSD), have
been studied at least since the 80s (Dahlgren, 1988;
Krovetz and Croft, 1989). In the past decade, re-
search has moved from fixed sense inventories to
graded assignments of senses (see §2), following
the predominant psycholinguistic view that senses
are not (strictly) categorical (for a discussion, see
Trott and Bergen, 2023).
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Jack and Emily decided to enjoy a
night under the stars.

They parked their car at the drive-
in's first row for the best view.
As the sun set, they settled in with
popcorn and drinks.
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Figure 1: An example from our dataset. The ambiguous
sentence is re-contextualized in three different endings,
resulting in three different stories. Each ending results
in different plausibility scores for the word senses.

In parallel with developments in theory forma-
tion and corresponding benchmarks, there have
been immense technical developments: specifically,
large language models (LLMs) such as GPT-4o0
(OpenAl et al., 2024), DeepSeek (DeepSeek-Al
et al., 2025) and Llama-3 (Grattafiori et al., 2024)
have not only dominated the NLP community but
also shown “superhuman” performance in WSD
tasks (Wang and Zhao, 2024). Yet, lexical ambi-
guities still pose difficulties in tasks such as ques-
tion answering, natural language inference, and ma-
chine translation (Zhang and Choi, 2025). Reasons
for this include underspecified language, meaning
that lexical ambiguities are not always resolvable
(see Haber and Poesio, 2024), as well as differences
in background knowledge that can lead to divergent
interpretations of context (see e.g. Plank, 2022).

In this paper, we lay the foundations for inves-
tigating these difficulties. Specifically, we build a
dataset of lexically ambiguous word usages (see
Figure 1 for an example) and collect multiple judg-
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ments on the plausibility of different sentence read-
ings under varying discourse-level contexts. Our
dataset consists of 4-5 sentence short stories where
the fourth sentence contains a homonym? that is
used in such a manner that the sentence is am-
biguous when read in isolation. Hints towards
the preferred reading are provided in surround-
ing sentences that manipulate the plausibility of
word senses by introducing additional details. A
correct disambiguation of the homonym thus re-
quires a higher-level understanding of the story.
Furthermore, as different contexts will change the
plausibility of word senses to varying extents, our
dataset contains both stories that are perceived as
non-ambiguous and various degrees of ambiguity.

Based on the collected data, we examine the
following research questions:

RQ1 How does context affect human plausibility
judgments, and when do annotators disagree?

RQ2 How well do judgments by LLMs align
with humans, and when are they different or fail?

RQ3 Can an LLM be trained in order to increase
agreement with human judgments?

RQ4 How does additional context affect LLM
performance and human agreements?

2 Related Work

Word Sense Disambiguation (WSD) has been stud-
ied extensively in the NLP community. The ‘Word
in Context’ (WiC) series of tasks provide a common
framework, in which two occurrences of a target
word are (typically) classified in a binary manner
as either representing the same word sense or differ-
ent ones (Pilehvar and Camacho-Collados, 2019;
Raganato et al., 2020). Similarly, the WiC Tar-
get Sense Verification (7SV) task presents a word
in context with one specific sense, which is to be
labeled as correct or incorrect (Breit et al., 2021).
While numerous WSD tasks operate on the
sentence-level, a considerable body of research
has also been dedicated to document-level WSD.
For instance, datasets for ‘All-Words” WSD tasks,
where the objective is to classify the word sense
of every word in the text, commonly consist of
longer documents (Moro and Navigli, 2015). Other

2We use the term homonym loosely to refer to lexical am-
biguities in our data, since most of the relevant sense pairs are
presumably unrelated. This does not exclude cases of poly-
semy, which we also observe to affect annotation. (see §4.2).

datasets similarly consist of large tagged corpora
(Miller et al., 1993; Taghipour and Ng, 2015).

Comparatively little research has been dedicated
to the idea of multiple word senses having vary-
ing levels of applicability. Jurgens and Klapaftis
(2013) treat WSD as a ranking task, where word
senses are given percentages based on their appli-
cability. Other research tackles WSD as a multi-
label classification task (Conia and Navigli, 2021)
or introduces an ordinal scale to the WiC task
(Schlechtweg et al., 2025; Erk et al., 2009). We
combine ideas from these tasks and create the
first dataset in which the plausibility of different
word senses are judged independently given vary-
ing amounts of context beyond the sentence of a
target word.

3 Data Collection

Stories in our dataset consist of 4-5 sentences:
three describing the situation (‘precontext’), one
ambiguous sentence, and optionally an ending.
Our collection of stories is a multi-step process
in which we collect the precontexts and ambiguous
sentences (forming a ‘setup’), as well as the end-
ings and the plausibility annotations separately.’

We present our data collection approach in the
following. First, we extract a set of homonyms to
use in our short stories (§3.1). Then, we let humans
write ambiguous sentences and prepend a precon-
text to them to form the setup (§3.2). We then
collect ending sentences written by humans (§3.3),
and finally collect human plausibility ratings for
each ‘sample’, i.e. the combination of word sense
and story (§3.4).

For each step, we collect data via Prolific and
require users to pass a qualification test before pro-
ceeding to the study to ensure data quality. In addi-
tion, we manually check each story for adherence
to our guidelines and offensive content, and remove
all low-quality submissions. During the collection
of plausibility ratings, we include a question from
the qualification test as an attention check. We filter
annotators who fail this check.

3.1 Homonym Collection

We first collect a selection of homonyms and their
word sense pairs around which stories are con-
structed. The objective is to collect word sense

3All of our data collection was conducted on Prolific un-
der similar conditions, which are further described in Ap-
pendix A.1. Screenshots of the annotation interface can be
found in Appendix C.
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The man crossed the wrong people. He borrowed money
from a dangerous group. They came knocking on his
door demanding a settlement. The goons made the man

Alice loved gardening and enjoyed trying to grow exotic fruit.
Jeremy was always excited to taste the fresh produce from their
little backyard. Recently, their fruit supply started to dwindle. Alice

pay. and Jeremy were running out of fruit, so they went out for a date.

(word sense: bear a cost
or penalty, in recompense
of some action)
Endings:

They stole his belongings
and promised to do worse
next time before leaving.

(word sense: give money),
usually in exchange for
goods and services)

They threatened him un-
til he apologized and re-
turned the money.

(word sense:
ranged in advance)

Endings:

They decided to go to a local
Hawaiian restaurant that had
an extensive dessert menu.

(word sense: sweet edible fruit of
the date palm with a single long
woody seed)

Needless to say, there were none
to pick, so it necessitated a visit
to a large supermarket in the
nearby town.

a meeting ar-

Table 1: Example setups (1st row) from our data, with two different endings for each word sense (2nd row).

pairs where the word senses are distinct, yet can be
used within the same sentence structure. There-
fore, we decided to extract these from the pun
dataset SemEval-2017 Task 7 (Miller et al., 2017),
as words used for puns satisfy both criteria. We
filter out word sense pairs where the word senses
are different parts of speech and ones where a word
sense requires a specific particle, as these limit the
ambiguous sentences that can be constructed. The
rest is used to create a large pool of 729 homonym
word sense pairs.

3.2 Writing Ambiguous Sentence

In the second step, we collect ambiguous sentences
from crowdworkers. In the annotation interface, hu-
mans are tasked with writing sentences where a ran-
domly selected word from our pool of homonyms
is used in such a manner that its two displayed
word senses are both plausible. We display both
word senses and two example sentences, gener-
ated with GPT-40 (OpenAl et al., 2024), demon-
strating how the word senses can be used in a sen-
tence to help annotators understand technical def-
initions. If a participant is unable to formulate a
sentence, they can click a button to receive a dif-
ferent homonym. Subsequently, we manually filter
all sentences that do not conform to the guidelines,
e.g. because the homonym is used multiple times
or the sentence is clearly non-ambiguous. In a few
cases where the sentence is successfully ambiguous
but clearly references the wrong word senses, we
manually replace the word senses with the correct
ones. The guidelines for this task are detailed in
Appendix A.2.1. We then further utilize GPT-40
to edit the sentences to rectify spelling errors (see
Appendix B.1 for details).

Finally, we employ GPT-40 to generate a precon-
text, comprising three sentences, for each ambigu-
ous sentence. We instruct it to generate a beginning

of the story which does not yet resolve the ambigu-
ous word (for details, see Appendix B.2). The
purpose of this additional exposition is to ground
the narrative, thereby aiding annotators in writing
endings and judging the situation’s plausibility.

3.3 Writing Endings

We next collect two endings per setup. We display
each story to two annotators and assign them the
task of composing an ending that enhances the plau-
sibility of one of the word senses of the homonym.
As they are each displayed a different word sense,
the plausibilities of word senses will vary between
the endings despite the setup being the same. For
more details about the task guidelines, please refer
to Appendix A.2.2. Examples of ended stories in
our dataset are displayed in Table 1.

We purposefully do not filter endings which fail
to resolve the ambiguity, which is a common oc-
currence; recognizing to what extent the endings
succeed in the homonym’s disambiguation is a part
of the challenge. Similarly to the previous step,
we use GPT-4o to fix spelling errors and manually
filter low-quality submissions. Refer to Appendix
B.1 for the prompt.

Furthermore, we include an ‘open-ended’ story
for each setup, which is devoid of an ending sen-
tence and thereby commonly leaves the word sense
unresolved. Thus, we obtain three stories for each
setup: One for each of the endings, and one without
an ending.

3.4 Plausibility Rating

Finally, we collect plausibility ratings for each
word sense in the context of a story on a Likert
scale ranging from 1 to 5, where 1 signifies that a
word sense is inconceivable, while 5 represents un-
ambiguous certainty. Each word sense is annotated
by at least five annotators. We also give annotators
the option to mark stories as ‘nonsensical’.
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Section Avg. length (in words)
Precontext 31.5
Amb. Sentence 9.24
Ending 13.5
Entire Story 49.717

Table 2: Average length of story sections in our dataset.

For this task, only one of the word senses is dis-
played to the annotators; they have to rely on their
own language understanding to perceive which
other senses of the homonym may cause a potential
ambiguity. We split annotators into 130 groups,
each of which annotate 30 word sense—story com-
binations. Annotators do not receive multiple sam-
ples containing variations of the same stories so
that each story’s annotations remain independent
of each other. The guidelines for the task are de-
tailed further in Appendix A.2.3.

3.5 Final Data and Split

For computational experiments (§5), we split the
resulting data into a training, development and test
set. The sets are split by the homonym used, en-
suring that the same target word does not appear
across sets. The training set includes 2,280 sam-
ples, the development set 588 samples, and the test
set 930 samples, for a total of 3,798 samples. Each
sample provides the plausibility scores assigned
for one word sense of a target word in the given
story. For each setup, there are three such stories:
one open-ended variant (without explicit ending)
and two ended variants with one ending collected
for each word sense. Consequently, there are six
samples per setup, and 633 setups in total. We
collected 19,049 human judgments in sum, with at
least five plausibility judgments per sample.

4 Data Analysis

Based on the data collection described in Section 3
we want to analyze under which circumstances
people view multiple readings as plausible and
when disagreements occur (RQ1). Before that,
we discuss statistical properties of the collected
data (§4.1) and present a preliminary analysis of
the effects of context and word senses on plausibil-
ity judgments (§4.2).

4.1 Statistics

Story Length Basic statistics of stories in our
dataset are displayed in Table 2. The average story

is around 50 words long, although open-ended sto-
ries are naturally shorter. The ambiguous sentence
itself is typically the shortest part of the story, likely
because of the restrictions posed on writers.

Homonyms The selection of homonyms during
data collection is influenced by randomness and
crowdworker preference. Also, some homonyms
with more than two word senses have multiple word
sense pairs in our random pool, which increases the
odds of drawing them. Therefore, some homonyms
appear more often than others. During the data
collection process, we removed the most popu-
lar homonyms from the random pool to prevent
overrepresentation. The most common homonyms
with ambiguous sentences in our dataset are change
(10x), lousy (9x), shot (7x) and bars (7x). In to-
tal, our dataset contains 361 different ambiguous
word forms (305 different lemma), 411 pairs of
word senses, and an average of 1.75 sentences per
ambiguous word form.

Inter-Annotator Agreement. We analyze the
inter-annotator agreement on our dataset using in-
terval scale Krippendorft’s o (Krippendorff, 2004).
Our annotators achieve an agreement of o = 0.506.
We find this to be a reasonable level of agreement,
given that our task depends on annotators’ own
subjective intuition regarding the plausibility of a
story and the distinction between word senses.
The average standard deviation per sample is
o = 0.946. The homonym used seems to greatly
influence the human agreement, perhaps due to
inherent disagreements about word sense distinc-
tions or the complexity of word sense definitions.
For example, the homonym with the highest aver-
age standard deviation, identities (o0 = 1.59), has
abstract and mathematical definitions which may
have confused the annotators. As the number of
data points per homonym are too low to draw defi-
nite conclusions, we will leave further exploration
of the effect of specific homonyms to future work.

4.2 Effects of Word Senses and Endings

RQ1: How does context affect human plausi-
bility judgments, and when do they disagree?
We investigate to what extent endings affect the
perceived plausibility of word senses. To this end,
we compare the average scores a word sense re-
ceives in different variations of a story. On average,
each word sense’s score differs by around 0.80
(0 = 0.675) when an explicit ending is added to
the stories. This shows that the additional context
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has a strong effect on what word sense is perceived
as plausible for a target word in a given sentence.

When contrasting the scores word senses receive
in one ending versus the other, we find that it varies
by around 1.18 (¢ = 0.941) on average. How-
ever, this variance differs greatly between stories.
Some endings fail to change the perceived plausibil-
ity, resulting in mostly unchanged scores, whereas
other endings resolve the perceived ambiguity of
the story.

Disagreements Human disagreement mostly
stems from annotators disagreeing on the extent
of a story’s ambiguity, thus picking extreme values
while others pick middle values. Indeed, about 50%
of human ratings are either / or 5. The least picked
rating is 3 (15%), which indicates that humans typ-
ically have a preference for one of the word senses
instead of thinking of multiple as equally plausible.
While non-ambiguous stories are typically rated as
1-2 or 4-5 by all humans, ambiguous ones are the
cause of much disagreement, with ratings for one
word sense sometimes ranging across the entire
scale. Although some outliers may be attributed
to noise, we believe the following to be two of the
most important factors for human agreement:

Word Sense Distinction. As previously stated,
humans are not given a word sense inventory when
rating plausibilities. Even though our dataset fo-
cuses on homonymous word senses, there are occa-
sional instances of related word senses, including
literal and figurative usages of words such as alive
and drooling. Perhaps because some pairs of senses
are perceived as identical in meaning, most anno-
tators picked a label of 5 on all stories and senses
of these words, such as ‘be envious’ and ‘let saliva
drivel’ for drooling.

Word Sense Frequency. Lower-frequency word
senses tend to cause disagreement, as humans may
disagree on the plausibility of their usage or even
forget about them altogether. For instance, in a
story containing the sentence ‘The blankets in the
hotel were pretty lousy’, without additional ending
context, all annotators rated the word sense ‘very
bad’ of lousy as a 5. However, humans are less con-
fident about the lower-frequency word sense ‘in-
fested with lice’, rating it as either 2 or 3. Based on
annotator comments, it seems that lower-frequency
word senses are often not considered as plausible
without supporting information. Approximating
sense frequencies based on SemCor (Miller et al.,
1993), we indeed find a small but highly significant

(p < 0.01) correlation between the frequency count
of a word sense and the average annotator score, as
determined using Spearman’s p (Spearman, 1904).

S Computational Experiments

Following the analysis of human annotations in
Section 4, we next conduct preliminary experi-
ments on our dataset to answer the remaining re-
search questions outlined in the introduction. We
first describe the task setup, models and evaluation
metrics used across experiments (§5.1) and then
address our research questions regarding the align-
ment between LMs and human judgments (§5.2)
and on the possibility of training LLMs to increase
this alignment (§5.3). In context of these exper-
iments, we also analyze the effect of endings as
additional context on LLM predictions.

5.1 Experimental Setup

In the first experiment, we investigate the perfor-
mance of LLMs on our test set without any fine-
tuning on the training or development set. Formally,
we define the task as follows: Each story text 7; in
our data contains a precontext c;, ambiguous sen-
tence a; and an optional ending e;, forming triplets
T; = (ci, ai[, €;]). The ambiguous sentence a; con-
tains a homonymous word form w with two word
sense definitions Sy, = {s{’, s¥'}. The task is to
predict a plausibility score p = f (5;" | T) for
each sense s}” € Sy, where p € {1,2,3,4,5}
and f is a function or model that assigns a score.

We test multiple pre-trained models for this
task: GPT-40-2024-08-06, GPT-40-mini-2024-07-
18 (OpenAl et al., 2024), 03-2025-04-16 (Ope-
nAl, 2025), Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), Mixtral-8x7B-Instruct-v(.1 (Jiang
et al., 2024) and DeepSeek-V3-0324 (DeepSeek-
Al et al., 2025). The GPT and DeepSeek models
were accessed through their respective APIs using
default settings, whereas the other models were
tested using the Huggingface transformers library
(Wolf et al., 2020). We set the temperature to O for
all models.* We experiment with zero-shot and few-
shot prompting techniques. In the zero-shot setting,
we prompt the model with an adjusted version of
the annotation guidelines, while for few-shot, we
also show the examples displayed to annotators
before they start the task.

*03 does not allow for setting temperature, so default set-
tings were used.
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Spearman  Acc. w/in SD

Random 0.000 0.454
Majority N/A 0.558
Llama-3 (0-shot) 0.462 0.663
Mistral (0-shot) 0.382 0.568
Mixtral (0-shot) 0.606 0.634
GPT-40-mini (0-shot) 0.726 0.726
GPT-40 (0-shot) 0.756 0.755
03 (0-shot) 0.753 0.763
DeepSeek (0-shot)  0.740 0.790
Llama-3 (4-shot) 0.491 0.694
Mistral (4-shot) 0.209 0.522
Mixtral (4-shot) 0.607 0.649
GPT-40-mini (4-shot) 0.737 0.726
GPT-40 (4-shot) 0.742 0.725
03 (4-shot) 0.742 0.760
DeepSeek (4-shot)  0.767 0.816
Human Upper Bound 0.834 0.892

Table 3: ‘Spearman p’ and ‘Accuracy Within Standard
Deviation’ scores for different baselines, out-of-the-box
LLMs and our human upper bound.

Evaluation metrics One of our main research
questions concerns how well LLM predictions
align with human judgments (RQ2). As there is no
gold standard for this setting, we evaluate models
based on their correlation with averaged human
judgments as well as a variance-adjusted accuracy
measure. Specifically, we calculate the correlation
between a model’s judgments and the human av-
erage using Spearman’s p (Spearman, 1904). As
some samples have a clearer consensus than others,
we consider their annotators’ standard deviation for
accuracy. That is, we calculate Accuracy within
Standard Deviation as the proportion of model
predictions that are within standard deviation (at
least 1) from the average judgment by annotators.

Baselines and upper bound We use two simple
baselines for the task: Random, which randomly
picks a number between 1 and 5 for every sam-
ple, and Majority, which picks the majority label
(which we found to be 4 on average). We also esti-
mate the best possible performance of humans by
evaluating each annotator against the other annota-
tors who received the same sample. We calculate
this human upper bound by averaging the scores of
the highest-scoring human in each group.

5.2 Experiment 1: Out-of-the-Box LLMs

In the first experiment, we test LLMs out-of-the-
box to test alignment with plausibility judgments
provided by humans. As indicated by the results in
Table 3, there are large differences in performance
between models, roughly scaling with model size.
However, while most models perform better than
the majority or random baseline, the human upper
bound is still remarkably higher at a Spearman p
of 0.834 and an accuracy of 89%. The best per-
forming model is DeepSeek-V3, being the only
model to obtain an accuracy of over 80%. The rea-
soning model 03 performs the second best with an
accuracy of 76%. GPT-40 models achieve scores
between 72-75%, whereas the Mistral, Mixtral and
Llama-3 models all score below 70%.

The effectiveness of zero-shot and few-shot
prompting techniques also seems to vary between
models. GPT-40 in particular is hurt by the addi-
tion of few-shot prompting, whereas models such
as Mistral-7B and Llama-8B benefit greatly from
the addition of examples.

RQ2: How well do judgments by LLMs align
with humans, and when are they different or
fail? Given the accuracy gap between models
and the human upper bound, it seems there is a
sizable difference between human and model judg-
ments. Model judgments are also fairly different
between models and prompting techniques. Some
examples are displayed in Table 4. We identified
the following common error sources on our test set:

‘Red Herring’ Keywords. In many stories
where the setup itself already strongly favors one
word sense, endings may be ineffective at sway-
ing the plausibilities perceived by humans despite
introducing keywords relating to the less plausi-
ble word sense. An example of this is the first
story in Table 4, where models such as GPT-4o0
and DeepSeek-V3 gravitate towards the word cue
referring to a billiards stick due to the ending men-
tioning snooker, whereas humans remain unsure
about the intended word sense.

Judgment of Open-Ended Stories. As we will
discuss further in Section 5.3.2, models seem to
differ the most from humans on open-ended stories
(i.e. without explicit ending). For example, while
all humans and models recognize the ambiguity of
the word shots in the second example of Table 4,
their predictions range from 2—4. Meanwhile, all
humans picked a label of 3, indicating no prefer-
ence for either word sense.
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Story Word Sense Human Model
average  predictions

He spent years perfecting his craft. Every night, he rehearsed in his small, sports implement 2.8 [4,2,5,4,3]
dimly lit room. Now, it was time to showcase his skills on the big stage. consisting of a
In front of the large audience, table set, he waited for his cue. He was  tapering rod used to
ready to play snooker. strike a cue ball in

pool or billiards
It had been a long week for Emma. She felt overwhelmed by everything a small drink of 3.0 [4,4,3,2,2]
happening. On Saturday, she finally decided to do something about it. liquor
She took three shots that day.
The girl packed her bag for a long adventure. She was excited to explore  the territory occu- 4.4 [5,2,2,2,3]

new places she had never been. Along the way, she faced unexpected
challenges that left her feeling different. While on a backpacking trip,
the girl ended up in a strange state. She hadn’t been there before, but she

liked it there and would go again.

pied by one of the
constituent adminis-
trative districts of a
nation

Table 4: Examples of human averages and LLM ratings for word sense plausibility in stories. All pictured model
scores were taken from the zero-shot setting (order of scores: GPT 40, 40-mini, DeepSeek, Llama-3, Llama-3 + FT).

Word Sense Distinction. LLMs, especially
ones trained on huge amounts of online data, are
likely influenced by online word sense inventories
that were seen during training. Thus, it seems rea-
sonable to assume that LLMs may have knowledge
about the sense distinctions of dictionaries such as
WordNet (Miller, 1994), whereas most humans do
not. Indeed, we find that humans frequently group
similar word senses together. In the last example of
Table 4, humans unanimously agree on the defini-
tion of state being correct, since it clearly refers to
a territory. However, even then, state could realisti-
cally refer to both a province or a country, which
are mapped to distinct WordNet senses. Therefore,
this is a case where human intuition does not align
with a dictionary, which could be a large source for
disagreements between models and humans.

5.3 Experiment 2: Fine-Tuning Llama-3 for
Plausibility Rating

As a follow-up question, we test whether LLMs
can be trained in order to increase agreement with
human judgments (RQ3). In the following, we
demonstrate the utility of our training and vali-
dation set by comparing the performance of the
out-of-the-box Llama-3 and Mistral model with ver-
sions fine-tuned on our data, which we call ‘Llama-
3 + FT’and ‘Mistral + FT".

5.3.1 Setup

We use LoRA (Hu et al., 2021) to fine-tune
the LLama-3.1-8B-Instruct and the Mistral-7B-
Instruct-v0.3 model on our training and valida-
tion set. During the fine-tuning process, we use
a dropout of 0.1, a learning rate of 2e-4, a simu-

lated batch size of 16, rank r of 16, o of 32, the
target modules g_proj and v_proj, and pytorch’s
AdamW optimizer. We set the model to train for
20 epochs with an early stopping patience of 5.
Training stopped after 8 epochs for both models.

When feeding our training data into the model,
we first display the story itself, followed by the
string: ‘In this context, how plausible is it that
the meaning of the word {homonym} is {definition}
(as in: {example sentence})? Return only the num-
bered score (1, 2, 3, 4 or 5). Do not return anything
else!’. This mirrors the prompt used during testing,
as well as the annotation interface seen by humans.
We concatenate the rounded average of human rat-
ings to the input string and only train the model to
predict that final number.

5.3.2 Results

Results are displayed in Table 5. We observe a
highly significant performance difference between
the base models and their fine-tuned counterparts
(as determined using Wilcoxon signed-rank test;
Wilcoxon, 1945). The performance boost gained
from fine-tuning on our data lets the Llama-3 +
FT model and the Mistral + FT model achieve Ac-
curacy and Spearman p competitive with that of
strong models such as GPT-40 or GPT-40-mini.

RQ3: Can an LLM be trained on our data to
improve agreement with humans? Given the
large score improvement of the fine-tuned models,
we are confident our data can also be useful for
improving other models’ processing of ambiguities.
Note that there is no homonym overlap between
the test set and the training/development set, so the
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Spearman  Acc. w/in SD All Stories 1 2 3 4 5
Random 0.000 0.454 Llama-3 03 425 02 566 05
Majority N/A 0.558 Llama-3 +FT 258 204 155 322 6.1
Llama-3 (0-shot) 0.462 0.663 Human Avg 11.7 21.8 242 24.0 183
Llama-3+ FT (0-shot) 0.725 0.698 Open-Ended stories only
M.Mlsltral F(g-sgotﬁ 8223 8;2? Llama-3 05 452 05 531 08
istral + FT (O-shot) 0. : Llama3+FT 269 203 163 324 4.0
Llama-3 (4-shot) 0.491 0.694 Human Avg 84 23.6 271 274 13.6
Llama}-3 + FT (4-shot) 0.751 0.795 Ended stories only
Mistral (4-shot) 0.209 0.522
Mistral + FT (4-shot)  0.684 0.733 Llama-3 02 412 00 583 03
H U Bomnd  0.834 0.892 Llama-3+FT 252 204 152 320 7.2
uman Ypper bound U : Human Avg 134 21.0 227 223 207

Table 5: Results for Llama-3 and Mistral out-of-the-
box (LLama-3 / Mistral) and with additional fine-tuning
(Llama 3 + FT / Mistral + FT).

results show that the fine-tuned model generalizes
beyond homonyms from the training set.

The improvement is also evident in the change
in label distribution, as shown in Table 6 on the
example of Llama-3 and Llama-3 + FT. The origi-
nal Llama-3 model strongly favors the ‘2’ and ‘4’
labels, with those two labels accounting for nearly
all of its predictions. In contrast, predictions by
Llama-3 + FT are balanced more evenly, aligning
much closer with the relatively balanced distribu-
tion of the averaged human judgments.

We next perform an additional analysis regard-
ing the role of endings on performance differences
between LLMs and human judgments, answering
our final research question (RQ4):

RQ4. How does additional context affect LLM
performance and human agreements? Intu-
itively, we expected the disambiguating informa-
tion found in the endings to remove much of the
human disagreement, as there is less need for
subjective conjecture. However, while there are
some slight tendencies, we do not find the differ-
ence between standard deviations of human rat-
ings of open-ended and ended stories to be signifi-
cant (as determined using Wilcoxon rank-sum test;
Wilcoxon, 1945). Nonetheless, we do observe an
effect of endings on the label distributions assigned
across stories, as displayed in Table 6. In particu-
lar, our annotators pick the labels ‘1’ and ‘5° 5-7
percentage points more often for ended stories than
open-ended stories. This effect is much less pro-
nounced for Llama-3 even after fine-tuning, which

Table 6: Label distribution in the test set (in %). Llama-
3 distributions include 0-shot and 4-shot predictions.
Human Avg is based on rounded plausibility scores.

Open-Ended Ended

Mistral (0-shot) 0.503 0.503
Mistral + FT (0-shot) 0.725 0.726
Mixtral (0-shot) 0.619 0.642
Llama-3 (0-shot) 0.667 0.661
Llama-3 + FT (0-shot) 0.681 0.706
GPT 40-mini (0-shot) 0.697 0.740
GPT 40 (0-shot) 0.713 0.775

03 (0-shot) 0.768 0.761
DeepSeek (0-shot) 0.755 0.808
Mistral (4-shot) 0.635 0.648
Mistral + FT (4-shot) 0.725 0.737
Mixtral (4-shot) 0.626 0.661
Llama-3 (4-shot) 0.739 0.671
Llama-3 + FT (4-shot) 0.774 0.804
GPT 40-mini (4-shot) 0.694 0.742
GPT 40 (4-shot) 0.7 0.737

03 (4-shot) 0.781 0.75
DeepSeek (4-shot) 0.790 0.829
Average (0-shot) 0.681 0.702
Average (4-shot) 0.717 0.731

Table 7: Accuracy within Standard Deviation scores
of models on stories without ending (Open-Ended) and
with an explicit ending (Ended).

suggests that there is still room for improvement
through other training strategies.

We also investigate whether there is a difference
in model performance between ended and open-
ended stories. Results are displayed in Table 7.
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Interestingly, most models perform better on ended
stories than open-ended ones (notable exceptions
including 03 and the low-scoring Llama-3). As
open-ended samples seem to generally be more
challenging to models, but not to humans, we argue
that models struggle with the low information con-
tent of open-ended stories. Humans may have an
innate intuition for interpreting word senses even
without evidence that is less pronounced in models.
The 03 model does not appear to experience per-
formance decrease on open-ended stories, which
suggests that reasoning models may be particularly
well-suited for recognizing ambiguity.

6 Conclusion

We introduced AmbiStory, a collection of 1,899
short stories with human plausibility ratings for
word senses. Each story contains a lexical ambigu-
ity with multiple alternate endings designed to im-
ply different word senses. We investigated how hu-
man plausibility judgments are influenced by story
context, and found inter-annotator agreement to be
affected by the frequency of word senses as well
as relations between them, among other reasons.
In computational experiments, we found LLM pre-
dictions often do not match human-perceived plau-
sibilities, for instance, because of model biases
towards high-frequency senses and distracting key
words in the story context.

In general, we found models to perform worse
when no ending to a story is provided, whereas
human agreement remains stable. This may in-
dicate that LLMs lack the common sense to ‘fill
in the gaps’ in stories with only minimal disam-
biguating information. We believe that our dataset
provides a useful basis for model development and
testing, as exemplified by the possibility of improv-
ing the performance of two LLMs via fine-tuning.
In fact, AmbiStory also serves as the benchmark
for a shared task at SemEval 2026 (Task 5). We en-
courage the community to use AmbiStory to study
and model human perception of lexical ambiguity
beyond individual sentences.

Limitations

While we believe AmbiStory to be an effective
benchmark in its current state, there are some lim-
itations that we would like to address in future
experiments and expansions. Firstly, the stories in
this dataset have a fixed five-sentence length and
3/1/1 structure, where the ambiguous sentence is

always the fourth sentence and the disambiguating
evidence can typically be found in the last sen-
tence. A possible expansion would be to grant
crowdworkers more flexibility by adjusting the an-
notation pipeline, allowing for the story length and
the position of the homonym and disambiguating
information to be more dynamic (and thus less pre-
dictable). Additionally, it would be insightful to
collect judgments for domain-specific homonyms
and analyze annotator feedback to better under-
stand sources of disagreements.

As an addition limitation, we note that our
dataset is currently restricted to English and we
collected data primarily from crowdworkers in the
UK, whose views may not necessarily reflect those
of other native and non-native speakers. Also,
as homonym sense pairs are obtained from a pre-
existing dataset, the set of homonyms in our dataset
is not exhaustive. Finally, our stories may contain
linguistic biases, such as stylistic tendencies com-
mon in language model outputs, as parts of the
stories are written or corrected by GPT-4o.

Ethical Considerations

Our dataset contains text written by LLMs and
crowdworkers, both of which are susceptible to
producing harmful content. We addressed this ethi-
cal risk by carefully filtering all samples that could
be considered harmful, including for example cases
in which one of the word senses has vulgar or offen-
sive connotations in slang. We additionally ensured
that crowdworkers are anonymized and paid above
minimum wage according to the regulations in the
country of the authors.
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A Annotation Details

A.1 Annotation Setup

We use Prolific for all of our data collection. We
set English as first language and an approval rate
of at least 97% as prerequisites for participating.
Most of our writers and annotators reside in the
UK (91%), with some living in the US (5%) and
Australia (4%). We provided a median payment
of about 11 pounds per hour for all of our tasks,
retroactively issuing additional payments where
this median was not maintained.

For the ‘Ambiguous Sentence Writing Task’, an-
notators are required to write 5 sentences. For the
‘Ending Writing Task’, they have to produce 20
endings, and for the ‘Plausibility Annotation Task’,
they have to rate 30 samples. We chose the work-
load per participant to be manageable without them
becoming bored or running out of ideas.

A.2 Guidelines

The following are the guidelines, presented on the
annotation website in a markdown format.

A.2.1 Ambiguous Sentence Writing Task

4 N

Introduction to the Ambiguous Sen-
tence Task

Overview

Your task is to write ambiguous sentences.
A sentence is ambiguous if there are multi-
ple ways to understand it.

You will be presented with a word and two
of its meanings. For example, the word bank
and its two word senses “a financial institu-
tion” and “‘slope next to a river”. Your task
is to write one sentence where the word is
used in such a way that depending on how
you choose to interpret it, either meaning
could apply.

For example, you could write something
like: “On Saturday morning, I went to the
bank.” The word bank here could realis-
tically be either of the two word senses, a
financial institution or a slope next to a river,
so this would be acceptable.

When writing sentences, please try to uphold
the following principles:

* Ideally, both word senses should be
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equally plausible.

* Please make sure that the word ap-
pears exactly once in the sentence.

* The goal is not to write puns, but to
write sentences that allow for multi-
ple interpretations.

* Submissions that clearly contain Al
generated content will be rejected.

Good Examples

Word: racket

Meaning 1: a loud and disturbing noise
Meaning 2: implement used in sports,
e.g. tennis racket

Good Example: [ couldn’t concentrate at
all because of the loud racket from the tennis
game.

This is good: It could refer to the tennis
game itself being loud (meaning 1), or the
speaker specifically complains about the
sound of the tennis racket (meaning 2). The
sentence is plausibly ambiguous.

Word: season

Meaning 1: a set of related television pro-
grams

Meaning 2: the four times of year (spring,
summer, fall, winter)

Good Example: Anna thinks that this is the
best season.

This is good: We don’t know what “this”
refers to. It could be either a time of year
or a television series. Because of this, the
sentence remains successfully ambiguous.

Bad Examples

Word: bat

Meaning 1: an implement with a handle
used for hitting the ball in games such as
cricket or baseball.
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Meaning 2: a nocturnal mammal capable
of sustained flight

Bad Example: The bat flew out of the cave.
This is bad: It is not plausible that this refers
to an implement like a baseball bat. The
word “bat” is not used ambiguously.

Word: root

Meaning 1: part of the plant which attaches
it to the ground

Meaning 2: the basic cause, source or ori-
gin of something

Bad Example: The root of the problem was
buried deep, just like the roots of the old oak
tree in the yard.

This is bad: The word is used multiple
times. Root should be used only once,
and that occurrence should encompass both
meanings.

Task Procedure

You will first have to pass a simple 4-
question qualification test to confirm that
you are human and understand English. The
qualification test will ask you to pick the
best meaning for a word in a short text. If
you fail the qualification test, you will not
be able to start writing.

If you pass qualification, the writing page
will automatically unlock for you.

If you cannot think of a sentence for the
given word, you can press the button on the
top of the page to get a new word. You can
use the button as many times as you want.
You have to write five sentences to clear the
task.

Good luck and have fun!

A\

A.2.2 Ending Writing Task

p
Introduction to the Story Ending Task

Overview

You will see the first four sentences of a five-
sentence short story. Your task is to write
one sentence that finishes the short story
coherently.




Importantly, the fourth sentence contains a
word which has multiple meanings. The
story is written in such a way that you
wouldn’t know which meaning is the one
intended by the author by the first four sen-
tences.

Your ending sentence has to make the in-
tended meaning more plausible than the
unintended meaning. Both meanings will
be displayed to you.

Try to not explicitly spell out the meaning.
Understanding the intended meaning should
only be easy to those who pay attention and
understand the story. You can achieve this
by avoiding words closely associated with
the intended meaning, and by only imply-
ing the happenings in the fourth sentence
instead of outright stating them. See below
for examples.

The story ending should also be logical
given the first four sentences. The story does
not have to be interesting, it just has to make
sense and be coherent.

Also, your ending sentence should NOT
include that ambiguous word with multi-
ple meanings from the fourth sentence.
Also, feel free to add comments in the com-
ment field.

Examples

Story: “Mr Ellis walked to the town square
with a big smile. He carried his easel with
him. He was getting ready to paint. When-
ever he sets up his easel in the town square,
he always draws a crowd.”

Intended Meaning of ‘““draws”: to attract
Unintended Meaning of ‘““draws”: produce
an image of something or someone

Your Ending Sentence: Everyone was quite
impressed by his picture of a flower.
Explanation: In the first four sentences, it
is not clear if he literally sketches a crowd
or if he simply attracts a crowd. The ending
sentence resolves this by implying that he
was sketching a flower, not a crowd.

Story: “The battle raged on as the sun began
to set. He crouched behind a crumbling wall,

desperately scanning the ground. Bullets
whizzed past while his heart pounded loudly
in his ears. He realized that he only had one
shot’.

Intended Meaning of ‘“‘shot’: a chance or
opportunity to do something

Unintended Meaning of ‘‘shot”: a missile
from a firearm

Your Ending Sentence: He thought that it
was now or never as he attempted to escape
from the battle.

Explanation: Some stories like this may
make it hard to argue for the intended mean-
ing when the unintended meaning seems
more likely to begin with. Try to be cre-
ative and come up with a way to increase
the intended meaning’s plausibility. Here,
the implication of him running away and the
expression “now or never” implies that the
amount of shots in his firearm is less im-
portant than his chance/opportunity to get
away.

The Annotation Procedure

You will first have to pass the qualification
test, which consists of four questions. You
only have one attempt at this. The qualifi-
cation test simply asks you to pick the more
likely meaning of English words in the con-
text of a sentence. It is mostly to filter out
bots and should be no problem to English
speakers.

If you fail at the qualification test: You
will not be able to start writing. IMPOR-
TANT: Remember to copy the Screen-Out
Completion Code that will be displayed
to Prolific.

If you succeed at the qualification test:
Once you pass the qualification test, you will
automatically unlock access to the writing
page. Each writer is assigned around 20
stories.

Your progress for both qualification and writ-
ing is saved automatically anytime you
press the NEXT button.

Good luck and have fun!

J

Please note that the sentence about explicitly not

using the ambiguous word again in the ending was
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only added after data collection already started, as
some annotators misunderstood the task prior to us
adding it. We manually filtered endings where the
task was trivialized by not adhering to this.

A.2.3 Plausibility Annotation Task

The following are the guidelines presented to anno-
tators during the plausibility annotation step.

( N

Introduction to the Plausibility Anno-
tation Task

Overview

You will see a short text in which one sen-
tence is written in bold. That sentence con-
tains a word that can typically take on mul-
tiple different meanings, depending on the
context. One of those meanings is shown to
you.

Your task is simple: Annotate how plausi-
ble a meaning of a word is in the context
of the short text using one of five scores:

* 1: The displayed meaning is not plausi-
ble at all given the context.

* 2: The displayed meaning is theoret-
ically conceivable, but less plausible
than other meanings.

* 3: The displayed meaning represents
one of multiple, similarly plausible in-
terpretations.

* 4: The displayed meaning represents
the most plausible interpretation; other
meanings may still be conceivable.

* 5: The displayed meaning is the only
plausible meaning given the context.

See below for examples.

You can also mark stories as nonsensical,
meaning that the text is strange no matter
which meaning of the word is used. Even
if a story is nonsensical, try to pick what-
ever makes the most sense to you. You can
simply go with your intuition here.

Also, feel free to add comments in the com-
ment field.

There will be times where there is no ob-
jectively correct answer. Whatever the case,
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always look at all of the sentences and care-
fully think about how plausible each mean-
ing would be.

Examples

“The bat flew out of the cave.”

Meaning of “BAT”’: A sports implement for
hitting balls (e.g. in baseball)

Your Rating: /

Explanation: A baseball bat flying out of a
cave is inconceivable; it obviously refers to
an animal.

“The letter specified where to meet him. So
after reading it, I went to the bank.”
Meaning of “BANK”: a financial institution
Your Rating: 3

Explanation: Bank could refer to the finan-
cial institution, but it could also be a river
bank. Neither one seems particularly plau-
sible compared to the other, so your rating
should be in the middle.

“The composer often spontaneously had
ideas for new melodies. She writes notes
on a sheet of paper. She can later turn these
into a piece.”

Meaning of “NOTES”: a brief written
record; a memo

Your Rating 2

Explanation: Notes could conceivably refer
to written memos, but given the surrounding
sentences, it is more plausible that she is
jotting down musical notes.

“Mr Ellis walked to the town square with a
big smile. He was getting ready to paint.
Whenever he sets up his easel in the town
square, he always draws a crowd. His
painting of a flower looked really realistic!”
Meaning of “DRAWS”’: to attract; direct
towards itself

Your Rating: 5

Explanation: Without the last sentence, it
is not clear whether the intended meaning of
draws is to sketch or to attract. With the ad-
ditional context that he is sketching a flower




- not a crowd - it becomes clear that attract
is the only plausible meaning. Always look
at the whole story before making your de-
cision!

The Annotation Procedure

You will first have to pass the qualification
test, which consists of four questions. You
only have one attempt at this. Carefully
look at the sentences and determine the plau-
sibility of meanings.

If you fail at the qualification test: You
will not be able to start the annotation. Re-
member to copy the Screen-Out Comple-
tion Code that will be displayed to Pro-
lific.

If you succeed at the qualification test:
Once you pass the qualification test, you
will automatically unlock access to the an-
notation page. Each annotator is assigned
30 samples.

Your progress for both qualification and an-
notation is saved automatically anytime
you press the NEXT button.

Good luck and have fun!

\ J
A3

We include a similar qualification test at each data
collection step, where annotators evaluate the plau-
sibility of word senses in four short stories. Note
that while the samples are the same, the task dif-
fers between the writing tasks and the plausibility
rating task: During writing tasks, annotators have
to select the more plausible word sense out of two
options, whereas during the plausibility rating task,
to keep it similar to the actual annotation, only one
word sense is displayed and annotators pick on a
scale from 1 to 5. The qualification questions are
pictured here. The correct answers are underlined;
picking a different answer results in immediate dis-
qualification.

Qualification Test

e R
Story: The puzzle pieces were scattered

across the table. We spent hours on the
puzzle, but each piece seemed to fit nowhere.
It was a hard puzzle.

Most Plausible Meaning of "HARD''":
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v difficult to understand or solve
O solid; not soft

Plausibility of the meaning ‘solid; not
soft’:
12345

Story: The hotel I stayed at last week was
the worst. The room was dirty and there
was no one at the reception. The service
there was really lousy.

Most Plausible Meaning of "LOUSY'":
O infested with lice
v very bad

Plausibility of the meaning ‘very bad’:
12345

Story: Max started sweating in the
summer heat. His entire house felt like a
sauna. If he had a fan, the heat would be
bearable.

Most Plausible Meaning of "FAN'":
¥ a device for creating a current of air
O an enthusiastic follower or admirer

Plausibility of the meaning ‘an enthusias-
tic follower or admirer’:
12345

Story: Mia and Peter were preparing for
the big race. Peter was confident in his
talent, so he did not train much. In the end,
Mia beat him in the race.

Most Plausible Meaning of ""BEAT"':

O strike violently

W come out better in a competition, race or
conflict

Plausibility of the meaning ‘come out bet-
ter in a competition, race or conflict’:
12345




B Prompting

We use GPT-40 prompts at several steps of our
study, which we describe here.

B.1 Annotation Cleaning

We use GPT-4o twice to improve the formatting,
once for the ambiguous sentences and once for
the endings. We instruct it to correct formatting
errors such as punctuation and capitalization to im-
prove the readibility of the story. We also instruct
it to rewrite sentences containing direct speech into
third person to facilitate the construction of a story
around them. We attempt to restrict GPT-40 from
making any other modifications, as any extrane-
ous change could affect the writers’ carefully con-
structed ambiguity. In a few instances, GPT-40
still replaced the ambiguous word with a synonym,
which we manually fixed.

The following is the prompt for cleaning the
ambiguous sentences:

e N
Correct the following sentence by fixing the

following:

- Fixing the spelling (e.g. fix typos, capital-
ize first letter, add punctuation at the end)

- Fixing the grammar (if necessary)

- If the sentence is in direct speech (e.g. con-
tains the word "you"), rewrite it to be in third
person.

- DO NOT CHANGE ANYTHING ELSE.
Word choices etc must remain authentic to
the original.

The sentence is: {sentence}
Don’t return anything other than the cor-

rected sentence.
\ J

The following is the prompt for cleaning end-
ings:

Correct the following sentence by fixing the
following:

- Fixing the spelling (e.g. fix typos, capital-
ize first letter, add punctuation at the end)

- Fixing the grammar (if necessary)

- The sentence follows this sentence: "{sen-
tence}" and should flow coherently.

- No other stylistic changes are allowed.
The sentence is: {ending}

Don’t return anything other than the cor-

rected sentence. If no changes are necessary,
just return the original sentence again.

B.2 Precontext Generation

We use GPT-40 for generating precontexts. The
used prompt is as follows:

4 N
Take the following ambiguous sentence,
which is the fourth sentence in a 5-sentence
short text:

{sentence}

In this sentence, the word {homonym} can
mean either "{word sense 1}" or "{word
sense 2}", depending on the context.

This sentence is the fourth sentence in a
story (out of five total). Write the first three
sentences of the story. The first three sen-
tences should serve as an introduction to the
story which explains the circumstances of
the current situation. Try to use simple sen-
tences. Avoid complicated structures, long
sentences and unnecessary information.
Importantly, the word’s meaning is still
rather ambiguous even with the context.
Both meanings should still be equally as
plausible.

Return these first three sentences, do not

return anything else.
& J

B.3 Prediction

We use the following prompt for predicting labels
from all LLMs. It is an edited version of the guide-
lines seen in Appendix A.2.3. Pictured is the few-
shot prompt; the zero-shot prompt is identical ex-
cept for the omission of examples.

' N\
You will see a short text in which one sen-

tence is marked with "**". That sentence
contains a word that can typically take on
multiple different meanings, depending on
the context. One of those meanings is given
to you.

**Your task is simple: Annotate how plausi-
ble a meaning of a word is in the context of
the short text using one of five scores:**

* #*%]%*: The displayed meaning is not plau-
sible at all given the context.

* #*2%%: The displayed meaning is theoret-
ically conceivable, but less plausible than
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other meanings.

* #%3%%: The displayed meaning represents
one of multiple, similarly plausible interpre-
tations.

* *¥4%%. The displayed meaning repre-
sents the most plausible interpretation; other
meanings may still be conceivable.

* #%k5%%: The displayed meaning is the only
plausible meaning given the context.

There will be times where there is no ob-
jectively correct answer. Whatever the case,
always look at all of the sentences and care-
fully think about how plausible each mean-
ing would be.

Take a look at the following examples.
**The bat flew out of the cave.** In this
context, how plausible is it that the meaning
of the word "bat" is "A sports implement for
hitting balls (e.g. in baseball)"?

Correct answer: 1

The letter specified where to meet him. **So
after reading it, I went to the bank.**

In this context, how plausible is it that the
meaning of the word "bank" is "a financial
institution"?

Correct answer: 3

The composer often spontaneously had ideas
for new melodies. **She writes notes on a
sheet of paper.** She can later turn these
into a piece.

In this context, how plausible is it that the
meaning of the word "notes" is "a brief writ-
ten record; a memo"?

Correct answer: 2

Mr Ellis walked to the town square with a
big smile. He was getting ready to paint.
**Whenever he sets up his easel in the town
square, he always draws a crowd.** His
painting of a flower looked really realistic!"
In this context, how plausible is it that the
meaning of the word "draws" is "to attract;
direct towards itself"?

Correct answer: 5

Now take a look at the following text: pre-
context **sentence** ending
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-

In this context, how plausible is it that the
meaning of the word "{word}" is "{word
sense}"?

Return only the numbered score (1, 2, 3, 4
or 5). Do not return anything else!

C Annotation Interface

Screenshots of our annotation interface can be

found in Figure 2, 3 and 4.




Completed 0 out of 5 sentences

Can't think of anything? You can press the button below to get a different word. Don't worry, you can press

it as often as you want to.

[ A different word, please! ]

The word point has two meanings:
Meaning 1: the object of an activity

(asin: "What is the point of this meeting?")

Meaning 2: sharp end

(as in: "He carefully carved the point of the stick.")

Can you write a sentence where the word point is used in such a way that both of these meanings are
plausible interpretations?

Write your sentence here.

Figure 2: Interface for collecting ambiguous sentences.
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Back

Finished Samples: 1/21
The ambiguous word is resistance
Show word definitions

Read the first four sentences of this short story.

John had been feeling unwell for weeks, and it was getting worse. He finally decided to see a doctor who
suggested a new treatment. Although John started the medication, he was skeptical about its

effectiveness. The doctor was worried about his resistance to the given treatment.

In this story, the intended meaning of resistance is:

"the action of opposing something that you disapprove or disagree
with".
(as in: There was widespread resistance to the new policy.)

Write an ending sentence for the story WITHOUT using the word resistance again. Make sure that the
intended meaning comes across as the most plausible meaning!

Write your ending sentence here.

(Optional) Space for you to add comments.

Figure 3: Interface for collecting endings.
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Back

Finished Samples: 1/31

Read the following story

The man crossed the wrong people. He borrowed money from a dangerous group. They came knocking
on his door demanding a settlement. The goons made the man pay. They stole his belongings and

promised to do worse next time before leaving.

Focus on the word: pay .

Given the context of the story, how plausible is the following meaning of the word?

give money, usually in exchange for goods or services

(asin: "I need to pay for the groceries.")

Select the plausibility of this meaning.

1 2 3 4 5
@D show guidelines for rating plausibility
Annotate how plausible a meaning of a word is in the context of the short text using one of five scores:

e 1:Thedisplayed meaning is not plausible at all given the context.
e 2:The displayed meaning is theoretically conceivable, but less plausible than other meanings.
* 3:The displayed meaning represents one of multiple, similarly plausible interpretations.

e 4:Thedisplayed meaning represents the most plausible interpretation; other meanings may still be

conceivable.

¢ 5:The displayed meaningis the only plausible meaning given the context.
Check this box if the text is nonsensical.

Comments (optional)

Figure 4: Interface for collecting plausibility ratings.
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