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Abstract

Relation extraction (RE) is the core NLP task

of inferring semantic relationships between en-

tities from text. Standard supervised RE tech-

niques entail training modules to tag tokens

comprising entity spans and then predict the

relationship between them. Recent work has

instead treated the problem as a sequence-to-

sequence task, linearizing relations between

entities as target strings to be generated condi-

tioned on the input. Here we push the limits

of this approach, using larger language models

(GPT-3 and Flan-T5 large) than considered in

prior work and evaluating their performance on

standard RE tasks under varying levels of super-

vision. We address issues inherent to evaluating

generative approaches to RE by doing human

evaluations, in lieu of relying on exact match-

ing. Under this refined evaluation, we find that:

(1) Few-shot prompting with GPT-3 achieves

near SOTA performance, i.e., roughly equiv-

alent to existing fully supervised models; (2)

Flan-T5 is not as capable in the few-shot setting,

but supervising and fine-tuning it with Chain-

of-Thought (CoT) style explanations (gener-

ated via GPT-3) yields SOTA results. We re-

lease this model as a new baseline for RE tasks.

1 Introduction

Relation extraction (RE) is the task of identifying

entities and their semantic relationships from texts.

Standard supervised approaches (Eberts and Ulges,

2019a) to RE learn to tag entity spans and then

classify relationships (if any) between these. More

recent work has shown that conditional language

models can capably perform this task—achieving

SOTA or near-SOTA results—when trained to out-

put linearized strings encoding entity pairs and

their relations (Paolini et al., 2021; Lu et al., 2022b;

Huguet Cabot and Navigli, 2021). However, to date

such work has considered only moderately sized

pre-trained models for RE such as BART (Paolini

et al., 2021; Huguet Cabot and Navigli, 2021).

REBEL
(Baselin

e)
Model Performance on CoNLL

M
ic

ro
-F

1 
Sc

or
e

Few-Shot 
GPT-3

Few-Shot 

GPT-3 + CoT
Fine-Tuned 

Flan-T5
Fine-Tuned

Flan-T5 + CoT1
2

3
4

Figure 1: RE performance of LLMs on the CoNLL

dataset. 1 Few-shot GPT-3 slightly outperforms the ex-

isting fully supervised SOTA method (Huguet Cabot and

Navigli 2021; dotted horizontal line). 2 Eliciting CoT

reasoning from GPT-3 further improves few-shot per-

formance. 3 Fine-tuning Flan-T5 (large) is competitive

with, but no better than, existing supervised methods,

but 4 supervising Flan-T5 with CoT reasoning elicited

from GPT-3 substantially outperforms all other models.

These findings hold across the RE datasets considered.

In this work we investigate the use of very large

language models—-including GPT-3 (Brown et al.,

2020b)—for end-to-end relation extraction via gen-

eration. Our contributions are as follows.

1. We show that few-shot learning with GPT-3

yields near SOTA performance on standard RE

datasets, outperforming fully supervised models.

2. We find that Flan-T5 (large; Chung et al. 2022)

is not as capable, even when fine-tuned. But we

then propose an approach to training Flan-T5 with

Chain-of-Thought (CoT) style “explanations” (gen-

erated automatically by GPT-3) that support rela-

tion inferences; this achieves SOTA results.

3. Evaluating the performance of generative mod-

els for RE is non-trivial because one cannot rely

on exact matches to targets. We address this by

collecting a small amount of annotations scoring

generated outputs against targets. We use these

NASA administrator Bill 
Nelson said in his historic 
speech that this mission…

LLMInput text Linearized output

[Bill Nelson:PER, work_for, NASA:ORG]

Relation extraction with LLMs



Patients receiving aspirin 
experienced headaches with 
comparable duration but 
significantly lower reported 
pain compared to those 
receiving placebo.

Fine-tuned LLM

<I> aspirin <C> placebo <O> duration of 
headache <F> no significant difference  

<I> aspirin <C> placebo <O> pain 
<F> significantly reduced  

Input

Structured evidence (linearized)

Model Output

RCT article text

Evidence: Patients receiving aspirin experienced 
headaches with comparable duration …

Evidence: Patients receiving aspirin experienced 
… significantly lower reported pain …

PICO extraction + evidence inference 
w/LLMs
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Jointly Extracting Interventions, Outcomes, and Findings from RCT Reports with LLMs

unparseable by any downstream tools); (3) some elements are duplicated; (4) the output
contains irrelevant or unrelated tokens. The following is an example of one such instance:

Generated: [none, score, no, none, score was not significantly different

between the two groups., no significant difference]

Here the instance has an incorrect number of tuple elements (6 instead of 5), multiple ele-
ments are invalid, and while it does produce a valid label (“no significant di↵erence”), there
are no primary intervention and outcome spans associated with the label. This behavior
occurs in only a small fraction (⇠0.53%) of the RCT abstracts from Trialstreamer we ran
through our model.

Opposite inference labels for same ICOs Approximately 12.3% of generated tuples
had ICO-triplet matches in the reference set (i.e., the ICO triplet was correctly extracted),
but the inferred label regarding the reported findings concerning these was incorrect (e.g.,
significant increase instead of significant decrease). On inspection we found that such tuples
belonged to two categories: (1) The primary intervention and comparator were swapped
(leading to a flipped, albeit still correct, inference label with the same extracted evidence
span); (2) Minor di↵erences in generated outcomes which resulted in a change in the label.
The following is an example of the latter from our development set (PMID: 24227660:5)

Abstract snippet: Canagliflozin increased urinary glucose excretion in a

dose-dependent manner and produced statistically significant reductions in

body weight compared with placebo (least squares mean percent changes from

baseline of -2.2%, -2.9%, -2.7%, and -1.3% with canagliflozin 50, 100, and

300 mg and placebo; P < 0.05 for all comparisons). Overall adverse event

(AE) rates were similar across groups. Canagliflozin was associated with

higher rates of genital mycotic infections in women, which were generally

mild and led to few study discontinuations. Osmotic diuresis-related AE

rates were low and similar across groups.

Reference: [canagliflozin, body weight, placebo, Canagliflozin increased

urinary glucose excretion in a dose-dependent manner and produced

statistically significant reductions in body weight compared with placebo.,

canagliflozin [LABEL] significantly decreased [OUT] body weight [COMP]

placebo]

Generated: [canagliflozin, body weight reduction, placebo, Canagliflozin

increased urinary glucose excretion in a dose-dependent manner and produced

statistically significant reductions in body weight compared with placebo.,

canagliflozin [LABEL] significantly increased [OUT] body weight reduction

[COMP] placebo]

An increase in body weight reduction is functionally the same as a decrease in body weight,
and this explains the label flip.

5. https://pubmed.ncbi.nlm.nih.gov/24227660/
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Evaluating summaries



In the olden days (~5 years ago)

Vaccines against SARS-CoV-2 cannot be recommended for 
routine clinical practice at this time. There is a need for well-
designed RCTs with long-term follow-up to evaluate the efficacy 
and safety of vaccines against this disease in healthy adults … 



But this says nothing about how accurate these summaries are. 

ROUGE (basically equivalent)





Factuality (manually)



With respect to <outcome>, what is the 
reported difference between patients 
receiving <A> and those receiving <B>?  

Significantly increased

Significantly decreased

No significant difference

“Patients receiving A experienced 
significantly more outcome …”

article and prompt answer and rationale

Eric Lehman, Jay DeYoung, Regina Barzilay and Byron C. Wallace. Inferring Which 
Medical Treatments work from Reports of Clinical Trials. NAACL, 2019. 

Evidence inference



sentence k … X lowered Z significantly. [SEP] [SEP]X Y [SEP] Z

…

outputs: {decreased, increased, no difference}

CI Oevidence



Magnesium sulphate may reduce the 
incidence of eclampsia in women with 
mild to moderate preeclamatous
hypertension. 

Magnesium sulphate more than halves 
the risk of eclampsia, and probably 
reduces maternal death. 

Punchline extracted from generated

90% significant decrease 91% significant decrease

Agree?

Punchline extracted from reference



Study Predicted Effect

Input: ...Ibuprofen was twice as likely as acetaminophen to abort migraine
within 2 hours. In the intent-to-treat analysis, children improved twice as often
with ibuprofen and acetaminophen as with placebo...

no significant difference

Input: ...Children’s ibuprofen suspension at an OTC dose of 7.5 mg/kg is
an effective and well-tolerated agent for pain relief in the acute treatment of
childhood migraine, particularly in boys...

significant difference

Target: ...Low quality evidence from two small trials shows that ibuprofen
appears to improve pain freedom for the acute treatment of children with
migraine. We have only limited information on adverse events associated with
ibuprofen in the trials included in this review...

no significant difference

Table 1: Systematic review example (from Cochrane). The statistical meta-analysis result ‘‘significant
difference’’ and RobotReviewer finding ‘‘no significant difference’’ disagree. In the case of
Systematic Reviews, RobotReviewer serves as both the estimator of zij and G.

Movie Reviews Systematic Reviews
Train Dev Test Train Dev† Test

Number of metareviews 7251 932 912 1675 360 397
Avg metareview length 32.0 32.6 32.4 101 107 111
Total number of inputs 195033 24336 24474 11054 1238 2669
Avg number of inputs 26.9 26.1 26.8 6.6 3.4 6.7
Avg length of individual input 30.6 30.8 30.6 475 379 449
Avg length of concatenated inputs 822 804 822 2641 1336 2544
Target Percent Positive 59.5 62.1 61.2 31.9 31.4 35.0

Table 2: Dataset statistics for movie reviews (left) and systematic reviews (right). Number of
meta-reviews, average meta-review length (tokens), input reviews per split, average number of in-
puts per instance, average total length of instance-inputs. For movie reviews, the target percent positive
reports the fraction of metareviews with a positive sentiment; for systematic reviews this refers to the
fraction of metareviews reporting a significant effect. † We subset the original dev set to instances of
≤ 4k tokens (accommodating T5; other models can consume up to 16k).

This dataset comprises roughly 2,600 systematic
reviews summarizing a total of 16,500 clini-
cal trials evaluating interventions in healthcare
(Tables 1, 2). Each review includes a natural
language summary and accompanying statisti-
cal meta-analysis results. The latter provides an
aggregate statistical summary of the individual
(study-level) data extracted from the trials in-
cluded in each review. The natural language
summary should accurately convey and contextu-
alize the findings of the meta-analysis. Therefore,
the (lack of) treatment efficacy communicated in
a given summary should generally agree with the
direction of the corresponding meta-analytic point
estimate.

Measuring Effects in Evidence Syntheses. For
systematic reviews of clinical trials, we resort to
a less granular classification model g(xij), g(yi)
which attempts to infer whether a text reports

a significant result. Specifically, we use Robot-
Reviewer (Marshall et al., 2017; DeYoung et al.,
2020). Given a narrative describing a clinical
trial result (or a summary of trials), Robot-
Reviewer predicts whether the reported result
indicates a significant effect of the treatment being
investigated, or not. We can compare this predic-
tion to the ‘‘truth’’, which here is derived from
the meta-analytic result (specifically by checking
whether p < 0.05). Applying this off-the-shelf
model to the manually composed summaries ac-
companying the meta-analyses in our Cochrane
set, we observe a macro-average F1 score of 0.577
and 68.6% accuracy, providing a reasonable (if
weak) measure for this task.6

3 Models

We evaluate a suite of transformer (Vaswani
et al., 2017) summarization models: Pegasus
(Zhang et al., 2020), Longformer (Beltagy et al.,
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Abstract

Multi-document summarization entails pro-
ducing concise synopses of collections of
inputs. For some applications, the synopsis
should accurately synthesize inputs with re-
spect to a key aspect, e.g., a synopsis of
film reviews written about a particular movie
should reflect the average critic consensus.
As a more consequential example, narrative
summaries that accompany biomedical sys-
tematic reviews of clinical trial results should
accurately summarize the potentially conflict-
ing results from individual trials. In this
paper we ask: To what extent do modern
multi-document summarization models im-
plicitly perform this sort of synthesis? We
run experiments over opinion and evidence
synthesis datasets using a suite of summariza-
tion models, from fine-tuned transformers to
GPT-4. We find that existing models partially
perform synthesis, but imperfectly: Even the
best performing models are over-sensitive to
changes in input ordering and under-sensitive
to changes in input compositions (e.g., ratio of
positive to negative reviews). We propose a
simple, general, effective method for improv-
ing model synthesis capabilities by generating
an explicitly diverse set of candidate outputs,
and then selecting from these the string best
aligned with the expected aggregate measure
for the inputs, or abstaining when the model
produces no good candidate.

1 Introduction

Multi-document summarization (MDS) models
aim to distill inputs into concise synopses that
preserve key content. Examples of MDS include
summarizing news articles (Dang, 2005; Fabbri
et al., 2019; Gholipour Ghalandari et al., 2020;
Evans et al., 2004), answering questions from
multiple sources (Dang, 2006), and producing
overviews of scientific literature (Liu et al., 2018;
Lu et al., 2020; Mollá and Santiago-Martı́nez,
2012; Wallace et al., 2021; DeYoung et al., 2021).

We expect summarization models to produce out-
puts consistent with inputs (Kryscinski et al., 2020;
Nan et al., 2021b), e.g., discussing the same types
of entities (Nan et al., 2021a) and allowing one
to answer questions similar in a way that is con-
sistent with individual inputs (Wang et al., 2020;
Scialom et al., 2021).

In some applications models must synthe-
size inputs—i.e., aggregate potentially conflict-
ing information—to yield an accurate synopsis
(Figure 1). Consider the meta-reviews of movies
featured on Rotten Tomatoes,1 which provide
a consensus view of individual critic opinions.
These reviews should reflect the mean and range
of sentiment implicit in the input critiques: A
summary of mostly negative reviews (e.g., Gigli)
should communicate that the film was widely
panned; a summary of mixed reviews (The Fifth
Element) ought to convey that critics disagreed and
discuss the main positive and negative attributes.

A more consequential example is summarizing
the evidence presented in clinical trials. Individual
trials will often present conflicting evidence about
whether or not a particular health intervention is
effective. An ideal summary would appropriately
weigh the findings presented in individual studies
and reflect the evidence on balance.

What are the desiderata of multi-document
synthesis? First, summaries produced by mod-
els should be consistent with the input data,
with respect to the latent property of interest.
In the case of Rotten Tomatoes, the sentiment
of the summary should be in line with the ag-
gregate sentiment expressed in the individual
critic reviews. A corollary to this is that models
should be sensitive to changes in the composition
of inputs, e.g., removing most of the negative
reviews from a set of inputs should yield a
summary with a corresponding increase in the
expressed sentiment.

1https://www.rottentomatoes.com/.
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Abstract

Modern LLMs can now produce highly readable abstractive summaries, to the point
that traditional automated metrics for evaluating summary quality, such as ROUGE,
have saturated. However, LLMs still sometimes introduce inaccuracies into sum-
maries, i.e., information inconsistent with or unsupported by the corresponding
source. Measuring the occurrence of these often subtle factual inconsistencies
automatically has proved challenging. This in turn has motivated development
of metrics intended to measure the factual consistency of generated summaries
against sources. But are these approaches measuring what they purport to? Or are
they mostly exploiting artifacts? In this work, we stress test a range of automatic
factuality metrics, including specialized models and LLM-based prompting meth-
ods, to probe what they actually capture. Using a shallow classifier to separate
“easy” examples for factual evaluation where surface features suffice from “hard”
cases requiring deeper reasoning, we find that all metrics show substantial perfor-
mance drops on the latter. Furthermore, some metrics are more sensitive to benign,
fact-preserving edits than to factual corrections. Building on this observation,
we demonstrate that most automatic factuality metrics can be gamed, i.e., their
scores can be artificially inflated by appending innocuous, content-free sentences
to summaries. Among the metrics tested, the LLM-based ChatGPT-DA approach is
the most robust and reliable. However, this comes with a notable caveat: Prompting
LLMs to assess factuality may overly rely on their parametric knowledge rather
than the provided reference when making judgments. Taken together, our findings
call into question the reliability of current factuality metrics and prompt a broader
reflection on what these metrics are truly measuring. We conclude with concrete
recommendations for improving both benchmark design and metric robustness,
particularly in light of their vulnerability to superficial manipulations.

1 Introduction

LLMs are strong abstractive summarizers [Goyal et al., 2022, Zhang et al., 2024], but they are not
infallible. Even the largest, most capable models sometimes introduce subtle “hallucinations” (or
“confabulations”) into summaries that are unsupported by or in contradiction to the corresponding
input document [Zhang et al., 2024, Tang et al., 2024b, Ramprasad et al., 2024b]. Such behavior
is especially problematic in domains such as medicine or law, where inaccurate information could
translate into meaningfully negative consequences for individuals.

However, manually evaluating model outputs’ factual consistency with respect to references is
expensive, time-consuming, and impractical to scale. This has motivated development of automated
methods that score generated summaries for consistency with respect to reference documents. Such
metrics have been operationalized using a range of techniques, including entailment (SummaC;
Laban et al. [2022]), QA models (QuestEval; Scialom et al. [2021]), specialized models explicitly
trained to score source-summary pairs (UniEval; Zhong et al. [2022], Alignscore; Zha et al. [2023],

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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Metric Category
QuestEval [Scialom et al., 2021] QA
SummaC-Conv [Laban et al., 2022] NLI
UniEval [Zhong et al., 2022] specialized model
AlignScore [Zha et al., 2023] specialized model
MiniCheck [Tang et al., 2024a] specialized model
ChatGPT-DA [Wang et al., 2023a] Prompt / LLM

Table 1: Metrics categorized by approach and analyzed

Figure 2: Summaries are categorized as easy, medium, or hard based on prediction accuracy and
confidence from a shallow MLP. While specialized metrics perform best on easy examples, their
performance declines on hard cases. UniEval, MiniCheck and ChatGPT-DA show greater robustness
in more challenging settings

AlignScore and MiniCheck. UniEval Zhong et al. [2022] reframes NLG evaluation as a Boolean QA
task and uses T5 [Raffel et al., 2020] to score different dimensions. AlignScore [Zha et al., 2023]
evaluates summaries by combining an alignment function—a RoBERTa model [Liu et al., 2019]
fine-tuned on diverse tasks—with a splitting and aggregation strategy. MiniCheck[Tang et al., 2024a]
uses a Flan-T5 model [Chung et al., 2022] fine-tuned on a synthetic dataset created by the authors.

We also use GPT-4o-mini to score the factual consistency of summaries based on a direct assessment
(DA) prompt template from Wang et al. [2023a].

3 Do metrics infer “Factuality” from Superficial Features?

The degree to which a claim is faithful to the source text is a subtle question that demands under-
standing the content in both texts to determine if they are consistent. We would therefore expect that
metrics capable of measuring factual consistency in general would need to capitalize on information
beyond the superficial features of source and claim texts just discussed.

To investigate the extent to which shallow features explain metric behavior, we train an MLP classifier
to predict binary human factuality labels on a development set using only surface-level features.1
We then apply the trained model to an evaluation set and categorize summaries into three difficulty
levels—easy, medium, and hard—based on prediction accuracy and confidence. Confidence is
measured as the absolute deviation of the predicted probability from 0.5: Lower values indicate
greater uncertainty. We classify a summary as easy if the prediction is correct with high confidence
(top 80% of confidence scores), and medium if correct with lower confidence. Incorrect predictions
are designated medium if confidence is low (bottom 20%) and hard otherwise. The idea here is that
some examples can be readily classified as “factual” (or not) using shallow features like word overlap;
these are “easy” examples. By contrast, “medium” and “hard” categories capture examples that are
difficult to classify with respect to factuality using these shallow features.

Figure 2 reports the AUC for metrics across summary difficulty levels. All metrics perform best on
easy summaries, where shallow features reliably predict human judgments. Performance declines on
medium and hard examples, with older metrics like QuestEval and SummaC-Conv showing sharp
drops, suggesting reliance on superficial cues. Specialized and prompt-based metrics (e.g., UniEval,

1See Appendix 9 for feature details and Appendix 10 for MLP details.
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ChatGPT-DA [Wang et al., 2023a] Prompt / LLM

Table 1: Metrics categorized by approach and analyzed

Figure 2: Summaries are categorized as easy, medium, or hard based on prediction accuracy and
confidence from a shallow MLP. While specialized metrics perform best on easy examples, their
performance declines on hard cases. UniEval, MiniCheck and ChatGPT-DA show greater robustness
in more challenging settings

AlignScore and MiniCheck. UniEval Zhong et al. [2022] reframes NLG evaluation as a Boolean QA
task and uses T5 [Raffel et al., 2020] to score different dimensions. AlignScore [Zha et al., 2023]
evaluates summaries by combining an alignment function—a RoBERTa model [Liu et al., 2019]
fine-tuned on diverse tasks—with a splitting and aggregation strategy. MiniCheck[Tang et al., 2024a]
uses a Flan-T5 model [Chung et al., 2022] fine-tuned on a synthetic dataset created by the authors.

We also use GPT-4o-mini to score the factual consistency of summaries based on a direct assessment
(DA) prompt template from Wang et al. [2023a].

3 Do metrics infer “Factuality” from Superficial Features?

The degree to which a claim is faithful to the source text is a subtle question that demands under-
standing the content in both texts to determine if they are consistent. We would therefore expect that
metrics capable of measuring factual consistency in general would need to capitalize on information
beyond the superficial features of source and claim texts just discussed.

To investigate the extent to which shallow features explain metric behavior, we train an MLP classifier
to predict binary human factuality labels on a development set using only surface-level features.1
We then apply the trained model to an evaluation set and categorize summaries into three difficulty
levels—easy, medium, and hard—based on prediction accuracy and confidence. Confidence is
measured as the absolute deviation of the predicted probability from 0.5: Lower values indicate
greater uncertainty. We classify a summary as easy if the prediction is correct with high confidence
(top 80% of confidence scores), and medium if correct with lower confidence. Incorrect predictions
are designated medium if confidence is low (bottom 20%) and hard otherwise. The idea here is that
some examples can be readily classified as “factual” (or not) using shallow features like word overlap;
these are “easy” examples. By contrast, “medium” and “hard” categories capture examples that are
difficult to classify with respect to factuality using these shallow features.

Figure 2 reports the AUC for metrics across summary difficulty levels. All metrics perform best on
easy summaries, where shallow features reliably predict human judgments. Performance declines on
medium and hard examples, with older metrics like QuestEval and SummaC-Conv showing sharp
drops, suggesting reliance on superficial cues. Specialized and prompt-based metrics (e.g., UniEval,

1See Appendix 9 for feature details and Appendix 10 for MLP details.
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MiniCheck; Tang et al. [2024a]), and more recently, LLM-based methods that rely on prompting
LLMs (ChatGPT-DA; Wang et al. [2023a]; Luo et al. [2023]).

Sudan’s military launched 
a major operation in 
Khartoum on Thursday, a 
senior Sudanese official 
said 
… 
just before army chief and 
de facto leader, Gen. 
Abdel Fattah al-Burhan, 
addressed the United 
Nations in New York 
…

Sudan’s army attempting to re-take capitol …

Fattah al-Burhan, leader of Sudan …

1

2

Input document 

Sudan’s military re-took the capitol on Wednesday …

Generated summaries

3
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According to the document Sudan’s military re-took the 
capitol on Wednesday … 
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Fattah al-Burhan, de facto leader of Sudan …Corrected

Modified summaries
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Figure 1: Many methods have been proposed to automatically evaluate the factual consistency of
summaries with respect to inputs. In this work we critically evaluate such approaches, e.g., by
measuring their sensitivity to various manipulations, as shown here.

Most of these metrics have been evaluated against human benchmark assessments (binary labels or
Likert scores) of factual consistency [Maynez et al., 2020, Fabbri et al., 2021, Laban et al., 2022,
Honovich et al., 2022, Wang et al., 2022, Gao et al., 2023, Tang et al., 2024a].

These assessments have established that automated factuality metrics correlate with human evaluations
to varying degrees. But are such approaches actually attuned to the subtle question of factual
consistency between inputs and outputs, or are they merely relying on shallow heuristic signals to
make their judgments?

If metrics do rely on shallow heuristic patterns, this raises questions about their reliability. It also
makes them vulnerable to “gaming”: Summaries or claims can be crafted to exploit heuristic shortcuts
and artificially inflate scores without genuinely improving factual accuracy. Alternatively, LLM-based
approaches may overly rely on their internal (parametric) knowledge to assess summaries, rather than
assessing output factuality with respect to the source. In this work, we stress test a diverse set of
SOTA factual consistency metrics on context-claim pairs that yield continuous factual consistency
scores. Our analyses offer the following empirical results as our main contributions.

Metrics struggle when factuality requires reasoning beyond shallow cues. In Section 3 we train a
shallow MLP on surface-level heuristics and use its prediction confidence to categorize summaries as
easy, moderate, or hard to assess for factuality. We find that all automated metrics exhibit substantial
performance drops from easy to hard examples, suggesting they may be relying on superficial cues
rather than nuanced reasoning.

Factuality metrics are somewhat responsive to factual corrections, but also often sensitive to
irrelevant (benign) modifications to summaries. In Section 4.1, we evaluate whether factuality
metrics distinguish genuine factual corrections from inconsequential edits using a dataset of annotated
summary pairs [Krishna et al., 2024] which comprise an inconsistent summary and a minimally
edited, faithful revision. Ideally, metrics should assign higher scores to the corrected versions while
remaining stable under benign, fact-preserving edits (e.g., paraphrasing). We find that while both
specialized and prompt-based metrics respond to factual corrections, many—especially NLI-based
SummaC and some specialized models (UniEval and Alignscore)—are overly sensitive to benign
edits. In fact, some metrics exhibit greater score shifts from superficial changes than from actual
factual improvements. By contrast, ChatGPT-DA consistently ranks faithful revisions higher while
remaining robust to benign perturbations, suggesting that it may be a more reliable choice.

(Some) factual consistency metrics are gameable. If factuality metrics rely at least partially on
superficial cues, this suggests that we should be able to “game” them by inserting such cues to
inflate scores assigned to model outputs. And indeed in Section 5 we find that inserting superfluous,
innocuous phrases—either alone or appended to claims——can significantly inflate factuality scores.
For NLI-based and specialized metrics, these artificial boosts often exceed the score gains achieved
by genuinely more factual models (see Figure 6). ChatGPT-DA, however, shows minimal sensitivity

2



Figure 3: Score differences for each metric between the original summary and summaries edited for
factual accuracy by humans (shown in green) and other benign edits (shown in blue).

AlignScore, MiniCheck, ChatGPT-DA) are more robust, maintaining higher AUC on medium cases.
However, even these models struggle on hard summaries, indicating that current metrics, despite
being trained for consistency, remain limited in the absence of shallow cues.

4 What do automatic factuality scores measure?

We next examine the reliability of factuality metrics. In Section 4.1 we evaluate their sensitivity to
factual corrections versus benign (fact-preserving) edits. We find that only ChatGPT-DA consistently
distinguishes between the two, showing both sensitivity and robustness. In Section 4.2, we evaluate
ChatGPT-DA’s reliance on source content by scoring summaries against counterfactual references
that conflict with its parametric knowledge. Our results show that consistency evaluation performance
degrades when presented with counterfactual input documents, indicating limited grounding in the
provided sources.

4.1 Measuring Metric Sensitivities to Controlled Manipulation

We want to determine whether metrics respond specifically to changes in factual consistency or are
influenced by superficial edits unrelated to fidelity. We focus on a subset of summaries from the
GenAudit dataset [Krishna et al., 2024], each manually labeled as inconsistent and paired with a
minimally edited, corrected version. These pairs allow us to directly assess whether metrics are
sensitive to the consistency improvements that matter most.

We are also interested in score variation that owes to superfluous factors. To this end, we prompt
GPT-4 to generate versions of summaries modified in targeted, fact-preserving ways intended to be
independent of factual consistency. We use several prompts that request benign transformations like
paraphrasing, simplification, and rewording.2 While these edits are designed to preserve meaning,
using GPT may occasionally introduce factual inconsistencies, though we believe such cases are rare.

Ideally, automatic factuality metrics should show a positive score change for corrected summaries,
reflecting improved factual consistency. Conversely, generated summary rewrites—which do not
alter factual content—should exhibit minimal score changes. Any significant score differences in
these rewrites likely indicate that the metric is sensitive to artifacts incidental to factual consistency.

Results. We present results in Figure 3. Notably, QuestEval shows no meaningful improvement
in response to factual corrections, raising concerns about its ability to detect genuine consistency
improvements. Additionally, most metrics, except QuestEval and ChatGPT-DA, assign dispropor-

2Prompts for benign summary edits are provided in Appendix 11.
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Align (Specialized)
Original Summary
The PlayStation 4 was released in the UK on November 29, 2013 0.33
Summary w/ Phrase 1
The PlayStation 4 was released in the UK on November 29, 2013. The summary entails the
information the document discusses.

0.76

MiniCheck (Specialized)
Original Summary
Water exhibits a phenomenon known as ’structural memory.’ 0.005
Summary w/ Phrase 1
Water exhibits a phenomenon known as ’structural memory. The document discusses. 0.49

Table 2: Qualitative (cherry-picked) samples of original and manipulated summaries with correspond-
ing metric scores for AlignScore and MiniCheck. For comprehensiveness, we report quantitative
aggregated results in Figure 5, and we provide more examples in Appendix 7.

reasoning that these high-scoring summaries may contain patterns that raise scores, independent of
context. We then compute TF-IDF scores for bigrams in these high-scoring summaries to detect
patterns disproportionately associated with "factual" summaries.

We select from these the top 100 bigrams, aggregating results across metrics. This set includes, e.g.,
“the document” and “document discusses”. We adopt the constant phrase “the document discusses”
(top phrase) into all documents and observe whether metrics are responsive to this. We consider
one additional phrase: “The summary entails information in the document.” (assertion phrase)
which explicitly asserts factual consistency.4 Finally, we append both phrases to the corresponding
summaries summ (+top) and summ (+assertion).

We report the average pairwise difference in metric scores between the gamed versions of summaries
and their original versions when evaluated for consistency with the source. Examples of these
manipulated summaries and their corresponding scores are provided in Table 2.

Results and Discussion

Figure 5 reports the effects of our gaming strategies on metric scores. Notably, the constant phrases
boosts scores by >0.2 points (absolute) for NLI-based SummaC-Conv, as well as specialized models
UniEval, AlignScore, and MiniCheck. This is surprising, as these phrases are not valid summaries
and do not contain any factual content (note that the top phrase is an incomplete sentence). Adding
constant phrases as suffixes to summaries increased scores by 0.1–0.15 points; this is comparable to
the gains realized following factual corrections (see Section 4.1). Indeed, SummaC-Conv shows no
score increase for corrected summaries, suggesting an under-sensitivity to actual changes in factuality.

To contextualize these results, we compare score differences between summaries from larger models
(e.g., GPT-4, Gemini) and smaller models (e.g., Llama-7B, Mistral-7B, Falcon-7B, BART). While
larger models typically yield more consistent summaries [Tang et al., 2022, Goyal et al., 2022], we
find that gaming with constant phrases produces larger score gains—often exceeding those from
genuine model improvements, especially for NLI and specialized metrics.

One could argue that such manipulations—adversarial ones especially—result in “out of distribution”
inputs, and so we should have no expectation of how models will perform. But usually factual
consistency metrics are touted (implicitly) as measuring consistency between arbitrary document and
summary candidate pairs. Overall, these results suggest that adding fixed phrases to summaries can
boost metric scores—for most finetuned model metrics—at levels comparable to, or even exceeding,
presumably genuine improvements due to advances in summarization models themselves.

6 Related Work

Prior work has meta-evaluated factuality metrics, focusing on their sensitivity to specific error types,
frequencies, or domains [Gabriel et al., 2021, Chen et al., 2021a]. In contrast, we analyze how metrics

4The wording of this phrase varies slightly across metrics to align with their specific methods for evaluating
factual consistency. The complete list of these phrases for each metric is provided in the Appendix 12.1
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Figure 4: GPT-based consistency evaluation is influenced by parametric knowledge. Left: The
score gap between supported and unsupported summaries narrows sharply when references are
counterfactual but summaries are factually accurate (p < 0.001). Right: The rate of cases where
unsupported summaries are scored higher than supported ones rises from 0.2% to 3.1% when
references contradict GPT’s world knowledge while summaries remain factually correct.

tionately high scores when random, yet consistent, source sentences are appended to inconsistent
summaries.3 In many cases, these spurious additions yield score gains comparable to, or greater than,
those resulting from actual factual corrections.

We also observe that MiniCheck and UniEval are highly sensitive to meaning-preserving negation.
Simple rephrasings that retain the original meaning—for example, changing “The author mistakenly
believed their ACT test was on a certain day” to “The author did not realize their ACT test was not
on the day they thought”, often lead to reduced scores. While ChatGPT-DA exhibits some sensitivity
to negation, it remains relatively robust overall, consistently distinguishing between true factual
improvements and irrelevant textual changes.

4.2 Reliance on Source Context Versus Parametric Knowledge in GPT-Based Scoring

Prompt-based approaches to factual consistency evaluation have recently gained traction [Luo et al.,
2023, Wang et al., 2023a]. Unlike traditional metrics trained on source-summary pairs, these methods
rely on prompting pre-trained models to evaluate summaries against reference articles for consistency.
This raises a critical question: Are their judgments truly grounded in the provided source, or are they
influenced by the model’s internal (parametric) knowledge?

We investigate this by evaluating GPT’s consistency judgments under scenarios where the reference
text (likely) conflicts with the model’s implicit world knowledge. To ensure that GPT possesses strong
prior knowledge about the domain, we use Wikipedia articles, which are heavily represented in LLM
pretraining corpora. Specifically, we use the ConflictBank dataset [Su et al., 2024], which comprises
factual claims extracted from Wikipedia and corresponding counterfactual variants generated through
targeted substitutions. Each counterfactual claim is also paired with a counterfactual reference
document—a version of the original article modified to make the false claim appear consistent
with the altered reference. This dataset structure permits four experimental conditions: (a) Factual
references paired with supported factual summaries; (b) Counterfactual references paired with
supported counterfactual summaries; (c) Factual references paired with unsupported counterfactual
summaries, and; (d) Counterfactual references paired with unsupported factual summaries.

To test the discriminative ability of GPT to score for consistency, we evaluate against factual references
using conditions (a) and (c) and counterfactual references using conditions (b) and (d). Ideally GPT
would be equally discriminative in both cases: (a) and (b) should be deemed equally consistent, and
(c) and (d) be scored as equally inconsistent. In Figure 4, left, we compare the score differences
between supported and unsupported summaries in both settings, namely (a - c) and (b - d), using a

3Such a sentence will itself be “consistent”, but should probably not shift the overall consistency score to be
higher than the corrected summary given that this does not correct any existing inconsistencies, as it strictly
adds content.
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Figure 4: GPT-based consistency evaluation is influenced by parametric knowledge. Left: The
score gap between supported and unsupported summaries narrows sharply when references are
counterfactual but summaries are factually accurate (p < 0.001). Right: The rate of cases where
unsupported summaries are scored higher than supported ones rises from 0.2% to 3.1% when
references contradict GPT’s world knowledge while summaries remain factually correct.

tionately high scores when random, yet consistent, source sentences are appended to inconsistent
summaries.3 In many cases, these spurious additions yield score gains comparable to, or greater than,
those resulting from actual factual corrections.

We also observe that MiniCheck and UniEval are highly sensitive to meaning-preserving negation.
Simple rephrasings that retain the original meaning—for example, changing “The author mistakenly
believed their ACT test was on a certain day” to “The author did not realize their ACT test was not
on the day they thought”, often lead to reduced scores. While ChatGPT-DA exhibits some sensitivity
to negation, it remains relatively robust overall, consistently distinguishing between true factual
improvements and irrelevant textual changes.

4.2 Reliance on Source Context Versus Parametric Knowledge in GPT-Based Scoring

Prompt-based approaches to factual consistency evaluation have recently gained traction [Luo et al.,
2023, Wang et al., 2023a]. Unlike traditional metrics trained on source-summary pairs, these methods
rely on prompting pre-trained models to evaluate summaries against reference articles for consistency.
This raises a critical question: Are their judgments truly grounded in the provided source, or are they
influenced by the model’s internal (parametric) knowledge?

We investigate this by evaluating GPT’s consistency judgments under scenarios where the reference
text (likely) conflicts with the model’s implicit world knowledge. To ensure that GPT possesses strong
prior knowledge about the domain, we use Wikipedia articles, which are heavily represented in LLM
pretraining corpora. Specifically, we use the ConflictBank dataset [Su et al., 2024], which comprises
factual claims extracted from Wikipedia and corresponding counterfactual variants generated through
targeted substitutions. Each counterfactual claim is also paired with a counterfactual reference
document—a version of the original article modified to make the false claim appear consistent
with the altered reference. This dataset structure permits four experimental conditions: (a) Factual
references paired with supported factual summaries; (b) Counterfactual references paired with
supported counterfactual summaries; (c) Factual references paired with unsupported counterfactual
summaries, and; (d) Counterfactual references paired with unsupported factual summaries.

To test the discriminative ability of GPT to score for consistency, we evaluate against factual references
using conditions (a) and (c) and counterfactual references using conditions (b) and (d). Ideally GPT
would be equally discriminative in both cases: (a) and (b) should be deemed equally consistent, and
(c) and (d) be scored as equally inconsistent. In Figure 4, left, we compare the score differences
between supported and unsupported summaries in both settings, namely (a - c) and (b - d), using a

3Such a sentence will itself be “consistent”, but should probably not shift the overall consistency score to be
higher than the corrected summary given that this does not correct any existing inconsistencies, as it strictly
adds content.
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More Benign Errors are Better than A Few Severe Ones:
Evaluating Hallucination Severity

Anonymous ACL submission

Abstract

Factuality evaluation in summarization has001
largely focused on detecting hallucinations002
as binary phenomena—labeling content as003
either supported or unsupported by the004
source. However, modern LLMs increas-005
ingly generate nuanced, partially grounded006
content whose factual impact can vary007
widely—from benign inferences to severe008
distortions. To enable more precise assess-009
ment, we propose a framework for anno-010
tating hallucination severity along three011
interpretable dimensions: verifiability, plau-012
sibility, and innocuity. Applying this frame-013
work to human annotations across domains,014
we find that many hallucinations are both015
plausible and benign, indicating that not all016
unsupported content is equally consequen-017
tial. Our analysis shows that annotator018
disagreement is most common in border-019
line cases and primarily reflects di!erences020
in how strictly annotators apply severity021
thresholds when identifying hallucinations,022
rather than random noise. We show that023
severity-aware evaluation can meaningfully024
alter model rankings, favoring models that025
generate more frequent yet benign hallu-026
cinations over those producing fewer but027
more detrimental errors—distinctions that028
conventional evaluation settings fail to cap-029
ture. Finally, we evaluate the extent to030
which automatic metrics and LLMs cap-031
ture hallucination severity. While existing032
metrics show weak correlation with human033
severity judgments, LLMs exhibit strong034
alignment despite overannotating halluci-035
nation spans—making them promising can-036
didates for scaling fine-grained severity an-037
notation. Overall, our findings highlight038
the benefits of a shift toward severity-aware039
frameworks in factuality evaluation.040

1 Introduction041

Hallucinations in summarization—content not042

grounded in the source document—are typically043

evaluated as a discrete phenomena—the pres- 044

ence of absence of unsupported text indicated 045

either by labels or span annotations (Kry!ci"ski 046

et al., 2019; Maynez et al., 2020; Fabbri et al., 047

2021; Goyal and Durrett, 2021a; Laban et al., 048

2022; Zhang et al., 2024). While this framing 049

has served well for detecting overt fabrications 050

in earlier summarization models, it falls short 051

in the era of modern large language models 052

(LLMs). LLMs often produce subtler hallucina- 053

tions that involve plausible-sounding inferences, 054

implicatures, or contextually grounded fabri- 055

cations. These vary widely in their factual 056

impact—from benign shifts in interpretation to 057

severe distortions of source meaning. 058

We argue that factuality evaluation must 059

move beyond binary detection to account for 060

the severity of hallucinations. Hallucination 061

severity has been acknowledged in prior work, 062

both in terms of nuanced meaning shifts (Liyan- 063

age et al., 2022) and the inherent subjectivity 064

of error judgments (Goyal and Durrett, 2021a). 065

More recently, it has also gained attention in 066

discussions around hallucination rates in mod- 067

ern LLMs.1 Nevertheless, no systematic frame- 068

work currently exists for quantifying or evalu- 069

ating hallucination severity. 070

To address this gap, we propose a frame- 071

work for systematically evaluating hallucina- 072

tion severity by decomposing it into focused, 073

interpretable attributes—avoiding reliance on 074

a single, potentially subjective severity judg- 075

ment:Verifiability captures whether a halluci- 076

nated span is explicitly contradicted by the 077

source, or whether it is unverifiable due to fab- 078

rication or inference, Plausibility reflects the de- 079

gree to which the span represents a reasonable 080

extrapolation grounded in general knowledge 081

versus an implausible or far-fetched inference, 082

1
https://www.vectara.com/blog/

why-does-deepseek-r1-hallucinate-so-much

1

Figure 3: Hallucination rates (left) and average severity scores (right) across models. Although GPT-4
hallucinates more than Gemini, its errors are more plausible and more innocuous. Severity attributes
reveals distinctions in error quality—not just quantity—missed by binary metrics.

5 Are automatic metrics calibrated388

to reflect hallucination severity?389

Several automatic metrics have been devel-390

oped to assess the factual consistency of model-391

generated text with respect to a source doc-392

ument. These document-level metrics output393

scalar scores in between 0 and 1, with higher394

values intended to reflect greater factual align-395

ment.396

While factuality metrics are typically eval-397

uated using correlation or classification met-398

rics against binary labels, it remains unclear399

whether their scalar scores reflect hallucination400

severity. We address this by systematically401

testing metric sensitivity to inconsistencies of402

varying severity—providing, to our knowledge,403

the first evaluation of factuality metrics along404

this dimension.405

5.1 Experimental Setup406

Severity Rating407

We evaluate how factuality metrics correlate408

with hallucination severity using our anno-409

tated attributes. Each attribute is scored on410

a 0–1 scale, where 0 denotes maximal severity411

(e.g., unverifiable, implausible, or harmful) and412

scores toward 1 indicates minimal severity. For413

each span, we average ratings across at least414

two annotators.415

To aggregate multiple hallucinated spans416

within a summary, we compute summary-level417

severity using three strategies— max, mean,418

and min. These capture whether metrics are419

more sensitive to the most severe error (max), 420

average severity (mean), or any potential issue 421

(min). 422

Metrics 423

Our analysis spans a diverse set of factuality 424

metrics, covering a range of underlying method- 425

ologies. We include the entailment-based mod- 426

els SummaC-ZS and SummaC-Conv (Laban 427

et al., 2022), the QA-based metric QuestEval 428

(Scialom et al., 2021), which evaluates whether 429

source-grounded questions can be answered 430

from the summary, and specialized models ex- 431

plicitly trained for source-grounded consistency, 432

including UniEval (Zhong et al., 2022), Align- 433

Score (Zha et al., 2023), and MiniCheck (Tang 434

et al., 2024a). Additionally, we incorporate 435

the prompt-based metric ChatGPT-DA (Wang 436

et al., 2023a). 437

5.2 Results and Discussion 438

Metric scores exhibit weak correlation 439

with hallucination severity. 440

Figure 4 shows the Spearman correlation be- 441

tween metric scores and human-rated hallu- 442

cination severity averaged across all severity 443

dimensions 3. Correlations are reported under 444

three span-to-summary aggregation strategies— 445

min, mean, and max—which capture if metrics 446

are responsive to the most severe, average, or 447

least severe hallucination. 448

Overall, most metrics exhibit weak alignment 449

with severity ratings. MiniCheck, AlignScore, 450

3Refer Appendix B for per attribute breakdown
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Evaluating AI systems (is hard)

• “Factuality” is slippery and difficult to reliable judge or 
measure

• Apparently reasonable evals can sometimes struggle when 
stress-tested / can be brittle

• Systems are evolving incredibly fast and harnesses matter a lot
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