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Abstract001

Automatic Question Generation (QG) often002
produces outputs with critical defects, such as003
factual hallucinations and answer mismatches.004
However, existing evaluation methods, includ-005
ing LLM-based evaluators, mainly adopt a006
black-box and holistic paradigm without ex-007
plicit error modeling, leading to the neglect008
of such defects and overestimation of ques-009
tion quality. To address this issue, we pro-010
pose ErrEval, a flexible and Error-aware011
Evaluation framework that enhances QG evalu-012
ation through explicit error diagnostics. Specif-013
ically, ErrEval reformulates evaluation as a two-014
stage process of error diagnosis followed by in-015
formed scoring. At the first stage, a lightweight016
plug-and-play Error Identifier detects and cat-017
egorizes common errors across structural, lin-018
guistic, and content-related aspects. These diag-019
nostic signals are then incorporated as explicit020
evidence to guide LLM evaluators toward more021
fine-grained and grounded judgments. Exten-022
sive experiments on three benchmarks demon-023
strate the effectiveness of ErrEval, showing024
that incorporating explicit diagnostics improves025
alignment with human judgments. Further anal-026
yses confirm that ErrEval effectively mitigates027
the overestimation of low-quality questions 1.028

1 Introduction029

Question Generation (QG) is a fundamental task in030

Natural Language Generation (NLG) (Guo et al.,031

2024), aiming to generate questions given a context032

and often with a target answer. Reliable evaluation033

of generated questions is essential for ensuring the034

quality of QG systems deployed in downstream035

applications such as question answering (Lyu et al.,036

2021), dialogue systems (Zeng et al., 2023), and037

educational assessments (Ghanem et al., 2022).038

Traditional QG evaluation methods, including039

similarity-based metrics (e.g., BLEU (Papineni040

1Codes and resources are available at: https://
anonymous.4open.science/r/ErrEval-3BE8.

Passage: Sayyid Abul Ala Maududi was an ..., Maududi had much more impact through his writing 
than through his political organising. His extremely influential books ...
Answer: writing Question: What was Maududi's main influence?
Evaluation Dimension: Answer Consistency Human Score: 1

Score: 3
Reason: The question can be 
answered directly by the answer, 
as it ...

Evaluate whether the question 
can be answered by the given 
answer, assign a score from 1
to 3, and give your reason, ...

Evaluate whether the question can be answered 
by the given answer, assign a score from 1 to 3, 
and give your reason, ...
Relevant Error Labels:  
Off Target Answer: {Error Label Definition}

Score: 2
Reason: The answer only partially match the 
question, justifying a score of 2. The "Off Target 
Answer" error is appropriate ...

(a) Vanilla CoT Evaluation. (b) Error-Aware Evaluation with Explicit Diagnostics. 

Score: 3
Reason: The generated question 
aligns directly with the provided 
answer. The passage explicitly ...

Score: 1
Reason: The question cannot be answered 
directly by the provided answer "writing" ...

Figure 1: Comparison between vanilla CoT and error-
aware evaluation using LLMs, where the former over-
estimates a flawed question and the latter aligns more
closely with human judgment.

et al., 2002), BERTScore (Zhang* et al., 2020)) and 041

generation-based approaches (e.g., BARTScore 042

(Yuan et al., 2021), GPTScore (Fu et al., 2024a)), 043

provide efficient but coarse assessments, offering 044

limited interpretability and weak support for fine- 045

grained, multi-dimensional evaluation. In response 046

to these limitations, large language models (LLMs), 047

such as GPT-4 (OpenAI, 2023) and LLaMA (Tou- 048

vron et al., 2023), have recently emerged as power- 049

ful evaluators that support multi-dimensional eval- 050

uation, generate natural language explanations, and 051

exhibit improved alignment with human judgments 052

(Li et al., 2024; Wang et al., 2024). 053

Despite these advancements, current LLM-based 054

evaluators mainly follow a black-box and holistic 055

evaluation paradigm, which maps generated ques- 056

tions directly to scalar ratings without modeling the 057

underlying errors that lead to low-quality outputs. 058

As a result, questions with critical defects are often 059

overestimated. A natural way to address this limi- 060

tation is to introduce error modeling into the eval- 061

uation process, which prior studies have shown to 062

improve evaluation reliability (Xu et al., 2023). Fol- 063

lowing this insight, we explore augmenting LLM- 064

based QG evaluation with explicit error diagnostics. 065

As illustrated in Figure 1, LLM evaluators using 066
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Figure 2: Pilot experiment - Pearson correlation coef-
ficients (%) between model scores and human scores.
Flu.: Fluency; Clar.: Clarity; Conc.: Conciseness; Rel.:
Relevance; Cons.: Consistency; Ans.: Answerability;
AnsC.: Answer Consistency; Avg.: Average.

a vanilla Chain-of-Thought (CoT) prompt (Wei067

et al., 2022) overrate a flawed question (a), but re-068

vise their scores toward the human judgment when069

explicit error information is provided (b). To sub-070

stantiate this observation, we conduct a pilot study071

on 300 samples from QGEval (Fu et al., 2024b)072

and find that providing LLM evaluator with human-073

labeled error information improves alignment with074

human judgments by an average of 56.6% across075

evaluation dimensions (Figure 2). Taken together,076

these findings indicate that explicit error modeling077

provides a useful diagnostic perspective for QG078

evaluation, enabling more fine-grained and cali-079

brated judgments.080

To this end, we propose an error-aware evalua-081

tion framework named ErrEval that reformulates082

LLM-based QG evaluation by introducing explicit083

error diagnostics as an intermediate step. Specifi-084

cally, we first design an error taxonomy which com-085

prises 11 error types spanning structural, linguis-086

tic, and content-related aspects (Table 1), inspired087

by the Multidimensional Quality Metrics (MQM)088

framework in machine translation (Freitag et al.,089

2021). Each error type is aligned with the evalu-090

ation dimensions it directly affects (Appendix A),091

enabling principled use of error diagnostics during092

evaluation. Based on the proposed error taxonomy,093

we develop a lightweight Error Identifier using094

an iterative refinement strategy to support accurate095

error identification. The predicted errors are finally096

converted into explicit diagnostic signals and incor-097

porated into the evaluation process, guiding LLM098

evaluators to focus on dimension-relevant issues099

and produce more accurate judgments.100

We validate ErrEval through extensive experi-101

ments on three benchmarks and four LLM eval-102

uators, spanning different evaluation settings and 103

covering both open-source and closed-source mod- 104

els (Sec. 4.1). The results show that ErrEval im- 105

proves the alignment between model and human 106

judgments across various dimensions (Sec. 4.2). 107

Further analyses indicate that accurate error identi- 108

fication contributes to error-aware evaluation and 109

that incorporating explicit error diagnostics reduces 110

the tendency to overestimate low-quality questions 111

(Sec. 4.3). 112

To summarize, our main contributions are three- 113

fold: 114

• We propose ErrEval, an error-aware frame- 115

work that enhances LLM-based evaluation 116

through explicit error diagnosis. To the best of 117

our knowledge, this is the first work to adopt 118

such a diagnostic paradigm in the context of 119

question generation. 120

• To support error-aware evaluation in practice, 121

we design an error taxonomy with 11 error 122

types and develop a lightweight plug-and-play 123

Error Identifier to provide diagnostic signals 124

for LLM evaluators. 125

• Extensive experiments on three benchmarks 126

show that ErrEval consistently improves align- 127

ment with human judgments across different 128

LLM evaluators and evaluation settings. 129

2 Problem Formulation 130

Our goal is to evaluate the quality of generated 131

questions across multiple dimensions (e.g., Answer- 132

ability). We formalize the LLM-based evaluation 133

paradigm as a dimension-specific scoring function: 134

(s, r) = F (p, a, q, c, err) (1) 135

where F is the evaluation function, p, a, and q rep- 136

resent the source passage, the reference answer, and 137

the generated question, respectively. c denotes the 138

evaluation criteria (i.e., a specific dimension with 139

its scoring criteria). The optional input err pro- 140

vides error diagnosis information, which guides the 141

evaluator toward a more focused and interpretable 142

assessment. The output includes a score s for the 143

specific dimension and a reason r that explains why 144

the scoring decision is made. The scoring scales 145

vary across evaluation settings (e.g., Likert-scale 146

ratings, binary classification). 147
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EvaluatorError Identifier

s: 1 
r: The question cannot be 

answered by the provided 
answer, ...

+ Label
Perturbation

Error Identifier

Verifier

(p, a, q, el)

......

(p, a, q, el)

(p, a, q, el)

SFT

......

(p, a, q)

(p, a, q)

(p, a, q)

Iter × N (0,1,2,...)

Reliable Samples

Unreliable
Samples

Iterative Refinement

Training Phase

LLMsExample Seed

Initialization

Error-aware Evaluation

err:  
Off Target Answer
  - Does not align with 
    the provided answer

p: Sayyid Abul Ala Maududi was an 
important twentieth-century ...
a: writing
q: What was Maududi's main influence?

c: Answer Consistency, ...

Inference Phase

+ Dimension-Error
Map

Figure 3: Framework of ErrEval. Given a passage (p), answer (a), generated question (q), and evaluation criteria (c),
ErrEval performs evaluation with explicit error diagnostics. An iteratively trained Error Identifier (EI) detects
error types (el), which are organized as diagnostic information (err) to guide dimension-specific scoring by LLM
evaluators. The EI functions as a lightweight and plug-and-play module.

In parallel, we formalize the error identification148

task as a multi-label classification problem, as a sin-149

gle question may contain multiple types of errors.150

Let L = {l1, l2, ..., lK} denote the predefined set of151

K error types, including a special label No Error.152

Given a triplet (p, a, q), the task is to predict which153

error types apply to the generated question. The154

model learns a function:155

el = f(p, a, q) (2)156

where f is a multi-label classifier parameterized157

by a neural network, and el ∈ {0, 1}K is a binary158

vector indicating the presence (1) or absence (0) of159

each error type in L.160

These two components are tightly coupled in our161

proposed framework: the predicted error types el162

are used to form the diagnosis information err to163

guide evaluators for dimension-specific evaluation.164

3 The ErrEval Framework165

The overall framework of ErrEval is illustrated in166

Figure 3. It consists of two main phases: a train-167

ing phase for learning explicit error diagnostics,168

and an inference phase for diagnosis-guided eval-169

uation. During the training phase, we iteratively170

train two components: an Error Identifier (EI),171

which predicts error types in generated questions,172

and a Verifier, which serves as a quality-control173

module to assess and filter the EI’s predictions.174

A data filtering and refinement mechanism is em-175

ployed to progressively improve both the quality176

of the training data and the performance of the177

two models. The training process comprises two178

stages: initialization, where a small set of error- 179

labeled data is constructed using LLMs (Sec. 3.1), 180

and iterative refinement, where more diverse and 181

realistic data are added through model-in-the-loop 182

expansion (Sec. 3.2). 183

In the inference phase, given a source passage, a 184

target answer, a generated question, and the evalu- 185

ation criteria, the EI first identifies potential error 186

types in the question. The error types relevant 187

to the target evaluation dimension, together with 188

their descriptions, are then organized as diagnostic 189

information and incorporated into the evaluation 190

process to condition an LLM-based evaluator for 191

dimension-specific scoring. Notably, the EI can be 192

seamlessly paired with different LLM evaluators, 193

enabling ErrEval to function as a plug-and-play 194

enhancement rather than a model-specific solution. 195

Underlying this framework is a carefully de- 196

signed error taxonomy that defines 11 distinct 197

error types across structural, linguistic, and content- 198

related aspects. This taxonomy serves as both the 199

label space for training the Error Identifier and the 200

semantic bridge that links error diagnostics to eval- 201

uation dimensions. We describe the taxonomy in 202

detail in Sec. 3.3. 203

3.1 Initialization 204

We adopt an LLM-based error data synthesis pro- 205

cess to construct an initial labeled dataset for train- 206

ing the initial EI and Verifier. Specifically, we 207

leverage LLMs to generate questions exhibiting 208

predefined error types given a passage and a target 209

answer. Few-shot examples are used to encourage 210
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Category Error Type Description

Structural Incomplete (Inc) Misses essential components, making the question unfinished.
Not A Question (NAQ) Lacks interrogative structure or is a statement rather than a question.

Linguistic
Spell Error (Spell) Contains misspelled words affecting readability or clarity.
Grammar Error (Gram) Grammatical issues such as incorrect word order, tense, subject-

verb agreement.
Vague (Vag) The question is unclear, overly broad, or ambiguous in meaning.
Unnecessary Copy from Passage (Copy) Overquotes or redundantly copies large portions of the passage.

Content-related

Off Topic (OTP) The question is unrelated to the topic of the passage.
Factual Error (Fact) Includes incorrect facts that contradict the passage.
Information Not Mentioned (INM) Asks for information not present in the passage.
Off Target Answer (OTA) Does not align with the provided answer.

– No Error (NoErr) The question is clear, relevant, and answerable without any issues.

Table 1: Error types grouped by category, with their descriptions.

the generation of questions with the desired error211

patterns. We apply a multi-model agreement filter-212

ing strategy to ensure label reliability. Each gener-213

ated question is independently evaluated by three214

LLMs (GPT-4o, Claude-3.5, and Gemini-2.0-pro),215

which assign confidence scores for the presence of216

the target error types. A sample is retained only if217

at least two models assign a confidence score of218

≥ 0.8. Through this process, we obtain an initial219

dataset with error labels for each sample. For train-220

ing the Verifier, we construct negative examples221

via label perturbation, by heuristically altering the222

original error labels to simulate invalid annotations.223

3.2 Iterative Refinement224

To introduce more realistic and diverse error pat-225

terns, we construct an unlabeled question pool by226

collecting outputs from multiple QG models, in-227

cluding BART (Lewis et al., 2020), T5 (Raffel et al.,228

2020), and Flan-T5 (Chung et al., 2024) of vary-229

ing sizes. These models generate questions from230

passages and answers sampled from SQuAD (Ra-231

jpurkar et al., 2016) and HotpotQA (Yang et al.,232

2018). This unlabeled pool serves as the basis for233

iterative refinement. In each iteration, the current234

EI and Verifier are applied to the unlabeled ques-235

tion pool to predict and validate error types. Their236

confidence scores are used to compute two selec-237

tion metrics, uncertainty and inconsistency:238

Uncertainty = 1− |pe − 0.5| (3)239

240
Inconsistency = |pe − pv| (4)241

where pe and pv denote the confidence scores from242

the EI and Verifier, respectively. Based on these243

metrics, samples are categorized into reliable and244

unreliable sets. Reliable samples correspond to245

high confidence and verifier-consistent predictions, 246

while unreliable samples exhibit high uncertainty 247

or high inconsistency. The specific threshold values 248

for uncertainty and inconsistency are empirically 249

chosen and reported in Appendix F. 250

At each iteration (iter ≥ 1), a subset of reli- 251

able samples is directly added to the training set, 252

whereas a subset of unreliable samples is manually 253

verified before being used for further fine-tuning. 254

Typically, several hundred new examples are in- 255

corporated per iteration, gradually expanding the 256

training data with high-quality and diverse samples. 257

3.3 Error Taxonomy 258

To support error diagnosis of quality issues in gen- 259

erated questions, we define a taxonomy consisting 260

of eleven error types. Guided by prior error analy- 261

sis and commonly adopted evaluation dimensions 262

which cover both linguistic aspects (e.g., fluency, 263

clarity) and task-oriented aspects (e.g., consistency, 264

answerability) (Fu et al., 2024b), we identify re- 265

curring error patterns and annotate questions with 266

multiple error types. We organize error types into 267

a taxonomy with three categories: (1) Structural 268

errors, which concern the form, structure, and com- 269

pleteness of a question. (2) Linguistic errors, re- 270

lated to language use such as spelling, grammar, 271

and expression. (3) Content-related errors, which 272

capture semantic misalignment among the question, 273

passage, and answer. 274

This taxonomy facilitates understanding of how 275

different error types correspond to specific eval- 276

uation dimensions. Structural and linguistic er- 277

rors primarily concern the form and expression 278

of a question and may affect both linguistic and 279

task-oriented dimensions. For example, incomplete 280

questions impair both fluency and answerability. 281
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Method Flu. Clar. Conc. Rel. Cons. Ans. AnsC. Avg.

Similarity-based Methods

BLEU 2.8 4.9 13.8 4.1 3.2 8.0 16.2 7.6
Q-BLEU 7.2 8.2 21.6 5.8 7.5 11.3 19.8 11.6
BERTScore 14.0 12.3 31.3 11.3 9.1 13.1 23.1 16.3
BLEURT 7.8 10.5 17.9 10.4 9.8 14.4 27.1 14.0
QSTS 1.6 10.4 1.5 7.7 4.3 13.0 25.0 9.1

Generation-based Methods

BARTScore 14.8 3.5 51.1 5.3 0.1 1.8 1.5 11.2
GPTScore 13.4 10.4 5.2 41.6 19.7 14.8 23.6 18.4
UniEval 37.0 21.9 25.9 15.3 15.6 20.7 35.6 24.6
QRelScore 21.3 9.6 55.3 3.2 0.2 2.6 2.5 13.5
RQUGE 4.5 9.2 12.6 7.0 20.0 21.1 56.1 18.6

LLM-based Methods

JudgeLM 29.9 29.7 49.8 16.5 14.3 21.8 16.6 25.5
Prometheus 2 17.8 18.4 25.4 6.9 5.4 15.6 17.2 15.2
INSTRUCTSCORE 20.0 16.2 41.4 5.0 11.0 16.6 13.5 17.7
TIGERScore 19.9 18.3 18.4 4.1 9.7 18.0 13.1 14.5
LLaMA-3 Vanilla CoT 27.1 24.6 51.1 15.3 16.0 20.8 11.9 23.8
+ ErrEval-base 38.5(+11.4) 32.6(+8.0) 57.6(+6.5) 17.2(+1.9) 18.3(+2.3) 30.0(+9.2) 26.4(+14.5) 31.5(+7.7)

+ ErrEval-large 36.7(+9.6) 32.8(+8.2) 56.4(+5.3) 18.0(+2.7) 18.8(+2.8) 33.5(+12.7) 27.6(+15.7) 32.0(+8.2)

Qwen3 Vanilla CoT 33.4 30.2 46.2 24.3 29.7 37.2 37.5 34.1
+ ErrEval-base 35.0(+1.6) 33.6(+3.4) 54.3(+8.1) 22.6(-1.7) 30.1(+0.4) 41.0(+3.8) 39.9(+2.4) 36.6(+2.5)

+ ErrEval-large 37.6(+4.2) 32.9(+2.7) 54.3(+8.1) 23.5(-0.8) 31.0(+1.3) 41.4(+4.2) 41.3(+3.8) 37.4(+3.3)

GPT-4o Vanilla CoT 34.2 26.8 48.6 14.2 23.9 32.5 51.2 33.1
+ ErrEval-base 34.7(+0.5) 27.3(+0.5) 51.8(+3.2) 13.7(-0.5) 27.0(+3.1) 34.0(+1.5) 52.1(+0.9) 34.4(+1.3)

+ ErrEval-large 35.5(+1.3) 28.3(+1.5) 52.5(+3.9) 14.1(-0.1) 25.5(+1.6) 33.8(+1.3) 52.8(+1.6) 34.6(+1.5)

Claude-3.5 Vanilla CoT 42.2 29.5 52.3 22.2 29.9 39.8 43.2 37.0
+ ErrEval-base 42.2(+0.0) 33.5(+4.0) 57.4(+5.1) 23.8(+1.6) 30.7(+0.8) 45.9(+6.1) 52.6(+9.4) 40.9(+3.9)

+ ErrEval-large 42.8(+0.6) 32.9(+3.4) 56.8(+4.5) 22.7(+0.5) 31.8(+1.9) 46.0(+6.2) 53.3(+10.1) 40.9(+3.9)

Table 2: Pearson correlation coefficients (%) between automatic evaluation methods and human scores on QGEval.
For each evaluation dimension, the best and second-best results are highlighted in bolded and underlined, respec-
tively. ErrEval-base/large: error-aware evaluation using RoBERTa-base/RoBERTa-large Error Identifiers.

In contrast, content-related errors reflect semantic282

misalignment between the question, passage, and283

answer, and are associated with task-oriented di-284

mensions. For instance, factual errors can severely285

compromise both consistency and answerability.286

Table 1 summarizes all error types and their defini-287

tions, and Appendix A presents the full mapping288

between error types and evaluation dimensions.289

4 Experiment290

4.1 Experimental Setup291

Datasets and Metrics We conduct experiments292

on three datasets: QGEval, SimQG (Gollapalli and293

Ng, 2022), and SQuAD 2.0 (Rajpurkar et al., 2018),294

all of which contain human-annotated evaluation295

labels, providing a reliable reference for assessing296

the quality and robustness of automatic evaluation297

methods. Specifically, on QGEval and SimQG, we298

use the Pearson correlation coefficient to measure299

the alignment between automatic evaluation scores300

and human judgments. On SQuAD 2.0, we evalu-301

ate binary answerability prediction on a subset of 302

its original development set and report classifica- 303

tion metrics, including accuracy, macro precision, 304

recall, and F1 score. 305

Automatic Evaluation Methods We compare 306

our proposed method (error-aware evaluation) 307

against multiple automatic evaluation baselines, 308

which are grouped into three main categories: 309

(1) Similarity-based methods, including BLEU, 310

BERTScore, BLEURT (Sellam et al., 2020), Q- 311

BLEU (Nema and Khapra, 2018), and QSTS (Gol- 312

lapalli and Ng, 2022). (2) Generation-based meth- 313

ods, such as BARTScore, GPTScore, UniEval 314

(Zhong et al., 2022), QRelScore (Wang et al., 315

2022), and RQUGE (Mohammadshahi et al., 2023). 316

(3) LLM-based methods, such as Vanilla CoT 317

Prompt, JudgeLM (Zhu et al., 2025), Prometheus 2 318

(Kim et al., 2024), INSTRUCTSCORE (Xu et al., 319

2023), and TIGERScore (Jiang et al., 2023). 320

We evaluate both the vanilla CoT prompting ap- 321

proach and our error-aware prompting variant using 322
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four LLMs as evaluators: LLaMA-3 (LLaMA-3-323

8B-Instruct), Qwen3 (Qwen3-8B), GPT-4o, and324

Claude-3.5 (Claude-3.5-haiku-20241022), cover-325

ing both open-source and closed-source models.326

For each model, the vanilla CoT prompt consists327

of a task description, the target evaluation dimen-328

sion, scoring criteria, step-by-step evaluation guid-329

ance, and the input (p, a, q) triple. Our error-aware330

prompting variant extends the vanilla prompt by in-331

corporating explicit error information and making332

minor adjustments to the evaluation steps, while333

keeping all other prompt components unchanged.334

Prompt templates are provided in Appendix E.2.335

Implementation Details We train our models336

using RoBERTa (Liu et al., 2019). The Error Iden-337

tifier uses both RoBERTa-base and RoBERTa-large338

to examine the effect of model capacity, while the339

Verifier uses RoBERTa-base, which is sufficient for340

validating EI predictions while maintaining train-341

ing efficiency. We conduct five training iterations342

(from Iteration 0 to Iteration 4), as EI performance343

on the development set begins to degrade at Itera-344

tion 4. We adopt the model checkpoint from Itera-345

tion 3 for all downstream evaluations. All models346

are trained using standard fine-tuning settings with347

early stopping based on development performance.348

Detailed data splits and hyperparameters are pro-349

vided in Appendix F.350

4.2 Main Results351

We evaluate ErrEval on three benchmarks to ex-352

amine its performance across different evaluation353

settings and LLM evaluators.354

ErrEval Improves Alignment with Human Judg-355

ments across LLM Evaluators Table 2 and Ta-356

ble 3 report Pearson correlation coefficients be-357

tween automatic evaluation scores and human judg-358

ments. We find that ErrEval achieves the best359

performance and improves correlation with hu-360

man judgments across all LLM evaluators on both361

benchmarks. On QGEval, ErrEval-base improves362

the average Pearson correlation by 12.0% relative363

to the vanilla CoT baseline across four LLM eval-364

uators, while ErrEval-large yields a larger aver-365

age relative improvement of 13.2%. The improve-366

ments are more pronounced on task-oriented di-367

mensions such as Answerability and Answer Con-368

sistency, with average relative gains of 17.3% and369

20.3%, respectively. On SimQG, ErrEval-base and370

ErrEval-large achieve average relative improve-371

ments of 2.8% and 4.5%, respectively, over the372

Method Flu. Rel. Ans. Avg.

Similarity-based Methods

BLEU 4.2 13.2 18.7 12.0
Q-BLEU 6.5 17.7 22.0 15.4
BERTScore 19.1 17.8 27.0 21.3
BLEURT 22.8 20.1 32.0 25.0
QSTS 12.5 4.4 14.4 10.4

Generation-based Methods

BARTScore 6.9 23.1 19.1 16.4
GPTScore 23.7 41.8 48.1 37.9
UniEval 50.3 32.2 44.6 42.4
QRelScore 2.0 15.4 8.7 8.7
RQUGE 14.2 16.6 34.5 21.8

LLM-based Methods

JudgeLM 43.7 35.0 42.5 40.4
Prometheus 2 22.3 16.1 18.6 19.0
INSTRUCTSCORE 35.6 14.5 34.1 28.1
TIGERScore 21.9 19.2 27.9 23.0
LLaMA-3 Vanilla CoT 37.8 36.8 53.7 42.8
+ ErrEval-base 38.3(+0.5)39.1(+2.3)55.2(+1.5)44.2(+1.4)

+ ErrEval-large 38.9(+1.1)42.1(+5.3)57.4(+3.7)46.1(+3.3)

Qwen3 Vanilla CoT 45.8 53.8 67.7 55.8
+ ErrEval-base 45.6(-0.2) 54.5(+0.7)67.8(+0.1)56.0(+0.2)

+ ErrEval-large 49.1(+3.3)55.0(+1.2)68.2(+0.5)57.4(+1.6)

GPT-4o Vanilla CoT 39.0 46.7 60.3 48.7
+ ErrEval-base 39.4(+0.4)47.2(+0.5)62.8(+2.5)49.8(+1.1)

+ ErrEval-large 41.3(+2.3)48.0(+1.3)63.0(+2.7)50.8(+2.1)

Claude-3.5 Vanilla CoT 41.6 54.2 66.6 54.1
+ ErrEval-base 46.2(+4.6)55.2(+1.0)69.9(+3.3)57.1(+3.0)

+ ErrEval-large 44.5(+2.9)53.1(-1.1) 70.7(+4.1)56.1(+2.0)

Table 3: Pearson correlation coefficients (%) between
automatic methods and human scores on SimQG.

vanilla CoT baseline across the four LLM evalua- 373

tors, even when baseline correlations are relatively 374

high. Similar to the observations on QGEval, larger 375

gains are observed on task-oriented dimensions 376

such as Answerability. 377

Error Diagnostics Improve Answerability Clas- 378

sification Table 4 reports binary answerability 379

classification results on SQuAD 2.0. Since most 380

baselines are designed for score-based evaluation 381

and cannot be directly adapted to binary classi- 382

fication, we compare ErrEval only with vanilla 383

CoT prompting across four LLM evaluators. As 384

shown in the Table, ErrEval improves the evalu- 385

ation performance relative to the vanilla baseline 386

across all evaluators. For example, with LLaMA-3, 387

ErrEval-large increases accuracy from 62.9% to 388

67.5%, while for Qwen3, ErrEval-large achieves 389

absolute gains of 6.4% in accuracy. These results 390

demonstrate that explicit error diagnostics help 391

LLM evaluators better distinguish answerable from 392

unanswerable questions. 393
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Method Acc PM RM F1M

LLaMA-3 Vanilla CoT 62.9 68.1 66.4 62.6
+ ErrEval-base 65.7(+2.8)73.6(+5.5)70.0(+3.6)65.2(+2.6)

+ ErrEval-large 67.5(+4.6)75.0(+6.9)71.6(+5.2)67.1(+4.5)

Qwen3 Vanilla CoT 74.4 74.9 75.6 74.3
+ ErrEval-base 78.0(+3.6)78.1(+3.2)79.0(+3.4)77.9(+3.6)

+ ErrEval-large 80.8(+6.4)80.4(+5.5)81.3(+5.7)80.6(+6.3)

GPT-4o Vanilla CoT 84.9 84.4 84.7 84.5
+ ErrEval-base 85.8(+0.9)85.3(+0.9)85.4(+0.7)85.4(+0.9)

+ ErrEval-large 86.3(+1.4)85.9(+1.5)85.8(+1.1)85.8(+1.3)

Claude-3.5 Vanilla CoT 78.5 80.4 80.7 78.5
+ ErrEval-base 80.0(+1.5)81.2(+0.8)81.9(+1.2)80.0(+1.5)

+ ErrEval-large 80.4(+1.9)81.4(+1.0)82.2(+1.5)80.4(+1.9)

Table 4: Results on SQuAD 2.0. Acc: Accuracy; PM ,
RM , F1M : Macro Precision, Recall, and F1.

4.3 Analysis394

Iterative Refinement Enables More Accurate395

Error Identification Table 5 reports the perfor-396

mance of different Error Identifiers on the develop-397

ment set. We report multi-label classification met-398

rics, including Micro F1, Macro F1, and Weighted399

F1, together with Exact Match Rate (EMR), which400

measures whether the predicted error set exactly401

matches the gold annotations, and Over Predic-402

tion Rate (OPR), which quantifies the proportion403

of predicted error labels not present in the ground404

truth. A lower OPR indicates fewer fake error sig-405

nals and a reduced risk of interfering with down-406

stream evaluation. The results compare Error407

Identifiers with different backbone architectures408

and training strategies. Supervised models yield409

higher performance than zero-shot LLM prompting.410

Among fine-tuned models, RoBERTa and Mod-411

ernBERT (Warner et al., 2024) achieve compara-412

ble performance and outperform LLaMA-3 with413

LoRA adaptation. Building on this comparison,414

we further apply the iterative refinement strategy415

to RoBERTa-based models. Compared to the fine-416

tuned baseline, both RoBERTa-base and RoBERTa-417

large achieve further improvements through itera-418

tive refinement, demonstrating the effectiveness of419

the proposed training strategy (for a fair compari-420

son, both fine-tuned and iteratively refined models421

are trained using data up to Iteration 3).422

More Accurate Error Identification Leads to423

Better Evaluation Alignment We analyze how424

evaluation performance varies across EI training it-425

erations to examine the relationship between error426

identification accuracy and evaluation outcomes.427

Using LLaMA-3 as the evaluator, we inject error428

information predicted by EI models (Roberta-large)429

Error Identifier F1m F1M F1w EMR OPR↓

Zero-shot Prompting

LLaMA-3 26.1 22.1 33.4 8.6 77.3
GPT-4o 53.8 48.7 55.7 38.6 47.6

Fine-tuning

LLaMA-3 (LoRA) 56.8 45.3 53.1 53.6 40.7
ModernBERT-base 61.9 45.3 53.0 57.9 30.0
ModernBERT-large 71.7 54.5 63.5 64.3 21.1
RoBERTa-base 62.7 51.2 56.9 55.7 28.9
RoBERTa-large 69.9 63.2 65.2 66.4 25.7

Iterative Refinement

RoBERTa-base 71.5 63.5 66.6 67.9 25.0
RoBERTa-large 81.2 78.0 77.9 75.7 17.5

Table 5: The performance(%) of different EIs. F1m:
Micro F1. F1M: Macro F1. F1w: Weighted F1. EMR:
Exact Match Rate. OPR: Over Prediction Rate.

from different iterations and measure the average 430

Pearson correlation between evaluator scores and 431

human judgments on the pilot set annotated from 432

QGEval (Figure 4). Without any error information, 433

the vanilla method achieves a baseline correlation 434

of 29.3%. As EI training progresses from Iteration 435

0 to Iteration 3, the evaluator–human correlation 436

increases steadily, reaching 46.2% at Iteration 3. 437

For reference, providing human-annotated error in- 438

formation yields a correlation of 50.4%, serving as 439

an upper bound in this analysis. At Iteration 4, both 440

EI performance and evaluation correlation exhibit 441

a slight decrease. These observations show that 442

changes in EI accuracy are reflected in downstream 443

evaluation results, highlighting the role of error 444

identification quality in error-aware LLM-based 445

evaluation. 446

Error-Aware Evaluation Reduces Overestima- 447

tion of Low-Quality Questions To investigate 448

whether incorporating error information can mit- 449

igate the overestimation of low-quality questions, 450

we compare the vanilla CoT method with our error- 451

aware approach (ErrEval-large) using LLaMA-3 as 452

the evaluator on QGEval. Questions with a human 453

score ≤ 2 are treated as low-quality, while those 454

with a score of 3 are considered high-quality. We 455

focus on the overestimation rate (OverR), defined 456

as the proportion of low-quality questions that are 457

incorrectly assigned a high score: 458

OverR =
Count((sh ≤ 2) ∩ (sm = 3))

Count(sh ≤ 2)
(5) 459

Here, sh and sm denote the human score and 460

model score, respectively. As shown in Figure 5, 461
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Figure 4: Effect of EI accuracy on evaluation result
across training iterations.
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Figure 5: The overestimation rates of Vanilla Prompt
method and ErrEval-large.

the vanilla CoT method exhibits high overestima-462

tion rates across evaluation dimensions, exceeding463

80% on several task-oriented dimensions, including464

consistency (83.1%), answerability (83.7%), and465

answer consistency (93.5%). Incorporating error466

diagnostics reduces overestimation, with ErrEval467

lowering these rates to 75.4%, 71.7%, and 81.3%,468

respectively. These results indicate that error-aware469

guidance helps evaluators better penalize quality470

issues that are overlooked by vanilla prompting.471

5 Related Work472

Automatic Evaluation Methods Existing evalu-473

ation methods fall into three main types. Similarity-474

based methods (e.g., Q-BLEU, QSTS) compare475

generated questions to references, but fail to recog-476

nize valid yet dissimilar questions. Generation-477

based methods (e.g., QRelScore) leverage pre-478

trained language models to evaluate question qual-479

ity without relying on reference questions. How-480

ever, their output is typically a single aggregated481

score with limited interpretability. Recent LLM-482

based methods (e.g., G-Eval (Liu et al., 2023),483

ChatEval (Chan et al., 2023)) enhance evaluation484

by prompting large language models to evaluate485

multiple quality dimensions and provide explana-486

tions. However, most existing approaches rely on 487

holistic scoring and do not model the underlying er- 488

ror signals that lead to low-quality questions, which 489

can result in overestimation during evaluation. Our 490

work complements this line of research by intro- 491

ducing explicit error diagnostics into the evaluation 492

process, enabling more grounded and interpretable 493

LLM-based evaluation for QG. 494

Error Analysis and Diagnostics in NLG Ex- 495

plicit error analysis has been explored in NLG eval- 496

uation as a means to improve interpretability and re- 497

liability. The MQM framework introduced a struc- 498

tured taxonomy of error types for machine trans- 499

lation, providing a foundation for error-oriented 500

evaluation. Recent work such as InstructScore (Xu 501

et al., 2023) and TIGERScore (Jiang et al., 2023) 502

further employs LLMs to identify specific error 503

types across different generation tasks. How- 504

ever, these approaches typically rely on large, non- 505

modular models and apply fixed scoring heuristics 506

that limit flexibility. In contrast, our method intro- 507

duces a lightweight, plug-and-play Error Identifier 508

and leverages error diagnostics as explicit evidence 509

to guide downstream LLM evaluators, rather than 510

directly mapping errors to predefined score deduc- 511

tions. This design enables flexible and error-aware 512

evaluation while remaining compatible with exist- 513

ing LLM-based evaluators. 514

6 Conclusion 515

In this work, we propose ErrEval, an error-aware 516

evaluation framework for question generation that 517

augments LLM-based evaluation with explicit er- 518

ror diagnostics to address the limitations of holistic 519

and black-box scoring. ErrEval introduces a di- 520

agnostic evaluation paradigm that identifies error 521

types in generated questions and relates them to 522

specific evaluation dimensions, enabling more in- 523

terpretable and grounded assessments. To support 524

this framework, we define an error taxonomy with 525

11 error types covering structural, linguistic, and 526

content-related aspects. Based on this taxonomy, 527

a lightweight Error Identifier is developed via an 528

iterative refinement strategy. The Error Identifier 529

is designed as a plug-and-play component that can 530

be seamlessly integrated into existing LLM-based 531

evaluators, making the framework flexible and easy 532

to adopt. Extensive experiments on multiple bench- 533

marks and LLM evaluators demonstrate the effec- 534

tiveness of ErrEval and show that it reduces the 535

tendency to overestimate low-quality questions. 536
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Limitations537

ErrEval introduces an error-aware evaluation frame-538

work for question generation by incorporating ex-539

plicit error diagnostics into LLM-based evaluation.540

Despite the advantages, it has several limitations:541

(1) ErrEval is specifically designed for question542

generation, and extending it to other generation543

tasks requires task-specific adaptation and valida-544

tion. Such extensions depend on the availability of545

appropriate error taxonomy and task-relevant eval-546

uation criteria, which limits the direct applicability547

of ErrEval beyond QG evaluation. Future work548

may leverage large language models to assist in549

the automatic construction and validation of these550

components to reduce manual effort. (2) Error di-551

agnostic information is currently incorporated in552

a relatively simple manner. Specifically, diagnos-553

tic signals are appended to the evaluation prompt,554

without enforcing explicit constraints on how they555

should influence the evaluator’s reasoning process.556

As a result, evaluators may occasionally overlook557

these signals and retain their original judgments.558

Future work could investigate mechanisms to more559

effectively leverage error diagnostic information.560
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A Error-Dimension Mapping792

We design a comprehensive taxonomy of error793

types presented in generated questions, and map794

them with different evaluation dimensions. The full795

mappings between error types and common evalua-796

tion dimensions are shown in Table 6. Specifically,797

we categorize errors into structural, linguistic, and798

content-related types, which align naturally with799

these dimensions in QG. For example, a structural800

error like incomplete question formulation (e.g.,801

“What is the cause of”) directly impacts the An-802

swerability dimension, as the question cannot be803

meaningfully understood and answered. A linguis-804

tic error, such as grammatical mistakes (e.g., “What805

does happened”) affects the fluency of the ques-806

tion. A content-related error like Off Target Answer807

(e.g., generating “When did the war end?” when808

the given answer is a person’s name) influences the809

Answer Consistency dimension.810

Dimension Mapped Error Types

Fluency Incomplete, Spell Error, Grammar Error,
No Error

Clarity Incomplete, Not A Question, Grammar Er-
ror, Vague, No Error

Conciseness Unnecessary Copy from Passage, No Error

Relevance Off Topic, No Error

Consistency Off Topic, Factual Error, Information Not
Mentioned, No Error

Answerability
Incomplete, Not A Question, Vague, Off
Topic, Factual Error, Information Not Men-
tioned, No Error

Answer
Consistency

Incomplete, Not A Question, Vague, Off
Topic, Factual Error, Information Not Men-
tioned, Off Target Answer, No Error

Table 6: Mapping between error types and evaluation
dimensions.

B Error Type Distribution 811

We conducted a pilot study by sampling 300 exam- 812

ples from the QGEval dataset and manually anno- 813

tating the errors present in each generated question. 814

Based on the annotations, we categorized the er- 815

rors into 11 distinct types. The distribution of error 816

types is illustrated in Figure 8. Our analysis reveals 817

that over 46.4% of the questions contain at least 818

one type of error, indicating that current QG mod- 819

els still have room for improvement. Among all 820

error types, the three most frequent are Off Target 821

Answer, Unnecessary Copy from Passage, and In- 822

formation Not Mentioned, accounting for 29.0%, 823

8.3%, and 6.3% of all errors, respectively. These 824

errors highlight the need for improved alignment 825

between the generated question, the target answer, 826

and the source passage, suggesting that current QG 827

systems still struggle with reliable answer ground- 828

ing and faithful passage conditioning. It is worth 829

noting that these findings are based on a sample 830

of 300 instances, which may not fully capture the 831

overall error distribution. Future work with larger 832

and more diverse labeled datasets is needed to draw 833

more generalizable conclusions. 834

C Datasets 835

The datasets we use for experiment are described 836

as follows: 837

• QGEval (Fu et al., 2024b): A recent meta- 838

evaluation benchmark specifically designed 839

for assessing automatic metrics in question 840

generation. It consists of 3,000 (passage, ques- 841

tion, answer) triples, each annotated with hu- 842
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man ratings across seven evaluation dimen-843

sions.844

• SimQG (Gollapalli and Ng, 2022): A bench-845

mark designed to evaluate question quality,846

with human annotations across three evalua-847

tion dimensions.848

• SQuAD 2.0 (Rajpurkar et al., 2018): A read-849

ing comprehension dataset containing both850

answerable and unanswerable questions, en-851

abling evaluation of the answerability dimen-852

sion in question generation. For computa-853

tional efficiency, we randomly sample 1,000854

examples from the original development set855

for evaluation. The sampling is performed856

once and kept fixed across all methods to en-857

sure fair comparison.858

D Baselines859

We provide detailed descriptions of the baseline860

metrics used in our evaluation, categorized into861

three major groups: similarity-based, generation-862

based, and LLM-based metrics.863

Similarity-based Methods Methods that evalu-864

ate the quality of generated questions by measur-865

ing their lexical or semantic similarity to reference866

questions, including:867

• BLEU (Papineni et al., 2002): a precision-868

based n-gram overlap metric originally de-869

signed for machine translation. Here, we use870

the 4-gram variant of BLEU.871

• BERTScore (Zhang* et al., 2020): computes872

similarity using contextual embeddings from873

a pre-trained BERT model.874

• BLEURT (Sellam et al., 2020): a learned875

evaluation method that fine-tunes BERT on876

human judgments to predict sentence-level877

quality.878

• Q-BLEU (Nema and Khapra, 2018): a variant879

of BLEU designed specifically for question880

generation, with lower penalties for variations881

in question words. We use the 4-gram variant882

as in BLEU.883

• QSTS (Gollapalli and Ng, 2022): measures884

semantic similarity between generated and ref-885

erence questions by using the question types,886

entities, and semantic features of them.887

Generation-based Methods Methods that eval- 888

uate question quality by estimating the likelihood 889

or plausibility of the generated question using pre- 890

trained language models, including: 891

• BARTScore (Yuan et al., 2021): uses a BART 892

model to compute the log-likelihood of a tar- 893

get output conditioned on the source. We 894

adopt the source-hypothesis scoring type to 895

evaluate generated questions conditioned on 896

the input passage and answer. 897

• GPTScore (Fu et al., 2024a) similar to 898

BARTScore, but utilizes GPT-based models 899

to evaluate generation likelihood. We like- 900

wise use the source hypothesis scoring type to 901

compute the likelihood of generated questions 902

given the source. 903

• UniEval (Zhong et al., 2022): A unified 904

framework for evaluating multiple dimensions 905

(e.g., relevance, consistency, fluency), using 906

a shared encoder-decoder model trained with 907

supervision. 908

• QRelScore (Wang et al., 2022): a task- 909

specific metric for QG, which is designed for 910

evaluating the relevance of generated ques- 911

tions to a given passage. 912

• RQUGE (Mohammadshahi et al., 2023): a 913

reference-free metric designed to evaluate 914

question’s answerability that scores based on 915

the QA model’s ability to generate an answer 916

to the target question. 917

LLM-based Methods Methods that utilize the 918

reasoning capabilities of large language models 919

(LLMs) to perform fine-grained, dimension-wise 920

assessment of question quality, including: 921

• Vanilla CoT Prompt (Wei et al., 2022): A 922

method that utilizes large language models 923

to perform step-by-step evaluation through 924

chain-of-thought instructions. 925

• JudgeLM (Zhu et al., 2025): A fine-tuned 926

LLM judge trained on large-scale GPT-4- 927

generated annotations, designed for efficient 928

and scalable evaluation in open-ended genera- 929

tion tasks. 930

• Prometheus 2 (Kim et al., 2024): An open- 931

source LLM evaluator that supports both 932
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direct assessment and pairwise ranking un-933

der customizable evaluation criteria, achiev-934

ing human-aligned judgments across diverse935

tasks.936

• INSTRUCTSCORE (Xu et al., 2023): An937

explainable evaluation metric that integrates938

instruction-following and error analysis to pro-939

duce both quality scores and diagnostic re-940

ports for generated text.941

• TIGERScore (Jiang et al., 2023): A942

reference-free, instruction-guided evaluation943

metric capable of generating fine-grained er-944

ror analyses and interpretable diagnostic feed-945

back across text generation tasks.946

E Prompt Templates947

E.1 Prompts for Initialization948

We adopt a one-shot prompting strategy, as illus-949

trated in Figure 6, to guide GPT-4o in generating950

questions containing specific error types. Each951

prompt includes a single example consisting of a952

passage, an answer, a question, and the associated953

error labels, sampled from a pool of 20 manually954

annotated seed examples. To ensure the quality955

of the generated data, we further apply a filtering956

prompt (Figure 7) to filter out low-quality outputs.957

E.2 Prompts for LLM-based Evaluation958

We use the prompt templates illustrated in Fig-959

ure 10 to guide LLMs in evaluating a generated960

question along specific dimensions. As shown961

in the figure, we design two types of prompts:962

a vanilla CoT prompt (left) and an error-aware963

prompt (right). Both templates share four com-964

ponents: the Dimension Name slot, which speci-965

fies the evaluation dimension (e.g., Answer Consis-966

tency), the Dimension Definition slot, which967

defines the dimension in abstract terms (e.g.,968

"Whether the question aligns with the provided an-969

swer."), the Criterion for assigning score970

x slots, which specify the criteria correspond-971

ing to each score level for the target dimension972

(e.g., "Score 1: The question cannot be answered973

by the provided answer."), and the Dimension974

Evaluation Requirement defines the evaluation975

criterion for each dimension, specifying what as-976

pect of the question should be examined (e.g.,977

"Evaluate whether the generated question aligns978

with the provided answer and determine if the an-979

swer fully, partially, or fails to address it").980

Prompt for Error Simulation

Given one example as reference consisting of a passage, an answer, 
a question, and the errors that the question contains, your task is to 
generate one question that has the same errors as the given example 
based on another passage and answer.

Here is the example for your reference:
{{FEW_SHOT_EXAMPLES}}

Definitions of the errors:
{{ERROR}}

Requirements:
- Make the generated question contain the same errors as the given 
example.
- Return the result as a JSON like:
    {
        "question": "...",
        "error_label": "Return only error tags as example format"
    }

Now based on the passage and answer below, generate a new question.
Passage:
{{PASSAGE}}

Answer:
{{ANSWER}}

Figure 6: Prompt template used for error simulation in
initialization.

In the error-aware prompt, we additionally in- 981

clude a new component: the error types and 982

their definitions slot. This slot allows us to 983

inject fine-grained errors detected by the Error Iden- 984

tifier (EI), such as "Off Target Answer: Does not 985

align with the provided answer." The error informa- 986

tion helps the LLM focus on dimension-relevant 987

issues, thereby producing more precise and inter- 988

pretable evaluation results. 989

F Implementation Details 990

The Error Identifier is trained using an iterative 991

data construction strategy. At Iteration 0, the train- 992

ing set consists of an initial set of 1800 labeled 993

samples generated and filtered as described in Sec- 994

tion 3.1. In subsequent iterations, the size of the 995

training data gradually increases by incorporating 996

high-confidence samples automatically filtered by 997

the current EI and Verifier, along with a small num- 998

ber of low-confidence samples that are manually 999

verified. As a result, the training set grows up to 1000

3870 samples at Iteration 4. We observe that EI 1001

performance on the development set begins to de- 1002

grade at Iteration 4, and therefore adopt the model 1003

checkpoint from Iteration 3 for all downstream eval- 1004

uations. The development set is constructed by ran- 1005

domly sampling 140 generated questions from the 1006
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Prompt for filtering the generated data

You will be given a passage, a question, an answer, and a list of error labels that the 
question may contains. Your task is to verify whether the error labels are entirely correct.  

There are three cases of [Not Accept] to detect:
1. Incorrect labels: One or more labels are wrong (e.g., Given "Factual Error", but it 
should be "Spell Error").
2. Over-prediction: One or more labels are added but should not be.(e.g., only 
"Incomplete" is correct, but also given "Factual Error"). 
Special case: If the question is correct and valid without any errors, then no error labels 
should be present. Predicting any error labels make the case Not Accept.
3. Missing labels: One or more correct labels are not included.

If any of the above happens, do not accept.

You should return a confidence score between 0.0 and 1.0, representing how likely it is 
that the labels are completely correct. Please consider all three cases carefully and score 
accordingly:
- Score 1.0 if the labels are perfectly correct (no missing, extra, or incorrect labels).
- Score 0.7 ~ 0.9 if you're mostly confident, with minor uncertainty.
- Score 0.4 ~ 0.6 if the labels are partially correct, with both right and wrong labels.
- Score < 0.4 if the labels are clearly wrong or misleading.
- Score 0.0 if the labels are completely incorrect.
Use your best judgment. You do not need to explain your reasoning.

All error labels and their definitions for your reference:
1. Incomplete: Ends abruptly, unfinished.
2. Not A Question: Not an interrogative sentence.
3. Spell Error: Misspelled words.
4. Grammar Error: Incorrect grammar.
5. Vague: Too broad, unclear or ambiguous.
6. Factual Error: Contradicts passage facts.
7. Information Not Mentioned: Asks about non-existent info.
8. Unnecessary Copy from Passage: Verbose and overquotes passage.
9. Off Target Answer: Doesn’t match answer.
10. Off Topic: Irrelevant to passage.

Passage
{{PASSAGE}}

Answer
{{ANSWER}}

Question
{{QUESTION}}

Error Labels
{{ERROR}}

Accept Confidence (Only return one score, no explanations, comments, or extra text):

Figure 7: Prompt template used for filtering data in
initialization.

outputs of multiple QG models. These samples are1007

manually annotated with error types following our1008

error taxonomy and are used consistently across all1009

iterations for model selection and early stopping.1010

All models are implemented using the Hugging1011

Face Transformers framework and trained on a sin-1012

gle NVIDIA A800 GPU. We set the maximum1013

input length to 512 tokens and use a learning rate1014

of 2e-5. For RoBERTa-base, we use a batch size of1015

32, while for RoBERTa-large, we use a batch size1016

of 16. The maximum number of training epochs1017

is set to 20, with early stopping enabled. The best1018

model checkpoint is selected based on the highest1019

Micro-F1 (for EI) or F1 (for Verifier) score on the1020

development set.1021

For open-source LLMs, we download their1022

model files from Hugging Face and implement1023

them using the Transformers library. For closed-1024

source LLMs, we interact with them via their offi-1025

cial APIs. Evaluation results are generated using1026

a maximum of 256 new tokens and the default de-1027

coding settings.1028

 NoErr
 Spell
 Gram
 Inc
 Copy
 Vag
 NAQ
 Fact
 INM
 OTA
 OTP

Figure 8: The distribution of eleven error types.

EI Iteration F1m F1M F1w EMR OPR

Base

Iter 0 57.7 63.0 57.8 52.1 37.6
Iter 1 64.9 64.7 62.4 57.1 28.6
Iter 2 69.4 62.7 64.9 65.7 28.9
Iter 3 71.5 63.5 66.6 67.9 25.0
Iter 4 68.2 65.2 64.9 64.3 28.9

Large

Iter 0 67.9 65.6 65.4 64.3 29.3
Iter 1 72.9 69.9 69.5 69.3 24.6
Iter 2 72.1 68.3 68.9 65.7 21.8
Iter 3 81.2 78.0 77.9 75.7 17.5
Iter 4 75.6 71.8 72.2 70.7 22.5

Table 7: Performances of EI across iterations. The
best score of each metric within each model group (i.e.,
Base and Large) is bolded. Base: Roberta-base. Large:
Roberta-large.

G More Experimental Results 1029

G.1 Performance of Error Identifier Across 1030

Iterations 1031

We compare the performance of the Error Identifier 1032

(EI) across different training iterations to exam- 1033

ine the effect of the iterative training strategy. As 1034

shown in Table 7, the performance of EI improves 1035

steadily over the first three iterations. This improve- 1036

ment suggests that incorporating high-confidence 1037

samples filtered by the EI and verifier, together 1038

with a small number of manually verified low- 1039

confidence samples, provides useful supervision 1040

for refining error identification. At iteration 4, we 1041

observe a performance drop. This decline may in- 1042

dicate a saturation point of the iterative process 1043

or mild overfitting caused by the accumulation of 1044

noisy or less informative samples. These results 1045

suggest that while iterative training is effective in 1046

early stages, controlling data quality and determin- 1047

ing an appropriate stopping point are important for 1048

maintaining performance gains. 1049
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Iteration Accuracy Precision Recall F1

Iter 0 76.9 76.1 78.5 77.3
Iter 1 80.8 80.3 81.5 80.9
Iter 2 86.9 86.4 87.7 87.0
Iter 3 87.7 90.2 84.6 87.3
Iter 4 86.2 85.1 87.7 86.4

Table 8: The Performance(%) of Verifier at each itera-
tion. The highest score of each metric is bolded.

G.2 Performance of Verifier1050

We evaluate the Verifier using standard classifica-1051

tion metrics on the development set. As shown in1052

Table 8, the Verifier achieves a strong F1 of 77.3%1053

even at Iteration 0, much higher than the EI at the1054

same iteration. This indicates that verifying pre-1055

dicted errors is easier than identifying them, and1056

highlights the Verifier’s role in filtering training1057

data. The Verifier’s steady improvement over the1058

first four iterations further validates the effective-1059

ness of our iterative refinement strategy.1060

G.3 Interference Analysis under Error-Aware1061

Evaluation1062

To examine whether incorporating error diagnos-1063

tics interferes with evaluations that are already cor-1064

rect, we restrict the analysis to samples that are1065

correctly judged by the vanilla LLM evaluator on1066

QGEval. Since the LLM evaluator outputs discrete1067

ratings on a three-point scale (1/2/3), we map the1068

original human annotations into three correspond-1069

ing levels and identify vanilla-correct samples ac-1070

cordingly. We then analyze how their predicted1071

scores change after applying ErrEval. Figure 91072

shows the distribution of score changes, measured1073

as ∆ = ErrEval − Vanilla, on this subset. We ob-1074

serve that the vast majority of samples (97.58%)1075

remain unchanged after incorporating error diag-1076

nostics (∆ = 0). Only a small fraction of samples1077

exhibit changes, with 1.46% and 0.50% shifting1078

by −1 and −2, respectively, and 0.46% shifting1079

by +1. No samples exhibit a change of +2. These1080

results indicate that ErrEval introduces limited in-1081

terference to evaluations that are already correct.1082

H Case Study1083

To better understand how error-aware evaluation1084

influences scoring decisions, we present four repre-1085

sentative cases illustrating how the Error Identifier1086

(EI) interacts with the evaluator. These cases high-1087

light both the benefits and risks of incorporating1088

error information into LLM-based evaluation. In1089
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Figure 9: Distribution of score changes (∆ = ErrEval−
Vanilla) on vanilla-correct samples.

these cases, we all use LLaMA-3 as the evaluator. 1090

H.1 When EI Helps Evaluation Accuracy 1091

Case 1: EI Correctly Identifying Subtle Errors. 1092

In this case, our goal is to evaluate the Answer- 1093

ability dimension of the generated question, and it 1094

contains an Information Not Mentioned error (see 1095

Figure 11). The EI successfully detects the error 1096

type, which is then injected into the prompt of the 1097

evaluator. Compared to the vanilla strategy, the 1098

error-aware strategy guides the evaluator to assign 1099

a lower and more accurate score that aligns with hu- 1100

man judgment. The error signal helps the evaluator 1101

avoid overestimating the question quality. 1102

Case 2: EI Correctly Identifying No Error. In 1103

this case, the generated question is fluent, complete, 1104

and well-aligned with both the passage and the an- 1105

swer. However, when using the vanilla prompt, the 1106

LLM assigns a relatively low score of 1, mistak- 1107

enly assuming the question does not align with the 1108

given answer. In contrast, EI correctly identifies the 1109

question as No Error, which guides the evaluator to 1110

assign a score of 3 (see Figure 12). This example 1111

highlights the importance of correctly identifying 1112

the absence of errors: when the question is of good 1113

quality, explicitly indicating No Error helps the 1114

evaluator avoid over-penalization. 1115

H.2 When EI Introduces Noise 1116

Case 3: Evaluator Ignores Incorrect Error Pre- 1117

diction. As shown in Figure 13, in this example, 1118

EI mistakenly predicts an error (Off Target Answer), 1119

although the question is valid and aligns with the 1120

answer. We inject the error information into the 1121

prompt and find that the evaluator seems robust 1122

against this false signal and maintains a high score 1123
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close to human judgment, showing that the LLM1124

does not blindly follow the EI model when evi-1125

dence is lacking.1126

Case 4: Evaluator Misled by EI. In the final1127

case (Figure 14), EI wrongly identifies a Factual1128

Error in a well-formed question. The evaluator in1129

the error-aware setting is misled by the input, result-1130

ing in an unjustified penalty on Consistency. This1131

case illustrates the potential downside of relying1132

on inaccurate EI predictions.1133
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Vanilla COT Prompt

[Task Description]
You will be given a passage, an answer, and a generated question. Your
task is to decide whether the question meets one specific requirement 
and rate it on a scale of 1 to 3 using the provided scoring criteria, and 
give your reason.

[Dimension]
{Dimension Name}: {Dimension Definition}

[Scoring criteria]
Score 1: {Criterion for assigning score 1}
Score 2: {Criterion for assigning score 2}
Score 3: {Criterion for assigning score 3}

[Evaluation Steps]
1. Verify {Dimension Name}: {Dimension Evaluation Requirement}
2. Assign a Score: Rate the question according to the scoring criteria.
3. Justify the Score: Provide a clear and concise explanation, referencing
 the passage, answer, and question to support your reasoning.

COT Prompt

Input

Passage: {passage}
Answer: {answer}
Generated Question: {question}

Error-aware Prompt

[Task Description]
You will be given a passage, an answer, a generated question, and a list of 
pre-identified errors relevant to {Dimension Name}. Your task is to decide 
whether the question meets one specific requirement and rate it on a scale 
of 1 to 3 using the provided scoring criteria, and give your reason.
[Dimension]
{Dimension Name}: {Dimension Definition}

[Scoring criteria]
Score 1: {Criterion for assigning score 1}
Score 2: {Criterion for assigning score 2}
Score 3: {Criterion for assigning score 3}

[Evaluation Steps]
1. Consider Error Labels (if provided): Review the error labels related to this 
dimension, but note that they may not be fully accurate and should only be 
used as a reference.
2. Verify {Dimension Name}: {Dimension Evaluation Requirement}
3. Assign a Score: Rate the question according to the scoring criteria.
4. Justify the Score: Provide a clear and concise explanation, referencing the 
question, answer, passage and the reasoning behind your rating.

COT Prompt with Error Information

Input

Passage: {passage}
Answer: {answer}
Generated Question: {question}
Relevant Error Labels: {error types and their definitions}

Output

Score: [Your score]
Reason: [Your reason here]

Output

Score: [Your score]
Reason: [Your reason here]

Figure 10: Prompt templates used for LLM-based evaluation.

[Task Description]
You will be given a passage, an answer, and a generated question. Your task is 
to decide whether the question meets one specific requirement and rate it on a 
scale of 1 to 3 using the provided scoring criteria, and give your reason.

[Dimension]
Answerability: Whether the question can be distinctly answered based on the 
passage.

[Scoring criteria]
Score 1: The question cannot be answered based on the provided passage;
Score 2: The question can be partially answered based on the provided passage 
or the answer to the question can be inferred to some extent;
Score 3: The question can be answered definitively based on the given passage.

Vanilla Prompt Evaluation

Passage: According to PolitiFact the top 400 richest Americans "have more wealth than half of all Americans combined." According to the New York Times on 
July 22, 2014, the "richest 1 percent in the United States now own more wealth than the bottom 90 percent". Inherited wealth may help explain why many 
Americans who have become rich may have had a "substantial head start". In September 2012, according to the Institute for Policy Studies, "over 60 percent" 
of the Forbes richest 400 Americans "grew up in substantial privilege
Answer: 400 Generated Question: How many percent of Americans are not rich?
Evaluation Dimension: Answerability Human Score: 1

[Evaluation Steps]
1. Verify Answerability: Determine if the question can be explicitly answered or 
reasonably inferred from the passage.
2. Assign a Score: Rate the question according to the scoring criteria.
3. Justify the Score: Provide a clear and concise explanation, referencing the 
question, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}

[Output]
score: 3
reason: The generated question can be answered definitively based on the given 
passage. The passage states that the top 400 richest Americans have more 
wealth than half of all Americans combined, which means that the remaining 
50% of Americans who are not part of the top 400 are not rich.

Error-aware Evaluation

[Dimension]
Answerability: Whether the question can be distinctly answered based on the 
passage.
[Scoring criteria]
Score 1: The question cannot be answered based on the provided passage;
Score 2: The question can be partially answered based on the provided passage 
or the answer to the question can be inferred to some extent;
Score 3: The question can be answered definitively based on the given passage.

[Task Description]
You will be given a passage, an answer, a generated question, and a list of pre-
identified errors relevant to Answerability. Your task is to decide whether the 
question meets one specific requirement and rate it on a scale of 1 to 3 using 
the provided scoring criteria, and give your reason.

[Evaluation Steps]
1. Consider Error Labels (if provided): Review the error labels related to this 
dimension, but note that they may not be fully accurate and should only be 
used as a reference.
2. Verify Answerability: Determine if the question can be explicitly answered or 
reasonably inferred from the passage.
3. Assign a Score: Rate the question according to the scoring criteria.
4. Justify the Score: Provide a clear and concise explanation, referencing the 
question, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}
Relevant Error Labels: 
- Information Not Mentioned: Asks for information not present in the passage.
[Output]
score: 1  
reason: The generated question "How many percent of Americans are not rich?" 
is asking for information that is not present in the passage. The passage only 
provides information about the top 400 richest Americans and the wealth 
distribution among them, but it does not mention the percentage of Americans 
who are not rich. Therefore, the question cannot be answered based on the 
provided passage, earning it a score of 1.

Figure 11: Case 1: a case of EI correctly identifying errors and guiding the evaluator to assign an accurate score.
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[Task Description]
You will be given a passage, an answer, and a generated question. Your task is 
to decide whether the question meets one specific requirement and rate it on a 
scale of 1 to 3 using the provided scoring criteria, and give your reason.

[Dimension]
Answer Consistency: Whether the question aligns with the provided answer.

[Scoring criteria]
Score 1: The question cannot be answered by the provided answer;
Score 2: The question can be partially answered using the provided answer;
Score 3: The question can be answered directly using the provided answer.

Vanilla Prompt Evaluation

Passage: Gael is a French language monthly women's and lifestyle magazine published monthly in Mechelen, Belgium.
Fitness is a United States-based women's magazine, focusing on health, exercise, and nutrition.  It is owned and published by the Meredith Corporation.  
The editor-in-chief of "Fitness" is Betty Wong.
Answer: no Generated Question: Are Fitness and Gael both based in the United States?
Evaluation Dimension: Answer Consistency Human Score: 3

[Evaluation Steps]
1. Verify Answer Consistecy: Evaluate whether the generated question aligns 
with the provided answer and determine if the answer fully, partially, or fails to 
address it.
2. Assign a Score: Rate the question according to the scoring criteria.
3. Justify the Score: Provide a clear and concise explanation, referencing the 
passage, answer, and question to support your reasoning.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}

[Output]
score: 1
reason: The generated question "Are Fitness and Gael both based in the United 
States?" does not align with the provided answer ""no"". The answer "no"
suggests that at least one of the entities is not based in the United States, but 
the question asks about both being based in the US, which is not consistent 
with the answer.

Error-aware Evaluation

[Dimension]
Answer Consistency: Whether the question aligns with the provided answer.

[Task Description]
You will be given a passage, an answer, a generated question, and a list of pre-
identified errors relevant to Answer Consistency. Your task is to decide whether 
the question meets one specific requirement and rate it on a scale of 1 to 3 
using the provided scoring criteria, and give your reason.

[Evaluation Steps]
1. Consider Error Labels (if provided): Review the error labels related to this 
dimension, but note that they may not be fully accurate and should only be 
used as a reference.
2. Verify Answer Consistency: Evaluate whether the generated question aligns 
with the provided answer and determine if the answer fully, partially, or fails to 
address it.
3. Assign a Score: Rate the question according to the scoring criteria.
4. Justify the Score: Provide a clear and concise explanation, referencing the 
question, answer, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}
Relevant Error Labels: 
- No Error: The question is clear, relevant, and answerable without any issues.

[Output]
score: 3
reason: The generated question "Are Fitness and Gael both based in the United 
States?" can be answered directly using the provided answer, which is "no". The
passage states that "Gael is a French language monthly women's and lifestyle 
magazine published monthly in Mechelen, Belgium", while "Fitness is a United 
States-based women's magazine, focusing on health, exercise, and nutrition". 
Based on this information, it can be easily determined that Fitness is based in 
the United States, while Gael is not. The answer "no" accurately reflects this 
difference, making the question answerable directly.

[Scoring criteria]
Score 1: The question cannot be answered by the provided answer;
Score 2: The question can be partially answered using the provided answer;
Score 3: The question can be answered directly using the provided answer.

Figure 12: Case 2: a case of EI correctly identifying No Error and guiding the evaluator to assign an accurate score.
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[Task Description]
You will be given a passage, an answer, and a generated question. Your task is 
to decide whether the question meets one specific requirement and rate it on a 
scale of 1 to 3 using the provided scoring criteria, and give your reason.

[Dimension]
Answer Consistency: Whether the question aligns with the provided answer.

[Scoring criteria]
Score 1: The question cannot be answered by the provided answer;
Score 2: The question can be partially answered using the provided answer;
Score 3: The question can be answered directly using the provided answer.

Vanilla Prompt Evaluation

Passage: One of the oldest depictions of civil disobedience is in Sophocles' play Antigone, in which Antigone, one of the daughters of former King of Thebes, 
Oedipus, defies Creon, the current King of Thebes, who is trying to stop her from giving her brother Polynices a proper burial. She gives a stirring speech in 
which she tells him that she must obey her conscience rather than human law. She is not at all afraid of the death he threatens her with (and eventually carries 
out), but she is afraid of how her conscience will smite her if she does not do this.
Answer: Antigone Generated Question: What is the name of Sophocles' play about civil disobedience?
Evaluation Dimension: Answer Consistency Human Score: 3

[Evaluation Steps]
1. Verify Answer Consistecy: Evaluate whether the generated question aligns 
with the provided answer and determine if the answer fully, partially, or fails to 
address it.
2. Assign a Score: Rate the question according to the scoring criteria.
3. Justify the Score: Provide a clear and concise explanation, referencing the 
passage, answer, and question to support your reasoning.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}

[Output]
score: 3
reason: The generated question aligns perfectly with the provided answer, as 
the answer "Antigone" is the name of the play by Sophocles that is about civil 
disobedience, which is directly addressed by the passage.

Error-aware Evaluation

[Dimension]
Answer Consistency: Whether the question aligns with the provided answer.

[Task Description]
You will be given a passage, an answer, a generated question, and a list of pre-
identified errors relevant to Answer Consistency. Your task is to decide whether 
the question meets one specific requirement and rate it on a scale of 1 to 3 
using the provided scoring criteria, and give your reason.

[Evaluation Steps]
1. Consider Error Labels (if provided): Review the error labels related to this 
dimension, but note that they may not be fully accurate and should only be 
used as a reference.
2. Verify Answer Consistency: Evaluate whether the generated question aligns 
with the provided answer and determine if the answer fully, partially, or fails to 
address it.
3. Assign a Score: Rate the question according to the scoring criteria.
4. Justify the Score: Provide a clear and concise explanation, referencing the 
question, answer, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}
Relevant Error Labels: 
- Off Target Answer: Does not align with the provided answer.

[Output]
score: 3
reason: The generated question "What is the name of Sophocles' play about 
civil disobedience?" can be answered directly using the provided answer. 
According to the passage, Antigone is the oldest depiction of civil disobedience,
which is mentioned in the play Antigone. Therefore, the answer "Antigone" can 
be used to answer the generated question.

[Scoring criteria]
Score 1: The question cannot be answered by the provided answer;
Score 2: The question can be partially answered using the provided answer;
Score 3: The question can be answered directly using the provided answer.

Figure 13: Case 3: a case where EI incorrectly identifies an error, but the evaluator disregards it and assigns an
accurate score.
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[Task Description]
You will be given a passage, an answer, and a generated question. Your task is 
to decide whether the question meets one specific requirement and rate it on a 
scale of 1 to 3 using the provided scoring criteria, and give your reason.

[Dimension]
Consistency: Whether the information presented in the question is consistent 
with the passage and without any contradictions or hallucinations.

[Scoring criteria]
Score 1: The question contains factual contradictions with the passage or 
logical errors;
Score 2: The information sought in the question is not fully described in 
the passage;
Score 3: The information in the question is entirely consistent with the passage.

Vanilla Prompt Evaluation

Passage: A pine is any conifer in the genus Pinus, , of the family Pinaceae.  "Pinus" is the sole genus in the subfamily Pinoideae.  The Plant List compiled by the 
Royal Botanic Gardens, Kew and Missouri Botanical Garden accepts 126 species names of pines as current, together with 35 unresolved species and many more 
synonyms.&#10;Butea is a genus of flowering plants belonging to the pea family, Fabaceae.  It is sometimes considered to have only two species, "B. 
monosperma" and "B. superba", or is expanded to include four or five species.
Answer: "Pinus" Generated Question: Which genus has more species, Butea or Pinus?
Evaluation Dimension: Consistency Human Score: 3

[Evaluation Steps]
1. Verify Consistency: Check whether all factual claims made in the question are
consistent with the information presented in the passage.
2. Assign a Score: Rate the question according to the scoring criteria.
3. Justify the Score: Provide a clear and concise explanation, referencing the 
question, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}

[Output]
score: 3
reason: The generated question "Which genus has more species, Butea or 
Pinus?" is entirely consistent with the passage. The passage provides 
information about the number of species in the genus Pinus (126) and the 
genus Butea (4 or 5). The question accurately seeks to compare the number of 
species in both genera, which is information supported by the passage. There 
are no factual contradictions or logical errors in this question.

Error-aware Evaluation

[Task Description]
You will be given a passage, an answer, a generated question, and a list of pre-
identified errors relevant to Consistency. Your task is to decide whether the 
question meets one specific requirement and rate it on a scale of 1 to 3 using 
the provided scoring criteria, and give your reason.

[Evaluation Steps]
1. Consider Error Labels (if provided): Review the error labels related to this 
dimension, but note that they may not be fully accurate and should only be 
used as a reference.
2. Verify consistency: Check whether all factual claims made in the question are 
consistent with the information presented in the passage.
3. Assign a Score: Rate the question according to the scoring criteria.
4. Justify the Score: Provide a clear and concise explanation, referencing the 
question, passage and the reasoning behind your rating.

[Input]
Passage: {passage}
Answer: {answer}
Generated Question: {question}
Relevant Error Labels: 
- Factual Error: Includes incorrect facts that contradict the passage.

[Output]
Score: 1  
Reason: The generated question contains factual contradictions with the 
passage. The question asks about the number of species in the genus Butea 
and Pinus, but the passage does not provide any information about the number
of species in the genus Butea. Additionally, the passage only provides 
information about the genus Pinus, stating that it has 126 species names. 
There is no direct comparison between the two genera in the passage, which 
means the question is factually incorrect.

[Dimension]
Consistency: Whether the information presented in the question is consistent 
with the passage and without any contradictions or hallucinations.
[Scoring criteria]
Score 1: The question contains factual contradictions with the passage or 
logical errors;
Score 2: The information sought in the question is not fully described in 
the passage;
Score 3: The information in the question is entirely consistent with the passage.

Figure 14: Case 4: a case where EI incorrectly identifies an error, and the evaluator follows it and assigns an
inaccurate score.
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