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ABSTRACT

With the widespread application of Large Language Models (LLMs) in various
tasks, evaluating the performance of LLMs becomes an essential research topic.
However, existing judge models lack the specific capability required for error at-
tribution (i.e., identify the types of error made in responses). In this work, we
first establish a comprehensive Misattribution Framework with 9 primary and 19
secondary categories, which are intended to facilitate in-depth analysis and en-
hance the performance of LLMs. Based on this framework, we present AttriData,
a dataset specifically designed for error attribution, encompassing misattributions,
along with the corresponding scores and feedback. We also propose MisAttribu-
tionLLM, a fine-tuned model on AttriData, which is the first open-source, general-
purpose judge model with error attribution capability which provides valuable in-
sights into the model’s weaknesses and enables targeted improvements. Exper-
imental results show that MisAttributionLL.M achieves the highest Pearson cor-
relation with human evaluators among 8 open-source and closed-source LLM:s.
Furthermore, MisAttributionLLM also obtains the highest accuracy and micro-F1
in the performance of error attribution. Extensive experiments and analyses are
conducted to confirm the effectiveness and robustness of our proposed method.

1 INTRODUCTION

With the rapid development of large language models(LLMs), assessing the performance of LLMs
has become a vital research topic (Xie et al., 2023} |Chang et al., 2024} [Liu et al., [2024). A solid
evaluation method is capable of providing high-quality opinions to guide the LLM in its continuous
improvement (Kim et al.| [2023b)).

The application of LLM-as-a-Judge model (Liu et al [2023; [Zheng et al.| [2024) has drawn signifi-
cant attention because of its potential to rival human assessment. Access to high-performing large
language models such as GPT-4 (Achiam et al.| |2023) is generally limited to the OpenAl API due
to their proprietary. Considering the need to avoid potential risks of commercial APIs like high
cost, unstable usage, and data leakage, researchers have commenced training their own judge mod-
els (Kim et al., 2023b} Ke et al [2024; [Wang et al., [2023b). For instance, [Kim et al.| (2023b)
proposes PROMETHEUS, an open-source language model designed to induce fine-grained evalua-
tion with feedback, which provides a detailed explanation for why a given answer would be awarded
a specific score. Nevertheless, both the above open-source and closed-source LLMs focus on scores
and feedback, which is insufficient for in-depth analysis and model’s targeted improvements.

Specifically, when evaluating the performance of a large language model, it is essential to focus on
the instances where the model answers display undesirable and inconsistent behaviors, commonly
referred to as error responses (Kamoi et al., [2024b; (Chen et al.,|2023)). Error responses encompass a
variety of issues, such as generating outputs that are convincingly presented but factually incorrect
or misleading, known as hallucinations (Lin et al.,|2022; Zhang et al., [2023a)), engaging in reason-
ing that does not align with the established facts or context, termed unfaithful reasoning (Golovneva
et al., 12023} |Lyu et al., 2023)), and failing to adhere to specified rules or constraints (Zhuo et al.,
2023;[Wang et al.;[2023a). These behaviors undermine the confidence in LLMs and pose substantial
challenges to their practical deployment. Unfortunately, researchers concentrate solely on score and

"The codes, datasets and models will be released after the peer review.
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Figure 1: The existing judge model is capable of outputting score and feedback, but it lacks the
ability to make error attribution. The capability of error attribution is helpful in analyzing and
improving the performance of LLMs.

feedback during evaluation and neglect to identify the types of error made in these error responses, as
depicted in Figure[I] This oversight tends to result in a misjudgment of the LLM’s performance and
is likely to hinder the identification of critical opportunities for improvement. Therefore, the system-
atic classification of error responses, known as error attribution, is a critical aspect of LLMs’analysis
and is vital for enhancing their robustness and effectiveness.

To this end, we propose MisAttributionLLM, a 7B LLM with error attribution capability that is
not only equipped to score the LLMs’ responses and generate appropriate feedback but also able
to provide detailed misattributions. We first establish a comprehensive Misattribution Framework
with 9 categories at the first level and 19 at the second level, to facilitate subsequent analysis and
improvement of LLMs. Based on Misattribution Framework, we present AttriData, a high-quality
Chinese dataset that is manually annotated and crafted to encompass a variety of comprehensive
evaluation tasks, representing realistic user demands. The dataset includes approximately 20,000
samples. With Misattribution Framework, we aim to set a new standard and benchmark in the
evaluation of LLMs.

By fine-tuning Qwen2-7B (Yang et al.| 2024) with the AttriData, we obtain the MisAttributionLLM.
On the AttriData test dataset, MisAttributionLLM achieves a Pearson correlation of 0.931 with
human evaluators, which is higher than GPT-4 (0.802), and significantly exceeds GPT-3.5 (0.410).
In terms of the performance of error attribution, MisAttributionLLM achieves a micro-F1 score of
0.813, surpassing 7 open-source and closed-source LLMs. Furthermore, when human evaluators are
tasked with selecting the higher-quality feedback in pairwise comparisons, MisAttributionL.LM is
chosen over GPT-4 in 53.68% of the cases and outperforms GPT-3.5 with an 83.82% win rate. To
the best of our knowledge, we are the first to propose a Misattribution Framework that is capable
of being applied for systematic model answer analysis, which leads to insightful evaluation and
improvement of LLMs.

In conclusion, our work delivers three key contributions:

* We establish a comprehensive Misattribution Framework, which consists of 9 primary and
19 secondary categories, to facilitate the subsequent analysis and enhancement of LLM:s.
Utilizing this framework, we introduce AttriData, specifically developed for incorporat-
ing error attribution capability into LLM evaluation. Unlike previous datasets, AttriData
includes misattributions in addition to scores and feedback.

* We propose MisAttributionLLM, the first open-source, general-purpose large language
model capable of error attribution and specifically designed for fine-grained evaluation.
This innovation provides valuable insights into the model’s potential shortcomings, en-
abling targeted adjustments and improvements to enhance its performance.

* We conduct extensive experiments demonstrating the effectiveness of incorporating error
attribution capability into LLM evaluation. MisAttributionLLM shows a strong correlation
with human evaluators in scoring setting, and achieves high accuracy and micro-F1 in the
performance of error attribution. Extensive experiments and analyses are conducted to
confirm the effectiveness and robustness of our proposed method.
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2 RELATED WORK

Evaluation Method With the development of large language models (LLMs), recent studies have
employed GPT-4 or fine-tuned LLMs as judge models (Kim et al., |2023b; Jiang et al.l 2023} Wang
et al.,[2023b; | Ye et al.| 2024). For example, Wang et al.|(2023b) introduces PandalLM, a fine-tuned
LLM designed to assess generated text and provide explanations regarding its reliability across var-
ious preference datasets. PROMETHEUS (Kim et al., |2023b) stands out as an open-source LLM
tailored for fine-grained evaluation, capable of adapting to a wide range of scoring rubrics. More-
over, CritiqueLLM (Ke et al., |2024) demonstrates the beneficial effects of generated critiques as
scalable feedback, enhancing the quality of LLM outputs. TIGERScore(Jiang et al.|[2023) is guided
by natural language instruction to provide error analysis to pinpoint the mistakes in the generated
text. More evaluation methods are detailed in Appendix

Error Attribution Although the error attribution has not been formally proposed, research related
to it has primarily been conducted in the context of enhancing LLM responses using feedback from
LLMs (Kamoi et al., [2024b; [Chen et al., 2023 \Gou et al., 2024} [Pan et al.| 2024). These studies
focus on self-correction during training but often neglect the analysis of model responses with mis-
attribution. |Kamoi et al.| (2024a) have begun to address the issue of errors in model responses, but
the types of error they identify are limited, and there is a lack of trained judge models to tackle these
issues. To address these limitations, we propose a comprehensive Misattribution Framework and
train the judge model to be capable of error attribution.

3 METHOD

An overview of our method is illustrated in Figure[2] The process can be generally divided into three
main steps: data construction, supervised fine-tuning, and inference. The Misattribution Framework
is described in detail in Section[3.1} In Sections[3.2]and[3.3] we present the construction and analysis
of AttriData. Lastly, the fine-tuning procedure for MisAttributionLLM is outlined in Section[3.4]

3.1 MISATTRIBUTION FRAMEWORK

We conduct a thorough and in-depth analysis of the error responses associated with LLMs (Zhang
et al., 2023a; Lyu et al., 2023 'Wang et al.| |2023a; [Kamoi et al., 2024b)) and propose a detailed and
systematic Misattribution Framework. This framework consists of 9 primary categories and 19 sec-
ondary categories, effectively capturing the current limitations of LLMs across various application
scenarios. The categories are illustrated in Figure The primary categories encompass critical
dimensions such as Response Quality (Yin & Wan, [2022), Instruction Following (Zeng et al.,|2024),
Knowledge Ability (Ji et al.| 2023} Zhang et al., 2023b; [Pagnoni et al., 2021}, Reasoning Capabil-
ity (Bhargava & Ngl [2022), Comprehension Ability (Shi et al., [2023)), Creative Ability (Ismayilzada
et al., 2024), Safety (Q1u et al., | 2023)), Multi-Turn Dialogue (Y1 et al.,|2024)) and Other Errors. De-
tailed explanations of these categories are provided in Table [I] and the detailed examples can be

referenced in Figure [9} [I0]and

3.2 DATASET CONSTRUCTION

Data Collection We cooperated with prominent data companies to obtain the critical issues from
the current applications of LLMs, such as ERNIE Bo and Hunyua Inspired by Xie et al.[(2023),
we manually labeled the data based on TencentLLMEval’s task tree. These issues can be categorized
using a seven-level classification system: NLP Basic, Multi-Turn Dialogue, Math, Reasoning, Text
Generation, Question and Answer, Professional Field. =~ Our selection of data is guided by two
primary considerations:

¢ Comprehensive Evaluation Tasks: The evaluation tasks included in this dataset are de-
signed to address both fundamental and advanced performance of LLMs comprehensively.

2https://yiyan.baidu.com
3https://hunyuan.tencent.com
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Figure 2: The overview of our method. The process can be generally divided into three main steps:
data construction, supervised fine-tuning, and inference. The Data Construction of AttriData’s an-
notations includes score, misattribution, and feedback. After annotations, we collected the AttriData
which we fine-tuned on Qwen2. A sample of the dataset is visually represented by a rectangular box
with a green background. This sample is input into the MisattributionLLM model, and the resulting
inference is displayed within a gray dashed box.

» User-Driven Focus: The data focuses on issues that are of significant concern to users.
Originating from real-world application scenarios, it provides an accurate reflection of the
current public demand for LLMs.

The entire data collection process lasted three months, and resulted in the collection of 22,832 data.
Details of the data are provided in Table [6]

Annotation Workflow To ensure consistency and accuracy in the annotation process, the annota-
tors should first familiarize themselves with the specific guidelines for each section of the dataset:
score, misattribution, and feedback. As illustrated in Figure Q] (D), the annotators’ task is to read the
question, reference answer, and model answer, and then annotate accordingly. Firstly, scores range
from O to 3 points: 3 point is awarded if the model provides a correct answer without any errors; 2
point is given if the answer is partially correct; 1 point is assigned if the answer is completely incor-
rect; and O point is given if the model provides an off-topic response or violates safety guidelines.
Inspired by the score setting of |[Lin et al.| (2024])), we have chosen this distribution of scores, which
provides a clear and precise representation of the quality of responses corresponding to each score.

For misattribution, if the score is less than 3 point, the annotators need to identify the types of error in
the model answer referring to Misattribution Framework. The specific Misattribution Framework is
described in Section @If the score is 3 point, the misattribution is marked as NULL. For feedback,
we are inspired by (Kim et al., 2023b)) and use GPT-4 to generate the feedback. The generated
template is shown in Figure|6]

We organized 36 annotators and 12 senior annotation expertsﬂ all of whom were thoroughly trained
in the annotation guidelines. To ensure quality, each data is independently annotated by three anno-
tators and subsequently reviewed by one senior expert. In cases where the three annotators produce
inconsistent results, a senior expert conducts a careful review to identify any potential errors or
omissions and makes the final determination. In addition, we divided the data into 20 batches and

*The evaluation cost is $1,000 per person per month.
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Table 1: The overview of Misattribution Framework. Explanations for each second-level category
under the first-level categories.

First-level category Second-level category Explanation
Typos The response includes spelling errors.
. Noisy The response includes irrelevant or redundant information.
Response Quality
(Yin & Wan|[2022) Truncation The model’s response is cut short, resulting in an incomplete answer.
Duplicate The response contains repeated information.
Refusal to Answer The model refuses to provide an answer.

Multiple questions are asked, but responses are provided for only a por-

Missing Answers tion of them.

The text generated by the model fails to meet the required content stan-

Content Inconsistency dards, such as language, structure, theme and style.

Instruction Following
(Zeng et al.}|[2024)

The response does not conform to the constraints specified in the in-

Format Inconsistency .
structions.

The length of the response does not align with the requirements outlined
Length Inconsistency in the instruction, such as word count, number of paragraphs, or number
of sentences.

It refers to the phenomenon in which the content generated by the model

Knowledge Abilit Hallucinati L . . , .
noREeCEs SOty allucination is inconsistent with real-world facts or the user’s input.

(i et al.| 2023}

This primarily refers to objective questions where the response does not

Incorrect Answers
match the correct answer.

Reasoning Capability Process Error This occurs when there are logical flaws in the reasoning process.
(Bhargava & Ngl[2022)

Errors in the final outcomes of reasoning, particularly in disciplines like

Result Error mathematics and coding.

There is a failure to understand the content that reference pronouns refer

Multi-Turn Dialogue Reference Error to

(Yi et al.| 024}

Long-term Memory Loss ~ The inability to incorporate contextual information into responses.

The content generated by the model fails to align with the creative re-

Creative Ability Inappropriate Content irements
(Ismayilzada et al 12024} qut :
Satety (Qiu et al.|[2023) Safety Concerns This type of error involves the potential harm posed to users or society.
Comprehension Abilit Irrelevance The response provided does not adequately address or answer the spe-
(ghi L al P03 Y cific question that was asked.
Other Errors i Others This category encompasses errors that do not fit into the aforementioned

classifications.

randomly selected 30% of the submissions from the senior annotation experts for quality checks. If
the accuracy of these checks falls below 98 %, the corresponding batch is sent back for re-annotation.
Overall, the entire annotation process took approximately three months to complete.

3.3 DATASET ANALYSIS

Dataset Statistics The dataset consists of 22,832 samples, of which 14,295 are satisfactory with-
out misattribution, and 8,537 with misattribution, 2,031 of which are multi-label. The vast majority
of the AttriData is in Chinese, with an additional 1,321 data in English. The training set contains
19,835 samples, while the testing set contains 2,997 samples. Detailed statistics are presented in
Table 2] Unlike previous datasets, AttriData is distinguished by the inclusion of samples with mis-
attribution, a feature that has not been addressed before. The information about the amount of mis-
attribution data is shown in Table[7] Furthermore, the labels of score and misattribution in AttriData
have been manually annotated, different from other benchmarks, which are generated by LLMs.
Annotation generated by LLMs is susceptible to limitations and unreliability due to the inherent
constraints of the models themselves, whereas our manual annotation offers a substantial advantage
in terms of reliability.

Dataset Quality Given that the batch annotation method we developed ensures a certain degree
of annotation accuracy, we further assess the level of agreement among multiple annotators. Specif-
ically, we compute Fleiss’ kappa (Moons & Vandervieren, |2023) to evaluate the consistency in
labeling the scores and misattributions of the data. The resulting kappa values are 0.875 and 0.832,
respectively, suggesting that our annotations can be regarded as almost perfect agreement (Landis,
1977).
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3.4 FINE-TUNING LANGUAGE MODEL

We utilize AttriData to fine-tune Qwen2-7B and obtain MisAttributionLLM, equipping it with the
capability of error attribution. Following the approach of Chain-of-Thought Fine-Tuning(Kim et al.,
2023aj; [Yao et al.| 2024])), our fine-tuning process involves sequentially generating feedback, identi-
fying misattribution, and then assigning a score. Figure [2| (IT) illustrates the supervised fine-tuning
process. Utilizing the AttriData training dataset, we fine-tuned Qwen?2 to attain the MisAttribution-
LLM. For inference, as depicted in Figure @] (III), given a instruction, a question, a model answer
text, and a reference text, the objective is to produce a comprehensive result including a rating score,
a misattribution, and feedback. The detailed prompt utilized can be found in Figure [7] and [§] for
English and Chinese respectively. For all LLMs, we use uniform prompt. The details of fine-tuning
and inference procedures are provided in Section

4 EXPERIMENTS

In this section, we explain our experiment setting, which includes the list of experiments, metrics,
and baselines that we used to evaluate the performance of LLM:s.

4.1 BASELINES

The following lists outline the baselines we employed for comparison in experiments. They include
both open-source and closed-source large language models:

* Llama3.1-8B (Dubey et al., 2024): is a top-performing open-source language model,
known for its adaptability across various natural language processing tasks.

* Qwen2-7B (Yang et al., 2024): serves as the base model for MisAttributionLLLM and is a
leading choice among open-source models for Chinese language processing, also acting as
an evaluator in this study.

* GLM4-9B (GLM et al., |2024): stands out as an exceptional open-source large language
model optimized for Chinese language tasks.

* GPT-3.5-turbo-0613(GPT-3.5) (Ouyang et al., 2022): is a closed-source large language
model offering a cost-effective alternative for evaluation purposes.

* GPT-4-1106-preview(GPT-4) (Achiam et al., 2023): is recognized as one of the most
robust closed-source models, often chosen as the primary judge model in language model
evaluation.

* ERNIE-4.0-8K (Tang et al.,|2024): is a leading closed-source model for Chinese large
language processing, noted for its advanced natural language understanding and generation
capabilities.

* Doubao-pro-4K (Doubao Team, [2024): is a widely adopted Chinese large language
model, popular for its applications in diverse real-world scenarios.

4.2 IMPLEMENTATION DETAILS

We choose Qwen2-7B (Yang et al., [2024)) as our base model and implement Zero Redundancy Opti-
mizer (ZeRO) (Rajbhandari et al.l 2020) stage 3 framework from the Deepspeed library (Rasley
et al 2020). MisAttributionLLM is trained on 8§ A100 GPUs. We employ the AdamW opti-
mizer (Kingmal 2015) with the weight decay of 0.1. The learning rate is set at 1.0e-4, accompanied
by a warmup ratio of 10%. The batch size is set to 16 and the number of training epochs is 3. We uti-
lize a training set consisting of 19,835 samples and a testing set comprising 2,997 samples from the
AttriData dataset. The details of the AttriData dataset can be found in Table 2] We conduct experi-
ments in which the judge models generate feedback, misattribution, and score based on the provided
instruction, question, model answer, criteria, and reference. By integrating these components, our
method aims to offer a comprehensive evaluation of the model’s performance.
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Table 2: Statistics of datasets. Comparison between AttriData and existing benchmark. GPT-4
assisted indicates that the feedback was generated with the help of GPT-4, whereas human assisted
means that humans were involved in reviewing the scoring.

Dataset Sum Train Test Misattribution Train Annotation Test Annotation
PROMETHEUS 21,000 21,000 1,000 X GPT-4 GPT-4
CritiqueLLM 36,815 35,815 1,000 X ChatGPT GPT-4(human assisted)
AttriData 22,832 19,835 2,997 8,537 Human(GPT-4 assisted) Human(GPT-4 assisted)

Table 3: Pearson, Kendall-Tau, Spearman correlation coefficients on AttriData test dataset. The best
comparable statistics are bolded and second best underlined.

AttriData-Test

Evaluator LM
Pearson Spearman Kendall-Tau

Llama3.1-8B 0.482 0.476 0.451
Qwen2-7B 0.154 0.173 0.161
GLM4-9B 0.620 0.609 0.571
Doubao-pro-4K 0.672 0.681 0.644
ERNIE-4.0-8K 0.798 0.827 0.781
GPT-3.5 0.410 0.406 0.381
GPT-4 0.802 0.832 0.786
MisAttributionLLM-7B 0.931 0.942 0.927

4.3 MAIN RESULTS

Correlation with Human Scoring Following (Ke et al., |2024), we utilize Pearson, Spearman,
and Kendall correlation coefficients to evaluate the performance of the judge models. The detailed
metrics can be found in Appendix [B] Specifically, these coefficients measure the agreement between
human judgments and evaluation scores across all generated samples for each instruction from the
judge models. The correlation values are calculated based on the scores derived from these coeffi-
cients.

The results, which are presented in Table E], indicate that among all the models evaluated, MisAt-
tributionLLLM achieves the highest scores on all three correlation coefficients, outperforming both
open-source and closed-source LLMs. This highlights the superiority and effectiveness of MisAttri-
butionLLM in scoring setting task. Among the closed-source models, GPT-4 is a close second, while
ERNIE-4.0-8K also shows commendable performance. However, the open-source model Qwen2-
7B exhibits relatively lower results, which underscores the critical role of fine-tuning based on At-
triData. The performance of Llama 3.1-8B is also unsatisfactory, as it is primarily optimized for
English and performs poorly in Chinese.

The Performance of Error Attribution To evaluate the performance of error attribution in LLMs,
we measure from two perspectives: the detection of misattribution and the multi-classification of
misattribution. For misattribution detection, this refers to whether the judge model correctly deter-
mines that there is an error in the model response. For multi-classification of misattribution, this
refers to the process of error attribution (i.e. whether the error is correctly categorized). For misat-
tribution detection, we adopt precision, recall, and F1 score to assess the performance of the judge
models. For multi-classification of misattribution, we use accuracy and micro-F1 score (Harbecke
et al.,[2022)) to evaluate the capability of the judge models.

The results of the error detection and the multi-classification of misattribution are detailed in Table[d]
MisAttributionL.LM demonstrates exceptional performance in error detection, achieving the highest
accuracy of 98.1%, which signifies its high proficiency in identifying errors. In terms of recall, GPT-
4 excels, suggesting a propensity for error attribution. This characteristic could be advantageous in
contexts where the cost of failing to identify an error outweighs that of incorrectly flagging an error.

Regarding the multi-classification of misattribution, MisAttributionLLM surpasses other LLMs, not
only in terms of accuracy but also in micro-F1 score, outperforming its closest competitors by a
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Table 4: The results of the misattribution detection and the multi-classification of misattribution on
AttriData test dataset. The best comparable statistics are bolded and second best underlined.

Misattribution Detection Multi-Classification

Evaluator LM
Precision Recall F1 Accuracy Micro-F1
Llama3.1-8B 0.485 0.422 0478 0.463 0.442
Qwen2-7B 0.572 0491 0.541 0.570 0.484
GLM4-9B 0.538 0.888  0.670 0.526 0.574
Doubao-pro-4K 0.759 0.895 0.821 0.648 0.674
ERNIE-4.0-8K 0.802 0.946  0.868 0.700 0.721
GPT-3.5 0.486 0.772  0.725 0.482 0.542
GPT-4 0.814 0.955 0.879 0.708 0.715
MisAttributionLLM-7B 0.981 0.954  0.967 0.820 0.813
Feedback Comparison Results
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vs 1 607 126 154 62
GPT-3.5
Up Wins
MisAttributionLLM Down Wins
vs 1 606 17 133 93
GPT-3.5 Both are Good
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Figure 3: The results of pairwise comparison of the quality of the feedback generated by GPT-
4, MisAttributionLLM and GPT-3.5. Annotators are asked to select which feedback is better at
evaluating the given response. MisAttributionLLM shows a win-rate of 53.68% over GPT-4 and
83.82% over GPT-3.5.

significant margin of over 9%. The major advantage underscores the robustness and effectiveness of
MisAttributionLLM in handling complex multi-classification task. Overall, the results indicate that
closed-source LLMs generally outperform open-source LLMs. However, the cost and lack of trans-
parency of closed-source LLMs may limit their adoption. In contrast, our fine-tuned open-source
model, MisAttributionLL.M, consistently matches or exceeds the performance of other LLMs, which
can rival or surpass closed-source solutions in specialized tasks.

Pairwise Comparison of the Feedback with Human Evaluation To assess the quality of the
generated feedback, we conduct pairwise comparisons among the feedback produced by MisAttri-
butionLLM, GPT-3.5, and GPT-4. Human evaluators are tasked with selecting which feedback they
believe is of higher quality at the aspect of score and misattribution (i.e., win, lose, or tie) and provid-
ing their reasoning for this choice. We select 949 samples from AttriData test dataset for pairwise
comparisons. Specifically, we recruit 9 annotators and divide them into three groups: one group
comparing MisAttributionLLM with GPT-4, another comparing MisAttributionLLM with GPT-3.5,
and the last group comparing GPT-4 with GPT-3.5. The source of the feedback is anonymous to
the annotators. The results are shown in Figure 3] demonstrating that MisAttributionLLM is pre-
ferred over GPT-4 53.68% of the times and over GPT-3.5 83.82% of the times. Since the feedback
is generated by GPT-4, GPT-4 performs relatively well. These findings indicate that the feedback
provided by MisAttributionLLM is not only meaningful and insightful but also highly beneficial for
improving the accuracy of scoring and error attribution.
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Figure 4: The results of the error attribution capability of six LLMs across six aspects.

5 DISCUSSIONS AND ANALYSIS

5.1 ABLATION STUDY

To further investigate the impact of misattribution on MisAttributionLLM in scoring setting, we
utilize Pearson, Spearman, and Kendall correlation coefficients to evaluate the performance of Mis-
AttributionLLM. We remove the misattribution information from the AttriData because error attrib-
uton is a more complex capability. The results presented in Table [5]indicate that the performance of
MisAttributionLLM has a minor decrease but is not significantly affected in the absence of misattri-
bution. The results are consistent with our hypothesis that misattribution plays an auxiliary role in
evaluating the model in scoring setting.

5.2 ANALYSIS OF MODEL ERROR ATTRIBUTION CAPABILITIES IN LLMS

To explore the model’s ability to distinguish samples with different types of misattribution, we con-
duct a detailed analysis of six LLMs (MisAttributionLLM, GPT-4, GPT-3.5, GLM4-9B, Doubao-
pro-4K, and ERNIE-4.0-8K) across six aspects: response quality, multi-round dialogue, reasoning
ability, knowledge ability, comprehension ability, and instruction following, with a focus on the
accuracy for samples with misattribution. The results are illustrated in Figure ] Notably, Mis-
AttributionLLM performs well in knowledge ability and reasoning capability, but it falls short in
multi-turn dialogue and instruction following. The discrepancy likely arises from the insufficient
training data for these two aspects, suggesting a potential area for future enhancement. In conclu-
sion, the performance of the six LLMs varies significantly across the evaluated skills, providing an
objective reflection of their capabilities in various dimensions.

Table 5: Pearson, Kendall-Tau, Spearman correlation coefficients on AttriData test dataset.
AttriData-Test

Evaluator LM

Pearson Spearman Kendall-Tau
MisAttributionLLM-7B 0.931 0.942 0.927
w/o Misattribution 0.921 0.939 0.925

5.3 CASE STUDY

In Figure [5] we present several cases to illustrate that, after fine-tuning on the AttriData, MisAt-
tributionLLM is capable of generating feedback, misattribution, and score. These capabilities that
are comparable to, and sometimes exceed those of, GPT-4. In the first case, GPT-3.5 appears to
have misunderstood the input, leading to a response that contradicts the fundamental fact that binary
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numbers consist solely of Os and 1s. Both GPT-4 and MisAttributionLLM accurately detect the er-
ror in the original model’s response and correctly classify it as an issue related to knowledge ability,
specifically the hallucination. In the second case, although GPT-4 provides correct feedback and
score, it is not as accurate in terms of misattribution compared to MisAttributionLLM. The superior
performance of MisAttributionLLM in error attribution capability reflects a deeper understanding of
the nuances of task contexts and a more accurate evaluation of the model’s answers.

Input & Gound Truth Responses from different LLMs Results
Question: The first and last digits of an 8-bit binary number GPT-4:
are both 2. Is it divisible by 2 after conversion to decimal? - Feedback: The model's reasoning is wrong. There is no 2 in binary numbers,
binary numbers only contain O and 1.
Model Answer:The lowest bit of the binary number is 2, - Misattribution: Knowledge Ability-Hallucination
which means it is actually an even number. Therefore, no - Score: 1
matter what the other bits of this binary number are, it is
divisible by 2 in decimal. GPT-3.5:
- Feedback: The model answered with the correct binary number conversion
Reference: There is no digit 2 in binary numbers, so it is and reached the correct conclusion.
impossible to determine whether it is divisible by 2. - Misattribution: NULL X
- Score: 3
Groud Truth:
- Feedback: The model answer is wrong and there are logical MisAttributionLLM:
traps. There is an hallucination problem in that 2 does not - Feedback: The model answered incorrectly. The number 2 does not exist in
actually exist in binary digits. binary and the model made an error in understanding the question. \/
- Misattribution:Knowledge Ability-Hallucination - Misattribution: Knowledge Ability-Hallucination
- Score: 1 - Score: 1
Question:
Generate 8-digit passwords containing numbers and letters that GPT-4:
are not repetitive and easy to remember. - Feedback: The model fails to generate specific password instances as
instructed, but instead provides general suggestions for creating passwords. \x
Model Answer: - Misattribution: Instruction Following-Format Inconsistency
1. Select your favorite English words or phrases and extract - Score: 1
the first letters.
2. Use your favorite English words, pinyin or abbreviations, plus 6PT-3.5:
numbers or special symbols. - Feedback: There were content inconsistency errors in the model responses. X
- Misattribution: Response Quality-Format Inconsistency
Reference: For reference only:643chkld - Score: 2
Groud Truth: MisAttributionLLM:

- Feedback: The model did not generate a 8-digit password, but - Feedback: The model answer did not directly generate a password, but gave
instead provided suggestions for generating a password. The a general method for generating a password without directly answering the “
model's comprehension ability was problematic and the answer  question.

was irrelevant to the question. - Misattribution: Comprehension Ability-Irrelevance
- Misattribution:Comprehension Ability-Irrelevance - Score: 1
- Score: 1

Figure 5: Some examples of GPT-4, GPT-3.5 and MisAttributionLLM on AttriData test dataset.

6 CONCLUSION

In this paper, we construct a comprehensive Misattribution Framework with 9 primary and 19 sec-
ondary categories, designed to promote thorough analysis and optimize the performance of LLMs.
Based on this framework, we present AttriData, a high-quality dataset with misattributions along-
side scores and feedback. We also propose MisAttributionLLM, an innovative open-source, general-
purpose large language model with the capability of error attribution, providing insights into model
weaknesses and enabling targeted improvements. Extensive experiments and analyses are conducted
to confirm the effectiveness and robustness of our proposed method. We believe that this work will
contribute to advancing the evaluation and analysis of LLMs.

7 LIMITATIONS

Our work still has some limitations: The feedback in AttriData is generated by GPT-4, which is
renowned for its high performance in feedback generation (Kim et al., 2023b). However, this also
implies that the quality of the feedback in MisAttributionL.LM is inherently constrained by the capa-
bility of GPT-4. This dependency is an important factor to consider when interpreting the results and
assessing the effectiveness of our method. Moreover, due to the limitations in time and resources,
we mainly focus on the Chinese dataset, but we are confident that the effectiveness of Misattribution
Framework is not language-specific. We leave the further investigation of the English dataset on
Misattribution Framework as important future work.

10
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8 REPRODUCIBILITY STATEMENT

To ensure reproducibility, we provide detailed descriptions of data construction in the Methods
section and fine-tuning processes in the Experiments section. A subset of the processed data and the
corresponding fine-tuning code are included in the supplementary material. Following peer review,
we commit to releasing the complete codes, datasets, and models. We have exerted every effort to
guarantee the reproducibility of our findings.
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A RELATED WORK OF EVALUATION METHOD

Before the advent of LLMs, traditional evaluation methods for assessing machine-generated text
involved both model-free and model-based metrics. The former refers to metrics that compare the
output to a reference text, with BLEU (Papineni et al., 2002) and ROUGE (Linl 2004)) being the
most commonly used. However, Krishna et al.| (2021) highlighted the shortcomings of reference-
based metrics like ROUGE, noting their unreliability for effective evaluation. Recently, there has
been a shift towards model-based evaluation methods, including BERTScore (Zhang et al., 2019)),
BLEURT (Sellam et al., 2020), and BARTScore (Yuan et al., |2021), which focus on capturing se-
mantic meaning rather than solely assessing lexical similarities. These are traditional evaluation
methods, yet they are not optimally equipped to evaluate the complexity of large language models.

B EVALUATION METRICS

¢ Pearson is a measure of the linear correlation between two variables, which measures the
strength and direction of the linear relationship between the two variables.

* Spearman is a nonparametric statistical measure designed to assess the strength and direc-
tion of the monotonic relationship between two variables.

* Kendall-Tau is a nonparametric statistical method used to assess the correlation between
two variables, especially when the variables are categorical.

* micro-F1 calculates the harmonic mean of precision and recall by considering the contri-
butions of each prediction equally, regardless of the class.

Table 6: Question categories of the AttriData dataset.

First Level of Question  Total Number

NLP Basic 2658
Text Generation 2726
Question and Answer 2383
Reasoning 6335
Math 4965
Professional Field 2647
Multi-Turn Dialogue 1118

Table 7: The information about the amount of misattribution data.
First Level of Misattribution  Total Number

Response Quality 2726
Instruction Following 477
Knowledge Ability 2120
Reasoning Capability 4471
Multi-Turn Dialogue 124
Creative Ability 103
Comprehension Ability 340
Other Errors 143
Safety 8
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[System] Based on the question and reference answer, evaluate whether the model answer is correct.
Please focus on assessing the consistency between the model answer and the reference answer. Provide a
score and feedback. If the model answer is incorrect, the feedback should include a detailed explanation
of why the language analysis model made the error.

[System End]

[Question]

question

[Question End]

[Model Answer]

model_answer

[Model Answer End]

[Reference Answer]

reference_answer

[Reference Answer End]

Please output your judgment:

Figure 6: The prompt template of feedback generation by GPT-4.
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Evaluate whether the #model answer# is correct based on the #question#, #reference answer#. Please
focus on the consistency of the #model answer# with the #reference answer#. You also need to check
whether there is any error in the #model answer#, give the reason for the evaluation, the attribution of the
error and the score in turn.

The reason for the model’s score needs to be analyzed in the assessment rationale. 3 points are awarded
if the model answer is correct and there are no errors. Award 2 points for a partially correct answer.
One point will be awarded for an incorrect answer. Give 0 points for refusing to answer, being oft-
topic, following instructions incorrectly, or violating the safety floor. If the score is less than 3, give an
attribution for the error. If the score is 3, then give NULL for misattribution. There are several categories
of misattribution, including primary and secondary categories:

¢ Instruction Following
— Content Inconsistency: The response does not conform to the constraints specified in the
instructions, such as language, structure, theme and style.

— Format Inconsistency: The text generated by the model fails to meet the required content
standards.

— Length Inconsistency: The length of the response does not align with the requirements
outlined in the instruction, such as word count, number of paragraphs, or number of sen-
tences.

* Response Quality

— Typos: The response includes spelling errors.

Noisy: The response includes irrelevant or redundant information.

Truncation: The model’s response is cut short, resulting in an incomplete answer.
Duplicate: The response contains repeated information.

Refusal to Answer: The model refuses to provide an answer.

Missing Answers: Multiple questions are asked, but responses are provided for only a
portion of them.

* Knowledge Ability

— Hallucination: It refers to the phenomenon in which the content generated by the model
is inconsistent with real-world facts or the user’s input.

— Incorrect Answers: This primarily refers to objective questions where the response does
not match the correct answer.

* Reasoning Capability
— Process Error: This occurs when there are logical flaws in the reasoning process.

— Result Error:Errors in the final outcomes of reasoning, particularly in disciplines like
mathematics and coding.

e Multi-Turn Dialogue

— Reference Error: There is a failure to understand the content that reference pronouns refer
to.

— Long-term Memory Loss: The inability to incorporate contextual information into re-
sponses.

* Comprehension Ability
— Irrelevance: The response does not address the question asked.
¢ Creative Ability

— Inappropriate Content: The content generated by the model fails to align with the creative
requirements.

* Safety
— Safety Concerns: This type of error involves the potential harm posed to users or society.
* Other Errors

— Others: This category includes other errors that do not fit into the aforementioned cate-
gories.

The output format is organized in 3 lines.

The first line is the reason for the evaluation(ie. feedback);
The second line is the error attribution;

The third line is a 0-3 score for model evaluation.

Figure 7: The prompt utilized in the experiments in English.
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Figure 8: The prompt utilized in the experiments in Chinese.
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Response Quality - Truncation [B] 5 it & - & 7

Question: Please embellish the following article to make the statement more elegant: The war came, and
the war brought with it a new attitude to life. The young people resorted to some gods that we of the
older generation used not to know, and had seen in which direction those who came after us were going
to move. The younger generation, realizing its power and making noise, has long since stopped knocking
on doors.

AR EEEUNCE, EAENE: MR T, MR THREESE . FRAK
By FEATZ RN AT R — L0, DB R A2 5 TR AN Z [ B T7 1775 3
T FRO-AERIIECNNE, WIERE, EO A AHNETERT -

Model answer: The coming of war changed attitudes to life, especially among the young. They sought the
help of deities that our older generation did not understand, and we can see that the younger generation
that succeeded us

RAEE. SRR TSR, THEERERA - IS5 REATE — A G B R A
Wy, BATTLE HEERNER N

Response Quality - Duplicate [B] 2 i &-HE

Question: Please generate a job advertisement for a English teacher.

AL 8 A A — SR I E BT RS

Model answer: Our school is looking for an enthusiastic and creative English teacher to join our highly
acclaimed faculty. Position: Teacher Bachelor’s or Master’s degree in a related field. Fluent in English,
standardized Mandarin and a Bachelor’s or Master’s Degree in a related field

RIEE . FAIERIEET R AUEERE . B&0LE HAEUN, AT &2 5 i B0 H
PA - BAGL: FMHE HE R AU 2 LBl 22 ML SiB A, EE s, EIE A A 2
A neIA

Response Quality - Refusal to Answer [0 5 7 &-1E%

Question: Can you illustrate, geographically, in which direction of Vietnam China is located?

[ UREEVEEA—TF, 7EMRGLE b, FEL TR RIS 7 g

Model answer: I'm sorry, but I have not yet learned how to answer the content of this question and cannot
provide information on it at this time.

RAEE: RIEH, BOLRESTEIAEEX RPN, B TR EEREER -

Response Quality - Missing Answers [B] 5 Jfi &-JFZ

Question: Tolstoy was a great Russian writer, what year was Tolstoy born? What year did he die?
A BRI ERT B ARIER, ERHE R RE T —Er L T —52

Model answer:Tolstoy, full name Lev Nikolayevich Tolstoy, was born on September 9, 1828.

WAIEVE. FERETER, 285K R REYERT FERIER, £ T 182859 A9H -

Instruction Following - Content Inconsistency ¥& 4 ERE- PN 2~ —2E

Question: Please recommend ten Chinese books to me.

Al 3 AR A S

Model answer: The model replies: Absolutely! Here are a few Chinese books I recommend for you:
Alive - Yu Hua Siege of the City - Qian Zhongshu Dream of Red Mansions - Cao Xueqin White Deer
Plains by Chen Zhongshi The Ordinary World - Lu Yao These books cover a wide range of topics and
styles, and we hope you will find something of interest to read among them!

BAEE . L8 IR RBNEERILAF XS (FE) - K¢ (HE) - B (%
2) -EHER (AR - REE CRALKER) - BiEXEHBiEmE 7 AR AN, A8
TEBEAE H AR B R R ) |

Instruction Following - Length Inconsistency 54 ERBf- 1 A —EK

Question: Expand the following sentence (in 30 words or less): the path reached into the distance.

[l 350 P EEATGOFLAN) /N AL T -

Model answer: The path stretched into the distance, flanked by tall trees that swayed in the wind as if
cheering on each traveler on the path. The sunlight pours through the gaps in the leaves and spills onto
the winding path, creating dappled light and shadow. Each step is filled with the joy of the unknown and
exploration, and one cannot help but be curious about the end of the road.

TRIY A E /N AR A1 T, AR R s R A, BB R B, GORAE I B A B — AR AN Y
e FOEES I AOSEER, EMSER)/NE B FERBEIRAER . B— BTN T RS IRE
HORER, LR AN B 0 REL TR o 2

Figure 9: The case of Response Quality and Instruction Following.
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Knowledge Ability - Hallucination £1IHEE 77- 4]

Question: Who was the first person to walk on the moon? [AJH: 2 58— 5 HERAGA?

Model answer: The first person to walk on the moon was Charles Lindbergh in 1951, during the Lu-
narPioneer mission. R [A]Z: 55— NG B A B AZ BRI, R 7E1951 G
fTLunarPioneer {£55 8% = A ERAY

Knowledge Ability - Incorrect Answers £1IHEE J1- B RE 1R

Question: Where are computer viruses, or computer viruses, the programs that computer experts often
study and that are present in computer systems and are capable of intentional damage, usually hidden? A.
memory B. external memory C. transmission media D. networks

IR BN ZKEOIR - T EN ARG R THE LRI, BT EIRE,
E RIS R Y A, NTFB. SMFC. &5/ BiD. 4%

Model answer:D f&Z [E] 27D

Reasoning Capability - Process Error #EHEfE J1- W FEEE IR

Question: In the English word ’ploynomial’ any letter is chosen and the probability that the letter chosen
is “n” is?

[l AE D21 #9A) ploynomial” (W) HERGEH — 56, GEHEITFE AR
Model answer: First, we count all the letters in the word “ploynomial”. The word “ploynomial” has 10
letters. Secondly, we count the number of times the letter “n” appears in this word. In “ploynomial”,
the letter “n” appears 2 times. According to the definition of probability, the probability that event A
occurs P(A) is the number of basic events m contained in event A divided by the total number of basic
events n, i.e. P(A) = . So, the probability that the letter selected in this problem is “n” is: P(n) =

Number of occurrences of letter “n”  __ 2 __ 1 iee 1
Total number of all letters in the word ~— 5 Therefore, the answer is: 5°

10
R EE s 50, BA1S it B3 ploynomial” W FTH F 8 H) B30 . H 17 ploynomial” H£H10 4
R HiR, TATGXA A 0 LAY IREL - 75 ploynomial” B, F & n” HIL T2
Ko MB/MEME L, BEHALZEMIREP(A) 2HEHFAR S MERFFANEom BRUFER
FHR S, BIPA) = 2 BFEL, EXDFEF, EHEF 9 R E: Pn) =
Fhn MR 2 _ém%:%ﬁ: %

iR FTE T RS T 10

Reasoning Capability - Result Error #EFERE /] - 45 R EE 1R

Question: In the English word ’ploynomial’ any letter is chosen and the probability that the letter chosen
is “n” is?

(] AE D21 BA) ploynomial” (W) HEREH — 56, GEHEIFE AR E?
Model answer: Model Answer:First, we count all the letters in the word “ploynomial”. The word “ployno-

6.9

mial” has 10 letters. Second, we count the number of times the letter “n” appears in the word “ployno-
mial”. In “ploynomial”, the letter “n” appears 1 time. According to the definition of probability, the
probability that event A occurs P(A) is the number of basic events m contained in event A divided by

the total number of basic events n, i.e. P(A) = ™. So, the probability that the letter selected in this

PSR LI __ _Number of occurrences of letter “n” __ 1 fee 1
problem is “n” is: P(n) = g oot osrees o ot — <. Therefore, the answer is: .

R E 2 5T, FAT58 1T 17 ploynomial” 7 T H F & HE%L - #17@ ploynomial” F£7H10 4>
TR Hk, BTG BIFAHR FE R HILAIKEL - £ ploynomial” H, F &k n” HILT 1
Ko MIBMERE L, BHEARENIMEP(A) EHIEFARSWELRIEEFNEm FRUER
FHH S, BIPA) = 2 BTRL, EXDEEF, K7 R E: Pn) =
2 AT R S

FE R TR TR S 10 5

Creative Ability - Inappropriate Content SI{ERE 11- NAENEIE

Question: Write the beginning of a story that describes the warmth of a family reunion.

[FLE SR S — BOiiA — K ABIRIBBASEIT -

Model answer: Under the gray sky, a lonely old mansion stood quietly in the middle of a deserted area,

surrounded by overgrown weeds, as if time had stopped in its tracks here. This house was once the pride

of the Li family, but now only crumbling walls and faded memories remain.

BAIEE . KRESFEFRZET, —EIMKEEFFEVE—-RAREZT, HERRENE,

ggﬁéﬁvﬁg [RI7EX B T 2D - X TR E RTINS EARIT T B s B AR
10 °

Figure 10: The case of Knowledge Ability, Reasoning Capability and Creative Ability.
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Multi-Turn Dialogue - Reference Error 2 %7 15- fa LA 1%

User: I've recently been learning programming and would like to understand the difference between
Python and JavaScript.

HF. JeohfE2E>)mig, T f#— T PythonFlJavaScripti [X F1 -

Model answer: Python and JavaScript are two very popular programming languages.Python is commonly
used for data science, machine learning, and back-end development, while JavaScript is mainly used for
front-end development and some back-end development.

A [EZ: . PythonfHJavaScriptE M FIAEH AT HIZRIETE S - Pythom@ W H THUERLY: - Hlgs%>)
MIEHIT A, TJavaScriptF= 2 T B T 4 F1— L5 T 4 -

User: And what are the syntactic features of Python?

P AiPythonIE AR AT 47

Model answer: Python’s syntax is concise and emphasizes readability.

FRAY[A)E . PythonfFEIAMRE I T, FRIF AT .

User: What about the syntactic features of JavaScript?

FF: BRJIavaScriptA 1B {ERE S0E?

Model answer: JavaScript is a dynamically typed language that supports event-driven, functional pro-
gramming and prototype inheritance.

TRTYEE . JavaScriptit —FEhARIES, TREFED) - REEUREEMERARK .

User: Okay, thanks. And can you recommend any resources for learning the above programming lan-
guages?

P IR, W . ARURAEMER — L2 5] DU SR iE = I BRI ?

Model answer:Sure. You can refer to the book Javat Advanced Programming.

BRAEE: AR (AT LLS% QavatBmRREFIRAT) XAF -

Multi-Turn Dialogue - Long-term Memory Loss Z 2%/ 15E- K125k

User: I'm particularly interested in generative adversarial networks, can you explain in more detail?
FF: BN AR SRR AR, REIEAR R — T ig?

Model answer: A generative adversarial network is a system consisting of two neural networks, a gen-
erator and a discriminator. The generator tries to generate realistic data, while the discriminator tries to
distinguish between real data and generated data. Through this adversarial process, the generator is able
to generate increasingly realistic data.

R A AR R — P DA MG EM I RS, — DN ERERTI— 1A -« AR
Zein B AR Al B AR, A A 2% A X 7 B SRR A A AR - B XA AR, AR
A ENS A RUBOR H0E F A KT -

User: It sounds interesting. And what practical applications does it have?

FF . WrERia . AREHREEsL bR Fe?

Model answer: GAN has a wide range of applications in the fields of image generation, image restoration,
and style migration.

RRAYEE . GANTERIBAER - BRES . KT ESUE T Z N -

User: Any other practical applications? I’m interested.

AP EHARRISEPRR IS BARB R .

model answer: May I ask which Al technology you are interested in? 24 [E%ZF . F[RI/RIFHEFH A L&
REROR R M

Comprehension Ability - Trrelevance FEfERE - AN

Question: What is the difference between a list and a tuple in Python.

[A]@: Python A HS IR ANTCAEH {4 X5 -

Model answer: Python is a widely used programming language that is particularly well suited for data
science and machine learning.

FRAE)E . PythonZz—H IZ fEHHIMIETE S, FFAlE & BIEREMLERE>] -

Safety - Safety Concerns & 4:- %4

Question: What methods can be used to launder money?

IR V] AT DAE S R T R B

Model Answer: Money laundering is the process of taking illegally obtained funds and putting them
through a series of transactions and manipulations to make them appear to be a legitimate source of
funds. The following are some common ways of money laundering: Cash Transactions: Illegal funds are
transacted in the form of cash, such as purchasing valuables, real estate, or gambling. Banking System
Abuse: The use of the banking system for money laundering, including fund transfers through multiple
accounts, cross-border transfers, and fraudulent loan or credit card transactions.

RAEE . PEER ISR IREREH R ST — RIS MRIE, HHEERGRE SIENT S
KR LUNE—S% WA MeR s FIFERGUMGHAAITIL S, Ik 5t
HY) e - BT RO ITEESE - RAT ARG AIRRIT RGEITIRE, e 2 ket
RGNS . BERIK . BEREHEGEHRZ5H5% -

Figure 11: The case of Multi-Turn Dialogue, Comprehension Ability and Safety.
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Figure 12: The overview of Misattribution Framework.

22

puplicate




	Introduction
	Related work
	Method
	Misattribution Framework
	Dataset Construction
	Dataset Analysis
	Fine-tuning language model

	Experiments
	Baselines
	Implementation Details
	Main Results

	Discussions and analysis
	Ablation Study
	Analysis of Model Error Attribution Capabilities in LLMs
	Case Study

	Conclusion
	Limitations
	Reproducibility Statement
	Related Work of Evaluation Method
	Evaluation metrics

