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Abstract

Large language models (LLMs) have demon-
strated significant advancements in error han-
dling. Current error-handling works are per-
formed in a passive manner, with explicit error-
handling instructions. However, in real-world
scenarios, explicit error-handling instructions
are usually unavailable. In this paper, our
work identifies this challenge as how to con-
duct proactive error handling without explicit
error handling instructions. To promote further
research, this work introduces a new bench-
mark, termed Mis-prompt, consisting of four
evaluation tasks, an error category taxonomy,
and a new evaluation dataset. Furthermore, this
work analyzes current LLMs’ performance on
the benchmark, and the experimental results re-
veal that current LLMs show poor performance
on proactive error handling, and SFT on er-
ror handling instances improves LLMs’ proac-
tive error handling capabilities. Dataset and
codes are available at https://github.com/
Jiayi-Zeng/mis-prompt.

1 Introduction

Large language models (LLMs) (Meta, 2024; Jiang
et al., 2024; Team et al., 2024; Ouyang et al., 2022;
OpenAl, 2023; Brown et al., 2020) have revolu-
tionized the backbone of natural language process-
ing (NLP). Among various NLP tasks, LLMs have
shown significant potential, particularly in error
handling (e.g., error identification, error correc-
tion) (Kamoi et al., 2024; Li et al., 2024b; Yan
etal., 2024; Zheng et al., 2024a; Laban et al., 2023).
These tasks enhance the accuracy and reliability of
practical applications, such as mathematical rea-
soning (Li et al., 2024b; Yan et al., 2024; Zheng
et al., 2024a), and grammar checking (Soni and
Thakur, 2018), thus attracting interest and focus
from the academic and industrial communities.
Current works of error handling are performed in
a passive manner, that is, conducting error handling
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based on the prompt with explicit instructions for
error handling. As shown in Figure 1, the LLM
is asked to judge the inputs’ correctness, identify
errors, and then guide users to rephrase their inputs.
However, in real-world scenarios, users usually do
not provide explicit instructions for error handling.

Inspired by this, an interesting question arises:
Can LLMs proactively handle errors in user
prompts perfectly? In deep analysis, the conclusion
is definitely “No”. As shown in Figure 1, GPT-
40 (OpenAl, 2023) fails to recognize the errors in
the user input proactively and proceeds to generate
the output based on the erroneous information. The
absence of proactive error-handling mechanisms
significantly undermines the system’s credibility
and reliability, exposing it to potential failures and
performance degradation.

To advance research in proactive error handling,
this work introduces a new benchmark, termed Mis-
prompt, consisting of four evaluation tasks and a
new evaluation dataset. For the comprehensive
evaluation of LLMs, four key evaluation tasks are
applied: /) Error Detection aims to judge whether
a prompt contains errors; 2) Error Identification
focuses on finding specific mistakes within the
prompt; 3) Error Correction is designed to mod-
ify mistakes in the prompt; 4) Error Guidance is
designed to offer practical advice for improving the
prompt. These tasks offer a comprehensive evalua-
tion of LLMs’ ability to handle errors, facilitating a
holistic understanding of LLMs’ performance and
potential issues with proactive error handling.

For the evaluation, the Mis-prompt dataset is
constructed. Firstly, a comprehensive taxonomy
of error categories is defined based on previous
works (Pagnoni et al., 2021; Sourati et al., 2023;
Orlovskiy et al., 2024; Masanti et al., 2023), en-
compassing 4 primary categories and 14 secondary
categories. Secondly, based on the error category
taxonomy, two approaches are employed to gener-
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Passive Error Handling

You will be given a question. First, check if
there are any mistakes in the question. If the
question is correct, provide the answer. If there
is an error, first tell the user that there is an error
in the question, identify what is wrong, and
correct the question if necessary. Then, guide
the user to rephrase the question.

Here is the question: Ortegal has three
municipalities with a total population of 12,238
in 2018, one of which was called Cerdido. What
are the names of the other two municipalities?

@

Proactive Error Handling

Ortegal has three municipalities with a total
population of 12,238 in 2018, one of which was
called Cerdido. What are the names of the other
two municipalities?

@

Error-Handling Instruction Error Prompt and Response

Figure 1: An example of passive and proactive error handling. The blocksin-—, , ,

Error Detection

There is an error in your original question. You
mentioned that Ortegal has three municipalities, but
it should be that Ortegal has four municipalities.

1
1
1
The correct question should be: Ortegal has four |
municipalities, with a total population of 12,238 in |
2018, one of which is Cerdido. What are the names :
of the other three municipalities? !
1
1
1
1

The answer is: Besides Cerdido, the other three
municipalities are: Ortigueira, Carifio, and Mafion.

Ortegal is a comarca in the province of A Coruiia, in
Galicia, Spain. The three municipalities in the
Ortegal comarca with a total population of 12,238 in
2018 are: 1. Cerdido 2.Maiion 3. Val de San
Vicente. These three make up the municipalities in
Ortegal.

Error Identification Error Correction Error Guidance

, and represent errors,

error handling instructions, error detection, error identification, error correction, and error guidance, respectively.
Compared with the passive manner, proactive error handling does not rely on explicit instructions.

ate the data: /) converting existing datasets' into
erroneous prompt datasets, and 2) directly gener-
ating error prompts. For data generation, GPT-
40 (OpenAl, 2023) is applied thanks to its outstand-
ing generative and instruction-following capabili-
ties. Thirdly, to ensure high data quality, manual
review is employed. The manual review is used
to correct hallucinations present in GPT-generated
content. Finally, a comprehensive dataset is ob-
tained with 14,696 instances, consisting of primary
and secondary error categories, error prompts, and
corresponding ground-truth responses.

To analyze current LLMs’ performance on the
Mis-prompt benchmark, 4 closed-source LLMs and
9 open-source LLMs are tested under the settings of
0-shot, 1-shot, 3-shot, and chain-of-thought (CoT).
Besides, for further analysis, these open-source
LLMs are further fine-tuned using LoRA (Hu et al.,
2021). Through extensive experiments, two key
findings are obtained: /) current LLMs lack suf-
ficient proactive error-handling capabilities, espe-
cially in error correction and guidance; 2) Super-
vised fine-tuning (SFT) on error-handling instances
is an effective method to improve LLMs’ proactive
error-handling capabilities.

'FEVEROUS (Aly et al., 2021), CommonsenseQA (Tal-
mor et al., 2019a), and ROCStories (Mostafazadeh et al., 2016)

The work makes the following contributions:

* We identify a new challenge, that is, in many
real-world scenarios, it is usually difficult for
LLMs to conduct proactive error handling.

* To promote further research on this challenge,
we propose a novel benchmark with four error-
handling tasks, error category taxonomy, and
a Mis-prompt dataset.

» Extensive experiments are conducted on the
dataset, which shows that SFT on error-
handling instances improves LLMs’ proactive
error-handling capabilities.

2 Related Work

Recent studies have also focused on evaluating
and improving the error-handling capabilities of
LLMs (Tyen et al., 2023; Kamoi et al., 2024). For
example, Medec (Abacha et al., 2024) introduced
a benchmark for detecting and correcting errors in
clinic notes. EIC-Math (Li et al., 2024b), Error-
Radar (Yan et al., 2024), and FG-PRM (L. et al.,
2024a) target error-handling in the mathematical
domain, while GEC (Flachs et al., 2020) assesses
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Benchmark Source Proactive Det. Ident. Corr. Guid.
BIG-Bench Mistake (Tyen et al., 2023) Logical Tasks X 4 v v X
Real_.Mistake (Kamoi et al., 2024) MathGen., FgFactV, AnsCls X v v X X
SummEdits (Laban et al., 2023) Summarization X v v X X
Medec (Abacha et al., 2024) Medical Clinic Notes X v v v X
EIC-Math (Li et al., 2024b) Mathematical Reasoning X v v v X
ErrorRadar (Yan et al., 2024) Mathematical Reasoning X v v X X
ProcessBench (Zheng et al., 2024a) Mathematical Reasoning X 4 4 X X
Mis-prompt (Ours) User Error Prompt v 4 v v 4

Table 1: The comparison between Mis-prompt and other benchmarks. “Det.”, “Ident.”, “Corr.” and “Guid.” represent
error detection, error identification, error correction, and error guidance, respectively.

error correction in low-error-density tasks. Ad-
ditionally, NL2SQL(Ning et al., 2024) addresses
converting natural language to SQL. However, as
illustrated in Table 1, existing research focuses on
passive error handling ability while overlooking
the need for proactive error prevention in large
language models (LLMs). This study addresses
this gap by evaluating large models’ capabilities in
managing such mistakes in the input stage.

3 Task Formulation

The absence of proactive mechanisms to address
errors may result in the production of inaccurate
information, greatly damaging credibility and re-
liability. In order to address this, it is crucial to
evaluate the capability of LLMs to handle erro-
neous inputs proactively. Therefore, four distinct
tasks are proposed to evaluate: Detection, Iden-
tification, Correction, and Guidance, with each
focusing on a specific aspect of error handling, pro-
viding a comprehensive evaluation framework. A
comprehensive overview of the evaluation process
is depicted in Figure 2.

Formally, given a prompt p containing errors and
the model’s response r, both p and rare represented
as sequences of tokens.

3.1 Task 1: Error Detection

Error Detection assesses the model’s ability to
detect the presence of errors in a given prompt
correctly. It estimates a binary label y €
{True, False} to indicate whether r accurately
detects an error in p. The instruction is designed
to instruct the model to provide a judgment, as
illustrated in Figure 4.

3.2 Task 2: Error Identification

Error Identification evaluates the model’s capacity
to not only attempt but also accurately pinpoint
specific faults in the prompt. This task outputs

two binary labels: y; € {T'rue, False}, indicat-
ing whether rattempts to identify an error in p,
and yo € {T'rue, False}, indicating whether the
identified error in r is correct. The instruction is
illustrated in Figure 5.

3.3 Task 3: Error Correction

Error Correction ensures that the model not only
attempts to correct mistakes but also provides ac-
curate corrections. Error Correction generates two
binary labels: the first label y; € {True, False}
indicates whether 7 attempts to correct any error
in p, and the second label yo € {True, False}
indicates whether 7’s correction is accurate. The
design of the instruction is depicted in Figure 6

3.4 Task 4: Error Guidance

Error Guidance determines whether the model pro-
vides guidance to help users refine their queries.
It produces a binary label y € {T'rue, False}, in-
dicating whether the response offers meaningful
guidance. The specific instruction is deliberate in
evaluating this task, as shown in Figure 7.

4 Error Category and Dataset
Construction

The primary challenge in implementing these four
evaluation tasks is the absence of corresponding
datasets. To address this, a novelty dataset, Mis-
prompt, is constructed to meet the requirements of
the evaluation tasks.

This dataset includes the following components:
primary categories, secondary categories, erro-
neous prompts, explanations, and ground truth. The
ground truth should include the following key el-
ements for the four sub-tasks mentioned above:
1) Indicate the presence of errors in the user’s ques-
tion. 2) Provide a clear explanation of the specific
error. 3) Offer accurate information or correct the
mistaken concept. 4) Suggest ways to help the user
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Data Construction

@ Data Generation

“primary-error-category”: <primary error category>,

Mis-prompt

@ Deduplication @ Quality Control

“secondary-error-category”: <secondary error category>,

1) Converting Existing
Datasets
2) Directly Generation GPT-40 2)

or concepts,

“prompt”: <user's question includes mistakes>,
@ “ground-truth™: <ideal response including 4 parts:
1) detect if there is an error in the user‘s question,
identify what the specific error is,
3) correct the error by providing accurate information

& - )

Sentence-BERT Human Evaluators

4) guide the user to refine their prompt.

Evaluation

YES NO
Setting

Detection? |

zero-shot
prompt 1-shot prompt [{T;IT]] Attempt at Identification? O

3-shot ground-truth Judgment Model
CoT Accurate Identification? O
= SFT
ion?

‘g‘ response O Attempt at Correction? O
Evaluated Model Human Evaluator Accurate Correction? O
Guidance? O

Figure 2: The illustration of the dataset construction and the evaluation flow.

improve their prompt. The format of the dataset is
illustrated in Figure 2.

4.1 Definition of Error Categories

Initially, four primary categories and 14 sec-
ondary categories are defined from existing
works (Pagnoni et al., 2021; Sourati et al., 2023;
Orlovskiy et al., 2024; Masanti et al., 2023). The
taxonomy of Mis-prompt is shown in Figure 3. The
specific definition difference and illustration exam-
ple are presented in Appendix A.

4.2 Data Construction

This section delineates the three processes involved
in constructing the dataset: data generation, data
deduplication, and data quality control. Figure 2
demonstrates the dataset construction process.

4.2.1 Data Generation

The primary objective is to create a dataset that
includes diverse forms of erroneous queries, aim-
ing to cover as many variations as possible. This
work established the following design principles
to ensure diversity: /) Special Interrogative Sen-
tences with Errors: All questions must be formu-
lated as Wh-Questions containing errors, prevent-
ing the model from simply judging the correctness
of the question. 2) Clauses with Erroneous Infor-
mation: The questions should include clauses with
incorrect information, which may mislead the di-

rection of the answer. 3) Erroneous Statement +

Question: Each question should begin with a false
statement followed by a related query. Additionally,
this work ensures that the answer to the question
is not implicitly provided in the statement. These
requirements are rigorously incorporated into the
data generation instructions.

Leveraging the generative capabilities of GPT-
40 (OpenAl, 2023), two distinct approaches are
employed to generate the dataset: transformation
of existing datasets and direct generation.

Transformation of existing datasets (FEVER-
OUS (Aly et al., 2021), CommonsenseQA (Tal-
mor et al., 2019b), and ROCStories (Mostafazadeh
et al., 2016)) are converted into erroneous prompt
datasets through the classification and transforma-
tion of error statements into questions by leverag-
ing GPT-40 (OpenAl, 2023),. This approach en-
sures coverage of predefined error categories. The
corresponding instruction is shown in Figure 8 to
Figure 10.

Direct generative method is developed to di-
rectly create error prompts spanning diverse sec-
ondary categories, enabling coverage of a wide
range of error categories. The design of the corre-
sponding error generation methodology is elabo-
rated in Appendix B, and the transformed instruc-
tion is illustrated in Figure 11.

Ground-truth generation is conducted with
GPT-40 based on the error categories, the error
user prompt, and the ground-truth generation in-
struction. Additionally, the ground-truth answers
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Spelling Errors
Grammatical Errors
Punctuation Errors
Speaker or Person Language Errors
Textual Context and Subject Specification
Location
Directly Generation
Date and Time Period Incomplete Information
Relation Error
Entity Error

Circumstance Error Factual Etrors

ROCStories
Fallacy of Relevance
FEVEROUS Fallacy of Defective Induction

Fallacy of Ambiguity Logical Ligers

CommonsenseQA . N X
Fallacy of Presumption

Figure 3: The data source and corresponding error cat-
egories. The first column lists the dataset source, the
second column lists the error categories, and the third
column lists the primary error categories.

are generated using the instruction illustrated in
Figure 12.

4.2.2 Data Deduplication

A semantic similarity-based filtering approach
is implemented to enhance the diversity of the
dataset. Moreover, the Sentence-BERT (Reimers
and Gurevych, 2019) model is employed to com-
pute cosine similarity, identifying items within each
category with semantic similarity exceeding 0.85.
Items surpassing this threshold are merged to en-
sure the diversity of the dataset. This step helps
eliminate redundant or overly similar entries, en-
hancing the dataset’s richness and representative-
ness.

4.2.3 Data Quality Control

A quality assessment of the dataset is performed
through a manual review of randomly selected in-
stances. For data quality control, we recruit three
graduate students and provide them with profes-
sional guidance on the error category taxonomy.
The following aspects are checked during the eval-
uation: /) The prompt should ensure diversity. 2)
The answer to the question should not appear in
the statement. 3) The error category should be
correctly assigned. Issues detected are promptly
addressed through manual corrections to the corre-
sponding entries. This meticulous quality control
process is designed to ensure the highest level of
reliability and consistency in the dataset.

Error Category # of Instance
Language Errors 3,135
- Grammatical Errors 1,119
- Punctuation Errors 1,001
- Spelling Errors 1,015
Incomplete Information 4,164
- Speaker or Person 1,051
- TextContSubjSpec 1,042
- Location 1,039
- Date and Time Period 1,032
Factual Errors 3,109
- Relation Error 1,041
- Entity Error 1,022
- Circumstance Error 1,046
Logical Errors 4,288
- Fallacy of Relevance 1,078
- Fallacy of Presumption 1,074
- Fallacy of Defective Induction 1,063
- Fallacy of Ambiguity 1,073
Total 14,969
Avg. # of Tokens in Prompts 26.65
Max. # of Tokens in Prompts 96
Min. # of Tokens in Prompts 5
Avg. # of Tokens in Ground-truth 75.64
Max. # of Tokens in Ground-truth 179
Min. # of Tokens in Ground-truth 27

Table 2: Statistics of the Mis-prompt dataset.

4.3 Dataset Analysis

4.3.1 Data statistics

Table 2 provides statistics of the Mis-prompt. The
dataset contains a total of 14,969 entries. Each
subcategory under these error categories consists
of approximately 1,000 entries. Additionally, the
average number of tokens in a prompt is 26.65,
with a maximum of 96 and a minimum of 5. The
average number of tokens in the corresponding
ground-truth is 75.64, with a maximum of 179
and a minimum of 27. 18.21% of the samples
have prompt lengths exceeding 50 tokens. Besides,
the statistical results show that the proportions of
different error types are evenly distributed. These
data provide rich semantic information, making
it suitable for evaluating LLMs’ proactive error-
handling capabilities.

4.3.2 Data Quality Analysis

Following (Liu et al., 2020), a manual evaluation
is conducted on 1,470 randomly sampled instances
to assess the dataset’s quality. Three evaluators car-
ried out the evaluation. All are graduate students in
higher education with relevant expertise. They fol-
low a binary scoring system, where each instance is
assigned a score of either “0” or “1”: a score of “0”
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Model Det.  Att. atIdent. Acc.Ident. Att. at Corr.  Acc. Corr.  Guid. | Avg
GPT-40 (OpenAl, 2023) 43.54 48.71 43.78 31.72 23.32 30.66 | 36.96
Gemini-1.5 (Google et al., 2024) 55.13 60.73 54.67 28.38 22.21 23.56 | 40.78
Claude-3.5 (Anthropic, 2024) 63.98 67.53 63.01 36.48 30.23 43.73 | 50.83
GLM-4 (GLM, 2024) 53.18 56.19 50.40 37.19 28.63 32.04 | 42.94
LLaMA-3.2-3B (Meta, 2024) 43.60 44.56 39.96 26.71 18.07 33.39 | 34.38
LLaMA-3.1-8B (Meta, 2024) 42.05 45.47 40.48 29.46 19.70 33.76 | 35.15
LLaMA-3.3-70B (Meta, 2024) 57.78 59.23 53.50 39.67 30.17 37.40 | 46.29
Qwen-2.5-7B (Qwen et al., 2024) 43.88 47.59 43.07 31.47 22.95 37.71 | 37.78
Qwen-2.5-32B (Qwen et al., 2024) 51.11 54.91 50.63 34.20 27.21 41.39 | 43.24
Qwen-2.5-72B (Qwen et al., 2024) 48.57 51.64 46.54 37.16 27.45 37.76 | 41.52
DeepSeek-V2-16B (DeepSeek, 2024)  29.44 33.90 27.92 18.57 11.46 12.80 | 22.35
Yi-1.5-6B (01.Al et al., 2024) 3241 35.70 28.36 18.75 10.25 746 | 22.16
Yi-1.5-34B (01.Al et al., 2024) 46.40 48.25 42.41 31.39 22.36 10.63 | 33.57
Avg 47.01 50.34 44.98 30.86 22.62 2941 | 37.53

Table 3: Results of 13 LLMs on Mis-prompt. “Det.”, “Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.” and
“Guid.” stand for error detection, attempt at error identification, accurate identification, attempt at error correction,
accurate error correction, and error guidance. The results in bold are the optimal results, while the underlined results
represent the suboptimal results. Results are reported in percentage (%).

indicates that the entry requires modification, while
a score of “1” indicates that the entry is acceptable
without alteration.

To quantify the inter-annotator agreement, Fleiss
Kappa is applied. The Fleiss Kappa coefficient is
0.78, indicating substantial agreement among an-
notators. Besides, in cases of disagreement, expert
revision is utilized. Specifically, if at least two out
of three annotators flag an instance as requiring
correction (score = 0), the instance is automatically
marked for revision. After completing the eval-
uation process, the final score rate is calculated,
resulting in an impressive score of 93.76%, reflect-
ing the high quality and reliability of the dataset.

5 Experiment

5.1 Experimental Setting

This section introduces the experimental setting,
including baselines, implementation details, data,
evaluation metrics, and automated and manual eval-
uations.

5.1.1 Baselines

A range of strong baseline dialogue models is se-
lected for comparison. These include commer-
cial models, including GPT-40 (OpenAl, 2023),
Gemini-1.5 (Google et al., 2024), Claude-3.5 (An-
thropic, 2024), and GLM-4 (GLM, 2024), as
well as open-source models such as LLaMA-
3.2-3B, LLaMA-3.1-8B, LLaMA-3.3-70B (Meta,
2024), Qwen-2.5-7B, Qwen-2.5-32B, and Qwen-
2.5-72B (Qwen et al., 2024), DeepSeek-v2-
16B (DeepSeek, 2024), Yi-6B, and Yi-34B (01.Al

et al., 2024).

5.1.2 Data and Evaluation Metrics

The Mis-prompt dataset is randomly split into train-
ing, validation, and test sets with a ratio of 80%,
10%, and 10%, respectively. To ensure a balanced
distribution of erroneous and correct prompts for
training and evaluation purposes, an equal propor-
tion of correct prompt data is sourced from the
TriviaQA dataset (Joshi et al., 2017). This ap-
proach helps maintain fairness and consistency in
the dataset, making it more suitable for model train-
ing and evaluation.

Following previous work (Fatahi Bayat et al.,
2023), the F1 metric is employed to assess the
model’s performance for automated and manual
assessment, providing a comprehensive measure
of precision and recall in error handling. For au-
tomated evaluation, GPT-40 (OpenAl, 2023) is se-
lected as the judgment model. According to manual
evaluation, the evaluator randomly sampled 10%
of the data to conduct the assessment.

5.1.3 Implementation Details

All models are evaluated under zero-shot, 1-shot, 3-
shot, CoT, and SFT settings with the corresponding
instructions shown in Figures 13 to 15.

Before evaluation, our work conducts SFT on
the LoRA (Hu et al., 2021) on several open-source
models (LLaMA-3.2-3B, LLaMA-3.1-8B, Qwen-
2.5-7B, Qwen-2.5-32B, Yi-6B, and Yi-34B). Train-
ing is conducted using LLaMA-Factory (Zheng
et al., 2024b). The training process is conducted
for three epochs, and the batch size is set to 2. The
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Primary Category Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid. | Avg

Language Errors 6.50 7.19 3.93 17.95 13.34 20.23 | 11.53
Incomplete Information ~ 40.58 42.27 41.32 14.78 7.83 48.43 | 32.53
Factual Errors 72.99 74.51 71.70 48.22 41.63 22.27 | 55.22
Logical Errors 41.49 54.39 43.04 44.29 30.91 18.36 | 38.74

Table 4: F1 Score of GPT-40 (OpenAl, 2023) in the four primary categories. Results are reported in percentage (%).
“Det.”, “Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at
error identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.

learning rate is set to 1.0e-4, and its schedule fol-
lows a cosine curve. In the evaluation phase, for
the zero-shot and SFT configurations, the input
consists exclusively of the prompt without any sup-
plementary instructions. In contrast, the 1-shot and
3-shot configurations include 1 and 3 exemplars,
respectively. The temperature parameter is set to 0
to minimize randomness. Additionally, all models
are instructed to output their responses in JSON
format to facilitate statistical analysis.

5.14 Computing Platform

Our experiments are conducted on the worksta-
tion with an Intel Xeon E5 2.40 GHz CPU, four
NVIDIA A800 GPUs, and CentOS 7.2.

5.2 Automated Experiment Result

Experiments are conducted to address the following
research questions:
Question 1: How do LLMs perform on the four
proactive error-handling tasks?
Question 2: Which errors are LLMs lacking in
handling effectively?
Question 3: How can LLMs improve proactive
error-handling capabilities?

Three answers are provided according to the
above three questions.

5.2.1 LLM Performance Analysis

Overall Performance Table 3 presents the aver-
age results of each language model (LLM) across
four tasks: detection, identification, correction, and
guidance. Overall, closed-source models outper-
form their open-source counterparts, with Claude-
3.5 exhibiting the highest average F1 of 50.83%,
surpassing GPT-4o0 (OpenAl, 2023) (36.96%). This
can be attributed to GPT-40’s tendency to focus
more on directly answering the user’s question
rather than effectively identifying or correcting er-
rors. The performance of LLaMA and Yi models
aligns with the scaling law (Kaplan et al., 2020),
where larger models generally achieve better perfor-
mance. For instance, LLaMA-3.3 70B achieves an

average performance of 46.29%, outperforming its
smaller counterparts, LLaMA-3.2 3B (34.38%) and
LLaMA-3.1 8B (35.15%). In contrast, Qwen-2.5
32B (43.24%) performs better than its larger coun-
terpart, Qwen-2.5 72B (41.52%). This suggests the
possible influence of inverse scaling (McKenzie
et al., 2023), where increasing model size does not
always guarantee improved performance and, in
some cases, may even lead to performance degra-
dation.

Comparison of Tasks The detection task is the
simplest and achieves the highest F1 performance
across all models, achieving 47.01%. This is likely
because detecting the presence of errors is a rela-
tively straightforward task compared to others. At-
tempting to identify at 50.34% generally exhibits
higher performance than identifying correctly at
44.98%. This is because the model first attempts
identification before successfully making the cor-
rect identification. The higher score in attempting
to identify suggests that while models are capable
of making identification attempts, they encounter
difficulties in ensuring correctness, which demands
more sophisticated processing. The Correction task
proves to be more challenging, with overall per-
formance at 30.86%, inferior to the Identification
tasks. This is because the model must first be able
to identify the error before it can attempt to correct
it. Among all tasks, accurately correcting performs
the worst at 22.62%, as it requires not only iden-
tifying the error correctly but also attempting to
fix it before achieving accurate correction. This
process may require richer prior knowledge and
more nuanced reasoning. Finally, the performance
of the Guidance task is relatively low compared to
the other three tasks, at 29.41%, indicating that the
model’s ability to provide helpful guidance is the
weakest. This task requires more advanced reason-
ing and the ability to navigate complex conversa-
tional prompts, making it particularly challenging
for models with limited capabilities or reasoning.

For the first question, the answer is that current
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Model Setting Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid.  Avg
zero-shot 42,05 4547 40.48 29.46 1970 3376  35.15

l-shot  73.25 73.23 68.29 67.95 3096 7274 65.90

%ﬁaltwégz'i;% 3shot  81.99 81.39 69.09 77.25 4072 8243 7215
eta, CoT 75.62 77.00 73.56 72.65 4702 7544 7022
SFT 90.16 90.59 80.02 82.20 62.86 8477 8177

zero-shot S1.11 5491 50.63 34.20 2721 4139 4324

Owen2.5.328 I-shot 7034 72.22 6431 57.91 4405 6738 6270
o ooy 3shot 7303 75.38 67.82 63.18 4810 7063 6636
w - CoT 72.90 77.21 7475 72.44 5815  80.02 72.58
SFT 97.88 97.98 88.43 88.96 7086 9317 89.55

zero-shot 4640 48.25 42.41 31.39 236 1063 33.57

Vil5.34B l-shot 6829 70.07 64.65 57.17 3866 5219 5851
O Alotal 2004 3shot 7523 76.18 66.73 61.49 4473 5661  63.50
: » CoT 74.16 79.01 69.62 68.67 4824 7278 68.75
SFT 97.82 97.95 87.60 89.22 7080 9145 89.14

Table 5: F1 Score comparison of different settings. Results are reported in percentage (%). “Det.”, “Att. at Ident.”,
“Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error identification,
accurate identification, attempt at error correction, accurate error correction, and error guidance.

LLMs lack sufficient proactive error-handling
capabilities.

5.2.2 Error Category Analysis

Table 4 shows the F1 scores of GPT-40 (OpenAl,
2023) across various tasks, grouped by primary er-
ror categories. The model performs best on Factual
Errors, with an F1 score of 0.5522, likely due to
the extensive knowledge embedded in LLMs. It
is followed by Logical Errors, with an F1 score
of 0.3874. However, it struggles with Language
Errors and Incomplete Information, with F1 scores
of 0.1153 and 0.3253, respectively. This is be-
cause GPT-40 (OpenAl, 2023) tends to overlook
these categories of errors and respond directly to
them. Furthermore, our experimental results show
that after SFT with Mis-prompt, LLMs’ ability to
proactively handle errors improves significantly,
as shown in Table 5. A more fine-grained analy-
sis of the secondary classification can be found in
Appendix C.4.2.

For the second question, the answer is that cur-
rent LLMs fail to handle language errors, in-
complete information, and logical errors.

5.2.3 Technique Analysis

Table 5 presents the F1 scores of different lan-
guage models (LLMs) across multiple tasks, com-
paring the performance of each model under var-
ious methods, including zero-shot, 1-shot, 3-shot,
CoT, and SFT. SFT achieves the highest scores
across all models. The 1-shot and 3-shot methods
also show significant improvements over the zero-
shot method but do not match the performance seen

with CoT or SFT. For example, the LLaMA-3.2-8B
model achieves an F1 score of 0.8177 under SFT, a
significant improvement over its zero-shot score of
0.3515. The other methods score around 0.7, which
is notably better than the zero-shot method but still
inferior to SFT. A complete table of other models
and their methods can be found in the Appendix C.

For the third question, the answer is that SFT on
error-handling instances is an effective method
to improve LLMs’ proactive error-handling ca-
pabilities.

5.3 Human Evaluation Result

Table 12 shows the human evaluation results on
the test set of Mis-prompt. Three master students
are hired to conduct this work, and they are trained
with the error categories in advance. Each sam-
ple is evaluated twice. The Fleiss’ Kappa value of
inter-annotator agreement is 0.63, showing strong
consistency. If the evaluation results are consis-
tent, that result is adopted. If the results are in-
consistent, a language expert makes the final de-
cision. The average discrepancy compared to the
automated evaluation is 5.59%. The manual eval-
uation results align with those from automated as-
sessment, demonstrating that SFT effectively en-
hances model capabilities in proactive error han-
dling. Through CoT prompting and few-shot learn-
ing improvements over zero-shot approaches, their
performance gains remain substantially inferior
to those achieved through SFT in proactive error-
handling tasks.
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6 Conclusion

This work first identified a new challenge, which
was proactive error handling. To promote further
research on proactive error handling, this work in-
troduced a novel evaluation framework compris-
ing four key components: detection, identification,
correction, and guidance. To support this study,
this work developed Mis-prompt, a comprehensive
benchmark that encompasses four main categories
and 14 secondary categories of erroneous inputs.
Experiment results show that current LLMs lack
sufficient proactive error-handling capabilities, and
SFT is an effective way to improve LLM perfor-
mance in proactive error handling.

Limitations

First, our study primarily focuses on dialogue con-
tent consisting of pure text, and future work could
investigate multimodal interactions that involve im-
ages, audio, or other forms of data. Additionally,
our research has been limited to single-turn dia-
logues, which are relatively straightforward com-
pared to multi-turn conversations. Furthermore,
the F1 metric is utilized for scalable benchmarking,
which ensures reproducibility but may not fully
capture comprehensive aspects.

Ethical Statement

We make sure that Mis-prompt is collected in a
manner that is consistent with the terms of use
of any sources and the intellectual property and
privacy rights of the original authors of the texts.
And the crowd workers were treated fairly. This
includes, but is not limited to, compensating them
fairly, ensuring that they were able to give informed
consent, and ensuring that they were voluntary par-
ticipants who were aware of any risks of harm as-
sociated with their participation.
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A Detailed Error Category Definition and
Examples

A.1 Error Category Definition

Based upon previous research that defines error cat-
egories (Pagnoni et al., 2021; Sourati et al., 2023;
Orlovskiy et al., 2024; Masanti et al., 2023), four
distinct and prevalent primary error categories are
identified: Language Errors, Incomplete Informa-
tion, Factual Errors, and Logical Errors.

Language Errors Language errors refer to mis-
takes in the use of words, structures, or conventions
when posing a question. These errors could be re-
lated to spelling, grammar, or punctuation, which
hinder the clarity and accuracy of the question.

Spelling Errors Errors occur when words are
incorrectly spelled (Masanti et al., 2023).

Grammatical Errors Errors happen when the
structure or syntax of the question violates estab-
lished rules of grammar (Masanti et al., 2023).

Punctuation Errors Errors occur when punctu-
ation marks are misused or when necessary punc-
tuation is missing (Masanti et al., 2023).

Incomplete Information The question lacks
necessary background information, making it diffi-
cult to provide an accurate or meaningful answer.
The question fails to provide sufficient context for
the responder to understand or answer appropri-
ately.

Speaker or Person The question involves a spe-
cific speaker or person but does not clarify who the
speaker or person is or lacks the necessary context
to understand the reference (Orlovskiy et al., 2024).

Textual Context and Subject Specification The
question lacks specific context or details about the
subject being referred to, leading to confusion or
multiple possible interpretations (Orlovskiy et al.,
2024).

Date and Time Period The question involves
time or dates but does not specify the exact time
period or date, leading to confusion or ambigu-
ity (Orlovskiy et al., 2024).

Location When the question involves a loca-
tion, it is not clear which location is being re-
ferred to, making it impossible to answer cor-
rectly (Orlovskiy et al., 2024).

Factual Errors The question is based on incor-
rect facts or assumptions, and the content men-
tioned does not align with reality.

Relation Error The relationship between
entities or elements is incorrect or inconsis-
tent (Pagnoni et al., 2021).

Entity Error The entities of the subject or object
are incorrect (Pagnoni et al., 2021).

Circumstance Error Additional information
outside the subject, predicate, and object (such as
location or time) is incorrect. A logical fallacy
in questioning is an error in reasoning that occurs
when the logic behind a question is flawed, leading
to an invalid or misleading question. This typi-
cally happens when the question contains hidden
assumptions or faulty connections between con-
cepts (Pagnoni et al., 2021).

Logical Errors A logical fallacy in questioning
is an error in reasoning that occurs when the logic
behind a question is flawed, leading to an invalid or
misleading question. This typically happens when
the question contains hidden assumptions or faulty
connections between concepts.

Fallacy of Relevance The fallacy of Relevance
occurs for arguments with premises that are log-
ically irrelevant to the conclusion (Sourati et al.,
2023).

Fallacy of Defective Induction Within the
broad class of Fallacy of Defective Induction, the
premises seemingly provide ground for the conclu-
sion, but upon analysis, they prove to be insufficient
and weak for supporting the claim made (Sourati
et al., 2023).

Fallacy of Presumption The fallacy of Pre-
sumption occurs when the inference to the conclu-
sion depends mistakenly on unwarranted assump-
tions (Sourati et al., 2023).

Fallacy of Ambiguity The fallacy of Ambiguity
occurs when words or phrases are used in an equiv-
ocal way, thus causing ambiguity in the logic that
connects the premise and the conclusion (Sourati
et al., 2023).

A.2 Error Category Examples

This section provides illustrative examples of vari-
ous error categories, corresponding prompts, and
ground-truth responses.

Spelling Errors

* Prompt: Whear can I find the histori of the
renowns Renaissance art?

* Ground truth: Your question contains spelling
errors. The words “whear”, “histori”’, and
“renowns” are misspelled. They should be
“where”, “history”, and “renowned”, respec-
tively. The correct question should be:
“Where can I find the history of the renowned
Renaissance art?”
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Grammatical Errors

* Prompt: What was the impact of the invention
engine on industry how?

* Ground truth: Your question contains a gram-
matical error in word order. The specific error
is the incorrect placement of the word “how’.
The correct information is that “how” should
appear before the noun phrase. You should
phrase your question as: “How did the inven-
tion of the engine impact industry?”

Punctuation Errors

* Prompt: Which are the reasons Beethoven is
considered a crucial figure; in the transition
between the classical and romantic eras?

* Ground truth: Your question contains a punc-
tuation error. The semicolon is incorrectly
placed in the middle of a single clause, which
disrupts the sentence flow. The semicolon
should be replaced with a comma or removed
entirely. The correct phrasing of your question
should be: “What are the reasons Beethoven
is considered a crucial figure in the transition
between the classical and romantic eras?”

Speaker or Person

* Prompt: During the meeting, what did they
argue about concerning the budget allocation?

* Ground truth: Your question contains an error
due to the use of “they” without specifying
who is being referred to. This makes it unclear
which individuals or groups were involved in
the argument. To correct this, please spec-
ify the individuals or groups you are asking
about. For example, you could ask, “During
the meeting, what did the finance team and
the project managers argue about concerning
the budget allocation?”

Textual Context and Subject Specification

* Prompt: Why did the system fail to increase
output?

* Ground truth: Your question contains an error
due to incomplete information. Specifically, it
does not specify which system you are refer-
ring to, nor does it provide context regarding
the criteria or conditions under which the out-
put was supposed to increase. To get a more
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accurate response, please specify the system
in question and provide additional context or
conditions related to the expected increase in
output. You might rephrase your question as:
“Why did the [specific system] fail to increase
output under [specific conditions]?”

Date and Time Period

* Prompt: Bobby thought Bill should buy a
trailer and haul it with his car. Bill thought
a truck would be better for what he needed.
Bobby pointed out two vehicles were much
more expensive. Bill was set in his ways with
conventional thinking. He ended up buying
the truck he wanted despite Bobby’s advice.
When did Bill purchase the truck?

Ground truth: The user’s question contains
an error because it asks for a specific time or
date when Bill purchased the truck, which is
not provided in the story. The story does not
mention when the purchase took place. To
phrase the correct question, you might ask,
“What decision did Bill make regarding the
vehicle purchase?”

Location

* Prompt: Melody’s parents surprised her with
a trip to the big aquarium. Melody took a nap
during the two-hour car ride to the aquarium.
When they arrived, Melody was another ex-
cited animal. At the aquarium, Melody saw
sharks, tropical fish, and many other animals.
After five hours at the aquarium, Melody and
her family drove home. What city is the aquar-
ium located in?

Ground truth: The question contains an error
because it asks for the city where the aquar-
ium is located, but the story does not provide
this information. To obtain the correct infor-
mation, you would need to know the specific
city mentioned in the context. You can phrase
the correct question by asking, “Can you pro-
vide more details about the location of the
aquarium mentioned in the story?”

Relation Error

* Prompt: How did Thomas Edison win the
Nobel Prize for Literature with his invention
of the phonograph?



* Ground truth: Your question contains an error.
Thomas Edison did not win the Nobel Prize
for Literature, nor did he receive any Nobel
Prize for his inventions. Edison was an inven-
tor known for the phonograph, light bulb, and
other devices, but the Nobel Prizes do not typ-
ically recognize inventions under the category
of literature. To phrase the correct question,
you might ask: “What are some of Thomas
Edison’s notable inventions?”

Entity Error

* Prompt: Which Shakespeare play ends with
the character Frodo Baggins casting the One
Ring into Mount Doom?

* Ground truth: Your question contains an error.
Frodo Baggins is a character from “The Lord
of the Rings,“ a novel by J.R.R. Tolkien, not
a Shakespeare play. To ask a correct question,
you might say: “Which Shakespeare play ends
with a significant event or resolution?”

Circumstance Error

* Prompt: When did the Wright brothers make
their first flight in New York City in 19207

* Ground truth: Your question contains an error.
The Wright brothers did not make their first
flight to New York City in 1920. Their first
successful flight took place in 1903 in Kitty
Hawk, North Carolina. To ask the correct
question, you could phrase it as: “When and
where did the Wright brothers make their first
successful flight?”

Fallacy of Relevance

* Prompt: Considering that apples originate
from Kazakhstan, how does growing oranges
in Florida affect the climate policies of Euro-
pean countries?

* Ground truth: Your question contains a logical
error known as the fallacy of relevance. The
origin of apples in Kazakhstan is unrelated to
the cultivation of oranges in Florida and the
climate policies of European countries. To ad-
dress the topic correctly, you might ask: “How
does the cultivation of oranges in Florida im-
pact local climate policies, and what lessons
can European countries learn from these prac-
tices?”

B

Fallacy of Defective Induction

* Prompt: Given that a few celebrities endorse
the ketogenic diet, how does this prove it is
the healthiest option for everyone?

* Ground truth: Your question contains an er-
ror known as the fallacy of defective induc-
tion. The error lies in assuming that endorse-
ments from a few celebrities are sufficient to
prove that the ketogenic diet is the healthiest
option for everyone. This overlooks the di-
verse dietary needs and health conditions of
individuals. A more accurate question would
be: “What are the health benefits and poten-
tial risks of the ketogenic diet, and how can
individuals determine if it is suitable for their
specific dietary needs?”

Fallacy of Presumption

* Prompt: Since all dogs can fly, how should
we construct kennels to accommodate their
flights?

* Ground truth: Your question contains an error
due to a presumption without basis in reality.
Specifically, the error is the assumption that
all dogs can fly, which is not true. Dogs do not
have the ability to fly. To phrase the correct
question, you might ask: “How should we
construct kennels to accommodate the needs
of dogs?”

Fallacy of Ambiguity

* Prompt: Since we know that time flies when
you’re having fun, how does it affect the
wings” strength?

Ground truth: Your question contains an error
due to a misunderstanding of the idiom “time
flies.” The phrase “time flies* is an idiomatic
expression meaning that time seems to pass
quickly, especially when one is enjoying them-
selves. It does not imply that time is a tangible
entity with wings. To phrase your question
correctly, you might ask: “Since time seems
to pass quickly when you’re having fun, what
are some ways to make the most of enjoyable
moments?”

Generation Rules Design

Generation rules are formulated for each category
to generate cases that conform to the defined error
categories.
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Spelling Errors Error To create a spelling error,
select some words in the sentence and deliberately
misspell them. The incorrect spelling should con-
fuse and be wrong to the reader.

Grammatical Errors Introduce a syntactical
error in the sentence structure, such as improper
subject-verb agreement, incorrect word order, or
missing auxiliary verbs. This modification will
result in a grammatical error, causing the sentence
to be faulty.

Punctuation Errors To introduce a punctuation
error, either omit necessary punctuation marks or
place them incorrectly within the question. The
mistake should confuse the meaning. Please do not
limit the errors to just missing question marks(?)
and periods(.), but focus on punctuation errors that
have a more significant impact on the sentence’s
meaning.

Speaker or Person Omit the specific entity in-
volved in the question (e.g., person, object, or con-
cept). This creates a severe gap in the question’s
context, leaving the responder without any clue
about what is being asked, which makes it almost
impossible to provide a relevant answer.

Location The question should refer to a specific
location but lack the necessary details (e.g., city,
country, or a well-known landmark) that would
allow a meaningful or accurate answer. The omis-
sion of these details should render the question
ambiguous, making it impossible to provide a pre-
cise response. Do not ask questions that explic-
itly omit location names like “where”’ or “which
place’—the key is in the context where the miss-
ing information leaves the question unanswerable
or unclear. The question should appear normal,
but the absence of a crucial detail (like the exact
name of a place) should create a scenario where
the answer cannot be determined without further
clarification.

Textual Context and Subject Specification
Omit specific details related to the subject or ob-
ject of the question (e.g., key attributes, conditions,
or essential components of the query). This omis-
sion leaves the question incomplete and ambiguous,
making it difficult for the responder to identify what
is being asked accurately. The missing information
should not include the speaker, person, location, or
time/period, as those are fundamental for context,
but should focus on other critical details that are
necessary for a precise and relevant answer.

Relation Error Alter the predicate (the main
assertion or claim in the question) to contradict the

source of information. This creates a relationship
error, where the relationship between two concepts
or facts is incorrectly stated, misleading the reader
or making the question factually inaccurate.

Entity Error Change or confuse the subject of
the question, such as the name of an entity or its
specific characteristic. The question becomes factu-
ally incorrect, as it attributes the wrong identity or
characteristic to the entity, leading to a misleading
or erroneous conclusion.

Circumstance Error Alter the additional de-
tails related to the context, such as time, place, or
specific conditions. This could involve changing
the circumstances (e.g., date, location, or situation)
surrounding the main action, which results in an
incorrect interpretation of the event or subject.

Fallacy of Relevance Introduce an irrelevant
premise that distracts from the core issue or con-
clusion. This leads to a question that logically
misleads or confuses the responder by focusing on
an unrelated or unimportant issue.

Fallacy of Defective Induction To generate the
Fallacy of Defective Induction, start with a strong
and well-supported argument, then introduce ei-
ther insufficient or weak evidence, such as a small
sample size or unrepresentative data. The evidence
should still seem to support the conclusion, but
it should be inadequate to reach such a broad or
strong claim justifiably. The key error is in assum-
ing that weak or limited evidence can logically lead
to a general conclusion, creating a misleading ar-
gument that appears convincing but lacks proper
support.

Fallacy of Presumption For the Fallacy of
Presumption, begin with a correct argument or
claim and introduce an assumption that is taken
for granted without evidence. This assumption
should be treated as self-evident, even though it
is unproven or unjustified. The error here lies in
building an argument on this untested assumption
as if it is a fact, leading to a flawed reasoning pro-
cess. The mistake is presuming something to be
true without providing any supporting evidence,
causing the argument to be based on an unverified
premise.

Fallacy of Ambiguity Use terms or phrasing that
are inherently ambiguous or have multiple, conflict-
ing meanings so that the question can be interpreted
in various ways. This increases the likelihood of
the respondent misunderstanding or providing an
irrelevant answer, as the question will not only be
unclear but will actively lead to divergent interpre-
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tations, making it nearly impossible to determine
what is truly being asked.

C Experiment Details

This section provides a comprehensive overview of
the prompts, input formatting, and specific experi-
mental results.

C.1 Error-Handling Task Instructions

This section provides detailed instructions and
methodologies for the Error-Handling Task, out-
lining the design and implementation of prompts
and evaluation protocols.

C.1.1 Task 1: Error Detection

Figure 4 illustrates the prompt design and input
format for the error detection task, which aims
to detect whether there are errors in the model’s
response to user input using the judgment model.

C.1.2 Task 2: Error Identification

Figure 5 presents the prompt and input structure
for the error identification task, which aims to use a
judgment model to determine whether the response
attempts and correctly identifies the specific cate-
gory and location of errors.

C.1.3 Task 3: Error Correction

Figure 6 outlines the prompt strategy for the error
correction task, where the objective is to use the
judgment model to assess whether the response
attempts and correctly corrects the errors.

C.1.4 Task 4: Error Guidance

Figure 7 displays the prompt and format design
for the error guidance task, which leverages the
judgment model to evaluate whether the response
provides users with actionable advice to prevent
similar errors in the future.

C.2 Dataset Generation

Data generation follows two approaches. One ap-
proach involves transforming existing datasets with
the designed prompts shown in Figures 8 to 10. The
other approach directly generates the dataset, with
the prompt illustrated in Figure 11. Finally, ground-
truth responses are generated using the prompts
from Figure 12. These prompts are carefully de-
signed to ensure the diversity and quality of the
dataset, covering a wide range of scenarios and
error categories.

C.3 Evaluation Models’ Response Generation

The tested models have the following five settings:
zero-shot, 1-shot, 3-shot, CoT, and SFT. In the
zero-shot and SFT setups, the input is limited to
the prompt itself, with no additional instructions
provided. The instruction templates for 1-shot, 3-
shot, and CoT are displayed in Figures 13, 14, and
15, respectively.

C.4 Detailed results

In this section, we present the original detailed
experimental results.

C.4.1 Main Experiment

Table 6 presents the overall performance of the
models. It could be observed that Closed-source
models, especially Claude-3.5, exhibit superior
performance. Task difficulty increases from de-
tection to identification, correction, and guidance,
highlighting the need for improved reasoning and
knowledge utilization in more complex tasks. Fur-
thermore, SFT significantly enhances the model’s
error-handling capabilities. While few-shot learn-
ing and CoT also demonstrate improvements, their
performance is comparable to each other and no-
tably inferior to that of SFT.

C.4.2 Error Category Analysis

The performance of different baselines across vari-
ous primary error categories is detailed in Tables 7
to 10.

A deeper look at the secondary categories re-
veals varied performance across error categories,
as shown in Table 11. These results highlight the
model’s strengths and weaknesses across differ-
ent secondary categories, demonstrating notable
variability in how it handles various categories of
erTors.

Language Errors category In the Language Er-
rors category, grammatical errors stand out with
strong performance across detection, attempt iden-
tification, and guidance metrics. This suggests that
the model handles grammatical errors more effec-
tively compared to punctuation and spelling errors.

Incomplete Information For Incomplete Infor-
mation, the model performs exceptionally well
in identifying the speaker or person. In contrast,
location-related errors are more challenging for the
model, showing lower scores. The model also per-
forms well with Date and Time Period errors, indi-
cating strong handling of these specific categories
of information gaps.
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Factual Errors In the Factual Errors category,
entity errors lead to overall performance, with the
model demonstrating a high level of score in rec-
ognizing and handling entity-related errors. On the
other hand, Relation Errors show relatively strong
performance, while Circumstance Errors present
moderate performance across the board.

Logical Errors Lastly, in the Logical Errors cat-
egory, the Fallacy of Defective Induction stands out
with the highest scores across all metrics, suggest-
ing that the model handles these errors well. The
Fallacy of Presumption and the Fallacy of Rele-
vance follow closely behind. However, the Fallacy
of Ambiguity has the lowest performance, indi-
cating that the model struggles with identifying
ambiguous logical errors effectively.

C.4.3 Human Evaluation

We randomly sampled 10% of the evaluation set
for manual evaluation. The results are presented in
Table 12.
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Figure 4: Instruction for Error Detection.

Figure 5: Instruction for Error Identification.

n 1"), output ™

Figure 6: Instruction for Error Correction.
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Figure 7: Instruction for Error Guidance.
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Instruction for Converting FEVEROUS into Mis-prompt

Task Overview:
You are tasked with generating structured cases based on the provided refuted claims and evidence.
Each case should include the error category, an erroneous user query (Prompt), and a supporting explanation.

Error Category:

To help you classify errors, here are the primary and secondary categories:

[Factual Errors]

Relation Error: The relationship between entities or elements is incorrect or inconsistent.

Entity Error: The entities of the subject or object are incorrect.

Circumstance Error: Additional information outside the subject, predicate, and object (such as location or time) is erroneous.

Steps for Case Creation: Given the provided refuted claims and evidence, follow these steps:

1. Identify the error type and classify it under both a primary and secondary category. Please ensure that the categorization is correct and not ambiguous.

2. Ensure the error appears in the following additional guidelines while avoiding language errors.

3. Provide an accurate and concise explanation of the error, including why the error belongs to that particular category and the reason behind it. The explanation does not need to mention the claim and
evidence, only stating the facts.

Additional Guidelines:

* Errors in question structure: 1)Special questions with errors: These questions contain an error in the main part of the question. 2) Incorrect information in subordinate clauses: This type of error
occurs when the subordinate clause contains misleading or incorrect information, which can mislead the direction of the answer. 3) Incorrect statement + question: In this structure, the question begins
with an incorrect statement, followed by a related question.

* The erroneous question should primarily be a special question rather than a general yes/no question. This means the error should relate to specific information requested, rather than a simple
affirmation or negation.

* Ask a question that the original text cannot answer.

Format Requirement:
Please provide your response in JSON format as follows:
{

“primary-category": “<primary-category>",
<secondary-category>",
: "<User erroneous question>",
: "<Concise and accurate explanation>"

Example Cases:
case 1:
{
“primary-category": “Factual Errors",
“secondary-category": “Entity Error",
“error-prompt": "During the 2006-07 season, the San Jose Sharks scored the most points in the Pacific Division. How did they achieve this?",
“explanation his is because the claim incorrectly states that the San Jose Sharks scored the most points in the Pacific Division during the 2006-07 season, whereas the Anaheim Ducks actually
scored more points."

case 2:

“primary-category": "Factual Errors",

“secondary-category": “Relation Error",

“error-prompt": “Since Lower Darwen railway station is open for passengers currently, what are the operating hours?",

“explanation his is because the claim incorrectly states that Lower Darwen railway station is open for passengers, when in fact it is classified as '‘Disused and is no longer in operation."

}

case 3:

"primary-category": "Factual Errors",

“secondary-category": “Entity Error",

“error-prompt": "Ortegal has three municipalities with a total population of 12,238 in 2018, one of which was called Cerdido. What are the names of the other two municipalities?",
“explanation his is because the claim incorrectly states that Ortegal has three municipalities, while the evidence shows there are four municipalities.”

}

case 4:

“primary-category": “Factual Errors",

“secondary-category": "Relation Error",
error-promp

: "Stefan Kahil Lessard was born outside Anaheim, California. Where exactly was he born?",
his is because the claim incorrectly identifies the birth location of Stefan Kahil Lessard as outside Anaheim, California, whereas he was actually born in Anaheim, California.”

“primary-category": “Factual Errors",

“secondary-category": "Circumstance Error",

“error-prompt": “Geordie Henderson joined Rangers in November 1818 and was top scorer for four consecutive seasons. What were his achievements during this period?",
“explanation": "This is because Geordie Henderson joined Rangers in November 1919, not 1818. The incorrect year creates a misleading historical context.”

}

Output Only: Your response should be in the specified JSON format, without additional text or explanation outside the JSON structure.

Case Details:
* claim: {provided_claim}
* evidence: {provided_evidence}

Figure 8: Instruction for converting FEVEROUS into Mis-prompt.
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Instruction for Converting CommonsenseQA into Mis-prompt

Task Overview:
You are tasked with generating structured cases based on the provided claim. Each case should include the error category, an erroneous user query (Prompt), and a supporting explanation.

Error Category:

To help you classify errors, here are the primary and secondary categories:

[Logical Errors]

Fallacy of Relevance: Fallacy of Relevance occurs for arguments with premises that are logically irrelevant to the conclusion,

Fallacy of Defective Induction: Within the broad class of Fallacy of Defective Induction, the premises seemingly provide ground for the conclusion, but upon analysis prove to be insufficient and
weak for supporting the claim made,

Fallacy of Presumption: Fallacy of Presumption occurs when the inference to the conclusion depends mistakenly on unwarranted assumptions,

Fallacy of Ambiguity: Fallacy of Ambiguity occurs when words or phrases are used equitably, thus causing ambiguity in the logic that connects the premise and the conclusion.

Steps for Case Creation: Given the provided question and its wrong answer, follow these steps:

1. Identify the error type and classify it under both a primary and secondary category. Please ensure that the categorization is correct and not ambiguous.
2. Convert the claim into an error query, ensuring that the error appears according to the following additional guidelines while avoiding language errors.
3. Provide an accurate and concise explanation of the error, including why the error belongs to that particular category and the reason behind it.

Additional Guidelines:

* Errors in question structure: 1) Special questions with errors: These questions contain an error in the main part of the question. 2) Incorrect information in subordinate clauses: This type of error
occurs when the subordinate clause contains misleading or incorrect information, which can mislead the direction of the answer. 3) Incorrect statement + question: In this structure, the question begins
with an incorrect statement, followed by a related question.

* The erroneous question should primarily be a special question rather than a general yes/no question. This means the error should relate to specific information requested, rather than a simple
affirmation or negation.

* Ask a question that the original text cannot answer.

Format Requirement:

Please provide your response in JSON format as follows:

{
"primary-category™: "<primary-category>",
"secondary-category": "<secondary-category>",
“error-prompt": "<User erroneous question>",
“explanation”: "<Concise and accurate explanation>"

}

Example Cases:
case 1:
{
“primary-category": "Logical Errors”,
"secondary-category": "Fallacy of Relevance",
Since the Earth is flat, how does it affect the gravitational pull?",
: "This is a fallacy of relevance because the shape of the Earth is irrelevant to the explanation of gravitational pull. The premise that the Earth is flat is factually incorrect and has no
bearing on the actual scientific principle of gravity."

case 2:
{

“primary-category": “Logical Errors",

“secondary-category": “Fallacy of Defective Induction”,

“error-prompt": "The last 5 companies | invested in went bankrupt. So why is investing in stocks always risky?",

“explanation”: “This is a fallacy of defective induction because the user's personal experience with a few companies does not provide sufficient evidence to claim that investing in stocks is always
risky. The sample size is too small and not representative of the entire stock market."

case 3:
{
“primary-category": “Logical Errors"”,
"secondary-category": "Fallacy of Presumption”,
“error-prompt": “Since all politicians are corrupt, how can we trust any of their policies?",
: "This is a fallacy of presumption because the claim that all politicians are corrupt is an unwarranted assumption. It assumes that all politicians share the same negative trait without
proof, leading to an invalid conclusion."

case 4:

“primary-category": “Logical Errors",

“secondary-category": “Fallacy of Ambiguity",

"error-prompt": "How does Python crawl? Why can it crawl data?",

“explanation™: “This is a fallacy of ambiguity because the word ‘crawl’ is being used in two different senses: one meaning the physical act of crawling (as an animal might do), and the other
referring to web crawling (the process of collecting data from the internet using a program). The question does not clarify which sense of ‘crawl’ it refers to, leading to confusion about the intended
meaning."

case 5:
{
“primary-category": “Logical Errors",
"secondary-categol Fallacy of Relevance”,
'She won the lottery. Why do people still think she deserves to be president?"”,
: "This is a fallacy of relevance because winning the lottery has no logical connection to someone's qualifications to be president. The question introduces an irrelevant detail (winning
the lottery) that does not address the person’s political capabilities.”

}

Output Only: Your response should be in the specified JSON format, without additional text or explanation outside the JSON structure.

Case Details:
* Chaim: {provided_chaim}

Figure 9: Instruction for converting CommonsenseQA into Mis-prompt.
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Instruction for Converting ROCStories into Mis-prompt

Task Overview:
You are tasked with generating structured cases based on the provided story.
Each case should include the error category, an erroneous user query (Prompt), and a supporting explanation.

Steps for Case Creation: Given the provided story, follow these steps:

1. The question about {type} cannot be answered based on the original text.

2. Output the modified story with the question. The questions should exhibit diversity and strictly adhere to the missing type. Avoid allowing the "Textual context and subject specification" category to
ask questions related to person, time, or location.

3. Provide an accurate and concise explanation of the error.

Additional Guidelines:

* Errors in question structure: 1)Special questions with errors: These questions contain an error in the main part of the question. 2) Incorrect information in subordinate clauses: This type of error
occurs when the subordinate clause contains misleading or incorrect information, which can mislead the direction of the answer. 3) Incorrect statement + question: In this structure, the question begins
with an incorrect statement, followed by a related question.

* The erroneous question should primarily be a special question rather than a general yes/no question. This means the error should relate to specific information requested, rather than a simple
affirmation or negation.

* Ask a question that the original text cannot answer.

Format Requirement:
Please provide your response in JSON format as follows:

“primary-category": "<primary-category>",
"secondary-category": "<secondary-category>",
“error-prompt": “<User erroneous question>",
“explanation™: "<Concise and accurate explanation>"

}

Example Case:

Case 1:

“primary-category": “Incomplete Information",

“secondary-category": "Speaker or person",

“error-prompt": “The man liked the flavor. He tried to recreate it at home. He could not get the flavor right. He asked the owner of the recipe for help. The owner of the flavor sold him the recipe.
Who is the owner of the recipe? Has the owner won any awards?",

“explanation™: "The story does not provide any information about the identity of the owner of the recipe or whether they have won any awards, leaving those details unclear."

}
Case 2:

“primary-category": "Incomplete Information”,

“secondary-category": “Textual context and subject specification”,

“error-prompt": "Jane only had one pair of glasses. And she had broken them. Her mother taped them up and sent her to school. When she entered the classroom everyone stared at her. They all
pointed and laughed as she stood wishing she could disappear. How did Jane react emotionally when she entered the classroom and saw everyone's reaction?",

“explanation”: "The story does not provide any information about Jane's emotional response to the situation in the classroom, leaving her feelings unknown."

}
Case 3:

“primary-category": “Incomplete Information",

“secondary-category": "Location",

“error-prompt”: “Janice was out exercising for her big soccer game. She was doing some drills with her legs. While working out and exercising she slips on the grass. She falls down and uses her
wrist to break her fall. She breaks her wrist in the process and goes to the hospital. What type of surface was Janice exercising on that led to her slip?",

“explanation™: "The story does not specify the type of surface Janice was exercising on, leaving that detail about the location of the accident unclear.”

Case 4:

“primary-category": “Incomplete Information”,

“secondary-category": "Date and time period",

“error-prompt": “Jamie is an American girl. Jamie wants to get married to a Mexican man. Her family assumes it's because the man wants a green card. Jamie insists that she is marrying him out of
love. Jamie gets married and they spend the rest of their lives together. What time of year did Jamie get married?",

“explanation": "The story does not mention when Jamie got married, leaving the time period of the marriage unclear."

Case 5:

“primary-category": “Incomplete Information",

“'secondary-category": “Location",

“error-prompt": “The orange fell from the tree. It hit a girl on the head. The girl looked up at the tree. Another orange fell from the tree. That orange broke her nose. What kind of tree is this? Is it
known for producing large fruit?",

“explanation": "The story does not provide any information about the type of tree or the characteristics of its fruit, leaving these details unclear."
}

Output Only: Your response should be in the specified JSON format, without additional text or explanation outside the JSON structure.

Case Details:
* story: {provided_story}

Figure 10: Instruction for converting ROCStories into Mis-prompt.
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Instruction for Directly Generate Mis-prompt

Task Overview:
You are tasked with generating structured cases based on the error method design.
Each case should include the error category, an erroneous user query (Prompt), and a supporting explanation.

Steps for Case Creation: Given the error method design, follow these steps:
1. Generate the question according to the error method design, ensuring that the error appears as either an incorrect statement followed by a question or a question with a misleading clause
2. Provide an accurate and concise explanation of the error.

Additional Guidelines:

* Errors in question structure: 1) Special questions with errors: These questions contain an error in the main part of the question. 2) Incorrect information in subordinate clauses: This type of error
occurs when the subordinate clause contains misleading or incorrect information, which can mislead the direction of the answer. 3) Incorrect statement + question: In this structure, the question begins
with an incorrect statement, followed by a related question.

* Avoid using a standalone question. Try to express the idea in a more detailed and extended manner, with longer content.

* The erroneous question should primarily be a special question rather than a general yes/no question. This means the error should relate to specific information requested, rather than a simple
affirmation or negation.

* Please ask a question that the original text cannot answer. As you generate your question, consider whether the question is answerable based on the content provided. If the question can be answered
from the text, adjust it so that it cannot be answered directly.

Format Requirement:
Please provide your response in JSON format as follows:

“primary-category": {primary_category},
“secondary-category": {secondary_category},
“error-prompt": "<User erroneous question>",

: "<Concise and accurate explanation>"

}

Objective: {objective}
Generation Rules Design: {method_description} Il Error Method Design

Output Only: Your response should be in the specified JSON format, without additional text or explanation outside the JSON structure.

Please generate {count} cases at once, ensuring there are significant differences between them. Output them in the following format: [{{}}.{{3}.{{3}.{{3}.{{}}]. Ensure that the output contains only
this JSON array format, with no additional content.

Figure 11: Instruction for generating Mis-prompt directly.

Instruction for Generate Ground-Truth

Task Overview:
You are required to generate a structured response based on the provided error-prompt, category, and explanation.

Each response should:

1. Point out that the user's question contains an error.

2. Identify the specific error.

3. Provide the correct information or concept.

4. Guide the user on how to phrase the correct question.

Output Only: Provide your response without additional text or explanation.
Case Details:
* error-prompt: {error_prompt}

* explanation: {explanation}
* category: {primary-category}-{secondary-category}

Figure 12: Instruction for generating the ground truth.

Instruction for 1-shot Evaluation

Example 1:

Question: "How long does it take to drive from the university to the beach?"

Answer: "Your question contains an error due to incomplete information regarding the locations. Specifically, it does not specify which university or beach you are referring to. Travel time can vary
significantly based on these details. To get an accurate answer, please specify the names of the university and the beach. For example, you could ask, ‘How long does it take to drive from Stanford
University to Santa Cruz Beach?"

Now, please answer the following question:
Question: {prompt}

Figure 13: Instruction for 1-shot evaluation.
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Instruction for 3-shot Evaluation

Example 1:

Question: "How long does it take to drive from the university to the beach?"

Answer: "Your question contains an error due to incomplete information regarding the locations. Specifically, it does not specify which university or beach you are referring to. Travel time can vary
significantly based on these details. To get an accurate answer, please specify the names of the university and the beach. For example, you could ask, ‘How long does it take to drive from Stanford
University to Santa Cruz Beach?"

Example 2:

Question: "What are the reasons for the variety of fuel types used in modern Russian vehicles?"

Answer: “The variety of fuel types used in modern Russian vehicles is influenced by factors such as the country’s diverse climate and phy, economic considerati availability,
go policies, envirc | concerns, technological advancements, military and industrial needs, and consumer preferences. These elements together create a dlverse fuel landscape that caters

to different regional and consumer needs."

Example 3:

Question: "During the 2017-2018 season, the Liberty Lady Flames basketball team played their final season in the Atlantic Sun Conference. What were their achievements in this conference?"

Answer: “Your question contains an error regarding the conference in which the Liberty Lady Flames basketball team played during the 2017-2018 season. Specifically, they were in the Big South

Conference, not the Atlantic Sun Conference, during that season. The Liberty Lady Flames moved to the Atlantic Sun Conference after the 2017-2018 season. To phrase the correct question, you could
ask: 'What were the achievements of the Liberty Lady Flames basketball team during their final season in the Big South Conference in 2017-2018?"

Now, please answer the following question:
Question: {prompt}

Figure 14: Instruction for 3-shot evaluation.

Instruction for CoT Evaluation

Let's think through this step by step: You will be given a question. First, check if there are any mistakes in the question. If the question is correct, provide the answer. If there is an error, first tell the user
that there is an error in the question, identify what is wrong, and correct the question if necessary. Then, guide the user to rephrase the question.

Question: {prompt}

Figure 15: Instruction for CoT evaluation.
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Model Setting Det.  Att. atIdent.  Acc. Ident.  Att. at Corr.  Acc. Corr.  Guid.  Avg

zero-shot 4354 48.71 43.78 31.72 2332 3066 3696

GPT-4o l-shot  85.63 85.73 73.92 76.74 4788 8128 7520
(OpenAl 2023) 3shot  82.70 84.34 75.65 74.39 5455 7548 7452
CoT 82.19 84.53 80.71 80.86 6075 7139 7174

zero-shot 5513 60.73 54.67 28.38 221 2356 4078

Gemini-1.5 l-shot  68.88 71.00 69.11 41.67 2059 3858 53.14
(Google et al., 2024)  3-shot 71.31 74.34 70.65 45.93 33.37 45.58 56.86
CoT 72.93 73.97 77.44 7221 6283 7392 T2.22

zero-shot  63.98 67.53 63.01 36.48 3023 4373 50.83

Claude-3.5 l-shot  88.19  88.17 80.54 79.15 5864 8103 79.29
(Anthropic, 2024)  3-shot  86.59 86.55 81.44 79.82 6235 8233 79.85
CoT 83.24 83.75 82.37 77.18 6414 8117 78.64

zero-shot  53.18 56.19 50.40 37.19 2863 3204 4294

GLM-4 l-shot 8122 82.06 75.10 76.08 5548 8131 7521
(GLM, 2024) 3shot 8321 83.81 77.23 80.84 5996 SLI7 7770
CoT 79.96 81.55 76.86 67.87 4893 82.09 7288

zero-shot 4360  44.56 39.96 26.71 1807 3339 3438

l-shot  69.10 69.20 60.92 65.28 3060 6899  60.68

L(hal\t’[Aégi;fB 3shot  66.56 66.39 65.43 68.11 3742 6539  61.55
eta, CoT 7220 7515 6324 68.61 3648 7491  65.10
SFT 9748  97.74 82.98 88.02 6369 9199 86.98

zero-shot  42.05 4547 40.48 20.46 1970 3376 35.15

l-shot 7325 73.23 68.29 67.95 3096 7274 6590

L&"‘l\t’[ﬁg';ﬁB 3shot  81.99 81.39 69.09 77.25 4072 8243 7215
eta, CoT 75.62 77.00 73.56 72.65 47020 7544 7022
SFT 90.16  90.59 80.02 82.20 6286 8477 8177

zero-shot  57.78 59.23 53.50 39.67 3017 3740 4629

LLaMA-3.3-70B l-shot 7536 75.43 7341 71.57 4633 78.02  70.02
(Meta, 2024) 3shot 8532 85.32 77.60 79.65 55.84  85.08 78.14
CoT 8574  85.95 82.22 74.91 5936 8429 78.75

zero-shot  43.88 47.59 43.07 31.47 295 3771 3778

Owen2.5.78 l-shot  58.84 61.43 53.67 44.66 3018 5874 5125
vl 2004y 3shot 6963 70.44 60.24 59.46 4037 6642 61.09
> CoT 71.17 75.52 70.08 66.14 4303 6684 6546

SFT 9599  96.24 86.52 85.20 67.66 9137 87.16

zero-shot 5111 5491 50.63 34.20 2721 4139 4324

Owen2.5.328 l-shot 7034 7222 6431 57.91 4405 6738 6270
vl 0pay  3shot 7303 75.38 67.82 63.18 4810 7063 6636
> CoT 7200 7721 7475 72.44 5815  80.02 72.58

SFT 9788  97.98 88.43 88.96 7086  93.17 89.55

zero-shot  48.57 51.64 46.54 37.16 2745 3776 41.52

Qwen-2.5-72B l-shot 6893 70.34 62.32 57.95 4423 6636 61.69
(Qwen et al., 2024) 3-shot 72.34 73.67 65.56 68.39 53.20 7298 67.69
CoT 7752 8236 77.80 6831 5141 79.64 72.84

zero-shot  29.44 33.90 27.92 18.57 1146 1280 2235

DeepSeck-V2-16B  l-shot  64.35 66.42 5276 47.04 2804 4920 51.30
(DeepSeck, 2024)  3-shot  69.67 71.29 5442 54.03 2860 5569 55.62
CoT 62.92 65.34 39.29 61.41 2016 5336 5041

zero-shot  32.41 35.70 28.36 18.75 1025 746 2216

Vil 5.6E l-shot 4540 4828 38.09 3131 1941 2261 3418
OLaletal 2024y 3ot 4988 53.82 4324 36.37 2173 3225 3955
-Aletal, CoT 67.59 71.46 56.71 66.40 29.07 64.23  59.24
SFT 9%.62  97.36 84.16 82.84 63.04 9211 86.02

zero-shot 4640 4825 40241 31.39 236 1063 33.57

VilS.34B l-shot 6829 70.07 64.65 57.17 3866 5219 5851
Ol Aleta. 2024 3shot 7523 76.18 66.73 61.49 4473 5661  63.50
Aletal, CoT 74.16 79.01 69.62 68.67 4824 7278  68.75
SFT 9782  97.95 87.60 89.22 7080 9145 89.14

Table 6: F1 Score Overview for Error-Handling Tasks. Results are reported in percentage(%). “Det.”, “Att. at Ident.”,
“Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error identification,
accurate identification, attempt at error correction, accurate error correction, and error guidance.
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Model Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid. \ Avg

GPT-40 (OpenAl, 2023) 6.60 7.24 4.01 18.01 13.38 21.34 | 11.76
Gemini-1.5 (Google et al., 2024) 19.14 16.87 8.50 26.11 18.01 2242 | 18.51
Claude-3.5 (Anthropic, 2024) 29.15 25.60 16.87 32.57 24.02 42.47 | 2845
GLM-4 (GLM, 2024) 18.58 18.58 10.36 25.07 13.97 17.45 | 17.34
LLaMA-3.2-3B (Meta, 2024) 12.18 9.12 5.32 20.25 13.38 32.09 | 15.39
LLaMA-3.1-8B (Meta, 2024) 5.96 5.32 2.03 18.58 10.36 28.65 | 11.82
LLaMA-3.3-70B (Meta, 2024) 22.42 15.72 10.36 2242 15.14 28.15 | 19.04
Qwen-2.5-7B (Qwen et al., 2024) 15.14 13.38 6.60 21.34 11.58 33.52 | 16.93
Qwen-2.5-32B (Qwen et al., 2024) 24.92 20.92 11.03 27.13 15.49 31.90 | 21.90
Qwen-2.5-72B (Qwen et al., 2024) 21.88 17.45 9.12 28.15 18.58 28.65 | 20.64
DeepSeek-V2-16B (DeepSeek, 2024)  8.50 6.60 3.36 18.58 12.18 15.14 | 10.73
Yi-1.5-6B (01.Al et al., 2024) 4.67 4.67 0.68 12.18 5.96 6.60 5.79
Yi-1.5-34B (01.Al et al., 2024) 16.30 14.56 10.36 24.55 15.14 7.87 | 14.80
Avg 15.80 13.54 7.58 22.69 14.40 2433 | 16.39

Table 7: F1 scores for error-handling tasks in Language Error. Results are reported in percentage (%). “Det.”,
“Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error
identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.

Model Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid. ‘ Avg
GPT-40 (OpenAl, 2023) 40.59 42.31 41.45 15.25 7.93 50.94 | 33.08
Gemini-1.5 (Google et al., 2024) 48.61 51.45 50.94 12.88 7.51 42.88 | 35.71
Claude-3.5 (Anthropic, 2024) 72.51 76.84 75.96 17.19 14.07 55.39 | 51.99
GLM-4 (GLM, 2024) 54.42 55.39 54.67 20.94 16.42 55.15 | 42.83
LLaMA-3.2-3B (Meta, 2024) 48.35 49.40 47.82 15.64 5.79 54.18 | 36.86
LLaMA-3.1-8B (Meta, 2024) 45.12 47.29 45.66 18.33 7.51 55.63 | 36.59
LLaMA-3.3-70B (Meta, 2024) 53.20 52.95 51.45 19.46 6.22 47.82 | 38.52
Qwen-2.5-7B (Qwen et al., 2024) 44.01 46.21 45.94 20.94 10.43 57.75 | 37.55
Qwen-2.5-32B (Qwen et al., 2024) 51.71 53.72 53.72 20.70 12.55 70.16 | 43.76
Qwen-2.5-72B (Qwen et al., 2024) 44.84 48.08 47.55 23.12 10.43 61.37 | 39.23
DeepSeek-V2-16B (DeepSeek, 2024)  28.35 26.98 25.25 14.07 4.48 21.68 | 20.14
Yi-1.5-6B (01.Al et al., 2024) 29.35 32.31 31.66 11.66 3.16 14.47 | 20.44
Yi-1.5-34B (01.Al et al., 2024) 39.11 38.52 37.62 13.68 7.08 21.68 | 26.28
Avg 46.17 47.80 46.90 17.22 8.74 46.85 | 35.61

Table 8: F1 scores for error-handling tasks in Incomplete Information. Results are reported in percentage (%).
“Det.”, “Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at
error identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.

Model Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid. ‘ Avg
GPT-40 (OpenAl, 2023) 73.13 74.65 71.84 48.31 41.81 22.60 | 55.39
Gemini-1.5 (Google et al., 2024) 77.34 80.15 70.25 43.39 31.18 11.41 | 52.29
Claude-3.5 (Anthropic, 2024) 77.10 77.10 73.90 55.96 52.93 27.95 | 60.82
GLM-4 (GLM, 2024) 68.89 69.44 67.23 58.56 49.04 26.04 | 56.53
LLaMA-3.2-3B (Meta, 2024) 69.17 66.95 61.98 4417 34.74 17.97 | 49.16
LLaMA-3.1-8B (Meta, 2024) 67.79 67.51 62.88 49.40 39.39 17.44 | 50.74
LLaMA-3.3-70B (Meta, 2024) 78.53 77.58 73.13 64.07 57.60 31.64 | 63.76
Qwen-2.5-7B (Qwen et al., 2024) 68.07 68.62 63.48 59.51 43.00 27.00 | 54.95
Qwen-2.5-32B (Qwen et al., 2024) 74.49 74.49 69.20 61.92 47.67 29.20 | 59.50
Qwen-2.5-72B (Qwen et al., 2024) 73.64 73.64 69.44 61.67 50.48 27.95 | 59.47
DeepSeek-V2-16B (DeepSeek, 2024)  47.57 50.12 44.94 30.27 19.54 3.13 | 32.60
Yi-1.5-6B (01.Al et al., 2024) 51.89 52.93 44.17 34.30 15.29 0.63 | 33.20
Yi-1.5-34B (01.Al et al., 2024) 68.34 69.17 62.88 55.63 41.01 1.27 | 49.72
Avg 68.92 69.41 64.26 51.32 40.28 18.79 | 52.16

Table 9: F1 scores for error-handling tasks in Factual Errors. Results are reported in percentage (%). “Det.”, “Att.
at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error
identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.
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Model Det.  Att. atIdent. Acc. Ident. Att. at Corr.  Acc. Corr.  Guid. ‘ Avg

GPT-40 (OpenAl, 2023) 42.73 56.47 44.73 45.85 31.89 18.68 | 40.06
Gemini-1.5 (Google et al., 2024) 67.80 79.21 70.02 48.85 37.64 9.80 | 52.22
Claude-3.5 (Anthropic, 2024) 69.22 76.77 67.39 52.25 38.26 43.30 | 57.87
GLM-4 (GLM, 2024) 61.36 69.22 55.50 55.25 37.02 19.83 | 49.70
LLaMA-3.2-3B (Meta, 2024) 49.12 52.50 36.08 44.44 25.36 29.54 | 39.51
LLaMA-3.1-8B (Meta, 2024) 47.77 55.99 40.97 48.58 28.51 28.51 | 41.72
LLaMA-3.3-70B (Meta, 2024) 68.82 75.87 64.23 58.84 42.44 37.33 | 57.92
Qwen-2.5-7B (Qwen et al., 2024) 49.65 60.00 45.57 52.50 30.22 28.17 | 44.35
Qwen-2.5-32B (Qwen et al., 2024) 56.31 68.64 55.57 54.33 37.45 2495 | 49.54
Qwen-2.5-72B (Qwen et al., 2024) 53.77 62.48 49.65 55.25 3545 25.00 | 46.93
DeepSeek-V2-16B (DeepSeek, 2024)  30.89 45.29 31.89 27.13 13.54 852 | 26.21
Yi-1.5-6B (01.Al et al., 2024) 41.56 48.04 28.86 37.02 17.13 547 | 29.68
Yi-1.5-34B (01.Al et al., 2024) 55.25 61.59 49.38 49.12 29.54 722 | 42.02
Avg 68.92 69.41 64.26 51.32 40.28 18.79 | 52.16

Table 10: F1 scores for error-handling tasks in Logical Errors. Results are reported in percentage (%). “Det.”,
“Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error
identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.

Secondary Error Category Det.  Att. at Ident.  Acc. Ident.  Att. at Corr.  Acc. Corr.  Guid. \ Avg
Grammatical Errors 13.59 11.76 9.90 11.76 8.00 41.32 | 16.06
Punctuation Errors 3.77 5.61 1.90 15.93 12.61 9.17 8.17
Spelling Errors 2.13 4.21 0.00 26.17 19.42 10.20 | 10.36
Speaker or Person 43.94 46.27 46.27 11.01 9.26 64.47 | 36.87
TextContSubjSpec 26.28 28.78 25.00 25.00 11.11 56.63 | 28.80
Location 38.85 37.68 37.68 6.90 5.22 56.41 | 30.46
Date and Time Period 53.24 56.34 56.34 16.22 5.71 16.22 | 34.01
Relation Error 70.75 72.48 69.86 49.21 41.67 17.31 | 53.55
Entity Error 77.71 79.78 77.01 43.80 36.64 30.16 | 57.52
Circumstance Error 70.52 71.26 68.24 51.66 46.58 19.35 | 54.60
Fallacy of Relevance 42.55 54.90 42.55 37.96 29.23 8.62 | 35.97
Fallacy of Presumption 49.65 60.26 51.70 53.69 34.85 10.43 | 43.43
Fallacy of Defective Induction  49.66 70.52 55.48 58.23 42.25 30.30 | 51.07
Fallacy of Ambiguity 24.07 31.86 22.43 27.27 17.31 24.07 | 24.50

Table 11: F1 score of GPT-40 (OpenAl, 2023) in the secondary error categories. Results are reported in percentage
(%). “Det.”, “Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection,
attempt at error identification, accurate identification, attempt at error correction, accurate error correction, and error
guidance.
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Model Setting Det.  Att. atIdent.  Acc.Ident. Att. at Corr.  Acc. Corr.  Guid. | Avg

zero-shot  21.69 4043 38.92 2841 2558  29.89 | 30.82
GPT-40 l-shot 8387  83.53 7481 74.43 5455 7651 | 74.62
(OpenAl 2023) 3shot  80.15 81.18 73.60 72.06 5622 7470 | 72.99
CoT 80.00 8191 79.09 83.22 7287 7883 | 79.32

zero-shot  29.38 54.37 51.52 19.88 1358 1852 | 31.21

Gemini-1.5 l-shot 5748 67.63 6441 40.98 3043 33.65 | 49.10
(Google etal, 2024) 3-shot  59.11 72.00 70.04 38.83 3043 3920 | 51.60
CoT 7202 7467 73.40 73.35 73.65  73.94 | 7351

sero-shot 40,43 55.50 55.34 3529 2442 3390 | 4081

Claude-3.5 l-shot  86.49 83.44 7778 7279 6585  75.62 | 77.00
(Anthropic, 2024)  3-shot  82.08 85.80 8231 79.60 7376 7921 | 80.46
CoT 81.59 82.15 82.74 82.05 81.53 8174 | 81.97

sero-shot  35.36 55.77 51.26 35.68 2558 3034 | 39.00

GLM-4 l-shot  79.55 79.17 68.31 77.74 6639  79.07 | 75.04
(GLM, 2024) 3shot 7447 76.45 70.59 78.00 7072 78.69 | 74.82
CoT 75.91 77.60 75.81 78.62 7326 7859 | 76.63

zero-shot  17.14 37.37 34.78 16.67 10.98 32.65 | 24.93

l-shot 6832 68.32 61.34 56.35 3784 6755 | 59.95

L(hal\t’[Aégi;fB 3shot 6636 65.12 50.42 50.24 5020 6569 | 59.51
“ta, CoT 72.60 70.99 63.56 76.73 60.50 7331 | 69.62
SFT 9728  96.95 80.95 95.97 7288 91.70 | 89.29

sero-shot  17.75 4236 41.45 24.04 1775 31.18 | 29.09

l-shot 7402 7333 60.41 65.09 4816 7143 | 6541

L&"‘l\t’[ﬁg';ﬁB 3shot  81.96 80.36 61.74 78.59 5328 8478 | 7345
eta, CoT 69.01 71.16 73.29 7433 69.18 7439 | 72.04
SFT 91.58  91.24 81.27 90.58 7552 85.60 | 85.97

zero-shot  30.86 47.72 45.60 26.97 2428 3464 | 3501

LLaMA-3.3-70B l-shot 7604 7520 68.38 70.06 56.57  75.80 | 70.34
(Meta, 2024) 3.shot  88.75 87.93 78.65 84.24 7191 8852 | 83.33
CoT 85.81 83.28 80.14 86.90 80.57  86.18 | 83.81

zero-shot  18.60 39.20 39.36 2043 1333 3077 | 26.95

Owen2.5.78 l-shot  41.03 60.34 5171 41.75 3169 5471 | 46.87
vl 2004y 3shot 68.00 68.97 57.01 60.50 4205 6240 | 59.82
» CoT 72.43 72.84 68.85 74.63 60.66  69.14 | 69.76

SFT 96.37 96.37 88.81 95.74 7755 9241 | 91.21

zero-shot  20.00 39.80 38.50 17.98 1576 3135 | 27.23

Owen2.5.328 l-shot  57.01 64.78 59.29 60.58 5073 6640 | 59.80
vl opgy  3shot 6827 77.26 66.67 72.09 5662 6770 | 68.10
> CoT 6784 7557 71.76 78.88 7319 7853 | 74.30

SFT 9730  96.97 84.85 94.12 7490  91.64 | 89.96

zero-shot  28.57 47.00 44.56 20.93 1807 3333 | 32.08

Qwen-2.5-72B I-shot 4977 61.86 56.34 51.79 4631 6250 | 54.76
(Qwen etal.. 2024)  3-shot 7190 7570 66.96 6831 6044 7352 | 69.47
CoT 6744 7647 72.50 71.38 6667 7681 | 71.88

zero-shot  13.84 36.26 31.03 14.37 886 1274 | 19.52

DeepSeck-V2-16B  l-shot  46.08 56.25 46.70 34.87 2024 4082 | 40.83
(DeepSeck, 2024)  3-shot  60.00  69.77 48.51 55.75 2038 5532 | 53.12
CoT 63.93 65.85 46.23 68.94 4365 5182 | 5674

zero-shot  19.63 25.00 25.00 14.63 1139 400 | 1661

Vil 5.6E l-shot 3425 43.43 37.84 2.2 1687 2249 | 2952
OLaletal 2024y 3hot 3222 4sds 38.04 28.09 1625 2791 | 3133
Aletal, CoT 65.91 65.32 52.02 71.35 4595  66.67 | 61.20
SFT 9699 9635 84.94 94.77 7791 90.78 | 90.29

zero-shot  28.07 43.62 38.46 2130 1585 784 | 2586

VilS.34B l-shot 5758 64.29 60.87 42.62 3483 39.65 | 49.97
Ol ALota. 2024y 3ot 6907 75.59 60.91 55.96 3895 5429 | 59.15
' » CoT 6860 7373 60.71 75.09 5575 7020 | 67.35
SFT 9899  98.66 89.55 97.35 7342 9544 | 92.24

Table 12: F1 scores for error-handling tasks in human evaluation. Results are reported in percentage (%). ‘“Det.”,
“Att. at Ident.”, “Acc. Ident.”, “Att. at Corr.”, “Acc. Corr.”, and “Guid.” stand for error detection, attempt at error
identification, accurate identification, attempt at error correction, accurate error correction, and error guidance.
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