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Abstract

Hallucinations pose a persistent challenge in
open-ended question answering (QA). Tra-
ditional annotation methods, such as span-
labelling, suffer from inconsistency and lim-
ited coverage. In this paper, we propose a
rewriting-based framework as a new perspec-
tive on hallucinations in open-ended QA. We
report on an experiment in which annotators are
instructed to rewrite LLM-generated answers
directly to ensure factual accuracy, with ed-
its automatically recorded. Using the Chinese
portion of the Mu-SHROOM dataset, we con-
duct a controlled rewriting experiment, compar-
ing fact-checking tools (Google vs. GPT-40),
and analysing how tool choice, annotator back-
ground, and question openness influence rewrit-
ing behaviour. We find that rewriting leads
to more hallucinations being identified, with
higher inter-annotator agreement, than span-
labelling.

1 Introduction

With the rapid advancement of Large Lan-
guage Models (LLMs), hallucination has emerged
as a central research topic, spanning annota-
tion (Vazquez et al., 2025), detection (Mickus et al.,
2024), mitigation (Ji et al., 2023b), and interop-
erability (Zhang et al., 2024). Hallucinations are
typically defined as content in a model’s output that
is not supported by the input (Dusek and Kasner,
2020; Ji et al., 2023a; van Deemter, 2024). To cap-
ture such phenomena, prior work (Thomson and
Reiter, 2020; Thomson et al., 2023; Vazquez et al.,
2025) proposed fine-grained annotation schemas
that treat hallucination identification as a span-
labelling task: annotators are asked to highlight
spans in model outputs that constitute hallucina-
tions, sometimes followed by labelling the error
types or suggesting corrections.
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More recently, research on hallucination has
shifted focus from classical Natural Language
Generation (NLG) tasks (e.g., summarisation and
paraphrasing) to Question Answering (QA). Most
newly introduced benchmarks (e.g., Li et al. (2023),
Viazquez et al. (2025)) and mitigation techniques
(e.g., Jietal. (2023b)) now target QA. Compared to
NLG, QA outputs can be significantly more open-
ended. On one hand, this shift necessitates a re-
thinking of how hallucinations are defined, as QA
responses are often grounded not in well-specified
structured information (as is typically the case in
Data-to-Text NLG) but in world knowledge.

On the other hand, the nature of QA presents
challenges for existing span-labelling annotation
schemas. These challenges include: First, the ab-
sence of a unified criterion for annotating factual
errors in QA. Annotators may label different spans
for the same error. For instance, some highlight
only the head noun, others the full noun phrase, or
even the entire sentence. Second, span-labelling
often involves quickly scanning the text and mark-
ing visible errors without immediate feedback on
how the corrected output would look. This can lead
to overlooked minor mistakes as attention wanes.
Third, QA answers frequently contain multiple
factual claims, many of which are outside the anno-
tators’ domain knowledge. With limited access to
external resources, collecting reliable annotations
becomes nearly impossible.

To address these limitations and build a corpus
that better facilitates the understanding of halluci-
nations in QA, we designed an annotation experi-
ment based on the idea of rewriting. Rewriting has
proven effective in evaluating the quality of model
outputs, especially complex ones, as it encourages
annotators to focus more carefully on errors (Chen
et al., 2024). Specifically, using the Chinese por-
tion! of the Mu-SHROOM corpus (a multilingual

'We chose Chinese because it was the only language for
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Question  ZFEA 5T R L LA B Al R LL Y

What are some of Andrei Konchalovsky’s film works?

Answer

CEBETH ALY (20114E) -

T iR (Andrei Konchalovsky) 2&—0 % W08« wEIAH A, MOIERETE:
CGERIHF) (1991) -

(CEERRIANHEIEIRYED (18% H ) (Moskva

slezam ne verit, 1% blondynki) (10%mIEN) %

Andrei Konchalovsky is a Russian director, screenwriter, and producer. His works include: “Russian
Ark" (2011), “A Pitying World" (1991), and “Moscow Does Not Believe in Tears" (18% White) (Moskva
slezam ne verit, 1% blondes) (10% White), among others.

Table 1: An example item from the Chinese portion of Mu-SHROOM. The hallucinations are coloured red.

hallucination detection dataset annotated via span-
labelling (Vazquez et al., 2025)), we asked annota-
tors to directly rewrite LLM-generated answers to
make them factually correct using WPS Word. The
revision mode of WPS Word was used to record
each rewriting operation. To mitigate issues related
to external knowledge access, participants were
provided with one of two tools: Google or GPT-
40. Using the revision logs, we built a corpus that
records both the deleted content, deemed erroneous
by annotators, and the insertions made to generate
factually correct answers.

We hope this corpus can advance our understand-
ing of hallucinations in QA. This study presents
a series of statistical analyses exploring how tool
usage, participant background, and question open-
ness influence rewriting behaviours. We also
compare our annotations with the original span-
labelling-based annotations in Mu-SHROOM to
assess whether rewriting helps annotators identify
more errors and leads to higher inter-annotator
agreement.

We begin by briefly reviewing the Mu-
SHROOM dataset and describing the annotation
process for hallucinations in its Chinese por-
tion. Next, we present our rewriting experiment
along with the corresponding hypotheses regard-
ing rewriting behaviours. Finally, we test these
hypotheses and discuss our findings.

2 The Mu-SHROOM Dataset

Mu-SHROOM (Vazquez et al., 2025) is a multi-
lingual hallucination dataset designed to support
research on detecting hallucinations produced by
LLMs in QA across 14 languages. The dataset
comprises questions and answers to these ques-
tions that were generated by various LLMs. Each
answer is annotated with two types of token-level
labels derived from human judgments: a soft label,

which we were able to recruit enough native speakers for an
in-lab experiment.

indicating the proportion of annotators who iden-
tified the token as hallucinatory, and a hard label,
indicating whether the token was marked as hallu-
cinatory by the majority of annotators. An example
QA pair in Chinese with hard labels is shown in
Table 1.

To construct Mu-SHROOM, Vazquez et al. first
manually selected 200 Wikipedia pages. For each
page, they wrote one question that could be an-
swered using information contained within the
page. Then, they used LLMs to generate answers
for each question. Among these LLM-generated
answers, those that were fluent and relevant but
appeared to contain hallucinations were manually
selected and added to the corpus. 2

Subsequently, annotators were hired to label hal-
lucinations in the LLM-generated answers as a
span-labelling task. During annotation, they were
allowed to consult Wikipedia, not only the page
associated with each question, but the entire en-
cyclopedia. For the Chinese portion, each item
was annotated by up to six annotators, with each
annotator labelling 20 items.

Despite this carefully constructed process, the
aforementioned limitations of span labelling some-
times lead to annotations that appear inconsistent or
unintuitive. For example, in one case, only the first
two characters of “ffill /i A\’ (producer)? are marked
as hallucinations. One additional contributing fac-
tor is the degeneration exhibited by the LLMs that
generate these answers (Holtzman et al., 2019),
which makes it difficult for annotators to determine
precisely which parts should be labelled as hallu-
cinations. For instance, in a degenerated segment
such as “(18% H \) (Moskva slezam ne verit, 1%
blondynki) (10%[*J=1 ) ”, which is completely

2Although Vizquez et al. wrote questions based on specific
Wikipedia pages, the answers were not grounded in these
pages, as the LLMs generated answers without accessing the
original content. In other words, Mu-SHROOM still targets
an open-ended QA task.

3In Chinese, “#| A means "to produce", whereas “ A" is
a noun that means “person”?
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nonsensical in Chinese, some tokens are marked
as hallucinations, while others are not. In addition,
the annotations exhibit inconsistencies in handling
symbols: characters like ‘%’ and ‘)’ are sometimes
labelled as hallucinations and sometimes left un-
marked.

3 Method

In this section, we elaborate on experimental set-
tings for our rewriting experiments.

3.1 Materials and Design

We used the test set of the Chinese portion of Mu-
SHROOM, which consists of 150 items, as the
materials for our experiment.

As mentioned in the introduction, we aimed
to give participants access to external knowledge
as freely and conveniently as possible. While
Wikipedia, used in Mu-SHROOM, contains am-
ple information, it is not particularly user-friendly
in this context. First, Wikipedia lacks a powerful
search engine, making it difficult for participants to
locate the relevant pages. Second, even when par-
ticipants do find the appropriate pages, it remains
challenging to extract the specific information they
need from lengthy articles.

Instead, in this study, we explored two more
powerful alternatives: Google and GPT-40. When
using Google for fact-checking, it often returns the
most relevant Wikipedia article among the top re-
sults, with the desired content highlighted, making
it easier to locate specific information. Powerful
LLMs have been shown to be effective in assisting
with factual claim annotation (Ni et al., 2024). To
further enhance this approach, we employed GPT-
40 with Retrieval-Augmented Generation (RAG),
which not only gives participants access to one of
the most capable LLMs to date, but also presents
a list of reference articles upon which the model’s
answers are based, enabling more reliable and in-
terpretable fact-checking. One potential concern
is that, with access to GPT-4o, participants might
simply replace the original answers with those gen-
erated by GPT-4o, rather than engaging in genuine
rewriting. To minimise this risk, we explicitly in-
structed participants not to directly copy answers
from GPT-40. As a result, our experiment included
two conditions: rewriting answers with assistance
from Google and rewriting with assistance from
GPT-4o.

To record participants’ rewriting operations

Your task is to identify and correct incorrect infor-
mation in a question-answering system, including
but not limited to fabricated, false, inaccurate, or
factually inconsistent content (such as dates, loca-
tions, people, events, etc.).

Given a question and its corresponding system-
generated answer, you are to:

- Identify the errors in the answer and directly
revise them in the original text to ensure factual
accuracy;

- Ensure the revised answer is concise and accu-
rate, while preserving the original structure and
style as much as possible. Avoid major changes
unless necessary.

- During the revision process, you may use Chat-
GPT/Google to consult relevant information as
a reference, but you MUST not copy and paste
directly. Please synthesise information from mul-
tiple sources to ensure the accuracy and reliability
of the final answer.

Table 2: The translated instruction.

(specifically, which parts of the original answer
were deleted and what new content was inserted),
we used WPS Word* with the revision mode en-
abled during the experiment. This feature tracks
deletions and insertions, storing them in a separate
XML file.

3.2 Procedure

We first conducted a small pilot study with five par-
ticipants to evaluate our instructions and determine
how many items each participant should rewrite.
We observed that participants typically spent 3—5
minutes revising each answer. Based on this, we di-
vided the 150 items into 10 groups, each consisting
of 15 items.

The experiment began with a form requesting de-
mographic information from each participant. We
collected data on participants’ educational back-
ground, age, and gender. They were informed that
this information would be used solely for scientific
purposes and would not be made publicly available.

Participants were asked to complete the experi-
ment following the instructions provided in Table 2.
They were informed that they would receive a set of
questions paired with answers generated by LLMs,
and their task was to identify and correct any in-

4https: //zh-hant.wps.com/
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accurate information in the answers. Specifically,
the instructions stated that participants should: (1)
directly revise the answers within the original text;
(2) ensure that the revised answers are accurate
with respect to the questions; and (3) use Chat-
GPT>/Google (depending on the experimental con-
dition) for fact-checking, without directly copying
and pasting content from these sources.

Additionally, to prevent unnecessary alterations
or the introduction of over-specific information,
participants were instructed to preserve the struc-
ture and style of the original answers as much as
possible and to avoid making major changes unless
clearly necessary.

Each participant revised answers from a specific
group of 15 items under one experimental condi-
tion, either using Google or GPT-40. Throughout
the session, we recorded the total time each partici-
pant spent completing the task.

3.3 Participants

To ensure that each answer was rewritten by two
participants under each condition (i.e., a total of
four rewritings per answer), we recruited 10 x 4 =
40 participants. Among them, 25 were male and 15
were female, with a mean age of 22.75 years. 25
participants had educational backgrounds in com-
puter science-related fields (e.g., artificial intelli-
gence, software engineering), while the remaining
15 came from other disciplines. On average, partic-
ipants spent 61.45 minutes completing the experi-
ment. Each participant was compensated with 40
RMB (approximately $5.5), which is nearly double
the minimum hourly wage in China.

4 Hypotheses

We aim to understand hallucinations in QA by ex-
amining how humans correct answers that contain
factual errors. As an initial step, we are primarily
interested in the factors that influence how people
revise answers produced by LLM-based QA sys-
tems. We are also interested in the effectiveness
of rewriting as a method for understanding hal-
lucinations, in comparison to span-labelling. To
answer these two research questions, we form the
following hypotheses.

First, we gave participants access to two exter-
nal tools: Google and GPT-40. As noted by Ni
et al. (2024), LLMs are effective tools for assisting

3For simplicity, we used the term “ChatGPT”, though GPT-
40 was actually used.

in hallucination annotation. Compared to search
engines like Google, LLMs have a stronger abil-
ity to interpret annotators’ queries, reducing the
need for careful query formulation, and to sum-
marise the most relevant information from retrieved
sources, thereby streamlining the fact-checking pro-
cess. Based on this, our first hypothesis (referred
to as hypothesis H) was that, compared to partici-
pants using Google for fact-checking, those using
GPT-40 would: (1) correct answers more quickly,
as measured by the time spent revising a given num-
ber of answers; (2) identify more hallucinations, as
indicated by the number of tokens deleted from the
original answers; and (3) add more information, as
measured by the number of tokens inserted into the
revised answers.

Second, intuitively, participants with a back-
ground in computer science or artificial intelligence
may be likely have a better understanding of hal-
lucinations and greater proficiency with tools such
as Google and GPT-40. Accordingly, we expected
these participants to: (1) complete the task more
quickly, (2) identify more hallucinations, and (3)
add more information to the revised answers (re-
ferred to as hypothesis Hs).

Third, the openness of a question may influ-
ence how participants correct the answer. Closed-
ended questions (e.g., “What countries are there
in the Americas?") typically require concrete, fact-
based answers, such as lists of entities, that are rel-
atively easy to verify. In contrast, open-ended ques-
tions (e.g., “What is the history of America?") tend
to elicit narrative responses that integrate diverse
types of information, making fact-checking more
complex. Thus, it seems plausible to hypothesise
that, compared to closed-ended questions, rewrit-
ings in response to open-ended questions would in-
volve: (1) more identified hallucinations, (2) more
added information, and (3) lower inter-annotator
agreement (referred to as hypothesis H3).

Finally, as discussed in the introduction,
we hoped that, compared to conventional
span—labelling—based hallucination annotation,
rewriting would help annotators remain more en-
gaged and focused. Based on this assumption, we
anticipated that rewriting would lead annotators
to: (1) identify more hallucinations, (2) add more
information, and (3) achieve higher inter-annotator
agreement (referred to as hypothesis Hy).
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"qid": 1,
"uid": 1,
"question”:

in independent cinema at the time.",

film <ins>Lights Out</ins>."

"What is David Sandberg's directorial debut?”
"original_answer”: "David Sandberg's directorial debut was the 1993 film Sex, Lies, and
Videotape. This film won the Palme d'Or at the Cannes Film Festival and became a milestone

"modified_answer"”: "David Sandberg's directorial debut was the 2016 film Lights Out.",
"original_with_deletions”: "David Sandberg's directorial debut was the <del>1993</del>
film <del>Sex, Lies, and Videotape</del>. <del>This film won the Palme d'Or at the Cannes
Film Festival and became a milestone in independent cinema at the time.</del>",

"modified_with_insertions”: "David Sandberg's directorial debut was the <ins>2016</ins>

Figure 1: An example of a post-processed data entry (translated from Chinese).

5 Data Post-processing

To test the hypotheses in Section 4 and enable
further research based on our dataset, we post-
processed the recorded rewriting operations and
computed Inter-Annotator Agreements (IAA). The
processed data is available at: https://github.
com/a-quei/hallucination-rewriting.git.

Extracting Rewriting Operations. To identify
which tokens were considered hallucinations (i.e.,
deleted by participants) and what information was
added to produce a corrected answer, we devel-
oped scripts to extract deletion and insertion opera-
tions from the revision records generated by WPS
Word’s revision mode.

All extracted information was saved into a JSON
file, with each entry, an example of which is shown
in Figure 1, representing the complete set of rewrit-
ing operations performed by one participant on a
single answer. Each entry contains the following
seven fields: (1) “qid”: the question ID; (2) “uid™:
the participant ID; (3) “question”: the question text;
(4) “original_answer”: the answer before rewriting;
(5) “modified_answer”: the answer after rewriting;
(6) “original_with_deletions”: the original answer
with deleted tokens marked using <del> </del>
tags; (7) “modified_with_insertions”: the revised
answer with inserted tokens marked using <ins>
</ins> tags. There are 600 entries in total.

Annotating Openness. In hypothesis 3, we
suggested that rewriting behaviour may be strongly
influenced by whether a question is open-ended or
closed-ended. In this study, based on the questions
in Mu-SHROOM, we operationally defined closed-
ended questions as those that can be answered with
a concrete, finite set of entities or numbers, for
example, a list of movies or countries. All other
questions were categorised as open-ended.

The first two authors of this paper independently
annotated all 150 questions and resolved any dis-
agreements through discussion. This process re-
sulted in 59 open-ended questions and 91 closed-
ended questions.

Although the questions in Mu-SHROOM were
designed to be “closed” to specific Wikipedia pages
(i.e., the answer to the question is contained in
the page; see Section 2), they are not necessarily
closed-ended. For example, the question “What is
the history of America?" can indeed be answered
using content from the Wikipedia page on America,
but it still qualifies as an open-ended question.

Inter-Annotator Agreement.
Hs and H4 referred to IAA.

Given an answer, our focus was on annotators’
agreement regarding which content should be con-
sidered hallucinations (and thus subject to rewrit-
ing) rather than on what information should be
added in the revised answer. Therefore, we mea-
sured IAA based solely on deletion operations, not
insertion operations.

We did not adopt the Intersection over Union
(IoU) metric used by Vézquez et al. (2025), which
roughly measures the overlap between two anno-
tations. This is because IoU disregards unmarked
tokens (i.e., tokens that are not labelled as hallu-
cinations) when computing IAA, and it does not
generalise well to settings with more than two an-
notators. Instead, we computed the token-level
observed agreement, which is in fact the binary
version of Fleiss’ « (Fleiss, 1971). Formally, for
the token ¢, the agreement a; is defined as:

_ k:z(n — kz)
n(n—1)/2

Both hypotheses

ey

a; =

where k; is the number of annotators who annotate
token ¢, and n is the total number of annotators.
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In this way, the agreement is 1 (i.e., 100%) when
all annotators agree to mark or not mark the token.
Then, the agreement of annotating an answer A; is
the average of the agreements of all tokens in it:

1 N
Aj=— a 2
; Nj;“ 2)

where N; is the number of tokens in answer j.
Using this approach, the average agreement of our
experiment is 79.61%.

6 Results

Here we report on our testing of the four hypotheses
we put forward in Section 4.

6.1 The impact of Tool Use and Background

Our first two hypotheses (i.e., 1 and H3) pro-
posed that two key factors influence how humans
correct hallucinations in QA: (1) tool use, specifi-
cally whether participants use Google or GPT-40
for fact-checking assistance; and (2) background,
referring to whether participants have a background
in computer science or artificial intelligence (here-
after CS) or not (hereafter non-CS).

Figure 2 shows how tool use and participant
background affect three aspects of rewriting be-
haviour: (1) the time spent completing the task; (2)
the amount of hallucinations identified, measured
by the number of deletions; and (3) the amount
of added information, measured by the number of
insertions. We used independent-samples t-tests
to assess whether these effects were statistically
significant.

Contrary to our expectations in H;, the results
for tool use showed no significant differences. Par-
ticipants spent a comparable amount of time com-
pleting the rewritings using GPT-40 (M=61.10,
SD=15.29) and Google (M=61.80, SD=11.62);
the difference was not statistically significant (t=-
0.163, p=0.874). Similarly, GPT-40 did not lead
to significantly more identified hallucinations (t=-
0.573, p=.570) or more added information (t=-
0.419, p=.677) compared to Google. In fact, partic-
ipants using Google identified slightly more hallu-
cinations (M=3666.75, SD=1310.11) than those
using GPT-40 (M=3441.85, SD=1170.09), and
also added slightly more information (Google:
M=1694.80, SD=999.42; GPT-40: M=1574.85,
SD=797.75). One possible explanation is that par-
ticipants were more accustomed to using search

engines like Google as knowledge acquisition tools
than LLMs such as GPT-4o.

Regarding participant background, the results
again ran counter to our expectations in . Par-
ticipants with a CS background identified sig-
nificantly fewer hallucinated tokens (M=3246.16,
SD=1226.28) than those without a CS background
(M=4067.87, SD=1092.51, t=-2.198, p=.035). A
possible explanation is that most non-CS partici-
pants had a background in the humanities, while
many of the questions in Mu-SHROOM pertain to
topics such as history or art—areas more closely
aligned with the humanities. In other words, al-
though non-CS participants may have been less
familiar with computational tools, they were likely
more familiar with the subject matter of the ques-
tions. We also found that CS and non-CS partici-
pants spent a similar amount of time completing the
task (t=0.670, p=.507) and inserted a comparable
number of tokens into their rewritings (t=-0.042,
p=.967).

6.2 Open-ended vs. Close-ended Questions

Hypothesis H3 mentioned the impact of ques-
tion types on the rewriting behaviours: it argued
that rewritings for open-ended questions may have
more identified hallucinations, more added infor-
mation and lower IAA. Since IAA scores computed
using observed agreement are not normally dis-
tributed, we used the Mann—Whitney U for this
hypothesis.

In line with our expectation, corrections to an-
swers for open-ended questions contained signifi-
cantly more insertions than those for closed-ended
questions (U=1786.5, p<.001), suggesting that par-
ticipants tended to add more information when ad-
dressing open-ended questions, likely due to their
greater complexity.

We did not observe a significant effect of ques-
tion openness on either inter-annotator agreement
(U=2824, p=.593) or the number of identified hallu-
cinations (U=2509, p=.501). This may be because,
compared to closed-ended questions, answers to
open-ended questions do not necessarily contain
more factual errors, and therefore do not inherently
pose greater challenges for fact-checking.

6.3 Role-labelling vs. Rewriting

We proposed using rewriting as a method for an-
notating hallucinations with the expectation that it
would help annotators remain more focused. Ac-
cordingly, in H4, we hypothesised that rewriting
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Figure 2: Relationships between Tool Use/Background and (1) time spent to complete the task; (2) the number of

deleted tokens; and (3) the number of inserted tokens.

would lead to higher IAA and more identified hallu-
cinations compared to conventional span-labelling
(as in Mu-SHROOM). To test this hypothesis, we
compared the two approaches along these two di-
mensions.

In Mu-SHROOM, a token is considered hallu-
cinated if the proportion of annotators who label
it as such exceeds a specified agreement threshold.
By default, this threshold is set to 50% (see Sec-
tion 2 for details). We adopted this approach in
our rewriting experiment: a token is considered a
hallucination if the proportion of annotators who
chose to edit it exceeds a given agreement thresh-
old. To enable a systematic comparison between
hallucinations annotated via our rewriting approach
and those identified through span-labeling in Mu-
SHROOM, we evaluated three agreement thresh-
olds, 50%, 75%, and 100%, where 100% indicates
that a token is considered hallucinated only if all
annotators agreed.

Table 3 presents the average number of halluci-
nations (averaged over the 150 answers) identified
using either span-labelling or rewriting under three
agreement thresholds. In line with our expectation
in ‘Hy4, paired t-tests confirmed that rewriting led
to significantly more identified hallucinations at
all thresholds: 100% (t = -7.997, p < .001), 75%
(t =-9.239, p < .001), and 50% (t = -6.312, p <
.001). These results suggest that rewriting helps
annotators remain more focused, thereby enabling
them to detect more hallucinations.

100% 75% 50%
Span-labelling  30.20 87.25 195.10
Rewriting 156.75 225.66 269.18

Table 3: Average number of tokens identified as hallu-
cinations using span-labelling and rewriting, evaluated
under different agreement thresholds.

Additionally, the results show that the number
of identified hallucinated tokens is less sensitive
to changes in the agreement threshold when using
rewriting compared to span-labelling. Even under
the strictest threshold of 100%, participants using
rewriting still identified an average of 156.75 hallu-
cinated tokens, substantially higher than the 30.20
tokens identified through span-labelling. This sug-
gests that rewriting not only helps participants iden-
tify more hallucinations overall, but also leads to
more consistent annotation across annotators.

To further analyse IAA quantitatively, we
adapted the IAA computation described in Sec-
tion 5 to the Mu-SHROOM dataset using its soft
labels. Specifically, the soft label of token 7 repre-
sents the probability p; of this token being marked
as hallucinated, i.e., p; = k;/n. Equation 1 can be
written as:

~ 2npi(1 —pi)
n—1

3

(IZ':1

Equation 2 was used to measure the IAA of each
answer in Mu-SHROOM.
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Table 4: Hallucination annotations of the example QA pair in Table 1 using Rewriting and Span-labelling with
different agreement threshold. See Table 1 for the English translations.

A Wilcoxon Signed-Rank Test confirms that
rewriting (M=0.756) leads to a significantly higher
IAA than span-labelling (M=0.462, p<.001), which
is again consistent with our hypothesis H4.

A Case Study. To further illustrate the differ-
ences in annotation outcomes, Table 4 presents
how the example in Table 1 was annotated using
both rewriting and span-labelling, under varying
agreement thresholds.

Focusing on the annotations from rewriting, we
observed that the results remained relatively sta-
ble when increasing the agreement threshold from
50% to 100%. Only two major changes emerged:
(1) Some participants did not edit the phrase “%
%17 h7 5K (Andrei Konchalovsky) * due to
disagreement over the correctness of the translitera-
tion. This arose because the question (see Table 1)
used a slightly different version: “Zf=¥. 57 H7 K
JE 77, Some participants considered the discrep-
ancy a hallucination, while others did not. (2) One
participant failed to identify the phrase “ (%'t
FFE)  (20114F) ” as hallucinated, resulting in
its exclusion from the annotation when the agree-
ment threshold was raised to 100%. Encouragingly,
all participants consistently identified the halluci-
nations associated with the degenerated content
(i.e., the text following “(18% H \)”), suggesting
a strong shared understanding in such cases.

In contrast, when using span-labeling for hal-
lucination annotation, we observed several limita-
tions: (1) under a high agreement threshold (i.e.,

100%), only a small number of tokens were an-
notated as hallucinated; (2) under a low threshold
(i.e., 50%), some factual content was incorrectly
marked, for example, “ffi] 7 (indicating that An-
drei Konchalovsky was a film producer), which
is actually accurate; (3) there were numerous an-
notation inconsistencies, such as whether to label
symbols like “%” and *)”; and (4) a few annotators
failed to recognize hallucinations caused by degen-
erated text, resulting in their exclusion when the
agreement threshold was set to 100%.

This comparison highlights that, compared to
span-labelling, rewriting yields hallucination anno-
tations that are more accurate, more consistent, and
more comprehensive.

7 Conclusion

This paper proposes rewriting as a new lens through
which to observe hallucinations in open-ended
question answering. By instructing annotators to re-
vise LLM-generated answers directly, while track-
ing their edits, we obtained a corpus that not only
highlights hallucinated content but also reveals how
such content is corrected. We then analysed factors
that may influence rewriting behaviours. Contrary
to expectations, the choice of fact-checking tool
(Google vs. GPT-40) and participants’ technical
background had limited impact on annotation qual-
ity, while question openness primarily affected the
amount of added information. Compared to tra-
ditional span-labelling-based hallucination anno-
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tation, our analyses show that rewriting leads to
the identification of more hallucinations and yields
higher inter-annotator agreement. These findings
suggest that rewriting encourages more engaged
and consistent annotation, making it a promising
alternative for the creation of datasets that can en-
hance the research community’s understanding of
hallucination in NLG, not only in Question An-
swering but potentially in other NLG tasks as well.

Limitations

While this paper introduces rewriting as a novel
framework for understanding hallucinations in
open-ended QA, our focus has primarily been on
presenting the experimental design and analysing
rewriting behaviour at a high level. We have not
yet conducted an in-depth content analysis of what
types of information were marked as hallucinated
and subsequently deleted, nor what kinds of factual
content were added during rewriting. Such qual-
itative and semantic analyses would be valuable
for understanding the nature of hallucinations more
precisely. It would also be useful to distinguish
hallucination from over-specification (Chen and
van Deemter, 2023)—that is, cases where a model
introduces unnecessary detail that may be factually
correct but exceeds the contextual requirements.
Differentiating these phenomena could sharpen our
analyses and support the development of a more
precise taxonomy of model errors.

Moreover, in our current framework, we approx-
imate hallucinations as the content that annotators
deleted during rewriting. This assumption, while
practical for analysis, is imperfect. In principle, a
hallucination could also be corrected through inser-
tion (e.g., by clarifying or qualifying an existing
claim without removing it). However, upon in-
specting our corpus, we found no clear instances of
hallucinations being corrected solely via insertions,
suggesting that our analyses in this work are valid.

Finally, our quantitative analysis focused more
heavily on deletions than insertions. While dele-
tions offer a clearer signal of hallucination detec-
tion, insertions may capture important nuances in
how annotators choose to revise or expand answers.
Future work should investigate the interplay be-
tween deletions and insertions to develop a more
comprehensive understanding of hallucination cor-
rection strategies.
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