
Automatic construction of meta-evaluation benchmarks for evaluation metrics

Abstract

The evaluation of long-form text, particularly001
in domains requiring factual accuracy, is in-002
creasingly reliant on automated metrics. How-003
ever, the reliability of these metrics themselves004
is often assumed rather than rigorously tested,005
especially for use cases where long-form gen-006
erations are expected as output. This paper007
addresses this gap by proposing a framework008
to evaluate the quality of reference-based eval-009
uation metrics. We introduce a methodology010
that iteratively perturbs candidate texts to as-011
sess the sensitivity and discrimination power of012
reference-based text evaluation metrics. Our ex-013
periments, conducted on the ACI-Bench med-014
ical dataset, demonstrate the importance of015
evaluating evaluation metrics for long-form016
text, highlighting the need for robust validation017
methodologies.018

1 Introduction019

The surge in generative models has led to the pro-020

liferation of long-form text generation use cases021

across various domains. Evaluating the quality of022

these generated texts is crucial, which has subse-023

quently driven the development of new evaluation024

metrics, which vary in their purpose, methodol-025

ogy, complexity, and sensitivity to the specific task026

they are developed for. While metrics are used027

to inform critical decisions, the errors that may028

propagate from the metrics themselves are often029

an afterthought. As the quality of such generated030

text improves, the gaps between the models that031

generated them shrink, making it harder for evalu-032

ation metrics to discern the subtleties. Prior work033

((Hanna and Bojar, 2021), (Moramarco et al., 2022)034

has demonstrated that traditional evaluation met-035

rics have low correlation with human evaluation036

judgments. More recently, the use of Large Lan-037

guage Models (LLMs) like GPT-4 (Zheng et al.,038

2023) as judges/evaluators, has become common-039

place. While they exhibit superior correlation with040

human evaluation metrics, their failure modes, reli- 041

ability, and ability to discern between high quality 042

inputs is under-explored. In this work, we propose 043

a methodology to assess the quality of reference- 044

based evaluation metrics with respect to their sen- 045

sitivity and ability to discriminate between texts on 046

specific criteria or notions of quality. 047

Automatic evaluation of machine-generated text 048

has long been a central challenge in natural lan- 049

guage generation (NLG), often proving as difficult 050

as the generation itself (Celikyilmaz et al., 2020). 051

Driven by the success of large-scale pretrained lan- 052

guage models (PLMs) (Devlin et al., 2019), recent 053

research has focused on developing evaluation met- 054

rics based on these models (Zhang et al., 2020; 055

Yuan et al., 2021; Pillutla et al., 2021). For instance, 056

BERTScore (Zhang et al., 2020) calculates similar- 057

ity scores between the contextualized embeddings 058

of the candidate and the reference text. These PLM- 059

based metrics have seemingly demonstrated supe- 060

rior correlations with human annotations across 061

various tasks (Yuan et al., 2021), leading to their 062

increasing adoption in practical applications. 063

However, it is crucial to acknowledge the inher- 064

ent limitations of PLMs. These models can produce 065

degenerate, repetitive text (Holtzman et al., 2020) 066

and exhibit insensitivity to perturbations such as 067

word order shuffling (Pham et al., 2021) and nega- 068

tion (Ettinger, 2020). These shortcomings, when 069

combined with specific design choices in metric de- 070

velopment, can render PLM-based evaluation met- 071

rics brittle and susceptible to manipulation. Con- 072

sequently, careful consideration of these factors is 073

essential for ensuring the reliability and robustness 074

of evaluation methodologies. 075

More recently, the use of commercial Large Lan- 076

guage Models (LLMs) like GPT-4o as "LLM-as-a- 077

judge" evaluators for pairwise comparisons in LLM 078

alignment tasks has become increasingly prevalent 079

(Zheng et al., 2023). While they have shown a 080

higher agreement to human preference compared 081
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Figure 1: We construct benchmarks to test evaluation metrics by synthetically degrading the accuracy of a reference
text (e.g., its factuality) and checking which evaluation metric best ranks the alterations

to PLM based methods, they suffer from various082

shortcomings; position bias, verbosity bias, and083

self-inclusion bias are some of them.084

We introduce a framework that iteratively per-085

turbs candidate texts, forming a hierarchy that al-086

lows us to evaluate the sensitivity and discrimina-087

tion power of various reference-based evaluation088

metrics.089

2 Related Work090

2.1 Reference based evaluation metrics091

Reference-based evaluation metrics have seen sig-092

nificant progress in recent years. Reference-based093

metrics evaluate the generated output by measuring094

its similarity to human-annotated reference texts.095

Metrics such as BERTScore (Zhang et al., 2019),096

BLEURT (Sellam et al., 2020), and others have097

demonstrated strong correlations with human judg-098

ments on short-form text. BERTScore leverages099

contextual embeddings from BERT to assess se-100

mantic similarity, while BLEURT is trained to pre-101

dict human quality judgments. ROUGE (Lin, 2004)102

introduced methods to evaluate the quality of a gen-103

erated summary with a reference summary.104

Subsequent research discovered glaring short-105

comings of each of these metrics; (Moramarco106

et al., 2022) show that in a note generation set-107

ting, the Levenshtein distance between a reference108

and generated output led to better results than us-109

ing ROUGE. (Hanna and Bojar, 2021) demonstrate110

deficiences in BERTScore that make it less sensi-111

tive to smaller errors. This period coincides with112

the rise of LLM-as-a-judge paradigm (Zheng et al.,113

2023) as an alternative to traditional metrics. While114

they show stronger correlation to human judgments,115

various trivial failure modes have come to light.116

(Zheng et al., 2025) show that null models can117

achieve high win rates. (Ye et al., 2024) show that 118

unrelated changes in prompts to the judge models 119

can have significant outcomes in the judgment. In 120

light of these findings, (Gu et al., 2025) recom- 121

mend that well-calibrated judgements, uncertainty 122

calibration and development of adversarially ro- 123

bust evaluation frameworks are steps to address 124

such challenges. We position our work to better 125

understand the ability of metrics to discriminate 126

and calibrate an increasingly narrow regime where 127

competing models score on the higher side with 128

little variation in quality of their outputs. 129

2.2 Evaluation of metrics 130

(Ribeiro et al., 2020) introduced checklists to test 131

for robustness of models under perturbations. Fol- 132

lowing a similar recipe, (Sai et al., 2021) leverage 133

checklists but instead apply them to evaluation met- 134

rics. they design a total of 34 perturbation tem- 135

plates across different criteria such as Fluency, In- 136

formativeness, Negations, etc. They demonstrate 137

that a majority of the metrics have poor correlations 138

with human judgments across criteria. While our 139

work builds on this foundation, the perturbation 140

methods we use are not based on pre-fabricated 141

templates. Additionally, we build an iterative per- 142

turbation setting which aims to not only study cor- 143

relation of metrics to human judgment, but also 144

quantitatively characterize their sensitivity to such 145

perturbations. 146

(Liang et al., 2023) introduced HELM and with 147

it included robustness tests for evaluation metrics. 148

While they test for invariance (the stability of a 149

model’s predictions under small semantically pre- 150

served perturbations) and equivariance (the study 151

of semantic altering perturbations on model behav- 152

ior) their focus is on model behaviour and not the 153

metrics themselves. 154
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3 Methodology155

Our methodology focuses on evaluating reference-156

based evaluation metrics. Given a reference text157

R (gold standard) and a candidate text C, we itera-158

tively perturb C n times to generate a sequence of159

degraded candidates C1, C2, ..., Cn. Each pertur-160

bation introduces a controlled level of degradation,161

such that the quality of Ci is lower than Ci−1. Fig-162

ure 1 visually represents this workflow.163

Perturbations can target various criteria of text164

quality, including but not limited to grammatical165

correctness, brevity, simplicity, factual complete-166

ness, and factual correctness. To limit the scope of167

this study, we focus on factual correctness.168

3.1 Perturbation Mechanism169

We implement an unsupervised mechanism to per-170

turb factual correctness. The mechanism splits the171

candidate text C into atomic facts, corrupts an in-172

creasing percentage of these facts using GPT-4o,173

and recombines them into a coherent long-form text174

to create the degraded candidates C1, C2, ..., Cn.175

Algorithms 1 illustrates this in detail.176

3.2 Evaluation Metric Assessment177

We evaluate the performance of evaluation metrics178

by examining two key properties:179

1. Monotonicity: A desirable evaluation met-180

ric should assign scores that decrease as the181

candidate text is increasingly degraded. Math-182

ematically, for an evaluation metric Ei, we183

expect:184

Ei(R,C) > Ei(R,C1) > ... > Ei(R,Cn)185

2. Discrimination Power: A good evaluation186

metric should be able to discriminate between187

candidates with differing quality. If two evalu-188

ation metrics E1 and E2 are used to score the189

candidates, E1 is deemed to have higher dis-190

crimination power if the differences between191

its scores are larger than those of E2.192

4 Experiments193

We experiment with the ACI-Bench dataset (wai194

Yim et al., 2023). ACI-Bench is a medical dataset195

containing SOAP notes. A SOAP note is a struc-196

tured document used by healthcare professionals197

to record patient information, comprising Subjec-198

tive, Objective, Assessment, and Plan components.199

For each patient case, ACI-Bench provides a gold 200

reference SOAP note. 201

We extract a candidate solution C by paraphras- 202

ing the gold reference answer R using GPT-4o. The 203

degraded candidates C1, C2, ..., Cn are obtained by 204

the method described in Section 3 205

We evaluate the performance of a metric Ei ∈ E 206

on the pairs 207

Ei(R,C), Ei(R,C1), Ei(R,C2), ..., Ei(R,Cn) 208

4.1 Evaluation Metrics 209

4.1.1 BERTScore 210

BERTScore (Zhang et al., 2019) leverages contex- 211

tual embeddings from BERT to assess the similarity 212

between a candidate sentence and a reference sen- 213

tence. It computes a fine-grained similarity score 214

for each token in the candidate sentence with each 215

token in the reference sentence, using contextual 216

embeddings. These scores are then aggregated to 217

produce an overall similarity score. 218

4.1.2 BLEURT 219

BLEURT (Sellam et al., 2020) is a learned evalua- 220

tion metric that is trained to predict human quality 221

judgments. It is designed to be robust and gen- 222

eralize well across different domains and tasks. 223

BLEURT uses a large pre-trained language model 224

and is fine-tuned on a dataset of human ratings, 225

allowing it to capture subtle aspects of text quality 226

that are often missed by other metrics. 227

4.1.3 AutoAIS 228

AutoAIS (Huang et al., 2022) is an automatic eval- 229

uation metric that focuses on assessing the factual 230

accuracy and consistency of generated text. It uses 231

a combination of information retrieval and natu- 232

ral language inference techniques to compare the 233

generated text with a knowledge source or refer- 234

ence text. AutoAIS aims to provide a more reliable 235

and interpretable evaluation of factuality than tradi- 236

tional metrics. 237

4.1.4 SBERTScore 238

SBERTScore is a modification of BERTScore 239

that calculates sentence-level embeddings using 240

Sentence-BERT (SBERT). While BERTScore com- 241

putes token-level similarities, SBERTScore com- 242

putes the embedding for the entire sentence and 243

compares those embeddings. This change aims 244

to capture the overall semantic similarity between 245

sentences more effectively, potentially improving 246
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Algorithm 1 Generate Degraded Candidates

Require: Reference Text R, Candidate Text C, Number of Iterations n, LLM model
Ensure: List of Degraded Candidate Texts [C1, C2, ..., Cn]

1: function GENERATEDEGRADEDCANDIDATES(C, n,LLM)
2: DegradedCandidates← []
3: CurrentCandidate← C
4: α← 0.3

n
5: for i← 1 to n do
6: Facts← SPLITINTOATOMICFACTS(CurrentCandidate,LLM)
7: CorruptedFacts← CORRUPTFACTS(Facts, α ∗ count(Facts),LLM)
8: DegradedCandidate← RECOMBINEFACTS(CorruptedFacts,LLM)
9: APPEND(DegradedCandidates,DegradedCandidate)

10: CurrentCandidate← DegradedCandidate
11: α← α+ 1

n
12: end for

return DegradedCandidates
13: end function
14:

15: function SPLITINTOATOMICFACTS(Text,LLM)
16: Facts← USELLMTOSPLIT(Text,LLM)

return Facts
17: end function
18:

19: function CORRUPTFACTS(Facts,NumToCorrupt,LLM)
20: CorruptedFacts← Facts ▷ Copy to avoid modifying original
21: IndicesToCorrupt← RANDOMLYSELECTINDICES(NumToCorrupt, length(Facts))
22: for each Index in IndicesToCorrupt do
23: CorruptedFacts[Index]← USELLMTOCORRUPT(Facts[Index],LLM)
24: end for

return CorruptedFacts
25: end function
26:

27: function RECOMBINEFACTS(Facts,LLM)
28: RecombinedText← USELLMTORECOMBINE(Facts,LLM) ▷ Use LLM to recombine

return RecombinedText
29: end function
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Figure 2: Each violin plots the value corresponding to Ei(R,C)−Ei(R,C1) along with the mean, and quartiles of
the distribution denoted by dotted lines.

Figure 3: Each bar counts the instance where the Metric scored the degraded candidate C1 higher than candidate C,
out of a total of 63 examples. DocLens has the lowest number of such violations.

the correlation with human judgments, particularly247

for longer texts where sentence-level coherence is248

important.249

4.1.5 Jina Similarity Embeddings 250

Jina Similarity Embeddings (AI, 2024) provide a 251

method for generating dense vector representations 252

of text that are optimized for similarity search and 253

comparison. These embeddings can be used for var- 254
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Figure 4: Each scatter in the plot corresponds to the aggregated Ei(R,C) − Ei(R,Cn) across all samples for
n = 1...5.

ious natural language processing tasks, including255

text evaluation. By comparing the embeddings of256

generated and reference texts, one can assess their257

semantic similarity. Jina embeddings are designed258

to be efficient and scalable, making them suitable259

for large-scale evaluation tasks.260

4.1.6 DocLens261

DocLens (Chen et al., 2023) is an evaluation frame-262

work designed to assess the quality of text genera-263

tion tasks in the medical domain. The framework264

calculates the conciseness, and completeness of the265

generated text for clinical note generation. The266

metrics can be computed by various types of evalu-267

ators including instruction-following (both propri-268

etary and open-source) and supervised entailment269

models. While multiple models can be executed270

with this framework, GPT4-o is widely used, so we271

replicate the same setting.272

5 Results and Discussion273

In figure 2 we plot the distribution of Ei(R,C)−274

Ei(R,C1) where C is the candidate answer and C1275

is the first degraded candidate answer. We observe276

that DocLens (Chen et al., 2023) has the highest277

average score with no percentile below the y = 0278

line. All instances below this line correspond to279

cases where the metric attributes a higher score280

to Ei(R,C1) than Ei(R,C); we refer to these in- 281

stances as a violation. The frequency of such vio- 282

lations are plotted in 3. This provides a measure 283

of how often the metric can discern a higher qual- 284

ity text. The appendix plots these same graphs for 285

C2, C3...C5. 286

Figure 4 calculates the mean of E(R,C) − 287

Ei(R,Ci) over 63 samples for an evaluation metric 288

E for a candidate i. As i increases, the number of 289

degradations in Ci increase. As observed in the fig- 290

ure, E(R,C)−Ei(R,Ci) stays flat for all metrics 291

except AutoAIS and DocLens, indicating that they 292

respect monotonicity. 293

In conclusion, by studying the distribution across 294

all data samples of E(R,C)− Ei(R,Ci) for each 295

level Ci of degradation and comparing their means 296

across all levels, one can quantiatively characterize 297

both the monotonicity and the discrimination power 298

of a metric E. On this basis, the right evaluation 299

metric can be deployed by practitioners. 300

6 Human Annotation Study 301

We conduct a human annotation check by sampling 302

10 candidate pairs C and C1. The annotator checks 303

marks a pair as a valid degradation if it follows the 304

following criteria. 305

• There is at least one incorrect fact in can- 306
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Criteria Count(Out of 10)
Errminimum 10
Errgreater 10
Errmissing 9

Table 1: Human annotation on a randomly sampled
set of 10 samples. There was one sample out of 10
where candidate C had a missing fact that was present
in C1.Errmissing

didate C1 with respect to the reference R -307

Errminimum308

• The number of incorrect facts in candidate C309

if any are lesser than in C1 - Errgreater310

Table 1 presents the results, showing that all 10311

samples qualify as valid degradations.312

The annotator also flags cases where the number313

of missing facts in candidate C if any are lesser314

than the facts missing in C1 - Errmissing with315

respect to reference R. While this count is ideally316

expected to always be 0 as a fact cannot appear in317

C1 that did not exist in candidate C, we observe318

one instance where this happens. We speculate that319

the data sample being present in the LLM’s training320

data could possibly explain this behavior.321

7 Conclusion and Future Work322

This paper introduces a framework to evaluate the323

quality of reference-based evaluation metrics for324

long-form text. Our methodology, based on itera-325

tive perturbation of factuality, allows us to assess326

the sensitivity and discrimination power of various327

metrics. The experiments on ACI-Bench dataset328

highlight the importance of evaluating evaluation329

metrics in the context of long-form text.330

While in this work we experiment with degrada-331

tion of factuality, it can be based on other dimen-332

sions such as grammatical correctness, cohesive-333

ness, simplicity or others. One can also reduce the334

fraction of errors introduced in the degraded candi-335

dates to better compare evaluation metrics that may336

have similar capabilities and quality. However, a337

reduced fraction of errors may have the effect of338

increased false positives in the benchmark (when339

a degraded candidate Ci is as good C), warranting340

a human in the loop-based verification, to ensure341

stringent quality.342

In the future, for every new evaluation metric it343

can be run on the benchmark to check how it com-344

pares against previous metrics in the suite, better345

guiding development of evaluation metrics. 346
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Prompt (Fact splitting)
You are a helpful bot, your task is to Break the user text into the smallest independent atomic facts
possible. Do not number them. Print them out line by line. Each fact needs to be simple.

Here is an example

INPUT: The Java Development Kit ( JDK ) is an implementation of either one of the Java Platform
, Standard Edition , Java Platform , Enterprise Edition , or Java Platform , Micro Edition platforms
released by Oracle Corporation in the form of a binary product aimed at Java developers on Solaris
, Linux , macOS or Windows .

OUTPUT: The Java Development Kit (JDK) exists.
The JDK is an implementation.
The JDK implements the Java Platform.
The Java Platform has three editions: Standard Edition, Enterprise Edition, and Micro Edition.
The JDK is released by Oracle Corporation.
The JDK is released as a binary product.
The binary product is aimed at Java developers.
Java developers use Solaris.
Java developers use Linux.
Java developers use macOS.
Java developers use Windows.
INPUT: <TEXT>

Figure 5: GPT-4o prompts for splitting facts

Prompt (Fact corruption)
You are a helpful bot, that is good at changing or modifying the facts in the user input provided to
you. There are to be no follow up questions. Just provide the answer.
<TEXT>

Figure 6: GPT-4o prompts for corrupting facts

Prompt (Fact recombination)
Use the following facts provided in the user input to generate a coherent paragraph. Do not add in
your response information that does not exist in the input provided.
<TEXT>

Figure 7: GPT-4o prompts for recombining facts
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Prompt (Paraphrasing)
You are a helpful assistant who is great at paraphrasing text. Take the text provided to you and
paraphrase it strongly but correctly.
Do not ask follow up questions.
Do not ask to perform any other actions.
Do not copy from the original text as is.
Do not try to continue the conversation.
<TEXT>"

Figure 8: GPT-4o prompts for generating the paraphrased version of a text

Figure 9: Each violin plots the value corresponding to Ei(R,C)−Ei(R,C2) along with the mean, and quartiles of
the distribution denoted by dotted lines.
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Figure 10: Each bar counts the instance where the Metric scored the degraded candidate C2 higher than candidate
C, out of a total of 63 examples. DocLens has the lowest number of such violations.

Figure 11: Each violin plots the value corresponding to Ei(R,C)− Ei(R,C3) along with the mean, and quartiles
of the distribution denoted by dotted lines.
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Figure 12: Each bar counts the instance where the Metric scored the degraded candidate C3 higher than candidate
C, out of a total of 63 examples. DocLens has the lowest number of such violations.

Figure 13: Each violin plots the value corresponding to Ei(R,C)− Ei(R,C4) along with the mean, and quartiles
of the distribution denoted by dotted lines.
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Figure 14: Each bar counts the instance where the Metric scored the degraded candidate C3 higher than candidate
C, out of a total of 63 examples. DocLens has the lowest number of such violations.

Figure 15: Each violin plots the value corresponding to Ei(R,C)− Ei(R,C5) along with the mean, and quartiles
of the distribution denoted by dotted lines.
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Figure 16: Each bar counts the instance where the Metric scored the degraded candidate C5 higher than candidate
C, out of a total of 63 examples. DocLens has the lowest number of such violations.
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