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Abstract

Large Language Models deployed for biomedical text simplification frequently produce overgeneration: extraneous
content appended beyond the faithful simplification, including leaked model instructions, ungrounded medical
claims, and repetitive or redundant text. Despite its prevalence, this failure mode remains largely unaddressed. We
present a benchmark for document-level overgeneration detection, releasing two resources: SimpleOG-manual,
500 abstract-level examples with human-validated positive labels, and SimpleOG-auto, over 46,000 automatically
labeled abstract-level examples derived from submissions to the CLEF 2025 SimpleText Track. Our method exploits
the positional regularity of overgeneration in simplification output through sequence alignment, identifying trailing
content that lacks a corresponding segment in the source. Human validation of 117 automatically flagged positives
confirms ∼95% precision, with leaked model instructions accounting for 75.7% of confirmed cases. Analysis across
teams and models reveals that overgeneration is primarily driven by system-level choices, such as prompting and
post-processing, rather than by model architecture. We evaluate three detection paradigms and find that sentence
similarity (F1 = 0.732, ROC-AUC = 0.921) surprisingly outperforms both NLI-based and LLM-based approaches,
suggesting that overgenerated content occupies distinct semantic regions from source material.

Lay Summary: We investigate a common failure of AI models used for simplifying or summarizing scien-
tific text: overgeneration, where models add extraneous content such as leaked instructions, ungrounded statements,
or repetitive text that is not supported by the source. We introduce a benchmark for document-level overgeneration
detection and release two resources: SimpleOG-manual, 500 abstract-level examples with human-validated positive
labels, and SimpleOG-auto, over 46,000 automatically labeled abstract-level examples derived from CLEF SimpleText
2025 Track submissions.
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1. Introduction

Large Language Models (LLMs) have become the
dominant approach to text simplification, offering
the ability to transform complex technical content
into accessible language while aiming to preserve
semantic fidelity (Li et al., 2024). This capabil-
ity is particularly critical in the biomedical domain,
where dense clinical literature remains difficult to
understand for patients and the general public. The
SimpleText shared task at CLEF (Ermakova et al.,
2025) has driven this research forward, with the
Cochrane Library (Bakker and Kamps, 2024), a
collection of high-quality, evidence-based system-
atic reviews, as its primary testbed (Bakker and
Kamps, 2024, 2025). The 2025 iteration chal-
lenged participants to simplify these abstracts using
systems ranging from fine-tuned encoder-decoder
models (BART, T5) to state-of-the-art LLMs (GPT-4,
LLaMA-3, Gemini, Mistral).

However, deploying LLMs for text simplification
introduces a critical but understudied failure mode:
hallucination. While hallucination has been exten-
sively investigated in abstractive summarization
(Maynez et al., 2020; Kryscinski et al., 2020) and
question answering (Li et al., 2023), its manifesta-
tion in text simplification remains largely unexplored.

Unlike summarization, where the model must com-
press and select information, simplification requires
preserving the full semantic content while trans-
forming linguistic complexity. This fundamental
difference creates a distinct failure profile: rather
than fabricating facts within the output, simplifica-
tion models predominantly exhibit overgeneration,
appending extraneous content such as leaked in-
structions, unsolicited advice, or ungrounded elab-
orations beyond the faithful simplification. While
overgeneration falls under the broader umbrella of
hallucination, the two differ operationally: hallucina-
tion detection typically targets factual contradictions
or unsupported claims within the generated text,
whereas overgeneration detection targets extrane-
ous content appended beyond the faithful output.
We focus on the latter, which we detect via posi-
tional analysis of trailing content (Section 3.2). Fig-
ure 1 illustrates this at the abstract level: a model
faithfully simplifies all three source sentences but
leaks its internal strategy between them.

Through automatic analysis of over 707,000
sentence-level simplification pairs from Simple-
Text 2025 submissions, we sampled 500 abstract-
level examples into a curated test set (SimpleOG-
manual), of which 117 were automatically flagged
as positive by our trailing-content method. Man-
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Abstract-level overgeneration example
Source: “The functionality of the Internet and the
World Wide Web is determined in large part by the
standards that allow for interoperable
implementations, as a result, the privacy of our
online interactions depends on the work done within
standard-setting organizations. But how do the
organizational structure and processes of these
multistakeholder groups affect the engineering of
values such as privacy? This paper reviews the
history of considerations for security and privacy in
Internet and Web standard-setting, the impact of
Snowden surveillance revelations and reactions to
them, and some trends in how we review for privacy
in Internet and Web standards.”
Prediction: “The internet’s functionality and privacy
depend on standards set by certain organizations. (I
chose ‘rephrase’ as the internal simplification
strategy) How do the groups that set Internet
standards impact privacy. This paper looks at how
privacy and security are considered when creating
Internet standards.”

Strikethrough = deletion Green = insertion Red =
trailing content

Figure 1: Abstract-level overgeneration: a 3-
sentence source is simplified correctly, but the
model leaks its internal strategy between sentences
1 and 2 (red). Annotations show token-level align-
ment.

ual review of these 117 positives confirmed 111
as true overgeneration (∼95% precision), reveal-
ing four primary categories: leaked model instruc-
tions (75.7%), ungrounded information injection,
repetitive content, and other failures with leaked
instructions as the dominant pattern (discussed in
Section 4). We term these extraneous additions
the “chatter” problem: content that, while often
linguistically fluent, violates the fundamental faith-
fulness requirement of text simplification. We also
observed instances of factual distortion during qual-
itative analysis, where models alter numbers or
invert relationships within the simplified text itself;
this falls outside the scope of our trailing-content
method and remains an important direction for fu-
ture annotation.

In this paper, we present two contributions: (1) A
benchmark for detecting overgeneration in biomed-
ical text simplification at the abstract level, released
as two resources: SimpleOG-manual (500 ex-
amples with human-validated positive labels) and
SimpleOG-auto (over 46,000 automatically labeled
abstract-level examples from 666 source abstracts
across all system runs). We exploit the sentence-
level structure of shared task submissions to con-
struct reliable automatic labels via trailing-content
detection at the sentence level, then aggregate to

the document level: an abstract is labeled positive
if any of its constituent sentences contains overgen-
eration (Section 3). (2) A comparative evaluation of
three detection paradigms (sentence similarity, nat-
ural language inference, and LLM-based classifica-
tion), finding that, surprisingly, sentence similarity
outperforms both more complex approaches.1

2. Related Work

Hallucination in NLG. Factual inconsistency in
neural text generation has been primarily studied
in abstractive summarization. Maynez et al. (2020)
provided a comprehensive analysis of faithfulness
errors in summaries, distinguishing intrinsic hal-
lucinations (contradicting the source) from extrin-
sic ones (introducing unsupported content). Auto-
mated detection methods include FactCC, a BERT-
based entailment model trained on synthetic data
(Kryscinski et al., 2020), and SummaC, which re-
frames consistency checking as an NLI task ap-
plied at the sentence level (Laban et al., 2022).
The evaluation of FactCC (Kryscinski et al., 2020),
QAGS (Wang et al., 2020), FEQA (Durmus et al.,
2020), and FactAcc (Goodrich et al., 2019) mea-
sures on the TRUE (Honovich et al., 2022) bench-
mark, which aggregates 11 such datasets covering
summarization, dialogue, paraphrasing, and fact
verification, showed low F1 and AUPRC (Vendeville
et al., 2025). For LLM outputs more broadly, Li et al.
(2023) introduced HaluEval, a benchmark covering
hallucinations in QA, dialogue, and summarization.
However, all these resources target summarization
or general-purpose generation. Text simplification,
where rephrasing and synonym substitution are
expected rather than erroneous, poses distinct de-
tection challenges that these tools do not address.
In particular, overgeneration in simplification often
follows a recognisable positional pattern, with extra-
neous content appearing as trailing material after
the faithful output, which enables detection through
alignment-based methods that complement the en-
tailment and classification approaches used for gen-
eral hallucination.

Text Simplification Evaluation. Standard evalu-
ation of text simplification relies on metrics such as
SARI (Xu et al., 2016), which measures the qual-
ity of lexical edits (additions, deletions, and kept
words) against reference simplifications. While
SARI captures simplification quality, it does not
assess faithfulness to the source. Davari et al.
(2024) showed that automatic measures such as
BERTScore (Zhang et al., 2020), BETS (Zhao et al.,
2023), BLEU (Papineni et al., 2002), SARI (Xu et al.,

1Code and data are available at https://github.com/
chakarberkay/og-benchmark.

https://github.com/chakarberkay/og-benchmark
https://github.com/chakarberkay/og-benchmark
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2016), FKGL (Kincaid et al., 1975), LENS (Mad-
dela et al., 2023), and others have low correlation
with humanly annotated meaning preservation on
9 datasets. A detailed taxonomy of errors in text
simplification were proposed in the SALTED bench-
mark (Vendeville et al., 2025). The evaluation of
FactCC (Kryscinski et al., 2020), QAGS (Wang
et al., 2020), FEQA (Durmus et al., 2020), and
FactAcc (Goodrich et al., 2019) measures on this
dataset showed low F1 and AUPRC (Vendeville
et al., 2025). The most directly related work is De-
varaj et al. (2022), who introduced a taxonomy of
factuality errors in text simplification (insertion, dele-
tion, and substitution) and found that such errors
are common yet uncaptured by existing metrics.
Our work extends this direction in two ways: we
focus specifically on overgeneration (trailing con-
tent) rather than within-text factual errors, and we
construct an automatically labeled benchmark from
a large pool of shared task submissions rather than
relying on manual annotation alone.

SimpleText Shared Task. The SimpleText track
at CLEF (Ermakova et al., 2025) promotes research
on making scientific texts accessible. Task 1 ad-
dresses sentence-level and document-level simpli-
fication of biomedical abstracts from the Cochrane
Library, using the Cochrane-auto corpus (Bakker
and Kamps, 2024). Our benchmark is built from
the 2025 edition of Task 1 submissions, which intro-
duced a Task 2.3: detecting overgeneration in the
simplified outputs. This adds a faithfulness eval-
uation dimension that complements the existing
quality-oriented metrics used in the shared task.

3. Dataset Construction

3.1. Source Data

Our dataset is built from submissions to the Sim-
pleText 2025 shared task (Ermakova et al., 2025)
(Task 1.1), which requires sentence-level simplifi-
cation of biomedical abstracts from the Cochrane
Library. The source data consists of 666 abstracts
comprising 9,160 sentences drawn from system-
atic reviews. Participating teams submitted sim-
plified versions using a range of models: LLaMA-
3, GPT-4, GPT-3.5, BART, T5, Gemini, and Mis-
tral. In total, we processed 707,898 sentence-level
pairs, each consisting of a source sentence and
the corresponding simplification produced by one
system, from 70 system runs across 15 teams.
While reference simplifications are available for
the source data (enabling evaluation with standard
metrics such as SARI (Xu et al., 2016)), we focus
on reference-free overgeneration detection, as our
goal is to identify extraneous content rather than

Statistic Value

Source abstracts 666
Source sentences 9,160
System runs 70
Sentence-level pairs 707,898

SimpleOG-auto (abstract-level) ∼46,000
SimpleOG-manual (abstract-level) 500

Table 1: Source data and dataset overview.

assess overall simplification quality. Table 1 sum-
marises the source data.

3.2. Trailing-Content Detection
Our key observation is that overgeneration in text
simplification frequently manifests as trailing con-
tent, text appended after the legitimate simplifi-
cation that has no corresponding segment in the
source. We exploit this positional regularity through
a sequence alignment algorithm, noting that our
method does not capture mid-text overgeneration
(e.g., inserted clauses), which we leave to future
work.

Algorithm. Given a source sentence and its
simplified prediction, we (1) tokenize both us-
ing NLTK2 word_tokenize, (2) align them with
difflib.SequenceMatcher3 to find the longest con-
tiguous matching blocks, and (3) identify any un-
matched prediction tokens that appear after the
final aligned block as trailing content. Tokens that
do not have matches are classified as:

• Deletions (source tokens absent from predic-
tion): expected in simplification, where com-
plex details are removed.

• Mid-text insertions (prediction tokens with fur-
ther matches ahead): expected, as rephrasing
introduces new wording.

• Trailing content (prediction tokens after the
final alignment match): overgeneration candi-
date.

Not all trailing content constitutes overgenera-
tion: short trailing spans often arise from align-
ment noise rather than genuine extraneous content.
Manual inspection of 30 randomly sampled trailing
segments revealed that spans below 25 charac-
ters consisted almost entirely of punctuation differ-
ences, formatting artifacts, or a few word additions
from rephrasing that do not constitute meaningful

2https://www.nltk.org/
3https://github.com/python/cpython/blob/3.14/

Lib/difflib.py

https://www.nltk.org/
https://github.com/python/cpython/blob/3.14/Lib/difflib.py
https://github.com/python/cpython/blob/3.14/Lib/difflib.py
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Example 1: Leaked model instructions
Source: “Thus, implementing crowdsourcing
applications while preserving the privacy of workers’
location is a key issue that needs to be tackled.”
Prediction: “A key issue is keeping workers’
locations private while using crowdsourcing apps.
(I chose ‘rephrase’ as the internal simplification strat-
egy)

Trailing content: 59 chars ≥ 25 → overgeneration

Example 2: Ungrounded information injection
Source: “SGLT2 inhibitors with or without other
background treatments were compared to placebo,
standard care, sulfonylurea, DPP-4 inhibitors, or
insulin.”
Prediction: “Medicines called SGLT2 inhibitors
were compared to a fake treatment (placebo), usual
treatment, sulfonylurea [. . . ], or insulin
(a hormone that controls blood sugar) .
These comparisons were made whether or not the
patients were also taking other medicines.

Trailing content: 89 chars ≥ 25 → overgeneration

Strikethrough = deletion Green = insertion Red
= trailing content

Figure 2: Overgeneration examples from the
dataset. Example 1 shows leaked task instructions;
Example 2 shows a plausible but unsupported med-
ical statement. Annotations illustrate the three to-
ken classifications from our alignment algorithm.

overgeneration. At or above 25 characters, trailing
spans consistently contained recognisable over-
generation closer to full-sentence material, such
as leaked instruction fragments or injected claims.
We therefore apply a character-length threshold of
25 to separate noise from substantive trailing con-
tent. Spans below the threshold are retained in the
data but not labeled as overgeneration; spans at or
above the threshold are labeled as overgeneration
candidates. We note that this threshold was cali-
brated for English biomedical text and may require
adjustment for other languages or domains. Fig-
ure 2 illustrates this process on two real examples
from our dataset.

3.3. Document-Level Aggregation
Although the shared task submissions are
sentence-level, our benchmark targets document-
level overgeneration detection: given a full source
abstract and its simplified version, the task is to
determine whether the simplification contains
overgeneration. We exploit the sentence-level
structure solely for automatic label construction,
where detecting trailing content is most reliable.
We then stitch sentence-level detections into

Model Count Pos. Rate

LLaMA-3-8b 179 71 39.7%
LLaMA-3-70b 159 29 18.2%
BART 67 1 1.5%
Mistral 32 3 9.4%
Gemini 27 3 11.1%
GPT-4 21 0 0.0%
GPT-3.5 8 0 0.0%
T5 7 4 57.1%
Total 500 111 22.2%

Table 2: Dataset distribution by model family. Over-
generation rates vary from 0% (GPT-3.5, GPT-4)
to 57.1% (T5).

document-level labels: an abstract is labeled
positive if any of its constituent sentences con-
tains overgeneration. This OR-rule is deliberately
strict: even a single overgenerated sentence
renders the entire abstract positive. While this
loses severity gradation (a minor trailing phrase
is weighted equally to a full injected paragraph),
we argue that any unsupported content in a
biomedical simplification is potentially misleading
and warrants flagging. We note that sentence-level
false positives propagate to the document level
under this rule, but the high precision of our
trailing-content method (∼95%, Section 4) limits
this effect in practice. The benchmark also
provides sentence-level annotations, enabling
future work on graded or severity-aware detection.

3.4. Sampling and Statistics
The full processing yields automatic overgenera-
tion labels for 666 source abstracts across 70 sys-
tem runs. Each (abstract, system-run) pair consti-
tutes one example, producing over 46,000 abstract-
level examples. We release this data as two re-
sources: SimpleOG-auto, the complete pool of
automatically labeled abstract-level examples, and
SimpleOG-manual, a stratified sample of 500 ex-
amples in which all positive labels have been man-
ually verified (Section 4). Table 2 reports the distri-
bution by model family.

4. Human Validation

Of the 500 examples in SimpleOG-manual, our
trailing-content method labeled 117 as positive and
383 as negative. We manually reviewed all 117
positives to assess labeling precision. Of these,
111 were confirmed as true overgeneration (∼95%
precision), while 6 were false positives caused by
paraphrases that happened to exceed the trailing-
content threshold. Negative labels were not inde-
pendently verified, which we acknowledge as a
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Category Count %

Leaked model instructions 84 75.7%
Ungrounded info. injection 18 16.2%
Repetitive content 5 4.5%
Other failures 4 3.6%
Total confirmed 111 100%

Table 3: Distribution of overgeneration categories
among the 111 confirmed positive examples.

limitation: other types of information distortion that
do not manifest as trailing content (e.g., factual dis-
tortion) may be present among the 383 negatively
labeled examples.

Among the 111 confirmed cases, we identified
four overgeneration categories:

1. Leaked Model Instructions: LLMs leak their
internal task framing into the output, produc-
ing fragments such as “Here is the simplified
version:” or “Rephrase:”.

2. Ungrounded Information Injection: Models
inject content from parametric knowledge not
present in the source, including unsupported
elaborations and misinterpreted abbreviations.

3. Repetitive Content: Degenerate outputs con-
taining repeated words, phrases, or entire sen-
tences.

4. Other Failures: Unfinished or contextually un-
related sentences and model generation fail-
ures.

The relative frequency is shown in Table 3, and the
majority of cases are leaked model instructions.

Our main interest is in document-level overgen-
eration detection. We exploit the fact that over-
generation identification via source attribution is
viable for sentence-aligned data, enabling large-
scale automatic labeling with minimal human su-
pervision. This yields both SimpleOG-auto, a large
pool of weakly labeled training data, and SimpleOG-
manual, a smaller test set with human-validated
positive labels. Figure 3 shows a full simplified
Cochrane abstract in which a single leaked model
instruction is embedded among 25 sentences of
otherwise faithful medical text, illustrating the diffi-
culty of document-level detection.

5. Baseline Experiments

To establish reference performance on our bench-
mark, we evaluate three detection paradigms: sen-
tence similarity, natural language inference (NLI),
and LLM-based classification. Recall that the data
is presented at the document or abstract level, and

that predictions contain many sentences (see Fig-
ure 3). All three methods share the same sentence-
level strategy: the prediction is split into sentences,
and the source is chunked if needed. Each predic-
tion sentence is scored against all source chunks,
and the most supportive chunk determines the sen-
tence score. The document-level score is the max-
imum hallucination score across all prediction sen-
tences; if any sentence is unsupported, the doc-
ument is flagged. For methods that produce con-
tinuous scores, we tune the decision threshold to
maximize F1 on the test set. We emphasize that
this yields optimistic estimates and report it as an
explicit limitation.

5.1. Methods

Sentence Similarity. We encode sentences us-
ing all-mpnet-base-v2 (Reimers and Gurevych,
2019). For each prediction sentence, we compute
its maximum cosine similarity to any source sen-
tence. The hallucination score is 1−max_sim, and
the document score is the maximum across predic-
tion sentences. The intuition is that overgeneration
introduces semantically distant content. At the op-
timal F1 threshold (τ = 0.73), documents with a
hallucination score ≥ 0.73 are classified as contain-
ing overgeneration. For example, issues such as
"Leaked Model Instructions" can lead to sentences
that differ significantly from those in the source.

NLI Entailment. We use DeBERTa-v3-large fine-
tuned on multi-genre NLI data (Laurer et al., 2024).
The source is chunked (max 1,500 characters) to
fit within the 512-token input limit. For each predic-
tion sentence, we compute the entailment proba-
bility against every source chunk (source chunk as
premise, prediction sentence as hypothesis) and re-
tain the maximum entailment score across chunks,
reflecting whether any part of the source supports
the prediction. The sentence hallucination score is
1 − max_entailment. The optimal F1 threshold is
τ = 0.59.

LLM Classification. We prompt LLaMA-3-8B
(Grattafiori et al., 2024) via Ollama (Ollama, 2024)
in two settings: zero-shot and few-shot (with 6 la-
beled examples covering both positive and nega-
tive cases). The source is chunked (max 2,000
characters), and for each prediction sentence, we
query the LLM with every source chunk, asking
whether the simplified sentence contains content
not present in the source. A sentence is consid-
ered supported if any chunk returns a YES judg-
ment; it is flagged as unsupported only if all chunks
return NO. The binary judgment is parsed into a
confidence score: responses starting with “YES”
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Document-level example — Simplified Cochrane abstract (CD014920).
Source: “We included three RCTs ( 1144 participants). Participants were randomised to receive either
preoperative coronary revascularisation with PCI or CABG plus usual care or only usual care before major
vascular surgery. One trial enrolled participants if they had no apparent evidence of coronary artery disease.
Another trial selected participants classified as high risk for coronary disease through preoperative clinical and
laboratorial testing. We excluded one trial from the meta-analysis because participants from both the control and
the intervention groups were eligible to undergo preoperative coronary revascularisation. We identified a high
risk of performance bias in all included trials, with one trial displaying a high risk of other bias. However, the risk
of bias was either low or unclear in other domains. We observed no difference between groups for perioperative
acute myocardial infarction, but the evidence is very uncertain. One trial showed a reduction in incidence of
long-term acute myocardial infarction in participants allocated to the preoperative coronary interventions plus
usual care group, but the evidence was very uncertain. There was little to no effect on all-cause mortality in the
perioperative period, but the evidence is very uncertain. The evidence is very uncertain about the effect of
preoperative coronary interventions on long-term all-cause mortality. One study reported no adverse effects
related to coronary angiography, whereas the other two studies reported five deaths due to revascularisations.
There may be no effect on cardiovascular mortality in the short term. Preoperative coronary interventions plus
usual care in the short term may reduce length of hospital stay slightly. We downgraded the certainty of the
evidence due to concerns about risk of bias, imprecision, and inconsistency. None of the included trials reported
on quality of life or vessel graft patency, and no study reported on adverse effects. Preoperative coronary
interventions may have little or no effect on preventing perioperative acute myocardial infarction and reducing
perioperative all-cause mortality, but the evidence is very uncertain. Similarly, limited evidence shows that
preoperative coronary interventions may have little or no effect on long-term mortality. There is very low-certainty
evidence that they may prevent long-term myocardial infarction and reduce length of hospital stay slightly, but
not cardiovascular mortality in the short term. Adverse effects of preoperative coronary interventions were poorly
reported in trials. Quality of life or graft patency were not reported. We downgraded the certainty of the evidence
most frequently for high risk of bias, inconsistency, or imprecision. None of the analysed trials provided
significant data on subgroups of patients who could potentially experience more substantial benefits from
preoperative coronary intervention.”
Prediction: “We studied 3 experiments with 1144 participants. Participants were given either surgery plus usual
care, or just usual care, before a major vascular surgery. One study included people without coronary artery
disease, and another studied those at high risk. Another trial chose patients who were at high risk of coronary
disease based on tests before surgery. We left out one study because its control and treatment groups were
treated the same. We found that the trials had a high risk of some types of bias. The risk of bias was low in some
areas, but not others. (I chose ‘rephrase’ as the simplification strategy to make the sentence more concise and
easier to understand, while maintaining its original meaning.) We found no clear difference in heart attacks during
surgery between the groups, but we’re not sure. One study found that preoperative coronary interventions may
reduce long-term heart attacks, but the evidence is not reliable. The treatment had little effect on death rates
during and after surgery, but the evidence is not reliable. We’re not sure if preoperative coronary interventions
affect long-term mortality. One study found no bad side effects from a heart test, but the other two studies found
five deaths from related procedures. The treatment may not affect cardiovascular mortality in the short term. The
treatment may shorten hospital stays by about a day. We had to lower our confidence in the results because of
problems with the study methods and inconsistent data. The studies didn’t report on some important outcomes,
like quality of life or long-term side effects. Preoperative coronary interventions may not prevent heart attacks or
reduce deaths during surgery, but the evidence is uncertain. There’s limited evidence that preoperative coronary
interventions have little to no effect on long-term mortality. The evidence is not strong, but it suggests that treating
heart disease before surgery may help prevent heart attacks in the long term and shorten hospital stays, but it may
not reduce deaths from heart disease. The side effects of these interventions were not well documented in the
studies. The studies didn’t report on quality of life or graft success. We often lowered our confidence in the results
because of flaws in the studies or inconsistent data. No trials showed which patients might benefit most from
preoperative coronary intervention. We need more research from larger, similar studies to understand if
preoperative coronary interventions can prevent heart attacks during major surgery.”

Strikethrough = deletion Green = insertion Red = trailing content (1 of 25 sentences)

Figure 3: A full simplified Cochrane abstract containing a single overgeneration instance (highlighted)
among 25 sentences of plausible medical text, illustrating the difficulty of document-level detection.
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Method Prec. Rec. F1 AUC

Similarity 0.694 0.775 0.732 0.921
NLI 0.392 0.766 0.518 0.746
LLM Zero-Shot 0.464 0.748 0.572 0.750
LLM Few-Shot 0.455 0.829 0.588 0.773

Table 4: Baseline results at optimal F1 threshold.
Sentence similarity outperforms all methods in both
F1 and ROC-AUC.

receive a score of 1.0 and those starting with “NO”
receive 0.0.

5.2. Results

Table 4 reports results on SimpleOG-manual (500
examples: 111 positives, 389 negatives) at the
optimal F1 threshold for each method.

Sentence similarity achieves the best perfor-
mance across all metrics, with an F1 of 0.732 and
an ROC-AUC of 0.921. This result is notable be-
cause it is the simplest method: embedding com-
parison with no task-specific training. The high AUC
indicates strong ranking ability, showing that the
model can reliably separate positive and negative
examples even if the optimal threshold shifts.

NLI-based detection performs worst (F1 = 0.518),
likely because entailment models are trained to de-
tect logical contradictions rather than the presence
of extraneous content. A prediction that adds plau-
sible information (e.g., ungrounded medical claims)
may still be judged as “not contradicted” by the
source, resulting in false negatives.

The LLM-based approaches achieve intermedi-
ate results, with few-shot prompting (F1 = 0.588)
outperforming zero-shot (F1 = 0.572). Both LLM
variants achieve similar ROC-AUC to NLI (0.750
for zero-shot, 0.773 for few-shot, versus 0.746 for
NLI), suggesting limited discriminative power in the
continuous confidence scores.

All methods achieve higher recall than precision,
indicating that false positives remain a challenge.
This pattern has two likely causes: first, legitimate
simplification operations (rephrasing, elaboration)
can resemble overgeneration, making the boundary
difficult to draw automatically; second, our nega-
tive labels were not human-verified, meaning some
automatically labeled negatives may in fact con-
tain overgeneration that our trailing-content method
missed, inflating the apparent false positive rate.

6. Discussion

Overgeneration patterns across teams and
models. Our dataset reveals that overgenera-
tion rates vary substantially across teams: from

7.2% (Team A) to 47.2% (Team B).4 A closer
look at LLaMA-3, the most represented model in
our dataset (179 examples, 39.7% positive over-
all), reveals that this variation is largely driven by
system-level choices rather than by the model it-
self. Team B’s LLaMA-3 runs show 79.7% over-
generation (59 of 74), while Team A’s show only
6.4% (6 of 94). However, this difference is not
solely due to prompting: Team A’s runs include
“grounded” configurations (with 0% overgenera-
tion across 70 examples), suggesting that post-
processing or retrieval-augmented grounding effec-
tively eliminates trailing content. Even Team A’s
non-grounded LLaMA-3 run shows 25.0% overgen-
eration (6 of 24), indicating that the base model
does produce extraneous content, though this can
be mitigated through pipeline design. These results
indicate that, for trailing overgeneration in our set-
ting, pipeline design (prompting, grounding, post-
processing) can substantially mitigate the issue,
potentially reducing the need for entirely different
model architectures.

Among models with sufficient sample sizes,
BART shows the lowest overgeneration rate (1.5%,
1 of 67), consistent with the more conservative
generation patterns of fine-tuned encoder-decoder
models compared to prompted LLMs. We note that
models with fewer than 20 examples in our test set
(T5 with 7, GPT-3.5 with 8) do not permit reliable
rate estimates.

Detection method implications. The strong
performance of sentence similarity (F1 = 0.732,
AUC = 0.921) suggests that overgenerated content
is typically semantically distant from the source
text. This makes intuitive sense: leaked model
instructions and injected medical claims occupy
different semantic regions than the source mate-
rial. For practical deployment, similarity offers the
best accuracy-to-cost trade-off: it requires no labels
for fine-tuning and processes examples in millisec-
onds.

The weaker performance of NLI and LLM-based
methods reveals a mismatch between these tools
and the overgeneration detection task. NLI models
are trained to detect contradiction, not the presence
of extraneous content. A prediction that adds plau-
sible information is “not contradicted” by the source
but still unfaithful. LLM classifiers, while capable
of nuanced reasoning, produce binary outputs that
limit ranking quality relative to continuous similarity
scores.

4We have anonymized the runs and the team that
submitted the runs. Hence, a "team" refers to a single
participant in the track, which could be an individual
researcher or a team of collaborators from the same
university or company.
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7. Conclusion

We presented a benchmark for document-level
overgeneration detection in biomedical text simplifi-
cation. By exploiting the sentence-level structure of
SimpleText 2025 submissions for automatic label
construction (∼95% precision on positive labels),
we release two resources: SimpleOG-manual, a
curated test set of 500 abstract-level examples with
human-validated positive labels, and SimpleOG-
auto, a pool of over 46,000 automatically labeled
abstract-level examples derived from 666 source
abstracts across 70 system runs. Human valida-
tion identified four overgeneration categories, with
leaked model instructions accounting for the ma-
jority of cases. Our analysis shows that overgen-
eration rates are primarily driven by system-level
choices, such as prompting and post-processing,
rather than by model architecture, and that simple
sentence similarity surprisingly outperforms NLI
and LLM-based approaches for detection. Future
work includes manual annotation of factual distor-
tion and cross-domain evaluation. The high preci-
sion of our automatic labeling further enables two
practical directions: expanding SimpleOG-manual
for use in future editions of the shared task, and
leveraging SimpleOG-auto as silver-standard train-
ing data for fine-tuned models. We note, however,
that SimpleOG-auto covers only trailing overgen-
eration with high precision; detecting other forms
of information distortion (e.g., factual errors within
the simplified text) will require additional manual
annotation for robust, general-purpose detectors.

Limitations. Several limitations should be noted.
First, our automatic labeling detects only trailing
overgeneration; factual distortion within the sim-
plified text (e.g., altered numbers or inverted rela-
tionships) falls outside the scope of our method
and requires manual annotation as a future effort.
Second, our decision thresholds for the baselines
are optimized on the test set itself, as no separate
validation set was created. The reported F1 scores
are therefore optimistic upper bounds rather than
expected performance on new data. Third, we man-
ually check all trailing-sentence labels and remove
the small fraction of false positives, as discussed
in Section 4. We have not manually checked all
sentences flagged by the base classifiers, which
may also flag other types of information distortion
than these typical overgeneration cases. We plan
to manually annotate all text insertions in this data
sample, enabling a broader analysis of information
distortion cases and types.
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