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ABSTRACT
We introduce CheckEval, a novel evaluation framework using Large
Language Models, addressing the challenges of ambiguity and in-
consistency in current evaluation methods. CheckEval addresses
these challenges by dividing evaluation criteria into detailed sub-
aspects and constructing a checklist of Boolean questions for each,
simplifying the evaluation. This approach not only renders the
process more interpretable but also significantly enhances the ro-
bustness and reliability of results by focusing on specific evaluation
dimensions. Validated through a focused case study using the Sum-
mEval benchmark, CheckEval indicates a strong correlation with
human judgments. Furthermore, it demonstrates a highly consistent
Inter-Annotator Agreement. These findings highlight the effective-
ness of CheckEval for objective, flexible, and precise evaluations.
By offering a customizable and interactive framework, CheckEval
sets a new standard for the use of LLMs in evaluation, responding
to the evolving needs of the field and establishing a clear method
for future LLM-based evaluation.
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1 INTRODUCTION
The advancement of Large Language Models (LLMs) has expanded
the capabilities of AI models across various domains, offering new
tools and opportunities to researchers and developers alike [3, 7, 34].
Notably, models like GPT-4 have demonstrated performance beyond
the previous limitations in various applications such as conversa-
tional agents, automated content creation, and arithmetic reasoning
[1]. Furthermore, the use of LLMs as evaluators for generated text
has emerged as a novel approach [5, 13, 28, 37, 45]. This approach
offers an efficient mechanism for assessing the quality of open-
ended generation and comparing model performances, primarily
∗Both authors contributed equally to this research.
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Figure 1: Illustration of the various LLM-based evaluators and
CheckEval. Unlike most LLM-based evaluators, CheckEval
generates responses to the checklist and aggregates these
responses to the final quality score.

aiming to reduce the time and computational costs associated with
traditional human evaluation methods.

Previous studies using LLMs as evaluators typically involve pro-
viding definitions and instructions for specific tasks, which then
guide the models in conducting assessments. For instance, one ap-
proach applies Chain-of-Thought (CoT) prompting [38] to LLMs,
utilizing a form-filling paradigm to generate explicit scores for
the generated text [28]. Another method leverages probabilities to
predict evaluation scores for a final assessment [13].

However, assessment outputs from LLM-based evaluators often
have unclear criteria, making it difficult to distinguish the quality of
text as models become more advanced, such as moving from GPT-3
to GPT-4 [6]. In particular, the Likert scale evaluation system (e.g.,
1-5) [8, 17], utilized in both LLM and human assessments, struggles
to consistently evaluate aspects such as ‘fluency’ and ‘coherence’
[23, 27]. Furthermore, the difficulty in reproducing identical outputs
with the Likert scale evaluation system highlights the need for
reconsideration and improvement [19].

Motivated by the imperative to address the challenges of unclear
evaluation criteria and complexities, we introduce CheckEval, a
novel evaluation framework. Building on the insights from recent
advances in fine-grained analysis regarding the evaluation pro-
cess by Liu et al. [27] and Min et al. [30], CheckEval decomposes
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evaluation criteria into more detailed sub-aspects and develops
a checklist for each dimension. This approach does not generate
scores directly during the evaluation process; instead, it breaks
down the evaluation into discrete, Boolean questions, prompting
LLMs to respond to the checklist. This decomposition simplifies
the evaluation process and enhances the explainability of assess-
ments. It also significantly improves agreement among evaluators,
ensuring evaluation is consistent and reliable across various models
and evaluators. This enhanced agreement provides a dependable
basis for objectively comparing model performance. Furthermore,
the adaptability of CheckEval to the evolving needs of instruction-
based LLMs for new task evaluations is significant. CheckEval rises
to this challenge by offering evaluations that are both customizable
and interactive, specifically designed to meet the varied needs of
different applications. This framework enables the detailed defini-
tion and assessment of specific evaluation criteria, thereby aiming
to enhance the flexibility and accuracy of evaluations across diverse
domains.

To validate the effectiveness of CheckEval, we conducted a case
study utilizing the widely adopted SummEval benchmark [10]. This
case study entailed evaluating a subset of SummEval to explore the
capabilities of CheckEval in depth. The analysis focused on the cor-
relation between LLM evaluations and human judgments, as well
as measuring the Inter-Annotator Agreement (IAA) [2] across dif-
ferent evaluation models within the same framework. The findings
from these preliminary results indicate that CheckEval significantly
clarifies the evaluation process and enhances consistency among
different evaluators.

2 RELATEDWORK
2.1 LLM-based Evaluators
Recent studies have demonstrated that traditional metrics such
as ROUGE [25] and BLEU [32] are incapable of accurately eval-
uating open-ended generation tasks due to their inherent depen-
dence on reference text [6, 15, 16, 33, 40]. Recent advancements
in LLMs have led to the emergence of research using LLMs as
evaluators, demonstrating their potential in overcoming these limi-
tations [20, 21, 26, 29]. Notably, approaches using powerful LLMs
as evaluators, such as GPT-4, have shown remarkable performance
[13, 28]. However, current LLM-based evaluators exhibit shortcom-
ings in terms of robustness, as their performances are very sensitive
to the prompts, resulting in instability of the evaluation process.
Furthermore, when LLM-based evaluators are provided with the
Likert scale evaluation system, the interpretation of the difference
between scores may not be clear, potentially compromising the
reliability of their evaluation outputs [23]. Recent studies have at-
tempted to mitigate these challenges by focusing on the generation
of explanations for evaluation outputs [6]. However, generating
explanations does not intrinsically enhance robustness or reliability
due to issues such as hallucination [41]. In this study, CheckEval
adopts a binary evaluation system characterized by clear criteria to
address this ambiguity. Through this approach, we aim to enhance
the robustness and reliability of the LLM-based evaluator.

2.2 Decomposition Strategy
In various tasks, several approaches decompose complex infor-
mation into minimal units to simplify the difficulty of the task
[4, 11, 18, 22, 31, 35, 39, 43]. Specifically, Liu et al. [27] and Min
et al. [30] have demonstrated that decomposing complex content
to atomic units reduces the subjectivity of the judgment of factual
consistency. Atomic fact units are conceptualized in Liu et al. [27]
as "elementary information units in the reference summaries which
no longer need to split." They are described in Min et al. [30] as
"a short sentence conveying one piece of information, similar to
summarization content units [31]".

In line with these studies, CheckEval aims to reduce task com-
plexity to improve the objectivity and robustness of evaluations.
However, unlike previous studies, CheckEval does not decompose
content (summary in summarization task) but rather evaluation cri-
teria, which simplifies the evaluation process. Furthermore, Check-
Eval is not constrained to any specific aspect or task; rather, it
functions as a flexible framework that is applicable across a broad
range of evaluative dimensions.

3 DESIGN OF CHECKEVAL
CheckEval introduces a structured framework for the evaluation of
generated text, as elaborated in Figure 2. This framework comprises
three distinct stages: 1) Aspect Selection, 2) Checklist Generation,
and 3) Checklist-based Evaluation. The core idea of CheckEval
involves constructing a checklist by decomposing aspect into sub-
components using a question format. The questions within the
checklist are formatted in a Boolean QA style, allowing for binary
responses (Yes/No). This format improves the precision and clarity
of evaluation, facilitating a more straightforward interpretation
and offering an advantage over traditional 1-5 scale ratings.

In the Aspect Selection stage, humans select specific aspects and
define key components within each aspect to align assessments
with the objectives of the task. This stage results in the creation
of a draft checklist that provides explicit guidelines and rubrics
for evaluating designated tasks. In the Checklist Generation stage,
based on the selected aspects and key components, a checklist is
constructed through three steps: (a) Key Questions Writing, (b)
Questions Augmentation, and (c) Question Filtering. This stage in-
volves generating various questions for the checklist with Boolean
Question Answering (QA) format and filtering them to finalize the
checklist. In the Checklist-based Evaluation stage, CheckEval lever-
ages the curated checklist to evaluate the quality of the generated
text. LLMs generate responses to the questions on the checklist.
Subsequently, these responses are aggregated to compute a final
score.

3.1 Aspect Selection
As shown in Figure 2, the first step in developing the checklist
involves selecting aspects that align with the specific objectives
and intended outcomes of the tasks. In this step, humans can either
define custom aspects or select from widely used aspects (e.g., con-
sistency, fluency). The next step is to define key components for
each aspect. These key components represent sub-concepts that
capture the meaning of the aspect and are identified as essential
elements for it. For example, in summarization tasks, grammatical
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Figure 2: Overall process of CheckEval. CheckEval consists of three stages. 1) In the Aspect Selection stage, humans select
specific aspects and define key components. 2) In the Checklist Generation stage, 3) In the Checklist-based Evaluation stage

correctness, sentence completeness, and spelling accuracy are re-
garded as key components of the ‘fluency’ aspect. By specifying
key components that capture the core of each aspect, this process
provides evaluators with clear and explicit criteria for assessment.

3.2 Checklist Generation
The creation of the checklist consists of three steps: (a) Key Ques-
tions Writing, (b) Questions Augmentation, and (c) Questions Fil-
tering.

(a) Key Questions Writing In this step, a single question is for-
mulated for each key component. The key questions are structured
in Boolean QA format, allowing only for ‘Yes’ or ‘No’ responses.
This approach is designed to reduce the complexity involved in
making judgments [23, 27]. For example, evaluators can more easily
respond to "Does the sentence adhere to standard grammar rules?"
with ‘Yes’ or ‘No’, compared to "How does the sentence adhere to or
deviate from standard grammar rules?" with 1-5 Likert scale. In this
work, the authors carefully construct each key question to cover
specific aspects, ensuring minimal overlap in semantics.

(b) Questions Augmentation In this step, each key question
undergoes expansion via LLM. The objective is to further dissect
the key components into more granular components, thereby gen-
erating an expanded set of questions rooted in the original key
questions. Augmentation of questions is guided by two primary
objectives: 1) to encompass the underlying meaning of the aspect

and its key component, and 2) to be more specific than the orig-
inal key questions. For example, from the key question like For
example, a key question, "Are all words in the sentence spelled
correctly?" can be augmented with more specific questions, "Are
proper nouns(names of people, places, etc.) spelled correctly in the
sentence?". Similar to key questions, augmented questions are also
presented in a Boolean QA format. 1 2

(c) Questions Filtering To ensure a high-quality checklist, we
apply a filtering process for both key and augmented questions. This
process reviews the clarity of each question, identifies redundancies,
and ensures alignment with the intended evaluation aspect.We only
retain the questions that directly relate to the evaluative objectives.
This selection process leads to a highly refined and targeted final
checklist. 3 4

3.3 Checklist-based Evaluation
In this stage, as illustrated in Figure 2 (d) and (e), first utilizes
LLM to generate responses directly to the individual questions
within the checklist, then aggregates the responses to calculate the

1Each question is designed so that a ‘Yes’ response indicates adherence to desired cri-
teria, as illustrated by the question, ’Does the summary avoid introducing information
not present in the article?
2The process of question augmentation is executed utilizing GPT-4, employing prompts
that integrate aspects definition, key components, and key questions.
3The filtering process typically retains 3-5 questions per key component, resulting in
an average of 4 questions per component.
4The filtering process is carried out by the authors.
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Figure 3: Illustration of Score Aggregation stage. The propor-
tion of ‘Yes’ answers to the total number of questions in the
checklist is used as the final score.

score. In this stage, as shown in Figure 2(d), CheckEval employs
LLM to generate responses directly to each question within the
checklist. Unlike traditional automatic metrics, which typically
yield a single quality score for each generated text, the CheckEval
produces multiple responses for each generated text. Therefore,
to convert the multiple responses for each generated text into a
single score, score aggregation is conducted. CheckEval treats the
proportion of positive responses (‘Yes’ answers) to the total number
of questions used as the final score (see Figure 3). This approach
rests on the assumption that the ratio of positive responses can
serve as a proxy for overall text quality, given that each question
addresses a subcomponent of an evaluation criteria. Through this
process, CheckEval offers inherent explainability by characteristics
of its checklist-based assessment, even without the LLM explicitly
generating rationales for judgment.

4 CASE STUDY
4.1 Evaluation Setting
4.1.1 Dataset. We evaluate our CheckEval on SummEval [10],
one of the most widely used benchmarks in the summarization
task. SummEval provides source texts, reference texts, and model-
generated texts from various summarization models, along with
evaluation aspects and human scores. SummEval consists of hu-
man annotations on the quality of summaries across four aspects:
coherence, consistency, fluency, and relevance. To effectively assess
the feasibility of our framework, we sample 10% of the entire data.
This sampling process is performed to reflect the distribution of
human annotations across each aspect uniformly.

4.1.2 Measuring Performance. We employ sample-level correlation
to measure the performance of automatic metrics. Sample-level cor-
relation is calculated for each sample individually based on outputs
from multiple systems and then averaged across all samples [13].

For each source text 𝑠𝑖 , 𝑖 ∈ {1, 2, . . . , 𝑛} (e.g., documents in sum-
marization task), there exist 𝐽 system outputs ℎ𝑖, 𝑗 (e.g., summaries
in summarization task), where 𝑗 ∈ {1, 2, . . . , 𝐽 }. 𝑓auto is scoring
function of automatic metric (e.g., ROUGE [25]), and 𝑓human is the
gold human scoring function. The sample-level correlation 𝐶 for
each aspect is defined as follows:

𝐶
sample
𝑓auto,𝑓human

=
1
𝑛

𝑛∑︁
𝑖=1

(
𝑔
( [
𝑓auto (ℎ𝑖,1), . . . , 𝑓auto (ℎ𝑖, 𝑗 )

]
,[

𝑓human (ℎ𝑖,1), . . . , 𝑓human (ℎ𝑖, 𝑗 )
] ) )

,

where 𝑔 can be either Spearman or Kendall’s tau correlation.

4.1.3 Baselines. We compare our CheckEval with the following
baselines: (1) BERTScore [42] calculates text similarity by contextual
embeddings of BERT [9]. (2) MoverScore [44] enhances BERTScore
by incorporating soft alignments and novel aggregation approaches
for a more effective similarity measure. (3) BARTScore [42] serves
as an unified evaluator, leveraging the pretrained BART [24] which
uses average likelihood of the model output. (4) UniEval [46] is a
unified multi-dimensional evaluator that can assess various aspects
of text generation tasks. (5) G-Eval [28] utilizes LLMs like GPT-4 for
text quality evaluation. It employs a chain-of-thoughts approach
and a form-filling paradigm to assess the quality of texts. 5

4.1.4 CheckEval. Checklists are constructed for each of the four
aspects used by SummEval. Subsequent to the process of ques-
tion filtering, the finalized checklist comprises varying numbers
of questions for each aspect: 21 for coherence, 13 for consistency,
15 for fluency, and 18 for relevance. The prompt used for question
augmentation is detailed in Appendix Table 3. In the Checklist-
based Evaluation stage, LLM is required to generate responses to
approximately 4-5 questions at once. The prompt used for response
generation is detailed in Appendix Table 4. In the experiment, we
usemodels such as GPT-3.5-turbo (gpt-3.5-turbo), GPT-4 (gpt-4),
and GPT-4-turbo (gpt-4-1106-preview).

4.2 Case Study 1: Correlation Analysis
To evaluate the performance of CheckEval, we conduct a compara-
tive analysis against baseline evaluation methods. Following previ-
ous works [13, 28, 46], we examine the correlation between CheckE-
val and human annotation scores using Spearman and Kendall-Tau
coefficients to ensure the reliability of evaluations.

As shown in Table 1, CheckEval outperforms traditional auto-
matic metrics like Rouge, BLEU, METEOR, BERTScore, and BART-
Score in terms of correlation coefficients. It indicates that Check-
Eval could be a more human-like evaluation method compared to
traditional automatic metrics. Compared to UniEval, CheckEval
consistently shows better performance. When matched against
G-Eval, CheckEval is comparable or superior. Notably, CheckEval
with GPT-4 achieved the highest Kendall Tau correlation among
consistency, fluency, and relevance of all metrics, highlighting its
exceptional average performance. This performance demonstrates
the detailed approach of CheckEval, which breaks down criteria for
thorough analysis, leading to strong correlations with human eval-
uations. The coherence correlation observed in CheckEval is lower
5For G-Eval, we utilized prediction results made publicly available in the SummEval
official repository (https://github.com/Yale-LILY/SummEval)

https://github.com/Yale-LILY/SummEval
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Evaluation Methods Coherence Consistency Fluency Relevance Average
spearman kendall spearman kendall spearman kendall spearman kendall spearman kendall

Non-LLM based metric
ROUGE-L 0.1722 0.1217 0.3170 0.2354 0.2402 0.1666 0.4204 0.3011 0.2599 0.1871
BLEU 0.0277 0.0192 0.0362 0.0297 -0.0786 -0.0566 0.4227 0.3081 0.0225 0.0169
METEOR 0.0085 0.0078 0.1005 0.0735 0.0106 0.0079 0.2746 0.1820 0.0549 0.0397
BERTScore -0.2194 -0.1507 -0.1086 -0.0762 -0.1562 -0.1128 0.6423 0.4761 -0.1882 -0.1336
MOVERSscore 0.3398 0.2522 0.3844 0.2767 0.3447 0.2467 -0.4336 -0.3151 0.3687 0.2680
BARTScore 0.4745 0.3426 0.4565 0.3414 0.3952 0.2849 0.6023 0.4551 0.4513 0.3301
UniEval 0.5669 0.4113 0.6129 0.4762 0.6050 0.4470 0.6399 0.4761 0.5551 0.4122
LLM based metric
G-Eval (GPT4) 0.6193 0.4703 0.6642 0.5171 0.6288 0.4822 0.6166 0.4637 0.6322 0.4833
CheckEval (GPT3.5-turbo) 0.4449 0.3474 0.5998 0.5146 0.3927 0.3265 0.3045 0.2520 0.4355 0.3601
CheckEval (GPT4) 0.5731 0.4279 0.7062 0.6106 0.6320 0.4931 0.5698 0.4384 0.6203 0.4925
CheckEval (GPT4-turbo) 0.5942 0.4437 0.6505 0.5509 0.6127 0.4722 0.6184 0.4870 0.6189 0.4884

Table 1: Sample-level Spearman (𝜌) and Kendall tau (𝜏) correlations of different aspects on SummEval benchmark. The best
overall results are highlighted in bold. The second best results are underlined.

Fleiss’ Kappa Coherence Consistency Fluency Relevance
2 Models
GPT-(3.5-turbo, 4) 0.4206 0.4085 0.0806 0.3160
GPT-(3.5-turbo, 4-turbo) 0.4530 0.4098 0.0827 0.3167
GPT-(4, 4-turbo) 0.7199 0.7181 0.4788 0.6968
3 Models
GPT-(3.5-turbo, 4, 4-turbo) 0.5289 0.5127 0.2612 0.4644

Table 2: Agreement measures (Fleiss’ Kappa) on different
models. We consider GPT-3.5-turbo, GPT-4, and GPT-4-turbo
as evaluators and measure agreement level. The best overall
results are highlighted in bold.

than G-Eval; however, this minor degradation does not significantly
affect the average correlation of CheckEval. These results demon-
strate the broad capability of CheckEval for conducting accurate
evaluations across varied quality aspects.

4.3 Case Study 2: Robustness Analysis
To assess the robustness of CheckEval, this study utilizes Fleiss’
kappa [12], a statistical method commonly applied to measure
the level of agreement among multiple evaluators. In this experi-
ment, while keeping the input prompts or instructions constant, we
change only the models used for evaluation, treating each model as
a ‘rater’. This approach aims to quantitatively assess the robustness
of CheckEval against changes in evaluation models through the
consistency of scores across different models.

Fleiss’ kappa values range from -1 to 1, with values closer to 1
indicating perfect agreement among raters, 0 indicating agreement
by chance, and negative values indicating less agreement than
would be expected by chance. We examine the IAA between two
models (GPT-3.5-turbo and GPT-4) and among three models (GPT-
3.5-turbo, GPT-4, GPT-4-turbo) to observe patterns of agreement
across models.

The analysis shows that the agreement between GPT-3.5-turbo
and other models yields relatively lower values due to performance
differences, with evaluation scores of GPT-3.5-turbo significantly

differing from those of GPT-4 and GPT-4-turbo, a finding corrob-
orated by correlation analysis results. Conversely, a higher Fleiss’
kappa value is observed between GPT-4 and GPT-4-turbo, indicat-
ing a very high level of score agreement between these models. This
high degree of agreement demonstrates that CheckEval exhibits a
high level of robustness, capable of providing consistent evaluation
outcomes despite changes in the evaluation models.

5 FUTUREWORK
This ongoing research aims to demonstrate the generalization capa-
bility of the proposed framework and enhance research efficiency
through the automation of the evaluation process.

Extending Task Coverage Future work will expand CheckEval
to cover more datasets and evaluation tasks, aiming to explore
its versatility. The plan includes assessing a range of NLP tasks
and datasets, such as Topical Chat [14] and QAGS [36], to test its
effectiveness across different settings.

Score Aggregation This study employed a score aggregation
method to convert individual checklist outputs into a single score
for measuring text quality. Currently, responses to each question
are assigned values of 1 for ‘Yes’ and 0 for ‘No’, with the score
determined by averaging the proportion of positive responses. We
assume that the number of positive answers can represent the text
quality, considering each question as an element of the aspect of
quality being assessed. Future research, however, plans to explore
more effective score aggregation methods to enhance the precision
and reliability of evaluations.

Question Filtering In the current study, data filtering was con-
ducted manually by the authors, indicating room for improvement.
Future efforts will focus on developing automated data filtering
techniques to minimize the need for human effort.

6 CONCLUSION
This paper introduced CheckEval, a novel evaluation framework
for LLMs. CheckEval leverages a structured evaluation checklist
to analyze NLG system outputs, aiming to enhance the precision
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and clarity of evaluation. Initial validation on a subset of the Sum-
mEval dataset demonstrated the robust performance of CheckEval,
indicating its ability to offer detailed and interpretable evaluation
results. Notably, CheckEval achieved a strong correlation with hu-
man evaluations and consistent agreement across different models,
emphasizing its potential for reliable assessments.

Future efforts will seek to broaden the scope of validation by
including the full SummEval dataset and extending it to other open-
ended text generation tasks. Such expansions aim to thoroughly
evaluate the adaptability and effectiveness of CheckEval across vari-
ous tasks. Positioned at the forefront of LLM evaluation innovation,
CheckEval is anticipated to evolve as a significant methodology
in the advancement of LLM-based evaluation techniques, with its
value expected to expand through future research and practical
application.
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A PROMPTS

Prompt
In this task, you need to create a question to evaluate the {aspect} of the summary of the original document.
The definition of {aspect} and the questions corresponding to the key component of {aspect} are provided below.
Use them to generate sub-questions for each key question.

Each sub-question must satisfy the following conditions:
1. Each question must be answerable with ‘Yes’ or ‘No’.
2. Each question must contain concepts from the key component.
3. Each question should minimize the subjectivity of the rater’s judgment.
4. The semantic redundancy between sub-questions should be minimized.
5. Formulate questions so that a ‘Yes’ answer is a positive answer.

# Definition
{aspect} - {definition}

# Key component and corresponding question
- {key component}: {key question}

Sub-questions:
Table 3: Questions Augmentation Prompt for Checklist Generation Stage.

Prompt
In this task, you will be provided with a news article and a summary.
Your task is to answer ‘Yes’ or ‘No’ to the questions related to the {aspect}.
Do not generate any explanations without answer to the questions.

Please make sure you read and understand these instructions carefully.
Please keep this document open while reviewing, and refer to it as needed.

Evaluation Criteria:
{aspect} - {definition}

Evaluation Steps:
1. Analyze the summary to evaluate {aspect}.
2. Respond to each of the following questions with either ‘Yes’ or ‘No’ to evaluate the {aspect}.
3. Please answer ‘Yes’ or ‘No’. No need to any explain.

Article: {source}

Summary: {summary}
Questions:
- {question}
- {question}
...

Your Answers:
Table 4: Answer Generation Prompt for Checklist-based Evaluation Stage.
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