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Abstract

Large Language Models (LLMs) are recognized for their ef-
fectiveness in comparing two answers. However, LLMs can
still exhibit biases when comparing one answer to a stan-
dard answer, particularly in real-world scenarios like new em-
ployee orientations. This paper identifies positional and ver-
bosity biases in LLM evaluators in such contexts. To miti-
gate these biases, we apply Chain of Thought prompting and
Multi-Agent Debate strategies. Our research reveals that bias
prevalence varies among different models, indicating the need
for tailored approaches to ensure unbiased and constructive
feedback.

Introduction

The capabilities of Large Language Model (LLM) based
chat assistants to follow instructions and learn to align with
human preferences have gained significant interest (Ouyang
et al. 2022; Zhou et al. 2023). Since some state-of-the-art
LLMs like GPT-4 (OpenAlI 2024) have demonstrated strong
human alignment (Zheng et al. 2023), there are extensive at-
tempts to utilize them in evaluation tasks as a substitution
of human evaluators. These efforts aim to achieve faster and
more cost-effective evaluations (Dubois et al. 2024; Wang
et al. 2023b). For instance, LLMs are employed as evalua-
tors (Dubois et al. 2024) to complete pairwise comparison
tasks in the reinforcement learning with human feedback
(RLHF) process, achieving a 45x lower cost than using hu-
man crowdworkers. The high availability and performance
of LLM evaluators make them valuable tools for comparing
two answers and picking the higher-quality one. When they
are used to help human evaluators, they can further enhance
human performance as well (Xiao et al. 2024).

However, LLM evaluators are known to exhibit biases in
evaluation tasks (Stureborg, Alikaniotis, and Suhara 2024),
and the robustness of LLM evaluators is less explored. One
such bias is verbosity bias, where LLM evaluators tend to
favor longer responses, even when a shorter response is of
higher quality (Saito et al. 2023; Wu and Aji 2023). Another
bias, i.e. positional bias, refers to the phenomenon where the
evaluations can vary by altering the position of a text within
a context (Wang et al. 2023a).

“Work done while at China Mobile
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

56

Prior research has addressed several biases in pairwise
comparisons, but evaluation tasks are not limited to pairwise
comparisons. Another vital scenario involves comparing an
answer to a pre-defined standard answer and providing per-
sonalized feedback. A concrete example of this scenario
is evaluating responses from trainees in a new employee
orientation program. Since face-to-face orientation events
and computer-based events cannot substitute for each other
(Bauer and Erdogan 2011), comparing new employees’ re-
sponses to career-related questions against their established
expectations and giving personalized feedback can signifi-
cantly improve their experience in computer-based events.
Mitigating positional and verbosity bias is necessary since
participants should learn their expectations, not remember-
ing the length of standard answers and the order of key
points. Similar contexts that require comparing an answer
to a predefined standard answer include customer support
quality assurance systems and clinical decision support sys-
tems.

This paper focuses on the robustness of LLM evaluators
when a standard answer is provided. We first reveal inherent
biases in LLM evaluators, and then explore methods for mit-
igating these biases. In brief, our research and experiments
are summarized in two-fold.

* Our experiments reveal that some LLM evaluators, in-
cluding GPT-3.5 and Llama3-8b (Meta 2024), exhibit
significant positional and verbosity biases. Specifically,
we design two attacks, i.e. “shuffled list attack” and
“repetitive content attack”, to show these biases. Exam-
ples of each attack are shown in Figure 1, with a more
detailed discussion provided in the methodology section.

* We examine the effectiveness of two fine-tuning-free ap-
proaches, Chain of Thought and multi-agent debate, in
mitigating positional and verbosity biases. Our findings
suggest that there may not be a universal fine-tuning-free
approach to reduce bias across all LLMs, and the optimal
way to mitigate biases is model-specific.

Methodology

This section discusses the experimental setup for assessing
positional and verbosity biases in LLM evaluators. Three
LLMs are evaluated: GPT3.5 (gpt—-3.5-turbo-0125),
GPT40 (gpt-40-2024-05-13), and the 8B version of



Given a standard answer and a new answer to the given question, compare the new answer to the standard answer and score it. The scale is from 1 to 10.

Question: What are the main differences between Python and JavaScript programming languages?

Standard Answer: (insert the standard answer)

New Answer to evaluate and score: (insert the original answer or attack answer)

Original Answer

Python and JavaScript are both popular
programming languages, but they differ in a
number of ways:

1. Programming paradigm: Python is
primarily an object-oriented programming
(OOP) language, while JavaScript is a
multi-paradigm language that supports both
functional and OOP styles.

2. Syntax: Python uses indentation
(whitespace) to indicate the structure of
the code, while JavaScript uses curly
braces.

3. Typing: Python is a dynamically typed
language, which means that the type of a
variable is determined at runtime, while
JavaScript is both dynamically and weakly
typed, meaning that variable types can
change at runtime and type errors may not
be caught immediately.

4. Application areas: Python is often used
for scientific computing, data analysis
and machine learning, while JavaScript is
most commonly used for web development and
client-side scripting.

Overall, both Python and JavaScript have
their own strengths and weaknesses, and

which language to use largely depends on
the specific requirements of the project.

Shuffled List Attack

Python and JavaScript are both popular
programming languages, but they differ in
a number of ways:

1. Syntax: Python uses indentation
(whitespace) to indicate the structure of
the code, while JavaScript uses curly
braces.

2. Application areas: Python is often used
for scientific computing, data analysis,
and machine learning, while JavaScript is
most commonly used for web development and
client-side scripting.

3. Programming paradigm: Python is
primarily an object-oriented programming
(OOP) language, while JavaScript is a
multi-paradigm language that supports both
functional and OOP styles.

4. Typing: Python is a dynamically typed
language, which means that the type of a
variable is determined at runtime, while
JavaScript is both dynamically and weakly
typed, meaning that variable types can
change at runtime and type errors may not
be caught immediately.

Overall, both Python and JavaScript have
their own strengths and weaknesses, and

which language to use largely depends on
the specific requirements of the project.

Repetitive Content Attack

Python and JavaScript are both popular programming languages, but
they differ in a number of ways:

1. Programming paradigm: Python is primarily an object-oriented
programming (OOP) language, while JavaScript is a multi-paradigm
language that supports both functional and OOP styles.

2. Syntax: Python uses indentation (whitespace) to indicate the
structure of the code, while JavaScript uses curly braces.

3. Typing: Python is a dynamically typed language, which means
that the type of a variable is determined at runtime, while
JavaScript is both dynamically and weakly typed, meaning that
variable types can change at runtime and type errors may not be
caught immediately.

4. Application areas: Python is often used for scientific

=X ting, data analysis, and machine learning, while JavaScript

Is most commonly usé for web development and client-side

Overall, both Python and JavaScript have their own strengths and
k z ang which language to use largely depends on the

specific requirements of the project.

Furthermore, Python is commonly utilized in fields such as
scientific computing, data analysis, and machine learning, making

it a popular choice for those areas. On the other hand, JavaScript
is predominantly used for web development and client-side
scripting, making it an essential tool for creating interactive
web applications. Ultimately, the decision of which language to
use depends on the specific needs and requirements of the project
at hand. Both languages have their own strengths and weaknesses,

and understanding these differences can help developers choose the
most suitable language for their particular use case.

In conclusion, ...

Figure 1: An example of the “shuffled list attack™ and the “repetitive content attack”™. In “shuffled list attack”, key points in the
numbered list are shuffled and everything else is unchanged. In “repetitive content attack”, paragraphs with no extra information
are added to the original answer’s end. The red italic text in the added part indicates the repetition of the underlined text.

Llama3. They are selected to represent varying performance
levels. In Chatbot Arena (Chiang et al. 2024), a platform
for ranking LLMs based on human preferences, GPT4o,
Llama3-8B, and GPT3.5 are currently ranked 1st, 33rd, and
53rd out of 117 models respectively at 07/25/2024.

Revealing the Positional Bias

We designed the “shuffled list attack™ to assess the positional
bias in LLM evaluators. This attack is based on the idea that
the evaluation should focus on whether the answer mentions
all key points listed in the standard answer, rather than the
order of listed key points. To measure how altering the order
of key points will affect LLMs, we pick an answer with a
numbered list, shuffle the order of the key points, and pass
these two answers to an LLM evaluator. The LLM evaluator
is asked to evaluate the answer with unshuffled key points,
and the answer with shuffled key points is provided as the
standard answer. If the evaluator believes the unshuffled an-
swer is not as good as the standard answer and does not give
a full score of 10, we define the attack as successful. As
a reference point, all tested LLM evaluators could identify
identical answers, giving full marks or flagging plagiarism
concerns when the answers matched exactly.

The evaluation criteria are based on helpfulness, rele-
vance, and accuracy, following FairEval (Wang et al. 2023a).
We set the shuffled list as the standard answer to ensure it is
of lower quality, as shuffling may degrade the quality. De-
spite clear prompts to focus on the content, some LLM eval-
uators failed to give full marks to the unshuffled answers.
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GPT3.5 Answers
15/19
1/19
19/19

Vicuna Answers
17/19
2/19
19/19

Evaluator
GPT3.5
GPT40
Llama3

Table 1: Failure rate of different LLM evaluators on “‘shuf-
fled list attack™. A failure means the evaluator failed to give
a full mark to the answer with shuffled key points.

Data For the “shuffled list attack”, we used the FairEval
dataset (Wang et al. 2023a), based on the Vicuna bench-
mark (Zheng et al. 2023). This dataset includes 80 ques-
tions spanning 8 categories, each answered by GPT3.5 and
Vicuna-13B. We found 38 answers with numbered lists from
19 questions and used them for the experiments.

Results Table 1 lists the failure rates of different LLM
evaluators on the “shuffied list attack™, revealing varying de-
grees of positional bias across models. Llama3-8B exhibits
the most significant positional bias, heavily weighting the
order of key points over content. GPT-3.5 shows a slightly
lower positional bias, while GPT-4 demonstrates almost no
positional bias.

Revealing the Verbosity Bias

The second attack, the “repetitive content attack”, aims to re-
veal the verbosity bias. This attack needs a standard answer,
a given answer, and a longer version of the given answer.
For any given answer, we first make it unnecessarily long



and redundant by requesting GPT-4o to add two paragraphs
to the end of the answer without adding any new informa-
tion. Then an LLM evaluator will evaluate the given answer
and the longer version of the given answer separately, pro-
vided the same standard answer. If the score of the verbose
answer is higher than that of the shorter given answer, the
attack is defined as successful.

Data To experiment the “repetitive content attack™ and re-
veal verbosity biases of LLM evaluators, the same dataset
(FairEval) is used. Since testing verbosity bias does not re-
quire the answer to contain a numbered list, answers to all
80 questions can be used in this experiment. In this dataset,
answers from GPT-3.5 and Vicuna-13B are compared by hu-
man evaluators and we used the answer that is believed to be
of higher quality by humans as the standard answer. Another
less favored one is used as the answer to evaluate and extend.

Results GPT3.5 exhibits a strong verbosity bias, prefer-
ring the longer yet repetitive answer. GPT-40 and Llama3-
8B show far less verbosity bias, and the score differences
between the original and verbose answers are low. More de-
tailed performance of all tested LLMs is listed in Table 3. In
the table, a failure means an evaluator assigns a higher score
to the verbose answer than the original answer.

Mitigating Biases

From previous results, LLM evaluators show different ex-
tents of positional and verbosity bias, making them unfair
evaluators: the score of an answer can be altered by simply
changing the order of key points or appending repetitive con-
tents to the end. In this section, we tested two fine-tuning-
free approaches to mitigate these biases: Chain of Thought
(CoT) prompting and Multi-Agent Debate (MAD).

Chain of Thought Prompting

CoT (Wei et al. 2023) is a popular and simple prompt en-
gineering strategy to increase the quality of generated text
in many tasks by eliciting reasoning. Since little is known
about its efficacy in reducing biases in evaluation tasks, we
tested its performance by appending “Let’s analyze step by
step” to the end of the prompt.

Multi-agent Debate

Another fine-tuning-free approach to encourage reasoning
and increase the response quality of LLMs is the LLM-based
multi-agent technique, which already shows promising re-
sults in varying tasks (Park et al. 2023; Mandi, Jain, and
Song 2023; Du et al. 2023). In this paper, we follow the
multi-agent debate paradigm proposed by Du et al., which
involves multiple instances of language models proposing
and debating their individual responses. We utilize three
LLM instances and allow them to debate for one round. The
debate is limited to one round because it is observed that
three LLM instances can reach a majority vote (with two out
of three instances providing the same score) within a single
round of debate for most questions. For example, GPT-40
successfully reach a majority vote in all cases in one round.
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Evaluator Method Mean Score Failure Rate

GPT3.5 None 8.735 32/38
GPT3.5 CoT 9.211 27/38
GPT3.5 MAD 9.565 9/38
GPT40 None 9.921 3/38
GPT4o0 CoT 9.950 2/38
GPT40 MAD 9.870 4/38
Llama3 None 8.130 38/38
Llama3 CoT 8.380 37/38
Llama3 MAD 8.400 38/38

Table 2: Mean score and failure rate of different LLM eval-
uators on “shuffled list attack™. The score or failure rate that
indicates the least positional bias is shown in bold.

Discussion

Table 2 presents the performance of CoT and multi-agent de-
bate methods against the “’shuffled list attack”. Two metrics,
mean score and failure rate, are used to address the perfor-
mances of LLM evaluators. It is important to note that a low
failure rate is the primary focus for robust LLM evaluators,
with the mean score included to assess the degree of varia-
tion between the score of the original answer and the attack
answer.

The findings indicate that both CoT and multi-agent de-
bate successfully reduce positional bias across all tested
LLM evaluators. However, the optimal approach is model-
dependent: GPT3.5 benefits most from multi-agent debate,
while CoT proves more effective for GPT-40. For Llama-3-
8B, the effects of both methods are similar. Considering the
performance levels of the LLMs, it can be inferred that CoT
helps stronger models reduce positional biases more effec-
tively. This may be because CoT explanations can be plausi-
ble but not faithful (Turpin et al. 2023) and stronger models
tend to generate more faithful responses.

Table 3 details the performance of CoT and multi-agent
debate methods against the “repetitive content attack.” In
this experiment, the focus is on avoiding higher scores for
verbose answers. The experiment results suggest that CoT
and multi-agent debate impact different models differently.
Both approaches can mitigate verbosity bias for GPT3.5 and
GPT4o, but regarding Llama3-8B, the effect of CoT is not
obvious, and multi-agent debate even significantly amplifies
the verbosity bias. Overall, verbosity bias appears more per-
sistent than positional bias, as advanced models like GPT40
still fail in nearly one-third of cases, and both fine-tuning-
free approaches do not significantly reduce verbosity bias.

Due to the limited capacity of LLM evaluators to prior-
itize content quality over format, they may not be used in-
dependently as substitutes for human evaluators in practical
applications. In real-world uses, once aware that an evalu-
ation system significantly favors longer responses, answer
creators can exploit this vulnerability by producing verbose
and repetitive content, which is often of lower quality com-
pared to concise, yet shorter, responses.



Evaluator Answer Mean Score Failure
GPT3.5 original 6.225 N/A
GPT3.5 + CoT  original 7.488 N/A
GPT3.5 + MAD original 8.010 N/A
GPT3.5 verbose  7.350 (+1.125)  55/80
GPT3.5 + CoT  verbose 8.100 (+0.612)  40/80
GPT3.5 + MAD verbose 8.471 (+0.461) 45/80
GPT4o original 7.388 N/A
GPT4o0 + CoT original 7.825 N/A
GPT40 + MAD  original 7.921 N/A
GPT4o0 verbose  7.325 (-0.063)  23/80
GPT40 + CoT verbose  7.725 (-0.100)  18/80
GPT40 + MAD  verbose 7.725 (-0.196)  28/80
Llama3 original 6.700 N/A
Llama3 + CoT original 6.970 N/A
Llama3 + MAD original 6.771 N/A
Llama3 verbose 6.838 (+0.138)  23/80
Llama3 + CoT verbose  7.060 (+0.090)  29/80
Llama3 + MAD verbose 7.397 (+0.626) 61/80

Table 3: Mean score and failure rate on “repetitive content
attack”. The number in the parenthesis represents the differ-
ence between the mean score of the verbose and the original
answer from the same evaluator. The score or failure rate in-
dicating the least verbosity bias is shown in bold.

Summary

In this paper, we assessed the positional and verbosity biases
of LLM evaluators in evaluation tasks given a standard an-
swer. By designing and conducting two attack experiments,
we found that less advanced models exhibit significant po-
sitional bias, whereas more advanced LLMs show almost
no positional bias. However, verbosity bias can be observed
in all LLMs. To mitigate these biases, we tested two fine-
tuning-free approaches: CoT and multi-agent debate. Exper-
imental results suggest that optimal approaches for different
LLM evaluators vary, indicating that model-specific effort is
required to mitigate biases in LLM evaluators.
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