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Abstract

Self-enhancement bias refers to the tendency of models to overrate their own re-
sponses. However, we found that lower-quality responses tend to produce higher bias
scores, an issue exacerbated in less capable models. This highlights a key limitation of
current measurement methods, which are confounded by response quality and model ca-

pability, leading to inaccuracies.

To address this, we propose SALIERI, a method that pairs responses of similar quality
to isolate true bias. Experiments on the Summeval dataset show that SALIERI reduced
bias score gaps between high- and low-quality responses from 2.55 to 0.75 for the less
capable LLaMA 2 7B model and from 1.44 to 0.69 for the more advanced Llama 3 8B
model. These results demonstrate SALIERI" s effectiveness in achieving more accurate

and reliable measurements of self-enhancement bias.

Keywords: LLM-as-a-judge, Large Language Model, Self-Enhancement Bias
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Chapter 1 Introduction

1.1 Background

As the field of Natural Language Generation (NLG) rapidly advances, evaluating its
performance becomes increasingly important. Traditional evaluation methods, such as
ROUGE [!1] and BLEU [19], assess the similarity between the model’s output and refer-
ence answers written by human experts by calculating n-gram overlaps. These methods
can efficiently evaluate generated text by quickly comparing syntactic content. However,
previous research has shown that the scores produced by these methods often do not align

well with human expert annotations [ 13, 30, 32].

In order to make evaluation scores align more closely with human preferences, model-
based evaluation methods have emerged. For example, BartScore [30] and GPTScore [3]
treat evaluation as a generation task, assuming that a higher probability generated by the
model indicates a better quality text. Alternative methods leverage the strong instruction-
following capabilities of large language models (LLMs) to directly ask the model to pro-
vide specific scores or determine the winner between two responses [0, 13, 31]. These

methods have shown better alignment with human expert annotations [13].

However, despite the high correlation of model-based evaluation methods with hu-
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man expert ratings, new issues have been identified, such as positional bias [26], prompt
injection [2 1], and self-enhancement bias [0, 23, 31]. These problems pose challenges to

the reliability of model-based evaluations.

Among these, self-enhancement bias refers to the tendency of an evaluation model to
assign higher scores to itself or to models that share the same base model. Many studies
have reported instances of self-enhancement bias during evaluations, such as BART and
T5 assigning a lower perplexity to the responses generated by themselves [23], GPT-4
giving responses generated by itself a higher win rate in MT-bench [3 1], and CritiqueLLM
giving responses generated by ChatGLM, which is the base model of CritiqueLLM, a

relatively high score in Alignbench [6].

However, we found that previous measurements of self-enhancement bias had con-
founding factors: Due to a lack of judgment ability, the model may have difficulty distin-
guishing response quality, leading it to assign relatively higher scores to its own lower-
quality responses. Therefore, we designed experiments to verify the hypothesis and further
propose our method to make the assessment of self-enhancement bias more stable and less

influenced by response quality and evaluation model capability.

To summarize, our main contributions in this paper are:

* Contribution 1: Demonstrating that when a model lacks judgment ability and as-
signs relatively higher scores to lower-quality responses, it results in an inflated

self-enhancement bias score.

* Contribution 2: Proposing a new calculation method, SALIERI, that makes the

assessment of self-enhancement bias more closely reflect the impact of the source.
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1.2 Motivation

The evaluation of large language models (LLMs) plays a pivotal role in advancing
Natural Language Generation (NLG) research, yet its fairness and reliability are often
compromised by biases in model-based evaluation methods. Among these, self-enhancement
bias—the tendency of a model to favor outputs generated by itself—represents a signif-
icant challenge to fair and unbiased assessments. This bias undermines the credibility
of evaluation systems, especially as they are increasingly used to benchmark models for

critical applications.

While existing studies have reported instances of self-enhancement bias [0, 3 1], we
observe a lack of a clear and rigorous definition of this bias in pointwise evaluations.
Furthermore, current measurement methods may inadvertently conflate self-enhancement
bias with a model’ s general inability to distinguish between high- and low-quality re-
sponses, potentially leading to inflated or misleading results. For instance, CritiqueLLM
[6] reports that smaller models exhibit greater self-enhancement bias. However, we hy-
pothesize that this observation could be attributed to judgment errors rather than genuine

bias, a possibility we aim to investigate through our experiments.

To address these limitations, our work aims to redefine and assess self-enhancement
bias with greater precision. By eliminating confounding factors and proposing a novel
method, SALIERI, we seek to provide a more accurate evaluation framework. This will
enable researchers and practitioners to make more informed decisions about evaluation
models, ultimately fostering fairness and reliability in NLG assessments.

3 doi:10.6342/NTU202500980
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1.3 Research Objective

The objective of this research is to address the limitations in existing methods for

assessing self-enhancement bias in model-based evaluations. Specifically, we aim to:

 Test how model capability and response quality significantly influence the measure-

ment of self-enhancement bias.

* Develop arefined method to assess self-enhancement bias, minimizing confounding

effects from model capability and response quality.

By achieving these objectives, this study seeks to enhance the fairness and reliability
of model-based evaluations, contributing to the development of more trustworthy NLG

systems.

1.4 Thesis Organization

This thesis is organized into six chapters.

Chapter 2 reviews the existing literature on the evaluation of Natural Language Gen-
eration (NLG) and self-enhancement bias. It explores traditional evaluation metrics, re-
cent advancements in model-based evaluations, and key studies addressing self-enhancement

bias, providing the necessary context for this research.

Chapter 3 defines self-enhancement bias and its relevance to pointwise evaluations in
NLG tasks. It also outlines the specific problem addressed in this thesis: the influence of

response quality and evaluation model capability on self-enhancement bias measurement.

4 doi:10.6342/NTU202500980
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Variations in response quality from the same model and limitations in evaluation model

capability can lead to inconsistent and unreliable bias scores.

Chapter 4 presents an analysis showing that responses of different quality result in
varying self-enhancement bias scores. This finding underscores that bias scores are not
solely influenced by the source of the response but are also affected by response quality,

which complicates the reliability of existing evaluation methods.

Chapter 5 introduces SALIERI, a novel method for assessing self-enhancement bias.
This chapter details how SALIERI mitigates the influence of response quality, providing

a more accurate measurement of self-enhancement bias.

Finally, Chapter 6 concludes the thesis by summarizing the research findings, dis-
cussing their implications, highlighting the limitations of our work, and suggesting poten-

tial directions for future research on the assessment of self-enhancement bias.

5 doi:10.6342/NTU202500980
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Chapter 2 Related Work

2.1 Natural Language Generation Evaluation

Traditionally, the evaluation of Natural Language Generation (NLG) tasks has relied
on n-gram similarity metrics, such as BLEU [19] and ROUGE [11], which measure the
similarity between generated text and human-written references. However, recent studies

have highlighted that these metrics often show poor alignment with human preferences

[13,32].

Emerging methods that calculate the conditional probabilities predicted by language
models, such as BARTScore [30] and GPTScore [3], have shown improved performance
in evaluating NLG tasks. These methods suggest that higher-quality NLG outputs are
more likely to be generated by the language model. By leveraging the rich semantic infor-
mation encoded in pretrained models, they enable more nuanced evaluations that extend

beyond surface-level n-gram overlaps.

With advances in large language models (LLMs), their use in evaluations has become
increasingly popular. In addition to conditional probability methods, LLMs can serve as
human-like annotators, utilizing approaches such as the Likert Scale [10] for pointwise

scoring, or pairwise comparison, where the model selects the better response from two

7 doi:10.6342/NTU202500980
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options. For example, G-eval [13], Prometheus [7], and CritiqueLLM [6] support eval-
uations based on the Likert Scale, while LLM-judge [31], PandaLM [27], and JudgeLM
[33] use pairwise comparison. Some methods, such as Prometheus 2 [£] and Auto-J [9],
support both approaches. These instruction-based evaluation methods not only demon-
strate high alignment with human judgments but also make the evaluation process more

interpretable [7, 9, 13, 27, 33].

2.2 Large Language Model (LLM)

Starting with T5 in 2019 [20], researchers began exploring ways for language models
to solve diverse natural language generation (NLG) tasks. GPT-3 [15] demonstrated the
ability to perform various tasks based on different prompts, highlighting the model’s ver-
satility. Later, models like FLAN [29] showed that instruction tuning could significantly
improve a model’s ability to follow user instructions. InstructGPT [17] further advanced
this approach by using Reinforcement Learning from Human Feedback (RLHF) to better
align model responses with human preferences. The release of ChatGPT [16] showcased

the broad capabilities of large language models (LLMs) to a vast user base.

Subsequent open-source LLM releases, such as Meta’” s LLaMA series (LLaMA
[24], LLaMA 2 [25], and LLaMA 3 [4]), Google’ s Gemma [22], and Mistral A" s
Mistral [5], have further advanced research and development in LLM applications. These
advancements have supported research evaluating NLG tasks using LLMs [7, 9, 12, 27].

8 doi:10.6342/NTU202500980
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2.3 Self-Enhancement Bias

Self-enhancement bias in evaluation models has been reported in several studies
[6, 14, 18, 23, 31]. These studies demonstrate that self-enhancement bias occurs in vari-
ous evaluation schemes, including pointwise grading [6], pairwise grading [3 1], and con-

ditional probability-based grading [ 18, 23].

Regarding the causes of self-enhancement bias, previous studies have suggested that
models with stronger self-recognition abilities tend to exhibit more severe self-enhancement
bias [18]. Additionally, in pairwise evaluation contexts, self-enhancement bias in models

is influenced by the familiarity of responses [28].

Despite the growing body of research on self-enhancement bias, there is no univer-
sally accepted definition of the bias. Different studies have approached its definition in
various ways, with no single approach gaining widespread consensus. For instance, in
pairwise comparison, LLM-Judge [3 1] defines self-enhancement bias based on the differ-
ence in win rates between the target model and humans. Another study, Self-Preference
Bias [2&] defines self-enhancement bias using conditional probability, measuring the accu-
racy difference of the target model under two conditions: when humans prefer and when
they disprefer the target model’s response. In pointwise scoring, CritiqueLLM [6] uses
the normalized score difference between the target model’ s self-assessment and human
evaluation to define the bias. Meanwhile, in conditional probability-based research, [23]
defines self-enhancement bias using the perplexity scores provided by the target model

for its own responses versus responses from other models.

Although research on self-enhancement bias has explored various evaluation schemes,

9 doi:10.6342/NTU202500980
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including pairwise and conditional probability-based methods, the definition of self-enhancement
bias in pointwise scoring remains unclear. In pointwise evaluations, the focus has been
on comparing the target model’ s self-assessment to human evaluations, but there is no
widely accepted framework to quantify self-enhancement bias. This lack of clarity in
pointwise scenarios highlights the need for further research to establish a consistent and

robust definition of self-enhancement bias in these contexts.
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Chapter 3 Problem Formulation

In this chapter, we outline the limitations of previous methods for assessing self-
enhancement bias. First, we provide a clear definition of self-enhancement bias in the
context of pointwise evaluation. Next, we describe the pointwise evaluation task for natu-
ral language generation. Finally, we highlight the potential confounding factors in assess-
ing self-enhancement bias, specifically the influence of evaluation model capability and
response quality. These factors will be further examined through experiments in the next

chapter.

3.1 Self-Enhancement Bias in Pointwise Evaluation

Previous research has shown that when a Large Language Model evaluates its own
performance, it tends to overestimate its capabilities, observing its responses as better than
they actually are [31]. This phenomenon, termed ”self-enhancement bias,” is borrowed
from psychology research. In their experiments, the evaluation method relies on pairwise
comparison, with win rate serving as the evaluation metric. If the target model assigns
itself a higher win rate than that assigned by a credible reference agent, such as a human,

this discrepancy is considered evidence of self-enhancement bias.

Applying the same logic to pointwise evaluation, self-enhancement bias in an LLM

11 doi:10.6342/NTU202500980
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can be indicated if the target model assigns itself a higher score than a credible reference
agent does. We take the difference between these scores as a measure of self-enhancement

bias.

In other words, to assess the self-enhancement bias of a target model ¢, we examine
the difference between the score X7, it assigns to its own generated responses and the
score X, assigned by a reference agent r. This difference indicates the extent of self-

enhancement bias and can be expressed using the following formula:

Bt,t - Xg,t - X7/",t (3-1)

3.2 Pointwise Natural Language Generation Evaluation

Evaluating the quality of a response generated by a Natural Language Generation
(NLG) model using a Likert scale [10] can be framed as a classification task. Given a
response 7 to be scored, along with additional context such as the corresponding query ¢
and reference answer re f, the scoring agent a assigns a score s to the response. We can

define this process as a function, f, as follows:

falg,ryref) — s, where se{l1,2,... k} (3.2)

To assess the capability of the target NLG model ¢, we select a dataset with m items,
Q(q1,92, - - -, qm), each accompanied by a reference answer, Rf(refi,refo, ..., refm).
We then prompt the target model to respond to each item in the dataset, obtaining its
responses Ry(rt 1,712,y Ttm)-

12 doi:10.6342/NTU202500980
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We then ask the scoring agent a to evaluate these responses. The mean score X, for
this dataset is used to indicate the capability of the target NLG model £. This process can

be defined as follows:

Xa,t _ Zj:l fa<Qj7 Ttjs Tefj)

(3.3)
m

The scoring criteria of different agents vary, so standardization is required to en-
able comparison. We first select n models as norm models for standardization purposes,
NM (nmy,nms, ...,nm,), and use the average scores given by the agents for these norm

models as a baseline. The standardization formula is as follows:

(3.4)

3.3 Confounding in Measuring Self-Enhancement Bias

3.3.1 Alternative Explanation

In the CritiqueLLM work, it was found that their model demonstrates self-enhancement
bias [6]. Furthermore, as the model size increases, the bias tends to decrease. While this
could be interpreted as smaller models exhibiting a stronger preference for themselves,

we believe there may be an alternative explanation.

We observe that CritiqueLLM does not recognize that ChatGLM’s responses are in-
ferior to those of GPT-4. Instead, it perceives ChatGLM’s responses as being less poor

than humans judge them to be. Based on this, we hypothesize that these lower-capability
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models may not necessarily favor their own responses; rather, they may struggle to dis-
tinguish lower-quality responses from higher-quality ones. As a result, their responses,
being of lower quality, may seem to the model to be less inadequate than they actually

arc.

For instance, consider an extreme case where the target model lacks any evalua-
tive ability and assigns scores randomly, regardless of the quality of the answers. In this
case, all sets of responses would receive the same expected score, resulting in standard-
ized scores of zero. Suppose the target model’s answer should actually receive a score
of —2. Under the previous scoring method, however, the model would be assigned a
self-enhancement bias score of +2. This outcome contradicts our understanding of the
model’ s behavior. How could a model that assigns scores randomly appear to favor its

own responses?

3.3.2 Evaluation Capabilities

Based on this observation, we account for the evaluation model’s limited ability to
distinguish response quality. We should not subtract the actual performance of the target
model; instead, we subtract the performance that the model can observe, reflecting its
limited evaluation capability. To represent this limitation, we use g( X ;, p;) to denote the

quality that is detectable by the target model, as expressed in the following equation:

X{, — 9(X]10pt) = Bea (3.5)

Here, p; represents the capability of the target model ¢, typically quantified by the Pearson
correlation with human-annotated results in the testing data. A small p; indicates that

14 doi:10.6342/NTU202500980


http://dx.doi.org/10.6342/NTU202500980

the model’ s judgments are not well aligned with human evaluations, which reflects a
low evaluation capability. This low capability makes it harder for the model to assess and
differentiate response quality, causing g(.X] ;, p;) to approach 0. On the other hand, a large

p: means the model is better at detecting response quality, making g(X; ;, p;) approach

X/

r,to

effectively capturing the full range of response quality. Thus, we hypothesize that
the function g(.X7 ,, p;) can be expressed as \; - X, ;, where ); represents the proportion
of the response quality that is detectable by the target model. When the model has high
capability, \; approaches 1; otherwise, it is closer to 0. This adjustment accounts for the

model’s limited ability to evaluate response quality. Incorporating this factor, we revise

the formula as follows:

Xé,t - )‘t . X7/“,t = Bt,t (36)

Revisiting the previous method for assessing self-enhancement bias and applying our
concept of evaluation capability, we adjust the formula for bias assessment. The revised

formula is as follows:

Bro=Xl, = Xy =B — (1= \)- XL, (3.7)

Revisiting the previous method for assessing self-enhancement bias and applying our
concept of evaluation capability, we adjust the formula for bias assessment. The revised

formula is as follows:

Bro=Xl, — Xy =Bra— (1= X\)- XL, (3.8)
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We can see from this formula that when the evaluation capability is imperfect (\; <
1), the bias score of the target model (Bt’t) becomes more sensitive to the quality of the

response. Specifically, as the response quality (X ;) decreases, the bias score increases.

To test our hypothesis, we examine whether variations in response quality impact the
bias score. Specifically, we collect two responses, ¢, and ¢;, from the same model, where ¢,
represents a higher-quality response than #, i.e., X, > X, . We then compute the bias
scores for both responses, ¢, and t;, using the formulas below and observe the difference

in the bias scores:

Brta = X =X =B — (1= X)X,

By, = Xl =X =B —(L=X\)- X,

The difference in the bias scores is given by:

Bt,tb - Bt,ta = (1 - /\t) : (X;«,ta - X;',tb)

If our hypothesis holds, it suggests that the model’ s evaluation capability constrains
its assessment of response quality, resulting in certain scores being undetectable (\; < 1).
Given that X, > X|, , we expect the bias score me for the lower-quality response ()
to be larger than the bias score Bt,ta for the higher-quality response (¢,,). If, however, we

observe that Bm < Bt,ta, it would contradict our hypothesis.

If variations in response quality influence the bias score, we will further investigate
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whether ) is associated with the evaluation model’s capability. To calculate X, we rear-

range Formula 3.3.2 as follows:

B =B (Xiy, —X0) — (X4, — XT)

M —1) = —
S S X, —X.,
X', — X!
N 1) = bt bla 4
SR S 9

li /
_ Xt’tb B Xtyta
X, X!

7¢p rta

At

We assess the model’s capabilities by calculating the Pearson correlation between the

test data and the annotated scores as follows:

Pt = Corr(Xt,tesh Xannotated,test)

We will further verify whether our hypothesis holds true in the next chapter.
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Chapter 4 Response Quality Impact

In this chapter, we follow the reasoning from the previous chapter and investigate
whether the bias score increases when response quality decreases. First, we discuss the
selection of datasets and models. Second, we outline the experimental flow and explain
how we verify our claim. Three experiments are presented, showing that evaluation mod-
els exhibit higher self-enhancement bias when using lower-quality responses. This effect
is attributed to the target model’s limited capability. Third, we present the experimen-
tal results that support our explanation. Finally, we summarize the results and offer an

interpretation of the phenomenon.

4.1 Dataset Selection and Model Selection

4.1.1 Dataset Selection

In our experiments, we selected the Summeval and Feedback Collection datasets.

Summeval [2] is a summarization dataset that contains 100 news articles sourced
from the CNN/Daily Mail dataset. For each article, the dataset includes summaries gener-
ated by 16 different models, along with human annotations that evaluate these summaries
across four aspects: consistency, coherence, fluency, and relevance. When using this
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dataset for evaluation, we compute scores for each of the four aspects and'then take the

average of these scores as the final score for each item.

The Feedback Collection dataset [ 7], collected by KAIST Al, was created for training
the evaluation model Prometheus. It contains 20,000 diverse instructions, each paired
with a response and a score ranging from 1 to 5. For our experiments, we sampled 1,000

instructions from the full dataset.

4.1.2 Model Selection

As target models, we chose Gemma 7B [22], LLaMA 2 7B [25], and LLaMA 3 8B

[1], which are open-source models of relatively small size.

We selected GPT-4 and Prometheus 2 8x7B as reference agents due to their strong
alignment with human expert evaluations, as reported in prior work [8, 13]. Using two
reference models helps reduce the risk of relying on a single agent that may exhibit specific
preferences. To further validate their evaluation capabilities, we computed the Pearson
correlation scores between their scores and annotations on the Summeval and Feedback
Collection datasets. As shown in Table 4.1, both Prometheus 2 and GPT-4 exhibit higher
alignment with the dataset annotations compared to the target models, indicating that they

are well-suited to serve as reference agents.

To standardize the models’ scores, we collected responses from GPT-4, GPT-40, and
Prometheus 2 8x7B, which serve as norm models in our evaluation framework. Specifi-
cally, the responses generated by these models are used to compute a baseline score for
each evaluation model. This baseline reflects the average score that an evaluation model

assigns to a set of responses, allowing us to normalize scores across different evaluators
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Model Summeval Feedback Collection

LLaMA 2 7B 0.03 0.55
Gemma 7B 0.05 0.38
LLaMA 3 8B 0.24 0.73
Prometheus 2 8x7B 0.33 0.80
GPT-4 0.41 0.78

Table 4.1: Pearson correlation between model scores and annotated scores across two
datasets. Prometheus 2 and GPT-4 achieve consistently higher correlations with the an-
notations than the target models, supporting their suitability as reference agents in our
experiments

and enable fair comparisons of self-enhancement bias.

4.2 Experiment Flows

To verify the hypothesis proposed in Chapter 3.3.2, we conduct three experiments.
First, in the ”self-response setting,” as shown in Figure 4.1, we test whether the model
exhibits a higher bias score for lower-quality responses generated by itself. Second, in the
”other-response setting,” as shown in Figure 4.2, we examine whether the model shows
a higher bias score for lower-quality responses generated by other models. Finally, we

investigate whether A\ is related to the evaluation model’s capability.

Target Mods! Target Model {t)
4 " _[;OHH_OI_ B Control Response
Dataset ' Prompt | )

Feedback
Collection
Summeval

LLaMA2

LLaMA3

' Treatment | Gemma
| Prompt

Treatment Response
(B)

Prometheus 2

Figure 4.1: Experiment flow for testing the impact of response quality in the self-response
setting. The process includes: (1) generating responses of varying quality using the target
model, (2) scoring the responses, (3) calculating the model preference bias, and (4) com-
paring the bias between normal-quality and lower-quality responses.

21 doi:10.6342/NTU202500980


http://dx.doi.org/10.6342/NTU202500980
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Control Response L
]

' Control |
| Prompt

/ Dataset

Treatment

' ! Treatment Response [
, Prompt (B)

Figure 4.2: Experiment flow for testing the impact of response quality in the other-
response setting. The process includes: (1) generating responses of varying quality using
other models, (2) scoring the responses, (3) calculating the bias, and (4) comparing the
bias between normal-quality and lower-quality responses.

To check whether the target model exhibits a higher bias score for lower-quality re-
sponses, we first generate two response sets of different quality using different prompts.
For the two datasets, Feedback Collection and Summeval, we use different prompt tem-

plates to generate responses of varying quality.

For the Summeval dataset, we used the following method:

* Control Prompt Response (A): <summary instruction> + <source article>

* Treatment Prompt Response (B): <summary instruction> + <source article>
+ <previous response> + "Based on the previous dialog, give me a response
about the article with some emotional judgment in 3 or 4 lines. Do

not include any details from the article."

Here, the treatment response prompt includes a follow-up instruction that asks the
model to add an emotional tone, deviating from the original article’ s content. This ap-
proach introduces subjective judgment, deliberately contrasting with the objective and
fact-based control summaries. We chose this prompt structure because summaries should
be objective and aligned with the source article, and the emotional prompt thus reduces
alignment with these standards.
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For the Feedback Collection dataset, we used two prompt templates to generate re-

sponses of different quality:

* Control Prompt Response (A): <instruction>

* Treatment Prompt Response (B): You are a test assistant. You should
answer all questions with incorrect answers to test the system. +

<instruction>

In this setup, we add a system prompt to the treatment response to guide the model
into generating incorrect answers, thus reducing the response quality intentionally. This
approach provides a clear contrast with the control responses, which follow the given

instruction directly, ensuring responses that are accurate and on-topic.

Finally, we examine the relationship between A and the model’s evaluation capability,

as discussed in the previous chapter.
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4.3 Experiment Results

4.3.1 Self Response Setting

Target Model Reference Agent GPT-4 Prometheus2
Response Type Control (A) Treatment (B) Control (A) Treatment (B)
Llama2 7b 0.13 0.48 0.12 0.61
Llama3 8b 0.13 0.29 -0.03 0.22
Gemma 7b 0.35 1.31 0.12 1.27

Dataset: Feedback Collection

Target Model Reference Agent GPT-4 Prometheus2
Response Type Control (A) Treatment (B) Control (A) Treatment (B)
Llama2 7b 0.32 2.88 0.37 2.65
Llama3 8b 0.24 1.68 0.01 1.16
Gemma 7b 0.15 1.69 0.02 1.44

Dataset: Summeval

Table 4.2: Bias calculation results in the self-response setting, showing the model’s rela-
tive preference for low-quality responses it generated, based on its own scoring.

As shown in Table 4.2, we find that the target model exhibits a higher bias in the
treatment setting. Specifically, even when the response source is consistently its own,
the model still demonstrates a greater bias toward lower-quality responses. This supports
our hypothesis that the evaluation model’ s limited capability to detect response quality

contributes to higher bias scores being associated with lower-quality responses.

4.3.2 Other Response Setting

As shown in Table 4.3, specifically, even when the responses are generated by other
models, low-quality responses still exhibit higher bias scores. This supports our hypothe-

sis that lower-quality responses are more likely to result in higher bias scores, highlighting

24 doi:10.6342/NTU202500980


http://dx.doi.org/10.6342/NTU202500980

Target Model Reference Agent GPT-4

Prometheus2

Response Type Control (A) Treatment (B)

Control (A)  Treatment (B)

Llama2 7b 0.13 0.74 -0.07 0.69
Llama3 8b 0.17 0.21 0.04 0.26
Gemma 7b -0.23 1.70 -0.32 1.73
Dataset: Feedback Collection
Target Model Reference Agent GPT-4 Prometheus2
Response Type Control (A) Treatment (B) Control (A) Treatment (B)

Llama2 7b 0.12 2.57 -0.05 2.19
Llama3 8b 0.19 1.57 0.15 1.33
Gemma 7b 0.05 2.46 -0.03 2.09

Dataset: Summeval

Table 4.3: Bias calculation results in the other-response setting, illustrating the target
model’s relative preference for low-quality responses generated by other models, based

on cross-model scoring.

the limitations of the evaluation model in detecting response quality. This suggests that

the bias score is influenced not only by the source of the responses but also by their quality.

4.3.3 Model Capability Relationship

We further examine the relationship between A and the model’s evaluation capability.

As shown in Table 4.4, we observe a positive relationship between the Pearson correlation

score and A. This indicates that as the model’s capability decreases, the proportion of

undetectable scores increases, which supports our hypothesis.

To ensure the stability of the measurements, we further divided each dataset into two

halves and computed \ separately for each subset. The two results are reported alongside

the main value in Table 4.4. The narrow range of A\ values within each dataset indicates

that )\ is stable within the same dataset.
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Dataset Reference Agent Target Model p A (split'1; split 2) < A range

Summeval GPT-4 llama2 7b 0.03 -0.06 (-0.03,-0.10)  0.07
gemma7b  0.05 0.01.(-0.01, 0.05) 0.06
llama3 8b 0.24  0.46(0.46, 0.46) 0.00

Prometheus 2 llama2 7b 0.03 -0.07 (-0.04, -0.10)  0.06
gemma7b  0.05 0.01 (-0.01, 0.05) 0.06
llama3 8b 0.24  0.52(0.57,0.47) 0.10

Feedback Collection GPT-4 gemma7b  0.38  0.46 (0.45, 0.47) 0.02
llama2 7b 0.55 0.83(0.84,0.82) 0.02
llama3 8b 0.73  0.94(0.94, 0.94) 0.00

Prometheus 2 gemma 7b 0.38 0.41(0.40, 0.42) 0.02
llama2 7b 0.55 0.78 (0.79, 0.77) 0.02
llama3 8b 0.73  0.91(0.92,0.91) 0.01

Table 4.4: Relationship between model capability p and the detectable ratio A. To assess
the stability of A\, we split the data into two subsets and compute A for each split. The
numbers in parentheses (e.g., —0.03, —0.10) indicate the A calculated from each split A,
providing an estimate of assessment reliability. The final column, A range, shows the
absolute difference between the two split values. The consistently small range indicates
that )\ is stable within each dataset.

4.4 Conclusion

Building on the previous results, we show that directly using the difference score
between the target model and the reference agent as the self-enhancement bias metric can
be influenced by response quality. Specifically, when the response quality is low, the
resulting bias score tends to be higher. This trend is consistently observed across multiple
settings: regardless of whether GPT-4 or Prometheus 2 is used as the reference agent,
and across both the Summeval and Feedback Collection datasets, all three target models
yield higher bias scores on the treatment responses (lower quality) compared to the control

responses.

We also analyzed the relationship between model capability and A, and found that

models with lower evaluation capability indeed exhibit smaller A values. According to
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Equation 3.7, this implies that the bias score becomes more sensitive to response quality.
This effect becomes more pronounced when the evaluation model has limited capability,
as it struggles to accurately assess response quality—making the bias estimation more

susceptible to response quality variation.
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Chapter 5 SALIERI

This chapter demonstrates that the method we proposed, Systematic Assessment of
seLf-enhancement bias In large language model Evaluators by paiRIng Similar Quality
responses (SALIERI), assesses self-enhancement bias with reduced sensitivity to model
response quality. First, based on the results from the previous chapter, we present the
core idea of our method: to collect a paired response set with similar quality to the re-
sponses generated by the target model. This paired set is then used to calibrate the impact
of response quality on the assessment of self-enhancement bias. Second, we provide an
overview of our method, which consists of two main parts: preparing a pool of paired
responses and pairing responses of similar quality. Third, we show that our method im-
proves the stability of self-enhancement bias assessments by reducing the influence of
low-quality responses. Finally, we conclude that pairing responses of similar quality min-
imizes the impact of response quality on measuring self-enhancement bias, making the
metric more reliable and less affected by changes in response quality during model eval-

uation.
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5.1 Main Idea

As discussed in the previous chapter, we showed that self-enhancement bias is in-
fluenced not only by the source of the response but also by the response quality and the
evaluation capability of the target model. However, as observed in the previous results,
it is challenging to measure the proportion of scores detectable by the model’s capability
(denoted as \), as A can vary significantly across different datasets. Therefore, a simpler
approach is to compare responses of similar quality but from different models, which helps

minimize the impact of response quality.

Since the compared response and the target response have similar quality, the issue
of the model’s inability to distinguish between quality differences has a lower impact on
the assessment of self-enhancement bias. In this case, the self-enhancement bias score

becomes more stable and is less influenced by response quality.

5.2 Pairing Self-Enhancement Bias Score

Following the modified self-enhancement bias assessment formula 3.7, we choose
an unrelated model, p, which targets the model ¢, assuming that there is no preference
between the two. Therefore, we assume the bias to be zero, as the target model does not

exhibit any preference bias toward model p.

~

Brp=X{p— X =—(1=N)- X, (5.1)
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Bro=Xl, — Xy =B — (1= X\)- XL, (5.2)

Therefore, we can calculate the self-enhancement bias by simply subtracting the two

SCores.

If we select responses generated by model p that match the quality of the target model
t, the last term can be eliminated, ensuring that response quality does not affect the esti-

mation of self-enhancement bias.

If we select responses generated by model p that are similar in quality to those of
the target model ¢, the self-enhancement bias score will be closer to the true bias, as the
influence of response quality is minimized. This ensures that the estimated bias is less

influenced by variations in model capabilities.

5.3 Proposed Method

We explain our method, SALIERI, in two parts: the overall process and how we
collect and prepare the paired response pool. An overview of the method is shown in

Figure 5.1.

5.3.1 Overall Process

The overall process of our method involves the following steps:

1. The target model generates a set of responses (referred to as the target response

set) for the given dataset.
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Figure 5.1: The overview of our method SALIERI.

2. A reference agent scores the target response set, evaluating the quality of each

reésponse.

3. Using the scores provided by the reference agent, we select a paired response set

from a prepared response pool, which contains responses of diverse quality for each

item.

* Ideally, each response to a question would be matched with a response of the

same score. However, since we cannot ensure that there is a corresponding

response for each question, we take a step back and aim to make the overall

score distribution as consistent as possible across the entire set. Within this

distribution alignment, we strive to make the scores for each question as close

as possible.
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4. Finally, the target model evaluates both the target response set and the paired re-
sponse set. We then calculate the self-enhancement bias score by comparing the

target model’s scores for the two sets.

5.3.2 Paired Response Pool Generation

We create the paired response pool by generating responses of varying quality for
each question, following the method described in Prometheus [7]. We use a strong model
that is unrelated to the target models as the paired model, generating responses at five

different quality levels for each item.

5.4 Experiment

5.4.1 Experimental Setup

This experiment is a continuation of the previous chapter. As a result, the dataset
settings and model selection remain the same. Specifically, we used the Summeval and
Feedback Collection datasets. For the target models, we selected Gemma 7B , LLaMA 2

7B, and LLaMA 3 8B . As reference agents, we used GPT-4 and Prometheus 2 8x7B.

The only difference is that, to generate the paired response pool, we needed a strong
model as a paired model that is unrelated to the target models. We chose GPT-4 for this
purpose because it has strong capabilities for generating responses with varying quality
and is independent of the target models. Since the Feedback Collection dataset was already
constructed using this method, we directly use its responses and generate new ones only

for the Summeval dataset. The detailed prompts used to generate the paired response pool
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for Summeval are provided in Appendix 6.3.

5.4.2 Experimental Design

To evaluate whether our proposed method effectively reduces the impact of response
quality on self-enhancement bias, we follow the same procedure as in the previous chap-
ter. Specifically, we have each target model generate two sets of responses with different
quality levels and compute the bias scores under both control and treatment conditions
using our proposed method, SALIERI. We then compare the difference in bias scores be-
tween the control and treatment responses, computed using SALIERI, to the difference
obtained using the original method in the previous chapter. If the difference computed
with SALIERI is smaller, it suggests that SALIERI improves the robustness of bias esti-

mation by reducing the influence of response quality.

As in the previous chapter, we consider two evaluation settings: the self-response
setting, where the evaluator assesses its own responses, and the other-response setting,

where the evaluator assesses responses generated by a different target model.

5.5 Results

We present the self-enhancement bias scores under two methods: the original base-
line (as described in Chapter 4) and our proposed method, SALIERI. Table 5.1 and Ta-

ble 5.2 report results for the self-response and other-response settings, respectively.

Each row corresponds to a specific target model. The columns labeled “Control
(A)” and “Treatment (B)” represent the bias scores calculated using responses of different
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Target Model Origin SALIERI
Control (A) Treatment (B) |B-A| Control (A) Treatment(B) |B-A|

Llama2 7b 0.32 2.88 2.55 0.63 1.38 0.75
Llama3 8b 0.24 1.68 1.44 0.50 1.19 0.69
Gemma 7b 0.15 1.69 1.54 0.12 1.09 0.97

Dataset: Summeval, Using GPT-4 as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b 0.37 2.65 2.28 0.62 1.38 0.75
Llama3 8b 0.01 1.16 1.15 0.46 0.86 0.4
Gemma 7b 0.02 1.44 1.42 0.13 0.8 0.66

Dataset: Summeval, Using Prometheus as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b 0.13 0.48 0.34 0.35 -0.42 0.77
Llama3 8b 0.13 0.29 0.16 0.24 -0.36 0.61
Gemma 7b 0.35 1.31 0.95 0.14 -0.07 0.21

Dataset: Feedback Collection, Using GPT-4 as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b 0.12 0.61 0.49 0.33 -0.20 0.53
Llama3 8b -0.03 0.22 0.25 0.09 -0.18 0.27
Gemma 7b 0.12 1.27 1.15 0.14 -0.02 0.16

Dataset: Feedback Collection, Using Prometheus as reference agent

Table 5.1: Comparison of self-enhancement bias calculation results between the original
method and SALIERI under the ’self-response’ setting.

quality levels generated by the same target model. The final column, | B — A|, indicates the
absolute difference between these two scores under the same method. A smaller |B — A|
implies greater stability—that is, the method is less sensitive to variations in response
quality.
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5.5.1 Self-response setting

In Table 5.1, SALIERI achieves lower |B — A| values than the original method. in
8 out of 12 cases. On the Summeval dataset and use GPT-4 as reference agent, the bias

score difference is reduced by:

* 2.55 — 0.75 for LLaMA 2 (71% reduction)

* 1.44 — 0.69 for LLaMA 3 (53% reduction)

* 1.54 — 0.97 for Gemma (38% reduction)

This suggests that SALIERI improves the stability of bias estimation under variations in
response quality. On the Feedback Collection dataset, SALIERI still reduces the differ-
ence for Gemma (0.95 — 0.21), but slightly increases it for LLaMA 2 (0.34 — 0.77) and
LLaMA 3 (0.16 — 0.61). These results imply that while SALIERI is generally more sta-

ble, its effectiveness may vary depending on the target model and dataset characteristics.

As shown in Table 4.4, LLaMA 2 and LLaMA 3 exhibit stronger evaluation capabil-
ities on the Feedback Collection dataset. Moreover, their original bias score differences
were already relatively small, indicating that our method is particularly beneficial for mod-
els that are more susceptible to variations in response quality—that is, those with weaker

evaluation capabilities.

5.5.2 Other-response setting

In Table 5.2, a similar trend is observed. On the Summeval dataset, all three models

show smaller |B — A| scores under SALIERI, indicating improved robustness. On the

36 doi:10.6342/NTU202500980


http://dx.doi.org/10.6342/NTU202500980

Feedback Collection dataset, two models (Gemma and LLaMA 2) benefit from SALIERI,

while LLaMA 3 again shows a slight increase in difference (e.g., from 0:04 to 0.52).

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b 0.12 2.57 245 0.34 1.32 0.98
Llama3 8b 0.19 1.57 1.38 0.45 1.27 0.82
Gemma 7b 0.05 2.46 2.41 0.18 1.77 1.59

Dataset: Summeval, Using GPT-4 as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b -0.05 2.19 2.24 0.29 1.03 0.73
Llama3 8b 0.15 1.33 1.18 0.49 1.17 0.68
Gemma 7b -0.03 2.09 2.13 0.15 1.59 1.44

Dataset: Summeval, Using Prometheus as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b 0.13 0.74 0.61 0.29 -0.25 0.54
Llama3 8b 0.17 0.21 0.04 0.20 -0.32 0.52
Gemma 7b -0.23 1.70 1.94 -0.24 0.09 0.34

Dataset: Feedback Collection, Using GPT-4 as reference agent

Target Model Origin SALIERI

Control (A) Treatment (B) |B-A| Control (A) Treatment (B) |B-A|
Llama2 7b -0.07 0.69 0.76 0.14 -0.13 0.27
Llama3 8b 0.04 0.26 0.21 0.13 -0.09 0.23
Gemma 7b -0.32 1.73 2.05 -0.35 0.28 0.64

Dataset: Feedback Collection, Using Prometheus as reference agent

Table 5.2: Comparison of self-enhancement bias calculation results between the original

method and SALIERI under the ’other-response’ setting.
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5.6 Conclusion

Our experimental results suggest that pairing responses of similar quality-=using our
proposed method SALIERI—can lead to more stable estimates of self-enhancement bias.
In most cases, SALIERI reduces the difference in bias scores between control and treat-
ment response sets, particularly for models with lower evaluation capabilities. This sug-
gests that our method helps mitigate the influence of response quality on bias estimation,
making the assessment more robust under varying response conditions. In the best case,
SALIERI reduces the bias score difference from 2.55 to 0.75—a 71% reduction—demon-
strating its potential to significantly improve estimation stability when response quality

variation is substantial.

This effect is particularly pronounced in models with lower evaluation capabilities,
as shown in the following examples. SALIERI reduces the bias score differences for
LLaMA 2 (from 2.55 to 0.75) and Gemma (from 1.54 to 0.97) on the Summeval dataset
when using GPT-4 as the reference agent, indicating improved stability in these cases.
Both models have relatively low alignment scores on this dataset—0.03 for LLaMA 2 and
0.05 for Gemma—suggesting weaker evaluation capabilities. As discussed in the previ-
ous chapter, models with weaker evaluation capabilities are more susceptible to response
quality influencing bias estimation. These results support the observation that SALIERI
is especially beneficial when the evaluation model is less capable, i.e., when bias scores

are more sensitive to variations in response quality.

In contrast, for LLaMA 2 and LLaMA 3 on the Feedback Collection dataset, the
original bias score differences were already relatively small (0.34 and 0.16, respectively).

SALIERI does not reduce the variation in these cases and instead slightly increases it
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(to 0.77 and 0.61, respectively). These two models exhibit relatively strong evaluation
capabilities, with alignment scores of 0.55 and 0.73 (Table 4.4). This pattern aligns with
our earlier observation that models with stronger evaluation capabilities are less affected

by response quality variation and therefore benefit less from SALIERI.

Overall, these results indicate that while SALIERI may not uniformly improve bias
estimation across all settings, it is particularly effective for models with lower evaluation
capabilities—i.e., models whose bias scores are more sensitive to variations in response

quality.
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Chapter 6 Discussion and Conclusion

6.1 Discussion

6.1.1 Weaker Models and Reduced Bias

From our experimental results, we observe that models with weaker capabilities ex-
hibit less pronounced self-enhancement bias during evaluations compared to initial mea-
surements. This observation aligns more closely with intuitive reasoning. For a model
to exhibit significant self-enhancement bias, it must possess the ability to distinguish be-
tween different types of responses and selectively assign extra points to specific types of
answers. Therefore, self-enhancement bias becomes a more critical issue to address in the

context of high-capability models.

6.1.2 Variation in Performance Across Datasets

We found that a model’s scoring capability varies across different datasets. This raises
the question of whether the model’s self-enhancement bias also differs depending on the
dataset. Future research could focus on measuring self-enhancement bias across datasets
with varying characteristics to further explore the relationships and underlying factors at
play.
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6.1.3 Score Rubrics

In our experiment, we adopt the evaluation prompt template used by Prometheus,
which provides detailed rubrics for each score. These rubrics specify the criteria associ-
ated with each scoring level, guiding the evaluation model to select the score that most
closely matches the description. This setup ensures a more controlled scoring process.
However, whether providing detailed scoring rubrics influences the measurement of self-
enhancement bias remains an open question. Detailed rubrics may constrain the evaluation
model’s interpretation of scores, potentially altering the expression of bias. Exploring the
impact of rubric specificity on self-enhancement bias is an important direction for future

research.

6.2 Limitations

6.2.1 Dependency with Dataset

In our theoretical formulation, we assume that the evaluation model’s capability (p)
and the detectable proportion () are universal, independent of the specific dataset. How-
ever, as shown in Table 4.4, empirical results reveal that the same evaluation model ex-
hibits different p and A scores across datasets such as SummEval and Feedback Collection.
This suggests that evaluation capability is task-dependent, and our universal assumption

may oversimplify the real-world variation across tasks.

Nonetheless, this limitation does not undermine the core findings of our study. Within
a single dataset, the relative ranking of evaluation models remains meaningful, and the
differences in A align with differences in p. Thus, the key insight—that higher evaluation
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capability leads to a greater proportion of detectable target model performance—continues

to hold under our experimental settings.

6.2.2 Pairing Response Constraint

Although our method mitigates the influence of model capability on self-enhancement
bias by pairing responses of similar quality, it is impossible to completely eliminate quality
differences between paired responses. This limitation introduces some degree of instabil-
ity in our measurement of self-enhancement bias. To achieve more precise measurements
in the future, expanding the variety of models contributing to the paired response pool and
incorporating a wider range of response qualities could be beneficial. Additionally, test-
ing across diverse datasets may provide deeper insights into whether an evaluation model

exhibits a preference for itself.

6.2.3 Reference Agents Constraint

In our study, we assumed that the reference agents, GPT-4 and Prometheus 2 8x7B,
provide fair and accurate evaluations. However, due to the impracticality of employing
human experts for data annotation, we used these Al models as reference agents. While
both models have shown strong alignment with human expert judgments in previous ex-
periments, there may still be a gap between their evaluations and those of human experts.
In scenarios where it is cost-effective, incorporating expert annotations could provide a

more precise validation of the model’s biases.
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6.3 Conclusion

In the Natural Language Generation Evaluation Task, we found that previous meth-
ods for measuring self-enhancement bias were confounded by the evaluation model’s own
capabilities and the quality of the responses being scored. These methods inadvertently
incorporated both the evaluation model’s limitations and the quality of responses into the
bias calculation, leading to inflated or inaccurate measurements of self-enhancement bias.
Building on this observation, we proposed a novel measurement method, SALIERI, which
addresses these limitations by pairing responses of equivalent quality. This approach en-
sures that neither response quality nor the evaluation model’s limitations are mistakenly

included in the bias score, leading to more accurate bias assessments.
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Appendix A — Evaluation Prompt

We use the evaluation prompt from Prometheus [ 7] in our experiments. For the detail

of how we get the score rubrics is demonstrate in appendix 6.3.

###Task Description:

An instruction (might include an Input inside it), a
response to evaluate, a reference answer that gets a
score of 5, and a score rubric representing a evaluation

criteria are given.

1. Write a detailed feedback that assess the quality of the

response strictly based on the given score rubric, not
evaluating in general.

2. After writing a feedback, write a score that is an
integer between 1 and 5. You should refer to the score
rubric.

3. The output format should look as follows: \"Feedback: (
write a feedback for criteria) [RESULT] (an integer
number between 1 and 5)\"

4. Please do not generate any other opening, closing, and

explanations.
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###The instruction to evaluate:

{orig_instruction}

###Response to evaluate:

{orig response}

###Reference Answer (Score 5):

{orig reference_answer}

###Score Rubrics:
[{orig_criterial}]
Score 1: {orig _scorel _description}
Score 2: {orig_score2 description}
Score 3: {orig score3 description}
Score 4: {orig_score4 _description}

Score 5: {orig scoreb _description}

###Feedback:
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Appendix B — Treatment Check

Target Model Reference Agent GPT+4 Prometheus2
Response Type Control Treatment Control Treatment
Llama2 7b 4.32 2.19 4.05 1.78
Llama3 8b 4.45 1.48 4.36 1.28
Gemma 7b 4.15 2.37 4.11 2.12
Dataset: Feedback Collection
Target Model Reference Agent GPT-4 Prometheus2
Response Type Control Treatment Control Treatment
Llama2 7b 4.33 1.92 3.8 1.66
Llama3 8b 4.25 1.55 3.99 1.58
Gemma 7b 4.12 2.55 3.76 2.32

Dataset: Summeval

Table B.1: Average scores obtained by the control and treatment groups on the Feedback
Collection and Summeval datasets, showing that the treatment group’s scores are signif-
icantly lower, indicating that we have indeed created two sets of responses with a clear

quality difference.

We check if our treatment is useful by examining whether the response receives a

lower score from the reference agent. As shown in Table B.1, the treatment group receives

a lower score. This means that we successfully obtained two response sets with different

quality.
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Appendix C — Summeval Preparation

This appendix describes the preparation for the Summeval dataset. We first show
how we obtained the scoring rubrics for the four aspects in Summeval and then explain

how we generated diverse quality responses for Summeval.

C.1 Scoring Rubric Generation

The evaluation prompt used is shown in Appendix 6.3. This prompt requires scoring
rubrics for evaluation, including scoring criteria and descriptions for each score. How-
ever, the Summeval dataset does not provide this information. Therefore, we adapted
the prompt from [7] to generate scoring rubrics for Summeval. We used the following
prompt to create the four scoring rubrics corresponding to the four evaluation aspects of

Summeval.

We are writing criteria with which to grade a language
model on its responses in

diverse situations.

A ‘criteria ‘ is some useful, real-world objective, and
associated rubric for scores 1-5, that

tests a capability.
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10

Here you will see 4 examples of ‘criteria °, and their
scoring rubrics, formatted as

JSON.

Criteria 1:

"criteria": "How effective is the model at adjusting
its responses based on the user's emotional state or

situation?"

, "1": "The model absolutely does not comprehend or
adjust to the user's emotional situation, resulting
in inappropriate or insensitive responses."

"2": "The model sporadically recognizes the user's
emotional mood but does not consistently modify its
responses to match the situation, leading to
somewhat suitable responses."

, "3": "The model frequently comprehends and adjusts to
the emotional situation, but may occasionally react
in an inappropriate or insensitive manner."

, "4": "The model generally recognizes the user's
emotional situation and modifies its responses
suitably, but may at times overlook subtle hints."

, "6": "The model regularly comprehends and adjusts to
the user's emotional situation, delivering

empathetic and contextually suitable responses."
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19

Criteria 2:

"criteria": "Can the model understand and respond
appropriately to culturally diverse inputs?"

, "1": "The model's responses show a complete lack of
cultural sensitivity, understanding, or
appropriateness."

, "2": "The model sometimes recognizes culturally
diverse inputs but responses may show
misinterpretation or insensitivity."

, "3": "The model often recognizes cultural cues but
may still respond inappropriately or ineffectively."

, "4": The model consistently shows a good
understanding of cultural diversity, with minor
inaccuracies or insensitivities."

, "5": The model flawlessly interprets and responds to
culturally diverse inputs, showing deep

understanding and respect for cultural differences."

Criteria 3:

"criteria": "To what extent does the model modify its
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language and tone based on the input provided by the

user?"

"
in response to the user's input, leading to an
impersonal interaction."

"2n:
and tone based on the user's input, but its

inconsistency can result in a disjointed experience

||3I|:

to

it

, "4":
tone to align with the user's, with only slight
instances of non-personalization."

, "5":
language and tone in every interaction, facilitating

a custom-tailored and engaging dialogue."

"The

"The

"The

match

falls

"The

"The model flawlessly reflects the user's

Criteria 4:

"criteria":

pertinent details when answering the user's

model does not alter its language or tone

model sporadically modifies its language

model often adjusts its language and tone
the user's, but there are occasions where
short ."

model regularly tailors its language and

"Is the model able to supply precise and
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40

41

44

46

49

inquiries?"

, "1": "The model regularly offers imprecise or

unrelated details,

's inquiries."

, "2": "The model frequently supplies imprecise or
unrelated information,
to the user's inquiries."

, "3": "The model generally offers precise and

pertinent details,

addressing the user's inquiries accurately."
, "4": "The model often supplies precise and pertinent

details, despite occasional inaccuracies or

unrelated details."

, "b": "The model consistently presents precise and

pertinent details,

inquiries in every interaction."

Please help me transfer the following description about

what is a good summary into a criteria and scoring

rubrics
[What is a good summary]

<aspect description>

neglecting to respond to the user

but occasionally falters in

efficiently addressing the user's
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Please format the output as same as the above examples with
no extra or surrounding text.
Write [END] after you are done.

New Criteria:

The placeholder <aspect description> in the prompt is replaced by the descrip-

tions of the four aspects, as outlined below:

* Coherence: A good summary should be coherent with the source article. Coher-
ence: The rating measures the quality of all sentences collectively, to the fit together

and sound naturally. Consider the quality of the summary as a whole.

* Consistency: A good summary should be consistent with the source article. Con-
sistency: The rating measures whether the facts in the summary are consistent with
the facts in the original article. Consider whether the summary does reproduce all

facts accurately and does not make up untrue information.

* Fluency: A good summary should be fluent. Fluency: This rating measures the
quality of individual sentences, are they well-written and grammatically correct.

Consider the quality of individual sentences.

* Relevance: A good summary should be relevant to the source article. Relevance:
The rating measures how well the summary captures the key points of the article.

Consider whether all and only the important aspects are contained in the summary.
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C.2 Diverse Response Generation

In Chapter 5, we use a paired response pool to collect sets of similar-quality responses
for assessing Self-Enhancement Bias. In this section, we detail how we collect diverse

quality responses in Summeval.

We follow the method described in [ 7], which asks GPT-4 to generate responses that

should receive scores ranging from 1 to 5. The prompt template is as follows:

Your job is to generate a response that would get a score
of {SCORE} based on the four given score rubrics. For
reference, a sample response that would receive a score
of 5 in each of these rubrics is also provided.

Instruction:

{INSTRUCTION}

The score rubric:

{score_rubrics_of relevance}

{score_rubrics_of_fluency}

{score_rubrics_of coherence}

{score_rubrics_of_consistency}

Reference response (Score 5):

{REFERENCE}
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* Response

- The quality of the score 1 response should be determined
based on the score

rubric, not by its length.

- The score 1 response should have the same length as the
reference response,

composed of {SENT_NUM} sentences.

- Do not explicitly state the keywords of the score rubric

inside the response.

* Format

- DO NOT WRITE ANY GREETING MESSAGES, just write the
problem and response

only.

- In front of the response, append the phrase ~ Response:

- Write [END] after you are done.

Data Generation:
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