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Abstract
Large Language Models (LLMs) as automatic
evaluators, commonly referred to as “LLM-
as-a-Judge”, have also attracted growing at-
tention. This approach plays a vital role in
aligning LLMs with human judgments, provid-
ing accurate and reliable assessments. How-
ever, LLM-based judgment models often ex-
hibit judgment preference bias during the eval-
uation phase, tending to favor responses gen-
erated by themselves, undermining the relia-
bility of their judgments. This paper intro-
duces the Group-Based Polling Optimization
(Genii), an unsupervised multi-agent collabo-
rative optimization framework that mitigates
the inherent judgment preference bias of judg-
ment models. Specifically, Genii integrates
various LLM-based judgment models into a
multi-agent system and simulates the interac-
tive client-server polling mechanism to opti-
mize each client agent unsupervisedly. Our ex-
periments demonstrate that Genii outperforms
supervised models trained on annotated judg-
ment data, while requiring no human-labeled
annotations. Genii consistently improves per-
formance across different client agents during
the polling, even when weaker models act as
server agents. Further analysis reveals that
Genii effectively mitigates judgment preference
bias of LLM-based judgment models, demon-
strating its effectiveness. All codes are avail-
able at https://github.com/NEUIR/Genii.

1 Introduction

Large Language Models (LLMs), such as GPT-
4 (OpenAI, 2023) and Gemini (Team et al., 2023),
have demonstrated impressive capabilities across a
wide range of downstream Natural Language Pro-
cessing (NLP) tasks (Zhao et al., 2023; Wei et al.,
2022; Hou et al., 2024; Huang et al., 2025; Yao
et al., 2025). Beyond positing LLMs as answer gen-
erators, recent research has explored using LLMs
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Figure 1: The Framework of Genii. It alleviates judg-
ment preference of LLMs during the evaluation process.

as evaluators to automatically assess response qual-
ity of models, a paradigm known as LLM-as-a-
Judge (Zheng et al., 2023; Gu et al., 2024; Tan
et al., 2024; Li et al., 2025a). This approach offers a
scalable and cost-effective alternative to human an-
notation, demonstrating promising alignment with
human judgments and has been widely used in the
assessment of response quality in language mod-
els (Kim et al., 2024a; Wu et al., 2024; Yang et al.,
2024). Despite their notable success, LLM-based
evaluators often face challenges in judgment pref-
erence bias–a systematic tendency of LLMs to fa-
vor responses generated by themselves or aligned
with their generation patterns (Bitton et al., 2023;
Wataoka et al., 2024; Gu et al., 2024; Chen et al.,
2025a), undermining the reliability of their judg-
ments (Koo et al., 2023).

To mitigate judgment preference bias of LLM-
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based evaluators and provide more accurate assess-
ments, researchers have made extensive efforts (Gu
et al., 2024; Wang et al., 2024; He et al., 2024).
Previous studies have focused on enhancing the
reasoning capabilities of LLM-based evaluators
to generate more rational judgments (Yang et al.,
2025). Specifically, they prompt LLMs to gen-
erate chain-of-thought reasoning before making
judgments (Wei et al., 2022; Gallegos et al., 2024),
engage in self-consistency decoding (Wang et al.,
2023), or apply self-debiasing to correct potentially
biased decisions (Ganguli et al., 2023). Neverthe-
less, LLMs often still overlook their own biased
behavior (Wang et al., 2023), avoiding key com-
parison questions and giving vague statements that
fail to identify or correct their underlying prefer-
ence bias (Yang et al., 2025). Recent work has
shifted away from relying on a single evaluation
model, instead harnessing collaboration among
multiple models to obtain more objective and reli-
able judgments (Park et al., 2024; Liu et al., 2025b).
While such ensemble-based methods improve ro-
bustness, they often rely on stronger models to
guide weaker ones, and are only applied at the in-
ference stage. However, allowing knowledge to
flow in both directions during optimization, so that
weaker models can help improve stronger models
without hurting their performance, remains a major
challenge (Zhang et al., 2018).

In this paper, we propose Group-Based Polling
Optimization (Genii), an unsupervised multi-agent
collaborative optimization framework that encour-
ages multiple LLM judgment models to interact
with each other to mitigate their own inherent
judgment preference bias. As illustrated in Fig-
ure 1, instead of introducing additional preference
datasets, Genii integrates various LLM-based judg-
ment models into a multi-agent system and sim-
ulates the interactive client-server polling mecha-
nism to optimize each agent unsupervisedly. Genii
first selects one model in the group as the client
agent, responsible for initiating the polling request.
The remaining models act as server agents to eval-
uate and provide feedback on every client request.
Then Genii computes the group consistency score
for each request. By rotating the client agent to
collect responses from all agents, Genii aggregates
the group consistency scores to curate preference
pairs, thereby optimizing each agent towards the
collective preference of the group and mitigating
individual preference bias.

Our experimental results demonstrate that Genii

outperforms supervised models trained on anno-
tated judgment data, without requiring human-
labeled annotations, achieving a significant im-
provement over vanilla LLMs. Genii consistently
improves model performance regardless of which
model serves as the client agent during the polling.
Remarkably, even when weaker models act as
server agents, their feedback contributes meaning-
fully to the optimization of stronger models. Fur-
ther analysis shows that with the improvement of
LLMs’ generation capabilities, their judgment per-
formance also enhances, demonstrating the effec-
tiveness of Genii. Additionally, Genii effectively
mitigates the preference bias of LLM-based judg-
ment models toward their incorrect answers and
enables them to yield more reliable judgments.

2 Related Work

Large Language Models (LLMs) as automatic eval-
uators, or “LLM-as-a-Judge”, have proven effec-
tive across various tasks (Zhang et al., 2024b,a).
By prompting LLMs to decide which response is
better according to specific evaluation criteria, they
can produce judgments closely aligned with human
preferences (Lin and Chen, 2023). Most existing
LLM-based judgment models use closed-source
APIs such as GPT-4 to score or rank responses
and generate explanations (Zheng et al., 2023), but
these APIs introduce significant cost and reduce
reproducibility (Gu et al., 2024). Recent work fur-
ther fine-tunes LLMs for judgment, showing that
with suitable training, LLMs can be highly reliable
evaluators (Zhu et al., 2023; Kim et al., 2024a,b).
Subsequent work explores self-improvement ap-
proaches that enhance LLMs’ judgment ability
without relying on additional supervision to reduce
cost (Liu et al., 2025a). However, the reliability of
LLMs as evaluators remains unclear, as they may
be affected by judgment preference bias (Zheng
et al., 2023).

To improve the reliability of LLM-based judg-
ment models, it is crucial to explore effective strate-
gies for mitigating judgment preference bias. Some
approaches focus on strengthening the reasoning
abilities of these models to yield more rational eval-
uations (Yang et al., 2025). For example, Gallegos
et al. (2024) propose a self-debiasing method that
prompts the model to perform two rounds of judg-
ment, with the second aimed at correcting possible
biases in the first. Self-Consistency (Wang et al.,
2023) reduces bias by increasing the number of
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reasoning attempts and aggregating results via ma-
jority voting, while Long Reasoning (Chen et al.,
2025a) extends the reasoning chain. Both meth-
ods have demonstrated great potential to reduce
bias during the evaluation phase. However, prompt-
based self-debiasing methods often lead judgment
models to overlook their actual biased behaviors,
and increasing the number or length of reasoning
steps incurs higher computational cost (Yang et al.,
2025; Hassid et al., 2025).

Moreover, recent advances have shifted evalua-
tion from single-model paradigms toward multi-
model collaborative judgment frameworks to
achieve more objective and reliable evaluations.
Debate-based approaches utilize multiple LLMs to
argue for opposing answers, with a superior LLM
reviewing the discussion and deciding which an-
swer is better (Khan et al., 2024). Ensemble meth-
ods further reduce preference bias by averaging
scores across multiple judgment models or down-
weighting cases where the individual judgment
model shows unusually high confidence (Wataoka
et al., 2024; Chen et al., 2025b). Although these
approaches help mitigate preference bias by relying
on stronger models to guide weaker ones, they are
typically only applied at the inference stage and
tend to overlook the potential complementary value
that weaker models can provide. In contrast, Genii
enables bi-directional knowledge transfer during
optimization, allowing stronger models to benefit
from feedback provided by weaker models, and
thus yielding more accurate judgments.

3 Methodology

In this section, we introduce our Group-Based
Polling Optimization (Genii) framework. We first
introduce the preliminaries of LLM-based judge-
ment models (Sec. 3.1). Then we describe the de-
tailed mechanism of Genii, which optimizes each
model in the group through polling interactions
(Sec. 3.2).

3.1 Preliminary of LLM-as-a-Judge

Given a query q and two candidate answers c1 and
c2, the goal of LLM-as-a-Judge is to identify the
higher-quality answer to the query from the two
candidates.

LLM-based judgment model, guided by a pre-
defined evaluation prompt p, compares the quality
of two candidate answers c1 and c2. The model
produces a judgment process e as well as a final

judgment result ϵ. This assessment process can be
formulated as:

(e, ϵ) = LLM(p, q, c1, c2), (1)

where ϵ represents one of three possible results:
c1 is better, c2 is better, or the two answers are of
comparable quality (tie).

Current approaches for optimizing LLM-based
judgment models primarily rely on leveraging guid-
ance from stronger judgment models to improve
weaker ones. However, they often fail to fully
exploit the potential complementary contributions
of the weaker models, which could also help fur-
ther enhance the judgment performance of stronger
models.

3.2 Optimizing LLM-Based Judgment Models
through Group-Based Polling

In this subsection, we introduce the Group-Based
Polling Optimization (Genii) method, which inte-
grates multiple LLM-based judgment models into a
multi-agent system and simulates interactive client-
server polling to optimize every agent.

Client-Server Agent System. To optimize the
LLM-based judgment models, Genii first instanti-
ates a collaborative multi-agent system composed
of m heterogeneous agents, which can be formu-
lated as:

V = {V1, V2, . . . , Vm}, (2)

where each agent is implemented with a different
LLM-based judgment model, which has a unique
inherent judgment preference bias. Before the
agents start communicating, one of the agents
Vi ∈ V is configured as the client, which generates
responses and initiates the polling process during
the communication. While the remaining agents
Vj ∈ V (j ̸= i) act as servers to process the polling
request, evaluate the response from the client in-
dependently, and provide feedback based on their
own criteria. Then Genii computes the group con-
sistency score for each request. By rotating the
client agent to collect responses from all agents,
Genii aggregates the group consistency scores to
curate preference pairs for optimizing each agent
in the system.

Polling Sampling. Once the client agent Vi is
configured, it receives a query q and engages in
response–request interactions repeatedly. For the
k-th interaction, the client agent first generates a
response y(i)k based on q, which can be represented
as:

y
(i)
k = Vi(q), (3)
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where the original query q and the response y
(i)
k

generated by the client agent constitute a polling
request rk. We can formulate the content of the
polling request rk as:

r
(i)
k = {y(i)

k , q}, (4)

which is subsequently broadcast to the remaining
server agents in the system. Each server agent
Vj ∈ V (j ̸= i) conducts a response–feedback
operation: upon receiving the polling request r(i)k , it
generates a response for the query based on its own
criteria, and calculates a client-server consistency
score as feedback, which can be formulated as:

s(i, k) = cos
(

Emb
(
y
(i)
k

)
, Emb (Vj(q))

)
, (5)

where the Emb denotes a text encoder that can map
the response into a semantic embedding space. To
assess the group consistency between the client and
the group, for each client agent response y

(i)
k , we

integrate the consistency scores from all the server
agents in the group and compute the group-based
consistency as:

S(i, k) =
1

|V| − 1

∑

j ̸=i

s(i, k), (6)

where the score reflects how well the client’s re-
sponse y

(i)
k aligns with the implicit preferences of

the server agents in the system.

Group-based Consistency Optimization. For
the query q, the client agent repeats the re-
sponse–request operation until the maximum num-
ber of sampling K is reached. By rotating the
client role across the group, we can obtain a set of
responses Y generated by all agents, each associ-
ated with a group-based consistency score. Based
on these group-based consistency scores, we se-
lect the highest- and lowest-consistency responses
from all responses Y to form preference pairs
(y+, y−). These pairs are then used to train each
agent in the system via Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023):

L = − log σ

(
β log

Vi(y
+ | q)

V ref
i (y+ | q)

− β log
Vi(y

− | q)
V ref
i (y− | q)

)
,

(7)

where Vi denotes the agent model under optimiza-
tion, V ref

i denotes the reference model and σ is
the sigmoid function. All models benefit from di-
verse group feedback and gradually converge to-
ward more consistent and unbiased evaluations.

4 Experimental Methodology

This section describes the datasets, evaluation met-
rics, and baselines used in our experiments. More
implementation details are shown in Appendix A.2.

Datasets. We describe the datasets used by
Genii for training and evaluation.

Training. Genii uses instructions from
instruction-following datasets and a small amount
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of QA data to optimize the multi-agent system.
Specifically, we sample instructions from Evol-
Instruct (Xu et al., 2024) and collect QA pairs
from several widely used QA datasets. In total,
we construct a dataset comprising 7,992 unique
samples for unsupervised training. Additionally,
we randomly sample 500 instances from UltraFeed-
back (Cui et al., 2024) to construct the development
dataset. More detailed statistics of the training data
are provided in Appendix A.2.

Evaluation. To assess the performance of Genii,
we select multiple tasks from prior work (Li et al.,
2025b; Liu et al., 2025b), including accuracy
evaluation on UltraFeedback, MTBench (Zheng
et al., 2023), AutoJ (Li et al., 2024), Prefer-
enceBench (Kim et al., 2024b), and Reward-
Bench (Lambert et al., 2024), as well as judgment
preference bias evaluation on NQ (Kwiatkowski
et al., 2019), HotpotQA (Yang et al., 2018), and
TriviaQA (Joshi et al., 2017). For NQ, HotpotQA,
and TriviaQA, we build the preference label fol-
lowing the prior work (Chen et al., 2025a). The
detailed data statistics are shown in Table 1.

Evaluation Metrics. We employ accuracy and
Harmful Self-Preference Propensity (HSPP) as
evaluation metrics to evaluate the judgment per-
formance of LLM-based judgment models. The
prompt templates used for evaluation are shown in
Appendix A.6.

Accuracy. We follow Köppel et al. (2019) and
use accuracy as the evaluation metric. In judgment
benchmarks, each example consists of a query q
along with two annotated candidate responses, y1
and y2, corresponding to the chosen and rejected
answers. We denote Y∗ = {y∗1, y∗2, . . . , y∗n} as the
set of all chosen responses. For each example, the
judgment model selects the better answer between
the two candidates. Let R = {r1, r2, . . . , rn} rep-
resents the set of better answers. Finally, we can
compute the judgment accuracy score based on
these judgment results:

Acc =
1

n

n∑

k=1

I [rk = y∗
k] , (8)

where I[·] is an indicator function that evaluates
to 1 if the judgment result rk matches the chosen
response y∗k, and 0 otherwise.

Harmful Self-Preference Propensity. We fol-
low Chen et al. (2025a) to compute HSPP to quan-
tify judgment preference bias. Let Ddiff denote a
specially constructed evaluation set, where each
instance contains two distinct responses, y′i and y′j ,

Dataset Metric Total

UltraFeedback (2024) Accuracy 2,000
MTBench (2023) Accuracy 3,355
AutoJ (2024) Accuracy 1,392
PreferenceBench (2024b) Accuracy 1,998
RewardBench (2024) Accuracy 2,985

NQ (2019) HSPP 2,837
TriviaQA (2017) HSPP 5,359
HotpotQA (2018) HSPP 5,600

Table 1: Data Statistics of the Evaluation Datasets.

produced by two different vanilla judgment mod-
els Mi and Mj for the same question q. In each
instance, exactly one of y′i or y′j is correct, but not
both, and y∗ denotes the correct one. We can then
compute HSPP for model Mi as follows:

HSPPMi =

∑
Mj∈G∗

∑
q∈Ddiff

ϕ(q)
∑

Mj∈G∗
∑

q∈Ddiff
I{ y∗ = y′

j }
,

ϕ(q) = I{ y′
i = Mi(q, y

′
i, y

′
j), y

∗ = y′
j},

(9)

where I{·} is an indicator function that returns 1 if
both conditions are satisfied, and 0 otherwise. G∗

represents the agent system excluding model Mi.
A higher HSPP indicates that the judgment model
exhibits a greater tendency toward preference bias.

Baselines. In our experiments, we compare
Genii with five judgment models. The Vanilla LLM
method directly uses the LLM as the judgment
model and then leverages the evaluation prompts
to ask it to produce the judgments. The Reprompt
method prompts the LLM to correct potentially
biased decisions in its initial judgment to reduce
bias (Gallegos et al., 2024). The Self-Consistency
method generates evaluation results multiple times
and aggregates them via majority voting (Wang
et al., 2023). The Long Reasoning method directly
employs Reasoning Language Models (RLMs) dis-
tilled from DeepSeek-R1 (Guo et al., 2025) as
the judgment models (Chen et al., 2025a). The
Judgment SFT method further fine-tunes LLMs us-
ing annotation data generated by Qwen3-32B (Bai
et al., 2023) on the UltraFeedback dataset, which
has been used in previous work (Kim et al., 2024a)
to improve the judgment performance of LLMs.

5 Evaluation Results

In this section, we first show the performance of
various judgment models. Then, we conduct abla-
tion studies to examine the impact of different mod-
ules, and further conduct a cost–performance anal-
ysis to demonstrate the scalability of Genii. Sub-
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Method UltraFb MT AutoJ Prefer Reward NQ HotpotQA TriviaQA
(Acc)↑ (Acc)↑ (Acc)↑ (Acc)↑ (Acc)↑ (HSPP)↓ (HSPP)↓ (HSPP)↓

Different Model Families

Llama3.1-8B-Instruct

Vanilla 47.20 40.86 38.86 71.07 50.28 6.96 3.09 3.95
Reprompt 35.10 31.43 27.30 56.36 40.20 40.51 37.89 38.16
Self-Consistency 47.70 42.40 39.35 75.23 50.50 6.33 2.84 1.32
Long Reasoning 55.30 51.27 50.43 78.53 66.30 1.00 3.28 1.32
Judgment SFT 56.70 46.26 48.99 81.68 71.06 5.70 3.09 2.64
Genii 45.95 43.40 40.73 66.17 51.15 5.06 1.55 1.32

Gemma2-9B-Instruct

Vanilla 59.90 52.16 47.05 78.48 64.66 32.37 40.61 46.44
Reprompt 54.10 44.62 44.58 70.12 60.40 39.93 39.70 46.10
Self-Consistency 61.54 53.00 47.88 80.48 66.36 38.85 44.51 48.14
Judgment SFT 59.60 49.54 50.43 79.83 73.77 30.10 39.16 44.07
Genii 63.45 56.13 51.87 82.13 67.17 28.90 34.39 40.68

Qwen2.5-7B-Instruct

Vanilla 62.25 55.44 48.35 82.43 69.41 63.49 62.93 70.13
Reprompt 58.00 50.31 46.41 70.82 66.60 61.22 63.58 68.87
Self-Consistency 62.15 55.12 48.88 83.00 69.57 65.20 67.24 74.96
Long Reasoning 54.65 48.26 45.40 74.02 63.95 62.30 60.96 64.25
Judgment SFT 57.25 50.52 51.15 78.58 71.48 58.66 53.23 51.88
Genii 64.75 56.42 53.38 85.34 73.60 52.13 50.43 49.19

Same Model Family

Qwen2.5-3B-Instruct

Vanilla 55.30 45.66 41.59 66.07 57.89 35.08 40.52 31.98
Genii 55.95 49.51 42.03 61.96 56.65 17.33 21.12 17.35

Qwen2.5-7B-Instruct

Vanilla 62.25 55.44 48.35 82.43 69.41 63.49 62.93 70.13
Genii 63.15 54.96 51.80 78.46 72.63 29.55 34.70 40.79

Qwen2.5-14B-Instruct

Vanilla 65.30 56.99 54.60 86.64 80.80 48.15 45.47 21.40
Genii 68.75 58.42 56.68 87.49 82.48 38.07 39.01 31.13

Table 2: Overall Performance of Different Judgment Models. The highest scores are highlighted in bold. UltraFb
denotes UltraFeedback, while MT, Prefer, and Reward refer to MTBench, PreferenceBench, and RewardBench.

sequently, we evaluate the effectiveness of Genii
in optimizing LLMs for evaluation. More experi-
ments are shown in Appendix A.3- A.5. We also
conduct several case studies in Appendix A.7.

5.1 Overall Performance

This section presents the overall performance of
Genii and baseline models across different tasks.

As shown in Table 2, we first compare Genii
with five judgment models, including Vanilla, Re-
prompt, Self-Consistency, Long Reasoning, and
Judgment SFT. These models are evaluated within
an agent system consisting of models from differ-
ent families, including the Llama3.1, Qwen2.5, and
Gemma2 backbones. Compared to Vanilla LLMs,

Genii achieves better performance for enhancing
the judgment quality of LLM-based judgment mod-
els, indicating its effectiveness. The Reprompt
method, which encourages judgment models to
identify and correct potentially biased judgments,
can even degrade judgment performance. This
degradation is due to limited-capacity judgment
models being unable to recognize their own biases,
thereby diminishing judgment performance effec-
tively. In contrast, Genii enables these weaker mod-
els to yield more accurate and reliable judgments.
Self-Consistency and Long Reasoning methods
also achieve significant improvements over Vanilla
LLMs, demonstrating that increasing reasoning
cost can help reduce errors in assessments. In con-
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Method UltraFb MT AutoJ Prefer Reward NQ HotpotQA TriviaQA
(Acc)↑ (Acc)↑ (Acc)↑ (Acc)↑ (Acc)↑ (HSPP)↓ (HSPP)↓ (HSPP)↓

Llama3.1-8B-Instruct

Genii (K = 5) 45.95 43.40 40.73 66.17 51.15 5.06 1.55 1.32
w/o DPO 46.20 42.65 38.29 64.31 49.58 5.70 3.61 2.63
w/o Consistency 45.90 43.04 42.96 69.47 53.60 5.70 3.35 2.63
w/o Gemma 47.15 43.31 38.51 66.72 50.65 6.96 2.06 2.63
w/o Gemma, Qwen 44.90 41.04 38.36 65.22 46.80 9.49 3.61 3.96
Genii (K = 3) 45.60 43.19 39.66 66.32 51.59 3.16 3.35 1.32

Gemma2-9B-Instruct

Genii (K = 5) 63.45 56.13 51.87 82.13 67.17 28.90 34.39 40.68
w/o DPO 59.20 51.48 46.05 75.93 61.47 51.32 56.07 62.71
w/o Consistency 59.05 49.30 45.83 75.43 65.03 40.29 44.94 51.86
w/o Qwen 62.55 55.35 48.99 80.13 70.39 36.09 39.31 47.12
w/o Llama, Qwen 56.10 47.90 44.90 67.87 61.91 36.93 43.35 50.17
Genii (K = 3) 61.70 53.98 51.65 81.23 66.77 35.61 36.27 44.07

Qwen2.5-7B-Instruct

Genii (K = 5) 64.75 56.42 53.38 85.34 73.60 52.13 50.43 49.19
w/o DPO 56.65 45.78 46.48 74.12 67.37 53.69 54.31 54.56
w/o Consistency 63.75 54.16 49.43 78.98 71.02 53.84 50.86 57.25
w/o Gemma 64.20 56.24 53.23 84.78 73.00 54.97 51.51 50.98
w/o Llama, Gemma 61.80 52.07 48.35 72.42 71.39 52.98 52.16 56.89
Genii (K = 3) 64.85 56.18 52.66 83.98 70.75 51.12 51.29 55.46

Table 3: Ablation Study. The highest scores are highlighted in bold. K represents the maximum number of
response–request sampling operations for each agent. “w/o Gemma” and “w/o Gemma, Qwen” indicate that
Gemma, or both Gemma and Qwen, are removed from the agent system, respectively.

trast, Genii delivers accurate judgments with much
shorter reasoning time, striking a better balance
between efficiency and performance. Addition-
ally, compared to Judgment SFT, Genii employs
group-based consistency optimization, achieving
comparable or even superior judgment accuracy
and effectively mitigating judgment biases in an
unsupervised approach without human-labeled an-
notations.

We further analyze the generalization capability
of Genii within agent systems composed of models
from the same model family. Specifically, we as-
semble three Qwen2.5 models (3B, 7B, 14B) into a
multi-agent system and jointly optimize them using
Genii. Experimental results show that Genii not
only leverages stronger models (7B, 14B) as server
agents to enhance the weaker client agent (3B),
but also significantly improves the strongest client
agent (14B) when using feedback from the weakest
model (3B) as the server agent, consistently enhanc-
ing the performance of all agents across all datasets.
Furthermore, the results show that the Qwen2.5-
7B-Instruct model optimized with Genii achieves
comparable performance to the Vanilla Qwen2.5-
14B-Instruct across multiple evaluation tasks. This
finding suggests that, although the multi–agent sys-

tem introduces additional computational overhead,
it yields substantial performance gains, effectively
allowing small judgment models to achieve compa-
rable performance to larger judgment models.

5.2 Ablation Study

This experiment conducts ablation studies to inves-
tigate the effectiveness of different modules and
training strategies in Genii.

As shown in Table 3, we evaluate the judg-
ment performance of six Genii variants. Specif-
ically, Genii w/o DPO directly uses positive re-
sponses from the DPO training set for supervi-
sion, while Genii w/o Consistency randomly se-
lects chosen and rejected responses for DPO train-
ing. We also compare performance after remov-
ing one or two agents from the system, and define
Genii (K = 3) as having each agent perform up
to three response–request sampling operations per
input. Compared to Genii w/o DPO, the standard
Genii achieves better results, since the DPO method
enables the model to better distinguish between
high- and low-quality responses, thus improving
its judgment ability. When the consistency score is
not used and chosen-rejected response pairs are se-
lected randomly, there is a significant drop in judg-
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Method GPU hours↓ Accuracy↑ HSPP↓
Vanilla 1.30 63.18 65.51
Reprompt 3.20 58.43 64.56
Self-Consistency 15.00 63.74 69.13
Long Reasoning 2.50 57.26 62.50
Judgment SFT 7.70 61.80 54.59
Genii (K=3) 10.70 65.68 52.62
Genii (K=5) 13.30 66.70 50.58
Genii (K=7) 15.90 66.47 52.11
Genii (K=9) 18.50 66.70 51.47

Table 4: Cost–Performance Tradeoff Analysis. We use
Qwen2.5-7B-Instruct as the backbone model.

ment performance, demonstrating the importance
of our unsupervised preference pair construction.
In addition, in both the Gemma and Qwen back-
bones, removing the weaker Llama model causes
a clear performance drop, showing that Genii en-
ables weaker agents to effectively enhance stronger
ones. Finally, compared with Genii (K = 3), Genii
(K = 5) with more response–request operations
achieves greater improvements in judgment perfor-
mance, demonstrating that increasing the number
of samples can further enhance preference data
quality for training.

5.3 Cost–Performance Tradeoff Analysis

In this section, we further analyze the tradeoff be-
tween cost and performance for Genii to evaluate
its scalability.

As shown in Table 4, we conduct experiments
on Qwen2.5-7B-Instruct, using total GPU hours as
the cost metric and average judgment accuracy and
average HSPP as the performance metrics. Genii
relies on offline multi-agent response sampling dur-
ing the data construction stage. Therefore, as the
number of agents or the number of sampling op-
erations per agent (K) increases, the overall data
construction cost inevitably rises. Importantly, this
cost depends solely on K and the number of agents,
and does not increase with input length. During
inference, all baseline methods and Genii variants
with different K values require only a single for-
ward pass through the backbone model, maintain-
ing essentially the same computational complexity.
Thus, increasing K only improves the quality of
preference data in the offline construction stage,
thereby enhancing judgment accuracy and fairness,
without introducing any extra inference overhead.
Notably, under this comparable total cost, Genii
achieves consistently higher judgment accuracy
and better bias mitigation than baseline methods,

(a) RewardBench. (b) UltraFeedback.

Figure 3: Correlation between Judgment Accuracy and
Task Accuracy. Each circle represents one judgment
model, with the color denoting model family.

(a) Qwen2.5-7B-Instruct. (b) Gemma2-9B-Instruct.

Figure 4: Perplexity Scores of Vanilla LLMs and Genii
on the Incorrect Answers Generated by Vanilla LLMs.

and can flexibly boost performance by adjusting
K, demonstrating strong scalability.

5.4 Effectiveness of Genii in Optimizating
Judgment Models

In this section, we first present the relationship
between the judgment ability of LLMs and their
generation quality. Then, we further explore the
effectiveness of Genii in mitigating preference bias.

Judgment–Generation Relationship. As
shown in Figure 3, we evaluate LLM-based judg-
ment models introduced in Sec. 5.1 and 5.2 on
multiple benchmarks. On each benchmark, every
model is evaluated in two distinct roles: as an eval-
uator, assessing the model’s ability to identify the
better response in pairwise comparisons correctly,
and as a generator, measuring whether its generated
answer aligns more closely with the ground truth
using the ROUGE-L score. Experimental results
demonstrate a robust and broadly positive correla-
tion between judgment accuracy and task accuracy
across all datasets and model families. Models that
generate higher-quality answers also tend to ex-
hibit greater accuracy in selecting the best response
among multiple candidates, highlighting the effec-
tiveness of Genii in enhancing judgment perfor-
mance by reinforcing generation capability. How-
ever, despite this overall trend, the strength of the
positive correlation varies among models. For in-
stance, Llama3.1-8B-Instruct consistently displays
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a strong positive correlation between judgment ac-
curacy and task accuracy, whereas Gemma2-9B-
Instruct exhibits a markedly weaker relationship.
Meanwhile, Qwen2.5-7B-Instruct shows an unsta-
ble linear relationship across benchmarks.

Mitigating Preference Bias. We further explore
the effectiveness of Genii in mitigating preference
bias. We conduct experiments on the NQ, Hot-
potQA, and TriviaQA datasets and construct a test
dataset by collecting all question–response pairs
where the Vanilla model produces an incorrect an-
swer. We then employ Vanilla LLM and Genii to
reproduce these incorrect answers and calculate
the Perplexity (PPL) score. A lower PPL score
indicates that the judgment model is more likely to
prefer its own incorrect answers.

As shown in Figure 4, the PPL scores of incor-
rect answers produced by Genii are significantly
higher than those produced by the vanilla LLM
across all datasets. These results show that Genii
exhibits a lower preference bias toward its own in-
correct answers. This demonstrates that Genii can
effectively mitigate judgment preference bias by
aligning the model’s judgments with the collective
preference of the group. Furthermore, Qwen2.5-
7B-Instruct, which already exhibits strong judg-
ment performance, experiences only a slight re-
duction in preference bias after optimization with
Genii. In contrast, the weaker model Gemma2-
9B-Instruct achieves a more substantial improve-
ment. This indicates that Genii provides more pro-
nounced improvements for weaker models com-
pared to stronger ones.

6 Conclusion

This paper introduces the Group-Based Polling
Optimization (Genii) method, an unsupervised
multi-agent collaborative optimization framework
that encourages multiple LLM-based judgment
models to interact with each other to mitigate their
own judgment preference bias. By interactive
client-server polling, Genii not only enables strong
models to guide weaker ones but also leverages
feedback from weaker models to optimize stronger
ones meaningfully.

Limitations

Although Genii demonstrates convincing perfor-
mance in enhancing the judgment ability and miti-
gating the preference bias of LLMs, it has some lim-
itations. First, Genii employs the strong MiniCPM-

Embedding model to compute similarity scores
between responses. However, the quality of this
embedding-based similarity may constrain the over-
all performance of Genii. Further exploration of
more fine-grained approaches could enhance its
effectiveness. Second, Genii has demonstrated ef-
fectiveness on small models. However, we do not
conduct experiments on larger-scale LLMs because
of resource constraints. Extending Genii to larger-
scale LLMs will enable the development of more
powerful and reliable judgment models.

Acknowledgments

This work is supported by the National Natural
Science Foundation of China (No. 62576082). This
work is also supported by the AI9Stars community.

References
Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang,

and Xiaodong Deng. 2023. Qwen technical report.
ArXiv preprint, abs/2309.16609.

Payal Bajaj, Daniel Campos, Nick Craswell, Li Deng,
Jianfeng Gao, Xiaodong Liu, Rangan Majumder,
Andrew McNamara, Bhaskar Mitra, Tri Nguyen,
et al. 2016. Ms marco: A human generated ma-
chine reading comprehension dataset. ArXiv preprint,
abs/1611.09268.

Jonathan Berant, Andrew Chou, Roy Frostig, and Percy
Liang. 2013. Semantic parsing on Freebase from
question-answer pairs. In Proceedings of EMNLP,
pages 1533–1544.

Yonatan Bitton, Hritik Bansal, Jack Hessel, Rulin Shao,
Wanrong Zhu, Anas Awadalla, Josh Gardner, Ro-
han Taori, and Ludwig Schmidt. 2023. Visit-bench:
A benchmark for vision-language instruction fol-
lowing inspired by real-world use. ArXiv preprint,
abs/2308.06595.

Wei-Lin Chen, Zhepei Wei, Xinyu Zhu, Shi Feng, and
Yu Meng. 2025a. Do llm evaluators prefer them-
selves for a reason? ArXiv preprint, abs/2504.03846.

Zhi-Yuan Chen, Hao Wang, Xinyu Zhang, Enrui Hu,
and Yankai Lin. 2025b. Beyond the surface: Measur-
ing self-preference in llm judgments. ArXiv preprint,
abs/2506.02592.

Ganqu Cui, Lifan Yuan, Ning Ding, Guanming Yao,
Wei Zhu, Yuan Ni, Guotong Xie, Zhiyuan Liu, and
Maosong Sun. 2024. ULTRAFEEDBACK: boost-
ing language models with scaled AI feedback. In
Proceedings of ICML. OpenReview.net.

Isabel O Gallegos, Ryan A Rossi, Joe Barrow,
Md Mehrab Tanjim, Tong Yu, Hanieh Deilamsalehy,
Ruiyi Zhang, Sungchul Kim, and Franck Dernon-
court. 2024. Self-debiasing large language models:

1456

https://arxiv.org/abs/2309.16609
https://arxiv.org/abs/1611.09268
https://arxiv.org/abs/1611.09268
https://aclanthology.org/D13-1160
https://aclanthology.org/D13-1160
https://arxiv.org/abs/2308.06595
https://arxiv.org/abs/2308.06595
https://arxiv.org/abs/2308.06595
https://arxiv.org/abs/2504.03846
https://arxiv.org/abs/2504.03846
https://arxiv.org/abs/2506.02592
https://arxiv.org/abs/2506.02592
https://openreview.net/forum?id=BOorDpKHiJ
https://openreview.net/forum?id=BOorDpKHiJ
https://arxiv.org/abs/2402.01981


Zero-shot recognition and reduction of stereotypes.
ArXiv preprint, abs/2402.01981.

Deep Ganguli, Amanda Askell, Nicholas Schiefer,
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Split Dataset Total

Training

Evol-Instruct (2024) 5,328
ASQA (2022) 190
MARCO QA (2016) 675
Web Questions (2013) 754
WikiQA (2015) 208
Yahoo!QA 837

Development UltraFeedback (2024) 500

Table 5: Data Statistics of the Training and Development
Datasets.

A Appendix

A.1 License

We show the licenses for the datasets that we use.
Preferencebench does not report the license of
the dataset in the paper or a repository. Prefer-
enceBench shows its terms of use at website1. Ya-
hoo!QA shows its terms of use at website2. We
summarize the licenses of the remaining datasets
as follows:

All of these licenses and agreements allow their
data for academic use: NQ (CC BY-SA 3.0 license);
Web Questions, HotpotQA, MTBench, AutoJ (CC
BY 4.0 license); MARCO QA, WikiQA, UltraFeed-
back, and Evol-Instruct (MIT license); TriviaQA,
ASQA, and RewardBench (Apache 2.0 license).

A.2 Additional Experimental Details

In this section, we provide more detailed descrip-
tions of our experiments. We first present the de-
tails of the training data used for Genii. Then, we
describe the process of constructing the dataset for
assessing the Harmful Self-Preference Propensity
(HSPP) of judgment models. Finally, we introduce
the implementation details of the experiments.

Training Data. As shown in Table 5, to con-
struct the Genii training dataset, we collect in-
structions from Evol-Instruct (Xu et al., 2024)
and QA pairs from five widely used QA datasets:
ASQA (Stelmakh et al., 2022), MARCO QA (Bajaj
et al., 2016), WebQuestions (Berant et al., 2013),
WikiQA (Yang et al., 2015), and YahooQA. Then
we further integrate three LLM-based judgment
models into a collaborative multi-agent system, in-
cluding Llama3.1-8B-Instruction (Touvron et al.,
2023), Gemma2-9B-Instruction (Team et al., 2024),
and Qwen2.5-7B-Instruction (Bai et al., 2023).

1https://huggingface.co/datasets/prometheus-e
val/Preference-Bench

2https://tensorflow.google.cn/datasets/commun
ity_catalog/huggingface/yahoo_answers_qa

(a) Vanilla LLM. (b) Genii.

Figure 5: Embedding Visualization of Judgments. We
randomly select a sample from the evaluation datasets
and then use t-SNE to visualize the embeddings of judg-
ments generated by the Vanilla LLM and Genii.

During the training phase, each agent performs
5 response–request sampling operations.

Evaluation Data. To construct the dataset for
assessing the HSPP of each judgment model in the
agent system, we first treat each judgment model in
turn as the target and pair it with the other two mod-
els, resulting in two distinct pairings for each target
model. Within each pair, both models indepen-
dently generate a response for every question in the
evaluation set. We retain only those query-response
pairs where exactly one response is correct and the
other is incorrect, with correctness determined by
whether a response contains the ground truth. This
process produces two different datasets for each
target model, which are then merged into a uni-
fied evaluation dataset. For each sample, we swap
the positions of the two candidate responses and
evaluate twice to mitigate position bias.

Implementation Details. In our experiments,
we use LoRA (Hu et al., 2022) for efficient fine-
tuning of LLMs. The maximum epochs is set to 3,
with a learning rate of 5e−5 and a warmup ratio of
0.1. For judgment models used in experiments, we
use Llama3.1-8B-Instruct (Touvron et al., 2023),
Gemma2-9B-Instruct (Team et al., 2024), and
Qwen2.5-7B-Instruct (Bai et al., 2023) as the
backbone models. Besides, we use MiniCPM-
Embedding3 to compute the similarity scores of
responses. We perform 10 independent evaluations
for the Self-Consistency baseline and aggregate
the results via majority voting. For the Long Rea-
soning baseline, we employ DeepSeek-R1-Distill-
Llama-8B and DeepSeek-R1-Distill-Qwen-7B as
the judgment models (Guo et al., 2025).

3https://huggingface.co/openbmb/MiniCPM-Embed
ding
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Figure 6: Agreement between the Consistency Score
and Human Judgments.

A.3 The Judgment Consistency of Vanilla
LLMs and Genii

In this section, we further analyze the consistency
of judgments generated by the Vanilla LLM and
Genii. We randomly select a sample from the eval-
uation datasets. For each model in the multi-agent
system, we use both the Vanilla LLM and Genii to
generate 10 independent judgments for this sam-
ple. We collect all judgments generated by the
Vanilla LLM and all those generated by Genii, re-
sulting in two separate datasets. We then employ
MiniCPM-embedding to obtain the representations
of judgments and visualize them.

As shown in Figure 5, compared to the embed-
dings of judgments generated by the Vanilla LLM,
those produced by Genii are more tightly clustered,
indicating that Genii achieves higher consistency in
judgments of different LLMs. This further demon-
strates the effectiveness of Genii in aligning each
agent in the system with the collective preference
of the group to yield more accurate judgments.

A.4 Agreement between the Consistency
Score and Human Judgments

In this subsection, we further evaluate the effec-
tiveness and robustness of the embedding-based
consistency approach through an additional experi-
ment. We randomly sample 200 instances from the
Evol-Instruct dataset, with each instance contain-
ing six candidate responses generated by different
agent models. For each instance, we compare three
strategies for selecting the best response: selecting
at random, using the embedding-based consistency
score with MiniCPM-Embedding, and using the
embedding-based consistency score with Qwen3-

Embedding-8B. Using human annotations as the
gold standard, we compute the accuracy of each
strategy by assessing whether the selected response
matches the human-annotated gold answer.

As shown in Figure 6, the embedding-based
strategies achieve substantially higher accuracy
than random selection, demonstrating over 60%
agreement with human judgments. These results
highlight the effectiveness and robustness of the
embedding-based consistency score for unsuper-
vised preference data construction.

A.5 Mitigating Position Bias in Evaluation
This section shows the robustness of Genii to posi-
tion bias. We randomly sample 200 queries from
each of the three datasets–PreferenceBench, Re-
wardBench, and UltraFeedback.

For each query, we construct evaluation in-
stances in which the human-annotated best re-
sponse is deliberately placed at different positions
within the response set. Specifically, the best re-
sponse is positioned in the 1st and 2nd positions
among the two main choices in the prompt, while
the remaining positions are filled with other candi-
date responses. This procedure yields two distinct
test scenarios where the gold response occupies
different positions, allowing us to directly assess
the model’s robustness to positional bias. By com-
paring the judgment accuracy of the Vanilla LLM
and Genii across these positional configurations,
we evaluate their capability to mitigate position-
induced bias. A model that maintains consistently
high accuracy across all positional conditions is
considered less susceptible to positional bias dur-
ing evaluation.

As shown in Table 6, Genii consistently outper-
forms the Vanilla LLM across all datasets, demon-
strating its effectiveness in reducing position bias
and improving evaluation reliability.

A.6 Prompt Templates Used in Experiments
In this section, we present the prompt templates
used in our experiments.

First, we present the prompt designed for polling
sampling and Genii training, as shown in Figure 7.
Next, as illustrated in Figures 8 and 9, we introduce
the prompts used for evaluating judgment accuracy
and harmful self-preference propensity of judgment
models. We follow (Zheng et al., 2023; Chen et al.,
2025a) to design these prompt templates, which
facilitate the generation of more accurate evalua-
tion results. Finally, we show the prompt template
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Method PreferenceBench RewardBench UltraFeedback

position1 position2 position1 position2 position1 position2

Llama3.1-8B-Instruct

Vanilla 82.00 55.00 74.00 30.00 56.78 24.75
Genii 64.58 79.08 58.12 57.22 48.90 49.23

Gemma2-9B-Instruct

Vanilla 67.84 84.00 70.05 68.34 55.05 58.50
Genii 81.50 85.00 74.00 66.00 62.50 57.50

Qwen2.5-7B-Instruct

Vanilla 85.00 76.50 78.00 59.80 69.00 54.82
Genii 86.50 91.00 83.00 65.50 68.00 57.00

Table 6: Judgment Accuracy of Different LLMs When the Human-Annotated Best Response is Placed at Different
Positions in the Response Sequence. “position-i” indicates that the gold response occupies the i-th position,
reflecting each model’s robustness to position bias in evaluation.

used in Appendix A.4 to evaluate the quality of the
responses chosen by two different selection strate-
gies, as shown in Figure 10.

A.7 Case Study

In Table 7, we present two cases to show the effec-
tiveness of the Genii method.

In the first case, we compare the judgment ac-
curacy of different judgment models. For a given
query, along with two candidate responses of differ-
ing quality, each judgment model selects the better
answer under its own criteria. Vanilla LLM favors
answers that use familiar language and straight-
forward puns, leading it to prefer the more con-
ventional Response A over the higher-quality Re-
sponse B. The Long Reasoning model places too
much emphasis on explicit alignment with user in-
tent and character traits, overlooking the objective
creativity and engagement of Response B. Judg-
ment SFT, from the perspective of narrative flow
and tight integration of humor, tends to choose Re-
sponse A that feels more coherent and polished. In
contrast, only Genii truly satisfies the requirements
of the question and correctly selects the higher-
quality Response B. This demonstrates the effec-
tiveness of Genii in providing accurate evaluations.

In the second case, we compare how different
judgment models exhibit preference bias when eval-
uating their own incorrect responses and correct
responses produced by other models. Vanilla LLM
prioritizes explanation structure and comprehen-
siveness, which leads it to overlook factual accu-
racy (“Delaware”) in Response B and incorrectly
prefer it. Similarly, Long Reasoning prioritizes
answers that appear more informative, so it also

prefers its own incorrect response. Judgment SFT
pays more attention to the presence of detailed
step-by-step reasoning, which may result in a bias
toward responses like B that are less accurate. In
contrast, Genii pays attention to the objective fac-
tual content and context, and correctly prefers the
correct Response A (“Pittsburgh”), showing its ef-
fectiveness in reducing judgment preference bias.
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[Instruction] : Please follow this instruction.

Instruction : {instruction}
Answer :

Figure 7: The Prompt Templates Used for Training Genii.

Please act as an impartial judge and evaluate the quality of the responses provided by two AI 
assistants to the user prompt displayed below. You will be given assistant A's answer and assistant 
B's answer. Your job is to evaluate which assistant's answer is better. And then give your final 
judgment.
Begin your evaluation by generating your own answer to the prompt. You must provide your answers 
before judging any answers. When evaluating the assistants‘ answers, compare both assistants’ 
answers with your answer. You must identify and correct any mistakes or inaccurate information. 
Then consider if the assistant’s answers are helpful, relevant, and concise. Helpful means the answer 
correctly responds to the prompt or follows the instructions. When user prompt has any ambiguity 
or more than one interpretation, it is more helpful and appropriate to ask for clarifications or more 
information from the user than providing an answer based on assumptions. Relevant means all parts 
of the response closely connect or are appropriate to what is being asked. Concise means the 
response is clear and not verbose or excessive. Then consider the creativity and novelty of the 
assistant’s answers when needed. Finally, identify any missing important information in the 
assistants‘ answers that would be beneficial to include when responding to the prompt. Firstly 
consider whether the reference judgment is correct. And then provide your explanation, you must 
output only one of the following choices as your final verdict with a label: 1. Assistant A is better: 
[A>B]. 2. Tie, relatively the same: [A=B]. 3. Assistant B is slightly better: [B>A]. Example output: "My 
final result is:...A>B”.
<|User Prompt|>{question}
<|The Start of Assistant A‘s Answer|>{response A}<|The End of Assistant A's Answer|>
<|The Start of Assistant B's Answer|>{response B}<|The End of Assistant B's Answer|>

Figure 8: The Prompt Templates Used for Assessing Accuracy.

You will be given answers from two assistants (Assistant A and Assistant B) to a user prompt. Please 
act as an impartial judge and evaluate the quality of their answers.
You must end your response with: "My final verdict is: . . . .", where . . . must represent one of the 
following:
- “A” if Assistant A’s answer is better.
- “T” if both answers are relatively the same in quality.
- “B” if Assistant B’s answer is better.
For example, if your final verdict is a tie, end your response with: “My final verdict is: T.”.
<User Prompt>{question}
<The Start of Assistant A’s Answer>{response A}<The End of Assistant A’s Answer>
<The Start of Assistant B’s Answer>{response B}<The End of Assistant B’s Answer>

Figure 9: The Prompt Templates Used for Assessing Harmful Self-Preference Bias.

You are a professional evaluator. Please determine whether the following two responses are 
semantically consistent (i.e., their main meaning is approximately the same), regardless of 
differences in wording, length, punctuation, or minor details.
If the main meaning of the two responses is generally consistent, output only 1.
If not, output only 0.
Do not explain your answer, do not output anything else.
Response 1: {sentence1}
Response 2: {sentence2}

Figure 10: The Prompt Templates Used for GLM-4.5 to Evaluate the Quality of the Responses.
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Case #1 Judgment Accuracy

Question: Can you help me write a dialogue that reflects their personalities and the humor style they represent?

To what extent does the model successfully integrate humor, irony, or cleverness in appropriate responses?

Response A: Jake: “Mia, you remember that confusing case about the disputed inheritance...?” Mia: “ Oh, the

one where the rich aunt left her fortune to her cats?” Jake: “Yes... Now we’ve got two more

beneficiaries claiming their rights.”

Mia: “Two more? Sounds like a... furry situation.” Jake: “Indeed, a very hairy problem...” ...

Response B: ... Mia: “Oh, you mean that purr-ticularly hairy case? Sure sounds like a catastrophe.” Jake: “It

does... But there’s a talking parrot involved now.” Mia: “A parrot? Sounds like an animal farm novel... It’s

getting beak-ome serious!” Jake: “If it doesn’t ruffle too many feathers... ” Mia: “You’re in a squawkward

situation... but the tweet shall set you free!”

Chosen: Response B

Vanilla LLM: ... Both answers are helpful, relevant, and concise, but Assistant A’s dialogue might be

slightly more relatable due to its direct use of puns and wordplay that are more

common in everyday language. My final result: A>B.

Long Reasoning: ... Overall, both answers are good, but Assistant A’s response better aligns with the user’s

specifications and provides a more accurate representation of Mia’s personality and the required humor.

</think>My final result: A>B.

SFT Judgment: ... Overall, A’s adherence to the characters’ established traits, tighter integration of humor,

and natural narrative flow make it a stronger response compared to B’s disjointed approach.

My final result: A>B.

Genii: ... Both answers are helpful and relevant, but Assistant B’s answer ... more engaging and creative.

This slight edge in creativity and novelty makes Assistant B’s answer stand out. My final result: B>A.

Case #2 Judgment Preference Bias

Question: Where does the “This Is Us” family live? Answer: Pittsburgh.

Response A (Gemma): The show T̈his Is Usp̈rimarily takes place in **Pittsburgh, Pennsylvania**. Here’s

a breakdown:* **Pearson family home in the present day:** The majority of the present-day scenes are set

in various locations around suburban Pittsburgh ...

Response B (Qwen): The Pearson family from the TV show T̈his Is Usp̈rimarily lives in Delaware,

specifically in the city of Garden City, Delaware. While the precise address is not disclosed on the show...

Vanilla LLM (Qwen): Assistant A provides a detailed breakdown of the locations, ... , However, Assistant

A’s answer is not entirely accurate, ... Assistant B provides a comprehensive explanation, ... My final

verdict is: B.

Long Reasoning (Qwen): Assistant A gives a straightforward answer focusing on Pittsburgh... Assistant

B provides a more thorough answer with details and the show’s style, making it more informative ...

My final verdict is: B.

SFT Judgment (Qwen): Assistant A provides a detailed breakdown, ... However, the information seems

to contradict the show’s actual setting, ... , Assistant B, on the other hand, accurately ... My final verdict is: B.

Genii (Qwen): Assistant A offers a broader perspective that includes more specific details, ... while Assistant

B gives a more focused view on the main setting and some additional context.My final verdict is: A.

Table 7: Case Studies. If the phrase aligns with the facts, it is highlighted in Blue, while inconsistencies are
highlighted in Orange. Correct evaluations are marked in Red, whereas incorrect results are highlighted in Purple.
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